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Abstra
tTill this day, star dynami
s simulations are sampled using the snapshot samplings
heme, whi
h works perfe
tly �ne, but requires a lot of diskspa
e sin
e for ea
hsnapshot the entire simulated system is being stored. In 
ombination with
urrent integration s
hemes, whi
h are usually based on the individual time-step integration s
heme, it also produ
es a 
omputational overhead, be
ause tobe able to produ
e a snapshot the integrated system needs to be syn
hronized,i.e. all parti
les need to be interpolated to the same time instan
e. I proposean alternative sampling s
heme 
alled the individual time-step s
heme. In thiss
heme parti
les are individually sampled, based on their individual integrationsteps. Using some basi
, well known astrophysi
al models, I will 
ompare thesetwo sampling s
hemes, showing that the quality/size ratio of data resulting fromthe individual sampling s
heme is better than that of data resulting from thesnapshot sampling s
heme.Starshow is an appli
ation, built as a referen
e implementation for the vi-sualization of the results of star dynami
s simulations, 
apable of visualizingsnapshot sampled data as well as individually sampled data. It was buildspe
i�
ally for the Personal Spa
e Station, a semi-immersive, near-�eld, vir-tual environment, whi
h allows for alternative methods of intera
tion with thevisualized simulation.
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Chapter 11 Introdu
tion2
1.1 Star Dynami
s Simulations and sampling3 The bran
h of astrophysi
s des
ribing the 
olle
tive motions of stars subje
t to4 their mutual gravity is 
alled star dynami
s. Simulations in star dynami
s are5 performed with the use of integrators. Over the 
ourse of time these integrators6 have gradually evolved and quite a number of te
hniques have been developed7 to optimize the integration methods [5℄. Sin
e storing the 
omplete integration8 usually requires too mu
h spa
e the results need to be sampled. However, these9 sampling methods have hardly evolved and the most 
ommonly used method10 has always been and still is the snapshot sampling s
heme. Although this sam-11 pling s
heme is not erroneous in any way, the size of the results obtained using12 this method tend to be very large. In this thesis I will propose the individual13 sampling method; a method that is, in 
ombination with 
urrent integration14 s
hemes, more e�
ient than the snapshot s
heme in terms of the size of its15 output and the amount of pro
essing required to produ
e that output.16 1.2 Visualization17 Visualization helps s
ientists to gain a better understanding of the subje
t they18 are examining. Although there are for astrophysi
ists already several visualizers19 for star dynami
s simulations available I developed a new appli
ation named20 Starshow. This visualizer distinguishes itself from the other appli
ations by21 being designed spe
i�
ally for the Personal Spa
e Station [10℄, an experimental22 virtual reality system, instead for the standard desktop 
omputer. The Personal23 Spa
e Station is di�erent than most virtually reality system be
ause it is small24 enough to �t on a desktop. Sin
e a virtual reality system that 
an �t on a25 desktop might be
ome more 
ommon than large virtual reality systems su
h as26 the CAVE [7℄, whi
h requires an enormous amount of spa
e, resear
hers might27 be more in
lined to use it. The 
ontrollers used for intera
tion with the PSS28 are also quite novel, whi
h allows for new ideas with regard to intera
tion with29 the visualized simulations.30 1



1.3 This thesis31 This thesis 
onsists of two parts: in the �rst part, 
hapter 2 till 
hapter 4, I32 will examine the advantages of an individual sampling s
heme over a snapshot33 sampling s
heme. In the se
ond part, 
hapter 5, I will dis
uss the tool 
alled34 Starshow I've 
reated for the PSS for the visualization of n-body simulations;35 in parti
ular those sampled with the individual sampling s
heme with Starlab.36 Finally, in 
hapter 6 I will dis
uss the �ndings I made during the 
ourse of this37 thesis.38
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Chapter 239 N-body Integration40 The n-body problem is the problem of determining the motions of n bodies,41 given their initial positions, masses and velo
ities. Numeri
al integration in42 time is used in physi
al simulation to integrate position, velo
ity, a

eleration43 and other state derivatives during body movement. N-body integration is the44 numeri
al integration in time of a stellar system 
ontaining n number of parti
les45 (bodies).46

Figure 2.1: A star 
luster.One of the most important aspe
ts of the n-body integrations is the integra-47 tion time-step, the period of time in between two moments where the properties48 3



of a star are redetermined. Sin
e a larger time-step means less 
al
ulations, the49 time-steps should be made as big as possible. However, the fa
t that a larger50 time-step usually means a larger error makes �nding an optimal integration51 s
heme a 
hallenging task.52 Over the years various methods have been developed to deal with the way53 how the time-steps of the parti
les are determined. In this 
hapter I will dis
uss54 two very well known integration s
hemes that use very distin
t methods to55 determine the time-step: the shared time-step integration and the individual56 time-step integration.57 2.1 Shared Time-step Integration58 The shared time-step integration [3℄ [4℄ uses a very simple time-step s
heme as59 is shown in Illustration A in �gure 2.2. In this s
heme all parti
les have the60 same 
onstant time-step during the entire integration. The simpli
ity of this61 s
heme is its greatest advantage. However, it does not provide mu
h �exibility62 for the integrator and a high pre
ision has a very high 
omputation 
ost.63 Shown in illustration B in �gure 2.2 is a variation on the shared time-step64 integration, 
alled the variable time-step integration; all parti
les still have an65 equal time-step. However, this time-step is now variable over time and rede-66 termined at ea
h integration step. This provides an in
reased �exibility while67 maintaining most of the simpli
ity of the shared time-step integration.68 2.2 Individual Time-step Integration69 The individual time-step s
heme is shown in illustration C in �gure 2.2; for ea
h70 parti
le being integrated there is an individual time-step that is variable over71 time. For ea
h parti
le the size of this time-step will be redetermined at ea
h of72 the parti
le's integration steps. This s
heme has the e�e
t that the individual73 time-step will be larger when a parti
le traje
tory is stable and shorter when it74 is less stable, whi
h has the result that the overall pre
ision of the integration75 will be in
reased while the number of 
al
ulations is more or less maintained.76 In illustration D in �gure 2.2 a variation on the individual time-step s
heme77 
alled the blo
k-timestep s
heme [12℄ is shown; instead of allowing the individual78 time-step to have any possible size, the time-step's size is restri
ted to be a79 multiple of a 
ertain minimum size. This way, the probability of having multiple80 parti
les needing to be integrated simultaneously in
reases, resulting in a lower81 
omputational 
ost.82
4



Part. 1

Part. 2

Part. n

.  .  .

D

Part. 1

Part. 2

Part. n

.  .  .

C

Part. 1

Part. 2

Part. n

.  .  .

B

Part. 1

Part. 2

Part. n

.  .  .

A

Figure 2.2: Illustration of the various integration methods: A)Shared time-step,B) Variable time-step, C) Individual time-step and D) blo
ked individual time-step
5



Chapter 383 Sampling S
hemes84 The user performing a simulation usually wants to store not only the end-state of85 the simulation, but preferably the whole simulation from beginning to end. But86 sin
e storing the entire simulation would produ
e too mu
h data, the simulation87 needs to be sampled.88 In this 
hapter I'll dis
uss the two main sampling s
hemes: the snapshot89 sampling s
heme and the individual sampling s
heme. Both s
hemes will be90 dis
ussed using the shared and individual time-step integration s
hemes.91 3.1 Snapshot Sampling S
heme92 A snapshot is an instantiation of the entire system that is being modelled at93 a 
ertain time instan
e. When using the snapshot sampling s
heme snapshots94 are 
reated at set time-intervals, whi
h are independent from the integration95 time-steps.96 The snapshot sampling s
heme is used to store the results of simulations sin
e97 the very beginning of star dynami
s simulations. When using a shared time-98 step integration s
heme for the simulation, the use of snapshots makes perfe
ts99 sense, sin
e at every integration time-step the data of the entire system being100 modeled is already known; therefore at those time instan
es no additional a
tion101 to obtain a snapshot is needed. However, as graph A in �gure 3.1 shows, often102 the integration is sampled at time-intervals di�erent from the time-steps of the103 integrator. As a result the integrator still has to syn
hronize to the sampling104 time-instan
es in order to generate a snapshot.105 When sampling an individual time-step integration using a snapshot sampling106 s
heme, the integrator will always need to syn
hronize to the sampling time-107 instan
es whi
h 
an be seen in graph B in �gure 3.1.108 The snapshot sampling s
heme has the advantage that it is very simple to109 perform and when snapshot data is available, it 
an be re-used without mu
h110 e�ort. However, there are more disadvantages than advantages. The �rst disad-111 vantage is that the resulting size is quite large, sin
e it outputs the entire system112 being modelled every time-interval. The se
ond disadvantage is that it is very113 6



di�
ult to determine beforehand the optimal time-interval; with the ex
eption114 of the basi
 shared time-step integration s
heme, it is unknown at whi
h sample115 interval the pre
ision of the integrator 
an be a
hieved. The third disadvantage116 is that it almost always requires an extra syn
hronization step to generate a117 snapshot.118 3.2 Individual Sampling S
heme119 Instead of taking whole snapshots at 
ertain time intervals, one 
an sample ea
h120 parti
le that is being at integrated at ea
h of its nth integration steps. We refer121 to this sampling s
heme as the individual sampling s
heme.122 When applying this sampling s
heme while using a shared or variable time-123 step integration s
heme the resulting data are snapshots, making the result look124 somewhat similar to the snapshot sampling s
heme as is shown in graph C in125 �gure 3.1.126 Unlike with the snapshot sampling s
heme the samples generated by this127 s
heme give a very good representation of the detail present in the integrator128 as is shown in graph D in �gure 3.1. It is possible to store the exa
t internal129 representation of the integrator using this s
heme.130 The greatest disadvantage of the individual sampling s
heme is that, when131 used in 
ombination with the individual integration s
heme, the snapshot of a132 system 
an not be read immediately from the output; some pro
essing would133 be required �rst.134 The advantages however mostly outweigh this disadvantage: �rst, sin
e the135 individual sampling s
heme does not need to syn
hronize all parti
les to a 
ertain136 time instan
e it requires no extra pro
essing 
ost to generate the sampling data.137 The se
ond advantage is that this sampling s
heme 
an always obtain a pre
ision138 equal to that of the integrator being used by sampling with a sample interval of139
1. This also means that the sampling interval is an indi
ation of the sampling140 pre
ision in relation to the integrator. The user 
an thus make an edu
ated141 guess of the pre
ision of the results beforehand. The third advantage is that the142 amount of sampled data is dire
tly related to the number of integration steps143 made by the integrator, whi
h means that stable models require less diskspa
e144 than more instable models. Last, but not least, is the fa
t that in 
ontrast145 with the snapshot sampling s
heme, it is not possible to sample more than the146 pre
ision the used integrator provides, thereby preventing overhead in diskspa
e147 and 
al
ulations.148 3.3 Measurement149 Due to the di�erent methodologies of the two sampling s
hemes, the pre
ision150 with whi
h they sample are measured di�erently. The sample interval of the151 snapshot sampling s
heme is measured in time-units; in this thesis these are n-152 body time-units, sin
e output generated by the Starlab pa
kage is used, whi
h153 uses this as their time-unit. The sample interval of the individual sampling154 7
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Chapter 4157 Comparison between158 Snapshot and Individual159 Sampling160 In this 
hapter I will 
ompare the snapshot and individual sampling s
hemes161 when using an individual time-step integration s
heme; this 
omparison will be162 done based on their positional error, energy, size and overall quality.163 The stellar dynami
s data used in this thesis are all generated using the kira164 integrator from the Starlab software pa
kage [14℄, whi
h uses a blo
k-timestep165 integration s
heme and supports output generated by snapshot sampling as well166 as individual sampling. The stellar model being integrated is a King [11℄ model,167 whi
h is a distribution fun
tion often used by astrophysi
ists to model globular168 
lusters1. King distributions are de�ned by 2 parameters: the number of stars169
n and the non-dimensional 
entral potential W0. The value of W0, ranging from170
1 to 12, gives an indi
ation on how uniform the stellar distribution is, where a171 low W0 leads to a more uniformly distributed system than a high W0. For the172 following tests we will generally use King models with n = 1000 and W0 = 3,173
W0 = 6 and W0 = 9 integrated using kira over the period of 1 n-body time174 unit2 [9℄.175 To indi
ate the pre
ision of the data, we will refer to snapshot sampled data176 with s2n, where 2n indi
ates the sample interval (in n-body time units) with177 whi
h the data was sampled. Individually sampled data will be referred to with178
xn, where n indi
ates the sample interval.179 The reason that the snapshot sample interval is indi
ated with a power of 2,180 is be
ause the kira integrator performs blo
k-time individual integration with181 timesteps that are a power of 2 and3 therefore requires the snapshot to be taken182 at intervals with the power of 2 also.183 The individual sampling s
heme has the highest possible pre
ision when184 sampling at sample interval x1; at this interval the pre
ision of the samples185 1A globular 
luster is a type of star 
luster that has a spheri
al shape and 
ontains between
104 to 106 stars and has an age of 10 to 16 billion years21 n-body time unit ≈ 0.031106 years3This is to ensure a more e�
ient use of the GRAPE [12℄9



is equal to the pre
ision at whi
h the integrator is integrating. Therefore, in186 the 
oming 
omparisons, data obtained using individual sampling with sample-187 interval x1, will be used as a base referen
e to 
ompare the results of the other188 sampled traje
tories with; this data will be referred to as x1 data.189 Figure 4.1 shows the traje
tory of a parti
le with id 1 that is intera
ting with190 2 other parti
les. These traje
tories were 
reated using a W0 = 12 King model191 
onsisting of 12 parti
les integrated over 10 n-body time units, with the shown192 traje
tories being a subset of these 12 parti
les for the time range t ≈ 2 to t ≈ 3193 n-body time units. In �gure 4.2 the same traje
tories are shown, with their194 x-position plotted against time. In the following se
tions the traje
tory of the195 parti
le with id 1 will be used for demonstration purposes.196 Figures 4.3 and 4.4 show the e�e
t the two sampling methods have on the197 re
onstru
tion of the traje
tory of the parti
le with id 1. The traje
tory is198 re
onstru
ted based on the samples using a 2nd order hermite interpolation199 (des
ribed in 
hapter 5.5.1). Figure s 4.3 shows the e�e
t of snapshot sampling200 at s2−2, s2−1 and s20. Figure 4.4 shows the e�e
t of individual sampling with201 intervals of x160, x320 and x640 respe
tively.202 There is a spe
i�
 reason these sample intervals were 
hosen. Given the203 example traje
tory, the sample interval of x160 results in a traje
tory that is204 visibly distin
t from the x1 traje
tory while having about the same number205 of samples as a snapshot sampled traje
tory with sample interval s22. The206 other sample intervals for snapshot sampling are s21 and s20 with 
orresponding207 individual sampling intervals of x320 and x640 respe
tively.208 The purpose of the �gures 4.3 and 4.4 is to show that, even if both sam-209 pling s
hemes use about the same amount of samples, the resulting interpolated210 traje
tories 
an be signi�
antly di�erent.211

10
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tories are shown for time interval t ≈ 2 till t ≈ 3. Their lineswere drawn by linear interpolation of the data points.
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4.1 Positional Error212 With the term positional error |∆d| we refer to the absolute di�eren
e in position213 between the original traje
tory and a re
onstru
ted traje
tory. This positional214 error is determined as follows: for a given simulation, we obtain the x1 data215 and data sampled using either of the two sampling s
hemes. Then by using a216
2nd order Hermite interpolation we interpolate the sampled data to the time217 instan
es for whi
h x1 data exists. The positional error is then the absolute218 di�eren
e between the interpolated postion and the 
orresponding x1 position.219 Figures 4.5 and 4.6 show the positional error |∆dx| over the x-axis of the220 example traje
tory for both sampling s
hemes for the same sample intervals as221 were used in �gures 4.3 and 4.4 respe
tively.222 Figures 4.5 and 4.6 show various dips in their graphs; these dips o

ur when223 the interpolated traje
tory is equal to or interse
ts the x1 traje
tory, thus when224 the positional error is minimal. It is noti
eable however, that for individual225 sampling almost all dips in the positional error have a minimum that is equal to226 or lower than 10−6, while for snapshot sampling this number is far less. This 
an227 be explained by the fa
t that the sampling points generated for the individual228 sampling are a subset of the x1 samples, thus resulting at those points in a229 positional error of 0. Samples generated using snapshot sampling on the other230 hand hardly ever 
oin
ide with the x1 samples.231 Figure 4.6 
learly shows that in general, when the individual sampling inter-232 val is divided by 2, the positional error de
reases and the period between two233 dips is divided in two new periods separated by a dip, i.e. the extra sample.234 However, this does ignore the `extra' dips 
aused by the interpolated traje
tory235 interse
ting the x1 traje
tory.236 Figure 4.5 shows, just as �gure 4.6 for individual sampling, that when the237 sample interval is divided by 2, the period between two dips is divided in two238 new periods divided by a dip. Again, this is when the `extra' dips 
aused by239 the interpolated traje
tory interse
ting the x1 traje
tory are ignored.240 The di�eren
e between �gure 4.5 and 4.6 however is that the dips in the241 graph of the snapshot sampled data o

ur at regular time intervals (for data242 with sample interval s2−2 every 0.25 n-body time units for example), while the243 time interval between dips for individual sampled data is 
ompletely irregular.244 Both �gures show a maximum positional error of roughly |∆dx| ≈ 0.2, how-245 ever, this is a mere happenstan
e. The positional error 
an easily ex
eed 1.246 The quality of the positional error depends on the velo
ity of a parti
le; a247 parti
le that has a high velo
ity with a 
ertain positional error 
an be 
onsidered248 `better' than a parti
le that has the same positional error, but a lower velo
ity.249 Therefore, even though the graphs of the positional error 
an give a person a250 good insight in the e�e
ts of the various sampling intervals on the deviation251 of the position, it is not a good indi
ation of the quality of the interpolated252 traje
tories. The positional error of a traje
tory alone is simply not enough as253 a quality measurement sin
e the quality of the positional error depends on the254 velo
ity of the parti
le.255

15
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Figure 4.5: Positional error |∆dx| over the x-axis for the snapshot sam-pled traje
tories shown in �gure 4.3 with respe
t to the x1 traje
tory.The lines are linearly interpolated.
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Figure 4.6: Positional error |∆dx| over the x-axis for the individually sampledtraje
tories shown in �gure 4.4 with respe
t to the x1 traje
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4.2 Quality256 As it was said before: the positional error is insu�
ient for the 
omparison257 between traje
tories. Therefore a better measurement to determine the quality258 of a traje
tory is needed. To make 
omparison of results easier, this quality value259 (Q) should be in the range [0, 1] with 1 being a perfe
t traje
tory. The method260 de
ided upon was to use the positional error (‖∆d‖) s
aled by the velo
ity of261 the x1 traje
tory (‖vx1‖):262
Q =

1
‖vx1‖ log ‖∆d‖

(4.1)Equation 4.1 however has a few drawba
ks. The �rst issue is that the value263 of Q 
an be
ome negative when 0 < ‖vx1‖ < 1 or 0 < ‖∆d‖ < 1. Therefore,264 we in
rease both ‖vx1‖ and ‖∆d‖ with 1, resulting in:265
Q =

1
‖vx1+1‖ log (‖∆d‖ + 1)

(4.2)however, this does not solve the se
ond issue:
lim
∆d↓0

Q = lim
∆d↓0

1
‖vx1+1‖ log (‖∆d‖ + 1)

=
1

0
= ∞ (4.3)To solve this problem, we in
rease ‖vx1+1‖ log (‖∆d‖ + 1) with 1 resulting in:266

Q =
1

‖vx1+1‖ log (‖∆d‖ + 1) + 1

=
log (‖vx1‖ + 1)

log (‖∆d‖ + 1) + log (‖vx1‖ + 1)
(4.4)267 This value of Q ranges between [0, 1] for all ‖∆d‖ and ‖vx1‖; however, when

‖vx1‖ = 0, then Q will always be 0, even when ‖∆d‖ = 0. Therefore, whendetermining Q the folowing rule needs to be followed:when ‖∆d‖ = 0 then Q = 1 (4.5)Figures 4.7 and 4.8 illustrate the e�e
t of this quality quanti�er Q over the x-268 axis on the traje
tories from �gures 4.3 and 4.4 respe
tively, showing a noti
eable269 di�eren
e in the distributions of the Q value between the two sampling s
hemes.270 This is very di�erent from what we saw for the positional error in �gures 4.5271 and 4.6 where the graphs were far less distin
t.272 The quality graphs are 1 at those time-instan
es where either the sampled273 data set has a sample or where the interpolated traje
tory interse
ts the x1274 traje
tory; very mu
h like the `dips' in the graphs of the positional error.275 Figure 4.9 illustrates the log plot of 1−Q versus the sampling interval of the276 interpolated snapshot sampled data, while table 4.1 shows the a
tual data. The277 models used were W0 = 3, W0 = 6 and W0 = 9 King models 
ontaining 1000278 parti
les integrated over 1 n-body time unit; the quality was averaged over 300279 tests per model. The bars indi
ate the standard deviation of Q.280 The �gure 
learly shows that the log plots of all 3 models are linear in log281 spa
e with more or less the same slopes. A least-squares �t in log spa
e for282 18
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Figure 4.7: Quality Qx over the x-axis for the snapshot sampled traje
toriesshown in �gure 4.3. The lines are linearly interpolated.ea
h model results in the equations 4.6, 4.7 and 4.8, where the variable n is283 the snapshot sampling interval. From these �ts in log spa
e we 
an derive the284 equations 4.9, 4.10 and 4.11 respe
tively.285 This means that, for example, when the snapshot sample interval of a W0 = 9286 King model de
reases 2 times, the value of 1 − Q de
reases 21.71. This 
an be287 easily veri�ed with table 4.1 when you 
onsider that 21.77 ≈ 100.53, 21.75 ≈ 100.53288 and 21.71 ≈ 100.51.289
s20 s2−1 s2−2 s2−3 s2−4

W0 = 3 10−2.07 10−2.59 10−3.09 10−3.60 10−4.14

W0 = 6 10−1.92 10−2.49 10−2.99 10−3.49 10−4.01

W0 = 9 10−1.48 10−2.01 10−2.62 10−3.16 10−3.65

s2−5 s2−6 s2−7 s2−8

W0 = 3 10−4.70 10−5.24 10−5.78 10−6.30

W0 = 6 10−4.55 10−5.10 10−5.63 10−6.15

W0 = 9 10−4.13 10−4.62 10−5.12 10−5.62Table 4.1: Values of 1 − Q for snapshot sampling 
orresponding to �gure 4.919
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Figure 4.8: Quality Qx over the x-axis for the individually sampled traje
toriesshown in �gure 4.4. The lines are linearly interpolated.
ln (1 − Qsnap

w3 ) ≈ 1.77 lnn − 4.70 (4.6)
ln (1 − Qsnap

w6 ) ≈ 1.75 lnn − 4.44 (4.7)
ln (1 − Qsnap

w9 ) ≈ 1.71 lnn − 3.55 (4.8)Figure 4.10 illustrates the log plot of 1−Q versus the sampling interval of the290 interpolated individually sampled data, while table 4.2 shows the a
tual data.291 The models used were the same as for �gure 4.9. Sin
e the graphs in �gure 4.10292 are not as linear in log spa
e as the graphs in �gure 4.9, we �t them to se
ond293 order polynomials instead of linear fun
tions.294 The least-squares �t in log spa
e for ea
h model results in the equations 4.12,295 4.13 and 4.14, where the variable n is the individual sampling interval. From296 these �ts in log spa
e we 
an derive the equations 4.15, 4.16 and 4.17 respe
tively.297
1 − Qsnap

w3 ≈ n1.77e−4.70 (4.9)
1 − Qsnap

w6 ≈ n1.75e−4.44 (4.10)
1 − Qsnap

w9 ≈ n1.71e−3.55 (4.11)20
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Figure 4.9: The 1 − Q value of interpolated traje
tories based on snapshotsampled data, for various sample intervals ranging from s20 till s2−8. The valueof Q is the mean over 300 tests. The data sampled are King models 
onsistingof 1000 parti
les with W0 = 3, W0 = 6 and W0 = 9, integrated over 1 n-body time unit. The solid line indi
ates that the data sampled is a King modelwith W0 = 9, the dashed line a King model with W0 = 6 and the dash-dottedline a King model with W0 = 3. Bullets indi
ate the a
tual measured values.The large dotted line is a least-square �tted fun
tion to W0 = 9. The lines ofthe graphs are linearly interpolated. The verti
al lines indi
ates the standarddeviation of 1 − Q.
x2 x4 x8 x16 x32

W0 = 3 10−7.08 10−6.20 10−5.43 10−4.56 10−3.78

W0 = 6 10−7.04 10−6.33 10−5.50 10−4.61 10−3.81

W0 = 9 10−7.10 10−6.38 10−5.55 10−4.67 10−3.87

x64 x128 x160 x320 x640

W0 = 3 10−3.16 10−2.68 10−2.55 10−2.23 10−2.08

W0 = 6 10−3.20 10−2.71 10−2.58 10−2.21 10−1.96

W0 = 9 10−3.26 10−2.75 10−2.61 10−2.18 10−1.79Table 4.2: Values of 1 − Q for individual sampling 
orresponding to �gure 4.1021
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Figure 4.10: The 1 − Q value of interpolated traje
tories based on individuallysampled data, for various sample intervals ranging from x2 till x640. The valueof Q is the mean over 300 tests. The data sampled are King models 
onsistingof 1000 parti
les with W0 = 3, W0 = 6 and W0 = 9, integrated over 1 n-bodytime unit. The solid line indi
ates that the data sampled is a King model with
W0 = 9, the dashed line a King model with W0 = 6 and the dash-dotted line aKing model with W0 = 3. The large dotted line is a least-square �tted fun
tionto W0 = 9. Bullets indi
ate the a
tual measured values. The lines of the graphsare linearly interpolated. The verti
al lines indi
ates the standard deviation of
1 − Q.

ln (1 − Qind
w3 ) ≈ −0.24 lnn2 + 3.81 lnn − 19.04 (4.12)

ln (1 − Qind
w6 ) ≈ −0.22 lnn2 + 3.63 lnn − 18.96 (4.13)

ln (1 − Qind
w9 ) ≈ −0.18 lnn2 + 3.46 lnn − 18.92 (4.14)

1 − Qind
w3 ≈ n−0.48+3.81e−19.04 = n3.32e−19.04 (4.15)

1 − Qind
w6 ≈ n−0.44+3.63e−18.96 = n3.21e−18.96 (4.16)

1 − Qind
w9 ≈ n−0.36+3.46e−18.92 = n3.10e−18.92 (4.17)22



4.3 Energy Error298 Astrophysi
ists often want to know the energy of a system at a given time299 instan
e, whi
h needs to be 
onstant throughout the simulation. Therefore it is300 useful to determine how well the energy 
onservation of an interpolation based301 on individual sampling a
tually is.302 To be able to determine the energy at a given time for the entire system303 that is being simulated, data is needed on all parti
les for that given time.304 The energy error for individually sampled data is determined as follows: we305 use snapshot sampled data with a very short sample interval as referen
e; for306 ea
h snapshot in the referen
e data, the individually sampled data needs to be307 interpolated to the 
orresponding time instan
e. The energy error is the absolute308 di�eren
e between the energy of the interpolated data and the 
orresponding309 snapshot. To generate snapshots from an individually sampled data set, we use310 the `worldline' tool from the Starlab software pa
kage, while determining the311 energy of a snapshot is done using the `energy' tool from the Starlab pa
kage.312 The models used were again 1000 parti
le King models with W0 = 9, W0 = 6,313 and W0 = 3. The energy and energy error are averaged over 100 runs for314 various sample rates. The referen
e snapshot sample data was generated with315 an interval of s2−8.316 Figure 4.11 shows the energy of the example traje
tories that were shown317 in �gure 4.4 and the energy of the referen
e snapshots indi
ated as `base'. It is318 interesting to note that the energy of the base snapshots also seems to deviate319 at two o

urren
es. Figure 4.11 shows the absolute energy error of the same320 example traje
tories. Interesting to see is the fa
t that in this �gure the energy321 of the x1 data seems to deviate from that of the base, whi
h is odd4, sin
e the322
x1 data should be equal to the data the integrator had when it generated the323 referen
e snapshots.324 Figure 4.13 shows for various sample intervals the mean energy of individually325 sampled data for sample intervals ranging from x1 till x640. The data sampled326 were King models 
ontaining 1000 parti
les with W0 = 3, W0 = 6 and W0 = 9,327 integrated over 1 n-body time units. The mean was taken over 100 runs. It328 shows that for all models the energy remains around the −0.25 for the sample329 intervals ≤ x64. When the sample interval be
omes larger than x64 the energy330 starts to deviate noti
eably.331 Figure 4.14 shows the mean absolute error of the energy values shown in332 �gure 4.13. We �t the graphs of ea
h model in �gure 4.14 to a least-squares333 linear fun
tion in log spa
e resulting in the equations 4.18, 4.19 and 4.20, where334 the variable n is the snapshots sampling interval. These �ts in log spa
e 
an be335 dedu
ed to equations 4.21, 4.22 and 4.23 respe
tively.336

4perhaps this is 
aused by the the `worldline' or `energy' tool23
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Figure 4.11: Energy of snapshots interpolated from the same individually sam-pled traje
tories shown in �gure 4.4. The traje
tories were interpolated tosnapshots at the same time instan
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ating the energy of the snapshots generated when sampling theoriginal traje
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Figure 4.12: Absolute error of the traje
tory energies shown in �gure 4.11 withthe respe
t to the `base'.The lines are linearly interpolated.
ln |∆E|w3 ≈ 2.29 lnn − 19.80 (4.18)
ln |∆E|w6 ≈ 2.02 lnn − 18.32 (4.19)
ln |∆E|w9 ≈ 2.21 lnn − 18.97 (4.20)

|∆E|w6 ≈ n2.29e−19.80 (4.21)
|∆E|w6 ≈ n2.02e−18.32 (4.22)
|∆E|w6 ≈ n2.21e−18.97 (4.23)
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4.4 Required Disk Spa
e337 When performing n-body simulations, the size of the resulting data 
an be
ome338 in
redibly large; therefore it is worth examining whether 
hanging from using339 snapshot sampling to individual sampling results in a smaller size of the resulting340 data set.341 We will determine the size of the sampled data set for the integration of342 King models with W0 = 3, W0 = 6 and W0 = 9 
onsisting of 1000 parti
les,343 integrated over 1 n-body time unit. This is done with both sampling s
hemes344 for a range of sample intervals; for ea
h sample interval the resulting size is the345 mean taken over 300 tests.346 When performing snapshot sampling with kira, given a sample interval 2m,with m being an integer, the number of snapshots the integrator generates, whenintegrating over t n-body time-units, is
ns = t2−m + 1 (4.24)however, when the sample interval 2m ≥ 1, the integrator generates instead of347

t2−m+1 snapshots just t2−m snapshots5, be
ause kira then doesn't generate any348 snapshot at t = 0. In the following graphs I 
ompensated for this in
onsisten
y349 by multiplying the resulting size of the data generated by interval s20 times 2350 6.351 The expe
ted size of a data set resulting from the snapshot sampling s
hemewould be
ssnap(m, t) = ssns = ss(t2

−m + 1) (4.25)with ss being the size of a single snapshot. For the integrated models dis
ussed352 in this 
hapter this would result in ssnap(m) = ss(2
−m + 1).353 Figure 4.15 and table 4.3 show that the average sizes of the snapshot sam-354 pling s
heme for all 3 King models result in fun
tion 4.25. The size of a single355 snapshot for a system 
onsisting of 1000 parti
les is ss ≈ 0.5MB.356

s20 s2−1 s2−2 s2−3 s2−4

W0 = 3 1.1328 1.7000 2.8500 5.1492 9.7461

W0 = 6 1.1328 1.7000 2.8484 5.1461 9.7414

W0 = 9 1.1328 1.6992 2.8438 5.1398 9.7266

s2−5 s2−6 s2−7 s2−8

W0 = 3 18.9398 37.3258 74.0977 147.6469

W0 = 6 18.9289 37.3055 74.0609 147.5687

W0 = 9 18.9008 37.2539 73.9516 147.3500Table 4.3: Sizes(MB) of the data sets resulting from snapshot sampling 
orre-sponding to �gure 4.155however, when t mod 2m 6= 0 the number of snapshots is t2m + 16this is possible be
ause the model is only integrating over 1 n-body time-unit for thesetests 28
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Figure 4.15: Average size of snapshot sampled traje
tories for various sampleintervals ranging from s20 till s2−8 over 300 tests. The models sampled wereKing models 
ontaining 1000 parti
les, with W0 = 3, W0 = 6 and W0 = 9,integrated over 1 n-body time unit. Bullets indi
ate the average sizes. The linesare linearly interpolated.Sin
e the required disk spa
e depends on the number of samples, we expe
tthe fun
tion of the average required disk spa
e of individual sampled data setsto behave as:
sind(n) =

sx1

n
(4.26)where sx1 is the disk spa
e required for the data set generated at sampling357 interval x1 and n the individual sample interval.358 Figure 4.16 and table 4.4 show the average required disk spa
e of the indi-359 vidual sampling s
heme. The graph and table show that the fun
tion 4.26 is360 
orre
t until n ≈ 64.361 By default, kira produ
es a snapshot ea
h n-body time unit when performing362 individual sampling. Thus when performing individual sampling, when a model363 is integrated over 1 n-body time unit, kira will produ
e 2 snapshots at least.364 Kira produ
es less data per parti
le when performing individual sampling365 than when performing individual sampling, therefore the size of a snapshot made366 by kira when performing individual sampling di�ers from the size of a snapshots367 when performing snapshot sampling. A simple test with kira shows us that the368 size of two snapshots of 1000 parti
les when performing individual sampling is369

2ss ≈ 0.5MB.370 When performing individual sampling with n > 64 the sampling interval371 starts to ex
eed the number of integration steps in the period of 1 body time-372 29



unit of more and more stars, thus leaving those stars with only the samples at373 the snapshots. Therefore, the required disk spa
e will approa
h the size of two374 snapshots.375 In 
ontrast with the snapshot sampling s
heme, the di�eren
e between sizes376 of the di�erent models is quite signi�
ant. For sample interval x1 the size of the377
W0 = 9 model is about 1.5 times as big as the other two models. This is mostly378 
aused by the fa
t that the stars in this model have far more intera
tions than379 the other two models, 
ausing the integrator to take more integration steps for380 the 
al
ulation of this model and therefore results in a bigger sampled data set.381 The �gures also show that all s
ales between the sizes of the di�erent models382 de
rease as the size of the sample interval in
reases, whi
h makes sense, sin
e383 all sizes eventually 
onverge towards the same 2ss, at whi
h moment the s
ales384 between the sizes of the di�erent models is thus 1.385
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Figure 4.16: Average size of individually sampled traje
tories for various sampleintervals ranging from x1 till x640 over 300 tests. The models sampled wereKing models 
ontaining 1000 parti
les, with W0 = 3, W0 = 6 and W0 = 9,integrated over 1 n-body time unit. The lines are linearly interpolated. Thesizes resulting from the W0 = 9 King model are indi
ated by the solid line, the
W0 = 6 model by the dashed line and the W0 = 3 model by the dash-dottedline. Bullets indi
ate the average sizes.
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x1 x2 x4 x8 x16

W0 = 3 53.5976 27.0891 13.9343 7.2394 3.8935

W0 = 6 57.8242 29.1702 14.9755 7.7581 4.1506

W0 = 9 89.0738 44.3732 22.5845 11.5414 6.0679

x32 x64 x128 x160 x320 x640

W0 = 3 2.2193 1.3845 0.9716 0.8437 0.6884 0.6239

W0 = 6 2.3494 1.4526 1.0105 0.8783 0.7112 0.6354

W0 = 9 3.3099 1.9566 1.2828 1.1187 0.8565 0.7326Table 4.4: Size(MB) of the data sets resulting from individual sampling 
orre-sponding to �gure 4.16
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4.5 Required Disk Spa
e vs Quality386 In this se
tion we will illustrate how the snapshot sampling 
ompares to indi-387 vidual sampling based on the size/quality ratio of their resulting data sets. In388 �gure 4.17, for both sampling s
hemes, the size of the resulting data sets as389 determined in se
tion 4.4 is plotted against their quality as was determined in390 se
tion 4.2. The �gure shows a good 
omparison between the two sampling391 s
hemes.392 A least-squares �t to a linear fun
tion in log spa
e for ea
h snapshot sampled393 model results in the equations 4.27, 4.28 and 4.29. From these �ts in log spa
e394 we 
an derive the equations 4.30, 4.31 and 4.32 respe
tively.395 It is 
lear that the slopes of all 3 graphs in log spa
e are more or less equal;396 the slope of all 3 graphs are around −0, 51, whi
h means that, when the value397 of 1−Q be
omes 10 times larger (thus worse), the size of the resulting data set398 is s
aled by 10−0.51 ≈ 0.31.399 A least-squares �t to a linear fun
tion in log spa
e for ea
h individually sam-400 pled model results in the equations 4.33, 4.34 and 4.35. From these �ts in log401 spa
e we 
an derive the equations 4.36, 4.37 and 4.38 respe
tively.402 The slopes of all 3 graphs in log spa
e are more or less equal to −0, 33. This403 means that, when the value of 1 − Q be
omes 10 times larger, the size of the404 resulting data set is s
aled by 10−0.33 ≈ 0.47.405 Both individual sampling and snapshot sampling have a relatively 
onstant406 slope, regardless of the type of model being sampled; thus the relation between407 quality and size is hardly a�e
ted by the model.408 The �tted fun
tions indi
ate that if the quality is taken low enough, the409 required disk spa
e for snapshot sampled data will be
ome lower than that of410 the individually sampled data. However, these �tted fun
tions do not take into411 a

ount the properties that were des
ribed in se
tion 4.4, whi
h is that, for412 a large enough sample interval the required diskspa
e for sampling using kira413 will approa
h the size of two snapshots. However, when using kira, the size of a414 snapshot 
onsisting of a 1000 parti
les 
reated using snapshot sampling is about415
0.5MB, while a snapshot in a individually sampled data set is about 0.25MB.416 Looking at �gure 4.17 you 
an see that the graphs for the disk spa
e required417 for individual sampling get below the 1MB (the size of two snapshots generated418 using snapshot sampling) without 
rossing the graphs for snapshot sampling;419 thus, at a given quality, the required disk spa
e for individual sampling will420 always be less than that required for snapshot sampling.421
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ln (sind
w3 ) ≈ −0, 51 ln (1 − Qw3) − 2.48 (4.27)

ln (sind
w6 ) ≈ −0.51 ln (1 − Qw6) − 2.37 (4.28)

ln (sind
w9 ) ≈ −0.52 ln (1 − Qw9) − 1.94 (4.29)
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w3 ≈ (1 − Qw3)
−0.51e−2.48 (4.30)
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−0.51e−2.37 (4.31)
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Chapter 5422 Starshow423 This 
hapter will dis
uss the Starshow appli
ation. Starshow is a visualizer for424 star dynami
s simulations. It enables users to navigate through the simulated425 parti
les, visualize their traje
tories and read out their data.426 There already exist various appli
ations for the visualization of star dynam-427 i
s simulations. These appli
ations however, allow for only a limited amount428 of intera
tion sin
e they are restri
ted to the input and output o�ered by a429 standard desktop p
. Figure 5.1 shows a pi
ture of the platform starhow was430 build for, the Personal Spa
e Station [10℄ (PSS) used at the UvA SCS group.431 With the 
reation of Starshow for the Personal Spa
e Station we intended to432 
reate a visualizer for star dynami
s simulations that allowed for new sorts of433 intera
tions and more meaningful feedba
k for the astrophysi
ist.434 Besides being innovative, we wanted Starshow to be an appli
ation that as-435 trophysi
ists would a
tually be able to use for resear
h. The Personal Spa
e436 Station has three properties making it very a

essible for normal resear
hers.437 The Personal Spa
e Station is very a�ordable, thus there is a reasonable pos-438 sibility that a resear
her 
an persuade his institute to pur
hase su
h a devi
e.439 The size of the Personal Spa
e Station is su
h that it 
an �t on a desk, thus a440 separate desk is all that is needed to be able to pla
e it somewhere. It is made441 from of the shelf 
omponents, thus if something breaks, the institute 
an repla
e442 it by itself.443 5.1 The Personal Spa
e Station444 Virtual reality (VR), although there is no o�
ial de�nition for it, usually refers445 to immersive virtual reality. With immersive virtual reality the user is immersed446 in a 
omputer generated 3-dimensional environment. Well known examples of447 fully immersive virtual reality environments are head-mounted displays (HMD)448 and the CAVE (CAVE Automati
 Virtual Environment) [7℄. The PSS however449 does not provide fully immersive virtual reality; instead, it provides a semi-450 immersive virtual reality, a virtual reality where the user only immerses his451 hands. The PSS is des
ribed by its designers as a near-�eld virtual environment452 sin
e it provides a virtual reality that is fo
used on users intera
ting with obje
ts453 within arm's rea
h.454 35



Figure 5.1: Personal Spa
e Station5.1.1 History455 The PSS I worked on during this proje
t was build at the UvA SCS group by456 R. Shulakov [17℄ who based his design on the work of J.D.Mulder and R. van457 Liere [10℄.458 The �rst mirror-based, near-�eld, virtual environment was proposed by C.459 S
hmandt [15℄ in 1993. His design used a half-silvered mirror for output, al-460 lowing the user to see their real hands and the 
omputer display as shown in461 �gure 5.2. For positional input he used a 6 degree-of-freedom magneti
 tra
king462 devi
e. He did 
onsider tra
king by using opti
al tra
king with infrared light,463 but sin
e obs
uration by the body is a signi�
ant issue when using infrared464 36



light, he de
ided to use magneti
 tra
king instead. The problem with magneti
465 tra
king however is that the CRT monitor used for display 
aused magneti
466 interferen
e with the tra
ker.467

Figure 5.2: The half-way mirror used by S
hmandt.When the PSS was being 
reated there were already several designs based468 on S
hmandt's work. In 1994 Poston et al. [18℄ 
reated the Virtual Workben
h,469 whi
h used me
hani
al (the Immersive ProbeTM ) as well as ele
tromagneti
470 sensors (the Pholhemus FasTrakTM) for user input.471 In 1999 Wiegand et al. [19℄ 
reated their version of the Virtual Workben
h472 whi
h made use of a hapti
 interfa
e, a me
hani
al manipulator 
alled PHAN-473 ToM with a 3 DOF for
e-feedba
k and a tra
kball. There is also a Swedish 
om-474 pany 
alled Rea
hin [6℄ that sells virtual workben
hes that utilizes the PHAN-475 ToM manipulator for input.476 The PSS di�ers in two ways from these systems: �rst of all, the PSS utilizes477 head-tra
king to be able to display the image 
orre
tly and se
ond, the PSS478 uses opti
al tra
king with infrared lighting for the intera
tive tasks. None of479 the previous systems applied these methods.480 5.1.2 Workings481 Three spa
es482 Figure 5.3 illustrates the layout of the PSS. The PSS distinguishes 3 spa
es: the483 visual spa
e, the tra
king spa
e and the intera
tion spa
e. The visual spa
e is484 the virtual spa
e the user 
an per
eive, while the tra
king spa
e is the spa
e485 
overed by the 
ameras. The intera
tion spa
e is the spa
e where the user 
an486 a
tually intera
t.487 The visual fo
us plane (VFP) is the re�e
ted image of the monitor in the488 mirror. A

ording to Mulder and van Liere, due to a

ommodation and 
onver-489 gen
e 
on�i
ts, the useful depth range of the visual spa
e is limited to +/ − 10490 
entimeters around the fo
us plane.491 Sin
e the intera
tion spa
e is restri
ted to where the user 
an rea
h it is492 important to 
on�gure the VFP and tra
king spa
e in su
h a way that their493 interse
tion will 
ompletely overlap the user's intera
tion spa
e.494 37



Figure 5.3: Layout of the PSS.Intera
tion495 The PSS utilizes opti
al tra
king with infrared lighting to tra
k obje
ts in the496 tra
king spa
e. This method is des
ribed in [13℄; I will give a short summary497 here.498 Ea
h obje
t used for intera
tion with the PSS 
ontains a number of retro-499 re�e
tive markers. These markers are ordered in several patterns enabling the500 PSS to determine the lo
ation and orientation of the obje
t. For the PSS to501 be able to do this it needs to do 3 things: train, re
ognize the patterns and502 determine the lo
ation and orientation of these patterns.503 The PSS needs to be only trained on
e for ea
h intera
tion obje
t. During504 this training session the PSS stores several properties of the patterns he dete
ts505 in a database. The properties being stored are invariant under perspe
tive506 proje
tions and are therefore well suited for this problem.507 During normal operation the PSS uses the stored proje
tive invariant prop-508 erties to mat
h the dete
ted markers to the patterns in his database. On
e he509 has found the mat
hing pattern he 
an determine its orientation and thus the510 orientation of the intera
tion obje
t.511 Spe
i�
ations512 The PSS installation I worked on makes use of dual 2.4 GHz Xeon pro
essors513 and 2 Gb of memory. The graphi
s 
ard is of the NVIDIA Quadro4 900 XGLtm514 brand, providing quadro bu�ered stereo rendering. The shutter glasses are515 of the Crystal Eyestm brand and work in 
ombination with the Crystal Eyes516 38



ESGI Emitter to syn
hronize with the monitor. Headtra
king is done using the517 DynaSighttm opti
al radar by Origin instruments. There are 4 B/W, 25 fps,518 PAL resolution, interla
ed 
ameras used for the hand-tra
king in 
ombination519 with a Leutron Pi
Port Stereo H4 framegrabber. The total 
osts of the PSS are520 estimated to be around ¿15.000,-.521 5.2 The Idea behind Starshow522 The reason that Starshow is developed with the PSS in mind was that a regular523 desktop visualization provides too little freedom for 
omfortable intera
tion with524 star
lusters 
onsisting of a large number of stars. By using the PSS the user525 gets extra feedba
k in the sense of the position/angle of his arms and hands to526 help him navigate through and intera
t with the star 
lusters.527 Starshow has been implemented entirely in OpenGL and uses the VRCO528 CaveLib, therefor ensuring that it will not only run on the PSS, but in a regular529 CAVE environment as well. Currently it supports only the starlab format;530 however, its internal data stru
ture and I/O system is independent of that of531 Starlab so that it is 
apable to support multiple �le-formats in the future.532 Besides being able to run on the PSS, we also wanted the appli
ation to be533 able to run on the CAVE. This is far more useful if someone wants to give a534 presentation of some sort to a number of spe
tators. The reason that it has535 been designed primarily for the PSS is that although the CAVE environment is536 very ni
e, it is hardly used for everyday resear
h. The reason for that is that537 it is a
tually too big to really work with; there is no possibility to put a CAVE538 in your o�
e. On top of that it is also very expensive, resulting in a lot of539 resear
h institutes having only one or even none at their fa
ility; thus even if a540 resear
her's institute has a CAVE, that resear
her would need to reserve it if he541 wanted to use it.542 5.3 Intera
tion543 Starshow supports 4 types of PSS 
ontrols: the wand, the 
ube, the palette and544 the joysti
k. The wand and joysti
k are also available in the CAVE environment;545 the 
ube and palette however are only available for the PSS environment.546 Although the wand is available for the PSS as well as the CAVE environment,547 it di�ers quite signi�
antly for both systems. The wand for the PSS has the548 shape of a pen and it's only 
apability for intera
tion is being able to point and549 3 buttons. The wand in the CAVE environment has the shape of a StarTrek550 phaser and has just as the PSS version 3 buttons. However, next to those551 buttons it has a joysti
k integrated into it.552 Ea
h PSS 
ontrol has its own fun
tionality:553 Wand The wand, shown in �gure 5.4, has 3 buttons and usually a
ts as a sort554 of mouse in the PSS environment. In Starshow its fun
tion is threefold: it is555 used to give dire
tion when navigating, to sele
t stars and to navigate through556 menus.557 39



Figure 5.4: The wand. The left image shows the physi
al devi
e and the rightimage how it is represented in Starshow.Joysti
k The Joysti
k is just a regular joysti
k from Logite
htm (Logite
h558 Extreme Digital 3D). It is used to 
ontrol the navigation speed and to be able to559 navigate sideways. Be
ause the Sidewinder has a numerous amounts of buttons560 it is also used to a
tivate several modes in the appli
ation.561 Cube The 
ube, depi
ted in �gure 5.5, is used for rotating the navigation562 spa
e in the appli
ation. However due to the fa
t that there is no real `
enter'563 to rotate around, espe
ially when visualizing multiple globular 
lusters, this is564 not a really useful feature, sin
e it is more likely to 
onfuse the user than to565 assist him.566

Figure 5.5: The 
ube. The left image shows the physi
al devi
e and the rightimage how it is represented in Starshow.Palette The palette 
an be 
onsidered an extended version of the 
ube. It is a567 board with a 
ube atta
hed to it at the top left for tra
king purposes as 
an be568 seen in �gure 5.6. The palette is used for the display of menu and mis
ellaneous569 data.570 40



Figure 5.6: The pallet. The left image shows the physi
al devi
e and the rightimage how it is represented in Starshow.5.4 Sele
ting Stars571 The most important element for any intera
tive environment that uses a point-572 ing devi
e is the ability to sele
t. This means that a user 
an point the pointing573 devi
e at the item he wishes to sele
t and use it. When sele
ting items in menus,574 this is not a very big issue; however when you have a large amount of parti
les575 ea
h depi
ted as a point lo
ated somewhere in a large spa
e, this be
omes a bit576 tri
kier.577 5.4.1 Sele
tion me
hanism578 Sin
e the stars are visualized using perspe
tive proje
tion, I de
ided to use579 a 
one shaped sele
tion volume method for the sele
tion of the stars. When580 perspe
tive proje
tion is used and a point at the s
reen is 
hosen to represent581 the proje
tion of a line orthogonal to the s
reen, several stars may appear as if582 they are lo
ated at the same distan
e from that line while in reality they aren't;583 Sin
e the user in fa
t a
tually wants to sele
t those stars that appear to be at a584 
ertain distan
e from that imagenary line whi
h is smaller than a given value,585 the 
one shaped sele
tion volume is ideal for sele
tion.586 To be able to explain better how I determine whether a star falls within587 the sele
tion 
one I will explain some basi
 linear algebra �rst; all these prin-588 
iples 
an be found in basi
 linear algebra literature. I will assume some basi
589 prin
iples 
on
erning linear algebra are known by the reader however.590 Inprodu
t591 The inprodu
t (or dot produ
t) of two ve
tors ~v and ~w in R
3 is noted as 〈v, w〉and is de�ned as:

〈v, w〉 = v1w1 + v2w2 + v3w3 (5.1)The inprodu
t 〈v, w〉 in R
3 has the following properties:592 � 〈v, w〉 = 〈w, v〉 (
ommutative)593 41



� 〈u + v, w〉 = 〈u, w〉 + 〈v, w〉 (distributive)594 � 〈λv, w〉 = 〈v, λw〉 = λ〈v, w〉 (linearity property)595 The inprodu
t between two ve
tors gives an indi
ation of the type of angle596 between the two ve
tors:597 � 〈v, w〉 > 0 if the angle is a
ute ( i.e. [0, π
2
〉 )598 � 〈v, w〉 < 0 if the angle is obtuse ( i.e. [π

2
, π〉 )599 � 〈v, w〉 = 0 if they are perpendi
ular ( i.e. an angle of π

2
)600 Sin
e the length of a ve
tor ~v is de�ned as:

‖v‖ =
√

v2
1 + v2

2 + v2
3 (5.2)the inprodu
t of 〈v, v〉 yields ‖v‖2.601 Proje
tion602 The proje
tion of a ve
tor ~v onto ve
tor ~w is noted as πw(v) and is de�ned as:

πw(v) =
〈w, v〉

〈w, w〉
w =

〈w, v〉

‖w‖2
w (5.3)The sele
tion method603 Figure 5.7 shows the representation of a wand pointing in the dire
tion of a star604 in
luding the sele
tion 
one. Ve
tor ~w is the normalized dire
tion ve
tor of the605 wand, ve
tor ~Pw the positional ve
tor of the wand and ~Ps the positional ve
tor606 of the star. The goal of sele
tion is to determine if a star is inside that 
one;607 thus to determine if ‖~d‖ is smaller than ‖~r‖ times ‖~l‖.608

Figure 5.7: The sele
tion 
one. On the left the general idea. On the right thevalues that are used to determine if a star falls into the 
one.First we determine the ve
tor ~d:
a = Ps − Pw

d = a − l (5.4)42



The ve
tor ~l is the proje
tion of ~a onto ~w:
l = πw(a) =

〈a, w〉

〈w, w〉
w

d = a −
〈a, w〉

〈w, w〉
w (5.5)609 Be
ause 〈w, w〉 = ‖w‖2 and ve
tor ~w has length 1 be
ause it is normalized,it means 5.5 
an be simpli�ed to

l = 〈a, w〉w

d = a − 〈a, w〉w (5.6)610 All stars that are within the sele
tion 
one should meet the following re-quirement:
‖d‖ < ‖l‖‖r‖ (5.7)But this 
an be redu
ed in the following way:

‖d‖ < ‖l‖‖r‖

‖d‖ < ‖〈a, w〉w‖‖r‖

‖d‖ < |〈a, w〉|‖w‖‖r‖

‖d‖ < |〈a, w〉|‖r‖ (5.8)611 This then eventually results in:
‖d‖2 < 〈a, w〉2‖w‖2‖r‖2

〈d, d〉 < 〈a, w〉2〈r, r〉 (5.9)
〈d, d〉 < 〈Ps − Pw, w〉2〈r, r〉 (5.10)5.4.2 Preliminary test612 Be
ause you don't want to run the 
omplete test for every star, even those613 that are behind the user, a preliminary test is desired. A very simple test to614 eliminate these stars is by testing the value of their inprodu
t 〈a, w〉; if this615 value is negative, then that means the angle between ve
tors ~a and ~w is obtuse,616 whi
h means the star is behind the wand.617 The algorithm618 When 
li
king the sele
t button while pointing your wand in an environment619 with a 
luster of several thousand stars the following algorithm is exe
uted:620 
onstant : pos_wand, w, sele
tion_range, pos_star(n)621622 for star i= 1:n623 {624 43



a = ve
_pos_star(i) - ve
_pos_wand;625626 aw = dot ( a, w);627628 if ( aw > 0 )629 {630 d = ve
_a - aw * ve
_w;631632 if ( dot( d,d ) < aw * aw * sele
tion_range )633 {634 toggle star(i) as sele
ted;635 }636 }637 }638 The 
omplexity of the algorithm in big O notation is O(n), meaning that639 the 
omplexity is linear, i.e. if you in
rease the number of stars in the system a640 times, it means that the number of 
omputations will in
rease no more than a641 times a

ordingly.642 The pro
essing required by this algorithm is easily determined. Assuming643 there are a total of n stars and m of these are in the users view during sele
tion644 the number of pro
essing pt(m, n) required is:645
pt(m, n) = n(5pa + 3pm + pc) + m(5pa + 8pm + 1pc) (5.11)where pa stands for the pro
essing required for additions and subtra
tions,646

pc for 
onditional 
he
ks and pm for multipli
ations. It is well known that the647 addition, substra
tion and 
onditional operations require far less pro
essing than648 multipli
ations. This means that when the number of parti
les is large enough,649 it will be the multipli
ations that will require pra
ti
ally all the pro
essing time650 for the sele
tion; and when sele
tion is performed with all the parti
les in front651 of the wand, the required pro
essing 
an be simpli�ed to:652
pt(n) = n11pm (5.12)

Figure 5.8: Wand in sele
tionmode. Figure 5.9: Sele
ting severalstars.44



5.5 Visualizing Stars653 Star simulations representing 
lusters of a huge number of stars are not un-654 
ommon, thus it is important to minimize the pro
essing required per star,655 espe
ially 
onsidering it is an intera
tive appli
ation. Ea
h star is therefore vi-656 sualized as a single point, even though this does make depth per
eption for the657 user somewhat di�
ult.658 5.5.1 Visualizing stars over time659 To be able to display a frame 
ontaining stars, the stars' positions will �rst need660 to be interpolated to a given time instan
e.661 The way starshow does this is as follows: �rst the time instan
e t is deter-662 mined; this is the time instan
e for whi
h the stars need to be displayed. Then,663 for every star, the star instan
e is sear
hed with the largest time instan
e tstar664 that is still smaller than t. This sear
h is started from the star instan
e used665 for the previous interpolation. The sele
ted star instan
e and the star instan
e666 that follows dire
tly in time are then used for interpolation.667 In pseudo 
ode:668669 t = get_
urrent_time()670671 for ( i=0; i < N; i++ )672 {673 
urStarInstan
e = lastSele
tedInstan
e[ i ℄;674675 if ( t < 
urStarInstan
e->time )676 {677 
urStarInstan
e = Stars[ i ℄->timeLine->first678 }679680 while ( 
urStarInstan
e->next->time < t )681 {682 
urStarInstan
e = 
urStarInstan
e->next683 }684685 sele
tedInstan
e = 
urStarInstan
e;686687 interpolatedStars[ i ℄ = interpolate( sele
tedInstan
e, sele
tedInstan
e->next, t )688689 lastSele
tedInstan
e[ i ℄ = sele
tedInstan
e;690 }691692 where N is the number of stars in the model being displayed.693 Traje
tory694 The time instan
e from the simulation that is 
urrently being visualized will695 be referred to as the 
urrent simulation time. When a user sele
ts a star, its696 45



traje
tory from the time instan
e at whi
h the simulation started till the 
urrent697 simulation time will be shown.698 This traje
tory is 
onstru
ted by 
onne
ting all the star's instan
es from699 the beginning of the simulation up to the latest instan
e with a time instan
e700 smaller than the 
urrent simulation time; this latest instan
e is 
onne
ted to the701 
urrent interpolated position of the star. Ea
h pair of instan
es is 
onne
ted by702 a set of n + 1 straight lines through n points; the positions of these points are703 determined by Hermite interpolation as des
ribed in se
tion 5.5.1. The position704 for the ith point is determined by interpolating the position of the two instan
es705 for the time instan
e ∆t i
n+1

, where ∆t is the di�eren
e in time between the two706 instan
es.707 A larger n requires more pro
essing power, while providing a better traje
-708 tory. Therefore Starshow allows the size of n to be spe
i�ed by the user, thus709 allowing the user to s
ale the required pro
essing data for the traje
tories when710 needed. The default size of n is 0.711 Binaries712 A very interesting 
lass of stars are the binary stars. A binary star is a pair713 of stars bound together by gravity, orbiting around their `
enter of mass'. The714 velo
ity of a star that is part of a binary, 
an be divided into two 
omponents:715 the velo
ity of the 
enter of mass and the relative velo
ity of a member of the716 binary star with respe
t to the 
enter of mass. The velo
ity of the 
enter of717 mass 
an be regarded as the velo
ity of the entire binary star, while the relative718 velo
ity indi
ates the velo
ity at whi
h the members of the binary rotate around719 the 
enter of mass.720 Although the rotational velo
ity of a member of a binary star might be721 very high, while rotating around the 
enter of mass, the distan
e of a member722 of a binary star from the 
enter of mass doesn't 
hange noti
eably. Sin
e the723 rotational velo
ity is usually several fa
tors larger than the velo
ity of the 
enter724 of mass, the absolute velo
ity of a member of a binary star is mainly determined725 by this relative velo
ity.726 Figure 5.10 shows an illustration of the e�e
ts of using either velo
ity. In727 image A, the absolute velo
ity is used for interpolation and the image 
learly728 shows that the interpolated traje
tory deviates extremely from what its a
tual729 traje
tory might be. Image B shows the e�e
t of using the velo
ity from the730 
enter of mass; this interpolation also 
learly deviates from its a
tual traje
tory,731 however it stays within the bounds formed by the position of the 
enter of mass732 and the member's distan
e to the 
enter of mass.733 Therefore, when interpolating the position of a member of a binary we use734 the velo
ity of the 
enter of mass instead of its own absolute velo
ity. Figure 5.11735 shows the traje
tories of the members of a binary star as they are interpolated736 by Starshow.737 Hermite Interpolation738 Starshow uses a very basi
 interpolation s
heme to interpolate the position of739 parti
les 
alled Hermite interpolation [8℄1. This interpolation is spe
i�
ally740 1
ubi
 hermite interpolation to be more pre
ise46



Figure 5.10: Image (A) shows the e�e
t when interpolating the positionof a member of a binary using its own absolute velo
ity; Image(B) showsthe e�e
t when interpolating the position of a member of a binary usingthe velo
ity of the `
enter of mass' of that binary.designed for the interpolation of a 
urve de�ned by two end-points with ea
h a741 
ertain tangent.742 Given two end-points ~P1 and ~P4 with tangents ~R1 and ~R4 respe
tively, the743 
ubi
 Hermite interpolation is de�ned as equation 5.13.744
~Q(t) = (2t3−3t2 +1)~P1 +(−2t3 +3t2)~P4 +(t3−2t2 + t)~R1 +(t3− t2)~R4 (5.13)The resulting ~Q(t) is the interpolated position at the given time t. However,745 there is one 
onstraint, the given time t has to be in the interval 0 ≤ t ≤ 1,746 with ~Q(0) = ~P1 and ~Q(1) = ~P4. Sin
e the time intervals between star instan
es747 are not so neatly 
onstrained, the simulation time needs to be s
aled to �t the748 
onstraints.749 The s
aling is done as follows:

t =
tcurr − t1
t4 − t1

(5.14)47



Figure 5.11: Several parti
les forming binaries.Time tcurr stands for the 
urrent simulation time and times t1 and t4 for the750 times at the begin and end points respe
tively.751 But now that the time has been s
aled, the tangents of the end-points need752 to be adjusted a

ordingly. Therefore a small adjustment has to be made in the753 Hermite interpolation resulting in:754
~Q(t) = (2t3−3t2+1)~P1 +(−2t3+3t2)~P4 +(t4−t1)((t

3−2t2+t)~R1+(t3−t2)~R4)(5.15)5.5.2 Multi-threading755 When the system being used for visualization 
ontains a great deal of parti
les,756 interpolating the positions of these parti
les 
an require quite some time. When757 this happens and the program is single threaded, the user will have to wait till758 all interpolation is done for ea
h 
y
le until he 
an intera
t with the program759 (for a very short time). This, of 
ourse, does not improve the user experien
e.760 To prevent this from happening we use `multi-threading' and `bu�ering'.761 Threading is a te
hnique that allows a program to split itself into two or more762 simultaneously running tasks. Thus allowing to interpolate the positions of a763 
olle
tion of parti
les, while simultaneously still being able to re
eive user input.764 Figure 5.12 is an UML a
tivity diagram of Starshow, illustrating how the pro-765 gram is split up in (at least) two threads after CAVEInit() is 
alled. The main766 48



pro
ess regularly updates the model by 
alling the fun
tion displayUpdate()767 . The display thread however 
ontinuously reads user input and displays the768 model last interpolated model.769 5.5.3 Bu�ering770 The display thread displays the model while simultaneously the model is being771 interpolated; to prevent these two threads from interfering with ea
h other's772 data, bu�ers are needed.773 Starshow uses two bu�ers and two pointers to these bu�ers whi
h I will refer774 to as pointer A and B. The bu�er from pointer A 
ontains already interpolated775 data. This data is used to display and this is what the user is navigating through.776 The bu�er from pointer B is being written to by the fun
tion performing the777 interpolation of the positions of the parti
les.778 When the interpolation of the model is 
ompleted, the pointers will be779 swit
hed; pointer A will point to the bu�er of pointer B and vi
e versa.780 This way, the user will always be able to navigate smoothly, even if the781 interpolation requires a lot of pro
essing; when the interpolation of the model782 requires a lot of pro
essing, the user will only noti
e stars standing still or783 moving sluggish, but will not be hampered in hist navigation.784 5.6 Menus785 There are two types of menus available in Starshow; both present the same op-786 tions and data, however the ways they are presented to the user are signi�
antly787 di�erent.788 5.6.1 Floating Menu789 The �rst and more 
lassi
 menu type is the �oating menu, shown in �gure 5.13.790 This menu �oats in spa
e at a �xed 
oordinated relative from the users point of791 view. The user 
hooses an item from the menu by pointing at the desired item792 using the Wand and sele
ting it by 
li
king a button on the Wand. Be
ause it793 is very hard to navigate through a �oating menu in a PSS environment, it is794 hardly utilized in Starshow.795 5.6.2 Palette Menu796 The se
ond and relatively un
ommon type of menu is the palette-menu 5.14.797 This menu is displayed in the virtual spa
e, superimposed over the Palette as798 shown in �gure 5.14.799 The user is 
apable of sele
ting an item by tapping on the palette using the800 Wand. Sin
e the PSS is not always 
orre
tly 
on�gured, 
ausing the user to be801 a
tually unable to tap the palette in virtual spa
e; therefore the user is given802 an alternative method of sele
ting options by 
li
king the �rst button on the803 Wand.804 Sin
e the user is a
tually holding the menu, he has full 
ontrol over the805 position of the menu. This adds another level of intera
tivity and lends itself806 49
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Figure 5.12: UML a
tivity diagram illustrating Starshow's multi-threading.for the display of spe
i�
 data about the obje
t displayed and sele
ted in the807 virtual spa
e.808 By making the user tap the palette to 
hoose and sele
t a menu item, the809 50



Figure 5.13: The �oating menu.appli
ation provides the user with extra feedba
k, 
reating an e�e
t of really810 `tou
hing' obje
ts in VR. Sin
e it is impossible for the palette-menu to be811 realized in the CAVE-environment, the palette menu will only be available when812 using Starshow in the PSS environment.813 5.6.3 Data window814 The data window in the palette menu shows the statisti
s for the 
urrently815 fo
used star instan
e, e.g. id, time, position, velo
ity et
.816 By sele
ting the up and down arrows, the user 
an make the fo
us traverse817 the 
urrently sele
ted star's traje
tory through time, as illustrated in �gure 5.14;818 the data window will show the data for the 
urrently fo
used star instan
e on819 that spe
i�
 traje
tory.820 Using the left and right arrows, the user 
an make the fo
us traverse through821 a bundle of sele
ted stars. This is demonstrated in �gure 5.15; in the top image,822 the fo
us is on star #1021 from the bundle of sele
ted stars and by using the823 palette menu this fo
us is 
hanged to star #1156 in the bottom image.824 5.7 Starshow's Internal Data Stru
ture825 One of the requirements was that Starshow should not only be able work with826 the starlab data format, but also with other data formats. At this moment827 however it only supports the Starlab data format and uses the libraries provided828 by Starlab to be able to read and parse output generated by Starlab. Besides the829 parsing fun
tionality the Starlab libraries also o�er 
lasses for storing the stellar830 information. Using these 
lasses would make Starshow 
ompletely dependent831 on Starlab, therefore they are not utilized by Starshow. Though Starshow has832 some dependen
ies on Starlab, we tried to keep it at a minimum.833 The basi
 stru
ture of the 
lasses used to store the parti
le data is shown in834 the UML 
lass diagram in �gure 5.16. It illustrates the relations between the 5835 main 
lasses: StarInstan
e, StarContainer, TimeLineNode, TimeLine and Star.836 51



StarInstan
e The StarInstan
e 
lass 
ontains all the properties for a star for837 a given time instan
e of that star su
h as its position, velo
ity, a

eleration,838 time instan
e, mass et
.839 StarContainer The StarContainer 
lass 
ontains one StarInstan
e. It also840 
ontains a list of daughters and a link to a parent StarContainer. The StarCon-841 tainer 
lass represents a node in the tree of the input data.842 TimeLine and TimeLineNode The TimeLine of a Star is a linked list rep-843 resenting the timeline of that star. The nodes in the TimeLine list are TimeLi-844 neNode 
lasses, ea
h 
ontaining one StarContainer instan
e.845 Star The Star 
lass 
ontains one TimeLine obje
t and the global data of the846 star it represents, su
h as its identi�er, sele
tion �ag et
.847 All Star obje
ts for a
tual stars (no Center of Mass parti
les or other abstra
t848 obje
ts) are put in one large global array 
alled the StarArray. The reason for849 
hoosing an array instead of a linked list is that it is mu
h faster to sele
t a850 
ertain parti
le from an array than from a linked list. Sin
e the set of Stars851 is 
reated only on
e and is not restru
tured, there is no need to worry about852 rebuilding or adding parti
les to the list. An array is therefore quite pra
ti
al.853 All Star obje
ts that are sele
ted by the user will be added to the Sele
ted-854 StarList linked list. This is a linked list sin
e the list 
ontaining the `
urrently855 sele
ted stars' is very dynami
.856 5.8 Used Libraries857 5.8.1 CAVElib858 The PSS on whi
h Starshow was developed, made use of the CAVElib library.859 This library provides an API designed by VRCO [2℄ for developing software860 for immersive displays. The same API is being used for visualization in the861 CAVE. This has the advantage that when an appli
ation is being designed for862 the PSS, it should work in the CAVE as well. However, the PSS only uses a863 single s
reen, while the CAVE uses multiple, therefore appli
ations designed for864 the PSS usually require some modi�
ations before they are 
apable of running865 on the CAVE.866 Another di�eren
e between the CAVE and the PSS is, sin
e the PSS' in-867 tera
tion prin
iple is so signi�
antly di�erent from that of the CAVE, 
ertain868 types of appli
ations made for the PSS have no use in the CAVE environment869 alltogether.870 5.8.2 OpenGL871 For the a
tual visualization OpenGL [1℄ was used. OpenGL stands for Open872 Graphi
s Library and was originally designed by SGI. It is a standard spe
i�-873 
ation de�ning a 
ross-platform API for 2D and 3D 
omputer graphi
s. The874 
hoi
e for using OpenGL was simple, sin
e there is no real alternative for it on875 non-Windows platforms.876 52



5.8.3 Starlab877 The Starlab libraries are used by the Starshow appli
ation for parsing Starlab878 data �les and nothing more, be
ause we needed to be able to parse Starlab879 data. Using the Starlab libraries would require a user to have Starlab 
ompiled880 on his system before he 
an 
ompile Starshow, therefore I preferred parsing the881 Starlab data �les without the use of the Starlab libraries. However, due to a882 la
k of do
umentation and knowledge available 
on
erning the data format I883 was unable to parse it myself 
orre
tly, leaving no other 
hoi
e than using the884 Starlab libraries.885 5.8.4 STL886 The Standard Template Library [16℄ (STL) is a C++ library for 
ontainer887 
lasses, algorithms, and iterators. The reason for using this library is that888 it has highly optimized sorting and sear
hing fun
tions, whi
h are ne
essary for889 the large amounts of parti
le data that need to parsed and loaded into mem-890 ory. That is also the only time that this library is used; during the parsing and891 loading of the parti
le data. Be
ause the memory management in CAVELib892 
auses di�
ulties with the STL 
ontainers, these 
ontainers are only used when893 the CAVELib memory management is not a
tive, whi
h is at the beginning of894 the appli
ation during the loading and parsing of input �les. After the data895 has been parsed, loaded and sorted into the STL 
ontainers it is moved into896 Starshow's own 
lasses.897
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Figure 5.14: The user is 
apable of ba
ktra
king a star over its traje
tory. Thetop image shows that the star #1156 is sele
ted, and the bottom image how theparti
le is ba
ktra
ked for 2 steps. 54



Figure 5.15: The user 
an navigate through the set of sele
ted stars using themenu. The top image shows star #1021 sele
ted, and by using the menu, thestar #1156 is sele
ted in the bottom image.55
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Figure 5.16: Starshow UML 
lass diagram, illustrating those 
lasses that arerelevant for the storage of parti
le data.
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Chapter 6898 Dis
ussion and Con
lusion899 6.1 Dis
ussion900 6.1.1 Sampling S
hemes901 Snapshot sampling and individual sampling use di�erent units for their sam-902 pling intervals; therefore 
omparing the two sampling s
hemes dire
tly was not903 possible.904 Energy905 In 
hapter 4 it was shown that the error in the energy of the individually sampled906 data 
an be �tted to a power law fun
tion with a power of about 2. However, the907 energy error qui
kly approa
hes the a
tual energy of the interpolated system,908 whi
h is −0.25, and therefore already be
omes unreasonably large when the909 sample interval be
omes > x128. Data using su
h a sample interval is therefore910 unsuited to use as input for a star dynami
s integrator.911 Size & Quality912 In 
hapter 4 I showed that the size of the resulting data set 
reated by snapshot913 sampling 
an always be determined in advan
e. The size of a data set 
reated914 by individual sampling however, 
annot be determined in advan
e be
ause it de-915 pends on the total number of integration steps of all parti
les over the 
omplete916 integration, whi
h is unknown by the user in advan
e.917 It was shown that the individual sampling s
heme has a far better size/quality918 ratio than the snapshot sampling s
heme. Thus when two data sets, one 
reated919 with individual sampling and the other with snapshot sampling, have the same920 size, the quality of the former data set will always be higher than the latter.921 It showed that an in
rease of the quality of sampled data, by de
reasing 1−Q922 with a fa
tor of 10 would result in an in
rease of the size of snapshot sampled923 data with a fa
tor of approximately 3.2, while the same in
rease in quality would924 result in an in
rease in size with a fa
tor of about 2.1 for individually sampled925 data.926 Even though the tests in 
hapter 4 were performed using only King models927 there is no reason to assume the results should be any di�erent if other star928 57




luster models had been used. Even for a system that 
ontains a great amount929 of 
haoti
 parti
les, for
ing the integrator to use a very small timestep for most930 of the parti
les throughout the integration, this would still hold; the resulting931 dataset produ
ed by individual sampling might be very large, but its quality932 will still be higher than a dataset of the same size that is generated by snapshot933 sampling.934 6.1.2 Starshow935 Starshow is 
urrently only 
apable of loading data sets that are formatted us-936 ing the Starlab format. It is possible to load data generated using individual937 sampling as well as data sets that are generated using snapshot sampling.938 When using individually sampled data, traje
tories have a higher 
on
entra-939 tion of data points at pla
es where the traje
tory �u
tuates than at the pla
es940 where the traje
tory is quite stable; this results in smooth 
urves when the tra-941 je
tories of stars are shown, even when the number of interpolated points used942 to draw the lines with, is quite low. The data points of traje
tories based on943 snapshot sampled data on the other hand, are equally distributed over time,944 resulting in traje
tories that deviate mu
h more from the original.945 Kira's individual timestep integration is what 
auses the data to be more946 
on
entrated when the traje
tory �u
tuates; however, the fa
t that Starshow947 is 
apable of reprodu
ing this distribution is due to the individual sampling948 s
heme.949 The advantage of an appli
ation su
h as Starshow over a `regular' desktop950 visualization appli
ation is that it allows the user to intera
t more dire
t with951 the visualized data. Currently its main use is the user's ability to fo
us on952 
ertain stars and tra
k their data; hereby enabling the user to better investigate953 the behavior of these stars.954 Starshow is a ni
e appli
ation, however it probably won't be
ome 
ommon955 use anytime soon. This has mostly to do with the 
urrent availability of the PSS;956 the people that should bene�t from Starshow, the astrophysi
ists, most likely957 have little desire to go to a spe
i�
 laboratory where they might �nd a devi
e958 su
h as the PSS (if there is one in the �rst pla
e) to perform their resear
h.959 However, due to the relatively low 
osts involved with building a PSS it is not960 unreasonable to assume that quite a number of universities 
an have several of961 these systems to their disposal in the near future.962 6.2 Con
lusion963 The individual sampling s
heme has the advantage of always resulting in a964 data set that has a higher quality than a data set of the same size resulting965 from snapshot sampling; however, it has the disadvantage that its resulting size966 is unknown in advan
e. For the snapshot sampling s
heme it is the other way967 around; its advantage is that the resulting size of a data set is known in advan
e,968 but its disadvantage is that this data set has a lower quality than a data set of969 the same size generated by the individual sampling s
heme.970 The individual sampling s
heme is a very good sampling s
heme, however971 it is not always the most desired sampling me
hanism. It is entirely dependent972 on the appli
ation if this sampling s
heme is useful or not. Therefore the user973 58



will always need to 
onsider beforehand what type of output he desires. If974 
ompletely dis
rete data is what the user a
tually needs, he should use the975 snapshot sampling s
heme, for it will provide the user with 
omplete stati
976 instan
es of the system at desired intervals; otherwise he should really 
onsider977 using individual sampled data sin
e it will provide the user with more pre
ise978 samples requiring far less disk spa
e; when traje
tories need to be re
onstru
ted979 from sampled data the output produ
ed by the individual sampling s
heme is980 far more pre
ise than the output of the same size produ
ed by the snapshot981 sampling s
heme.982 Another bene�t of individual sampling is that in 
ombination with individual983 blo
k-timestep integration it produ
es data in relatively small 
hunks, whi
h984 
ould make it very useful for streaming purposes.985 6.3 Future Work986 6.3.1 Individual Sampling S
heme987 � Determining the size resulting from the individual sampling s
heme for988 various standard stellar distribution models beside the King model. On
e989 this is known people will be able to make an edu
ated guess about the990 size of the resulting dataset beforehand for these models as well.991 � Test the individual sampling s
heme with other implementations of the992 individual time-step s
heme, e.g. with Aarseth's NBODY 
ode. This993 
ould give some insight in how dependent the individual sampling s
heme994 is on the method with whi
h the individual time-steps are determined.995 � Currently, the only way for an appli
ation to be able to parse Starlab996 formatted data �les 
orre
tly is to use the Starlab libraries; this is due to997 various odd 
onstru
tions in the format. Therefore, anyone who wishes998 to 
ompile an appli
ation that is 
apable of parsing �les in the Starlab999 format, will need to have the Starlab libraries installed on his system.1000 However, installing the Starlab libraries on a system requires the user to1001 have Starlab 
ompiled, whi
h takes a long time and a requires quite a bit1002 of diskspa
e.1003 Starlab should either revision its output format or 
reate better do
u-1004 mentation regarding the 
urrent format; this way they might in
rease the1005 number of appli
ations that support their format and thus in
rease the1006 number of 
ontributors for their software pa
kage.1007 6.3.2 Starshow1008 There is still a lot that 
an be done for Starshow. Following is a list of possible1009 improvements:1010 � Implement a slider that enables the user to 
ontrol the time of the visual-1011 ization.1012 � Finish the menus. The 
urrent implementation of the menus is only a1013 referen
e implementation. The only options 
urrently available are the1014 options regarding star sele
tion.1015 59



� Support other formats besides that of Starlab, e.g. the NBODY format.1016 � Streaming data input of individually sampled data. This way Starshow1017 
an a
t as a `player' for a data �le that is lo
ated on a remote server in1018 the same way as for example Qui
kPlayer a
ts for a movie-�le online. The1019 data �le 
ould even still be in the pro
ess of being integrated.1020 � An interpolation method for binary stars that does take into a

ount the1021 relative velo
ity of their members.1022 � Indi
ation of size, mass and velo
ity of the parti
les by means of the 
olors1023 and/or size of their visualization.1024
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