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Abstract

This thesis investigates possible ways to apply supervised machine learning algorithms
on N-body simulations. Because of the limitations of observational data, there is a
motivation to research star clusters by the N-body simulations. The simulations used
for the study are based on the Plummer model, and each has its star formation
efficiency (SFE) and several random realizations. A random forest model was trained
on the simulation with 15% star formation efficiency on a 20-100 Myr timeframe. The
model was tested on the other N-body simulations with 17-25% SFEs and showed high
classification accuracy throughout the whole dynamic evolution of tested simulations.
The majority of mistakes of the model were the false positives (FP) that turned out
to be within a 2 Jacobi radius, indicating that they might be gravitationally bounded
to center of cluster. Framework and learning strategy can be considered effective and
further applied for the mock observations of N-body simulations.
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Chapter 1

Introduction

1.1 Star clusters and N-body simulations

This section provides general information about star clusters and N-body simulations

used for these purposes.

In recent decades, observational data has been growing intensively with the de-

velopment of technology. Analyzing these data gives us new concepts about the

evolution of stellar systems, Galaxies, and the Universe [1]. And the study of star

formation reveals more about the evolution of galaxies and the universe as a whole

[1, 2]. Stars can form from interstellar dust and gas. Since the volume of such gases

is very large, stars appear in groups, so-called star clusters. In this regard, we can

assume that all the stars of the same cluster are the same age, and their number

reaches 103 to 107 stars in the cluster. The cluster’s size, mass, and dynamic state

play an important role since stars can live in the parent cluster for up to several billion

years, depending on it [3]. As we have already said, all stars of the same group are

formed at approximately the same time, and it is easier to determine the age of stars

in a cluster than for single stars in Galactic fields. Additionally, it is easier to observe

star clusters than singular stars because it is almost impossible to observe singular

stars in other galaxies. Therefore, studying the population of star clusters and their

age distribution allows us to learn the history of star formation in galaxies, including

the vicinity of the Sun in the Milky Way [4].
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There are 2 types of clusters: open star clusters (OSCs) and globular star clusters

(GSC). OSCs are generally young clusters (<100 Myr) mostly found on the plane

of the galaxies, such as our galaxy Milky Way in the shape of spiral arms. GSCs

are massive old clusters in the galactic halo and nearby center of Galaxy [3]. Stars

in GSCs are strongly gravitationally bounded, and their numbers contain tens of

thousands to millions of stars. In contrast, OSC’s stars are weakly gravitationally

bounded and have numbers of particles that could be hundreds to a few thousand.

Examples of the types of clusters can be seen in Figure 1-1.

Figure 1-1: Pleiades OSC (left picture) and Omega Centauri GSC (right picture) captured
with the WFI camera from ESO’s La Silla Observatory.

For correct interpretations when observing clusters in the galaxy, we need to un-

derstand the formation and evolution of star clusters. Additionally, it is important to

understand the mechanism of their decay since decay greatly changes the population

of star clusters, and a wrong understanding of these processes can distort information.

To address this problem dynamic evolution of star clusters needs to be studied.

The rapid rise of the computational capabilities of the hardware allowed us to solve

N-body problems and simulate the entire cluster dynamic evolution with thousands

of stars. As a result, throughout the years, scientists used and still use N-body

simulations for various analyses of OSCs [5]. These simulations help to understand

how clusters evolve from star formation and gas expulsion until violent relaxation
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and further dissolution. These kinds of simulations are done with the gravitational

N-body simulation code that runs on GPUs with the support of CUDA [6].

The main research concerns various parameters of star clusters, such as age, metal-

licity, etc. However, initial part of most of the research is on membership analysis of

star clusters. This is especially important for the open star clusters that tend to be

younger and scattered compared to far and older globular star clusters, as shown in

figure 1-1.

1.2 Previously applied machine learning methods on

Star cluster membership analysis

Considering the advances in observational means of research„ various tools such as

machine learning (ML) were also applied. This section will provide information about

previously applied machine learning methods. It was found that various machine

learning methods were used as the random forest, k-nearest neighbors(KNN), and

unsupervised learning methods such as StarGo, UPMASK, and Gaussian mixture

model (GMM) on databases such as Gaia DR2 or Gaia DR3.

Unsupervised methods are used mostly as clustering algorithms, and those meth-

ods can also contribute to the increasing number of stars with membership prob-

abilities. However, most of these studies were done with clustering algorithms that

need 3D data for proper usage. Among those methods, a self-organized map algorithm

named StarGo used a 5D topology map with 5 features and could identify membership

information as in papers [7] and [8]. Another algorithm is the UPMASK, based on k-

means clustering that enriched the Gaia DR2 database with new member star objects

as seen in [9] and [10]. Additionally, a density-based algorithm called HDNSCAN was

used on the M67 open star cluster from Gaia EDR3, which determined membership

probabilities for further analysis of parameters of clusters [11]. Overall, clustering

algorithms are the main ML algorithms used for membership identification of the

OSCs, but they are nowadays used for labeling the data for training with supervised

15



ML models.

Supervised methods such as random forest and KNN were used alongside unsu-

pervised ML methods that labeled the observational data for the training. Proficient

use of random forest with GMM was conducted on M67 and M45 clusters of Gaia

DR2 data which gave membership probability results of 0.8 and 0.96 for respective

clusters [12], [13]. Additionally, the random forest was used with spectral clustering

(unsupervised ML method) and random forest on NGC 188 star cluster with 3780

sample stars which showed a high membership probability (>75%) of 645 stars [14].

A study on 15-star clusters of Gaia DR-2 with combined learning of KNN and GMM

showed better results than using special software such as UPMASK [15]. Overall, the

supervised approach gives results that help to enrich the existing catalogs or calculate

probabilities of star memberships but are trained on data that was labeled with an

unsupervised ML algorithm.

Those may seem considerable results, and these methods enrich the various cat-

alogs, but comparison of these kind of studies show results that partially do not

co-inside with each other. For example, 3 different groups (CG18 [9], KC19 [16], M21

[17]) studied membership of NGC 2516 cluster. All of them found different number

of member stars, but only 25% of KC19 stars, 41% of M21 and 68% of CG18 stars

are co-inside with each other[18]. This shows that different methods and studies may

have errors and may consider non-members as members, or vice versa.

1.3 Motivation for the use of Machine learning algo-

rithms on N-body simulations

As you saw in the previous section, all the previous machine learning methods applied

for membership identification were mostly based on the observational data from var-

ious catalogs and served mostly as means of adding additional stars for the observed

clusters. As discussed in the previous section, it was indicated that star memberships

within catalogs might be far from the actual membership. Considering those factors
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and observational limitations, there was an idea to use N-body simulations for the

membership analysis. Stars in N-body simulations are already labeled as members

or non-members for the whole simulated lifespan and have all the necessary features

for applying and testing ML approaches. This kind of framework should allow us to

test existing methods of membership analysis and possibly even create more effective

methods.

This study aims to explore the possibilities of using ML models on N-body simu-

lations for the membership analysis of OSC. Would we be able to use N-body simula-

tions for supervised ML so that it can be further used on observational data? What

kind of features should we use for training? How should the ML model be trained on

many datasets containing the state of all stars during different timeframes of stellar

evolution?

An attempt to answer these questions will be given in this paper.
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Chapter 2

Methods

In this section there would be discussed all the used data, machine learning algorithms,

learning strategies and evaluation criteria.

2.1 Data analysis

The data used for this study is the various N-body simulations of star clusters with

different positions, mass and etc. Simulations differ by the number of stars, random

realization and star formation efficiency (SFE) which the percentage of mass of the

cluster that was used for the creation of the stars (100-SFE equals to the percentage

of the mass that was blown away by gas expulsion) [19]. Each of these kinds of

simulations contains various numerical data about OSC stars for each time step of

cluster evolution in N-body time. This study’s simulations are based on the Plummer

model [19].

Random realizations are the probabilistic values assigned at the star of the sim-

ulation for the positions and mass. Simulations with different random realizations

have either different mass or position. There are 3 random realizations of position

and mass which can be seen in 2.1. For each SFE there are 9 simulations based on

all combinations of random realizations of position and mass 2.2. There are 4 SFEs

meaning that total number of simulations is 36.
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Position (P) Mass (M)

1 1

2 2

3 3

Table 2.1: All random realizations
of position and mass

SFE-PM
11 12 13

21 22 23

31 32 33

Table 2.2: All combinations of
random realizations.

In this study, simulations were used with SFEs of 15-25% with 10 000 stars because

star clusters tend to be less stable and dissolve faster compared to star clusters with

high SFEs and a higher number of stars. Among those 10 000 stars, around 20%

of faint stars would be excluded from the training. Faint have ambiguously high

color features and basically cannot be seen and thus should be excluded. From Gaia

databases, we also know that stars with apparent magnitudes higher than 21 would

be invisible to us, so they were cut out from the training and testing as other faint

stars. So what’s left is roughly 6000 stars. However, it is possible to cut it even more

because some stars would be too far away from the cluster after a certain timeframe,

but the cutting method will be explained in the next sections.

For learning and testing, features should be accessible and obtainable by observa-

tions, requiring a choice of specific features. Those features are the 2D galactocentric

coordinates, velocities in the respective direction, color index, and apparent magni-

tude. The main reason is that those features are mostly available in various catalogs,

and learning about them can be a viable choice. This allowed us to exclude back-

ground stars from testing and training because background stars do not affect data

much when looked at from the 150 pc higher galactic plane. We used 2D coordinates

because we tried to simulate a situation where we looked at the cluster from above the

galactic plain along 150 parsecs higher Z axis. Also, the Galaxy has its other stars,

which couldn’t be stars of the cluster; it’s called field stars. However, looking from

the top side allowed us to exclude field stars from the consideration because they do

not have a considerable effect from this perspective. The color index (𝐵−𝑉 ) and ap-

parent magnitude (m) are additional and secondary features. m is not in simulations
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and instead can be calculated by the following formula:

𝑚𝑣 = 𝑀𝑣 + 5(𝑙𝑔𝑑− 1) (2.1)

where 𝑑 = 150 − 𝑍. The exploratory data analysis of the features can be seen in

2-1, which shows the features’ relationship and histogram of the features (diagonals).

From this, we can see that by looking at all the features with respect to each other,

we can see whether a star is a member and a non-member because both members and

non-members are distinguishable. However, one ambiguous relationship is with 𝐵−𝑉

and 𝑚 because members and non-members from their side do not seem distinguishable

enough. Nonetheless, upon closer look, we can see that members and non-members

are distinguishable in 2-2.

Further, discussion about the data would continue in a sense of how ML model

was trained and tested on given data.

2.2 Learning strategy and datasets

Selection and general strategy for training the model on star cluster simulations were

the most crucial and the most challenging part of the study. Due to the nature of

the open star cluster that tends to start dissolving in the early stages of the evolution

and considering overall similarity on small time-frames and certain stages of cluster

evolution, it is generally hard to decide on which snapshot model should be trained.

Additionally, there would be a problem of imbalance when the cluster starts dissolving

and having fewer members and more non-members.

The imbalance problem was solved by cutting out the stars that are 3 Jacobi ra-

dius away from the cluster so that they would not affect the learning process keeping

the dataset fairly balanced. This ensured good training and testing because stars

away from the cluster are easily classified as non-members because of their consider-

able distance from the cluster’s actual domain. In 2-3, you can see the count-plots

of both cut and full clusters for comparison. This allowed to development of new
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Figure 2-1: Exploratory data analysis of OSC simulation with 15% SFE at 100 Myr. Diag-
onal plots are histograms, and other plots are features with respect to each other
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Figure 2-2: Color/magnitude map of OSC simulation with 15% SFE at 100 Myr

learning strategies that used further timeframes for training. This further decreases

the number of stars in datasets, but this decrease is not fixed and would be different

for all the timeframes.

The main learning strategy was to train on timeframe after violent relaxation

because the cluster at that stage reaches equilibrium and would save the dynamic

that would continue throughout the whole life-cycle of the cluster. This would cover

the period from 20 Myr to 100 Myr, but only randomly chosen 20 time-frame datasets

would be used for the training to avoid overtraining. If the ML model trains too much

on the dataset, it will remember and fail when encountering a previously unseen test

sample. This training strategy can be used for simulation with 15-17% SFE and the

1st type position and 1st type mass. Further types would be given as simple numbers

after SFE number and "-" like "15-11". However, in this paper, there would be only

the model trained on 15-11 because the model trained on both 15-11 and 17-11 were

similar in performance and were excluded for easier readability of the paper.
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Figure 2-3: SFE=15% Cluster at 20 Myr, cut from 3 Jacobi radius and without cutting.

2.3 Testing method

As for the testing, the trained model was used to predict membership of OSC simula-

tions with different SFEs, mass, and positions from 20 Myr (end of violent relaxation)

until the time-step when the cluster would have a mass less than 100 solar Jacobi

mass because it would not be considered as cluster anymore. Despite the absence of

a mass feature in learning and testing, the state of the cluster with 100 solar mass

can be calculated by the corresponding Jacobi radius formula:

𝑅𝐽 =
𝐺𝑀𝐽

(4− 𝛽2)𝜔2
(2.2)

where 𝐺 is gravitational constant, 𝑀𝐽 is Jacobi mass, 𝛽 is normalized epicyclic fre-

quency and 𝜔 is angular speed of star cluster [19]. Another indication on when the

testing should stop is the number of member stars and OSC that have less than 50

stars would not be considered as OSC.

Almost all the available simulations would be tested and divided into 2 groups:

simulations that have either the same position or mass and simulations without sim-

ilarities. This can be seen in

Testing would be done on datasets already cut to a 3 Jacobi radius to reduce the

redundant stars that are not members anymore.
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SFE - 17, 20, 25
11 12 13
21 22 23
31 32 33

Table 2.3: Types of simulations used for testing. Gray is the simulation that was
not tested, but used for training. Pink is the simulations that are similar to training
datasets either by position or mass. Violet are the simulations that are completely
different from learning datasets by position and mass. All this is for 3 SFEs each
having 4 similar and 4 different simulations. The total tested is 24 simulations.

2.4 Machine learning algorithm

Multiple ML methods were tested for the classification of OSC simulations, but only 2

were the most successful in this: Random Forest (RF) and Feed-Forward Neural Net-

works. However, exactly in this study there would be presented only RF algorithms

because performance compared to neural networks is similar, but neural networks are

computationally more complex and thus considered less desirable for this study. The

complexity mostly comes from the hardware capabilities available right now which do

not really support CUDA as it should.

The random forest algorithm is the decision tree algorithm used for various high-

dimensional data with a small number of samples. It works by bootstrapping (ran-

domly creating new datasets from input datasets) and building a predictive tree.

After that, each sample either for training or testing goes through these trees and

the average output of those trees would be selected by the algorithm [20]. Despite

being an ML model for datasets with multiple features, it proved to be very good at

predicting membership of the OSCs [12], [14], [13]. Thus, testing and application of

this algorithm were in high priority of the paper.

In the scikit-learn library for ML in Python, there are a lot of hyperparameters of

RF classifier and major hyperparameters are number of trees, max tree depth, max

number of features [21]. Number of trees or estimators depend on the dataset and

larger number of trees can lead to more accurate classification. Max depth accounts

for how many depth levels should the tree have when running the algorithm, making
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the trees deeper affects the computational complexity of the learning and prediction.

Max number of features are the number of features used for the node split of the tree

and it can be either square root type or log2 type. As for the criterion, Gini index

were used for measure the impurity in the values of datasets. Also, it is possible to

use random states for the learning to reproduce the previous learning results. In this

study, the random forest had 100 trees, a max depth of 10, square root type of max

features (6 features ≈ 2.49), and a random state of 42. It was possible to use higher

number of trees that would have also been deeper, but it was performing good as it is

and there was no real need in increasing the complexity of both learning and testing

which would have lead to overfitting. Other hyperparametes were left as default.

2.5 Evaluation metrics

The main evaluation metric is the accuracy of the prediction of the above machine

learning models on other N-body simulations. It will show a percentage of how well

the prediction was done in a broad sense.

Despite having general metrics, for binary classification to have a clearer picture

of performance we need an analysis of True Negatives (TN) and True Positives (TP).

The performance of the binary classification can be summarized with the so-called

confusion matrix shown in 2.4. Diagonal represents the number of correctly classified

samples and other values represent the number of samples classified incorrectly either

as False Negative(FN) or False Positive(FP) [22]. Considering a significant proportion

of the testing samples would be either TP or TN, it is wise to consider only the rate

of FN and FP because the proportion of this metric would actually show how well

the model performs. Thus, in this study, 2 metrics of FP and FN were used called

False Positive Rate (FPR) and False Negative Rate (FNR). It is simply the rate of

how many real positives or negatives are classified wrongly on the test. Formulas can

be seen below:

𝐹𝑃𝑅 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
(2.3)

26



Prediction
Non-Member Member

Actual value Non-Member TN FP
Member FN TP

Table 2.4: Confusion matrix representing performance of the prediction compared to
the actual value.

𝐹𝑁𝑅 =
𝐹𝑁

𝑇𝑃 + 𝐹𝑁
(2.4)
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Chapter 3

Results and discussions

In this chapter, I would like to present the results of this work and show the per-

formance of models in accordance with evaluation metrics and further analysis of

results.

3.1 Performance based on evaluation metrics

All the test was done on 2 groups of simulations for all available SFEs. All plots are

given with the logarithmic scale because for each Myr until 175 Myr has 6 datasets

per 1 Myr. This is the reason why the plot is thicker until 200 Myr.

The main evaluation metric is the accuracy or precision of the classification. Here

you might notice several trends in all the tests for all SFEs. Firstly, it is evident

that performance is very high that exceeds 90% which is an indication of very high

performance. However, this kind of trend is not universal in all timeframes of the

classification. Mostly it is due to the fact that OSC dissolves and as time goes there

is less and less number of testing samples.

Classification on simulations with 17% SFE stays high on performance, but the

actual drop happens on different timeframes on different simulations. This is because

OSCs with lesser SFE tend to be less stable and they dissolve faster. Those simula-

tions are the SFE 17-13 and 17-33. These random realizations have similar mass and

they start dissolving at a similar time. Other simulations were more stable and the
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Figure 3-1: Performance evaluation of RF model on simulations with 17% SFE on violet
models from Table 2.3 in terms of Accuracy (top panel), False Positive Rate (bottom left
panel), and False Negative Rate (bottom right panel) throughout the dynamic evolution.

actual drop of performance less than 90% happened after 600 Myrs. However, even

until the end they kept high performance closer to 80%. These results can be seen

on the top panel of Figures 3-1 and 3-2.

However, this kind of analysis would not be full without analyzing what kind of

mistakes were made by the ML model. Due to the fact that it is a binary classification,

there can be only 2 types of mistakes FP and FN (please look at Table 2.4). In the

case of simulations with 17% SFE in the early timeframes rate of FN stays highest and
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Figure 3-2: Performance evaluation of RF model on simulations with 17% SFE on violet
models from Table 2.3 in terms of Accuracy (top panel), False Positive Rate (bottom left
panel), and False Negative Rate (bottom right panel) throughout the dynamic evolution.

over time decreases eventually reaching 0. This means that model makes a marginal

number of mistakes with stars that are actually members of the cluster and we mostly

do not lose member stars during the classification. On the other amount of FP stays

low at 20 Myr, but on further timeframes, it only increases and almost reaches 50%

at the end. This means that the model mistake 0 to 50% of the non-members as

members. Considering that it’s the cluster that was cut to a 3 Jacobi radius, this is

expected result.
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Figure 3-3: Performance evaluation of RF model on simulations with 20% SFE on pink
models from Table 2.3 in terms of Accuracy (top panel), False Positive Rate (bottom left
panel), and False Negative Rate (bottom right panel) throughout the dynamic evolution.

If we look at the results of the membership identification on simulations with 20%

SFE, we can see that they perform similarly, but because of the higher stability of

the OSC with 20% SFE, it shows higher results that you can see in Figures 3-3 and

3-4. The main difference is that accuracy doesn’t drop after 600 Myr as in tests

on simulations with 17% SFE. The decline of testing on these simulations mostly

happens at the timeframe closer to 1 Gyr. Another interesting feature is that unlike

on testing with 17% SFe rate of FP stays low for a longer period of testing, but still
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increases closer to the OSC dissolution. However, the rate of FP is still lower. This

shows that it works very well on the simulations with an SFE of 20%.

Figure 3-4: Performance evaluation of RF model on simulations with 20% SFE on violet
models from Table 2.3 in terms of Accuracy (top panel), False Positive Rate (bottom left
panel), and False Negative Rate (bottom right panel) throughout the dynamic evolution.

Last, but not least the tests on simulations with 25% SFE show very similar

results to the tests on simulations with 20% SFE. The main difference is that unlike

on 20% simulations, performance stays higher than 90% for a much longer period of

time until 2.5 Gyr. Also, performance does not significantly drop after this period.

Throughout the classification rate of FPs stays low on a level below 5% until reaching
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2 Gyr where it becomes 20% and escalated to almost 50% at the end of the lifespan

of the cluster. The rate of FNs starts from 8% and drops as time passes on reaching

0 at 1.5 Gyr.

Figure 3-5: Performance evaluation of RF model on simulations with 25% SFE on pink
models from Table 2.3 in terms of Accuracy (top panel), False Positive Rate (bottom left
panel), and False Negative Rate (bottom right panel) throughout the dynamic evolution.

34



Figure 3-6: Performance evaluation of RF model on simulations with 25% SFE on violet
models from Table 2.3 in terms of Accuracy (top panel), False Positive Rate (bottom left
panel), and False Negative Rate (bottom right panel) throughout the dynamic evolution.

3.2 Analysis of errors

All of these show that performance overall is very good reaching and exceeding 90%

accuracy, but still, there is a considerable amount of FPs throughout the whole testing.

In order to understand these mistakes we need to look at how stars were classified

from a 2D perspective.

In simulations violent relaxation end at 20 Myr and this is the starting period
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of testing. In Figure 3-7, you can see how cluster members and non-members were

classified as well as with the indication of whether they are TP, TN and etc. Generally

at this stage classification accuracy was around 92.7% and there were 157 FPs and 83

FNs. From the picture you can see that shape of the cluster was generally captured

and it indeed classified correctly both members and non-members for the most part.

This is evident from the circular shape of the identified cluster and the location of

the TPs and TNs. However, you may also see that all the FP and FN are located

at the 2D plane or on the borders of the cluster. This means that mistakes mostly

happen because of the absence of the Z plane because the majority of the FPs are

located upper or lower to the X and Y plane on the Z axis. FN is located on borders

meaning that they are marginal statistical errors of ML model. Despite these errors,

these are very good results for young OSC with 17% SFE and 20 Myrs.

Similar results can be seen with the same cluster after 80 Myrs later in figure 3-8,

but the accuracy is higher and reached 95%. The numbers of FP and FN are 39 and

33 respectively. Considering the lower number of non-members overall this can be

considered as a very good result. Placements of the FPs and FNs are similar, but

now mistakes are considerably lower than before.

Now let’s look at the further timeframe of 500 Myrs that you can see in figure

3-9. The accuracy at that timeframe is 93% and there are no FNs and 42 FPs. FPs

are both on borders and on the Z plane higher or lower than the cluster. Overall

number of stars is decreasing and this kind of no FN will continue further for the

whole dynamic evolution.

The performance further decreases, but it’s mostly because of decreasing number

of stars in the cluster and does not mean that model works worse than before. For

example, you can see an almost dissolved cluster in Figure 3-10, which contained only

118 stars at the 1.1 Gyr, and only 27 of them were misclassified as non-members or

FPs, which gives an accuracy of 77%.

From the analysis of the layout of the stars, we identified that most of the mistakes

happen to stars on cluster borders and on stars that are higher or lower than the Z

plane. Most mistakes are the FPs, and FNs are mostly statistical mistakes that are
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Figure 3-7: Classification result on 17% SFE cluster at 20 Myrs. Crosses are the negatives
that are either true or false. Triangles are the positives both true or false.

not present in the further testing timeframe. This raises the question of whether this

number of FPs is acceptable for the membership analysis. To explore this, we need

to know how far these stars are from the cluster’s center. The cluster border is found

by the Jacobi radius, and FPs are not within the Jacobi radius. However, they might

be within a 2 or 3-Jacobi radius, and at 2-Jacobi radius distance, stars might still be

gravitationally bounded to the center of the cluster. Thus, there is a need to look at

the numbers of FP stars that are within a 2 or 3-Jacobi radius. This can be seen in

figures 3-11, 3-12, and 3-13.

From these results, we can see that the majority of the FPs were within 2 Jacobi

radius in all the classifications with different SFEs, and it’s possible that they are still

gravitationally bound to the center of the cluster.
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Figure 3-8: Classification result on 17% SFE cluster at 100 Myrs. Crosses are the negatives
either true or false. Triangles are the positives
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Figure 3-9: Classification result on 17% SFE cluster at 500 Myrs
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Figure 3-10: Classification result on 17% SFE cluster at 1 Gyrs
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Figure 3-11: Number of FPs throughout the test that was within 2 Jacobi radius (blue)
and between 2 and 3 Jacobi radius (green) on simulation with 17% SFE and 22 random
realizations. No FPs beyond these distances.
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Figure 3-12: Number of FPs throughout the test that were within 2 Jacobi radius (blue)
and between 2 and 3 Jacobi radius (green) on simulation with 20% SFE and 22 random
realizations. No FPs beyond these distances
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Figure 3-13: Number of FPs throughout the test that was within 2 Jacobi radius (blue)
and between 2 and 3 Jacobi radius (green) on simulation with 25% SFE and 22 random
realizations. No FPs beyond these distances.
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Chapter 4

Conclusion

This work explored the possibilities of using ML on the N-body simulation for the

membership analysis. The primary ML algorithm was the RF, and the model was

trained on simulation with 15% SFE on the timeframe of 20-100 Myr (after violent

relaxation) with a semi-random approach. Results were tested on the N-body sim-

ulations with different SFE and random realizations. In result, the model was able

to predict the membership of all N-body simulations at the timeframes of 20 Myrs

to their respective dissolution. Despite having high accuracies, it was identified that

the model tends to mistake non-member stars as members that were called FPs, the

amount of FPs only increased due to a lesser number of stars in testing and closer

to the complete dissolution. However, it was found out that the majority of the FPs

were located inside the 2 Jacobi radius, which might indicate that those stars are

still gravitationally bound to the center of the cluster and may still be considered

member stars in some sense. This framework shows that it is possible to train an

ML model that could predict membership of similar and completely different N-body

simulations with 6 easily obtainable features as 2D coordinates, their velocities, color

index, and apparent magnitude. Nonetheless, this was just a framework, and condi-

tions on which the approach was tested here cannot be made on Earth for a similar

observation.

As for the future plans, it was a test of concept and strategy that can be considered

effective, and the near future plan is to apply this strategy to the simulations that were
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converted to mock observed simulations. Current simulations are in galactocentric

coordinates, and mock observation versions of the simulations would have features in

a format that can be seen in real observations. Also, an observer would be placed

on the plane of the galaxy. This would make classification both harder and easier

because, in this case, background stars would play a considerable role but would make

stars more distinguishable by their apparent magnitude and color index (in current

tests, stars are too far from the observer that both apparent magnitude and color

index of stars looks similar). It is also planned to test out the unsupervised learning

methods, such as various density-based scans and StarGO on N-body simulations

presented here.
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