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Combining Clustering and Classification methods for
Galaxy Morphology Identification

Ian Dias
22205748

Abstract

Galaxy Morphology is the study of galaxies based on their shapes and struc-
tures. Traditional research primarily uses classification or clustering techniques to
categorize galaxies into distinct groups such as Elliptical and Spiral Galaxies. Cur-
rently as more telescopic surveys are planned to be launched, the challenge that is
faced by astronomical scientists, is to classify these huge amounts of data for fur-
ther research, although supervised techniques do work well, scientists have shown
concern when working with human labelled data due to potential biases. Thus, this
research proposes a new machine learning framework to potentially reduce human
annotations in data by combining Image Classification and Clustering techniques.
The framework combines a Hierarchical Clustering technique using the Entropy,
Gini and Gradient Moment (EGG) coefficients, with Neural Networks. The re-
search will conduct two tests, by implementing the Hierarchical Clustering using
HDBSCAN, paired with the classification model EfficientNetB0, and for the second
test combining Self Organising Maps along with a CNN architecture. The SDSS
catalog containing approximately 670,000 galaxy jpeg images and FITS data, out
of which approximately 13,452 of both, comprising nearly 50% of each class, will
be used to conduct this research, pertaining to the limited availability of resources
and time constraints. The results show the hdbscan+efficientNetb0 and Som+CNN
frameworks giving an accuracy of 90% and 93% respectively.

Keywords: Galaxy Morphology, Classification, Clustering, HDBSCAN,
EfficientNetB0, SOM, CNN

1 Introduction

With an introduction of new and larger Telescopic Surveys coming up, such as the Sloan
Digital Sky Survey (SDSS), there is a need for astronomical researchers and data scientists
to turn to machine learning models to classify galaxies and identify new ones and group
them into categories based on their shape and sizes such as Elliptical and Smooth galax-
ies Fraix-Burnet (2023); Lahav et al. (1995); Zhu et al. (2019). Handling SDSS data is
challenging due to its vast size and complexity, hence there is ongoing research to develop
robust models that helps automate classification. Savić et al. (2023) Current advance-
ments in this field include using supervised classifications in the form of neural network
architectures such as CNN, VGGNet, VGG16, ResNet, EfficientNetB0, etc.Baumstark
and Vinci (2024); Becker et al. (2021); Chen (2023); Kalvankar et al. (2021); Patel (2023)
and supervised classification using traditional machine learning methods such as SVM’s,
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Random Forest etc. Baumstark and Vinci (2024); Savić et al. (2023) and unsupervised
methods like hierarchical clustering models Cheng et al. (2021); Rosito et al. (2023); Yu
and Hou (2022) to classify galaxies based on their morphological characteristics. There is
also ongoing research on using a combination of supervised and unsupervised approaches,
as supervised approaches require labeled data which could be time-consuming and prone
to human biases Kolesnikov et al. (2024); Dai et al. (2023); Ma et al. (2023). Due to
an increase in the amount of data generated due to telescopic surveys and with the pos-
sibility of discovering new galaxy structures, there is a need to develop more scalable,
efficient, and robust models, which can contribute further to our understanding of the
universe.

The purpose of the research is to build an efficient and scalable framework that can
be used on the data collected by the SDSS and answer the question “How well can
the combination of clustering models and classification models reduce need
for human annotations in the morphological classification of galaxies?”. This
research proposes a new framework that combines the highly optimized and efficient
CNN architecture in the form of EfficientNetB0 with the robustness and scalability of
the HDBScan architecture, as mentioned in the papers Kalvankar et al. (2021); Nazeri
(2023); Tan and Le (2020). The research will use the sdss data in the form of fits files
and jpg images requested from Igor Kolesnikov, which can also be obtained from the sdss
website, used in papers by Kolesnikov and Dominguez Sanchez Domı́nguez Sánchez et al.
(2018); Kolesnikov et al. (2024). The formed clusters will also be evaluated and checked
whether or not they align with already existing classifications and whether there are new
or unexpected morphological characteristics.

This paper discusses the use of clustering methods to form clusters from image data
and then use these formed clusters to train neural networks to create a framework that
can classify galaxy data without need of pre-existing labels. Related work in this field is
discussed in Section 2. The research methodology is discussed in section 3 followed by
design specification and implementation in sections 4 and 5, the results and evaluations
are discussed in section 6. Section 7 concludes the paper and discusses future work.

2 Related Work

Classifying galaxies play an important role in helping astrophysicists and astronomical
data scientists understand the universe and its expansion and identifying any peculiarities
in galaxy structure. In recent years, as astronomical surveys have become more advanced
and vaster in size, it becomes a near impossible task to accurately and reliably classify
galaxies with the help of human participants due to there being biases involved Fraix-
Burnet (2023), Fraix also points out the sensitivity of the algorithms towards ’features
present in images,’ which would not necessarily coincide with Hubble classifications 1.
Lahav et al. Lahav et al. (1995) was among the first to integrate machine learning
in morphological classifications and have also highlighted the importance of using deep
learning for this task in their research.

The work of Domı́nguez Sánchez et al. (2018) introduces a morphological catalog
for a large number of galaxies of the Sloan Digital Sky Survey using CNN. The authors
addressed the issue of color bias of the galaxies by removing the colour information

1Hubble Classifications: https://mcdonaldobservatory.org/sites/default/files/pdfs/

teachers/HubbleClassificationSheet.pdf
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from the image catalog; this was done so that the classification depends entirely on
the morphological characteristics, i.e. the shape and size of the galaxy. This prepared
catalogue has been made available by her and have been since used in research Kolesnikov
et al. (2024), which is further used by the author in this research.

2.1 Supervised Learning for Galaxy Morphology Identification

Most common deep learning approaches have been the use of deep learning models such
as CNN Becker et al. (2021); Domı́nguez Sánchez et al. (2018); Zhu et al. (2019); Lukic
et al. (2018); Shi et al. (2023); Tang et al. (2022), RNN Fielding et al. (2021); Patel (2023);
Zhu et al. (2019); Gupta et al. (2022); Wu et al. (2022), ANN(Lahav et al. (1995), VGG
architectures Chen (2023); Patel (2023); Zhu et al. (2019), DenseNet Fielding et al. (2021)
and EfficientNet architecturesFielding et al. (2021); Kalvankar et al. (2021); Wu et al.
(2022), etc. and traditional machine learning methods such as random forest classifier,
support vector machines, xtreme gradient boosting and decision trees Baumstark and
Vinci (2024); Savić et al. (2023). All of these methods provide good results and are
able to capture the hidden features successfully. But as these rely on pre-defined labels,
scientists wanted to look for a way to segregate galaxies without human biases.

2.2 Unsupervised Learning for Galaxy Morphology Identifica-
tion

Thus in order to try and eradicate human biases, clustering techniques for galaxy clas-
sification are being used as they do not need labelled data to work with. This approach
relies on the calculated metrics obtained from FITS file data generated by telescopic sur-
veys2. Commonly used metrics are the Concentration (C), Asymmetry (A), Clumpiness
(S), Entropy (E), Gini (G), Gradient Moment (G2) Conselice (2003); Kolesnikov et al.
(2024); Cheng et al. (2021); Baumstark and Vinci (2024). By using clustering techniques,
the model becomes less dependent on labels and is based solely on the calculation of al-
gorithms to distinguish groups. Most effective clustering methods with respect to galaxy
classification are found to be the Hierarchical clustering methods Cheng et al. (2021); Ma
et al. (2023); Rosito et al. (2023); Yu and Hou (2022). These methodologies are able to
remove human biases and segregate galaxies based on metrics. Now the other challenge
was that clustering algorithms could not be run every time new data came in, thus a
combination of unsupervised and supervised learning came into picture, where the basic
ideology is to use the cluster labels and train the supervised models with them.

2.3 Hybrid Unsupervised-Supervised Learning for Galaxy Mor-
phology Identification

As mentioned above, a combination of unsupervised and supervised approaches are
being researched on Dai et al. (2023); Kolesnikov et al. (2024); Wu et al. (2022). These
methods generally include using the clustering methods to form groups and then train
the classification model using those groups to form a framework. This addresses both
of the previously mentioned challenges and is capable of creating a flow to train models
using clustering.

2SDSS: https://www.sdss.org/
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Research Gap: In the studies carried out by Domı́nguez Sánchez et al. (2018);
Kalvankar et al. (2021); Wu et al. (2022), classification does provide good results, but all
these studies point out to the problem of there being human biases in the classification
of galaxies.

Therefore, a solution researchers came up with was to use clustering algorithms in
an attempt to group galaxies based on their morphological characteristics and remove
human biases Rosito et al. (2023); Yu and Hou (2022). Although these algorithms work
fine, depending solely on clustering models was not feasible.

So, further a combination of supervised and unsupervised approaches have been come
into consideration Dai et al. (2023); Kolesnikov et al. (2024). The aim of these research’s
is to create a model able to group and train classifiers based on the identified groups.

The current state of the art is the usage of combination of SOMBrero and CNN
proposed by Kolesnikov et al. (2024) which is run on the R language and currently does
not have a python implementation. From the above discussed topics there is still need
for research on more robust and scalable models and creating a framework to automate
classifications. This research proposes a new framework which uses HDBSCAN techniques
to cluster galaxy data and then train EfficientNetB0 on these formed clusters.

3 Methodology

The research methodology consists of two different methodology structures namely the
Supervised methodology and the Combined Methodology which consists of a framework
combining the unsupervised and supervised architectures as shown in Fig.1 and Fig.2
respectively.

Figure 1: A diagram giving an overview of the Supervised learning methodology
followed in this paper

The data gathering step remains common for both methodologies, as both data
formats can be acquired from the same website. The Combined Methodology has an
extra pathway of the clustering segment to generate labels which involves using FITS
data for calculating metrics and further next generating labels.

The chosen methodologies and machine learning models are inspired by the works
of Domı́nguez Sánchez et al. (2018); Becker et al. (2021); Wu et al. (2022); Kolesnikov
et al. (2024); Cheng et al. (2021), with experiment 6.1 being based on the works of Mr.
Kolesnikov.
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Figure 2: Diagram of the proposed Combined Methodology used in this paper, The
above branch shows the supervised classification steps and the below branch shows the
generation of labels using the clustering algorithms.

3.1 Data Gathering

The first step, Data Gathering involves importing data from the sdss catalogue fits file
and corresponding image files of the same galaxies in the jpeg file format.Domı́nguez Sánchez
et al. (2018); Kolesnikov et al. (2024).For this research, the data has been requested by
the author from Mr. Igor Kolesnikov, a researcher from the paper Kolesnikov et al.
(2024). FITS data is File transfer format commonly used in astronomical research due
to its ability to store multiple data formats in the same file and store more bits per pixel
in images, further discussion on this and processing is provided in section 3.2 and 3.2.1

3.2 Data Processing

The second step in the flow is processing the respective datasets to feed into the al-
gorithms. The reason for using FITS format file for the initial metric calculations is that
these file structures are able to store more bits per pixel for the same galaxy image which
helps in getting more accurate measures of luminosity, color, and morphology of galaxies,
this helps the unsupervised algorithms define clusters more accurately than having them
run only on the jpeg or png format images.Cheng et al. (2021); Kolesnikov et al. (2024)
3. For the supervised algorithms, using the jpeg format image is sufficient, and doing so
will prevent unnecessary processing of the extra bits in the images.

3.2.1 Processing FITS data

For the purpose of this study, only the photometric data has been extracted from the
Fits files, further the data is scaled down to cutout of 100 x 100 pixels focusing only on
the galaxy in the image file and removing any secondary astral formations, this is done

3Astronomical data types: https://voyages.sdss.org/preflight/capturing-recording-light/
types-of-data/
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so that all the further metric calculations remain consistent. Next, the cutout is further
cleaned by creating a primary mask and removing that from the original cutout so that
the remaining astral formations are removed. The primary mask creation is as below Eq
1.

P (i, j) =

{
True if C(i, j) > median(C)

False otherwise
(1)

Here P is the Primary mask matrix and C is the cutout matrix, This is used to get a
clean cutout, on which the next step is to apply Gaussian Smoothing in order to smoothen
the data and remove noise. Kolesnikov et al. (2024); Lotz et al. (2004) 4. The next and
potentially the most important step is to generate the segmentation map of the image
data, this is done using the ’SEP’ Python library 5. It involves three steps, detecting
background of the image, subtracting it from the smoothed cutout and then creating a
segmentation mask and segmented image, which means that all pixels that do not belong
to the galaxy are assigned to 0, this can be seen in Fig.3 and Fig.4

Figure 3: Original vs Cleaned image: shows the capturing of the objects in the image
and removing all except the galaxy to segment.

Figure 4: Image, Mask and Segmented Image: Phases of getting an segmented image out
of the raw image.

3.2.2 Processing Jpeg Images

Processing the jpg image files involve three simple steps, the first step is to scale the
images to the model specific dimensions, the step in which the fits files are scaled to

4Gaussian Smoothing: https://tinyurl.com/45ukcb66
5SEP library: https://sep.readthedocs.io/en/v1.1.x/tutorial.html
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100x100 pixels has no effect on this, for the CNN architecture the images are scaled to
128x128 pixels and for the EfficientNetB0 architecture the images are scaled to 224x224
pixels respectively. The next step is to convert the images into an array format and
normalize the images within the scale 0 and 1. To address the issue of data imbalance,
approximately 7000 images of both classes are taken for training and metrics calcu-
lations, by running a Python code to pick a 7000 fits file and the images with the same
names of eliptical and spiral classes, respectively.

3.3 Metrics Calculations

This step involves calculating the EGG metrics of the galaxies, namely the Entropy,
Gradient pattern analysis (second moment) and Gini coefficients. These metrics are
calculated only for the Combined Methodology, to be fed into the clustering algorithm.
The three metrics are explained in Sections 3.3.1, 3.3.2, and 3.3.3. CyMorph along with
custom functions have been used for calculations 6.

3.3.1 Entropy Coefficient

The Entropy Coefficient, originating from Shannon entropy, measures the distribution
of pixel values in an image and captures the randomness in the image’s information
content. It basically calculates the concentration of pixels by evaluating the pixel density
across the specified number of bins, which for this research shall be 130, this helps
analyse how the flux distribution is divided. Mathematically, entropy E(I) for variable
I is calculated as follows

E(I) = −
∑
k

p(Ik) log[p(Ik)] (2)

Where, p(Ik) as the likelihood of the occurrence of the value Ik, k denotes a specific
value and K being the total bin count. Elliptical galaxies generally tend to exhibit lower
entropy than spiral galaxies; this can be linked to elliptical galaxies having naturally
smoother flux distributions than spiral galaxies. Bishop (2006); Cheng et al. (2021);
Ferrari et al. (2015); Kolesnikov et al. (2024).

3.3.2 Gini Coefficient

The Gini coefficient (G) which is originally used in the field of economics to represent
wealth distribution has recently started being used for galaxy morphology to measure
the relative flux distributions across the pixels, it measures the concentration index, and
increases the with an increase in light fraction in the image. Although the Gini coefficient
correlates with concentration, it does not presume that the center is the location of the
brightest pixel. G is defined mathematically as follows.

G =
1

2X̄n(n− 1)

n∑
i=1

n∑
j=1

|Xi −Xj| (3)

where n denotes the galaxy’s pixel count and Xi means the flux value of the ith
pixel. Elliptical galaxies often display high G values implying that the overall light
emission of the galaxy resides in a few pixels, while spiral galaxies tend to have low G

6CyMorph: https://cymorph.readthedocs.io/en/latest/metrics.html
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values suggesting a more even light distribution across the pixels.Abraham et al. (2003);
Kolesnikov et al. (2024); Lotz et al. (2004).

3.3.3 Gradient Pattern (Second Moment)

The Gradient Pattern Analysis generally comprises of four moments, out of which only
the first two are relevant to galaxy morphology Sautter (2018). For this research, the
second moment Gradient pattern (G2) is used as defined in Rosa et al. (2018). The
extraction process of G2 involves identifying pairs of pixels at equal distances from the
center of the image and comparing their modulus (strength) and phase (direction). This
step involves calculating two phases, confluence, and then finally the G2 coefficient. The
calculations are shown in Eq. 4 and 5, respectively.

confluence =

( ∑
i VAv

i
a∑

i VA|via|

)
(4)

G2 =
VA

V − Vc

(2− confluence) (5)

where, va represents the list of asymmetrical vectors, VA denotes the count of asym-
metric vectors. Spiral galaxies generally tend to have elevated G2 values due to their
disturbed gradient field as opposed to elliptical galaxies. Cheng et al. (2021); Kolesnikov
et al. (2024); Rosa et al. (2018); Rosito et al. (2023); Sautter (2018)

3.4 Model Training

This research has two separate methodologies, one comprising of the simple supervised
learning methodology, which is done so as to set a baseline for the new framework and see
how well it works in comparison. The second methodology is the Combined Methodology
which relies on clustering to generate labels for training the classification algorithms. An
overview of both methodologies is discussed below in Sections 3.4.1 and 3.4.2

3.4.1 Supervised Methodology

The first set of experiments will be conducted using the CNN and EfficientNetB0
architectures for the classification algorithms following the works of Domı́nguez Sánchez
et al. (2018); Wu et al. (2022). These experiments are carried out to compare the proposed
hybrid framework to the plain classification models and see how close can relying solely
on metrics for label generation can come to defined labels.

3.4.2 Combined Methodology

The Combined Methodology consists of two experiments involving a combination of
Self-Organizing Maps (SOM) and Convolutional Neural Networks and another approach
of Hierarchical Density Based Scan (Hdbscan) and EfficientNetB0. More details on these
selected methods are mentioned in the following sections. The optimal clustering al-
gorithms which work on astronomical data as such have been proven to be the hierarchical
clustering algorithms Kolesnikov et al. (2024); Ma et al. (2023); Rosa et al. (2018); Yu
and Hou (2022). Following the clustering steps, based on the generated labels, the neural
network models are further trained. In doing so, a framework is developed in such a way
that the models are trained without the need of training labels, thus avoiding human
biases in the data labelling process. Savić et al. (2023)

8



3.5 Evaluating Results

The next step is to run evaluations. Two separate sets of evaluations will be run
for the separate machine learning algorithms, the clustering and the supervised learning
algorithms, and both evaluation steps will be discussed in the following sections.

3.5.1 Clustering Evaluations

In order to evaluate the performance of the clustering algorithms in correctly classifying
the galaxies, the labels generated by the clustering algorithms will be compared to the
original labels in order to get an idea of how well the clustering algorithms perform in
segregating the two classes based on the metrics, and a percentage of accurately formed
clusters will be calculated based on how many galaxies are placed into the right cluster.

3.5.2 Classification Evaluations

For evaluating the classification results, the confusion Matrix along with the Precision,
Recall and F1 score of the models shall be calculated.

4 Design Specification

This section will discuss the architecture and parameters of the models being used.
Sections 4.1 and 4.2 discuss classification and clustering models, respectively.

4.1 Classification Models

The classification models that will be used are the CNN and EfficientNetB0 architec-
tures, as mentioned in section 3.

4.1.1 Convolutional Neural Networks (CNN)

The data processing steps for this architecture is as mentioned in section 3.2.2. The
architecture used is shown in fig 5. A dropout layer of 0.5 and a label smoothing of
0.1 have been added to prevent overfitting. The loss function applied is Categorical
Cross-Entropy, and the optimizer is Adam.

Figure 5: CNN architecture used for this research
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4.1.2 EfficientNetB0

Another classification model used for the research is the EfficientNetB0 and its archi-
tecture is shown in fig 6. The data processing steps are the same with the only exception
being the pixel size as explained in sec 3.2.2. the Binary Cross-entropy Loss Function
is used with the Adam optimizer.

Figure 6: EfficientNetB0 architecture

4.2 Clustering Models

The clustering models that will be used are the Self-Organizing Maps (SOM) and
Hierarchy Based Density Scan (HDBScan) architectures.

4.2.1 Self-Organizing Maps (SOM)

The SOM architecture has been used for the clustering aspect of the first combina-
tion; the clusters are formed based on the extracted metrics calculated in section 3.3.
The bimodality or opposite characteristics of the calculated metrics show a clear differ-
ence for the formation of two major clusters, which will be the “elliptical” and “spiral”
galaxy classes. The SOM used in the first experiment was chosen to test the effect
of centroid based hierarchical clustering and because of the good visualisations of its
feature map. The optimal grid size for the algorithm is selected using the formula
grid size =

√
(n subjects ∗ 0.1) Yaa et al. (2023). The sigma parameter and learning

rate are set to 0.3 and 0.005 respectively. The numeric inputs to the algorithm were
scaled and transformed to a range of 0 to 1.

4.2.2 Hierarchical density based Spatial Clustering of Application with Noise
(HDBScan)

The second clustering algorithm is HDBSCAN, this is used to test the performance of
a density-based hierarchical clustering algorithm as opposed to that of a centroid based
clustering algorithm. Hdbscan also has good visualizations in the form of a tree plot
that helps to understand the hierarchy of the data points. The inputs for passing into
the algorithm are scaled and transformed in the same way as in section 4.2.1 and the
minimum cluster size is set to 16, the λ value of 5.0 is taken so as to keep a moderate
distance relation between the points in a cluster.
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5 Implementation

For the implementation of this project the use of Jupyter Notebooks onGoogle Collab
Pro has been done, using the TPU V2 with high RAM enabled. This is essential as
the data processing may take up high amounts of RAM. The storage of data has been
done in Google Drive

For the Supervised Methodologies, the images need to be labelled properly by either
using a predefined table or labelling the images based on the folders their stored in.
This project makes use of 13,452 images with and 80/20 train test split for model
training.

For the Combined methodologies, it is essential that the same FITS data files are
chosen for the same galaxy id images. This can be done on the local system using
jupyter notebook, by simply finding files with matching name and storing them for further
training. Another important step is to discard any galaxy data that gives a null or nan
metric value as that may affect the clustering.

The libraries that will need to be installed are, numpy, pandas, astropy.io, math,
scipy.signal, sep, cymorph, astroquery.sdss, scipy.stats, skimage.measure,
scipy.ndimage, minisom, hdbscan, sklearn.preprocessing, matplotlib, pylab,
sklearn.cluster, scipy.spatial.distance, scipy.spatial.distance, scipy.cluster.hierarchy,
tensorflow, sklearn.model selection, tensorflow.keras.preprocessing.image, pickle,
tensorflow.keras.models, tensorflow.keras.losses, tensorflow.keras.layers, sk-
learn.metrics, tensorflow.keras.applications.

6 Evaluation

This section shall demonstrate the findings of experiments 1 through 4 in the following
sections 6.1, 6.2, 6.3 and 6.4 and then furthermore compare the findings and discuss the
results in section 6.5.

6.1 Experiment 1 (CNN)

The first experiment is the application of the Convolutional Neural Network for the
classification of galaxies based on their morphological characteristics. The CNN archi-
tecture is one of the best working algorithms for this purpose, as stated in the works of
Domı́nguez Sánchez et al. (2018); Becker et al. (2021).

After carrying out the experiment according to the specifications discussed in the 4
section, figure 7 displays the confusion matrix of the results.

The Confusion Matrix displays that the CNN algorithm is able to classify galaxies
very well with an accuracy of close to a 100% and the model accuracy and loss charts
display the training phase across 30 epochs.

6.2 Experiment 2 (EfficientNetB0)

The second experiment follows the works of Kalvankar et al. (2021); Wu et al. (2022)
and another reason to carry out this experiment was the study of Tan and Le (2020).

Fig 9 and 10, show the results of the experiment in the form of the confusion matrix
and the model accuracy and loss charts.
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Figure 7: CNN confusion Matrix: O’s indicate spiral galaxies and 1’s indicate eliptical
galaxies

Figure 8: CNN Model Accuracy and loss charts

Figure 9: EfficientNet Confusion Matrix: 0’s indicating spiral galaxies and 1’s indicating
eliptical galaxies.
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Figure 10: CNN Model Accuracy and loss charts

6.3 Experiment 3 (SOM + CNN)

This experiment is the combination of clustering and classification algorithms and an
attempt to replicate the work of Kolesnikov et al. (2024) using the python programming
language and minisom library. The idea for these experiments are based on the works of
Cheng et al. (2021); Kolesnikov et al. (2024)

Fig 11 shows the histogram of the calculated metrics, which are explained in sections
3.3.

Figure 11: Calculated Metrics: This diagram shows the metric distribution of the galaxies.
The skew of Entropy and Gradient pattern can be seen to the right and the Gini to
the left, reflecting there being more identified spiral galaxies than elliptical, as explained
in 3.3

Fig 12 and 13 shows the distributions of clusters based on the calculated metrics.
The clusters having higher gradient pattern metrics have more spiral galaxies in them
and they are colored as red in 13. Fig 14 shows the segregation of calculated points for
each square of the grid on the som feature map, highlighting high values in red and low
in blue.

The dendogram shown in figure15 helps visualise more better the hierarchy and the
seperation of clusters.

The results and performance of the cluster algorithm is shown in table 1, by comparing
it with the predefined labels.
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Figure 12: This diagram shows a bar chart of the calculated metrics of the galaxies
segregated in different clusters, where Entropy is green, gini is purple and gradient
in orange. Charts showing higher gradient are more likely to be spiral clusters and vice
versa.

Figure 13: Cluster Distribution plot, red circles signifying clusters with spirals and blue
signifying elliptical clusters.

The confusion matrix and model accuracy and loss plots are shown in figures 16 and
17 respectively.
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Figure 14: This diagram shows the plotting of cluster points on the SOM feature Map
for a cluster grid calculated by the formula grid size =

√
(n subjects ∗ 0.1)

Figure 15: SOM Dendogram: This shows the segregation of cluster on a higher hierarchy
level, blue highlights the elipticals and red the spirals

Figure 16: SOM+CNN Confusion Matrix

15



Figure 17: SOM CNN: Model Loss vs Model Accuracy plot

6.4 Experiment 4 (HDBSCAN + EfficientNetB0)

This experiment uses the HDBScan and efficientNetB0 architectures as the clustering
and Classification algorithms. The motivation for using these two algorithms comes from
the works of Kalvankar et al. (2021); Tan and Le (2020); Nazeri (2023).

The metrics calculations step is the same as in the above experiment and the results
can be seen in Figure 11.

The dendogram for the hdbscan algorithm is shown in fig 18 for λ = 5.0 as discussed
in section 4.2.2

Figure 18: HDBScan Dendogram: This shows the clustered tree plot of hdbscan, the
major two clusters are taken from point λ = 5.0 to keep a moderate distance between
data points

Figure 19 and 20 show the confusion matrix and model loss and accuracy charts
respectively.

6.5 Discussion

This section shall help understand all the above results in a more detailed way, by
comparing the results of all the experiments in a tabular format in tables 1 and 2, out
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Figure 19: Confusion Matrix of HDBScan + EfficientNetB0

Figure 20: Model loss and accuracy of HDBScan + EfficientNetB0

of which table 1 shows the clustering performance, while table 2 show the classification
performances.

The first two experiments were carried out to establish a baseline for the classification
algorithms used in the next two experiments, which are the combined methods. The
comparison of their performances are shown in table 2.

Algorithm Elliptical Spiral True %
SOM 5885 7567 86.33%

HDBScan 5937 7515 88.38%

Table 1: Clustering Performance Comparison: This shows the galaxies segregated in each
cluster and the percentage of rightly labeled galaxies

In table 2 it can be seen that the stand alone classification algorithms perform better
than the combined methods, this may be attributed to some amount of mislabelling
occuring during the clustering process, as evident in table 1 that show that both clustering
algorithms are able to provide accuracy in labelling the galaxies of upto 90%, this signifies
that approximately 10% are mislabelled, which thereby brings about complications in
training the model which can be seen in figures 17 and 20, which show sudden spikes and
drops in model accuracy and loss.

Another notable point is that combined methods still give good results, with an
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Algorithm Precision Recall F1 Score Accuracy
CNN 0.98 0.99 0.98 98.81%

EfficientNetB0 0.99 0.96 0.97 97.88%
SOM+CNN 0.92 0.95 0.93 93.27%

HDBScan+EfficientNetB0 0.93 0.87 0.89 90.49%

Table 2: Classificiation Performance Comparison

accuracy close to 90% in both scenarios, as seen in Table 2, which may be an indication
that with more research on this ideology, it can be possible to eliminate human biases in
the morphological classification of galaxies.

7 Conclusion and Future Work

In conclusion, the objective of the paper to develop a framework for morphological
classifications of galaxies to eliminate human biases in the process by using a combination
of clustering and classification techniques, has been sufficiently achieved in the paper.
Although the paper gives good results, there is still room for improvisations that can
be made in the algorithms. Both experiments involving the combined method give a
significant accuracy of more than 90%, thereby showing positive signs of this methodology
being used for future data surveys such as Large Synoptic Survey Telescope (LSST) 7,
Hubble Space Telescope (HST) 8, etc.

This research has focused only on two major classes of galaxies, namely the elliptical
and spiral classes; for future work, with the help of domain experts or by understanding
other metric distributions, this methodology can be used to recognize and segregate data
into more finer galactic classes, like round elliptical, cigar-shaped elliptical, barred spiral,
irregulars, etc. Other Clustering algorithms such as Spectral clustering, agglomerative
clustering, Gaussian Mixture clustering, etc can be used along with other structures of
CNN to analyse the results and try and improve performance.
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