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Abstract

This study investigates the morphological classifications of galaxies in the early universe by em-
ploying the capabilities of Morpheus, a deep learning framework, in conjunction with the UN-
COVER and CANDELS datasets from the James Webb Space Telescope (JWST) and the Hub-
ble Space Telescope (HST). The primary objective was to automatically classify galactic sources
into distinct morphological classes, which would aid future spectroscopic studies and theoretical
advancements in understanding galaxy evolution. The initial phase involved replicating existing
Morpheus findings on GOODS-S data, thereby validating the model’s reliability. Subsequent test-
ing on UNCOVER data, particularly utilizing the JWST F444W band, demonstrated the model’s
effectiveness in segmenting and classifying high-redshift galaxies with an accuracy of 89.21%,
although challenges arose in deblending closely situated sources. To enhance efficiency, a novel
model, termed BigMorpheus, was developed, incorporating an attention mechanism that signif-
icantly improved the processing speed with an accuracy of 85%. This research highlights the
potential of machine learning models, such as BigMorpheus, which can not only classify galax-
ies but also segment astronomical images and overcome the scalability and efficiency challenges

posed by the impending influx of astronomical data from advanced telescopes.
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Chapter 1

Introduction

1.0.1 Galaxies and a primer on their formation

Galaxies are fundamental building blocks of the large-scale structure of the universe. After the Big
Bang, small density fluctuations in the primordial dark matter distribution led to the gravitational
collapse of these overdense regions. Dark matter particles coalesced into halos that formed deep
gravitational potential wells. These wells attracted baryonic gas, primarily hydrogen and helium,
left over from the early universe. In regions where this gas could sufficiently cool, condense and
ignite, stars were formed.

Large galaxies arose when substantial amounts of gas were converted into stars, with these
stars remaining gravitationally bound in a dark matter halo. A wide array of physical processes -
including gas accretion, mergers, and feedback mechanisms from supernovae and active galactic
nuclei - proceeded to shape and evolve galaxies.[1] Galaxies thereby serve as unique laboratories,
set up in the distant heavens, where astronomers empirically test hypotheses about the physical

laws governing the structure formation of the universe. [2]
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1.0.2 High Redshift Galaxies and their Importance to Astronomers

Galaxy formation started a few hundred million years after the Big Bang. Since the light from the
early universe is redshifted due to cosmic expansion (the wavelength of the detected light increases
and becomes ‘redder’), the earliest galaxies in the universe are also called high redshift galaxies.
Studying such galaxies is of immense importance as they are one of the earliest formed gravita-
tionally bound structures in the universe and can be used to test cosmological theories. They are
mostly ‘undisturbed’ from external factors such as mergers and internal factors such as AGNs.

They are progenitors of galaxies present in the local universe making them objects of interest.

1.0.3 Galaxy Morphology and its connection to Formation and Evolution

Galaxy morphology is the study of the structure, shapes, and arrangements of material within
galaxies. Astronomers classify galaxies into various types by categorizing features such as the
distributions of stars, interstellar gas and dust, and gravitational patterns of both luminous and
dark matter. Galaxy morphology is a crucial lens through which we can understand the complex
processes governing galaxy formation and evolution. Tracing its importance back to the work of
Hubble in 1926, morphology reveals key insights into many factors— from initial formation condi-
tions, dissipation, and cosmic environment to the internal dynamics and influence of supermassive
black holes. The galaxies’ structural end state (morphology) encapsulates their history of mergers,
accretions, and interactions with large-scale tidal fields, among other physical influences.
Understanding morphology is not just an academic exercise; it has practical implications for
the broader field of astronomy. Much like how the classification of stars via colour-magnitude
diagrams revolutionized our understanding of stellar evolution, a detailed taxonomy of galaxy
morphologies could be a game-changer. Such classification is essential for identifying distinct

galaxy populations over a range of redshifts based on their fundamental features [3]. By making
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these correct distinctions, we can isolate the key factors driving galaxy evolution, thereby gaining

a comprehensive understanding of how galaxies have formed and are continuing to evolve. [4]

1.0.4 Motivation

The upcoming deluge of data from advanced telescopes like the James Webb Space Telescope
(JWST) and the Large Synoptic Survey Telescope (LSST) presents both an opportunity and a chal-
lenge for studying galaxy morphologies. JWST’s capabilities in sensitive infrared imaging and
multi-object spectroscopy will unearth various galaxy characteristics, necessitating rapid morpho-
logical classifications for efficient spectroscopic target selection. Meanwhile, LSST’s unprece-
dented scale—covering billions of galaxies across thousands of square degrees—demands robust
analysis methods capable of scaling to this enormity. Traditional methods, even those that leverage
community engagement like Galaxy Zoo, struggle to meet the scalability and efficiency required
for these new astronomical frontiers. This is where machine learning, and particularly deep learn-
ing, can revolutionize our approach. We can automate the complex task of galaxy morphology
classification by utilizing a deep learning framework like Morpheus for semantic segmentation.
This enhances the speed and reliability of the classification process and enables us to sift through
vast datasets to quickly identify and study key galactic sources in the high redshift universe. Hence,
machine learning offers an indispensable toolset for navigating and extracting meaningful insights

from the upcoming astronomical big data era. [5]
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1.0.5 Problem Statement and its Implications

This project primarily aimed to leverage Morpheus’s capabilities, a deep learning framework, for
the comprehensive study of galaxy populations in the high redshift universe. Utilizing Morpheus,
the project aims to automatically classify galactic sources into various classes that could serve
as candidates for future studies. These classifications would provide the basis for in-depth spec-
troscopic analyses, supplementing theoretical advancements in our understanding of galaxy evo-
lution. While the current version of Morpheus operates on input from four different bands, this
project aimed to explore its adaptability to single-band JWST images, enhancing its utility for
reliable classification. The model’s adaptability to single-band images also paves the way for its
application in real-time analysis during sky surveys, enabling immediate identification and flag-
ging of objects of interest for follow-up studies. In summary, the scalability and efficiency of this
machine-learning model offer a powerful tool for targeted research and large-scale astronomical

surveys.
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Chapter 2

Theory and Background Work

2.0.1 History and Overview of Galaxy Morphologies

Galaxy morphology has a long-standing history that predates the recognition of galaxies as extra-
galactic entities. When objects now classified as galaxies were initially observed, their resolved
structure clearly distinguished them from stars. Since then, structure and morphology have re-
mained the primary means of describing and studying galaxies. Early studies of galaxy mor-
phologies, which were based on visual inspections (qualitative), have now been extended using

quantitative methods and the recent usage of AI ML techniques. [4]

2.0.2 Visual Classification Schemes

Descriptions of galaxy structure and morphology are found even before the telescope era. Astro-
nomical investigations of galactic structures and morphologies became more feasible through the
utilization of photographic techniques. Based on the work of many others, Hubble published his
famous Hubble sequence in 1926. The scheme can be summarized in a diagram famously known
as the Hubble Tuning Fork (2.1) that classifies galaxies into 4 broad classes - ellipticals, lenticulars,
spirals and irregular galaxies. This methodology effectively classified nearby galaxies, ensuring its

success|[6].

17



In their work, de Vaucouleurs in 1959[7] and van den Bergh in 1976[8] expanded the Hubble
classification system to include internal structures like bars and rings, as well as the various con-
figurations of spiral arms. Visual morphological classification has had great success in inferring

the physical properties of galaxies, as Holmberg (1958)[9] showed.

Hubble’'s Galaxy Classification Scheme

Sb

Figure 2.1: Hubble Classification Scheme. Source.

2.0.3 Parametric Classification Methods

Quantitative measurements of how light is spread across various regions in a galaxy became pos-
sible because of the adoption of CCDs (Charged Coupled Devices). De Vaucouleurs[10], in 1948,
showed that ellipticals follow a universal light profile called the de Vaucouleurs profile. Sersic
(1963)[11] later was able to unify the light distributions of ellipticals and spirals using a more

general light profile.
R 1/n
1®) =l xexp(-b0) <[5 ) =1

e
The Sersic index, denoted as n, characterizes the profile’s shape, while the parameter b(n) ensures

that R, represents the effective radius, encompassing half the galaxy’s luminosity and varies as a
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function of n. It is established that a Sersic index of n = 4 corresponds to the elliptical galaxies,
whereas n = 1 aligns with disk galaxies. In this sense, measuring the Sersic index can give an idea
about the morphologies of galaxies.

During the late twentieth century, decomposition methods that distributed light within galaxies
into various components such as bulge, disk, and rings became widely used. Galaxies having disks
or spiral arms have most of their light from blue young stars in the disk and present lower values of
B/T ratio, which measures what fraction of a galaxy’s total light comes from the bulge. Ellipticals,
because of the presence of larger bulges, have higher B/T ratios.

Based on assumed profiles like de Vaucouleurs or Sérsic, parametric models for galaxy light
profile decomposition are ill-suited for high-redshift galaxies (z > 1). These models are designed
for well-behaved bulge+disk systems akin to nearby galaxies. Still, high-z galaxies exhibit ir-
regular, clumpy morphologies shaped by active star formation and mergers, distorting their light
distributions beyond the capabilities of azimuthally averaged models. Compounding issues are the
low spatial resolution and signal-to-noise of high-redshift observations, hampering reliable model
fitting. While useful locally, parametric methods fail to capture high-redshift galaxy morphologies

meaningfully, necessitating non-parametric, model-independent approaches.

2.0.4 Non-Parametric Classification Methods

Non-parametric methods try to capture the most essential features of the structure of a galaxy’s
light distribution, but they do not assume or model the light distribution. Since galaxy morpholo-
gies start becoming clumpy and irregular with increasing redshift, as shown by HST observations
[12], these parameters are excellent in capturing the features across all redshifts.

CAS and Gini/M;( parameters are the most commonly used methods for measuring a galaxy’s

structure. Below, I describe the CAS and Gini/M,( parameters.
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CAS parameters

CAS Parameters were introduced in various studies by Conselice[3] and Lotz[13] in 2000s. The
parameters use Petrosian radius as a characteristic size of galaxies as it is less affected by the noise

and surface brightness dimming.

1. Concentration Index (C) : The concentration of light is employed as a methodology to
quantify the distribution of light within a galaxy, distinguishing the central region from the
outer regions. Various approaches exist for determining the concentration of light in galaxies.
These approaches include computing the ratios of radii that contain specific portions of the
galaxy’s luminosity and calculating the ratio between the intensities of light at two separate
radii.(e.g., Bershady et al[14] ; Graham et al. 2005[15]). Luminosity within a specified
Petrosian radius determines the radii used in the calculations. The most popular way sets
these radii as two circular boundaries that contain internal and peripheral portions. (typically

20% and 80% or 30% and 70%) (Finner» Fourer) Of the total galaxy flux.

C=5x (rinner/router>

A higher value of C indicates that a larger proportion of the galaxy’s luminosity is concen-
trated within a central region. In poor observational conditions, calculating concentration
with different radii and areas can produce different results. (e.g., Graham et al[16]; Graham

et al[15])

2. Asymmetry Index (A) : Asymmetry index (A), quantifies the degree of asymmetry in a
galaxy after rotating it by 180 degrees along its line-of-sight center axis (2.2). This metric
serves as a measure of the proportion of a galaxy’s light that originates from asymmetrical

structures. Asymmetry Index (A) is calculated as :
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A — min (leo—llsol) " min (Z\Bo _BISO|)
Y| Lo| L ||

Where [y represents the initial image of the galaxy, and I gy is the image rotated by 180
degrees from its centre. Since the image of a galaxy will also contain background noise,
it is treated in a similar manner as the original flux. Region By used in the equation can
be considered as an empty region of the sky surrounding the galaxy. The measurement
process also involves finding a global minimum of the asymmetry value as the centre of
the galaxy is unknown. Hence, the process is carried out iteratively until a minimum is
found. Ellipticals have an extremely small asymmetry value between A ~ 0.02 +£0.02, while
spiral galaxies have a larger value from A ~ 0.07 — 0.2. The value for irregular galaxies is

obviously higher and is shown by measuring the index for Ultra-Luminous Infrared Galaxies

(ULIRGS), which are often mergers (Conselice 2003[3]).

. Clumpiness (S) : The clumpiness parameter (S) quantifies the amount of light originating
from clumpy components with higher spatial frequencies within a galaxy. Galaxies in the
high-redshift regime, characterized by clumpy star formation, tend to exhibit higher clumpi-

ness values. The clumpiness parameter is calculated as:

o Z(l)@y - If_,y) Z(B)@y - B)(c):y)
o () ()]

Where Iy y, represents the original galaxy image, and I, is a secondary image obtained by
smoothing the original image with a kernel dependent on the galaxy’s radius. To isolate the
component of light present in high-frequency structures, a secondary image is created using
a smoothing kernel that depends on the radius of the galaxy. Leftover flux image containing
high-frequency structures are obtained from subtracting the observed galaxy image from
the secondary smoothed image. Notably, the central regions of galaxies are excluded from

this analysis, as they often harbour unresolved bright sources. Smoother sources, such as
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elliptical galaxies, exhibit lower clumpiness values, whereas spiral and star-forming galaxies

tend to have higher clumpiness values.

Figure 2.2: Description of Non-Parametric Methods. Source : [4].

Gini/M,, Parameters

These parameters focus on the relative distribution of light across pixels and have extensively been
used in the literature to identify galaxies that have undergone mergers. They are not sensitive to

background noise as they dont involve subtraction.

1. Gini Coefficient (G) : The Gini coefficient, a parameter initially introduced by Lotz (2004)[13],

22



is employed to quantify the degree of equity in the distribution of light among the pixels of
a galaxy image. This coefficient assumes a value of 0 when the distribution is perfectly uni-
form, with each pixel contributing equally to the galaxy’s total light. Conversely, a value of
1 signifies a scenario where the entirety of the galaxy’s light is concentrated within a single

pixel.

To calculate the Gini coefficient, the pixels comprising the galaxy image, denoted by ’n,’
are ordered according to their brightness, and a cumulative distribution is subsequently gen-
erated. Representing the flux from each pixel as f;, the formula for the Gini coefficient is

expressed as:

1
[fln(n—1) z,"
Where the pixels are ranked in increasing order of flux, such that f; > f>... > f, and f is

the average pixel flux value.

. M»y parameter (M;() parameter, like the concentration parameter, offers a quantitative es-
timate indicating the degree of light concentration in an image. A highly negative value
reflects an accumulation of light in a galaxy; however, this does not mean that the accumula-
tion is at the galaxy’s centre, since the light could be densely packed in any region within it.
The M>o parameter is computed from the moment of the most luminous 20% of the galaxy’s
pixels, subsequently normalized by the overall moment of light spanning the entire galaxy

(Lotz et al. [13], [17]). The Mg index is calculated as

M.
My = log 10(%4’ :

tot

), while )" f; <0.2fio
i
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where M;,, is defined as

Mo = iMi = ifz [(xi _XC)Z + (i _)’C)z}

here, x. and y. denote the centre of the galaxy, and in the case of M», this centre is defined
as the location where the value of M;,; is minimized (Lotz et al. 2004[13]). The separation
between nearby ellipticals, spirals, and ULIRGs obtained using M»q is comparable to that

found by the CAS parameters (see Lotz et al. [13], [17]).
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2.0.5 Machine Learning Techniques for studies in Galaxy Morphology Clas-

sifications

Machine learning techniques, particularly artificial neural networks, have gained significant trac-
tion in astronomical research over the past two decades. The initial applications of neural networks
in this domain were focused on star-galaxy classification (Odewahn et al. [18]; Bertin [19]) and
the classification of galaxy spectra (Folkes et al.[20]), followed by their utilization for photometric
redshift estimation (Firth et al.[21]; Collister and Lahav [22] ). The appeal of artificial neural net-
works in astronomy lies in their ability to learn and distinguish between features in an automated
manner.

Much of the earlier work in this field was limited by the availability of small datasets. However,
the advent of the Galaxy Zoo project and the Sloan Digital Sky Survey (SDSS) (Lintott et al.[23];
York et al.[24]) revolutionized the domain by providing large-scale datasets necessary for conduct-
ing supervised learning algorithms. Support vector machines (SVMs) have also been extensively
employed by researchers in this area (Huertas-Company et al. [25]).

Mairal et al.[26] pioneered the use of convolutional neural networks (CNNs), where the values
in the convolutional kernels encode the features and are learned during the training process. CNN's
have demonstrated remarkable success in galaxy morphological classification studies. Initial work
by Dieleman [27] showcased the application of CNNs for classifying the Galaxy Zoo catalogue
with an astonishing accuracy of 99%. Shortly thereafter, Huertas-Company et al. [28] employed
CNNs to classify galaxies in five CANDELS fields with 99% accuracy. Numerous subsequent
studies have leveraged CNNs for galaxy classification tasks, including radio galaxies (Aniyan and
Thorat [29]; Alhassan et al.[30]), the work of Dominguez Sanchez et al.[31], and deblending and
classifying galaxies (Burke et al.[32]).

Katebi et al.[33] introduced the use of capsule networks, which are adept at understanding

higher-level features like CNNs but also capable of comprehending the lower-level features that
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constitute these higher-level features. In 2020, Hausen and Robertson[5] developed a machine
learning model named *Morpheus’ that employs a UNet architecture to perform semantic segmen-
tation on astronomical images and subsequently aggregates the classification to generate object-
level classifications, deblended segmentation maps, and value-added catalogues. More recently,
Robertson in 2023[34] introduced an attention-based fast semantic segmentation model, termed
’Big Morpheus,” which was applied to James Webb Space Telescope (JWST) images, maintaining

the accuracy of the previous model while accelerating the computational process.
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Chapter 3

Methods

3.0.1 General Overview

The initial phase of the project involved replicating the findings of Hausen [5] on a smaller dataset
to gain a comprehensive understanding of the operational mechanics of Morpheus and develop the
necessary code for training a semantic segmentation model. Subsequently, the currently publicly
accessible version of Morpheus was evaluated using a sample obtained from Data Release 1 of the
JWST UNCOVER program. Following this evaluation, the focus shifted towards BigMorpheus, a
model demonstrated to work for JWST images by Robertson[34] but has not yet been released to
the public. Although minor modifications were made, the same architecture was utilized to train
a model and test it against a smaller yet more robust sample obtained from Data Release 2 of the

JWST UNCOVER program.
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3.0.2 Replication of GOODS-S results

Hausen [5] describes the development of Morpheus and the results of testing the UNet architec-
ture on mosaics of 5 fields from HST data. To assess the efficacy and reliability of Morpheus, an
independent run of the model was conducted on images from the GOODS South field, which is
part of the broader Hubble Legacy Fields data release. The primary objectives were twofold: first,
to compare the performance of Morpheus against the results obtained by the model’s authors, and
second, to familiarize oneself with the intricate details and nuances of how the model performs

under different conditions.

The initial step involved downloading the GOODS South field images in F125W, F160W,
F606W, and F850LP bands. As these images covered various sky regions and were captured
in different bands, selecting areas that overlapped across these bands was essential. This was
particularly important because the original classification done by the authors was based on sources
present in all four bands under consideration. Once the appropriate image areas were identified
and cropped from the mosaics, the next step was to mask these images. Masking was necessary
to ensure that the classification would focus solely on the sources present in all four image bands,

thereby aligning the run with the conditions under which the authors’ classification was performed.

F850LP

&

Figure 3.1: Footprints of different bands showcasing the difference in their coverage.
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For masking, a simple operation was performed where all pixels from F125W that had no
sources or had a pixel value equal to zero were set to zero in all other band images. This ensured
that only those sources would be present in all four bands that were originally present in F'125W. A

publicly available version of Morpheus was used to classify the now cropped and masked GOODS-

S images. The results from this run were then checked against those from the authors’ run.

(a) F125W (b) F160W

(c) F606W (d) F850LP

Figure 3.2: Mosaics from all the bands after masking.
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3.0.3 Testing publicly available version of Morpheus on UNCOVER Data

To evaluate the applicability of the Morpheus model beyond its original training set, which con-
sists of HST CANDELS data, its performance was tested on images from the JWST UNCOVER
Program. A sample of galaxies was selected from the Photometric Catalogue that was released as

part of Data Release 1 of the UNCOVER program.

1. Galaxies with redshift between 3 and 6. The redshifts were obtained by using EAZY soft-

ware.
2. Remove sources that were flagged as having unreliable photometry.
3. Remove sources flagged as having SNR (Signal to Noise Ratio) less than 3 in F444W band.

This provided a robust and large sample of 1020 galaxies to test the model. Three-arcsecond
cutouts from the F444W band were generated around these coordinates to ensure they were larger
than 40 pixels in height and width, as required by Morpheus. Using these cutouts, they were
passed on to Morpheus. It is noteworthy that since Morpheus requires four images for a source,
the single cutout was passed on *four’ times to Morpheus. The selected sample was subjected to

visual classification to benchmark the model’s performance.
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3.0.4 Training BigMorpheus

Since BigMorpheus has not yet been publicly released, it was necessary to construct a model that
performs semantic segmentation. Here, we first explain the machine learning concepts used in

Hausen[5] & Robertson[34] and then later outline how our version of BigMorpheus was trained.

Supervised Machine Learning Algorithms

Supervised learning involves training a machine to learn the relationship between inputs and the
desired outputs using a set of examples. Subsequently, the machine can predict the output for
unseen inputs. This approach differs from model-fitting algorithms, where the model is predefined.
In supervised learning, the machine constructs the model based on the provided examples, enabling
it to learn and model complex relationships between inputs and outputs, thereby offering superior
flexibility compared to predefined model approaches.

The supervised learning algorithm comprises three main stages. During the training process,
a loss function motivated by the final task is defined, and the model aims to minimize this loss
function, thereby finding a relationship between inputs and outputs. The machine receives feed-
back on its predicted relationship after every batch of training examples, and it adjusts the model
parameters to minimize the loss.

The validation phase involves optimizing the hyperparameters, which are parameters that mod-
ify the configurations and structure of the model, and evaluating the model’s performance. During
the test phase, the trained model is applied to previously unseen data, and the results are compared
to other relevant benchmarks specific to the domain.

Evaluation metrics play a crucial role in supervised learning, as interpreting a model’s perfor-
mance and assessing whether the model has indeed understood the task at hand can be challenging.
Evaluation metrics track a model’s performance and provide insights into the model’s understand-

ing of the task.[35]
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Artifical Neural Networks

Neural networks are composed of neurons that are analogous to neurons in the human brain. Neural
network models typically consist of three types of layers: the input layer, hidden layers, and the
output layer. The input layer serves as the entry point where input data is fed in the form of vectors.
The hidden layers, which can be numerous, are selected and designed based on the specific task at
hand. The output layer is the final layer, where the processed inputs are operated upon to produce
the desired outputs.

The input data flows through the input layer and reaches the hidden layers. Here, the input
is processed by a weight matrix W and bias terms, which represent a linear combination of the
input values. These linear combinations are then passed through a non-linear activation function,
introducing non-linearity into the model and enabling the learning of more complex patterns and

features. The equation gives the mathematical representation of this process:

X1 = fi(W1,%)

where X is the result of applying W, the weight matrix to the input xy and then applying f as
a non-linear activation function. After passing through multiple hidden layers, let’s assume three

layers, the neurons in the output layer receive the processed values :

X = f3(Ws,32) = f3(W3 o(Waf1 (W1, X0)))

In this context, the model parameters refer to the values of the weights (coefficients of the linear
combinations) in the weight matrices. The model hyperparameters, on the other hand, correspond
to the choices of non-linear activation functions, the number of hidden layers, and the structure of
these hidden layers (e.g., the number of neurons in each hidden layer). Additional techniques, such
as dropout, are applied to prevent the model from overfitting the relationship between the training

inputs and outputs.[35]
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Convolutional Neural Networks

Convolutional neural networks (CNNs) are a specialized type of neural network primarily em-
ployed when the inputs are in audio or visual form. CNNs are composed of two distinct layer
types: convolutional layers and pooling layers.

Convolutional layers are hidden layers where convolution operations replace the traditional
matrix multiplication operation used in neural networks. These layers take a stack of inputs (e.g.,
the colour channels of a colour image) and pass them through stacks of weight matrices, also

known as filters.

K
g (Lot
k=1

where, Xn(l) is the output from the convolutional layer, Xrgli)l is the input to the convolutional layer,

Wn(k"l) are the weight matrices also known as filters, * represents the convolution operation and f
is the non linear activation function.

The depth of the first convolutional layer filter is typically set to match the input’s depth. In
subsequent layers, the number of filters can be tuned according to the problem at hand, becoming a
hyperparameter. Generally, each filter in the model can be interpreted as being trained to recognize
a particular feature from the input image. Convolutional filters excel in visual tasks due to their
ability to learn local features and capture correlations between local regions in the input.

A pooling layer often follows a convolutional layer and has no trainable parameters. These
layers serve to reduce the resolution of the inputs, thereby reducing the dimensionality of the input
and the model. This allows the entire model to identify features at various resolutions and levels,

enhancing its representational capacity. [27]
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Semantic Segmentation

Having understood the basic building blocks of Morpheus, we now understand why Morpheus
performs excellently in morphology classification.

Semantic segmentation is a term popularly used in computer vision applications where every
pixel in a given image is assigned to a particular category.[36] Because of this pixel-level gran-
ularity, semantic segmentation is highly effective in image analysis. In Morpheus, the authors
exploited this by creating pixel-level annotated datasets and using supervised learning, specifically
a neural network architecture, to learn and generate classifications. The classifications for pixels
associated with a source are then aggregated to create object-level classifications. Because of se-
mantic segmentation, Morpheus can distinguish between source and non-source(background) pix-
els and perform source detection within an image. Morpheus can also provide segmentation maps
in astronomy, which can be extremely useful and automate the process of generating value-added

catalogues.

UNet Architecture

The currently public version of Morpheus uses the UNet Architecture. The following section
describes the UNet Architecture.

The U-Net architecture is a powerful model specifically designed for semantic segmentation
tasks, where the goal is to classify each pixel in an image into a particular category. The archi-
tecture stands out due to its unique "U" shape, which is constructed from two main parts: the
contraction path (downsampling) and the expansion path (upsampling).

In the contraction path, the network captures the context of the input image through a series of
convolutional and max pooling layers. This downsampling process reduces the spatial dimensions
of the image while increasing the depth of the feature maps, allowing the model to learn more
complex features at each layer.

The expansion path then performs the opposite operation. It progressively upsamples the fea-
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ture maps, increasing their spatial resolution. During this process, the network uses skip connec-
tions, a critical component of the U-Net architecture, to concatenate feature maps from the con-
traction path with those of the corresponding upsampling stage. These connections enable precise
localization by combining high-resolution features from the contraction path with the upsampled
output, facilitating the accurate delineation of object boundaries.

This architecture is particularly suited for semantic segmentation because it efficiently balances
the capture of context and the localization of features within an image. The downsampling path
ensures that the network understands the overall context and structure of the image, while the
upsampling path, reinforced by skip connections, ensures detailed localization of features. This
combination enables the U-Net to perform exceptionally well in tasks requiring precise segmen-
tation of objects within images, making it a popular choice for medical image analysis and other

applications where accuracy in pixel-level classification is crucial. [37]
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Figure 3.3: Morpheus’s UNet Architecture. Source : [5].
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Fast Attention Network (FANet)

Big Morpheus is based on an architecture known as Fast Attention Network (FANet). Since the
architecture involves the concept of attention, I will first introduce attention and then will proceed

to explain the FANet architecture.

Self Attention : Self-attention is a powerful mechanism that has revolutionized many areas of
machine learning, particularly in natural language processing and computer vision tasks. At its
core, self-attention allows a model to weigh different parts of the input data when computing a
representation for a specific part of that data. This is achieved by calculating the relevance, or
attention, between different positions in the input sequence or image.

The self-attention mechanism works by first mapping the input data (e.g., a sequence of words
or an image) into three different representations: query (Q), key (K), and value (V). These rep-
resentations are typically obtained by linearly projecting the input data through separate weight

matrices.

1. Query (Q): The query represents the current position or element in the input data for which
the model needs to compute a representation. It encodes the information about what the

model should attend to or focus on.

2. Key (K): The key represents the other positions or elements in the input data that the model
can potentially attend to. It encodes the information that will be used to determine the

relevance or importance of each position concerning the query.

3. Value (V): The value represents the actual data or information that the model will incorporate

into the representation of the query position, weighted by the attention scores.

The self-attention mechanism computes the dot product between the query and the keys and

these are called as attention scores, which indicate the similarity or relevance between the query
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and each key position. These attention scores are then normalized using a softmax function, re-
sulting in a probability distribution over the input positions.

The normalized attention scores are used to compute a weighted sum of the values, where each
value is weighted by its corresponding attention score. This weighted sum represents the attended
representation for the query position, incorporating information from all other positions in the
input data, weighted by their relevance to the query.

Mathematically, the self-attention operation can be expressed as:

Attention(Q,K,V) = softmax((Q x KT )/\/dy) x V

Where: Q, K, and V are the query, key, and value representations, dy is the dimension of the key
vectors used for scaling the dot product, and softmax normalizes the attention scores to sum to 1.

This self-attention mechanism allows the model to selectively focus on relevant parts of the
input data when computing representations, capturing long-range dependencies and contextual in-
formation more effectively than traditional models like convolutional neural networks or recurrent
neural networks.

In the context of semantic segmentation, self-attention can be particularly beneficial. Objects
in an image can have complex shapes and interactions, requiring the model to consider contextual
information beyond the local neighbourhood. Self-attention enables the model to gather relevant
information from distant regions, helping it better understand the overall scene and make more
accurate pixel-level predictions.

By incorporating self-attention mechanisms into neural network architectures for semantic seg-
mentation, the model can effectively capture long-range dependencies and leverage global context,
potentially leading to improved segmentation performance, especially for complex scenes and ob-
jects with intricate shapes. This capturing of correlations between parts of text or images speeds

up the process of semantic segmentation. [38]
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Network Architecture Let’s first understand the key component of FANet, which is the Fast
Attention (FA) module. Unlike standard self-attention, where the attention is computed between
all pairs of spatial locations (leading to quadratic complexity), the FA module employs a more
efficient approach. It encodes the input feature maps into three separate representations: a Query
map (Q), a Key map (K), and a Value map (V).

The Query map represents the current position or element in the feature map for which the
model needs to compute a representation. The Key map encodes the relevance or importance of
each position concerning the query, and the Value map contains the actual information that the
model will incorporate into the query’s representation, weighted by the attention scores.

The attention scores are computed as the dot product between the Query and Key maps, which
measures the similarity or relevance between the query and each key position. These attention
scores are then normalized using a cosine similarity function, resulting in a probability distribution
over the input positions. The normalized attention scores are used to compute a weighted sum of
the Value map, where each value is weighted by its corresponding attention score. This weighted
sum represents the attended representation for the query position, incorporating information from
all other positions in the feature map, weighted by their relevance to the query.

Mathematically, the Fast Attention operation can be expressed as:

X =1/nx(0x(Kf xV))

Where n is the spatial size and K *V is computed first, reducing the computational complex-
ity to O(nc?), where c is the channel dimension. This is significantly lower than the quadratic
complexity of traditional self-attention mechanisms, making FANet more efficient and suitable for
real-time applications.

The overall FANet architecture is shown in the figure. It consists of an encoder, a decoder and
a Fast Attention module.

Features at different levels of complexity are identified by the encoder. These features are then
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processed by the Fast Attention modules, which aggregate contextual information over the spatial
domain, enhancing the feature representations.

Unlike traditional architectures like UNet, which rely solely on convolutional operations and
skip connections, FANet incorporates the Fast Attention modules at multiple stages of the encoder-
decoder pipeline. This allows for more effective capture of long-range dependencies and spatial
context, which is crucial for accurate semantic segmentation, especially in complex scenes with
intricate object shapes and interactions.

Moreover, FANet employs an additional strategy of extra spatial reduction at intermediate fea-
ture stages. This involves applying additional down-sampling operations to the intermediate fea-
ture maps, which helps retain high-resolution details while reducing computational cost. This
strategy is particularly beneficial for real-time applications, where efficiency is crucial.

Compared to older architectures like UNet, FANet offers several advantages:

1. Improved capture of long-range dependencies: By incorporating the Fast Attention modules,
FANet can effectively model global relationships within the input data, leading to better

segmentation performance, especially for complex scenes and objects with intricate shapes.

2. Computational efficiency: The Fast Attention module has a lower computational complexity
than traditional self-attention, making FANet more suitable for real-time applications and

deployments on resource-constrained devices.

3. Retention of high-resolution details: FANet reduces the spatial dimensions and hence is able
to preserve details about how different pixels are related from the inputs and hence maintains

computational efficiency, potentially improving segmentation accuracy.

4. Flexible feature reuse: FANet enables efficient feature reuse in video scenarios, which is
particularly advantageous for applications involving video data, such as autonomous driving

or video surveillance. [39]
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Figure 3.4: Morpheus’s FANet Architecture.Source : [39]

Training our model

The input images were downloaded from the CANDELS data release at the STScI archive for the

F160W band, following Robertson[34] . The annotated dataset from the Morpheus Data Release

has semantic labels for all five CANDELS fields. This annotated dataset, where every pixel has a

probability distribution associated with it that assigns the probability of each pixel belonging to a

particular class, can be used to train a newer semantic segmentation model.

Since not all pixels in the input image have a valid annotation in the Morpheus Data Release,

the images were cropped to obtain areas that have Morpheus annotations.
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Figure 3.5: The left image is the input image, and the right image is the image output from Mor-
pheus for the background class. As it is seen from the background image, there are areas in the
input images that are not classified, and hence, we need to crop the images.
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128 * 128-sized cutouts were generated from the cropped input images and the subsequent
Morpheus outputs to create input-output pairs for the model. These images were then standardized
using the formula provided to ensure that every source in every training image is treated on an
equal footing and there is no bias towards brighter sources. During training, this standardization is
done so that the mean is 0 and the variance is 1.

For each position x in the image, x becomes

X —mean

max(stddev,1.0//(N))

Xstandardized =

where stddev is the standard deviation of all values in X and N are the number of pixels in the
image.

After standardizing, 80% of all the images are then divided to form the training dataset and the
rest are the part of validation dataset. The training images are then randomly shuffled and grouped
into batches, and every batch is passed on through the model architecture. The loss function
is calculated for a batch, and then the backpropagation proceeds to minimise it. In the FANet
architecture, the convolutional filters learn features present in the image. The attention modules
encode the relationship between different pixels and help in segmenting the source. The next
section describes the loss function we have used in our task. The training metrics and the model

performance are outlined in the Results chapter.

Loss Function A common method for training deep learning networks involves establishing a
loss function that yields a statistic derived from the output classifications. This model parameters
are subsequently refined through stochastic gradient descent, a process during which gradients
are determined by employing the backpropagation.[40]). We use the same loss function that is
mentioned in Hausen 2020 [5] except for a single modification. For our work we have used Ap =
100 and A,, = 1, where the Ap and A,, = 1 are the coefficients of the Dice and Cross Weighted

Entropy Loss.
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Figure 3.6: Cropped Images of GOODS South Field from which cutouts of size 128 * 128 were
used for training the model.
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Chapter 4

RESULTS

4.0.1 General Overview

Since we achieved 3 goals: Replicating the results of Morpheus on GOODS-S field data, Using
a publicly available version of Morpheus on UNCOVER Data and retraining a newer model and
again testing it on UNCOVER data, the following section will describe the results obtained in each

in detail.
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4.0.2 Replication of GOODS-S Results

The output of my run, as described in the Methods section, was a catalogue containing information
on the dominant morphological class prediction for each source, as well as the locations of these
sources within the images. To compare the results with those of the authors, a specific set of criteria
was employed to match sources between the two runs.

Specifically, sources closest to those in the authors’ catalogue were identified, and it was exam-
ined whether the probability of being classified into any class exceeded a predetermined threshold
(70%) in both catalogs. The threshold value of 70% was arbitrarily determined, and any higher
value would have been suitable.

Of all the sources identified in the images, 31.90% were deemed invalid because the class
assigned with the highest probability did not exceed the 70% threshold.

A complete match—100% agreement—was found between the dominant class predictions in
my run and those in the authors’ run. This validated the reliability and reproducibility of the
Morpheus model and enriched the understanding of its performance characteristics under different

conditions.
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Figure 4.2: Colour classified image from author’s run of Morpheus .
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Figure 4.3: Plot outlining the comparison of results from my run and author’s run.
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4.0.3 Testing Morpheus on UNCOVER Data Release 1

Initially, an attempt was made to classify the JWST images by feeding Morpheus with data from
four different bands, specifically F150W, F277W, F356W, and F444W .

However, the results obtained did not meet the expected level of accuracy. Additional compli-
cations arose when deciding which four bands to include in the classification process. Even after
multiple iterations and combinations, the results remained below the desired level of accuracy.

This might have been due to the difference in the coverage of the filters between JWST and
HST, resulting in galaxies appearing differently in various parts of the spectrum.

In a departure from this multi-band approach, Morpheus was run using the F444W band im-
ages. This yielded significantly better results in terms of both segmentation and classification.
The F444W band, being the reddest and largest band used in the UNCOVER survey, effectively
captured and resolved high-redshift galaxies. Therefore, it was instrumental in the successful op-
eration of Morpheus on the JWST images.

The model’s performance in classifying galaxies in the high-redshift universe was evaluated

using two categories:

1. correct classification where the model’s output matches visual classification.

2. incorrect classification where the model’s output does not match visual classification.

The tables and figures showed that the model demonstrated high accuracy and realistically de-
scribed a source. However, it faced challenges with deblending when multiple sources were close
to the target, occasionally resulting in incorrect classifications.

Tables(4.1) and figures(4.4 , 4.5, 4.6) are provided to outline the model’s overall and class-wise

performance.
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Classes NS|CS|IS| PC | PI
Disk 277 | 235 |42 | 84.8 | 15.2
Spheroid 186 | 141 | 45 | 75.8 | 24.2
Irregular 308 | 294 | 14 | 955 | 45

Disk + Sph 34 | 32| 2| %4 6

Disk + Irr 120 | 117 | 3 | 97 3
Sph + Irr 91 | 87 | 4 | 956 | 44

Disk + Sph + Irr | 4 4 0 | 100 0

Table 4.1: Classification Data
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Figure 4.4: Distribution of Sources across various classes.
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4.0.4 Training and Testing BigMorpheus

Robertson [34] briefly mentions BigMorpheus, a version of Morpheus that has now included an
attention mechanism and is faster and more robust in the task of Semantic segmentation.

For training a model similar to the one mentioned in Robertson [34] , which is not publicly
available, data from the Morpheus Initially, an attempt was made to train the model using 512 x
512 input images, but during testing, issues arose because high-redshift galaxies appeared small in
these cutouts.

Consequently, the trained model began classifying them as point sources or stars. Data Release
was used, which provides semantic segmented labels (probability values for every pixel belonging
to a particular class).

To solve this problem, the size of the input images was reduced to 128 x 128, and the proba-
bilities associated with point sources were added to the spheroidal class.

This approach was reasonable because JWST cannot resolve point sources or stars in high-
redshift galaxies. Since the testing sample consisted of galaxies between redshifts 3 and 6, it would
not contain stars or point sources at these redshifts. Additionally, any high-redshift source that
appears point-like in JWST data is most likely a galaxy whose morphology should be spheroidal.
Based on this assumption, a FANet architecture, as described in the paper, was trained.

The model was trained on 24,620 and tested on 6155 128 x 128-sized cutouts for 20 epochs.
A comprehensive set of performance metrics was systematically recorded throughout the model
training process, portraying the progressive evolution of the model’s capability to classify and
segment astronomical images with increasing accuracy.

The accuracy plot exhibited an immediate ascent to high values, indicating that the model
rapidly acquired the fundamental patterns necessary for effective segmentation. This initial rapid

learning phase was crucial, as it helped the model separate source pixels from background pixels.
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Figure 4.7: Progression of Accuracy.

As training progressed, accuracy plots for specific classes, such as background, disk, irregu-
lar, and spheroid, displayed fluctuations, reflecting the model’s ongoing adjustment to distinguish

between features of various morphologies.
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Figure 4.8: Progression of Class Wise Accuracy.

A similar trend was observed in the loss plot, which exhibited an initial steep decline, followed
by a plateau, indicating that the model had begun to converge and that further improvements would
be incremental. Furthermore, the cross-entropy plots, measuring the model’s predictive confidence,

indicated a stabilization at low levels, signifying a high level of confidence in its predictions.
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Figure 4.10: Progression of Cross Entropy Loss.
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Figure 4.11: Progression of Validation Cross Entropy Loss.

Evaluations on the validation set yielded similar patterns, affirming the model’s generalization
ability. High validation accuracies reinforced the model’s proficiency in classification, while the
validation loss values aligned with the training loss, suggesting that the model did not overfit the

training data and maintained its efficacy on unseen data.
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Figure 4.12: Progression of validation Loss.
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Figure 4.14: Progression of Validation Dice Loss.

After training the model, it was tested on a sample of galaxies from the UNCOVER Data
Release 2. The model was tested on 674 galaxies, which were more robustly determined than the
sample of 1,020 galaxies from Data Release 1. The model’s performance was satisfactory, and
it performed correct classifications with an accuracy of 85%. It was also faster than the UNet
Architecture due to its attention mechanism.

Although in high-redshift JWST observations, some sources appeared extremely close to each

other, confusing the model, as it perceives images as arrays of numbers. Due to this, the model was
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unable to distinguish between the local maxima of these sources, leading to issues with deblending.

Even in scenarios where deblending was an issue, the model was able to correctly classify the
sources and did not flag them as irregular in nature. If two or more sources were misunderstood
as one source, the model classified the morphologies of both sources correctly but was unable to
segment the boundaries of both sources accurately.

Since the morphologies in high-redshift galaxies may not be regular and distinct, mixed mor-
phologies (e.g., disk + spheroid, disk + irregular) were included in the classification scheme ac-
cording to the cited reference. The model could predict one of the classes in most scenarios where
a source had mixed morphologies. However, this was not an issue, as assigning a distinct morphol-
ogy is also a reasonable classification. Since the model’s performance was benchmarked against
visual classification by a human, classifications may become subjective in some scenarios.

The tables and figures presented illustrated that the model exhibited high accuracy and pro-
vided a realistic characterization of sources. However, challenges arose when deblending multiple
sources in close proximity to the target, occasionally leading to incorrect classifications.

Tables (4.2) and figures (4.15, 4.16, 4.17) were provided to outline the model’s overall perfor-

mance as well as its performance across different classes.

Classes NS | CS |IS| PC | PI
Disk 110 | 70 | 40 | 63.6 | 364

Spheroid 118 | 102 | 16 | 86.4 | 13.6

Irregular 79 | 68 | 11 | 86.1 | 13.9

Disk + Sph 32 1 23 | 9 | 719 28.1
Disk + Irr 176 | 158 | 18 | 89.8 | 10.2
Sph + Irr 109 | 104 | 5 | 954 | 4.6

Disk + Sph+1Irr | 50 | 48 | 2 | 96 4

Table 4.2: Classification Data
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Figure 4.17: Class wise Model Performance.

Table 4.3: Classification and Segmentation Results from Our Model. Here, the Red pixels are
spheroidal, the Blue pixels are disk and the Green Pixels are Irregular
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Conclusion and Outlook

This thesis successfully demonstrates the application and development of advanced machine learn-
ing techniques for the classification and semantic segmentation of astronomical images from the
high redshift universe, leveraging data from both the JWST and HST. Through replicating Mor-
pheus results, applying it to UNCOVER data, and developing BigMorpheus, this work showcases
the potential of deep learning in astronomical studies. BigMorpheus, in particular, with its fast
attention mechanism, presents a significant advancement in processing speed which will be ex-
tremely helpful in the big data era of Astronomy. Future directions include refining these models
to improve deblending capabilities and extend applicability to broader datasets, thereby enhancing

our understanding of galaxy formation and evolution.
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