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Abstract

The Square Kilometre Array (SKA) is an emerging next-generation radio telescope

project estimated to be completed a decade from now. Once completed it will make

it easier and faster to survey space in greater detail. This will produce petabytes of

data which will be higher by a factor of one hundred when compared to existing ra-

dio telescopes presenting an array of scientific and technical challenges. To address

the challenges individual and combined solutions are required by utilizing it’s precur-

sors. Processing data in real time has since become an integral part of future data

processing pipelines that will be designed and implemented with the aim of identify-

ing and selecting important data for further analysis from the bulk of the incoming

data while discarding what is not needed or considered unnecessary. It also makes the

traditional manual handling of data an unfeasible approach. To this end this study

explores the automatic classification of radio emission sources associated with galaxy

clusters through the use of a Multi Layer Perceptron (MLP) as a way to eliminate the

manual inspection that is often required to confirm individual sources and determine

its feasibility as a preliminary eliminator of unnecessary data. This was achieved by

implementing an MLP to train on over 400 000 radio emission sources and then pre-

dicting the class label on over 100 000 sources. The three class labels were ‘S’ which

denoted a single Gaussian source in a given island, ‘C’ which denoted a single Gaussian

source in an island with another source and ‘M’ which denoted a multi Gaussian radio

source in a given island. The MLP achieved an average accuracy of 0.89, a precision of

0.82, a recall of 0.81 and a F1_score of 0.80. The results proved that an MLP serves

as a good classifier for radio emission sources associated with radio galaxies.
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Chapter 1

Introduction

1.0.1 Introduction to the problem

The electromagnetic spectrum describes the characteristics and distribution of electro-

magnetic radiation that either emanates or is absorbed by a given body [1] and form

waves as they travel through a medium. The wavelength is described as the distance

between two successive wave peaks and can be used to classify the different types of

radiation into gamma rays, X-rays, ultraviolet, visible light, infrared, microwaves and

radio waves.

As shown in Figure 1.1 gamma rays have the shortest wavelength in the electromagnetic

spectrum followed by x-rays, ultraviolet, visible light, infrared, microwave, with radio

waves having the longest wavelength. The wavelength is inversely proportional to the

energy of a wave and so longer wavelengths have lower energy and the energy increases

as you move towards shorter wavelengths in the electromagnetic spectrum as shown

in Equation 1.1 below

E = hv =
h

�
(1.1)

Where E is the energy, h is the Planck’s constant, v is the frequency and � is the

wavelength. The frequency however which is the number of waves passing through

a fixed point at a given point in time is directly proportional to the wavelength,

consequently shorter wavelengths have higher frequencies with gamma rays having a

higher frequency as compared to other radiation emissions. In the field of astronomy

different forms of radiation require specialised telescopes to study space at different

10



1. Introduction

Figure 1.1: The electromagnetic spectrum characterised by wavelength.
https://www.miniphysics.com/electromagnetic-spectrum_25.html

wavelengths since various radiation emitting sources provide insight regarding the

formation and evolution of our universe.

To demonstrate the significance of studying various radiation emitting sources at dif-

ferent wavelengths found in the universe, Figure 1.2 shows an image of space observed

in the optical wavelength (a). The second image (b) is of the same spot in space

observed in the optical and radio wavelengths in which the W50 "Manatee" nebula,

which is the remains of a star explosion shown in green is clearly visible. This source

would otherwise be invisible in the absence of the radio wavelength observations. The

study of previous optical observations in the radio wavelength often reveals insights

on the processes that occur within those celestial bodies and has led to the discovery

of new objects such as pulsars and quasars.

Radio astronomy, as a sub-field of astronomy studies objects from our universe that

emit significant amounts of radio waves as compared to other forms of radiation which

range from as low as 13.36 - 13.41 MHz to as high as exceeding 1000 GHz [2]. These

sources include planets, stars and galaxies. The radio emission from these sources can

be either thermal emission which depends on the emitting source’s temperature or

11
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1. Introduction

(a) The W50 nebula is imperceptible
against an optical background

(b) The visible W50 nebula observed in
the radio wavelength

Figure 1.2: The W50 nebula shown in optical wavelength (a) vs in optical and radio
(b). Credit : NRAO/AUI/NSF, K. Golap, M. Goss; NASA’s Wide Field Survey

Explorer (WISE).

non-thermal emission which is independent of an object’s temperature and include

synchrotron radiation, Compton Scattering and maser emission. Radio telescopes offer

radio astronomers the opportunity to study and record data about radio emitting

objects in detail.

Around the 1980s, the Very Large Array was considered the state of the art radio

telescope with a sensitivity reaching 100 mJy and a resolution up to tenths of arcsec [3]

which surpassed any existing radio telescope at the time. However in the 1990s at the

International Astronomical Union meeting that centered around radio interferometry

[4], the idea of designing and implementing a more superior radio telescope began to

materialise to what we now call the Square Kilometre Array (SKA) project that is to

be completed by late 2030 [5].

A square kilometre equates to a million square metres of data collecting area for the

SKA which is the largest thus far when compared to radio telescopes currently in

operation. Once the Square Kilometre Array is up and running, which is approximated

to be a decade from now it will produce petabytes of data which will be higher

by a factor of one hundred when compared to existing radio telescopes [6]. Due to

the unprecedented sensitivity and resolution from the SKA, it will make it easier

and faster to survey space in greater detail, exceeding the Hubble Space Telescope’s

image resolution which is currently considered very powerful. The SKA has precursor

telescopes which are prototypes that have been paving the way to study the scientific

and technological requirements of the SKA and include the Australian SKA Pathfinder

12



1. Introduction

(ASKAP) [7], The Meer Karoo Array Telescope (MeerKAT) [8] and the Murchison

Widefield Array (MWA) [9]. This study focuses on the MeerKAT precursor and the

data it produces.

One of the initial primary objectives of the SKA was to study and measure neutral

hydrogen(HI) present in space and while the science goals have evolved over time

measuring HI is still maintained as a key science goal together with understanding the

occurrence of black holes, dark energy and the epoch of re-ionization. Other scientific

goals for the SKA include the study of the formation of stars and their systems, planets,

pulsars, galaxies and exploring the existence of extraterrestrial life. With time it was

discovered that HI could be used as a tracer for large scale astronomical structures

[4]. One of these being clusters of galaxies which may belong to a group, a cluster or

a supercluster.

Besides galaxy clusters there exist galaxy groups. An example of a galaxy group would

be the local group in which the Milky Way galaxy belongs to. Galaxy groups are

relatively small compared to clusters with the local group consisting of 24 galaxies

within a radius of 1 Mpc [10]. About three quarters of known galaxies belong to a

cluster.

Galaxy clusters which are the subject for this study, are the largest gravitationally

bound and most stable structures found in the cosmic web with majority of the grav-

itational force resulting from dark matter. They are formed from a hierarchical accre-

tion of smaller galaxies to create gigantic clusters that grow in hubble time. Hubble

time being the time it took for the universe to grow to it’s current size [11] which

is considered a very slow process. A cluster comprises of dark and luminous matter

which include stars and can have a few hundred to tens of thousands of galaxies within

their structure and usually reach 5 Mpc or more in size with temperatures reaching

approximately 108 K.

Another type is called superclusters which are significantly larger compared to

galaxy groups and galaxy clusters. They are formed from the merging of individual

galaxy clusters creating a gigantic cosmic structure that spans more than 7 Mpc. An

estimated 85% of a galaxy cluster mass is dark matter with galaxies making up a very

small portion of the overall mass which is about (3%). The baryonic proportion of
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the mass which makes up the rest of the cluster mass is made up of hot plasma, the

intracluster medium (ICM) which is found between sub clusters and makes up 12%

of the total mass [12].

Galaxy clusters are interesting for a number of reasons besides their magnitude. One

of the most interesting scientific phenomena to study is cosmic magnetism. Until

a couple of years ago cosmic magnetism was like any other scientific process until

studies showed that it had a larger contribution to how the universe is structured

and it has now become one of the scientific goals for the SKA [5]. Cosmic magnetism

contributes significantly to star formation, stellar activity, pulsars, formation of cosmic

rays and accretion disks. Studies such as [13], [14], [15],[16], [17] are now focused on

understanding how cosmic magnetism has affected the early formation of the universe

with the assertion that magnetic field lines during the earlier times support the big

bang theory’s nucleosynthesis limitations, the interstellar medium, halos and galaxy

evolution. Galaxy clusters therefore provide the optimum environment for studying

these astrophysical processes because of their large and dynamic atmosphere. Besides

galaxy clusters, cosmic magnetism can be found in voids of the cosmic web and

filaments and has been proven to be distributed according to the structure of the

universe instead of the previous assumption that it was evenly dispersed.

There are several challenges concerning the handling of astronomical data from radio

telescopes such as from the MeerKAT and the Evolutionary Map of the Universe

(EMU). The high sensitivity and resolution of such radio telescopes imply a faster

survey of the sky resulting in significantly large volumes of data being produced. It

is estimated that EMU will detect and classify around 70 million galaxies [18] while

the SKA will detect 62000 sources per square degree up to 1 mJy [19] and with the

MeerKAT having a Science Data Processor (SDP) input rate of 4 terabits [20]. This

makes the traditional manual handling of data an unfeasible approach as suggested by

[21]. This also poses challenges in the fundamental data processing steps such as data

preparation, calibration and it’s imaging.

There exists a number of studies aimed at addressing the aforementioned challenges

with regards to radio emitting sources. These include studies aimed at automated
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source detection and classification. Among the existing solutions there is the ap-

plication of artificial intelligence in the field of radio astronomy in particular the

use of machine learning algorithms for the automatic detection and classification of

radio sources found in galaxy clusters as host environments. This approach has been

dominant when compared to others. Examples of these include [21], [22] and [23].

This study explores the automatic classification of radio emission sources from galaxy

clusters through the use of machine learning as a way to eliminate the manual in-

spection that is often required to confirm individual sources. Particularly exploring

the application of a Multi Layer Perceptron as an automatic radio emission source

classifier. It’s application as an eliminator of unnecessary data in real time and the

paucity of studies in the field of radio astronomy as a classifier will be demonstrated

subsequently which necessitated this study.

1.0.2 Research background

Artificial intelligence is a broad term that refers to research that focuses on developing

ideas, theories, methods and technological systems that can be used to expand

the intelligence of humans through the utilization of machines that comprehend

problem solving, reasoning and language [24]. Machine learning exists as an artificial

intelligence domain with research that enables machines to acquire knowledge by

learning from experience without being given precise instructions on how to do so

through programming [25], [26]. Since it’s inception, machine learning has made

advancements in a number of algorithms developed through complex statistics and

mathematical computation among others.

Within machine learning sub-fields, there exists supervised machine learning with

a number of algorithms and applications essential to establishing the fundamental

relationship between labelled data features and target class for future predictions

of unlabelled data. Supervised learning algorithms are trained on labelled data to

predict the class outcome when given data the model has not seen before. It associates

labels with the proper training sample provided and is often referred to as inductive

models since they generate models based on the mapping learned between the input
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and output and then being able to predict the output given new input data [27], [28].

Models well trained on labelled data ensure that predicted data belong to pre-defined

classes that have been confirmed. This becomes an easy task to classify unlabelled

data when assigning class labels. The next generation radio surveys such as the

future SKA surveys will generate vast amounts of data with many unknown and

undiscovered radio sources. Highly accurate predictor models give an almost guarantee

that classification of known radio sources and a significant portion of previously

undiscovered sources will be assigned a class label all done in a significantly shorter

time frame. Given the assumption that even though a source is newly discovered it

holds a level of correlation with previously discovered sources therefore that increases

the chances of it being identified as a valid source and assigned a class label, an

assumption this study aims to verify.

A Multi Layer Perceptron is an example of a feed-forward neural network which is

a function approximator and typically contains several layers of neurons which are

biologically inspired. Each neuron found in one layer of the network is connected to

each neuron found in the previous layer. The value of each neuron connection varies as

the connection weights are adjusted during training. The first layer is the input layer

which comprises of the network inputs. This is proceeded by parallel hidden neurons

that compute a weighted sum of inputs to reduce the variance between the output of

the network and the true value of the output referred to as the neuron function that

is transferred between layers with no feedback hence the feed forward neural network

[29], [30]. Parameters for the network are established using back propagation [31],

[32]. The concepts of feed forward networks and back propagation have significant

contribution in classifications problems in the field of astronomy being that they can

handle high dimensional and complex data. They also demonstrate the significant

potential of using machine learning to automate manual processes in radio astronomy

and other fields, eliminating the strenuous process of individual data inspection.

Since they provide promising results, it is also important to study their mechanism

when handling data to ensure that the correct models are assigned to the correct

task/problem.
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A Multi Layer Perceptron was successful in illustrating it’s efficiency as a class predic-

tor by identifying sources as either stars or galaxies as part of the procedure developed

by Andreon et al [33]. Other studies include Odewahn et al [34] which demonstrated

that a Multi Layer Perceptron performed just as well as existing software packages

used by astronomers for the classification of galaxies and stars. Back propagation

ensures learning of complex non linearly separable classes as compared to linearly

separable classes where convergence during training is guaranteed and a solution

vector formed. Cases of complex non linearly separable class problems encompass

[35], [36], [37]. Studies that explore the use of machine learning in particular feed

forward neural networks in the field of astronomy include works by Andreon et

al [38] that successfully employed a feed forward neural network for the detection

and classification of resolved and unresolved sources against a noisy background in

wide field imaging. The success of the study was succeeded by another study by the

same main author Andreon et al [33] where a detection, deblending of overlapping

sources and classification procedure of sources in wide field images was developed

which demonstrated the application of three neural networks from detection to the

classification of sources.

In view of the fact that the SKA is on a revolutionary path of it’s own, it also comes

with it’s own set of scientific and technical challenges. These include how to handle

massive amounts of incoming data transmitted in real time that will be produced

once it is in full operation, processing techniques compatible with this next generation

radio telescope, data transportation and storage, analysis and interpretation together

with the computing power necessary to perform the previously mentioned tasks.

For the aforementioned challenges, individual and combined solutions are required

to address the big data obstacles presented by the SKA by utilizing it’s precursors.

Processing data in real time has since become an integral part of future data process-

ing pipelines that will be designed and implemented with the aim of identifying and

selecting important data for further analysis from the bulk of the incoming data while

discarding what is not needed or considered unnecessary.

A number of studies [21], [22], [39], [23], [40] have addressed automated source
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detection and classification of galaxy clusters and their sources in order to completely

remove the unfeasible aspect of requiring human input for identifying or confirming

observed sources using machine learning algorithms. Studies such as Vafaei et al [41]

have focused on the detection of faint sources which are often missed because of

their reduced appearance due to correlated noise among other factors. Other studies

including Feder et al [42] have addressed source detection in crowded fields by use of

cataloguing techniques and Bonaldi et al [43] which summarises results from the SKA

data challenge in handling detection and classification in crowded fields. Algorithms

employed by previous studies include Convolutional Neural Networks(CNNs) and

Faster Recurrent Convolutional Neural Networks(R-CNNs) with a focus on using

radio images. Images are often very large, require tailored software for visualization

and analysis and therefore require high computing power. This is a disadvantage

because of the amount of resources being used for studying radio images. Additionally

real time analysis becomes challenging for cases where images are used for radio

source detection and classification. This study aims to demonstrate that the use of an

alternative approach to detection and classification of galaxy cluster radio emission

sources reduces the need for computational, storage and analysis resources by the use

of numerical data.

Published studies have addressed the application of supervised and unsupervised

models for detection and classification of radio emitting sources in particular those

associated with galaxy clusters to handle the potential massive data from the next

generation radio telescopes. Such studies include [22], [44], [45], [46] as mentioned

earlier. The models have produced results comparable to existing source finding

tools while demonstrating that the detection and classification of radio sources can

be performed without human input. Supervised learning models have potential as

classifiers of radio sources with several advantages. They find the relationship between

the given input and expected output which once established can be used to predict

the most likely output for any given unlabelled data [47]. Prediction models are

advantageous since they can significantly reduce the computation expected from

unsupervised models in determining what is likely a source and which category the

source belongs to in huge data sets and in addition data labels. In the case of radio
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astronomy they can serve as preliminary estimators of a potential source and the class

they most likely belong to. With regards to real time analysis pipelines a supervised

model can be an eliminating tool of what is considered unnecessary data based on the

odds of it being a possible source. They are also considered the most simple predictive

models when compared to time series, outliers, and clustering models. For this reason

supervised machine learning algorithms warrant further exploration as possible radio

emission classifiers.

Supervised classification tasks are also very popular in the medical field. It deals

with enormous volumes of data which is often high dimensional. For instance the

field of omics which involves prediction and pattern recognition related to genes

and the Deoxyribonucleic acid (DNA). This field is of vital importance for diagnosis

and treatment of diseases such as cancer diagnosis [48], [49], [50]. A Multi Layer

Perceptron as a form of a deep supervised learning architecture has also been

employed in the medical field to solve an array of detection and diagnostic problems.

These include [51], [52], [53], [54], [55]. The studies focused on the diagnosis of thyroid

disease, detection of brain tumors by using magnetic resonance imaging and the

diagnosis of diabetes during it’s onset stages. The latter indicating the capability

of a Multi Layer Perceptron as a predictor model by surpassing the convolutional

neural network (CNN) and recurrent neural network in accuracy when it came to

early diagnosis of diabetes. The aforementioned studies support the versatility of

supervised machine learning. In particular the application of Multi Layer Perceptron

neural networks which is applied in various scientific fields all holding qualitatively

different data. It thus necessitates it’s performance on data produced by next genera-

tion telescopes as a predictor model. Something that has not been employed previously.

Catalogs in the field of astronomy summarizes information from observations and

such information is used for studying astrophysical processes. A recent cataloguing

technique is by Feder et al [42] which proposed a probabilistic cataloger using multi-

band images in crowded fields. This approach outperformed the more conventional

techniques in the recovery of point sources while maintaining a significantly low false

detection rate. It was also much faster compared to Portillo et al [56] from which the
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basis of the research was made. While this study is noteworthy it does not address the

presence of extended sources which mainly comprise of galaxies. It is also not known

how the probabilistic cataloguer performs in radio data. Other notable probabilistic

cataloguing approaches include X-ray observations [57] and gamma ray [58] with the

first use of probabilistic cataloguing of point sources in overpopulated fields being in

2013 by Brewer et al [59]. With catalogs, astronomers can study the populations and

distribution of sources, their morphology, and the underlying astrophysical processes

in order to understand our universe [60], [61], [62]. However catalogers still face chal-

lenges in terms of the identification and classification of extended radio sources and

their variety. A lot of extended sources still require human input for verification since

their populations are small, but what happens when large surveys such as the SKA are

in operation and extended source population increase? Human input then becomes un-

feasible and the application of automated classification techniques such as supervised

machine learning algorithms become advantageous since computationally they are less

complex, the model learns faster in comparison to unsupervised learning algorithms.

Additionally there exist deep learning algorithms suitable for classification tasks that

are easy to implement such as a Multi Layer Perceptron.

1.0.3 Problem statement

The Square Kilometre Array will produce petabytes of raw data once in full operation

which presents a challenge since the storage demand from the SKA cannot be met

with the current technology. To address this the bulk of the incoming data will have

to be processed in real time in order to eliminate what is not required and keep the

necessary data for further analysis. In addition the manual inspection of sources is un-

feasible given the large amount of data expected. A Multi Layer perceptron presents

an important opportunity to address the data storage demand, source detection and

classification challenges mentioned as an automated source classifier and a prelimi-

nary data eliminator. A Multi Layer Perceptron neural network is great in pattern

recognition and classification which can be applied in predicting classes for any large

number of radio sources by training the model on radio emission sources to predict

classes on unseen data. Since the supervised model maps the relationship between the

input data and the output the mapping can then be used to identify true sources
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in real time, discarding unnecessary data. The paucity in the application of a Multi

Layer Perceptron as a radio emission source classifier also presents an opportunity to

study how it performs in a classification task. This is because the majority of classifiers

already employed are CNN based which are known to be computationally exhaustive.

1.0.4 Main objective

The main objective of this research is to design and implement a Multi Layer

Perceptron classifier for galaxy cluster radio emission sources and establish factors

that affect the performance of the network.

1.0.5 Specific objectives

Given the above main objective, the specific objectives for this research are to:

1. Collect data to be used in the Multi Layer Perceptron model.

2. Prepare the data for training and testing of the Multi Layer Perceptron.

3. Design and implement a Multi Layer Perceptron algorithm for the classification

of radio emission sources associated with radio galaxy clusters.

4. Train and test the model using the data obtained.

5. Evaluate the model performance on classification while determining factors af-

fecting its performance through the tuning process.

1.0.6 Questions

Below are questions formulated for this research:

1. How does a multi layer perceptron perform at a classification task of galaxy

cluster radio emission sources?

2. What hyperparameters can be modified in the network which affect the perfor-

mance of the model?

4. Does the frequency sub-band used in different data sets have any effect on the

overall performance of the classifier?
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5. Is a Multi Layer Perceptron suitable for galaxy cluster radio emission sources

classification?

6. Can the Multi Layer Perceptron model be implemented as a predictor model for

real life detection and classification of galaxy cluster sources?

1.0.7 Hypothesis

The hypothesis for this study was formulated based on the performance of previous

studies that applied machine learning to the detection and classification of radio emit-

ting sources where performance was compared to state of the art source finding tools.

Based of the results of previous studies such as Wu et al [46], Gheller et al [63], ac-

curacy above 80% was considered as a model that performed well in a detection and

classification task. For this research there exists a hypothesis and a null hypothesis.

Hypothesis (H1) - A multi layer perceptron neural network performs signif-

icantly well in the task of supervised classification of radio emission sources

associated with galaxy and can be a good predictor model obtaining accuracy

greater than 80%.

Null hypothesis (H0) - Astronomical data is significantly different from other

data types that have been largely used to assess the performance of a multi layer

perceptron. Thus does not perform well in the task of classifying radio sources.

Consequently it will not be a good predictor model obtaining accuracy less than

80%.

1.0.8 Significance of the study

This research in it’s unprecedented nature, evaluates the performance of a multi layer

perceptron in a supervised classification task of galaxy cluster radio emission sources.

It provides an opportunity to study how well an MLP learns in classifying radio as-

tronomy sources. It also answers whether a multi layer perceptron has a future in

the data processing pipeline of radio data. This study also contributes by identifying

and implementing efficient big data classification models for challenges associated with

large surveys such as the square kilometre array (SKA) and the evolutionary map of
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the universe (EMU) by exploring ways in which big data classification tasks can be

made efficient and tackling ways to safely remove unnecessary data bits while ensuring

an almost full recovery of sources for large surveys. Since it uses data from the SKA

precursor the MeerKAT, this approach also gives insight on how a multi layer per-

ceptron performs on data from particularly high resolution and high sensitivity data

which comes with it’s own set of challenges.

1.0.9 Limitations of the study

The possible classification of labels used for this study falls within sources found in

galaxy clusters. The labels will be generated from a source finding tool used in radio

astronomy for data analysis and thus limits the number of labels that will be used to

only three. There are several classification criteria that could be used in this instance

but they fall outside the scope of this research. In addition the actual data elimination

falls beyond the scope of this research since it focuses on training an MLP and testing

it to assess its recovery of correct class labels given unseen data in real time.

1.0.10 Chapter summary

This chapter addressed the gap that necessitated the study of a Multi Layer Perceptron

as a radio source classifier for galaxy clusters. It explored it as a potential predictor

model to augment existing studies that focused on feed forward neural networks us-

ing back propagation. It demonstrated the significance of such a study in relation to

next generation telescopes that will amass large data amounts. There exists a need

to comb through the data for important information and analysis purposes. It also

surveyed previous studies related to supervised machine learning algorithms for clas-

sification and Multi Layer Perceptron studies in both astronomy and other scientific

fields such as medicine. Lastly there was a discussion on a Multi Layer Perceptron

as an alternative classification approach to the cataloguing technique. In conclusion

studying how a Multi Layer Perceptron performs in a classification task of radio emis-

sion sources found in galaxy clusters affords an intuition on how it works, behaves and

how it’s advantageous features could be implemented in future tasks such as serving

as preliminary data eliminator.
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1.0.11 Thesis overview

This section of the thesis will give an overview of the thesis in it’s entirety.

Chapter 1: The current chapter provides insight on the problem to be addressed

by this study, the background information and objectives for this study among

many aspects.

Chapter 2: This chapter provides a survey of existing classification techniques

and a literature review of a Multi Layer Perceptron.

Chapter 3: This chapter describes a detailed description of the methodology

carried out for this research.

Chapter 4: This chapter presents the results obtained after carrying out the study,

how performance was evaluated and interpretation of the results obtained.

Chapter 5: This chapter provides conclusions drawn from the results with respect

to the objectives, thesis questions and the hypothesis and recommendations for

further studies.
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Literature review

2.0.1 Introduction

This chapter will evaluate existing studies in the domains of machine learning and

source finding tools in relation to radio source detection and classification while high-

lighting galaxy clusters and their significance. This is to analyze the gap this research

aims to fill. It will also cover existing Multi Layer Perceptron studies while highlighting

it’s suitability and why it was chosen for this study.

2.0.2 Significance of galaxy clusters from the bigger picture

The cosmic web can be defined as a network that depicts how dark matter,

filaments, voids and dense regions filled with galaxies are dispersed within the

universe with all these components making up what we know as the web [64]. As

a large scale structure it has four components which are filaments, sheets, knots

and voids [65]. Figure 2.1 shows a simulation by Springel et al [66] of how the

cosmic web looks like. Other simulations of the cosmic web include Rodríguez et

al [67], Metuki et al [68], and Xu et al [65]. Galaxy clusters reside at the points

where the filaments converge and an example of the complexity of the universe, an

environment which is believed to have originated from a single yet simple point in time.

The study of galaxy clusters is from the use of advanced radio telescopes that survey

the sky in search of these structures and often results in the interpretation of robust

theoretical calculations and simulations. This often leads to the understanding of
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Figure 2.1: A cosmic web simulation by Springel et al [66]

the nature of cosmic structures which in turn limits their behaviours to certain

parameters e.g constraining the nature of dark matter [66]. In addition, studies

such as Larson & Tinsley [69] have shown that the mergers of galaxies triggers

a burst of formation of stars making it an interesting phenomenon to study. The

majority of the gravitational energy that results from galaxies merging turns into

thermal energy through a process known as low-Mach number shocks which has

produced substructures often classified as radio halos, relics and active galactic

nuclei(AGN) [70], [71]. Observations of galaxy clusters include the study of their

constituents, morphological and spectroscopic properties. These studies constrain

how clusters were formed, how they evolved and provide meaningful insight on

how the universe began and expanded. Clusters are ideal candidates for studying

synchrotron radiation [72]. Understanding how galaxy clusters originated has proven

to be challenging in terms of using statistical methods due to the large dynamic

environment within them [73]. Thus detailed observations provide a better chance of

resolving systemic processes of clusters, Chibueze et al [60] being a recent case in point.

The formation of galaxies is a focal point for the latest research being that galaxy

formation environment provides an intriguing laboratory for studying processes on

a larger magnitude. Studying the environment itself is a challenge and Metuki et al

[68] has shown that the formation of galaxies and galaxy structures is a complicated

process. Environments occupied by galaxy clusters can help explain the origin of
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their formation and how they have evolved through time with early-type galaxies

occupying more dense fields and the less dense fields of the cosmic web being occupied

by late-type galaxies [74] [75]. Substructures being discovered in galaxy clusters are

an indication that the merging and accumulation within galaxy clusters is an on-going

process. This has been evidenced by the appearance of several peaks of bright regions

as well as disrupted morphology in radio images. Thus a key point in understanding

how the process of merging and accretion happens in radio clusters lies in the

identification of known and unknown substructures in images and characterizing them

which largely depends on reliable source finding techniques [76].

Studying galaxy cluster populations gives insight on the cosmic background radiation

and often require studying them in detail in radio and it’s counterpart wavelengths, it

also helps explain mass distributions of these galaxies [70], [77]. Substructures found in

galaxy clusters are a direct result of the different processes that occur and include radio

relics and halos [78]. The variety of morphology found in galaxy clusters is influenced

by the environment. When radio jets from a galaxy travel in the interstellar medium

it bends the jets to some degree. This results in different morphological shapes of the

radio emissions. The degree of morphing is dependent on the density of the ICM and

the movement of the galaxy in relation to the ICM [79]. The morphology of sources in

addition to the location determines the class assigned to the sources [80]. Galaxies also

provide model constraints and parameters for cosmological sources and their processes

through simulations and statistical calculations [65] [81].

2.0.3 Types of radio emissions

Radio emission sources refer to sources that emit significantly large amounts of

radio waves. While almost all objects found in space emit some radio waves, there

exists sources that emit radio waves more than others and include some nebula,

quasars, pulsars, and galaxies. There exists two types of radio emission which is

spectral line emission and continuum emission. Spectral line emission is emitted

at one specific wavelength such as an optical spectral line. When observing line

radiation, a telescope is set to a particular frequency. Spectral line emission is

used to detect molecules, element or atom found in space since they emit at a
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specific frequency such as neutral hydrogen molecular lines which emit at the 21

cm line. Molecules which also emit radiation at a given spectral line include water,

ammonia, hydroxyl and carbon monoxide. There are also masers which refer to

the magnifying microwave emission. In comparison, continuum emissions such as

the one found in galaxy clusters spans over a large range of wavelengths. Such

sources can be observed in an ideal wavelength from any selected frequency in the

range. There are two types of continuum emission that exists which is thermal and

non-thermal continuum emission. Thermal continuum emission include blackbody

radiation where warm or heated objects release waves. The frequency of such objects

increases and peaks with the increase of its temperature. It also includes free-free

emission which refers to the interaction between free electrons that are deflected

releasing energy. Non-thermal continuum emission includes synchrotron radiation

which has no relation to the temperature of the body. It occurs when high speed

electrons motion is coupled in a magnetic field releasing synchrotron radiation. For this

study, the interest is in the continuum emission found in galaxy clusters in large-scales.

In a given galaxy cluster they can be as little as two thousand to as many as six

thousand sources, with the number of sources expected to increase when the state

of the art radio telescope, the SKA becomes fully operational. Precursors such as

the MeerKAT and ASKAP as pathfinders for the SKA are important telescopes to

study since they use significantly more advanced technology which surpasses existing

radio telescopes. This makes the MeerKAT an ideal candidate for this study because

of the type of data it produces from it’s observations which will be similar to the

future complete SKA telescope. There is an almost guarantee that new sources will

be discovered as a result of the high sensitivity and resolution of the telescope. The

complexity of the data produced does not make it easier to go through the large data or

to identify new sources or to classify them by eye. Norris [82], for example states that it

will be unlikely that human input would be sufficient to distinguish between source and

instrumental artefacts from data such as the one obtained from the pathfinder ASKAP.

Given this, Norris suggests studying how to identify likely sources from existing data

which could then be used to identify new sources in future based on the experience

obtained. Norris [6] also mentions that machine learning techniques would be more
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advantageous in this regard as compared to the manual approaches being implemented

currently.

Norris [6] further states several challenges facing continuum surveys such as the avail-

ability of automated source extracting software suitable for next generation telescopes,

insufficient characterization of background and noise levels in images by source finding

software used in the field of radio astronomy.

2.0.4 Radio emission classification

Radio emission sources can be grouped into simple or complex sources based on their

morphologies. Simple radio emission sources are compact and normally appear as

point like sources in images. Complex sources exist in a variety of unlimited shapes

and are often extended in nature. Although extended sources substitute a small

portion of the overall population of radio emission sources, more have been discovered

recently with more most likely to be discovered by future surveys. There is no direct

relation between extended emission sources and any individual galaxy within a galaxy

cluster which suggests that the emissions are a result of the cluster activities which

have indicated magnetic fields and cosmic rays in the ICM. They have been classified

as cluster radio shocks, radio halo, and lastly revived active galactic nuclei(AGN)

fossil plasma according to Van Weeren et al [83]. Van Weeren et al further states

that radio halos can be further divided into giant and mini halos with the potential

of intermediate sources with examples of extended emission sources shown in Figure

2.2. The compact sources appear as the more circular and point like sources in

red, outnumbering the extended radio emission sources in the two images. Majority

of existing radio emission source catalogs maintain this population fraction where

there are more compact sources as compared to extended sources, which is how they

naturally occur in nature.

Following source detection comes the classification of the identified sources on the

basis of their morphology as an example and dividing them into simple (compact)

sources or complex (extended) radio emission sources. The automatic extraction of

extended continuum emission sources such as halos from images is well known to be

a difficult task [82]. While the majority of radio emission sources existing in nature
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(a) Abell 2744 with a cluster radio shock
and giant radio halo visible [84].

(b) The galaxy cluster Perseus with a
radio mini halo visible [85].

Figure 2.2: Two radio galaxy clusters with various extended emission sources located
at different areas of the cluster.

are simple and single point sources, extended sources substitute a portion of the radio

emitting source population from galaxy clusters and because of their significantly low

numbers when compared to single point sources, it becomes harder to classify them

using automated approaches.

2.0.5 Radio emission source classification approaches

There are two approaches discussed in this section with relation to how sources are

extracted from images and then classified accordingly which is mostly based on the type

of morphology they have. A third approach was discussed in the previous chapter which

discussed the cataloguing approach. The two approaches discussed are the common

go to software used by radio astronomers for their data analysis and the machine

learning algorithms and techniques implemented to fill the gap caused by the lagging

of technological advancement by existing source finding systems.

2.0.6 Source finding software

Traditional data analysis software in radio astronomy to some extent has advanced

over time to meet the newer and more complex data being produced by next generation

telescopes. An example of a more recent development is a consolidated source analysis

platform called Collaborative and Integrated platform for Radio Astronomical Source
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Analysis (CIRASA) developed by Riggia et al [86] aimed at an improved analysis,

extraction and source cataloguing process. This was achieved by combining the best

features from already existing source finding tools while incorporating new features

for an all round hybrid tool. One of it’s advantages is, it was tailored for the SKA.

However it possesses some general functions that could be utilised by the broader

astronomy community in domains such as astronomers observing space in gamma,

x-ray or optical. It also utilises High Performance Computing (HPC) systems for faster

processing of data given that the SKA precursor ASKAP will find approximately 70

million sources from it’s EMU survey [87]. Given this, the platform is still on it’s

testing stages and unavailable for public use as of the time this study was carried out.

Some source finders have upgraded to support multi thread runs and include AEGEAN

[88], PySE which is a source extractor for radio images [89] and SOFIA [90]. Other

source tools with optimised processing capabilities include SELAVY [91], a source

finder in interferometric images by Lucas et al [92], DUCHAMP [93] and CAESAR by

Riggi et al [94] that focuses on optimising existing source finding tools. They however

still struggle with the extraction of extended sources such as sources that exist with

two or more components and fail to provide an estimate of the source size during it’s

extraction process [95].

Hopkins et al [96] published a study in which several source finding tools were

compared to evaluate their strengths and weaknesses as a way of exploiting their

strengths to create a better version of them. Each software was selected based on their

merits. The tools chosen for the study included The Python Blob Detector and Source

Finder (PyBDSF, formerly known as PyBDSM) [97], AEGEAN, SFind [98], Blobcat

[99], SExtractor [100], Selavy [91], PySE and IMSAD [101]. Given that some of the

software for the challenge were considered state of the art, the results of challenge

were discouraging. Some of the areas of assessment included recovery of isolated

sources which would be less of a challenge as compared to the extraction of sources

in crowded planes, recovery of sources given a certain threshold, the measurements

of source flux densities, the recovery rate of simple and more complex sources with

the latter being an area the various software failed dismally [102]. In some cases some

software created sources that did not exist in the given images.

31



2. Literature review

The results obtained from the comparison of existing source finding tools by Hopkins et

al [96] were less than satisfactory, the study failed to address extended radio emission

sources. It had a bias towards point like sources with only a small variation of slightly

extended sources. Meaning extended sources had a marginal focus and their challenges

such as their complex morphology structure being addressed even less. In addition

while simulated data is a good substitute for training and testing models, may fail to

provide the wide range of complex structures that exist naturally in nature which may

not be understood by trained models. A similar study was by Frean et al [103] which

involved source detection of faint sources in noisy data.

Complex extended and low surface brightness source extraction has been addressed by

Johnston & Johnston-Hollitt [95] by using Circle Hough Transform which created a

sample of shapes that could be used to represent the various morphologies of extended

sources and be used to extract them from images. Johnston & Johnston-Hollitt’s

model provided an in depth study of extended sources which is rarely performed,

shedding light on the challenges faced by extended source extraction. The study

also mentioned just how easily their algorithm would be confused in the presence

of artifacts, an undesired object that is occasionally found in data such as from

the MeerKAT and is often confused by source finders as a source while that is

not the case. In general the approach had merits but it was undertaken without a

consideration of technologically advanced telescopes such as the SKA precursors with

ASKAP described as a complex machine that no individual could fully understand

every single bit of by Norris [102].

The outcomes from the study by Hopkins et al [96] where several source finding tools

were compared included results from determining which tool had the overall best

performance. Better performing tools in general comprised of PyBDSF, AEGEAN,

BLOBCAT and PySE just to mention a few. It is noted that while the aforementioned

software tools generally performed better when compared to the others, no one tool

performed well in all aspects. They each possessed notable strengths and weakness

but still far from what radio astronomers consider an ideal source finding tool. Among

these is PyBDSF which a significant portion of the radio astronomy community
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utilises on a daily basis for their data analysis and imaging and which was chosen for

this reason as well as it’s availability and user friendliness for this study. One aspect

of PyBDSF as one of the high performing software tools was it’s high reliability to low

signal to noise ratio, the trade off being that it’s completeness is low i.e it produces

a high number of correctly identified sources in images yet does not completely find

all sources as expected. It also performed well in estimating the flux density and

produced a higher positional accuracy of sources in an image. It thus performed better

than the other source finders as stated by the author.

There are other studies that were carried out to determine which software tools per-

formed well given a set of criteria. They include works by Hancock et al [88] which

compared four source finders considered to be widely used by the astronomy commu-

nity at the time and the resulting source finder that was designed and implemented to

supplement the existing source finders after the performance evaluation from the study

was AEGEAN. Westerlund et al [104] designed and implemented an evaluator that

could automatically be used to determine the accuracy of a source finder. DUCHAMP

was tested by Westmeier et al [105] as the standard source finder for ASKAP. When it

came to it’s source characterisation, DUCHAMP was affected by several system errors

due to the presence of noise in the data produced by the ASKAP telescope. It did

however perform as expected when it came to reliability in low signal to noise ratio

data. The study of neutral Hydrogen as one of the science goals of the SKA prompted

the analysis of source finding tools used in order to determine the optimal one to meet

the requirements for it’s survey of Neutral Hydrogen. DUCHAMP was among the five

source finders compared. It was stated by Popping et al [106] that all the five source

finders were still in their developmental stages and there was room for improvement

given that the source finders performed differently when it came to the wide range of

source morphologies.

2.0.7 Machine learning

Machine learning can be defined as the study of statistics based models and algorithms

that are used to perform a computational task by providing computers with the

capability to learn from data without being programmed explicitly to do so [107],
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[108]. They are automated models that find distinct patterns in data and make

decisions based on those discovered patterns. They also have the ability to adapt

when provided with new data. Machine learning techniques have a range of real

life applications with automated processes such as prediction models, pattern and

image recognition, classification, product recommendation systems and gaming e.g

the famous checkers program by Samuel [108] and many other applications. Due to

the demand of automated systems with the ability to handle large data volumes

in the field of astronomy, it has become increasingly popular. For radio astronomy

in particular, this application began quite recently but several studies have already

been published with the results produced indicating that the performance of machine

learning algorithms as source detecting and classification tools are comparable to

already existing source finding software systems and in some instance perform better

given that they require minimal human input.

There are several studies carried out that focused on automated source detection

and classification. These approaches to applying machine learning in particular

supervised machine learning in radio imaging are slowly gaining traction and have

shown promising results thus far. Each approach has tackled certain issues and

there is yet to be an approach that tackles all if not most challenges in one model.

As it stands an-all-in one automatic approach is expected in the future but is yet

to be developed. For now studies attempt to provide a solution for a particular

problem. Proctor [109] studied the morphology of selected sources from the Faint

Images of the Radio Sky at Twenty Centimeters (FIRST) survey. A source was

designated a class based on it’s shape, the number of components for each source

and the type of bent tailed source it was as a morphology type. This method was a

mix of manual inspection and the use of a decision tree thus it was only partially

automated and not ideal for use in large surveys such as the SKA or it’s precursors.

It did however demonstrate the robustness of a decision tree and it provided insight

on the various morphology types of radio galaxies given that the study produced

several tables containing sources that contained either single, double or multiple

components looking at their proximity, X-shaped, hybrid, or ring morphology just

to mention a few of the classes assigned. Other studies by Proctor in which decision
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trees were used for the class assignment of radio sources based on it’s probability

of belonging to one group or the other included comparing two pattern recognition

algorithms to classify obscure sources. A decision tree was selected over an Artificial

Neural Network (ANN) because the ANN performed slower [110]. Another was the

assessment of a group of decision trees to evaluate the quality of data feature sets [111].

A study by Aniyan & Thorat [21] was aimed at an automated radio galaxy classifica-

tion using a Convolutional Neural Network as an attempt to automate radio galaxy

classification. It was a significant step towards automation in radio images since it is

believed to be one of the first applications of a CNN to radio galaxy classification.

The results were comparable to existing source finding tools. It was observed that

a general classifier which distinguished between the three classes performed badly.

When compared to a fusion classifier which distinguished between the three binary

classes followed by a majority voting classifier for the final class designation. The

fusion classifier had precision ranging from 75% to 95%.

The application of a deep CNN eliminated the manual crafting of features used

by some approaches and the manual inspection of sources. This provided a viable

option for classification in large data sets. The use of a fusion classifier gave better

results and also allowed for the discovery of strange and new sources compared to

the more generic model. The results were also compared with manual probing but

the use of a DCNN completed the process in a much shorter time period given

the number of images. This was a good benchmark for automatic detection and

classification of radio sources. A DCNN also fared better than traditional machine

learning algorithms with regards to working with images that have a significant

number of features to learn from. When contrasted to the traditional machine

learning methods, a DCNN had the added advantage of using the knowledge gained

in the initial layers of the same model to train in different surveys using transfer

learning [112]. The challenges faced included a small training sample with a severe

pre-processing and data augmentation process. There was very little variety for

each class for the model to train leading to over-fitting by the model due to the

bootstrapping that was employed with at least 200 sources per each source category.
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Several sources were excluded from the data sample based on the presence of artifacts,

sources which were too big to fit in the image dimensions and generally sources

that did not have much information on their structure such as uncertainty regarding

their morphology. This means that issues regarding sources with the aforementioned

characteristics were never addressed. This made the model slightly less effective

in the general sense of the classification of known and unknown radio sources. In

addition the class that obtained the highest precision also obtained the lowest re-

call. This meant that the fusion classifier did not recover all the sources from that class.

While Aniyan & Thorat [21] focused on classifying radio galaxies into FRI and FRII

and bent-tailed sources, Vafaei et al [113] focused on recovery of point like sources

where there was a low signal to noise ratio. By enhancing the signal to noise ratio

in images followed by blob detection in simulated MeerKAT interferometric data,

it produced a pure and complete source catalog. When compared to PyBDSF it

outperformed it under the set of performance evaluation metrics with purity relatively

the same for both methods. An added advantage of the model termed DeepSource was

it’s ability to choose purity over completeness and vice versa in any given case. While

DeepSource outperformed PyBDSF in the fraction of sources recovered, the author

stated that robust source finding tools like PyBDSF will most likely still have a place

in the data analysis pipeline given the unique lack of data training stage by the source

finder in it’s source detection process. The author also stated that given the approach

developed, there is most likely a better approach than DeepSource which would also

incorporate extended radio sources. This is an aspect this study aims to address by

training a Multi Layer Perceptron model to predict radio emission sources found in

galaxy clusters belonging to either compact or extended classes. Lukic et al [22] used

PyBDSF as part of the source detection and classification approach when it was used

to create labels for the various source morphologies prior to the classification by the

model. It served as an automatic label generator given that the training data had no

prior labels that could be used for their Convolutional Neural Network.

Other noteworthy CNN studies include the use of a deep Convolutional Neural

Network for an online radio source classification model based on source morphology
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by Alhassan [23], classifying radio source using Faster Region-based CNN by Wu

et al [39], the classification of Active Galactic nuclei (AGN) radio sources using a

combination of supervised and unsupervised steps in a autoencoder based on a CNN

by Ma et al [40], comparing a CNN to a Gaussian fitting method by Lukic et al

[45], a performance analysis of a CNN versus capsule networks by Lukic et al [44], a

comparison of five ConvNet architectures for various image classification problems in

radio astronomy by Martinazzo et al [114] and a comparison of CNN architecture for

radio galaxy classification by Becker et al [115] .

Previous research has demonstrated the importance of automating classification in

radio astronomy. It has also shown that machine learning is a viable approach with ex-

ceptional results. Compared to existing software, it shows promise with improvement.

The related studies made a good foundation for further work in order to improve per-

formance for classification which afforded the opportunity for this study in particular.

2.0.8 Multi Layer Perceptron

A Multi Layer Perceptron is a supervised ANN which can estimate the function that

maps a nonlinear function [116]. It can be made up of several hidden layers excluding

the input and output layers as shown in figure 2.3. Earlier research on a Multi Layer

Perceptron neural network are from McCulloch and Pitts [117] which investigated the

mathematical representation of biological neuron activity. For the majority of deep

learning neural networks, training is very time consuming. Mostly due to the several

point multiplications performed by the model [118]. Training for the ground breaking

study by Krizhevsky et al [119] took on average six days which was mostly due to the

state of the hardware for data processing, the size of their neural network itself and

the size of their training sample. However there exists efficient neural networks such

as the MLP that can be a substitute for neural networks that are time laden. The

perceptron was developed by Rosenblatt [120] which was a single perceptron that was

limited to performing only linear classification. But the introduction of multiple layers

established learning of non-linear functions with increased complexity. In particular it

establishes a function:
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f(·) : Rm ! R
o (2.1)

where M is the input dimensions. Figure 2.3 shows an MLP with an input layer, one

hidden layer and an output layer. The input layer represents a set of neurons for

xi|x1, x2, x3 · · · xm and represents the input features. The values that are transferred

from the previous neuron to the next are converted through a linear summation of

the weights and the x values. The output layer y produces the predicted value by

the model after training. An MLP can approximate the function that is non-linear

depending on whether it is a regression or classification task.

Figure 2.3: An MLP with one hidden layer.

For each input, the weights and bias are initialised and the network goes through a

tuning process where the neural network adjusts and assigns weights and biases from

the data used for training during each iteration. The learning process will end when

the network has determined that the optimal parameters for classification have been

determined. The learning rule modifies the weights to ensure that the predicted output

approximates the correct output. It inputs a set of features and outputs a predicted

vector that is an approximation of the true output value [121], with the output y

computed by:
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y = '(
nX

i=1

wixi + b) = '(WTX + b) (2.2)

where ' is the activation function that is non-linear, W the weights in vector form, X

is the inputs in vector form and b is the bias. The predicted output is then compared

to the expected output from which if they are not equal the weights can be adjusted.

A Multi Layer Perceptron is capable of a binary and multi class categorization tasks.

The activation function is given by:

g(z) =
e
z � e

�z

ez + e�z
(2.3)

as a hyperbolic tangent function. In binary classification f(x) goes through a logistic

function:

g(z) =
1

1 + e�z
(2.4)

resulting in values that fall between zero and one. For multiclass, f(x) becomes a

vector that goes through a softmax function instead of a logistic function given by:

softmax(z)i =
exp(zi)Pk
l=1 exp(zl)

(2.5)

where zi is the i
t
h value in the softmax corresponding to the class i and k corresponds

to the number of classes for the model. The class with the highest probability then be-

comes the output of the model. The Multi Layer Perceptron uses an efficient algorithm

called back-propagation that successfully calculates the gradient through computing

the partial derivative from one layer which is then used to compute the gradient of the

previous layer.

2.0.9 Multi Layer Perceptron applications in astronomy

The history of the application of MLPs in the area of Multi-object Adaptive Optics

(MOAO) is described succinctly by Gómez et al [122] from its use in establishing

variations caused by atmospheric turbulence in the use of multiple-telescope arrays.

These disturbance often impairs the quality of images which can be corrected through

adaptive optics. Angel et al [123] demonstrated that the variations caused by the
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disturbances could be derived using artificial neural networks, in particular an MLP

where one hidden layer was used. Between the first study published [123] and the last

study at the time of publication [124] there existed other studies which included [125],

[126], [127], [128], [129] which employed some version of a Multi Layer Perceptron.

The Multi Layer Perceptron has also been popular in the branch of photometry such

as establishing photometric redshifts in large and mixed surveys [130], the cataloguing

of photometric redshifts [131] and the analysis of photometric redshift for multi-band

surveys of quasars [132]. The use of an MLP for photometric redshift is detected from

as early as 2002 with its popularity increasing over time from simple MLPs with a

few hidden layers to hybrids that combine more than one MLP and combining MLPs

with Quasi Newton Algorithms [132]. The MLPs from these previous studies have

demonstrated their adaptability to being trained on homogeneous data which is a mix

of simulated and real data. In addition to its rapid computations, good generalization

and its implementation on hardware [133]. Needless to say the studies mentioned are

no way near the vicinity of radio emission sources and their classification which is the

main focus of this study.

In an analysis by Scaife & Porter [134] the weight computations by MLPs was com-

pared to the weight sharing in CNNs that made CNNs perform significantly bet-

ter. The study focused on implementing an equivariant CNN for the classification of

Fanaroff–Riley radio galaxies. The reduction of efficiency by MLPs was attributed to

the fact that CNNs generalised translated images better when compared to MLPs

which mostly considered each image. While CNNs have been known to be highly suc-

cessful in image data, MLPs are not commonly used for image classification on their

own however through a proper selection of training algorithms that are efficient an

MLP can thrive in image classification [135]. CNNs have implemented MLPs through

the use of back-propagation by applying non-linear activation to each convolutional

output layer [136]. Ralph et al [137] combined a convolutional autoencoder with Self-

Organising Map (SOM) intended for source classification in astronomical images. This

is a supervised method which has shown promise identifying outliers by using auto-

encoded vectors rather than images while providing insight on the features related to
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the source morphology. The auto-encoder utilised an MLP with the back-propagation

algorithm for input data reduction. The use of vectors instead of the raw images for

classification is similar to the approach intended by this study.

2.0.10 Back-propagation

Backpropagation is an algorithm that was first introduced during the 1970s with a

significant study being published by Rumelhart et al [138] later on. It described back-

propagation as an algorithm used for neural networks which regularly adjusts the

value of the weights in order to reduce the difference between the predicted value by

the network and the actual value of the output represented in Figure 2.4. The stages

involved in back-propagation are initializing the weights, the feed forward pass, back-

propagating of errors and the adjustment of the weights [139]. In that sense the neurons

found in the hidden layers of the network would represent the more important feature

from the data for the task at hand while making it easy to identify invariability from

the neurons. It also demonstrated how learning took place faster in some networks

while using back-propagation as compared to when gradient descent was used.

Figure 2.4: Back-propagation from a Multi Layer perceptron
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2.0.11 Mathematical representation of back-propagation

The backbone of back-propagation is the partial derivative of the cost function with

respect to a weight or bias denoted by:

@C

@w
(2.6)

Where expression 2.6 is the partial derivative of C with respect to w and

@C

@b
(2.7)

where expression 2.7 is the partial derivative of C with respect to b, C being the

cost function and w being any weight and b being the bias. This shows how the cost

changes as the biases or weights changes providing insight on the network behaviour

through these changes. To implement back-propagation, there are two assumptions

with regards to the cost function. The first one being for every training example x,

the cost function can be computed as:

C =
1

n

X

x

Cx (2.8)

Where Cx is the cost function for each data example x. This assumption allows

computing the average partial derivative of the cost function from the individual

partial derivatives of each data point’s cost function with respect to the weights and

biases. The second assumption being for each output activation of the neural network,

the cost can be computed as a function of it. Given that the y from equation 2.2 is a

fixed value, the cost cannot be written in terms of it [140].

2.0.12 General applications of back-propagation

The loss function in a neural network is an excellent indicator of how good a neural net-

work is at the classification task. It also produces the gradients during the training of

the network [141]. Computing the errors between the predicted labels and the ground

truth is done during training which results in what we call loss. Back-propagation

then works to adjusts these parameters. This is based on the computed gradient of the
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loss given the values of the weights and biases. Consequently reducing the value of the

loss function in particular the cross-entropy loss. It is considered an efficient algorithm

because of the partial derivatives shown in 2.6 and 2.7 for each training example

which can be computed simultaneously in one forward and backward pass through

the network. Prior to the study by Rumelhart et al [138] given the limitations of the

computations when training deep neural networks, the demonstration of how well

back-propagation worked increased its popularity in neural networks thus reducing

limitations of computation in deep neural networks. It is a simple and easy to imple-

ment algorithm when compared to some of the more complex deep learning algorithms.

Back-propagation has been applied across a variety of platforms that include medicine,

physics, law enforcement and engineering. Wang and Bi [142] recently published a

study where back-propagation was used to diagnose children who most likely had

dyslexia. This model was an improvement of existing models and achieved the highest

accuracy recorded to date which was 94%. A similar study was carried out to pre-

dict dyslexic students based on their grades by determining the relationship between

college student performance and the medical condition. There existed a difficulty in

determining the underlying relationship between the grades and having dyslexia. An

MLP with a back-propagation algorithm became the most ideal neural network to

implement because of its efficiency in approximating the likelihood that a student

has dyslexia. This was done through learning from complex non-linear functions [143].

Further studies include [144] and [145] from the same main author. Another interesting

study that used the back-propagation algorithm was the application of a CNN using

back-propagation to identify number plates from stolen vehicles [146].

2.0.13 Significance of using a Multi Layer Perceptron

Previous studies have used MLPs in one form or the other, there has also been a

comparison of different neural networks to identify which one works well to a given

task which could either be source detection or classification. Deep learning in general

has found its way into different branches of astronomy and have greatly assisted in

automatic processes that were mainly manual inspections for years prior. For radio

astronomy deep learning is still at an infant stage but has thus far proved the need
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to employ more deep neural networks to help with handling vast amounts of data,

working with complex and qualitatively different data such as data from the MeerKAT

and ASKAP. The use of deep learning in radio astronomy is largely the application of

CNNs to radio images. This leaves a gap in the evaluation of alternative deep learning

algorithms such as employing an MLP to classify radio emission sources. Much research

is required in order to understand the morphology of these sources especially extended

radio emission sources which have proved that despite employing several deep learning

algorithms there exists no one solution to satisfactorily classify them. Applying an

MLP should provide better insight on how best to classify these sources and move one

step further in developing an ideal classifier.

2.0.14 Chapter summary

This chapter discussed the importance of galaxy cluster in the grander scheme of

things which is their role in the intricate system that is our universe, highlighting

why it is necessary to have focused studies to understand their nature. It also covered

what is required to achieve the science goals related to the study of galaxy clusters,

the challenges associated with the data analysis and existing solutions to the said

challenges. This was followed by the alternative solution proposed by this study and

how it is suitable for addressing the data analysis challenges which is the classification

of radio emission sources using a Multi Layer Perceptron. It should be noted that the

use of an MLP in the radio astronomy domain is still at its infancy stage thus this

study presents a novel opportunity to benchmark its performance as a classifier.
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Methodology

This section of the thesis describes the approach used in the design, implementation

and application of a Multi Layer Perceptron as a classifier for radio galaxy cluster

emission sources associated with galaxy clusters. The aim of the thesis was to develop

a model to classify compact and extended radio emission sources in order to lessen the

dependence on human input for the classification task by evaluating how well a Multi

Layer Perceptron performs in classifying radio emission sources and its application as

a preliminary data eliminator.

3.0.1 Scikit-learn

The Scikit-learn [147] library was used for the Multi Layer Perceptron implementation

using its MLPClassifier class. The library’s hyperparameters for the MLP classifier

defined the structure of the network. The data was initially trained using the default

hyperparameters to study the model’s performance prior to tuning. After tuning, the

hyperparameters shown in Table 3.1 were determined to be optimal after assessing

the model performance. Some hyperparameters remained as default values while some

were changed to optimize the model’s performance as shown in Table 3.1. Attention

was directed towards the number of hidden layers, the activation function, the solver

and number of iterations.
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HYPERPARAMETER VALUE
Hidden layer sizes (100)
Activation function Identity

Solver Stochastic gradient descent
Number of layers 12

Number of hidden layers 10
Alpha 0.0001

Batch size Auto
Learning rate Constant

Learning rate init 0.0005
Maximum iterations 200

Shuffle True
Momentum 0.9

Number of iterations 371
Early stopping True

Validation fraction 0.1
Number of iterations 38

Table 3.1: The hyperparameters for the Multi Layer Perceptron model implemented.

3.0.2 Multi Layer Perceptron architecture

The Multi Layer Perceptron implemented had 12 layers in total, which included the

input and output layers. The total number of hidden layers for the model was 10. The

number of input features for the model was 42 and the output layer had 3 possible

output labels which corresponded to the three morphology types. The architecture is

shown in Figure 3.1.
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Figure 3.1: The Multi Layer Perceptron architecture implemented.

3.0.3 The experimental framework

To address the objectives previously stated (Chapter 1, section 1.5) which describes

the specific objectives of this research the methodology was designed and implemented

as shown in Figure 3.2:

Figure 3.2: The experimental framework

47



3. Methodology

Figure 3.2 depicts the linear workflow implemented for a Multi Layer Perceptron net-

work to classify radio emission sources based on three classes. The three classes were

‘S’ for a single Gaussian fitted in a given island, ‘C’ for a single Gaussian fitted that

lies in an island with another source and ‘M’ for a multi Gaussian fitted in a field.

The workflow included collecting the data and preparing it to be fed into the model,

implementing the model, training it and finally testing the model and evaluating its

performance followed by parameter tuning to improve its performance. To address the

objectives of the study, there were two training and testing data sets that followed the

same workflow shown in Figure 3.2. It should be noted that this research methodology

does not consider the classification of radio emission using alternative classification

approaches such as labelling them as relics, halos or AGNs. It thus does not go deeper

than that. There could also be a mapping of the predictions to the FITS images to

view the morphology type of sources in order to get a better understanding of the way

the model predicted the sources.

3.0.4 MeerKAT observations

The MeerKAT is a radio interferometer with 64 dishes in total and is located in the

Northern Cape, South Africa. The 64-antenna array can be used to detect space from

a declination lower than 45� with a combined collecting surface area of 9,000 m2. As

a precursor to the SKA, the MeerKAT is the most highly perceptive interferometer

at the decimetre wavelength until the completion of the SKA. It is also optimised for

the detection of point sources to accommodate the large-scale survey projects. The

MeerKAT operates on a frequency range between 580MHz and 14.5GHz in the Ultra

High Frequency (UHF) at 580 to 1015 MHz, the L and S frequency bands at 900

to 1670 MHz and 1.75 to 3.5 GHz respectively. Proposals submitted for observation

time using the MeerKAT for large- scale surveys which would exceed 1000 hrs of of

observation resulted in 11 successful applications. Among the accepted proposals was

LADUMA for the extensive study of atomic Hydrogen (HI) regarding its cosmic evo-

lution over 9 billion years ago. It also includes the MIGHTEE, MHONGOOSE and

ThunderKAT [148]. The MeerKAT Galaxy Cluster Legacy Survey (MGCLS) is also

one such survey that tracks galaxy clusters and has resulted in 115 galaxy clusters ob-

served at the L-band for approximately 1000 hours [149]. This data was made public
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for use in scientific studies. The survey focused on investigating the polametric and

continuum studies as well as investigating HI in the aforementioned galaxies. The sur-

vey has provided opportunities to do research on the source rich environments relating

to source populations, morphologies, astrophysical processes and the surrounding en-

vironments that make them possible. An aspect which this paper investigates is the

automated classification of the sources derived from the survey. As stated in the paper

by Knowles et al [149] PyBDSF was used for the detection of sources from the obser-

vation images. This provided a list of compact and extended sources. They availed the

collection of compact sources and state that the process of confirming extended radio

emission sources is one exhaustive and time consuming process. This research provides

an automated solution for both the compact and extended sources from MGCLS.

3.0.5 Data collection

The first data set comprised of a catalog of radio galaxy clusters in comma-separated

values (CSV) files from MGCLS. The CSV files were shared by one of the authors

and co-supervisor to this research [60]. There were 104 CSV files in total. Each CSV

file listed all radio emission sources detected from each galaxy cluster. Table 3.2 lists

the galaxy clusters used for the training and testing of the Multi Layer Perceptron. It

provides the name of the cluster, its coordinates i.e J2000 Right Ascension (RA) and

Declination (Dec), it’s redshift (z ) and the number of sources for each galaxy cluster.

No. Galaxy cluster RAJ2000 DecJ2000 z Source population

1. Abell 13 3.3842 -19.5010 0.094 5561

2. Abell 22 5.1608 -25.7220 0.142 6525

3. Abell 33 6.7792 -19.5067 0.280 3579

4. Abell 85 10.4529 -9.3180 0.055 4951

5. Abell 548 86.7571 -25.6164 0.042 4789

6. Abell 2485 342.1371 -16.1064 0.247 7734

7. Abell 2597 351.3321 -12.1244 0.085 1780

8. Abell 2645 355.3200 -9.0275 0.251 3687

9. Abell 2667 357.9196 -26.0836 0.230 7699

10. Abell 2744 3.5671 -30.3830 0.308 5478
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11. Abell 2751 4.0580 -31.3885 0.107 3831

12. Abell 2811 10.5368 -28.5358 0.108 1375

13. Abell 2813 10.8517 -20.6214 0.292 5120

14. Abell 2895 19.5463 -26.9731 0.227 6253

15. Abell 3365 87.0500 -21.9350 0.093 2290

16. Abell 3376 90.4256 -39.9851 0.046 4627

17. Abell 3562 202.7833 -31.6731 0.049 5768

18. Abell 3667 303.1403 -56.8406 0.056 2248

19. Abell 4038 356.8796 -28.2028 0.028 6674

20. Abell S295 41.4000 -53.0380 0.300 7046

21. Abell S1121 351.2844 -41.2118 0.190 3086

22. MACS J0025.4-1222 6.3724 -12.3770 0.584 4051

23. MACS J0257.6-2209 44.4179 -22.1628 0.322 4835

24. MACS J0257.6-2209 44.4179 -22.1628 0.322 5094

25. MACS J0417.5-1155 64.3942 -11.9089 0.440 6423

26. PLCK G200.9-28.2 72.5871 -2.9493 0.220 4037

27. RXC J0225.1-2928 36.3750 -29.5000 0.060 3576

28. RXC J0510.7-0801 77.6846 -8.0200 0.220 4004

29. RXC J0520.7-1328 80.1967 -13.5022 0.336 1804

30. RXC J2351.0-1954 357.7704 -19.9133 0.248 6733

31. J0014.3-6604 3.5767 -66.0775 0.155 8929

32. J0027.3-5015 6.8388 -50.2511 0.145 6110

33. J0051.1-4833 12.7967 -48.5597 0.187 7653

34. J0108.5-4020 17.1383 -40.3500 0.143 7214

35. J0117.8-5455 19.4604 -54.9239 0.251 8689

36. J0145.0-5300 26.2596 -53.0139 0.118 7447

37. J0145.2-6033 26.3196 -60.5650 0.184 6939

38. J0212.8-4707 33.2246 -47.1328 0.115 6653

39. J0216.3-4816 34.0796 -48.2731 0.163 6076

40. J0217.2-5244 34.3025 -52.7469 0.343 6613

41. J0225.9-4154 36.4775 -41.9097 0.220 7607

42. J0232.2-4420 38.0700 -44.3475 0.284 8320
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43. J0303.7-7752 45.9433 -77.8692 0.274 5501

44. J0314.3-4525 48.5825 -45.4242 0.073 8739

45. J0317.9-4414 49.4938 -44.2389 0.075 6590

46. J0328.6-5542 52.1563 -55.7128 0.086 6321

47. J0336.3-4037 54.0779 40.6222 0.062 4037

48. J0342.8-5338 55.7246 -53.6353 0.060 6544

49. J0351.1-8212 57.7871 -82.2167 0.061 7231

50. J0352.4-7401 58.1229 -74.0308 0.127 5952

51. J0406.7-7116 61.6908 -71.2750 0.229 6448

52. J0416.7-5525 64.1871 -55.4189 0.365 6664

53. J0431.4-6126 67.8504 -61.4439 0.059 3415

54. J0449.9-4440 72.4800 -44.6781 0.172 8228

55. J0510.2-4519 77.5575 -45.3211 0.200 6639

56. J0516.6-5430 79.1583 -54.5142 0.297 6541

57. J0525.8-4715 81.4650 -47.2506 0.191 5194

58. J0528.9-3927 82.2346 -39.4628 0.284 5698

59. J0540.1-4050 85.0263 -40.8422 0.036 5703

60. J0540.1-4322 85.0417 -43.3822 0.085 6286

61. J0542.8-4100 85.7117 -41.0014 0.640 8317

62. J0543.4-4430 85.8517 -44.5053 0.164 4908

63. J0545.5-4756 86.3775 -47.9406 0.130 6882

64. J0600.8-5835 90.2013 -58.5872 0.037 7922

65. J0607.0-4928 91.7558 -49.4833 0.056 5536

66. J0610.5-4848 92.6333 -48.8072 0.243 6271

67. J0616.8-4748 94.2233 -47.8050 0.116 7178

68. J0625.2-5521 96.3179 -55.3517 0.121 4447

69. J0626.3-5341 96.5950 -53.6956 0.051 4192

70. J0627.2-5428 96.8100 -54.4700 0.051 1801

71. J0631.3-5610 97.8363 -56.1722 0.054 8837

72. J0637.3-4828 99.3288 -48.4783 0.203 6993

73. J0638.7-5358 99.6938 -53.9717 0.233 8016

74. J0645.4-5413 101.3721 -54.2189 0.167 6240
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75. J0658.5-5556 104.6296 -55.9469 0.296 6190

76. J0712.0-6030 108.0225 -60.5017 0.032 6472

77. J0738.1-7506 114.5375 -75.1067 0.111 8300

78. J0745.1-5404 116.2900 -54.0789 0.074 6884

79. J0757.7-5315 119.4438 -53.2636 0.043 7069

80. J0812.5-5714 123.1263 -57.2350 0.062 6182

81. J0820.9-5704 125.2483 -57.0797 0.061 6224

82. J0943.4-7619 145.8542 -76.3325 0.199 3890

83. J0948.6-8327 147.1642 -83.4656 0.198 7233

84. J1040.7-7047 160.1867 -70.7969 0.061 4498

85 J1130.0-4213 172.5233 -42.2297 0.155 7121

86. J1201.0-4623 180.2642 -46.3906 0.118 8042

87. J1240.2-4825 190.0571 -48.4328 0.152 6935

88. J1248.7-4118 192.1996 -41.3078 0.011 2663

89. J1358.9-4750 209.7371 -47.8386 0.074 5483

90. J1410.4-4246 212.6188 -42.7769 0.049 6267

91. J1423.7-5412 215.9304 -54.2033 0.300 6595

92. J1518.3-4632 229.5950 -46.5403 0.056 4586

93. J1535.1-4658 233.7879 -46.9792 0.036 4543

94. J1539.5-8335 234.8913 -83.5922 0.073 6703

95. J1601.7-7544 240.4446 -75.7461 0.153 5714

96. J1645.4-7334 251.3592 -73.5817 0.069 4037

97. J1653.0-5943 253.2533 -59.7331 0.048 4214

98. J1705.1-8210 256.2929 -82.1739 0.074 4650

99. J1840.6-7709 280.1550 -77.1556 0.019 6314

100. J2023.4-5535 305.8500 -55.5917 0.232 7525

101. J2104.9-8243 316.2446 -82.7228 0.097 6841

102. J2222.2-5235 335.5579 -52.5869 0.174 5437

103. J2319.2-6750 349.8000 -67.8400 0.029 6071

104. J2340.1-8510 355.0429 -85.1783 0.193 6390

Table 3.2: Description of the cluster sample for this study.

52



3. Methodology

A galaxy cluster was represented with a single CSV file containing several radio emis-

sion sources in the order of thousands as shown in Table 3.2. In total there were 607

252 sources, 486 019 sources were used for the training of the Multi Layer Perceptron

while 121 233 sources were used for the testing stage. Due to the split of the galaxy

clusters files, there was a lower number of sources for the testing sample. Each CSV

file had 42 features. The features are listed in Table 3.3. All 42 features were used in

training of the Multi Layer Perceptron to classify radio emission sources.

The application of PyBDSF to the data was not required prior to training and testing

since the data was already numerical and had been derived from the use of PyBDSF.

The data was split 80/20 where 80% of the data was used for training the model

and the remaining 20% was used for testing and evaluation of the model in the

classification task. It is important to split the data such that the majority of the

data is for training the model while the rest is assigned to the validation and testing

stages. As an example Hemdan et al [150] used the 80/20 data set split also known

as the Pareto principle for an ideal data split. Out of 104 files containing numerous

radio emission sources, 83 files were used as the training set and 21 files were used as

the testing data set. The files were chosen for the split instead of individual source in

order to have an array of different galaxy clusters and sources. This also meant that

the testing sources were small due to the varying source populations in the CSV files.

The second data set used for the training and testing of the MLP was obtained from

the observations of a radio galaxy cluster by the MeerKAT. The data set was derived

from radio images of the merging galaxy cluster Abell 3376 hereafter A3376. There

were eight images each one an image of the galaxy cluster A3376 observed at different

frequency sub-bands. For specific observations the target source is often observed at

varying sub-bands in order to capture it in greater detail. What is absent in one image

such as a radio source or an astrophysical phenomenon can often be found in another

image of the same target thus observing a target in varying frequency sub-bands

results in various images of the same target. The observations of the target source

in different sub-bands also captured the fluctuation of source populations in each

image. Among the radio images obtained was a Multi-Frequency Synthesis (MFS)

image which was a composite image of all the seven sub-band images and made the
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No. Data feature
1. Right ascension
2. E_Right ascension
3. Declination
4. E_Declination
5. Total_flux
6. E_total_flux
7. Peak_flux
8. E_Peak_flux
9. RA_max
10. E_RA_max
11. DEC_max
12. E_DEC_max
13. Maj
14. E_Maj
15. Min
16. E_min
17. PA
18. E_PA
19. Maj_img_plane
20. E_Maj_img_plane
21. Min_img_plane
22. E_Min_img_plane
23. PA_img_plane
24. E_PA_img_plane
25. DC_Maj
26. E_DC_Maj
27. DC_Min
28. E_DC_Min
29. DC_PA
30. E_DC_PA
31. DC_Maj_img_plane
32. E_DC_Maj_img_plane
33. DC_Min_img_plane
34. E_DC_Min_img_plane
35. DC_PA_img_plane
36. E_DC_PA_img_plane
37. Isl_Total_flux
38. E_Isl_Total_flux
39. Isl_rms
40. Isl_mean
41. Resid_Isl_rms
42. Resid_Isl_mean

Table 3.3: A list of the data feature used for the training of the MLP.
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Figure 3.3: Multi-Frequency Synthesis (MFS) image of A3376

eighth image in the data set. Each image was a FITS file type and was approximately

400 MB in size. The data analysis and imaging of A3376 were kindly provided by

Chibueze et al [60]. Figure 3.3 shows the Multi-Frequency Synthesis (MFS) image

of A3376. The image contained thousands of radio emission sources with different

morphology types from compact sources to extended sources.

3.0.6 Data preparation

A Flexible Image Transport System (FITS) is the standard file format in astronomy

which was developed by Wells et al [151] to make it easier for different observatories

to share images among themselves and with each other using a standard format.

Previously each observatory designed and utilised their own software for processing

images with a specific file format, which in turn was mostly incompatible with software

from other observatories. The FITS format ensured uniform compatibility regardless

of the software and equipment any observatory had. One of it’s main requirements

as a image format was to be flexible enough to transfer n-dimensional structured

data arrays regarding an image and it’s related text information, i.e parameters that

give more details about the image and also be able to be used by other fields besides
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astronomy.

The hierarchy of a FITS file consists of a primary header data unit(HDU) which is

the initial header followed by it’s primary array if it exists and provides the general

information about the file [152]. The next record is a header with it’s own data

units arranged in a logical manner. A single FITS file can contain several headers

and units with the headers encoded in the American Standard Code for Information

Interchange( ASCII). Several FITS formats are available. This has since increased

because of the surge in astronomy data processing. This includes random group

format and prime data matrix [153]. The initial FITS was stored in magnetic tape and

it’s size was 23040 bits [154] but has since increased. The Flexible Image Transport

System helps link metadata to the image as headers in the standard ASCII format.

This is stored in a database that can be custom queried depending on the user intent

[155].

Considering that an MLP takes a vector as input for the training and testing, the

images of A3376 were firstly transformed into numerical data that could be used for

training and testing by the model. In order to create the necessary vectors, PyBDSF

was selected as a source finding tool for this purpose. A product of PyBDSF among

several is a list of detected sources within the image together with their attributes.

3.0.7 PyBDSF

The Python Blob Detector and Source Finder (PyBDSF, formerly known as PyBDSM)

[97] is a radio source detector software widely used in the field of radio astronomy

and perceived as a state of the art source finder. Studies such as Vafaei et al [41] have

compared their machine learning algorithms performance to PyBDSF. While others

have included it, using PyBDSF in their machine learning process such as Lukic et

al [22] as a source labelling tool. It’s main purpose is to break down interferometry

images such as the ones used in this study into radio sources that can be further used

for research. Interferometry images are formed when signals from several telescopes are

combined to produce higher resolution images of any given target source such as the

MeerKAT. It breaks down an image’s components into either wavelets, Gaussians or
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shapelets in order to extract sources found in the image. Figure 3.4 shows the sequen-

tial flow of processes for PyBDSF source detection that was implemented in this study.

Figure 3.4: Flow chart for the source detection process using PyBDSF

The application of Python Blob Detector and Source Finder for source detection

began by reading the input image which normally is a FITS file format [156]. It then

produced a ‘ch0’ continuum image with a set of values describing the polarisation

state of the image known as the Stokes l polarization parameters. A polarization

parameter example is the total intensity of the optical beam. The ‘ch0’ image was the

one used in the proceeding image computations. As part of the pre-processing, image

statistics such as the dimensions of the image i.e whether it is a three dimensional

or four dimensional image, the number of bits per data pixel, possible extensions

in the FITS data set, image frequency, equinox and the telescope used for the

imaging were computed. This was followed by the calculation of the root mean

square and mean images of the background. This provided little information such

as the dimensions of artifacts found in the image but helped optimise detecting

possible islands in the image. A threshold that was used by PyBDSF for distin-

guishing noise and source pixel was specified which would be constant throughout

the processing of the image. Thereafter islands with possible radio emission sources

were identified and then fitted with a couple of Gaussians which were then flagged
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to produce more legitimate Gaussians. One of the image products was the residual

image in a FITS format produced from the difference between the image with noise

and the image where noise had been eliminated. The fitted Gaussians were then

shaped into individual sources depending on the number of Gaussians fitted per island.

Figure 3.5: Results of the interactive mode where outputs from each computation
stage are produced.

Figure 3.5 shows images produced after PyBDSF completed each stage of computa-

tions in order to detect radio sources. The top left image was the ‘ch0’ image used for

all proceeding computations, followed by an image of all the possible islands that were

identified by PyBDSF. The background rms and mean images were produced after

they were calculated. The lower middle image was the image of the fitted Gaussians
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followed by the Gaussian residual image. All the images were produced because the

interactive mode prior to reading the input FITS file was set to ‘TRUE’ and the

arrangement of the images in Figure 3.5 were not in chronological order in which

PyBDSF processes an image. All eight images underwent the same process to produce

eight CSV files. All values for the eight FITS images were set to default which means

the threshold for source pixel was calculated and determined by PyBDSF which is

usually 5-sigma and 3-sigma for pixel and the boundaries for islands respectively.

There were several exporting file formats for the source catalogs produced by PyBDSF

which included CSV, FITS and ASCII to mention a few. For this study a CSV file

format was selected as the output of the source catalog. The column names for each

source catalog matched the ones from the first data set and in total the output

columns for each data set was 42.

The last column in each CSV file was the S_Code which referred to the classification

labels for each source designated by PyBDSF. The three class labels for a radio source

were ‘S’ which denoted a single Gaussian in a given island, ‘C’ which denoted a single

Gaussian but in an island that has another source and ‘M’ which denoted a multi

Gaussian radio source. Once the islands are identified by PyBDSF where there are

possible radio emission sources, the islands are broken down into Gaussians. These

Gaussians are then assembled into sources. As shown by figure 3.6, Source 1 and

Source 2 which resulted from a single Gaussian fit from Island 2 will be classified as

single compact sources. On the other hand Source 3 where more than one Gaussian is

fitted will be classified as an extended complex radio emission source. The Gaussian

grouping was the last step in the PyBDSF flow chart which resulted in the generation

of the source catalogs. The images with the different frequency sub-bands were not set

up in any particular order for processing using PyBDSF.

Following the transformation from radio image data in order to detect all sources into

CSV files, the next step was to analyse the data statistics contained in the CSV files

and compare data populations. Table 3.4 shows the distribution of radio emission

sources detected for each class where the data set column indicates the number of

data points obtained from using PyBDSF. The class labels for the data sets and their
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Figure 3.6: Image hierarchy used by PyBDSF when processing an image. It shows
how Gaussian grouping occurs and the class labels assigned to each confirmed radio

emission source are deduced.

population distributions are shown in the classification labels column.

In terms of radio emission source class distribution, the single Gaussian per island

sources denoted by ‘S’ outnumbered the other two class labels significantly. In addition

some data sets had an overall low number of radio sources for training and testing such

as sub-band 6 and 7 and an even lower number of class ‘M’ radio sources as shown in

Table 3.4. In total there 6359 sources used for data set 2. The radio emission sources

from each sub-band was split 80/20 for training and testing.

Classification labels
DATA SET S C M TOTAL
Sub-band 1 2325 325 143 2793
Sub-band 2 4461 869 251 5581
Sub-band 3 3210 464 151 3825
Sub-band 4 1741 205 110 2056
Sub-band 5 3150 580 161 3891
Sub-band 6 1102 150 76 1328
Sub-band 7 1051 178 57 1286
Sub-band 8 7146 1231 344 8721
Total 6359

Table 3.4: The frequency sub-bands per image with corresponding source population
for the three classification labels ‘S’, ‘C’ and ‘M’.
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The skewed data distribution is further shown by Figure 3.7 where the data sets were

plotted against the three class labels. This showed the margin by which the class

label ‘S’ exceeded the other two class labels ‘C’ and ‘M’. Additionally it was apparent

that the class label ‘M’ rarely had any spike increase across all the data sets which

may have indicated that the availability of sources from the class label ‘M’ was not

influenced by the frequency sub-bands variation but rather that the source population

itself was quite rare in reality. Since this study explores the performance of a Multi

Layer Perceptron in a multi-class classification task, the aspect of how it handles the

imbalance will also be studied.

Figure 3.7: Source population from the eight data sets plotted against the three class
labels denoted by ‘S’, ‘C’ and ‘M’

.

3.0.8 Experimental Setup

The experimental setup for this study was designed to train and test a Multi Layer

Perceptron to predict class labels for radio emission sources. To do this each data set

was loaded into the MLP network where it was read and the basic parameters of each

data set computed such as the number of data entries, number of columns, class labels

per data set and the data type for each data entry. Data cleaning involved removing

any duplicates in the data sets, removing empty rows, rows with null values. Provided

with this information the data sets were then normalised so that data entry values

all ranged between zero and one to avoid the model being biased towards significantly

large values. The ‘S_Code’ column of each data set was further encoded to three values
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0, 1, & 2 which corresponded to class labels ‘C’, ‘M’ & ‘S’ respectively. The training

and testing process involved splitting the data sets for training and testing. Thereafter,

test the model on unseen data. Lastly the model performance was computed using the

performance metrics discussed (Chapter 3, section 3.4). The model parameters were

tuned given the model testing to determine the optimal parameters. Figure 3.8 depicts

the summary of work flow for the experimental set up used. For the two data sets

used, each was split into 80/20 where 80% of the data was used for training and 20%

was used for testing the model.

Figure 3.8: Flow chart for the experimental framework used to evaluate a Multi
Layer Perceptron for prediction radio emission sources.

3.0.9 Performance metrics

Supervised machine learning problems can be split into three categories where an

algorithm is developed to use patterns in data and inference to predict an output.

These include regression, binary classification and multi-class classification problems.

Regression problems involve predicting a continuous class or variable, while binary

classification problems are based on only two variables and a multi-class classification

involves more than two variables or classes. Due to the different nature of these

problems, there are different performance evaluation metrics that can be applied to

each category. Selecting one evaluation metric is not always enough to fully understand

the problem being solved and how it was being solved by the model. Utilizing more

than one metric can provide a bigger picture and give a better understanding. This

section will cover evaluation metrics chosen for a multi-class classification problem
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by a Multi Layer Perceptron that was used to predict radio emission sources based

on three possible classes. The metrics used were accuracy, confusion matrix, recall

and the F1 score with each metric providing insight on the performance of the

model. Since this is a multi-class classification problem, the metrics used took into

account the class cases for this study. Performance metrics applied in this study will

be calculated individually for each class and then discussed later. Selecting several

performance evaluation metrics for this study was essential since the data was highly

unbalanced and the metrics guaranteed insight on how the model performed in order

to understand how the MLP behaved and performed in predicting classes for radio

emission sources.

Since there are various ways of viewing a model performance given it’s aim, perfor-

mance for this study was defined by how well the model correctly assigns a class label

for each radio emission source. The aim was to ensure that all sources were correctly

classified and assigned their right class label. This was important as the incorrect or

false identification of emission sources equates to losses in the order of thousands. This

is not ideal when dealing with real time elimination of undesired data for large radio

surveys. Thus it is ideal to have a model that has a higher precision if there is a higher

recovery of true positives.

3.0.10 Confusion matrix

The confusion matrix provides a comparison between predicted values and the actual

values with the confusion matrix having N x N dimensions where N is the number of

possible class outputs. For a three class classification problem, the confusion matrix

will have a 3 x 3 dimension matrix. One dimension of the matrix contains the true

values which are then mapped to the predicted values producing a tabular format

of the model performance with regards to the following terms: True Positive(TP),

True Negative(TN), False Positive(FP) and False Negative (FN). True Positive values

implies the true value of the source and the model predicted value are the same and

are normally found along the diagonal of the confusion matrix while a False positive

implies that the model predicted a source as a positive when in fact the actual value

was negative. Thus the model incorrectly predicted the class label for that particular
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source. A True Negative implies the true label and the predicted label are the same

which means the model correctly predicted a class as a negative where it’s true value

was actually negative.

All false predictions are normally found in the cells that are not part of the diagonal

cells containing the True positives values. A False negative indicates that the true

value was positive but the model incorrectly predicted it a negative. A confusion

matrix allows for the computation of the model precision, specificity and recall. Since

the confusion matrix also shows the model’s lack of ability to correctly predict the

class labels, it is a matrix of the model’s confusion.

Figure 3.9: A N x N confusion matrix developed for the three class labels namely ’S’,
’C’ and ’M’ where the classification results can be calculated for each class.

The first representation of a confusion matrix was by Pearson [157] where he tabled

the relationship between two variables. This was seen as the first use of a confusion

matrix. This was eventually followed by Townsend [158] where confusion matrix for the

letters of the alphabets was made which resulted in a 26 x 26 matrix. It was later pub-

lished by Kohavi and Provost [159] leading to it’s popularity in the machine learning

community. Several studies have used a confusion matrix for multi-class classification

models performance evaluation in recent times such as Makhtar et al [160] in which

predictive models were compared with regards to their confusion matrix. Others in-
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clude [161], [162], [163], [164]. A confusion matrix for a multi classification can differ.

Two examples are Krüger [165] and Tharwat [166]. Where the True Positives can be

found in the diagonal cells for the matrix provided by Tharwat, the matrix provided

by Krüger has only one True Positive cell at the center of the matrix.

3.0.11 Precision

Precision is used to evaluate how well the model correctly classifies the true positives

out of all the positives computed by the confusion matrix. A high precision value

shows that a very few negatives were incorrectly classified as positives. It is calculated

as shown below:

Precision =
TP

TP + FP

Where TP is the number of True Positives and FP is the number of False Positives.

3.0.12 Recall

A high value for the recall indicates that a very small number of values were incor-

rectly classified as negatives. While precision evaluates how well the model correctly

identifies true positives from all the positives computed, recall focuses on determining

the proportion of true positives that were predicted correctly. Recall is defined by the

following formula:

Recall =
TP

TP + FN

Where TP is the true positives and FN is the false negatives which are incorrectly

classified positives as negatives.

3.0.13 Accuracy

There is a lot of emphasis on the accuracy of a machine learning model and while it is

commonly applied as a performance evaluation metric, it does not provide the desired

insight of the model performance.In this study, there is an imbalance of class. As such

it does not become apparent through the use of accuracy how the model performs. The

accuracy of the model is computed by determining the fraction of correctly predicted
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values without any regards to whether it is a true positive or true negative. Accuracy

can be be calculated as shown below:

Accuracy =
TP + TN

TP + FP + TN + FN

Where TP is the number of True Positives for each class label, TN is the number of

True Negatives, FP is the number of False Positives and FN is the number of False

Negatives for each class label.

3.0.14 F1_score

F1_score is an accumulated performance score that is derived from the weighted av-

erage on the precision and recall of the model in measuring how successful it is. It

is a median point between either using the number predicted positive values or the

true positive values to measure the total number of correctly predicted positives. Also

known as the harmonic mean. The F1_score is intuitive in relation to unbalanced data

sets thus it is a suitable performance score metric of how successful the model is. For

a multi-class classification task, the F1_score can be computed for each class label by

:

F1_ Score =
2⇥ Precision ⇥ Recall

Precision ⇥ Recall

Where precision and recall is calculated for each class label as discussed in previous

sections.

Generally the trade off between precision and recall is if the model is mainly biased

towards the positives, then the recall will be high but the precision will be low. If the

model is biased towards the negatives then the opposite would be true where the recall

is low and the precision of the model is high. In theory the aim is to ensure that the

recall, precision and accuracy values all together are closer to one.
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3.0.15 Chapter Summary

The methodology chapter covered the design and implementation of an MLP in order

to evaluate it’s performance in classifying radio emission sources associated with radio

galaxy clusters.It described the data collection, data preparation, the design and im-

plementation, its training and testing and model performance evaluation and tuning.

It concluded by discussing the performance evaluation metrics that were adopted and

how they assisted in describing the strengths and weakness of the model when it came

to the testing phase.
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Chapter 4

Results and discussion

4.0.1 Introduction

This chapter of the thesis will present and then discuss the results obtained from the

design and implementation of a Multi Layer Perceptron in the classification of radio

emission sources found in galaxy clusters. It will present results from the training of the

model followed by the testing results. The results presented were derived from the use

of the evaluation metrics discussed in chapter 3, section 3.4 in order to assess how well

the model performed in predicting class labels for the testing data. This will be followed

by the discussion on the factors affecting the model’s training and testing performance.

4.0.2 The Multi Layer Perceptron training results

In order to assess how the Multi Layer Perceptron performs, there was an exploration

of different hidden layers values and how they affected the training and testing of the

model. Five different values were used to assess the effect of the number of hidden layers

on the MLP’s performance. The results are shown in graph 4.1 where the Multi Layer

Perceptron with 1, 4, 6, 10 and 20 hidden layers was implemented. This is followed by

the validation curves for the 5 different values hidden layers parameters in graph 4.2.

68



4. Results and discussion

Figure 4.1: The MLP loss curves for different number of hidden layers.

Graph 4.1 shows that the Multi Layer Perceptron with one hidden layer took the

longest time to converge with 146 iterations. This was followed by the Multi Layer

Perceptron with 4 hidden layers which reached convergence after 75 iterations. The

Multi Layer Perceptron with 6 hidden layers reached convergence after 45 iterations.

The Multi Layer Perceptron with 10 hidden layers reached convergence after 48 iter-

ations. Lastly the Multi Layer Perceptron with 20 hidden layers reached convergence

after 52 iterations. The lowest loss obtained by the model during training was by the

Multi Layer Perceptron with 20 hidden layers and the Multi Layer Perceptron with 10

hidden layers with a model loss of approximately 0.1.

69



4. Results and discussion

Figure 4.2: The MLP validation curves for different number of hidden layers.

The highest validation score was by the Multi Layer Perceptron with 20 hidden layers.

This was followed by the Multi Layer Perceptron with 10 hidden layers. Then followed

closely by the Multi Layer Perceptron with 6 hidden layers with the best validation

score of approximately 0.97. The Multi Layer Perceptron with 1 hidden layer had a

validation score of approximately 0.96.
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4.0.3 The Multi Layer Perceptron testing results

The results presented are the outcomes of training and testing a Multi Layer Perceptron

to classify radio emission sources that are associated with galaxy clusters. The three

class labels were class 0, class 1 and class 2 which corresponded to whether a radio

emission source was a double source, an extended radio emission source or a single

compact source respectively. This section presents the confusion matrix accuracy re-

sults 1, recall results 1, F1_score results 1 for each of the 21 files used for testing.

Additionally the results of the evaluation of a Multi Layer Perceptron model on data

with different frequency sub-bands of the galaxy cluster A3376 are presented. This

was to determine if applying a Multi Layer Perceptron model on data derived from

observing a particular galaxy cluster at different frequency sub-bands had an impact

on how the model performed in classifying radio emission sources from that galaxy

cluster. A total of 8 data sets of the galaxy cluster A3376, with a 80/20 split for the

training and testing were used. The results are presented as confusion matrix results 2,

accuracy results 2, recall results 2 and F1_score results 2. In testing the performance

of the MLP while evaluating it as a preliminary data eliminator, the testing mimicked

real-time flow of data with the files each representing incoming data.

4.0.4 Confusion matrix results 1

Presented in this section is the confusion matrix for each data set used in the testing

phase of the Multi Layer Perceptron model in classifying radio emission sources from

unseen data. There were 21 confusion matrix corresponding to the 21 galaxy clusters

the model was tested on.
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(a) MACS_J0257.6-2209 (b) MACSJ_0025.4-1222B

Figure 4.3: Confusion matrix for MACS_J0257.6-2209 and MACSJ_0025.4-1222B

Figure 4.3 shows the confusion matrix for two galaxy clusters namely MACS_J0257.6-

2209 and MACSJ_0025.4-1222B. The class with the highest number of incorrectly

classified sources was class ‘S’ where 291 and 219 sources were incorrectly classified as

class ‘C’ where as they belonged to class ‘S’ for galaxy cluster MACS_J0257.6-2209

and MACSJ_0025.4-1222B respectively.

(a) RXCJ0225.1-22928 (b) PLCK_G200.9-28.2

Figure 4.4: Confusion matrix for RXCJ0225.1-22928 and PLCK_G200.9-28.2

Figure 4.4 shows the confusion matrix for two galaxy clusters RXCJ0225.1-22928

and PLCK_G200.9-28.2. RXCJ0225.1-22928 has the lowest number of incorrectly

classified sources overall which was 432 when compared to PLCK_G200.9-28.2 which

had 1016 sources incorrectly classified overall.
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(a) MACS_J0257.6-2209B (b) J2340.1-8510

Figure 4.5: Confusion matrix for MACS_J0257.6-2209B and J2340.1-8510

Figure 4.5 presents the confusion matrix for two galaxy clusters MACS_J0257.6-

2209B and J2340.1-8510. For the galaxy cluster MACS_J0257.6-2209B 557 sources

were correctly identified as class ‘C’, 104 correctly classified as belonging to class

‘M’ and 3652 sources were correctly identified as class ‘S’. As for the galaxy cluster

J2340.1-8510 933 sources were correctly assigned to class ‘C’, 180 sources correctly

assigned to class ‘M’ and 5071 sources correctly identified as belonging to class ‘S’.

(a) J0820.9-5704 (b) J1410.4-4246

Figure 4.6: Confusion matrix for J0820.9-5704 and J1410.4-4246

Figure 4.6 presents the confusion matrix for two galaxy clusters J0820.9-5704 and

J1410.4-4246. There was a high number of class ‘S’ misidentified sources from the

galaxy cluster J0820.9-5704. In total 1032 sources were incorrectly identified as be-

longing to class ‘C’ were as the sources belonged to class ‘S’. When compared to

the galaxy cluster J1410.4-4246 only 230 sources were incorrectly identified in that

same category. This was followed by class ‘C’ sources incorrectly identified as class ‘S’
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sources for both galaxy clusters J0820.9-5704 and J1410.4-4246 with 177 sources and

231 sources respectively.

(a) J1240.2-4825 (b) J0543.4-4430

Figure 4.7: Confusion matrix for J1240.2-4825 and J0543.4-4430

Figure 4.7 shows the confusion matrix results for galaxy clusters J1240.2-4825 and

J0543.4-4430. The galaxy cluster J1240.2-4825 had more sources when compared to

the galaxy cluster J0543.4-4430. J1240.2-4825 had 6935 in total in which 6652 were

correctly classified while 283 source were incorrectly classified. For the galaxy cluster

J0543.4-4430 there were a total of 4908 sources, 4380 of which were correctly classified

and 528 incorrectly classified by the model.

(a) J0626.3-5341 (b) J0528.9-3927

Figure 4.8: Confusion matrix for J0626.3-5341 and J0528.9-3927

Figure 4.8 presents the confusion matrix results for galaxy clusters J0626.3-5341 and

J0528.9-3927. The lowest number of incorrectly classified sources for galaxy cluster

J0626.3-5341 was 7 in which sources belonging to class ‘M’ were incorrectly identified

as sources belonging to class ‘C’ by the model. The galaxy cluster J0528.9-3927’s

lowest number of incorrectly identified sources per class was 6 where class ‘S’ sources
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were incorrectly assigned the class ‘M’ label.

(a) J0449.9-4440 (b) J0108.5-4020

Figure 4.9: Confusion matrix for J0449.9-4440 and J0108.5-4020

Figure 4.9 shows the confusion matrix results for galaxy clusters J0449.9-4440 and

J0108.5-4020. Out of a total of 1399 sources in class ‘C’ 1138 were correctly identified

as belonging to the group, 239 out of 301 sources were correctly identified as belonging

to class ‘M’ and out of 6528 sources in class ‘S’, 6118 were correctly classified as

belonging to that group for the galaxy cluster J0449.9-4440. For the galaxy cluster

J0108.5-4020 out of 1168 sources in class ‘C’, 1064 sources were correctly classified,

185 sources out of 209 sources were correctly assigned the class ‘M’ label and 5776

out of 5837 sources were correctly classified as class ‘S’ sources by the model.

(a) J0314.3-4525 (b) Abell_2895

Figure 4.10: Confusion matrix for J0314.3-4525 and Abell_2895

Figure 4.10 presents the confusion matrix results for galaxy clusters J0314.3-4525 and

Abell_2895. Out of 8739 sources, 8132 were correctly classified and 607 sources were
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incorrectly classified for the galaxy cluster. For the galaxy cluster Abell_2895 out of

a total of 6253 sources 6133 sources were correctly identified while 120 sources were

incorrectly classified.

(a) J0216.3-4816 (b) Abell_4038

Figure 4.11: Confusion matrix for J0216.3-4816 and Abell_4038

Figure 4.11 shows the confusion matrix results for galaxy clusters J0216.3-4816 and

Abell_4038. The lowest number of incorrectly classified sources were 6 sources from

class ‘M’ which were incorrectly classified as class ‘C’ sources for the galaxy cluster

J0216.3-4816 and the highest incorrectly classified was 784 class ‘S’ sources which

were assigned the class ‘C’ label. For the galaxy cluster Abell_4038 the lowest number

of incorrectly classified sources was 2 class ‘S’ sources that were assigned the class ‘M’

label and the highest number of incorrectly classified sources was 198 from the class

‘S’ sources misidentified as class ‘M’ sources.

(a) Abell_548 (b) Abell_13

Figure 4.12: Confusion matrix for Abell_548 and Abell_13
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Figure 4.12 shows the confusion matrix results for galaxy clusters Abell_548 and

Abell_13. The galaxy cluster Abell_548 had the lowest number of incorrectly

classified sources with 749 when compared to the 1339 misidentified sources from the

galaxy cluster Abell_13.

Figure 4.13: Confusion matrix for galaxy cluster Abell_2744

Figure 4.13 shows the confusion matrix results for the galaxy cluster Abell_2744. 466

sources were correctly classified as class ‘C’ sources, 130 were correctly classified as

class ‘M’ sources and 4352 sources were correctly classified as class ‘S’ sources. The

highest number of incorrectly classified sources was 290 class ‘C’ sources misidentified

as class ‘S’ sources.

4.0.5 Accuracy results 1

This section presents the accuracy results with table 4.1 presenting the model accuracy

for each of the galaxy clusters used for the testing of the model. The highest accuracy

obtained by the model was 0.98 and the lowest accuracy obtained by the model was

0.75.
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GALAXY CLUSTER ACCURACY TOTAL NO. OF SOURCES
RXCJ0225.1-22928 0.88 3576

MACSJ_0025.4-1222B 0.88 4051
MACS_J0257.6-2209 0.90 4835
PLCK_G200.9-28.2 0.75 4037

MACS_J0257.6-2209B 0.85 5094
J2340.1-8510 0.97 6390
J0820.9-5704 0.80 6224
J1410.4-4246 0.91 6267
J1240.2-4825 0.96 6935
J0543.4-4430 0.89 4908
J0626.3-5341 0.86 4192
J0528.9-3927 0.97 5698
J0449.9-4440 0.91 8228
J0108.5-4020 0.97 7214
J0314.3-4525 0.93 8739
Abell_2895 0.98 6253
J0216.3-4816 0.81 6076
Abell_4038 0.94 6674
Abell_548 0.84 4789
Abell_13 0.76 5561

Abell_2744 0.90 5492
Average accuracy 0.89 121 233

Table 4.1: The accuracy results for the 21 galaxy clusters used for testing the Multi
Layer Perceptron model and the total number of sources for each galaxy cluster.

4.0.6 Precision results 1

This section presents the precision results shown in Table 4.2. The highest precision

obtained by the model among the three classes was 0.99 for class ‘S’ sources in the

galaxy cluster Abell_2895. The lowest precision being 0.29 for class ‘C’ in the galaxy

cluster PLCK_G200.9-28.2. The highest precision obtained for the class ‘C’ was 0.94

and the highest precision obtained for the class ‘M’ sources was 0.96.
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GALAXY CLUSTER CLASS ‘C’ CLASS ‘M’ CLASS ‘S’
RXCJ0225.1-22928 0.59 0.90 0.93

MACSJ_0025.4-1222B 0.64 0.70 0.93
MACS_J0257.6-2209 0.63 0.92 0.95
PLCK_G200.9-28.2 0.29 0.62 0.86

MACS_J0257.6-2209B 0.54 0.83 0.93
J2340.1-8510 0.93 0.90 0.98
J0820.9-5704 0.35 0.85 0.96
J1410.4-4246 0.71 0.95 0.95
J1240.2-4825 0.85 0.94 0.98
J0543.4-4430 0.63 0.58 0.97
J0626.3-5341 0.43 0.71 0.94
J0528.9-3927 0.92 0.93 0.98
J0449.9-4440 0.73 0.96 0.95
J0108.5-4020 0.94 0.93 0.98
J0314.3-4525 0.76 0.95 0.98
Abell_2895 0.96 0.89 0.99
J0216.3-4816 0.45 0.69 0.93
Abell_4038 0.81 0.91 0.97
Abell_548 0.52 0.76 0.90
Abell_13 0.34 0.87 0.91

Abell_2744 0.77 0.62 0.93
Average precision 0.67 0.83 0.95

Table 4.2: The precision results for the 21 galaxy clusters used for testing the Multi
Layer Perceptron model.

4.0.7 Recall results 1

This section presents the recall results shown in table 4.3 for each of the 21 galaxy

clusters. The lowest recall for class ‘C’ was 0.37 and the highest recall obtained was

0.93. The lowest recall obtained for class ‘M’ was 0.46 and the highest recall was 0.92.

For class ‘S’ sources the lowest recall was 0.63 and the highest recall obtained was

0.99.
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GALAXY CLUSTER CLASS ‘C’ CLASS ‘M’ CLASS ‘S’
RXCJ0225.1-22928 0.67 0.59 0.63

MACSJ_0025.4-1222B 0.66 0.71 0.93
MACS_J0257.6-2209 0.76 0.72 0.93
PLCK_G200.9-28.2 0.37 0.46 0.83

MACS_J0257.6-2209B 0.67 0.73 0.89
J2340.1-8510 0.89 0.86 0.99
J0820.9-5704 0.74 0.85 0.81
J1410.4-4246 0.72 0.65 0.96
J1240.2-4825 0.88 0.81 0.98
J0543.4-4430 0.82 0.86 0.90
J0626.3-5341 0.57 0.87 0.89
J0528.9-3927 0.91 0.84 0.99
J0449.9-4440 0.81 0.79 0.94
J0108.5-4020 0.91 0.89 0.99
J0314.3-4525 0.90 0.89 0.94
Abell_2895 0.93 0.92 0.99
J0216.3-4816 0.67 0.81 0.83
Abell_4038 0.87 0.84 0.96
Abell_548 0.50 0.70 0.91
Abell_13 0.61 0.58 0.70

Abell_2744 0.59 0.76 0.96
Average recall 0.74 0.77 0.91

Table 4.3: The recall results for the 21 galaxy clusters used for testing the Multi
Layer Perceptron model.

4.0.8 F1_score results 1

This section presents the F1_score results of the Multi Layer Perceptron. Table 4.4

shows the F1_score obtained for each of the 21 galaxy clusters used for the testing

of the model. The highest F1_score obtained by the model for class ‘C’ was 0.94 and

lowest was 0.32. For class ‘M’ the highest F1_score obtained was 0.92 and the lowest

F1_score obtained was 0.53. For class ‘M’ the highest and lowest F1_score obtained

by the model was 0.99 and 0.85 respectively.
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GALAXY CLUSTER CLASS ‘C’ CLASS ‘M’ CLASS ‘S’
RXCJ0225.1-22928 0.63 0.71 0.93

MACSJ_0025.4-1222B 0.65 0.70 0.93
MACS_J0257.6-2209 0.69 0.81 0.94
PLCK_G200.9-28.2 0.32 0.53 0.85

MACS_J0257.6-2209B 0.60 0.77 0.91
J2340.1-8510 0.91 0.88 0.98
J0820.9-5704 0.47 0.85 0.87
J1410.4-4246 0.71 0.77 0.95
J1240.2-4825 0.87 0.87 0.98
J0543.4-4430 0.71 0.70 0.94
J0626.3-5341 0.49 0.78 0.92
J0528.9-3927 0.91 0.88 0.98
J0449.9-4440 0.77 0.87 0.95
J0108.5-4020 0.93 0.90 0.99
J0314.3-4525 0.82 0.92 0.96
Abell_2895 0.94 0.90 0.99
J0216.3-4816 0.54 0.75 0.88
Abell_4038 0.84 0.88 0.97
Abell_548 0.51 0.73 0.91
Abell_13 0.44 0.70 0.85

Abell_2744 0.67 0.68 0.95
Average F1_score 0.67 0.79 0.93

Table 4.4: The F1_score results for the 21 galaxy clusters used for testing the model.

4.0.9 Confusion matrix results 2

This section presents the confusion matrix computations of the Multi Layer Perceptron

on classifying radio emissions found in the galaxy cluster A3376. Each data set was

represented by a frequency sub-band in which the galaxy cluster was observed in. In

total there were data sets 1-8 corresponding to frequency sub-bands 1-8.

(a) Sub-band 1 (b) Sub-band 2

Figure 4.14: Confusion matrix for Sub-band 1 and Sub-band 2.

81



4. Results and discussion

Figure 4.14 presents the confusion matrix results for Sub-band 1 and Sub-band 2. For

Sub-band 1, 54 sources were correctly classified as belonging to class ‘C’, 33 sources

were correctly classified as class ‘M’ sources and 463 sources correctly classified as

belonging to class ‘S’. For Sub-band 2, 141 sources were correctly classified as belonging

to class ‘C’, 48 sources were correctly classified as class ‘M’ and 894 source were

correctly classified as belonging to class ‘S’.

(a) Sub-band 3 (b) Sub-band 4

Figure 4.15: Confusion matrix for Sub-band 3 and Sub-band 4.

Figure 4.15 shows the confusion matrix results for Sub-band 3 and Sub-band 4. For

Sub-band 3, 15 sources were incorrectly classified and for Sub-band 4, 19 sources

were incorrectly classified. For correctly classified sources, 750 sources were correctly

classified as either belonging to class ‘C’, class ‘M’ or ‘S’ and 393 sources were correctly

classified for Sub-band 4.

(a) Sub-band 5 (b) Sub-band 6

Figure 4.16: Confusion matrix for Sub-band 5 and Sub-band 6.

Figure 4.16 shows the confusion matrix for Sub-band 5 and Sub-band 6. Out of 779

sources, 748 sources were correctly classifies and 31 sources were incorrectly classified
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for Sub-band 5. Out of 716 sources, 697 sources were correctly classified for Sub-band

6.

(a) Sub-band 7 (b) Sub-band 8

Figure 4.17: Confusion matrix for Sub-band 7 and Sub-band 8.

Figure 4.17 shows the confusion matrix for Sub-band 7 and Sub-band 8. For Sub-band

7, 263 sources were correctly classified and for Sub-band 8, 1714 sources were classified

correctly.

4.0.10 Accuracy results 2

This section presents the accuracy results of the Multi Layer Perceptron in classifying

sources in different frequency sub-bands.

FREQUENCY SUB-BAND ACCURACY TOTAL No. OF SOURCES
1 0.98 559
2 0.97 1117
3 0.98 765
4 0.95 412
5 0.96 779
6 0.97 716
7 0.95 266
8 0.98 1745

Average Accuracy 0.97 6359

Table 4.5: Accuracy results of the Multi Layer Perceptron in classifying sources in
varied frequency sub-bands and the number of sources used for testing.

Table 4.5 shows the accuracy for each frequency sub-band and the number of sources

used for testing the model. The highest accuracy obtained by the model was 0.98 and

the lowest accuracy was 0.97.
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4.0.11 Precision results 2

This section presents the precision results of the Multi Layer Perceptron in classify-

ing sources in different frequency sub-bands. Table 4.6 shows the precision for each

frequency sub-band used for testing the model. The highest precision obtained by the

model for class ‘C’ was 0.96, for class ‘M’ was 1.00 and for class ‘S’ was 0.99.

FREQUENCY SUB-BAND CLASS ‘C’ CLASS ‘M’ CLASS ‘S’
1 0.92 0.97 0.99
2 0.93 0.91 0.98
3 0.96 0.91 0.99
4 0.78 1.00 0.97
5 0.92 0.86 0.97
6 0.93 0.95 0.98
7 0.85 0.93 0.96
8 0.95 0.97 0.99

Average precision 0.91 0.94 0.98

Table 4.6: Precision results for the Multi Layer Perceptron in classifying sources in
varied frequency sub-bands and the number of sources used for testing.

4.0.12 Recall results 2

This section presents the recall results of the Multi Layer Perceptron in classifying

sources in the different frequency sub-bands. Table 4.7 shows the recall results for

each frequency sub-band used for testing the model. The highest recall obtained by

the model for class ‘C’ was 0.95, for class ‘M’ was 0.97 and for class ‘S’ was 0.99.

FREQUENCY SUB-BAND CLASS ‘C’ CLASS ‘M’ CLASS ‘S’
1 0.95 0.97 0.99
2 0.87 0.96 0.99
3 0.92 0.91 0.99
4 0.76 0.73 0.99
5 0.84 0.81 0.99
6 0.83 0.95 0.99
7 0.63 0.93 0.99
8 0.94 0.96 0.99

Average recall 0.84 0.90 0.99

Table 4.7: Recall results for the Multi Layer Perceptron in classifying sources in the
different frequency sub-bands and the number of sources used for testing.
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4.0.13 F1_score results 2

This section presents the F1_score results of the Multi Layer Perceptron in classifying

sources in the different frequency sub-bands. Table 4.8 shows the F1_score for each

frequency sub-band used for testing the model. The highest F1_score obtained by the

model for class ‘C’ was 0.95, for class ‘M’ was 0.97 and for class ‘S’ was 0.99.

FREQUENCY SUB-BAND CLASS ‘C’ CLASS ‘M’ CLASS ‘M’
1 0.93 0.97 0.99
2 0.90 0.93 0.98
3 0.94 0.91 0.99
4 0.77 0.84 0.98
5 0.88 0.83 0.98
6 0.88 0.95 0.99
7 0.72 0.93 0.98
8 0.95 0.97 0.99

Average F1_score 0.87 0.92 0.99

Table 4.8: F1_score results for the Multi Layer Perceptron in classifying sources in
the different frequency sub-bands and the number of sources used for testing.

4.0.14 Discussion

This section provides the discussion of the results on the performance of a Multi Layer

Perceptron model in classifying radio emission sources associated with galaxy clusters.

Firstly a discussion of its performance on the three classes used for classification fol-

lowed by a discussion on the model performance on different frequency sub-bands of

radio emission sources associated with the galaxy cluster A3376.

4.0.15 Confusion matrix

A confusion matrix gives a more detailed comparison report between the predicted

values and the true values. The confusion matrix for each of the galaxy clusters used

for testing the model indicate that the Multi Layer Perceptron had more correctly

predicted sources as compared to incorrectly classified sources. The sum of values along

the diagonal cells in the confusion matrix for most of the galaxy clusters was more than

the sum of the remaining cells in the matrix which was all the incorrectly predicted

values. An interesting trend shown by the confusion matrix from the 21 galaxy clusters
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was how the model often confused class ‘C’ sources as class ‘S’ sources and vice versa.

There was a significant number of misclassifed sources among the two classes. Class

‘M’ had the lowest number of incorrectly classified sources in comparison. An example

being from Figure 4.6 (a) which recorded 1032 incorrectly classified sources from class

‘S’ as class ‘C’ sources. Another example being Figure 4.4 (b) which shows 351 class ‘C’

sources incorrectly assigned to class ‘S’. This shows a strong correlation between the

two classes that causes the model to incorrectly classify sources belonging to either of

the two classes in such high numbers. The correlation may be attributed to the model

failing to distinguish properly between class ‘S’ and class ‘C’ sources which could be

that the two source classes have a significant similarity. In addition the confusion by

the model may have been attributed by the Gaussian fitting method used by PyBDSF

when breaking down interferometry images. PyBDSF defines class ‘C’ as sources with

a Gaussian fitted in a field with another source which refers to double sources. This

may be translated as two single sources belonging to class ‘S’. However it is unclear

how the model determined it.

4.0.16 Model accuracy

The model accuracy was on average 89% correct in classifying the radio emission

sources into either class ‘C’, class ‘M’ or class ‘S’. This accuracy value indicates

that the model performed well in distinguishing between the three class sources and

assigning them the proper class label in most of the instances. The accuracy was

high in cases where there was a higher number of sources for the model testing as

shown in Table 4.1 where the 97% accuracy was obtained for galaxy clusters with

radio emission sources higher than 6000. Galaxy clusters with source populations

between 3000 and 5000 obtained accuracy values in the region of 80%. There was an

exception for the galaxy cluster PLCKG200.9-28.2 and Abell_13 with an accuracy of

75% and 76% respectively. While the higher the number of sources per galaxy cluster

indicated that the model accuracy was higher this was not the case in other galaxy

clusters. However it does indicate that there were more correctly classified radio

emission sources than the incorrectly classified sources which is desirable in a classifier.
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The model accuracy obtained for the classification of radio emission sources associated

with the A3376 galaxy cluster was higher in comparison to the testing data set 1.

In this case the model performance was evaluated to determine how it behaved

when classifying radio emissions for a given galaxy cluster which was observed in

different frequency sub-bands to find out if the model performance would improve

or decline. The average accuracy for the model was 97% which was very high when

compared to 89% accuracy obtained by the model previously. While a high accuracy

may be desirable in a machine learning algorithm, overfitting may contribute to the

high accuracy obtained by the model. Small data sets often contribute to the model

overfitting. This was the case for some of the data sets used such as Sub-band 2 and

Sub-band 4. There were even lower numbers for the class ‘C’ which had 76 and 57

sources for Sub-band 6 and Sub-band 7 respectively. This was for both the model

training and testing. An increase in the class sample size would have reduced the

model overfitting and provided a clearer picture.

Generally the accuracy shows a good model generalization even with a significant

imbalance in terms of the class ‘M’ sources. This may have been contributed by the

majority of sources belonging to class ‘C’ and class ‘S’ which generally scored high

numbers in the model’s accuracy evaluation.

4.0.17 Precision

The model precision identified the ratio of true positives out of all positives which

include both the true positives and false positives. The model was tested on

approximately 120 000 radio emission sources from the 21 radio galaxy clusters.

According to the evaluation of the Multi layer Perceptron model’s precision, it

correctly identified 67% of the radio emission sources as belonging to class ‘C’ which

is slightly above 50% and still a lower precision than desired. In some data sets

the model obtained a precision higher than 67% such as 96% for the galaxy cluster

Abell_2895, 94% for the galaxy cluster J0108.5-4020, 93% for the galaxy cluster

J2340.1-8510 and 92% for the galaxy cluster J0528.9-3927. This shows the model

performed well in some data sets and badly in some. Out of the 21 data sets used

for training, the model obtained a precision higher than 50% with the remainder
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having a precision of 45% and below. In comparison, the class ‘M’ precision was

higher which indicated that on average 83% of the true positives were correctly

identified. Class ‘S’ obtained the highest precision of 95% which is great since it

is closer to 100% as the ideal precision value. The model performed very well in

identifying the true positives for class ‘M’ and class ‘S’ but struggled in identifying

the true class ‘C’ sources since it scored the lowest number of true positives on average.

In general, the model performed well since the precision for all three classes is above

50%. A precision of 50% is undesirable since it is similar to chance. This implies that

regardless of the volume of data the model is used to classify sources, the number of

true positives will always exceed the number of false positives except for cases in which

sources belong to class ‘C’. The low precision for class ‘C’ indicates that the model

would be less reliable in classifying the sources when given larger data sets. This

defeats the purposes of eliminating doubt when classifying extended radio emission

sources for any precision values lower than 50%. However identifying all the class ‘C’

sources which were incorrectly classified as belonging to either class ‘M’ or class ‘S’

helps identify the challenges the model encounters. This can be done by studying in

detail the nature of those data points to explain why the model assigned them to the

wrong class. This in turn gives insight on how the model could be improved when it

comes to classifying class ‘C’ sources.

The precision score for class ‘M’ was 83% surpassing the precision of class ‘C’ sources.

This indicates that the Multi Layer Perceptron achieved the objective of addressing

the automated classification of extended radio emission sources which were rarely

addressed by previous studies. In some cases an extended emission source is spread

out with some parts residing a distance away. It becomes difficult to determine the

true size of a source and it’s morphology. This might be caused by a source with

several components. This can be easily mistook as single or double sources where as

it is a part of a larger extended source. A multi component extended source could be

identified or interpreted as multiple single component sources. In this case however

the Multi Layer Perceptron scored high on the evaluation metric.
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The precision of the model in classifying A3376 radio emission sources was lowest at

85% which was from the class ‘C’. For all the 8 Sub-band data sets, the precision

score was higher. The model scored a precision of 100% in Sub-band 4 for class ‘M’

sources. This implies that the number of true class ‘M’ sources was high. The lowest

precision the model scored for the class ‘M’ was 86%. For class ‘S’ the precision was

above 90% showing that the majority of sources classified as class ‘S’ sources were

class ‘S’ sources. Across all the three classes, the model precision demonstrated a high

confidence level that the sources were assigned the correct class label. The precision

however does not shed light on how many sources belonging to either of the three

classes were incorrectly classified.

4.0.18 Recall

Recall determines how accurately the true positives were correctly classified by

computing the portion of true positives out of all true positives and false negatives.

If the recall of the model is high it indicates that less true positives were classified

as negatives. The average recall obtained for class ‘C’ was 74% with the lowest recall

being 37% from the galaxy cluster PLCKG200.9-28.2 which was also the only recall

lower than 50%. For class ‘M’ and class ‘S’ the galaxy cluster PLCKG200.9-28.2

obtained the lowest recall. This was also the case for the accuracy, precision and

the F1_score which will be discussed hereafter. It presents an interesting study to

determine why this particular galaxy cluster scored very low values from evaluation

metrics used. The confusion matrix for this particular galaxy cluster indicated that

there was a significantly high number of class ‘S’ sources that were incorrectly

classified as class ‘C’ sources. A total of 540 class ‘S’ sources which are compact,

single Gaussian sources were assigned the class ‘C’ label which are extended multi

Gaussian sources. In addition the model incorrectly classified 351 class ‘C’ sources

as class ‘S’ sources which was the opposite of the previously mentioned 540 sources.

While previously the model’s poor performance on class ‘C’ and class ‘S’ was caused

partly by the data set imbalance, this does not adequately provide an explanation

on how a significant number of sources were misclassified especially for two classes

that are different with class ‘C’ being an intermediary class between the two. This

misclassification also may have contributed to lower accuracy, precision and F1_score
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obtained by the model.

The average recall for class ‘M’ sources was 77% which was slightly higher than

the recall for class ‘C’ sources. The highest recall was 92% but the model recall

could be improved to increase the number of correctly classified sources for the class

label. For class ‘S’ the average recall was 91% with the highest recall obtained for

a galaxy cluster being 99%. This is the ideal recall that indicates that almost all

sources classified as class ‘S’ sources are indeed class ‘S’ sources. The recall for the

classification of radio emissions associated with the galaxy cluster A3376 was 84%,

90% and 99% for class ‘C’, class ‘M’ and class ‘S’ respectively. Overall the Multi

Layer Perceptron scored a good recall for all three class labels despite the recall for

class ‘C’ being the lowest.

In view of the fact that the Multi Layer Perceptron model should be able to correctly

classify radio emission sources by assigning the proper class labels, recall gives a clearer

picture of how well the model does that. From the results of the recall it shows that

the model did a good job of that. The higher the recall the more correctly classified

emissions are. Given the performance of the model on class ‘C’ source classification the

model correctly identified 74% of class ‘C’ sources from the 21 galaxy clusters. While

84% of class ‘C’ sources from the galaxy cluster A3376 were correctly classified.

4.0.19 F1_score

The model obtained an F1_score of 67% for the classification of class ‘C’ sources which

was the lowest F1_score between the three classes. The F1_score for class ‘M’ sources

was 79% and for class ‘S’ was 93%. The model performed well in predicting class ‘M’

and class ‘S’ sources. While the F1_score for class ‘C’ sources was lower it was well

above 50%. The galaxy cluster PLCKG200.9-28.2 scored the lowest F1_score which

was 32% indicating a significantly low performance by the model. Despite this the

model obtained higher scores for some of the class ‘C’ sources in different galaxy clus-

ters, some as high as 93% and 94% which is a good indicator that the model correctly

predicts the sources belonging to class ‘C’. For class ‘M’ and class ‘S’, the F1_score

values indicate that the model faces minimal challenges in predicting sources belonging
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to the two class labels with the lowest score being 53% from class ‘M’ predictions. The

F1_score for the classification of radio emission sources associated with the galaxy

cluster A3376 was above 80% for all three class labels. This demonstrated that the

model performed well in predicting the class labels the sources belonged to. There was

a difference of 5% score between class ‘C’ and class ‘M’.

4.0.20 Number of sources in a field on the model performance

Figure 4.18: A graph showing the effect of the number of sources in a field on the
model performance using the four metrics

Figure 4.18 depicts the model scores for each of the four evaluations metrics in rela-

tion to the number of sources per field. To explore the dependence of the accuracy,

F1_score, precision and recall on the source population for each of the 21 galaxies used

for training. The graph indicates that accuracy had the highest metric score with the

model F1_score scoring the lowest. The metric scores increased with the increase in

the number of sources per field indicating correlation between the number of sources

and the score for each metric. The graph also indicated fluctuations in the score for
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some fields where scores were low instead of the opposite such as fields with 6076 and

6224 sources obtained lower scores when the expectation was higher scores for the four

metrics. Metric scores were generally higher for higher number of sources indicating

that the performance of the model depended on the number of sources.

4.0.21 Chapter summary

This chapter presented and discussed the results of the performance evaluation of a

Multi Layer Perceptron on a three class classification task. The results, shown by the

accuracy, precision, recall and the F1_score indicated that the model scored high in

classifying sources that belonged to either class ‘M’ or class ‘S’ indicative of the pre-

cision, recall and F1_score. The model however obtained the lowest values for class

‘C’ in the aforementioned metrics indicating that the model struggled with predicting

sources belonging to class ‘C’. The results also revealed an interesting trend shown by

the correlation between class ‘C’ and class ‘S’ sources that scored high values for incor-

rectly classified sources between the two classes. In addition there is evidence that the

source finding tool contributed to the model performance just as the hyperparameters

source population distribution.
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Chapter 5

Conclusion and recommendation

5.0.1 Introduction

This chapter provides an overview of the thesis and what was achieved successfully,

then presents the conclusion of the study and recommendations for further studies.

5.0.2 Thesis overview

The emergence of next generation radio telescopes has necessitated automated

approaches to radio data analysis. One of which includes the detection of radio

sources in survey data and the subsequent classification of the sources identified.

There exists a number of studies aimed at resolving source identification and classifi-

cation challenges for more automated processes. The majority of which are based on

implementing a Convolutional Neural Network for image data which is an exhaustive

approach computation wise. However previous studies have failed to address the

classification of extended radio sources which substitute a portion of radio sources

albeit at low numbers. As an alternative, a Multi Layer Perceptron can be used to

classify these radio sources given its simplicity in implementation and its use of the

back-propagation for weight and bias adjustments during training while results in a

fast model. Moreover it addressed the storage challenge by large surveys such as the

SKA by using the MLP as a preliminary data eliminator.

The main objective of this thesis was to implement a Multi Layer Perceptron model

for the classification of compact and extended radio emission sources associated with
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radio galaxy clusters. In addition, assessing its predictive performance in which there

were several steps. This included the data collection and preparation for the training

and testing of the model, the design and implementation of a Multi Layer Perceptron

algorithm, the training and testing of the model and evaluating its performance using

performance evaluation metrics that include accuracy precision, recall and F1_score.

This was done to determine the suitability of a Multi Layer Perceptron for the classi-

fication of radio emission sources given already existing approaches. The properties of

a Multi Layer Perceptron afforded an opportunity to study its performance when ap-

plied to a classification task using radio emission data which was also a novel approach

to automating the classification process.

5.0.3 Objectives overview

This section of the chapter provides an overview of the specific objectives for this

research, address if they were achieved and how they were achieved which all con-

tributed to the completion of this research. The main objective of this research was

to implement a multi layer perceptron predictor model for radio emission sources as-

sociated with radio galaxy clusters. Thereafter establish its likelihood as a classifier.

This was done by evaluating its performance and determining factors that affect the

performance of the network. The specific objectives included to:

1. Collect data to be used in the Multi Layer Perceptron model. This objective was

successfully achieved. This was achieved through the acquisition of data from

the MeerKAT. This was used for training and testing of the model. There were

two data sets used. The first data set included 104 files of radio galaxy clusters

each containing thousands of radio emission sources per file. This data set was

to be used to train and test the model on a classification task of compact and

extended sources. The second data set included 8 files of radio emissions sources

associated with the radio galaxy A3376 that was to be used to assess whether

data with different frequency sub-bands had any effect on the performance of

the Multi Layer Perceptron model.

2. Prepare the data for training and testing of the Multi Layer Perceptron model.

This objective was achieved successfully. The data preparation process involved
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data cleaning to eliminate any errors in the data such as identifying and elim-

inating null values and redundant features, taking count of value counts of the

class distributions. The data was also transformed to eliminate a bias towards

larger values. This was done by normalizing the data so that it ranged from 0 to

1 in vector form. The output labels were encoded into values ranging from 0 to 2

to represent the three classification labels. The second data set included the use

of PyBDSF to create a numerical catalogue of radio emission sources associated

with A3376. This was then followed by the same data preparation from the first

data set.

3. Design and implement a Multi Layer Perceptron algorithm for the classification

of radio emission sources galaxy clusters associated with radio galaxy clusters.

This objective was successfully achieved. The Scikit-learn library was used for

designing and implementing the Multi Layer Perceptron network by defining the

hyperparameters which defined the structure of the model prior to training.

4. Train and test the model using the data obtained. This objective was achieved

successfully. The model was trained on 80% of the data and then tested on the

remaining 20% for both data sets that were prepared previously. Convergence

was reached during training and testing included using the model to predict class

labels on unseen data.

5. Evaluate the model performance, factors affecting performance and determin-

ing any parameter tuning necessary. This objective was achieved successfully.

The performance evaluation metrics used included the confusion matrix, accu-

racy, precision, recall and the F1_score. The metrics showed that the correla-

tion between two class which affected the performance of the model. The MLP

scored high in the performance metrics used for classifying compact and ex-

tended sources. It however struggled with the intermediary class. Besides the

hyperparameters the source finder used affected the model’s performance.

5.0.4 Hypothesis overview

For this research there existed a hypothesis and a null hypothesis.
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Hypothesis (H1) - A multi layer perceptron neural network performs signifi-

cantly well in the task of supervised classification of radio emission sources asso-

ciated with galaxy and can be a good predictor model model obtaining accuracy

greater than 80%..

Null hypothesis (H0) - Astronomical data is significantly different from other

data types that have been largely used to assess the performance of a multi layer

perceptron thus does not perform well in the task of classifying radio sources nor

will it be a good predictor model obtaining accuracy less than 80%.

The hypothesis (H1) is accepted and the hypothesis (H0) is rejected because the

MLP scored an accuracy of 89% which exceeds the 80%.

5.0.5 Questions overview

There were several question formulated for this research. These included:

1. How does a multi layer perceptron perform at a classification task of galaxy

cluster radio emission sources? The accuracy, precision, recall and the F1_score

demonstrated that a Multi Layer Perceptron performs well in the classification

task of radio emission sources. The model scored high metric values for the

classification of compact and for extended sources. Taking this into account, the

model achieved the goal of classifying radio emission sources.

2. What hyperparameters can be modified in the network which affect the perfor-

mance of the model? Combinations of hyperparameters values provided different

output results. The Stochastic Gradient Descent (SGD) provided better results as

the optimizer with the learning rate being constant over invscaling or adaptive.

Other hyperparameters that affected the performance included the maximum

number of iterations, activation function,and learning rate initialization among

others.

4. Does the frequency sub-band used in different data sets have any effect on the

overall performance of the classifier? Frequency sub-bands affected the perfor-

mance of the model. The model accuracy, precision, recall and F1_score was

96



5. Conclusion and recommendation

higher for the classification of sources associated with A3376 when compared

to the classification of sources from various galaxy clusters although the model

showed signs of overfitting.

5. Is a Multi Layer Perceptron suitable for galaxy cluster radio emission sources

classification? The results from this research support the use of a Multi Layer

Perceptron as a classification model of radio emission sources.

6. Can the Multi Layer Perceptron model be implemented as a predictor model for

real life detection and classification of galaxy cluster sources? The Multi Layer

Perceptron model is a good predictor model. It scored high on the evaluation

metrics, it discovered the correlation between two of the classes which in reality

would always identify the relationship between real sources and their possible

classes.

5.0.6 Conclusion

An important part of solving a problem involves the evaluation of existing solutions

and how they can be improved and the evaluation of potential solutions and how

they could assist in solving the problem. In this case, next generation telescopes

will produce vast volumes of data from observations. This presents a data analysis

challenge of combing through the data to select what is important and discard

anything of insignificance. The detection and classification of sources is important to

achieve the scientific goals set out to provide answers about our universe. Existing

approaches have concentrated on solving one of the many data challenges with varying

degrees of success by using existing solutions, novel solutions or a hybrid of the two.

In the area of radio astronomy source detection and classification solutions are still

at an infant stage and the hunt for efficient solutions is still ongoing. This research

presented an alternative solution to source detection and classification by taking into

account simplicity, ease and robustness. This resulted in a Multi Layer Perceptron

model capable of classifying radio emission sources associated with galaxy clusters

and also capable of understanding the relationship between source attributes and the

potential class labels. This was evident in the performance evaluation metrics scores.
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Ideally the closer the precision and recall to one the better model. However there

is a trade off between the model’s precision and recall. Increasing the precision

decreases the recall and maximising the recall minimises the model precision. While

precision assesses the magnitude of the error that results from the false positives,

recall assesses the magnitude of the error that results from the false negatives. In this

case the recovery of all true positives is vital, that is all sources the model predicted

as belonging to either of the three class labels should be true sources and all of them

should be recovered by the model. This helps in producing a complete catalogue

of sources where there are more true positives than false positives. Thus for each

prediction the model makes, there should be more true positives. The precision for

Class ‘M’ and class ‘S’ demonstrate that the Multi Layer Perceptron predicted 83%

and 95% of the sources as true positives for each of the classes respectively. This

is a good indication of the model’s prediction performance in classifying the radio

emission sources associated with galaxy clusters. The precision for class ‘C’ sources

however shows the model struggles with correctly predicting sources belonging to

this class indicating that less sources are correctly classified than desired by the model.

However this does not mean the recall is any less significant for this case since it is just

as important to ensure that there are less false positives and more true positives. With

recall demonstrating the same trend as precision where class ‘S’ precision outperforms

the other two classes and precision for class ‘C’ scoring the lowest. The measure of a

model’s precision and recall is indicative of the successful predictive outcome when the

data is unbalanced such as the case for the data sets used in this research. In this case

the model performed well given the unbalanced data sets used. Unlike precision and

recall, F1_score takes into consideration both the false negatives and false positives by

computing the average of recall and precision in this case by computing the harmonic

mean. The F1_score shows that the model performs well in predicting class ‘S’ sources

followed by class ‘M’ source. while the score for class ‘C’ was the lowest, the model

performs better than chance in the prediction of class ‘C’ sources. Overall the F1_

score for the Multi Layer Perceptron was good which indicates that it is suitable for

classifying radio emission sources associated with radio galaxy clusters. Thus proving

the suitability of a Multi Layer perceptron as a radio emission classifier and data
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eliminator.

5.0.7 Recommendations

The approach used in this study relied on the application of a source finding tool

to create the necessary numerical data sets that were used for the training and

testing on the model. This presented a limitation in the data processing. Source

finding tools themselves carry a certain degree of error during computations which

is carried forward into the training and testing stages. For example Gaussian fitting

for single compact sources by PyBDSF is a smooth process but difficult for complex

and extended sources since it involves fitting several Gaussians of varying sizes and

then combining them to make one single source. This may account for the model’s

confusion when predicting class ‘C’ and class ‘S’ sources. In which the model confuses

a single Gaussian component that is part of an extended emission source as a single

compact source found in an island. An alternative approach to the recovery of

extended emission sources that does not include the Gaussian fitting technique could

eliminate this challenge and reduce the number of incorrectly classified sources for

the two aforementioned classes.

An alternative approach to improve the model’s performance when classifying radio

emission sources, in particular distinguishing between class ‘C’ and the other two

classes could be to implement a Multi Layer Perceptron fusion classifier. This can be

done by implementing three models. One to distinguish between class ‘C’ and class

‘M’. A second model to distinguish between class ‘C’ and class ‘S’. Lastly a third model

to distinguish between class ‘S’ and class ‘M’ followed by a majority voting classifier

which made the final class designation.
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