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Abstract

Machine learning has emerged as a crucial tool in the field of cosmol-
ogy and astrophysics, leading to extensive research in this area. This
research study aims to utilize machine learning models to estimate the
redshift of galaxies, with a primary focus on utilizing photometric data
to obtain accurate results. Five machine learning algorithms, including
XGBoost, Random Forests, K-nearest neighbors, Artificial Neural Net-
works, and Polynomial Regression, are employed to estimate the red-
shifts, trained on photometric data derived from the Sloan Digital Sky
Survey (SDSS) Data Release 17 database. Furthermore, various input pa-
rameters from the SDSS database are explored to achieve the most accu-
rate redshift values. The research incorporates a comparative analysis,
utilizing different evaluation metrics and statistical tests to determine
the best-performing algorithm. The results indicate that the XGBoost al-
gorithm achieves the highest accuracy, with an R2 value of 0.94, a Root
Mean Square Error (RMSE) of 0.03, and a Mean Absolute Average Per-
centage (MAPE) of 12.04% when trained on the optimal feature subset.
In comparison, the base model achieved an R2 of 0.84, a RMSE of 0.05,
and a MAPE of 20.89%. The study contributes to the existing literature
by utilizing photometric data during model training and comparing dif-
ferent high-performing algorithms from the literature.
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Chapter 1

Introduction

In the early 1900’s many scientists proposed contrasting theories on the origin of
the universe (Ellis, 1984). From the various theories, there is a strong consensus
towards the Big Bang theory. The Big Bang theory is the prevailing scientific expla-
nation for the origin of the universe. According to the theory, the universe began as
a single point consisting of infinite density and temperature, which rapidly inflated
in a massive explosion around 13.8 billion years ago (Terr, 2013). This explosion
created all matter and energy in the universe, including the stars, galaxies, and all
the elements in the observable universe (Thompson, Harrub, and May, 2003). The
theory rapidly gained popularity after Edwin Hubble’s critical discovery that the
universe is expanding. In 1929, Edwin Hubble measured the spectroscopic red-
shifts and the relative distance of a number of distant galaxies. When plotting the
redshift against the relative distance of galaxies from earth Edwin Hubble found
that the redshift values of distant galaxies increase as a linear function of their dis-
tance (Thompson, Harrub, and May, 2003). The only viable explanation for this
phenomenon is that the universe is expanding (Enrera, 2021). The expansion of
the universe suggested that the further back in time the universe is observed the
smaller it would be (Bahcall, 2015). This observation supports the Big Bang theory
in that the origin of the universe began from an extremely tiny ball of infinite den-
sity and immense heat. This is scientifically known as a singularity (Fox, 2002).

The relationship between the redshift and relative distance of galaxies became sci-
entifically known as Hubble’s law. In recent times, Hubble’s law is used to measure
the approximate distances of galaxies. This technique, however, requires the red-
shift of galaxies to be calculated. Redshift is best measured using spectroscopic
analysis, which is based on comparing the spectrum of galaxies against a known
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spectrum. The difference in emission or absorption lines is then used to calculate
the precise redshift value (Lehnert et al., 2010). Redshift can be described as an ex-
ample of the Doppler effect. As the object moves further away from the point of
reference, light and sound waves are stretched apart. This causes the light waves
to have a longer wavelength and thus they are moved toward the red end of the
electromagnetic spectrum. This is known as redshift, whereas the inverse of this
occurrence is known as blueshift (“Redshift” 2020).

The spectroscopic measurement of redshift provides accurate values. However,
spectroscopic analysis is highly inefficient and infeasible for large catalogs of galax-
ies. Additionally, Hubble measured the relative distances of these galaxies using a
variety of techniques, including Cepheid variable stars, which are stars that pulsate
in a regular and predictable way. By measuring the time it takes for a Cepheid star
to pulsate, astronomers can determine its intrinsic brightness, and then use this in-
formation to calculate its distance. However, for most distant galaxies the distance
calculated in this way is not entirely accurate (Baryshev et al., 2012). An alternative
method to obtaining redshift is through the use of photometric data. This method
involves using the measured brightness of galaxies in different color bands to ob-
tain an approximation for redshift. This method is known as photometric redshift
estimation and will be investigated in this research using machine learning tech-
niques (Brammer, Dokkum, and Coppi, 2008).

Advances in computing technology have revolutionized the field of scientific re-
search, enabling scientists and researchers to simulate and model complex real-
world problems that were previously impossible to solve. Machine Learning is a
subfield of Artificial Intelligence and has developed as a powerful tool in this en-
deavor, allowing for the development of sophisticated models that can learn and
improve from large datasets. The application of machine learning in the field of
astrophysics and cosmology has opened up new avenues of research, providing
researchers with the ability to simulate universes in a fraction of the time, leading
to important breakthroughs in our understanding of the cosmos (Mathuriya et al.,
2018). As such, this research aims to analyze various machine learning models to
estimate the redshift of galaxies. Specifically, the models are designed to use photo-
metric data, which is obtained from the measurements of the brightness of galaxies
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in different bands of light. Additionally, a machine learning technique known as
feature selection will also be implemented, which is the process of identifying the
most relevant features in the dataset and is used to improve the accuracy of the
models. The proposed method has the potential to improve the accuracy and ef-
ficiency of redshift estimation, which could have important implications for our
understanding of the cosmos.

This research project details the design, technologies and limitations of the imple-
mented methodology. The remainder of Chapter 1 provides information on existing
literature and formally describes the research aims, goals and limitations. Chapter
2 provides an in-depth review of the technologies and methodologies that will be
used to achieve the desired goals. Chapter 3 presents the findings and analyses of
the study. Lastly, Chapter 4 concludes the research report by summarizing the key
findings and offering final remarks.

1.1 Literature review

The utilization of machine learning within the domain of astrophysics has the po-
tential to facilitate a more expeditious and nuanced understanding of the universe,
thereby representing a significant advancement in the ability to comprehend the
cosmos. Redshift values are a key characteristic for extra-galactic studies (Pasquet
et al., 2019). Redshift is a measure of the degree to which light from distant galaxies
has been shifted towards longer, redder wavelengths due to the expansion of the
universe. Thus, estimating the redshift of galaxies is critical for understanding the
large-scale structure of the universe and the processes that have driven its evolu-
tion over time. As a result, many researchers have conducted work in an attempt
to better estimate redshift.

Wang, Zhang, and Zhao (2008) states that estimating the redshift of a galaxy is a
complex non-linear problem. The paper looks into existing research and uses Ar-
tificial Neural Networks (ANNs) and Support Vector Regression (SVR) models for
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predicting photometric redshift values. These types of models can be used for pre-
dicting trends, however, can not easily be extrapolated for values near the spectro-
scopic limit. The spectroscopic limit represents the boundary beyond which obtain-
ing precise spectroscopic measurements of a celestial object becomes challenging or
unfeasible due to technical limitations and the nature of the observed signals. As
estimating redshift can be classified as a regression problem, the authors looks into
using Linear Regression and Polynomial Regression. Polynomial Regression is a
special case of multiple linear regression where the relationship between input and
output is defined by an nth degree polynomial. In the paper, training data of 330000
samples obtained from the Sloan Digital Sky Survey (SDSS) is used. The models are
designed, implemented and compared using the Root Mean Square Error (RMSE)
to gauge their effectiveness. The Polynomial model outperforms the linear model
and it is suggested that outliers be removed from the data to obtain better results.
The authors state the resulting model is simpler to use than other empirical meth-
ods for calculating redshift and provides an equivalent accuracy. Similar to the
work by Wang, Zhang, and Zhao (2008), Momtaz, Salimi, and Shakeri (2022) also
use data from the SDSS collection. However, instead of using regression, Momtaz,
Salimi, and Shakeri (2022) make use of decision trees and random forests. The pa-
per describes the usage of the five optical magnitudes, u-g-r-i-z, as the input to the
models. The results obtained are evaluated based on RMSE, accuracy and normal-
ized standard deviation. The authors conclude by stating that the random forest
model is able to provide more accurate predictions and achieves an overall better
performance than the decision tree model.

De Wei and Yang (2019) use supervised learning approaches to estimate redshift.
The noteworthy algorithms used by De Wei and Yang (2019) are Extreme Gradi-
ent Boosting (XGBoost) and ANNs. Similar to Wang, Zhang, and Zhao (2008) and
Momtaz, Salimi, and Shakeri (2022), De Wei and Yang (2019) use RMSE to measure
the effectiveness of the model. The authors concludes by stating that the XGBoost
algorithm outperforms the ANN and is able to achieve an RMSE of 0.07. Further-
more, Zhang et al. (2020) similar to De Wei and Yang (2019), uses the XGBoost algo-
rithm and thereafter compares it to the K Nearest Neighbour (KNN) algorithm. The
KNN algorithm is a non-parametric method used for classification and regression
where for regression, the output is the average of the k closest training examples.
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The authors use the Mean Absolute Error (MAE) and Mean Square Error (MSE)
metrics to compare the models. From the obtained results, it is seen that the KNN
model achieves better results than XGBoost. The authors conclude by stating the
KNN algorithm is highly suggested for large amounts of data.

Schuldt et al. (2021) discusses in-depth the need for estimating redshift and its re-
lation to Hubble’s law. The paper focuses on an algorithm named NetZ, which is
a new method based on Convolutional Neural Networks (CNNs). The model per-
forms well for redshift between the range of 0-4 and is only limited by available
training data. Hoyle et al. (2015) uses data augmentation techniques to enhance the
accuracy obtained using decision trees. The author states that the model performs
well for lower values of redshift. D’Isanto and Polsterer (2018) uses a deep convo-
lutional network that is combined with a mixture density network. The end result
estimation is expressed as a Gaussian mixture model representing the Probability
Density Functions (PDFs) in the redshift space.

Lastly, the work conducted by the Henghes et al. (2021) encompasses a thorough
analysis of various machine learning models for photoredshift estimation. The
study incorporates SDSS Data Release 12 and explores multiple machine learning
models, such as Random Forest, Gradient Boosting, and KNN. The dataset used
consists of 1,639,348 samples, with the u-g-r-i-z variables used in model training.
It is noteworthy that only galaxies with a redshift under 1 were considered in this
research, and additional variables that could enhance model training were not ex-
plored. The study concludes by identifying Random Forest as the most effective
model, achieving an MSE of 0.0042, with other models, such as Gradient Boosting
and KNN, yielding similar results.

From the literature reviewed, it was found that several machine learning models
are particularly well-suited for estimating redshift values. These models include
XGBoost, random forests, KNNs, ANNs, and polynomial regression. All these
models have demonstrated high performance in different regression problems and
have been used extensively in astronomical applications. Given the importance
of redshift estimation in astronomy, this research uses a select number of machine
learning models to estimate the redshift of galaxies. The models are designed to
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use photometric data to estimate the redshift, which is a widely accepted approach
in astronomy. Photometric data includes measurements of the flux or brightness of
an object in different wavelengths, which can provide crucial information about the
object’s redshift. Furthermore, the models are compared to identify the most suit-
able and best-performing model for the estimation of the redshift of galaxies. The
comparison is based on various performance metrics such as accuracy, RMSE and
MAE. The aim of the research report is to identify a model that provides the most
accurate and reliable estimates of redshift values for galaxies.

1.2 Problem Statement

The field of astrophysics and cosmology has seen a surge in the popularity of ma-
chine learning. As such, astrophysicists and cosmologists would be highly inter-
ested in developing models that aid in studying the universe. Redshift value pro-
vides crucial information on the distance and velocity of celestial objects, such as
galaxies. Therefore, the development of a model that can provide accurate redshift
estimation is of great importance in the field of astronomy. Ideally, a model that
can provide accurate estimation for redshifts between galaxies is desired. There is a
lack of literature that analyzes and compares multiple machine learning algorithms
to identify the most efficient algorithm and input features for redshift estimation.
This research report proposes to develop multiple machine learning models for the
estimation of redshifts between galaxies. In addition, feature selection techniques
will be used to identify the most prevalent features for photometric redshift esti-
mation. This approach bridges the gap between the current literature and the ideal
situation by utilizing photometric data for redshift estimation and analyzing, com-
paring, and identifying the most suitable algorithm and features for the task. By
doing so, this research project aims to contribute to the field by providing valuable
insights into the accurate estimation of redshift values, which can aid in advancing
the understanding of the universe.
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1.3 Research Aims and Objectives

The research aims and objectives assist in scoping the project.

1.3.1 Research Aims

The aim of this research report is not only to develop and compare multiple ma-
chine learning models for the estimation of redshifts between galaxies but also to
identify the most suitable algorithm and features for the task. This involves the use
of feature selection techniques to identify the most relevant features for photometric
redshift estimation.

1.3.2 Objectives

In order to achieve the aim of developing and comparing multiple machine learning
models for the estimation of redshifts between galaxies, the following objectives
have been identified:

1. Obtain a suitable dataset of photometric data that can be used to train the
machine learning models. This involves identifying a relevant dataset that
includes the appropriate photometric data.

2. Implement appropriate data pre-processing techniques to ensure that the mod-
els can achieve the best possible results. This may involve feature scaling, data
normalization, or other techniques that can help to improve the performance
of the models.

3. Train the machine learning models using the selected dataset to generate a
baseline model.

4. Use optimization algorithms to experiment with different subsets of features
to obtain more accurate models.

5. Use a range of evaluation metrics to assess the effectiveness of the models,
including metrics such as accuracy, RMSE, and MAE. This helps to ensure
that the models are performing as expected and provides a benchmark for
comparing different models.
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6. Compare the performance and accuracy of the different machine learning
models to identify the most effective approach for estimating redshifts be-
tween galaxies. This involves analyzing the results of the evaluation metrics
and drawing conclusions about the relative strengths and weaknesses of each
model.

1.4 Limitations

In this section, the scope of the project is outlined, and its limitations are discussed.
Several limitations that could affect the project’s success have been identified, and
are provided below:

1. The model will be trained on astronomical data, which is large. Therefore, it
is possible that the dataset may need to be truncated, as processing too large
of a dataset would require an excessive amount of time to train the models.
This could impact the accuracy of the results obtained and limit the scope of
the project.

2. The research may need to utilize multi-threading if the models take too long
to train. This can significantly improve the speed of the training process, but
may also require additional hardware resources or programming expertise.

3. The research project has a fixed time frame for completion, as the due date
for the final report is on the 23rd of March 2023. This limits the amount of
time available for data collection, analysis, and modeling. Consequently, the
project may not be able to explore all possible avenues for improving model
accuracy or evaluating the effectiveness of different machine learning algo-
rithms in estimating redshifts between galaxies.

1.5 Overview

The primary objective of this research project is to determine the most effective ma-
chine learning model for estimating redshifts of galaxies. This report assesses the
performance of several machine learning models, namely XGBoost, random forests,
KNNs, ANNs and Polynomial Regression. The models are trained on photometric
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data with available spectroscopic results, and feature selection techniques are ap-
plied to identify the most crucial parameters for redshift estimation. Additionally,
the pre-processing of photometric data is carried out to enhance the accuracy of the
models. The efficacy of the models is measured using various metrics, including
MAE, MSE and R-squared. A thorough comparison between the different models
is performed to determine the best-performing model. The outcome of this study
provides critical insights into the most effective methods for estimating photomet-
ric redshifts of galaxies using machine learning.
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Chapter 2

Research Methodology

This section provides an overview of both the chosen and available methodologies
used in order to complete the research project.

2.1 Available Methodologies

As demonstrated in the existing literature, there are several different methodolo-
gies that can be employed in the estimation of redshift values for galaxies. The
primary objective of this research is to create machine learning models capable of
accurately estimating the photometric redshift of galaxies and to conduct a compar-
ative analysis of their performance. While some of the most effective models have
already been discussed in the literature, a number of other models could potentially
be used as well, some of which are discussed below.

A SVR model is a modern machine learning algorithm that is used in classification
and regression type problems. In the context of the research, the SVR would group
galaxies with similar redshifts into categories and use these categories to estimate
the redshift of new galaxies. The SVR model accomplishes this by constructing a
hyperplane in a multi-dimensional space that best separates the galaxies based on
their redshifts (Smola and Schölkopf, 2004). Figure 2.1 provides an illustration of
this process. This hyperplane could then be used with new data to determine if
the galaxy belongs in a certain range of redshift values. However, as the nature
of estimating redshift is very complex and curve-fitting approaches can not easily
be extrapolated to values near the spectroscopic limit. SVRs would not be able to
achieve good accuracy. (Wang, Zhang, and Zhao, 2008).
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FIGURE 2.1: Support Vector Regression Hyperplane Visualization

Decision trees are tree-like structures that are created from datasets. These trees
are based on conditional control statements and are made up of nodes and edges
which represent decisions and outcomes. They are used to solve classification and
regression problems (Kingsford and Salzberg, 2008). The first node of the tree is re-
ferred to as the root node, while the last nodes are known as leaf nodes. A decision
tree is constructed by initially calculating the information gain which is based on
the entropy and subsequently selecting the best feature for the given branch at a
point. The entropy of a set is referred to as the measure of disorder in a system. The
entropy is calculated using Equation 2.1, in which S is the dataset and pi is the prob-
ability of class i. The information gain is a measure of how well a feature classifies
the target column and is calculated using Equation 2.2, in which, the left-hand side
of the equation, S is the dataset and A is any feature column. On the right-hand
side of the equation, Sv is the select set of rows in S for which the feature column A
has value v and |S| is the number of rows in S (Magee, 1964).

Entropy(S) = −
n

∑
v=1

pi × log2(pi) (2.1)



12

IG(S, A) = Entropy(S)−
n

∑
i=1

|Sv|
|S| × Entropy(Sv) (2.2)

Decision trees may fall short in capturing all the intricate details of complex regres-
sion problems that involve multiple variables with non-linear relationships. This
is primarily due to the tendency of the algorithm to over-fit. However, an alterna-
tive approach that overcomes this issue is random forest - an ensemble method that
employs multiple decision trees and combines their predictions to produce a final
result. Random forest significantly reduces the over-fitting problem and generates
more precise results, especially in cases where the problem involves many vari-
ables. Additionally, the random forest algorithm offers feature importance analysis,
which helps in identifying the crucial variables in the model. As such, utilizing ran-
dom forest for complex regression problems can deliver more precise and reliable
outcomes compared to a single decision tree.

2.2 Adopted Approach

The solution to the research problem can be formulated by using various machine
learning models to estimate the redshift of galaxies. Once the models are trained,
they are then evaluated using various machine learning evaluation metrics to gauge
the effectiveness of each model. Additionally, a comparative analysis is conducted
using statistical techniques to ascertain the best model.

2.2.1 Machine Learning Models

Random Forests

The random forest model is a widely used supervised machine learning algorithm
that is made up of multiple individual decision trees. As discussed above, a deci-
sion tree is a tree-like structure in which each internal node represents a trial on an
attribute, each branch represents the trial’s outcome, and each leaf node represents
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a decision made (Biau and Scornet, 2016). The random forest model combines deci-
sion trees together in order to obtain a more accurate prediction of results.

The difference between decision trees and random forests is that in decision trees,
a set of rules are created to make predictions, whereas random forests randomly
select features to build several decision trees and then average the results. Random
forests thus obtain the best feature in a subset of features. Decision trees may also
suffer from over-fitting, while random forests try to prevent the problem of over-
fitting through the use of sub-trees (Yiu, 2019).

As the trees are individual in a random forest model, there is a low correlation be-
tween the trees, which allows for fewer errors to occur, as each tree is mutually
exclusive. Each tree produces a prediction, and once all tree predictions have been
completed, the most widely produced prediction is seen as the best result, and that
result is chosen. The prediction process is formally known as majority voting. This
process is visualized below in Figure 2.2.

FIGURE 2.2: Random Forest Representation: Figure presents the
workflow to obtain an output from random forest algorithm

Random forests are used for both regression and classification problems, which
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make them versatile to use (Biau and Scornet, 2016). This research employs the ran-
dom forest model which is based on the following procedure.

The Random Forest algorithm takes as input a dataset with N examples and M
features and a parameter n_estimators that determines the number of trees to in-
clude in the forest. For each tree, a random subset of the input data is selected, with
replacement, so that each subset has N examples. Additionally, a random subset of
M features is selected as the input for each tree, so that each tree uses a different
subset of features.

Each decision tree is trained on its subset of the data using a standard decision
tree algorithm. At each node in the tree, the algorithm selects the feature that best
splits the data based on a criterion such as information gain as described by Equa-
tion 2.2. The tree continues to split until a stopping criterion is reached, such as a
minimum number of examples at a leaf node.

To make a prediction with the random forest model, the algorithm first runs the
input data through each tree in the forest, producing n predictions. For a regression
problem, the final prediction is typically the mean of the n predictions as shown in
Figure 2.2 above.

XGBoost

XGBoost is a state-of-the-art machine learning algorithm that is widely used for
solving regression, classification, and ranking problems. As a decision-tree-based
algorithm, XGBoost is an ensemble learning method that combines multiple de-
cision trees to make highly accurate predictions. The algorithm uses a gradient-
boosting framework that iteratively adds new decision trees to the ensemble, with
each tree aiming to correct the errors of the previous ones. The algorithm’s efficacy
is further enhanced by a range of advanced features, such as early stopping, tree
pruning, and parallel computing. Early stopping helps prevent over-fitting, while
tree pruning simplifies the decision trees and makes the data more interpretable.
The algorithm’s success is attributed to its ability to handle noisy or sparse data,
which is achieved through the use of a regularized objective function that bal-
ances the training loss and a penalty term to prevent over-fitting. This approach
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allows XGBoost to learn highly complex, nonlinear relationships between input
features and output targets, which is especially useful in many real-world appli-
cations (Chen and Guestrin, 2016).

In addition to its exceptional performance, XGBoost is a popular choice for many
machine learning tasks due to its strong support for parallel computing, which en-
ables it to efficiently train models on large datasets with many features.

The equations of the XGBoost algorithm can be written as follows:

ŷi =
K

∑
k=1

fk(xi), fk ∈ F (2.3)

L(Θ) =
n

∑
i=1

l(yi, ŷi) +
K

∑
k=1

Ω( fk) (2.4)

In Equations 2.3 and 2.4 the ŷi is the predicted value for the i-th instance, fk(xi)

is the prediction of the k-th tree on the i-th instance, F is the space of all possible
regression trees, K is the number of trees in the ensemble and l(yi, ŷi) is the loss
function that measures the difference between the true label yi and the predicted
label. Lastly, Ω( fk) is the regularization term that penalizes complex models and Θ
is the set of all model parameters (Chen et al., 2015).

The XGBoost algorithm works by iteratively adding weak models to the ensemble,
with each new model focusing on the residuals of the previous model. The algo-
rithm begins by initializing the prediction to a constant value, which is typically
the mean of the target variable. Then, at each iteration, a new tree is added to the
ensemble that tries to correct the errors of the previous tree. The tree is trained to
predict the negative gradient of the loss function, which is the amount by which
the current prediction differs from the true label. The prediction of the ensemble is
then updated by adding the prediction of the new tree, weighted by a learning rate
parameter that controls the contribution of each tree to the final prediction (Chen
et al., 2015).

The regularization term Ω( fk) encourages the algorithm to create simpler trees by
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penalizing the number of leaves and the magnitude of the leaf weights. This helps
to prevent over-fitting and improves the generalization performance of the model.

ANN

ANNs were invented in 1958 by psychologist Frank Rosenblatt (Jain, Mao, and Mo-
hiuddin, 1996). They were intended to model how the human brain processed vi-
sual data, learned to recognize objects, and were used to discover relationships
between input and output features. ANNs are computational models that are built
from multi-layer perceptrons. The most common architecture in ANNs consists
of three layers, namely, input hidden and output layers. The input layer receives
the input data, and each subsequent layer performs a series of nonlinear transfor-
mations on the input data. Each neuron receives input from the previous layer
and applies a mathematical function to the input to produce an output, which is
passed to the next layer. During training, the weights and biases of the neurons
are updated to minimize the difference between the predicted output and the ac-
tual output. This process is called back-propagation, which involves computing
the error between the predicted and actual output and using this error to adjust the
weights and biases of the neurons in the network. As a result of this iterative pro-
cess, ANNs can learn complex patterns and relationships in the data and can make
accurate predictions on new, unseen data. Figure 2.3 presents a visual representa-
tion of an ANN.

The following procedure is used by the ANN’s algorithm to develop a model (Yeg-
nanarayana, 2009):

1. Take in the input features

x : x = [x1, x2, . . . , xn]
T (2.5)

2. Compute the weighted sum of the inputs to each neuron in the first hidden
layer, using weights W(1) and biases b(1):

z(1) = W(1)x + b(1) (2.6)
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FIGURE 2.3: Visualization of ANN model

3. Apply the sigmoid activation function σ to the weighted sums to obtain the
outputs of the first hidden layer:

a(1) = σ(z(1)) (2.7)

4. Compute the weighted sum of the outputs from the first hidden layer to the
output layer, using weights W(2) and biases b(2):

z(2) = W(2)a(1) + b(2) (2.8)

5. Apply the sigmoid activation function to the weighted sums to obtain the final
output ŷ:

ŷ = σ(z(2)) (2.9)

6. Compute the loss between the predicted output ŷ and the true output y using
a loss function L(ŷ, y).

7. Use back-propagation to compute the gradients of the loss with respect to
the weights and biases, starting from the output layer and working backward
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through the network. The gradient of the loss with respect to the final output
is given by:

∂L
∂z(2)

=
∂L
∂ŷ
· σ′(z(2)) (2.10)

8. Update the weights and biases using an optimization algorithm, such as gra-
dient descent:

W(l) ← W(l) − α · ∂L
∂W(l)

(2.11)

b(l) ← b(l) − α · ∂L
∂b(l)

(2.12)

where α is the learning rate and l is the layer.

9. Repeat steps 2-8 for a specified number of iterations or until a set level of
performance is achieved.

KNN

KNN is a simple yet powerful supervised machine learning algorithm that can be
used to solve different types of problems. The KNN algorithm assumes that similar
data exist in close proximity, and aims to capture the idea of similarity. In astron-
omy, for example, galaxies close together have similar redshifts. KNN can be used
to predict the redshift of a new galaxy based on its proximity to other known galax-
ies. The algorithm finds the K nearest data points in the training dataset and de-
termines their class or value. The classification or regression of the new data point
is then determined by the majority vote or average value of the K nearest neigh-
bors. The similarity between data points is measured by calculating the Euclidean
distance between them, which is the straight-line distance between two points in a
multi-dimensional space. The value of K is a hyperparameter that can be optimized
by analyzing the error curves to find the best value for the model. The final value
for the new data point is given by taking the average of the K most similar data
points. While KNN is easy to implement and interpret, its main drawback is its
sensitivity to the choice of distance metric and value of K, which can affect the ac-
curacy of the model. Figure 2.4 displays an example of the KNN for a K value of 3.
For regression type problems KNN predicts the continuous outcome by averaging
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the observations in the same category (Peterson, 2009).

FIGURE 2.4: Visualization of KNN model

For the KNN algorithm, given a training dataset D = (x1, y1), (x2, y2), . . . , (xn, yn),
where xi is the i-th input feature vector and yi is the corresponding continuous
output value, the KNN algorithm predicts the output for a new observation x by
finding the K closest neighbors in the training set and taking the average of their
output values (Peterson, 2009).

To calculate the distance between x and each training example, a distance metric
such as Euclidean distance can be used:

d(x, y) =

√
n

∑
i=1

(xi − yi)2 (2.13)

where d(x, y) is the Euclidean distance between two data points x and y in n-
dimensional space, and the elements (x1, x2, ..., xn) and (y1, y2, ..., yn) are the respec-
tive coordinates in each dimension.
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After computing the distances between x and all training examples, the K nearest
neighbors of x with the smallest distances are selected. The predicted output value
for x is the average of the output values of its K nearest neighbors:

ŷ =
1
k

k

∑
i=1

yi (2.14)

During the training phase, the only step is to store the training data. KNN is a
memory-based algorithm, thus it uses the entire training dataset to make predic-
tions for new data points.

The performance of KNN can be affected by the choice of the hyperparameter K,
which determines the number of neighbors to consider. A small value of K may re-
sult in over-fitting, while a large value of K may result in under-fitting. The optimal
value of K can be selected by evaluating the performance of the model on a valida-
tion set. Additionally, the distance metric can be customized based on the specific
problem, and feature scaling may be necessary to ensure that all features contribute
equally to the distance calculation.

Polynomial Regression

Polynomial regression is a type of regression analysis where the relationship be-
tween the independent variable (x) and dependent variable (y) is modeled as an
n-th degree polynomial function. The algorithm can be used to model nonlinear
relationships between the variables. By including higher-order terms in the model,
the curve that fits the data can be more flexible and can capture more complex pat-
terns in the data. However, over-fitting can be a problem with higher-order poly-
nomials, which can lead to poor generalization to new data. To avoid over-fitting,
regularization techniques such as ridge regression or lasso regression can be used
(Ostertagová, 2012).

Polynomial regression is a form of linear regression in which the relationship be-
tween the input feature and output variable is modeled as an nth degree polyno-
mial function. The polynomial function can be defined as follows:
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y = β0 + β1x + β2x2 + β3x3 + · · ·+ βnxn + ϵ (2.15)

where y is the output variable, x is the input feature, β0, β1, . . . , βn are the coeffi-
cients of the polynomial function, and ϵ is the error term.

The task of polynomial regression is to estimate the values of the coefficients β0, β1, . . . , βn

from the training data, in order to find the best fitting polynomial function that
approximates the relationship between the input feature and output variable. To
estimate the coefficients, the method of least squares can be used, which involves
minimizing the sum of squared residuals between the predicted values and actual
values of the output variable. The sum of squared residuals is defined as follows:

SSres =
n

∑
i=1

(yi − ŷi)
2 (2.16)

where yi is the observed value and ŷi is the predicted value of the output variable
for the i-th training example.

The predicted value of the output variable can be obtained by substituting the input
feature xi into the polynomial function:

ŷi = β0 + β1xi + β2x2
i + β3x3

i + · · ·+ βnxn
i

Additionally, to minimize the sum of squared residuals, the derivative of SSres can
be taken with respect to each coefficient β j and set equal to zero:

∂

∂β j
SSres = −2

n

∑
i=1

(yi − ŷi)xj
i + 2λjβ j = 0

for j = 0, 1, . . . , n, where λ is the regularization parameter that controls the degree
of penalty on the coefficients to prevent over-fitting.

The above equations form a system of linear equations that can be solved for the
values of the coefficients β0, β1, . . . , βn. This can be achieved through using matrix
algebra, or by using specialized libraries or software packages.
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Once the values of the coefficients are estimated, the polynomial function can be
used to make predictions for new data points by substituting the input feature into
the function. The degree of the polynomial function can be chosen based on the
complexity of the relationship between the input feature and output variable, and
the performance of the model can be evaluated using metrics such as the MSE or
R-squared.

Genetic Algorithms

Genetic algorithms are machine learning algorithms inspired by the works of Charles
Darwin’s theory. They are a class of evolutionary algorithms that use a natural se-
lection process to evolve towards an optimal solution. The algorithm works by
generating a population of potential solutions and then selecting the fittest individ-
uals from that population for reproduction. The reproduction process is done us-
ing genetic operators such as crossover and mutation, which mimic the biological
processes of reproduction and mutation in living organisms (Kramer and Kramer,
2017).

The fitness of each individual in the population is evaluated using a fitness function,
which quantifies how well each solution performs on the problem being solved.
The fittest individuals are then selected for reproduction, where their genetic ma-
terial is combined to produce offspring for the next generation. This process is
repeated for several generations, with the hope that the population will evolve to-
wards a more optimal solution over time. This research uses genetic algorithms for
identifying the best subset of features for estimating the redshift of galaxies where
features are chosen based on the highest accuracy obtained (Leardi, 1996). The fol-
lowing steps are taken by genetic algorithms to optimize solutions:

1. Generate an initial population with randomized individuals (where individ-
uals mean a group of features)

2. Check the fitness of each individual

3. Select individuals with the highest fitness for reproduction

4. Cross-over the genes from the chosen individuals
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5. Mutate some of the genes to offer randomness

6. Repeat for a set number of generations.

The genetic algorithm is coded using the procedure mentioned above. Three func-
tions are created, named selection() mutation() and crossover(), these functions rep-
resent the biological operators that occur in natural reproduction. The selection
function randomly selects two individuals and returns the one that has the high-
est fitness score. A new population is created by repeatedly running the selection
function. The crossover function takes two parents and returns two children that
have been crossed-over at random points. The probability that the crossover func-
tion will allow parent gene’s to be crossed is set at 90%. Thereafter, the population
is mutated by flipping random bits with a mutation probability of 10%. The popu-
lation size is chosen as 20 individuals and the algorithm is run for 50 generations.
This configuration allows for enough exploration and also allows for generations to
converge towards a fitness.

2.2.2 Data Collection and Data Pre-Processing

The dataset is obtained from SDSS where SDSS has organised the most detailed
maps of the universe (“Sloan Digital Sky Survey” 2022). SDSS is a massive astro-
nomical project that has created one of the most comprehensive databases of astro-
nomical information in the world. The project has provided an unprecedented view
of the universe and has revolutionized our understanding of its structure, compo-
sition, and evolution. The SDSS database contains a vast amount of data, including
images, spectra, and astrometry for millions of celestial objects, such as stars, galax-
ies, and quasars. This data has been used by researchers around the world to study
a wide range of topics, including the large-scale structure of the universe, the prop-
erties of dark matter, the evolution of galaxies, and the behavior of black holes. As
a result, the SDSS database has become an essential resource for astronomers and
astrophysicists, and it has significantly advanced our knowledge of the universe.
This research analyzes the data contained within the SDSS database to explore new
insights and discoveries in the field of photometric redshift estimation.

The specific dataset that is used is the SDSS Data Release 17 (DR17). DR17 is the
latest release of the fourth phase of the SDSS. DR17 contains observations through
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January 2021 and includes all the sky coverage of prior releases. The redshift val-
ues were restricted to a maximum value of 2 as extremely high redshift sources
may be considered as outliers. These outliers in the data are disregarded as they
may negatively impact the accuracy of models. Furthermore, the SDSS dataset did
not contain many entries for galaxies with high redshifts. Higher redshift values
correspond to further away galaxies, with the furthest galaxy GN-z11 is known to
have a redshift value of 11.09.

SDSS includes various tables and views to easily obtain specific data from data sur-
veys. These tables are analyzed to identify an appropriate dataset for the research.
It was found that the SpecPhoto table contains suitable attributes for the research.
The SpecPhoto table includes a wide range of information on astronomical bodies,
such as position in the sky, brightness in different wavelength bands, redshift val-
ues, and various other properties related to photometry. Table 2.1 summarises the
key features included in the SpecPhoto table which are used for training the models.
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TABLE 2.1: Subset of Features from the SpecPhoto Table

Feature Description
ra The SDSS database includes the Right Ascension of celestial objects,

which is a measure of their angular distance eastward along the celes-
tial equator from the vernal equinox (measured in degrees).

dec The database also includes the Declination of celestial objects, which
is a measure of their angular distance north or south of the celestial
equator (measured in degrees).

psfMag The Point Spread Function magnitude, also known as the "instrumen-
tal magnitude", is a measure of an object’s brightness as measured by
the SDSS instrument in a single exposure, before correcting for atmo-
spheric effects and other factors. This magnitude assumes that the ob-
ject is a point source.

fiberMag The Fiber magnitude is a measure of an object’s brightness as mea-
sured through a small circular fiber during the SDSS observation. This
magnitude is a measure of the light that enters the fiber and is therefore
not affected by atmospheric effects that can affect the PSF magnitude.

petroMag The Petrosian magnitude attempts to account for the fact that the
brightness profile of many galaxies is not well described by a simple
PSF or Gaussian function. The magnitude is derived from the Pet-
rosian radius, which is the radius at which the ratio of surface bright-
ness to average surface brightness within that radius is 0.2. The Pet-
rosian magnitude is then calculated as the total flux within twice the
Petrosian radius, divided by the area within twice the Petrosian ra-
dius.

modelMag The Model magnitude is a measure of an object’s brightness predicted
by a model of its surface brightness profile. The SDSS uses a de Vau-
couleurs profile, a type of light distribution often used to describe the
surface brightness of elliptical galaxies, to model the object’s bright-
ness profile.

cmodelMag The Composite Model magnitude is a hybrid magnitude that com-
bines the advantages of both the PSF and model magnitudes. It is a
weighted average of the PSF and model magnitudes, with the weights
determined by the goodness of fit of the model to the data.

extinction Extinction is a measure of the amount of light absorbed or scattered
by the Earth’s atmosphere as it passes through to reach the SDSS tele-
scope. The SDSS reports extinction coefficients in each band (u, g, r, i,
z) in magnitudes.

dered The Dereddened magnitude is a magnitude corrected for the effects
of extinction due to dust in the milky way galaxy. The correction is
made using the extinction coefficients provided by SDSS and assum-
ing a standard extinction law.

mRrCc-r The variable represents the standard deviation or uncertainty associ-
ated with the photometric properties

score The variable represents the quality score or metric associated with the
object’s spectroscopic or photometric properties.
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Data from the SDSS is retrieved using SQL. SQL is a programming language that is
used to manage relational databases where it is used to perform various operations
on the data in these databases (w3schools, 2022). This is achieved through the use
of queries. The following code snippet is an example of the SQL query used to
retrieve data with the full code snippet given in Appendix A.

SELECT z AS ’redshift’, modelMag_u AS ’u’, modelMag_g AS ’g’,

modelMag_r AS ’r’, modelMag_i AS ’i’, modelMag_z AS ’z’

FROM SpecPhoto

WHERE zWarning = 0 AND class = ’GALAXY’ AND z BETWEEN {} AND {}

SQL is used to retrieve data from the SDSS database. This includes spectroscopic
redshift values and photometric data which include the brightness from the five op-
tical bands, u-g-r-i-z. It is important to note that for each query the SDSS database
returns a maximum of 500 000 rows of data. As a result, the query requests redshifts
between small ranges to ensure that the limit of 500 000 rows is not reached. This
can be seen in the SQL query above and where the BETWEEN keyword is used to
obtain data within small ranges. The small ranges are then appended to the main
data table. Once the data is obtained, the focus is shifted towards removing any
null values and outliers from the dataset. Moreover, faint values of redshift were
included in the dataset to ensure comprehensive coverage of astronomical objects.
Additionally, during the data preparation phase, the warning flags associated with
certain data points were not considered to prevent complications in the subsequent
analysis.

The data is then pre-processed to improve the performance of the machine learning
models. Feature scaling is a common technique used to ensure that all the features
of the data are on the same scale. This is done by transforming the values of each
feature to a similar scale such as between 0 and 1. Another common technique
used in data pre-processing is feature standardization. This involves transforming
the data to have a mean of zero and a standard deviation of one. Feature standard-
ization can help to reduce the impact of outliers in the data and it is also a necessary
step for principal component analysis.
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After the data has been pre-processed, it is split into a training set, a cross-validation
set, and a test set using a 70:20:10 ratio respectively. The training set is used to train
the machine learning model, while the cross-validation set is used to identify the
best subset of features that result in the highest accuracy. Finally, the test set is used
to evaluate the performance of the model on unseen data. By using a test set that
the model has not seen before, a more accurate measure of how well the model is
likely to perform in the real world is obtained.

After rigorous data curation, the final dataset comprised 2,616,730 galaxies within
a redshift range spanning from 0 to 2. The inclusion of this extensive sample of
galaxies enhances the dataset’s representativeness and enables a more comprehen-
sive exploration of astronomical phenomena across different redshift intervals.

2.2.3 Evaluation Metric

The error of any system in general can be obtained by taking the difference between
the true value and measured value (Willmott and Matsuura, 2005). However, as
there are multiple points of error the error is calculated using the RMSE method
described by Equation 2.17. This method allows for the errors of each individual
component to be measured.

RMSE =

√
∑n

i=1(yi − ŷi)2

n
(2.17)

where yi is the actual value, ŷi is the estimated value and n is the number of data
points. Furtheremore, the Mean Absolute Percentage Error (MAPE) is used to ob-
tain a true representation of the accuracy of the models. MAPE is a commonly used
performance metric in machine learning for evaluating the accuracy of a model’s
predictions. It is a measure of the average absolute percentage difference between
the actual and predicted values. MAPE is often used in the context of forecasting
and regression problems. A low MAPE value indicates that the model’s predictions
are close to the actual values, while a high MAPE value suggests that the model’s
predictions are not accurate. Additionally, an advantage of using MAPE is that it
is a percentage-based metric, which allows for easy comparison of the performance
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of different models (De Myttenaere et al., 2016).

MAPE is calculated using Equation 2.18:

MAPE =
1
n

n

∑
i=1

∣∣∣∣yi − ŷi

yi

∣∣∣∣× 100 (2.18)

where yi is the actual value of the i-th observation, ŷi is the predicted value of the
i-th observation, and n is the total number of observations. The absolute difference
between the actual and predicted values is divided by the actual value, and then
the average of these values is taken and multiplied by 100% to express the result as
a percentage.

In addition to other performance metrics, the research will utilize the MSE and
MAE to appropriately compare models with works from different literature, as
these metrics are commonly used in research papers as outlined in the literature
review section. The MSE and MAE are both measures of error or difference be-
tween predicted and actual values.

The MSE, defined as the average of the squared differences between predicted and
actual values, is calculated as follows:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (2.19)

Where n represents the number of samples, yi represents the actual value, and
ŷi represents the predicted value for the ith sample. The squared differences are
summed and then divided by the number of samples to give the average.

The MAE, defined as the average of the absolute differences between predicted and
actual values, is calculated as follows:

MAE =
1
n

n

∑
i=1
|yi − ŷi| (2.20)

Where n represents the number of samples, yi represents the actual value, and
ŷi represents the predicted value for the ith sample. The absolute differences are
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summed and then divided by the number of samples to give the average.

Both the MSE and MAE are valuable metrics for evaluating regression models but
possess distinct strengths and weaknesses. The MSE places greater emphasis on
large errors because it squares the differences between predicted and actual values,
which can lead to outliers having a greater impact on the metric. Conversely, MAE
treats all errors uniformly, making it more robust to outliers. However, the MAE
may be less sensitive to small changes in predicted values as it does not square the
differences.

2.2.4 Summary of Packages Used

The research required several different software packages to be completed. These
are given as follows:

1. Python 3.0 - Python will be used as data processing is simpler in python than
compared to other languages. Additionally, many implementations of the
mentioned machine learning models exist for python.

2. LazyRegressor - LazyRegressor is a Python package for quickly comparing
the performance of various machine learning models on a given dataset.

3. PyCharm IDE - This will be used to develop the code on and will help to find
errors.

4. Python packages - Various python packages will be used to facilitate the com-
pletion of the project. This will include but is not limited to multi-processing,
scikit-learn and astroML python packages.

5. SQL - The SQL database programming language will be used to obtain data
from the SDSS database

2.2.5 Ethical Considerations

The data used in the research is publicly available and does not involve human
participants. Therefore, no ethical clearance is required for this research. The data
sources used in the study are obtained from SDSS, which is widely accessible and
has been previously used in academic research.
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2.2.6 Overview of Implementation Process

The proposed methodology can be succinctly summarized as follows: Initially, the
dataset will be obtained from the SDSS database, followed by pre-processing and
training to establish a baseline performance. The optimal subset of features will be
obtained using an optimization algorithm, and all the models will be retrained with
this subset to obtain the best-performing model. The resulting models will undergo
a comprehensive analysis, including hyperparameter tuning and statistical tests.
An overview of the entire process is presented in Figure 2.5.

FIGURE 2.5: Diagram of Implementation: Figure displays a block
diagram of the overall implementation of the project. It describes the
workflow process which would be required to reproduce the research
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Chapter 3

Results and Analysis

This chapter presents the findings and results of the proposed methodology de-
tailed in Section 2.2. Furthermore, the chapter provides a thorough analysis of the
model’s performances, including their strengths and limitations, and discusses the
implications of the findings for the research area. Lastly, the chapter suggests pos-
sible directions for future research based on the limitations of the chosen approach.

3.1 Results and Analysis

3.1.1 Data Analysis

A histogram is a visual representation of the distribution of a dataset, where data is
divided into intervals or "bins" and the number of data points falling into each bin
is displayed as a bar. It is a useful tool to gain insights into the shape of the distri-
bution, including the presence of peaks and skewness. For instance, in Figure 3.1,
the histogram shows that the distribution is not entirely Gaussian and is skewed.
When a histogram shows that the distribution is not entirely Gaussian (bell-shaped)
and is skewed, it suggests that the data does not follow a symmetric pattern and
has a tail that extends more in one direction than the other. Skewness indicates that
the data is not evenly distributed around the mean. Linear models assume that the
relationship between the independent variables and the dependent variable is lin-
ear. Furthermore, These models assume that the residuals are normally distributed,
meaning they follow a Gaussian distribution. As a result, when the data is skewed,
the assumptions of linearity and normality may not hold, and linear models may
not be able to accurately capture the underlying patterns in the data. To overcome
this, more sophisticated machine learning techniques, such as ensemble methods
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and neural networks may be more appropriate.

FIGURE 3.1: Histogram of Spectroscopic Redshift Data Obtained from
SDSS Database

In addition to histograms, density plots are also a popular tool to visualize the dis-
tribution of a dataset. A density plot is a type of plot that uses a smooth curve to
depict the distribution of data. Specifically, a density plot represents the probability
density function (PDF) of the data, which shows the likelihood of the data being in
a particular range of values. Figure 3.2 provides a density plot, which represents
the distribution of the data as a smooth curve with 2 major peaks around the val-
ues 0.1 and 0.6. The plot indicates that the majority of the data lies within the 0-1
interval. Density plots are particularly useful for comparing distributions between
different groups or subsets of a dataset and can provide more accurate comparisons
of the shapes of the distributions while accommodating for differences in the scale
or range of the data.
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FIGURE 3.2: Density Plot of Redshfit Data

Moreover, Table 3.1 presents a statistical summary of observational redshift data
retrieved from the SDSS Database, revealing that the range of values is relatively
small. This characteristic of the data can sometimes make it difficult to obtain an
accurate model, as small variations may be interpreted as noise. However, it is im-
portant to note that the complexity of the model should be commensurate with the
complexity of the data. In this case, a simple model, such as linear regression, may
be appropriate if the relationships between the variables are mostly linear. Alterna-
tively, if the data is highly non-linear, more complex models such as decision trees
or neural networks may be more suitable. Therefore, careful consideration of the
data and the modeling approach is necessary to achieve accurate and reliable pre-
dictions.
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Statistic Description Value
Count represents the number of galaxies in the

dataset
2,616,730

Mean the average value of the redshift data for all
the galaxies in the dataset

0.40

Standard Deviation the amount of variation or dispersion in the
redshift data

0.25

Minimum represents the smallest value observed in
the redshift data

0.00

25th Percentile represents the value below which 25% of
the data falls

0.16

50th Percentile represents the middle value of the dataset 0.44
75th Percentile represents the value below which 75% of

the data falls
0.58

Maximum represents the largest value observed in the
redshift data

2.00

TABLE 3.1: Summary Statistics of Redshift Data Obtained from SDSS
Database

Lastly, a correlation plot is provided in Figure 3.3. A correlation plot provides useful
information on the relationships between the variables in the dataset. The plot dis-
plays the pairwise covariances between six variables, namely redshift, u, g, r, i, and
z. The diagonal elements correspond to the correlation of each variable with itself,
which have been standardized to equal one. On the other hand, the off-diagonal
elements represent the correlation between other variables.
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FIGURE 3.3: Correlation Plot of u-g-r-i-z Features Obtained from
SDSS Dataset

Analysis of the correlation between redshift and the other variables reveals that
they are relatively small, ranging from 0.03 to 0.04. This observation suggests that a
weak linear relationship exists between redshift and the other variables. Such a re-
sult is consistent with the fact that redshift measures the expansion of the universe
and is not directly related to the brightness or color of an astronomical object.

Conversely, the correlations between u, g, r, i, and z are relatively high, ranging
from 0.87 to 0.97. This outcome indicates that a strong linear relationship exists
between these variables. This observation is not unexpected since u, g, r, i, and
z correspond to measures of the brightness of an astronomical object at different
wavelengths, and their values are anticipated to be highly correlated.
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The analysis suggests that redshift is weakly directly associated with the brightness
or color of an astronomical object, whereas the measures of brightness at different
wavelengths display a high level of correlation with each other. This information
can be leveraged to select appropriate statistical methods for analyzing the data and
to gain further insight into results.

3.1.2 Hyperparameter Tuning

Hyperparameter tuning is an essential process in machine learning that involves
selecting the optimal set of hyperparameters for an algorithm to achieve better per-
formance. Hyperparameters are parameters that are not learned during training
but are set manually before the training process. The goal of hyperparameter tun-
ing is to find the best combination of hyperparameters that will produce the most
accurate model possible (Feurer and Hutter, 2019).

After conducting an extensive hyperparameter tuning process, the optimal hyper-
parameters for different machine learning algorithms have been determined based
on their performance metrics. Table 3.2 presents the tuned hyperparameters for the
algorithms: XGBoost, Random Forest, ANN, and KNN.

Parameters XGBoost Random Forest ANN KNN
max_depth 8 197 - -

learning_rate 0.017 - 0.06 -
n_estimators 248 139 - -
max_features - sqrt - -
n_neighbours - - - 10

weights - - - uniform
algorithm - - - auto

first_layer_neurons - - 60 -
second_layer_neurons - - 80 -

TABLE 3.2: Best Parameters Found from Hyperparameter Tuning

In the optimization process for each algorithm, the three most crucial hyperparam-
eters were carefully tuned to achieve the best performance. For XGBoost, the best
max_depth hyperparameter was found to be 8, allowing the decision trees in the en-
semble model to capture intricate patterns without over-fitting. The learning_rate
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was fine-tuned to 0.017 to facilitate efficient convergence to the optimal solution.

Regarding the random forest algorithm, the max_features hyperparameter was as-
signed the value "sqrt," ensuring a diverse selection of features at each split and
bolstering the model’s overall robustness. The optimal number of n_estimators was
determined to be 139, providing the best performance for the ensemble model.

In the case of ANN’s, a learning_rate of 0.06 was found to be optimal. This pro-
vides a balance between convergence speed and avoiding overshooting the optimal
weight values. The architecture was optimized by tuning the first_layer_neurons
and second_layer_neurons hyperparameters, leading to the highest performance
with 60 neurons in the first hidden layer and 80 neurons in the second hidden layer,
allowing the network to capture complex patterns in the data effectively. Further-
more, it should be noted more complex network architectures possess a greater
number of free weights, enabling them to achieve a closer fit to the data. How-
ever, in any real dataset, there exists a fundamental limit to the root mean square
fit due to random noise present in the input measurements. Consequently, further
increases in architecture complexity do not yield significant improvements beyond
this limit. For the purpose of research, network architectures were investigated,
resulting in the selection of a 4-layer architecture. Moreover, a comprehensive re-
view of the existing literature informed this decision. Particularly, an observed in-
stance of a four-layer architecture performing well in a study by Firth, Lahav, and
Somerville (2003) served as a compelling reason for its inclusion in the investiga-
tion.

Lastly, for the KNN algorithm, the optimal value for n_neighbours was found to be
10, meaning the model considered the ten nearest data points for classification. This
provides a suitable balance between under-fitting and over-fitting, ensuring reliable
results. The optimal weights parameter was found to be "uniform," granting equal
influence to all data points within the neighborhood for the classification decision.
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3.1.3 Base model

Based on the methodology outlined in Section 2.2, the initial stage of the study in-
volved utilizing the base features of u-g-r-i-z. This approach was then utilized to
train the models, with the results obtained displayed in Table 3.3. By employing
these features, the models were able to effectively generate meaningful data and
yield useful insights, providing a foundation for further exploration and analysis.
The hardware used for training the models consists of a Mid 2012 MacBook Pro
with a 2.5 GHz Dual-Core Intel Core-i5 that runs on MAC OS Catalina version
10.15.3.

Model R2 RMSE MAPE MAE MSE Time (s)
XGBoost 0.84 0.05 20.89% 0.03 0.002 167

Random Forest 0.84 0.05 22.03% 0.03 0.002 221
KNN 0.81 0.05 22.79% 0.03 0.002 784
ANN 0.84 0.05 22.45% 0.03 0.002 238

Polynomial Regression 0.006 0.12 52.02% 0.1 0.016 443

TABLE 3.3: Performance metrics of various machine learning models

The table presents the performance metrics of the five machine learning models:
XGBoost, random forest, KNN, ANN, and polynomial regression. The models are
evaluated based on several performance metrics, including R-squared, Root Mean
Square Error, Mean Absolute Percentage Error, Mean Absolute Error, Mean Square
Error, and Time (in seconds) required for each model to generate its predictions.

The R-squared metric measures how much of the variation in the dependent vari-
able is explained by the models. XGBoost, random forest, and ANN models achieved
similar R-squared values of 0.84, while KNN had a slightly lower value of 0.81.
Polynomial regression had the lowest R-squared value of only 0.006, indicating a
poor fit to the data.

The RMSE metric measures the average difference between the predicted and actual
values of the dependent variable. XGBoost, random forest, ANN and KNN models
achieved similar RMSE values of 0.05, indicating good performance in terms of ac-
curacy. Polynomial regression had the highest RMSE value of 0.12, indicating poor
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performance.

Additional metrics included the MAPE, MAE and MSE scores. XGBoost model
achieved the best performance with a MAPE of 20.89%. Random forest and ANN
models had slightly higher values, while KNN had a value of 22.79%. Polynomial
regression had a very high MAPE of 52.02%. The metrics all suggest poor perfor-
mance from polynomial regression and good performance for XGBoost and Ran-
dom Forest algorithms.

The Time metric measures the time required for each model to generate its predic-
tions. XGBoost was the fastest model, requiring only 167 seconds, while the other
models required significantly longer times. Random forest required 221 seconds,
KNN required the longest time of 784 seconds, ANN required 238 seconds, and
polynomial regression required 443 seconds. The observed extended training time
for the KNN model can be attributed to its unique characteristic of using all avail-
able values during the calculation process. Consequently, this direct reliance on
data points for computation leads to a more time-consuming training phase com-
pared to other models that learn and generalize patterns from the data.

XGBoost, random forest and ANN models are the best performers in terms of the
metrics evaluated. The KNN model has similar performance but takes significantly
longer to train. The polynomial regression model has poor performance. From an-
alyzing Table 3.3, it was observed that the algorithm which yielded the fastest and
most optimal results for the initial feature set was XGboost. Based on this outcome,
it was decided that the XGboost algorithm, in conjunction with genetic algorithms,
would be utilized in subsequent stages of the implementation.

Lastly, Figure 3.4 exhibits a comparative representation of the redshift values ob-
tained from the XGBoost algorithm against the observational values. The plot demon-
strates a close proximity between the predicted and observed values.
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FIGURE 3.4: Obervsational vs Predicted Redshift Values for the
XGBoost Algorithm Trained on Base Subset of Features

3.1.4 Genetic Algorithms

In this research, Genetic Algorithms were utilized to optimize the performance of
the XGBoost algorithm by identifying the most suitable subset of features - features
that provide the most accurate redshift values. The fitness evaluation of the mod-
els in each generation and population was based on the MAPE score. Figure 3.5
presents the results obtained from the GA iterations for the fitness function, illus-
trating the algorithm’s progress in optimizing the feature subset.

FIGURE 3.5: MAPE Values Obtained Over Various Iterations for
Genetic Algorithms Optimization
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The provided visualization showcases the results of the performed analysis, where
the x-axis represents the number of iterations while the y-axis illustrates the associ-
ated error values. Each point on the plot corresponds to a specific iteration and its
corresponding error value. The red line depicted in the graph indicates the lowest
errors that have been achieved throughout the optimization process.

Upon careful examination of the plot, it is apparent that the algorithm reaches con-
vergence around the 12-13% threshold, with no further significant improvement
observed beyond this point. This behavior is indicative of the algorithm having
identified an optimal solution within the search space. Further iterations may re-
sult in negligible improvements or even potential over-fitting of the model.

Additionally, to obtain a more comprehensive understanding of the optimized model,
the features corresponding to the lowest errors obtained have been listed in Table
3.4. Specifically, the rows of Table 3.4 contain feature subsets that emerged as the
most optimal during different iterations of the optimization process. These subsets
were obtained by subjecting the validation set to the genetic algorithm optimiza-
tion. Notably, the variables enlisted in Table 3.4 are derived from the u-g-r-i-z com-
ponents. The results reveal that the algorithm recognizes diverse combinations of
these components as the best-performing features.
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Features MAPE Count
[dec psfMag-g psfMag-z psfMagErr-u psfMagErr-g psfMagErr-i
psfMagErr-z fiberMag-u fiberMag-g fiberMag-i fiberMagErr-
u fiberMagErr-g fiberMagErr-i petroMag-u petroMagErr-
g petroMagErr-r petroMagErr-z modelMag-u modelMag-i
modelMag-z modelMagErr-r modelMagErr-i cModelMag-u
cModelMag-g cModelMag-z cModelMagErr-u cModelMagErr-g
cModelMagErr-z score extinction-r extinction-i extinction-z dered-g
dered-i dered-z]

17.37 35

[psfMag-r psfMagErr-u psfMagErr-z fiberMag-u fiberMag-g
fiberMag-r fiberMag-z fiberMagErr-r fiberMagErr-i petroMag-
u petroMag-i petroMagErr-g petroMagErr-i petroMagErr-
z modelMag-u modelMag-r modelMag-i modelMag-z
modelMagErr-g modelMagErr-z cModelMag-u cModelMag-g
cModelMag-i cModelMag-z cModelMagErr-u cModelMagErr-r
extinction-g extinction-r extinction-i dered-g dered-i dered-z]

13.19 32

[ra psfMag-z psfMagErr-u psfMagErr-r psfMagErr-z fiberMag-
u fiberMag-g fiberMag-r fiberMag-i fiberMag-z fiberMagErr-
g fiberMagErr-i petroMag-g petroMag-z petroMagErr-u
petroMagErr-g modelMag-u modelMag-i modelMagErr-g
modelMagErr-r modelMagErr-z cModelMag-r cModelMag-i
cModelMag-z cModelMagErr-u cModelMagErr-g cModelMagErr-i
cModelMagErr-z mRrCc-r extinction-u extinction-z dered-u dered-
g dered-z]

13.04 34

[ra psfMag-r psfMag-i psfMagErr-u psfMagErr-r psfMagErr-
z fiberMag-u fiberMag-g fiberMag-r fiberMag-i fiberMag-z
fiberMagErr-g fiberMagErr-i petroMag-g petroMag-z petroMagErr-
u modelMag-u modelMag-i modelMagErr-g modelMagErr-r
modelMagErr-z cModelMag-i cModelMag-z cModelMagErr-u
cModelMagErr-g cModelMagErr-i cModelMagErr-z mRrCc-r
extinction-z dered-u dered-g dered-z]

12.88 32

[ra psfMag-r psfMag-i psfMagErr-u psfMagErr-r psfMagErr-
z fiberMag-u fiberMag-g fiberMag-r fiberMag-i fiberMag-z
fiberMagErr-g petroMag-g petroMag-z petroMagErr-u modelMag-
u modelMag-i modelMagErr-g modelMagErr-r cModelMag-i
cModelMag-z cModelMagErr-u cModelMagErr-g cModelMagErr-i
cModelMagErr-z mRrCc-r extinction-z dered-u dered-g dered-z]

12.78 30

[ra psfMag-r psfMag-i psfMagErr-u psfMagErr-r psfMagErr-
z fiberMag-g fiberMag-r fiberMag-i fiberMag-z fiberMagErr-g
fiberMagErr-i petroMag-g petroMag-z petroMagErr-u modelMag-
g modelMag-i modelMagErr-g modelMagErr-r modelMagErr-z
cModelMag-i cModelMagErr-u cModelMagErr-g cModelMagErr-i
cModelMagErr-z mRrCc-r dered-u dered-g dered-r]

12.77 29

TABLE 3.4: Best Features Obtained Through Genetic Algorithms
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Moreover, it is crucial to emphasize the rationale behind selecting the initial fea-
tures. The approach involved incorporating all available information from the
SpecPhoto table and allowing the optimization algorithm to discern the most per-
tinent features. While certain features align with those observed in the literature,
such as the dered, extinction, and Petrosian values (found in works by Li et al.
(2007)), others do not. Nevertheless, it was deemed more fitting to let the optimiza-
tion algorithm undertake the feature selection process, thus handling the task more
comprehensively.

Analysis of Table 3.4 reveals that despite the incorporation of a greater number of
features in some iterations, there is no direct improvement in the resulting score. To
comprehensively evaluate the effectiveness of the employed Genetic Algorithms
method, a principal component analysis (PCA) has been conducted to compare the
performance of the best set of features.

The PCA analysis allows for the identification of the most important features that
contribute the most to the observed variance in the dataset. By comparing the best
feature sets with the aid of PCA, it is possible to determine the extent to which
the genetic algorithm approach has optimized the feature selection process. The
findings from this analysis may aid in providing insights into the performance and
limitations of the optimization methodology.

3.1.5 Analysis of Features

According to Table 3.4, the Genetic Algorithm optimization selected 29 features that
resulted in the best score of 12.77%. This feature set is a combination of various at-
tributes from the SpecPhoto table, including the variation of u-g-r-i-z for different
attributes. A correlation plot (Figure 3.6) of all features was generated to further
investigate this matter.
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FIGURE 3.6: Correlation Plot of the Best Features Obtained From
Genetric Algorithms

The correlation plot reveals that most variables exhibit a strong positive correlation
with each other. For instance, psfMag-r and fiberMag-r exhibit a perfect positive lin-
ear relationship with a correlation coefficient of 1.00, while psfMag-r and psfMag-i
display a strong positive linear relationship with a correlation coefficient of 0.98.
The omission of all bands (u-g-r-i-z) for each attribute is due to the high correlation
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between them, which does not contribute significantly to the models. Highly corre-
lated data can result in over-fitting and reduce the model’s ability to generalize to
new data.

Including two highly correlated variables in a model may lead to over-fitting, where
the model becomes excessively complex and fits the training data too closely, result-
ing in poor performance on new data. The effectiveness of the genetic algorithm
optimization is demonstrated by its ability to remove sets of features with high cor-
relation, as observed from the correlation plot.

Moreover, the literature supports the significance of these variables within the spe-
cific domain of predicting photometric redshifts. This outcome is expected within
the astronomy. The methodology employed in this report suggests promising av-
enues for further investigation. Additionally, it was initially considered impractical
to include the variables RA and DEC in future redshift estimations. The rationale
behind this lies in the clustering of galaxies, as algorithms identify similarities in
redshift values among galaxies within clusters, leading to the inclusion of RA and
DEC in the optimization process.

3.1.6 Best Models

Table 3.5 presents the results of the best models obtained. After training the models
on the optimal subset of features, the results demonstrate that XGBoost outper-
forms the other models with the highest R2 value of 0.94, and the lowest RMSE and
MAE values of 0.03 and 0.02, respectively. Additionally, XGBoost requires the least
amount of time to train. Therefore, it can be concluded that XGBoost is the best
model for this dataset.
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Model R2 RMSE MAPE MAE MSE Time (s)
XGBoost 0.94± 0.01 0.03± 0.01 12.04% ±

2%
0.02± 0.01 0.001 ±

0.0005
367 ± 28

Random
Forest

0.93± 0.01 0.03± 0.01 14.93% ±
2.5%

0.02± 0.01 0.002 ±
0.001

483 ± 180

KNN 0.90± 0.02 0.04± 0.02 17.91% ±
2.5%

0.02± 0.01 0.002 ±
0.001

1660± 435

ANN 0.89± 0.02 0.06± 0.03 18.12% ±
2.5%

0.03± 0.02 0.004 ±
0.002

665 ± 137

Polynomial
Regres-
sion

0.80± 0.05 0.1 ± 0.05 34.43% ±
7%

0.03± 0.02 0.01 ±
0.005

443 ± 172

TABLE 3.5: Performance metrics of various machine learning models
(including variances)

However, it is important to note that the random forest algorithm also performs
well with RMSE and MAE values of 0.03 and 0.002, respectively, which are quite
close to the values of XGBoost. Additionally, the RMSE of XGBoost only beats the
Random Forest MAPE score by 2.89%. Thus, it is necessary to conduct statistical
tests to confirm whether XGBoost is statistically superior to Random Forest.

Figure 3.7 exhibits a comparative representation of the redshift values obtained
from the XGBoost algorithm against the observational values. The plot demon-
strates a close proximity between the predicted and observed values.

FIGURE 3.7: Observational vs Predicted Redshift Values for XGBoost
algorithm trained on Optimal Features
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Figure 3.8 presents a histogram of errors, with an overlaid Gaussian distribution fit.
Gaussian errors, also known as normally distributed errors or errors with a normal
distribution, are a prevalent type of error distribution observed in machine learn-
ing models. The majority of errors in such models are small and near to zero, while
larger errors occur less frequently and become increasingly improbable as they de-
viate farther from zero.

FIGURE 3.8: Histogram of Errors Between Observational and
Predicted Redshift Values

In the realm of machine learning, Gaussian errors hold several vital implications.
First and foremost, the Gaussian nature of the errors implies that the model is mak-
ing consistent errors, centered around zero. This is desirable because it indicates
that the model is not biased systematically in any particular direction.

Moreover, the Gaussian errors assist in comprehending the model’s overall perfor-
mance. If the errors are significantly skewed toward one direction or another, it may
suggest that the model is over-fitting or under-fitting the data, respectively. Con-
versely, if the errors are symmetrical and bell-shaped, it indicates that the model is
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fitting the data well and making accurate predictions. It is seen from the plot, that
the width of the Gaussian is 0.03. The width of the Gaussian distribution can be
interpreted as a measure of the variability of the prediction errors and is formally
known as standard deviation. A standard deviation of 0.03 means that the majority
of the differences between the actual and predicted values fall within a range of +/-
0.03 units around the mean difference. This indicates that the model is generally
making predictions that are close to the actual values.

The results of the actual vs predicted values are presented in Figure 3.9, which dis-
plays a two-dimensional histogram. The almost straight line in the plot signifies a
strong correlation between predicted and actual values, suggesting that the model
can accurately capture the underlying data patterns. This correlation is a desirable
outcome in many machine learning applications, as it indicates good predictive
power of the model. However, it is essential to note that a high correlation alone
does not necessarily imply that the model is the best fit for the data. Other per-
formance metrics, such as mean squared error and R2, should also be taken into
account while assessing the model’s performance.

FIGURE 3.9: 2D Histogram of Observational vs Predicted Redshift
Values
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Additionally, the plot reveals that the predicted and observational values become
broader at higher redshifts, which suggests that the error is greater at higher red-
shifts. This could be attributed to the fact that the majority of the data is concen-
trated at lower redshifts. It is also apparent that there is no systematic shift at some
redshifts. This is an important observation as it indicates that the model is not
biased towards specific redshift values and is capable of producing reasonably ac-
curate predictions across the entire range of redshift values.

Comparing the results obtained in Table 3.5 with those from the existing literature
revealed that the XGBoost model employed in this study exhibited superior per-
formance over the models reported in the Henghes et al. (2021). Additionally, the
other models utilized in this project also outperformed their counterparts from the
literature. Specifically, the random forest model in the literature had a MSE of 0.004
and MAE of 0.03, while the random forest model in this project achieved an MSE of
0.002 and MAE of 0.02. This substantial improvement in performance underscores
the efficacy of the work conducted in this research.

It is essential to consider certain factors that might contribute to these differences.
Firstly, the number of galaxies used in the literature’s experiments was notably
lower, with only 1,639,348 galaxies, while this research utilized a more extensive
dataset of 2,616,730 galaxies. This larger dataset could potentially enable more
accurate model training and lead to better predictions. Moreover, the literature’s
comparison was based solely on the base features u-g-r-i-z, whereas this research
delved into exploring additional features. The incorporation of these additional
features might have played a crucial role in enhancing the model’s predictive capa-
bilities and contributing to the observed improvements. These findings underscore
the importance of dataset size and feature selection when striving to improve the
performance of machine learning models in astrophysical research.
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3.1.7 PCA Analysis

Principal Component Analysis (PCA) is a powerful technique in data analysis that
aims to reduce the dimensionality of a large dataset while retaining most of the im-
portant information. It is a linear transformation technique that identifies the un-
derlying structure in the data and produces a new set of variables, called principal
components, that are uncorrelated with each other. PCA can be used for dimen-
sionality reduction by selecting a subset of the principal components that capture
the most variance in the data. The number of principal components to keep is a
hyperparameter that can be tuned based on the desired level of variance retention
(Maćkiewicz and Ratajczak, 1993).

Initially, the PCA algorithm begins by computing the covariance matrix of the data.
The covariance matrix measures the linear dependence between pairs of variables
in the data. The covariance between two variables x and y can be computed using
the following formula:

cov(x, y) = E[(x− E[x])(y− E[y])] (3.1)

where E[x] and E[y] are the means of x and y, respectively. The covariance matrix
is a square matrix where each element (i, j) is the covariance between the i-th and
j-th variables in the data.

Thereafter, PCA computes the eigenvectors and eigenvalues of the covariance ma-
trix. An eigenvector is a non-zero vector that, when multiplied by the covariance
matrix, gives a scalar multiple of itself. The scalar multiple is called the eigenvalue.
The eigenvectors and eigenvalues are computed using the following equation:

Cv = λv (3.2)

where C is the covariance matrix, v is the eigenvector, and λ is the eigenvalue.
The eigenvectors and eigenvalues are ordered by the magnitude of the eigenval-
ues, with the largest eigenvalue corresponding to the first principal component.

The eigenvectors obtained form a new coordinate system, where each axis rep-
resents a principal component. The first principal component is the direction of
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maximum variance in the data, the second principal component is the direction of
maximum variance orthogonal to the first principal component, and so on. The
number of principal components is equal to the number of variables in the data
(Karamizadeh et al., 2013).

PCA then projects the data onto the new coordinate system. The projection of a
data point x onto the k-th principal component is given by:

zk = vT
k (x− µ) (3.3)

where vk is the k-th eigenvector, µ is the mean of the data, and zk is the k-th princi-
pal component. The projection of the data onto the new coordinate system results
in a new representation of the data that captures the most important patterns and
structures. Figure 3.10 provides a plot of the PCA analysis of the dataset.

FIGURE 3.10: Variance Ratio vs Principal Component: Figure
represents the number of principal components it would require to

explain the variance in the data

From the plot, it can be observed that the first principal component (PC1) explains
up to 60% of the variance, which is the highest among all the principal components.
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Additionally, it can be seen that it takes 26 principal components to explain all the
variance and 18 principal components to explain up to 95% of the variance. This in-
formation is useful in determining the number of principal components needed to
retain a certain percentage of the variance and to perform dimensionality reduction.

A XGBoost Regressor was trained on the data transformed by using the PCA, and
the subsequent results of the regression analysis are presented below in Table 3.6:

Model R2 RMSE MAPE MAE MSE Time (s)
XGBoost 0.89 0.04 18.03% 0.02 0.001 154

TABLE 3.6: XGBoost trained on data transformed by PCA

Table 3.6 highlights that the highest MAPE score achieved is 18.03%, which is no-
ticeably higher than the 12% attained by the XGBoost model trained on the best
subset of features. This finding provides compelling evidence that the genetic al-
gorithm optimization utilized in the research design is effective in identifying the
relevant features for model training.

3.1.8 Statistical Tests

The Wilcoxon signed-rank test is a statistical test used to compare two related sam-
ples that cannot be assumed to follow a normal distribution. It is a non-parametric
test, meaning that it does not require assumptions about the shape of the underly-
ing distribution of the data. This makes it a useful alternative to the paired t-test,
which is used when the data follows a normal distribution (Woolson, 2007).

The Wilcoxon signed-rank test works by ranking the absolute differences between
the two related samples and then calculating the sum of the ranks of the positive
differences and the sum of the ranks of the negative differences. The null hypoth-
esis of the test is that there is no difference between the two samples, while the
alternative hypothesis is that there is a significant difference between the two sam-
ples.
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The test statistic for the Wilcoxon signed-rank test is calculated using the following
formula:

W =
n

∑
i=1

Ri × sign(Di) (3.4)

The test statistic W is defined by the following variables: n, the sample size; Ri, the
rank of the ith absolute difference; Di, the ith absolute difference between the two
related samples; and sign(Di), which represents the sign of the ith absolute differ-
ence. The calculation of W measures the magnitude of the difference between the
two related samples, while the p-value measures the likelihood of observing the test
statistic if the null hypothesis is true. A p-value less than the chosen significance
level indicates that the null hypothesis should be rejected in favor of the alternative
hypothesis(Rey and Neuhäuser, 2011).

The p-value for the test statistic is calculated using the appropriate distribution for
the test. If the sample size is less than 50, the p-value can be found using a table of
critical values. If the sample size is larger than 50, a normal approximation can be
used to calculate the p-value.

For the purpose of the research the two best performing algorithms are compared,
namely, random forest and XGBoost. To ensure that the analysis is reliable and ac-
curate, each algorithm is run 10 times with a new train/test split generated each
time, which constitutes the sample size. The results of these repetitions were then
used to conduct a Wilcoxon signed rank test at a significance level of 0.05, which is
a statistical test that compares two sets of paired data.

Upon computation, it was discovered that the sum of positive ranks was 4, while
the sum of negative ranks was 51. These values were used to compute the W value,
which was found to be 4. To determine if this result was significant, the critical
value for an iteration count of N=10 was obtained from a table of critical values,
and it was found to be 8. As the W value was less than the critical value, it was
concluded that the null hypothesis can be rejected.

The statistical analysis conducted indicates a significant difference between the per-
formance of the XGBoost algorithm and the random forest algorithm. This finding
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is crucial in determining the most efficient algorithm for the task of estimating red-
shift values. The results suggest that the XGBoost algorithm is superior to the ran-
dom forest algorithm in terms of predictive accuracy, as measured by the evaluation
metric used in this study.

The conclusion drawn from this study is that the XGBoost algorithm is more ef-
fective in producing accurate predictions than the Random Forest algorithm. It is
important to note that the difference in performance may vary based on the specific
dataset and evaluation metric used. Therefore, caution should be exercised when
applying these findings to other datasets or tasks.

3.1.9 Future Recommendations

The inclusion of future recommendations in this report is essential as it enables
the identification of areas where further research can be conducted to advance the
current knowledge base. These recommendations can provide a pathway for re-
searchers and practitioners to address the gaps in the existing literature and expand
upon the findings of this study.

The work in this report was confined to the SpecPhoto table from the SDSS database.
Future work should consider investigating additional tables that could provide
valuable insights. For instance, the PhotoObjAll table contains multiple features
that were not explored in this study. One of these features is the airmass attribute,
which measures the amount of atmosphere an object is observed through. Airmass
is a crucial factor in astronomy, as objects observed at higher air masses are gener-
ally of lower quality due to increased light scattering. The inclusion of airmass in-
formation in machine learning models can improve their predictive accuracy (Gra-
ham et al., 2018).

Moreover, the hyperparameter tuning in this research was limited as it was not the
primary research objective. Further studies should conduct comprehensive hyper-
parameter tuning to optimize the model’s performance. Additionally, to extend the
sample size for various redshift values, other datasets besides the SDSS database



55

can be utilized.

Lastly, this study focused solely on estimating redshifts of galaxies. Future works
should consider estimating the redshifts of other celestial objects to broaden the
scope of the research.

3.2 Summary

The presented research showcases the performance of the XGBoost model, which
achieved a low MAPE of 12.04%. To further evaluate the model, an analysis of
its features and optimization algorithm was conducted, and basic hyperparameter
tuning was performed. The study also included correlation plots and statistical tests
to confirm that XGBoost was the best-performing model. These findings provide
valuable insights for future research in this field, highlighting the effectiveness of
XGBoost in predictive modeling.
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Chapter 4

Conclusion

In conclusion, this research builds upon existing literature by using photometric
data to estimate the redshift of galaxies, which has not been extensively explored
in previous studies. The study utilized a variety of ML-based models, obtained
data from the Sloan Digital Sky Survey database via SQL queries, and performed
feature selection to identify the most relevant features for redshift estimation. The
developed models were trained, optimized, and compared using various perfor-
mance metrics such as RMSE, MAE, MSE, and MAPE. The results indicate that the
XGBoost algorithm is the most effective model for estimating redshift, achieving
a remarkable MAPE score of 12.04%. The findings presented in this report hold
considerable promise for advancing redshift studies and facilitating more accurate
simulations of the universe. By successfully identifying the most suitable algorithm
and features for redshift estimation, this research offers valuable insights that can
significantly benefit future investigations in this field.
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Appendix A

Appendix Title

A.1 Query for Data Retrieval

The following functions have been used to query the SDSS database.

def GetTable(z_min = None, z_max = None, dataRelease=SkyServer_DataRelease) :

#select

query = "select z,zErr,ra,dec,psfMag_u,psfMag_g,psfMag_r,psfMag_i,

psfMag_z,psfMagErr_u,psfMagErr_g,psfMagErr_r,psfMagErr_i,

psfMagErr_z,fiberMag_u,fiberMag_g,fiberMag_r,fiberMag_i,fiberMag_z,

fiberMagErr_u,fiberMagErr_g,fiberMagErr_r,fiberMagErr_i,fiberMagErr_z,

petroMag_u,petroMag_g,petroMag_r,petroMag_i,petroMag_z,petroMagErr_u

,petroMagErr_g,petroMagErr_r,petroMagErr_i,petroMagErr_z,modelMag_u,

modelMag_g,modelMag_r,modelMag_i,modelMag_z,modelMagErr_u,modelMagErr_g,

modelMagErr_r,modelMagErr_i,modelMagErr_z,cModelMag_u,cModelMag_g,cModelMag_r,

cModelMag_i,cModelMag_z,cModelMagErr_u,cModelMagErr_g,cModelMagErr_r,

cModelMagErr_i,cModelMagErr_z,mRrCc_r,mRrCcErr_r,score,extinction_u,

extinction_g,extinction_r,extinction_i,extinction_z,dered_u,dered_g,dered_r,

dered_i,dered_z"

#from

query += " from SpecPhoto"

#where

query += " where zWarning = 0 and class = ’GALAXY’"
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query += " and z between {}".format(z_min)

query += " and {}".format(z_max)

print(query)

return SkyServer.sqlSearch(sql= query, dataRelease=SkyServer_DataRelease)

z_min = 0

z_step = 0.1

table = None

while z_min<2.1 :

t = GetTable(z_min, z_min + z_step)

if t.shape[0] == 0 :

print (’No galaxies at z >= {}’.format(z_min))

if t.shape[0] == 500000 :

print (’Limit on rows exceed for z in [{}, {})’.format(z_min, z_min+z_step))

if table is not None :

table = table.append(t)

else :

table = t
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z_min += z_step
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