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ABSTRACT OF THE DISSERTATION

GSSD: Galaxy Similarity from Sorted Differences, and its Relationship to Age, Metallicity,
and Star Formation Rate

by

John Edward English

Doctor of Philosophy in Computer Science

University of California, Irvine, 2025

Associate Professor Wayne B. Hayes, Chair

SpArcFiRe is an algorithm written by a previous PhD student, Darren Davis, that finds,

delineates, and quantifies structure in the arms of spiral galaxies. For each arm it measures

the length, width, area, and pitch angle of the arm, among many other statistics. The goal of

this thesis is to use SpArcFiRe’s output measures to create a “similarity” measure between

pairs of galaxies in order to find if galaxies of similar “shape” or “structure” have similar

physical properties. while this can be useful for pairs of real galaxies, we also note that

when one galaxy is real and the other is simulated, we can also use such a measure to test

the result of galaxy simulations against real galaxies. Our method is called GSSD (Galaxy

Similarity from Sorted Differences). GSSD defines the similarity between two galaxies as the

minimum local maximum among pairwise differences in their normalized features. Given

that SpArcFiRe outputs hundreds of features for each galaxy, a substantial portion of this

thesis comprises how we determined the most discriminating features and chose a minimal

set of useful ones. We then used GSSD to compute pairwise differences between 29,000 of

the most “spiral-like” galaxies (as chosen by the Galaxy Zoo project) in the Sloan Digital

Sky Survey. For each such galaxy, GSSD allows us to create a list of “nearest-neighbors” in

feature space, essentially allowing us to find other galaxies that look very similar to a target

galaxy. Finally, we show that for the specific existing measurements of star formation rate,

ix



mean stellar age, and metallicity, the difference in these physical parameters is correlated

with GSSD’s measure of their “shape” difference. Following in the footsteps of the galaxy

morphological classification schemes of the Hubble Sequence and the De Vaucouleurs System,

we believe that GSSD will aid in objectively quantifying the relationship between the shapes

of galaxies and other observable parameters, as well as allow rigorous quantified comparison

of the shapes and properties of real galaxies vs. simulated ones.
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Chapter 1

Introduction

Understanding the sky and space beyond has been one of the oldest forms of study universal

to the human race. From the Mayans to the Norse to the Greeks, civilizations across the

world have looked up at the stars in awe. The authors of Norse Mythology believed the

various planets to be the realms of the warring factions of the gods that controlled all of

the world’s natural phenomena. The Greeks similarly named the planets after their gods,

or their gods after the planets depending on how you interpret their mythology. Meanwhile

civilizations with star-based astronomy, such as the Mayans, studied them in such great

detail that they devised one of the most accurate calendars of the ancient world-one that

rivals the modern Greco-Roman calendar.

Constellations are some of the most basic patterns observed and every culture has differ-

ent naming schemes for these collections of stars. However, with the advent of telescopes

mankind was finally able to see beyond just stars. In the 1900s, we finally discovered cos-

mological structures that dwarfed stars.

Only after hundreds of years of technological advancement with telescopes were the concepts

of galaxies and general groups developed by Edwin Hubble in 1926 [9], under the concept

1



of galaxy morphology. Categories from his naming scheme-such as elliptical, disk, bar,

and spiral galaxies-are still used today. Numerous attempts have been made to expand

his categories have been attempted since then, but most authors agree that advancing this

field depends on a lot of opinion, with various schemes being designed for different types of

predictions.

However this thesis rather than trying to advance astronomy’s zeitgeist by grouping galaxies

into universal groups, will be trying to contribute the power to quickly, and meaningfully

order galaxies based on their visual similarity. To this end I created a tool that allows its

user to choose one galaxy, then order the rest from most to least visually similar. This

similarity is based on geometric features extracted using SpArcFiRe [4] and is applicable

to any galaxy image compatible with said system. The system to perform said task is

completely interpretable and shows statistical significance with other properties of galaxies.

We focus on their age, star formation rate, and metallicity.
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Chapter 2

Background

This chapter describes the tools and concepts that support the construction of our method

for finding galaxy similarity called Galaxy Similarity from Sorted Difference, or GSSD, and

demonstrate its efficacy. There is a distinct difference between galaxy-to-galaxy comparison

and galaxy morphology classification. To contrast the concepts, I will explain what they are

first in order to efficiently reference them later. In order to prove the efficacy of GSSD, I will

need to explain both the difference between how humans observe galaxies and what telescopes

see, and what physical information we can glean from galaxy images. This relationship

between physical information and the results of my algorithm will be critical for showing

that it is able to quantify observation of differences between galaxies.

2.1 SpArcFiRe

SpArcFiRe is an acronym for Spiral Arc Finder and Reporter [4]. In 2014 Darren R. Davis

developed SpArcFiRe for automating the process of detecting and measuring the spiral

arms of galaxies. It is able to describe in detail a number of “arm segments” or patches

3



of geometry that represent spiral arms. A spiral galaxy can be as disordered as a cotton

ball or as clean as the arms of a clock. When we describe galaxies that look like cotton

candy we call them flocculant, as described in the 1982 paper by [7], meaning having the

appearance of wool. When we see galaxies that look like a clock we call them grand design

galaxies [12]. Fortunately, even in spaghetti shaped galaxies SpArcFiRe is able to find arm

segments and represent them statistically. However, for the purposes of this thesis we will

use meta features that describe the aggregate behavior of the arms and not individual arm

information. Features such as the total length of the arms, or brightness and contrast of arms

are used, but individual arm features are not, as individual arm features were not effective

when comparing galaxies with different numbers of arms.

2.2 Sloan Digital Sky Survey

All of the images of galaxies used for this work were retrieved from the Sloan Digital Sky

Survey or SDSS for short [11]. We used images from data release 7 [1] and 8 [2] which were

taken from their New Mexico facility. The survey consists of millions of galaxies. However,

only around 900,000 galaxy objects that can show some kind of structure when parsed by

SpArcFiRe. However, of these objects the majority of this thesis was done on a set of around

29,000 identified by Galaxy Zoo one team and used by Darren Davis [4]. SpArcFiRe was

designed to detect spiral structure in any size galaxy and was tuned to work well on SDSS.

Later in this work when analyzing the results I will analyze how the quality of fit that

SpArcFiRe provides affects the results.
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2.3 Galaxy Zoo

Galaxy Zoo One, referred to as GZ1, is a citizen science project that released hand-labeled

galaxy shape information for almost 900000 SDSS images [13]. For the purposes of this paper,

we will use GZ’s values as a ground truth measure for the likelihood that galaxies have spiral

structure. From GZ we have two features that combine to form our spiral likelihood metric.

These are PCW or the fraction of people who voted a galaxy having a clockwise spiral, and

PACW or the fraction of people that voted a galaxy had a counter-clockwise spiral. When

we say spirality in this paper, we are referring to the sum of PCW and PACW, meaning the

fraction of humans that saw spiral structure at all, regardless of winding direction.

2.4 Galaxy Morphology

Galaxy morphology studies galaxy shape, and aim at classification: to group galaxies into

reasonably distinct categories. Galaxy morphology then is just the general shape of a galaxy.

In 1926, Edwin Hubble created the field by introducing the Hubble sequence [9]. He split

galaxies into three broad types: elliptical galaxies, which have smooth star distributions

with little in the way of structure, spiral galaxies which are galaxies that have distinct arms,

giving them a spiral shape not entirely different from a whirlpool, and finally the third type,

lenticular galaxies, which have a distinct bright bulge in the center with uniform structureless

light spreading out from the center. A diagram describing this can be seen in Figure 2.1

2.4.1 Hubble Sequence

5



Figure 2.1: A visualization of Hubble’s initial galaxy morphology classification.

In 1959 Gérard de Vaucouleurs added a few new categories of galaxy morphology with the

addition of bars and rings [6]. Galaxies with bars are galaxies whose central bulge has the

appearance of a linear bar at the center. Ring galaxies have a concentration of stars around a

specific radius creating a bright ring inside of the galaxy. Elliptical, spiral, lenticular, barred,

and ring galaxies have remained the primary morphological categories with schemes after the

De Vaucouleurs scheme rarely adding new keywords to categories. Most schemes classified

them based on either hybrid categories, such as a spiral galaxy with a bar at the center,

or adding new dimensions of categorization such as whether the edges are closer to Earth,

or the face is closer to Earth, called edge-on and face-on galaxies respectively. All of this

information is relevant to GSSD because for any galaxy with structure that can be detected

by SpArcFiRe, we can find similar galaxies. GSSD identifies similar galaxies independent

of galaxy morphology classification. For example, we may find a barred spiral galaxy whose

closest matches include both barred and spiral galaxies that exhibit similar structure, even if

they don’t fit neatly into traditional morphology classifications. This can be seen in Figure

2.2
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Figure 2.2: Caption

The other contribution that de Vaucouleurs provided was a numbering scheme that repre-

sented the galaxy’s morphological class. Known as Hubble stage, or Hubble type T, T values

run from -6 to 10. These numbers are important because their general trend of T values

is the higher the number, the further the disk extends spatially past the bulge. Generally

positive numbers represent spiral galaxies, while negative numbers are elliptical galaxies. In

chapter 4 we will extensively depend on T values to validate the similarity ordering presented

in this thesis.

2.5 EFIGI

EFIGI is the survey I referenced for the Hubble Sequence T values of galaxies used in this

thesis. EFIGI hand labeled 4458 SDSS galaxies by their Hubble Sequence T score. They

labeled galaxies from SDSS 4, however I was able to forward translate those same galaxies

to SDSS 7. This allowed me to build a set of galaxies matched by their T score and their

age, SFR and metallicity.
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2.6 Decision Tree Regression

Machine learning is often contentious in the hard sciences because sufficiently complex

models-such as convolutional neural networks (CNNs)-can produce results that are diffi-

cult to interpret in terms of scientific ground truth [18]. To avoid this problem, I used a

Random Forest Regressor which is a method that, while often less accurate than deep CNNs,

has easy to interpret weights for the features used in its learning model. Every feature used

is assigned a number representing a weight. The greater value the weight is assigned, the

more significant it is to the prediction of the learning model. A Random Forest Regressor

constructs an ensemble of decision trees, each trained on a randomly resampled subset of

the SpArcFiRe features. This bootstrapping approach introduces variation among trees, im-

proving robustness and reducing overfitting. Each tree splits the feature space by branching

on values of individual features to make predictions. For example, if SpArcFiRe detects no

arms, then the tree structure naturally prioritizes other features, reducing reliance on spiral-

related predictions. In Chapter 3 I will discuss the results, weights, and specific methodology

used to build the model. It is important to state here, my similarity metric does not use ma-

chine learning in generating the metric. I only used machine learning to find which features

I should use to determine similarity. Also, I used the weights as guidelines. Using only the

highest-weighted features performed worse than manually selecting a well-balanced subset.

2.7 Tested parameters

Most of the galaxy morphology schemes are relatively subjective and iterative improvements

to the point that new work in the field is mostly being done with deep learning models. To

answer the natural question, “why is your claimed similarity metric actually representative

of similar galaxies” we showed that my groups of similar galaxies have a strong correlations

8



with a galaxy’s age, star formation rate, and metallicity. I will provide a brief explanation

of each of these three parameters now.

2.7.1 Age

Age is relatively straightforward. Age, as used by SDSS, refers to the mean stellar age of

galaxy [10], [17], or put more simply the average age of observable stars in a galaxy. For our

purposes we used a static set of galaxies whose ages were all labeled by the same sources.

According to Kauffman [10] and Tremonti [17], stellar population ages are estimated through

spectral fitting and photometric analysis. We won’t be predicting age here, but Age-whenever

we capitalize age we are referring to age from [10] or [17]- nevertheless is mostly distinct from

what SpArcFiRe “sees” which is spiral arm shape.

2.7.2 Star Formation Rate

Star Formation Rate (SFR) is a metric that quantifies how actively a galaxy is forming

stars. Younger galaxies tend to have high SFRs since they are still full of gas and dust. As

stars form the observed amount of gas and dust decreases such that older galaxies, especially

elliptical galaxies, tend to have low star formation rates. In our paper we will use the SFR

values for SDSS given by Tremonti in their 2004 paper [17].

2.7.3 Metallicity

In 2004 Christy A. Tremonti referred to [17] metallicity as “... the gas reprocessed by stars

and any exchange of gas between the galaxy and its environment.” Hydrogen and helium

were produced during the Big Bang, while heavier elements-collectively called “metals” in

9



astronomy-are synthesized in stars and dispersed into the interstellar medium through su-

pernovae and stellar winds. To calculate the exact value of metallicity, you need to measure

the amount of mass that is not hydrogen or helium then divide that by the total mass of

the star. For example Sun’s mass is made up of about 2% elements that are not helium or

hydrogen. Therefore the sun’s metallicity is about 0.02. Again this is a solely star based

metric and is relatively distinct from general shape.
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Chapter 3

Determining Similarity

Galaxy similarity is abstract, subjective, and complex with regards to observed features of

galaxies. We define a pairwise similarity measure that estimates the shape similarity between

two galaxies as measured by differences in a specific set of SpArcFiRe output parameters.

Given the measure across all galaxies and a target galaxy, we can rank galaxies in terms of

their similarity to that target. We developed an automated method for ranking galaxies by

similarity, showing that as computed differences increase, visual dissimilarity also tends to

increase. This chapter will cover how I developed a similarity measure. We first “standardize”

each feature by subtracting the mean across galaxies and then dividing by the standard

deviation. The result is that for each feature, the distribution of that feature across galaxies

is approximately Gaussian, with mean 0 and standard deviation 1. Then, given a pair

galaxies g1 and g2 that have feature f values gf1 and gf2 , we define their difference as:

D(g1, g2) = max
f

∣∣∣gf1 − gf2

∣∣∣ (3.1)

11



Finally, we say that g′ is galaxy g’s most similar neighbor if g′ has the smallest difference

from g across all galaxies.

First I will cover the general method by which our similarity ordering works. Then I will

cover how I arrived at the current set of features. I will cover how I leveraged machine

learning on a set of galaxies hand classified by morphology. Then I will explain how after

using these automated methods I by hand improved the feature choices to fix some obvious

problems and ended up at my current feature set.

3.1 Developing the similarity order

GSSD was first developed by first figuring out how galaxies are most visually different. First

we needed to find what features represent a galaxy’s visual appearance. The features used

by our method are curated from weights used to predict a galaxy’s morphology. Using these

features, we then calculated the maximum difference among relevant features between two

galaxies using equation 3.1. Finally after we had our set of maximum galaxy differences,

we sorted by the least different galaxy. Or if we wanted to say this another way, we find a

local maximum feature difference, then we sort by the minimum local maximum difference.

However we do not just take the maximum difference from raw feature values, but instead

first normalize them. This ensures features such as number of arms, which generally falls

within a single digit range, will have an equivalently weighted value as pitch angle whose

value may contain up to three digits. The normalization scales were based on the range of

values from our chosen galaxies from across all of the Sloan Digital Sky Survey’s data release

7, outside of our 29000 set of selected galaxies.

To see an example of how this similarity ordering works in practice please see Figure 3.1.

The image is ordered from top to bottom with the top image being the target galaxy, and
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every lower galaxy being the next nearest neighbor. The left column shows the original

images, the center column shows SpArcFiRe-generated deprojections (face-on views), and

the right column shows the cluster masks—representations of the arm segments SpArcFiRe

“sees”. There will be a few orderings in this paper that don’t appear to be good fits until

you look at the cluster mask, as the cluster mask is where a large number of the SpArcFiRe

features are calculated.
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Figure 3.1: An example galaxy ordering that shows how similar looking galaxies branch out
based on visual similarity between multiple classes of galaxies
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3.1.1 Morphology Selection

Data Selection

Galaxy morphological classification, as referenced earlier, is a well established field in as-

tronomy [9] [6]. As such, the EFIGI catalogue [3] was a straightforward place to start as a

dataset for feature selection. It is a hand labeled set of galaxies from the Sloan Digital Sky

Survey (SDSS). This is the same set that the largest dataset for SpArcFiRe has been pro-

cessed so it was a natural choice as a training set for developing features. For the purposes

of this paper when we reference a galaxy’s morphological class we will be drawing it from

the EFIGI dataset. EFIGI scores a galaxy’s general morphology by its Hubble type listed in

their data release as T. A distribution of our labeled set of galaxies is included in figure 3.2

3.1.2 Classification Background

In order to build an interpretable and unbiased set of features as a baseline I used random

forest regression using the SpArcFiRe output for the set of galaxies listed in EFIGI as the

training features, and predicted their T values. Only 809 galaxies between were found in both

our GZ labeled spiral galaxies and our T labeled EFIGI galaxies. The distribution of those

galaxies is displayed on figure 3.2. The regressor was implemented in Python using the scikit-

learn library[14]. The specific method was sklearn.ensemble.RandomForestRegressor

and default settings were used. In an apples to apples comparison, Alexandre Gauthier et

al. tested random forest regression using 109 galaxies and raw pixel information. They only

had 109 galaxies and did their best to tune their model. Rather than predict T score from

EFIGI they predicted galaxy zoo classes. Their accuracy under 10-fold cross validation was

0.67[8]. Our accuracy under 10-fold cross validation was 0.69, however this improvement

comes with caveats. We used almost 8 times as much data and we had the benefit of using
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Figure 3.2: Hubble score T for all 809 galaxies that overlap from our SpArcFiRe trained GZ
set and EFIGI
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SpArcFiRe. Needless to say, this test was just to prove that the weights had meaningful

predictive power.

3.1.3 Feature Weights

We selected features based on their importance scores from the trained random forest model.

We did this by selecting the most important features that were both, not artifacts of the

SpArcFiRe arc generation process, and not similar to previously chosen features. These

features are all SpArcFiRe features and will have a dedicated section of analysis on how

they affect the results later in chapter 4. Listed in order, the highest-weighted SpArcFiRe

features generated from the random forest can be found in table 3.1. In the next subsection

I will give definitions for the feature used, as well as an explanation why we changed the

features from the strict tree ordering plus filtering process described above.

Tree Feature Descriptions

totalArcLength: Stands for Total Arc Length. This feature is the total length of all arcs

found by SpArcFiRe for a given galaxy.

pa_alenWtd_avg__abs: Stands for pitch angle arc length wtd average absolute value. This

feature is the average pitch angle across all arm segments weighted by length of the arc.

diskAxisRatio: Stands for disk axis ratio. The disk axis ration gives the ratio of the minor

axis length to the major axis length.

brtUnifScore: Stands for brightness uniformity score. It represents the score give to mea-

sure how uniform brightness is on average along arcs withing the galaxy.

bar_cand_score_Orifld: Stands for bar candidate score orientation field: It is SpArcFiRe’s

internal score that the galaxy has a bar based on information from the orientation field.

alenAt25pct: Stands for arc length at 25 percent. This measures the amount of arc frag-
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mentation. It does so by laying all of the arc segments end to end sorted in decreasing order

by arc length, reaching the total arc length of the galaxy. It then gives the length of the arc

present at 25 percent of the total arc length.

diskMinAxsLen: Stands for disk minor axis length. It gives the length of the minor axis in

the input image.

contourBrtRatio: Stands for contour brightness ratio. It is the ratio between the inner

and outer countours generated by SpArcFiRe. Countours are ellipses generated to find the

boundaries of the galaxy and assist in the ellipse fit portion of SpArcFiRe.

Curated Features

The tree-weighted features produced a reasonable baseline. However, there were still some

common problems. Our orderings were often disrupted by flocculent galaxies. To address

this rankAt75pct was added. rankAt75pct stands for rank at 75 percent. It is the rank of

the arm located at 75 percent of the total arc length described earlier in the definition of ale-

nAt25pct. Under the recommendation of professor Hayes diskMinAxsLen was replaced with

diskMajAxsLen, due to the major axis of the galaxy giving more relevant shape information.

diskMajAxsLen Stands for disk major axis length, and gives the length of the major axis of

the input galaxy image.

3.2 Normalization

To ensure each feature contributed equally, values were normalized from their original ranges

to a 0–1 scale. Normalization parameters were derived from nearly 600,000 galaxies in

SpArcFiRe’s 2016 data release. We applied 2-norm normalization to each feature column.

xnorm = x
∥x∥2
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3.3 Minimum local maximum difference

As stated before, we define similarity here as two galaxies are similar when all other galaxies

are more different than the two galaxies being compared. To do this we use three simple

steps given the data we have calculated so far. First step is to choose a galaxy a "target"

galaxy. The next step is for each galaxy to calculate the maximum difference between any

of the normalized features of the two galaxies D(g, gi) = maxf

∣∣∣gf − gfi

∣∣∣. Once we compute

all maximum feature differences for a target galaxy, we sort the list from smallest to largest.

The most similar galaxy appears first; the least similar, last.
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Feature Weight
totalArcLength 6.13× 10−1

pa_alenWtd_avg__abs 4.86× 10−2

diskAxisRatio 3.92× 10−2

bar_cand_score_orifld 3.73× 10−2

brtUnifScore 3.43× 10−2

alenAt25pct 2.01× 10−2

diskMinAxsLen 1.71× 10−2

contourBrtRatio 1.31× 10−2

pa_avg__abs 1.27× 10−2

bar_half_length_standardized_img 1.26× 10−2

bar_score_img 1.14× 10−2

wtdLik 1.11× 10−2

bar_half_length_input_img 1.05× 10−2

alenAt50pct 1.02× 10−2

diskMajAxsLen 9.06× 10−3

avgArcLength 9.02× 10−3

muDistProp 7.74× 10−3

muDist 7.64× 10−3

paErr_alenWtd_stdev_domChiralityOnly 7.45× 10−3

likOfCtr 6.79× 10−3

numArcsGE040 6.29× 10−3

numElpsRefits 4.37× 10−3

numArcsGE020 3.21× 10−3

numDcoArcsGE010 3.03× 10−3

numDcoArcsGE020 2.86× 10−3

numDcoArcsGE000 2.79× 10−3

numArcsGE010 2.67× 10−3

numArcsGE000 2.56× 10−3

numDcoArcs_largest_length_gap 1.84× 10−3

totalNumArcs 1.80× 10−3

numDcoArcsGE040 1.80× 10−3

numArcs_largest_length_gap 1.72× 10−3

rankAt75pct 1.70× 10−3

numArcs_arclength_function_flattening 1.66× 10−3

numDcoArcs_arclength_function_flattening 1.64× 10−3

numDcoArcsGE060 1.53× 10−3

numArcsGE085 1.43× 10−3

numDcoArcsGE100 1.25× 10−3

numArcsGE060 1.23× 10−3

numArcsGE080 1.04× 10−3

numDcoArcsGE075 1.03× 10−3

rankAt50pct 1.01× 10−3

numDcoArcsGE120 1.00× 10−3

numDcoArcsGE085 9.76× 10−4

numArcsGE090 9.41× 10−4

numDcoArcsGE090 9.32× 10−4

numArcsGE075 8.63× 10−4

numArcsGE100 8.27× 10−4

numArcsGE120 7.01× 10−4

numDcoArcsGE160 6.61× 10−4

numArcsGE140 6.19× 10−4

numArcsGE095 5.97× 10−4

numDcoArcsGE080 5.83× 10−4

rankAt25pct 5.67× 10−4

numArcsGE160 5.31× 10−4

Table 3.1: SpArcFiRe Feature Importance sorted by weight with 3 Significant Digits. Some
redundant features not included.
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Chapter 4

Quality Analysis of Similarity

Similar galaxies in this thesis are galaxies that are less different than other galaxies. This

means that for every galaxy targeted by our algorithm, it should be straightforward to rank

all other galaxies from most similar to most different. In the previous section we covered

the method by which we developed the features used as well as how they were used to

find a maximum difference score between two galaxies, a neighbor and their target. Finally

the sorting by feature difference led to the similarity order. However, the accuracy of our

similarity score has a few bottlenecks as we will show later. In order to test the robustness

of GSSD(Galaxy Similarity from Sorted Difference) I will show where the algorithm works,

where it fails, and how it works on average. Then I will break down feature by feature all

of the problems it overcomes to show visually our results are reliable even when applied to

adverse datasets.
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4.1 Building an Ideal Set of Galaxies

One of the major limiting factors of our algorithm’s performance is that it’s only as good as

the accuracy of our features. What I mean by that is that SpArcFiRe has some areas where it

is known to have limited results[4]. It also doesn’t fare well on flocculent or morphologically

ambiguous galaxies. As stated by Davis and Hayes (2014) [4], SpArcFiRe reads arm segments

then merges them into arms. So, necessarily, flocculent arms are especially challenging to fit

correctly. Also, arms can be obscured by dust, visually splitting them into multiple segments.

In order to find a representative set of galaxies that minimizes the natural limitations of

SpArcFiRe and thus produce the clearest representation of how features affect the similarity

results, we filtered galaxies by three specific criteria: spirality, image size, and Hubble type.

We discuss these three filters in the next sections.
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Figure 4.1: Hubble score T for all 139 galaxies that overlap from our SpArcFiRe trained GZ
set and EFIGI whose spirality is equal to 1, meaning the citizen scientists of galaxy zoo were
unanimous the galaxy was spiral.

4.1.1 Step 1. Filter by Spirality

First, chose galaxies with GZ spirality score of 1. This means that 100% of the citizen

scientists voting in GZ1 agree that arms were visible, regardless of winding direction. Of

the galaxies in our 809 galaxy overlap between EFIGI and GZ, only 139 had a spirality of

1.(Figure 4.1). This also has the side effect of limiting our choices of Hubble types from 0

to 7.
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Figure 4.2: Area in pixels for all galaxies with spirality of 1 from the GZ1 EFIGI union sets.

4.1.2 Step 2. Filter by Size of the Image

Next I needed to find galaxies that had manageable resolution. To do this I filtered our set

of galaxies to only include those above a specific size threshold. At 100,000 square pixels we

retain all eight Hubble T types (T = 0 to T = 7), as shown in Figure 4.2. When I apply all

of these filters we are now reduced to 99 galaxies in figure 4.2.
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Figure 4.3: Hubble T score for 99 galaxies filtered by spirality 1 and size ≥ 100000 square
pixels from the GZ EFIGI Intersection Sets.

4.1.3 Step 3. Least Different set for each Hubble Type

Finally, for each of our remaining Hubble Types from range 0 to 7 I chose the galaxy with

the smallest GSSD for their 10th neighbor. As shown in 4.3 At T=1 and T=7 we had only

had 1 galaxy that fit our selection criteria, therefore I picked our only option rather than

our most similar ordering for those two T scores.

4.1.4 Curated Good Reference Set

Figure 4.4 is a the result of our filtering to representative results based on filtering criteria

rather than cherry picking arbitrary good orders. Please note, these 99 galaxies are just

targets we filtered down to. We still choose galaxies from the 29000 galaxies in order to

select neighbors.
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T = 0

T = 1

T = 2

T = 3

T = 4

T = 5

T = 6

T = 7

Figure 4.4: Curated examples of galaxy similarity for Hubble T-types 0 through 7. Each
row shows the selected image most similar to the target for the respective T-type.

26



4.2 Where the algorithm is limited

The previous section covered how we chose a set of galaxies that we hope will perform well,

and this section will cover where it struggles. There are categorically two ways GSSD con-

sistently fails. First, if the input images themselves are flawed or have artifacts, SpArcFiRe

also does poorly. Second is when SpArcFiRe fits poorly to input images. As an example,

in Figure 4.5 we show what happens when we expand our selection criteria outside of our

curated set and images with artifacts join the GSSD search space.

Figure 4.6 shows examples of artifacts that cause poor SpArcFiRe fits. Davis found in his

2014 work [4] found that SpArcFire had trouble finding arms with very low surface brightness.

Figure 4.6 depicts such a galaxy, and SpArcFiRe detects the endpoints of a short bar, and

only onse side of the ring, resulting in the pixel mask looking like a "smiley face". As a

result of the target galaxy’s bad fit, the list of "similar" galaxies is unfortunately rendered

meaningless. It matched what it saw as a frowning face as the galaxy’s nearest neighbor.

SpArcFiRe as we mentioned earlier, doesn’t fit every image of a galaxy perfectly. In the

previous sections we attempted to filter galaxies to choose the best fit possible in order to

avoid this situation where even if there is nothing wrong with the input image, sometimes

SpArcFiRe just has a bad fit.
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Figure 4.5: Example of a well fit target with bad neighbors
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Figure 4.6: Example of a badly fit target with bad neighbors
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4.3 Expected Results

So far we have selected galaxies that explicitly exist within the intersection of our GZ and

EFIGI galaxies. In order to showcase how well the results are when trained on average

galaxies that SpArcFiRe is known to function correctly on, I will show a few samples of

galaxies not chosen from where EFIGI and GZ overlap, but instead from the "Nice" set of

approximately twenty nine thousand galaxies referenced by Darren Davis in his SpArcFiRe

paper [4]. This was done to show that galaxies were SpArcFiRe should have good but average

performance still mostly produce sets of galaxies that look similar.

Table 4.1: Randomly chosen galaxies from the 29,000 used in [4]

Image Label

0

1

Continued on next page
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Table 4.1 – continued from previous page

Image Label

2

3

4

5

6

Continued on next page
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Table 4.1 – continued from previous page

Image Label

7

4.4 How Feature Removal Affects Rankings: Illustrated

by Hubble Type

In this section I show feature by feature the results of removing it from my similarity algo-

rithm. This sections goal will be to provide visual evidence that every feature contributes to

the goal of proving the visual difference of galaxies. Some features do not make a difference

for some morphological orderings, however every feature will be shown to make a large differ-

ence for at least one type of spiral galaxy. For each galaxy from the control set representing

a different Hubble type, I will first show that galaxy with all of the features included in the

difference calculation. Then I will show 8 images, one for each feature removed in order to

showcase the sensitivity of each Hubble type to each feature. Please refer to our table at

the end of 3 page 11 to see how each feature was weighted based on relevance to galaxy

morphology.

4.4.1 Hubble Type T 0
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Table 4.2: Visual comparisons of ordering results for Hubble type T=0 with individual
SpArcFiRe features removed.

Image T-Type / Removed

T = 0 (All features)

diskAxisRatio

diskMajAxsLen

brtUnifScore

contourBrtRatio

Continued on next page
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Table 4.2 – continued from previous page

Image T-Type / Removed

alenAt25pct

rankAt75pct

totalArcLength

pa_avg__abs

pa_alenWtd_avg__abs

bar_cand_score_orifld
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Commenting on Figure 4.2:

Control Group: This group is representative of eye shaped bulges with tightly wound arms

that form an outer ring. While some of the most similar galaxies to the target in Figure

4.10 are missing the hallmark eye and outer ring, at least half of them have it. Due to

GSSD’s sensitivity to artifacts it appears that since both galaxies are noisy in the parts of

geometry that define the cluster, they were ordered improperly. Neighbor 2 has a fuzzy bulge

as well as dust obscuring the arms. The way I interpret this is that as galaxies look less and

less similar, the algorithm starts choosing between similar arms and bulges as the neighbors

travel further and further away from the target.

Removed diskAxisRatio: When diskAxisRatio is removed the ordering appears to be over

dependent on arm length and arm count. Galaxies 2 and 3 are grand design. Neighbors

don’t return to eye bulge rings until the fourth and 10th galaxy.

Removed brtUnifScore: Removing brtUnifScore appears to cause the clustering to focus on

the gradient of light within the arms. Only one of the original eye shaped bulges remains

within the set.

Removed brtUnifScore: Removing brtUnifScore appears to cause the clustering to focus on

the gradient of light within the arms. Only one of the original eye shaped bulges remains

within the set.

Removed contourBrtRatio: The order is unchanged.

Removed alenAt25pct: This order over fits the bulge. Instead of matching 2 tightly wound

almost ringlike arms, it just matches rings and bars earlier in the order.

Removed rankAt75pct: The order is unchanged
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Removed totalArcLength: The order is unchanged

Removed pa_avg__abs: The ordering stops distinguishing the clear brightness contrast

around the central bulge.

Removed pa_alenWtd_avg __abs: The order is unchanged

Removed bar_cand_score _orifld: The order is unchanged

4.4.2 Hubble Type T 1

Table 4.3: Visual comparisons of ordering results for Hubble type T=1 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 1 (All features)

diskAxisRatio

diskMajAxsLen

Continued on next page
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Table 4.3 – continued from previous page

Image T-Type / Feature

brtUnifScore

contourBrtRatio

alenAt25pct

rankAt75pct

totalArcLength

pa_avg__abs

Continued on next page
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Table 4.3 – continued from previous page

Image T-Type / Feature

pa_alenWtd_avg__abs

bar_cand_score_orifld

Commentary on Table 4.3

Control Group: The general shape fit in this set of galaxies is a large dark bulge with two

tightly wound, smooth, wide arms. There is little empty space in between the arms as they

spin outwards. As neighbors travel further away, more arms are added, or instead of tightly

wound arms, rings with as similar brightness distribution are substituted.

diskAxisRatio: The emphasis on smooth arms suffers. Bulges are no longer surrounded by

smooth spirals, but by lumpy arms or blotchy light patterns.

diskMajAxsLen: Arms begin to have more light between their curves, and bulges often

resemble bars.

brtUnifScore: Ring galaxies (e.g., at position 9) move up to earlier ranks. Arms are more

emphasized, and the central bulge contrast disappears.
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contourBrtRatio: The ordering is unchanged.

alenAt25pct: Smoothness constraints are relaxed. Multiple small arm segments of similar

shape are now favored.

rankAt75pct: The number of arms is less strictly enforced. Matched galaxies are more

flocculent than in the original set.

totalArcLength: Overfits the central bulge. Arms are largely ignored if the general light

gradient resembles the original.

pa_avg__abs: The final galaxy in the ordering shows 3 fuzzy arms instead of 2 defined ones.

pa_alenWtd_avg__abs: Bar galaxies appear in the ranking, but most still retain 2 smooth

arms, except near the end.

bar_cand_score_orifld: Arm count and definition are reduced in importance. Fuzzy-

armed galaxies appear, but bars are still mostly avoided and bulge shape is retained.

4.4.3 Hubble Type T 2

Table 4.4: Visual comparisons of ordering results for Hubble type T=2 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 2 (All features)

Continued on next page
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Table 4.4 – continued from previous page

Image T-Type / Feature

diskAxisRatio

diskMajAxsLen

brtUnifScore

contourBrtRatio

alenAt25pct

Continued on next page
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Table 4.4 – continued from previous page

Image T-Type / Feature

rankAt75pct

totalArcLength

pa_avg__abs

pa_alenWtd_avg__abs

bar_cand_score_orifld
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Commentary on Table 4.4

Control Group The general shape of this cluster appears to be tightly wound arms around

an inner bulge, either a large bright bulge or a bulge with inner arms. From this inner circle,

two long arms extend outward. As the galaxies increase in difference, the central bright

region becomes more chaotic; however, the trend of two long arms is maintained.

diskAxisRatio: The emphasis on the bright central region is reduced, and the emphasis on

the two long arms increases.

diskMajAxsLen: The inner region is projected as the entire galaxy. These results match well

if you ignore the dim outer arms.

brtUnifScore: This cluster appears to emphasize the wispy outer structure of the original

galaxy.

contourBrtRatio: No changes to the ordering.

alenAt25pct: Flocculent galaxies that ignore either the wispy outer arms or the well-defined

bulge appear in the ordering.

rankAt75pct: Contrast between the inner and outer regions is ignored in some galaxies. A

barred galaxy with an inner ring (rather than arms) also appears.

totalArcLength: The ordering favors a dark central bulge and two long arms rather than

maintaining distinct inner and outer regions.

pa_avg__abs: A galaxy with a similar brightness gradient but no distinct arms enters the

top 10, pushing others down.

pa_alenWtd_avg__abs: The ordering appears to overemphasize the wispy outer regions in

the final entries.
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bar_cand_score_orifld: Brightness concentration in the inner region is ignored. The

results reflect selection based more on the inner region’s shape.

4.4.4 Hubble Type T 3

Table 4.5: Visual comparisons of ordering results for Hubble type T=3 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 3 (All features)

diskAxisRatio

diskMajAxsLen

brtUnifScore

Continued on next page
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Table 4.5 – continued from previous page

Image T-Type / Feature

contourBrtRatio

alenAt25pct

rankAt75pct

totalArcLength

pa_avg__abs

Continued on next page
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Table 4.5 – continued from previous page

Image T-Type / Feature

pa_alenWtd_avg__abs

bar_cand_score_orifld

Commentary on Table 4.5

Control Group: The general shape of these galaxies appears to fit a three-arm structure

with a wide central bulge. Two of the arms are roughly symmetric but oppositely curved,

while the third arm branches off one of the main arms.

diskAxisRatio: The three-arm fit degrades to matching galaxies with just two arms, losing

the characteristic branching structure.

diskMajAxsLen: This ordering overemphasizes bulge shape, at the expense of correctly

matching arm geometry.

brtUnifScore: The algorithm appears to mistake the third branching arm for general floc-

culent structure, reducing match quality.
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contourBrtRatio: No changes to the ordering.

alenAt25pct: The inner bulge’s eye shape is no longer preserved.

rankAt75pct: The ordering is slightly shuffled but generally consistent.

totalArcLength: The final galaxy in the list lacks a third, branching arm, weakening the

structural consistency.

pa_avg__abs: No significant change to the order.

pa_alenWtd_avg__abs: One new galaxy appears in position 5; it lacks a bulge that matches

the target, weakening the match.

bar_cand_score_orifld: The brightness gradient becomes a stronger matching criterion

than arm shape. In particular, neighbor 9 has dissimilar arms but appears in the list due to

similar brightness trends.

4.4.5 Hubble Type T 4

Table 4.6: Visual comparisons of ordering results for Hubble type T=4 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 4 (All features)

Continued on next page
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Table 4.6 – continued from previous page

Image T-Type / Feature

diskAxisRatio

diskMajAxsLen

brtUnifScore

contourBrtRatio

alenAt25pct

Continued on next page
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Table 4.6 – continued from previous page

Image T-Type / Feature

rankAt75pct

totalArcLength

pa_avg__abs

pa_alenWtd_avg__abs

bar_cand_score_orifld
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Commentary on Figure 4.6

Control Group: The general shape of this cluster of galaxies is a medium-brightness central

bulge with a single distinct arm spiraling out from the center. Surrounding this bulge is

flocculent structure. A secondary geometric cue — possibly spurious — involves bright

foreground stars or unresolved clusters in the target image. The ordering consistently selects

galaxies with similar bulges and foreground stars, then differentiates based on either arm

structure or brightness gradient.

diskAxisRatio: The ordering shifts toward fuzzy galaxies with two arms, moving away from

the single-arm structure.

diskMajAxsLen: The feature appears critical for identifying stars or short bright arms — its

removal leads to less emphasis on these bright point-like features.

brtUnifScore: A few barred galaxies with three arms are introduced into the ordering,

indicating confusion with arm symmetry.

contourBrtRatio: No significant changes observed.

alenAt25pct: Greater emphasis is placed on matching arm structure rather than the full

visual balance of bulge and surroundings.

rankAt75pct: Two-armed galaxies with a similar bulge structure are pulled into the order,

diverging from the flocculent + single-arm target.

totalArcLength: The order is broadly reshuffled without obvious thematic consistency.

pa_avg__abs: A 3-armed galaxy with fewer prominent stars enters at position 5, and the

final 4 galaxies are reordered.

pa_alenWtd_avg__abs: A two-armed galaxy with a prominent star enters at position 7; the
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rest of the order remains mostly intact.

bar_cand_score_orifld: Less weight is given to the central bulge structure. The resulting

galaxies tend toward thin bulges with tight arms or wider, moderate-brightness bulges.

4.4.6 Hubble Type T 5

Table 4.7: Visual comparisons of ordering results for Hubble type T=5 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 5 (All features)

diskAxisRatio

diskMajAxsLen

brtUnifScore

Continued on next page
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Table 4.7 – continued from previous page

Image T-Type / Feature

contourBrtRatio

alenAt25pct

rankAt75pct

totalArcLength

pa_avg__abs

Continued on next page
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Table 4.7 – continued from previous page

Image T-Type / Feature

pa_alenWtd_avg__abs

bar_cand_score_orifld

Commentary on Figure 4.7

Control Group: The target galaxy is a tightly wound, two-armed spiral with a bright bulge

that is clearly separated from the spiral arms. Notably, Galaxy 4 lacks obvious visible arms,

but SpArcFiRe identifies two elongated arm segments in its mask. This suggests the feature

extraction is detecting subtle structure not easily visible in raw or deprojected images.

diskAxisRatio: Galaxies are reordered with greater emphasis on bulge shape over spiral

structure.

diskMajAxsLen: Galaxies with flocculent arms are pulled into the ranking, reducing simi-

larity to the structured two-arm target.

brtUnifScore: Matches now include barred galaxies and others where the dominant arms

connect directly to the bulge, unlike the control where they are clearly separated.
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contourBrtRatio: The ordering is nearly unchanged, with the exception of one new galaxy

in position 5 lacking distinct arms.

alenAt25pct: Bar-like galaxies with tight, nearly circular arms around the bulge are in-

cluded; the arm fits remain visually good.

rankAt75pct: A flocculent galaxy with a similar bulge enters at position 8. The rest of the

order is stable.

totalArcLength: The new ordering appears to focus on bulge size and arm brightness

distribution. Flocculent and near-ring structures enter the list.

pa_avg__abs: The ordering is shuffled. Neighbor 7 is a new galaxy where the fit appears to

emphasize arm shape more than brightness or bulge structure.

pa_alenWtd_avg__abs: Matching emphasizes arm length and brightness more than pitch

angle, allowing in galaxies with similar arm profiles but less geometric alignment.

bar_cand_score_orifld: Bulge shape appears to be ignored. Several new galaxies lack the

clean separation between arms and bulge seen in the control.

4.4.7 Hubble Type T 6
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Table 4.8: Visual comparisons of ordering results for Hubble type T=6 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 6 (All features)

diskAxisRatio

diskMajAxsLen

brtUnifScore

contourBrtRatio

Continued on next page
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Table 4.8 – continued from previous page

Image T-Type / Feature

alenAt25pct

rankAt75pct

totalArcLength

pa_avg__abs

pa_alenWtd_avg__abs

Continued on next page
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Table 4.8 – continued from previous page

Image T-Type / Feature

bar_cand_score_orifld

Commentary on Figure 4.8

Control Group: SpArcFiRe interpreted the target galaxy as a series of broken ring seg-

ments rather than two smooth, wispy arms spiraling around a wide, moderate-brightness

bulge. Despite this imperfect fit, the selected neighbors mostly consist of galaxies with two

faint, extended arms wrapping around similarly bright bulges. This demonstrates that the

SpArcFiRe feature space can still yield useful similarities even when its direct output is

suboptimal.

diskAxisRatio: The bulge shapes dominate the ordering, while arm structure is less em-

phasized. The list is slightly shuffled compared to the control.

diskMajAxsLen: Matching shifts toward galaxies with broader, fainter arms, suggesting this

feature helps avoid overly diffuse matches.

brtUnifScore: A new galaxy with a dense bulge and dim arms enters first, shifting the rest

downward — suggesting brightness uniformity helps constrain this balance.

contourBrtRatio: No change in the order, indicating this feature did not significantly
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impact neighbor selection.

alenAt25pct: The number of arms seems less constrained; galaxies with more segmented or

fragmented arm structures appear in the ranking.

rankAt75pct: The list is significantly shuffled, and new galaxies with flocculent arm patterns

are introduced.

totalArcLength: Brightness distribution — especially in the central bulge — becomes the

dominant match criterion. Several galaxies with few arms enter the list.

pa_avg__abs: A new first neighbor has arm fragments rather than smooth spirals, high-

lighting this parameter’s influence on perceived continuity.

pa_alenWtd_avg__abs: Two galaxies with more numerous arms but similar brightness and

distribution profiles are included.

bar_cand_score_orifld: Bulge size and shape are ignored; instead, matches focus solely

on arm geometry and light distribution.

4.4.8 Hubble Type T 7
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Table 4.9: Visual comparisons of ordering results for Hubble type T=7 with individual
SpArcFiRe features removed.

Image T-Type / Feature

T = 7 (All features)

diskAxisRatio

diskMajAxsLen

brtUnifScore

contourBrtRatio

Continued on next page
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Table 4.9 – continued from previous page

Image T-Type / Feature

alenAt25pct

rankAt75pct

totalArcLength

pa_avg__abs

pa_alenWtd_avg__abs

Continued on next page
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Table 4.9 – continued from previous page

Image T-Type / Feature

bar_cand_score_orifld

Commentary on Figure 4.9

Control Group: The target galaxy is a tightly wound grand design spiral with two distinct

arms that span from the central bar-like bulge to the galaxy’s outer edge. The neighbors

appear to share this defining structure: bar galaxies with two dominant, extended arms. One

image contains a second galaxy, a case that highlights how different feature sets influence

which images pass similarity thresholds—even allowing secondaries in crowded fields.

diskAxisRatio: A neighbor containing two galaxies is introduced. Ignoring the secondary,

the fit is still visually plausible. Arm separation is less consistent, with some late entries

showing bar-arm continuity.

diskMajAxsLen: Matching shifts to include galaxies with noisier outer structures and fewer

cleanly defined arms.

brtUnifScore: Inner structure is prioritized over arm continuity. Several galaxies lack the

distinct inner-ring geometry seen in the control group.

contourBrtRatio: No significant change to the ordering.
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alenAt25pct: The bar shape of the bulge is de-emphasized, and later neighbors feature

rounder central bulges than the target.

rankAt75pct: Another two-galaxy image enters. The smaller secondary is likely misidenti-

fied by SpArcFiRe as a spiral arm segment.

totalArcLength: Matches favor arm shape, restoring some focus on two-arm geometry—though

less emphasis on bar-bulge separation.

pa_avg__abs: No change from the full-featured ordering.

pa_alenWtd_avg__abs: No change from the full-featured ordering.

bar_cand_score_orifld: The bar structure is not prioritized. The resulting galaxies tend

to show a strong bulge with irregular or flocculent arm segments.
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Chapter 5

Novel relationships to spiral structure

In this chapter we demonstrate novel relationships between the spiral arm parameters mea-

sured by SpArcFiRe, and other observable quantities that are not directly related to arm

structure. To demonstrate the novel relationships of our similarity algorithm, we analyze

its relationship to three galaxy parameters largely independent of spiral structure: age, star

formation rate, and metallicity and show that they are statistically correlated with visual

appearance [17] [10].

5.1 Global Relationship between Pairwise Distance and

Non-Spiral Parameters

Our first naive attempt to show this relationship was simply to compare the difference

measure of target galaxies and the difference in star formation rate, age, and metallicity.

We initially saw almost no signal, likely due to the significant noise inherent in precisely

measuring visual appearance of highly complex objects like spiral galaxies. In order to try

and maximize this approach I calculated distance between each of the 29000 “nice” GZ1
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galaxies as used by Davis [4] and each of their and their nearest 3000 neighbors. I then

sorted all target neighborhood pairs to find global best pairs. After this I compared these

collections of distances to the respective star formation rate, age, and metallically differences

of the pairs to produce table. While this slightly improved observed correlations, they were

still of marginal statistical significance. We had inconsistent signal with small groups of

data, but as we increased our datasets to the upper limit, we converged on lackluster results.

The distribution of galaxy shape is not uniform. It is well known that large scale cosmic

phenomenon can cause clustered galaxy morphology, as stated by Davis et al (1976).[5].

When we originally tried to find a correlation between the distance metric used by this

paper and the physical parameters of galaxies we simply took the pairs of galaxies with the

smallest difference and looked at how that difference related to star formation rate, age, and

metallicity. These results were confounding. In an attempt to try and make sense of how our

results were distributed across our high dimensional feature space we turned to a t-SNE plot,

which essentially project high dimensional feature spaces down to 2 dimensional plots while

maintaining, as much as possible, the pairwise distance between them. When we visualized

using a t-SNE plot we saw very complex structure as depicted in Figure 5.1.

Figure 5.1: While there is clearly some structure in the distribution of galaxies in the sprial-
strucutre feature space, it is not clear how this structure is related to other glaxy properties.
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5.2 Single Galaxy Variance from Global Relationships

A breakthrough came about when I inspected individual galaxies. Some galaxy orderings had

almost no relationship between their difference, rank, and physical attributes while others

had a clear relationship. An example of how some galaxies dramatically out-performed the

globally selected pairs of differences can be seen in table 5.1. This led us to the insight

that cluster to cluster relationships were potentially more significant than galaxy to galaxy

relationships and that insight produce powerful results.

Name DiffPearson DiffPvalue RankPerason RankPvalue
SFR -0.034277354 8.09E-09 -0.015199267 0.01057462
Age 0.158657058 7.55E-159 0.123053407 7.31E-96
Metallicity -0.014030364 0.018283522 -0.021750967 0.000253558

Table 5.1: The numbers in this table are just from the similarity order of galaxy
1237648703503794332 and its neighbors. The Pearson correlation between the feature dif-
ference of two galaxies and their physical parameter differences. Both shown by feature
difference and similarity rank.

5.3 Neighborhood to Neighborhood Relationships

Once we were aware of the fact that some similarity orderings were more related to physical

parameters than others, we redid our t-SNE plot one cluster at a time as shown following

figures 5.2 and 5.3. Unlike pairwise comparisons that failed to reveal clear structure, these

visualizations demonstrate that similarity-based groupings emerge naturally without enforc-

ing clustering by physical parameters. The similarity orders naturally divide themselves if

we pick target galaxies at random and just plot their 100 nearest neighbors.
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Figure 5.2: Showcase of the progression of Cluster based t-SNE plots that begin as distinct
neighborhoods then converges to a similar outcome as figure 5.1

Figure 5.3: Showcase of progression of neighborhood based t-SNE without using the mean
physical parameters in the vector space. It begins mixing earlier, however distinct structure
is still clear until around 64 neighborhoods
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Armed with the knowledge that at last in 10 dimensional vector space, we had clear separa-

tion of clusters it was time to again check if there was a relationship between our difference

metric and physical parameters. To represent this relationship we took the target of two

different clusters of galaxies and related that to the difference in mean physical parameter for

the two clusters. So we compared the maxdiff(targetA, targetB) with abs(mean(clusterA) -

mean(clusterB)). This led to almost a 10x stronger correlations for each target and cluster

average value shown in 5.2.

Lastly in order to give context to the previous table, I will be creating an equivalent table

to represent morphological classes. In the set of galaxies that fit within the union of our

GZ and EFIGI datasets only 5 Hubble types had more than 50 galaxies. The results of

choosing one random target per Hubble type and the resulting feature vector difference

correlated with age, sfr, and metallicity can be found in table 5.3. We note that Table 5.3

does not include GSSD, we are simply showing the correlation between Hubble Type and

the non-spiral measures.

5.3.1 NGram Analysis

We now know that SpArcFiRe’s features build a very strong base for determining visual

difference. In order to gain a more detailed understanding of how SpArcFire’s features relate

to physical parameters we can examine subsets of features rather than all 10 at once. We

already have some preliminary results in this shown in table 5.5. From table 5.5 we can

immediately see that the total arc length of clusters is related to their average physical

parameters. This has been extensively explored by [16]. The next group of similar weighted

relationships is pitch angle weighted average with metallically.

GSSD differences are calculated in a similar manner to a decision tree where the value with
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the largest difference is how the difference is calculated. As such, some values dominate the

results of our ngrams. As seen in table 5.5 when totalArcLength is chosen as one of the

two features in the 2gram the results are mostly similar. As such by the time we include all

features in 9grams the relationships are dominated by totalArcLength.

In order to provide a clearer picture of how general spiral structure relates to SFR, AGE, and

Metallicity we will provide four sets of plots. One set will be of all features included as 9grams,

one set will be curated to remove totalArcLength as well some SpArcFiRe features such as

diskAxisRatio and diskMajAxsLen as they don’t provide much spiral structure information,

the third set will be a couple of 2grams to show that the co-relations found in the 2gram

table match the relationships we found between groups of galaxies, and finally individual

features or 1grams in order to show how the relationships change at the 2, 6, and 9gram

levels.

Due to each feature having a dramatically different range and distribution, we normalized

the tables in order to provide a constant reference between feature sets. For each type of

parameter between GSSD, age, metallicity, and sfr, we used the formula parameter set p,

and value in group n: 6
√

(n− µp)/σp + 1.5
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Group Physical Paramater Relationships
SFR Age Metallicity

Targets Neighbors Pairs Corr Pvalue Corr Pvalue Corr PValue
2 10 3 1 0 1 0 1 0
4 10 10 0.671 3.35E-02 0.907 2.88E-04 0.803 5.20E-03
6 10 21 0.586 5.21E-03 0.388 8.19E-02 0.635 1.97E-03
8 10 36 0.554 4.57E-04 0.252 1.38E-01 0.605 9.19E-05
16 10 136 0.412 6.17E-07 0.119 1.68E-01 0.383 4.18E-06
32 10 528 0.242 1.80E-08 0.090 3.92E-02 0.284 3.10E-11
64 10 2016 0.168 2.92E-14 0.062 5.40E-03 0.240 6.74E-28
2 20 3 1 0 1 0 1 0
4 20 10 0.581 7.81E-02 0.860 1.43E-03 0.875 9.10E-04
6 20 21 0.531 1.33E-02 0.508 1.88E-02 0.784 2.58E-05
8 20 36 0.513 1.37E-03 0.352 3.51E-02 0.720 7.46E-07
16 20 136 0.442 6.91E-08 0.202 1.84E-02 0.515 1.44E-10
32 20 528 0.332 5.05E-15 0.164 1.52E-04 0.327 1.15E-14
64 20 2016 0.204 2.02E-20 0.134 1.49E-09 0.276 1.90E-36
2 30 3 1 0 1 0 1 0
4 30 10 0.577 8.09E-02 0.864 1.28E-03 0.803 5.15E-03
6 30 21 0.561 8.17E-03 0.443 4.41E-02 0.767 4.99E-05
8 30 36 0.533 8.10E-04 0.340 4.24E-02 0.650 1.77E-05
16 30 136 0.437 1.04E-07 0.214 1.25E-02 0.488 1.73E-09
32 30 528 0.375 4.13E-19 0.168 1.08E-04 0.311 2.82E-13
64 30 2016 0.220 1.86E-23 0.149 1.53E-11 0.264 2.25E-33
2 40 3 1 0 1 0 1 0
4 40 10 0.582 7.76E-02 0.882 7.22E-04 0.771 8.98E-03
6 40 21 0.571 6.82E-03 0.442 4.50E-02 0.744 1.11E-04
8 40 36 0.565 3.27E-04 0.366 2.81E-02 0.645 2.20E-05
16 40 136 0.450 3.98E-08 0.261 2.11E-03 0.510 2.35E-10
32 40 528 0.387 2.74E-20 0.194 7.27E-06 0.330 6.47E-15
64 40 2016 0.223 4.13E-24 0.172 6.32E-15 0.284 9.59E-39
2 50 3 1 0 1 0 1 0
4 50 10 0.578 8.02E-02 0.935 7.04E-05 0.775 8.45E-03
6 50 21 0.566 7.52E-03 0.436 4.82E-02 0.746 1.05E-04
8 50 36 0.578 2.23E-04 0.392 1.81E-02 0.656 1.39E-05
16 50 136 0.444 5.94E-08 0.302 3.51E-04 0.533 2.30E-11
32 50 528 0.392 7.45E-21 0.209 1.28E-06 0.347 2.25E-16
64 50 2016 0.223 4.06E-24 0.180 3.32E-16 0.291 1.14E-40

Table 5.2: These numbers are generated by taking the pearson correlation between the mean
GSSD among neighbors of the two targets, and the difference in non-spiral parameters—in
other words, distance in GSSD correlates with distance in non-spiral parameters.. Naming
convention examples: SFRCo is the Pearson corelation for difference in sfr and SFRPV is
the pvalue for the pearson correlation in the previous column
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Hubble Sequence Physical Paramter Relationships
SFR Age Metallicity

targets neighbors Pairs Corr PValue Corr PValue Corr PValue
6 10 21 0.128 0.581 0.678 7.26E-04 0.736 1.42E-04
6 20 21 0.126 0.587 0.766 5.18E-05 0.672 8.49E-04
6 30 21 0.160 0.489 0.739 1.29E-04 0.698 4.31E-04
6 40 21 0.182 0.429 0.682 6.68E-04 0.690 5.35E-04
6 50 21 0.226 0.326 0.678 7.34E-04 0.690 5.41E-04

Table 5.3: These numbers are the GSSD feature set distance between a randomly chosen
galaxy of each Hubble type from 1 to 6 and the average SFR, Age, and Metallicity of 50
randomly chosen galaxies of the respective Hubble type.
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Table 5.6: Table of 9grams. We have consistent results among Age, SFR, and metallicity
labeled metal on the table. A problem we noticed as that this very closely matches the
totalArcLength row of the 1gram table 5.7. The x-axis is the GSSD neighbor difference
between two galaxies as GSSD(A, B) and the Y axis is the physical parameters of group a
and group b as GA and GB in the formula: µGA − µGB.

Table 5.7: The x-axis is the GSSD neighbor difference between two galaxies as GSSD(A, B)
and the Y axis is the physical parameters of group a and group b as GA and GB in the
formula: µGA − µGB.
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Table 5.8: Table of 2grams. When we remove totalArcLength, the results strongly match
alenAt25pct. This indicates that whatever feature is most dominant is what the physical
parameters are relating to. The x-axis is the GSSD neighbor difference between two galaxies
as GSSD(A, B) and the Y axis is the physical parameters of group a and group b as GA and
GB in the formula: µGA − µGB.
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Table 5.9: Table of 6grams. The 6grams mostly strongly totalArcLength then, match ale-
nAt25pc_age afterwards. The x-axis is the GSSD neighbor difference between two galaxies
as GSSD(A, B) and the Y axis is the physical parameters of group a and group b as GA and
GB in the formula: µGA − µGB.
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With information from tables 5.7, 5.5, 5.9, and 5.6, we gain a clear picture of mechanically

how GSSD works with reguards to different types of features. Whatever feature is most

dominant in deciding the GSSD difference is what the data move towards. This is by no

means a bad thing. The top two features are very reasonable choices for the highest value

information in choosing how spiral galaxies are related. totalArcLength in our testing roughly

translated to how much of the galaxy had sprial structure. alenAt25pct was a way for us to

match flocculence.

5.4 Analysis of Selected SpArcFire Features

Understanding that 1grmas have a strong physical relationship in groups, we decided to check

the two most dominant features, totalArcLength and alenAt25pc, for group analysis and see

if they had individual relationships to age, sfr, or metallicity. Professor Hayes confirmed that

the relationships between mean SpArcFiRe feature values and physical parameters were both

strong and surprising. We tested this first with our most dominant feature and it’s strongest

1gram relationship in figure 5.4.

We tested this with a few more feature-parameter relationships to verify that this relationship

was not an aberration:

Given the patterns shown in Figure 5.10, we have demonstrated that the GSSD similarity

orderings not only reflect morphological structure, but also correspond to meaningful physical

differences among galaxies.
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Table 5.10: This table shows the the relationship between Age and Metallicity for totalAr-
cLength and alenAt25pct.
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Figure 5.4: This is a plot of the mean SFR vs SpArcFiRe’s totalArcLength parameter across
the 41,235 GZ1 galaxies satisfying the following properties: GZ1 spirality > 0.5, nonzero
totalArcLength, and nonzero SFR. The Pearson correlation of the raw data (before binning
+ taking means) is −0.2356 with a Pearson p-value of 10−521 (49σ). Taking the mean in
bins of 100 totalArcLength gives the above plot (with error bars).

76



Chapter 6

Future Work

In this section I will be discussing some the opportunities that are opened up by having

developed the Galaxy Similarity from Sorted Difference algorithm.

6.1 Adapting the Algorithm to Other Surveys

Since GSSD relies solely on SpArcFiRe output, it is in principle applicable to any survey

where SpArcFiRe performs reliably, as discussed in Chapter 4.

6.1.1 Well Established Surveys

For example, in the EFIGI dataset they pull galaxies from multiple surveys in order to build

up their list of about 4800 hand morphologically classified galaxies. Some ideas of how to

prove cross survey feasibility: show that we don’t favor grouping images within the same

survey over other surveys assuming their SpArcFiRe feature distribution is the same among

all surveys, show we maintain a similar level of physics relevance using only galaxies not used
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in this body of work, and finally show the similar feature sensitivity for non SDSS images as

SDSS images.

6.1.2 New Surveys

There are many new astronomical survey missions underway. One of the ones most relevant

to pop culture in the United States is the James Webb Space Telescope or JWST. As of yet

I have been unable to find any granular collections of spiral galaxies listed from the wide

band image releases. The similarity ordering, since it was shown to work on most any image

with an accurate SpArcFiRe fit, could be used to rapidly build collections of spiral galaxies

from the swath of unlabeled objects within that survey. There are many more surveys that

could also be enhanced but JWST was just chosen as a popular anecdote.

6.2 Comparing Real and Simulated Galaxies

It would also enable the original reason I wanted to find an automated, interpretable, un-

biased way of finding similar looking galaxies, providing a framework for testing spirality

prediction on simulated galaxies

One of the ways astronomers are trying to understand unobservable phenomena such as dark

matter and dark energy is by simulating the Big Bang and running it until recent times. The

Illustris and Illustris-TNG simulated galaxy surveys come to mind as one such effort. If we

could find simulated galaxies that look very similar to real galaxies, astronomers could then

compare and contrast the expected amount of dark matter in the simulated galaxy with the

estimated amount in the real counterpart.
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6.3 SpArcFiRe Galaxy Morphological Classification

Many papers that attempt to predict morphology do so for the broad categories from Hub-

ble’s 1926 paper[9]. Work such as Moonzarin Reza’s 2021 paper [15] used random forest

regression on SDSS images but only predicted for major classes of galaxies such as spiral,

elliptical, or merging galaxies. However with our algorithm and a small dataset we were able

to predict at 67% 10 fold cross validation accuracy for Hubble Types. It may be worth it in

the future to examine how good SpArcFiRe features are at morphological classification with

more effor. As said with some of the previous "future work" sections conceptually with how

survey independent SpArcFiRe is, it would be straightforward to attempt to label JWST

galaxies by their likelihood of being spiral just by replicating the results of other supervised

learning efforts using SpArcFiRe features then applying that model to JWST images.

6.4 Cross Survey Search Engine

One last option to build another tool would be to use GSSD + SpArcFiRe’s web interface

to make a similar galaxy search engine. The least work version of this would be to simply

input an image into the SpArcFiRe web interface, then receive back the names of a galaxy

ordering that matches the input image. The more difficult version that would likely take

more physical resources would be for us to run SpArcFiRe on more galaxy surveys and allow

the user to find the same input galaxy among multiple surveys. An even harder version

would be for us to authorize academic accounts to allow users to add galaxy images and

SpArcFiRe outputs to a real-time database we create in order to build a living cross survey

collection of easy to reference galaxies.
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