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A B S T R A C T 

We measure the influence of image augmentations and training dataset size when training a deep neural network to classify 
galaxy morphology. Data augmentation is an integral step when training machine learning models and often astronomers 
add augmentations assuming they will always improve the performance of their models. We train multiple versions 
of the same pre-existing Zoobot model using different image augmentations and different data set sizes from 230 000 
galaxy images from Galaxy Zoo DECaLS to determine whether this assumption is necessarily true. We find that generally, 
the addition of image augmentations does improve a deep neural network’s performance; however, this improvement 
is significantly diminished as the training data set size increases. The choice of specific augmentations (provided they 
are sensible) does not seem to be as important as simply having augmentations as different augmentations result in 

similar increases in performances. We find that for a model of a given size, there exists a saturation point (when the 
model’s capacity has been filled with data) that cannot be surpassed with data augmentations. We find that more complex 
augmentations result in longer training times and might not lead to improved performance. If augmentations are added 
to the training process (which is recommended), simpler augmentations might be sufficient, depending on the size of the 
data set and model. We therefore encourage astronomers to carefully consider their use of image augmentations in an 

effort to reduce wasted time and computational resources. 

Key words: software: machine learning – galaxies: general – galaxies: structure. 
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 INTRODUCTION  

he use of machine learning (ML) in astronomy (and many other
elds) has grown significantly over the past decade (J.-V. Ro- 
ríguez, I. Rodríguez-Rodríguez & W. L. Woo 2022 ). ML models
rovide a unique and efficient method for solving many problems 
ound within astronomy, finding new solutions or optimizing 
xisting methods. Examples include detecting objects with light 
urves (A. Dattilo et al. 2019 ; C. Yu et al. 2021 ), object classifica-
ion (T.-Y. Cheng et al. 2021 ; Y. Jin, L. Yang & C.-E. Chiang 2022 ;
. Walmsley et al. 2022a ), anomaly detection (M. Walmsley et al.
022b ; A. Desmons, S. Brough & F. Lanusse 2024 ), denoising (A.
. Elhakiem, T. Elsaid Ghoniemy & G. I. Salama 2021 ; T. Liu et al.
025 ), dimensionality reduction (C. Donalek et al. 2013 ; M. A. A.
ourens et al. 2024 ), and mock image generation (A. Spindler, J.
. Geach & M. J. Smith 2020 ). 
With its relatively low entry barrier, and wide application, ML 
odels have already proven to be valuable tools for astronomers 
M. J. Smith & J. E. Geach 2023 ; H. Zhang et al. 2024 ). Therefore,
he prevalence of ML models in astronomy will remain signif- 
cant for the near future and likely into the distant future as
ell as surveys increase the size and scope of their missions. For
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nstance, Euclid aims to detect 1.5 billion galaxies over six years
f operation (Euclid Collaboration 2025b ). Euclid will therefore 
eceive data at a rate that makes processing and analysis difficult,
achine learning can aid astronomers in the data collection and 
nalysis process. For example, extracting physical properties from 

alaxy images (I. Kovačić et al. 2025 ), or detecting interesting
bjects such as strong gravitational lenses (Euclid Collaboration 
025a ) and asteroid streaks in images (M. Pöntinen et al. 2023 ).
he ML models used are able to produce better results in faster
imes than previous (non-ML based) methods. However, training 
nd operating ML models can demand a high cost in compu-
ational resources, which can be costly to the environment and 
etrimental to those with limited resources and time. With ML 
odel usage growing rapidly, it is becoming increasingly impor- 
ant to establish methods of limiting resource costs while still 
chieving the results ML models are already producing. 
The size of the data set used to train the model affects the learn-

ng process of ML models. For an ML model to learn effectively,
he model needs to ‘see’ a sufficient amount of data to learn gen-
ral features from the data. If the model ‘sees’ too few examples or
oo many examples from the training data, the model will underfit
r overfit, respectively (L. Breiman et al. 1984 ; R. Kohavi & D.
ommerfield 1995 ). Generally, increasing the amount of data in 
he training data set leads to increased performance from the 
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/by/4.0/), which permits unrestricted reuse, distribution, and
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odel (M. Walmsley et al. 2024 ). However, collecting new data
ight be difficult or impossible in certain situations (especially
n astronomy). In those situations, data augmentations become
 useful tool when training ML models (K. Nigam et al. 2000 ; K.
aharana, S. Mondal & B. Nemade 2022 ). 
Data augmentation is a common step throughout ML models,

egardless of model or data type. This step involves the training
ata being randomly augmented at training time in some way
either once or through a sequence of transformations). Because
f this, data augmentation allows you to artificially increase the
ize of the training data by creating new variations of the existing
ata, effectively increasing the size of the training data. This step
ncreases the diversity and size of the training data set, which
ften increases the ability of the ML model to learn and extract
eneral features of the training data, reducing the likelihood of 
nderfitting or overfitting (S. Dieleman, K. W. Willett & J. Dambre
015 ; R. González, R. M. noz & C. Hernández 2018 ; G. García-
ara, P. Protopapas & P. A. Estévez 2022 ). This often results in the
odels performing better. 
The type of transformations that are applied during the data
ugmentation process is reliant on the type of training data and
urpose of the ML model being trained. Examples include adding
andom noise to the data, replacing or removing parts of the
ata or stretching or rotating an image. The amount of training
ata that is required to allow the model to learn effectively is not
nown before the training procedure begins and it is dependant
n the model architecture. It can be helpful to think about the
omplexity of an ML model in terms of ‘Model Capacity’, which
s a shorthand way of describing how many functions a model
s capable of learning. For example, neural networks with more
ayers can be considered to have a higher capacity than those
ith fewer layers; they are capable of learning more, and more
omplex, functions to map the input data to the target outputs.
 model with higher capacity necessarily requires more training
ata in order to reach a solution, either in the form of more input
amples, or more training epochs. Data augmentation can then
e thought about as a way to compensate for training a higher
apacity model with a small data set. 
Galaxy morphology (its shape and structure) is strongly corre-

ated with galactic properties and evolution such as the position
nd rate of star formation and quenching (e.g. O. Bait, S. Barway
 Y. Wadadekar 2017 ; A. Spindler et al. 2018 ; T. Géron et al. 2021 ),
r tidal features being a reliable tracer for mergers (D. Kawata et
l. 2006 ; J. Ren et al. 2023 ). Because of this, galaxy morphology
s a useful tracer of galaxy evolution. Therefore, studying galaxy
orphology over a large selection of galaxies is important as it
llows us to study how galaxies and their properties evolve as a
hole (e.g. K. Schawinski et al. 2014 ; A. Camps-Fariña et al. 2022 ;
. Ren et al. 2023 ). 
Galaxy morphology can be measured using many different
pproaches, e.g. via sérsic profiles (e.g. M. Vika et al. 2015 ),
hich measures how light is distributed throughout the galaxy,
r by using the ‘CAS’ method (C. J. Conselice 2003 ), which takes
hree parameters (concentration, asymmetry, and smoothness)
nd combines the results to ascertain galaxy morphology. Some
apers combine the ‘CAS’ method with other methods (e.g. F.
arsitano et al. 2018 ; M. J. Baumstark & G. Vinci 2023 ). Perhaps
he most direct approach is to measure the morphology through
isual inspection (e.g. S. Kaviraj 2014 ), i.e. by manually looking
t an image and identifying and classifying each galaxy’s mor-
hology one at a time. Visual classification is time-consuming,
NRAS 548, 1–15 (2026)
he process is simply too slow to be viable for large samples of 
alaxies. Current surveys such as the Sloan Digital Sky Survey
SDSS; A. Almeida et al. 2023 ) and the Dark Energy Spectroscopic
nstrument (DESI; DESI Collaboration 2022 ) can detect millions
f galaxies. This means that it would be very difficult and time-
onsuming to accurately classify the morphology of all of the
alaxies from current surveys. 
This issue led to the rise of citizen science projects such as
alaxy Zoo (GZ; C. J. Lintott et al. 2008 ). The aim of citizen
cience projects is to get the general public to volunteer and
ort through data that scientists do not have the time to sort
hrough themselves. For instance, Galaxy Zoo DECaLS (GZD; M.
almsley et al. 2022a ) shows volunteers a picture of a galaxy and
sks them to classify the galaxy’s morphology by asking them to
nswer questions related to what morphological features they can
r cannot see. Opening up the classification process to volunteers
rom the general public (as opposed to keeping it among a small
roup of astronomers) means that there are many more people
ho can now classify galaxy morphology, greatly increasing the
peed at which morphological classifications can be obtained for
arge samples of galaxies. 
However, current generation surveys are starting to detect so
any objects that even citizen science projects can take years to
omplete (K. L. Masters et al. 2021 ; M. Walmsley et al. 2022a ).
uture surveys such as the Legacy Survey of Space and Time are
stimated to observe 20 billion galaxies (Z. Ivezić et al. 2019 );
uclid aims to detect 1.5 billion galaxies (Euclid Collaboration
025b ), the Roman Telescope is predicted to detect hundreds of 
illions of galaxies (G. Mosby et al. 2020 ). Current surveys such
s DESI have already detected over 13 million galaxies (DESI
ollaboration 2026 ). Classifying the morphology of that many
alaxies would take far too long, even for citizen science projects.
his has lead some to turn towards ML as an alternative (e.g.
. Walmsley et al. 2019 ; M. J. Baumstark & G. Vinci 2023 ; M.
. Cavanagh, K. Bekki & B. A. Groves 2023 ). ML can achieve in
 matter of hours or days what would take humans months or
ears; this significant increase in speed is what drew researchers
owards ML. 
ML can also be used to influence the training process itself;

or instance, M. Walmsley et al. ( 2022a ) use active learning to
nfluence which galaxies are shown to volunteers. Active learning
easures how informative a galaxy would be for the purposes of 
raining their ML model. Galaxies that are believed to be more
nformative are therefore shown to more volunteers so that more
olunteer classifications are obtained for the more informative
alaxy. 
The aim of this paper is to measure the affects of image aug-
entations and training data set size for an ML model of a given
ize, and see how that is related to the model’s capacity. We use
he ML model Zoobot (M. Walmsley et al. 2022a ), which classifies
he morphology of galaxies based on their images. This model
ill be trained with different image augmentations and training
ata set sizes and the accuracy of the resulting models will be
ompared. 
Section 2 describes the Dark Energy Camera Legacy Survey

DECaLS) survey data as well as the morphological classifications
rom GZD. Section 3 details the Zoobot code, the image augmen-
ations that will be tested, and our methodology for testing their
mportance with the different training data set sizes. Section 4
iscusses the results and analysis and Section 5 summarizes the
ndings of this work. 
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Figure 1. Decision tree used by GZD-5 (M. Walmsley et al. 2022a ). This 
shows the order in which questions are shown to volunteers based on 
their answers to previous questions. 
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 THE  DATA  

.1 Galaxy Zoo classifications 

o achieve the morphological classifications for the GZD galaxies, 
olunteers were shown a galaxy image and asked to answer a 
et of morphology-based questions. The set of questions form a 
ecision tree. Fig. 1 shows the decision tree used for GZD-5 (the 
fth data release of DECaLS survey). The questions for GZD- 
 were different from GZD -1 and GZD -2 (the first and second
ECaLS data releases, respectively, GZD -1 and GZD -2 shared the
ame decision tree). GZD-5 had an improved and clearer set of 
uestions that were also designed to better classify mergers and 
eak bars that could now been seen in the GZD-5 data. The im-
rovements in GZD-5 consisted (mainly) of changing either the 
mage or name of an answer to make the answer clearer and/or
ore distinct from the other answers. 
Because GZD-5 has the best decision tree (as well as the most
lassifications), GZD-5 will be the data set that will be used to
rain our models (similarly to M. Walmsley et al. 2022a , 2024 ).
ZD-5 has 11 possible questions volunteers could be asked. 
oobot only learns from 10 of the 11 questions, ignoring the
ast question regarding rare features as that is a multiple choice 
uestion and Zoobot is designed to learn from questions with 
nly one given answer. Zoobot therefore learns from the other 10 
uestions. 
Most galaxies were shown to at least five volunteers; the active
earning process (discussed in Section 1 ) promotes certain galax- 
es during the classification process, resulting in these galaxies re- 
eiving over 30 votes as they are shown to more volunteers. These
otes are used to assign morphological classifications to galaxies 
ith the answer that has the most votes being taken as the ‘cor-
ect’ answer. This has the additional benefit that the fraction of 
otes each answer receives acts as a confidence measurement for 
ach classification answer. Not all galaxies can receive over 30 
olunteer votes as doing so would extend the project by several
ears (M. Walmsley et al. 2022a ). All images do receive multiple
lassifications, sufficiently many to ensure that the morpholog- 
cal results from said classifications should accurately represent 
he morphology shown in the image. 

.2 The DECaLS survey 

ll of the galaxy morphology information used in this paper is
btained from optical images taken from the DECaLS (A. Dey 
t al. 2019 ). DECaLS uses the Dark Energy Camera (B. Flaugher
t al. 2015 ) in Chile. The DECaLS survey contains both optical
nd mid-infrared bands; the images used by GZ are constructed 
rom the grz optical bands. DECaLS has had several data releases
nd GZD has had three projects that used data from different data
eleases, creating morphological classifications for each release. 
GZD galaxies were selected from the DECaLS survey after cuts 
ere applied to the data. The cuts were at a minimum brightness
f mr = 17 . 77 , a maximum redshift of z = 0 . 15 , and a minimum
ize of a Petrosian radius of 3 arcsec. The Petrosian radius is the
adius at which the ratio of the surface brightness at that radius
o the mean surface brightness within that radius is equal to a
pecific fraction (V. Petrosian 1976 ); 0.2 is commonly used (F.
arsitano et al. 2018 ). The first two cuts were chosen as a result
f the limitations of the eighth SDSS data release (H. Aihara et al.
011 ) and the last cut was chosen to ensure that all galaxies were
arge enough to show meaningful morphological characteristics. 
he magnitude cut is chosen due to the SDSS spectroscopic tar-
et selection limit. The size cut ensures galaxies have sufficient 
etail to accurately classify their morphology. These cuts result 
n 230 000 images, all of which contain classifications from GZD-
. These 230 000 images will be used to train the models in this
aper. 
The DECaLS images shown to volunteers are 424 × 424 pixels. 
ECaLS has a pixel scale of 0.262 arcsec per pixel. Each galaxy
mage was downloaded with this pixel scale, potentially with 
ore than 424 pixels per side (up to 512 pixels per side). This was
one as the pixel scale was then interpolated using equation ( 1 )
ith s being the interpolated pixel scale and p50 and p90 being the
etrosian 50 per cent and 90 per cent-light radius, respectively. 
his rescaling ensures that each galaxy fits clearly within the final
24 × 424 pixel image. 

 = max ( min ( 0 . 04 p50 , 0 . 02 p90 ) , 0 . 1) (1) 

The grz optical band images from DECaLS are converted to 
GB images by following the method in R. Lupton et al. ( 2004 ).
he fluxes in each band are multiplied by a constant value; low
ux pixels are desaturated to remove colourful speckles that can 
rise in low flux background pixels (K. W. Willett et al. 2016 ). The
mages are then scaled by arcsinh ( x) as this scales the images in a
anner that allows for both bright and faint features to be visible
ithout overexposing or underexposing the image. To further 
top over or underexposure, the brightest and faintest pixels were 
MNRAS 548, 1–15 (2026)
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M

Figure 2. Selection of images from the DECaLS survey, all images were 
included in GZD-5. The images are created from the grz bands. The pixel 
scale of each image is interpolated from DECaLS’ 0.262 arcsec per pixel 
scale. 
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Table 1. Number of galaxies in the test sample for the whole test sample 
(All) and the confident galaxies that are used to test each individual mor- 
phology question. All galaxies in these test samples received at least 34 
votes, following the same method used by M. Walmsley et al. ( 2022a ). The 
number of galaxies is shown for each individual morphology question 
as not every galaxy is used to test every morphology question as some 
questions might not be relevant for certain galaxies. 

Question Number of galaxies in sample 
All galaxies Confident galaxies 

Smooth or featured 11 367 3725 
Disc edge on 3831 3503 
Has spiral arms 2929 2024 
Bar 2929 585 
Bulge size 2929 237 
How rounded 7002 3918 
Edge on bulge 496 275 
Spiral winding 2043 236 
Spiral arm count 2043 684 
Merging 9883 4092 
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1 This paper uses an older version of Zoobot from M. Walmsley et al. 
( 2022a ), a newer paper (M. Walmsley et al. 2024 ) has since been published 
that contains updated versions of Zoobot. Any mention or description of 
Zoobot in this paper (unless stated otherwise) refers to the older version 
of Zoobot. 
apped in their brightness or dimness (having their pixel value set
o a default brightness if their original value was above or below
 threshold), allowing the images to occupy a range of brightness
hat allows for morphological features, both faint and bright, to
e seen clearly. Fig. 2 shows multiple examples of GZD-5 images.

.3 Test sample 

imilarly to M. Walmsley et al. ( 2022a ), the test sample of galaxies
ill consist of galaxies that have at least 34 vote counts (and are
ot present in the training sample). This ensures that the model
s being tested against galaxies that should have greater accuracy
n their classifications. From that test set a different test sample
ill be made that will also be used to test model performance.
he new subsample will be called the ‘confident galaxies’ because
ach question will only consist of galaxies whose vote fraction for
hat question is at least 80 per cent, which means that the ‘con-
dent galaxies’ consists of galaxies whose answers were strongly
greed upon by the volunteers. 
We test the models using the confident galaxies because the
onfident galaxies should be galaxies whose features are very
trongly agreed upon, so the model should be able to perform
specially well on those galaxies. Because with the whole test
ample, there will be galaxies that have very ambiguous answers
here morphological features were unclear or volunteers strug-
led to accurately classify morphology. In those cases, if humans
truggled then the model will probably struggle too as the model
earns from those unsure answers. There will be galaxies where
ven experienced astronomers would disagree; this should not
e the case with the confident galaxies, which should have well-
efined features. So by testing the models using the confident
alaxies, we can see how well the model performs with galaxies
hat should be easier to classify. Table 1 shows a breakdown of 
ow many test galaxies the model makes predictions for each
uestion; there is a large spread in the number of test galaxies
NRAS 548, 1–15 (2026)
s some questions are simply asked more often as it relates to
eatures more commonly seen in galaxies. 

 ZOOBOT  AND  IMAGE  AUGMENTATION  

.1 Zoobot description 

oobot (M. Walmsley et al. 2022a ) is a convolutional deep neural
etwork based on the EfficientNet B0 architecture from M. Tan &
. V. Le ( 2019 ). 1 Zoobot has a series of convolution layers, and
he output layer produces Dirichlet-Multinomial posteriors that
roduce vote counts for the answers of any particular question.
oobot also uses random dropout to help with training. The Ef-
cientNet B0 architecture was chosen because the architecture
as been optimized for learning efficiency, i.e. ability to produce
aximum model performance from minimal training time. 
Trained to answer 10 different questions related to galaxy mor-
hology, Zoobot is capable of classifying and providing detailed
nformation regarding galaxy morphology. Zoobot also allows us
o measure the performance of the model with regards to different
spects of morphology. i.e. we can see how changing aspects of 
he code affects questions about bars differently to how it affects
uestions about spiral arms, etc. This potential for greater insight
s why it has been chosen to test how image augmentation and
raining data set size affect ML model performance for a model of 
 given size. When training, an 80/20 train-test split is used, with
he data being separated randomly. However, the split (whether
 galaxy belongs to the training or test data set) remains the same
or all of our models and their training. 

.2 Zoobot’s image augmentation 

his paper is partly concerned with how data augmentation af-
ects the performance of an ML model of a given size. As our
hosen model (Zoobot) is trained on galaxy images, this paper
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ocuses on image augmentations specifically. We only investigate 
ugmentations that would be beneficial when studying galaxy 
orphology, e.g. we look at random rotations but not extreme im-
ge deformations. Image augmentation is a vital step when train- 
ng ML models as it often reduces the likelihood of overfitting
hile training. However, when dealing with images of galaxies 
or other astronomical images), the exact importance and effects 
performance and training time) of individual augmentations are 
till not fully understood and as a result, we want to quantify the
mportance and affects of image augmentation. 
Zoobot’s transformation process consists of two steps, the 
re-processing step and the actual augmentation step. The pre- 
rocessing step consists of any transformations that do not have 
 random component to their transformation and are applied to 
very image when training the model. This step is applied to
ll images both during the training and prediction stages. The 
econd step consists of all augmentations that have any level of 
andomness in their effect on the image output. These augmenta- 
ions are only applied during training and are not applied during
redictions. 
Zoobot’s pre-processing step contains only one augmentation. 
oobot starts with the RGB galaxy images that were shown to
ZD volunteers; the pre-processing step consists of converting 
he image to greyscale. These next steps form the augmentation 
tep of training the model. After pre-processing, the image is ran-
omly rotated by some angle between −180◦ and 180◦. The image 
s then cropped around a random point near the centre of the
mage. The original RGB image is 424 × 424 pixels, cropping the
mage reduces the image to 224 × 224 pixels. During this transfor-
ation, the image is also randomly zoomed in by a factor of 1.25
o 1.43 and stretched in either the x or y direction, changing the
spect ratio of the image to be between 0.9 and 1.1, the new image
s created using bilinear interpolation. The last augmentation is to 
ip the image horizontally; there is a 50 per cent chance that this
ast step occurs (this 50 per cent likelihood is the same whenever
 flip transformation is mentioned in this paper). 
Converting the RGB images to greyscale reduces the possibility 
f the model learning a colour dependence. This is desirable as
olour is not a reliable proxy for morphology (R. J. Smethurst
t al. 2021 ). The rotation and flip augmentations both increase 
he diversity among the training galaxies (L. Taylor & G. Nitschke 
018 ), creating a model that should be rotationally invariant (e.g. 
. Dieleman et al. 2015 ). Adding the possibility to horizontally
ip an image effectively doubles the size of the training data 
et while rotating the images provides, in theory, a much larger
ata set as images can be rotated by many different angles. Crop-
ing the image reduces the number of inputs from 179 776 to
0 176 pixels (inputs) per image, increasing the speed at which 
he model can learn. Randomly cropping around a point near 
he centre of the image also increases the diversity among the
raining sample. Zooming into and stretching the image increases 
he size of smaller features in the image e.g. bars or merger fea-
ures, increasing the likelihood of the model learning from those 
eatures. 

.3 Changing Zoobot’s image augmentation 

n order to test the importance of each of these steps, the model
as trained multiple times with different levels of augmentations 
.e. some of the transformation steps were removed. This allows 
s to compare how the model performs while using the different
ugmentations during training. We created six different model 
onfigurations. They are called ‘Original’, ‘Rotation + Flip’, ‘Ro- 
ation’, ‘Flips’, ‘Zoom’, and ‘None’. All six model configurations 
ave different transformation processes. The transformation pro- 
ess (including pre-processing, which remains the same for every 
odel configuration) for each model configuration is shown in 
ig. 3 . 
Fig. 3 shows the transformation process for our six model con-
gurations. The configurations are separated into individual rows 
hat show the complete transformation process. Each model con- 
guration starts with an RGB galaxy image; an example is shown
s the left most galaxy in Fig. 3 . The subsequent images each show
he effects of an individual transformation on the galaxy image; 
he process taking place in each image is written above the image.
he transformation processes for each configuration starts with 
he ‘Initial RGB Image’ and each subsequent transformation step 
s denoted with an arrow showing the order of transformations. 
Each transformation process consists of two sections, the ‘Pre- 
rocessing’ and the ‘Augmentation’ sections. The two sections 
re shown in Fig. 3 . The ‘Pre-processing’ section contains all
ransformations that form the pre-processing stage of training 
i.e. converting the RGB image to greyscale) and the ‘Augmenta- 
ion’ section contains all other transformations, the transforma- 
ions that are applied with some form of randomness different 
o the other model configurations. As the ‘Pre-processing’ sec- 
ion contains information that is the same for each configuration, 
t is represented as one row that branches into the six separate
ows/configurations in the ‘Augmentation’ section. The name of 
ach configuration is written to the right of the final image/step
n each configuration. 
For every model configurations, the 424 × 424 RGB image is 

he starting point of our augmentation process. The first step (pre-
rocessing) for all of our models involves converting the RGB im-
ge to greyscale. The Original model configuration consists of the 
riginal Zoobot transformation process described in Section 3.2 . 
he Rotation + Flip model configuration is the same as the Orig-
nal model configuration except for the fact that the Rotation +
lip model configuration does not zoom into or stretch the image.
he Rotation model configuration is the same as the Rotation +
lip model configuration except for the fact that this model con-
guration does not flip the image. The Flips model configuration 
s similar to the Rotation model configuration, except the Flips 
odel configuration replaces the rotation transformation with a 
ertical and horizontal flip, each with an independent 50 per cent
hance to occur. The Zoom and None model configuration both 
nly crop the image, the difference between the two models is that
he Zoom model configuration zooms into, stretches, and crops 
he image, while the None model configuration does not have this
dditional transformation step and only crops the image. 
Steps such as rotating and flipping increases the diversity 
mong the sample; however, at some point a training set of im-
ges should become so large and naturally diverse compared to 
he model complexity that it removes the need to artificially in-
rease the diversity and sample size. The same is potentially true
or steps such as the cropping and zooming in transformation; if 
he model sees enough examples of bars and mergers, etc. those
eatures should not need to be artificially promoted as the model
hould see enough examples to accurately learn from them with- 
ut the need for augmentations. If the training sample is naturally
arge and diverse enough, changing the augmentations should 
ave very little to no effect on the performance of the model as
t reaches a saturation point where augmentations do not affect 
he model’s ability to learn. 
MNRAS 548, 1–15 (2026)
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Figure 3. Visual representation of the transformation process for the six model configurations tested. Each transformation step is shown as an example 
image and the transformation process moves from left to right (denoted by the arrows between images). Each model configuration occupies its own 
row. The transformation processes contain two sections, ‘Pre-processing’, which refers to transformations that are applied equally to every image during 
training, which are therefore represented as one unified row; and the ‘Augmentation’ section, which displays the random transformations that are applied 
to each model configuration (separated by rows). The transformation that occurs in each image is written above the image and model name is written to 
the right of the final image in that model configurations process. 
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size. 
To test if we reach the saturation point, we create three subsam-
les from the original ∼180 000 training galaxies that make up the
raining data set (80 per cent of our 230 000 images). Those three
ubsamples contained 50 per cent, 25 per cent, and 10 per cent
f the original ∼180 000 galaxies chosen at random. Together
ith the original training set, that means there are four differ-
NRAS 548, 1–15 (2026)
nt samples of training images with different numbers of galaxy
mages in each for the model to train on. By training the model
sing those different sample sizes, we can assess how much im-
act training sample size has on Zoobot and whether we are ap-
roaching the saturation point with the DECaLS data and model
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2 Figs A1 and A2 show the exact same accuracies except those plots share 
the same y -axis limits, meaning comparison between model configura- 
tions is easier using these figures. 
That means there are four different training data sets and six
ifferent model configurations with different image augmenta- 
ions, resulting in 24 different models that can be compared with
ach other to test how image augmentation and training sample 
ize affect Zoobot. There are certainly other transformations that 
ave not been mentioned here that could also be used such as ran-
omly changing contrast or brightness and there are also many 
ther permutations that could be created with the transforma- 
ions that have been tested here; however the tests here should
e detailed and different enough to quantify the importance and 
mpact of some of these transformations and training sizes. 

.4 Early stopping 

ll models were run on the same machine in the University of 
ertfordshire’s high-performance computing facility and used 
arly stopping. Early stopping means that if the model does not
mprove after a certain number of epochs, the model finishes 
raining as it has essentially stopped learning at this point. This
s useful because before running the model, it is impossible to
ccurately guess for how long the model will keep improving and 
earning, because at some point the model will stop learning as it
eaches its maximum capability; beyond this point the model can 
ctually decrease in ability (X. Ying 2019 ). Zoobot has a patience
f eight. This means that the if the model does not improve after
ight epochs, the model finishes training. This is not only useful
ecause it helps the model reach its optimum ability, but it also
llows us to measure how long the model takes to learn, and at
hat point does it plateau. 
The model measures performance based on the loss from the 
alidation set. The validation loss is calculated for each of the 10
orphology questions and then the sum of every question loss is
sed as the overall loss value for the model. This final loss value is
ow the performance of the model is measured during training. It
s the overall loss value that is used for the early stopping mech-
nism. This does mean that at the point of stopping, the model
ould still be improving on several questions while worsening or 
tagnating on other questions, leading to an overall decrease in 
bility despite some improvement in one or two questions. How- 
ver, since the model has to answer every question as accurately 
s possible, this is just an unfortunate trade-off of the way the
odel learns and evaluates its ability. 

 ANALYSIS  

.1 Model performance 

o measure each model configuration’s performance, we will use 
he accuracy of the model. Accuracy is calculated as the number
f correct classifications divided by the total number of classifi- 
ations made by the model i.e. the fraction of correct classifica-
ions. The classifications are determined by getting the model to 
ake predictions on a group of galaxies previously unseen by the
odel (a test set of images). The model then makes five forward
asses with random dropout each time; the mean from the five 
osteriors is then used as a final classification prediction by the
odel. 
The model will make predictions for all 10 questions, even 

f the question is not suitable to the galaxy. Therefore, when 
valuating the model’s performance, we only consider a specific 
uestion for a galaxy if at least half of the volunteers answered
hat question, which shows that at least half of the volunteers
greed that that specific question was relevant to the galaxy. This
llows us to avoid a situation where we are testing the model’s
bility on unrelated questions, e.g. asking the model to predict the
umber of spiral arms for a galaxy that has no spiral arms. This
oes mean that each question was tested on a different number
f galaxies. 
Figs 4 and 5 show the accuracies (for the 10 questions from the
ZD-5 decision tree) of the different model configurations with 
ifferent training data set sizes for all test galaxies and the confi-
ent test galaxies, respectively. All accuracies have a uncertainty 
alculated by jackknife sampling. 2 Each plot in Figs 4 and 5 have
he name of the question being tested above the subplot. 
Fig. 4 shows that between the 10 different questions, there are 
ome common trends in how the different model configurations 
erform. One immediate shared trait is that the None model 
onfiguration (the model configuration with the fewest transfor- 
ations) is almost universally the worst-performing model con- 
guration at every training size. This means that having trans- 
ormations is beneficial as the other model configurations that 
o have transformations almost always perform better than the 
one model configuration. The biggest difference between the 
one model configuration and the other model configurations is 
ften found when training with only 10 per cent of the training
ample. The reduced number of galaxies obviously affects the 
one model configuration the most as the other model configura- 
ions all have augmentations that can improve the training data 
et in terms of diversity and effective data set size by ‘creating’
ew images. 
The difference between the None model configuration and 

he other model configurations tends to decrease as the training 
ample size increases. This decrease in difference between model 
onfigurations can be quite dramatic as the sample size increases, 
.g. for the ‘Spiral Winding’ question in Fig. 4 , the difference
etween model configuration accuracies decreases from over 10 
er cent to only a few per cent as the training size increases. When
rained on the full 100 per cent of the training data, the None
odel configuration has reduced the difference between itself 
nd the other model configurations meaning that it only performs 
lightly worse or even as well as the other model configurations.
his suggests that as the size of the training sample increases, the
ugmentations become less important as you can achieve similar 
r even the same results without the transformations. 
This could be because the training size is so large and naturally
iverse that augmenting the images to increase diversity and/or 
romote features is not necessary and only produces diminishing 
eturns. If this is the case, it not only suggests that image aug-
entations might not be that necessary if you have enough data
vailable (which we know to be true M. Xu et al. 2023 ), but that
e might be starting to reach that limit with the training data in
ZD-5 and the model capacity found with Zoobot (Zoobot has 5.3
illion parameters). 

.2 Model capacity 

nother common trend in the plots in Fig. 4 is that the model
ccuracy often increases as the training sample size increases. 
MNRAS 548, 1–15 (2026)
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Figure 4. Accuracy for all galaxies in the test sample, the x -axis shows the size of the training sample used to train the model (as a percentage of the 
total training size). The question being tested in written above each plot. 
NRAS 548, 1–15 (2026)
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Figure 5. Accuracy for confident galaxies in the test sample, the x -axis shows the size of the training sample used to train the model (as a percentage of 
the total training size). The question being tested in written above each plot. 
MNRAS 548, 1–15 (2026)
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Table 2. Fraction of total votes each question receives in our training 
data set. 

Question Fraction of total votes 

Smooth or featured 1.00 
Disc edge on 0.77 
Has spiral arms 0.67 
Bar 0.67 
Bulge size 0.67 
How rounded 0.91 
Edge on bulge 0.33 
Spiral Winding 0.37 
Spiral arm count 0.37 
Merging 1.00 
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he biggest increase often occurs between the model configu-
ations trained using 10 per cent and 25 per cent of the training
ample. This is likely because this represents the biggest change
n data size comparatively in the test (i.e. a 2.5x increase com-
ared to only a 2x increase in the other instances). However, when
he model configurations go from training on 50 per cent to 100
er cent of the training sample, sometimes the model’s perfor-
ance increases only very slightly or even plateaus or decreases
lightly. This can be seen in questions such as ‘Has spiral arms’
nd ‘How rounded’. 
This could indicate that for these model configurations and
uestions, they are approaching a saturation point where the
odel configuration is seeing so many examples of galaxies that
o image augmentations or larger training sample will improve
he model significantly. While this appears to be true for the two
forementioned questions, some of the questions do still show
 clear improvement between the 50 per cent and 100 per cent
raining sizes such as the ‘Spiral arm count’ and ‘Merging’ ques-
ions. 
It is important to note that the capacity of each model configu-

ation is exactly the same as each configuration contains the exact
ame architecture. The only difference between configurations is
he amount/type of augmentations used in training and the size
f the training data, which is consistent between configurations
i.e. the data used to train each configuration with 50 per cent of 
he data are exactly the same between configurations). Neither
f these things affect the capacity of the model configurations.
he capacity between questions within each configuration will
e different but will be the same among configurations, e.g. the
apacity of the model for the ‘Smooth or featured’ questions will
e different from the capacity for the ‘Disc edge on’ question,
ut both questions will have the same capacity in all of our six
onfigurations. 
The fact that some of the model configurations appear to com-
letely fill the model capacity (i.e. reach a saturation point) for
ome of the questions but not for others is likely a result of two
henomena. The first being that some questions will receive more
otes, therefore the model receives more training data for that
uestion. The second reason is that some questions are more
omplex, for example, it is more difficult to determine the number
f spiral arms than differentiating between spiral and elliptical
alaxies, even for humans. This is why the model also struggles,
hich can be seen by the fact that the model’s accuracy when pre-
icting spiral arm count is ∼ 20 per cent lower than the accuracy
hen determining whether a galaxy is spiral or elliptical. Table 2
isplays the fraction of total votes each question receives (which
s the same between all of our data sets), the table displays that
NRAS 548, 1–15 (2026)
nly six of the 10 questions are answered by at most two-thirds of 
he volunteers. So the majority of questions receive a fraction of 
he total votes. 
Figs 4 and 5 show that some of our model configurations do
ll their capacity entirely while training. There are methods of 
ncreasing a model’s capacity; the easiest method is to increase
he size of the model (M. Walmsley et al. 2024 ). While this does
ork, it does not guarantee that the performance will improve
nd will eventually lead to the model becoming too large and
omplex, with a capacity that exceeds the limits of the training
ata size, resulting in the model overfitting to the data. All models
f a fixed size will have a capacity that it cannot exceed, even with
he additions of more data or augmentations. 

.3 The best model configuration 

t is clear that the None model configuration is the worst model
onfiguration among the six model configurations tested here.
owever, what is not clear is if there is a model configuration that
s the best-performing model configuration overall. Ordering the
ther five model configurations in terms of ability is difficult as
he performance of each model configuration varies considerably
etween questions. Especially as when the model configuration
as been trained on the full 100 per cent training data set, there
s often no significant difference between the ability of the dif-
erent model configurations. There are instances where some
odel configurations perform better than others for a particular
uestion e.g. the Rotation + Flip and Rotation model configu-
ations perform better than other model configurations in the
How rounded’ question in Fig. 4 . However, when considering all
uestions, no model configuration appears to be obviously or con-
iderably better than the other model configurations (of course
xcluding the None model configuration which is obviously the
orst-performing model configuration). This is interesting as it
einforces the idea that a saturation point is being achieved for
ome of the questions and that no transformations or set of trans-
ormations are inherently better. 
Fig. 5 shows that the confident galaxies share many properties
ith the whole test sample seen in Fig. 4 . Again, the None model
onfiguration is often the worst-performing model configuration
nd no model configuration makes an obvious claim as the best-
erforming model configuration. However, there are some differ-
nces that can be seen between the confident galaxies and the
hole test sample. One difference is that the model configura-
ions perform much better for the confident galaxies than for the
hole test sample. This is to be expected but it is good to confirm.
ne interesting feature appears to be that the majority of the
odel configurations show little to no improvement when going
rom training on 50 per cent to 100 per cent of the training data
et. This appears to happen much more frequently in the confi-
ent galaxies than in the whole test sample. Potentially showing
hat because of the better confidence in results/data, more of the
odel configurations are reaching a saturation point as perhaps
he data has less uncertainty, therefore requiring fewer galaxies
o accurately train the model to full capacity. 
These results lead to the conclusion that for any model, there
xists a limit in performance that cannot be surpassed by the
ddition of more data, either through the collection of more raw
ata or by transforming existing data. This is seen as several ques-
ions show multiple model configurations seeming to converge
pon the same accuracy, regardless of image augmentations. The
ifference between model configuration performance seems to
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Table 3. Time taken to complete each run for the different model config- 
urations and training sample sizes. All model configurations were trained 
using a Tesla V100S. 

Model configuration Total time taken to run (hh:mm) 

10 per cent 25 per cent 50 per cent 
100 per 
cent 

Original 00:56 01:59 02:23 07:42 
Rotation + flip 00:45 01:28 02:45 06:47 
Rotation 00:45 01:26 02:35 05:22 
Flips 00:32 01:13 02:30 04:44 
Zoom 00:30 01:05 02:20 04:11 
None 00:13 00:36 01:14 02:51 
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Table 4. Mean training time per epoch for the different model configu- 
rations and training sample sizes. All model configurations were trained 
using a Tesla V100S. 

Model configuration Mean time per epoch (mm:ss) 

10 per cent 25 per cent 50 per cent 
100 per 
cent 

Original 00:45 01:46 03:25 06:54 
Rotation + flip 00:43 01:45 03:26 06:53 
Rotation 00:43 01:44 03:25 06:43 
Flips 00:41 01:42 03:20 06:27 
Zoom 00:42 01:42 03:20 06:37 
None 00:44 01:43 03:22 06:35 

Figure 6. Number of epochs needed to train each model configuration. 
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e highly influenced by the training size, usually disappearing 
hen the model configurations are trained on 100 per cent of 
he training data. Therefore, the image augmentations are not 
ble to increase the model configurations performance beyond a 
ertain point that varies between questions. This suggests that the 
erformance of this Zoobot architecture is approaching its maxi- 
um ability and larger data sets or more transformations would 
ikely offer only minute improvements at best. M. Walmsley et al. 
 2024 ) found that more complex neural networks could continue 
o learn from larger data sets; however, those more complex 
odel configurations should still have a maximum performance 
hat cannot be surpassed by image augmentations. Further study 
ould repeat the experiments in this paper with the more complex 
odels found in M. Walmsley et al. ( 2024 ). 
When only interested in one or a small number of these mor-
hological questions, one set of transformations might result in 
etter performance. However, when considering all 10 questions 
resented here, the specific augmentations do not seem to dic- 
ate performance significantly. This perhaps incentivizes the use 
f minimal augmentations if available computation time is lim- 
ted, and you have a sufficiently large training data set as the
horter the transformation process, the shorter the training pro- 
ess, which can be seen in Table 3 . However, if you have a smaller
raining set and/or are not limited by computation time, using the
riginal Zoobot augmentations is recommended. 

.4 Training time 

ne reason why being able to determine whether our model 
onfigurations have reached their capacity is useful is because 
raining beyond that point is a waste of resources and time, both
f which are limited for many. Increasing the training data set
ize and number/type of image augmentations can increase the 
raining time and resources needed to train models. Therefore, 
nderstanding how the different augmentations and configura- 
ions affect the training time are important to understanding how 

he training times of ML models can be inflated with diminishing
eturns in performance in certain instances. 
Table 3 shows the time taken to train each model configuration
nd the results show the expected outcome that increasing the 
ize of the training data set and number of augmentations in-
rease the training time. Table 4 shows the average time per epoch
o train each model configuration. The table shows us that the
verage training times per epoch do not deviate largely between 
odel configurations that are trained on the same training data 
et. The larger differences occur as the size of the training data set
ncrease, greatly increasing the average training time per epoch. 
oobot uses albumentations to perform image augmentations, 
hich is one of the fastest packages for image augmentations (A.
uslaev et al. 2020 ). Other slower methods of transforming im-
ges might provide larger differences in training time per epoch. 
The reason why the average time per epoch is similar for each

raining data set size, but the model configurations have greatly 
ifferent training times in some instances, is because the number 
f epochs needed to train each model configuration varies greatly 
etween model configurations. This can be seen in Fig. 6 , which
hows the number of epochs needed to complete each model 
onfiguration’s training. From this figure, we can see that while 
raining, most model configurations require a different number 
f epochs; however, each model configuration trains for a similar 
umber of epochs even as the training data set size increases. This
eans that some model configurations require more epochs to 
rain fully and therefore take longer train. 
This means that the difference in training time is related more

o the number of epochs needed to train rather than the speed
f the transformations themself. This means there is a simple 
ay to predict whether a model configuration will take longer to
rain. If an augmentation is capable of creating more variations 
f the input data, the model is exposed to more images and likely
equire more epochs to train before it exhausts its training data.
or example, flipping an image horizontally an/or vertically can 
ncrease the size of the training data by a factor of 4 essentially,
hereas rotating an image produces far more variations of the 
nput image as the image can be rotated in more than four ways
our model configuration has full 360◦ rotation capability). This 
arger variation leads to more data for the model to see and there-
ore results in longer training times. By extension, rotating and 
hen flipping the image increase the diversity even more, as well
s the training time. 
MNRAS 548, 1–15 (2026)
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As we can see in Figs 4 and 5 , the difference in performance
etween rotating and flipping an image is often minimal or non-
xistent, especially when the model configurations are trained
ith the full training data set. Flipping the images consistently
equires fewer epochs to train and can produce similar results.
he fewer number of epochs results in shorter training times.
his is not to say that rotating images is inherently a waste of 
esources; there are instances where it produces models that out-
erform the Flips model configuration (e.g. the ‘How rounded’
uestion in Fig. 4 ). The conclusion of this analysis is that more
oes not always equal better, both in terms of training data set
ize and the number/type of augmentations. 
The effects of both strongly affect the time taken (and number
f epochs) to train our model configurations. Our fastest model
onfiguration trained in only 13 min, while our longest model
onfiguration took almost 8 h to train; the drastic difference in
erformance between these two model configurations does show
he large difference in training time, with the faster model con-
guration being universally worse, often by a large margin. The
argest gap in training time (within constant training data set
izes) is often between the None model configuration and all
ther model configurations, just adding some level of augmen-
ation greatly affects the training time (often more than doubling
he training time at the least). This is reflected in Fig. 6 , which
hows that almost all model configurations with augmentations
ften need two or three times the number of epochs to com-
lete training, compared to the None model configuration. This
iscrepancy does not seem to affect the mean training time per
poch. 

 CONCLUSION  

sing data from GZD-5 we have trained the Zoobot galaxy classi-
cation model using 24 different configurations, spanning image
ugmentation schemes and training data set size. Each version
as one of six image transformation processes and is trained
sing a data set that has one of four sizes. The ability of the
ifferent model configurations to classify galaxy morphology is
hen compared. We find that when the architecture of a model is
xed, there is a limit or saturation point where the model cannot
mprove further by adding more data to the training sample. We
lso find that once the performance limit has been reached, image
ugmentations provide inconsequential improvement and that
he choice of augmentations actually provides little change in
odel performance when trained on large data sets. It seems
hat for a sufficiently large and diverse training sample, image
ugmentations cannot improve performance in any meaningful
anner. 
The training size needed to reach this saturation point will vary
etween different model architectures and training data, but the
aturation point should still exist for all models. This is supported
y M. Walmsley et al. ( 2024 ) who trained different Zoobot models
n 842 000 galaxy images (far more than the 230 000 used in this
aper) and found that more complex models could perform better
han the more limited models who must have reached a satu-
ation point while training. This plethora of training data could
otentially mean that the augmentations used to train the newer
ore complex Zoobot models could also result in diminishing
eturns. However, tests such as the ones performed in this paper
ould need to be performed in order to confirm this. 
The fact that beyond a certain training size, model ability will
tart to plateau regardless of transformations is valuable infor-
NRAS 548, 1–15 (2026)
ation as including transformations increases the training time
ue to the increased number of epochs needed for the model
o effectively ‘see’ the new data created by the transformations.
he disparity in training time can result in hours saved in train-
ng time on a computing cluster (and likely many more hours
aved on a personal computer/laptop). Therefore, the ability to
chieve similar results while saving computation time or power
hat might be limited is important. It seems that the full training
ize used in this paper is approaching the saturation point for the
oobot architecture used in this report. 
A large and diverse training sample diminishes the improve-
ents seen by adding transformations to the training process.
mportantly, when the training size is smaller than this threshold,
ransformations do have a strong positive influence on model
bility. The smaller the training size, the larger the difference
n ability between model configurations. For Zoobot specifically,
t is not obvious if any particular model configuration could be
lassed as the best model configuration. For some questions, one
r two model configurations do perform better overall than the
ther model configurations; however, considering every question
esults in all model configurations eventually performing to a
imilar standard when trained on the full training data set. This
eads us to conclude that for a model of fixed size, once a cer-
ain size and quality is reached in the training data set, image
ugmentations provide little benefit and while this limit will be
ifferent for each model and data set, this limit exists for all
odels. An abundance of high quality training data will result in
he model reaching a saturation point, in these instances, training
he model with less complex augmentations are suggested as they
re capable of providing similar results at a faster rate. 
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PPENDIX  A:  ADDITIONAL  FIGURES  

igs A1 and A2 show the same data as Figs 4 and 5 . The differ-
nce between the two sets of figures is that all of the individual
ubplots in Figs A1 and A2 share the same y -axis range. allowing
or easier comparison between questions. 
Fig. A1 shows that the accuracies between questions can vary 
y large amounts, for instance, the ‘Has spiral arms’ question has
ccuracies over 90 per cent, while the ‘Spiral arm count’ question
as accuracies around 70 per cent. This means that the model is
undamentally better at replicating the answers for some ques- 
ions better than other questions, by a significant amount. This 
ould be due to the fact that the model learns from human classi-
cations, which can lead to confusing and unsure data with large
ncertainties due to the difficulty of accurately classifying galaxy 
orphology. Determining whether a galaxy is edge on should be 
impler and easier than determining bulge size or how tightly 
ound the spiral arms are, which leaves more room for individual
nterpretation (and therefore margin of error). This difference 
ould mean that the data quality for those questions is worse
nd therefore leads to worse performance from the model as it
s learning from this worse data. 
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Figure A1. Accuracy for all galaxies in the test sample, the x -axis shows the size of the training sample used to train the model configuration (as a 
percentage of the total training size). Each plot has the same y -axis scale so that comparison between the accuracy of questions is easier. The question 
being tested in written above each plot. 
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Figure A2. Accuracy for confident galaxies in the test sample, the x -axis shows the size of the training sample used to train the model configuration (as 
a percentage of the total training size). Each plot has the same y -axis scale so that comparison between the accuracy of questions is easier. The question 
being tested in written above each plot. 
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