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Abstract: The increased volume of images and galaxies surveyed by recent and upcoming projects
consolidates the need for accurate and scalable automated Al-driven classification methods. This
paper proposes a new algorithm based on a custom neural network architecture for classifying
galaxies from deep space surveys. The convolutional neural network (CNN) presented is trained
using 10,000 galaxy images obtained from the Galaxy Zoo 2 dataset. It is designed to categorize
galaxies into five distinct classes: completely round smooth, in-between smooth (falling between
completely round and cigar-shaped), cigar-shaped smooth, edge-on, and spiral. The performance
of the proposed CNN is assessed using a set of metrics such as accuracy, precision, recall, F1 score,
and area under the curve. We compare our solution with well-known architectures like ResNet-50,
DenseNet, EfficientNet, Inception, MobileNet, and one proposed model for galaxy classification
found in the recent literature. The results show an accuracy rate of 96.83%, outperforming existing
algorithms.
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1. Introduction

check for Galaxies come in different shapes, sizes, and colors. To understand the relationship
updates K
between galaxy morphology and the laws of physics that produce them, astronomers need
to classify them into various classes. The first significant research on galaxies dates back
to Edwin Hubble in 1926. His “Hubble sequence” was based on 400 images of galaxies
and broadly classified galaxies into three types: spiral, elliptical, and irregular [1]. A
comprehensive study on the history of galaxy classification is presented in [2]. Over the
years, the increasing number and complexity of galactic structures from various deep space
surveys, e.g., the Digitized Sky Survey [3], DESI Legacy Imaging Surveys [4], and Pan-
STARRS [5], became too time-consuming for astronomers [6] and motivated the need for
large-scale citizen science [7] projects and, more recently, automated Al-driven approaches.
As large citizen science projects are completed, they become ideal sources for training
large Al-driven galaxy classification models. This is mainly because of the large number of
labeled images that are suitable for neural network model training. One such example is
the Galaxy Zoo project [7]. It consists of a dataset of about 1 million galaxy images taken
by the Sloan Digital Sky Survey. A newer project called Galaxy Zoo 2 (GZ2) [8] followed,
and its database of 243,434 galaxy images with labels and associated properties forms the
This article is an open access article ~ 0asis for the model in this paper. This automated classification helps to ease the work done
distributed under the terms and DY astronomers that need to manually classify galaxies.
conditions of the Creative Commons In recent decades, machine learning algorithms have been increasingly used to classify
Attribution (CC BY) license (https://  the morphology of galaxies. Various algorithms such as artificial neural networks, naive
creativecommons.org/licenses /by / Bayes [9], and random forest [10] have been used. Refs. [11,12] present the use of decision
40/). trees or oblique trees in galaxy morphological classification. These algorithms were mainly
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used on small datasets of fewer than 1000 images, resulting in large variations in their
accuracy (e.g., between 12% and 23% in [9]) or in accuracy drops as the number of classes
increased (e.g., the work of [13], where the accuracy drops from 89.6% for two classes to
50.7% and 44.5% for five and seven classes, respectively).

As algorithms developed, the impact of class variation diminished. Varying accuracy
based on the number of classes can be observed in recent solutions as well [14]. Their
research compares various algorithms like decision trees, support vector machines, and
convolutional neural networks (CNN) on the GZ2 dataset. They also show the difference
in classification results comparing three, seven, nine, and eleven classes. As expected, the
accuracy drops the more classes are used due to the increased problem complexity and
data scarcity across multiple classes. Another comparative study [15] uses five different
supervised machine learning algorithms to classify the images into two classes. Artificial
Neural Network and ExtraTrees were used by [16] to classify galaxies into four classes on
the same GZ2 dataset. In terms of classification accuracy [17] report a value of 84.73%. An
interesting comparison study is performed by [18]. The authors use 11 neural networks to
classify galaxies into five classes, with the DenseNet network providing the best results.

Zhang proposes an approach to the problem of classifying galaxies based on their
morphology in five classes in his research [19]. Here, the author proposes an approach
combining convolutional neural networks with Siamese networks in order to create a new
model named SC-Net. They obtain an accuracy of 94.47%, which is close to the results
Zhu achieved in his research [20], with an accuracy of 95.2% on the same problem of
classification into five classes. A shortcoming of [19] is the low accuracy value for classes 2
and 3. This can be caused by the imbalance of the dataset toward other classes.

As presented in the previous paragraphs, the evolution of galaxy classification meth-
ods shows a tendency toward using convolutional neural networks to solve the problem.
Some of the research has shortcomings, such as class imbalance, that can be overcome
with a different neural network. This provides an opportunity to propose a new improved
solution for the problem of galaxy classification.

It can be noticed that many papers use GZ2 as a training dataset for the proposed Al
models. The reason for this is the large number and variety of the surveyed galaxies that
provide a suitable base for training new models.

In this paper, we propose a new CNN-based model for improved galaxy classification.
A subset of 10,000 images from the GZ2 dataset is employed. The images are first enhanced
and modified through a series of filters. In the preprocessing part, data enhancement is
used to reduce the overfit and increase the number of training samples. The overfitting
problem arises from the large variation in galaxy morphology. Data augmentation slightly
reduces this variation and has the advantage of generating more training data. The results
are compared with other neural networks: Inception [21], ResNet-50 [22], DenseNet [23],
EfficentNet [24], and MobileNet [25].

This paper is organized as follows. In Section 2, we introduce the dataset and the main
features of interest. Section 3 shows the preprocessing steps and data preparation that took
place before the training of the algorithm. In Section 4, we describe the neural network and
the features we used to achieve this goal. Section 5 contains a discussion of the results and
an analysis of the data in comparison with the state of the art. Finally, Section 6 presents
the conclusions and next steps for the proposed research.

2. Dataset

The data used for this study were taken from the GZ2 dataset: Images From the
Original Sample [26]. The dataset contains GRI (Green-Red-Near Infrared) color composite
images taken by the Sloan Digital Sky Survey [8], with a total number of 243,434 images. All
galaxies from the dataset have a maximum value of r-band magnitudes of 17.0. A CSV file
with 355,990 lines where the labels and properties of the galaxies are found accompanies
the images. The identifier of an image is found within its name and requires a search in
the data file. This is computationally heavy, as the data file is not ordered. Each image is



Universe 2024, 10, 230

30f22

414 X 414 X 3 pixels in size and was created from the spectroscopic main redshifts in GZ2
from the Sloan Digital Sky Survey Data Release 7 [8].

Figure 1 shows some examples of images from the GZ2 dataset. As mentioned, the
diverse morphological characteristics of galaxies make their classification a complex task.
The dataset includes an initial approximation of galaxy classifications, including around
150 distinct classes. However, this extensive classification scheme presents a challenge
for machine learning algorithms to effectively train on. This is because of the increase in
complexity as more classes are added and the problem becomes harder to solve due to
imbalances in the size of each class. In order to obtain a more feasible training dataset while
maintaining a relevant classification, Ref. [8] proposed a set of classes obtained from the
following features:

e t01_smooth _or_features_a0l_smooth_weight (ps;;0011)—consistency-weighted number
of votes for the “smooth” shape

* t07_rounded_al6_completely_round_weight (pcompleteryround)—consistency-weighted
number of votes for the “smooth and completely round” shapes

* t07_rounded_al7_in_between_weight (p;;, —petween)—consistency-weighted number of
votes for the “smooth and in-between roundness” shapes

* t07_rounded_al8_cigar_shaped_weight (P igar—shaped)—consistency-weighted number
of votes for the “smooth and cigar-shaped” shapes

* t01_smooth_or_features_a02_features_or_disk_weight (p fetures/ disk)—consistency-weighted
number of votes for the “features or disk” shape

* t02_edgeon_a04_yes_weight (peige—on,yes)—consistency-weighted number of votes for
the “edge-on” shape

* t02_edgeon_a05_no_weight (Peige—on,n0)—cOnsistency-weighted number of votes for
the “not edge-on” shape

* t04_spiral_a08_spiral_weight (pspira,yes)—consistency-weighted number of votes for
the “spiral structure” shape.

Figure 1. Cont.
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Figure 1. Examples of images contained within the GZ2 dataset.

In the end, we obtained 5 classes instead of the original 150: completely round smooth,
in-between smooth (between completely round and cigar-shaped), cigar-shaped smooth,
edge-on, and spiral. The classes were ordered from 0 to 4 and Table 1 provides an overview
of their properties and the number of samples.

Table 1. Properties used for galaxy class identification.

Class Class Name Properties No. of Instances

Psmooth > 0.469

0 Round smooth pcompletelymund > 05 2835
Psmooth > 0.469
1 In-between smooth Pin—between > 0.5 3884
. Psmooth > 0.469
2 Cigar-shaped smooth Peigar—shaped = 05 1158
i > 043
3 Edge-on pfeutures/dzsk = 390

Pedge—on,yes = 0.602

pfeatures/disk > 043
4 Spiral Pedge—on,no > 0.715 1733
Pspiralyes = 0.619

Table 1 presents the features in the data file used during the labeling process. The
values from the data file attributed to each of these properties are approximations made by
the scientific community relating to each image in the GZ2 dataset.

Figure 2 provides examples for each class. In total, 10,000 galaxy images were selected,
and after applying the augmentation process, a total of 120,000 images were used for
training our model. This process is presented in Section 3.3. The obtained dataset was
randomly split into training, validation, and testing images, following a 75:15:10% split.
This results in a total number of 90,000 training, 18,000 validation, and 12,000 test images.

In Table 2, the distribution of images is presented from a class perspective. In this table,
a class imbalance can be observed, mainly related to classes 2 and 3, where the number of
images represents 11.6% and 3.9%, respectively, out of the total number of images. The
third row from Table 2 representing the test data will be used for most of the results and
metrics presented in the paper.
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0 (Round smooth) 1 (In-between smooth)
40 40
2 (Cigar-shaped smooth) 3 (Edge-on)
10
20
4 (Spiral)
Figure 2. Examples of the 5 galaxy classes after the preprocessing steps are applied.
Table 2. Class distribution for training, validation, and testing.
0 1 2 3 4 Total
Training 25,515 34,956 10,422 3510 15,597 90,000
Validation 5103 6991 2085 702 3119 18,000
Test 3510 4926 1187 480 2000 12,103
Dataset 34,020 46,608 13,897 4680 20,795 120,103
Percent 28.4% 38.8% 11.6% 3.9% 17.3%

3. Preprocessing

Image preprocessing algorithms and techniques are used to minimize training overfit
while improving results. A small number of training images and low-class diversity can
lead to overfitting. This means that the neural network learns to predict similar cases with
high accuracy while underperforming on a completely new dataset.

3.1. Filters and Normalization

The first filter applied to the images is the grayscale transformation cf. Equation (1).
This reduces the number of channels in the images from three to one. After this process, the
image size becomes 414 X 414 instead of 414 x 414 x 3, thus reducing the computational
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complexity. This also improves the learning capabilities of the network, reducing the
problem size as it also reduces the number of features the model needs to evaluate, thus
reducing the overfit.

f(R;,Gji,B;) = 0.299 - R; 4+ 0.587 - G; +0.114 - B; (1)

where f(R;, G;, B;) is the resulting grayscale value of pixel i and Red, Green, and Blue
are the pixel values of their corresponding channels. The coefficients 0.299, 0.587, and
0.114 correspond to the luminance-preserving weights for each channel, approximating the
human perception of brightness [27].

Similarly, the normalization process helps by mapping the pixel values from [0, 255] to
[0, 1], achieving numerical stability, improving convergence during training, and ensuring
that all features have a similar scale. The equation to convert them to the unit interval is as
simple as presented in Equation (2).

Xi

f(xi) = 255 (2)

where x; is the value of the current pixel.
Grayscaling and normalization improve the accuracy of our model by ~ 10% at the
same time, reducing overfit.

3.2. Cropping and Scaling

The GZ2 dataset images are composed of deep space in large fields of view with
the galaxy positioned roughly in the center. This leads to a significant amount of other
information (noise) present in each image. This can be observed in Figures 1 and 3.

Figure 3. Example of images before and after applying the grayscale filter and normalization. The
left-hand side image is the original, while the right-hand side image is presented after applying the
filters.

To improve the classification accuracy, we need to reduce the background noise as
much as possible. Some examples of noise are stars, other galaxies, and artifacts. These
types of noise can be also observed in Figure 3, mostly below the central galaxy.

To reduce the noise, a crop from the center point of the image [212, 212] is employed.
This crop has a size of 180 X 180 pixels from the image center. This value was obtained
through testing a set of different crop sizes, starting from a size of 300 x 300 pixels. Through
observations, the lowest crop size achieved performed best in the training process. This
aided the decision to pick the minimum crop size in order to not cut information out of
the centered galaxy, hence possibly reducing the network’s accuracy. Following a series of
experiments, the crop size of 180 x 180 pixels was determined to be the minimum possible
dimension in order to not cut any of the pixels contained within the galaxies. It also
provided the best accuracy in our experiments compared with the other crop sizes tested.
The crop is further down-scaled to a value of 64 X 64 pixels to reduce the information
within the image and make the training process less likely to overfit by encouraging the
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network to focus on the center of the image. The process of down-scaling the image to
64 x 64 pixels from the cropped version of 180 x 180 pixels does not affect the information
contained within the image; it just reduces the number of pixels the network uses for
learning. Reducing this number helps the model focus more on the central point of the
images, which is the galaxy. As a side effect of this down-scaling, the time needed for
training is reduced as well.

Figure 4 presents the resulting image after the cropping and scaling process. It shows
how much background noise was removed in this step, making the image ready for the
next processing step.

Figure 4. Example of images before and after cropping and scaling the normalized grayscale. The
left-hand side image is the original, while the right-hand side image is cropped and scaled.

3.3. Augmentation

The next step in image preprocessing is to augment the dataset with additional images.
Augmentation is a technique used in machine learning when the neural network has to
work with a limited dataset, and it helps to generate additional training data from the
existing set by providing different views of the same data.

We extend the dataset by generating 12 times the number of images by applying an
image rotation technique. This technique rotates the image by 30° 11 times clockwise. The
same process but with different types of rotation can be observed in other papers as well.
For example, Ref. [20] proposes a rotation of only four times. The formula for the rotation
used is presented in [28].

Other processing filters and transformations available for augmentations include the
following:

¢ Flipping: Can be performed horizontally or vertically;
* Median filtering: Helps with smoothing the image;
* Gaussian or salt-and-pepper filtering: Can be used for adding noise.

These methods aim to reduce overfit and provide a richer training set for the neural
networks. However, if the original data are not diverse enough, it can contribute to error
propagation. For example, the top left image in Figure 4 contains another notable galaxy
beneath. This can cause the algorithm to treat it as a feature for the training process and
look for other images containing the same type of neighboring galaxies. If all 10,000 training
images contain the same type of artifacts, rotating them 11 times, as seen in Figure 5 will
give us 120,000 images that will be used to train a network that is unable to make accurate
classifications on artifact-free images. For this reason, we decided to ignore flipping, median
filtering, and Gaussian filtering methods.
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0 50 0 50 0 50 0 50

Figure 5. Example of images obtained after augmentation. This showcases the rotation of 30 degrees
applied on the same image and all the results obtained on a singular example.

4. Neural Network

As mentioned, our proposed solution is based on the CNN [29] and works by using
convolutional layers to automatically learn and extract features from input images. These
convolutional layers consist of small learnable filters (kernels) that slide across the input
image, performing element-wise multiplications and summations to detect patterns and
features at different scales.

4.1. Network Architecture

The network’s model architecture is organized into distinct blocks (or layers), starting with
the Input Layer. This initial layer is designed to receive grayscale images of size 1 x 64 x 64.

The core of the model consists of Convolutional Layers arranged in four consecutive
blocks. Each block encompasses several key components. The Convolutional Layers utilize
convolution operations with varying numbers of filters and the same padding. The first
block employs 64 filters of size 3 x 3, with subsequent blocks increasing the filter count to
128, 256, and 512, respectively. Following each Convolutional Layer, Batch Normalization is
applied to enhance training stability. Activation functions introduce non-linearity, and max-
pooling layers reduce spatial dimensions by a factor of two to enhance feature extraction.
A popular choice for such an activation function is the Rectified Linear Unit (ReLU). It is
obtained by choosing the maximum value between zero and the input value. An output
is equal to zero when the input value is negative and the input value when the input
is positive.

A Flatten Layer follows the Convolutional Layers, reshaping the 3D feature maps
into a 1D vector, preparing the data for the Fully Connected Layers. The Fully Connected
Layers are mainly comprised of hidden units. They refer to the individual neurons or nodes
within these layers. These units receive input from all the neurons in the previous layer and
contribute to the generation of the layer’s output. The Fully Connected Layers encompass
two key components. The first Fully Connected Layer (Dense) consists of 512 hidden units,
with Batch Normalization for stability, ReLU Activation functions for non-linearity, and a
dropout mechanism (rate of 20%) to prevent overfitting. The second Fully Connected Layer
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has 1024 hidden units and follows a similar pattern, including Batch Normalization, ReLU
Activation, and dropout with a rate of 50% to mitigate overfitting. This dropout percentage was
obtained through trial and error, observing that a higher value on the second Fully Connected
Layer obtained better results. The tested values for dropout were within [0, 80]%.

The architecture concludes with the Output Layer, configured based on the number of
classes. It uses softmax as an activation function, resulting in a confidence score for each of
the classes trained on. The final result is the class with the highest confidence score. The
architecture previously described is present in Figure 6.

[ J

Figure 6. The architecture of the proposed network, split by blocks and colors. Each color represents
a different stage of the neural network.

4.2. Hyperparameter Tuning

Within the network architecture are some outstanding hyperparameters. For the
proposed network, these are the dropout rate, activation functions, batch normalization,
pooling size, and padding. The dropout rate is the proportion of neurons to be randomly
deleted during training to prevent overfitting. The dropout rate is employed in the pro-
posed network at the fully connected layers level. The values used are of 20% after the first
connected layer and 50% after the second fully connected layer.

There are several activation functions; some of the ones proposed in the literature are
ReLU, sigmoid, softmax, and tanh. For the proposed network, ReLU is used for all of the
convolutional and fully connected layers, while softmax is employed for the output layer.
The choice of softmax as an activation function is for turning raw scores into probabilities,
ensuring clarity in predictions and facilitating efficient optimization, especially in scenarios
where classes are mutually exclusive. This technique is presented in [30]. Other layers use
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ReLU because of its efficiency in introducing non-linearity to enable better model learning
by keeping positive values unchanged and suppressing negative ones.

Batch normalization operates by normalizing the values after the activation functions
within subsets of data during training. The concept was introduced by loffe in [31]. Batch
normalization helps mitigate issues like vanishing or exploding gradients, enabling faster
and more stable convergence during training. The key idea behind batch normalization is
to normalize the mean and standard deviation (SD) of each channel within a subset from
the data.

Pooling is a down-sampling technique used to reduce the spatial dimensions of feature
maps in a CNN. The size used in this architecture is 2 x 2 for the convolutional blocks.

Padding is a technique used to control the spatial dimensions of feature maps after
pooling operations. It involves adding extra values (usually zeros) around the edges of the
input data or feature maps. Padding serves two primary purposes: maintaining spatial
dimensions and preventing the loss of information near the edges. There are two common
types of padding: “valid” (no padding) and “same” (adding padding to maintain the
output size). The proposed architecture uses the latter one.

The proposed model was implemented and trained using Python 3.9 and TensorFlow
2.14 with CUDA GPU support. The process of hyperparameter tuning involves adjusting
certain parameters to better suit the galaxy classification task, making learning more effi-
cient. These parameters can be embedded within the architecture itself or they can be used
to enhance the training process. Some examples of hyperparameters used in the training
process of the proposed network are epochs, learning rate, batch size, optimizer [32], loss
function, dropout rate [33], activation functions [34], batch normalization [35], pooling
size [36], and padding [29]. While the first five hyperparameters improve the training
process, the last five help in creating a more suitable architecture for the problem of classifi-
cation.

The epochs parameter refers to the number of complete passes through the training
dataset during training and affects the model convergence. The learning rate is a small
positive value that determines the step size when updating model weights during training.
It is a critical hyperparameter for optimization algorithms like gradient descent. Batch size
refers to the number of training examples used in each iteration of training. It impacts mem-
ory usage and the speed of convergence. The optimizer and loss function work together to
minimize the error. There are multiple types of optimizers: stochastic gradient descend [37],
RMSprop [38], and Adaptive Moment Estimation (Adam). According to [32], the Adam
optimizer was developed for large datasets and multi-class classification problems and is
the one we also employ for our network architecture. The loss function quantifies how well
the model is performing. Optimizers search for the parameter values minimizing the loss
value, effectively making the model’s predictions as accurate as possible.

The Adam optimizer maintains both the first and second moments of the gradients and
employs adaptive learning rates for each parameter. This dynamic learning rate adjustment
makes it effective in training deep networks, as it adapts to the individual gradients of each
parameter, resulting in faster convergence and improved performance. Adam is known for
its robustness, quick convergence, and suitability for a wide range of deep learning tasks,
making it a popular choice in machine learning research and applications.

Early stopping monitors a model’s performance during training and stops training
when no improvement on unseen data is observed, thus preventing loss. This means that
each model is trained on a different number of epochs until it obtains the best results.
In order to configure early stopping to work properly with our problem, we used the
following parameters:

¢ monitor with a value of ‘val_loss’: Tells the process to watch the validation loss. Val-
idation loss is how well your model performs on unseen data, which helps identify
overfitting.

e min_delta with a value 0: This sets the minimum amount the validation loss needs to
improve to be considered progress.
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e patience with a value of 2: This is the number of epochs the model will wait without an
improvement in validation loss before stopping training.

* mode with ‘auto’ value: This tells the process to automatically choose between ‘min
(looking for the lowest validation loss) or ‘max’ (looking for the highest validation
metric), depending on the metric being monitored (in this case, ‘val_loss’, so it will look
for the minimum).

’

While there are some fixed parameters for multi-class classification problems, such
as the loss function or optimizer, there are others that can be adjusted to provide better
results in the training process. The hyperparameters tested with different values are the
learning rate, epoch, and batch size. The following results are obtained by training the
proposed network over a period of 12 epochs. In order to obtain this value of 12 epochs,
we employed the early stopping technique.

Table 3 shows how the training is impacted by the different values of the learning
rate. The best two identified are 0.001 followed by 0.0001, which provide acceptable results.
As observed, as the learning rate increases, the worse the results become. This happens
because the learning rate adjusts the weights either by a too-large or a too-small step. This
complicates the process of obtaining the desired weights, as either the step is significantly
different or the adjustment is too little, leading to the requirement of an excessive number
of steps.

Table 3. Learning rate impact in the training process.

Learning Rate Train Accuracy Train Precision Test Accuracy Test Precision
0.00001 75.83 73.13 75.59 74.09
0.0001 93.36 94.62 91.297 92.89
0.001 96.78 96.81 96.83 96.75
0.01 38.32 39.97 38.12 39.88

If the learning rate and epochs are strongly correlated with the accuracy and precision
of the network, the batch size is more related to the memory usage and speed of training.
Different values provide little to no improvement, compared with the 16 batches model, in
the accuracy, but increase the training time by more than 50%.

Table 4 depicts how a smaller batch size takes a significantly greater amount of time.
This is paired with the idea of an accuracy increase, which is not happening for the first
size of 8, compared with the next one. The second size of 16 not only performs quicker
but is more accurate than it. As for the learning rate, the best values for batch sizes are
somewhere in the middle, with a size of 16 being the best one, followed by a size of 32.
In this case, the size-16 one was chosen, even with a compromise on the space and time
aspects. As stated before, the improvements between the batch sizes are not outstanding.
The preferable choice is the best one in terms of accuracy if the cost is not too great. For
instance, in our case, the difference between the size-32 one and the size-16 one is 36%
(about 1800 s) for just a 0.62% accuracy improvement. Even if the accuracy increase is not
so great, the trade-off is only a training period increase of approximately 1800 s, which
makes it worth it.

Table 4. Batch size impact on the time of training and its accuracy.

Batch Size Test Acc. Acc. Improv. Test Time (Sec.) Time Improv. (%)
8 95.23 -1.6 7240 —33

16 96.83 0 4830 0

32 96.21 —0.62 3050 36

64 95.76 —-1.07 2380 21

128 94.69 —2.14 1980 16
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4.3. Loss Function

The loss metric represents the model’s error during training. It is computed using a
loss function, such as categorical cross-entropy [39], and measures how well the predicted
values align with the actual values. Lower loss values indicate better model performance.

The proposed model uses the categorical cross-entropy. This is a widely used loss
function for multiclass classification tasks. It quantifies the dissimilarity between the
predicted class probabilities and the actual class labels. The goal is to minimize this loss
during training.

C
loss = —

yi - log(pi) ®)
i=1

where C represents the number of classes, y; is the actual (true) probability of the sample

belonging to class i, and p; is the predicted probability of the sample belonging to class i.

4.4. Training Process

The relationship between the training achievements and the loss functions can be observed
in Figure 7. In this figure, it is presented how the proposed model trained in regards to the
accuracy, precision, and loss. In dark blue, we have the validation metric, orange represents the
training value of the metric, and green and light blue represent the validation value of the loss
and the training value of the loss, respectively. Starting with a low value for the metrics and a
higher value for the loss functions, by training for 12 epochs, we achieve better results, with
this progression slowing down after 4 or 5 epochs. During this training process, we also tried to
increase the number of epochs to 15, 20, and 30, but all these versions of the network introduced
overfit and resulted in a generally worse outcome, lowering the accuracy of the model.

Each epoch exhibits a steady improvement in the accuracy and precision, while the loss
function is continuously reduced. The plot shows how, during the initial epoch, accuracy
and precision had values of around 30%, i.e., as though the network were guessing one of
the results based on its frequency. However, after training, these metrics increase to 96.83%
and 96.75% for accuracy and precision, respectively. Furthermore, the low value of 0.1718
attributed to the loss function shows how close the predictions are to the correct labels.

Training accuracy progress
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Figure 7. Cont.
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Figure 7. Results of the training process for the proposed network. This takes into account training
and testing loss for both presented images, respectively training and testing accuracy for the upper
image and training and testing precision for the lower one.

The GitHub repository containing the code for the presented solution is open and avail-
able at https:/ /github.com /raulurechiatu/deepskydetection/tree/galaxy_classification
(accessed on 14 April 2024).

5. Results

In this section, we present the results of the proposed network. We use a variety
of metrics: accuracy, precision, F1 score, confusion matrices, AUC, Receiver Operating
Characteristic (ROC), and stochastic ordering. The results are compared with other state-of-
the-art neural networks (i.e., ResNet-50, DenseNet, EfficientNet, Inception, and MobileNet),
as well as more research on classifying galaxies [20].

5.1. Summary of Results

The comparison between the classes, as depicted in the confusion matrix from Table 5,
provides a detailed look into the neural network’s performance across the distinct cate-
gories of classes. Notably, the matrix exhibits a strong diagonal pattern with bold values,
representing correct predictions for each class. For Class 0, the model achieves 3472 correct
predictions, making it the most accurately classified class. Similarly, Class 1 demonstrates
high accuracy with 4878 correct predictions, indicating a model that effectively discerns
instances from this category. Moving to Class 2, we find 1141 correct predictions, revealing
the network’s capacity to accurately classify instances from this class. Despite being less
frequent in the dataset, Classes 3 and 4 are also correctly identified with 439 and 1947 pre-
dictions, respectively. This confirms the model’s reliable performance across all classes,
highlighting its strong multi-class classification capabilities.

To further analyze our class-based comparison, we randomly split our analysis into
training and validation data subsets. This differentiation allows us to study how our CNN
performs on individual classes during both the validation and testing phases. By evaluating
the precision, recall, and F1 score for each class in these distinct datasets, we obtain valuable
insights into the model’s ability to generalize its learning from the training set to previously
unseen validation data. This partitioned examination enables a better understanding of
performance across diverse classes and helps to optimize our model more efficiently.
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Table 5. Confusion matrix for the test set.
Expected

0 1 2 3 4
0 3472 2 9 12 15
1 18 4878 8 11 11
Actual 2 11 7 1141 13 15
3 1 7 19 439 14

4 11 27 8 7 1947

To better understand the data behind these confusion matrices, in this section, we
switch our focus to a class-based comparison of the results. This helps us to better under-
stand how our neural network performs across individual classes. Through an examination
of class-specific precision, recall, and F1 scores, we gain a better understanding of the
model’s performance and the disparities among various categories.

The comparison between the classes in the multi-class classification problem, as
shown in Table 6, reveals valuable information about the model’s performance across
multiple categories. Notably, Class 1 stands out with an impressive accuracy rate of
99.03%, accompanied by precision and recall metrics at the same elevated level. This
demonstrates the model’s remarkable consistency in accurately classifying instances from
this category. This can also be correlated to the fact it has the biggest sample size. Similarly,
Class 0 exhibits strong performance with an accuracy of 98.92%, indicating a high degree
of precision and recall. This level of accuracy across two classes underlines the model’s
reliability and accuracy in correctly identifying instances from these groups. As we progress
to Class 2, an accuracy of 96.12% is maintained, accompanied by parallel precision and
recall scores. This reflects the model’s proficiency in recognizing instances from Class 2,
offering a robust multi-class classification solution. The results further demonstrate the
model’s capability to handle Classes 3 and 4 with accuracy rates of 91.46% and 97.35%,
respectively, and precision and recall metrics mirroring these percentages. These close
values in performance showcase the model’s consistency in correctly categorizing instances
from these classes, more so from the first two and the last one, making it a reliable classifier
for this multi-class problem.

Table 6. Per-class results (%) for each used metric for the test set.

Class Correct Predictions Sample Size Accuracy Precision Recall
0 3472 3510 98.92 98.83 98.92
1 4878 4926 99.03 99.13 99.03
2 1141 1187 96.12 96.29 96.12
3 439 480 91.46 91.08 91.46
4 1947 2000 97.35 97.25 97.35

Figure 8 illustrates the ROC curve for our model’s classification of the five classes
on the testing set. Each distinct color within the graph corresponds to a specific class.
The proximity of the True Positive Rate (TPR) to 1 and the False Positive Rate (FPR) to
0, as evidenced by the ROC, showcases the performance of our model on each class.
In essence, the closer the curve aligns with the upper-left corner, the more accurate the
predictions. Cf. Figure 8, the ROC curve for each class exhibits good performance. Notably,
the 1st class achieves the highest predictive accuracy, while the 3rd class lags slightly in
performance, primarily attributed to the scarcity of available cigar-shaped images in the
dataset. Furthermore, the average AUC for our model amounts to an impressive 0.9921,
indicative of the model’s exceptional overall predictive capabilities. The diagonal line
showcased in Figure 8 represents the performance of a random classifier.
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Multiclass ROC curve
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Figure 8. AUC and ROC for the 5 classes. These are presented alongside the average value (0.5)
which is represented by the dotted line in the middle.

5.2. Comparison with Other Methods

In this section, we compare the proposed architecture and its results with other CNNs
and related works proposed in the literature, as mentioned earlier.

We must first understand the architecture and the main features of some state-of-the-
art neural networks. The distinguishing feature of ResNet-50 [22] is the use of residual
blocks. These blocks contain skip connections, or shortcuts, that allow the network to skip
over one or more layers. This skip connection enables the network to learn residual func-
tions, making it easier to train very deep networks. For DenseNet [23], these outstanding
features are its densely connected layers. In traditional neural networks, each layer receives
input only from the previous layer. In contrast, DenseNet connects each layer to all subse-
quent layers. This dense connectivity facilitates feature reuse and encourages gradient flow,
making it easier to train very deep networks. The Inception architecture [21], also known
as GoogleNet, introduces the concept of inception modules, which are building blocks for
the network. These modules perform multiple convolutions of different kernel sizes (1 x 1,
3 x 3,5 x 5) and max-pooling operations on the input data in parallel. The outputs of these
operations are concatenated along the depth dimension, allowing the network to capture
features at various scales. The core idea behind EfficientNet [24] is to achieve model scala-
bility by uniformly scaling three critical dimensions of a CNN architecture: depth, width,
and resolution. By systematically and uniformly scaling these dimensions, EfficientNet
models maintain a balance between model capacity and computational efficiency. And,
lastly, MobileNet [25] introduces a significant innovation in the use of depthwise separable
convolutions, which replace traditional convolutions. Depthwise separable convolutions
consist of two layers: depthwise convolutions (pointwise convolutions) and 1 x 1 pointwise
convolutions. These layers are computationally more efficient than standard convolutions.
Also, this network is a more lightweight version of neural networks compared with its
previous counterparts.

It is important to note that these networks were trained with the same set of hyperpa-
rameters that the proposed network was trained on. These hyperparameters are a batch
size of 16, a learning rate of 0.001, categorical cross-entropy as a loss function, and an
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Adam optimizer. Besides these parameters, in order to attain convergence on each of the
trained networks, we used early stopping, as we did for the proposed network mentioned
in Section 4.2.

Table 7 shows the comparison between the proposed network architecture and state-
of-the-art counterparts previously described. It can be noticed that our designed CNN
provides better results than the rest. The proposed CNN achieved a testing accuracy of
96.83%. This marked an improvement beyond the accuracy rates attained by the com-
petitors, which hovered around 94% after the validation. This was also the case when
compared with [20], which obtained an accuracy of 95.2% on a classification problem with
the same number of five classes. Also, Ref. [19] have a good accuracy of 94.47%, with the
main reason for a lower accuracy being the class imbalance present in it. This results in
the fact that the proposed network was better at training on a limited number of images
compared with the proposed research from Zhang.

Table 7. Comparison of the test data from the proposed solution and others.

Network Accuracy Precision Recall F1 Loss
Proposed 96.83 96.75 96.52 96.72 0.172
ResNet-50 94.68 94.58 94.69 94.61 0.237
DenseNet 94.73 94.54 94.32 94.46 0.217
Inception 93.8 93.75 93.51 93.71 0.257
Efficient 92.89 93.12 92.66 92.76 0.309
MobileNet 94.56 94.33 94.49 94.38 0.259

[20] 95.2 95.12 95.21 95.15 0.191

Because of the class imbalance, cf. Table 6, under the sample size column, accuracy
can be unreliable on its own. For this reason, other metrics such as precision, recall, and
the F1 score can be helpful. If all these metrics give good results, we are looking at a
general solution for our problem, whereas if these values are unsatisfactory, the model
needs improvements. While precision is important when false positives need to be reduced,
the recall is mostly used to evaluate the miss rate of true positive values. For the problem of
class imbalance, the most important metric is the F1 score, as it allows for a comprehensive
assessment of the model’s performance, taking both false positives and false negatives into
account.

With values of 96.75%, 96.52%, and 96.72% for precision, recall, and the F1 score, our
proposed CNN provides a better solution to the problem of galaxy classification. This can
be observed in the comparison with other networks, where most of them obtained values of
around 94%, as well as the architecture proposed by [20], which provided values of 95.12%,
95.21% and 95.15% for precision, recall, and the F1 score.

Another comparison can be made when we inspect the number of nodes of each
network. In this comparison, we do not see a big difference between the proposed network
and the state-of-the-art ones. The fact that the number of features is similar to theirs
while achieving higher accuracy suggests that the layers used are more suitable for the
suggested problem.

These features are represented by the total number of neurons in the fully connected
layers of this neural network; the number of units in these layers can be added up, and the
results are represented in Table 8.

The performance of our network is also validated by the lower values obtained by
the loss function. Table 7 summarizes the results. Achieving the lowest value of the tested
networks suggests that the results that were predicted by the proposed network are closest
to the truth. Achieving a difference of around 0.04 from the best performer, DenseNet
obtained a loss value of 0.2174.

Accuracy and loss are inversely correlated. As accuracy increases, loss decreases. As
the model becomes better at minimizing the error represented by the loss function, its
accuracy increases. The proposed architecture achieved a remarkable accuracy of 96.83%,
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with a very low loss of 0.1718. This indicates that the model excels at correctly classifying
galaxies and does so with high confidence, compared with the other solutions peaking at
95.20% accuracy with a slightly higher loss of 0.1908. All the training of the state-of-the-art
networks is conducted using early stopping, achieving their convergence. While the other
models perform well, they have a lower accuracy compared with the proposed model, and
the loss indicates slightly less precise class predictions.

Table 8. The number of features each architecture contains.

Network Nodes Number
Proposed 1541
ResNet-50 4101
DenseNet 1541
Inception 1029
Efficient 1285
MobileNet 1280

Evaluating the performance of CNNs often means relying on point estimates like
accuracy or loss. However, these metrics might not fully capture all the properties of
CNNs, particularly when dealing with tasks involving uncertainty or risk. In [40], the
authors leverage the concept of stochastic ordering to provide a comprehensive comparison
of neural networks. Similarly, we compare the proposed network architecture against
established state-of-the-art models in the following paragraphs. Stochastic ordering allows
us to assess which model offers a more favorable distribution of outcomes for the task
at hand. This approach goes beyond traditional point estimates and provides valuable
insights into the relative risk profiles and potential benefits of each tested architecture.

We applied this technique on our proposed network’s and established architectures
(ResNet-50, DenseNet, Inception, EfficientNet, MobileNet). We leveraged the GZ2 dataset,
randomly selecting 4511 images for evaluation. For each image, all six networks provided
a prediction confidence value between 0 and 1. For each image, the statewise dominant is
chosen based on the network that predicted the correct class with the highest confidence
value. In stochastic ordering, a statewise dominant variable guarantees at least equal or
better results compared with all others, with at least one scenario offering a strictly better
outcome. This approach allowed us to analyze the distribution of confidence scores across
the entire dataset. Also, this provides insights into which network consistently produces
not only accurate classifications but also the most reliable confidence estimates for the task
of galaxy morphology classification in the GZ2 dataset. Based on this stochastic ordering,
other metrics are computed to further the understanding of the network’s performance.
These metrics are the confidence mean, median, SD, and variation.

The proposed network demonstrates the highest count of dominant instances, with
a total number of 2465 samples having the best confidence. This is more than half of
the 4511 evaluated images, making it the “stochastic dominant”. This indicates that the
network’s predictions were not only precise, but also the most confident (with the highest
score) for a significant portion of the dataset in comparison to other models.

The proposed network also presents the highest average and median confidence with
values of 0.9457 and 0.9992. This suggests a strong tendency to be highly confident in its
classifications. The SD and coefficient of variation for the proposed network’s confidence
scores also have the lowest values of 0.1129 and 0.0127. This shows a more consistent level
of confidence across its predictions compared with other models.

An interesting event to be observed happens between the ResNet-50 and DenseNet
networks. In Table 9, even if the DenseNet architecture obtained more dominant instances,
all the other metrics indicate that ResNet-50 is more reliable and consistent. This tells us that
the ResNet-50 architecture is more confident and robust in its predictions, but DenseNet is
a better network for a large number of detections.
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Table 9. Stochastic ordering results along with the metrics associated with each network.
Network Dominant Confidence Confidence Confidence Confidence
Instances Mean Median SD Variation
Proposed 2465 0.9457 0.9992 0.1129 0.0127
ResNet-50 661 0.9154 0.9883 0.1341 0.0180
DenseNet 791 0.8998 0.9761 0.1426 0.0203
Inception 282 0.8881 0.9674 0.1487 0.0221
Efficient 125 0.8491 0.9184 0.1612 0.0260
MobileNet 187 0.8691 0.9389 0.1503 0.0226

According to the stochastic ordering analysis, the proposed network shows strong
performance in categorizing galaxy morphology. It has a high frequency of dominant
instances, indicating that its predictions are often the most confident and precise. Further-
more, the reduced variability in confidence scores suggests a consistent level of reliability
in the network’s outputs.

5.3. Examples

To better showcase the results obtained by the proposed neural network, this section
presents some prediction examples for the multi-class classification problem. This section
also contains a comprehensive display of image examples representing all five distinct
classes. The examples, analyzed and predicted by the proposed neural network, offer a
visual aid to better asses the model’s strengths and weaknesses. They provide a visual
understanding of its ability to discern and categorize various objects, patterns, or entities
and showcase the challenges of the dataset itself.

Among the predictions generated by our CNN, there exist instances that pose unique
challenges due to the presence of artifacts or complexities within the images, cf. Figure 9.
These difficult, yet ultimately correct predictions showcase the model’s ability to under-
stand subtle details and overcome visual challenges found in multi-class classification. In
the face of artifacts, noise, or strange patterns that may confuse other systems, our neural
network showcases its accuracy and adaptability. These successful classifications provide
proof of the network’s robustness and its capacity to make well-informed decisions even
when faced with challenging real-world data. Such capabilities are mandatory in applica-
tions where image quality and content can vary widely and where the presence of artifacts
is a common occurrence. These challenging but accurate predictions exemplify the neural
network’s potential to contribute to the advancement of various domains by providing
reliable multi-class categorization, even in the presence of complex image artifacts.

While the performance is satisfactory, occasional predictions were missed, as pre-
sented in Figure 10. These instances, where the model assigns an incorrect label, provide
insights into the boundaries of its capabilities and the complexity of real-world data. These
missed predictions may appear due to complex image content, ambiguous patterns, or
unexpected variations within the dataset. While they underscore the challenges associated
with multi-class classification, they also drive us to continually refine and optimize the
model. Understanding the nature of these missed predictions serves as valuable informa-
tion for model improvement and fine-tuning. By addressing the details and complexities
that lead to these cases, we aim to enhance the network’s robustness and further its poten-
tial in applications where precision and accuracy are key factors. These missed predictions
remind us of the ongoing process to advance and better the state of the proposed network,
promoting the development of more intelligent and adaptable neural networks.

To further evaluate the effectiveness of our proposed algorithm, we applied it to a
set of 50 galaxy images obtained from the James Webb Space Telescope (JWST)’s deep
field observations. By testing our algorithm on this challenging dataset containing previ-
ously unseen and potentially unique galaxy morphologies, we can assess its robustness
and generalizability to a wider range of astronomical objects, compared with traditional
datasets.
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Predicted: 0 (Round smooth) Predicted: 0 (Round smooth)
Actual 0 (Round smooth)

Actual 0 (Round smooth)

Predicted: 1 (In-between smooth) Predicted: 2 (Cigar-shaped smooth)
Actual 1 (In-between smooth) ActuaI 2 (Cigar-shaped smooth)

Figure 9. Valid predictions by the CNN on the test dataset with visible artifacts.

Predicted: 0 (Round smooth) Predicted: 1 (In-between smooth)
Actual 1 (In-between smooth) Actual 2 (Cigar-shaped smooth)

Predicted: 3 (Edge-on) Predicted: 4 (Spiral)
ActuaI 1 (In-between smooth) Actual 0 (Round smooth)

Figure 10. Invalid predictions by the CNN on the test dataset.

In [41], the process used to obtain JWST’s images is explained. They are taken using
various infrared filters and then combined. JWST utilizes its infrared cameras to acquire
multiple grayscale intensity images. These images correspond to distinct wavelengths of
infrared light, invisible to the human eye, captured through a set of six specialized filters.
Following data acquisition, scientists assign a corresponding visible color to each filter’s
dataset. The longest wavelengths are mapped to red, while the shortest wavelengths are
assigned blue, with intermediate wavelengths represented by a spectrum of intervening
colors. Finally, by combining these color-coded images, a composite image is produced,
revealing the full spectrum of color observed in the now-famous astronomical photographs.

To prepare the data for analysis with our proposed algorithm, individual galaxies
were extracted from the deep field image. Following extraction, each galaxy was cropped
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to isolate the object of interest. Finally, the cropped images were resized to a standardized
size of 64 x 64 pixels and converted to a grayscale format to ensure compatibility with our
model’s input requirements. The resulted images and the predictions of the network can
be observed in Figure 11.
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Figure 11. Valid predictions by the proposed CNN on galaxies extracted out of the JWST deep
field images.

6. Summary and Conclusions

The problem of morphological galaxy classification is a topic that continues to evolve
as richer and more diverse surveys are performed and fine-tuned neural networks are
designed and trained. One example is the James Webb space telescope, which will provide
many new images of deep fields never before seen, not necessarily with completely new
data, but with much more and diverse data, hence the need to automate the classification
of these galaxies, as it is an impossible task for astronomers with the current instruments.

In this paper, we presented a novel solution for classifying the morphology of galaxies.
The proposed algorithm uses machine learning and trains a CNN to achieve the aim. The
data are classified into five classes [8]: completely round and smooth, in-between smooth,
cigar-shaped smooth, angular, and spiral. The dataset used to train the network is GZ2,
which contains 243,434 images. The size of the images is 414 X 414X 3 pixels. In the
preprocessing phase, filters, normalization, cropping, scaling, and magnification are used.
A 64 X 64 X 1image is created from the images, centered on the galaxy in the middle of
the image.

The proposed network achieves accuracy rates of 96.83% and precision rates of 96.75%.
These rates are beyond some existing solutions in the literature, such as that of [20], which
achieve rates of 95.2% accuracy. Compared with some state-of-the-art networks, the pro-
posed one performed better in terms of accuracy. Networks such as ResNet-50, DenseNet,
EfficientNet, Inception, and MobileNet achieved accuracy rates between 92% and 95%.

The current model relies solely on pixel information that the CNN can extract without
performing additional operations, such as the predicted class or other morphology-related
values of the image. While it has proven to be efficient at classifying galaxies, there is still
room for improvement, and the introduction of additional information is planned for the
future. Another approach is to use an ensemble model consisting of our model and other
current models such as ResNet-50, DenseNet, EfficientNet, Inception, or MobileNet, as this
may be a way to improve the classification algorithm.
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