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Abstract

Most existing star-galaxy classifiers depend on the reduced information from catalogs, necessitating careful data
processing and feature extraction. In this study, we employ a supervised machine learning method (GoogLeNet) to
automatically classify stars and galaxies in the COSMOS field. Unlike traditional machine learning methods, we
introduce several preprocessing techniques, including noise reduction and the unwrapping of denoised images in
polar coordinates, applied to our carefully selected samples of stars and galaxies. By dividing the selected samples
into training and validation sets in an 8:2 ratio, we evaluate the performance of the GooglLeNet model in
distinguishing between stars and galaxies. The results indicate that the GooglLeNet model is highly effective,
achieving accuracies of 99.6% and 99.9% for stars and galaxies, respectively. Furthermore, by comparing the
results with and without preprocessing, we find that preprocessing can significantly improve classification accuracy
(by approximately 2.0% to 6.0%) when the images are rotated. In preparation for the future launch of the China
Space Station Telescope (CSST), we also evaluate the performance of the GoogleNet model on the CSST
simulation data. These results demonstrate a high level of accuracy (approximately 99.8%), indicating that this
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model can be effectively utilized for future observations with the CSST.
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1. Introduction

In astronomy, precise differentiation between stars and galaxies
is paramount due to their representation of distinct astrophysical
phenomena. For instance, the systematic contribution resulting
from the cross-contamination of star and galaxy samples could
significantly impact the field of “precision cosmology” (e.g., Ross
et al. 2011; Thomas et al. 2011; Soumagnac et al. 2015; Sevilla-
Noarbe et al. 2018). This issue will become increasingly critical in
future astronomical research, as the upcoming large-field sky
surveys, such as those conducted by the Chinese Space Station
Telescope (CSST) (Zhan 2011, 2018), the Euclid Space
Telescope (Euclid Collaboration et al. 2022), and the Roman
Space Telescope (Spergel et al. 2015), will yield imaging of
millions to billions of stars and galaxies. This necessitates the
development of methods to accurately and rapidly distinguish
between stars and galaxies.

Several methods are currently available to address this issue.
The first classification method is morphology-based, involving
the determination of an optimal threshold in the space of
observable image properties (e.g., MacGillivray et al. 1976;

Kron 1980; Leauthaud et al. 2007; Skelton et al. 2014; Sevilla-
Noarbe et al. 2018; Lopez-Sanjuan et al. 2019). This method is
predicated on the assumption that stars are point-like sources,
while galaxies are extended sources. Consequently, stars and
galaxies can be differentiated by their distribution in a size-
magnitude diagram (e.g., Leauthaud et al. 2007; Skelton et al.
2014). Another approach is color-based, leveraging the distinct
spectral shapes of stars and galaxies. This method allows for
the differentiation between stars, galaxies, and quasars through
color—color diagrams (e.g., Baldry et al. 2010; Saglia et al.
2012). Combining these two methods is also feasible to
maximize the utilization of available data (e.g., Kim et al. 2015;
Soumagnac et al. 2015; Kim & Brunner 2016).

However, these empirical methods rely on reduced summary
information, which could be challenging to obtain. Transform-
ing astronomical images into suitable features necessitates
careful engineering and considerable domain expertise.
Machine learning, particularly Convolutional Neural Networks
(CNNs), offers a potent alternative by facilitating the direct
extraction of image features (e.g., Dieleman et al. 2015;
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Huertas-Company et al. 2015; Walmsley et al. 2018),
circumventing the need for manual feature design. This
approach enables a more efficient and accurate classification
between stars and galaxies.

The application of machine learning techniques in classify-
ing stars and galaxies was pioneered by Odewahn et al. (1992),
and it has since become an integral component of widely used
software packages such as SExtractor (Bertin & Arn-
outs 1996). Subsequently, various successful implementations
have emerged to tackle this problem, including decision trees,
support vector machines (SVMs), and classifier ensemble
strategies (e.g., Weir et al. 1995; Suchkov et al. 2005; Ball et al.
2006; Vasconcellos et al. 2011; Sevilla-Noarbe & Etayo-
Sotos 2015; Fadely et al. 2012; Kim & Brunner 2016).
However, studies have demonstrated that traditional CNN-
based machine learning algorithms often exhibit poor robust-
ness to signal-to-noise ratios (S/N) and image rotations since
noise and rotations may break the image features (e.g., Nazaré
et al. 2018; Liu et al. 2020; Cheng et al. 2016; Cabrera-Vives
et al. 2017; Chen et al. 2018; Cheng et al. 2019). Efforts have
been made to address these challenges. For instance, noise
reduction has been identified as an effective method for
mitigating the impact of image S/N (e.g., Nazaré et al. 2018;
Fang et al. 2023). Regarding the influence of image rotation,
our previous studies have demonstrated that Adaptive Polar
Coordinate Transformation (APCT) can effectively overcome
the challenges posed by image rotation (e.g., Fang et al. 2023;
Dai et al. 2023; Song et al. 2024). These approaches can
significantly enhance the accuracy of machine learning models
in recognizing image features.

In this study, we employ the GoogLeNet algorithm (Szegedy
et al. 2015) to the Hubble Space Telescope (HST) I-band
images of the Cosmic Evolution Survey (COSMOS) field to
classify stars and galaxies. The GoogleNet algorithm, pre-
viously validated for high-resolution images (e.g., Fang et al.
2023; Dai et al. 2023), is found to effectively distinguish
between stars and galaxies after preprocessing the images with
noise reduction and APCT. Comparing the results obtained
with and without preprocessing, we observe a significant
improvement in classification accuracy. Furthermore, in
anticipation of the future launch of the CSST, we evaluate
the robustness of our framework using the simulated CSST
data. The results demonstrate an accuracy approaching 99.8%,
indicating the suitability of this framework for future observa-
tions with the CSST.

The structure of this paper is as follows. In Section 2, we
outline how we select our samples of stars and galaxies. In
Section 3, we describe our data preprocessing method and the
GoogLeNet algorithm. The classification results are presented
in Section 4. In Section 5, we evaluate the performance of our
framework on the CSST simulated data. Finally, conclusions
are provided in Section 6.
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2. Data Set and Sample Selection
2.1. COSMOS Field

The COSMOS field (Scoville et al. 2007) has significantly
advanced our understanding of the Universe by providing deep
data covering a wide wavelength range from radio to X-rays. In
this study, we utilize the high-resolution imaging data acquired
from HST with the Advanced Camera for Surveys (ACS) in the
F814W band. This data set comprises approximately 590
pointings and encompasses an area of 1.64 square degrees
within the COSMOS field, making it the largest contiguous
survey conducted by the HST/ACS to date. Its extensive
coverage ensures a sufficient number of stars, rendering it
suitable for our investigation. The original images were
processed by Koekemoer et al. (2007) using the Multi-
Drizzle package (Koekemoer et al. 2003). The final mosaic
images have a pixel scale of 0”03, and the 5o depth is 27.2 AB
magnitude for point source observations within an aperture
diameter of 0”24. Subsequent analyses in this study are
conducted based on these high-resolution mosaic images.

2.2. COSMOS2020 Catalog

The data set utilized in this study is derived from the
COSMOS2020 catalog (Weaver et al. 2022), which offers
reliable photometric estimations for approximately 1.7 million
objects spanning from far-ultraviolet to near-infrared wave-
lengths. These objects are detected from the “chi-square”
izYJHK, image. The luminosity is estimated using two
independent extraction methods: (1) the Classic catalog
employing SExtractor, and (2) the Farmer catalog employ-
ing parametric modeling via the Tractor package (Lang et al.
2016). Additionally, photometric redshifts and other physical
parameters are also estimated through spectral energy distribu-
tion (SED) fitting using two different approaches, namely
LePhare (Ilbert et al. 2006) and EAZY (Brammer et al. 2008),
for both catalogs. Weaver et al. (2022) provided a detailed
comparison among these different estimation methods, demon-
strating their high consistency. We opt for the Classic catalog
with redshifts estimated using LePhare in this study.

Additionally, Weaver et al. (2022) distinguished stars from
galaxies by combining morphological and SED criteria. Point-
like objects form a tight sequence in the half-light radius versus
magnitude space, thus, Weaver et al. (2022) classified all bright
sources on this sequence as stars using morphological
information obtained from HST/ACS (I band) and Subaru/
HSC (i band) images. They also compared the best-fit y* values

obtained using stellar (Xfm) and galaxy (Xéal) templates during
2

SED fitting with LePhare. Objects with = smaller than X§a1
were classified as stars. In the COSMOS2020 catalog, the
parameter “Ipyp.” indicates the final classification results
between stars and galaxies, with galaxies assigned Ipyp. =
0 and stars assigned Ipyype = 1.
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Figure 1. Distributions of I-band magnitudes for stars (blue) and galaxies
(yellow), separated by the Ip,yp,. parameter, in the COSMOS field. In this work,
we only consider objects brighter than 25 mag.

2.3. Selection of Galaxies for Analysis

In this study, we obtain the photometric information from the
Classic-version catalog, along with various other physical
parameters estimated using LePhare. Our galaxy samples are
selected based on the following criteria: (1) Ipype =0,
indicating the object is classified as a galaxy; (2) Iynae <25,
excluding objects that are too faint; (3) 0.2 < z < 1.2, ensuring
that the galaxies are observed in the rest-frame optical
wavelength; (4) FLAGcomping = 0, indicating that the photo-
metric measurements are not contaminated by bright stars.
Additionally, we exclude all sources with bad pixels. Finally,
we randomly select 60,000 galaxies from the remaining
samples as our galaxy sample. In Figure 1, we present the
distribution of I-band magnitudes for stars and galaxies (as
separated by the Ipy,. parameter) in the COSMOS field.

2.4. Selection of Stars for Analysis

To accurately evaluate the performance of the GoogleNet
model in distinguishing between stars and galaxies, it is essential
to obtain clean samples of stars. This is particularly important
because the number of stars in this field is relatively small
compared to the number of galaxies, and contamination could
significantly affect the accuracy of star classification. Therefore,
in addition to restricting the selection criteria to mirror those
used for galaxy identification, which include: (1) Ipyp.=1,
(2) Imag <25, and (3) FLAGcompine = 0, we also take further
steps to ensure the reliability of our star sample.

Weaver et al. (2022) had already distinguished stars from
galaxies using the half-light radius and magnitude for bright
sources. Any bright objects (I <23 mag for HST images and
i < 21.5 mag for HSC images) falling on the point-like source
sequence were classified as stars by Weaver et al. (2022).
Considering that our sample includes some fainter sources, we
also employed similar methods to obtain a purer sample of stars
with [-band magnitudes /y,ag < 25.
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Figure 2. Distributions of FLUX_RADIUS and /,,,,, for our samples, separated
by Ipype. Galaxies and stars are represented by yellow triangles and blue points,
respectively. It is evident from this figure that stars form a tight sequence. We
separate the stars and galaxies using a custom criterion, shown as a red line in
this figure. All sources above this line are removed from our star sample.

First, Laigle et al. (2016) demonstrated that stars form a tight
sequence (z7 T — K, < (B—zt") x 0.3-0.2) in the BzK, color—
color diagram. Following their criteria, we consider only stars
that are not too far from this sequence. Additionally, we use the
size-magnitude diagram to examine the contamination of the
star sample we selected earlier. The results are illustrated in
Figure 2, where the distributions of galaxies and stars are
represented by yellow triangles and blue points, respectively.
Here, we do not attempt to obtain the half-light radius of each
object by fitting their light distribution with different models.
Instead, we directly use the FLUX_RADIUS provided by
SExtractor. Some samples classified as stars by Ipype =1
are located in the region of extended sources in this figure, even
for objects brighter than 23 mag in / band. Considering the
different definitions of the size used by us and Weaver et al.
(2022), the presence of these bright extended sources with
Ipgpe =1 1is reasonable. We eliminate potential extended
sources from our stellar sample with a custom criterion,
FLUX_RADIUS > —0.2 X I,g +6.5, shown as a red dashed
line in Figure 2. Any sources located above this line are
excluded from the following analysis. A total of 91 stars have
been excluded. Moreover, the Classic catalog also provides the
class_star parameter, which is estimated by SExtractor to
distinguish stars from galaxies. Any ambiguous star samples
showing class_star values lower than 0.85 are also removed.
We have summarized the process of selecting galaxy and star
samples in Table 1.

To verify the purity of our selected star sample, we present
the distribution of the selected stars and galaxies in the gzKj
color—color diagram in Figure 3. Numerous studies have shown
that stars follow a tight sequence in this color—color space (e.g.,
Arcila-Osejo & Sawicki 2013; Weaver et al. 2022). As affirmed
in Figure 3, our selected star samples also tightly follow this
sequence, demonstrating the reliability of our selection method.
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Figure 3. Distributions of our final selected galaxy and star samples in the gzKj
diagram. Galaxies are represented by the yellow 2D histogram with color
representing the number in each bin, while stars are represented by blue points.
The stars are clearly located on a distinct sequence, indicating that we have
obtained clean star samples.

Table 1
Selection of Galaxy and Star Samples

Step Galaxy Selection Star Selection

1 Imag <25 Imug <25 FLAGCOMBINE =0
FLAGcomsine =0

2 lplype =0 lplype =1

3 02<z<12 7K < (B-z"")x03-02

4 FLUX_RADIUS < —0.2 X Ijpqg +6.5

5 class_star <0.85

Utilizing the aforementioned methods, we ultimately obtain a
clean sample comprising 7102 stars and 60,000 galaxies.

3. Preprocessing of Data and SML Models
3.1. Noise Reduction

Several previous studies have shown that noise can disrupt
the features extracted from images by machine learning,
potentially leading to incorrect classification results (Fang
et al. 2023). Noise reduction has been identified as a viable
solution to this issue. Masci et al. (2011) demonstrated that
image quality can be significantly enhanced by extracting the
primary features of images and subsequently reconstructing the
images from these extracted features. In this work, we adopt
Convolutional Autoencoders (CAEs) for noise reduction,
which has been proven effective in many other studies (e.g.,
Zhou et al. 2022; Dai et al. 2023; Fang et al. 2023; Song et al.
2024). The specific approach we use follows that of Song et al.
(2024).

First, we crop our samples into cutouts of 100 x 100 pixels,
centering the objects within the image. We then apply CAE to
reduce the noise in the images. The CAE configurations we
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adopt are identical to those used by Song et al. (2024). For
more details, we refer readers to that paper. In Figure 4, we
present the results of image denoising for some randomly
selected samples. The first column showcases the raw images
of four randomly selected objects, while the second column
displays the corresponding denoised counterparts. It is evident
that the CAE significantly enhances image quality without
breaking the main features.

3.2. Adaptive Polar Coordinate Transformation

In the field of astronomy, the classification of stars and
galaxies should be independent of image rotations. However,
existing supervised machine learning (SML) algorithms,
particularly those based on CNNs, may misclassify them when
images are rotated. Various methods have been proposed to
mitigate this issue, including data augmentation techniques and
traditional polar coordinate transformation (e.g., Chen et al.
2018; Liu et al. 2019; Mo & Zhao 2022). However, data
augmentation is very computationally intensive and inefficient,
making it challenging to apply to future large-scale sky
surveys. Polar-coordinate transformation is more efficient, but
conventional polar-coordinate transformation cannot perfectly
convert the rotations of the raw images into new images due to
the integer coordinates of the pixels (as shown in Figure 3 of
Fang et al. 2023). To overcome this shortcoming, we have
proposed the APCT method in our previous works (e.g., Dai
et al. 2023; Fang et al. 2023; Song et al. 2024).

In brief, the APCT method employs rotation-invariant polar
axes, making it more robust to image rotation. This involves
selecting the pixels with the highest and lowest flux values as
the brightest and darkest points. The line connecting the
brightest to the darkest point is designated as the polar axis for
the polar-coordinate system. This designation ensures the polar
axis remains unaffected by rotation. Next, we rotate the axis
counterclockwise in increments of 0.05radians. For each
discrete rotation, the axis passes through many pixels of the
original image. By stacking pixels along this rotating axis
during rotation, a new image is obtained. Considering that
CNNs are more sensitive to information in the center of
images, we apply a mirroring process to the transformed
images. The third column in Figure 4 shows the corresponding
results after APCT for our randomly selected samples.

3.3. GoogLeNet Algorithm

In 2014, GoogleNet (Szegedy et al. 2015) achieved
remarkable results in the ImageNet image -classification
challenge, demonstrating its effectiveness in image classifica-
tion tasks. The GoogLeNet architecture features nine sequen-
tially stacked inception modules. Each inception module
employs parallel applications of convolutions with kernel sizes
of 1 x1, 3x3, and 5 x 5. This configuration allows the
network to cover a broader area of the input images while
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Figure 4. Examples of our preprocessing method. The first column shows images of four randomly selected samples, the second column displays the corresponding
denoised images, and the third column presents the results after transformation into polar coordinates.

preserving fine detail in smaller regions. By expanding both the
depth and width of the network, it achieves enhanced parameter
efficiency while concurrently minimizing the total number of
parameters. This advancement significantly contributes to the
model’s performance and computational efficiency. In our
previous work, Fang et al. (2023) tested the performance of
three different machine learning frameworks and found that the
GoogLeNet model performs best for these deep high-resolution
images. Therefore, we also adopt the GoogleNet model in this
work. The algorithmic flow of the GoogLeNet used in our
study is illustrated in Figure 5. The model parameters used in
this work are the same as those in Fang et al. (2023).

4. Results and Analysis
4.1. Classification Results of COSMOS Data

In Section 2, through meticulous selection, we have obtained
reliable samples of stars and galaxies. Using the preprocessed
images of these samples, we can evaluate the performance of
the GoogLeNet algorithm in distinguishing between stars and
galaxies. To avoid overfitting, we randomly divide our sample
into training (48,040 galaxies and 5640 stars) and validation
(11,960 galaxies and 1462 stars) sets in an 8:2 ratio and
estimate the precision and recall rates based on this valida-
tion set.

The results of our classification are presented in Figure 6,
where the left panel and right panel show the recall and
precision rates, respectively. The recall rates for both stars and
galaxies exceed 99.0%, while the precision rates are higher
than 99.5%. Additionally, when considering the specific
number of classification errors, only 6 galaxies and 12 stars

Table 2
The Specific Classification Results of the Validation Set
Pred/Real Galaxies Stars Total
Stars 6 1450 1456
Galaxies 11,954 12 11,965

are misclassified by the GooglLeNet model, as presented in
Table 2. These results demonstrate the GoogleNet model’s
robust performance in classifying star and galaxy images, with
a low probability of misclassification between them.

Some previous works have also utilized machine learning for
star-galaxy classification. For example, using data from the
J-PLUS Early Data Release, Lopez-Sanjuan et al. (2019)
implemented a Bayesian classifier for morphological star-
galaxy classification based on Probability Density Function
analysis. They provided reliable probabilities for statistical
analysis of 150,000 stars and 101,000 galaxies, achieving a
completeness of approximately 95.0% and a contamination of
approximately 5.0% for both stars and galaxies up to r ~ 20.
Compared to their results, our study demonstrates the superior
performance of the GoogleNet model, with significantly
higher precision and recall rates and a minimal misclassifica-
tion rate, emphasizing the model’s robustness and reliability in
classifying stars and galaxies.

4.2. The Importance of Preprocessing

In Section 3, we thoroughly explained the necessity of
preprocessing. The importance of noise reduction has been
carefully discussed in many previous studies. Regarding
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operations performed by each layer are represented in the boxes.
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APCT, Fang et al. (2023) demonstrated its significance in
galaxy morphology classification. When the test set is rotated,
the overall accuracy significantly decreases from over 95.0% to
approximately 83.0% without APCT. However, after perform-
ing APCT, the largest difference is only 1.5% no matter how
many degrees the test set is rotated. In this section, we will
further investigate the importance of our preprocessing method
in the classification of stars and galaxies.

4.2.1. T-SNE Test

The t-Distributed Stochastic Neighbor Embedding (t-SNE)
technique provides us with an effective method for mapping
high-dimensional data into a lower-dimensional space, thereby
transforming distributions into dimensions suitable for exam-
ination (e.g., van der Maaten & Hinton 2008; Van Der
Maaten 2014; Wattenberg et al. 2016). In Figure 7, we present
the t-SNE diagram for our samples before and after preproces-
sing in panels (a) and (b), respectively. To facilitate visualiza-
tion, we only present the results of a randomly selected 5.0%
subset of our entire sample. We have also examined the
distribution of all samples and found that the results remained
consistent.

It is generally believed that images with similar morphologies
should have similar features, leading to distinct separable
boundaries between different classes. Thus, stars and galaxies
should be far apart in this diagram. In both panels of Figure 7,
stars and galaxies exhibit clear separable boundaries, indicating
that we have indeed provided viable prior samples for the
GoogLeNet model. Although there is a slight overlap between
stars and galaxies in the t-SNE diagram, this can be reasonable
given the projection effects. Moreover, compared to panel (a),
the boundaries between the two classes appear more distinct in
panel (b), indicating the effectiveness of our preprocessing steps.

Since t-SNE can only qualitatively describe the effects of
preprocessing, we have also applied an SVM classification to
this feature plot to make a quantitative demonstration. The
boundary lines between galaxy and star samples are estimated
with the SVM technique, and the results are presented as red
dashed lines in Figure 7. Since the lower left corner of each
panel is predicted as star-like samples, and the upper right corner
is predicted as galaxy-like samples by SVM classification, we
calculate the accuracy and recall rates for galaxies and stars for
this classification. Without preprocessing, the precision and
recall rates for galaxies (stars) are 99.7% and 98.6% (98.6% and
99.7%), respectively. After preprocessing, the precision and
recall rates improved to 99.9% and 99.4% (99.5% and 99.9%)
for galaxies (stars). This indicates that galaxies and stars are
indeed more distinctly separated in this t-SNE plot, indicating
the effectiveness of our preprocessing process.



Research in Astronomy and Astrophysics, 24:095012 (11pp), 2024 September

Recall

STAR

Predicted labels

GALAXY

STAR

GALAXY
Real labels

Zhang et al.

Precision

STAR

Predicted labels

GALAXY

STAR

GALAXY
Real labels

Figure 6. The recall (panel (a)) and precision (panel (b)) rates estimated from the validation set of the GoogLeNet model are depicted. The overall accuracy rates for
both stars and galaxies exceed 99.0%, indicating that our framework demonstrates excellent performance in classifying stars and galaxies.
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4.2.2. The Effectiveness of Preprocessing

To quantitatively demonstrate the effectiveness of prepro-
cessing, we calculate the overall accuracy of the GoogleNet
model when images in the validation set are rotated by 0°, 90°,
180°, and 270°. In Figure 8, we present the overall accuracy as
a function of training steps for the Googl.eNet model applied to
the images with and without APCT. The cyan and magenta
lines represent the median accuracy rate in each step bin, while
the shaded areas enclose the corresponding 16th and 84th
percentiles at each step bin. Different panels show the results
obtained when the validation set is rotated at different angles.

From this figure, it is evident that regardless of the angle at
which the validation set is rotated, preprocessing leads to an
overall accuracy approaching 100%. Moreover, after reaching its
peak, the accuracy of the validation set remains nearly constant as
the number of training steps increases. In contrast, without
preprocessing, the results are comparable to those with
preprocessing when the validation set images are not rotated.
However, when the validation set is rotated, the overall accuracy
decreases by approximately 2.0% to 6.0%. Additionally, after
reaching its peak, the accuracy of the validation set still exhibits
considerable fluctuations as the number of training steps
increases. This underscores the effectiveness of our preprocessing
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Figure 8. The accuracy as a function of training steps when images in the validation set are rotated with different angles is presented in four panels: panel (a) (0°),
panel (b) (90°), panel (c) (180°), and panel (d) (270°). In each panel, the cyan and magenta lines represent the median accuracy rate in each step bin estimated with and
without preprocessing, respectively. The shaded regions represent the corresponding 16th and 84th percentiles of accuracy rate at each step bin.

and highlights the poor rotational robustness of the traditional
CNN framework.

5. Prepare for CSST

The CSST is a 2m aperture space telescope that will be
positioned in the same orbit as the China Manned Space Station.
The CSST’s survey camera is outfitted with 18 multi-band
imaging detectors, encompassing 7 wavelength bands (NUV, u,
g, 1, i, z, and y). Each detector offers a field of view spanning
11 x 11 arcmin®, with a scale of 9k x 9k pixels, and an average
pixel size of 0”74 (Zhan 2021). Scheduled to commence
observations in 2026, the CSST is slated for a 10 yr operational
span. Over its operational period, the CSST aims to image
approximately 15,000 square degrees of the sky at a depth of
r=26.0 mag and 400 square degrees at a depth of r=27.2. In
anticipation of the CSST’s launch, we have evaluated the
reliability of our framework using simulated CSST data.

5.1. Simulation Data

In this study, we utilize the data from the CSST main sky
survey simulation data® to evaluate the performance of

8 https: / /csst-tb.bao.ac.cn /code /csst-sims /csst_msc_sim.git

GooglLeNet in discriminating between stars and galaxies. The
CSST simulation data used in this work are from version C6.2 of
the CSST Main Sky Survey Simulation Data. The software used
is the CSST Main Sky Survey Simulation Software 2.0.0. For
comprehensive details regarding the simulation data, please
consult the pertinent website. Briefly, as outlined by Cao et al.
(2018) and Fu et al. (2023), the simulations are generated
through the following steps: (1) creation of an input catalog
containing sufficient physical properties (e.g., magnitude, red-
shift, source type, source shape, and source size) of all objects
utilized in generating CSST observations, and (2) simulation of
various physical and instrumental effects during observations,
encompassing cosmic rays, sky background, nonlinearity,
distortion, dark current, flat field, bias, charge diffusion effect,
failed image elements/columns, CCD saturation overflow,
instrument platform jitter, gain, readout noise, and others. The
input galaxy catalog is derived from the “JiuTian” cosmological
simulation catalog (e.g., Luo et al. 2016; Wei et al. 2018; Qiu &
Kang 2022), while the input star catalogs are sourced from Gaia
DR3 (e.g., Gaia Collaboration et al. 2021; Lindegren et al. 2021;
Gaia Collaboration et al. 2023) and one simulated catalog
obtained with Galaxia (Sharma et al. 2011). The final
simulation comprises 137 multi-band exposures centered at R.
A.=244.9727 deg, decl. =39.8959 deg, covering an area of
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Figure 9. The results obtained from the CSST simulation data are depicted in panels (a) and (b), illustrating the recall and precision rates derived from the validation
set, respectively. Similarly, panels (c) and (d) present the results obtained from the test set. Across all panels, the overall accuracy rates surpass 99.0%, indicating the

suitability of our framework for future CSST missions.

approximately 1.53 square degrees. In the subsequent analyses,
we focus on the data obtained in the i band, which is analogous
to the 7 band utilized in our previous analysis.

5.2. Classification Results of CSST Simulation Data

Similar to Section 2, we obtain simulated images of stars and
galaxies along with their corresponding input catalog. Given
the known types of input sources, no additional steps are
necessary to ensure a clean sample. We restrict our analysis to
objects brighter than 24 mag in the i band when considering
that the CSST depth is shallower compared to that of the
COSMOS field. For galaxies, we further constrain our sample
within the redshift range of 0.2 <z < 1.2. After excluding
images contaminated with cosmic rays, we obtain data for
180,135 galaxies and 34,788 stars. Taking into account the
CSST pixel size of 07074, we crop these simulated samples
into cutouts with a size of 42 x 42 pixels. Then we apply
preprocessing methods, including noise reduction and APCT,
to these images.

To replicate the workflow after the observation on CSST, we
employ data from the initial 45 exposures to train the
GoogleNet network. Subsequently, we utilize the trained
network to classify the types of samples acquired from the
remaining 92 exposures (referred to as the test set). During the
network training phase, we partition the samples into training
and validation sets in an 8:2 ratio to avoid overfitting. The
detailed breakdown of stars and galaxies in the various data sets
is presented in Table 3. Our classification outcomes are
illustrated in Figure 9. Panels (a) and (b) depict the recall and
precision rates of the validation set, while panels (c) and (d)
exhibit the corresponding results of the test set. Notably, from
panels (a) and (b), it is evident that the performance of the
GoogLeNet model on the validation set mirrors the outcomes
obtained with the COSMOS data, with overall accuracy rates
surpassing 99.0%. Furthermore, when assessing the model’s
performance on a smaller training data set and a larger test data
set, the results remain largely consistent. The recall (precision)

Table 3
The Numbers of Stars and Galaxies in the Training, Validation, and Test Sets
Type Training Set Validation Set Test Set Total
Star 9276 2319 23,193 34,788
Galaxy 48,036 12,009 120,090 180,135

rate for galaxies on the test set is 99.9% (99.8%), while for
stars, the corresponding result is 99.0% (99.6%). These
findings suggest that our network can be trained effectively
with a limited data set and subsequently deployed with high
reliability for the forthcoming CSST surveys.

5.3. Discussion for Applications on Real CSST Images

In this study, we have demonstrated the effectiveness of our
algorithm in classifying galaxies and stars using data from the
HST/COSMOS field and CSST simulation data. However,
when applying it to future real CSST data, further considerations
may be necessary. First, in this study, we only considered
relatively bright samples. For the fainter samples, due to their
lower S/N, the classification results may not be as reliable. To
address this issue, we need more samples of faint sources with
reliable labels. For example, we can obtain reliable labels for
more faint samples through simulated data and semi-analytic
models. Additionally, CSST will provide 150 square degrees of
deep field data, which will also aid in our study of faint sources.
In addition, we used only single-band data for our samples. By
incorporating multiband images of galaxies, we believe that we
can achieve even more reliable results. We are also continuously
iterating on our algorithm to make it more effective in extracting
characteristic information from faint sources.

In addition, for real images, we do not have an input catalog
to provide us labels for training samples. However, fortunately,
many excellent instruments (e.g., HST, Euclid, Spitzer, and
JWST) have already provided us with many high-quality data.
By combining CSST’s high-resolution images with multiband
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photometric data and spectral data from other instruments, we
can construct our galaxy and star samples by simultaneously
considering the morphology and SED shapes of the targets (just
like in Section 2.4 of our study and Section 5.1 of Weaver et al.
2022).

Moreover, due to CSST’s high-efficiency survey capability,
we will acquire a substantial amount of data over a short
period. This imposes high demands on the efficiency of our
data processing, such as how to cut out the stamp images of
objects more efficiently given their large number. We have
currently significantly improved the efficiency of cutting out
these images by using multithreading techniques. However, the
current method requires us to perform source detection in
advance to obtain the coordinates of the targets. In the future,
we are considering using some deep learning techniques (e.g.,
the YOLO algorithm) to automatically detect sources and
extract the target galaxies (He et al. 2021). This will greatly
enhance the efficiency of our entire workflow, making it more
suitable for the large amount of data in the future.

6. Summary

In this study, we assess the efficacy of the GoogleNet algorithm
in distinguishing between stars and galaxies using data sourced
from the COSMOS field, with data preprocessing applied.
Through meticulous selection, we procure clean samples of stars
and galaxies from the COSMOS2020 catalog. Subsequently, we
employ the noise reduction technique with CAE and adopt APCT
to transform the images into a polar-coordinate system. Partitioning
the samples into training and validation sets in an 8:2 ratio, we
observe remarkably high accuracy of the Googl.eNet model on the
validation set, surpassing an overall accuracy of 99.0%. Notably,
when the validation set is subjected to rotation, the accuracy
attained without preprocessing exhibits a decrease of approxi-
mately 2.0% to 6.0% compared to the accuracy achieved with
preprocessing. This underscores the superiority of our preproces-
sing approach in mitigating the SML method’s poor robustness to
image rotation. Moreover, in anticipation of the forthcoming CSST
missions, we extend our framework to the CSST simulation data.
Remarkably, the GoogleNet model showcases exceptionally high
accuracy, affirming the suitability of our framework for future
CSST data analysis.
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