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Abstract. The aim of this research was to perform an ablation study of the domain-specific Focal
convolution layer, proposed in our previous study. The study focused primarily on the images
from ground telescopes — Sloan Foundation and DECam, though Hubble space telescope data
was explored as well. The applicability of the Focal layer was studied in two aspects. The first one
was to verify whether a regular convolution can be replaced with the Focal to improve results on
existing architectures. It was evaluated using two architectures of other authors, each having two
variations: Original and Focal (all convolutions are Focal). The second aspect was to evaluate the
impact of the Focal layer in isolation on our two best architectures from the previous study, each
having three variations: NoFocal (all convolutions are regular), Original, and Focal. For ground-
based data, the Focal variations of both other author architectures have achieved a statistically
significant improvement of F1 scores compared to the Original variations. However, for both of
our architectures, the best results were demonstrated by the Original variations — a mix of both
regular and Focal layers — indicating that the layer should be applied conservatively. Additionally,
based on the Original variations of both of our architectures, the layer has the highest impact
when placed in the initial layers of the network, whereas its application in deeper layers should
be avoided. As for the Hubble space telescope data, the Focal layer impact was minimal, what
may have been caused by the absence of atmospheric turbulence or background objects.

Keywords: Galaxy morphology classification, Galaxy Zoo, Ablation Study, Convolutional neu-
ral networks, Domain-specific Layers

1 Introduction

Recently, the galaxy classification process has become more automated by using con-
volutional neural networks (hereinafter CNN), trained on the data of volunteer-based
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classification projects, such as Galaxy Zoo (Lintott et al., 2008) and its successors.
While some impressive spiral vs elliptical results have already been achieved on the
brightest galaxies, such as the 99.5% accuracy by Barchi et al. (2020) (see Section 2
for more details), galaxy classification still poses challenges — the classification accu-
racy decreases when using dimmer galaxies, as well as when more detailed classes are
introduced (Barchi et al., 2020).

Besides the traditional means of improving classification results by using augmenta-
tions or extracting generic features that describe morphology, an alternative is to utilize
domain-specific observations of the galaxy images. For example, in our previous study
(Mizas et al., 2026), we have introduced a Focal convolution layer (see Section 2 for
details) intended to help models focus on the galaxy in the center of the image. The
new models that contained this layer outperformed the models of other authors when
trained without augmentations. However, during that tuning process, multiple different
hyperparameters were allowed to change, and the effect of the Focal layer was not fully
evaluated in isolation.

Therefore, this study aims to fill this gap by conducting an ablation study of the
Focal layer. The ablation is performed in two aspects. The aim of the first aspect is
to verify whether the regular convolution layers can simply be replaced with the Focal
layers to achieve better results. For this purpose, two CNN architectures of other authors
were used — Cavanagh et al. (2021) and Cheng et al. (2020), each having two variations
— Original (no modifications, all convolutions are regular), and Focal (all convolutions
are Focal). The second aspect was to evaluate the effect of the Focal layer in isolation
on the two best architectures from our previous study (MiiZas et al., 2026) — Top10Loss,
and BestLoss. Since both of those architectures originally contained a combination of
regular and Focal convolutions, three variations were tested for this aspect — NoFocal
(all convolutions are regular), Original (combination of regular and Focal convolutions),
and Focal (all convolutions are Focal).

Since the studies of Cavanagh et al. (2021), Cheng et al. (2020), and our previous
study Muzas et al. (2026) used different datasets and number of classes, it was important
to ensure a standardized environment to evaluate the applicability of the Focal layer.
For this purpose, all aforementioned architectures and their variations were modified
to solve a binary (spiral vs. elliptical) problem, and were evaluated using the same
datasets, consisting of reliably classified galaxies (see Section 3.1). Primarily, two large
datasets were used that covered data from ground telescopes — the Sloan Foundation
telescope (Gunn et al., 2006) (referred to as SDSS due to the survey name), and the Dark
Energy Camera (Flaugher et al., 2015) (referred to as DECam). It was hypothesized
that the Focal layer would have the most significant effect on the ground-based data,
as the images are affected by the Earth’s atmosphere or may contain more background
objects (stars or other galaxies), which may not necessarily be present in space images.
Nonetheless, for the completeness of the study, experiments were also carried out with
an additional dataset from the Hubble space telescope (Jakobsen and Laurance, 1989).

The ablation study has shown that the Focal layer helps improve the F1 score when
classifying images from ground-based telescopes (see Sections 5.2 and 5.3), however,
it should be applied sparingly and in the initial layers of the architectures. In the case of
the Hubble space telescope data, the effect of the Focal layer was minimal (see Section



686 Miizas et al.

5.4). However, to fully confirm the hypothesis that atmospheric turbulence or back-
ground objects were limiting factors requires further investigation.

The paper is structured as follows: in Section 2, related work is discussed. Section
3 describes the data gathering and filtering process. Experiment setup is discussed in
Section 4. The in-depth analysis and discussion of the results are presented in Section
5. Finally, conclusions and future work ideas are outlined in Section 6.

2 Related Work

CNNs have already been successfully applied in the field of galaxy classification. For
example, using the brightest galaxies, Barchi et al. (2020) have achieved near-perfect
results of 99.5% when classifying galaxies into spiral vs. elliptical. Similarly, Cheng
et al. (2020) have used their architecture to achieve 99.4% accuracy, while Cavanagh
et al. (2021) achieved 98% accuracy. As for more classes, Mittal et al. (2020) have
achieved 98% accuracy on a small subset of Galaxy Zoo data, while Zhu et al. (2019)
have achieved up to 95.2% accuracy on 5-class data.

However, as shown by the same study of Barchi et al. (2020), the accuracy drops
when dimmer galaxies are introduced — CNNs then achieve 98.7%. Additionally, when
classification into more classes is performed, the accuracy drops significantly — extend-
ing the problem to 9 classes results in 75.7% accuracy for the brightest galaxies, while
using 11 classes reduces accuracy to 65.2%.

One of the simplest approaches to improving galaxy classification accuracy is using
image augmentation techniques, such as image flipping (Cavanagh et al., 2021; Diele-
man et al., 2015; Mittal et al., 2020), rotation (Cavanagh et al., 2021; Cheng et al., 2020;
Dieleman et al., 2015) or zoom (Dieleman et al., 2015; Khalifa et al., 2018; Zhu et al.,
2019). These techniques allow to create additional training data without changing the
galaxy class represented in the image.

Another approach is extracting the generic features that help identify the morphol-
ogy of the galaxy. For example, Wei et al. (2023) used Deformable Convolution Net-
works to capture the internal structure of the galaxy, while Li et al. (2023) and Katebi
et al. (2019) have explored Capsule Networks to obtain rotation-invariant, spatially-
aware features.

The third option would be to utilize the domain-specific observations about the
galaxy images and their morphology. This option was explored in our previous study
(MiZas et al., 2026), where we have proposed two domain-specific layers — Focal and
Wave — that take galaxy image specifics into account. To the best of our knowledge,
domain-specific approach has not yet been thoroughly studied, with the closest ap-
proach being the soft attention layer used by Gupta et al. (2024), which dynamically
focused model attention to multiple regions of the image.

In our study (Muzas et al., 2026), the most significant impact to the F1 score was
shown by the Focal layer. It was designed to dim the background objects, such as stars
or other galaxies, to help model focus on the main galaxy in the center of the image.
The dimming is controlled via the parameter factor, whose larger values signify faster
dimming. Its effect is illustrated in Figure 1.



Ablation Study of Focal Layer 687

Focal Mask Result
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Fig. 1: The illustration of the effects of the Focal layer with different factor values. The
top row represents the effect with factor = 1, bottom — with factor = 10. In each
row, the left image is the original galaxy image, middle — visualization of the Focal
layer mask with the corresponding factor value, and right — the resulting image after
applying the mask.

During the tuning process, it was often preferred over the regular convolution lay-
ers. Models with this layer outperformed the aforementioned Cheng et al. (2020) and
Cavanagh et al. (2021) models when trained without augmentations. Additionally, the
models achieved similar results both with and without augmentations, implying that the
layer already helps with regularization (MiZas et al., 2026).

However, during the tuning process, multiple different hyperparameters were ex-
plored — depth, convolution channels and kernel, dropout, dense depth and channels.
(Muzas et al., 2026). Even though the best models often preferred the Focal layer over
convolution layers, some of them even fully consisting of the Focal layer, other param-
eters may have also contributed to the model improvements.

Therefore, this study aims to conduct an ablation study of the Focal layer, using
the Cavanagh et al. (2021) and Cheng et al. (2020) architectures, as well as our two
best architectures — BestLoss and Topl0Loss — from our previous study (Section 4 for
more details). The ablation study is conducted primarily using the data from ground
telescopes, though space telescope data is also discussed (see Sections 3 and 5.4).

3 Data

This section describes the pipeline for creating datasets containing reliable classifica-
tions.
3.1 Cross-matching the Datasets

This study mainly focuses on the data from the ground telescopes, as covered by Galaxy
Zoo 1 (GZ1) (Lintott et al., 2008), Galaxy Zoo 2 (GZ2) (Willett et al., 2013), and the
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Galaxy Zoo DECaLS (GZD) (Walmsley et al., 2021) projects. The data for the GZ1 and
GZ2 projects was obtained using the Sloan Foundation ground telescope (Gunn et al.,
2006), while the data for GZD was collected with the Dark Energy Camera (Flaugher
et al., 2015).

However, for the completeness of the study, the data from the Hubble space tele-
scope (Jakobsen and Laurance, 1989) was studied as well, which was covered by GZ
Hubble (GZH) (Willett et al., 2016) and GZ CANDELS (GZC) (Simmons et al., 2016)
projects.

An important aspect of the GZ datasets is that they are produced by combining the
votes of volunteers, who are not required to have any prior astrophysics background.
Even though final classifications were assigned based on the multiple votes (such as an
average of 42 votes in GZ2 (Willett et al., 2013)), the classifications may still not be
accurate. Additionally, the same galaxy can be observed by multiple telescopes, what
may reveal more previously unseen features, hence the classifications may also differ
between datasets.

To address the uncertainty of volunteer classifications, a data merging process is
applied. The process is described as follows:

1. Determine galaxy class based on the debiased vote fractions (Lintott et al., 2008;

Willett et al., 2013):

(a) Spiral — galaxy has Spiral flag, and no Elliptical flag.

(b) Elliptical — galaxy has Elliptical flag, and no Spiral flag.

(c) Uncertain — all remaining options.

For GZ1 dataset, Spiral and Elliptical flags were assigned based on the author pro-
posed classes. For the GZ2 flags were already provided. For the GZD dataset, a cor-
responding flag was set if the debiased probability was at least 0.5. In all datasets,
except GZ1, artifacts were removed based on the artifact flags.

2. Remove all galaxies with uncertain classification.

3. Group galaxies by the dataset IDs. This step mostly covered galaxies from GZ1 and
GZ2 datasets, as their IDs overlap.

4. If galaxy classifications are not the same in all datasets in which it is present, all
entries of that galaxy are removed. In other words, such galaxy is considered am-
biguous, and is therefore not included in the final dataset.

5. If all classifications throughout datasets agree, leave only a single entry of the
galaxy. However, the information regarding which datasets the galaxy was clas-
sified in is preserved.

6. Group galaxies by the center coordinates — two entries are considered to be the
same galaxy if they are within 0.5 arcsec. This results in the same galaxy having 1
or more classifications.

7. Repeat process from steps 4 and 5.

It is important to note that GZH and GZC project data was included into the filtering
process as well, slightly impacting the filtering outcome for overlapping galaxies in case
classes did not match.

After this process, SDSS dataset had 221,582 spiral and 83,607 elliptical, while
DECam had 98,009 spiral and 17,584 elliptical galaxies. The Hubble space telescope
dataset contained a total of 45,439 galaxies.
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3.2 Images

GZ1 and GZ2 images were collected using SkyServer’s ImgCutout! tool. As for all
other datasets, images from the Galaxy Datasets package? were used. Images were
cropped from the original size of 424 x 424 to 224 x 224 to remove the majority of the
background and artifacts, and then resized to a final size of 128 x 128 to conserve com-
putational resources. The same image size reduction pipeline was also used by Jiménez
et al. (2020).

It is important to highlight several aspects. First of all, images for GZ DECaLS
campaigns GZD-1 and GZD-2 were not available, only for the GZD-5. Additionally, a
single galaxy can be in more than one dataset, meaning that in some cases, more than
one image is available for the galaxy.

4 Experiments

As discussed in Section 2, during the tuning process of our previous study (Muzas et al.,
2026), multiple values of hyperparameters were allowed to change. Therefore, before
conducting this ablation study, an interim two-step study was conducted to identify the
hyperparameters that have the most impact on the results, with one of the hyperparame-
ters being whether to apply the Focal layer. In the first step, 1000 random architectures
were explored, while in the second, some hyperparameter values were fixed, and 297
architectures were further explored. In both cases, the Focal layer demonstrated the
potential to improve metrics with different hyperparameter combinations. Therefore, it
was decided to evaluate the effect of the Focal layer in isolation.

4.1 Architectures and Their Variations

The applicability of the Focal layer was evaluated in two different aspects. The first as-
pect was to evaluate whether it would be beneficial to simply replace the convolutional
layers in existing CNN architectures. For this purpose, two architectures that achieved
great results in binary classification were used — Cavanagh et al. (2021) and Cheng et al.
(2020). Two variations of each architecture were explored:

1. Original
— Convolutions: all regular, as described in original papers.
— Purpose: for baseline results.
2. Focal
— Convolutions: all Focal, factor = 10.
— Purpose: to evaluate whether replacing regular convolutions with Focal will
improve results.

The second aspect was to verify whether the Focal layer had significant impact on
the two best architectures from our previous study (MiiZas et al., 2026) — Top10Loss,
initially designed for 4 classes, and BestLoss, designed for 11 class task. Since both
architectures are a combination of regular and Focal convolutions, each architecture
had 3 variations this time:

"http://skyservice.pha. jhu.edu/DR7/ImgCutout/get jpeg.aspx
2 https://pypi.org/project/galaxy-datasets/
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1. NoFocal
— Convolutions: all regular, as described in (Muzas et al., 2026).
— Purpose: to evaluate how the proposed models would perform if no Focal layers
were present.
2. Original
— Convolutions: combination of regular and Focal, as in the original paper. For
the Top10Loss, the Wave layer was replaced with a regular convolution to avoid
introducing other layers.
— Purpose: to evaluate a combination of regular and Focal convolutions.
3. Focal
— Convolutions: all Focal, factor = 10.
— Purpose: to evaluate whether performance would have improved if all convo-
lutions were Focal.

The choice of factor = 10 in Focal layers represents the most aggressive dim-
ming of the background, while still preserving the galaxy in the center, allowing to
evaluate the layer at its full potential. Additional motivation comes from the previous
study (Muzas et al., 2026), where during the tuning process, higher factor values were
preferred. Convolution kernel and channel parameters, along with all other layers, re-
mained unchanged throughout the variations.

Additionally, all regular convolution layers, including those of the other authors’,
will use padding parameter “same” that preserves the output dimensions of the convo-
lution. This was done to replicate the setup of our previous study (MuzZas et al., 2026).

Finally, it is important to note that while the models of Cavanagh et al. (2021) and
Cheng et al. (2020) architectures have displayed great results (see Section 2), both au-
thors have used relatively small datasets — Cavanagh et al. (2021) used Nair and Abra-
ham (2010) dataset of 14,304 expert-classified galaxies, while Cheng et al. (2020) used
only 2,862 galaxies. Additionally, our TopI0Loss and BestLoss architectures were ini-
tially designed for classification into 4 and 11 classes respectively. Hence, since all
models were evaluated using different datasets and class configurations, direct compar-
ison with published metrics would be misleading. Therefore, to isolate the effect of the
Focal layer, all architectures and their variations were adapted for binary (spiral vs el-
liptical) classification, and evaluated using the same datasets, comprised of significantly
more reliably classified galaxies (see Section 3).

The final implementations of the two variations of the Cavanagh et al. (2021) and
Cheng et al. (2020) architectures to verify the first aspect are explained in detail in
Tables 1 and 2 respectively. The three variations of our Topl0Loss and BestLoss archi-
tectures to evaluate the second aspect are presented in Tables 3 and 4.

4.2 Setup

The training process was conducted using 10-fold cross-validation, using Adam (Kingma
and Ba, 2014) optimizer with default parameters 31 = 0.9, 32 = 0.999,¢ = 1 x 1078,
and a categorical cross-entropy loss function.

The models were allowed to train for up to 500 epochs, however, the process was
stopped early if the validation F1 metric did not improve for 10 consecutive epochs.
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Table 1: Original and Focal variations of the Cavanagh et al. (2021) architecture. FC
stands for fully connected layer, BN - batch normalization, MP - max pooling 2x2.
ReLU is used in regular and Focal convolutions, and FC layers.

Original Focal
Conv., 7x7, 32 ch. Focal (10), 7x7, 32 ch.
BN + MP BN + MP

Conv., 5x5, 64 ch. Focal (10), 5x5, 64 ch.
Conv., 5x5, 64 ch. Focal (10), 5x5, 64 ch.

BN + MP BN + MP

Conv., 3x3, 128 ch. Focal (10), 3x3, 128 ch.
BN + MP BN + MP

Flatten Flatten

Dropout 0.5 Dropout 0.5

FC, 256/256 FC, 256/256

FC, 2 (softmax) FC, 2 (softmax)

Table 2: The Original and Focal variations of Cheng et al. (2020) architecture. For
abbreviations see Table 1

Original Focal
Conv., 3x3, 32 ch. Focal (10), 3x3, 32 ch.
MP MP
Conv., 3x3, 64 ch. Focal (10), 3x3, 64 ch.
MP MP
Conv., 2x2, 128 ch. Focal (10), 2x2, 128 ch.
MP MP
Flatten Flatten
Dropout 0.5 Dropout 0.5
FC, 1024/1024 FC, 1024/1024
Dropout 0.5 Dropout 0.5

FC, 2 (softmax) FC, 2 (softmax)

Results (Section 5) are reported from the epoch where the overall best results were
achieved.

The majority of the computation was performed on the supercomputer at Vilnius
University, IT Research Center, using the NVIDIA Tesla V100 graphical processing
unit (GPU). Some of the computations were performed on the NVIDIA RTX 4080
GPU. As the model training or inference speed was not evaluated in this study, the
choice of GPU did not have any effect on the reported results.
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Table 3: NoFocal, Original, and Focal variations of the Topl0Loss architecture (MuzZas
et al., 2026). The last Wave layer of the Original variation was replaced with regular
convolution. For abbreviations see Table 1.

NoFocal Original Focal
Conv, 7x7, 64 ch. Focal (8), 7x7, 64 ch. Focal (10), 7x7, 64 ch.
BN + MP BN + MP BN + MP
Conv. 5x5, 64 ch., Focal (5), 5x5, 64 ch. Focal (10), 5x5, 64 ch.
BN + MP BN + MP BN + MP
Conv., 7x7, 32 ch. Conv., 7x7, 32 ch. Focal (10), 7x7, 32 ch.
BN + MP BN + MP BN + MP
Conv., 5x5, 32 ch. Conv., 5x5, 32 ch.*  Focal (10), 5x5, 32 ch.
BN + MP BN + MP BN + MP
Flatten Flatten Flatten
Dropout 0.5 Dropout 0.5 Dropout 0.5

FC, 32/160/160  FC, 32/160/160

FC, 32/160/160

FC, 2, (softmax) FC, 2, (softmax)

FC, 2, (softmax)

Table 4: NoFocal, Original, and Focal variations of the BestLoss architecture (MuZas
et al., 2026). For abbreviations see Table 1.

NoFocal Original Focal
Conv, 3x3, 48 ch. Focal (10), 3x3, 48 ch. Focal (10), 3x3, 48 ch.
BN + MP BN + MP BN + MP
Conv. 7x7, 32 ch. Conv. 7x7, 32 ch. Focal (10), 7x7, 32 ch.
BN + MP BN + MP BN + MP
Conv., 7x7, 48 ch. Conv., 7x7, 48 ch. Focal (10), 7x7, 48 ch.
BN + MP BN + MP BN + MP
Conv., 3x3, 32 ch. Conv., 3x3, 32 ch. Focal (10), 3x3, 32 ch.
BN + MP BN + MP BN + MP
Flatten Flatten Flatten
Dropout 0.5 Dropout 0.5 Dropout 0.5
FC, 224/192 FC, 224/192 FC, 224/192

FC, 2, (softmax) FC, 2, (softmax) FC, 2, (softmax)

5 Results and Discussion

5.1 Model Comparison

The models in this section are compared based on their F1 score, as the datasets are
heavily imbalanced (see Section 3). All values reported in this section are an average of
the F1 scores of all 10 folds.

To compare the results of the models across the folds, the Wilcoxon (1945) signed
rank test was used, since it does not assume a normal distribution — with only 10 data
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points (folds), the Shapiro-Wilk (Shapiro and Wilk, 1965) metric power is low, pre-
venting a reliable verification of the normal distribution hypothesis. The significance
threshold of 0.05 was applied for the p-value, below which the results of two models
are considered different.

5.2 Applicability on Other Architectures

The results of replacing regular convolution layers with the Focal layer in Cavanagh
et al. (2021) and Cheng et al. (2020) architectures, using ground-based datasets are
shown in Table 5

Table 5: Results of replacing regular convolution with Focal layer in architectures of
other authors. Best results are highlighted in bold.
(a) DECam

Model Original F1 (o) Focal F1 (o) p-value

Cavanagh 80.34 (0.60) 81.56 (0.64) 0.002

Cheng 78.99 (0.73)  81.60 (0.72) 0.002
(b) SDSS

Model Original F1 (o) Focal F1 (o) p-value
Cavanagh 93.56 (0.12) 94.07 (0.15) 0.002
Cheng 93.44 (0.17) 94.14 (0.15) 0.002

Based on the Table 5, it can be observed that applying the Focal layer on other
authors’ architectures improves the F1 score by a statistically significant amount — for
both SDSS and DECam datasets, and for both Cavanagh and Cheng models, the p-
values were 0.002.

These results show that the classification results can be improved simply by re-
placing regular convolutions with the Focal. However, it is important to note that both
architectures are linear (there are no branches). Additionally, in both cases, due to the
”same” padding parameter, the convolution outputs in all layers preserve large output
dimensions (only each max pooling operation decreases output size by 2). Therefore,
the same effect may not persist if models use branches or use convolutions with small
output dimensions.

5.3 Effect on Our Architectures

The results of all 3 variations of our Topl0Loss and BestLoss architectures are shown
in Table 6.

Based on the Table 6, the results show that the F1 metric is not always improved
when using the Focal variation. For the DECam data, Focal variations of both Top10Loss
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Table 6: Results of replacing regular convolution with Focal layer in our architectures
from previous study. Both p-values are calculated against the baseline model. Best re-
sults are highlighted in bold.

(a) DECam

Model NoFocal F1 (o) Original F1 (o) p-value Focal F1 (o) p-value

BestLoss 81.57(0.29)  82.23(0.62) 0.006 81.38 (0.54) 0.232

ToplOLoss 81.41(0.74)  82.07 (0.69) 0.010 80.98 (0.95) 0.131
(b) SDSS

Model NoFocal F1 (o) Original F1 (o) p-value Focal F1 (o) p-value
BestLoss 94.13 (0.15) 94.15 (0.10) 0.770 93.99 (0.16) 0.006
ToplOLoss 94.09 (0.14) 94.20 (0.18) 0.160 94.01 (0.19) 0.193

and BestLoss architectures performed similarly to the NoFocal variations, with p-values
of 0.131 and 0.232 respectively. For the SDSS dataset, TopI0Loss Focal variation per-
formed similary, though the BestLoss has actually produced worse results than the No-
Focal variations. This result demonstrates that in some cases, simply replacing all con-
volutions with Focal may not be beneficial, or sometimes even detrimental.

Nonetheless, it is important to highlight that for both Top10Loss and BestLoss mod-
els and both SDSS and DECam datasets, the best results were shown by the Original
variation — a combination of regular and Focal convolutions. In case of DECam data,
the improvement of Original variation compared to the NoFocal was significant — Best-
Loss model achieved p-value of 0.006, while Top10Loss improved with p-value of 0.01.
In case of SDSS data, Original variations of both architectures performed similarly to
the NoFocal ones, however, the average F1 values of Original variations were slightly
higher.

It is important to highlight that in both Top10Loss and BestLoss architectures, Focal
layers are more effective in the initial feature extraction stages (see Tables 3 and 4),
where the background noise is more dominant. In deeper layers, the Focal layer be-
comes less beneficial. Therefore, it is recommended to use this layer primarily in the
initial layers of the network.

5.4 Results of Space Telescope Data

The ground telescopes were chosen as the main focus since the ground telescopes can
produce significantly more data, as they are cheaper and easier to operate than the space
telescopes. This difference is likely to persist in the future as well due to the high costs
of launching and operating space telescopes.

The specifics of the space telescopes are also hypothesized to limit the effectiveness
of the Focal layer. One reason could be that space-based images are not influenced by
Earth’s atmospheric turbulence, whereas in ground-based images, the focal layer coun-
teracts these effects by adjusting the focus on the galaxy. Another limiting factor could
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be that the Focal layer is most effective when other background objects are present, yet
since the space telescopes usually observe more distant galaxies, the radial resolution
may include fewer background objects.

However, for the sake of completeness, the same two aspects described in Sections
5.2 and 5.3 were carried out on the data of the Hubble space telescope (see Section 3)
to verify the hypothesis that the Focal layer effect will be limited when no atmospheric
turbulence is present in the images.

In both aspects, the models did not demonstrate a statistically significant improve-
ment. When applying the Focal layer to the Cavanagh et al. (2021) and Cheng et al.
(2020) architectures, the results of Focal variations were similar to the Original varia-
tions. Additionally, neither the Original nor the Focal variations of BestLoss and Top10Loss
models outperformed the NoFocal variant. However, the same observation as for SDSS
data persisted that the BestLoss Focal variation performed worse than the NoFocal.

Nonetheless, additional study is required to verify that the presence of the atmo-
spheric turbulence or other background objects is the reason behind the limited impact
of the layer. Additionally, it would be beneficial to explore different factor values, as
potentially, lower values could be useful when image quality is better. Finally, different
domain-specific layers could be required to improve classification metrics for the space
telescope datasets.

6 Conclusions

After conducting an ablation study of the domain-specific Focal layer using both ground
and space telescope datasets, it can be concluded that:

1. The Focal layer proves to be the most useful for the ground-based telescope data —
SDSS and DECam. It helps improve the F1 metrics, however, it should also be ap-
plied conservatively. Based on Table 5, both for Cavanagh et al. (2021) and Cheng
et al. (2020), the Focal variations outperformed the Original ones by a statistically
significant amount (Wilcoxon signed rank test p-values were all 0.002). However,
based on Table 6, for our previous Topl0OLoss and BestLoss architectures, the best
results were demonstrated by the Original variations, which are a combination of
regular and Focal convolutions. For DECam data, the Original variations achieved
better results than the NoFocal ones with p-values of 0.006 for BestLoss, and 0.01
for Top10Loss, while the results for SDSS data were similar. The Focal variations
achieved similar, or in case of BestLoss and SDSS data, degraded results (p-value
0.006) compared to the NoFocal variations.

2. Based on the results in Table 6, and the structure of our architectures described
in Tables 3 and 4, the best results are achieved when the Focal layer is placed in
the initial layers of the architecture, and followed by regular convolution in deeper
layers.

3. As described in Section 5.4, the impact of the Focal layer is minimal on the data
from the Hubble space telescope. The reason behind the limited effect might be
due to the absence of atmospheric turbulence or background objects. However, this
hypothesis needs to be verified separately.
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As for future research, it would be beneficial to explore the effect of different factor
values for both ground and space-based telescope datasets. Additionally, as discussed
in Section 5.4, different domain-specific layers could be designed that are better suited
to the specifics of the space-based data.
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