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ABSTRACT

Modern high-sensitivity radio telescopes are discovering an increased number of resolved sources with intricate radio structures
and fainter radio emissions. These sources often present a challenge because source detectors might identify them as separate
radio sources rather than components belonging to the same physically connected radio source. Currently, there are no reliable
automatic methods to determine which radio components are single radio sources or part of multicomponent sources. We propose
a deep-learning classifier to identify those sources that are part of a multicomponent system and require component association
on data from the LOFAR Two-Metre Sky Survey. We combine different types of input data using multimodal deep learning
to extract spatial and local information about the radio source components: a convolutional neural network component that
processes radio images is combined with a neural network component that uses parameters measured from the radio sources and
their nearest neighbours. Our model retrieves 94 per cent of the sources with multiple components on a balanced test set with 2683
sources and achieves almost 97 per cent accuracy in the real imbalanced data (323 103 sources). The approach holds potential
for integration into pipelines for automatic radio component association and cross-identification. Our work demonstrates how
deep learning can be used to integrate different types of data and create an effective solution for managing modern radio surveys.

Key words: methods: statistical —surveys — galaxies: active —radio continuum: galaxies.

1 INTRODUCTION

The role of active galactic nuclei (AGN) in galaxy evolution is widely
recognized today (see reviews by Fabian 2012; Kormendy & Ho
2013; Heckman & Best 2014, and references therein), with AGN
feedback being the main candidate responsible for suppressing star
formation and leading to massive galaxies becoming ‘red and dead’.
Radio-loud AGNSs, or radio AGNs for short, which have relativistic
jets extending tens or hundreds of kiloparsecs from the galaxy, are
thought to be the primary force behind this AGN feedback (see
Hardcastle & Croston 2020, for areview). However, certain aspects of
AGN-galaxy co-evolution, such as the mechanisms by which AGNs
are triggered, are not completely understood, and larger samples of
AGNs are needed to permit detailed statistical studies (e.g. Best et al.
2006, 2007; Sabater et al. 2019).

Significant advances have been made with data from extensive
radio continuum surveys, such as the Faint Images of the Radio
Sky at Twenty centimeters survey (FIRST; Becker, White & Helfand
1995), the National Radio Astronomy Observatory Very Large Array
(VLA) Sky Survey (NVSS; Condon et al. 1998) and the LOw
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Frequency ARray (LOFAR; van Haarlem et al. 2013) Two-meter
Sky Survey (LoTSS; Shimwell et al. 2017, 2019, 2022). These
surveys cover wider and deeper areas of the sky, which result in
an increase in detected sources from tens of thousands in early radio
surveys to about 5 million currently. These surveys already provide
large enough samples for some statistical studies, but with upcoming
telescopes like the Square Kilometre Array (SKA; Dewdney et al.
2009), it is anticipated that we will get a fully detailed picture from
the radio viewpoint of galaxy evolution, AGN triggering, and the
influence of AGNs on galaxies across cosmic time. However, to
perform these studies, it is crucial to obtain accurate measurements
of radio fluxes and source sizes in order to characterize the radio
AGN properties of the hosting galaxy. Furthermore, it is necessary to
have precise identification of the radio source host galaxy to obtain
optical properties, as well as redshifts to enable measurements to be
converted into physical properties.

In LoTSS, radio source properties including source sizes and flux
densities are measured using the Python Blob Detector and Source
Finder (PyBDSF; Mohan & Rafferty 2015), which extracts confined
regions of high radio brightness from the images, designated as
PyBDSF sources, which can be fitted by one or various Gaussians.
In order to get the correct optical counterparts, in LoTSS DRI, a
proportion of the PyBDSF sources were visually inspected while
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the majority of them were cross-matched automatically using the
statistical likelihood ratio (LR) technique (see Williams et al. 2019).
When sources were visually inspected, they fell mainly into three
categories. The first category was extended single-component radio
sources. These are sources that have been successfully identified
as physical sources by PyBDSF. However, due to their extended
radio emission, automatic cross-matching methods become less reli-
able, requiring visual inspection and cross-identification. Machine-
learning methods have been developed that show promising potential
for providing accurate cross-match IDs for these type of sources.
For example, Alger et al. (2018) implemented a method that in-
volves creating a bounding box centred on a radio component and
deriving a score for potential candidate IDs within a search radius,
demonstrating significant efficacy in cross-matching sources of this
nature. The second category of sources comprises blended sources,
where PyBDSF encompasses multiple sources into a single detection,
necessitating deblending before cross-matching. As demonstrated,
for example by Williams et al. (2019), the implementation of
automated algorithms for source deblending can be accomplished
with relative ease. Thirdly, there are radio sources composed of
multiple components (MC). In these cases, PyBDSF separated a
physical radio source into different source components, and it is
therefore necessary for this category to associate the components
before cross-matching.

MC sources are typically sources with extended radio emission
and/or distinct radio blobs. When applying source detection algo-
rithms (e.g. Mohan & Rafferty 2015; Hale et al. 2019) to high-
resolution images, algorithms search for pixel areas exceeding a
pre-determined threshold level [often set at a signal-to-noise ratio
(SNR) of 5]. Sometimes certain parts of a source may fall below
the threshold level, and therefore the software may identify different
source regions above the threshold as separated sources. Extreme
cases are FRIIs (see Fanaroff & Riley 1974, for FRI versus FRII
classification), which possess highly luminous steep-spectrum lobes
but faint flat-spectrum jets between the lobes, which commonly fall
below the SNR level. Sometimes, even if detections are above the
threshold level, it is possible for certain components to be separated
as the software tries to remove irrelevant sources to avoid incorrectly
producing blends.

The cross-identification of MC sources presents a significant
challenge, since it involves the accurate definition of the radio
source (which requires radio source component association) and
the cross-matching of the (potentially very extended) radio source
to its optical counterpart. Some algorithms have recently been
developed to group components of MC sources in radio images
(e.g. Wu et al. 2019; Mostert et al. 2022), and others successfully
identify the host galaxy in source components that have already been
grouped beforehand (Barkus et al. 2022). However, without a specific
methodology, it is impossible to determine whether a source requires
component association. When applying these algorithms without
previous knowledge then if, for example, the source needs component
association, a bounding box, which may encompass only one of the
source components, may give the correct ID (e.g. Alger et al. 2018),
but the radio source properties will be incorrect. Consequently, the
initial step of cross-matching MC sources involves ensuring the
appropriate identification of a source as an MC source in order
to determine whether the radio components have been accurately
associated or not.

Due to their complexity, MC sources hold significant interest for
both individual galaxy studies (e.g. Hardcastle et al. 2019a) and
statistical studies (e.g. Sabater et al. 2019; Hardcastle et al. 2019b,
Alegre et al., in preparation). Hence, it is crucial to identify these

LOFAR multimodal classifier — 3323

sources to precisely measure their radio properties. Given the lack
of automatic methods available for identifying MC sources, our
primary focus in this paper is to identify them. To address this we use
machine learning (ML) and the LoTSS data. We employ multimodal
ML (MML; e.g. Ngiam et al. 2011), an ML type of model that
integrates different data inputs. In MML models, each data instance
can contain various types of information, such as images, structured
data, and others such as text, audio, video, and even metadata (see,
e.g. Baltrusaitis, Ahuja & Morency 2019).

MML has been successfully applied to a wide range of Al prob-
lems, with particular developments in deep learning and computer
vision (see Summaira et al. 2021, and references therein). However,
MML methods have only recently been developed to be used in
astronomy applications. For example, Hong et al. (2023) used an
MML model to estimate photometric redshifts of galaxies in the
Sloan Digital Sky Survey (SDSS, York et al. 2000) with significant
improvement in the estimations. Natural language processing com-
bined with radio images from the ‘Radio Galaxy Zoo: EMU’ were
recently used to classify galaxies based on description tags (Bowles
et al. 2023). In the context of weak gravitational lensing, Pinciroli
Vago & Fraternali (2022) combined images and time-series data to
detect lensing effects in four different simulated survey data sets,
showing that the method surpasses the traditional method using only
images, which will be important to detect lenses in upcoming surveys,
such as the Large Survey of Space and Time (LSST; Ivezi¢ et al.
2019). Cuoco et al. (2021) combined information from different parts
of the electromagnetic spectrum to characterize gravitational wave
events. They further reviewed the computational aspects of MML
astrophysics and the importance of developing methods that combine
multimessenger astronomy (Cuoco et al. 2022). The complexity
and amount of data that new gravitational wave detectors and
new telescopes will generate by detecting thousands of transients
per night, creates urgency for developing methods that are able
to efficiently analyse and combine the information coming from
multiple sources.

In this work, we train an MML classifier built on a convolutional
neural network (CNN) and an artificial neural network (ANN) in
order to identify MC sources. The MML model combines two
different types of information into a unified architecture; it takes
as inputs radio and optical properties as well as radio images.
Although somewhat similar architectures have been used in radio
astronomy (e.g. by connecting two CNNs, Maslej-Kresiidkova, El
Bouchefry & Butka 2021; Samudre et al. 2022) these approaches
do not combine data coming from different sources, or different
data types. By incorporating multiple sources of information, in
this paper, we demonstrate improved performance in identifying
MC sources in LoTSS and show the advantages of using MML
to analyse future radio surveys. Furthermore, we employ active
learning (e.g. Walmsley et al. 2020), by using the results from
Alegre et al. (2022) to remove sources from the data set that are
less informative for the learning process. By selecting the most
informative sources for the model, it is possible to optimize its
performance while also reducing the number of examples needed for
training.

The paper is organized as follows. We describe the LoTSS data
and the creation of the data set in Section 2, where we define the
data types, define the classes and discuss how balancing the data set
was achieved. We then perform a set of experiments in Section 3. We
define a baseline model and explore the production of the images,
the creation of the MM model (where we test for different sets of
features), data augmentation, as well as adjusting the training data set.
We further present the model optimization and model performance.
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The model is applied to the real imbalanced data sample in Section 4.
We conclude and discuss future directions in Section 5.

2 DATA

This work is focused on data from the LoTSS survey carried on
with the LOFAR telescope. LoTSS is a survey of the entire northern
sky which reaches depths about 10 times greater than the FIRST
survey (for sources of typical steep spectral index), while achieving
sensitivity to extended structures, better than the NVSS survey.
This unique combination allows for the detection of sources with
extended faint emission. LoTSS has a frequency coverage from 120
to 168 MHz, and achieves a typical rms noise level of 70 uJy beam™!
over its first data release (DR1) region, with an estimated point-
source completeness of 90 per cent at a flux density of 0.45mlJy.
The low frequencies of LOFAR combined with high sensitivity on
short baselines gives it a high efficiency at detecting extended radio
emission. LoOTSS DRI has an angular resolution of 6 arcsec and an
astrometric precision of 0.2 arcmin, making it very suitable for host-
galaxy identification. In this section, we provide an overview of the
LoTSS DRI data and the data set that is extracted from it to perform
the experiments. More details about the data used to create the data
set can be found in Alegre et al. (2022).

2.1 LoTSS

LoTSS detected 325 694 PyBDSF sources in its first data release,
containing just the first 2 per cent of the survey (LoTSS DRI;
Shimwell et al. 2019).! The public release provided radio catalogues
that were derived from the 58 mosaic images of DR1, which cover
424 deg? over the Hobby—Eberly Telescope Dark Energy Experiment
(Hill et al. 2008) Spring Field (right ascension 10"45™00°—15"30™00°
and declination 45°00'00”—57°00'00"). The area benefits from exten-
sive multiwavelength coverage. The released LoTSS data products
include value-added catalogues which present the identification of
LOFAR-matched radio sources to optical counterparts using Pan-
STARRS (Chambers et al. 2016) and the Wide Infrared Survey
Explorer (WISE, Cutri et al. 2014) surveys, achieved using a
combination of statistical techniques and visual inspection via a
private LOFAR Galaxy Zoo (LGZ) classification project hosted
on the Zooniverse platform? (described in paper III of LoTSS
DRI, Williams et al. 2019). The catalogues also provide some
initial characterization of the sources, including photometric redshift
estimates and rest-frame magnitudes (described in paper IV of
LoTSS-DR1; Duncan et al. 2019).

In LoTSS DRI, sources bigger than 15 arcsec (that were not
automatically cross-matched with a large SDSS optical source)
were all sent to visual inspection without any triage, since large
sources are usually resolved and potentially complex. These cor-
respond to 19216 sources, or 5.95 per cent of LoTSS DR1. From
these, the outcome of the visual analysis demonstrated that 10 001
(52.05 per cent) needed to have been inspected (Alegre et al. 2022),
with 4671 (24.31 per cent) being MC sources and the rest single-
component sources. Considering only the large and bright sources
(total flux > 10 mly, 6748 sources, 2.09 per cent of LoTSS DR1),
i.e. the ones used to perform component association by Mostert et al.
(2022), only 2226 (32.99 per cent) of those in fact needed component
association, decreasing the performance of source association. Even

Uhttps://lofar-surveys.org/dr1 _release.html
Zhttps://www.zooniverse.org
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though the majority of the components of MC sources are indeed
large and bright, the remaining components fall into different parts
of the Williams et al. (2019) decision tree, with only 57 MC
sources (0.63 per cent) being sent directly to visual inspection, 201
(2.22 per cent) being automatically cross-matched with a large optical
galaxy butinspected afterwards, 1046 (11.56 per cent) being accepted
automatically to cross-match by LR (most likely the cores of FRII
or double-lobed sources), and finally 3071 (33.95 per cent) going
through a pre-filtering process before further visual analysis.

A second LoTSS data release with a total number of 4396 228
PyBDSF sources in 841 mosaics covering 5634 deg® has been
published (LoTSS DR2; Shimwell et al. 2022); some aspects will
be discussed in Section 4.4. LoTSS DR2 corresponds to 27 per cent
of the northern sky and it spans two regions: one with 4178 deg?
around right ascension 12"45™ and declination 44°30’ and the other
with 1457 deg® around right ascension 1"00™ and declination 28°00.
LoTSS DR2 has a central frequency of 144 MHz with 83 wJy beam™!
rms sensitivity and an estimated point-source completeness of
90 per cent at a peak brightness of 0.8 mJy beam™. Hardcastle et al.
(2023) present the methods used to cross-match LoTSS DR2 radio
sources with their corresponding optical counterparts. In their work,
the public Zooniverse ‘Radio Galaxy Zoo: LOFAR’ was established
for the purpose of associating and cross-matching a fraction of the
sources in the data set.

2.2 Data set classes

In this work, we use supervised ML for classification, which involves
training models using labelled data with the aim of classifying
unseen examples afterwards. The labelled data provided for training
determine the quality of the model and its ability to generalize (i.e.
to be able to classify other examples correctly). Therefore, it is
important to have a well-defined and well-annotated data set. We
created the data set using 323 103 PyBDSF sources, which resulted
from removing the artefacts from the original 325694 PyBDSF
sources obtained over the LoTSS DRI area. This was done by
comparing the original PyBDSF radio catalogue with the outputs
obtained from a combination of visual inspection and statistical
cross-matching described in detail in Williams et al. (2019). In cases
where source components had been merged, this resulted in a single
entry in the final catalogue; deblended sources, on the other hand,
show multiple entries. Single-component sources remain the same
in both catalogues. This enables the categorization of sources into
two distinct classes: class MC corresponds to multicomponent (MC)
sources, whereas class S is a mix of non-MC sources.? They are
defined as follows:

(1) Class MC:PyBDSF sources that were associated with other
PyBDSF sources in LGZ, meaning that these make up an MC source.
These correspond to sources for which the PyBDSF algorithm has
detected the radio emission separately, or has split the radio emission,
giving rise to two or more different radio components. To construct
a genuine physical source it is, therefore, necessary to associate the
different source components.

(i1) Class S:PyBDSF sources for which the source emission is
all encompassed within a single PyBDSF source, and therefore do
not require component association. While these primarily consist
of correctly identified single-component sources, this class also

3The supplementary online material includes a list of the 323 103 PyBDSF
sources, with sources in class MC assigned a value of 1 in the multi_component
column and sources in class S assigned a value of 0.
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includes the blended sources that PyBDSF incorrectly identified as
being a single source and that needed to be split into two or more
sources.

Artefacts correspond to PyBDSF sources not present in the final
LoTSS DRI value-added catalogue and have been excluded from
this analysis.

2.3 Balancing the data set

In radio surveys, the number of objects in the two different classes is
highly imbalanced, with relatively low numbers of class MC sources.
Balancing the data set (having a similar number of examples in each
class) is a common ML technique used to avoid overfitting the model
to the majority class during the training process. A balanced data
set was achieved using an undersampling method, which consists of
using only a subsample of all the available data. This has been shown
to be effective by Alegre et al. (2022). Furthermore, the augmentation
step (adding more examples through rotations and reflections; see
Section 3.4) will act as compensation for the undersampling, whereby
the class MC sources will be effectively augmented while different
groups of class S will be added without suffering augmentation
transformations. Consequently, a greater number of examples will be
used to train this algorithm since, typically, deep-learning algorithms
require more training data than ML ones. It is worth noting that the
model is trained using a balanced data set but is it then used to
make predictions on data that has an unequal distribution of classes.
Particular attention must be paid to this when applying the classifier
to real distributions (see Section 4).

The balanced data set (before augmentation) has 9046 sources
in each class. Class S corresponds to 8189 random single sources
and 857 blended PyBDSF sources, which were included in the data
set class because even if they are rare, they will be part of the real
data sets, and thus, they allow the classifier to train using a wider
variety of single sources. Class MC consists of 9046 multicomponent
PyBDSF's, which is reduced from the 9072 sources that required
component association, as 26 sources were both deblended and
grouped with another PyBDSF source, and therefore were excluded
because they belong to distinct classes. The total number of sources in
the balanced data set before augmentation is 18 092, with the training
set corresponding to 12 664 sources (70 per cent) and the validation
and test sets corresponding to 2714 sources each (15 per cent each).

2.4 Data set images

The images used to create the data set are cutouts around the PyBDSF
sources centred on their right ascension and declination positions.
These were cut from the 58 LoTSS DR1 mosaics.* The DR1 mosaics
have 1.5 arcsec pixel!, and the final images used are 128 x 128
pixels PNGs, corresponding to 192 x 192 arcsec. The images were,
however, extracted first as 256 x 256 pixel FITS files, which were
then used for augmentation (including rotation — hence the larger size
to avoid empty regions in the corners after rotation; see Section 3.4
for details), application of sigma cuts, and combining the different
channels, before being cut into the final 128 x 128 pixel images.
Initially, a default sigma clipping on a linear range between lo
and 300 was applied to the images. Different authors (e.g. Aniyan
& Thorat 2017; Alhassan, Taylor & Vaccari 2018; Tang, Scaife &
Leahy 2019; Mostert et al. 2022) have shown that the performance of

Hlofar-surveys.org/dr1\release
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a CNN model depends on the background noise in the input images.
Thus, later, we will also investigate different sigma cuts that enhance
extended emission while simultaneously removing noise. In all cases,
the PNG images were normalized after applying the sigma cuts, in
which the values were scaled to a range of 0—1. This makes it easier
to create composite images and also reduces computational costs
when using a three-channel CNN. More details about pre-processing
the images can be found in Section 3.1.2.

Although the entire source may occasionally (but rarely) extend
outside the frame, the choice of an output image size of 128 x 128
pixels is a reasonable compromise. There are only 199 final associ-
ated LGZ sources in the sample for which the angular size is larger
than the picture frame. This represents only 6 per cent of the total
final associated MC sources (3596 sources), and even for these, each
of the source components is significantly smaller than the image
size chosen. In all these cases, there is still a substantial quantity
of information within the frame. The objective is only to determine
whether or not the source is an MC, not to identify all of the source
components. Therefore, a source being larger than the image does not
represent an issue, as it would potentially be if we were conducting
tasks such as source association, morphology classification, or host
galaxy cross-matching using ML. Furthermore, the classifier does
not necessarily need the image of the entire source to determine that
it requires association, with the extended emission being a better
indicator.

3 CONSTRUCTING THE MULTIMODAL MODEL

In this section, we conduct experiments that will ultimately lead to the
adoption of a final model. A CNN is investigated in Section 3.1 where
a baseline architecture (Section 3.1.1) is established to allow for the
evaluation of changes made to various aspects of the model, with
further experiments examining image production (Section 3.1.2).
The extension to an MM architecture is explained in Section 3.2,
with adjustments made to the training set described in Section 3.3
and augmentation in Section 3.4. Modifications to model hyperpa-
rameters are described in the optimization stage (Section 3.5); and the
final model performance is presented in Section 3.6. The evaluation
criteria used for assessing the performance of the model are explained
in Appendix A.

3.1 The convolutional neural network

3.1.1 Establishing a baseline model

In order to establish a baseline model, we assessed different CNN that
had been used for radio morphology classification. These correspond
to models developed mainly for classifying sources into FRI, FRII,
bent-tailed, and compact sources (Aniyan & Thorat 2017; Alhassan
et al. 2018; Becker et al. 2021), but also to differentiate between
compact and extended sources (Lukic et al. 2018). These models
are expected to provide a good starting point for the experiments.
All of the models we are testing here were originally developed
to work with VLA FIRST data. The higher radio frequency of
FIRST (1.4 GHz) results in distinct regions of the observed galaxies
being more prominent in FIRST images compared to the ones in the
LOFAR surveys. Particularly, FIRST emphasizes galaxy cores and
hotspots, whereas LoTSS (144 MHz) provides a broader picture of
the source, highlighting much more extended emission. However,
this also suggests that the architectures under consideration may
be suitable for the current task, as they have demonstrated efficacy
in identifying sources that appear as separated radio emission (e.g.
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FRII) in particular for the FIRST data and therefore may be useful
to identify MC sources.

Here, we provide an overview of the models we have chosen to
investigate and any modifications we have made to the architectures
and hyperparameters. The corresponding publications (Aniyan &
Thorat 2017; Alhassan et al. 2018; Lukic et al. 2018; Becker et al.
2021) provide detailed descriptions and illustrations of the structure
of each model. All tested architectures have a set of convolutional
layers, typically each made up of a convolutional stage (where feature
extraction is performed, outputting feature maps), a detection stage
(based on a non-linear activation function, commonly a rectified
linear unit, or ReLLU), and a pooling stage (which subsamples the
feature maps, reducing their spatial size, in this case by using
maxpooling, where the maximum values are retained). Following
this, the architectures have a final 1 to 3 dense layers with dropout
(a regularization technique that corresponds to removing random
neurons), followed by a softmax layer (which transforms the outputs
into probabilities). A kernel is applied to the input image and the
feature maps during the convolutional and pooling operations. This
operates as a sliding window, computing dot products between the
kernel values and the values of the pixels of the images and feature
maps in the convolutional stages and retaining specific values in the
pooling stage (e.g. the maximum value). Different strides can be
applied, where the stride corresponds to how many steps the kernel
shifts in the horizontal and vertical directions after each computation.
Smaller kernels and strides mean tighter scanning, possibly enabling
more details to be extracted from the images. These filters are
learnable matrices that specialize in detecting different features, with
a higher number of filters having the potential to identify increasingly
complex and intricate patterns.

Both Alhassan et al. (2018) and Lukic et al. (2018) have very
similar architectures, with only three convolutional layers and one or
two final dense layers, respectively, with 50 per cent dropout before
the softmax layer. Lukic et al. (2018) use small sets of filters (16,
32, and 64), while Alhassan et al. (2018) use (32, 64, and 94).
Alhassan et al. (2018) use kernels that are typically smaller and
have smaller strides, while Lukic et al. (2018) use typically higher
values for the kernel sizes and strides, in particular, in the first layers.
Furthermore, Lukic et al. (2018) use two final dense layers of 1024
neurons each, while Alhassan et al. (2018) use a single layer with
only 194 neurons. Both models require a high number of epochs to
converge. The Alhassan et al. (2018) classifier was trained for 400
epochs and Lukic et al. (2018) for 100 epochs.

On the other hand, Aniyan & Thorat (2017) present a deeper
(and wider) network, resulting in a much heavier model than the
previous two architectures. With five convolutional layers (not all
with a pooling stage), set for a large number of filters in each layer
(96, 256, 384, 384, and 256), three final wide dense layers with
4096 neurons each, and 50 per cent dropout, this model has a layer
normalization after the ReLU on each convolutional layer. The kernel
sizes are larger in the first layers, with a stride of 1. For all of these
reasons, this is an expensive model to run. The authors, when training
it, ran it only for 30 epochs. In order to decrease memory problems,
we had to make major changes to this architecture in particular. The
filter sizes were reduced to (16, 32, 64, 64, and 32) and the three-
dense layers to 1024 neurons each. Furthermore, the normalization
layer had to be removed because it was making the model unstable
and leading to overfitting.

The Becker et al. (2021) model has a much deeper architecture but
a lighter one as well. This model has 11 convolutional layers but only
uses pooling every 3 (or 2) layers. It has a small number of filters
in each set of three consecutive layers (32, 64, and 128) and 256 on
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Figure 1. Performance of four different CNN architectures that were used
to establish the baseline model. All architectures were ran using the same set
of hyperparameters (here showing training for 50 epochs), which were found
to be the most suitable ones regardless of the CNN used (see the text for a
discussion).

the two final layers, with a 25 per cent dropout after the maxpooling
layer. Kernels have a general size of 3 and a stride of 1. It finishes
with only one dense layer of 500 neurons and 50 per cent dropout,
followed by a softmax. Most importantly, this original architecture
required only 16 epochs to be trained.

‘We use a single-channel CNN to explore the different architectures
and establish the baseline model. The model inputs radio images
with a size of 128 x 128 pixels, which went through a linear cut
ranging from lo to 30c. No data augmentation was used at this
stage. The architectures were implemented with very few changes
and assumptions, with only the Aniyan & Thorat (2017) architecture
undergoing significant modifications, as explained above. Minor
adjustments had to be made, particularly in cases where not enough
details were provided. It was assumed that the stride corresponded
to the size of the kernel, and padding was chosen to preserve the size
of the feature maps (padding is used to add extra pixels with zero
values to the border of the input image and feature maps before the
convolutions). In cases where the specific location for the dropout
layer was not explicitly indicated, dropout was performed after the
dense layer, as per the original paper from Hinton et al. (2012).

The batch size, learning rate, optimizer algorithm, batch nor-
malization, and number of epochs were initially tested to find a
suitable set of hyperparameters which allowed to compare the models
without stability problems (huge variations across epochs) and
massive overfitting issues. We tested each architecture individually
using its original hyperparameters, but the classifiers overfitted or
the performance was worse in general. We found that the optimal
hyperparameters for the four architectures were a learning rate of
0.0001, no batch normalization (in architectures that applied it), a
batch size of 32, and the use of the RMSprop optimizer (Tieleman &
Hinton 2012). All the models were able to converge and show above
85 per cent accuracy after about 30 epochs of training. It was observed
that the choice of these hyperparameters did not depend strongly on
the architecture. We set these as the baseline hyperparameters.

The performance of the different architectures on the training and
validation sets is compared in Fig. 1 (see Appendix A for a definition
of the performance metrics used). Even with small modifications
made to the network and hyperparameters (for example, by intro-
ducing batch normalization after each convolution layer or changing
the learning rate to 0.001), the performance of the Alhassan et al.
(2018) classifier is the weakest (reaching 85 per cent accuracy). The
Lukic et al. (2018) network performs about 2 per cent better and
benefits from using a larger batch size and a smaller learning rate,
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which reduces the overfitting of the network when compared to
using its original hyperparameters. Changes to the Aniyan & Thorat
(2017) architecture resulted in good performance for the model,
reaching accuracy values above 90 per cent, but the model shows
some architectural issues, resulting in high training costs and also
instabilities. For example, with the original learning rate of 0.01, the
network was not even able to converge. Even though Fig. 1 suggests
that it is possible that the model has the potential to improve its
performance after more training, for the reasons mentioned (and also
because there is a better alternative architecture), this model was
excluded from further consideration. The model based on the Becker
etal. (2021) architecture reaches accuracy values on both the training
and validation sets above 92 per cent, and reducing the learning rate
leads to even better results than the original one of 0.001.

Overall, it is evident that, after establishing the baseline hyperpa-
rameters, the deeper architectures show superior performance for
the identification of multicomponent sources. The results of the
model based on the Becker et al. (2021) architecture show the best
performance, with similar values on both training and validation sets
and high stability. This architecture performs well, converges rapidly,
and trains smoothly. Therefore, it was selected as the baseline model.

The hyperparameter values established for the baseline model will
be the ones used throughout the experiments, unless stated otherwise,
for example, when augmentation is introduced. The model which
will be finally adopted is a refinement of this baseline model. The
process of refinement and optimization of both the hyperparameters
and the architecture is described in Section 3.5, which also contains
a diagram illustrating the architecture of the final model.

3.1.2 Optimizing image production

LoTSS original images show differences in noise levels depending
on the sky regions being observed, and also show different contrast
ranges with very bright sources or others with weak diffuse emission.
We use sigma clipping for cleaning and removing noise from the
images. This was done using Montage,” an astronomical image
mosaic engine from NASA. The sigma-clipping procedure discards
values (i.e. sets them to the minimum or maximum value) that are
either above or below a defined standard deviation from the mean.

As baseline, we used image cuts of 160-300 on a linear scale.
We also tested using sigma cuts of 10-30c and 160-2000 in the
logarithmic scale, and 30 and 5o cuts. In the wide range examples
(162000 and 10-300), the lower limit corresponds to 1o, while
the upper limit corresponds to 2000 and 300, respectively, with a
stretch applied on a logarithmic scale. The 30 (or 5o) cut sets all
values below 30 (or 50) to zero and sets values above that level
to unity. Fig. 2 compares these different sigma-clipping levels for
some example sources. We can see that when using 16—2000, the
bright features and the diffuse emission of the source have been
enhanced. Additionally, the extended emission has been smoothed
out, and the background noise has been reduced, making it more
consistent across images. The 3¢ cut displays the source silhouette
in its entirety. The 10—300 emphasizes the extended emission while
maintaining a consistent level of noise across all images.

Fig. 3 compares the performance of the model for different options
of the sigma-clipping, on both the training and validation sets.
The baseline resulted in a good performance, and the model using
the images created using 10-2000 logarithmic scale have a very
similar performance with a slight improvement, in particular, on the
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validation set. Using the 16300 stretch in the log scale outperforms
the one in the linear scale in both the training and validation sets.
However, it requires attention for a higher number of epochs since
it tends to overfit after around 20 epochs of training. The 30 cut
shows good performance on the validation set but only up to around
15 epochs of training, after which the results start to get unstable.
Even though this is the least reliable of the three channels that were
ultimately used, it is able to provide some helpful information (as can
be seen from the one-channel network alone). The 5o cut performs
poorly in terms of overall accuracy and overfitting, and hence it
was excluded. This may be due to a significant loss of information
because the majority of extended emission will be below 5o and
therefore will be rejected.

The CNN model can be designed to process a three-channel input
image. Since the performance of the model is different with different
sigma cut images, we can combine the most suitable sigma cuts for
the classifier (e.g. Mostert et al. 2022).

The three adopted channels are the 102000 and 10-300, both
in logarithmic scale, and the 3o cut. These were chosen as they were
the best-performing individual channels. Each one of them provides
subtly different information, and by combining the information
from the three channels we provide more details for the training
process. The combination of the three images provides an improved
performance on the training sample, although the performance on
the validation sample is comparable to the one-channel model. This
indicates an increased risk of overfitting, in particular for higher
number of epochs. This aspect will be mitigated later by data
augmentation and additional adjustments to the network; we show
in Section 3.2 that in the final architecture, the three-channel CNN
outperforms the one-channel version.

3.2 Multimodal model

‘We created a fusion classifier (a model that can integrate multiple data
sources or modalities), by combining the CNN with an ANN, thus
combining images and tabular data into a single multimodal (MM)
architecture. Each PyBDSF source in the data set is processed, with
radio images being fed into the CNN and features into the ANN.
This approach enables an effective combination of different types of
data, thereby further improving the performance of the model. In our
approach, we adopt late fusion (i.e. the process of combining the input
data), where the outputs from the CNN and the ANN are concatenated
and then passed through two dense fully connected layers followed by
an activation softmax function, generating binary predictions. Other
approaches exist, such as early fusion, hybrid fusion (combining
early and late fusion), and mid-fusion (e.g. transfer module to fuse
CNNes at different stages of the architecture; Vaezi Joze et al. 2019).
There is a debate regarding the impact of fusion techniques on MM
model performance, but we do not explore this and focus solely on
late fusion in this work.

It should be noted that retrieving the original input from the tabular
data features is not feasible since these are only properties based on
a combination of Gaussian models; hence, they do not fully describe
the original image. However, the tabular features can benefit the MM
model by helping to identify characteristics in the images that are
more likely to have astrophysical relevance, as well as bringing in
information about the multiwavelength data that goes beyond just
the radio images.

The CNN architecture and hyperparameters used are as defined in
Section 3.1.1, with the three-channel input defined in Section 3.1.2.
The ANN used for running the experiments is an ANN with two fully
connected layers, each with 64 neurons. The model is optimized
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Figure 2. Sigma-clipping image examples. The left column shows the original (not scaled) images directly extracted from the LoTSS DR1 mosaics, with
indicated peak flux SNR. The three middle columns correspond to individual sigma cuts, with black indicating the lower limit of the range and white indicating
the upper limit. The right column is a composite image made up of the three individual ones, which is finally used in the three-channel CNN. The first four
rows correspond to multicomponent sources. The fifth and sixth rows show a blended source and a single-component source, respectively. In the top row, the
PyBDSF source corresponds to a lobe and the entire source is not within the frame; however, it is clear that enough source is present for the classifier to identify
this as part of an MC source, justifying our choice of 128 x 128 pixel image sizes even for the small fraction of sources that are larger than this.

at later stages, albeit with minimal modifications, as detailed in
Section 3.6. The initial set of features (baseline features) are the
major and minor axes, total and peak flux, and the total number of
Gaussians that make up a PyBDSF source, which are the same as
those used in the baseline of Alegre et al. (2022).

Fig. 4 compares the accuracy, precision and recall of different
experiments (see Appendix A for a description of these ML perfor-

MNRAS 532, 3322-3340 (2024)

mance metrics). As can be seen, the MM model with baseline features
shows an increment in the performance values to the CNN alone by
about 0.5 per cent in accuracy and about 1 per cent in recall, with
negligible effect on precision. It also shows that the performance of
recall is superior to that of precision; this is a favourable differential,
since the recall (representing the percentage of actual MC sources
correctly identified by the model) is the parameter we aim to optimize
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Figure 3. Experiments using the baseline architecture with one channel and different individual sigma cuts (top row), and the final adopted three channels,
which combines the three individual sigma cuts (bottom panel). In each plot, the dark blue lines represent the baseline model with 160—300¢ in linear scale, which
is compared to the performance of the model using different sigma cuts, both on the training and on the validation set.

1.00
0.98- _
.3
o 0.96 - ® .
J ® * *
£0.944 @
£ 3 % § * ®
0921 @
£ * H . s
E 0.90 % Accuracy (training set)
* % @ Accuracy (validation set)
SAE * Precision (validation set)
0.86 Recall (validation set)
S & \o A T TR D) 2™ h
I I R R CaIRT XN T
4 © 3 o RO\ ge\‘o W Q{\C W e \A\A A P“\—, \@
e o W W aw
> k) k)

Figure 4. Main set of experiments, with values for accuracy on the training (red x) and validation (blue circles) sets, with precision (green stars) and recall
(yellow triangles) for class MC also shown for the validation set; in each case, the plotted points correspond to different epochs where the training and validation
sets show the best performance possible for similar results on both sets (i.e. training was stopped before significant signs of overfitting). The F1-score (not
displayed) is consistent with the accuracy values within 10~#. The CNN one channel corresponds to the baseline model, for which the performance for all the
metrics on the training and validation sets is very similar. The introduction of a three-channel CNN (CNN three channels) and the modification of the architecture
into an MM model (MM three chan. baseline feat.) helped to greatly increase the recall. The introduction of more features, independently, all helped to improve
the performance. Plotted points correspond to the baseline features (MM three chan. baseline feat.), only the optical features (MM three chan. optical feat.),
and the 18 features used in the GBC model (MM three chan. GBC feat.) from Alegre et al. (2022). The best results were obtained from combining the 18 GBC
features with additional information about the first, second, and third NNs (MM three chan. Three NNs all feat.) shown as the shaded model. Overall, all the
metrics improved from around 92-96 per cent as a result of adopting an MM model and adding more features. For comparison, also shown are the MM model
using only one channel (MM one chan. three NN, all feat.), and the neural network alone (ANN only three NNs, all feat.), both of them showing inferior
performance.
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Table 1. Baseline, optical, the set of 18 final features from the Alegre et
al. (2022) gradient boosting classifier model (GBC), and the full set of 32
features, which include the GBC features and the first three nearest neighbours
(three NNs).

Features Definition and origin

Baseline

Maj Source major axis (arcsec)®

Min Source minor axis (arcsec)®

Total _Flux Source integrated flux density (mJy)*
Peak_Flux Source peak flux density (mJy bm™!)?
log_n_gauss No. Gaussians that compose a Source”
Optical

logIr_tlv Logjo (source LR value match/L, )¢

Ir_dist Distance to the LR ID match (arcsec)®
log_gauss_Ir_tlv Logjo (Gaussian LR/Lg, )¢
gauss_Ir_dist Distance to the LR ID match (arcsec)®
log_highest_Ir_tlv Logio (source or Gaussian LR/Ly )¢
log _NN_Ir_tlv Logio (LR value of the NN/Ly,; )¢

NN_Ir_dist Distance to the LR ID match (arcsec)®
GBC (baseline and optical)

gauss_maj Gaussian major axis (arcsec)”
gauss_min Gaussian minor axis (arcsec) ?

gauss_flux_ratio Gaussian/source flux ratio® ?
NN_45 No. of sources within 45 arcsec?
NN _dist Distance to the NN (arcsec)”

NN flux_ratio NN flux/source flux density ratio®

Nearest neighbour (three NNs)
(All feat. replacing italic ones)
NN_Maj (x3)

NN_Min (x3)

NN_log_Ir_tlv (x3)

NN_Ir_dist (x3)

NN_dist (x3)

NN_flux_ratio (x3)

NNs major axis (arcsec)®

NNs minor axis (arcsec)®

Logjo (LR value match/Lp, )¢
Distance to the LR ID match (arcsec)®
Distance to the NNs (arcsec)”

NN flux/source flux density ratio?

“PyBDSF radio source catalogue (Shimwell et al. 2019).

bPyBDSF Gaussian component catalogue (Shimwell et al. 2019).

“Gaussian and PyBDSF LR catalogues (Williams et al. 2019). Notes. The
features listed in italic are removed (to avoid duplication) when using the 32
features. The LR features were scaled using the LoTSS DRI threshold LR
value of Ly, = 0.639. Sources refer to PyBDSF sources, for which the full
set of feature values are provided in the online material. The features were
computed using the LoTSS DR1 PyBDSF source and Gaussian catalogues,
as well as the LR values.

over precision (which reflects the percentage of sources classified as
MC sources by the model that are indeed MC sources). This higher
value for recall over precision was already seen in the three-channel
CNN, where the three-channel CNN had a ~2 per cent higher recall
than the one-channel CNN, despite a slightly lower overall accuracy.

Different sets of features were then tested independently, building
upon the features developed by Alegre et al. (2022). See Table 1
for details of the different features and Fig. 4 for a summary of the
experiments. The features denoted with ‘Ir’ on Table 1 are based on
the LR values derived from Williams et al. (2019) and correspond
to the likelihood of a LoTSS radio source having a true optical
galaxy counterpart (Pan-STARRS, if available, or otherwise infrared
WISE sources). The LR is a statistical technique that has long been
used to automatically cross-match sources at different wavelengths
(e.g. Sutherland & Saunders 1992), in particular, those with longer
wavelengths for which the positional uncertainty is greater due to
the large beam size of the telescopes, resulting in multiple possible
counterparts. The LR assesses the probability of a galaxy having a
true radio counterpart based on the positional uncertainty of radio
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sources and both the magnitude distributions of the true counterparts
and the source counts of the background sources.

First, we considered only optical features; these comprise the log
of the LR relative to the threshold value (tlv; that is, the LR divided
by the lowest LR value at which a cross-match is considered to be
genuine) and the distance to the highest LR counterpart, for both
the source, the first nearest neighbour (NN), and the Gaussian with
the highest LR value, as well as the highest log LR tlv between
the source and the Gaussian. Using only optical features resulted
in an increase in precision, a decrease in recall, and an overall
increase in accuracy to about 93 and 95 per cent accuracy on the
validation and training sets, respectively. Secondly, using the set of
18 final features defined in Alegre et al. (2022) improve the recall
and leads to similar accuracy values of 94 per cent on both training
and validation sets. The NNs have been shown to improve the model
of Alegre et al. (2022), as they provide useful information about
the source surroundings. Therefore, we expand this to incorporate
additional NNs, in particular, the second and third NNs; for each
one, the set of features includes the minor and major axes, the log
of the LR tlv, the LR distance, the distance to the NNs and the
flux ratio between the NNs and the source. Adding this information
about the second and third NN to the previous 18 features proved
to significantly improve all the metrics by almost 2 per cent each
(see Fig. 4). Experiments using more NNs, such as including the
fourth and fifth, did not reveal any further improvements. The results
show that the NNs feature information is essential to identifying MC
sources since it leads not only to better overall model performance but
also to higher values of recall. Additional experiments on features,
such as feature scaling or replacing measured axis sizes with their
deconvolved equivalents, failed to produce any further improvement
to the model (or decreased performance) and so are not considered
further. As a final test of the performance of our MM model, we
show in Fig. 4 also the performance of the model with the full
set of features, but including only one channel of input image for
the CNN (the baseline 1-30c cut). This shows the performance in
all metrics drops by about 1 per cent compared to the three-channel
CNN, justifying our decision to use the three-channel model. We also
show the performance of the ANN alone (i.e. without the CNN). Like
the CNN alone, this achieves an overall accuracy on the validation
set of around 92 per cent, considerably below that of the MM model.

3.3 Removal of small isolated single Gaussian (SISG) sources

In this section, a particular set of sources [hereafter referred to as
small isolated single Gaussian (SISG) sources] is removed from the
data set in order to evaluate whether it results in any improvements in
the performance of the classifier. These correspond to small (major
axis smaller than 15 arcsec), isolated (no NNs within a 45 arcsec
radius), and single Gaussian PyBDSF sources, which were not cross-
matched with a large optical ID. The SISG sources correspond to
a large proportion of the sources (186371 PyBDSF sources, or
57.7 per cent of the full LoTSS DR1 sample, excluding artefacts), for
which the classifier from Alegre et al. (2022) achieved 99.98 per cent
accuracy. The vast majority of the sources in this group can be
cross-matched using the LR method. It is characterized by single-
component sources, with the exception of 133 components (the
cores) of MC sources, and 4 additional single-component sources
for which the LR method gave an incorrect ID. This group of sources
shows broadly uniform properties, and they do not add diversified
information about class S. Excluding these objects from the training
sample therefore allows the classifier to be exposed to a wider range
of class S sources.
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The SISG sources are the type of sources that can be processed
even without a classifier since, by their characteristics, they can be
cross-matched by LR methods. Additionally, they are also the ones
the classifier would easily identify as single-component sources and
therefore are likely to get the correct classification. The SISG sources
were, therefore, removed from training and testing on a balanced
data set, and they are assigned automatically to class S if they are
presented in the data. ©

When removing the SISG from the training set, the model drops in
performance on the training set (about 1-1.5 per cent worse ability to
distinguish between the classes). The overall decrease in performance
can be attributed to the exclusion of the easily classifiable 60 per cent
of the single-component sources. With SISG removed from class S,
this class is now characterized by sources that are more complex
(i.e. this class has a higher number of sources that are not isolated,
clustered, and composed by multiple Gaussians) and therefore the
performance in class S drops. But at the same time class S now
comprises elements that are more relevant for the classification.
Importantly, if the model is applied to the full imbalanced data set, it
performs better (especially on class S) than the model trained on all
sources (see Section 4). These results indicate that exclusion of the
SISG sources improves the overall performance on the full data set.
This strategy also reduces computational costs since it eliminates the
need to process more than 50 per cent of the data, which is particularly
important when processing large samples.

3.4 Augmentation

When removing the set of SISG sources from the data set, the
model tends to overfit. In order to minimize this issue, we use
data augmentation by increasing the number of examples of the
minority class. Data augmentation is an artificial way of enlarging
the training set by creating alternate samples of the original data.
A common approach to achieve this is by generating synthetic
examples, typically through the application of geometric or colour
transformations (see Shorten & Khoshgoftaar 2019, for a review).
This technique is commonly used in deep-learning models, as it
is often necessary to avoid overfitting since these models require
a higher number of examples to be trained (e.g. Goodfellow et al.
2016). In astronomy, Dieleman, Willett & Dambre (2015) applied
augmentation by using geometric transformations to prevent a CNN
model from learning specific orientations of galaxies in optical
images. Assuring the models are rotational invariant is now a
common practice for astronomy applications (see also Appendix B).
In radio morphology classification, where there are generally 2—-5
classes but sometimes as few as 100 objects per class (e.g. Aniyan
& Thorat 2017), augmentation is commonly achieved by massive
oversampling, for example, applying multiple rotational and flipping
angles. Maslej-Kresndkova et al. (2021) demonstrated that the use
of both vertical and horizontal flips increased accuracy by roughly
10 per cent, but improper augmentation operations, such as shifting
and zooming, degraded their CNN model.

The augmentation procedure was done as follows: having cut
256 x 256 pixel FITS images from the original LoTSS DR1 mosaics
and applied different sigma clipping thresholds, we then performed
augmentation on the minority class (class MC). We rotated each
image around the PyBDSF position at the centre of the frame by
a random angle between O and 27 and applied random (true or

5The SISG sources are indicated in the table provided as complementary
online material.
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Figure 5. Example of the augmentation process, where sources undergo
random rotations and horizontal and vertical flips. This is done after sigma
clipping (1o6—300 linear in this example) on 256 x 256 pixel images before
cropping them to 128 x 128 pixels.

false) vertical and/or horizontal flipping. The transformed images
were then cut to their final sizes of 128 x 128 pixels (see Fig. 5
for an example). By rotating the images prior to reducing their size,
we avoid the issue of empty corners created by the rotation; this
avoids the need for any interpolation to fill in the empty regions
and eliminates the possibility of the classifier correlating such corner
effects to the augmented class.

The majority of the sources in LoTSS correspond to sources
belonging to class S. The training set for class S was created by
randomly undersampling single-component sources and therefore
did not require any type of augmentation. The blended sources,
which are rare, were also not augmented. They were added up to
the undersampled single-component sources in order to ensure the
same number of sources as in class MC. This allows for the creation
of abalanced data set for evaluating the results. Even though balanced
data sets are not typical, balancing the data set is necessary for the
network to effectively learn the characteristics of the sources in the
different classes.

The augmentation process is exclusively applied to the training
set and only to the minority class, as mentioned previously. We
experimented with increasing the number of sources in the data
set by factors of 2, 3, and 5 relative to the original data set. The
validation and test sets remained unaffected and contained always the
same amount of sources, regardless of augmentation. The data sets
were constructed using the same sources, but for each augmentation
factor, new single-component sources from the majority class were
added. When using the augmented data sets, it was necessary to
adjust the learning rate. We found that augmenting the data set
three times the original size was sufficient to prevent overfitting
while achieving good results, as we can see from Fig. 6. On three
times, the size of training set, the number of sources in class MC
is 18789 MC sources, which is three times the number of MC
sources in the original data set (excluding any MC source for which
at least one the source components was in the SISG group). The
number of sources in class S is also 18 789, but in this case, these
correspond to 18 189 single-component sources and 600 blended
sources. ’

In the context of the MM model, it was necessary to replicate the
feature values for every augmented image, ensuring that they align
with each respective instance. Furthermore, we also ensured that the
data set was properly shuffled when training the classifier.

"Information about the data set splitting is provided in the online table. The
following values are assigned to sources associated with each set of data (as
indicated by the column mc_dl_data set): none of the sets (0), training set (1),
test set (2), and validation set (3).
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Figure 6. The figure shows the effect of augmentation when training with
the SISG sources removed from the data set. The coloured lines represent the
learning curves for 30 epochs of training for illustration. The model trained
with all types of sources achieves greater accuracy (yellow line), but this is
also because the class S contains about 60 per cent of sources that are easy
to classify; see the main text for a discussion. The performance drops and
shows major discrepancies on the training and validation sets when the SISG
sources are removed (blue line), but augmentation helps to compensate for
this effect (red line).

3.5 Model optimization and final architecture adopted

In order to investigate if it is possible to optimize the model, different
aspects were analysed. These comprise architectural variations and
hyperparameter adjustments. Changes to the structure included
investigating the ANN width and depth (by varying the number
of layers and changing the number of neurons in each layer), the
removal of layers in the CNN, and the presence or absence of layer
normalization or batch normalization. Adding layers to the ANN
part of the model, specifically ranging from 2 to 5 layers, did not
result in improvements. On the other hand, changing the number of
hidden neurons in each layer (64, 128, 512, and 256) showed that
using 256 neurons resulted in higher performance (with a further
reduction in the dropout rate from 50 to 25 per cent). As a result,
the ANN part of the model adopted is a two-layer ANN containing
256 neurons each. Regarding the CNN module, the use of batch
normalization following each convolutional or dense layer, either
as a substitute or in combination with dropout, led to a decline in
performance. Furthermore, we investigated reducing the length of
the CNN. However, it was observed that the elimination of the first
layer led to overfitting and a decrease in overall performance.
Furthermore, we explored alternative hyperparameters besides the
baseline ones defined in Section 3.1.1. One of the experiments
involved testing different learning rates, including ones with both
static and variable rates, and using alternative learning optimizers
which iteratively adjust the weights of the networks and/or the
learning rate of the training to find the minimum error for a
certain problem. Using the Adam optimizer (Kingma & Ba 2014)
yielded inferior performance, while using stochastic gradient descent
(SGD; e.g. Bottou 2010), particularly when used with momentum,
demonstrated superior performance. The best results were achieved
with an SGD, which is an optimizer that adapts the weights but not the
learning rate. The weights were updated using Nestrov momentum
(Sutskever et al. 2013). Different batch sizes were evaluated since
smaller batch sizes tend to result in higher performance, although
the extent of their effectiveness depends on the GPU being used
since very small batch sizes may cause memory problems. Different
values of batch sizes were assessed, including 16, 32, and 128.
Results were indeed better for smaller batches, and 32 was chosen
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Figure 7. Learning curve for the final adopted model after optimization. The
model reaches about 91 per cent accuracy after only 20 epochs of training on
both the training and validation sets. Training for longer gives about 1 per cent
improvement to 92 per cent accuracy on the validation set. There is a higher
difference in the performance on the training set with an increasing number
of epochs, which is a clear indication that the model may be overfitting.
However, as we can see from Table 2, it is worth training for longer since
the performance on both validation and test sets ends up being very similar,
and so training for longer helps improve the model by about 1 per cent in
accuracy. We defined epoch 64, which was selected from the 60—70 range
of epochs where the performance seems to stabilize. The accuracy reaches a
plateau on the validation set and does not seem to improve more than about
92 per cent.

as the best without massive computational problems. Additionally,
the optimization process involved reviewing the number of training
epochs and eventual early stopping. Training the model for a higher
number of epochs (more than 50) resulted in accuracy in the
validation set above 92 per cent, with no significant differences in
performance on the training set, as can be seen from Fig. 7. We
identified an interval of 10 epochs, ranging from the 60th to the
70th epoch, which led to the most favourable results. These epochs
show strong performance and smaller overfitting, with a discrepancy
between the validation and training sets of less than 1.5 per cent. It
was also observed that training below this range leads to a decline in
performance, with accuracy dropping below 92 per cent. The chosen
epoch for stopping training was epoch 64, because this results in
only a minor difference of 1.083 per cent between the training and
validation sets. This results in a training accuracy of 93.6 per cent
and a validation accuracy of 92.5 per cent.

Fig. 8 provides a schematic representation of the adopted archi-
tecture and outlines the steps taken to achieve the final model. These
comprise (1) building the data set, (2) creating the CNN, (3) and
the ANN modules, and (4) assembling the MM model (including
optimization). The model inputs a three-channel radio image into a
four-block CNN and a set of features into a two-layer ANN with
256 neurons each. Each convolutional layer has a kernel of 3 x 3,
padding of 1, and stride of 1 (with the exception of the first layer of
the first two blocks of the CNN, which have a stride of 2), followed
by a ReLU activation function. The maxpooling layer has a kernel
size of 2 x 2, a stride of 1, and padding of 1. The outputs of the
CNN are then concatenated with the outputs of the ANN and passed
through a set of two dense layers with 64 neurons each before being
fed into a softmax function, which outputs a probability of the source
being an MC source or not. The model was trained for 64 epochs with
a batch size of 32, an SGD optimizer with a 0.9 Nestrov momentum,
and a learning rate of 0.0001 without decay. The number of filters in
the convolutional layer is indicated in the figure, as is the amount of
dropout applied.
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1 Building the dataset

1. Selecting LoTSS DR1 for the
training and validation samples

2. Using previous visual classification
to create the ML classes (multi-
component vs single-component)

3. Balancing the dataset through
undersampling

2 Creating the CNN module

1. Extracting baseline images

2. Testing literature architectures and
establishing Becker et al. (2021)
architecture as the baseline model

3. Optimising image production
through different noise level cuts

4. Including a 3-channel CNN

3 Creating the ANN module

1. Extracting radio features using the
PyBDSF information

2. Establishing a baseline ANN

4 Assembling the multi-modal model %

LOFAR multimodal classifier

* Multi-modal model
(Adopted architecture)

INPUT IMAGE

“128x128x3

2D CONV x 32 + RELU
2D CONV x 32 + RELU
2D CONV x 32 + RELU

25% DROPOUT
2D CONV x 64 + RELU
2D CONV x 64 + RELU
2D CONV x 64 + RELU

25% DROPOUT
2D CONV x 128 + RELU
2D CONV x 128 + RELU
2D CONV x 128 + RELU

Size Dist Flux
NN 1 4 2 2
2D CONV x 256 + RELU NN 2 3 3 20

2D CONV x 256 + RELU NN3| 15| 10 4

25% DROPOUT

25% DROPOUT

3333

1. Combining the CNN and ANN
modules using concatenation

2. Building and testing the catalogue
features for the ANN using the
PyBDSF, LR, Gaussian information
and the neighbouring sources

3. Removing Small Isolated Single
Gaussian sources (~60% data) to
increase the performance

4. Exploring different levels of
augmentation on the minority class
(MC sources)

5. Optimising the model architecture
by changing the depth and width of
the CNN and ANN, and the model
hyperparameters (learning rate,
scheduler, batch size, number of
training epochs)

: 256 DENSE + RELU

50% DROPOUT

256 DENSE + RELU

25% DROPOUT

L CONCATENATION J
64 DENSE + RELU

64 DENSE + RELU

PR

98% probability 2% probability
multi-component single-component
source source

256 DENSE + RELU

Figure 8. Sequence of steps employed to construct the final model (left panel), and the adopted model architecture (right panel). It consists of an MM
architecture, that inputs a three-channel image of 128 x 128 pixels into a four-block CNN [very similar to the Becker et al. (2021) architecture], and a set of
features into a two-layer ANN. The model outputs the probability of a source being a multicomponent (class MC) or a single-component source (class S). More
details about the architecture and the model hyperparameters can be found in the main text.

3.6 Final model performance

Performance metrics using the optimized model trained on the aug-
mented, balanced data set are presented in Table 2, for both the vali-
dation and test sets. The value adopted for the threshold is 0.5, which
is commonly used for balanced data sets, and the metrics used are
accuracy, precision, recall, and F1-score, as explained in Appendix A.
Given that the data set adopted for training the model was created with
the SISG removed, the results presented here are for a data set where
the SISG were removed as well. As can be seen from the table, the
performance on the validation and test sets is very similar across all
of the metrics, which shows the model is able to generalize to unseen
data.

Overall, the model favours recall on class MC (and precision on
class S), which is the value we want to optimize. Our goal is to
maximize the number of correctly identified MC sources because it
will ensure accurate source flux measurements. If these are sent to
be cross-matched automatically without prior analysis, the source
properties will be wrong. At the same time, we want to keep the
number of sources wrongly identified as MC sources low, either
because the source component association algorithm may fail on
those and/or because we will have to analyse those sources and
manually grouping them and/or cross-matching.

According to the values obtained for the recall on the validation
and test sets, the model is able to identify 94 per cent of the sources
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Table 2. Performance on a balanced data set for the final model with SISG
sources removed.

Validation set Test set
Accuracy 0.925 0.925
Fl-score MC 0.926 0.926
Fl-score S 0.924 0.923
Precision MC 0914 0911
Precision S 0.937 0.939
Recall MC 0.939 0.941
Recall S 0911 0.908

Notes. The validation and test sets each contain 2685 and 2683 sources,
respectively, with an equal distribution of sources between class MC and
class S as defined in Section 2.2. The results show the accuracy, precision,
recall, and F1-score for the 2 classes for a decision threshold of 0.5.

that are MC sources correctly. From the ones that are classified as
not being MC sources, about 94 per cent as well are indeed not MC
sources, as per the precision obtained in class S for both validation
and test sets.

Despite the increased number of complex sources in the augmented
data set (which is accompanied by the same number of single-
component sources), the classifier effectively differentiates between
the various classes. This shows the ability of the classifier to handle
rotation invariance since about 60 per cent of the sources in class
MC suffered rotations and flippings. More details of testing the final
model to ensure it has rotation/reflection symmetry, confirming that
it does, are discussed in Appendix B.

4 APPLICATION TO THE FULL LOTSS-DR1
DATA SET

In this section, we apply the model to the full LoTSS DR1 data
set. The LoTSS data sets differ from the data used to train and test
the model both in terms of class balance and the type of sources
that make up the classes, since the SISG sources were removed
from training. Class imbalance happens when one of the classes is
severely underrepresented, which is the case for MC sources in the
real LoTSS data sets. The classes defined are highly imbalanced, with
less than 3 per cent of the sources being MC sources. This effect is
commonly counteracted with threshold moving, which can be done
by evaluating the metrics we intend to improve and choosing a more
suitable threshold value. However, it can be observed that the use
of a training set where the SISG sources are removed already goes
some way towards counterbalancing the class asymmetry, and with
our desire to maximize recall on the MC class, suitable thresholds
are found to be around 0.5, as discussed next, which is the default
threshold value for balanced data sets.

4.1 Performance as a function of the threshold

In order to investigate if 0.5 is the appropriate value to discriminate
between the classes, we examined the performance of the model on
the LoTSS DR1 sample using different threshold values. As outlined
in more detail by Alegre et al. (2022), corrections are applied in cases
where at least one of the source components is flagged as being an
MC source: In these cases, although other components of the same
MC source may not themselves be identified as MC (and hence
incorrectly classified as FNs),® these components will be re-found as

8An FN source is a class MC PyBDSF source classified by the model
incorrectly as class S. A FP is a source that is incorrectly classified as an
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part of the examination of the identified MC component. To account
for this, following Alegre et al. (2022), we remove these sources
from the FN category.

Fig. 9 shows the results of applying the final model to the LoTSS
data set. It can be seen that, in general, the model favours recall
instead of precision unless the threshold is above 0.9. Recall is
the metric it was intended to prioritize and for which the results
show always high values close to unity up to a threshold of 0.6.
For thresholds around 0.5, the number of FN reaches values around
100, and it is higher for higher thresholds, reaching values close to
200 at a threshold value of 0.62, which is where the number of TP
and FP sources are counterbalanced. A 0.5 threshold shows a good
performance for recall and does not compromise precision too much,
so this is the threshold value adopted. Depending on the choice of
the metrics one intends to optimize, a sensible value range would be
between about 0.5 and 0.6 in order to reduce the number of FP, since
the true positive rate (TPR) decreases towards higher thresholds, as
it will be discussed next.

In Fig. 10, we show the receiver operating characteristic (ROC)
curve where the FPR corresponds to the proportion of class S sources
that are incorrectly classified as being MC sources, and the TPR
corresponds to the proportion of MC sources that are correctly
identified by the model (see Appendix A for performance metrics).

The FPR values are always very low, but this is because there are
many single-component sources in the data set and therefore many
sources that are TN. The adoption of a threshold value of 0.5 (blue
and red crosses in Fig. 10) leads to an FPR of nearly 4 per cent,
corresponding to approximately 10 000 sources of class S. Only for
higher threshold values does the number of FP start to decrease
(which can be seen in Fig. 9), and therefore the FPR decreases. This
shows that only for thresholds above about 0.8 there is a significant
reduction in the number of FP sources and in the FPR.

On the other hand, the TPR values are always very high, decreasing
only towards greater thresholds. This is because the number of TP is
roughly constant across thresholds (see Fig. 9) decreasing only for
threshold values close to unity, and the number of FN is always low
in comparison. However, the FN counts start to increase for higher
thresholds, and therefore the TPR decreases. For the 50 per cent
threshold adopted, this means that almost all the MC sources are
being accurately identified, with only a very small number of MC
sources being missed by the model (see also Fig. 11).

4.2 Results at a threshold of 0.5

Using the adopted threshold value of 0.5,° we analyse the perfor-
mance of the classifier across the entire data set and on different
categories of sources. This is done by analysing the results of the
confusion matrix (CM; see Appendix A) where the values on the
CM correspond to the number of sources in the TP, TN, FP, and
FN classes, defined earlier in this section. The results of the model
applied to the full LoTSS DRI sample can be seen in Fig. 11. The
figure also compares how the model performs when confronted with
the SISG, which were excluded during training. As will be explained

MC source but is actually a class S one (either a single-component source or
a blended detection). TPs and TNs are sources that the model has correctly
identified, corresponding to class MC and class S sources, respectively.

In the online table, the column mc_prediction 0.5 corresponds to the
predictions for a threshold value of 0.5, with the following values: (0) sources
predicted as class S; (1) sources predicted as class MC; and (2) sources
corrected (i.e. recovered to class MC) as described in Section 4.1. The actual
prediction values correspond to the mc_probability_multi column.
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Figure 9. Performance of the model on the LoTSS DRI sample plotted for different threshold values with corrections (solid line) and without corrections
(dashed line). Corrections are applied when one source component is identified as part of an MC source allowing the other source components in the same MC
source to be recovered, even if they themselves are FNs. Please see the text for a more detailed explanation. Left panel: accuracy, recall, and precision. Right
panel: true negative (TN), true positive (TP), false positive (FP), and false negative (FN) counts on a logarithmic scale. The results correspond to the model
applied to the full data set, where sources in the SISG category got assigned automatically to class S, i.e. not being part of an MC source.
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Figure 10. ROC curve, with the FPR (FP/(FP4+TN)) in the x-axis and
the TPR (TP/(TP+FN)) in the y-axis, plotted for different threshold values
(colour coded). These correspond to values for which corrections are applied
(filled markers) or not applied (empty markers). Overall, the classifier shows
outstanding performance, and corrections improve the model for both TPR
and FPR. Note that the plot corresponds to a zoom in to the left-hand side
of the ROC curve, with only relevant values of the axes shown. The cross-
markers correspond to the 0.5 threshold adopted.

next, the adopted strategy will consist of training the model with
the SISG removed and applying it to all DR1 sources except for
SISG, and then setting the SISG to class S (i.e. sources that are
automatically classified as not being MC sources).

The left CM in Fig. 11 shows the results of the final model (in
which all SISG sources are assigned to class S, i.e. not MC sources),
while the middle and right CM correspond to the results when the
final model is applied to non-SISG and SISG sources, respectively.
These result from training the model with SISG sources removed,
calculating a prediction for all LoTSS DR1 sources, and separating
the data by SISG sources. The left CM is subtly different from the
sum of the values in the different cells of the middle and right CMs
because SISG sources were all automatically set to class S. Therefore,
all the SISG sources that had been classified correctly (89 sources) or
incorrectly (589 sources) as MC sources will contribute to the values
in the left column in the left-hand CM. By setting SISG to class S,
the classification is improved by saving almost 600 sources from the
FP, even though 10 more sources (after correction) end up as an FN.
However, this represents a good trade since it means a maximum of
five physical radio sources because, by definition, each MC is made
up of at least two source components. Using the adopted strategy

and the 0.5 threshold, the accuracy of the model when applied to the
imbalanced LoTSS DRI data set is 96.62 per cent.

This demonstrates that the overall results when applying the
model to other data are also improved if the SISG sources are set
automatically assigned to class S. Based on this conclusion, the
SISG sources can also be excluded from the data processing (and its
predictions set to class S). This results in only about 40 per cent of
the data requiring to be processed.

4.3 Performance as a function of sources properties

In order to understand the performance of the model and its ability
to distinguish between class MC and class S, we evaluate the
performance of the classifier as a function of source characteristics
and contextual information. This is illustrated in Fig. 12.

Regarding the angular sizes of the PyBDSF source being analysed
(panel a), accuracy is consistently above 95 per cent for sources
with major axis up to around 10 arcsec, indicating a successful
identification of class S sources through a high number of TN.
These type of sources correspond to the majority of sources in
the LoTSS surveys. Interestingly, even at these small angular sizes
where single-component sources dominate the sample, the recall for
MC sources remains high. The accuracy drops steeply as the source
size increases, reaching around 75 per cent for sources with 25-30
arcsec and remaining at this value for larger sources (albeit that there
are relatively fewer sources of this size in the sample). The drop
in accuracy for larger sources is primarily due a decrease in the
proportion of TN, that is, sources that are actually single component
being correctly identified, because there are less single-component
sources with these sizes.

The accuracy is above 90 per cent for sources with total flux density
(panel b) below 4-5 mJy, but it drops for brighter sources, particularly
for sources brighter than 15 mJy, where the performance drops to
about 85 per cent. High performance at lower flux densities is due to
a high number of TN since the majority of the sources in LoTSS are
faint. Interestingly, a higher proportion of FP can also be found in
the fainter bins, with extended and faint emission being more likely
to be part of an MC source as opposed to bright emission. Lower
performance at higher flux densities is attributed to a small fraction
of TN. Recall of MC sources remains consistently high at all flux
densities.

The classifier shows high-performance values for sources where
the distance to the LR counterpart (panel c) is low, in particular, for
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Figure 11. CM for all the sources in LoTSS DRI using the final adopted model and a threshold value of 50 per cent. Left panel: results for all the sources in
LoTSS DRI setting the SISG to class S. Middle panel: results on DR1 with the SISG sources removed. Right panel: results for the SISG sources only. In all
panels, the values in the square brackets correspond to the numbers of FP before applying the corrections.
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Figure 12. Performance as a function of radio source properties, with accuracy displayed in red and recall for the MC class in blue. The histograms show that
the final model adopted has high accuracy across the different properties being analysed, particularly for smaller and fainter sources and those with no near
neighbours. The values of recall, however, are always significant above 0.95, with the sole exception of when there is no NN within 60 arcsec. High values of
recall are due to a consistently high number of sources being identified as MC sources and a low number being missed. The values of precision (not plotted)
are consistently weaker and have values around 0.5 across all the parameter space, indicating a large number of FP (as also seen in the CM). See the text for a

discussion.

values below 1-2 arcsec. Small values of LR match distance (and high
values of LR value) indicate a genuinely associated optical match,
suggesting that the source is a single-component source in most
cases (the alternative being the core of an MC source). Therefore, the
classifier is able to correctly identify these sources as class S sources.
The accuracy drops sharply for higher values (but it is always above
90 per cent) as the proportion of TN falls. The highest proportion
of sources being misidentified as MC sources can be found for the
three smaller LR distances bins. A similar conclusion can be drawn
if inspecting the performance using the NN LR distance (panel d).
Smaller NN LR distances have a higher probability of the NN source
being an MC source, and therefore a high probability of the source
being an MC itself, since it takes two source components to make up
an MC source. The performance drops for higher values of the NN
LR distance, as happens with the source LR distance, due to a drop
in the TN. In all cases, the accuracy is always above 90 per cent for
higher LR distance matches.

The performance as a function of the NN properties (panel e) is
evaluated further since the presence of an NN is an indication that
the source might be clustered and potentially has a higher chance
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of being part of an MC source. If the first NN is more than around
50 arcsec apart, the accuracy is close to 100 per cent, indicating that
the majority of these sources do not need to be grouped and are
correctly identified by the model as class S sources. The recall of
MC sources for such distance NNs is at its lowest here of all of
the parameter space examined in Fig. 12, but still remains above
90 per cent. Smaller distances to the NN suggest a more crowded
environment and increase the chances of the source being an MC
source, and therefore the accuracy of the classifier drops due to the
mixed population.

When evaluating the performance as a function of the number
of NNs within 45 arcsec (panel f), it is possible to observe that
the classifier reaches accuracy values close to 100 per cent when
there are no NNs within this radius because the chances of being
a class MC source are comparatively low, and there is an accu-
rate identification of the class S sources, for which the majority
do not have any NN within 45 arcsec. As the number of NNs
within the radius increases, the accuracy drops, mainly because
there are a smaller number of single-component sources in these
bins.
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Figure 13. Confusion matrices for the entire LoTSS DR1 data set, for sources
below (left panel) and above (right panel) 4 mJy.

4.4 Performance below 4-mJy flux density

Due to the amount of sources in LoTSS, in LoTSS DR2 sources with
a flux density of less than 4 mJy were not sent for visual inspection
(Hardcastle et al. 2023). This is mainly because priority was given to
potential WEAVE-LOFAR (Smith et al. 2016; Jin et al. 2023) target
sources (which are brighter than 8 mJy) for spectroscopic follow-up.
Furthermore, there are many sources below 4 mJy, most of which
are single-component sources (see Williams et al. 2019). Those faint
sources which are multicomponent are, in general, very difficult to
identify, which would represent a huge effort without much return.
Hence they have not been inspected in DR2, and therefore, it is
important to investigate the performance of the model below this
4 mJy threshold. The ability for the classifier to identify MC sources
for fainter (below 4 mJy) and brighter (above 4 mJy) sources can be
seen in Fig. 13.

The classifier demonstrates higher accuracy when classifying
fainter sources, achieving 97.89 per cent accuracy. The accuracy
drops to 86.61 per cent for brighter sources. There is a much larger
population of sources below 4 mJy compared to those above it, and
the large values of accuracy for faint sources are because a consid-
erable number of them are correctly classified as single-component
sources. The number of sources flagged as MC sources (both correct
and incorrect classifications) has a similar order of magnitude for
sources above and below 4 mJy. Therefore, the performance of the
classifier is comparable among these two groups, with the large
majority of the genuine MC sources being correctly flagged as MC,
and a similar number of sources being incorrectly flagged as MC.
This is more pronounced for fainter sources, but without major
differences. Furthermore, the model successfully identifies nearly
all the sources that necessitate component association, missing less
than 2 per cent of those even if the source is faint.

The distribution of sources in each of the cells of the CM as
function of the flux density can be seen in Fig. 14 (note the
logarithmic y-axes). At lower flux densities, the abundance of single-
component sources is higher, and the number of correctly classified
class S sources (TN) is also higher. There is a reduction in the number
of TN sources as the flux density increases, but this is because there
are fewer bright sources overall.

For sources with lower flux densities, there is a greater number
of FN, but at high-flux densities a higher proportion of sources are
multicomponent compared to at low-flux densities. This is also why
accuracy drops at high-flux densities (see Fig. 12). This trend is also
evident when examining the distribution of sources in the TP and
FP histograms. The occurrence of FP is predominantly observed at
lower flux densities, but this is also because there are many more
sources at these flux values.
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5 CONCLUSIONS AND FUTURE OUTLOOK

The number of faint sources with intricate radio structures is
increasing in modern radio continuum surveys. Sometimes source
components can be mistakenly identified as independent sources
despite being components of the same physically connected radio
source. This work introduces an MM deep-learning classifier specif-
ically designed to identify these MC sources. These are sources
that require component association and for which currently there
are no automatic identification methods available. This work has
implications for future surveys as it becomes impractical to select and
cross-identify all sources using conventional astronomy techniques,
which commonly involve substantial amounts of visual analysis. The
work also highlights the effectiveness of deep-learning algorithms,
particularly when combining data from diverse sources, as a valuable
approach for handling modern radio surveys.

The model developed in this work combines a convolutional
neural network and an ANN into a single architecture. The model
incorporates radio images and source parameters of the radio sources
and their NNs, as well as parameters of the possible optical statis-
tical counterpart. The model is trained using LoTSS DR1 manual
annotations to discriminate between (a) sources that are part of MC
sources (which will always be difficult to identify and cross-match)
and (b) relatively compact sources, which can be processed in a
more automatic way using statistic methods or ML methods such as
those of Alger et al. (2018), and are also typically unresolved single-
component sources. We used 9046 MC PyBDSF sources out of the
total 323 103 PyBDSF sources identified in LoTSS DR1. While
75 per cent of the MC sources were used for training purposes,
30 per cent was split equally for validating and testing the model.
The data set was augmented by performing rotations and flips on
the MC sources and using a proportional number of random single-
component sources, in order to achieve a balanced data set. The data
set after augmentation comprised 42 946 sources, of which 37578
were used for training, 2685 for validation and 2683 testing (we
defined the validation and test sets to be the same size as the ones
before augmenting the training set). In this work, we employ active
learning by excluding SIGS sources from the data set before the
training process. These sources do not add diversity to the data set
and can be predominantly cross-matched using statistical methods.
By removing the SIGS sources, we increase the ability of the model to
detect MC sources and save processing time since these correspond
to approximately 60 per cent of the LoTSS data.

The model demonstrates good results, achieving a recovery rate
of 94 per cent for sources with MC in the balanced data set and
an overall accuracy of almost 97 per cent in the real imbalanced
data set consisting of 323103 sources. The performance of the
classifier is closer to 100 per cent for small, and faint sources,
dropping for sources brighter than 2-3 mJy and sources larger than
10 arcsec. The classifier shows excellent performance (between 96
and 99 per cent) for sources with smaller distance to an optical
counterpart, in particular, if the source itself or the NN have an
LR match below 1-2 arcsec, which is an indication that the source
(and its NN) are not part of an MC source. The classifier precisely
identifies class S sources with 99 per cent accuracy if there are
no NN within 45 arcsec. Furthermore, if the NN is smaller than
10 arcsec the classifier performs closer to 98 per cent. We evaluated
the performance of the classifier for sources below 4 mly since
those are not being visually inspected in LoTSS DR2 (Hardcastle
et al. 2023), and a good performance is achieved for both brighter
(86.6 per cent accuracy) and fainter (97.9 per cent accuracy) regimes,
with many more fainter sources being correctly identified as class
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Figure 14. CM counts in terms of flux density. Each of the cells correspond to TN (top left, blue), FP (top right, yellow), EN (bottom left, red), and TP (bottom

right, green).

S sources since the majority of the sources in LoTSS are indeed
faint and single-component sources. These results indicate that the
reliability of the classifications heavily depends on the distribution
of the source characteristics within the data set.

Our model already exhibits strong performance. However, deep
learning is a flourishing field, with new architectures and methods
being developed rapidly, and there are a variety of ways in which
the model could potentially be improved. Investigating different
types of fusion could lead to improvements, for example, the
architecture could implement a fusion module where the weights
of the CNN and ANN are shared across the network instead of
performing a single late fusion. Another option could be to construct
an ensemble of classifiers to enhance the model’s performance, which
could be done with any other type of ML or deep-learning model.
Furthermore, the architecture could be optimized using AutoML,
which would help automate the network design process and optimize
hyperparameters. Conducting feature exploration, such as grouping
features or designing new features, could improve the ANN part of
the model. Finally, incorporating different wavelength images could
be explored, such as optical and infrared, although their impact is
expected to be more important for source cross-matching than for this
source classification task in particular. The construction of the data set
could be evaluated in order to examine the performance of the model
when blended sources are in the same class as MC sources or when
there is discrimination between those three independent classes. This
would raise the question of whether the radio source detector was
accurate in identifying the source itself. Furthermore, it would be
interesting to assess whether additional training examples improve
the overall performance, which could be achieved using the outputs
from the citizen science annotation of LoTSS DR2 (Hardcastle et al.
2023) to train and evaluate the model.

Mostert et al. (2024) assembled a pipeline to automatically
group and cross-match multicomponent radio sources. The source
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association part of the pipeline builds on the approach of Mostert et al.
(2022) for component association. However, while that algorithm
performs well on genuine MC sources, if single-component sources
are included, then 7.7 per cent of them get erroneously grouped
with unrelated PyBDSF sources. In addition, they assume that the
majority of their galaxies will belong to the type of sources identified
by Alegre et al. (2022) as the ones that cannot be matched using
the LR technique. While this is expected, Alegre et al. (2022) do
not specifically address whether a source requires radio component
association. The present work will help to tackle this question by
determining the specific subset of sources on which the source
association code should be executed. This will also allow the
pipeline to be expanded to include fainter and smaller sources than
it does now. Our results will therefore improve the overall pipeline
for automatic source association and identification in LoTSS. The
proposed methodology would involve three main steps. First, the
findings of the present study are used to identify the PyBDSF sources
that are most likely to be part of an MC source. Secondly, the Mostert
et al. (2022) component association code is executed to define the
physical radio sources (possibly extending the method to smaller
and fainter sources). This uses the output of Alegre et al. (2022) to
eliminate unrelated single-component sources within the bounding
box of the extended source, for which the threshold value can be
adjusted as well. Finally, after the sources have been associated, the
Barkus et al. (2022) code is used to obtain the optical identifications
using the ridgeline approach.

In conclusion, in LoTSS DR1 and LoTSS DR2, a substantial effort
was put into analysing the sources that require component associa-
tion. This was done manually on LGZ by associating components
and cross-matching. Therefore, the outcomes of this work are of
significant value for incorporating into pipelines for the processing of
upcoming LoTSS data releases or other radio surveys. Furthermore,
the results can be incorporated into diverse pipelines not only for
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automated cross-matching but also for identifying sources for further
radio morphology classification or for the simple detection of radio
sources (for example, by ensuring the radio properties correspond to
actual sources).
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APPENDIX A: PERFORMANCE METRICS FOR
SUPERVISED CLASSIFICATION

In classification problems, each example belongs to one of several
classes. Binary classification has two classes, which are commonly
labelled as positive and negative (or 1 and 0). Table Al presents
the ‘CM’ for a binary classification problem, where the TP and the
TN are the number of values which are correctly identified by the
classifier, from the positive and negative classes, respectively. TheFP
and FN correspond to the remaining number of values classified as
positive and negative, respectively, but which belong to the opposite
class. The CM may be used to derive standard metrics by which the
performance can be evaluated (see e.g. Hossin & Sulaiman 2015, for
areview).

Accuracy is the most popular performance metric. It measures
the fraction of sources which are correctly classified relative to the
overall classifications:

Accuracy = TP+ TN (A1)
Y= TP+ TN + FP + FN

When using a balanced data set (i.e. when each of the classes has a
similar number of examples), accuracy shows how well the classifier
performs overall. However, for imbalanced data sets, the accuracy
may not reflect the real performance of the model since it will be
mostly determined by the values in the majority class. Metrics such
as precision, recall, and the Fl-score need be used to assess the
performance in the different classes, individually.

Precision can be defined as the fraction of sources predicted as
being from a certain class that are actually from that class:

TP
TP + FP

The recall (also known as sensitivity or TPR) is the fraction of
sources from a certain class that are predicted correctly:
TP

Recall = TPR = ——— (A3)
TP + FN

Both precision and recall have on the numerator the number of TP.
While in precision the denominator is the number of all predicted
positive values, in recall it is the number of all real positive values.
This means that precision reflects how reliable is the model when
predicting if an element belongs to a particular class, while recall
indicates how effectively the model recognizes the elements from
that class. A combination of precision and recall can be given by the
Fl1-score:

Precision = (A2)

2 x Precision x Recall
Fl= — (A4)
Precision + Recall

A lower value for either precision or recall will be reflected in
this value. Therefore, this score is useful for identifying significant
discrepancies between these two metrics.

Table Al. Binary classification CM.

Positive Negative
True Positive TP FN
Negative FP TN
Predicted

To compute the ROC curve (see Fig. 10) we also use the false
positive rate (FPR), which corresponds to the fraction of sources
from the negative class that are incorrectly classified:

FP

FPR = ———
FP + TN

(A5)

APPENDIX B: ROTATION INVARIANCE OF
THE FINAL MODEL

We explore the ability of the model to handle rotational and reflection
symmetry, as source classification should not depend on any partic-
ular source orientation. Khotanzad & Hong (1990) demonstrated
that the Zernike moments exhibit inherent rotation invariance when
extracted from a shape at different angles. In astronomy, this problem
has been mostly addressed using CNNSs to classify optical galaxies
(e.g. Dieleman et al. 2015; Khramtsov et al. 2022), but recently
received more interest in radio astronomy since orientation biases
can be particularly problematic for the automatic classification of
radio morphology sources into FRI and FRII in large surveys. Scaife
& Porter (2021) specifically designed CNNS to be group-equivariant
and Bowles et al. (2021) combined this with attention networks.

In order to test for this effect, we investigate the classification of
the same source when seen from a variety of orientations and flips.
We used only the PyBDSF sources that belong to multicomponent
sources from the training set to inspect for this aspect; each image
was randomly rotated and flipped as explained in the augmentation
process. We did this four times, obtaining a total of 6277 PyBDSF
sources. The predictions for these sources were then calculated and
compared. We calculated the standard deviation for the predictions
of each group of four sources; the two sources with the most extreme
variation had standard deviations between 0.05 and 0.1, but for the
vast majority of the sources, the standard deviation was significantly
below 0.01. We inspected the sources for which the probability
showed higher differences, and the most extreme case corresponded
to an example where part of the source was rotated outside of the
image, with probabilities of being an MC ranging from 0.74 to 0.87.
For the remaining sources, the differences seem less evident to the
naked eye, with some emission obscured but still relevant for the
classification. Nevertheless, for the majority of these sources, the
predictions are skewed to one of the extremes, and so they do not
translate into problems. For a threshold of 0.5, only 14 sources ended
up with a mix of classifications, but those were very close to either
above or below the 0.5 value. We can conclude that the algorithm
is rotation-invariant, except if an important part of the source falls
outside the cropped image for some rotation angles.

This paper has been typeset from a TEX/IATgX file prepared by the author.
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