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a b s t r a c t

Source finding is one of the most challenging tasks in upcoming radio continuum surveys with SKA
precursors, such as the Evolutionary Map of the Universe (EMU) survey of the Australian SKA Pathfinder
(ASKAP) telescope. The resolution, sensitivity, and sky coverage of such surveys is unprecedented,
requiring new features and improvements to be made in existing source finders. Among them, reducing
the false detection rate, particularly in the Galactic plane, and the ability to associate multiple disjoint
islands into physical objects. To bridge this gap, we developed a new source finder, based on the
Mask R-CNN object detection framework, capable of both detecting and classifying compact, extended,
spurious, and poorly imaged sources in radio continuum images. The model was trained using ASKAP
EMU data, observed during the Early Science and pilot survey phase, and previous radio survey data,
taken with the VLA and ATCA telescopes. On the test sample, the final model achieves an overall
detection completeness above 85%, a reliability of ∼65%, and a classification precision/recall above
90%. Results obtained for all source classes are reported and discussed.

© 2022 Elsevier B.V. All rights reserved.
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1. Introduction

Source finding is one of the most challenging tasks in upcom-
ng radio continuum surveys, such as the Evolutionary Map of the
niverse (EMU) (Norris et al., 2011) planned at the Australian SKA
athfinder (ASKAP) telescope (Johnston et al., 2008; Hotan et al.,
021). The enhanced sensitivity, angular resolution and field of
iew will enable the detection of millions of sources in EMU. Such
ataloguing process requires a level of automation and accuracy
n knowledge extraction never reached before in source finder
lgorithms.
Although existing finders used in the radio community have

een recently upgraded in this direction (e.g. see Hancock et al.,
018; Riggi et al., 2019; Carbone et al., 2018), and novel so-
utions have been developed (e.g. see Robotham et al., 2018;

∗ Corresponding author.
E-mail address: simone.riggi@inaf.it (S. Riggi).
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213-1337/© 2022 Elsevier B.V. All rights reserved.
Hale et al., 2019; Lukas et al., 2019), many algorithmic aspects,
critical for EMU but also for future SKA surveys, remain to be
tackled, particularly for observations carried out in the Galactic
plane. Identification of spurious sources is certainly a priority,
particularly for observations with a significant diffuse background
or very extended sources, where the false detection rate obtained
by standard source finders can exceed the 20% level (Riggi et al.,
2021a). Spurious detections in island1 catalogues (and conse-
quently also in the corresponding fitted component catalogues)
are due to the background noise and artefacts introduced in the
imaging process. Among them, sidelobes around bright sources,
dominate at high S/N levels, e.g. well above the standard 5σ
detection threshold. Spurious detections in component catalogues

1 In source finding terminology, an island (or blob) denotes a group of 4-
onnected pixels in the image under analysis with brightness above a ‘‘merge’’
or ‘‘aggregation’’) threshold (usually chosen in the range 2.5–3.0 σ with respect
o the image background), and around a ‘‘seed’’ pixel with brightness above a
etection threshold (usually 5σ ).

https://doi.org/10.1016/j.ascom.2022.100682
https://www.elsevier.com/locate/ascom
http://www.elsevier.com/locate/ascom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ascom.2022.100682&domain=pdf
mailto:simone.riggi@inaf.it
https://doi.org/10.1016/j.ascom.2022.100682
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re partly due to the presence of spurious islands but, mostly,
o the island over-deblending of existing finders, particularly
hen estimating components of extended or non-gaussian is-

ands. These spurious detections are only rarely automatically
ejected in large area surveys (for example using ad-hoc selection
uts), e.g. the most widely-used approach is identifying them by
isual inspection.
Source identification from multiple non-contiguous islands

nd classification into known classes of astrophysical objects is
nother poorly covered task in traditional source finders. This
s particularly relevant when searching for Galactic objects in
alactic plane surveys. In these studies, the extragalactic objects
onstitute the most numerous background sources (∼ 90% of the
catalogued sources). Although the majority of them have a single-
island morphology, radio galaxies with an extended morphology
(e.g. including multiple islands associated to their physical core,
lobe, or jet components) can easily exceed the number of Galactic
objects previously known in the considered map. For instance,
in the ASKAP Scorpio survey (Riggi et al., 2021a), the number
of islands associated to radio galaxies was found to be a factor
∼3 larger than those associated to known or candidate Galactic
objects previously reported in the literature. Identification and
removal of this kind of sources would therefore ease the search
of unclassified Galactic objects.

Machine learning was already proven to be a valuable tool for
tackling most of the aforementioned tasks. For example, Lukic
et al. (2018, 2020) and Wu et al. (2019) employed deep Con-
volutional Neural Networks (CNNs) for detecting and classifying
radio galaxies in extragalactic fields. New source finders, based
on deep networks, were also recently implemented and made
available to the radio community. ConvoSource (Lukic et al., 2020),
for instance, is a CNN-based tool for semantic segmentation of
radio sources. It was trained on a dataset composed of simulated
compact and extended star-forming galaxies (SFGs) and Active
Galactic Nuclei (AGN) (both steep- and flat-spectrum popula-
tions), as modelled in the SKA Data Challenge I (SDC1) (Bonaldi
et al., 2020). Best performances (precision = 0.73, recall = 0.83,
F1-score = 0.78, all classes, SNR > 5) were obtained on SKA Band
1 simulated maps with high integration times (1000 h).

ClaRAN (Wu et al., 2019), a Faster R-CNN (Ren, 2017) based
model, detects and classifies radio galaxies of different mor-
phological classes, with overall Mean Average Precision (mAP)
ranging from 0.77 to 0.84, depending on the data pre-processing
used. It exploits both real radio and infrared input data, contrarily
to other tools, which only use radio data.

DeepSource (Vafaei Sadr et al., 2019) is another CNN based so-
lution that only detects point-sources, it does not classify objects,
nor does it output a segmentation mask. The reported precision
(recall) values on simulated datasets range from 0.45 (0.85) for
an S/N of 3σ , to 0.99 (0.99) for S/N above 4σ .

Mostert et al. (2022) employed Fast R-CNN architectures to
perform radio-component association from the LOFAR Twometre
Sky Survey (LoTSS) data, obtaining a level of accuracy (∼84.0%)
omparable to that typically reached in crowdsourcing analysis.
In this context, it is important to highlight that all of these

olutions are not directly comparable in performance as they
ere trained and tested on different datasets (real or simulated,
ifferent S/N levels, and dataset sizes, etc.), targeting different
ypes of objects, and producing different types of outputs.

In this work we present a new source finding tool, named
aesar-mrcnn (Compact And Extended Source Automated Recog-
nition with Mask R-CNN), aiming to tackle the discussed aspects
in source extraction, using Mask R-CNN instance segmentation
framework. caesar-mrcnn was trained to both detect and classify
adio sources of different morphologies (compact or extended),
maging artefacts, and poorly imaged sources. The paper is orga-
ized as follows. In Section 2 we describe the radio observations
 a

2

used, and the dataset produced for training and testing scopes. In
Section 3 we describe the Mask R-CNN object detection frame-
work, and source finder implementation details. In Section 4
we present the detection and classification results obtained on
test radio images. Finally, future perspectives are reported in
Section 5.

2. Dataset

2.1. Observational data

2.1.1. ASKAP pilot surveys
The ASKAP EMU early science program was started in 2017,

while the array commissioning was almost completed, to vali-
date the array operations, the observation strategy, and optimize
the data reduction pipeline. In this phase, several pilot surveys
were carried out on target fields, also including the Galactic
plane, bringing first scientific results. Among them, the EMU pilot
survey (Norris et al., 2021) (area = 270 deg2, rms = 25–30
µJy beam−1, angular resolution = ∼12.5′′

× 10.9′′ arcsec, central
frequency = 944 MHz) produced a source catalogue of ∼220,000
sources (∼80% single-component).

The Scorpio field (area = 40 deg2, centred on l = 343.5◦, b =

0.75◦) was the only field observed in the Galactic plane during the
Early Science program, at different epochs, and in different ASKAP
frequency bands. First observations at 912 MHz (Umana et al.,
2021) were carried out with 15 antennas, reaching an angular
resolution of ∼24′′

× 21′′, and 200 µJy beam−1 rms (far from the
alactic plane and bright sources). A compact source catalogue
as reported in Riggi et al. (2021a) for this field.
Recent observations (Ingallinera et al., 2022) with 36 antennas

ere done in all three ASKAP bands. The final total intensity map
as a central frequency of 1243 MHz, ∼9.4′′

× 7.7′′ resolution,
nd ∼50 µJy beam−1 rms. Due to the increased sensitivity, the
umber of detected compact sources increased by a factor 3.

.1.2. ATCA Scorpio survey
ASKAP observations (see Section 2.1.1) complemented and

ignificantly increased the field of view reached in previous ob-
ervations of the Scorpio field (∼8.4 square degrees), carried out
ith the Australia Telescope Compact Array (ATCA) at 2.1 GHz
rms ∼30–40 µJy/beam, 9.8′′

× 5.8′′ angular resolution) (Umana
t al., 2015), for which a compact source catalogue was reported
n Riggi et al. (2021a).

.1.3. The Radio Galaxy Zoo (RGZ) dataset
The Radio Galaxy Zoo (RGZ) (Banfield et al., 2015) is a citizen

cience project where volunteers can classify radio galaxies and
heir host galaxies from radio and infrared images, made available
hrough a web interface. More than 12,000 citizens contributed
o the first Data Release (DR1) (Wong et al. in prep.), containing
75,000 sources. The radio data used in the project are mainly

∼99% of the sources) taken from the Faint Images of the Radio
ky at Twenty cm (FIRST) survey (1.4 GHz, angular resolution
5′′) (Becker et al., 1995), with only ∼1% of the sources from

he Australia Telescope Large Area Survey (ATLAS) (Norris et al.,
006).
In this work we have used a subset2 of the RGZ DR1, produced

y Wu et al. (2019), and including only RGZ sources from VLA
ata (e.g. no sources from ATLAS survey were included) with
onsensus level ≥0.6 and with less than three components or
eaks. Radio galaxies in the dataset are labelled into multiple
lasses, according to the observed number of components (C) and
eaks (P): 1C-1P + 1C-2P + 1C-3P (68%), 2C-2P + 2C-3P (21%),
C-3P (11%).

2 FITS images and relative annotation files available at https://cloudstor.
arnet.edu.au/plus/s/agKNekOJK87hOh0.

https://cloudstor.aarnet.edu.au/plus/s/agKNekOJK87hOh0
https://cloudstor.aarnet.edu.au/plus/s/agKNekOJK87hOh0


S. Riggi, D. Magro, R. Sortino et al. Astronomy and Computing 42 (2023) 100682

2

t
s

F

m
t

F
s
f
s
d
f
c
(
s
i
l
t
s
a
s
t
b

w
t
a
r
p
t
t
i
u
C

e
d
s
s
n
s
(
s
s
s
i
F
u

a
m
r

d
1
c
=

s

t
s

.2. Source labelling scheme

In accordance with the scientific use case described in Sec-
ion 1, we considered five object classes as the targets for our
ource finder:

1. compact: including single-island isolated point- or slightly
resolved compact radio sources, eventually hosting one or
more blended components, each with morphology resem-
bling the synthesized beam shape;

2. extended: including radio sources with a single-island
extended morphology, eventually hosting one or more
blended components, with some deviating from the syn-
thesized beam shape;

3. extended-multisland: including radio sources with an ex-
tended morphology, consisting of more (point-like or ex-
tended) islands, each one eventually hosting one or more
blended components;

4. spurious: including spurious sources, due to artefacts in-
troduced in the radio map by the imaging process. Arte-
facts can be of different types, often with patterns follow-
ing the UV coverage of the array. We are limiting here
to sidelobes around bright sources, which have a ring-
like or elongated compact morphology. They are typically
also bright, thus passing the 5σ significance threshold ap-
plied by many traditional source finders,3 and reducing the
catalogue reliability even at high S/N levels;

5. flagged: including single-island radio sources, with com-
pact or extended morphology, that are poorly imaged and
cannot be separated from close imaging artefacts. These
sources are typically very bright, and are to be excluded
from the source catalogue, or at least flagged, as their
properties (e.g. flux density, shape) cannot be reliably mea-
sured.

or analysis scopes, we also define a parent class SOURCE, in-
cluding real and non-flagged sources, i.e. object instances of
class compact, extended, or extended-multisland. Sample im-
ages from the dataset, with labelled objects superimposed, are
reported in Fig. 1.

We are deliberately adopting a simple and conservative la-
belling scheme, that is science-agnostic (e.g. the astrophysical
nature of each source is not considered nor forced), only relying
on the radio continuum (e.g. no comparison with other wave-
lengths involved), and using broad morphological categories that
can be widely understood and adopted in different radio domains
as a first-order tagging scheme before more refined classification
stages are applied (e.g. typically employing unsupervised or self-
supervised methods). Our first goal is, in fact, to produce a model
that can identify radio sources (irrespective of their morphology,
e.g. compact, single- or multi-island extended), from artefacts
and poorly imaged sources. Then, as a secondary step, we would
like the model to provide indications about the source morphol-
ogy, that can be eventually used as inputs for new classification
algorithms.

Furthermore, for this work, we did not consider diffuse
sources, e.g. extended sources without sharp edges typically
found along the Galactic plane. We, however, plan to include
them as a new object class in a future version of the dataset.

3 Some source finders, like PyBDSF, have recently implemented strategies to
inimize sidelobe extraction, based on an improved rms noise estimation close

o bright sources.
 s

3

2.3. Dataset preparation

To build our dataset, we searched for sources of all classes,
as defined in the previous paragraph, in the available radio data
described in Section 2.1. As the data preparation process to label,
segment and inspect sources require significant efforts, we did
not use the full image and source catalogue samples available for
some observations.

Input image cutouts (single-channel, size 132 × 132 pixels,4
ITS format) were extracted from the reference data. To train our
ource detection framework, a series of mask images are required
or each input image, each of them containing the object binary
egmentation. A raw object segmentation was preliminarily pro-
uced with the caesar source finder (Riggi et al., 2016, 2019)
or each cutout and later refined by visual inspection using a
ollaborative approach. caesar default parameter configuration
see Riggi et al., 2019) worked in the majority of cases for point
ources, without requiring manual refinement of the mask. This
s not always the case for extended sources, in which the diffuse
obe emission is often missed by the finder at the standard 5σ
hreshold. A refinement is also typically needed to separate bright
ources and their surrounding artefacts, that are often blended
nd extracted by the finder as a unique island. Finally, fainter
ources missed in the automated process were manually added
o the list of labelled objects when clearly distinguished from the
ackground noise.
Raw data (input images, segmentation regions in DS9 format)

ere first ‘‘anonymised’’ (e.g. WCS parameters and any observa-
ory reference metadata were removed from the image header)
nd then made available to a data preparation team in a git
epository. The team was divided into different groups (3 or 4
eople per group), each of them manually inspecting and revising
he classification labels and pixel segmentation for a subset of
he raw data. Masks are, finally, automatically produced from the
mproved segmentation regions. Both raw and final data are kept
nder version control during the process, using the Data Version
ontrol (dvc) framework.5
Results and source counts obtained per each class and refer-

nce telescope are summarized in Table 1. The final, accumulated,
ataset consists of ∼12,700 images, comprising ∼30,500 compact
ources, ∼3300 extended sources, ∼1600 multi-island extended
ources, ∼2400 spurious sources, and ∼290 flagged sources. The
umber of available images is not severely unbalanced with re-
pect to the telescope source: ∼45% (VLA), ∼32% (ASKAP), ∼23%
ATCA). Compact sources are the most abundant objects in the
ample (∼80%), followed by extended single- or multi-island
ources (∼13%), which are mostly (∼64%) obtained from VLA ob-
ervations.6 The number of available spurious and flagged sources
s smaller than 7%, largely obtained from ASKAP observations.
uture versions of the dataset should aim to reduce the class
nbalances reported above.
In Fig. 2 we report the distribution of each object class as
function of the computed source signal-to-noise ratio (SNR),
aximum source size (e.g. the largest dimension of the source

otated bounding box, expressed as multiple of the synthesized

4 The source cutout size in pixels was chosen equal to that used in the RGZ
ataset, corresponding to a 3 arcmin × 3 arcmin field of view for a pixel size of
.375′′ in FIRST images. The ratio between the image psf and pixel size is rather
omparable among the different surveys used in the dataset (VLA = 3.6, ASKAP
5, ATCA = 3.9) so we do not expect significant discrepancies for compact

ource detection due to different psf sampling.
5 https://dvc.org/.
6 The predominance of VLA extended sources is at present mostly due to

he limited area covered by some ASKAP/ATCA surveys (e.g. the Scorpio field
urvey) compared to FIRST survey coverage, and to the limited labelling efforts
pent so far in those surveys compared to RGZ crowd-sourcing.

https://dvc.org/
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h

Fig. 1. Sample radio images from the dataset with ZScale transform applied (see Section 2.4), and rotated bounding boxes of all labelled objects superimposed:
compact sources are shown in blue, extended in green, extended-multisland in orange, spurious sources in red, and flagged sources in gray. Below each panel, we
report the image telescope source.
beam size), and aspect ratio (e.g. the ratio between the larger and
the smaller rotated bounding box dimensions). Labelled compact
sources have a roundish shape in most cases (single-component),
and SNRs decreasing below the 5σ threshold. Spurious sources
ave SNRs well above the 5σ threshold, and an elongated shape

in most of the cases. Extended sources are, as expected, the
largest and most elongated objects in the dataset. Flagged sources
are the brightest objects in the dataset. Many have a roundish
shape, much larger than the synthesized beam shape.
4

2.4. Data pre-processing

A pre-processing step was applied to the images before be-
ing given as classifier inputs. Any ‘NaN’ pixel value was first
set to the image minimum (e.g. the smallest finite value) and
pixel values were normalized using a ZScale transform (National
Optical Astronomy Observatory, 1997). Finally, pixel values were
normalized in the range [0,255] and input images transformed
to 3-channel RGB (by replicating the single grey level channel)
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Table 1
Number of images (Column 2) and object instance counts (Columns 3–10) per each class and radio telescope source (Column 1, see Section 2.1 for details) in the
produced dataset. For the class ‘‘extended-multisland’’ we report the total number of objects (Column 5) and the number of objects with 2, 3 and more than 3
islands, respectively in Columns 6–8.
Telescope #Images #Objects

Compact Extended Extended-multisland Spurious Flagged

All 2 3 >3

VLA 5780 5969 1740 1504 1180 315 9 4 –
ASKAP 4090 15475 685 59 45 11 3 2276 286
ATCA 2904 9089 924 120 85 33 2 206 5

All 12 774 30533 3349 1683 1310 359 14 2486 291
Fig. 2. Scatter plots of the source signal-to-noise ratio (SNR), maximum source size and aspect ratio for all object classes. See text for parameter definition.
s the original model architecture was designed to work with
GB images. No background subtraction step was applied to the
esulting images, as the network is expected to learn the noise
attern from the data.
During training only, image augmentation is used to prevent

he model from overfitting. A random number of augmentation
teps (0 to 2) are applied to each image before being processed
y the model. The augmentation operations implemented are:
lipping left to right and upside down, rotating 90 deg clockwise
r anti-clockwise, and image translations. How many and which
perations are applied to a particular image are random and
ifferent each epoch.

. Caesar-mrcnn

.1. Mask R-CNN: A framework for object detection and classifica-
ion

Mask R-CNN is a deep learning model that has been recently
roposed, combining the capability of performing object detec-
ion, classification, and instance segmentation on images. The
lgorithm was developed by the Facebook AI Research team in
017 and has been used in many computer vision problems such
s identifying vehicles or faces (He et al., 2017), marine mam-
als (Gray et al., 2019), and astronomical optical sources (Burke,
019). Mask R-CNN is built upon, and shares a similar architec-
ure to its predecessor Faster R-CNN (Ren, 2017). The additions
nclude a Feature Pyramid Network (FPN) as part of the back-
one, replacing the region of interest (ROI) pooling step with
ROI align, and the addition of a fully convolutional network

FCN) for predicting mask instances. Fig. 3, reproduced from Yang
t al. (2020), shows a high-level schematic of the Mask R-CNN
rchitecture.
5

3.1.1. Feature pyramid network
In the first Mask R-CNN stage, an image is passed to a Feature

Pyramid Network, which serves as the backbone architecture for
extracting object features at multiple scales. The FPN is built on
two pyramid-like pipelines called the bottom-up pathway and
the top-down pathway (Lin et al., 2017).

The bottom-up pathway uses a Residual Network (ResNet)
having 5 stages (a pyramid level) with Residual Blocks (He et al.,
2016) to generate a number of feature maps each with varying
filters. The number of Residual Blocks and their depth depends
on the size of the network.

The top-down pathway traverses the second pyramid by pick-
ing the highest feature map from the bottom-up pathway as its
highest map. These undergo a 1 × 1 convolution to reduce the
channel dimensions. Lateral connections, similar to skip connec-
tions in ResNet, add the upsampled feature map to the 1 × 1
convolution to create the next feature map (Lin et al., 2017, Fig.3).
This process continues for all layers in the corresponding bottom-
up pathway. To create the final feature maps, each layer in the
top-down pathway undergoes a 3 × 3 convolution. Additionally,
a fifth feature map is created from a MaxPool operation on the
highest feature map from the top-down pathway and is only used
during the Region Proposal Network (RPN). This process allows
these semantically strong features to be present at any level of
the hierarchical structure, and lower resolution layers to detect
features like edges and higher levels detecting objects (He et al.,
2016). The feature maps are then passed to the Region Proposal
Network (RPN) to determine the Regions of Interest (ROI).

3.1.2. Region proposal network
The RPN is a network that scans over regions on the feature

maps called anchors, a concept introduced in Faster R-CNN (Ren,
2017), which replaces the selective search algorithm in Fast R-
CNN (Girshick, 2015). Many anchors (configurable in number) are
suggested with predetermined sizes with respect to the original

image, and aspect ratios (to cover for various box/rectangle ratios)
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Fig. 3. Mask R-CNN architecture.
Source: Reproduced from Yang
et al. (2020).
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are scanned in parallel. The RPN has a classifier to predict whether
the region is either foreground or background (with an objectness
score). Aside from classification, objects are localized through
bounding box regression. Each object therefore is described by
bounding box offsets and a class label.

Results from this classifier are sorted by objectness score, and
only a specific number of anchors with the highest objectness
score are kept. Furthermore, anchors with incorrect sizes or co-
ordinates (negative anchors) are dropped. Another pruning step
is the consideration of the Non Maximum Suppression (NMS)
parameter which is a predefined ratio that compares the Inter-
section over Union (IoU) between overlapping anchors, removing
ones with an IoU greater than the threshold. The net effect is
that duplicate object detection anchors are removed. The remnant
region proposals, called ROIs are passed on to the next stage.

3.1.3. Bounding box and mask branches
Prior to bounding box branch processing, each ROI is mapped

to their corresponding feature map, and will need ROIAlign to
resize the dimensions to a defined pool size. The task of ROIAlign
is to grid the ROI into equal segments, applying bilinear interpo-
lation to each. The application of ROIAlign has shown to improve
mask predictions compared to the previous technique of ROIPool
in Faster R-CNN, which suffered from poor mask quality and
regular spatial misalignment of mask pixels.

With every ROI pooled to the same size, ROIs are passed to
a fully connected layer for object classification and another fully
connected layer for the final bounding box regression. These op-
timized bounding boxes are used in the mask branch to produce
the mask predictions. Similar to the Bounding Box Branch, the
ROIs also need to be passed through the ROIAlign process. At the
end of this mask branch, ROIs are fed into a FCN which outputs
a per-pixel prediction, coupled with a scaled 28 × 28 mask for
each instance. The FCN, first introduced in 2015, contains 4 stages
of 3 × 3 convolutions, Batch Normalization and ReLu activation
layer to classify the pixels in the ROIs (Long et al., 2015). A
deconvolution layer is used to resize the image to 28 × 28. A final
1 × 1 convolution with a sigmoid activation is used to classify
object instances into their corresponding classes.
 m

6

3.1.4. Loss calculation
The multitask loss equation calculated during training for each

ROI is computed as:

L = Lclass + Lmask + Lbox (1)

Lclass is calculated as follows for the RPN, describing the ability
f the classifier to separate between foreground and background,
nd for the ROI classifier in stage two:

class = − log pu (2)

here pu is the probability of an anchor/ROI belonging to true
lass label u.
Similarly to Lclass, Lbox also has two components and describes

he box branch’s ability to localize objects during the bounding
ox regression:

box =

∑
i=1

Lsmooth
1

(
tui − vi

)
(3)

smooth
1 (x) =

{
0.5x2, if |x| < 1
|x| − 0.5, otherwise

}
(4)

here tui and vi are the predicted and ground truth bounding box
oordinates in pixels, respectively.
Lmask is described as the average binary cross entropy per pixel

nd describes the mask heads’ ability to classify each pixel value
n a mask of size m × m for each class K:

mask = −
1
m2

m∑
i,j=1

[yKij log ŷij +
(
1 − yKij

)
log

(
1 − ŷij

)
] (5)

The final outputs of Mask R-CNN are optimal bounding box
etections for each object in an image, the corresponding class
abel together with a probabilistic confidence, as well as a binary
ask for each object instance.
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Fig. 4. Sample caesar-mrcnn outputs (bounding boxes, segmentation masks and classification score of detected objects) on three sample images from our dataset.
eft panel: compact (blue) and single-island extended sources (yellow), taken from ATCA data; Centre panel: 2-island extended source (orange) and compact sources
blue), taken from RGZ data; Right panel: flagged source (grey) surrounded by imaging artefacts (red) and non-flagged compact sources (blue), taken from ASKAP
ata.
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.2. Model implementation

caesar-mrcnn is based on a Mask R-CNN implementation7
ritten in python and using the TensorFlow (Abadi et al., 2015)
nd Keras (Chollet et al., 2015) libraries. We made, however, a
umber of modifications and extensions with respect to the orig-
nal implementation, described in the following paragraphs and
ublicly available at https://github.com/SKA-INAF/caesar-mrcnn.

.2.1. Data loading
As the original Mask R-CNN implementation only supports

GB images (e.g. PNG format, usually) as inputs, we added a data
oader for 2D FITS images, the typical format of radio continuum
ata, as well as a series of pre-processing options to transform
he scale of input data before training. In this case, as pre-trained
odels and weights are only available for 3-channel images, the
ata loader reshapes the input image to 3 channels by replicating
he single greyscale channel. Nevertheless, we also added support
or training the model from scratch directly on single channel
greyscale) images.

Input images can be either small cutouts, e.g. with size com-
arable to the Mask R-CNN IMAGE_MAX_DIM parameter (typically
56, 512 or 1024 pixels per side), or larger images if the parallel
rocessing mode is activated (see Section 3.2.3).

.2.2. Post-processing and data outputs
Once the model is trained, for each input image, Mask R-

NN outputs a list with the detected objects (one binary mask
rray per object) with corresponding detection confidence score
n range [0,1], and a classification label. We then implemented
series of post-processing steps to produce the final list of

etections:

1. Select objects detected with a score above a configurable
threshold (0.7 by default);

2. Merge overlapping or connected objects detected with the
same classification label, or retain only the object with the
largest score otherwise.

n Fig. 4 we show a typical output obtained after the post-
rocessing stage on three different images, containing sample ob-
ects of all classes. For each image, we superimposed the detected
bjects with their masks (coloured by label) and the detection
core.

7 https://github.com/matterport/Mask_RCNN.
 t

7

3.2.3. Run options and processing
caesar-mrcnn can be run from the command line as:

python run.py [OPTIONS] [RUN MODE]

Currently, three run modes {train, test, detect} are supported.
rain and test modes are used to train (or re-train) a model and
stimate detection and classification performance, respectively. In
he detect (or source finding) mode, the tool uses a trained model
o detect objects from an input image, finally producing source
atalogue outputs.
We considerably improved the original tool configuration, pro-

iding over 60 command-line arguments to specify the parame-
ers to be used in training, testing, and detection mode. Table A.2
ncludes the list of all accepted command-line arguments, along
ith a description, default and accepted values.
To support detection on larger images, we produced a parallel

mplementation, based on mpi4py library,8 splitting the detection
ask on multiple image tiles across different processors, eventu-
lly merging individual detections found in adjacent tiles. The
arallel version, still experimental at the time of writing, can be
un as:

mpirun -np [NPROC] python run.py [OPTIONS] [RUN MODE]

where nproc is the number of MPI processes to be used. Ad-
ditional options are provided to configure the desired tile size
and overlap. For example, in Fig. 5 we report the detections
obtained in parallel mode (nproc = 4, tile size = 512 pixels) over a
2000 × 2000 pixel image taken from the Scorpio ASKAP survey.

3.2.4. Data outputs
The main data products produced in the train/test run mode

re the trained model weights in HDF5 format, diagnostic images
howing the obtained detections over the input images, and
esired metric table files.
In the detect (or source finding) mode, caesar-mrcnn currently

roduces these outputs for an input image:

1. a catalog of detected objects in json format,9 including
these parameters:

• source position parameters: centroid, bounding box,
pixel list, contour;

8 https://mpi4py.readthedocs.io/en/stable/.
9 This output corresponds to the source island catalogue produced by

raditional source finders.

https://github.com/SKA-INAF/caesar-mrcnn
https://github.com/matterport/Mask_RCNN
https://mpi4py.readthedocs.io/en/stable/
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Fig. 5. Sample image (2000 × 2000 pixels) taken from the Scorpio ASKAP
survey with sources extracted by caesar-mrcnn in parallel mode superimposed
(blue: compact sources, yellow: extended).

• source flux parameters: integrated flux density, peak
brightness, pixel brightness stats (e.g. min/max, me-
dian, standard deviation, etc.), and flags (e.g. source
at the map border, etc.);

• classification parameters: class label, classification
score;

2. a DS9 region file, with detected sources (polygon region
format), with classification tags applied;

3. a diagnostic plot (in PNG format), showing the input image
and the detected sources, with superimposed pixel masks,
bounding boxes, and classification scores;

Source components for each detected island are deliberately not
provided (e.g. no deblending or gaussian fitting is performed), as
these can be obtained using standard source finders that already
implement such processing stages, like caesar or others widely
used in the radio domain. Integration of caesar-mrcnn and caesar
is in fact ongoing.

4. Results

4.1. Model training and parameter optimization

The full image set described in Section 2 was randomly split
into a train, validation, and test set, containing 60%, 10%, and
30% of the original sample size, respectively. Several training
runs were then carried out on the train and validation sets to
tune Mask R-CNN hyper-parameters, and understand their impact
on the source detection and classification performance (see Sec-
tions 4.2 and 4.3). Most parameters were kept to their defaults
(see A.1, column 2), while we varied the following ones for our
source detection purposes (see A.1, column 3):

• IMAGE_MAX_DIM: Image size (in pixels) used to resize orig-
inal images before being given as backbone network inputs.
We set this parameter to an intermediate value (256) be-
tween the original image size (132) and the default (1024),
8

to slightly increase the sky field of view ‘‘seen’’ by the model
in full-image/mosaic applications, and to limit training run-
times (largely dependent on input image size);

• RPN_ANCHOR_SCALES: Anchor scales control the typical ob-
ject size in pixels Mask R-CNN is sensitive to. For a general-
purpose model, aiming to detect both compact and ex-
tended sources, we have considered these scales10 on the
basis of expected source sizes in our dataset and input image
resize choice: (8, 16, 32, 64, 128);

• RPN_ANCHOR_RATIOS: Anchor ratios control the typical ob-
ject aspect ratio Mask R-CNN is sensitive to. A value of 1
represents a square anchor, while values <1 or >1 represent
elongated anchors along both dimensions. On the basis of
expected aspect ratios in our dataset, to improve detection
of single- or multi-island extended sources, we considered
a wider set of anchor ratios: (0.2, 0.3, 0.5, 1.0, 2.0, 3.0, 4.0,
5.0);

• LOSS_WEIGHTS: By default all loss components are equally
weighted before being summed up to compute the to-
tal model loss (see Section 3.1.4). In all runs, however,
we noticed a large unbalance between segmentation loss
(‘rpn_bbox_loss’, ‘mrcnn_bbox_loss’, and ‘mrcnn_mask_loss’)
and classification loss (‘rpn_class_loss’ and the ‘mrcnn_class
_loss’) components, the former being an order of magnitude
larger. The first three of these losses refer to how well the
model is drawing bounding boxes and pixel masks over the
objects, whereas the last two refer to how well the model is
classifying the detected objects (higher loss implies poorer
performance). This could be an indication that the model
is learning more to segment sources than to classify them.
We therefore downscaled classification losses by a factor 10
(e.g. we have set ‘rpn_class_loss’ and the ‘mrcnn_class_loss’
weights to 0.1), to rebalance all loss contributions. This led
to a net increase in performance over the alternative model
trained with equal loss weights.

The ResNet-101 backbone network was trained from scratch, as
we obtained slightly superior performances in this case, com-
pared to a pre-trained backbone on ImageNet dataset.11 A num-
ber of 150 epochs was found a suitable compromise to limit
training runtimes and data overfitting (evaluated on validation
set). Measured runtimes over train and validation sets on a DELL
PowerEdge R740 server (2×Intel Xeon Gold 6248R 3.0 GHz, 24
cores each, 512 GB RAM) equipped with 1 Quadro RTX 6000 GPU
are of the order of ∼1800 s per epoch (∼3 days to reach 150
epochs). Once trained, however, the detection run is considerably
faster, e.g. 2–3 s per image on a standard laptop without GPU
(e.g. a quad-core Intel 2.3 GHz, 16 GB RAM).

4.2. Source detection performance

To evaluate how well the model detects radio sources (i.e. ob-
jects of class source, see Section 2.2), irrespective of their mor-
phology classification, we considered the following conventional
metrics, computed over the test set:

• Completeness (C): Fraction of true sources matching a Mask
R-CNN detected object of class label source and score larger
than a specified threshold, i.e. the completeness for compact
sources is the fraction of those sources that have been la-
belled as compact that get detected by the algorithm (above
some threshold), regardless of what source class the algo-
rithm assigns them to;

10 The network architecture supports up to five scales.
11 https://www.image-net.org/.

https://www.image-net.org/
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Table 2
Object detection metrics (Completeness C , Reliability R) obtained with the best performing model over the test sample for different
classes and telescope data sources. IoU and score threshold were set to 0.6 and 0.5, respectively. Metrics are not reported when the
number of available true objects is smaller than 20.
Metric Telescope source Spurious Flagged

All Compact Extended Extended-multisland

C (%)

vla 78.5 82.2 74.2 68.3 – –
askap 92.4 92.9 84.8 – 47.9 79.7
atca 88.6 89.9 82.6 – 31.8 –

all 87.8 89.9 78.9 65.4 46.4 77.9

R (%)

vla 48.5 40.8 87.2 88.1 – –
askap 70.8 70.6 77.6 – 39.1 88.7
atca 67.7 66.5 85.0 – 18.5 –

all 63.5 61.5 84.4 87.6 36.7 88.0
Fig. 6. Distribution of Intersection-over-Union (IoU) values, computed between
matched ground truth and detected object masks, for different true source
classes as a function of the source max size.

• Reliability (R): Fraction of Mask R-CNN detected objects,
classified as sourcewith score larger than a specified thresh-
old, that indeed match to true sources;

match is assumed between a true and a detected object if the
oU computed between their segmentation masks is larger than
specified threshold, set to 0.6 by default. Score threshold was
et to 0.5. In Fig. 6 we report the IoU distribution of matched
ources for different source classes as a function of source max
ize, showing that masks are reconstructed with good accuracies
n average (<IoU>∼0.8 for all classes) above the default IoU
hreshold.

Detection metrics obtained with the best performing model
re reported in Table 2. As can be seen, compact sources are
etected with high completeness (∼90%) and moderate reliability
∼60%), overall. Extended sources, particularly multi-island ones,
re more frequently missed (C ranging from 65% to 80%), but
etected with much better reliabilities (>85%). For the sake of
ompleteness, we also reported metrics for spurious and flagged
ources, although they are not relevant for source cataloguing
copes. Metrics were also re-computed by excluding sources lo-
ated at the image borders, to search for possible boundary ef-
ects. We did not find a significant completeness increase overall
∼2%), pointing out that the model is indeed capable of detecting
ources even if their segmentation mask is partially cut.
In Fig. 7 we report the detection metrics obtained as a function

f the applied IoU match threshold for the entire data sam-
le (black lines) and for each source class (coloured lines). As
9

Fig. 7. Completeness (solid black line) and reliability (dashed black line) metrics
as a function of the applied IoU match threshold. Results for compact, extended
and extended-multisland sources are reported with blue, green and orange lines,
respectively.

expected, performances degrade as we increase the IoU thresh-
old. The default value (0.6) was set to ensure that a reasonable
fraction of the extended source mask is matched. We, however,
observed from a visual inspection of the detections that this
choice is suboptimal for compact sources, as it cuts good matches
for sources at lower SNRs and smaller sizes compared to the beam
(see Fig. 6), effectively decreasing the completeness. A lower
threshold (0.4), increasing with the source size, would thus be
preferable for matching compact sources to the fixed threshold
default.

4.2.1. Performance for different radio surveys
Our dataset contains images taken from a number of sur-

veys, in which target objects are imaged at different resolution
and with different background conditions. This could certainly
help the model generalization capabilities for application to new
survey data, provided that a reasonable balance in the num-
ber of objects from each reference survey is reached. This is
unfortunately not yet the case for our dataset, nor for other
available datasets (e.g. the RGZ, or similar ongoing projects).
For this reason, it makes sense to inspect how the achieved
performances depend on the considered survey. We therefore
computed the model metrics on images from the three telescope
source (VLA, ASKAP, ATCA), separately, reporting them in Table 2.
In most cases, the number of available images is too small to
draw firm conclusions, however, some interesting trends can be



S. Riggi, D. Magro, R. Sortino et al. Astronomy and Computing 42 (2023) 100682

o
e

r
a
i
R

Fig. 8. Top: Completeness (left panel) and Reliability (right panel) metrics obtained over the test set on compact sources as a function of source SNR and max size.
Bottom: Completeness (left panel) and Reliability metrics obtained over the test set on joint single- and multi-island extended sources as a function of source max
size and aspect ratio.
noticed where we have a sufficiently large statistics of objects.
For example, VLA images are largely responsible for the low
overall reliability obtained on compact sources. This is likely due
to a larger fraction of noisy images compared to other survey
data. The reliability values found for extended sources among
the available survey data are not easily comparable as they were
found to have a different origin. In fact, a visual inspection of
the false detections shows that the majority of them in VLA
images are actually components of true multi-island sources that
were not fully detected (e.g. only an extended component was
detected, while the others went either undetected or misdetected
as compact) and do not pass the IoU match threshold. On the
other hand, in ASKAP and ATCA images (taken in the Galactic
plane) they largely correspond to portions of extended sources
or diffuse regions that were not labelled as true sources (∼25%
f them located at the image borders), and to spurious or flagged
xtended sources in a minor percentage (∼4%).
To further characterize the impact of different surveys in the

esults, we trained a new Mask R-CNN model on VLA image data
lone, and computed the performance metrics on the remain-
ng test dataset made of exclusively ASKAP and ATCA images.
esults, reported in Table 3, show a degradation of ∼10% in
10
model detection performance on test set with respect to previous
analysis (Table 2), highlighting that using a mixture of survey
data indeed improved the model generalization capabilities. In
light of these indications, the preparation of curated datasets
and transfer learning activities on a telescope- or survey-basis12
are therefore unavoidable to port and fully exploit existing deep
models (mostly trained on past survey or simulated data) on
future SKA and precursor surveys.

4.2.2. Performance against source parameters
In Table 2 we reported results over the full test set, but we

expect detection performance to depend on object signal-to-noise
(SNR) (particularly for compact sources) and shape (particularly
for extended and spurious sources), so we computed metrics as
a function of object SNR, size and aspect ratio. In Fig. 8 (top
panels) we report the completeness and reliability for compact
sources as a function of source SNR and max size. Source counts
obtained in each bin are reported in Fig. B.1. As expected, lower
performances are obtained for fainter sources with size smaller

12 To this aim, new crowdsourcing initiatives were launched within SKA
precursors, such as the LOFAR and EMU Radio Galaxy Zoo.
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Table 3
Object detection metrics (Completeness C , Reliability R) obtained with the best performing model trained on VLA data images alone
(see text) for different classes and telescope data sources. IoU and score threshold were set to 0.6 and 0.5, respectively. Metrics
obtained on the VLA train dataset are reported in rows (1) and (5), while results on the ASKAP/ATCA test sets are reported in rows
(2–4) and (6–8).
Metric Telescope source

All Compact Extended Extended-multisland

C (%)

vla 81.9 82.2 83.7 78.9

askap+atca 75.1 75.8 67.3 46.1
askap 75.6 76.2 64.1 60.0
atca 74.4 75.3 69.7 39.2

R (%)

vla 54.5 45.4 92.5 83.9

askap+atca 63.7 64.0 71.4 30.2
askap 67.8 69.2 55.1 24.9
atca 58.1 56.4 85.0 37.1
Table 4
Object classification metrics (Recall R, Precision P , F1 score) obtained with the best performing model over the test sample for
different classes and telescope data sources. Metrics are not reported when the number of available true objects is smaller than 20.
Metric Telescope Compact Extended Extended-multisland Spurious Flagged

R (%)

vla 98.5 81.1 90.6 – –
askap 99.5 70.2 – 88.2 81.7
atca 99.5 81.0 – 61.4 –

all 99.3 78.5 88.2 85.7 80.5

P (%)

vla 97.0 85.7 90.8 – –
askap 97.7 89.5 – 97.2 91.3
atca 97.7 93.4 – 84.4 –

all 97.6 88.8 89.3 96.3 90.5

F1 (%)

vla 97.7 83.4 90.7 – –
askap 98.6 78.7 – 92.5 86.2
atca 98.6 86.7 – 71.1 –

all 98.4 83.4 88.8 90.7 85.2
than the synthesized beam size, although the observed reliability
drop threshold is higher (SNR = 10–20) compared to that ob-
erved in traditional finders on simulated data (SNR∼5). From a
isual inspection of the false detections, we noticed that many
re dubious, e.g. they can well be real sources that were not
nnotated as ground truth, so there is a chance that the computed
eliability is underestimated.

In Fig. 8 (bottom panels) we report the same metrics obtained
n single- and multi-island extended sources as a function of
he source max size and aspect ratio. Results show that very
xtended (>20 × synthesized beam size) and elongated sources
re more easily missed by the model. As we did not observe any
mprovement with larger anchor scales (16, 32, 64, 128, 256), we
onclude that this is likely due to the limited number of very
xtended sources in the training sample,13 and to the Mask R-
NN architecture which generally does not perform particularly
ell on thin and elongated shapes (Looi et al., 2019), ‘‘due to their
hinness and curvature and therefore small area relative to the
rea of their associated ROIs’’ (Frei et al., 2021).

.3. Source classification performance

We computed the following conventional metrics on the test
et to evaluate how well the model classifies the detected objects,
atched to ground truth objects, into the defined classes:

• Recall (R): Fraction of true objects correctly classified by the
model, out of the total number of true objects matching a
Mask R-CNN detected object (as defined in Section 4.2);

13 At present, there are only 45 sources in the training sample with max size
arger than 20 and aspect ratio larger than 3.
11
Fig. 9. Confusion matrix obtained with the best performing model over the
test set. Rows (y-axis) are the true class labels, while columns (x-axis) are the
predicted class labels.

• Precision (P): Fraction of correctly classified objects out of
the total number of detected objects, matching to a true
object (as defined in Section 4.2);

• F1 score: the harmonic mean of precision and recall:

F1 = 2 ×
P × R
P + R

(6)

Classification metrics per each class and telescope data source
are reported in Table 4. Overall, we obtained good classification
performances (F1 > 80%) for all classes, without significant
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Fig. 10. Sample images with misclassified multi-island extended sources.
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ifferences among the three telescope survey data, except for
xtended sources in ASKAP which are more misclassified as
ompact sources compared to other surveys. Unfortunately, the
umber of available data is rather small in this case to confirm
his trend.

In Fig. 9 we report the confusion matrix obtained with the best
erforming model over the test set. Matrix elements cij represent
he fraction of true objects of class i that are classified as class j.
s can be seen, a large percentage (>80%) of the detected sources
particularly compact sources) are correctly classified in their
orphological class. About 17% of the labelled extended sources
re misclassified as compact sources, while ∼10% of multi-island
xtended are classified as extended. From a visual inspection of
he results, we noticed that all extended sources classified in
he compact class are small and more roundish compared to
he rest of extended sample, e.g. maxSize < 5 and aspectRatio
3. Misclassifications of multi-island extended sources in the

xtended class are instead due to the fact that one or more
ource islands are either not detected (like the example shown
n Fig. 10(a)) or not associated to the same object (e.g. classified
s compact in most cases, like for example in Fig. 10(b)). We
lso found cases (e.g. see Fig. 10(c)) in which the true source
slands are disjoint, but very close to each other (1 or 2 pixels
part). Mask R-CNN was able to segment the entire object, but
heir detected masks were merged into one, leading to the final
lassification as extended source.
It is interesting to observe the misclassification rate for spu-

ious and flagged sources, as this eventually affects the source
atalogue reliability. Roughly, 14% of labelled spurious sources
re classified as compact sources, while ∼20% of flagged sources
re classified as non-flagged. Although it is certainly desired to
educe the contamination percentage in the future, it is worth
o stress that this is already a huge step forward towards cata-
ogue automation, compared to the current scenario existing in
ost small- or large-area surveys, in which flagged and spurious
ources are removed by visual inspection.

. Summary and outlook

In this work we have presented a new source finding tool,
ased on the Mask R-CNN instance segmentation framework, for
etecting and classifying compact, extended, flagged and spurious
ources in radio continuum maps. The method was tested on a
ataset of images extracted from different radio surveys, includ-
ng ASKAP EMU Early Science and pilot data, and performances
ere studied for different parameter values. The implemented
 f

12
tool offers these novelty aspects when compared to traditional
radio source finders or other existing deep learning tools:

1. It provides object segmentation masks and not only bound-
ing boxes as existing deep source finders;

2. It is capable of automatically detecting imaging artefacts
around bright sources and flagged sources to be excluded
from the source catalogue. Existing finders do not provide
this feature;

3. It is capable of automatically detecting extended sources
broken down into multiple islands. Traditional source find-
ers lack this feature;

4. It is capable of running on large radio maps in parallel
mode, not just on small cutouts as in many traditional and
deep learning finders;

5. It makes use and was tested on real data from different
radio telescopes, although with limited and unbalanced
samples, compared to most tools that were trained on
simulated data or real data from one specific telescope.

There are also features that our tool intentionally does not pro-
vide with respect to traditional finders, e.g. component detection
and measurement through island fitting, as the final goal is mak-
ing existing and new tools interoperable, exploiting their offered
benefits and peculiarities.

Overall, we found promising source detection performance
metrics. On compact sources, we obtained a good completeness
(∼90%), but a modest reliability (∼60%), mostly driven by the
oor estimate on VLA data. Both metrics are not yet at the
ame level of those reported by traditional finders, which are
owever in most cases estimated on simulated data. We therefore
onclude that at the present state, traditional source finders are
till to be preferred when searching for compact and point-like
ources.
Performances on extended sources (∼80%) are inferior with

espect to compact sources, particularly on multi-islands. As
raditional finders do not report metrics for real single-island
xtended sources (only on ideally-modelled simulated sources,
.g. see Riggi et al., 2019 or Hopkins et al., 2015) nor they detect
ulti-island extended sources as a unique object, it is not possible

o make a qualitative comparison with our results. They are a
espectable starting point, however, given the current scenario,
hat we expect to largely improve by adding more extended
ource data.
After the detection step, we obtained good classification per-

ormances (metrics above 80%) for all classes of sources. Un-

ortunately, the performances achieved on spurious and flagged
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Table A.1
Default Mask R-CNN hyperparameters and the values used for caesar-mrcnn. Default values are taken from: https://github.com/
matterport/Mask_RCNN/blob/master/mrcnn/config.py.
Parameter Default caesar-mrcnn

BACKBONE resnet101 resnet101
COMPUTE_BACKBONE_SHAPE None Default
BACKBONE_STRIDES [4, 8, 16, 32, 64] [4, 8, 16, 32, 64]
FPN_CLASSIF_FC_LAYERS_SIZE 1024 Default
TOP_DOWN_PYRAMID_SIZE 256 Default
RPN_ANCHOR_SCALES (32, 64, 128, 256, 512) (8, 16, 32, 64, 128)
RPN_ANCHOR_RATIOS [0.5, 1, 2] [0.2, 0.3, 0.5, 1.0, 2.0, 3.0, 4.0, 5.0]
RPN_ANCHOR_STRIDE 1 Default
RPN_NMS_THRESHOLD 0.7 Default
RPN_TRAIN_ANCHORS_PER_IMAGE 256 256
PRE_NMS_LIMIT 6000 Default
POST_NMS_ROIS_TRAINING 2000 Default
POST_NMS_ROIS_INFERENCE 1000 Default
USE_MINI_MASK True False
MINI_MASK_SHAPE (56, 56) N/A
IMAGE_RESIZE_MODE square square
IMAGE_MIN_DIM 800 256
IMAGE_MAX_DIM 1024 256
IMAGE_MIN_SCALE 0 Default
IMAGE_CHANNEL_COUNT 3 Default
MEAN_PIXEL [123.7, 116.8, 103.9] [0,0,0]
TRAIN_ROIS_PER_IMAGE 200 256
ROI_POSITIVE_RATIO 0.33 Default
POOL_SIZE 7 Default
MASK_POOL_SIZE 14 Default
MASK_SHAPE [28, 28] Default
MAX_GT_INSTANCES 100 100
RPN_BBOX_STD_DEV [0.1, 0.1, 0.2, 0.2] Default
BBOX_STD_DEV [0.1, 0.1, 0.2, 0.2] Default
DETECTION_MAX_INSTANCES 100 Default
DETECTION_MIN_CONFIDENCE 0.7 0
DETECTION_NMS_THRESHOLD 0.3 0.3
LEARNING_RATE 0.001 0.0005
OPTIMIZER SGD ADAM
LEARNING_MOMENTUM 0.9 N/A
WEIGHT_DECAY 0.0001 Default
LOSS_WEIGHTS rpn_class_loss: 1.0, rpn_class_loss: 1.0,

rpn_bbox_loss: 1.0, rpn_bbox_loss: 0.1,
mrcnn_class_loss: 1.0, mrcnn_class_loss: 1.0,
mrcnn_bbox_loss: 1.0, mrcnn_bbox_loss: 0.1,
mrcnn_mask_loss: 1.0 mrcnn_mask_loss: 0.1

USE_RPN_ROIS True Default
TRAIN_BN False Default
GRADIENT_CLIP_NORM 5.0 Default
sources are suboptimal compared to the other two classes. This is
in large part due to the limited number of available and labelled
data for them. Nevertheless, this is already a significant im-
provement over the current approach followed in many surveys,
entirely based on a manual detection.

The obtained results motivate a number of activities to be
one in the very near future to tackle some of the encountered
imitations (e.g. a lack of labelled data for some classes) that
egatively affect the model performance. We are in fact cur-
ently increasing the size of our dataset with additional radio
urvey data, from ASKAP and other SKA precursors, and also gen-
rating synthetic data through generative adversarial networks
GANs). The latter activity is crucial as the efforts spent in vi-
ual inspection and source labelling of new data have become
nsustainable.
Another plan to address the poorer performance on extended

bjects is to instead consider alternative deep model frame-
orks, trained on the same dataset. For example, Rotated Mask
-CNN,14 claims to achieve better performance on elongated
tructures (Looi et al., 2019; Frei et al., 2021), and could be
dapted for radio source detection scopes. We are also currently
urveying alternative object detection frameworks on the same

14 https://github.com/mrlooi/rotated_maskrcnn.
13
dataset (Sortino et al., 2022). Some of the tested models, for in-
stance the Tiramisu model, were reported to achieve significantly
better performance on imaging artefacts (Pino et al., 2021).

On a longer-term, we also plan to explore the possibility of de-
tecting other classes of sources, e.g. diffuse sources or filaments.

Finally, we are working to allow caesar-mrcnn to work not
only as a standalone source finder (as described in this work), but
also in combination with traditional tools, for example as a clas-
sifier stage applied to existing source finders catalogue outputs.
Such a tool would certainly be valuable not only for the radio
astronomy domain, but also for the astronomical community
working in other fields. For this reason, we plan to integrate it
as a service in the future European Open Science Cloud (EOSC)
infrastructure. In this context, the NEANIAS (Sciacca et al., 2020)
and the CIRASA (Riggi et al., 2021b) projects are building proto-
type solutions for astronomical source finding and visualization
on the cloud, scalable to larger infrastructures, such as those
expected to be deployed in the SKA Regional Centres. The Mask
R-CNN detector described in this work is already integrated as
a supported application within the developed space services15
(more details reported in Riggi et al., 2021b), although its usage
is at present limited to small user images and cutouts, with plans
to extend the integration to the full pipeline.

15 https://github.com/SKA-INAF/caesar-rest.

https://github.com/matterport/Mask_RCNN/blob/master/mrcnn/config.py
https://github.com/matterport/Mask_RCNN/blob/master/mrcnn/config.py
https://github.com/mrlooi/rotated_maskrcnn
https://github.com/SKA-INAF/caesar-rest


S. Riggi, D. Magro, R. Sortino et al. Astronomy and Computing 42 (2023) 100682
Table A.2
List of caesar-mrcnn command line options, including a short description, and accepted values.
Option Description Default value Accepted values

Required options

<command> Indicates whether the model should train on the training set, required train/test/detect
evaluate performance of a trained model on the test set
or use a trained model to run detection on a provided image

Data loading & Pre-processing

--imgsize Size the input image is resized to 256 Integers
--grayimg Disable image conversion to RGB False N/A
--no_uint8 Disable image pixel value conversion to uint8 False N/A
--no_zscale Disable ZScale transform on image pixel values False N/A
--zscale_contrasts ZScale contrast values applied to each RGB channel 0.25,0.25,0.25 0–1, 0–1, 0–1
--biascontrast Apply bias contrasting to image pixel values False N/A
--bias Bias parameter value (if --biascontrast is given) 0.5 0–1
--contrast Contrast parameter value (if --biascontrast is given) 1.0 0–1
--no_norm_img Disable input image normalization False N/A
--dataloader What dataloader type to use datalist datalist, datalist_json,

datadir_json
--datalist Path to the dataset file list in the required format <none> Any path
--datalist_train Path to the training set file list if the dataset has already been split <none> Any path
--datalist_val Path to the validation file set if the dataset has already been split <none> Any path
--datadir Path to the top directory of the dataset <none> Any path
--validation_data_fract What fraction of the dataset to dedicate to the validation set 0.1 0–1
--maxnimgs The max number of images to consider in the dataset −1 (all) Integers
--class_dict Class name-id dictionary to be used in dataset loading {spurious: 1, compact: 2, Any

extended: 3,
extended-multisland: 4,
flagged: 5}

Train options

--ngpu Number of GPUs to use 1 Integers
--nimg_per_gpu Number of images per GPU 1 Integers
--logs Where to store logs and weights files logs/ Any path
--nthreads Number of worker threads 1 Integers
--nepochs Number of epochs to train the model for 1 Integers
--epoch_length Number of data batches per epoch None (=all sample) Integers
--nvalidation_steps Number of validation data batches per epoch None (=all sample) Integers
--classdict_model Class name-id dictionary to be used in model training/testing equal to class_dict Any
--weights NN weights file to use in training/testing/detection empty Any path to a

If empty, weights are randomly initialized valid .h5 file
--rpn_anchor_scales RPN Anchor Scales to use 4, 8, 16, 32, 64 Series of Integers
--max_gt_instances Max GT instances 300 Integers
--backbone Backbone network to use resnet101 resnet101, resnet50
--backbone_strides Backbone strides to use 4, 8, 16, 32, 64 Series of Integers
--rpn_train_anchors_per_image Number of anchors to use per image 512 Integers
--rpn_nms_threshold RPN non-maximum-suppression threshold to use 0.7 0–1
--rpn_train_anchors_per_image Number of anchors to use per image 512 Integers
--train_rois_per_image Number of ROIs to feed to classifier per image 512 Integers
--rpn_anchor_ratios RPN Anchor Ratios to use 0.5, 1, 2 Series of Numbers
--rpn_class_loss_weight RPN Classification Loss weight modifier 1 Number
--rpn_bbox_loss_weight RPN Bounding Box Loss weight modifier 1 Number
--mrcnn_class_loss_weight Mask R-CNN Classification Loss weight modifier 1 Number
--mrcnn_bbox_loss_weight Mask R-CNN Bounding Box Loss weight modifier 1 Number
--mrcnn_mask_loss_weight Mask R-CNN Mask Loss weight modifier 1 Number
--(no_)rpn_class_loss Whether to use RPN Class Loss True N/A
--(no_)rpn_bbox_loss Whether to use RPN Bounding Box Loss True N/A
--(no_)mrcnn_class_loss Whether to use Mask R-CNN Class Loss True N/A
--(no_)mrcnn_bbox_loss Whether to use Mask R-CNN Bounding Box Loss True N/A
--(no_)mrcnn_mask_loss Whether to use Mask R-CNN Mask Loss True N/A
--weight_classes Indicates that classes should be weighted False N/A
--exclude_first_layer_weights Exclude first layer weights when training False N/A
--no_augmentation Disable image augmentation in training False N/A

(continued on next page)
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Table A.2 (continued).
Option Description Default value Accepted values

Test options

--remap_classids Remap class ids of detected objects False N/A
--classid_remap_dict Class name-id dictionary used to remap detected object equal to class_dict Any

class ids (if --remap_classids is given)
--scoreThr Object detection score threshold to be used during evaluation 0.7 0–1
--iouThr IOU threshold used to match detections with true objects 0.6 0–1

during testing/evaluation

Detect options

--image Image input on which detection should be run <none> Any path to an image
--xmin From which x coordinate the image should be read −1 (all) Integers
--xmax Up to which x coordinate the image should be read −1 (all) Integers
--ymin From which y coordinate the image should be read −1 (all) Integers
--ymax Up to which y coordinate the image should be read −1 (all) Integers
--detect_outfile Filename the generated detection plot should be stored in <none> Any filename
--detect_outfile_json Filename the json with detections should be stored in <none> Any filename

Parallel processing options

--split_img_in_tiles Indicates that the input image should be divided into tiles False N/A
--tile_xsize Size of each tile (width) 512 Integers
--tile_ysize Size of each tile (height) 512 Integers
--tile_xstep Tile partition grid step size along x/y, e.g. how many steps 1 0–1
--tile_ystep (in fraction of tile) a tile is moved wrt the previous one.

(1 = no overlap, 0.5 = half overlap, 0.3 = 70% overlap)
Fig. B.1. Top: Number of sources (i.e. source counts) used to compute the completeness and reliability metrics reported in Fig. 8 per each 2D bin.
15
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