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A B S T R A C T 

In this work, we explore the applicability of unsupervised machine learning algorithms to finding radio transients. Facilities 
such as the Square Kilometre Array (SKA) will provide huge volumes of data in which to detect rare transients; the challenge 
for astronomers is how to find them. We demonstrate the ef fecti veness of anomaly detection algorithms using 1.3 GHz light 
curves from the SKA precursor MeerKAT. We make use of three sets of descriptive parameters (‘feature sets’) as applied to two 

anomaly detection techniques in the ASTRONOMALY package and analyse our performance by comparison with citizen science 
labels on the same data set. Using transients found by volunteers as our ground truth, we demonstrate that anomaly detection 

techniques can recall o v er half of the radio transients in the 10 per cent of the data with the highest anomaly scores. We find 

that the choice of anomaly detection algorithm makes a minor difference, but that feature set choice is crucial, especially when 

considering available resources for human inspection and/or follo w-up. Acti ve learning, where human labels are given for just 
2 per cent of the data, impro v es recall by up to 20 percentage points, depending on the combination of features and model used. 
The best-performing results produce a factor of 5 times fewer sources requiring vetting by experts. This is the first effort to 

apply anomaly detection techniques to finding radio transients and shows great promise for application to other data sets, and as 
a real-time transient detection system for upcoming large surv e ys. 

Key words: surv e ys – software: data analysis – software: machine learning – radio continuum: general – radio continuum: 
transients. 
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 I N T RO D U C T I O N  

he Square Kilometre Array (SKA; Braun et al. 2019 ) promises
o deliver unprecedented data across many areas of astrophysics. 
lready, SKA precursors such as ASKAP (Hotan et al. 2021 ) 

nd MeerKAT (Jonas & MeerKAT Team 2016 ) are providing a 
nique combination of highly sensitive observations taken at regular 
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adence o v er a wide field-of-view. These observations then allow
or untargeted searches for radio transients in surv e ys such as
hunderKAT (Fender et al. 2016 ) and VAST (Variables and Slow
ransients; Murphy et al. 2013 ). ThunderKAT observed known radio 

ransients (e.g. X-ray binaries; XRBs), but the unique capabilities of 
eerKAT have allowed for serendipitous discovery of magnetically 

ctive and flaring stars (Driessen et al. 2020 , 2022a ; Andersson
t al. 2022 ; Chastain et al. 2023 , 2024 ; Peters 2023 ; Fijma et al.
024 ; Smirnov et al. 2025 , as well as Mlangeni et al. and Nyamai
t al., in preparation), scintillating active galactic nuclei (AGN) and 
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nique pulsar behaviour (Rowlinson et al. 2022 ; Driessen et al.
022b ). The VAST surv e y’s wide-field imaging with ASKAP has
isco v ered large, scintillation-inducing plasma arcs (Wang et al.
021a ), mysterious transients near the Galactic centre (Wang et al.
021b , 2022 ), and many highly variable systems on minute time-
cales (Wang et al. 2023 ). Furthermore, recent observations at time-
cales of a few minutes have led to uniquely long-period transients 1 ,
ulsars, and white dwarf systems (Caleb et al. 2022 , 2024 ; Hurley-
alker et al. 2022 , 2023 ; Pelisoli et al. 2023 ; de Ruiter et al. 2024 ;
urley-Walker et al. 2024 ). Finally, imaging on very short time-

cales can immediately localize fast radio bursts (FRBs) to high
recision (Rhodes et al. 2023 ; Driessen et al. 2024 ). The combination
f all aspects of a data set – its spectral co v erage, time baseline, and
olarimetry – has been shown to provide a unique discovery space
or pulsars and transients (Heywood 2023 ; Smirnov et al. 2024 ). 

Despite this interesting zoo of sources, radio transients, and
ariables in observations around 1 GHz are relatively rare, of order
–4 per cent of sources per observational field (Mooley et al.
016 ; Murphy et al. 2017 ; Sarbadhicary et al. 2021 ). At the same
ime, current and upcoming radio facilities promise to o v erwhelm
stronomers with data, creating a needle-in-a-haystack problem of
etecting the rare and interesting transients in a deluge of high-
adence, highly sensitive observations. As a demonstration of this,
urrent deep imaging with MeerKAT can detect ∼ 6000 sources/deg 2 

Heywood et al. 2022 ). The SKA-Mid Array, when complete, will
e able to reach the same depth in approximately 12 h. 2 If the array
ere to conduct non-o v erlapping 12 h pointings o v er an entire year,

t would observe upwards of 4000 000 sources (o v er less than 1/40th
f the sky). If time-variable phenomena make up approximately
 per cent of all sources in a given radio image at any sensitivity limit,
his means that the SKA-Mid will see up to ∼ 40 , 000 transients and
ariables in its first year of operation. There is therefore a need to
evelop and test a range of methods in order to disco v er transients
n data-streams, with the enormous data-rates prompting the need
or low-latency searches in order to a v oid storing unreasonably large
uantities of data. An example of this can be seen in the case of the
eerTRAP (More TRansients And Pulsars; Stappers 2016 ) backend

mployed on MeerKAT. The MeerTRAP user supplied equipment
aps into the MeerKAT data stream, commensally searching for fast
ransients such as FRBs and bright single pulses from pulsars. This
ffort requires real-time candidate processing and filtering in order
o reduce the data rate to reasonable volumes, with final candidates
equiring additional rapid confirmation or rejection by the team
n order to not o v erwhelm storage capacity (Malenta et al. 2020 ;
ankowski et al. 2022 ). 

This data-intensiv e re gime is not unlike the problem that faces
ptical astronomers, who have spent several years preparing for
he Vera C. Rubin Observatory to come online and deliver the
e gac y Surv e y of Space and Time (LSST), consisting of millions
f transient alerts per night in a cumulative volume of petabyte scale
ata (Ivezi ́c et al. 2019 ). One proposed solution to this problem
as been into anomaly detection methods – these are unsupervised
that is, untrained) machine learning models that seek to separate
are anomalies from everything else. Much of this work has been
one relating to supernovae, due to their relevance to a wide range of
strophysics and cosmology but the scarcity of spectroscopic follow-
p. F or e xample, Pruzhinskaya et al. ( 2019 ) and Malanchev et al.
NRAS 538, 1397–1414 (2025) 

 Here, minute-time-scales are considered ‘long’ with respect to typical pulsar 
eriods of < 1 s. 
 Calculated from https:// sensitivity-calculator.skao.int/ mid . 
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 2021 ) demonstrate the applicability of isolation forests and local
utlier factor algorithms (see Section 4 ) to detecting rare supernovae
lasses and no v el transients. It is not only the models themselves
hat have been tested, but also the descriptions of the input data.
s mentioned in Section 3 , the choice of features – attributes or
arameters that are calculated or learnt from raw data, which are
hen fed into downstream tasks – is paramount in machine learning.
hese features might be extracted based on some previously known

mportance (e.g. the peak magnitude of a supernova) or, for large and
omplex data sets, learnt from the data themselves (deep learning).
 or e xample, Villar et al. ( 2021 ) use an autoencoder framework

o extract salient features from light curve simulations directly, as
pposed to using pre viously kno wn metrics. Ho we ver, deep learning
rchitectures are not al w ays the answer – for example, Muthukrishna
t al. ( 2022 ) demonstrate that their o v erfle xibility can make them less
uitable for detection of anomalies in real time when compared to
arametric models. 
One potential pitfall of these anomaly detection techniques is

hat anomalies identified by a specific algorithm may not match
hat the end-user (i.e. a science team) deem to be interesting. By

ncorporating domain knowledge into machine learning models to
efine their performance one can, for example, separate anomalous
nstrumental effects from bonafide astrophysical phenomena. This is
no wn as acti ve learning, the core idea of which is that an algorithm
an query a human annotator (sometimes called an ‘oracle’) to label a
mall subset of data from which the learner can train. If the learner can
hoose the data for the annotator to label, the hope is that performance
ill increase by labelling only a small but informative subset of the
ata. This active learning for anomaly detection has been tested on
imulated data in preparation for LSST and real data streams from the
wicky Transient Facility and the Open Supernova Catalog (Ishida
t al. 2021 ; Pruzhinskaya et al. 2023 ). 

Despite the advances in appropriate feature use, anomaly detection
nd active learning in optical surv e ys, these tools hav e yet to be ap-
lied to the rapidly growing field of wide-field radio transient surv e ys,
ith the most similar use-cases being for investigating anomalous

pectrograms and parameter optimization in low-frequency radio
ata and pipelines (Rowlinson et al. 2019 ; Mesarcik et al. 2023 ).
he ASTRONOMALY package (Lochner & Bassett 2021 ) provides a
eneral framework for disco v ering anomalies in astronomical data
ets, which we can use to test these different aspects of the disco v ery
rocess. ASTRONOMALY has three main scientific steps consisting
f feature extraction, anomaly detection, and active learning, whilst
lso providing data management, pre-processing, and visualization
ools. Exploration of how these different stages perform, with
ifferent features and algorithms applied to a no v el data set form
ections 3 –4.3 of this work, though we note that they are all built

nto ASTR ONOMALY ’s framework. ASTR ONOMALY has been used to
isco v er variable and flaring stars in optical surv e ys (Webb et al.
020 , 2021 ), as well as rare and unique morphologies of optical
alaxies, mergers, and radio sources (Lochner et al. 2023 ; Etsebeth
t al. 2024 ; Mohale & Lochner 2024 ). 

In this paper, we describe the first exploration of applying
nsupervised anomaly detection techniques to large samples of
ight curves from radio telescopes. This is moti v ated by both the
 ver-gro wing data rates from modern radio telescopes as discussed
arlier, along with the need for robust methods for finding transients
hat impro v e upon pre vious searches. Pre vious studies (such as
riessen et al. 2022b ; Andersson et al. 2023 ) have shown that many
ariables and transients are difficult to identify with simple statistics
see equations ( 2 ) and ( 3 )). As we are interested in finding such
ransients in large data sets (e.g. from the SKA), these findings were

https://sensitivity-calculator.skao.int/mid
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Figure 1. Example light curves of an XRB (MAXI J1820 + 070, top 3 ), a false 
positive caused by bad data (middle) and a stable light curve (bottom). Our 
aim is for unsupervised machine learning algorithms to preferentially select 
light curves similar to the foremost o v er the latter two. The line and shaded 
region of each panel denote the mean and 1 σ uncertainty of the computed 
Gaussian Process regression, detailed in Section 3.3 . 

l  

m  

h
c

3 See Bright et al. ( 2020 ) for more on the radio behaviour of this source and 
Bright et al. (in preparation) for analysis of the long-term light curve.See 
Bright et al. ( 2020 ) for more on the radio behaviour of this source and Bright 
et al. (in preparation) for analysis of the long-term light curve. 
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art of the moti v ation for studying and applying anomaly detection
echniques. 

We make use of 8874 light curves from the MeerKAT telescope as
art of commensal ThunderKAT observations, analysed by citizen 
cientists in search of variables and transients (Andersson et al. 
023 ). By its nature, unsupervised learning requires no classifications 
nd therefore easily scales to large data sets as there is no need
or costly and/or time-consuming labelling of data nor the training 
f large models. By the same token, ho we ver, it is hard to verify
erformance of unsupervised learning methods without some known 
ground truth’ (see e.g. Giles & Walkowicz 2019 ). Therefore, we 
ake use of the citizen science classifications as ground truth against 
hich to compare anomaly detection methods from the ASTRONO- 
AL Y package. W e describe the MeerKAT and citizen science data

n Section 2 before detailing the features used in this work in
ection 3 . We then demonstrate how standard anomaly detection 
erforms on these data in Section 4 and how the active learning
uilt into ASTRONOMALY impro v es this performance in Section 4.3 .
e discuss this work and its implications before concluding in 

ections 6 and 7 . 

 DA  TA :  T H U N D E R K A  T  OBSERVA  T I O N S  A N D  

ITIZEN  SC IENCE  

his work builds on the data collected and presented in Andersson 
t al. ( 2023 , A23 hereafter). Here, we summarize the observations and
esultant data products (light curves), as well as the citizen science 
lassifications that followed. For full details, see sections 2 and 3 of
23 . 

.1 Obser v ational data 

ur observational data consist of ∼500 images taken by MeerKAT 

rom 2018 to 2022 at 1.3 GHz, distributed across 11 fields of the sky
nd centred on XRBs of interest to the ThunderKAT programme. 
hese observations, typically taken at weekly cadence, consist of 
cans of a primary calibrator and phase calibrator bookending a 
5 min observation on-source. The observations were reduced in a 
tandard procedure, using the OxKAT scripts (Heywood 2020 ) and 
heir underlying packages to flag, calibrate, and image the data. The 
esultant set of images is heterogeneous in number of visits per 
eld and this heterogeneity is entirely determined by the commensal 
ature of the observations – if an XRB faded into quiescence it was
ropped from the weekly schedule. As a result some fields have 
nly two months worth of observations, whilst fields around bright 
nd active systems such as MAXI J1820 + 070, GRS 1915 + 105, and
X339 −4 have over 50 visits. 
Once imaged, light curves are extracted from the observations 

sing the Transient Pipeline ( TRAP ; Swinbank et al. 2015 ). The TRAP
xtracts flux density measurements for all sources detected with an 
/N ≥8 within 1.5 × the primary beam radius of each observation. 
ach flux measurement comes from a Gaussian fit to each source, 
xed to be the size of the PSF in that observation, as we are only

nterested in point sources and a changing PSF between epochs 
an induce false variability. The TraP is run such that if, in any
bservation, a source is found, that position is checked and force- 
t in all subsequent epochs (but not in prior images), providing 
pper-limits in images where the source is absent (e.g. a transient).
xamples of a bona fide transient, a false positive, and a stable light
urve are all visible in Fig. 1 , demonstrating the diversity of our data.

From running the TraP, we produce 8874 light curves in total 
rom the 11 XRB fields. As with the images, the number of
ight curves per field is not uniform, with some fields having
any more than others. This is primarily governed by some fields

aving more diffuse emission, higher noise floors and/or worse u,v 
o v erage. 
MNRAS 538, 1397–1414 (2025) 
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.2 Citizen science data 

he 8874 light curves described in the previous section were shown
o volunteers on the Bursts from Space: MeerKAT (BfS:MKT)
itizen science project, hosted on the Zooniverse platform ( A23 ). 4 

otal of 10 volunteers look at each subject on the platform and
etermine whether the source in question is truly a transient/variable
r a member of a different class – stable sources with flat light
urves, imaging artefacts that can appear as spurious transients and
o on. Once collected, these 10 votes were aggregated to give a
ransient vote fraction and one of us (AA) manually inspected all 381
ources where 4/10 or more volunteers said a subject was a transient
r variable. From this final selection we have 168 transients and
ariables in our sample, consisting of 142 newly identified sources
nd 26 that had been previously studied. 

For the purposes of this paper, we will treat the 168 variables
nd transients found by our volunteers and verified by us as our
round truth sample. From hereon, any reference to transients refers
o this sample, representing ∼2 per cent of our light curves. Due
o this large imbalance between transients and non-transients, we
hoose to apply anomaly detection methods in order to understand
ow detectable these rare systems are without the need for citizen
cience verification (e.g. in a low-latency transient detection system).
s a note, we do not distinguish between variables and transients in

his work. This is due to the slight observational ambiguity involved
e.g. the radio emission from a flaring star may indeed be seen

n transient b ursts, b ut the star itself is not truly a transient. The
nly unambiguous distinction between transients and variables is in
he case of cataclysmic, one-off explosions (e.g. supernovae), but
evertheless our search methods would identify these, in addition to
ources varying entirely abo v e or around our detection thresholds. 

 FEATURE  E X T R AC T I O N  

n order to make use of our anomaly detection tools, we must first
alculate some features that describe our light curves. The choice of
ow to describe a data set is crucial in machine learning tasks and
an generally be split between features based on domain knowledge
r experience and deep learning, where features are learned auto-
atically from the data. In this work, we use two domain-informed

eature sets which have been used in machine learning searches for
ariability in previous studies. We also test the union of both these
ets together, which we will refer to as the combined feature set. We
hoose to use these domain-informed features as opposed to those
earnt from the data for several reasons. First, automatic feature
xtraction methods can have many thousands of parameters (internal
eights and biases) to update, requiring similarly e xtensiv e data

ets. With our moderate sample of ∼9000 light curves, taken from
eterogeneously observed fields, we cannot expect our data to be
epresentative of all possible underlying variability . Similarly , data-
riven feature extraction can be computationally expensive, requiring
any CPU- or GPU-hours to train. Finally, by using features tested

n other regimes we can compare and contrast their performance
etween use cases. We will also compare the performance of the two
eature sets to a baseline pair of parameters often used in transient
etection and variable characterization (see e.g. the ThunderKAT
ommensal work in Section 1 ). 
NRAS 538, 1397–1414 (2025) 
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Every feature x used in this work is standardized by computing 

 = 

x − μ

σ
(1) 

.e. by subtracting the mean μ and normalizing by standard deviation
. This is a common approach in machine learning applications (e.g.
zech, Mishra & Inggs 2018 ) and is done so that features with large
bsolute ranges (or measured in different units) do not dominate.
 or e xample, if a model required computation of distances between
atapoints in a 2D data set where one feature had a range O(10 4 )
hilst the other had a range O(1), the former would dominate the
istance calculation. 

.1 Baseline features 

s a baseline pair of features we make use of two parameters often
sed to disco v er radio transients. F or a light curve of N flux density
easurements F i ± σi , observed at frequency ν, the two variability

tatistics are defined as 

ν ≡ χ2 
N−1 = 

1 

N − 1 

N ∑ 

i= 1 

( F i,ν − F ν

∗
) 2 

σ 2 
i 

(2) 

and 

 ν ≡ s ν

F ν

= 

1 

F ν

√ 

N 

N − 1 
( F 

2 
ν − F ν

2 
) , (3) 

here s, F ν , and F ν

∗
denote standard deviation, mean, and weighted

verage of the flux density , respectively . Broadly speaking, ην , as a
hi-squared test, quantifies the statistical significance of variability
n a light curve, whilst V ν describes the amplitude of variabil-
ty and is sometimes known as the modulation index. We note
hat this two parameter setup is far simpler (lower dimensions)
han the two feature sets described subsequently, which may not
apture more subtle variations in the light curves. This is due
o our anomaly detection techniques being designed for high di-
ensional data and there is no guarantee that their algorithmic

efinitions of anomalies match human intuition when using ην

nd V ν . 

.2 Feets features 

ext we used a feature set from the feets package (Cabral et al.
018a , b ) inspired by the FATS code (Nun et al. 2015 ). This
ackage combines o v er 40 features used for time series analysis,
hich can be broken into approximately three subsets. First, some

eatures calculated are simple statistical quantities, such as the mean,
mplitude, and standard deviation of a light curve. The second
ubset of features used are included due to their known statistical or
strophysical rele v ance to a gi ven class of object such as v ariable stars
Richards et al. 2011 ) and quasars (Kim et al. 2011 ) and include, for
xample, the skewness and the exponent of a light curve’s structure
unction. Finally, several features used are derived from a Lomb–
cargle periodogram (Lomb 1976 ; Scargle 1982 ) and its resultant
est fit to each light curve. We note that there are some features
n this codebase that require colour information but as our data is
ni v ariate (monochromatic), we cannot employ these features in this
mplementation. These feets features have an implementation built
nto ASTRONOMALY ’s framework, making them ready to test for a
iven application out-of-the-box. The full table of features used is
etailed in Table 1 . 

https://www.zooniverse.org/projects/alex-andersson/bursts-from-space-meerkat
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Table 1. Features used in this work as calculated by the feets package (Cabral et al. 2018a ). Each light curve consists of N = �i measurements of flux density 
F i ± σi taken at time t i . A similar version for the original FATS code is described by Webb et al. ( 2020 ). 

Feature Description Inputs Reference 

Amplitude Half the difference between the median of the maximum 5 per 
cent and the median of the minimum 5 per cent of fluxes 

F i Richards et al. ( 2011 ) 

Anderson Darling test A test statistic for non-Gaussianity F i Kim et al. ( 2009 ) 
Auto Correlation length Length of linear dependence of a signal with itself at two 

points in time, taken when the AC function reaches 1 /e 
F i Kim et al. ( 2011 ) 

Beyond1Std Percentage of points beyond one standard deviation from the 
weighted mean 

F i , σi Richards et al. ( 2011 ) 

Con The number of three consecutive data points that are brighter F i Kim et al. ( 2011 ) 
or fainter than 2 σ and normalised by N − 2 

ηe w̄ 

∑ 

w i ( F i+ 1 − F i ) 2 / ( σ 2 ∑ 

w i ) F i , t i Kim et al. ( 2014 ) 
where w i = 1 / ( t i+ 1 − t i ) 2 

Fourier amplitudes A i,j = 

√ 

a 2 i,j + b 2 i,j F i , t i Debosscher et al. ( 2007 ) 

for i = 1 , 2 , 3 and j = 1 , 2 , 3 , 4 

Fourier phases φi,j = arctan 
(

b i,j 
a i,j 

)
− φ1 , 1 F i , t i Debosscher et al. ( 2007 ) 

for i = 1 , 2 , 3 and j = 1 , 2 , 3 , 4 
Gskew Median-of-magnitudes based measure of the skewness F i Richards et al. ( 2011 ) 
Linear trend Slope of a linear fit to the light curve F i , t i Richards et al. ( 2011 ) 
Lomb–Scargle period The period of the largest periodogram peak F i , t i Kim et al. ( 2011 ) 
Lomb–Scargle ηe ηe as applied to the phase folded light curve F i , t i Kim et al. ( 2011 ) 
Lomb–Scargle R CS R CS as applied to the phase folded light curve F i , t i Kim et al. ( 2011 ) 
MaxSlope Maximum absolute slope between two consecutive 

observations 
F i , t i Richards et al. ( 2011 ) 

Mean F̄ The mean flux - 1 /N � i F i F i Kim et al. ( 2014 ) 
Mean variance The ratio of the standard deviation to the mean flux - σ/ ̄F ≡ V F i Kim et al. ( 2011 ) 
Median Abs. Dev. The median discrepancy of the data from the median - F i Richards et al. ( 2011 ) 

med( | F i −med( F i ) | ) 
Median buffer range % Fraction of points with amplitude a tenth of the median flux F i Richards et al. ( 2011 ) 
Pair slope trend The fraction of increasing first differences minus the fraction 

of decreasing first differences 
F i Richards et al. ( 2011 ) 

Percent amplitude Largest percentage difference between either the max or min 
flux and the median. 

F i Richards et al. ( 2011 ) 

Q 3 −1 The difference between the 3rd and 1st quarterlies F i Kim et al. ( 2014 ) 
R CS Range of cumulative sum F i Richards et al. ( 2011 ) 
Skewness N 

( N −1)( N −2) 

∑ 

( F i − F̄ /σ ) 3 F i Richards et al. ( 2011 ) 
Slotted Autocorrelation 
Function length 

Slotted auto correlation length F i , t i Protopapas et al. ( 2015 ) 

Small Kurtosis E[( F − F̄ /σ ) 4 ] F i Richards et al. ( 2011 ) 
Standard deviation Standard deviation of fluxes F i Richards et al. ( 2011 ) 
Structure Function index The exponent of the SF ∝ τβ where 

SF ( τ ) = 〈 [ F ( t) − F ( t + τ )] 2 〉 
F i , t i Hughes et al. ( 1992 ) 
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.3 Wavelet features 

he final set of features used come from studies primarily aimed 
t describing and classifying supernovae (Lochner et al. 2016 ; 
lves et al. 2022 ), though they have also been used in the

lassification of radio transients (Sooknunan et al. 2021 ). These 
eatures, called wavelet features, arise from the understanding 
hat time series f ( t) can be decomposed into a sum of basis
unctions 

 ( t) = 

∑ 

i 

a i φi ( t) (4) 

ith coefficients a i , where φi ( t) might for example be a set of
ines and cosines (i.e. a Fourier decomposition). We can then use 
he coefficients of our basis functions as a set of features for
ater use. Here, we use the symlet family of wavelets as our basis
unctions (see e.g. Arfaoui, Mabrouk & Cattani 2021 for more on 
hese), due to their successful use in previous work (Lochner et al.
016 ; Alves et al. 2022 ). These wavelet features are calculated with
inimal assumptions on the data and so it is our hope that they

escribe the observed light curves well, whilst by contrast the feets
ackage’s parametric calculations are made with assumptions on the 
tatistical distributions of the data. Furthermore, wavelet transforms 
re translation equi v ariant and so the same object (e.g. a SN) observed
t different times since peak brightness should produced similar 
oefficients. 

We calculate the wavelet coefficients for our light curves using the
NMACHINE codebase developed by the LSST Dark Energy Science 
ollaboration (Lochner et al. 2016 ; Alves et al. 2022 ). In order

o do this, we first interpolate our light curves with a Gaussian
rocess Regression (GP; Rasmussen & Williams 2006 ), allowing 
s to account for gaps in our uneven time series. To do this, all
ight curves are shifted to take place between 0 and t max d, where
or our data set t max = 1300 d, corresponding to our longest light
urves in the GX339 −4 field. The underlying procedure built into
MNRAS 538, 1397–1414 (2025) 
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NMACHINE fits Gaussian processes from the George library 5 , with
his implementation using GPs with a mean of zero and one of two
ovariance kernels. The two kernels tested are an exponential square
ernel of the form 

 exp ( t i , t j ) = exp 

(
−| t i − t j | 2 

2 

)
, (5) 

nd a combination of k exp ( t i , t j ) with an exponential sine squared
ernel of scale parameter � and period P i.e. 

 sin ( t i , t j ) = k exp ( t i , t j ) + exp 
(
−� sin 2 

[ π
P 

| t i − t j | 
] )

. (6) 

hese two kernels are intended to capture any periodic behaviour
hilst the exponential decays account for the idea that points

eparated further in time are expected to be less correlated. The
ernel used is determined by minimizing the ne gativ e log-likelihood
f the GP with the SciPy implementation of a limited-memory
ro yden–Fletcher–Goldf arb–Shanno algorithm (Byrd et al. 1995 ;
irtanen et al. 2020 ). Once the Gaussian Process has been fit,
e e v aluate the regression e very ∼5 d (i.e. at 276 instances),

pproximately matching our typical observational cadence. Example
aussian process regression fits can be seen in Fig. 1 . For light curves

horter than t max in length, the remaining datapoints are assumed
o be 0. 

Once all light curves are interpolated by the regression, the wavelet
ransform is calculated, producing a set of 275 highly redundant
oefficients. In order to reduce this high dimensionality, we run a
rincipal Component Analysis (PCA; Pearson 1901 ), which trans-
orms the data into an orthogonal basis. In this now-orthogonal data
pace, we choose to preserve the 40 largest eigenvalues for each light
urve, which captures 99.999995 per cent of the summative variance
f the data. This results in reducing the data space from 276 features
er light curve to only 40, while retaining almost all of the variance.
ewer principal components would result in faster downstream
omputations, ho we ver, as mentioned earlier, anomalies (transients)
onstitute a small minority of our sample whilst the majority are
table light curves which should require few wavelet features to
escribe. Furthermore, light curves shorter than t max are assumed
o be 0 past their final datapoint, which will contribute towards
he majority of the data set being non-variable. As a result, initial
esting with only 10 principal components showed markedly worse
erformance. This shows that the diversity of light curve lengths
ffects the resultant wavelets and their principal components retained,
hich may bias results. The choice of 40 principal components is a
alance between reducing the dimensionality of the features whilst
rying to preserving enough information such that the anomalies,
hich constitute a small minority of all of the light curves, are

etained. In a truly unsupervised setting, it is not possible to know
o w many eigenv alues to preserve as one has no labels to train
rom. 

Finally, it is worth noting that extracting this set of features is
he most computationally e xpensiv e part of our analysis. Ho we ver,
ven the slowest step, the Gaussian process regression, runs in 10
in for the entire database on a standard desktop using a 3.5 GHz

uad-core processor. Also, all of these features, once calculated, can
e saved and these routines then need not be run again, making static
omparisons like this work fast to conduct. For a real-time system
eatures may be re-calculated for every new datapoint, however, this
ay not be optimal or required. For example, the Gaussian Process
egressions that underlie the wavelet features scale na ̈ıvely as O( N 

3 )
NRAS 538, 1397–1414 (2025) 
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nd so calculating them for each new datapoint may be prohibitive.
or larger data sets or for a real-time transient detection system a
alance between computational scalability and information gained
ay be required and could dictate what feature sets can be deployed

or a given science case. 

.4 Feature space and clustering 

n obvious question to ask is how well the feature sets and baseline
eature pair separate transients (anomalies) from the rest of the
istribution. For a perfect feature set, we would want all transients to
e separated cleanly from all non-anomalies. To inspect this we make
se of a Uniform Manifold Approximation and Projection (UMAP;
cInnes, Healy & Melville 2018 ), a technique for dimensionality

eduction. Briefly, the UMAP algorithm works by building a topo-
ogical representation of data in its N -dimensional space (where N
s 45 and 40 for the feets and wavelet features, respectively). Once
his has been constructed, the UMAP algorithm works to optimize
 low dimensional (e.g. 2D) representation of this topological space
s measured by cross entropy. Datapoints that are similar in the N -D
pace should then remain nearby in the 2D representation, which can
hen be used for visualization or further downstream tasks. 

As a baseline, the feature space of ( η, V ) is already in 2D so there
s no need to reduce its dimensionality. This feature space is shown
n Fig. 2 . This figure demonstrates that many transients and variables
re inliers, as found in A23 . The presence of systematics in some
elds (e.g. MAXI J1820) can be seen, along with the difficulty in
eparating our transients (anomalies) from all background sources.
his was one of the main moti v ations for testing the subsequent

eature sets for anomaly detection. 
The feets feature space for our data set can be seen in Fig. 3 , where

tars are our citizen-scientist verified anomalies (transients) and the
olourbar indicates which observational field a given light curve is
rom (see Section 2.1 ). We can see that sources in a given field are
lustered together. This is likely due to observational systematics
arying on a field-by-field basis. For example, the SAX J1808 field
nly received 6 observations and, resultingly, e xists in a v ery different
rea of parameter space to other fields. Whilst this might be of slight
oncern, we do not use these 2D representations for downstream
asks, but rather as sanity checks and in order to judge qualitatively
ow well our data (anomalies/transients and everything else) are
escribed by a given feature set. Moreover, for a real-time or low-
atency detection system, what is of more importance is how well
ransients separate from background data within a given field – as in
uch a system, it is only against sources in the same observation
hat we would compare. Indeed, we can see that anomalies are
omewhat clustered and that, whilst they tend to lie in their respective
eld of light curv es, the y are often on the edges of each region. A
emonstration of this can be seen for the GX339 −4 field shown in
he inset of Fig. 3 . 

Similarly, the feature space of our wavelet coefficients in Fig.
 shows field-dependent clustering. However, in this case, there
re clear strings of points in feature space that correspond to the
bservational fields with longer light curves (e.g. J1858, GX339 −4).
he majority of these sources are not transient and so perhaps these
trings of points arise from requiring the same number of coefficients,
f similar numerical values, to reproduce similar light curves. By
ontrast, shorter light curves and variable sources are clustered in
he same area of parameter space (inset), ho we ver, as are some non-
nomalous background sources. This distinct cluster of data points
ay give insight into the performance of the wavelet features in

STRONOMALY ’s models in Sections 4 and 4.3 . 

https://george.readthedocs.io/en/latest/
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Figure 2. The ( η, V ) feature space, colour coded by observational field. Stars indicate v olunteer -verified anomalies (transients). There are clear field-dependent 
systematics affecting, for example, the MAXI J1820 + 070 field. 
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 A N O M A LY  DETECTION  A N D  AC TIVE  

E A R N I N G  

aving calculated features for our light curv es, we mo v e on to the
ore anomaly detection step of ASTRONOMAL Y . T o do this we pass
ur standardized features into two commonly used anomaly detection 
lgorithms, detailed below, as implemented in the scikit-learn 
ackage (Pedregosa et al. 2011 ). Anomaly detection is typically 
one by each algorithm having a definition of what is normal and
ssigning subjects that are far in parameter space from normal as
ighly anomalous, without any user labels or training. Once the 
egree to which something is anomalous has been ranked by a given
lgorithm, ASTRONOMALY scales this to a human reading of 0 to 5,
here 5 is most anomalous. The output algorithm scores are linearly 

escaled such that 5 represents the most anomalous source while 0 is
he least. 

By its nature, unsupervised learning has no pre-defined metric to 
alculate success. Ho we ver , as noted earlier , we ha ve v otes from
itizen scientists for all of our light curves from BfS:MKT, which in
urn have been verified by us. Throughout this work, we will assume
hat these verified v olunteer v otes are an absolute ground truth against 
hich to compare our anomaly detection methods. We can then use

he positions of our citizen-science verified transients in our anomaly 
core-ordered list to calculate metrics of success – the more transients 
hat are ranked as highly anomalous, the better. It is important to point
ut that ASTRONOMALY never decides whether or not something is 
nomalous and simply orders the entire list by anomaly score. The
se of information from our volunteers is what allows us to then
alculate metrics of success such as recall and precision (see Section
.2 ). A contrasting method for cases without such citizen science
ata might be to define some threshold in an anomaly score-ordered
ist abo v e which things are said to be anomalies, providing the binary
lasses on which to calculate performance. 

.1 Anomaly detection algorithms 

he first of the two anomaly detection methods used herein is the
ocal Outlier Factor (LOF; Breuniq et al. 2000 ). The LOF is a
ensity-based method that measures the deviation of the density of 
 given sample with respect to some user-defined number of nearest
MNRAS 538, 1397–1414 (2025) 
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M

Figure 3. The UMAP of our feets feature space, colourcoded by observational field. We see that clustering is mainly a function of observational field, aligning 
with the heterogeneous nature of the data set. The axes are unlabelled as these numbers are arbitrary combinations of many features and have no physical 
meaning. The inset is a demonstration of how the data of one particular field (GX339) is distributed, as mentioned in the text. 
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eighbours, k. We set k = 100 throughout this work, approximately
 per cent of our sample. Values of k between 20 (the default) and
00 were tested, producing changes in performance at the sub per
ent level. As noted earlier, without labelled data it would be difficult
o optimize this (and other) hyperparameters. The LOF is local in
hat the resultant anomaly score depends on how isolated the object
s with respect to the surrounding neighbourhood. More specifically,
he LOF of datum A is a measure of the average local density of all k
eighbours divided by A’s own local density. One advantage of this
ocal approach is that it might pick up anomalies missed by global
ensity measurements. That is, a point only a small distance from a
ery dense cluster might be an anomaly, whereas a point in a sparse
luster might still have the same density as its neighbours and so not
e an outlier despite its low absolute density value. For more on the
istinction between global and local anomalies, see the discussion in
ogers et al. ( 2024 ). 
The second method used is Isolation Forest (IF; Liu, Ting &

hou 2008 ). IFs take inspiration from the supervised random forest
lgorithm (RF; Breiman 2001 ) and operate on the core principle that
nomalies are both few in number and different compared to normal
NRAS 538, 1397–1414 (2025) 
ata. In an IF an ensemble of decision trees randomly split random
eatures, growing each ‘branch’ in the tree until all considered data
re isolated. Given that anomalies should be few and different, they
re easier to isolate than normal data that are close to each other
n feature space. Therefore data with shorter decision branches are

ore likely to be anomalous, whilst those that take many splits to
solate are more similar to the rest of the sample. The final anomaly
core is an average score over all trees in the forest. This model is
articularly applicable to high dimensional data as there is no costly
alculation of distances and therefore has a linear time complexity
i.e. twice the input data takes twice the runtime), c.f. LOF which
an take up to O( N 

2 ) (Breuniq et al. 2000 ). 

.2 Anomaly recall and precision 

n order to assess the performance of our models we can ask out
f all the anomalies that exist, what fraction did we find in the top
 sources? This quantity is known as the recall (also referred to as
he completeness, true positive rate,or the sensitivity) and is only
alculable with ground truth labels for an entire data set, as without
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Figure 4. The UMAP of our wavelet coefficient feature space, colour coded and labelled as in Fig. 3 . In this instance, the observational fields with longer 
light curves (e.g. J1858, GX339 −4) show distinct patterns, whilst most other sources are in a very dense region of parameter space, as shown by the inset 
zoom. 
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his it is impossible to know how many anomalies are missed (false
e gativ es). Recall is defined as 

 = 

True Positives 

True Positives + False Negatives 
, (7) 

here for us the denominator is our total number of transients
anomalies) in the data, i.e. 168. This recall value, whilst simple, 
orresponds well with preferable performance consisting of many 
ore anomalies high in the list for the user to see quickly. We can

alculate the recall R as a function of n until we reach the end of
ur data set ( n = 8874), by which time we will hav e reco v ered all
ources in the list. We define R 10 and R 30 as the recall of transients
n the top 10 and 30 per cent of our list, respectively, which we
ill use as quantitative measures of performance throughout this 
ork. We stress again that it is impossible to calculate this recall
ithout labels for all transients, as without this we would not know
ow many transients fall below a given threshold i.e. the rate of
alse ne gativ es. As such, looking at the top 10 or 30 per cent of the
nomaly score-ordered lists is somewhat arbitrary and depends on, 
or example, the resources available for follow up or further citizen
cience classification. 

We can also ask what fraction of the top n sources are transients.
his is known as the precision, also referred to in astronomical

iterature as the purity, defined as 

 = 

True Positives 

True Positives + False Positives 
. (8) 

his can be thought of as a measure of the hit-rate of our anomalies.
amely, how many transients (anomalies) would there be in the 

op 10 or 30percnt of the data? By definition, as n approaches the
otal length of our data set (8874 sources), the precision will tend
owards the aggregate rate of transients in our data i.e. ∼ 2 per cent.
recision, unlike recall, only depends on the labels of sources abo v e
ome cut-off point set by the user and so is calculable even for a
argely unlabelled data set. 
MNRAS 538, 1397–1414 (2025) 
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M

Figure 5. The ASTRONOMALY GUI showing subjects in anomaly-order. Using this interface, we can easily inspect our data and provide labels on some subset 
of objects in order to perform active learning. 
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.3 Acti v e learning 

nce anomaly scores have been calculated for all data, ASTRONO-
ALY allows for interactive visualization by use of a GUI, seen in
ig. 5 . This consists of sources listed ordered by anomaly score,
isplaying the raw data, its features and any associated metadata.
rom this interface we can label sources on a range of 0–5. This
llows for active learning, whereby an additional model balances the
aw anomaly score with user input and calculates a trained anomaly
core. This then acts as a recommendation engine, displaying
ources with higher trained anomaly scores preferentially to the user,
peeding up anomaly detection. 

The core of this active learning process is described by ranking
bjects with a new score 

ˆ 
 = S tanh ( δ − 1 + arctanh ( ̃  U )) , (9) 

here S is the default anomaly score, δ represents a distance penalty
erm, and ˜ U describes a rele v ance score given by 

˜ 
 = ε1 + ε2 

(
U 

U max 

)
. (10) 

ere, ε are normalization constants and the user input score is U ,
ormalized by U max = 5. Since U will only ever be input by the
ser for a small fraction of a data set, its value for all remaining
NRAS 538, 1397–1414 (2025) 
ources is estimated by a random forest regression calculated with
00 estimators. This regression will have uncertainty, quantified
y δ, which is large when an object is far from a human-labelled
eighbour and small when near to labelled data. In summary this
eans that, in regions far from human-labelled data ( δ 	 1), ˆ S 

everts to its original score as tanh → 1. Similarly, if U ∼ U max then
 will not change due to high human ranking. Conv ersely, re gions of
eature space near labelled data ( δ � 1), with low user scores will
e downweighted, corresponding to relegating uninteresting data to
ower in our anomaly-ranked list. 

In this work, we actively label the top ∼2 per cent of each feature-
odel pair, which takes of order 10 min by an individual (AA),

pplying a consistent methodology throughout. That is, examples
f clear variability or known transients were ranked highly ( U = 4
r 5), whilst low-significance light curves, or those showing clear
alse positive behaviour – e.g. where one epoch shows large changes
n flux due to a different calibrator or worse image quality – were
anked at 1 or 0. 

The rate of retraining in ASTRONOMALY is entirely determined
y the user(s). Any number of sources can be labelled between
raining iterations, with between 10 and 20 sources proving to be
 qualitatively good balance between providing enough data for
raining whilst updating regularly enough for efficient labelling. As
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n example of this procedure, if the user labelled a few sources
hat were deemed uninteresting in the same way this would, upon 
etraining, down-weight further instances of similar light curves (that 
s, ones with similar features). Ho we ver, it is worth noting that this
abelling is inherently subjective and dependent on a user’s end goal. 
n instrument scientist interested in flux calibration would score 

ources differently to an astronomer interested in stellar radio flares. 
ctive learning attempts to quantify this and balance an algorithmic 
efinition of anomalous with a user-dependent idea about what is 
n interesting anomaly . Finally , we note that the regressor used to
odel user interest is by default a RF but that using a Gaussian

rocess provides an improvement on this for some data sets, which 
as been incorporated into the most recent versions of ASTRONOMALY 

Walmsley et al. 2022b ; Lochner & Rudnick 2025 ). 

 RESULTS  

.1 Baseline anomaly detection 

he recall curves for both anomaly detection algorithms applied to all 
our feature sets can be seen in Fig. 6 . These are normalized on both
xes i.e. x = 0.1 corresponds to the top 10 per cent most anomalous
ources and y = 0.5 corresponds to half of the bona fide 168 variables
ound by volunteers. Better performance corresponds to curves with 
igher gradient at low n , appearing pushed up into the upper left
orner. It can be clearly seen that ( η, V ) show poor performance
n this data set, essentially matching random chance, in line with 
23 ’s findings. As noted earlier, this will be due to a combination of

pplying a different methodology to the intended use of η and V and
he inherent biases of these two statistics – e.g. η is correlated with 
ignal-to-noise squared (see equation 2 ). Furthermore, our ground 
ruth data consist of sources chosen irrespective of their ( η, V ) values.
ontrastingly, we see that our main feature sets are able to reco v er a
ajority of our v olunteer -verified transients (anomalies) in a minority

f the data. This is the first demonstration of anomaly detection as
pplied to radio time series. 

When comparing performance between anomaly detection mod- 
ls (i.e. for the same feature set), we see minimal variation and
ualitatively similar behaviour between recall curv es. F or the feets 
nd wavelet features, we see ‘broken power-law’ type behaviour, 
ith an approximately constant gradient initially, followed by a knee 

nd then worse performance. When combining these feature sets, 
erformance is similar, though the IF and LOF diverge more after 
 = 0 . 1 before reconverging. Table 2 lists all R 10 and R 30 values for
eature-model set pairs. The largest discrepancies between models 
ccur at the ‘top’ of our list, with R 10 values varying by 0.1 for feets
eatures and 0.14 for wavelets. By contrast, R 30 v alues dif fer from
.03 to 0.07, indicating that model choice most affects the highly 
nomalous sources in our data set. When combining the feets and 
avelet features, this difference between R 10 and R 30 values is less
ronounced. It is worth noting that several iterations of each feature- 
odel pair were tested, with performance ne ver v arying by more

han ∼1 per cent. As a result, all values are rounded to this precision.
Differences in feature set have a much greater effect than changing 

he anomaly detection method – for the same model R 10 changes 
y factors of ∼3.5 between best- and worst- performing feature 
ets. Similarly, R 30 for the baseline parameters reaches only ∼0.34, 
hilst the wavelet features can reco v er up to 91 per cent of v olunteer -
erified transients. This underscores the importance of using features 
hat best describe a given data set. 

We can also calculate an aggregate recall performance by simply 
ntegrating the AUC of each feature-model pair’s recall curve. The 
orresponding AUC values for each feature-model instance are listed 
n the legend of Fig. 6 . As already mentioned, differences between
eature sets are greater than differences between anomaly detection 
odels. These AUC values show that the wavelet-IF combination 

as the best recall performance at an AUC of 0.83. Ho we ver, this is a
ummary o v er all the data and does not consider the actual finding of
ransients in a live setting. By this we mean that one must consider
ow many anomalies a human will be able to find in a reasonable
mount of time. As discussed abo v e and can be seen in the lower
anel of Fig. 6 , if a user can only inspect the top 10 per cent of the data
et, then the feets–LOF analysis performs the best, with R 10 = 0 . 52.
o we ver, if there are resources available to inspect 30 per cent of the
ata set (e.g. computation, citizen scientists, and a team of experts)
hen the LOF performance on wavelet features recalls 91 per cent
f transients, 7 per cent better than the next-best feature-model pair
 R 30 = 0 . 84). 

The precision values for all feature-model pairs can be found in
able 2 , again looking at 10 and 30 per cent of our anomaly score-
rdered lists. For the feets and wavelet feature sets, precision is
l w ays at least a factor of 2 better than the corresponding baseline
erformance. In general, the same trends hold as with our recall
alues – differences between feature sets are greater than differences 
etween anomaly detection models. Likewise, we can see that the 
eets features produce the best results when looking at the top 10
er cent of the data, with a hit-rate of o v er 1 in 10, compared
o the baseline of 1 in 50. The results 30 per cent of the way
hrough the anomaly score-ordered lists, as seen with the recall 
 alues, sho w that the wavelet-LOF instance performs the best, but
nly marginally. Nevertheless, we can see that for either feature set
r their combination, as applied to both of our anomaly detection
lgorithms, the hit-rate of anomalies in the data is al w ays a f actor of
 or greater when compared to our baseline. This directly translates
nto the number of sources that would need to be sifted out before
nding a new transient. 
In summary, the choice of model used makes a small difference,

hough LOF is marginally preferred. When considering feature sets, 
he baseline features perform the worst, reco v ering transients almost
niformly through the anomaly score-ordered lists. The feets features 
erform the best at the beginning of each anomaly score-ordered list,
eco v ering 52 per cent of transients in 10 per cent of the data and
ncreasing the precision abo v e random by a factor of 5. Ho we ver, the
avelet features perform better when considering a larger fraction 
f each anomaly score-ordered list. Using the wavelet features o v er
0 per cent of anomalies are reco v ered in 30 per cent of the data, at
 precision level that is three times higher than the baseline features.

.2 Acti v e learning impro v ement 

o quantify how much active learning changes our results, we 
ubtract each updated recall curve from those in Section 5.1 . The
esidual curves for all feature-model pairs can be seen in Fig. 7 .

e can immediately see that the wavelet feature instances impro v e
ncreasing recall by as much as 10 per cent within the most anomalous
egion of feature space. Active learning applied to the feets features
mpro v es anomaly recall for the most anomalous sources, but once

15 per cent of the data have been analysed, minimal improvement
s seen. This is reflected in the respective R 10 and R 30 values seen
n Table 2 , which remain almost unchanged to two decimal places.
he combined feature set shows a dramatic increase in performance 
ith the LOF algorithm, by up to 20 percentage points at times. This

orresponds to reco v ering approximately half of the transients in 8
er cent of the data compared to only around one third beforehand.
MNRAS 538, 1397–1414 (2025) 
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M

Figure 6. Upper panel: The recall curves for both anomaly detection algorithms as applied to four groups of features derived from our radio light curves. The 
data are ordered according to the anomaly score from each algorithm, where for example x = 0 . 3 corresponds to the most anomalous 30 per cent of the data set. 
The dotted line in each corresponds to y = x i.e. random chance. Lower panel: A combined plot of all eight recall lines for better comparison between feature 
sets. Dashed lines make comparisons (see text) for recall rates at 10 and 30 per cent of the data set. The values in the legend correspond to the area under each 
recall curve (AUC). 
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Table 2. Specific recall ( R) and precision ( P ) values, rounded to two decimal places, for each feature-model 
pair, measured after ten and thirty per cent of the most anomalous sources have been ‘seen’. Each pair of values 
listed are the default, active iteration of that feature-model instance. 

Feets Wavelets ( η, V ) Combined 
LOF IF LOF IF LOF IF LOF IF 

R 10 0.52, 0.52 0.42, 0.45 0.24, 0.32 0.38, 0.42 0.14, 0.16 0.12, 0.11 0.38, 0.51 0.34, 0.37 
R 30 0.74, 0.73 0.78, 0.78 0.91, 0.91 0.84, 0.84 0.34, 0.32 0.31, 0.30 0.76, 0.78 0.69, 0.74 
P 10 0.11, 0.11 0.09, 0.10 0.05, 0.06 0.07, 0.08 0.03, 0.03 0.02, 0.02 0.07, 0.10 0.07, 0.07 
P 30 0.05, 0.05 0.05, 0.05 0.06, 0.06 0.05, 0.05 0.02, 0.02 0.02, 0.02 0.05, 0.05 0.04, 0.05 

Figure 7. Changes in performance due to active learning for each feature-model pair, where y = 0 indicates no impro v ement. The x -axis refers to how far down 
each anomaly score-ordered list is being considered. This plot has been truncated at x = 0 . 4 as, after this point, all curves vary minimally about 0, with two 
figures shown for clarity when comparing between curves. It can be seen that, when using the wavelet features, improvements in recall of up to 12 percentage 
points can be seen for both anomaly detection algorithms, whilst the feets features impro v e only moderately. When combining feets and wavelet features, there 
is a 20 percentage point increase when using the LOF, whilst the IF impro v ement is similar to that of each feature set alone. 
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y contrast, the combined feature set as applied to the IF shows
pproximately the same qualitative improvements as when applying 
he feature sets alone. As seen in the previous section, ( η, V ) show
o impro v ement and in some cases perform worse than before. This
s in part because our active learning procedure involves labelling 
he sources at the top of our anomaly score-ordered list. Given that
he anomaly detection performance using the standard ( η, V ) feature
air essentially matches random chance and that transients make up 
2 per cent of our sample, labelling only 2 per cent of the data will

ot provide the regressor with many positive anomalies from which 

o learn. d  
The precision values of Table 2 show minimal impro v ement
ollo wing acti ve learning. Only the P 10 values impro v e by, at most,
 per cent, whilst all P 30 values remain the same to two decimal
laces. This is in part due to the asymptotic behaviour of these
recision calculations as mentioned earlier, namely that as n reaches 
ur total sample size, the precision must approach the o v erall rate of
ransients in our data of ∼ 2 per cent. As a result, it is hard to impro v e
ur P 30 values much when there are so few anomalies to find in our
ata set. 
In terms of AUC values, we see minimal change compared to the

efault anomaly detection procedure, with all feets and ( η, V ) values
MNRAS 538, 1397–1414 (2025) 
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arying at the sub-per cent level and wavelet instances improving by
nly 0.01. This matches what we see in Fig. 7 where after x = 0.3 all
urves vary only minimally around no change ( y = 0). As before we
tress that this metric does not match the user-driven experience of
nding anomalies preferentially in as small a data volume as possible.
s before, the feets-LOF iteration provide the most transients in 10
er cent of the data, though the wavelet instances perform almost as
ell following the active learning. 

 DISCUSSION  

.1 F eature perf ormance and comparison 

n this work, we have demonstrated the first application of anomaly
etection to the task of finding transients with radio interferometers.
n general, we see that appropriate features, models, and domain
no wledge via acti ve learning allo w us to reco v er o v er half of our
 olunteer -verified transients (anomalies) in one-tenth of the total
ata volume. Similarly, we have shown that the number of sources a
uman must inspect in order to find transients can as reduced by a
actor of 5 compared to baseline performance. The choice of model
sed makes a small but noticeable difference, with the LOF algorithm
enerally performing better. The choice of feature or representation
s a much stronger determinant of which and how many anomalies
an be reco v ered. F or e xample, when dealing with the large and
eterogeneous sample of data used in this work, it is clear that a
imple 2-parameter setup fails to represent the data in a way that
llows the subsequent anomaly detection models to succeed. This
s not a surprise, given that η and V are intended for intra-field
omparisons i.e. between light curves in a single set of observations.
ndeed these are still useful statistics that have aided in the disco v ery
n numerous transients from the ThunderKAT observations (see
ection 1 ). 
On the other hand, the feets features show good promise at

eco v ering transients and can recall o v er half of our anomalies in
ess than 10 per cent of the data. Our wavelet features, after active
earning, perform almost as well as the feets features with respect
o R 10 and are by a significant margin the best feature set when
omparing R 30 values. The large impro v ement seen in the wavelet
eatures may be related to the clear clustering of anomalies seen in
ig. 4 , where the majority of our transients are located in a relatively
mall part of this representation. Therefore we might conclude that
f active learning adequately highlights sources from this region of
eature space, performance will increase. 

The combined feature set performs similar to both individual sets.
he recall plot of the combined features is ef fecti v ely an av erage of

he feets and wavelet feature sets. This implies that while both feature
ets contribute information, they are not entirely orthogonal. The
dditional features will make some sources appear more anomalous
hile others will now have more in common with the larger
opulation. The base anomaly detection algorithms are not able to
ake ef fecti ve use of the additional features. Ho we ver, applying

ctive learning with the LOF dramatically impro v es performance
f these features, improving recall by up to 20 percentage points.
y using this training data, active learning can far more ef fecti vely

ake advantage of the additional information pro vided, lev eraging
ither the feets features or the wavelets depending on the region of
eature space in which the labelled source is found. To a v oid these
ifferences caused by the initial anomaly detection algorithm, future
ctive learning procedures may skip this step entirely (Lochner &
udnick 2025 ). 
NRAS 538, 1397–1414 (2025) 
A comparison between the feets and wavelet features can be seen
n Fig. 8 , where the distributions of actively learnt scores between
ifferent classes are shown. In both instances, background (i.e. non-
nomalous) sources receive lower anomaly scoures as expected.
o we ver, when comparing between pre viously kno wn transients

45 sources, see A23 for the listed XRBs and other commensal
isco v eries) and those found by volunteers (142 sources), it can
e seen that when using the wavelet features, these two classes
roduce similar, tightly peaked distributions in score i.e. they are
pproximately equally anomalous. Ho we ver, when using the feets
eatures, the distribution of both desired classes are broader, with
 olunteer -found sources o v erlapping slightly more with background
bjects. This implies that, if searching only for sources such as the
re viously kno wn XRBs, the feets features may be the feature set to
se, but that the wavelet features can find both classes of transient
ith equal aptitude. 
We note that one could spend a great deal longer curating the

erfect feature set for a given task, and there is no guarantee that
he features tested herein form the optimal choices. For example, we
now that the heterogeneity of our time series and their sampling,
long with the imputation of shorter light curves, likely induces
iases in the wavelet calculations. Ho we ver, without labels, it
ould not be possible to tune hyperparameters in any stage of

he process. Nevertheless, that pre-existing methods work well in
his regime is a significant step towards finding radio transients
n real-time surv e ys. Future work may investigate whether, for
xample, autoencoder architectures (e.g. Villar et al. 2021 ) provide



Anomaly detection for radio transients 1411 

a
s

P  

p  

k
m
f  

k
s  

h
t  

m

6

W
a
D
l
r
p  

r  

d
s
J  

W  

w
w  

a
d

 

p  

e  

(
f  

W  

s
m  

S
i
a
H  

w
t
t  

l
f  

t
e  

a  

t
s
o
p

6

A  

v
a
g  

Figure 9. A comparison between how many citizen scientists voted for 
a source as a transient and its ranking in the anomaly detection work, 
where a rank of 1 indicates the most anomalous source, whilst the least 
anomalous source has a ranking of 0. Sources ‘not reco v ered’ refers to known 
variables/transients in the light curves that fall below the 4/10 threshold of A23 
and were therefore regarded as missed by volunteers. The background points 
are all remaining sources, coloured by the density of points. The anomaly list 
used here corresponds to the wavelet features applied to the LOF algorithm, 
but results are consistent for all feature-model pairs. 

c
d  

v  

s
i  

w
w  

v
m  

a  

v  

l
d  

i  

I
t
c
s  

l
l
–  

t
a
i  

e
p
a  

t  

i  

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/538/3/1397/8042556 by Social Studies user on 04 June 2025
 way to extract meaningful features directly from the radio time 
eries. 

As a final point on feature selection, we have used Gaussian 
rocesses only for interpolating light curv es, though the y serv e as
owerful tools in their own right. When fitting a GP, the covariance
ernels used have hyperparameters that can provide alternative 
etrics for detecting variables and transients. This idea is explored 

urther in Fu et al. (in preparation), who use a multiterm covariance
ernel and its hyperparameters to find candidate transients in the 
ame data used here. This study finds that the joint distribution of
yperparameters is a good discriminant for separating variable and 
ransient candidates from stable ones and goes on to detect transients

issed by traditional metrics and by A23 . 

.2 Computational scalability 

ith regards to scalability, all processing has been performed on 
 standard CPU on a desktop with no attempt at optimization. 
espite this, all feature extraction and anomaly detection took 

ess than 10 min, with the Gaussian process regression being the 
ate-limiting step. Even when considering the additional step of 
roducing light curves from images in the first place, the o v erall
un time is low enough to allow for a low-latency online transient
etection system. Commensal real-time searches already exist on 
ome interferometers, such as the realfast system on the Karl G 

ansky’s Very Large Array (Law et al. 2018 ) and on the Murchison
idefield Array (see methods in Hurley-Walker et al. 2023 ). This
ork shows that the incorporation of anomaly detection techniques 
ould be a flexible addition to such a backend system, whereby the

nomaly ranking and user-defined preference would allow for rapid 
isco v ery without ballooning data rates. 
Ho we ver, additional steps will be required in order to maximize

otential disco v eries from current and upcoming data streams. F or
 xample, sev eral recent disco v eries hav e been made using fast images
that is, sub-integrations of a single long observation) that warrant 
urther investigation (Caleb et al. 2022 ; Hurley-Walker et al. 2022 ;

ang et al. 2023 ), while in this work the images are typically
eparated by a week. We plan to apply these anomaly detection 
ethods to sets of 8s-images taken by MeerKAT in the near future.
imilarly, we have not made use of any spectral or polarimetric 

nformation inherent in the data, both of which can provide crucial 
dditional information and reduce contaminants (Heywood 2023 ). 
o we ver, it is impossible to know on which time-scales and at
hich frequencies to search in a manner that is completely agnostic 

o all the possible underlying astrophysics. Therefore it is worth 
hinking about the specific science case in mind and how to best
everage these data products – for example, if one is searching 
or radio flaring stars, the use of Stokes V imaging is a powerful
ool that eliminates many contaminants from images (e.g. Pritchard 
t al. 2021 , 2024 ). These additional pipeline steps would, ho we ver,
dd to the computational time of finding these anomalies. It is
herefore down to the given science case whether data rates are 
uch that only the bare minimum information can be extracted, 
r whether the astrophysical phenomena necessitate additional 
rocessing. 

.3 Citizen science 

ll of the disco v eries used as our ground truth were found by
olunteers. With upcoming (big) data projects such as the SKA 

nd LSST, it is worth discussing the role of individuals and 
roups with regards to disco v ery science. A crude but immediate
omparison between human disco v eries and automated anomaly 
etection algorithms can be seen in Fig. 9 , where the transient
ote fraction is how many out of 10 volunteers that saw each
ource voted for it as a transient/variable. The anomaly ranking 
s a source’s position in the anomaly score-ordered list for the
avelet-LOF instance, though other feature-model pairs were tested 
ith qualitatively similar results. We can see that the majority of
olunteer transients are ranked highly by the anomaly detection 
odel, matching the recall curves seen earlier. Ho we ver, we can

lso see that there are known transients and variables missed by
olunteers (i.e below A23 ’s threshold of 0.4) – these are typically
ow significance sources and/or those that show variability that was 
ifficult for volunteers to identify but were found in previous studies
.e. Driessen et al. ( 2020 , 2022b ) and Rowlinson et al. ( 2022 ).
t is encouraging then that the anomaly detection methods rank 
hese anomalies as highly as many of the new transients/variables 
onfirmed by volunteers, indicating that we can avoid a potential 
ource of bias in our searches. Similarly, there are sources given
ow scores by the anomaly detection algorithms (even with active 
earning) that were clearly identified by a majority of volunteers 

these are the data points about the y = x line in Fig. 9 . So
hese are anomalies that volunteers find ‘more easily’ than our 
lgorithms. It is therefore pertinent to leverage each search method 
n a complementary manner (see also Wright et al. 2017 ). For
xample, one could perform a first pass with anomaly detection 
rocedures, which would find the highly anomalous sources easily 
nd then pass the sources that are not ranked highly (e.g. beyond
he ‘knee’ of a given recall curve) to citizen scientists. Ho we ver,
t is also important to value the time taken by individual vol-
MNRAS 538, 1397–1414 (2025) 
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nteers and consider whether asking them to find relatively few
ources in large data volumes is an optimal or even fair division
f labour. We caveat that this brief comparison with volunteer
erformance may not necessarily generalize to other projects, future
ata releases or other volunteers and that project builders could in
heory gi ve dif ferent training and instructions, producing dif ferent
esults. Nevertheless, the combination of rapid computation and
he advantages of v olunteer -led searches in concert with expert
nalysis and, as demonstrated in this work, anomaly detection
echniques, hold great promise for future transient hunting ef-
orts. 

Involving citizen scientists at the active learning stage is one way
o leverage this combination of algorithmic efficiency and volunteer
iligence. As simulated and then demonstrated by the Galaxy Zoo
eam (Walmsley et al. 2020 , 2022a ), volunteers can be preferentially
hown sources which are most informative for a model to train
n, dramatically reducing the number of votes required o v erall. In
n unsupervised setting this human-in-the-loop cycle might con-
titute showing volunteers the most anomalous sources after default
nomaly detection and then updating an acquisition function based on
he citizen scientists’ classifications. Volunteers could then be shown
ources according to the new anomaly score-ordered list and the
rocess repeats. Due to the subjective nature of what a given (citizen)
cientist might find interesting, the resulting acquisition function
ould be some average of many different opinions, weighted by

he number of sources classified per volunteer. Project scientists
ould then have to decide whether or not to intentionally attempt

o influence behaviour by, for example, displaying’wanted’ source
lasses in volunteer training, or whether a diversity in voting patterns
an be leveraged for downstream tasks. In any case, optimizing what
ources are shown to volunteers will be of paramount importance
hen dealing with future surv e ys such as from the SKA or Vera C.
ubin Observatory. 

 C O N C L U S I O N S  

n this paper, we have presented the first analysis of anomaly
etection models and active learning for finding radio transients via
heir light curves. We are able to make use of volunteer contributions
n the Bursts from Space: MeerKAT citizen science project as a
round truth sample against which to test these unsupervised machine
earning techniques incorporated into the ASTRONOMALY package.

e have shown how choices in feature sets result in different
lustering of sources and how the appropriate representation of data
as a strong impact on our ability to reco v er anomalies. We have also
hown that choice of anomaly detection model is a less significant
eterminant in performance. For any combination of feature set and
odel, the hit rate of transients is al w ays at least a factor of 2

reater than previous methods, for highly anomalous sources. Active
earning on a small subset of the data produces better recall of
ransients, particularly for those ranked as highly anomalous. This
nables users to focus on anomalies that are interesting for their
iven science case. These promising methods, in combination with
he v olunteer -led efforts and commensal search engines being built
nto telescope backends, will allow for the unprecedented disco v ery
f rare and no v el transients that will drive science cases for upcoming
acilities such as the SKA. 
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