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A B S T R A C T 

Contamination by radio frequency interference (RFI) is a ubiquitous challenge for radio astronomy. In particular, transient RFI is 
difficult to detect and a v oid, especially in large data sets with many time bins. In this work, we present a Bayesian methodology for 
time-dependent, transient anomaly mitigation performed jointly with model fitting. The computation time for correcting transient 
anomalies in this manner in time-separated data sets grows proportionally with the number of time bins. We demonstrate that 
utilizing likelihood reweighting can allow our Bayesian anomaly mitigation method to be performed with a computation time 
close to independent of the number of time bins. In particular, we identify a factor of 44 impro v ement in computation time for a 
test case with 2000 time bins. We also demonstrate how this method enables the flagging threshold to be fit as a free parameter, 
fully automating the mitigation process. We find that this threshold fitting also prev ents o v ercorrecting of the data in the case of 
wide priors. Finally, we investigate the potential of the methodology as a transient detector. We demonstrate that the method is 
able to reliably flag an individual anomalous data point out of 302 000 provided the Signal to Noise Ratio is ≥10 . 

Key words: Data Methods – Bayesian – Transients. 
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.  I N T RO D U C T I O N  

he field of radio astronomy has been rapidly growing in terms
f both reach and data complexity. The number of known radio
ources has been exponentially increasing, and will increase further
n the future with the development of the Square Kilometre Array
SKA) (Braun et al. 2015 ) and the next-generation Very Large Array
ngVLA) (McKinnon et al. 2019 ). As the volume of information on
he sky increases, astronomers also seek increasingly faint signals
equiring more sensitive instruments and advanced data analysis
echniques. 

With the development of modern telecommunications devices,
ata from radio telescopes are becoming increasingly contaminated
ith interfering, anomalous signals such as radio frequency interfer-

nce (RFI; Arrubarrena et al. 2024 ), which has become very difficult
o a v oid entirely (Fridman & Baan 2001 ; Pritchard et al. 2024 ),
xcept in observations from extremely remote locations (Monsalve
t al. 2024 ). This problem is worsened by the fact that current signals
f interest, such as the Global 21-cm signals (Bowman et al. 2018 ;
e Lera Acedo et al. 2022 ; Singh et al. 2022 ; Razavi-Ghods et al.
023 ; Monsalve et al. 2024 ), lie in the same unprotected frequency
ands as said devices. 
RFI can emanate from a range of human-made sources, such

s communication devices, satellites, and radar systems. It poses a
ignificant challenge for radio astronomy, as it can obscure or mimic
enuine celestial signals. RFI can be constant in time or transient
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Czech, Mishra & Inggs 2018a ). Transient RFI is particularly
roblematic because it is hard to detect and thus much more difficult
o a v oid. The SKA will gather up to 1 TB of data per second (Scaife
020 ). With the volume of data to be analysed so large and the level
f complex contaminants so high, there is a serious need for new
ata analysis techniques that are highly efficient and sensitive to
uch transient events. 

There are various proposed ways to mitigate RFI. Offringa et al.
 2010 ) use post-correlation classification methods in AOFLAGGER ,
hich is used by the LOFAR (R ̈ottgering 2003 ). The FAST (Nan
006 ) telescope uses spatial filtering techniques (Wang et al. 2022 ).
ore recently, deep learning methods have been utilized (Kerrigan

t al. 2019 ), latent nearest neighbours used to distinguish RFI by
earning uncontaminated data (Mesarcik et al. 2022 ), and Bayesian

ethods used to calibrate satellite RFI based on trajectories (Finlay
t al. 2023 ). For a more in-depth re vie w of the current literature,
e recommend Ford & Buch ( 2014 ) or Baan ( 2019 ). There are few
ethods designed specifically for transient RFI detection, as noted

y Czech, Mishra & Inggs ( 2018b ), who propose a dictionary-based
pproach to transient RFI detection. 

Transient RFI is exceptionally problematic when the signal of
nterest is itself transient. For example, a transient RFI burst could
ot only obscure a signal [such as a fast radio b urst (FRB)] b ut also
imic it leading to a false detection (Cendes et al. 2018 ). A satellite

assing o v er the telescope e.g. could lead to such a transient anomaly
Finlay et al. 2023 ). This problem can be partially addressed using
pectral kurtosis (Nita, Keimpema & Paragi 2019 ). However, spectral
urtosis is inadequate in various cases as described in Smith, Lynch
 Pisano ( 2022 ). Furthermore, with many modern projects utilizing
© 2024 The Author(s). 
ty. This is an Open Access article distributed under the terms of the Creative 
ch permits unrestricted reuse, distribution, and reproduction in any medium, 
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ayesian methods in their data analysis pipelines, there is an urgent 
eed for Bayesian RFI mitigation techniques. 

In this paper, we present a no v el Bayesian anomaly detection
ethodology that is efficient and sensitive to transient anomalies as 
ell as time constant anomalies. In Section 2 , we define the method.

n Section 3 , we test our methods on a simple toy model. In Section 4 ,
e e v aluate these methods when used to locate transient signals

hemselves, as well as mitigate against them. Finally, in Section 5 ,
e present our conclusions. 

.  M E T H O D S  

.1 Bayesian anomaly mitigation 

eene y, Handle y & Acedo ( 2023 ) proposed a fully Bayesian method-
logy for simultaneous anomaly flagging and excision, which is 
erformed jointly with the primary model fit to the data, and can
e readily folded into Bayesian analysis pipelines via a simple 
odification to their likelihood. The term likelihood , in the context 

f a single data point, defines the probability of observing that data
oint D i given some model and its constituent parameters M i ( θ ) . 
his assumes a predefined probability distribution for the noise. 
or instance, assuming uncorrelated Gaussian noise results in a 

ikelihood of the form 

log L i ( θ ) = −1 

2 
log 

(
2 πσ 2 

n 

) − 1 

2 

(D i − M i ( θ ) 

σn 

)2 

, (1) 

here θ is the parameter(s) and σn is the noise amplitude. Alterna- 
ively, for a data set containing N x data points, and a corresponding
odel with a single parameter set θ for all points, assuming no 

orrelations, the o v erall likelihood is the product of the probabilities
f each datum (or alternatively, the sum of log probabilities), giving 

log L ( θ ) = 

N x ∑ 

i 

log L i ( θ ) , (2) 

here i inde x es o v er the data points. In man y cases, this will be an
nde x o v er a variable x. F or the e xamples in this w ork, this is tak en
o be observation frequency. 

Ho we ver, this likelihood cannot account for isolated data points
hat do not match the probability distribution of the rest of the
ata set. Throughout this work, we refer to such data points as
anomalous’. Contamination by RFI is a common source of such 
nomalous data points. Typically, anomalies are flagged and excised 
rior to the Bayesian fitting procedure. This can be problematic, as
t leads to potentially useful information being thrown a way. Leene y
t al. ( 2023 ) showed that anomalies can be modelled simultaneously
n a Bayesian fashion by using a piece-wise likelihood capable of
odelling both the probability of abnormality and the probability 

hat each datum fits to the model of interest. 
This was achieved in Leeney et al. ( 2023 ) by first defining a
odel in which, if a data point is contaminated, the probability of

bserving that data becomes independent of the parameters. It is 
nstead assumed to be uniform o v er a defined scale [0 − � ], where
 describes the scale of the contamination, in the same units as

hose of the data, and can typically be set to � ≈ MAX (data). The
robability of observing a given data point given the model then 
epends on whether that point is contaminated or not, as 

 ( D i | θ ) = 

{ 

L i ( θ ) , uncontaminated 

� 

−1 , contaminated . 
(3) 
This can be expressed with a Boolean mask to identify each data
oint as contaminated or not: 

 ( D i | θ, ε) = 

∏ 

i 

L i ( θ ) εi 
(
� 

−1 
)1 −εi 

. (4) 

ere, εi = 1 indicates uncontaminated data and εi = 0 indicates 
ontaminated data. 

As it is not necessarily known which data points are contaminated 
 priori, a probability can be assigned to each given epsilon mask.
his gives the probability of observing the data point, given the
odel, as 

 ( D i , ε| θ ) = 

∏ 

i 

[ L i ( θ ) P ( εi = 1)] εi [ � 

−1 P ( εi = 0)] 1 −εi . (5) 

Leeney et al. ( 2023 ) then makes the assumption that the probability
f data points being contaminated are uncorrelated, with a probability 
 i that any individual point is contaminated, such that 

 ( εi = 0) = p i (6) 

nd 

 ( εi = 1) = 1 − p i . (7) 

Substituting in these values into equation ( 5 ) gives 

 ( D i , ε| θ ) = 

∏ 

i 

[ L i ( θ )(1 − p i )] 
εi [ p i /� ] 1 −εi . (8) 

Ideally, εi should be marginalized o v er. Ho we ver, this is compu-
ationally impractical in most cases. Therefore, Leeney et al. ( 2023 )
akes the approximation that the εi that returns the highest likelihood 

ominates in the marginalization. This highest likelihood mask is 
iven by 

i = 

⎧ ⎨ ⎩ 

1 , L i (1 − p i ) > p i /� 

0 , otherwise . 
(9) 

Therefore, the final likelihood can be expressed as 

log L ( θ ) = 

∑ 

i 

⎧ ⎨ ⎩ 

log L i + log (1 − p i ) , log L i + log (1 − p i ) 
> log p i − log � 

log p i − log �, otherwise . 
(10) 

In practice, this likelihood operates by remo ving v ery low likeli-
ood data points from the o v erall likelihood and replacing them with
n Occam’s penalty. This is because the Bayesian evidence fa v ours
he simplest solution that best describes the data, so without the
enalty the ‘most likely’ solution would be to flag all of the data as
nomalous. 

Leeney et al. ( 2023 ) showed that this likelihood enabled anomalous 
ata points to be efficiently flagged and corrected for automatically in
 Bayesian model fit of a one-dimensional (1D) data set. The focus
f this work is extending this methodology for application to 2D,
ime-varying data sets. 

.2 Time-binned modelling 

nstey, de Lera Acedo & Handley ( 2023 ) proposed a methodology
or efficient inclusion of time-dependent data sets in Bayesian 
odelling. Typically, in the case of time-varying data, modelling each 

ime bin separately is unfeasible as it requires a complete model with
ts own set of parameters for each bin, which can quickly result in
he dimensionality of the fit becoming very large for more than a few
ime bins. As a result, time-varying data are typically modelled by
tting a model to the time averaged data set. For example, in the case
RASTAI 3, 372–384 (2024) 
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f the uncorrelated Gaussian likelihood described in equations ( 1 )
nd ( 2 ), a time-averaged likelihood would take the form 

log L ( θ ) = 

∑ 

i 

−1 

2 
log 

(
2 πσ 2 

n 

) − 1 

2 

( 

1 
N t 

∑ 

j D ij − M i ( θ ) 

σn 

) 2 

, 

(11)

here j inde x es time bins and N t is the total number of time bins. 
Ho we v er, in Anste y et al. ( 2023 ), the case was considered where a

ime varying model can be defined as a product of a parameter-
ependent component and a parameter-independent component,
here only the parameter-independent component has time depen-
ence, of the form 

 ij ( θ ) = F i ( θ ) G ij . (12) 

If it is the case that the time-dependent component G ij , despite
eing independent of the specific value of the parameters, is required
o be different for the different parameters in θ , which will be the
ase if different parameters are describing different effects, this can
e expressed more fully as 

 ij ( θk ) = F i ( θk ) G ijk , (13) 

here k inde x es o v er the parameters and θk expresses the individual
lements of the vector θ . 

An example of a case where a model of this form can be defined
s for a set of parameters defining an astrophysical observable that
s constant on the time-scales of the experiment, with time variance
nly being introduced by the rotation of the Earth. Another possibility
ould be a data set of just noise with transient signals, which
ould simply have a model of M ij ( θ ) = 0, which still satisfies

his condition. 
It should be noted that time dependence is not the only way a
odel can be factorized in the manner shown in equation ( 13 ). For
 xample, if the frequenc y component of the model were parameter
ndependent, it could be factorized instead. Provided their effect on
he model is not dependent on the parameters being fit for, it may also
e possible to factorize polarization, or even different instruments in
his fashion. The fast anomaly mitigation techniques described in
ections 2.3 and 2.4 could then be equi v alently applied in such
ases. Ho we ver, for the purposes of this work, we will focus on
ime-dependence as a test case. 

If such a model can be defined, it becomes possible to implement
imultaneous fitting of separate time bins of data to corresponding
odels without the dimensionality of the parameters increasing, as

ach time bin fits for the same parameter set. Such a fitting process can
e implemented by modifying the likelihood shown in equation ( 11 )
o 

log L ( θ ) = 

∑ 

ij 

−1 

2 
log 

(
2 πσ 2 

n 

) − 1 

2 

(D ij − M ij ( θ ) 

σn 

)2 

. (14) 

It was demonstrated in Anstey et al. ( 2023 ), in the context of global
1-cm experiments, that using this full time-dependent likelihood in
 Bayesian model fit enabled the time variance of the model to be
xploited to constrain the model parameter more tightly than could
e achieved for a time-averaged model. 

.3 Time-binned anomaly mitigation 

pplying the Bayesian anomaly mitigation technique described in
ection 2.1 to the time-dependent likelihood described in Section 2.2

s straightforward, requiring only that the flagged likelihood shown
ASTAI 3, 372–384 (2024) 
n equation ( 10 ) be extended into two dimensions as 

log L ( θ ) = 

∑ 

ij 

⎧ ⎨ ⎩ 

log L ij + log (1 − p ij ) , log L ij + log (1 − p ij ) 
> log p ij − log � 

log p ij − log �, otherwise , 
(15)

here log L ij is the likelihood of a single data point in a single time
in 

log L ij ( θ ) = −1 

2 
log 

(
2 πσ 2 

n 

) − 1 

2 

(D ij − M ij ( θ ) 

σn 

)2 

. (16) 

Ho we ver, implementing this method in practice faces a challenge.
he likelihood shown in equation ( 14 ) requires a summation o v er

ime bins. This means the computation time of the likelihood grows
inearly with the number of time bins used in the data set. As a result,
arger numbers of time bins can greatly slow the fitting procedure. 

In Anstey et al. ( 2023 ), this issue was resolved by reformatting the
ikelihood such that all summations o v er time could be calculated
nce, outside of the likelihood, removing the dependence of the
alculation time on the number of time bins. Ho we ver, this solution
s not possible to implement when the anomaly correcting procedure
s also implemented. This is because the value of log L ij must
e calculated for every time bin within the likelihood, in order
o e v aluate log L ( θ ), as sho wn in equation ( 15 ). Therefore, an
lternative method of speeding the likelihood e v aluation is needed
o make this process viable in practice. This can be achieved using
ikelihood reweighting. 

.4 Likelihood reweighting 

he process of likelihood reweighting is an extension to importance
ampling, pioneered in the context of gravitational waves (Payne,
albot & Thrane 2019 ; Romero-Sha w, Lask y & Thrane 2019 ). It is
 method for speeding the e v aluation of a posterior and evidence in
 Bayesian fit for the case of a complex model that is otherwise slow
o e v aluate. This process relies on se v eral ke y criteria. 

Firstly, two models, M F ( θ ) and M S ( θ ) , are required. One of
hese must be quick to e v aluate, which will henceforth be assumed
o be model F, and one is slower to evaluate, which we define as model
. These two models must be parametrized by the same parameter
ector θ , with the same prior distribution π ( θ ) . They must also have
heir posterior peak in approximately the same region of parameter
pace. 

By definition, the posteriors of the two models can be expressed
s 

 F ( θ | D, M F ) = 

L F ( D| θ, M F ) π ( θ ) 

Z F 
(17) 

nd 

 S ( θ | D, M S ) = 

L S ( D| θ, M S ) π ( θ ) 

Z S 
, (18) 

here L F ( D| θ, M F ) and L S ( D| θ, M S ) are the likelihoods cal-
ulated from the two models and Z F and Z S are the respective
vidences. 

Ho we ver, gi ven the aforementioned criterion that the two models
ave the same priors, the prior can be expressed in terms of model F,
s 

( θ ) = 

Z F P F ( θ | D, M F ) 

L F ( D| θ, M F ) 
(19) 

nd substituted into equation ( 18 ) to give 

 S ( θ | D, M S ) = P F ( θ | D, M F ) 
L S ( D| θ, M S ) 

L F ( D| θ, M F ) 

Z F 

Z S 
. (20) 
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hus, the posterior of model S can be e v aluated without having
o perform a full Bayesian model fit with the slow-to-calculate 
ikelihood. This is achieved by instead performing a model fit of
he much faster e v aluated model F. Given the criterion that the bulk
f the two models’ posteriors occupy similar regions of the parameter 
pace, the samples of this fast e v aluated posterior will co v er the same
arameter volume as a hypothetical posterior of the slower model. 
herefore, reweighting the posterior samples of model F by a factor 
f the ratio of the likelihoods 

 ( θ ) = 

L S ( D| θ, M S ) 

L F ( D| θ, M F ) 
, (21) 

ill convert the samples to samples of the posterior of model S,
o within a constant factor given by the ratio of the evidence. By
his method, a set posterior for model S can be e v aluated with the
low likelihood only needing to be computed for the relatively small
umber of posterior samples. This can be significantly faster than 
ampling the complex likelihood across the entire prior volume. For 
 particularly complex and thus slow to calculate likelihood, this can 
ake the fitting procedure significantly faster. This effect will be 

emonstrated in Section 3.3.3 . 
Therefore, the process of likelihood reweighting is well suited to 

chieving fast and efficient time-dependent anomaly mitigation. By 
aking an anomaly correcting likelihood that acts on precomputed 
ime-summed likelihoods as the quickly e v aluated model F and 
he full time separated likelihood as the slo wly e v aluated model
, the full time-dependent likelihood posterior can be e v aluated 
uickly, allowing the Bayesian anomaly mitigation procedure to be 
mplemented practically on time-dependent data sets as follows. For 
he slow likelihood, the likelihood of each data point is calculated 
ccording to equations ( 15 ) and ( 16 ). 

For the fast likelihood, ho we ver, in order to preserve as much
f the time-dependent data as possible, the following process is 
mplemented. 

First, the methodology described in Anstey et al. ( 2023 ) to
 v aluate a time-dependent likelihood in a time-independent fashion 
y expanding the likelihood given in equation ( 14 ) and precom-
uting the summations o v er time is implemented. As previously 
oted, precomputing time summations in this fashion, while greatly 
ccelerating the likelihood e v aluation time, pre vents the e v aluation
f log L ij directly and thus prevents the implementation of the full
ime-dependent flagging method defined in equation ( 15 ). Ho we ver,
rom equation (7) of Anstey et al. ( 2023 ), it is possible to e v aluate the
roduct of likelihoods (or equi v alently the sum of log likelihoods)
 v er all time bins in each data channel 

log ˜ L i = 

∑ 

j 

log L ij , (22) 

rom precomputed time summations. 
Therefore, it is possible to perform the anomaly mitigation 
ethodology in a time-independent fashion by flagging out entire 

hannels where contamination occurs, based on the summed log 
ikelihoods, rather than only the contaminated time bins of those 
hannels. 

In order to determine the appropriate flagging thresholds for this 
rocess, we repeat the deri v ation of Leeney et al. ( 2023 ), described
n Section 2.1 , applied to the summed log likelihood. 

We first make the assumption that if any time bin in a particular
hannel is contaminated, that contamination will dominate, and 
he resulting probability of the product of all time bins becomes 
ndependent on the model, and is instead uniform o v er a defined
cale. In this case, the resulting probability of a contaminated channel 
epends on how many contaminated points it contains: 

 ( D i | θ ) = 

{
˜ L i ( θ ) , all uncontaminated 
� 

−k i , k i contaminated , 
(23) 

here � again describes the scale of the contamination, k i is the
umber of contaminated points in channel i, and ˜ L i ( θ ) = 

∏ 

j L ij ( θ ).
This can again be expressed using a Boolean mask, εi , as 

 ( D i | θ, ε) = 

∏ 

i 

˜ L i ( θ ) 
εi 

( � 

−k i ) 1 −εi . (24) 

ere, εi = 1 refers to the case where no time bins in channel i are
ontaminated, and εi = 0 to the case where at least 1 time bin is
ontaminated. 

As before, the probability of observing the data channel, given the
odel, can then be expressed as 

 ( D i , ε| θ ) = 

∏ 

i 

[ 
˜ L i ( θ ) P ( εi = 1) 

] εi 

⎡ ⎣ 

N t ∑ 

k i = 1 

� 

−k i P ( k i ) P ( εi = 0 | k i ) 
⎤ ⎦ 

1 −εi 

. (25) 

It must be noted here that, as the value of k i in each case is
ot known, we sum o v er all possible values, weighted by their
robabilities. 
If, again, the probability that any given point is contaminated is

 i , assuming again that there are no correlations, the probability that
 channel contains no contaminated points is 

 ( εi = 1) = (1 − p i ) 
N t , (26) 

here N t is the number of time bins. 
In the case of ε = 0, the probability of k i points being contaminated

s a simple binomial distribution: 

 ( k i ) = 

(
N t 

k i 

)
( p i ) 

k i (1 − p i ) 
N t −k i . (27) 

As the case of εi = 0 is defined to be where at least one point in
he channel is contaminated, so k i ≥ 1, it can be seen that 

 ( εi = 0 | k i ) = 1 (28) 

or all k i �= 0. 
Substituting equations ( 26 )–( 28 ) into equation ( 25 ) and noting

hat 

N t ∑ 

k i = 0 

(
N t 

k i 

)
x k i y N t −k i = ( x + y) N t (29) 

ives 

P ( D i , ε| θ ) = 

∏ 

i 

[ 
˜ L i ( θ ) (1 − p i ) 

N t 

] εi 

[
(1 + p i ( � 

−1 − 1)) N t − (1 − p i ) 
N t 
]1 −εi 

. (30) 

Making, as before, the assumption that the most likely model 
ominates the marginalization of the εi masks, and given that the 
ost likely mask is given by 

i = 

⎧ ⎨ ⎩ 

1 , ˜ L i ( θ ) (1 − p i ) N t 

> (1 + p i ( � 

−1 − 1)) N t − (1 − p i ) N t 

0 , otherwise , 
(31) 
RASTAI 3, 372–384 (2024) 
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Figure 1. Example test data set with 20 time bins generated according to the 
toy model described in Section 3.1 . 
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he final likelihood can be expressed as 

∑ 

i 

= 

⎧ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎩ 

log ̃  L i + N t log (1 − p i ) 
log ̃  L i + N t log (1 − p i ) , > log 

[
(1 + p i ( � 

−1 − 1)) N t 

− (1 − p i ) N t 
]

log 
[
(1 + p i ( � 

−1 − 1)) N t 

−(1 − p i ) N t 
]
, otherwise . 

(32) 

It can be seen that in the case of N t = 1, this reduces to
quation ( 10 ), as would be expected. 

Overall, this likelihood uses the methodology described in
nstey et al. ( 2023 ) to e v aluate a time-dependent likelihood in a

ime-independent fashion, while simultaneously implementing the
nomaly mitigation methodology in a time-independent fashion by
agging out entire channels where contamination occurs, rather than
nly the contaminated time bins of those channels. This results
n a likelihood that takes the same parameters as the full flagging
ikelihood shown in equation ( 15 ), with a posterior peak expected in
 similar position, but is much faster to e v aluate, albeit with a lower
onstraining power due to utilizing a smaller fraction of the available
ata. Therefore, equation ( 32 ) serves as an ideal fast likelihood for a
ikelihood reweighting process, as required. 

In the following sections, this complete process will be tested on
imulated data to e v aluate its efficacy. 

.  TIME- D EPEN DENT  RFI  MITIGATION  

.1 Toy model 

n order to e v aluate the efficacy of this method for correcting transient
FI in time separated data, a toy-simulated time-dependent data set
as generated of the form 

 ij = 

[
αj sin 

(
ω j x i + φj 

) + γj 

]
x −2 . 55 

i + ˆ σ, (33) 

here x describes the data channel value, inde x ed by i . F or this toy
odel, this is assumed to be frequency in MHz and runs from 50 to

00. αj , ω j , φj , and γj are time-dependent variables that are chosen
o vary gradually o v er the time bins. For each of the four values, a
tart point is randomly chosen uniformly from the range [0–5] for
j , [0–1] for ω j and φj , and [110–130] for γj . The four variables are

hen iteratively defined according to 

ariable j = variable j−1 + N ( μvariable , σvariable ) , (34) 

here N ( μvariable , σvariable ) indicates a value randomly drawn from a
ormal distribution of mean μvariable and standard deviation σvariable .
α and μγ were both set to 0, to ensure that the absolute scale
f the toy model did not significantly vary from time bin to time
in, with standard deviations of σα = 0 . 1 and σγ = 1. μω and μφ

ere both randomly drawn from the range [ −0.05 – 0.05], with
ω = σφ = 0 . 05, such that the sinusoidal distortion would vary o v er

ime. 
ˆ σ is a realization of random Gaussian white noise added to the

ata. Unless otherwise specified, this was set to have a standard
eviation of 0.25. A different noise realization is added to each time
in. 
A toy model of this form was chosen as it approximates the

orm of data from a global 21-cm experiment, which is dominated
y foregrounds of primarily diffuse synchrotron emission (Shaver
t al. 1999 ). The power law with a 2.55 spectral index approximates
he spectral variation of the diffuse emission from the sky and the
ime varying sinusoids approximate the convolution of the diffuse
mission with a chromatic antenna beam, as the Earth rotates. This
s described, e.g. in equation (18) of Anstey et al. ( 2021 ) and seen in
ASTAI 3, 372–384 (2024) 
owman et al. ( 2018 ). Global 21-cm experiments are an anticipated
se case of this process, so a toy model of this form enables these
xperiments to be used as a test case of the methodology. 

In addition, a simulated data set of this form has the required
tructure to apply the time-separated model fitting as specified in
quation ( 12 ), with 

 ij = αj sin 
(
ω j x i + φj 

) + γj (35) 

nd 

 i ( θ ) = x −θ
i (36) 

ith a ‘true value’ of θ = 2 . 55. 
Fig. 1 shows an example simulated data set generated for 20 time

ins using this toy model. Once such a data set has been generated,
ny arrangement of anomalous points can then be added in order to
est the proposed Bayesian anomaly mitigator. 

.2 Parametrizing the threshold 

n Leeney et al. ( 2023 ), the likelihood threshold value for determining
f a point should be flagged as an anomaly or not, p, was set to a
xed v alue. Ho we ver, doing so produces a challenge when applied

o time-dependent modelling. 
As shown in equation ( 15 ), the general method of operation for the

ayesian anomaly correction procedure is to calculate the likelihood
f each separate data point, compare it with a predefined threshold
alue and if it exceeds the threshold, include it with an appropriate
eighting and if it does not, flag it as an anomaly and instead add
 fixed penalty to the total likelihood. This is acceptable under the
ssumption that only anomalous points will have likelihoods lower
han the threshold. 

Ho we ver, in cases where the model used has relatively large priors
nd significant variability, it becomes possible for a given parameter
ample to produce a model sufficiently different from the data set
hat significant numbers of data points have likelihoods below the
hreshold, as demonstrated by Fig. 2 . 

This becomes of concern if the priors are wide enough compared
ith the posterior peak to result in sections of the prior space in
hich every data point has a likelihood below the defined threshold

et by p. In this case, the o v erall likelihood is a sum of only fixed
enalty terms, and thus is constant. As a result, all sections of the
rior space that satisfy this condition have the same likelihood. This
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Figure 2. Example, for linear noisy data, of the range of data points that 
are further from the model than a defined threshold for a model that closely 
matches the data set (top panel), moderately differs from the data set (middle 
panel), and significantly differs from the data set (bottom panel). 

Figure 3. Plot of the total summed log likelihood shown in equation ( 14 ) for 
the toy model described in Section 3.1 as a function of parameter value for 2, 
20, 200, and 2000 time bins. 
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anifests as the outer boundaries of the likelihood surface becoming 
at. 
If the majority of the prior space is not flattened in this manner,

his has minimal impact on the process of performing a model fit
nd reco v ering the parameter posteriors. Ho we ver, if the likelihood
urface is particularly steep, it is possible for the majority of the space
o become flat, except for a very narrow region around the posterior
eak. In this case, performing a model fit becomes impossible, as
here exists no variation to guide an algorithm towards the peak. 

This is a challenge when performing time-dependent model fits, 
ecause the additional time information amplifies the effect of model 
isagreement. A parameter sample that gives a model that matches 
ell to a data set with many time bins will give a high likelihood

or each data point of each time bin, and thus give a larger overall
ikelihood than for an equally well matching data set with fewer time
ins, and vice versa. As demonstrated in Fig. 3 for the proposed
ne-parameter toy model, defined by equations ( 36 ) and ( 35 ), with
, 20, 200, and 2000 time bins, this has the effect of steepening the
ik elihood surf ace, the more time bins the data set has. 

Fig. 4 shows the regions where the value of L i , av eraged o v er time,
alls abo v e or below a threshold of p = 1e −3, which is a typical value
s determined from Leeney et al. ( 2023 ). It can be seen that as the
umber of time bins increases, increasingly large portions of the 
pace fall below the threshold, even in absence of anomalies, and
o are flattened. By 2000 time bins, only a very small region of the
arameter space is not flattened, which makes performing a model 
t almost impossible. 
This demonstrates that, especially in the case of time separated 

ata, having an externally fixed threshold value can impede model 
tting. Therefore, ideally the value of p should be dynamic, allowing

t to be low in suboptimal regions of the parameter space to a v oid
 v erflagging and flattening the likelihood surface, and higher around
ptimal regions to a v oid missing genuine anomalous points. 
Therefore, as was suggested in Leeney et al. ( 2023 ), this issue

an be resolved by fitting the value of p as a free parameter,
hich is estimated as a parameter, simultaneously alongside other 
arameters of interest by the chosen Bayesian numerical solver, 
ather than assigning it a fixed value. It is assigned a wide prior
rom its theoretical maximum of one down to ef fecti vely zero. This
esults in there being sections of the parameter volume where the
hreshold is low and so the variations in the likelihood surface
ith the other parameters are visible. As a result, the model fit can
rogress, optimizing the parameter values towards their posteriors 
hile simultaneously optimizing the threshold towards the optimal 
osterior value of the probability that a point is anomalous for that
ata set. This resolves the issue described above and allows the fit
o proceed while still accurately flagging anomalous points. The 
ffect this additional nuisance parameter may have on the likelihood 
eweighting process can then be mitigated by marginalizing o v er the
arameter before reweighting. 
In the next section, tests of the entire process will be performed

o demonstrate its efficacy. Throughout the rest of this work, p is fit
s a free parameter with a logarithmically uniform prior in the range
1e −30 – 1]. The next section will demonstrate the functionality of
his method. 

.3 Results 

n order to demonstrate the performance of this anomaly mitigation 
rocedure, four test data sets were generated according to the model
escribed in Section 3.1 , with N t = 2, 20, 200, and 2000 time bins,
espectively. These data sets will henceforth be referred to as the
ncontaminated data. To each of these data sets, a random selection
f anomalous peaks is added. In each case, the number of spikes
dded was equal to N t × 5, such that every data set is contaminated
n equal proportion. The amplitudes were uniformly sampled from 

he range 10–50. This scale was chosen to provide a trial case for
he process, in which the anomalies are sufficiently abo v e the noise
o be large enough to impact the model fit, but still relatively small
ompared with the o v erall scale of the data, so they cannot be trivially
emo v ed. The time bins in which each anomaly was placed were
niformly randomly chosen and the x bin was uniformly set to one
f 40 randomly chosen channels. This constrained the contamination 
o a subset of the data channels, in a manner more resembling RFI.
his will be discussed in more detail in Section 3.3.4 . Fig. 5 shows
n example of the anomalous points added to the data for N t =
00. These data sets will henceforth be referred to as contaminated .
s the primary objective of this work is to present a method of

ast correction for transient RFI, the contamination we test here 
s transient. Ho we ver, this method will also compensate for time-
onstant and wideband RFI, which was demonstrated in Leeney 
t al. ( 2023 ). 
RASTAI 3, 372–384 (2024) 
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Figure 4. Plots of the time averaged likelihoods L ij for simulated data sets generated according to equation ( 11 ), excluding the summation, with 2, 20, 200, 
and 2000 time bins. The parameter and x values that give likelihoods above a fixed threshold of p = 1e −3 are highlighted, demonstrating that larger regions of 
parameter space fall below a fixed likelihood threshold as the number of time bins increases. 

Figure 5. Plot of the anomalous points added to the N t = 200 uncontami- 
nated data set in order to produce the corresponding contaminated data set. 
The amplitudes were uniformly randomly chosen from the range 10–50. The 
time bin locations were uniformly randomly chosen and the x bin locations 
were uniformly set to one of 40 randomly chosen channels. 
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In all model fits performed in this paper, � is taken to be 7000,
hich is the maximum scale of the toy model data in all cases, as

an be seen in Fig. 1 . Furthermore, all fits were performed using
he PolyChord nested sampling algorithm (Handley, Hobson &
asenby 2015a , b ), implemented in Python and run on a laptop
n one CPU. As the core of this method is a modification to the
ikelihood and model of a Bayesian model fit; ho we ver, it can be
mplemented with any Bayesian fitting algorithm and will scale and
arallelize as that algorithm does. 

.3.1 Anomaly correction 

wo models were fit to each of the contaminated and uncontaminated
ata sets described in the previous section. The first was a direct
t of the model given in equation ( 35 ) and equation ( 36 ), with
o attempt to correct for any anomalies. The second was a full fit
f this model together with the time-dependent Bayesian anomaly
agging method described in the previous section, including the

ikelihood reweighting process and fitting for the threshold value as
 parameter. Fig. 6 shows the posteriors on the parameter θ for each
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Figure 6. Plots of the posteriors on the toy model parameter θ , defined in equation ( 36 ), when fitting both uncontaminated and contaminated test data sets with 
models that include and do not include time-dependent Bayesian anomaly correction. The test data sets used a true value of θ = 2 . 55, marked with a vertical 
dashed line. Each subfigure shows the results for a simulated data set with a different number of time bins, from 2 to 2000. This demonstrates that uncorrected 
anomalies lead to parameter biases which are corrected by the application of the anomaly mitigation process. 
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f these fits. Fig. 7 summarizes the standard deviations, σθ , of each
f these posterior distributions and Fig. 8 shows the biases between 
he posterior means and the true parameter value of 2.55, expressed 
s a number of standard deviations. 

For each number of time bins, the results of fitting the uncontami-
ated data sets without including any anomaly corrections, are shown 
n red in order to provide a benchmark. In all of these benchmark
ases, the posterior correctly identifies the true parameter value of 
.55 to within < 1 σ , as can be seen in Fig. 8 , with the standard
eviation of those posteriors reducing approximately proportionally 
o the number of time bins, seen in Fig. 7 , as could be expected. 

The posteriors when the correction is applied but the data are 
ncontaminated are shown in blue. In these cases, it can be seen
hat the reco v ered posteriors are highly consistent with those of
he uncorrected cases. This demonstrates that including the time- 
ependent Bayesian anomaly correction method does not bias the fit 
n absence of any anomalies. This is the expected result. 
The posteriors generated from contaminated data sets but with 
o correction applied are shown in green. It can be seen that in
ll cases, the parameter posterior is biased from the true value. For
 t = 2, 20, 200, and 2000, Fig. 8 shows the true value falls at 5 . 8 σθ ,

2 . 7 σθ , 94 . 1 σθ , and 393 . 7 σθ , respectively. This is again the expected
esult, demonstrating that the results will be biased if contamination 
s present but not accounted for. The offset increases with the number
f time bins due to the high time bin cases having narrower posteriors,
hich makes the bias more apparent. It can also be seen in Fig. 7

hat, although the posterior standard deviations in these cases still 
ecreases proportionally to the number of time bins, the posteriors 
re consistently a factor of ∼ 4 larger than the uncontaminated cases.

The posteriors when the correction is applied to contaminated 
ata are shown in black. It can be seen that the proposed time-
ependent Bayesian anomaly mitigation methodology has success- 
ully countered the bias in the posterior seen in the contaminated but
ncorrected cases. For N t = 2, 20, 200, and 2000, Fig. 8 shows
RASTAI 3, 372–384 (2024) 
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R

Figure 7. Plots of the standard deviations, σθ , of each of the posterior 
probability distributions shown in Fig. 6 . 

Figure 8. Plots of the biases between the posterior mean and the true fiducial 
parameter value, expressed as a number of standard deviations, for each of 
the posterior probability distributions shown in Fig. 6 . 
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he true value now falls at 0 . 59 σθ , 0 . 03 σθ , 0 . 31 σθ , and 0 . 25 σθ ,
especti vely. The true v alue of the parameter is therefore now
eco v ered to within 1 σ in all cases, with Fig. 6 showing that the
osterior closely matches the uncontaminated benchmark in all cases.
This demonstrates that the proposed anomaly mitigation technique

s successfully correcting the added anomalies in the data and
nabling the model parameters to be reco v ered accurately. It is
orth noting that in this test case the simulated data are heavily

ontaminated, with 3.3 per cent of data points featuring an anomaly
nd 26.5 per cent of x channels being contaminated to some extent.
espite this, anomalies are still correctly accounted for. 

.3.2 Anomaly recovery 

igs 6 –8 demonstrate that our methods account for the presence
f anomalous data points to a level sufficient that the underlying
odel can be accurately reco v ered. It is also worth assessing directly
hether the points predicted to be anomalies correctly correspond to

hose added into the data. 
This was investigated for the four corrected fits to contaminated

ata shown in black in Figs 6 –8 . In order to determine the accuracy
ith which the flagged anomalies correspond to the true anomalies,

t is necessary to first determine which data points are being
ASTAI 3, 372–384 (2024) 
dentified as anomalous by the algorithm. This was achieved, for each
ase, by e v aluating the condition gi ven in equation ( 15 ) for e very
osterior sample. Any data point where log L ij + log (1 − p ij ) ≤
og p ij − log � is considered anomalous for that sample. Evaluating
he weighted average of all samples in that posterior then outputs
 probability, for each data point, that that point is considered
nomalous by the fit. 

A given data point can then be considered flagged as anomalous
y the fit if this probability exceeds a threshold. This threshold was
et to 0.5, such that a point is considered flagged if it more probable
hat it is anomalous than not. The resulting flagged points for each
umber of time bins can be compared with the anomalies added into
he simulated data to determine the accuracy of the flagging process.

Table 1 summarizes the number of points flagged as anomalous
y the fitting that do or do not correspond to a real anomaly, true
nd false positi ves respecti vely, and the number of points not flagged
hat do or do not correspond to uncontaminated data, true and false
e gativ es, respectiv ely. It should be noted that the total number of
nomalous data points does not exactly equal 5 × N t due to the
andom locations of the contaminated points occasionally resulting
n o v erlap. It can be seen that for all four N t values tested, the rate
f both false positives and false ne gativ es was zero. This results in
oth the precision, true positive/(true positive + false positive), and
he recall, true positi ve/(true positi ve + false negative), being 1 for
ll cases. Therefore, the F 2 score, defined as the harmonic mean of
hese two v alues, gi ving twice as much weight to recall as precision, 

 2 = 

(
1 + 2 2 

) × precision × recall 

2 2 × precision + recall 
, (37) 

s 1 for all cases. 
It should also be noted that this level of precision and recall is
aintained even if the probability at which a point is considered

nomalous in the fit is dropped from 0.5 to 1e −10. This accuracy of
nomaly reco v ery, ev en for these heavily contaminated toy models,
aises the possibility that this anomaly correction methodology could
lso be used to detect anomalous points of interest, and thus functions
s a transient flagger. This possibility will be explored further in
ection 4 . 

.3.3 Computation time 

he moti v ation for implementing likelihood re weighting as described
n Section 2.4 was to impro v e the computational efficiency of
he proposed process and significantly reduce the otherwise strong
ependency of the total runtime on the number of time bins. 
In order to investigate the effects on runtime, the four contaminated

ata sets, with N t = 2, 20, 200, and 2000, were fit to the corre-
ponding model with the anomaly correction method implemented,
ut without using likelihood reweighting. Instead the full ‘slow’
ikelihood defined in equation ( 15 ) was used for the entire fit. 

Fig. 9 shows the means and standard deviations of the time, on
he laptop CPU used, for a single e v aluation of this slo w likelihood
or each of these fits, calculated from 1000 repeat e v aluations of
ach likelihood. It can be seen that the e v aluation time increases
roportionally with the increasing number of time bins, as expected.
Fig. 9 also shows the means and standard deviations of the ratio

f the total runtime of the fit with no likelihood reweighting to
n equi v alent fit on the same data set with likelihood reweighting
mplemented, e v aluated from five repeats of each fit. Whilst using
he full model fit directly is more efficient for cases with very few
ime bins, it can be seen that implementing likelihood reweighting
educes the runtime when N t > 20, with the speed up following ap-
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Table 1. Summary of the accuracy with which the anomalous data points inserted into each contaminated simulated data set were reco v ered by the flagging 
process, quantified by the number of true positives (points flagged as contaminated that were actually contaminated), false positives (points flagged that were 
not actually contaminated), false ne gativ es (points not flagged as contaminated despite actually being contaminated), and true ne gativ es (uncontaminated points 
that were correctly not flagged). 

N t True False False True 
positives positives ne gativ es ne gativ es 

2 9 0 0 293 
20 91 0 0 2929 
200 946 0 0 29 254 
2000 9433 0 0 292 567 

Figure 9. Plot of runtimes as a function of number of time bins in the 
data set. The time required, on the laptop CPU used, for a single likelihood 
e v aluation of the full time-dependent anomaly mitigation method described 
in equation ( 15 ), calculated from 1000 likelihood e v aluations in each case, 
is shown by the solid line. The ratio of the total runtime of a model fit 
implementing time-dependent Bayesian anomaly flagging using the full slow 

likelihood described in equation ( 15 ), to that of the equi v alent fit with using 
likelihood reweighting, calculated from five repeats of each fit, is shown by 
the dashed line. The horizontal dotted line marks the ratio of 1, abo v e which 
the likelihood reweighting methodology is faster than the full fit. 
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Figure 10. Plot of the anomalous points added to the N t = 200 uncontam- 
inated data set in order to produce the corresponding contaminated data set 
in which most x channels are contaminated to some degree. The amplitudes 
were uniformly randomly chosen from the range 10–50. The time bin and x 
bin locations were uniformly randomly chosen. 
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roximately the same trend as that of the likelihood e v aluation time,
ncreasing approximately proportionally to the number of time bins. 
 or e xample, for 2000 time bins, the runtime impro v es by a factor
f 44. This demonstrates that implementing likelihood reweighting 
uccessfully makes the total runtime close to independent of the 
umber of time bins. This enables the underlying model fit to be
erformed in the efficient fashion described in Anstey et al. ( 2023 )
nd Section 2.3 without being significantly slowed by the anomaly 
agging, and thus enables the flagging process to be implemented 
fficiently on very large data sets, as was the objective. 

Given that this runtime improvement is obtained from improving 
he likelihood e v aluation time to be independent of the number of
ime bins, this trend is expected to continue for higher numbers of
ime bins. It should also be maintained with parallelization of the 
nderlying model fitting algorithm. 

.3.4 Overcontamination 

n Section 3.3.3 , it was demonstrated that the process of likelihood
eweighting described in Section 2.4 significantly impro v es the com- 
utation time for the proposed method. Ho we ver, it also introduces
 minor limitation that is not present if the full, slow likelihood is
sed. 
When likelihood reweighting is implemented for this process, the 

nitial model fit is performed using the ‘f ast’ lik elihood defined
n equation ( 32 ). Ho we ver, in this fast likelihood, in order for the
 v aluation time to not be dependent on the number of time bins as
equired, anomalies are identified in the product of the likelihoods 
f all data points in a given channel, flagging the entire data channel
f the likelihood product is below the specified threshold. However, 
s a result of this, if the data are contaminated in such a way that all
 channels are contaminated to some extent, it could result in every
hannel being flagged, thus giving no constraints on the parameters 
f interest. 
In order to test this effect, a new set of contaminated data

ets were generated, by adding anomalous data points to the four
ncontaminated data sets described in Section 3.3 , in exactly the
ame manner as previously, except the x bin of each contaminated 
oint was chosen entirely randomly, rather than being confined to 
ertain channels. Fig. 10 shows an example of the anomalous points
dded to the data for N t = 200. 

The tests described in Section 3.3.1 were repeated on these new
andomly contaminated data sets. Fig. 11 shows the posteriors for 
he cases where the contaminated data sets were fit with the anomaly
orrecting likelihood, in comparison with the equi v alent fits where
he anomalies were confined to specific channels. 

Given that the number of anomalous points injected was 5 × N t 

nd the number of x channels in the simulated data sets are 151,
or fully randomly distributed anomalies, the expected number of 
nomalous points per channel will be 0.07, 0.66, 6.62, and 66.23
RASTAI 3, 372–384 (2024) 
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R

Figure 11. Plot of the parameter posteriors reco v ered when applying the Bayesian anomaly mitigation method with likelihood reweighting to simulated test 
data sets contaminated with 5 N t anomalous points located at random (solid line), in comparison to the reco v ered posteriors for performing the same fits on data 
instead contaminated with the same number of anomalous points but constrained to a maximum of 40 x channels (dashed line), previously shown in Fig. 6 (by 
a dash-dotted line). The true parameter value of 2.55 is indicated by the vertical dashed line. 
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or N t = 2, 20, 200, and 2000, respectiv ely. F or all cases e xcept
 t = 2, it is more likely that a channel be contaminated than not,
ith N t = 200 and 2000 expecting one or more contaminated points

n every channel. It can therefore be expected that for N t = 200 and
000, every channel will be flagged in the f ast lik elihood and thus
o constraints on the parameter will be achieved. 
It can be seen in Fig. 11 that, for the N t = 2 and 20 cases,

here the random anomalies are expected to have less than one
ontaminated point per channel, the parameter reco v ery for the
andom contamination is equi v alent to the channel constrained
ontamination. Ho we ver, for the N t = 200 and 2000 cases, where
he expected number of contaminated points per channel increases
bo v e 1, the expected flagging of every channel is seen in the random
ontamination case, which returns the prior on the parameter θ . 

This o v er contamination failure can be o v ercome by utilizing the
ull, slow likelihood instead of implementing likelihood reweighting.
o we ver, doing so would prevent the improved calculation time
ASTAI 3, 372–384 (2024) 
he reweighting provides. The degree of contamination required
or this limitation to become rele v ant is very high, particularly
n the context of RFI as it requires most or all of the channels
o show contamination. However, this does represent a limitation
f the proposed methodology to impro v e flagging speed through
ikelihood reweighting, which may not be viable on extremely
eavily contaminated data sets. 

.  TRANSI ENT  DETECTI ON  

n Section 3.3.2 , it was demonstrated that along with enabling
ccurate identification of the underlying model from beneath con-
amination, the proposed method also gives accurate reco v ery of
he anomalous points themselves. This raises the possibility that, in
ddition to applications in RFI excision, this method could also be
pplied to detect transient signals of interest. As the implementation
f likelihood reweighting enables model fitting to have a compu-

art/rzae025_f11.eps
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Figure 12. Plot of the attempts to identify a single added anomalous point 
into 2000 time bin data sets using the proposed method as a transient detector. 
Each panel shows the results for different SNR of the added anomalous point 
and for different repeats with the anomaly in a different random data bin. 
Cases where no anomalies were identified at all are shown in black with x 
hatching. Cases where the single anomaly was correctly flagged are shown in 
green with + hatching. Cases where multiple points were erroneously flagged 
and cases where only one point was flagged, but at the wrong location, would 
be shown in red with / hatching and purple with \ hatching, respectively. 
Ho we ver, no such cases were seen. 
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ational time almost independent of the number of time bins, this
rocess potentially provides a Bayesian methodology for efficiently 
earching large data sets for transients such as FRBs and pulsars. 

.1 Anomaly reco v ery 

n order to test the ability of the method to correctly identify small
ransients in large data sets, a series of tests were run in which a
ingle anomalous data point was added at random to the previously 
escribed 2000 time bin test data set, and the model fit with the
agging process implemented. This was repeated five times each 
or anomalous points with amplitudes of 0.5, 1.25, 2.5, 5, and 12.5,
hich correspond to SNRs of 2, 5, 10, 20, and 50 respectively. 
The results of these fits are shown in Fig. 12 . It can be seen

hat when acting as a flagger, this method correctly and reliably 
dentifies the single anomalous point for the cases with SNR ≥
0. Furthermore, it never erroneously identifies any data points as 
nomalous that were not anomalous in the data. Ho we ver, the flagger
oes begin to fail to detect the anomalous point at lower SNRs,
hich can be e xpected giv en there is only one anomalous point
ut of 302 000 in this test case, meaning lower SNR anomalies can
ecome indistinguishable from simple statistical fluctuations and so 
ill not be flagged. 
Although real transients such as FRBs and pulsars will often 

ave additional structure and cover more data points than this 
imple, single contaminated data point test case, this minimal case 
emonstrates the potential for the proposed methodology to function 
s an efficient Bayesian transient detector. This will be explored in 
reater detail in a future work. 
.  C O N C L U S I O N S  

FI is a significant challenge in radio astronomy. In this paper,
e extend the Bayesian RFI mitigation methodology presented in 
eeney et al. ( 2023 ) into the time domain. This enables transient
nomalies to be flagged and properly accounted for in a Bayesian
anner when fitting models to time-series data. 
The process of likelihood reweighting was implemented in order to 

nable this process to be performed in a manner mostly independent 
f the number of time bins in the data. This was demonstrated to
roduce significant impro v ements in the computation time as the
umber of time bins increases, reaching a 44 times speed increase on
 test case with 2000 time bins, by breaking the proportional relation
etween the number of time bins and the runtime. 

Our methodology was demonstrated to be successful when cor- 
ecting for contamination in a series of test data sets that approximate
lobal 21-cm experiment data. It accurately corrected the bias in the
odel parameters that occurs if the contamination was not accounted 

or, while not affecting the results if no contamination is present. 
Furthermore, it was demonstrated that our methods can correctly 

ocate and extract anomalous points from data. Therefore, the efficacy 
f our methods as an efficient transient detector was explored. It was
emonstrated that they were successfully able to identify a single 
nomalous point out of 302 000, provided the anomaly had an SNR
f 10 or higher. The use of this process as a transient flagger will be
xplored in greater depth in a future work. 

A potential limitation was also identified, in which the imple- 
entation of likelihood reweighting results in a failure to correctly 

ccount for anomalies in cases where every data channel is contami-
ated to some degree. Therefore, this method of improving computa- 
ion time may not be viable on extremely heavily contaminated data
ets, or in cases where most or all channels have a finite probability
f showing some contamination and the data set has a very long time
eries. Ho we ver, in such cases, the full slow likelihood can still be
pplied, albeit with a much longer computational time. 

Overall, the methodology presented here represents an efficient 
nd fully Bayesian technique for correcting time-dependent contam- 
nation or identifying transients in large data sets. 
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