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Abstract

Radio Frequency Interference (RFI) is a hindrance to high-
precision pulsar timing experiments aimed at detecting the
stochastic gravitational wave background. Thresholds set
by linear combinations of statistical quantities are among
the most common approaches to RFI flagging of folded
pulse profiles. We propose a deep convolutional neural
network approach to RFI flagging called PSRFINET that
treats two-dimensional arrays of pulse profiles (rotational
phase versus radio frequency) as images and performs
feature learning on labelled RFI samples. We train and
validate multiple deep residual neural networks on many
hours of pulsar observations (thousands of 8 second sub-
integrations) of MeerKAT L-band data where the ground
truth is generated from Clfd and Coastguard software pack-
ages for RFI mitigation. A method of combining the sep-
arate ground truths aimed at enhancing the RFI mitigation
capabilities of the networks is also explored. The perfor-
mance of the networks was evaluated by examining the
classification metrics of area under the curve of the receiver
operating characteristic (AUROC), Precision-Recall (PR)
and F1 scores. Our preliminary results show an AUROC
of more than 0.91 and PR of 0.67 which indicates that al-
though the neural networks are capable of distinguishing
between clean and corrupted frequency channels, precision
and recall scores are limited by a class imbalance of a small
amount of RFI with respect to clean channels. We also dis-
cuss our approach to develop a statistical objective figure
of merit for evaluating and comparing the effectiveness of
different RFI flagging approaches in the data.

1 Introduction

Radio pulsar astronomy is capable of providing incredible
insight on various astrophysical phenomena such as gravi-
tational waves and the behaviour of diffuse interstellar mat-
ter [1, 2]. The next generation of radio telescope arrays—
with a prime example being the Square Kilometre Array
(SKA)—is set to improve our understanding of these phe-
nomena through large high quality datasets. However, un-
wanted emission from local sources of Radio Frequency In-
terference (RFI) degrade the overall quality of the data. The
precision timing of pulsars—an experiment which demands
high sensitivity—can be extremely vulnerable to bursts of

RFI on the order of microseconds [3]. RFI can be emit-
ted intentionally from artificial sources such as communi-
cation satellites, GSM, and air traffic control towers and
unintentionally from onsite electrical equipment. Natu-
ral RFI sources include emission from lightning and so-
lar weather [4]. RFI can be either impulsive or periodic
in nature, however, in reality their signals can take a wide
range of frequency and time dependencies lasting from a
few nanoseconds to several hours [5].

The most straightforward and effective method of counter-
ing the effects of RFI is to construct radio observatories
within a dedicated radio quiet zone (RQZ) where frequency
bands relevant to radio astronomy are protected by legisla-
tion. One such RQZ is located in the Karoo region where
the mid frequency portion of the SKA will be hosted [6].
However, a terrestrial RQZ cannot protect an observatory
from interference generated by constellations of satellites
in orbit. RFI mitigation techniques are henceforth consid-
ered in the pre-detection and post-detection stages of a radio
astronomical pipeline. Although pre-detection methods are
powerful, such processes typically must be performed on-
line and require specialized hardware or additional com-
puting resources [7]. Residual RFI is usually handled in
the post-detection stage where flagging or masking of fre-
quency channels is done. Manual flagging of RFI in post-
detection data artefacts becomes difficult if not impossible
to carry out as datasets increase in size. This paper pro-
poses a method we call PSRFINET used to identify and
flag RFI in pulsar data using a supervised deep learning
approach based on a variant of a deep convolutional neu-
ral network (CNN). The data examined in this work are
from the MeerTime Key Science Project on pulsar timing
on MeerKAT [8].

Supervised deep learning has been previously used to mask
RFI in radio data and continues to show much promise. The
first published work was seen in [10] which implements a
CNN architecture with a downsampling path and upsam-
pling path known as the U-net used in the task of semantic
segmentation of RFI on a 2D plane of time and frequency.
The approach was followed by RFI-Net for the FAST radio
telescope using a network with two residual units to im-
prove RFI detection with less training data and to reduce
the number of false positives [11]. A U-net with dilated
convolution has been explored with the aim of expanding



the receptive field of the network without changing the size
of the output [12]. An approach called the R-Net used trans-
fer learning on a network trained on MeerKAT data before
training the last few layers on human labelled KAT 7 data to
surpass the performance of the original U-Net and AOFlag-
ger [7, 13]. According to the authors, transfer learning
solves the problem of benchmarking the performance of the
R-Net [13]. CNNs have also been used to classify transient
RFI in time domain signals [14]. Supervised deep learning
of neural networks have been used for candidate selection
in pulsar searches [15, 16]; however, to date there has been
no published attempt to use CNNs for RFI flagging in pul-
sar data.

This paper is organized as follows: in Sec. 2 we describe the
data preparation, the network architecture, and the training
of the network used to learn the features of RFI, in Sec. 3
the performance of the network on a test set of data is pre-
sented in terms of the standard practice metrics of binary
classification as well as introducing our own metric based
on dimensionality reduction and Gaussian mixture mod-
elling to compare the effectiveness of the trained networks
against the original ground truth; and in Sec. 4 we present
our conclusions and proposed future work.

2 Methodology

2.1 Data Preparation

The type of pulsar data examined in this work are folded
data where Stokes parameters of hundreds to thousands of
individual pulses are averaged as a function of pulse lon-
gitude to create a time-frequency-pulse phase and polarisa-
tion data cube. The MeerTime project has already recorded
a large dataset of hundreds of thousands of folded pulsar
archives from more than 1500 pulsars that we draw upon as
training data for PSRFINET. Since RFI is not likely to be
weighted to any pulsar, a random selection of data from all
pulsars is used. In order to capture a homogeneous sample
space for the training data, the selected archives are initially
constrained to single sub-integrations of 8-second time du-
ration, L-band receiver data with 1024 frequency channels,
and signal-to-noise ratio (SNR) between 4 and 14.

To generate labelled samples of channels flagged as RFI,
we use two RFI mitigation software packages: Clfd [17]
and Coastguard [18]. Clfd detects outliers depending on
whether pulse profiles possess features outside an accept-
able range. The profile feature parameters we select are;
standard deviation, peak-to-peak difference, and amplitude
of the second bin of the Fourier transform of the profile.
The free parameter q that is mapped to a false rejection
probability when most of the data follow a normal distri-
bution is set to 1.75. For Coastguard, only the surgical and
bandwagon cleaners are used. The surgical cleaner evalu-
ates 4 metrics from pulsar free residuals calculated from the
integrated pulse profile. The metrics are standard deviation,

mean, range, and maximum amplitude of the Fourier trans-
form of the mean-subtracted residuals computed for each
sub-integration and or channel pair. Any profiles with two
or more of the metrics greater than Nσ from the median of
either their sub-integration or channel are flagged as RFI.
The threshold N is set to 5 and the edge cut parameter is
set to 10%. The ground truth used as target data are binary
masks of length 1024 where a flag of 1 is a clean channel
and a flag of 0 is for RFI. Figure 1 shows an example and
comparison between channel masks of Coastguard and Clfd
for a sample sub-integration.

Figure 1. Power spectral density of the pulsar J1651-7642
recorded on 2020-08-15 at 16:45:28 UTC (bottom) with the
Clfd and Coastguard masks of RFI channels (two middle).
A breakdown of the channel masks (top) shows the fre-
quency channels where both ground truth are in agreement
and disagreements where Clfd detects RFI and Coastguard
does not and where Coastguard detects RFI and Clfd does
not. For this example, Coastguard is the more aggressive
ground truth which may not hold for all cases and is subject
to the tuning of the input of both algorithms. The L band of
MeerKAT (856 - 1712 MHz) is mostly impacted by global
positioning and mobile communications systems [9].

2.2 Network Architecture

PSRFINET uses the residual network architecture [19].
Since deep neural networks become difficult to train be-
cause of the vanishing gradient problem, skip connec-
tions between layers were introduced to help backpropagate
the gradient to earlier layers [20]. The ResNet50 model
was chosen for its speed, simplicity, and known perfor-
mance [21]. We change the network input by discarding 20
channels from the high frequency and low frequency band
edges resulting in a 984 x 1024 x 4 sized input layer for
1024 phase bins and 4 polarizations. The Resnet50 is fur-
ther composed of convolution, activation, and pooling lay-
ers as detailed in Figure 2. A dropout layer is applied within
the dense, fully-connected output to reduce overfitting [22].



Figure 2. Architecture of PSRFINET adapted from the ResNet50. The black arrows represent the skip connections used
to backpropagate the gradient. The image is down-sampled after the first block of 3 residual units. Zero padding, batch
normalization, and add layers have been hidden for simplicity. The output of the network is 984 x 1.

2.3 Training the network

7056 pulsar archives are used for training, validation, and
testing which corresponds to a time duration of more than
15 hours of observation. The data are split into 60 % train-
ing, 20 % validation, and a 20 % hold out test set. The batch
size is set to 2 and training is done in mini batch mode to
increase speed. The learning rate is 0.0045, a value that was
acquired through a manual iterative process from an initial
value of 0.01. The network is trained to a maximum of 100
epochs where one epoch is a single forward and backward
pass of the training data. Early stopping is implemented
such that training is stopped and the best model is selected
when there is no change in the loss function of the valida-
tion data after 10 consecutive epochs. A binary cross en-
tropy loss function is minimized with the Adam optimizer
for stochastic gradient descent [23]. Since the distribution
of RFI corrupted channels to clean channels is an imbal-
anced class problem with nearly one RFI channel for every
5 clean channels in the band, we must assign class weights
to the neural network model. We use the following equation
to compute the class weights to fit the model:

wi, j =
Nsamp

NclassNi, j
(1)

where Nsamp is the number of samples, Nclass is the num-
ber of classes, and Ni, j is the number occurrences for each
class. The class weights of the model are set to {0: 3.163, 1:
0.594} for Coastguard, and {0: 3.882, 1: 0.574} for Clfd.

Five-fold cross validation is used, where the training and
validation data are split into 5 sets with the validation data
taking a different fraction in each fold. The best-performing

model from the 5 folds is chosen based on the lowest vali-
dation loss at the end of each fold. Models are trained and
tested using different data sets as summarized in Table 1.
Data augmentations are applied to increase the size of the
training dataset [24]. The augmentations applied are; image
contrast adjustment, addition of white noise to all pixels, a
horizontal flip, and translation along the phase axis.

Table 1. Network name, ground truth, and test data.

Network model Training data Test data Max F1

Clfd net 100% Clfd 100% Clfd 0.62
Cg net 100% Cg 100% Cg 0.69

mix net (Clfd) 50% Clfd
50% Cg

100% Clfd 0.61

mix net (Cg) 50% Clfd
50% Cg

100% Cg 0.69

mix net (mix) 50% Clfd
50% Cg

50% Clfd
50% Cg

0.65

3 Results

A hold out set of 1176 sub-integrations is allocated to eval-
uate the neural network models. Predictions made by each
of the three trained models in Table 1 are evaluated using
area under the curve of the receiver operating characteris-
tic (AUROC), area under Precision-Recall (PR) curve, and
the F1 score. AUROC plots the rate of true positives (TPR)
versus the rate of false positives (FPR) which are given by:

TPR =
TP

TP+FN
(2)



Figure 3. AUROC and PR curves for 3 different PSRFINET models with test data as described in Table 1. AUC is the area
under the respective curve.

FPR =
FP

TN+FP
(3)

where TP is the true positives and TN the true negatives,
and FN is the false negatives and FP the false positives.

The PR curve is a more sensitive metric to imbalance be-
tween classes. The F1 score combines Precision and Recall
into a single metric by taking their harmonic mean. The
Precision, Recall and F1 score are given by:

Precision =
TP

TP+FP
(4)

Recall =
TP

TP+FN
(5)

F1 score =
2 (Precision × Recall)

Precision + Recall
(6)

The results of the AUROC and area under the PR curve
for the three networks are shown in Figure 3. The AU-
ROC metric produce near similar results for all networks,
however, the PR curve shows more variation. From the PR
scores we can see that networks trained and tested on Clfd
score the lowest. We interpret this as Clfd being the more
difficult ground truth to learn in comparison to Coastguard.
The maximum F1 Scores for all the networks are shown in
Table 1. Using the maximum of the F1 score we are able
to find an ideal threshold that balances precision and recall.
We use a prediction threshold value of 0.67 averaged from
all maximum F1 scores to be used to zero weight channels
containing RFI for further testing in the next section.

3.1 RFI mask metric

Motivated by the problem where some bright pulsars can
be unintentionally zapped, we have developed a custom
distance metric to score the efficacy of RFI masking by
modelling the distribution of folded profile amplitudes and
quantifying the presence of anomalous features. Computa-
tion of the metric starts by integrating the mean profile (over
all frequency channels and sub-integrations), S⃗ = ⟨⃗P⟩, and
then (for each frequency channel and sub-integration) com-
puting the residual profile

R⃗ = P⃗− a⃗S+ b⃗1 (7)

after an ordinary least squares fit for the scale a and offset
b. From the residuals, the covariance matrix

C = ⟨⃗R⊗ R⃗
T ⟩⟨⃗R⟩⊗ ⟨⃗RT ⟩ (8)

is calculated and decomposed to yield its eigenvalues λ j
and eigenvectors v⃗ j. To reduce the dimensionality of the
data, only the n eigenvalue/vector pairs with an eigenvalue
greater than the variance of the off-pulse phase bins are
kept.

The distribution of the principal components of the n kept
eigenvectors, ρ j = v⃗ j · R⃗ are then modelled as a mixture of
n-dimensional Gaussians. The optimal number of Gaus-
sians is determined using the Akaike information criterion
(AIC) [25].

For each data file, the above procedure is repeated and
a Gaussian Mixture Model (GMM) is produced for each
of the five masks produced by Clfd, Coastguard, and the
Resnet50 trained using Clfd, Coastguard, and a mixture of
the two. The GMM with the smallest number of Gaus-
sian components is selected based on the reasoning that
the simplest model reflects the smallest number of unde-
tected/unflagged outliers. Using the best GMM, the log-
likelihood, log(L), of the five flag sets is computed.



Figure 4. Box plots comparing Log (L) distributions of data with RFI channels flagged by ground truth and PSRFINET models
for single sub-integration data (left column) and longer sub-integrations with data of the same observation time appended (right
column). The top row shows all of the statistics while the bottom row is a zoomed in view of the box.

The order of magnitude of the log-likelihood depends on
the number of kept principle components n; therefore, we
do not define an absolute likelihood for a given data set.
In Figure 4, we compare distributions of log(L) for RFI
masked by the neural network models and the original
ground truths of the hold out test. From Figure 4 we can see
that the median of each distribution is within the interquar-
tile range of every other distribution; however, compared
to the ground truth, the neural network flagged data have
distributions with more outliers and longer tails. The dis-
tributions with sub-integrations appended in time are more
consistent with fewer outliers because computing the mean
log(L) is more accurate over longer time sub-integrations.

4 Conclusions

We have trained and evaluated the performance of several
neural networks capable of identifying and flagging RFI in
folded pulsar data. Based on the AUROC and PR classi-
fier metrics, Clfd is the more difficult ground truth for the
network to learn given the same amount of data. Based
on the GMM-based metrics displayed in Figure 4, we con-
clude that the networks are currently not as effective as the
original ground truth. Their medians are close but they
are affected by outliers. Deeper networks with different
layer configurations and larger training sample sizes may
improve the log(L) distributions to become as good as or
even surpass the original ground truth.

For future work, we plan to experiment with training net-
works on an intersection (instead of a union) of the two
ground truths, and on a selection of high-SNR data. It could
be interesting to add observation time to the training data, as
RFI is known to vary with time of day [10]. It may also be
possible to apply reinforcement learning using the GMM-
based metric as the loss function to be optimized with gra-
dient descent.
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