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Abstract

My thesis focuses on time-domain astronomy, a rapidly evolving field dedicated to the study

of rapidly varying celestial sources. In particular, I explore the nature of transient radio

sources, with an emphasis on pulsars and Fast Radio Bursts (FRBs). Pulsars, which are

rapidly rotating, strongly magnetized neutron stars, serve as precise cosmic clocks and offer

insights into extreme states of matter and gravity. FRBs, on the other hand, are millisecond-

duration radio flashes observable at cosmological distances, making them powerful tools for

probing highly energetic events and the ionized intergalactic medium (IGM).

The core of my research is linked to the SPOTLIGHT project — a commensal, GPU-

powered, real-time survey instrument designed to enhance the discovery potential of the

upgraded Giant Metrewave Radio Telescope (uGMRT). SPOTLIGHT aims to detect and

localize FRBs and pulsars across the 300–1460 MHz radio spectrum, with the goal of dis-

covering hundreds of these transients and associating FRBs with their host galaxies.

Working under the guidance of Prof. Wes Armour (University of Oxford) and Prof.

Jayanta Roy (NCRA-TIFR), I contributed to the commissioning of SPOTLIGHT by work-

ing on building its end-to-end detection pipeline and preparing it for the early science phase

starting in late 2024. This project is part of the ”Building Indo-UK Collaborations To-

wards the Square Kilometre Array” initiative, funded by the DAE-STFC Technology and

Skills Programme 2023. Through this work, I aim to push the boundaries of time-domain

astronomy and support the discovery of new pulsars and FRBs using the uGMRT.
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Introduction

Thousands of light years away from us, the universe is much more violent and extreme,

consisting of massive star explosions (supernovae), neutron star mergers, supermassive black

holes, etc. These cosmic objects emit bursts of ultra-high energy radiation [35](∼ 1040-

1045Joules) which can be detected at large distances. Particles accelerated in these regions

reach immense energies which are impossible to recreate in laboratories. But the study of

such environments is crucial to understand the laws of physics operating in extraordinary

regimes. During the 21st century, these environments have been studied over a large range

of wavelengths. Apart from high-energy emissions in the X-ray and gamma-ray bands, these

regions also exhibit strong radio emission. Powerful magnetic fields and shock waves —

generated as matter interacts with the surrounding medium — produce radio bursts from

electrons (and positrons) spiraling around and occasionally channeled along magnetic field

lines. X-ray and gamma-ray studies have revealed a universe teeming with such extreme

sources, often missed by traditional optical telescopes due to their narrow field of view and

the obscuring effects of intervening dust. These events being so rapid, rare, and have an

almost uniform distribution in the sky require a rapid all sky survey with high fields of

view. One of the key advantages of radio monitors over traditional X-ray and gamma-ray

monitors is their ability to detect and localize events immediately with arc-sec precision. A

wide variety of these radio sources have been detected by prominent radio facilities around

the world like - Low-Frequency Array (LOFAR), Giant Meter Radio Telescope (GMRT),

South African Karoo Array Telescope (MeerKAT), Australian SKA Pathfinder (ASKAP),

Canadian Hydrogen Intensity Mapping Experiment (CHIME), Five-hundred-meter Aperture

Spherical radio Telescope (FAST), etc. These radio objects can be classified into two broad

types based on their temporal variability in the sky - faint radio sources like radio galaxies,

Active Galactic Nuclei (AGN) populations, etc, which have almost constant observed inten-

sity throughout our lifetime are known as the persistent radio sources. Brighter radio sources
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like neutron stars, radio jets, magnetars, etc, whose intensity varies on short timescales (

from few milliseconds to months)[57] are known as radio transients. The transients can be

classified into two types based on their source emission mechanism-

• Synchrotron sources emit incoherent emissions. These explosive events create shocks

which accelerate particles to extremely high energies ( 1019 eV) , and also amplify the

ambient magnetic fields. These ultra-relativistic particles spiral around the magnetic

field lines, emitting polarized radiation as they lose energy [34]. Examples of such

sources include Type I supernovae caused by core collapse of massive stars [59], rel-

ativistic jet outflows of kinetic energy and matter from accelerating black holes and

neutron star systems [16], etc.

• Coherent bursts are short timescale bursts (often less than a second, going down to a

few milliseconds). These are some of the highest energy density events in the universe.

While, synchrotron emission has an upper limit of ∼ 1012 K for brightness temperature

[35], extreme coherent bursts can reach up to brightness temperatures of ∼ 1035K. The

incoherent sources are also referred to as ’slow’ transients, while the coherent ones as

’fast’ [10].

Pulsar emission is the earliest detected form of such coherent burst, which proved the

existence of neutron stars [25], laid precise tests of general relativity [27]. Pulsars are rapidly

rotating magnetized neutron stars, which are highly periodic in nature with diverse pulse

periods . Pulsars with pulse periods of a few milliseconds are called millisecond pulsars, while

the ones with pulse periods of a few seconds are known as normal pulsars. The periodicity

of the pulsar is correlated to the rotation speed of the neutron star. They are weak radio

sources with intensities varying from 5µJy to 1µJy ( 1Jy ≡ 10−26W m−2 Hz−1 )[40]. Similar

to the radio pulsars, such periodic coherent radio emission is also observed in Rotating Radio

transients (RRATs) and intermittent pulsars [45].

Quantitative estimate of location of the pulsar can be made by measuring the dispersion

of the pulses - the delay in pulse arrival times across various frequencies. This delay occurs

due to the differential effects of the intervening ionized medium on the group velocity of the

pulse across frequencies. So, the pulse emitted at lower frequency travels slower through the

intervening medium than those emitted at higher frequencies. Hence, higher the value of

dispersion measure, further away is the pulse traveling from. Most of the pulsars detected

8



till date are galactic with low values of dispersion measure [26].

But, in 2007, Lorimer et al. [37] discovered a single burst coming from an estimated

distance of 500 Mpc (much higher than the size of milky way). These single pulses are called

Fast Radio Bursts (FRBs). FRBs can be characterized by their short duration (sub-second),

broad band pulses with very high dispersion measure values [11]. The high dispersion mea-

sure values are consistent with their extragalactic origins. Since their discovery, there have

been global efforts to study FRBs, which has led to an increase in the number of known

FRBs. The current published sample exceeds 700 unique sources. About ∼ 4% of this

population are repeaters, meaning the detected pulse has been observed before. But many

of these repeaters have been seen twice. Unlike pulsars, there hasn’t been any clear peri-

odicity observed for repeating FRBs, suggesting that the one-off sources may produce more

pulses, given enough follow-up. By studying the large sample of known FRBs [3], people

are starting to find various trends, suggesting subpopulations based on burst morphology

and spectra. But most of the results are still not robust, and need further work. Some

initially considered one-off FRBs to be just less active repeating FRBs, but in 2021, Pleunis

et al. [50] analyzed bursts from the first FRB catalog [3] and found repeaters to have longer

durations in time and narrower bandwidths compared to one-offs. This suggests that there

are likely at least two distinct types of FRBs, rather than one-offs being simply less active

repeaters. But, it is still unknown if this demonstrates different sources for repeaters and

one-offs, or just different emission mechanisms from the same type of sources. As the num-

ber of known FRBs will increase, further trends and sub-populations will emerge, making

it easier to validate these theories. Periodicity of the sub-bursts is also an important factor

to estimate the emission mechanism for repeater FRBs. Till now, only FRB 20191221A [3]

has shown a strict periodicity of 216.8 ms between sub-bursts, making periodicity seem to

be a rare event and raising the suspicion of different origin compared to other known FRBs.

The large number of sub-bursts per unit time means that the central energy reservoir is not

exhausted easily. Studying the individual burst energies and average spectra of repeaters,

it is noticed that their activity and properties are change with time, raising the need for

more follow-ups. Most results have been contradictory to previous observations. It has been

seen that repeaters can produce multiple types of bursts, some of which appear to be more

similar to one-off FRBs [33]. Identification of new sources and following up already known

sources is key step in answering these questions. Overall, having larger number of known

sources, and burst characteristics for individual sources allows for meaningful population

studies and robust results [28]. Apart from this, having larger samples aid in applying FRBs
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to broader problems in astrophysics and cosmology. By localizing FRBs to (sub-)arcsecond

precision and associating them with some host galaxy, we can gain information about the

local conditions of the source. For example- some precisely localized FRBs have been seen

to be present in star-forming regions of the galaxy (example- Marcote et al. 2020[43]). But,

there have been contradictory situations where FRB source has been detected ∼ 200− 250

pc from the nearest star forming regions [56]. Yet again, some non-repeaters have been

found in regions of really low star formation rate and outskirts of galaxies [23][42]. But,

none of these observations are robust as the number of observations will increase, new trends

may start to appear. But currently, from the present data, it is hypothesized that FRBs

maybe magnetars formed via a variety of channels such as binary mergers, core collapse

supernova, accretion-induced collapse, etc [44]. Magnetars are a type of neutron star with

extremely powerful magnetic field (∼ 1013 − 1015G)[29]. Apart from this, by acquisition of

the full polarization data for the FRBs, we can gain more information regarding the magnetic

fields at the source, intervening plasma. Cho et al. (2020)[9] found a one-off FRB to have

complicated polarimetric properties changing in time. Day et al. (2020) [12] studied the

polarimetric properties of five ASKAP detections and found repeaters to completely linearly

polarized, whereas one-off sources to be more heterogeneous in their polarization properties.

But, there have been contrasting results of repeaters having swings in polarization angles

[39]. Even though, some of the observed circular polarization may have been converted from

linear due to propagation effects, it seems that the dominant factor is the emission mech-

anism itself. As seen above, most of theories regarding FRBs are not robust and require

analysis of bigger datasets to figure out proper trends and generalized results. FRB signals

have been uniformly distributed across the sky. However, their arrival times are inherently

unpredictable, making them challenging to detect from a few hours of observation for a ran-

dom patch of sky. This raises the requirement for a real-time search of FRB over a certain

field of view. Other than all this degeneracy, FRB signals are narrow-band (detected over

shorter frequency range)[24] but they have been detected over large range of frequencies (110

MHz to 8 Ghz). This raises the requirement for searching over broad bandwidth.

My project SPOTLIGHT revolves around developing such a real-time FRB detection

pipeline for uGMRT. SPOTLIGHT is a time-domain survey instrument to perform a real-

time commensal search for Fast Radio Bursts (FRBs) and Pulsars with a PetaFlop system

installed at the GMRT funded under the National Supercomputing Mission (NSM). This

system is capable of executing real-time High Performance Computing and AI applications to

ensure simultaneous time-domain detection and arc-second imaging. It uses the full GMRT
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bandwidth of 300 MHz - 1460 MHz to carry out detections. This detection system searches

for millisecond bursts and periodic signals up to a dispersion measure (DM) limit of 2000 pc

cm−3 . To ensure search over a large field of view, SPOTLIGHT uses a multi-beam (2000

beams) search spanning a FoV of around ∼ 2 degrees. The SPOTLIGHT system in its full

usage is estimated to detect ∼ 270 FRBs over 3 years (calculated based on CHIME’s FRB

event rate and GMRT sky coverage). Using the total GMRT sky coverage, the SPOTLIGHT

system will be able to cover a patch of the southern sky, which no other telescopes are able

to cover.

Since, this is a large scale project, I have worked on a few aspects of it focusing on-

• Developing a real-time Radio Frequency Interference removal algorithm to filter the

data from anomalous radio signals from diverse terrestrial and cosmic sources. Filtering

out actual signals from RFI is taking out needle from a hay stake, and requires robust

statistical algorithms and high computation speed.

• Developing a pipeline to calculate the flux density of candidates using the radiometric

equation (fine-tuned for GMRT). This is useful in case the actual data is corrupt.

The data from the antenna undergo a lot of processing, and the detection pipeline

for SPOTLIGHT takes in real intensity values. Upon detection of a candidate, the

required data gets dumped to disk and calculation of important burst properties like

flux density take place. In case, the dumped data is corrupted, these burst properties

can be estimated using the radiometer equation. This makes this pipeline useful for

both real-time and offline searches.

• Developing a clustering code for removal of unwanted and redundant candidates from

actual list of detected candidates.

• Developing a quasi-realtime pipeline for detection of FRBs.

• Developing a real-time code for candidate detection including clustering, candidate

feature extraction, and candidate classification.

• Developing a coincidence/anti-coincidence filtering algorithm to remove RFI across

multiple beams and also detect the same candidate observed in nearby beams.

All these aspects form significant components of the broader SPOTLIGHT project. To create

a more streamlined and connected narrative, I have dedicated the first chapter to providing
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a brief introduction to the various sub-parts of SPOTLIGHT. The subsequent chapters delve

deeper into each topic, outlining the work I have undertaken in detail.
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Chapter 1

An Introduction to uGMRT and

SPOTLIGHT

1.1 Upgraded Giant Metrewave Radio Telescope

The whole project is centered around building a detection pipeline for GMRT. So, it is only

fair to start with a short introduction to GMRT. The Giant Metrewave Radio Telescope is

one of the most largest and most sensitive low frequency radio interferometric arrays in the

world. The array consists of 30 antennas (each of 45 m diameter) and spanning over 25 Km.

GMRT can operate in three modes:

• Regular earth-rotation Aperture Synthesis mode In this mode, GMRT operates

as a radio interferometer using its 30 antennas to create a large effective aperture.

Each antenna collects raw voltage data. Signals from each antenna pair undergo cross-

correlation in the GMRT software correlator to generate visibility data. This visibility

data is later converted into images using Fourier techniques. The large collection area

improves sensitivity, which allow for deeper observations. This mode is generally used

for imaging galaxies, AGNs, 21 cm observations, etc.

• Incoherent Array Beamforming (IA mode) and Phased Array Beamforming

(PA mode) Due to the variation in the positions of the antennas, the same signal

is different antennas of the same array with certain delay. Normally, signals from an
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n-element phased array are combined by summing the voltage signals from individual

antennas, applying appropriate delay and phase compensation.. Considering the el-

ements to be identical, this phased array provides a sensitivity which is n times the

sensitivity of a single antenna. The beam produced by a phased array is narrower than

that of a single element. This narrowing occurs because the array combines voltage

signals from different elements, each with a specific phase adjustment, forming a more

focused beam pattern. In Incoherent array, the voltage signals from each antenna are

added without any phase correction. The resulting telescope beam retains the shape

of a single element, as the phase information from individual elements is lost during

the detection process. As a result, the beam width (hence the Field of View) is much

more for IA, as compared to PA mode. The sensitivity to a point source for incoherent

array is
√
n times than that for a single antenna. In transient search, where detection

of new pulsars and FRBs don’t require higher sensitivies and rather need wide field of

view, incoherent phased array beamforming is a better choice. But for following up

on known pulsars and FRBs (whose locations are already known), it is optimal to run

phased array beamforming with higher sensitivity.

The upgraded GMRT consists of four working bands - 120-250 MHz (Band 2), 250-500

MHz (Band 3), 550-850 MHz (Band 4), 1050-1450 MHz (Band 5). There are gaps in this

frequency range which is due to presence of very strong radio frequency interference (RFI)

such as TV channels, mobile communication bands, FM band, etc. [21]

1.2 The SPOTLIGHT system

The emergence of modern astronomical facilities such as the uGMRT, eVLA, LOFAR, MWA,

MeerKAT, ASKAP, CHIME and the construction of the international mega-science project,

the Square Kilometre Array (SKA), are driving the growth and technology of next-generation

radio astronomical instrumentation. GMRT is recognized as a pathfinder facility for SKA

and is currently one of the few interferometers with a commensal survey backend.
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Figure 1.1: Specific luminosity variation across burst timescale for fast radio transient pop-
ulation in the coherent radio emission regime. The SPOTLIGHT survey coverage is shown
in comparison to CHIME and MeerTRAP [5]

The above figure depicts the transient sky landscape, showcasing coherent emitters on

a luminosity versus pulse timescale diagram. It can be seen that SPOTLIGHT covers a

much wider and deeper search compared to the other large-scale surveys. But yet, it can

be seen in the figure that there are many gaps in the parameter space. With the recent

emergence of long period transients and ultra-long period galactic magnetars [6], it is a

necessity to expand the parameter space in order to better estimate the FRB progenitor

models. The SPOTLIGHT detection pipeline aims to populate the parameter space more

uniformly, resulting in more robust science results.

The system has a PetaFlop computing capacity (hosting ∼ 90 A100 GPUs installed on

60 of C-DAC’s indigenously developed Rudra servers, several 10s of TB of memory and 2 PB

of storage) for carrying out real-time commensal search. The SPOTLIGHT pipeline will run

parallel to regular GMRT observations and will search for FRBs and pulsars within the full-

width-half-maximum (FWHM) of the field-of-view (FoV) of the primary beam. Whenever,

the GMRT antennas are used for some observation, the SPOTLIGHT system piggybacks

onto the ongoing observation and searches for transients in that location of the sky.
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1.2.1 Pipeline components

The SPOTLIGHT pipeline consists of multiple sub-parts focusing on various aspects like

beam-forming, candidate detection, candidate imaging, post-processing, etc. In order to

understand the detection pipeline that I have worked on, it is better to have an idea of the

functionalities of the overall cluster. The cluster consists of 60 Rudra servers. These servers

are split into three sub-clusters.

Figure 1.2: The SPOTLIGHT pipeline

The above figure depicts the various components of the SPOTLIGHT cluster, which are

described in detail below-

1. Correlation and Beamforming: The first sub-cluster, which consists of 16 servers,

performs correlation and beamforming of 2000 beams at 1.3 millisecond time-resolution.

Correlation is an important step for interferometric imaging, during which signals from

multiple antennas are combined to estimate spatial information about the sky. During

this step, the time varying voltage data from every pair of antennas is cross-multiplied

to compute visibility data. The visibility data represents Fourier components of the

sky brightness distribution. By applying a Fourier transform, the visibility data is

converted into sky intensity maps. So, the raw voltage data is finally converted to in-

tensity data with integration times of 1.3 ms. After correlation, the data from multiple
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antennas are summed together to form multiple beams using Phased Array (PA) or

Incoherent Array (IA) mode as discussed in 1.2, enhancing the sensitivity and field of

view. The fully functional beamformer of SPOTLIGHT will generate 2000 beams in

real-time.

2. Beam Tilling: Beam tilling refers to the technique of arranging multiple beams in a

structured patten to cover a larger field of view efficiently. In the SPOTLIGHT cluster,

there are two different modes for beam tilling based on the observation type.

• Survey mode: This covers a broad FoV compared to the primary beam-width.

There is a 50 % overlap between the beams to maintain sensitivity.

• Targeted mode: This mode has a smaller FoV, but the beam overlap is opti-

mized to enhance sensitivity. Suitable for observing known targets.

One crucial part of beam tilling is clustering together simulated beams in close proxim-

ity. This is really important for Coincidence filtering (for eliminating false positives),

which will be discussed later. The beam tilling software effectively covers a larger

fraction of the FoV while maintaining high and uniform sensitivity across the entire

FoV. This ensures that any faint FRB events occurring across the field of view are not

missed. [46]

3. Transient Search Pipeline: The data from the first sub-cluster is sent to the second

sub-cluster, consisting of 24 servers, for the multi-beam transient search. the transient

detection pipeline consists of eight crucial steps, and is carried out by six different

software-

• RFI mitigation tool: Radio frequency interference mitigation is an important

step in detecting transients. These interferences come from multiple sources like

TV channels, FM radios, Radars, jets, etc, and if not removed makes it difficult to

detect actual signals. I have developed the current version of the RFI mitigation

tool and this topic will be discussed in detail in later chapter.

• AstroAccelerate: The AstroAccelerate package [8] carries out heavy GPU com-

putation algorithms for -

(a) Dedispersion: As discussed before, when the FRB signal travels through

plasma present along the line of sight, the different frequencies travel at dif-

ferent speeds, causing the dispersion of signal. Higher frequencies reach faster
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Figure 1.3: Left top: Dispersed time-series; Left bottom: Dispersed dynamic spectrum;
Right Top: Time-series after dedispersion at the correct DM, with the pulse visible; Right
bottom: Dedispersed dynamic spectrum with the pulse located between 40-50s

than lower frequencies and this delay is captured by the following equation:

δτ = DM × CDM(
1

f 2
low

− 1

f 2
high

)

where CDM = 4148.8×103MHz2pc−1cm3s. The DM is defined as the disper-

sion measure and is calculated as the integral of electron column density(ne)

along the line of sight.

DM =

∫ Dz

0

ne(l)

1 + z(l)
dl

where z is the redshift of the source. The dispersed data needs to be dedis-

persed in order to retrieve the actual signal. But since, the DM by which

the signal is dispersed is not known beforehand, dedispersion needs to be

done across many trail DM values (from 100-2000). This process involves

integrating the frequency-time intensity data, known as the dynamic spec-

trum, into a time series while accounting for the frequency-dependent delays

corresponding to each DM value. [1]

(b) Single pulse Search: In the previous step, multiple time series for data

dedispersed at multiple DMs were created. Each time series is searched for
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single pulses by match filtering the signal with boxcars of varying widths.

The main idea behind match filtering is when the width of the trial boxcar

matches the width of the actual dedispersed pulse, the signl-to-noise ratio

(SNR) of the signal is amplified and the noise is suppressed. A range of

boxcar widths are trailed for each time-series. When the SNR of the pulse is

above a certain threshold (usually 7σ), that pulse is considered as an actual

signal by the searching tool.

In the end, astro-accelerate provides us with a long list of candidates, with their

possible DM, time of arrival, width, and SNR.

• Clustering: The number of candidates generated by AstroAccelerate can range

from a few hundreds to millions, most of which are spurious candidates due to

RFI or redundant candidates. Therefore, we need to cluster candidates in both

the DM-time plane and the RA-Dec plane across multiple beams, significantly

reducing the number of candidates by several orders of magnitude. This topic

will be discussed in much more detail in later chapter.

• Feature extraction and classification: The list of candidates obtained after

clustering undergo feature extraction using our software Candies. The two main

features are the dynamic spectrum and the DM transform (DMT). These char-

acteristic features can be used to distinguish between FRBs and RFI. The GPU

based code extracts this features from the beam data, and passes them onto the

CNN classifier FETCH [2]. FETCH is a binary classifier which classifies each

candidate as an FRB or RFI. I will discuss these tools in more detail in 5.

Figure 1.4: left: dedispersed dynamic spectrum with a few pulses; right: DM transform plot
for the same pulse

• Coincidence and anti-coincidence filtering: Sometimes, we may observe the
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same pulse with same DM and time of arrival in very far off beams ( ¿ 10-15 arc

minutes). But, this is not physically possible as the pulse has originated from

the same point source in sky. The main purpose of anti-coincidence filtering is to

detect these kind of RFI and remove them. A pulse of certain SNR, if observed

in the central beam will also be observed in nearby beams with similar DM and

time and arrival. Considering all these as different candidates is redundant and

computationally expensive. The main purpose of the coincidence filter is to re-

move these redundant candidates. This topic will be discussed in more detail in

future chapter.

4. Baseband processing: For every detection, the detection pipeline (discussed above)

will dump both beamformed data ( with resolution ∼ 1.3ms) and the Nyquist sam-

pled baseband data (with resolution of a few nanoseconds). This data is utilized by

the BurFi(our algorithm) (burst fitting) pipeline to better estimate various burst pa-

rameters like burst morphology, spectral characteristics (like emission bandwidth and

peak emission frequency), drift rate, scattering, etc. Drift rate analysis with BurFi

at low resolution investigates the frequency evolution of bursts, offering insights into

the dynamics of the emitting region. This analysis helps distinguish between intrin-

sic spectral features and propagation effects caused by turbulent media. Collectively,

these low-resolution analyses by BurFi provide a comprehensive understanding of FRB

characteristics and play a crucial role in designing follow-up strategies by identifying

potential repeater-like behavior. this pipeline is triggered only when a candidate is

detected.

5. Image localization pipeline: Radio surveys with a wide field of view can detect a

large number of FRBs; however, their poor localization accuracy makes it challenging

to reliably associate FRBs with their host galaxies. As highlighted in [15], achieving a

probability of chance coincidence below 1% requires an FRB to be localized within 0.5

arcseconds, given the density of galaxies in the field of view at typical FRB distances.

The lack of precise host galaxy associations hinders efforts to model progenitors, ana-

lyze propagation effects, and explore potential cosmological applications. In contrast,

commensal surveys conducted with interferometric arrays detect fewer FRBs but of-

fer significantly improved localization accuracy. precise localization of detected FRBs

at a later time is only possible for repeaters and not for one-offs. In order to accu-

rately localize signals immediately (after a short pipeline delay), SPOTLIGHT has
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incorporated this real-time imaging pipeline which gets triggered when a candidate is

detected.

6. Monitoring system: The monitoring tool is a web interface which displays various

properties of the system in real time to a remote observer. The interface also stores

all the detected candidate lists with their characteristics.
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Chapter 2

An Algorithm for Flux Calculation of

GMRT Bursts using the Radiometer

Equation

As discussed in the previous chapter, upon detection of a candidate by the detection pipeline,

part of data (both beamformed and baseband) containing the burst is dumped to disk

for further processing and analysis. But, there is always the possibility of the data being

corrupt, or wrong data being dumped due to internal machine delays. In order to bypass

this issue, if it arises, I have written an algorithm to calculate the flux density of a burst

using the radiometer equation (fine-tuned for GMRT). The calculation of a radio burst is

really beneficial to estimate its luminosity and energy output. It allows to classify sources

and get better idea about the source environment.

2.1 Radiometer Equation

The power received per unit area, solid angle, and frequency from a point source in the sky, by

a receiver is called Specific intensity (Iν) or brightness (Wm−2Hz−1sr−1). The fundamentals

for this part are described in [4].The radio sources are not point sources and subtend certain

solid angle on the receiver. Integrating Iν over the solid angle subtended by the source gives

us the flux density (Sν) of the source. These sources are really faint with FRBs having flux

23



densities of few Janskys (1 Jy = 10−26Wm−2Hz−1). The brightness temperature is defined

as for such a radio source with intensity (Iν) is given as-

Tb =
Iνc

2

2kBν2

where:

• c is the speed of light (≈ 3.0× 108 m/s),

• kB is the Boltzmann constant (≈ 1.38× 10−23 J/K),

• ν is the frequency (Hz).

The radio antenna absorbs power from incoming radio waves, which is typically expressed

in temperature units (Kelvin).. To understand this power, lets assume a resistor in thermal

equilibrium at temperature T. It experiences random electron motion, generating fluctuating

currents. Although the average current is zero, the power — proportional to the square of the

current — is nonzero. According to the equipartition principle, the power per unit frequency

in the radio regime is given by the Nyquist formula:

P = kT

where k is Boltzmann constant. In analogy to this, if a radio antenna receiver has a power P

(per unit frequency), then the corresponding temperature is known as antenna temperature

(Ta).

Ta =
P

k

This temperature is not the actual temperature of the antenna.

Now, the antenna consists of multiple electronic components which contribute to some

noise power. Additionally, there may be extra power received from the sky, picked up from

the ground, etc. The temperature corresponding to sum total power is called the system

temperature (Tsys).

Tsys =
Total Power referred to receiver inputs

k

The system temperature when not observing a source is the measure of total random noise.
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So, it is highly desirable to make the system temperature as low as possible.

Tsys = Trec + Tsky + TAtm + Tscat + Tground + . . .

where:

• Trec : Receiver temperature,

• Tsky : Sky temperature (including contributions from the source and the CMB),

• TAtm : Contribution from the atmosphere,

• Tscat : Scattering due to feed legs,

• Tground : Pickup from the ground.

Now, considering a single GMRT antenna observing a point source with flux density Sν ,

the received power per unit frequency due to the source is given by:

Pν = k.TA =
[Ae.Sν ]

2

where Ae is the effective area of the dish of the antenna. Ae = ηA, where η is the aperture

efficiency (typically ∼ 0.6− 0.7)and A is the geometric area.

Rearranging the values, the measured antenna temperature due to a signal is -

TA = [
Ae

2k
]Sν

Hence, a larger collecting area would provide more intense signal. The term Ae/2k is called

the Antenna gain and it provides information about the increase in system temperature

due to presence of a source. So, the temperature corresponding to the signal is the antenna

temperature. When an antenna starts observing a source, this antenna temperature is added

on to the previous system temperature. During the measurement of this Tsys, the RMS noise

that is present is given by -

σ =
√
2.Tsys
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If we average N such independent measurements of the output power, the RMS noise on the

average estimate will be -

σN = σ/N1/2 =
√
2.Tsys/N

1/2

For a signal of bandwidth ∆ν, raw voltage data are separated by time ∆τ ∼ 1
2∆ν

are

independent of each other. So, the number of independent samples in an integration time

∆t is -

N = δt/δτ = 2.∆t.∆ν

The RMS noise for the same integration time is given as-

σN = Tsys/(∆t.∆ν)1/2

This is also known as the Radiometer equation for a single antenna.

Now taking the ratio between the signal and noise, we get -

S/N = [Ae/(2k.Tsys)]× [1/(∆t.∆ν)1/2]× Sν = G/Tsys × [1/(∆t.∆ν)1/2]

So, the source of the flux is given as-

Sν = S/N × Tsys

G×
√
∆t ·∆ν

This equation is valid for a single dish antenna. As discussed before, the sensitivity increases

by N for PA mode, and increases by
√
N for IA mode (where N is the number of antennas).

Also, presence of multiple polarizations effects the RMS noise by 1/
√

Npol. For a single pulse

burst, we consider the integration time to be equal to the effective width of the observed

pulse (Weff ). Applying all these factors, the flux density for a single pulse as observed by

an interferometric array of N antennas, recording Npol data, is given by -

Sν = S/N× Tsys

G
√

N2
PA ×Npol ×∆ν ×Weff

(PA mode)

Sν = S/N× Tsys

G
√

NIA ×Npol ×∆ν ×Weff

(IA mode)
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2.2 Algorithm

2.2.1 Inputs

In order to calculate the flux density of a single pulse, a few parameters are required as

input. First is the band information of the data in which the pulse is observed. The table

below provides the list of parameters stored as dictionary for each band -

BandBW (MHz)Flow (MHz)Fmid (MHz)Fhigh (MHz)BW Usable (MHz)Ref. Gain

2 200 125 200 250 50 0.33

3 200 260 400 500 120 0.33

4 400 550 650 850 200 0.33

5 400 980 1260 1500 280 0.22

Table 2.1: Band Information Table

Apart from this, we also require the following inputs -

• RA, Dec of the source (coordinates)

• Number of antennas used

• Number of polarizations observed

• channel resolution - When observing a source in radio frequency, the total bandwidth

is divided into smaller channels (few KHZ-MHz). The ratio of the total observing

bandwidth with the number of channels is known as the channel resolution. For SPOT-

LIGHT, the channel resolution is 0.0488 MHz for band 2,3; and 0.0976 MHz for band

4,5. The G/Tsys is calculated for each of this channels and integrated to get the final

value.

• scattering width and intrinsic width observed for the pulse. The intrinsic width is

obtained from the detection pipeline, and the scattering width is approximated using

the effects of scatter broadening and is given by [7] -

log(Wscatt) = −6.46 + 0.154× log(DM) + 1.07× log(DM)2 − 3.86× log(ν)
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where Wscatt is in ms, and ν is the representative frequency

• The dispersion measure (DM) for the pulse. This is used to calculate the smearing

caused by intra-channel dispersion:

WDM = KDM × DM×∆ν

ν3

2.2.2 Steps of calculation

1. The RA, Dec coordinates are used to estimate the sky temperature (Tsky) using the

all sky temperature dataset. [22]

2. The G/Tsys for each frequency value is defined using polynomial functions as a function

of frequency for each band as -

S(ν) = a0 + a1ν + a2ν
2 + a3ν

3 + · · ·+ anν
n

where ν represents the frequency in MHz. The plots for the same are given in figure

2.1

BandFrequency Range (MHz) a0 a1 a2 a3 a4 a5

2 125 - 250 -0.02740.000653−5.75× 10−62.26× 10−8−3.30× 10−11 —

3 260 - 500 -3.9427 0.06092 −3.88× 10−41.31× 10−6 −2.46× 10−9 2.44× 10−12

4 550 - 850 -60.966 0.5298 −1.91× 10−33.67× 10−6 −3.94× 10−9 2.25× 10−12

5 980 - 1500 -57.791 0.2832 −5.77× 10−46.25× 10−7−3.80× 10−101.23× 10−13

Table 2.2: Polynomial Coefficients for Sensitivity Functions
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Figure 2.1: Polynomial functions for sensitivity

3. Now, we define SEFD = Tsys/G which is defined for a particular frequency.

4. Next, we calculate sumSEFD as the summation (SEFD)2 with a step size of 1 from

starting frequency to ending frequency of the pulse. For better approximation, we can

use the channel resolution as the step size.

sumSEFD =
√
(SEFD1)2 + (SEFD2)2 + · · ·+ (SEFDn)2

5. Next, we calculate the average SEFD as the rms average of sumSEFD.

avg SEFD =

√
(SEFD1)2 + (SEFD2)2 + · · ·+ (SEFDn)2

N

where N is the total frequency range of the pulse.

6. The average SEFD can replace the G/Tsys in the flux calculation equation, giving the
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final form for the IA beam to be:

Sν = S/N× 1

avg SEFD×
√

NIA ×Npol ×∆ν ×Weff

= S/N× sumSEFD√
∆ν ×

√
NIA ×Npol ×∆ν ×Weff

= S/N× sumSEFD

∆ν ×
√
NIA ×Npol ×Weff

Similarly for the PA beam:

Sν = S/N× sumSEFD

∆ν ×
√
N2

PA ×Npol ×Weff

2.3 Results and Discussion

Figure 2.2: Comparison of RMS values

The flux of the source is calculated by taking a product of the signal-to-noise (SNR) of

the single pulse and the RMS noise value. The SNR value of the signal is returned by the

detection pipeline and the RMS can be calculated using the described algorithm. National
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Centre for Radio Astrophysics (NCRA) follows a previous algorithm for calculating the RMS

of sources, called Exposure Time Calculator (ETC) [30] but the there are few issues with

the same. Firstly, it is a website and cannot be implemented for real-time processing and

is only applicable for offline processing. Further, it can’t calculate the RMS for FRBs to

higher precision as it uses the full-bandwidth of the frequency band for the calculation of

G/Tsys while the current algorithm uses the width of the single pulse for estimation of the

G/Tsys giving better results (if required). Below plot shows the comparison of RMS values

estimated by ETC and my code for five different FRB observations (recorded before). It can

be seen in figure 2.2, both the algorithms estimated similar values for the RMS, making the

above code applicable for FRB pulse flux estimation in the real-time pipeline.
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Chapter 3

A RFI mitigation algorithm

In radio astronomy, the received signals of interest are typically extremely weak, with signal-

to-noise ratios (SNR) often around -30 dB and, in extreme cases, as low as -60 dB. This

makes them highly vulnerable to interference from various terrestrial sources. The presence

of Radio Frequency Interference (RFI) poses a significant challenge for the sensitive radio

antennas used in ground-based radio telescopes. RFI introduces unwanted artifacts into as-

tronomical data, reducing the telescope’s sensitivity and generating numerous false positives.

The primary sources of RFI are man-made radio emissions stemming from various activi-

ties, including radar operations, communication and radiolocation systems such as mobile

phones, and broadcasting services like television signals and FM radio bands. Mitigating RFI

is crucial to preserving the integrity of astronomical observations and ensuring the accurate

detection of faint cosmic signals.

RFI can be broadly classified into two main types based on its impact on the spectrum

of the received signal:

• Broadband RFI: This type of RFI manifests as a noise-like signal, elevating the

power level across a wide range of frequency channels for a brief period. It is typi-

cally caused by temporally impulsive events such as automobile ignitions, switching

of inductive loads, and electrical discharges like sparking and corona effects in high-

voltage transmission lines. These events are usually unintentional and lack periodicity.

In Figure 3.1, the vertical bright lines between time bins 20000 and 25000 illustrate

broadband RFI, spreading over thousands of frequency channels.
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Figure 3.1: Dynamic spectrum containing broadband and narrowband RFI

• Narrowband RFI: appear as unwanted signals confined to discrete frequencies or

narrow bands, affecting only a small portion of the receiver’s bandwidth. It often per-

sists across the entire observation period and is commonly caused by intentional trans-

missions from communication systems, such as TV and radio broadcasts, short-range

radio services, and signals from aircraft and satellites. In Figure 3.1, the horizontal

lines affecting channels between 2500 and 3500 are examples of narrowband RFI.

In time domain astrophysics, any signal effected by RFI can be represnted as:

x(t) = xsrc(t) + xnoise(t) + xRFI(t) (3.1)

where, xsrc(t) is the contribution of the desired source, xnoise(t) is the system noise (contri-

bution of background sky noise and receiver noise), and xRFI(t) is the contribution of the

RFI. Both the noise and source signal voltage data follow a zero mean Gaussian distribution,

hence the intensity data follows a chi-square distribution with two degrees of freedom. But

the RFI signal usually follows a non-Gaussian distribution [19]. These astronomical signals

being really faint can get lost in the sea of RFI, and without proper removal of the RFI,

finding transient signals is equivalent to finding needle in a haystack. Over the years, several

methods have been implemented for RFI removal, but yet there is no equivalent method

RFI removal. The techniques for RFI removal strongly depend on location of the telescope,

type of observation, etc. So, it is not necessary the best RFI mitigation technique for one

telescope will workout for a different telescope too.
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3.1 RFI mitigation techniques

Since, most of the terrestrial RFI is human-borne or due to other communication services,

the radio telescopes are built in regions with low population density and far from industrial

developments. The majority of extra-terrestrial RFI arises from radio propagation through

the ionosphere and troposcatter from distant transmitters [55].

The RFI mitigation techniques can be broadly classified into two ways, as shown the

flowchart below:

Figure 3.2: Various RFI mitigation methods[17]

Regulatory methods include physical precautionary methods to reduce radio pollution

by establishing a radio quiet zone around the radio telescopes. Further, observatory gener-

ated RFI are also reduced by incorporating proper shielding of RF components, electrical

equipments, and digital devices. To reduce leakage from working labs, Faraday cages are

build around them to shield leakage of radio interference. But these methods are not enough

as mostly these precautions are bypassed and also due to urbanization, the previously ra-

dio quiet zones start producing more and more RFI. Hence, several technical methods are

implemented.

Technical methods are mainly used to counter the loss of desired candidates among

RFI. Different types of observations require different mitigation techniques. In the case

of transient search, periodic broadband RFI. Regardless of the type of RFI, mitigation is

applied at various stages of the signal processing chain. At the electronic/receiver level, it is
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addressed using analog techniques, while at the digital level, additional mitigation strategies

(both in real-time and offline processing) are employed to further reduce interference. In

order to mitigate RFI at the analog level, several measures like proper antenna patterns for

low amount of side lobes, modified receivers for gain compression of RFI, notch filters to

reject known communication bands, etc are applied. [17]

In the digital domain, High Performance Computation (HPC) through GPUs can be

applied to mitigate temporal, spectral and spatial RFI in real-time. Real-time RFI mitigation

techniques can be classified into three types, excision, cancellation, anti-coincidence [17].

Excision includes detecting the RFI from the desired data and removing that by either

nulling or clipping the data corrupted by the RFI in both temporal and spectral domain.

Excision in time domain is generally done using various robust estimates of variance in

the data [18].Thresholding, based on various statistical moments of the data, is used to

identify points with exceptionally high intensity values, often indicative of RFI. A more

robust method for detecting these outliers is the Median Absolute Deviation (MAD). Once

RFI points are identified, they can be mitigated by replacing them with appropriate values,

such as zero, the median, or random zero mean Gaussian noise with small variance, depending

on the specific requirements. Similar techniques are also applied in the spectral domain for

better mitigation. Further, higher moments of variables like Spectral Kurtosis (4th moment)

are also sometimes used as they can show significant deviation from predictable distribution

for Gaussian variables in the presence of RFI. But calculation of these parameters in real-

time come with higher computational costs [20]. There are many other tools like zero dming

[14], z-dot filtering [52], etc which we will look into later.

Spatial filtering helps in removing known RFI sources by forming a null in the beam

pattern towards the RFI source. This is useful for interferometric arrays like GMRT and

specifically our multi-beam system SPOTLIGHT with steerable beams. So, known RFI

sources of this sort can be mitigated during beamforming itself. RFI cancellation, on the

other hand, subtracts the interference signal from the astronomical data. It works best when

a strong reference signal or an accurate model of the RFI is available. The process involves

detecting and estimating the RFI, synthesizing its noise-free version, and subtracting it from

the corrupted data. Often, a separate antenna records the interfering signal, which is then fed

into an adaptive filter to optimize its coefficients. Unlike excision, cancellation can effectively

remove low-level RFI and, if applied before correlation, can recover most of the affected data

[13]. Anti-coincidence approach to RFI filtering is a multi-beam level technique and will be
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discussed in chapter 6 .

Finally, offline processing of the data is really helpful for properly studying the prop-

erties of the astronomical signal. The data itself can be visually inspected and necessary

channels can be flagged to improve the SNR of the desired candidates. Offline pipeline can

also integrate more computational expensive but robust techniques involving the study of

the Fourier space properties of the channels [42]. But, in a search pipeline, it is necessary to

have a real-time pipeline with high recall(sensitivity) value, focusing on balancing between

increasing true positives and reducing false positives

3.2 Steps of RFI Mitigation

The RFI mitigation algorithm I am building is a multi-staged process, where each step is

focussed on removing a particular type of RFI.

3.2.1 Bandpass correction

In radio astronomy, observations are carried out over a range of frequencies — for example,

300 MHz to 500 MHz in Band 3. Our pipeline receives data from different frequencies,

captured by the telescope antennas. But the receiver system may respond differently to

different frequencies. The bandpass of an observation refers to how the telescope (receivers)

respond to different frequencies. In ideal scenario, the bandpass should be flat/uniform

across all frequencies. But, in reality it is often non-uniform due to varying amplifier gains

across frequencies, instrumental noise, RFI, ionospheric effects, etc. In figure 3.3, it can be

seen that the bandpass is not uniform and the mean value is fluctuating across channels. So,

the observed intensity signal can be described as:

S(f, t) = A(f).I(f, t) +N(f, t) (3.2)

where A(f) is the bandpass function, N(f,t) is the noise term, and I(f,t) is the astrophysical

signal
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Figure 3.3: Bandpass for unfiltered intensity data captured through 4096 frequency chan-
nels(down sampled to 1024 channels)

In order to smooth this bandpass, we first estimate the bandpass by averaging the inten-

sity over time for each frequency channel.

B(f) = ⟨S(f, t)⟩t =
1

Nt

Nt∑
t=1

S(f, t) (3.3)

where N(t) is the number of time-step, and S(f,t) is the intensity value at a certain time and

frequency. In our real-time pipeline, the data streams in buffers of ∼100s, so the algorithm

calculates the bandpass for each channel for every buffer that is processed. After, calculating,

the bandpass, the streaming data is normalized using the bandpass. So, each intensity value

of the ith frequency channel is normalized by dividing by B(i)

Scorrected(f, t) =
S(f, t)

B(f, t)
(3.4)

In Figure 3.4, the bandpass appears smoother than before. It can be seen previously there

were fluctuations on very high scales, but after normalization, the maximum fluctuation

between frequencies is less than 1. But the channels at both ends are generally not reliable

for bandpass smoothing due to anomalous responses and the inherent unpredictability of the

data.
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Figure 3.4: Normalized bandpass for 4096 channels (downsampled to 1024)

The effects may not be evident in the bandpass plot themselves, but normalizing the

bandpass, automatically removed a lot of non-Gaussian features,instrumental noise, RFI

from the data.

Figure 3.5: Intensity heatmap for original data

Figure 3.6: Intensity heatmap for bandpass removed data
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As it can be seen from figure 3.5 and 3.6, quite a chunk of bright RFI has been removed

from the data after baseband normalization. Baseband normalization also takes out the

effects of telescopic respose, and now actual RFI features in the data show up and can be

removed in next stages.

3.2.2 Zero DM filtering

Transient signals undergo frequency-dependent dispersion (give part) as a result of the inter-

vening medium. The raw intensity data that we received is not dedispersed and is technically

dedispersed at zero DM. This zero DM filter [14] can be used to reduce/remove the contri-

bution of signals that have dispersion measure of zero (most terrestrial RFI). Using the

zero DM filter, we remove the baseline from the signal (which just the mean value of the

data across all frequencies at a particular timestep). Some of the RFI (eg-, from satellites

or ground-based transmitters) and can appear as a flat, baseline-like signal in the time or

frequency domain. Applying the zero DM filter can remove these kind of components from

the data. The equation for zero-DM filtering [32]:

S ′(fi, tj) = S(fi, tj)−
1

nchans

nchans∑
i=1

S(fi, tj) (3.5)

• S(fi, tj) is the original signal at frequency channel fi and time step tj,

• S ′(fi, tj) is the zero-DM corrected signal,

• nchans is the total number of frequency channels.

So, the zero DM filter subtracts frequency average intensity at each time step from the

corresponding the intensity values. But, due to the simplicity of zero-DM filter, it sometimes

can cause over-subtraction in channels containing the actual signal.

To counter this, we apply a Z-Dot filter [52] The z-dot filter is built up on the zero-DM

filter but adds a correction term. This technique involves the calculation of the zero-DM

timeseries for all frequency channels (tDM=0) and also the timeseries for each frequency

channel (ti). Then, we estimate how much baseline is present in each frequency channel, this
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is done by minimizing the χ2 value, given below:

χ2 = (ti − αitdm=0 − βi)
2 (3.6)

where βi is the baseline value for that frequency channel, αi is the scaling factor for that fre-

quency channel (how strongly the zero-DM signal should influence the data in that channel).

Solving for αi, we get:

αi =

∑N
k=1 ti(k) · tDM=0(k)− 1

N

∑N
k=1 ti(k)

∑N
k=1 tDM=0(k)∑N

k=1 tDM=0(k)2 − 1
N

(∑N
k=1 tDM=0(k)

)2 (3.7)

Finally, we can filter the timeseries as -

t′ = ti − αitdm=0 (3.8)

This technique helps to retain the astrophysical signals while removing most of the zero-DM

RFI. Below are the results of applying the zdot filter.

Figure 3.7: Intensity heatmap after applying Z-Dot filter

As, you can see, a lot of the RFI has been removed by applying the Z-Dot filter. We can

already see the two FRB signals present in the data. However, one thing to notice is the

mean value of the data has become 128, which may seem suspicious since the subtracting the

baseline from data should bring down the mean around zero. The main reason for this is that

I have added 128 to each element in the data stream during the bandpass correction. This

is mainly because in out pipeline we deal with unsigned 8-bit integer (uint8) whose value
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range from 0 to 255. If I don’t add the 128, the negative values due to mean subtraction

will get lost or clipped at zero, causing some serious discontinuity in the data that may be

later picked up as false positive. The below plot depicting the comparison of timeseries of

the original data and z-dot filtered timeseries shows this difference more better.

Figure 3.8: Frequency average timeseries for both original data and Z-dot filtered data

3.2.3 RFI removal steps

Figure 3.9: Mitigation algorithm

The data has 4096 frequency channels N*25600 time bins (where N is the number of blocks

and 25600 is the number of time bins present in each block). After processing the data with

baseband normalization and z-dot filtering, a series of key steps are performed to remove

both narrow-band and broadband RFI, without removing the actual signal. In order to keep

a track of which positions in the data contain RFI, the algorithm creates a mask matrix

which has the same size as the data matrix, but only contains zero and one. A position

marked as 0 represents RFI and 1 represents non-RFI points. So, firstly, the algorithm

initializes a mask matrix containing all ones of size (Nt, Nf ).

42



Downsampling in Frequency axis

We downsample both the data and mask matrices along the frequency axis from 4096 to 1024

channels by a factor of 4. This reduces noise fluctuations, effectively smoothing the data for

improved RFI detection. By averaging across frequencies, small fluctuations in broadband

transient signals are smoothed out, making them less likely to be mistakenly identified as

RFI during broadband RFI removal. The downsampling is carried out by averaging out the

frequency values of every 4 consecutive channels, as shown below-

D̃(t, f ′) =
1

K

K−1∑
k=0

D(t,Kf ′ + k)

where D(t, f) is the original data matrix with time t and frequency f , D̃(t, f ′) is the down-

sampled data, K is the downsampling factor (4 in our case), and f ′ represents the new

frequency index after downsampling.

Broadband RFI detection

In order to remove the broadband RFI, several statistical measures ae involved. Considering

the data and mask to be two arrays of size (Nt, Nf/4), we iterate over each column (frequency

channel), and calculate the fluctuation in intensity value for a particular frequency channel

over the total time bins. So, we calculate the rate of change for each time bin (at frequency

channel) as:

Rate of change = I(t, f)− I(t− 1, f)

Fluctuations sometimes can be very random due to systematic errors. That’s why the

algorithm performs an exponential smoothening to smooth the smaller fluctuations and

bring out the fluctuations due to high power points.

S(f) = α · Rate of change + (1− α) · S(f − 1) (3.9)

where α is the factor which determines what proportion must the previous transit scores

contribute to the current one. This smoothens out the fluctuations as the current transit

score is effected by the current rate of change and the previous transit scores. Next we carry
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out analysis on the list of transit scores for the every frequency channel. The algorithm

performs a modified Z-score analysis using MAD. For each list of transit scores, Median

Absolute Deviation (MAD) is caluclated as follows:

MAD = median (|xi −median(x)|)

Where xi are the data points in the dataset, median(x) is the median of the transit score

dataset, |xi −median(x)| is the absolute deviation of each data point from the median. The

MAD value is most robust to outliers compared to standard deviation. In the next step, a

modified z-score is calulated as follows:

Z(v) = 0.6745 · |v −median|
MAD

where v is the value for which the Z-score is being calculated, median is the median of

the data points, MAD is the Median Absolute Deviation, xi are the individual data points

and n is the number of data points.

Next, we compare the z-score value for each time step (for a frequency channel) with

a threshold value (Zthreshold). If the z-score for that position is greater than the threshold,

then the same position is marked as RFI in the mask matrix as shown below:

M(t, f) =

0 if z > zthreshold

1 if z ≤ zthreshold

The same procedure is applied across all frequency channels, updating the mask matrix

accordingly. However, this approach treats both RFI and very bright FRBs similarly, poten-

tially masking transient signals. A crucial distinction between broadband RFI and transients

is that transients are dispersed over multiple time bins. To address this, we refine the mask

by scanning each time bin with a sliding window of size 128 across the 1024 frequency

channels. Within each window, we count the number of masked points (zeros in the mask

matrix). If the count exceeds a set threshold, the masked points within that window are

retained. Conversely, if the count is below the threshold, all data points in the window are

unmasked. This process is repeated for all time bins, resulting in the final mask matrix that

effectively identifies and retains broadband RFI points while mitigating the risk of falsely

masking transient signals.
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In the next step, the global median of the whole dataset is calculated and the positions in

the data matrix corresponding to the the masked positions in the mask matrix are replaced

by the global median. Even though this data matrix is not our final matrix, this is very

helpful for detecting the narrowband RFI.

Downsampling along the time axis

Since the time-axis contains longer datasets to compute, it is really beneficial to downsample

the number of time bins. Since, we are processing a few blocks of data in every buffer (i.e

∼ 100000 time bins), we downsample the number of time bins by a factor of 4 by using the

same averaging technique.

D̃(t′, f) =
1

K

K−1∑
k=0

D(Kt′ + k, f)

So, we end up with a downsampled data matrix of size (Nt/4, Nf/4)

Narrowband RFI detection

Since, we can’t downsample the previous updated mask matrix, we allocate a new mask

matrix of size (Nt/4, Nf/4) and initialized with ones. Now, firstly we want to remove the

narrowband RFI which are present over the whole observation length. In order to do this,

we calculate the median of the whole range of data for each of the frequency channels. This

gives us a list of Nf/4 (1024) medians. Next, we calculate the median and standard deviation

(σ) for this list. Iterating each of these values, we compare between the value and the median

of the medians. If the difference is more than n×σ (where n is a factor), then we mask the

whole frequency channel. For, the frequency channel which are not masked, we perform a

z-score analysis. We calculate the mean and standard deviation for all the data values in

each of those frequency channels (over all time bins), and compute the z-score for each of

the points, as:

z =
x− µ

σ

wherez is the z-score, x is the data point, µ is the mean of the data set, σ is the standard

deviation of the data set. If the z-score is above a certain threshold than we mask those
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positions in the mask matrix. Similar to broadband RFI search, we again move a window

to restore back actual transient signals which may have been masked as RFI. This time,

we move a window of size 200 along the time direction in each of the frequency channels,

and use the same logic that if the number of masked points, exceeds the threshold set for

the window, we don’t change anything. But if the number is less than threshold, then we

unmask all the points of that window in the mask matrix.

Upsampling the mask in time bins

Figure 3.10: Final frequency downsampled mask after AND operation

After the previous steps, we have two masks - one of size (Nt, Nf/4), obtained after broadband

RFI detection, and the other one of size (Nt/4, Nf/4), obtained after narrowband RFI

detection. In the next step, the algorithm upsamples the the time downsampled mask back

upto the size of the other mask. The upsampling is simply carried out by duplicating the

each time step four times. For example - if we upsample a sequence [x1, x2, x3] by a factor

of 2, the result becomes: [x1, x1, x2, x2, x3, x3]. Now, we have two mask matrices of the same

size, Mij and M ′
ij. To combine the effects of both RFI mitigation steps, we compare their

elements and perform a logical AND operation, defined as:

Mfinal
ij = Mij ∧M ′

ij
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The result of the AND operation follows these cases:
1 if Mij = 1 and M ′

ij = 1

0 if Mij = 1 and M ′
ij = 0

0 if Mij = 0 and M ′
ij = 1

0 if Mij = 0 and M ′
ij = 0

Thus, a point is unmasked (value of 1) in the final mask only if it is unmasked in both Mij

and M ′
ij.

Upsampling the final mask in frequency direction and median replacement

Finally, the algorithm upsample the downsampled mask matrix to the original size (Nt,

Nf ) using the same upsampling techniques used in the previous steps. Once, the mask is

upsampled, we calculate the global median of the original bandpass normalized and z-dot

filtered matrix. Looping through the mask matrix, we find the positions in Mij (mask) which

are marked zero, and change value of those positions in the data matrix Dij by the global

median. Hence, replacing the RFI values with values which follow a Gaussian distribution

and are with the standard deviation (σ) of the data.

3.3 Results and Discussion

Figure 3.11: RFI removed data
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The dataset portrayed in the previous figures consists of two simulated single pulses injected

at 50 seconds and 100 seconds at a dispersion measure value of 100 pc cm−3 and 200 pc

cm−3. Even though the data is filled with RFI as seen in figure 3.5, the pulses can be seen

in the final RFI removed dataset. Figure 3.11 shows the RFI removed plot, where the two

injected pulses are visible. For a ∼ 100 second data, after passing through Astro-Accelerate

Figure 3.12: Single pulse candidates for non-RFI removed data: a) 3D plot with DM, time
and width; b) 2D plot with DM and time

Figure 3.13: Single pulse candidates for RFI removed data: a) 3D plot with DM, time and
width; b) 2D plot with DM and time

[1] for single pulse search, the number of candidates detected for non-RFI mitigated data

is 5321872, while the number of candidates detected for RFI mitigated data is 2218568,
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showing a reduction go ∼ 300,000 detected candidates after RFI mitigation. Similar decline

is seen for other datasets too. It can be seen in figure 3.13b, the actual candidates injected

at 50s and 100s, at a DM of 100 pc cm−3 and 200 pc cm−3 are still present. This shows the

importance of a RFI mitigation algorithm.

Timing results

Figure 3.14: Execution time for the various RFI removal steps

The RFI removal algorithm outlined above consists of several steps, including data reading,

masking frequency channels based on their mean-to-RMS values, bandshape smoothing,

zero-DM correction, downsampling of the data and mask, outlier detection and masking,

upsampling, and more. As shown in Figure 3.14, for a data size of approximately 100

seconds, the RFI removal process takes a computation time of 6.48 seconds. This results

in a real-time factor of approximately 0.64, indicating that the algorithm is faster than

previous approaches. However, further acceleration is possible through the application of

GPU acceleration on specific parts of the algorithm. Currently, the algorithm employs

OpenMP for CPU parallelization in certain parts of the code. The components that would

benefit most from further acceleration are highlighted in Figure 3.14. In particular, the

data preprocessing steps, including bandshape smoothing and zero-DM filtering, require
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significant acceleration, as these steps currently take around 2 seconds of execution time

for data of approximately 100 seconds in length. The two key factors for a good real-time

algorithm—speed and accuracy—are addressed by the current implementation. However,

there are still parts of the algorithm that could be further optimized to enhance overall

performance.
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Chapter 4

Developing a real-time clustering

algorithm

The primary goal of a clustering algorithm in a single-pulse search pipeline is to reduce

the number of detected candidates after the initial search. The single-pulse search process

(Astro-accelerate) consists of two key steps: dedispersion and matched filtering [1][47], both

of which give rise to a lot of redundant candidates and false positives.

• Since this is a search pipeline and the dispersion measure (DM) of the source is un-

known, the dedispersion step scans over a wide range of DM values, typically from 0

to 2000, with step sizes of 0.1, 0.2, or 0.5. This means that closely spaced DM values

are searched over, leading to the detection of multiple candidates corresponding to the

same astrophysical pulse. The fundamental idea behind dedispersion is that when a

pulse is corrected with the correct DM, the delay introduced by interstellar dispersion

is removed, making the pulse peak more prominent in the data. However, since the

exact DM is unknown, neighboring DM values can still produce a strong pulse detec-

tion, leading to duplicate candidates from the same astrophysical event. Observations

have shown that the detected DM values for a single pulse can vary by 0.1 to 0.8 due

to multiple factors.

1. DM variations and multiple detections: Since the dedispersion step iterates

over many DM values, multiple candidates from the same pulse appear due to
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small differences in DM. These variations can depend on factors like signal-to-

noise ratio (SNR), pulse width, and instrumental effects.

2. Low DM Contamination from Radio Frequency Interference (RFI): An-

other issue arises from the fact that dedispersion also searches over low DM values.

Since RFI originates from terrestrial sources such as FM radio, television signals,

and RADARs, it has very low dispersion measures. Some of these bright RFI

signals can be falsely selected as candidates when searching at low DM values.

As a result, a significant fraction of detected candidates consists of spurious RFI

detections rather than real astrophysical pulses.

• After dedispersion, matched filtering or peak filtering is applied to enhance the signal-

to-noise ratio (SNR) of detected pulses. The core idea of matched filtering is to con-

volve the signal with a set of predefined template functions optimized for various pulse

widths. This method significantly improves the SNR of weak pulses that might oth-

erwise be lost in noise. Since the intrinsic width of the pulse is unknown, the search

is performed over a range of template widths, from narrow pulses (spanning only a

few time bins) to broad pulses (spanning hundreds of time bins). When the template

width closely matches the actual pulse width, the SNR is maximized. However, this

approach introduces challenges, such as detecting the same candidate multiple times

for slightly different template widths and mistakenly classifying bright radio frequency

interference (RFI) as astrophysical candidates. The above reasons increase the number

of candidates after the single pulse search by Astro-Accelerate.

4.1 Actual Number vs. Detected Candidates

4.1.1 Creating a Robust Dataset

To assess the impact of RFI and false positives on candidate detection, we conducted an ex-

tensive, months-long evaluation of our pipeline. This involved comparing the actual number

of pulses present in the data with the candidates detected after running a single-pulse search

using Astro-Accelerate.
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Testing such a pipeline in real-time with fast radio bursts (FRBs) is inherently challenging

due to two key reasons:

• FRBs are non-periodic. Even when following up on known repeaters, there is no

guarantee that a burst will be detected during an observation.

• For real observational data, the true number of pulses present is unknown, making it

difficult to quantify detection efficiency.

An alternative approach is to use pulsars as test sources. While pulsars are periodic and

provide a known reference for the number of pulses present in the data, they are still not

ideal for comprehensive testing. The limitations of using pulsars include:

• Most detected pulsars are of Galactic origin and have relatively low dispersion measures

(DMs), typically ranging from 20 cm−3 pc for nearby pulsars to ∼ 1000 cm−3 pc for

those near the Galactic center, where the interstellar medium (ISM) is denser. The

average pulsar DM lies in the range of 10–300 cm−3 pc (excluding Galactic center

pulsars) [41]. This limited DM range is insufficient for testing the pipeline over the full

DM parameter space (0–2000 cm−3 pc).

• Pulsar signals are significantly weaker than FRB pulses, often by orders of magnitude.

A bright pulsar may have a peak flux density of a few Jy, whereas FRBs can reach

tens to thousands of Jy [37].

To overcome these limitations, we adopted a hybrid testing approach that combined real

observational data with simulated pulses. Observations were conducted using pulsars or

calibrator sources (depending on source availability within the telescope’s zenith). However,

to ensure robust testing across a wide DM range, we injected simulated pulses into the data

stream in real time.

The simulated pulses were generated using Arachne (cite) and were designed to cover a

broad range of dispersion measures and flux densities: Dispersion Measures: Pulses were

inserted at DM values ranging from 100 to 2000 cm−3 pc, with increments of 100 cm−3 pc.

Typically, the first simulated pulse (DM = 100 cm−3 pc) was injected at 150s, followed by

subsequent pulses (DM = 200, 300, etc.) after every 100 seconds.; Flux Densities: The
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tests were repeated for multiple flux levels: 0.2, 0.5, 1.0, 1.5, 2.0, 5.0, 10.0, and 20.0 Jy (not

all tested on the same day). Furthermore, similar tests were conducted across all GMRT

observing bands—Band 3, Band 4, and Band 5—to evaluate the pipeline’s performance

under different radio frequency conditions. One thing to note is that all these trials were not

performed every time. This approach allowed us to rigorously assess our pipeline’s ability to

detect real astrophysical pulses while quantifying the effects of RFI contamination and false

positives across a wide parameter space.

4.1.2 Results and observations

All the tests were performed on data from a single beam. In nearly every trial across the

entire parameter range, we observed an increase in the number of candidates detected by

Astro-Accelerate compared to the number of injected candidates. Although the ratio of in-

crease varied depending on factors such as the pulse flux, the bandwidth of the data, and

other parameters, a consistent global trend of increased detections was observed. Impor-

tantly, while no robust statistical patterns were found in the ratio of increase, a notable

difference was observed in detection rates when RFI (Radio Frequency Interference) filtering

was disabled as opposed to when it was enabled. This suggests that RFI plays a significant

role in candidate detection, likely contributing to false positives.

To illustrate these results, we refer to the comparison shown in Figure 4.1. The figure

shows one of the datasets comparing the number of injected candidates to the number of

detected pulses for observations made on 1st May 2024. This dataset, covering Band 3 and

Band 4, clearly demonstrates that across all flux levels, the number of detected candidates

consistently exceeds the number of injected pulses. This outcome highlights the height-

ened sensitivity of the detection algorithm, which appears to register a larger number of

candidates, especially when RFI filtering is relaxed.

As seen in the figure 4.1, the gap between the number of injected and detected candidates

is pronounced, especially under the conditions of relaxed RFI filtering. This increase in

detections underscores the impact of the algorithm’s sensitivity to weak signals, as well as

the possible role of RFI in producing false positives. These trends were consistent across

different bands and flux levels, supporting the hypothesis that RFI and algorithm sensitivity

are crucial factors influencing candidate detection
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Figure 4.1: Comparison of the number of injected candidates versus the number of pulses
detected (in logarithmic scale) for test observations on 1st May 2024 (Band 3 and 4).

Figure 4.2: Comparison plot for all the tests done in April 2024

As shown in Figure 4.2, the total number of detected candidates is consistently much

higher than the number of injected candidates. Notably, the tests conducted on April 4, 5,

and 15, which did not include RFI mitigation, exhibit a significant increase in the number

of detected candidates—by nearly an order of magnitude—compared to the other tests.
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These observations emphasize the critical role of a clustering algorithm in filtering out false

positives, ensuring more accurate detection of real astrophysical signals.

4.2 Algorithm for reducing the number of candidates

The algorithm follows a three-step process to minimize false positives and redundant candi-

dates. Since all these steps are performed in real-time, computational efficiency is crucial.

To achieve this, the process is accelerated using GPUs (Graphics Processing Units).

4.2.1 Thresholding

Given that we are searching for bright astronomical signals, we can impose constraints on

certain parameters to filter candidates effectively. We focus on the time of arrival, disper-

sion measure (DM), signal-to-noise ratio (SNR), and width of each candidate. By setting

thresholds on DM and width, we can significantly reduce the number of candidates, albeit

with some trade-offs.

Dispersion Measure (DM): A threshold of 10–20 cm−3 pc can be applied to DM,

meaning any candidate with a DM below this value will be discarded. The rationale behind

this is that terrestrial radio frequency interference (RFI) typically exhibits very low DM

values, rarely exceeding a few cm−3 pc. At the same time, almost all known FRBs are

extragalactic, and even in high Galactic latitudes, the minimum expected Milky Way DM

contribution is around 30–50 cm−3 pc. The lowest recorded DM for an FRB so far is 141

cm−3 pc [49]. However, since our pipeline also aims to detect pulsars, we must keep the DM

threshold low enough to avoid inadvertently filtering out genuine pulsar signals.

Width: FRBs are typically characterized by intense, millisecond-duration pulses. Most

detected FRBs have widths on the order of a few milliseconds. For instance, FRB 010621 has

a width of approximately 7.8 ms [31]. To ensure we do not exclude relevant transients, we

can conservatively set an upper limit of 100 ms. This threshold should also be sufficient for

detecting pulsars. Given this constraint, we can reasonably assume that most astronomical

candidates will not be missed.
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Figure 4.3: Left: All candidates plotted on DM-width plane; Middle: Candidates with cutoff;
Right: Filtered candidates

The above plots show all the candidates after single pulse search in the DM-width plain

and how the number decreases after the putting the cutoffs. It is seen that a major portion

of the RFI and false positive candidates can be removed by using necessary thresholds. For

this case, the number of candidates dropped from ∼ 70000 to ∼ 40000 after thresholding.

It is seen that higher the number of candidates after single pulse search, more amount of

candidates are removed by thresholding. But this is obvious as more number of candidates

arise due to presence of more amount of RFI.

4.2.2 Clustering

The clustering process involves two key steps. First, candidates with similar character-

istics—such as time of arrival, dispersion measure (DM), and pulse width—are grouped

together. Then, from each group, the candidate with the maximum signal-to-noise ratio

(SNR) is selected. This approach effectively reduces redundancy caused by dedispersion

and single-pulse searches, allowing us to retain only the most scientifically valuable candi-

dates—those with the highest SNR. In order to group the candidates together, we tried out

various machine learning algorithms for grouping candidates like DBSCAN, FoF, etc. [54]

For a real-time pipeline, there are two important factors that make an algorithm better than

other- accuracy, precision of the algorithm, and efficiency. Based on our requirements, we

opted for DBSCAN based algorithm for clustering.
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DBSCAN(Density-based Spatial Clustering of Applications with Noise) is an algorithm

for data clustering. It is a density-based, non-parametric clustering algorithm, meaning that

given a set of points in some dimensional space, it groups together points that are closely

packed (i.e., with many neighboring points) and marks outliers as noise if they are located in

low-density regions. The operation of DBSCAN is based on two main parameters: ϵ, which

specifies the radius of the neighborhood with respect to a given point, and N , the minimum

number of points required within the neighborhood for a point to be considered a core point.

Figure 4.4: In this diagram, the minimum number of points required to form a core point
(minPts) is set to 4. Point A and the other red points are classified as core points because
their -radius neighborhoods contain at least 4 points, including themselves. Since these core
points are all reachable from one another, they form a single cluster. Although points B and
C do not qualify as core points, they remain part of the cluster because they are connected
to A through a path of core points. In contrast, point N is neither a core point nor reachable
from any core point, so it is considered a noise point.

A point a is classified as a core point if there are at least N points within its ϵ-radius

neighborhood. If another point b lies within this ϵ-radius of a, then b is said to be directly

reachable from a. Furthermore, b is reachable from a if there exists a sequence of points

a1, a2, . . . , an satisfying

a1 = a, an = b, and ai+1 is directly reachable from ai for all i = 1, . . . , n− 1.

All points along this path, including a and the intermediate points, must be core points—with

the possible exception of b. Points that are not reachable from any other point are classified

as outliers or noise points. If a is a core point, it forms a cluster that contains all core and
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non-core points reachable from it. Each cluster must include at least one core point; non-core

points, while they may belong to a cluster, form its boundary since they do not contribute

to further expanding the cluster.

In our project, we apply a two-dimensional DBSCAN algorithm using the time of arrival

and dispersion measure of the candidates. To achieve more effective clustering, it is important

to work with features on comparable scales. Rather than using standard scaling, which maps

values to a range between 0 and 1, we keep the time of arrival values unchanged and convert

the dispersion measure into time units. This conversion reflects the time delay of the signal

between the highest and lowest frequencies. By transforming both parameters into the same

unit of time, we eliminate inconsistencies arising from different scales, allowing the clustering

algorithm to treat both features uniformly.

delay = kDM ·DM ·
(
f−2 − f−2

ref

)
where kDM = 4.1488064239× 103, f is the frequency (in MHz), frefis the reference frequency

(in MHz). From each cluster, we pick the maximum SNR candidate and

4.3 Results and Discussion

GPU accelerated clustering

Further, in order to improve the computational efficiency of our code, we implemented a

a GPU based DBSCAN algorithm [58] to process our candidates. Figure 4.5 shows that

the CPU-based DBSCAN algorithm performs better than the GPU-based algorithm when

the number of samples is relatively small (around 70,000). This is primarily because the

GPU algorithm requires the creation of a CUDA Data-frame, a process that introduces

some overhead, making it less efficient for smaller datasets. However, as the number of

samples increases beyond this threshold, the GPU-based algorithm significantly outperforms

the CPU-based one.

In Figure 4.6, we observe that the CPU algorithm starts to reach a bottleneck at around

10,000–20,000 samples, after which its performance degrades rapidly. This highlights the
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necessity of using the GPU-based approach for handling large datasets, as it effectively

leverages parallel processing to accelerate clustering, confirming its suitability for our work.

Figure 4.5: Processing time vs number of samples for GPU and CPU based algorithms

Figure 4.6: Timing as function of number of samples for both GPU and CPU based algo-
rithms
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Fine-tuning epsilon

As described before, epsilon (ϵ) is the parameter which specifies the radius of the neighbor-

hood with respect to some point. Using a proper value of epsilon is essential for properly

clustering the candidates, which in turn increases the number of true positives and reduces

the number of false positives. Clustering using DBSCAN requires one other parameter- min-

imum number of points required to be present within the neighborhood (N). The value of N

is set to 3 based on previous observations. It is seen that an actual pulse is detected at-least

3 times with nearby DM and time of arrival. Fixing the value of N to 3, we vary the value

of epsilon to find the best value of epsilon.

In order to do this, I used five different datasets observing five different pulsars and

processed those data for list of single pulses. The clustering algorithm was run on each of

these data with ϵ ranging from 0.05 to 1, with step sizes of 1. After clustering, we got the

final list of candidates fro each epsilon value for each observation. The five observations

were on five different pulsars with different DM values. In order to check the effectiveness

of the clustering algorithm in each case, we calculated the number of actual pulses present

after clustering for each case. For a pulsar of DM α, all candidates with detected DM values

ranging from (α - 0.5, α + 0.5) were considered as real candidate. An average list of number

of actual candidates detected for each ϵ was calculated for the five observations. The results

are plotted in figure 4.7. It is evident that an epsilon value of 0.2 to 0.3 is optimal to get the

best results.

4.3.1 Clustering Results

The clustering results are divided into two parts - one focusing on the reduction of number

of candidates after clustering, compared to the list of candidates after single pulse search

in the data, the other is the validity of the clusters formed after clustering in the real-time

system.

The clustering algorithm consistently reduces the number of candidates by several orders

of magnitude. This trend is observed across various tests — from offline, single-beam simu-

lations to real-time, multi-beam pulsar observations. In every case, a significant reduction in

candidate numbers is evident after clustering. Figure 4.8 illustrates a two-order decrease in
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Figure 4.7: Average total number of actual candidates against epsilon

the number of candidates across a hundred beams during the observation of pulsar B0329+54

across band 3.

Figure 4.8: Number of candidates before and after clustering

The clustering algorithm effectively identifies clusters containing the actual candidates.

Out of the 800 beams, the algorithm successfully detects the true candidates in beams where
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Figure 4.9: Results of clustering for Crab Pulsar data in Band 4 (550-750 MHz) for one
beam out of 800. Different colours show the different clusters formed by DBSCAN in the
DM-time plane. The candidates marked “x” are the outliers.

they were identified through single-pulse searches. The core concept behind the cluster-

ing code is to group candidates into clusters and select the candidate with the maximum

SNR from each cluster. An optimal clustering algorithm should minimize the number of

filtered candidates while ensuring true positives are not missed. Figure 4.9 illustrates the

clustered candidates for a single beam during a Crab pulsar observation in Band 3. Be-

fore clustering, the average number of candidates per beam after single-pulse searches was

approximately 10,000. After applying the clustering algorithm, the number of filtered candi-

dates was reduced to around 100. These results show the efficiency, accuracy, and necessity

of the GPU-based clustering algorithm.
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Chapter 5

Real-time Candies and FETCH

Candies is a candidate feature extraction tool for single pulses. Using the information of

dispersion measure. time of arrival, beam number ,and width for a candidate, the tool can

cutout required portion from the actual data and produce three features/plots, namely:

• Dedispersed dynamic spectrum: is a time-frequency representation of radio in-

tensity data, corrected for dispersion delays using the appropriate dispersion measure

(DM). In this plot, the x-axis represents time bins, while the y-axis shows the 4096

frequency channels spanning the band’s total bandwidth. Accompanying the dynamic

spectrum is a dedispersed time series, which displays the average intensity across all

frequency channels for each time bin.

Figure 5.1: Dedispersed Dynamic Spectrum
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As both the dynamic spectrum and time series are dedispersed, any astrophysical pulse

appears as a bright vertical feature in the dynamic spectrum and as a distinct peak in

the time series. These plots are crucial for distinguishing real astrophysical candidates

from radio frequency interference (RFI).

• DM transform is a plot to characterize actual signals for RFI. The main idea behind

DM transform is the smearing of the signal when dedispersed at incorrect DMs. Each

frequency channel will experience certain delay based on ∆t ∝ DM ∝ ν−2. In DM

transform, he signal is dedispersed at a range of DM values near the near the actual

value, and the time delay curve for each each trial is plotted.

Figure 5.2: DM transform

A bow-tie pattern is created for actual signals due to stretching of the signal at incorrect

DMs. Above the true DM, the signal appears over corrected causing higher frequencies

to be shifted far more back in time, and lower frequencies not enough. Below the true

DM, the signal is under corrected causing the opposite effect compared to the previous

one.

FETCH [2] is a convolutional neural network (CNN) [48] designed to classify astronom-

ical signals and false positives, distinguishing between genuine sources such as pulsars and

Fast Radio Bursts (FRBs) and noise or Radio Frequency Interference (RFI). It uses the

dedispersed dynamic spectrum and DM transform as key features for classification.

Both tools operate on offline data and process SIGPROC [36] filterbank files, which con-

tain raw radio data along with a header providing essential metadata about the observation.
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These tools are GPU-accelerated to handle large datasets efficiently. In this workflow, Can-

dies takes the filterbank file and a CSV file containing candidate information — specifically

DM, time, SNR, and width — and outputs an HDF5 [51] file for each candidate. Each HDF5

file contains the candidate’s dynamic spectrum, time series plots, and additional metadata.

FETCH then reads these HDF5 files and classifies candidates as either true positives or false

positives. Finally, it produces a CSV file, labeling candidates with 1 for true positives and

0 for false positives. In a real-time pipeline, this offline processing won’t work. Instead of

a filterbank file, the data is stored in a memory (capable of storing ∼ 400 seconds of data)

which is overwritten after every ∼ 400 seconds. So, all the data processing for that data

needs to be in real-time. I have modified the candies and FETCH to be capable of working

in real-time by reading data straight from the memory. In-order to properly understand

the working of candies and FETCH, we need to understand the data streaming architecture

properly.

5.1 Multi-beam FRB shared memory

A shared memory is a process to communicate between different processes by allowing dif-

ferent processes to access a common region of the memory. Instead of each process creating

its own separate memory, shared memory allows for data to be exchanged efficiently be-

tween processes by allowing them to read from and write to the same memory segment. Our

pipeline creates a data buffer shared memory called FRB shared memory in order to stream

the intensity data. Further, the shared memory contains multi-beam data. Each node hosts

its own shared memory. The total N beams covering the total field of view, are split across

M nodes. Thus each node hosts N/M beams. Currently, a total of 800 beams are split over

16 nodes, so each node hosts 50 beams.

Figure 5.3: FRB shared memory for 50 beams
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The FRB shared memory contains a total of 12 blocks. Each block has 25600 time bins,

with each time bin being 1.31072 ms. Thus one block contains 25600 × 0.00131072 = 33.55

seconds of data. Considering a single beam in one block, the size of the block would be 25600

(number of time samples) × 4096 (number of frequency channels = 104857600 bytes. But

a single block contains data of 50 beams placed in series, making the total size of one block

shared memory 52428.8 MB. Hence the size of the shared memory as ∼ 629 GB. So, we can

imagine the data structure as a 4096×25600×50 matrix, where each value corresponds to

intensity. Also, the data for all the beams are updated at the same time, so different parts of

the memory are updated at the same time. Hence, we need some rigorous pointer algorithm

to retrieve the necessary data.

5.1.1 Reading data from FRB shared memory

The real-time Candies pipeline processes a CSV file, which is written to disk after clustering.

This file contains information about each candidate, including the dispersion measure (DM),

time of arrival, signal-to-noise ratio (SNR), width, and beam number. Since the focus is on

identifying the candidates with the highest SNR, the algorithm first reorders the candidates

in descending order of their SNRs. The candidate with the maximum SNR is then selected

for further processing. To locate the position of the selected candidate in the data, the

algorithm uses the candidate’s time of arrival. It calculates the maximum delay caused by

dispersion, using the dispersion measure (DM) along with the highest and lowest frequencies

of the band, according to the following equation:

max-delay = kDM ·DM ·
(
f−2 − f−2

ref

)
where kDM = 4.1488064239 × 103. Now that we have the maximum delay, we calculate the

staring bin and ending bin to cut data (binbeg and binend).

binbeg =

⌊
t0 −maxdelay

∆t

⌋
− wbin (5.1)

binend =

⌊
t0 +maxdelay

∆t

⌋
+ wbin (5.2)
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The wbin in the above equations refers to the detected width of the pulse. The time we

get is an absolute time and is zero at the start of the observation. So, the time bin also

starts from zero and increments as the observation goes. The binbeg refers to the offset of

the data, and (binend - binbeg) is the count of the data to be chopped.

Using the count and offset information, the algorithm calculates the blocks containing the

beginning and end bins by performing integer division of binbeg and binend with the total

number of bins in a block (25600): binbeg block loc = binbeg/25600. The block numbers

start from 0 and increment uniformly until the end of the observation. However, since the

blocks are cyclic and get overwritten after 12 blocks, the algorithm accounts for this by

calculating the cyclic block locations using the modulo operation with the total number of

data blocks (12): binbeg block loc cyclic = binbeg block loc%12. Finally, to identify the

exact bin within each block, the algorithm computes the bin location by taking the modulo

of binbeg and binend with the total number of bins in a block (25600): binbeg bin loc =

binbeg%25600.

Now, we need to read the data by moving our pointer to the exact memory location.

There are factors which influence this - which blocks do the binbeg and binend lie in, and

which beam do we want to read. There are three cases to deal with -

• If both binbeg and binend lie on the same block, then we just move to pointer to the

appropriate beam within the block and read the data from binbeg to binend within

that beam.

Figure 5.4: If the binbeg and binend are present in the same block and we want to cut data
for beam 3

• If the binbeg and binend are present in different blocks then the algorithm needs to

skip the other beams present in between, as the two blocks of the same beam are not
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continuously placed in the memory. The first block’s data starts at the correct offset

and extends to the end of the block. Intermediate blocks are copied in their entirety.

The final block’s data starts at the beginning and ends at the target bin.

Figure 5.5: Binbeg and binend located at different blocks. Here, B is the block number and
b is the beam number. The yellow part represents the data that is chopped

This data is read from the shared memory and converted to a 2D matrix with time as x-

axis and frequency as y-axis. The FRB shared memory is only accessible using C codes, but

Candies is written in python. So, I have used pybind toolkit which can transfer data between

C and python. After reading the required data from the shared memory, it is converted to a

numpy array and passed into python code. This matrix is further processed by the original

candies code to produce dedispersed dynamic spectrum and the DM transform.

5.1.2 Passing information between Candies and FETCH

Candies and FETCH are two separate software tools originally designed to work indepen-

dently. Previously, FETCH would process the h5 files produced by Candies, performing

further classification of candidates. However, in the real-time pipeline, I have integrated

FETCH’s classification functions, specifically the get model function, directly into Candies.

This integration eliminates the need to write h5 files during intermediate steps. Instead,

the feature information required for classification is passed through shared memory. Once

clustering is complete, each candidate undergoes feature extraction and immediate classifi-

cation. If a candidate is identified as a real signal, an h5 file is then written to disk, and the

final CSV file is updated accordingly.

70



5.2 Testing and Results

The above algorithm for real-time candies and FETCH is still under development for the 800

beam detection pipeline. Even though the algorithm for real-time implementation is ready

and working, the whole real-time system is not coherently connected. As discussed before,

the real-time candies requires for the single pulse search to dump the candidate list. And

the real-time candies and classification code picks up those candidates and classifies them.

This is required to be carried out within the time period of the ∼ 400 second buffer. So,

without a pipeline manager, which manages the coherence of the processes, it is not possible

to carry out a full fledged test. Based on the current availability of a real-time 800 beam

data stream, in order to test the above algorithm, I cut out a chunk (∼ 33s) of data from

the data stream and checked the presence of the observing pulsar and calculated it’s period

using PRESTO [53] to compare with the literature.

Figure 5.6: B0329+54 data folded and dedispersed at 26.83 pc cm−3, generated by PRESTO

Figure 5.6, shows a part of the data chunk for pulsar B0329+54, cut out from the data

stream and folded at 26.83 pc cm−3. The calculated period of the pulsar is estimated to be

∼ 714 ms, which is similar to the period mentioned in the pulsar catalog [26]. Now that

the data reading part is working fine, the creation of dedispersed dynamic spectrum and

DM-transform, and finally classification was checked with a mock candidate list for the same

real-time streaming data. The code was able to generate all the necessary plots and all the
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mock candidates were detected as fake, as the exact DM, time-of arrival were not known

through single pulse search. Now, that the proper functioning of the algorithm has been

confirmed, the actual final tests with real candidate lists will be conducted once the system

starts to run coherently.
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Chapter 6

A coincidence and anti-coincidence

spatial filtering algorithm

The coincidence and anti-coincidence filtering algorithms deal with spatial filtering of can-

didates across multiple beams spread over the whole field-of-view of the observation. As de-

scribed in the previous chapter[4], the SPOTLIGHT pipeline deals with multi-beam pipeline.

Even though, the pipeline includes RFI mitigation and clustering at the beam level to get

rid of spurious candidates and false positives, this is not enough for a multi-beam system.

Coincidence filtering is a spatial filtering technique to remove multiple detections of

the same candidate in the nearby beams. Since, the beams are tightly packed (for example

- considering a field of view of 2 degrees, and 800 beams; a single occupies approximately

a few arc-seconds). Bright transient pulses being extended sources light up multiple tightly

packed beams at once. So, if there is a detection in the central beam, there will also be

detections in the surrounding beams. The number of beams lighting up by a pulse depends

on the fluence of the pulse. In figure 6.1, we can see how the SNR is distributed across

different beams which one beam capturing the maximum SNR (the beam pointed towards

the source) and the SNR decreasing away from it. The coincidence filter, picks out the same

candidate (candidates observed in multiple beams with similar dispersion measure and time)

from multiple beams and sorts them on the basis of SNR. Finally, picking up the maximum

SNR candidate as the actual signal and removing the others. The generation of SNR maps

for a pulse will be discussed in the next section.

73



Figure 6.1: SNR map showing the distribution of SNR of detected pulse across the field of
view

Anti-coincidence filtering is a spatial filtering technique to remove RFI present in

different beams using spatial filtering. The main idea behind this filter is that RFI is mostly

terrestrial is not localized spatially. A bright RFI pulse will be detected across multiple

beams irrespective of how closely the beams are present. If similar candidate is observed

across far away beams (separated by a few degrees), then they are classified as RFI by the

anti-coincidence filter.

In a single beam pipeline we can let some bright spurious candidates to pass through

and eventually get classified as RFI by the CNN classifier FETCH [2]. But, in a multi-

beam pipeline, the number of these bright spurious candidates increase significantly. Since,

currently, there are 16 nodes with each hosting 50 beams, it is not possible to perform both

the coincidence and anti-coincidence filtering at the node level. The data from all the nodes

need to be combined in a single node and then the spatial filtering can be carried out in full

resolution.
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6.1 Preliminary filtering algorithm

6.1.1 Data Generation

At the time of development of the first coincidence/anti-coincidence filter, SPOTLIGHT was

a 100 beam system with offline data processing. So, the generation of a robust datasets for

testing the filter required a few steps, as listed below:

• Using the 100 beam system, bright pulsars like B0329+54, B1929+10 [26] were observed

across Band 3,4,5, over multiple observations. For each observation (for a particular

source and frequency band), hundred filterbank files [36] containing the data were

dumped for further processing.

• Even though bright pulsars are observed, they can’t provide the high dispersion mea-

sure (DM) we are looking for in FRBs. So, we inject simulated FRBs into the pulsar

data itself. But this injection is not as simple as single beam injection. The simulated

FRB needs to be injected into all the 100 beams such that the SNR distribution for

the pulse follows a natural pattern that is actually observed for a GMRT multi-beam

system.

• In order to generate a natural SNR distribution across multiple beams, we use the

pulsar data itself. Since, the pulsar signal itself is observed through the multi-beam

system, calculating the SNR of the pulsar pulses across different beams gives a rough

estimate for simulating the SNR distribution for the FRB.

• Since, pulsars are periodic pulses and not as bright as FRBs, the SNR calculation for

pulsars requires the method of pulsar folding [38]. It is a technique to enhance the

SNR of periodic pulsar signals buried in noise. The method includes adding multiple

pulse periods by aligning the data based on the period of the pulse. This effectively

averages out the noise, reinforcing the periodic signal.

• After pulsar folding, we are left with 100 SNR values, which can be used for injecting

the simulated FRBs into the same pulsar dataset. The SNR distribution obtained from

pulsar folding is depicted in figure 6.2b,6.3b

• In order to validate the SNR map obtained from pulsar folding we also generate a

similar SNR map using a beam simulation code [46] as shown in figure 6.2a,6.3a. On
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comparison, we can see that even though there are minute differences, the overall

structure are similar.

Figure 6.2: SNR distribution of pulsar B0329+54 (band3) across multiple beams:
a)Simulated using beamforming code b)Obtained using pulsar folding

6.1.2 Filtering algorithm

The preliminary spatial filtering algorithm performs both the coincidence/anti-coincidence

algorithm at the same time. The filtering algorithm consists of the following steps:

• Considering there are 100 beams data. Each beam data passes through AstroAccel-

erate and list of candidates containing information about dispersion measure, time of

arrival, width, SNR, beam number is returned. Lets consider the 100 beams contain

(N1, N2, N3, ...., N100) candidates.

• Each of those candidates are passed through an initial DM and width cutoff (similar

to [4.2.1]) inorder to remove the spurious candidates.

• The candidates from each beam are passed through a DM-time clustering (similar to

[4.2.2]) using DBSCAN algorithm. This beam level clustering is done to remove the

spurious candidates and false positives from each beam. For each beam, we take the

maximum SNR candidate from each cluster. This makes the number of candidates in

each bea, to go from (N1, N2, N3, ...., N100) to (M1,M2,M3, ....,M100) (where M also

corresponds to the number of clusters formed in each beam).
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Figure 6.3: coincidence/anti-coincidence filtering algorithm

• Now the algorithm moves from beam level to global level. All the candidates from the

100 beams are combined into a common list. But now the candidate list also contains

information about the position (RA, DEC) of each of the candidates (obtained from

the beam). Another clustering is performed in DM-time. Let’s consider we get ’n’

clusters after this clustering, namely, (C1, C2, C3, ...., Cn)

• For each cluster Ci, we perform a clustering in RA-DEC plane. Let the number of

clusters formed for Cith DM-time cluster in RA-DEC plane be ci

• If ci = 1: The Ci (i-th DM-time) cluster forms a single, closely spaced cluster in the

RA-DEC plane. It is considered an actual candidate cluster, and the maximum SNR

candidate from this cluster is selected for the final list. This is the coincidence filtering.

• If ci > 1 or ci < 1: The Ci cluster contains multiple or no clusters in the RA-DEC

plane, with candidates spread far apart. It is not an actual candidate cluster and is

rejected. This is the anti-coincidence filtering
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6.2 Results and Discussion

6.2.1 Preliminary results

The following is result from one of the tests for observing B0329+54 over Band-4 (550 MHz-

750MHz) using 4 antennas. The simulated FRB was injected at a dispersion measure of 500

pc cm−3 at a time of 30 seconds. All the 100 beams are processed and the below figure 6.4a

shows the candidates present in one beam in DM-time.

Figure 6.4: a) Candidates plotted in DM-time plane for Beam 49. The red line represents
the DM cutoff. b)Candidates from multiple beams clustered together

Figure 6.5: Final clusters after spatial filtering

After the maximum SNR candidate from each cluster in each beam are picked up, all
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these candidates are clustered again in DM-time. The above figure 6.4b shows the merged

list of candidates clustered in DM-time. The merged candidates form a total of 59 cluster

in DM-time plane.

After carrying out the final RA-DEC clustering for each DM-time cluster, the number of

actual candidate cluster goes down from 59 to 54. In the above figure it can be seen that the

injected FRB candidate is getting detected in the end. Even though, the algorithm works on

this dataset, the current above mentioned is not suitable for processing due to main reasons:

• The dataset used for these tests were not tightly packed over a bigger field-of-view.

Since, the field-of-view was around ∼ 15 arc-minutes, anti-coincidence filtering was not

that effective. So, we require a more robust dataset for the tests.

• The current algorithm does not account for patterns in the SNR map. Through thor-

ough testing, it has been observed that the SNR distribution for transient sources often

follows a distinct pattern, with high SNR values occasionally spreading across distant

beams. This undermines the algorithm’s effectiveness, as it relies on the assumption

that a genuine candidate pulse cannot extend to far-away beams. As a result, the

algorithm struggles to reliably differentiate between RFI and actual candidates.

6.2.2 Recent Development

In last last few months, after the SPOTLIGHT system came online with 800 beams, we have

been able to get a lot of robust data to check the coincidence and anti-coincidence filtering

algorithm. One of the main advantages of having 800 beams is the presence of a robust

dataset covering a few degrees in the sky. By observing bright pulsars, we are checking the

validity of the SNR map generation using pulsar folding and beam tilling code (figure-6.6).

As it can be seen, the SNR map obtained from pulsar folding follows a more extended pattern

than the SNR map obtained by beam tilling, which is just a theoretical prediction. In an

ideal case, the residual between the two, should be zero throughout, but as we can see in

figure 6.7a, the residual has a regions of bright peaks, suggesting the implicit differences

between the two the SNR maps. Further, figure 6.7b was plotted by choosing the maximum

SNR pulse from the whole 800 beam dataset, and then using the dispersion measure and

time of arrival of that pulse to find the same pulse in all other beams. Using the SNR of
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the same exact pulse recorded in different beams, the SNR map is generated. It can be seen

that the brightest pulse is not observed throughout. This suggests that, having a rigorous

algorithm like the previous one which uses the clustering of the position of the beams to

carry out spatial filtering, is not the best choice. In order to solidify these findings, several

other SNR maps were created for other datasets across different beams. Tests on off-axis

sources (i.e the central beam doesn’t point towards the source) were also performed.

Figure 6.6: a) SNR map generated using beam tilling b) SNR map generated using pulsar
folding

Figure 6.7: a) Residual SNR map b)SNR map from single pulse search
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In order to solve this, we are trying out much simpler algorithms which are not as rigorous

as before. The current algorithm separates the coincidence and anti-coincidence algorithm.

Figure 6.8: Updated flow for the detection pipeline

The previous anti-coincidence algorithm had a high chance of losing actual signals. So

now, after clustering(showed in figure 6.8), the filtered candidates from each beam in a

given node are combined to perform anti-coincidence filtering. Instead of looking for spatial

positions, we remove candidates which are just observed in a single beam, as we saw before

that actual pulses are observed over multiple beams. These candidates are most likely to be

RFI. Even though, this is the most accurate technique, yet this doesn’t lose actual candidates.

Just by using such an approach, the number of false positives has seen to be decreasing by a

factor of ∼ 5. After, this the whole pipeline is run and after the classification of candidates
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by the CNN classifier FETCH, the coincidence filter is run. The coincidence filter looks for

similar candidates across all beams, and picks up the maximum SNR candidate.
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Chapter 7

Conclusion

Currently, the SPOTLIGHT system is a 800 quasi real-time pipeline working over 16 nodes.

The detection system which I have worked on, as described in the previous sections is run-

ning in quasi real-time (i.e. ”X” hours of raw data are processed within the next ”X” hours).

Individual modules of the realtime pipeline that I have worked on including RFI mitiga-

tion, clustering, feature extraction (Candies) and classification, are ready and tested, but a

pipeline manager to control the flow of the whole pipeline is still under development. Once,

this is set up, all these modules will be able to run in real-time. A further modified and

tested algorithm for coincidence and anti-coincidence filtering will also be developed in order

to carry out better spatial clustering. Currently, various pulsars and known FRBs are be-

ing observed using the SPOTLIGHT system, but once the whole real-time pipeline is ready

within the next few months, we will be able to search throughout the whole GMRT field of

view and look for unknown FRBs. When the system is fully running, we will be able to run

the detection pipeline on a total of ∼ 2000 beams, and be able to detect and arc-second local-

ize FRBs in real-time. The deployment of the fully operational real-time pipeline will provide

a robust dataset for studying compact objects and uncovering the underlying physics of the

sources that generate FRBs. Additionally, it will advance our understanding of cosmology,

as FRBs serve as powerful probes for exploring the structure and evolution of the universe.

The real-time pipeline will be made accessible to the scientific community from the next

observation cycle, offering more robust and impactful results. Our work has already been

presented and published at prestigious international conferences such as FRB2024 and URSI.

Furthermore, with GMRT serving as a pathfinder for the Square Kilometre Array (SKA),
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the SPOTLIGHT system will strengthen both GMRT’s capabilities and India’s position as

a key player in the future of radio astronomy.
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