MANCHESTER
1824

The University of Manchester

Ben Stappers, University of Manchester

Pulsars and Fast Transients:
Find them, study them, understand them (and use them)!

DARA Lectures



How do we search for single pulses?
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Radio Frequency Interference (RFI)
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Radio Frequency Interference (RFI
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Dedispersion
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Dispersion Measure Trials

DM =190.0
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Single Pulse Detection
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Candidate Plots

MJD: 59324.173406, SNR: 14.61, DM: 63.24, width: 3.37ms, avg: 3T, 16F
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Searching using the Fast Fourier Transform
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FINDING BINARY PULSARS

Time Domain

Pulsar in a binary system may

Pulsar accelerating Nomina‘l‘ ) Pulsar accelerating Pulse width “tp’
towards obgerver F’er od P away from observer accelerate towards and/or away
g H H H H H H H H H H from an observer.
3%
S E :
0 < — Due to the Doppler effect this
Frequency Domain results in pulses bunching up or

Power

spreading apart.

Higher harmonics suffer greater broadening due to the
acceleration caused by orbital motion.

~— [ J
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® . .
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_— ® .
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AL T HE-COMPUTFERS!

FINDING BINARY PULSARS

Power spectrum of an accelerated pulsar

Effect of Linear Acceleration/Templates — 100 Hz / 350 m/s/s
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Searching using the Fast Foldin
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Pulsars — increasing candidate volumes

- 1,500 search beams for just SKA Mid. Each producing 1,000 candidates per scan.

+ 1.5 million candidates per scan.

- A scan can be as short as 600 seconds.

- That’s 72 million candidates per day.
- 7.2 billion candidates for a full sky survey!
- SKA Mid expected to find around 10,000 pulsars

- There are >100,000 non-target examples for each interesting candidate

- Remember that the survey is done in real time, i.e. no second chances!

BUT — candidate plots and metadata stored for future improved methods.



Transients — increasing candidate volumes

- The numbers are less well defined in the literature right now.
- Heavily dependent on the RFI situation and highly variable
- The MeerTRAP survey at MeerKAT can be 10,000s per day

- MeerTRAP (and others like CHIME and ASKAP) are already running real
time ML implementations (see later) to limit these candidate numbers

- Remember that the SKA survey is done in real time, i.e. no second chances!

In this case real time is more important as we need to be able to trigger a transient buffer for:
* Accurate localisation
e Polarisation studies
* High time resolution pulse studies.

BUT — candidate plots and metadata stored for future improved methods.



Candidate selection methods up to 2014

Classical ML,
CNNs,
transformers

Method Advantages Disadvantages Examples
M 1

anta Accurate human Slow, error prone,
selection, All surveys

Section 3.5.1

decisions

non-reproducible

RUNVIEW (Burgay

Same as above, success et al., 2006),
Summary Accurate human .
. . : relies on plot used, REAPER (Faulkner
selection, decision making, .
Section 3.5.2 slightly faster analysis assumes data visually et al., 2004),
o separable JREAPER (Keith
et al., 2009)
. Needs human input, PEACE Lee et al.
Prioritises good
. . prone to error due to (2013)
Ranking, candidates for . :
) : human input, ranking CLUSTERRANK
Section 3.5.3 attention, fast, used determines (Deneva et al -
reproducible v N Modified and
success 2016) updated versions
A . Difficul rai 1l PINN (Morell ' =
utom.a,ted Fast, reproducible, 1o 1 cu't to train well, S (Morello pe|ng .used
selection, ) ) requires access to et al., 2014), pP1CS including for
human interaction

Section 3.5.4

training data

(Zhu et al., 2014)

Table 3.2: Summary of candidate selection methods.

' TRAPUM



Lyon etal. Features

| Feature | Description [ Definition | N N g o-sanas sonon orame
= 5 Positive Kurtosis F ST R . s
Mean of the integrated 1 £s - -
Profu profile P. n LiPi Leptokurtic - s
=1 " il §-t— AR BN AN TREE 208" JHRRRT RS A TRrn wrray aare- ey orary SN
Standard deviation Of zn (pl _ P)z . 'ubx:;‘;::‘”. Tope Period ot;:‘ev.c‘:;: 361.913842380s
Prof, the integrated profile ‘=1—1 g et e es wyemrn s e (R
P. n- Mesokurtic A i,
Prof Excess kurtosis of the %(Z;‘:](pl - P)4) %_ e 100 200 300 400 :: 600 700 800 900
k T - s
integrated profile P. (%(Z:;] (pi - P)2))2 :
1 ©n =3 Platykurtic
Prof Skewness of the 7 Zie (i — P)
§ integrated profile P. | wn 512)° : Bary Period 361.321752414 300.382131747 ms
(V7 Zi @i - P)) i g L
-od 'O 13 2.763088566 2.7630885%¢6 Hz
DM, | MeanoftheDM-SNR L il | 5 ie ie |
H curve D. niat ) > focepdeticolir s ddnpeipintlcl Ul wh 0261 periods
i=1 I\legatlve KU ﬁOSIS shasa SNR 34,36 45.04 periods
Standard deviation of Zi"= (i - D)2 .
DM the DM-SNR curve —_—
D n- 1 Mean
’ 1 on =4 Median Median Median
DM Excess kurtosis of the » (22, di- D)%) Mode
k = - Mode 1-Mean 1 Mean- Mode
DM-SNR curve D. (%(ZLI (di - D)2))2 E : i
Skewness of the DM- Lyt (di- D)} : : |
DM SNR curve D i i i
' Lyn (- D))’ ; ; ;
Table 4. The eight features derived from the integrated pulse profile P = Pgi‘gxe 53:2:“::{:;?}' NZ?(aet‘J’e

{p1, ..., Pn}, and the DM-SNR curve D = {d\, ..., dy}. For both P and
D,all pjandd; e Nfori =1, ...,n.



Summary of Results usinga VEDT

| Dataset | Algorithm | G-Mean | F-Score | Recall | Precision | Specificity | FPR | Accuracy |
C4.5 0.962* | 0.839* | 0.961 0.748 0.962 0.038 0.962
HTRU 1 MLP 0.976 0.891 | 0.976 0.820 0.975 0.025* | 0.975
NB 0.925 | 0.837* | 0.877 0.801 0.975 0.025* 0.965
SVM 0.967 0922 | 0.947 0.898 0.988 0.012 0.984
GH-VEDT | 0.961* 0.941 | 0.928 0.955 0.995 0.005 0.988

C45 0926 | 0.740 | 0.904 | 0.635" 0.949* |[0.051" | 0.946"
HTRU 2 MLP 0931 | 0.752 | 0913 | 0.650" 0.950* |0.050" | 0.947*
NB 0902 | 0.692 | 0.863 | 0.579 0.943 0.057 | 0.937
SVM 0919 | 0.789 | 0.871 | 0.723 0.969 0.031 | 0.961
GH-VEDT | 0.907 | 0.862 | 0.829 | 0.899 0.992 0.008 | 0.978

C4.5 0969 | 0.623 | 0948 | 0.494 0.991 0.009 | 0.990
LOTAAS 1 MLP 0.988 | 0.846" | 0.979 | 0.753 0.998 0.002 | 0.997*
NB 0977 | 0.782 | 0959 | 0.673 0.996 0.004 | 0.996
SVM 0949 | 0932 | 0.901 | 0.966 0.999* |0.001° | 0.999
GH-VFDT | 0.888 | 0.830" | 0.789 | 0.875 0.999* | 0.001" | 0.998"

Table 11. Results obtained on the three test data sets. Bold type indicates the best performance observed. Results with an asterisk indicate no statistically
significant difference at the & = 0.01 level.



+ 5 VFDT classifiers with 5 different training datasets

* Noise and RFI class

MANCHESTER
1824

The University of Manchester

Improvements Tan et al. 2018.
Adding an RFI class Pulsar Noise RFI

* Separate known RFI instances from other non-pulsars

Amplitude
Amplitude
Amplitude

» 3 class classifier

@ O 1 s 2 @O @5 1 15 2 O 1 - 8 -2

. Pul h Pul hase, Pul hase,
* Greatly improved the performance. e il e
T R
i "}ﬁﬂl il "‘ ||‘H. 1‘Lﬂ'f{',"'l".. |

Ensemble Classifier it

sub-band
sub-band

+ Candidate is pulsar if >=3 VFDT classifiers said so. 0 05 1 15 2 s @ ot o5 cis 2

Pulse phase, ¢ Pulse phase, ¢ Pulse phase, ¢

Pulsar recall rate from 96.2% to 98.7% = o ;
False positive rate from 2.5% to 1% — 60% reduction in : /\ M %

candidates “ oy DM : DM

SNR
SNR




Transient candidate data

Human verification / data annotation

M)D: 59324.173406, SNR: 14.61, DM: 63.24, width: 3.37ms, avg: 3T, 16F
Beam 127C: RA 19:30:40.30, Dec -18:55:53.8  2021_04_20_04:09:41 fil

043 063 0.82 101 121 Bandpass
1087.73 0 ;
+1087.73
951.73 -{lN - 951.73
w
S
= 81573 - 815.73
o
Z
679.73 67973
[ 8 L 552.23
552.23 LANAC T SuialL U 1 . - r . ; : 5
043 ! 0.82 121 016 000 0.20
043 047 0.50 054 Time([s] g57 043 0.47 050 054 057
1087.73 ’ 1.00 L L L
951.73 ey
[~ ]
T H
Z g1573 2 050
z
= z
679.73
552.23 a bl g = - - 0.00 T T T
043 047 0.50 ) 057 043 0.47 050 0.54 057
Time [s] Time [s]

0.1.1+201130.a3ec36a 1Z

RFI: 57 Candidates: 5
45 out of 62: 59324.1734060347_DM_63.24_beam_127C.jpg

Trial DM [pc cm 3]

Trial DM [pc cm ~3]

94.66

120.78
146.89 4|

173.00 4

23.58

35.37

47.16

58.94

CNN binary classification

FRB

RFI



MANCHESTER
1824

PoOSTDETECTION

Cleanitup a Single pulse
bit more detection

ML Candidates FRBs?
classification

e  MeerTRAP Can have 100k+ candidates in one day

e  Use additional vetting: multibeam clustering,
known-source removal

e  Can still end up with 10,000+ candidates per day
e  Takes a lot of time to look through all of them

° 250TB archive gone in no time

DARA Lectures



MANCHESTER
1824

PoOSTDETECTION

Cleanitup a Single pulse
bit more detection

ML Candidates FRBs?
classification

e  MeerTRAP Can have 100k+ candidates in one day

e  Use additional vetting: multibeam clustering,

known-source removal ——

e  Canstill end up with 10,000+ candidates per day

Additional post-processing
needed

e  Takes a lot of time to look through all of them

° 250TB archive gone in no time

DARA Lectures



POSTDETECTION - FRBID

The University of Manchester

e Inspired by FETCH (Agarwal et al. 2020)

° Deep CNN with DM-Time and Freg-Time input planes

° Stack the inputs and follow single path (works very

ML : well )
N Candidates FRBs?
classification

[ A4 =
_________ < 125 \\\Q\\ é
<A A& FC5 + Softmax
Y A
256 N Q-
6 AN \Qz \\‘\‘\\\
axPool o
16 2x2 % 2
Convl + ReLU axPqol
________________ (3x3) 32 2x 2(5
F-T DM —-T Conv2 + ReLU
(3x3)

64
Conv3 + ReLU
(3x3)

DARA Lectures Z. Hosenie



MANCHESTER
1824

The University of Manchester

Deep learning algorithms — Convolutional Neural Networks

Convolution operation

Ix1 Ox0 1x2 0 0

e Sparse interactions: reduce number of 3x0 1x3 Ox1 [EENNEE
parameters and improve the efficiency.

Ox2 1x1 Ox1 3 2

e Parameter sharing.

e Equivariant representation: location of features is
not important.

Maximum pooling

| |
block1_conv1 block2_conv1 block3_conv1 block4_conv1 block5 _conv1

From towardsdatascience
DARA Lectures



MANCHESTER
i OSTDETECTION - FRBID
The University of Manchester
Cleanitup a Single pulse
bit more detection

FC5+ éofcmax

& 1
g ‘C\s‘ FC4+ Dropout (0.5)
<

ML . Candidates FRBs?
classification

Z. Hosenie

e Inspired by FETCH (Agarwal et al. 2020)
e CNN with DM-Time and Freq-Time input planes

e Stack the inputs and follow single path (works
very well)

e 20k candidates in the training set
e P rate between 0.015% and 3%

® (<1% most of the time)

Grad-CAM activations

DARA Lectures
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Frequency — time data

1700

_ ¥ 1475
* The matched filtered =
g 1250
timeseries provides g
. . L 1025
information of the S/N =
800
values at a local DM
800
value
o= 600
£
g 400
s DM —time
0 200

transform

o

e The DM —time
transform provides
information of the S/N
degradation as a
function of time and DM

=
o

o
¢

o
=)

Normalised flux

0.6 1.2

o
o

016 12 0 0.6 1.2 0 0.6 1.2

Time (s) Time (s) Time (s) Time (s)
't/ Dedispersed matched filtered timeseries
Belmonte Diaz et al. 2025



OUR APPROACH - PERFORMING THE SEARCH IN DM

Filterbanked data from antenna
or cross correlation

Telescope
system

RFI excision

7/ More DM
trials?
[
andidate
grouping
Candidate list

l ML classifiers

E. Petroff, et.al. (2016)

- TIME USING ML

e Use the most available information as the pipeline input.

« Skip search on timeseries.

 Directly search for bursts in the DM — time plane using ML.

Belmonte Diaz et al. 2025



DEEP LEARNING ALGORITHMS - IMAGE
SEGMENTATION

Image classification Image segmentation

Is there a burst in this image? Which pixels belong to a burst in this image?

800

800

650 650

500

w
o
o
DM (pc cm~3)

DM (pc cm~3)

350 350

200 - 200 i
0.031 0.062 0.094 0.125 0 0.062 0.094
time (s) time (s)

J L
|

I

/\ Localisation of pixels belonging to bursts
No

Belmonte Diaz et al. 2025



DEEP LEARNING ALGORITHMS - IMAGE
SEGMENTATION

Image classification Image segmentation

Is there a burst in this image? Which pixels belong to a burst in this image?

800 800

650 650

w
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wv
o
3
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200

200 :
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/\ Localisation of pixels belonging to bursts
No

Belmonte Diaz et al. 2025



MASK RCNN ARCHITECTURE

Input data ResNet50 FPN Anchors RPN

_____

_____

———————————

Three main stages:

| e Feature extraction with
GREIES Imaps SGMmitele Gedes backbone network.
Rol Align « Region of Interest regression and
: _ light weight classification.
. § =+ Classifcation ot « Deeper classification and mask

regression.

--* Bounding box

|

Belmonte Diaz et al. 2025 —




TESTING THE MASK RCNN - REAL DATASET

1123.69

--- 1.0
--- 1.0
--- 1.0
--- 0.9999890327453613

e Tested the network against MeerKAT L-band, UHF
and S-band observations containing bursts from
nearby pulsars and FRBs.

e Detected all bursts in a wide range of DMs, widths 561.85

and S/Ns.

DM range

e Multiple bursts can be detected in the same image.

0.0
-1.25 0 1.25

time range
Belmonte Diaz et al. 2025



TESTING THE MASK RCNN — REAL DATASET  sursts from FRB20240114A

1712.0

Dedispersed
frequency — time
data

Gy

1284.0

Frequency (MHz)

e Even though simulations were basic bursts, it
can find pulses exhibiting an exotic behaviour.

856.0
561.85

* If separation between burst components is big

enough, all components can be detected. DM —time
transform with

pipeline outputs
421.3_9

0.31 0 0.31

Belmonte Diaz et al. 2025 Time range (s)

491.62

DM (pc cm~3)




IMAGE PLANE SEARCHES

FRB20230503

e Ideally we would image the entire sky down to whatever time
resolution we wanted, to the minimum possible given the number
of frequency channels.

DEC

e BUT the data rate is enormous, hence why we use beam forming (in
interferometers instead — effectively reduces the number of pixels/
resolution elements).

e However time domain searches start to become problematic when
we get to timescales of ~1s or longer, i.e. for pulse durations of this
length.

¢ this is due to baseline variations/red noise in the data N

e and radio frequency interference/lightning mimicking real signals.

e There is a cross-over point, currently, also due to data rate
limitations most interferometers are creating images on timescales ]
of a few seconds (e.g. MeerKAT does 8 routinely, but under special -

0.0 021 042 063 084 105 125 146 167 188 = =223

cases can do 2). i 9 I

Amplitude (Arb. units)
~N




EXAMPLE IMAGE PLANE SEARCH CODES

* One of the first was the TRAP (Swinbank et al. 2015) and extended by Antonia
Rowlinson and collaborators (https:/ / github.com /transientskp / tkp).

» QOriginally developed for LOFAR, but used on wide range of telescopes including
MeerKAT.

* TRON (Smirnov et al. 2025) a framework that considers both snapshot images and
dynamic spectra — highly automated.

* VASTER (Yuanming et al. 2023) used for ASKAP/VAST searches
* LORDS (Rajwade et al.) includes dedispersion

* +++ others [ have probably missed.


https://github.com/transientskp/tkp

HEURISTICS

Modulation coefficient

x2 coefficient

MADulation
actually use &ymax Which is maximum

=l »

S -5

Swinbank et al. 2015
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Driessen 2021
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Dec (J2000)

Vela X-1 region

Flux [mJy/beam)
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van den Eijnden et al., 2022

Generate Deep Image
& Source Find

METHOD

1612141271 :: 2021-02-01T01:34:14.1 - 2021-02-01T02:37:42.5

PSR J0901-4046 — 76s pulsar.

=
)
=
5
E
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0.11
+5.9246e4

Figure Credit: lan Heywood
Generate Light Curves & Heuristics

107!

Vy

Caleb et al., 2022

MKT J170456.2-482100

. PSR1703-4851

1072 o

Figure Credit: lan Heywood

Find source in snapshot images.

Difference imaging / UV subtraction being used here now...

T T T
10t 102 103
Ny  Driessen et al. 2020

T T
107t 10°

Look for outliers



Frequency

EXTENSION EXAMPLES

LORDS - Rajwade et al.

.0l Zhang et al. 2022 Lo
i SNR = 4o
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* Transients
8 e Background

Feets Features Jess
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ML/ Anomaly Detection/Citizen Science
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