Classification of

diffuse radio emission
from LOoTSSDR?2

Markus Bredberg
26th of January 2026
Supervisor: Emma Tolley

=1 {=

L]
5
L
|
el .
] .
L]
™ -
LR
O



diffuse radio emission



diffuse radig-emission. ..

; 'c e ‘.‘ 2



-

. ~"4. -""'-.' R
% Crédit | Cilandre,
L i ESA WA - .

»




- : 5
.- Cre(iit: rg'dior\ﬂﬂlﬂo;ﬂo MHz, Gendron-Ma‘l‘sdlEiis+17;
optical: SDSS, gri bands, Bolfathi+18 ' g




Credit:'Marie- Lou Gendron Marsolals'(UmverSIte de Montreal)
. Julie Hlavaggk-Larrondo (Université de Montreal)‘Ma)ume P|vm
Lapointe - Own work CC BY 4.0, ; i ;

.




Credit: Geridron-Marsolais.et.a[ 2021 Ap) 914
e e ‘ ZIZHA ‘

T e




24 | ] 7 .
M i Y .‘.. ,'
O ‘s 4 TR
AR . - " )
e 5 . S %
\ - s O ‘ >
3 M TN .
. -
¢ >
'
e . .

Cred|t: Gendron-Marsolais et'a[ 2021 Ap) 914
- ey & . ad

NGC 1272

1450 km/s




The presence of large-scale magnetic fields

Galaxy clusters: ~nG

Credit: Millennium run
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The presence of large-scale magnetic fields
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Galaxy clusters: ~nG
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Synchrotron radiation is
extended and complex

synchrotron
photons

<°
electron, e
(spiralling around

magnetic field lines)

Credit: NASA's Imagine the Universe
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z=00
1 Mpc

Galaxy cluster mergers
are extremely energetic

TNG-Cluster

HalolD 5348819 (#44)
2r200 d=r200 (§) Credit: Nelson et al. 24,
10g Mhaio = 15.0 . arXiv:2311.06338v2
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Galaxy cluster mergers
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Radio relics are shock- , . .
accelerated : > T
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Credit: Abell 3667, Francescode 17
Gasperin, SARAO



Radio relics are shock-
accelerated

equatorial shock : -
D . < 8 i »
595 M, ~2-3 .

merger
: 4—( LDMC HDMC
axis

shock shock
brighter relic

Abell 3667

16m00s 14m00s 12m00s 20h10mO00s
RA (J2000)

Credit: MWA 170-231 MHz and ROSAT PSPC % e : ;
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Gasperin, SARAO




Classification



Synchrotron radiation probes relativistic charged particles and magnetic fields

Radio Relic
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MWA 170-231 MHz and ROSAT PSPC (Hurley-Walker et al. 2017; Voges et al. 1999)
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Synchrotron radiation probes relativistic charged particles and magnetic fields

Radio Relic Radio Halo
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MWA 170-231 MHz and ROSAT PSPC (Hurley-Walker et al. 2017; Voges et al. 1999)

Periphery in merger

LOFAR 120-170 MHz and XMM-Newton 0.4-1.3 keV (van Weeren et al. in prep)

Centre of cluster

2 1 Mpc ~300 kpc to ~2 Mpc

~ 30-70 % polarisation Large cluster mass
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Synchrotron radiation probes relativistic charged particles and magnetic fields

Radio Relic Radio Halo
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MWA 170-231 MHz and ROSAT PSPC (Hurley-Walker et al. 2017; Voges et al. 1999)

Periphery in merger

LOFAR 120-170 MHz and XMM-Newton 0.4-1.3 keV (van Weeren et al. in prep)

Centre of cluster

2 1 Mpc ~300 kpc to ~2 Mpc

~ 30-70 % polarisation Large cluster mass
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Anywhere in cluster
~300 kpc

AGN origin, and ultra-steep
radio spectra with breaks
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PSZ2G122.30+54
(38.65' x 35.4)

Growth and evolution of
magnetic fields
Cosmic-ray particle
acceleration

Dynamics, demographics
and evolution of clusters



How to study diffuse cluster radio emission

Specific explanation

PSZ2 G122.30+54.52
'= D - M=45X10"M_
p— rego=1-1 Mpc
N - No diffuse emission
: Data “manipulation”

X_ray and_ SZ Radl.o Point source subtraction
preselecnon observation of Tapering

galaxy cluster - Multi-frequency analysis

etc.
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Greater abundance calls for greater order
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How to study diffuse cluster radio emission
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How to study diffuse cluster radio emission

Specific explanation
PSZ2 G122.30+54.52

- M=4.5X10"M_
rego=1-1 Mpc
- No diffuse emission

F

O

ML processing
Image-blurring
Classification on noisy
images

Radio
observation of
galaxy cluster

X-ray and SZ
preselection

General explanation

Statistical
sample

Mini-halos more
common in CCC,
through sloshing.
Duty cycle?
B-field(M, z)?



Machine learning processing

Acquired data Preprocess Classical augmentation Classification
- Cropping - Flipping - Feature extraction
-  Downsampling - Rotations - Scattering
- Normalisation transform
- Tapering - Squeeze-
excitation

- Feature correlations
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Tapering downweights longer baselines

Raw visibilities |i(u, v)| (log)

X

Weighted visibilities \'ilu, v)W| (log)




Tapering downweights smaller scales

* . Weighted visibilities [i(u, v) W| (log)




Tapering downweights smaller scales

* . Weighted visibilities [i(u, v) W| (log)
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Machine learning processing

Acquired data Preprocess Classical augmentation /Classification
- Cropping - Flipping - Feature extraction
-  Downsampling - Rotations - Scattering
- Normalisation transform
- Tapering - Squeeze-
- excitation

- Feature correlations



Kernels are localised and extract spatial information

Real Imag.

NN .

Fourier kernel




Kernels are localised and extract spatial information

Real Imag.

\

AN

Fourier kernel

\

CNN: Learnable kernel
ST: Handcrafted kernel



The scattering transform iteratively applies a wavelet transform

L




The scattering transform iteratively applies a wavelet transform
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The scattering transform iteratively applies a wavelet transform
A




A convolutional neural network (CNN) extracts features

=FEN
NIRFS
=] 1
FERNSE
NZENE
I NEN

42


https://stackoverflow.com/questions/38450104/how-to-visualize-filters-after-the-1st-layer-trained-by-cnns

Squeeze-excitation attention weighs the channels

Convolutional
Block

Adaptive Average
Pooling

Fully-Connected
Layer

(
( H B
B (C/r, 1, 1) H N
(
(

Fully-Connected

Sigmoid

Convolutional

Block (C’ H’ W)



Convolutional

neural network
(CNN)

Images

Conv/BN/
LRelLU X5

Flatten
LRelLU
Linear

Logits




Convolutional
neural network CNN-squeeze dual net

(CNN) (DualCSN)

Images

Conv/BN
Conv/BN/ X5

LRelLU

Inception Conv/BN/

Block

Flatten LRelLU/SE

Conv/BN
LReLU X2

Pooling Pooling

Linear

Concatenate

Logits

LReLU/ X2
Dropout

Linear

Logits



Convolutional

Pooling Pooling

Flatten Flatten

Linear

Concatenate

neural network CNN-squeeze dual net Scatter-squeeze dual net
(CNN) (DualCSN) (DualSSN)
Scattering
coefficients
Conv/BN/
% x3
LReLU Inception Com/BN/ l 3
onv
Conv/BN - Conv/BN/

Logits

Concatenate

LReLU/ X2

Dropout MLP

Linear

Logits



LOTSSDR2



LOTSSDR2/PSZ2

LOFAR Two-metre Sky Survey
Data Release (LoTSS-DR2)
belonging to the second Planck

catalogue of Sunyaev-Zel'dovich § :

sources (PSZ2)
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Stacking images could render more information salient

Scattering
coefficients
Conv/BN/
LRelU | X3 Cemy

Conv/BN/ 3
LReLU/SE

Conv/BN/
X3 Conv/BN/ X3

LRelLU LReLU

Flatten Flatten

Raw e
. v o ‘ .

Image T ‘ :Z.'_' % hevd : Concatenate
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Stacking images could render more information salient
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Stacking images could render more information salient
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Stacking images could render more information salient

CNN
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Conclusions and thank you

e The upcoming decennium can expect thousands of new discoveries
of diffuse cluster radio emission

e Scattering transform, squeeze-excitation attention, and multi-branch
architecture may all improve classification performance

e Tapering or blurring and stacking did not prove useful in this study

Thank you for your attention!
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Number of sources per class and data split for the two processing

strateqies

Split

Constant FoV  Constant npeyms

Train
Validation

Test

46-51 41-46
3-8 3-8
13 15

TOTAL

67 64

Train
Validation
Test

98-103 82-87
9-14 6-11

28 21

TOTAL

140 114

Total

207 178




T50kpc target beam
‘ RT50kpc target beam

e T50kpc target beam
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CNN classifier

oY
=
—
=
=

> Layer Component Depth Activation Regularizer Parameters
1-2 5x5 Conv (s=2), BN 16 Leaky ReLU  Dropout2d (0.15) 44N
3-4 5x5 Conv (s=2). BN 32 Leaky ReLU  Dropout2d (0.20) 12.896
5-6 5x5 Conv (s=2), BN 32 Leaky ReLU  Dropout2d (0.25) 25,696
7-8 3x3 Conv (s=2), BN 48 Leaky ReLU  Dropout2d (0.30) 13,968
9-10  3x3 Conv (s=2), BN 48 Leaky ReLU  Dropout2d (0.35) 20,880
11-12 3x3 Conv (s=2), BN 64 Leaky ReLU  Dropout2d (0.40) 27,840
13 Adaptive AvgPool2d (4 - - 0
1-2 Flatten. Linear, BN 32 Leaky ReLLU Dropout (0.5) 2.144
3 Linear 2 . - 66
Total: 103,938

xtractor

-
-
-

—_—
“
—
-
=
—
—
e
-

S

=

Classifier




DualCSN classifier

Branch Layer

Component

Depth

Activation

Regularizer

Parameters

1_’)

—_

3.4

5
6-7
8-9

10-11
12-15

Image Encoder 1

5x5 Conv, BN
3x3 Conv, BN
2x2 MaxPool
5x5 Conv, BN
3x3 Conv (s=2), BN
3x3 Conv (s=2), BN
2x [3x3 Conv (s=2), BN]

8
16
16
32
32
32
32

Leaky ReLU
Leaky RelLU
Leaky ReLU
Leaky ReLU
Leaky ReLU
Leaky ReLU

Dropout2d (0.3)
Dropout2d (0.3)
Dropout2d (0.4)
Dropout2d (0.4)
Dropout2d (0.4)

Dropout2d (0.4, 0.5)

208
1.168
0
12,832
9.248
0.248
18.496

1-2
34
5-6
7-8
9-10
11-12
13-14

Image Encoder 2

3x3 Conv, BN, SE
3x3 Conv, BN, SE
3x3 Conv (s=2), BN, SE
3x3 Conv, BN, SE
3x3 Conv (s=2). BN, SE
3x3 Conv, BN, SE
3x3 Conv (s=2), BN, SE

32
32
32
32
32
32

32

Leaky RelLU
Leaky ReLU
Leaky ReLU
Leaky RelLU
Leaky ReLU
Leaky ReLLU
Leaky ReLLU

Dropout2d (0.3)
Dropout2d (0.3)
Dropout2d (0.3)
Dropout2d (0.4)
Dropout2d (0.4)
Dropout2d (0.5)
Dropout2d (0.5)

448
9.440
9.440
9,440
9.440
9,440
9,440

1-2
Classifier 34
5

Linear, BN
Linear, BN
Linear

32

Leaky ReLU
Leaky ReLU

Dropout (0.5)
Dropout (0.5)

278.624
1,120
66

Total:

388,530




DualSSN classifier

Branch

Layer

Component

Depth

Activation

Regularizer

Parameters

Image Encoder

1-2
3-4
5
6-7
8-9
10-11
12-15

5x5 Conv, BN
3x3 Conv, BN
2x2 MaxPool
5x5 Conv, BN
3x3 Conv (s=2), BN
3x3 Conv (s=2), BN
2x [3x3 Conv (s=2), BN]

8
16
16
32
32
32
32

Leaky ReLLU
Leaky ReLU
Leaky ReLU
Leaky ReLLU
Leaky ReLU
Leaky ReLU

Dropout2d (0.2)
Dropout2d (0.2)
Dropout2d (0.3)
Dropout2d (0.3)
Dropout2d (0.3)

Dropout2d (0.3, 0.4)

208
1.168
0
12,832
9.248
9.248
18.496

e
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=
=
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o
-
0
e
=17}
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Q
wn

1-2

-

34
5-6
7-8
9-10
11-12
13-14

3x3 Conv, BN, SE
3x3 Conv, BN, SE
3x3 Conv (s=2), BN. SE
3x3 Conv, BN, SE
3x3 Conv (s=2). BN, SE
3x3 Conv, BN, SE
3x3 Conv (s=2). BN, SE

16
16
16
16
16
16
16

Leaky ReLU
Leaky ReLU
Leaky ReLU
Leaky ReLLU
Leaky ReLU
Leaky ReLLU
Leaky ReLLU

Dropout2d (0.2)
Dropout2d (0.2)
Dropout2d (0.2)
Dropout2d (0.3)
Dropout2d (0.3)
Dropout2d (0.4)
Dropout2d (0.4)

24384
2,352
2,352
2,352

2,352

Classifier

1-2
3-4
5

Linear, BN
Linear, BN
Linear

32
37

3,

“~

Leaky ReLU
Leaky ReLU

Dropout (0.5)
Dropout (0.5)

Total:

116,146




Table B1. Classification performance across datasets of CNN

Table C1. Classification performance across datasets of CNN

Dataset Accuracy Precision Recall F1-score
RT50kpe 0.73£0.04 0.72+0.08 0.61+0.07 0.65+0.03 — :
RT100kpe 0.61+0.12 0.56+0.13 0.79+0.14 0.63+0.08 Raw+RT25kpc 0.53+0.05 051+£0.06 0.56+0.23 0.49+0.17
T25kpe 0.68+0.08 0.60+0.10 0.67+0.12 062+0.07 Raw+RT50kpc 061+009 060+011 065+0.13 0.61=0.04
T50kpe 0.70£0.10 0.74+0.14 0.57+0.15 0.61 +0.03 / , d : . i
T100kpe 0.72+0.12  0.67£0.13 0.74+0.13 068+005 Raw+RT100kpc 0.59+0.06 0.55+0.07 0.63+0.12 0.58 +0.07
T50kpcSUB ~ 0.73+£0.07 0.65+0.08 080025 0.70:0.20 A]] yersions 0.57+0.06 054+0.08 0.65+0.17 0.57+0.04
T100kpcSUB  0.70£0.07 0.58+0.20 0.80+0.28 0.67 +0.22
Table B2. Classification performance across datasets of DualCSN sz a » .
i o Table C2. Classification performance across datasets of DualCSN
Dataset Accuracy Precision Recall F1-score
RT25kpe 0.78+0.03 0772007 077+0.07 077+0.02  PDataset Accuracy Precision Recall Fl-score
RT50kpe 0.76£0.09 0.78+0.12 0.67+0.08 0.70 £0.06 = :
RT100kpe 0.50+0.13 047+0.09 0.92+0.04 0.61+0.06 Raw+RT25kpc 0.74+0.03 0.74+0.08 0.72+0.08 0.72+0.02
el 0732002 067003 0712006 0.69+003 Raw+RT50kpc  0.76+0.03 0.72+0.04 0.79+0.05 0.76 + 0.02
TS0kpe 083+:002 089+0.08 0.69+0.08 0.77+0.04 ; g 3 537 ;
T100kpe 0.72+0.13 0.61+0.16 0742026 064+022 Raw+RT100kpc 0.70+0.08 0.67+0.09 0.74+0.06 0.70+0.05
ToOkpeSUB:  10.63+0.05.  0.62+0.06 0921008 9.74:0.6 Al vessions 0.71 +0.03 0.70+0.04 0.66+0.10 0.67+0.05
T100kpcSUB  0.64+0.07 0.59+0.06 0.82+0.10 0.68 +0.03
Table B3. Classification performance across datasets of DualSSN i 2 % r
3 Table C3. Classification performance across datasets of DualSSN
Dataset Accuracy Precision Recall F1-score
RT25kpc 084:002 084:004 080004 0.820.02 ” P S
RT50kpe 0.78+0.03 0.77+0.06 0.68+0.06 0.72+0.04 Dataset Accuracy Precision Reca_ll Fl-score
RTI00kpe ~ 0.51+0.16 050+0.17 095010 0.63+0.08 Raw+RT25kpc 0.80+0.07 082+0.14 080+0.10 0.79+0.05
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Beam cropping proved important

Table 2. Classification performance across four classifiers on raw data with
percentile clipping and constant field of view.

Classifier Accuracy Precision Recall F1-score

CNN 0.56+0.09 041+0.06 0.76+0.23 0.51+0.10
DualCSN 0.77+0.09 0.64+0.12 0.76 +0.08 0.68 +0.07
DualSSN  0.77+0.13 066+0.12 0.75+0.09 0.69 +0.07

Table 3. Classification performance across three classifiers on raw data with
percentile clipping and beam-cropping.

Classifier Accuracy Precision Recall F1-score

CNN 0.72+0.05 0.69+0.07 0.64+0.20 0.63+0.17
DualCSN  0.84+0.04 086+0.06 0.76+0.07 0.80+0.05
DualSSN 0.82+0.03 086+0.06 0.69+0.10 0.76+0.05




Classify Radio Relics against Radio Halos
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The classification pipeline starts with
processing of data

Cropping to
(1,512, 512)

Downsample to
(1, 128, 128)

Normalisation | é

Horizontal : é

flipping

Quarter turn
rotations
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I SR
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Convolutional
Neural Network
(CNN)

Images

Average Accuracy: 77% * 6%

Conv/BN/
LRelLU X5
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Flatten

LRelLU
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Trained and

Logits
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Tapering downweights longer baselines

Raw visibilities |i(u, v)| (log) * ‘ Weighted visibilities [i(u, v) W] (log)

Point source subtraction




Future prospects

e Encode redshift, cluster mass, and cluster

size as input
e Apply method on other datasets (e.g.

MGCLS, MERGHERS)

Courtesy: Konstantinos Kolokythas
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The four horsemen of classification evaluation

Accuracy = ——1+ 1N

TP+ TN +FP+FN

— o . Precision-Recall
F1=2 Precision + Recall

True Label

True Label

Accuracy

Positive Negative
Predicted Label

Fl-score

Positive

Negative
Predicted Label

True Label

True Label

Recall

“Completeness”

— TP
Recall = - —

Positive Negative
Predicted Label

Precision
90% _
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;s TP
Precrs:on—W
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Predicted Label
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Scattering transforms are iterative wavelet transforms

Uir(x) = X, | X %, || X *1j

d(u) =2"""¢(27 )

SJ’L(X) = \IJJ,L(X)*ng
= [X * ¢, | X * b

* Vi ellicop<r 1<j<i<

*x P, ||X * 0 *%",6" *¢J]1§j<j'§J,1ge,£/gL

X % ¢2 | X *to0l*d2  [Xxvo1|*d2 | X xthiolxPo [X *P1,1|* P2 |IXxvoolxvrolxdr X xvoolxdralxde  [IXxoalxvrolxds  [IX xvhoa| % %ral %2

. . ] T - B . ¥ n



Low pass filter for scattering transform

. ) . —+ 00 A :
Littlewood-Paley equality [P(2W)]* =1, Yw > 0

Conservation of energy j=—o00

Capture lower frequencies of signal [—2_J7T, 2_J7T]

1/2
With low-pass filter &,w) = ( i z/3<2jw)2) satisfying /cDJ(t)dt — il

j=J+1

— preserves norm and is therefore invertible



Performance improves with number of scattering coefficients

=271+ +L21)

— a} =
Optimal parameters
® Tested parameter pairs




Confusion matrices for classification of radio clusters (June 2025)
MGCLS
Average Accuracy: 0.73 = 0.02

PSZ2

Average Accuracy: 0.81 + 0.06

)
Q
©
4
)
=
'—

True Label

NDE
Predicted Label

CNNZ2: 8 layers, 2.5M parameters

Predicted Label

ScatterSqueezeDualNet: 14 + 2 layers, 3M parameters



