Selt-supervised learning
for glitch classification
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| h e d a ta S et Koi Fish Light Modulation Low Frequency Burst Low Frequency Lines No Glitch

Contains 21 sets of images for glitches
and 1 set of images for background ' .
noise.

None of the Above Paired Doves Power Line Repeating Blips

There are four versions for each
image, the difference being the time
window.

It is divided between three subsets:
Train (6008 images)
Validation (1288 images)
Test (1287 images)

Tomte Violin Mode ‘andering Line Whistle




1
64
v
64
4
¢+
___‘ -
x -4 B
256
\
-4
4

o o o I o HI'H e
Z . Z ; aft (& & - L ﬁ = |I'= -
E — z m:- * E Lo - - ::—-H-EI. —rn‘ a = lﬁ. 'E‘ Zl—o ;‘_‘E "E I E 'E *E_-_E =
B8 ‘RERCnt Rt RERE 3| 15[ |8 :
B 218 (2 |2 (2| Lz L2 (2| le| (2| (2] (2 R [A |#

Resnet 18’s architecture




The supervised approach

Labeled dataset Augmentation

 Loss
Head * Accuracy
200l (last layer) « F1-score

 Confusion matrix

|
Resnetl8




Self-supervised + transfer learning

Unlabeled
dataset
Head
accordingly
with the
j Augmentation Y . LoOSS

Resnetl8 * Accuracy

e F1-score

A e Confusion matrix

|

New Head

(fine-tunning)




Supervised Self-supervised Self-supervised + transfer learning
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Finding the learning-rate




Supervised Self-supervised Self-supervised + transfer learning
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and valid loss across the epochs




Supervised Self-supervised Self-supervised + transfer learning
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and macro-averaged F1-score




supervised

Confusion matrices

Test dataset

Validation dataset
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Confusion matrices: self-supervised

Test:

Test dataset
e Accuracy: 96.97%

* Macro-averaged Fl-score: 96.99%

True label

Predicted label




ing

SSL+ transfer learn

Confusion matrices

Test dataset

Validation dataset
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Can it detect as signhals?

SINCE CHIRPS ARE SUPPOSED TO EMULATE A SIGNAL, CAN IT BE DETECTED BY THE NEURAL
NETWORK?



Can it detect as signals?

There are 11 images of events and 11 images of just background noise, and it didn't go so well...

It classified the events:

= 54.5% as Blips (6/11)

= 18.1% as Chirps (2/11)

Answer: Blip Blip Chirp Low_Frequency_Lines Chirp
Probability: 0.794 0.440 0.982 0.443 0.999




