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See Lieu+18

Raw Euclid data is nasty! - 
noise, cosmic rays, ghosts, CTI, 
stars, etc.

Asteroids are big contaminants 
of weak lensing signal

Euclid will be producing ~800GB 
of data a day. Traditional 
methods not efficient!



Machine learning is your friend!

Humans: 
• slow 
• inconsistent 
• unreliable

Machines: 
• improve productivity 
• cheap  
• logical

What is machine learning?
ML:  
automated model building to 
map an input to an output.
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Artificial neuron



Deep learning

Multiple hidden layers



Asteroids

Non-asteroids



Convolutional Neural Nets

Convolutional layer Pooling layer
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Transfer learning



ROC curves



Low bias, high accuracy and super fast! 

Completeness



Not limited to binary classification

binary classification 4 classes: asteroids, stars, galaxies, CRs



Activation layers



lots of data computational 
resourcestruth labels

Machine-learning shopping list:





Herschel PACS, FIR 70 & 160 microns



• Classification and regression 
• R-CNNs

Multi-object detection

input image proposed 
region

CNN
penguin

dinosaur

classify

• Single shot detectors 
cat: 20% 
dog: 80% 
x: 4 
y: 7 
width: 1 
height: 4

8x8 feature map 4x4 feature map

region proposals



Microsoft coco dataset (Lin+2015): 
91 classes 
2.5Mn labels 
300k images



SSD MobileNet v1  video: Karol Majek







Space bubbles

Milky way project’s Spitzer GLIMSE/
MIPSGAL images (Simpson+2012): boxes 

& classifications

HII regions incl. compact star 
forming regions



Spitzer MIR, IRAC



Herschel PACS  
images

Input

SSD 
MobileNet v1

trained on MSCOCO

Liu+15

loss

Labels

MWP boxes & 
classes

Output

bubble



Training in action as seen on validation data



~600 images , ~4000 objects, 10% validation



Machine learning Citizen science



Machine learning Citizen science

The labels come from Spitzer not Herschel!



applied to 1200x1200 applied to 600x600





Take home message:

“Science data archives are a gold mine for ML. By using citizen 
science combined with the multi-wavelength interface of ESASky we can 
unlock new science opportunities.” 

“Transfer learning, allows low level features of existing datasets to be 
repurposed for new problems” 




