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X-ray telescopes (e.g. eROSITA, Chandra) suffer from nuisance effects, e.g.

Spatially Variant Point Spread Functions (PSF)Problems

Approach Bayesian Imaging
&

Generative Models

Shot Noise others

Denoised, Deconvolved, Decomposed
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Components
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Modeling the Instrument 

Patched Interpolated Convolution

[Nagy, James G., and Dianne P. O'Leary. "Fast iterative image 
restoration with a spatially varying PSF." 
Advanced Signal Processing: Algorithms, Architectures, and 
Implementations VII. Vol. 3162. SPIE, 1997.]

Eberle et al in prep.

Point spread functions from CALDB
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Eberle, Guardiani, Westerkamp et al in prep



  

Posterior Mean Flux



  

Uncertainties



  

Noise weighted residuals
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Using generative models and Bayesian inference, it is possible to:

● denoise

● deconvolve

● decompose

observations from X-ray observatories.
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Methods:

● Self- and Cross-calibration

● Multi component sky models 

● Automatic detection of extended components

Data:

● eFEDs

● Survey data

more about the details:

The Universal Bayesian Imaging Kit  [Margret Westerkamp]

Automatic Point Source Detection through Model Stress [Matteo Guardiani]


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73

