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What is Minkowski Functionals?

Euler’s formula for convex polyhedra
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Minkowski Functionals (MFs)

* morphological descriptors

d 2 3
Vo area volume
Vi circumference surface area

Vo X total mean curvature
V3 — X




Analysis of 2D scalar field ¢

* Minkowski Functionals of excursion sets
e Define a threshold value v
* d>v > white, p <v ->Black
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* Numerically

MFs from maps
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Constrain cosmological parameters

e Likelihood
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Current Result

* Gaussian approximation V, ViG

* Forecast constrain with Planck-like
fiducial data (best-fit, noise, mask)
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Current Result

B low multipoles
B high multipoles

* Gaussian approximation V, ViG
B high+low
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Current Result
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* Gaussian approximation V. =~ ViG 31
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Current Result

* Gaussian approximation V, ViG

* Forecast constrain with Planck-like
fiducial data (best-fit, noise, mask)

* Treat low multipoles and high
multipoles separately
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Ssummary

* Minkowski functionals describe topological and morphological
properties of maps

* For non-Gaussian maps, MFs can add information that is missed by
the power spectrum

* MFs are promising tools for current and future CMB lensing
observations
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Current Result

B low multipoles

* Gaussian approximation V. =~ ViG . m high multipoles
B high+low

* Forecast constrain with Planck-like
fiducial data (best-fit, noise, mask)
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