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Localization in imaging modalities

In many imaging modalities one observes a noisy and blurred version of
the underlying truth!
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Localization in imaging modalities

In many imaging modalities one observes a noisy and blurred version of
the underlying truth!

Statistical model

Observations

Yi=(fxk)(s)+& Je{L,...,ne
with

= the underlying truth f> 0 (stars / galaxies, fluorescent dyes, seismic
sources),

» the kernel k (blur, psf, )

= the convolution (fx k) (s) = [ k(s—y) f(y) dy,

= independent and centered rvs &, j € {1, ..., n}9 (noise),

= and sampling points s5; € R9, j € {1,..., n}7
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Localization via multiple testing and scanning

Aim of this talk is to present a methodology to localize features of f!

Frank Werner (MPIbpC Géttingen) July 30, 2018 Multiscale Scanning in Inverse Problems



Localization via multiple testing and scanning

Aim of this talk is to present a methodology to localize features of f!

For simplicity, we restrict to finding all boxes B € I3 such that £, # 0.
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Localization via multiple testing and scanning

Aim of this talk is to present a methodology to localize features of f!
For simplicity, we restrict to finding all boxes B € I3 such that £, # 0.

We will regard this as the multiple testing problem
HBZ ﬂBEO VS. KBZ ﬁB;z_éO

simultaneously over all B € 5.
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Localization via multiple testing and scanning

Aim of this talk is to present a methodology to localize features of f'!
For simplicity, we restrict to finding all boxes B € I3 such that £, # 0.
We will regard this as the multiple testing problem

HBZ ﬂBEO VS. KBZ ﬁB;z_éO
simultaneously over all B € 5.

This multiple testing problem will be tackled by statistical scanning.
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Localization via multiple testing and scanning

Aim of this talk is to present a methodology to localize features of f'!
For simplicity, we restrict to finding all boxes B € I3 such that £, # 0.

We will regard this as the multiple testing problem
HBZ ﬂBEO VS. KBZ ﬁB;z_éO
simultaneously over all B € 5.

This multiple testing problem will be tackled by statistical scanning.

Detection will be done at controlled family-wise error rate (FWER):

sup Py, [Hp is rejected] < o + o(1) as n— oo.
BeB
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Statistical scanning
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Statistical scanning

= Detection of weak signal requires large boxes
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Statistical scanning

etc.

= Detection of weak signal requires large boxes
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Statistical scanning

= Detection of strong signal is possible with small boxes
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Statistical scanning

®

etc.

= Detection of strong signal is possible with small boxes
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Statistical scanning

= As signal strength varies locally, we use many different sizes of
boxes

Frank Werner (MPIbpC Géttingen) July 30, 2018 Multiscale Scanning in Inverse Problems



But: convolution introduces problems ...

‘\

But:

= convolution introduces a blur
= small structures are smeared out

~~ loss of information!
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But: convolution introduces problems ...

f fxk

But:

= convolution introduces a blur
= small structures are smeared out

~~ loss of information!
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But:
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But: convolution introduces problems ...

But:

= convolution introduces a blur

= small structures are smeared out

~~ loss of information!

f*x k

How to 'scan’ in deconvolution problems?
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Statistical scanning in deconvolution problems

= For each box B € B, choose a suitable function ¢ with
supp (v8) = B, ¢ > 0. Then

(¢, f) >0 < fa 70
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Statistical scanning in deconvolution problems

= For each box B € B, choose a suitable function ¢ with
supp (v8) = B, ¢ > 0. Then

(¢, f) >0 < fa 70

= |f pp = Pg x k, then (‘DB, f* k> = <¢B* k, f> = <LpB, f>
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Statistical scanning in deconvolution problems

= For each box B € B, choose a suitable function ¢ with
supp (v8) = B, ¢ > 0. Then

(¢, f) >0 < fa 70

= |f YB = ®p * k, then (‘DB, f* k> = <¢B * Kk, f> = <LpB, f>
= Estimate (pg, f) by (®g, Y) (~ local test statistic)
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Statistical scanning in deconvolution problems

= For each box B € B, choose a suitable function ¢ with
supp (v8) = B, ¢ > 0. Then

(¢, f) >0 < fa 70

n If og = Pgxk, then (Gp, fx k) = (Pgxk, ) = (pp, )
= Estimate (pg, f) by (®g, Y) (~ local test statistic)

= Consequently, we scan over f by means of {¢p} g ;3 by scanning
over fx k by means of {®p} g,
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Statistical scanning in deconvolution problems

= For each box B € B, choose a suitable function ¢ with
supp (v8) = B, ¢ > 0. Then

(¢, f) >0 < fa 70

n If og = Pgxk, then (Gp, fx k) = (Pgxk, ) = (pp, )
= Estimate (pg, f) by (®g, Y) (~ local test statistic)

= Consequently, we scan over f by means of {¢p} g ;3 by scanning
over fx k by means of {®p} g,

= The local test statistics are combined to the global scan statistic
®p, Y
To(Y) = max |wg M —wg || .
BeB Var [($g, Y)]
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— Choose functions g (‘optimal’ ones are given by appropriate
Beta-kernels)



Resulting algorithm

— Choose functions g (‘optimal’ ones are given by appropriate
Beta-kernels)

— Estimate the quantile g;_, by using the Gaussian approximation

Mo(C) = max [WB (“"B’C ) w)]

BeB s8],
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Resulting algorithm

— Choose functions g (‘optimal’ ones are given by appropriate
Beta-kernels)

— Estimate the quantile g;_, by using the Gaussian approximation

Ma(¢) = max [WB (m - WB)]

BeB

— For each B € B compute Tg(Y) := (g, Y)

Frank Werner (MPIbpC Géttingen) July 30, 2018 Multiscale Scanning in Inverse Problems



Resulting algorithm

— Choose functions g (‘optimal’ ones are given by appropriate
Beta-kernels)

— Estimate the quantile g;_, by using the Gaussian approximation

Ma(¢) = max [WB (<quéﬁz> - WB)]

— For each B € B compute Tg(Y) := (g, Y)
Is Tg(Y) > ("; + WB) Var[Ts (V)]?

7]

Nes No

Mark B as active Do not mark B as active
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Resulting algorithm

— Choose functions g (‘optimal’ ones are given by appropriate
Beta-kernels)

— Estimate the quantile g;_, by using the Gaussian approximation

Ma(¢) = max [WB (<T§;ﬁ: - WB)]

— For each B € B compute Tg(Y) := (g, Y)
Is Tg(Y) > ("; + WB) Var[Ts (V)]?

7]

Nes No

Mark B as active Do not mark B as active

~~ max ensures FWER < ¢, this is

all active B are 'correct’ with probability > 1 — «
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Performance in simulations
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Performance in simulations
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Performance in simulations
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Application to super-resolution microscopy

Fluorescence microscopy: dyes are excited by visible light and emit
fluorescence
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Fluorescence microscopy: dyes are excited by visible light and emit
fluorescence

Abbe’s diffraction limit: light cannot be focused to a point!
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Application to super-resolution microscopy

Fluorescence microscopy: dyes are excited by visible light and emit
fluorescence

Abbe’s diffraction limit: light cannot be focused to a point!

Hence, the microscope introduces a blur, resolution is limited to
approximately half the wavelength of the excitation light!
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Application to super-resolution microscopy

Fluorescence microscopy: dyes are excited by visible light and emit
fluorescence

Abbe’s diffraction limit: light cannot be focused to a point!

Hence, the microscope introduces a blur, resolution is limited to
approximately half the wavelength of the excitation light!

However, super-resolution is possible!
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Application to super-resolution microscopy

The Nobel Prize in
Chemistry 2014

"for the development of
super-resolved fluorescence

H ”
microscopy
Photo: Matt Staley/HHM| Photo: Wikimedia Phota: K. Lowder via
Eric Betzig Commons, CC-BY-5A-3.0 Wikimedia Commons, CC.
Stefan W. Hell m,“m
Prize share: 1/3 William E. Moerner

Prize share: 1/3
Prize share: 1/3
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Application to super-resolution microscopy

The Nobel Prize in
Chemistry 2014

Photo: Matt Staley/HHM|
Eric Betzig

Photo: Wikimedia
Commons, CC-BY-5A-3.0

Stefan W. Hell

Prize share: 1/3
Prize share: 1/3

"for the development of
super-resolved fluorescence
microscopy”’

oto: K. Lowdervia

Ph
Wikimedia Commons, CC.
BY.5A-3.0

William E. Moerner

Prize share: 1/3

Here we rely on STimulated
Emission Depletion (STED),
developed by Hell & Wichmann
'94
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Application to super-resolution microscopy

= we analyze fluorescent dyes
on single DNA Origami

= each of the two strands can
at most hold 12 markers
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Application to super-resolution microscopy

= we analyze fluorescent dyes

on single DNA Origami

= each of the two strands can

at most hold 12 markers
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Photon counts by STED:
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Model Yj ~ Bin (¢, (f* k) (s;)) with f= density of fluorescent dyes,
k= point spread function, t= number of illumination pulses
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Resulting significance map (90% confidence)
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Comparison of the result with the data
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Conclusion and outlook

In this talk, we have seen a method which ...

. allows to detect features in deconvolution models
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. can be used as an inferential tool in imaging modalities
is able to localize fluorescent dyes in super-resolution microscopy
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Conclusion and outlook

In this talk, we have seen a method which ...

. allows to detect features in deconvolution models
. can be used as an inferential tool in imaging modalities
. is able to localize fluorescent dyes in super-resolution microscopy

. discerns objects below the resolution level of the microscope
In the following talk we will see ...

. a theoretical justification of the Gaussian approximation

. rigorous mathematical reasoning that the method has good power
and is minimax in certain situations

K. Proksch, F. Werner and A. Munk: Multiscale Scanning in
Inverse Problems. To appear in Ann. Stat., arXiv:1611.04537.

Thank you for your attention!
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