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a. Diffraction

b. STORM
2.Compressed Sensing

a. Applied to STORM
3.Light Sheet Imaging

a. LatticeLight Sheets



Natural Resolutiohimits: Diffraction
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Natural Resolutiohimits: Diffraction
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Natural Resolutiohimits: Diffraction

For typical cameras
Q pg ¢z _ 2z (M

Raleigh Criterion

For microscopes
’Q :

Abbe diffraction limit

NA is typically 0-0.4 for common lenses in air, up to 11 for oil lenses.

iIPhone 7:
=1.22 * 650nm * /1.8
=1l.4¢em

pixels are only 1.22 em!

Typical Limit:
=500nm/(2 * 1.25)
=0.2em=200nm

Microtubules are ~24nm



STORMStochastic Optical Reconstruction Microscopy

Rust, Bates, Zhuang. "Stochastic optical reconstruction microscopy (STOR
provides sukldiffraction-limit image resolution.'Nature Methods3.10 (2006)
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STORMStochastic Optical Reconstruction Microscopy

Rust, Bates, Zhuang. "Stochastic optical reconstruction microscopy (STOR
provides sukldiffraction-limit image resolution.'Nature Methods3.10 (2006)
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STORMStochastic Optical Reconstruction Microscopy

Bates BlosserZhuang"Shortrange spectroscopic ruler based on a
singlemolecule optical switch.Physicateview letters94.10 2005)
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STORMStochastic Optical Reconstruction Microscopy

Bates BlosserZhuang"Shortrange spectroscopic ruler based on a
singlemolecule optical switch.Physicateview letters94.10 2005)
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STORMStochasti©ptical Reconstruction Microscopy

Wolterz { 6S@SZX Si F{f & pubSiffrédctiont N3 & 2 O 82\ |
fluorescence imagesJournal of microsco®37.1 (2010




Compressedensing (a.k.a. Sparse Sampling)

LT &2dz2NJ RI U} ydu&an takezust BIaBdioBrdndon S €
measurementsl Y RX2 dza A yhah, yoa danetdhssuctyour data
(with minimal error and high probability)

EmmanuelCandesand Terence TadNearoptimal signal recoverfrom
randomprojections: Universal encoding strategiesa.Xiv.mati0410542
(2004)
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Compresseensing (a.k.a. Sparse Sampling)
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Compresseensing (a.k.a. Sparse Sampling)
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Compressedensing (a.k.a. Sparse Sampling)




Compressed Sensing

Duarte, et alSinglePixellmaging via Compressigampling(2008)

Reconstruction F——> Image

Array TITIRNG




Compressed Sensing

Real PictL_Jre CS Reconstruction CS Reconstruction CS Reconstructio
(65,536 pixels) (3,300 samples) (1,300 samples) (6,500 samples)




Faster STORM using compressed sensing

Zhu et al."FasterSTORM using compressed sensiiNature Methods(2012)

1. Acquire PSF 2. Get Image 3. Increase Grid 4. Solve CS problem

32 x 32 pixels 256 x 256 grids

166 nm / pixel 21 nm / grid




Faster STORM using compressed sensing

Zhu et al."FasterSTORM using compressed sensiiNature Methods(2012)

Denser Images! Many times denser More precise Faster imaging
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Faster STORM using compressed sensing

Fitting Compressed sensing

;onventional fluorescence

100 frames

500 frames







Faster STORM using compressed sensing

40% pixels on

CS

40% on, CS Solve 50 readings
4% Density

https://qgithub.com/leonidk/cs371

Classic
1000 readings
~0.8% Density


https://github.com/leonidk/cs371

Quantitative Comparison

Sage, Daniel, et al. "Quantitative evaluation of software packages for
singlemolecule localization microscopyWatureMethods12.8 (201%

3D biological structure

xz section of the 3D PSF  RCWELUCGEIEIEES R
e.g., 5 nm/voxel § e L

=

Fluoresc. Back- Auto-
dyes ground fluoresc.

e.g., 4 active ﬂuorobhores

Frame at high density (HD)

Photons to e

> QE, shot noise, EMCCD gain
Detail

v

Downsampling
Averaging e.g., 450 active fluorophores

2
https://github.com/hrouault/Brecs /

e toDN

Rendering at 10 nm/pixel

Sequence of frames

e.g., 100 nm/pixel
Rendering at 0.25 nm/pixel

A/D, readout, quantization
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https://github.com/hrouault/Brecs

Extra Slides



Faster STORM using compressed sensing
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DAOSTORM

Stetson Peter B. "DAOPHOT: A computer
program for crowdedield stellar

photometry." Publications of the Astronomica
Society of the Pacifia?9.613 (1987).

DAOSTORM schematic’

1. Local maxima in the image are idcnuhod| 5 ’.

as candidate molecules.

2. Multiple PSFs are fit to the image to
produce initlal localizations,

3. The residuals image s nspected for
molecules left out of the inital fit. The
positions of these molecules are added to
the list of localizations from step 2.

4. Multiple PSFs are fit to the original image,
using updated list of candidate melecules

from step 3. This yields a more accurate fit
compared to results in step 2

5. Steps 34 are repeated 4 tmes to
maximise the recall (fraction of detected
molecules). The final data show high recall

and localization precision.
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FALCON

Min, Junhong et al. "FALCON: fast and unbiased
reconstruction of higkdensity supetresolution
microscopy data.Scientific reportgd (2014



