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Examples: Lenses and optics
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Hybrid optlcal -electronic

_convolutional neural networks with deep imaging
-optimized diffractive optics for

image classiﬁcation Fourier plane output plane

: input plane lens (phase mask) lens (camera sensor)
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Figure 1. Optical convolutional layer design. (a) Diagram of a 4f system that could be adapted to implement
optical convolutional (opt-conv) layers by placing a phase mask in the Fourier plane. (b) The standard
components of a digital convolutional layer, including an input image, a stack of convolutional kernels, and

a corresponding output volume. (c) The equivalent components in an opt-conv layer, where the kernels and
outputs are tiled in a 2D array instead of stacked in the depth dimension.




a) Schematic of an optical correlator
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Figure 2. Learned optical correlator. (a) Schematic of an optical correlator, where the conv block consists of
the 4f system shown in Fig. 1. (b) Characteristic optimized kernels of a multichannel unconstrained digital
convolutional layer, a multichannel nonnegative digital convolutional layer, a single channel opt-conv layer with
tiled kernels, and the PSF produced by phase mask optimization with the previous optimized tiled kernels as the
target.
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c) Comparison of simulation and experimental prototype
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Figure 3. Hybrid optoelectronic CNN. (a) Schematic of a model with a single opt-conv layer, after which the
sensor image is processed and fed into subsequent digital CNN layers. (b) The optimized phase mask template
and microscope images of the fabricated phase mask, at different zoom levels. (¢) Comparison of simulated
and captured versions of the PSF produced by the phase mask, a sample input image, the respective sensor
image, and pseudonegative sub-images after subtraction of corresponding positive (top two rows) and negative
(bottom two rows) sub-images.
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End-to-end Optimization of Optics and Image Processing for
Achromatic Extended Depth of Field and Super-resolution Imaging
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YIFAN PENG®, The University of British Columbia, Canada and Stanford University, USA

XIONG DUN, King Abdullah University of Science and Technology, Saudi Arabia
STEPHEN BOYD, Stanford University, USA

WOLFGANG HEIDRICH, King Abdullah University of Science and Technology, Saudi Arabia
FELIX HEIDE, Stanford University, USA

GORDON WETZSTEIN, Stanford University, USA

Conventional Image ) Imaged with Optimized Optical Element Optimized Optical Element
' il :

'.47‘2; )
m.« i
2D/0.5m 1.5D/0.67m 2D/0.5m 1.5D/0.67m 0.5D/2m




Image Dataset Optics Model Sensor Model Computational Domain- i%

ﬂ.ﬂ-ﬁ- . h Image Reconstruction Specific Loss

A, Noise n mMaging

e 0T -

Al < e min|ly—G(a)|+ vlle| L

B4 —=

&AM RE  BE T - 5o o < el <=
. f T N 12 as(D oy oz

ft; EI.'.“N& Convolve with PSFPA Fresnel Lens Cubic Phase Lens Multi-focal Lens  Diffractive Achromat Hybrid Lens Proposed Lens with  Proposed Lens with

(DOE shown only) Height Map Zernike Basis

ey

() @) (aeES»WWIW  (((&ES>H))) ) -
Optimized Phase Plate Sensor image Processed “I w v -
\/ \/ \/\/ \/ \/ e I

1.2pum
v e - RN

-0.5m
R— Om

———————

17.987 dB o 20.422 dB

depth 1.0m

depth 0.5m

Deconvolved images  Sensor images ( wolf) Deconvolved images  Sensor images ( vase )



—tT >

—
deep imaging

Learned phase coded aperture for the benefit of
depth of field extension

SHAY ELMALEM,” RAJA GIRYES, AND EMANUEL MAROM

School of Electrical Engineering, The Iby and Aladar Fleischman Faculty of Engineering, Tel Aviv

University, Tel Aviv, Israel
*shay.elmalem @ gmail.com

All-in-Focus
CNN

- Phase coded
tad Sl aperture imaging

Reconstructed
All-in-Focus Image

A scene with objects in

different depths
Clean Image
(no blur,
no noise) Y N
> Optical Imaging CONV (d=1) CONV(d=2) CONV(d=3) CONV (d=4) CONV (d=3)  CONV (d=2) AllinFocus | [ 14
(Defocus‘I,)Iurrin + S ™ S ™ L ™ =L ™ S ™ S > CONV (d=1)—> + —> Image Loss
9 ReLU ReLU ReLU ReLU ReLU ReLU ge
r—» AWGN) ) J ,

Out of focus
condition (y)




Multicolor localization microscopy and point-
spread-function engineering by deep learning
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!Electrical Engineering Department, Technion, 32000 Haifa, Israel
’Biomedical Engineering Department, Technion, 32000 Haifa, Israel
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DeepSTORMS3D: dense three dimensional localization microscopy and point spread function
design by deep learning
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What physical parameters effect image formation?
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Examples: Detection and sampling

Machine Learning and Imaging — Roarke Horstmeyer (2020)



ReconNet: Non-Iterative Reconstruction of Images from Compressively Sensed
Random Measurements

Kuldeep Kulkarni'?, Suhas Lohit', Pavan Turaga'?, Ronan Kerviche?, and Amit Ashok?

!School of Electrical, Computer, and Energy Engineering, Arizona State University, Tempe, AZ
2School of Arts, Media and Engineering, Arizona State University, Tempe, AZ
3College of Optical Sciences, University of Arizona, Tucson, AZ

Ground Truth 25% measurements 4% measurements 1% measurements
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DEEP LEARNING SPARSE TERNARY PROJECTIONS
FOR COMPRESSED SENSING OF IMAGES

imaging
Duc Minh Nguyen, Evaggelia Tsiligianni, Nikos Deligiannis
Vrije Universiteit Brussel, Pleinlaan 2, B-1050 Brussels, Belgium

imec, Kapeldreef 75, B-3001 Leuven, Belgium
Email: {mdnguyen, etsiligi, ndeligia} @etrovub.be

DeepBinaryMask: Learning a Binary Mask for
Video Compressive Sensing

Michael lliadis, Member, IEEE, Leonidas Spinoulas, Member, IEEE,
and Aggelos K. Katsaggelos, Fellow, IEEE

Figure 6: Compressive imager testbed layout with the object
imaging arm in the center, the two DMD imaging arms are on
the sides.
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Standard compressive sensing problem:

min || ¥x||; s.t |y — ®x||2 < e
X

Use iterative solvers to determine x

Figure 8: The figure shows reconstruction results on 3 images
collected using our block SPC operating at measurement rate of
0.04. The reconstructions of our algorithm are qualitatively better
than those of TVAL3 and D-AMP.

Proposed reconstruction method via CNN:
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Learning Sensor Multiplexing
Design through Back-propagation
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Adaptive Image Sampling using Deep Learning and
its Application on X-Ray Fluorescence Image
Reconstruction

Qiqin Dai, Henry Chopp, Emeline Pouyet, Oliver Cossairt, Marc Walton,
and Aggelos K. Katsaggelos, Fellow, IEEE
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Fig. 1. (a) XRF map showing the distribution of Pb Ln XRF emission line
(sum of channel #582 - 602) of the “Bloemen en insecten” (ca 1645), by
Jan Davidsz. de Heem, in the collection of Koninklijk Museum voor Schone
Kunsten (KMKSA) Antwerp and (b) the HR RGB image.

@ ®

Fig. 2. (a) Random binary sampling mask that skips 80% of pixels and (b)
Adaptive binary sampling mask that skips 80% of pixels based on the input
RGB images in Fig 1 (b).
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Learning a Variational Network

for Reconstruction of Accelerated MRI Data
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(b) Structure of the variational network (VN)
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Facebook Fast MRI Challenge:
https://ai.facebook.com/blog/using-reinforcement-learning-to-personalize-ai-accelerated-mri-scans/



Reducing Uncertainty in Undersampled MRI Reconstruction
with Active Acquisition

Zizhao Zhang!?* Adriana Romero? Matthew J. Muckley® Pascal Vincent? Lin Yang' Michal Drozdzal?
! University of Florida 2 Facebook AI Research 3 NYU School of Medicine
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Figure 3: The training pipeline of the proposed method.
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Learning a Probabilistic Strategy AL
for Computational Imaging Sensor Selection deep maging

2D Fourier Measurements
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What physical parameters effect image formation? deep imaging
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Accurate and efficient classification with LED illumination %
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R. Horstmeyer et al., "Convolutional neural networks that teach microscopes how to image," arXiv (2017)
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Physics-based Learned Design: Optimized
Coded-Illumination for Quantitative Phase Imaging

deep imaging

Michael R. Kellman*¥ Emrah Bostan* Nicole Repina.}
Michael Lustig,* Laura Waller*

August 13, 2018
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Figure 1: Learning Coded-Illumination Design for Quantitative Phase Imaging: (a) Schematic
of the LED-illumination microscope where multiple intensity measurements are captured un-
der unique coded-illumination patterns, (b) Computational phase reconstruction of the sample’s
optical phase with coded-illumination measurements. (c) Optimization for learning of coded-
illumination design based on the non-linear iterative reconstruction.
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Deep learnlng with coherent Figure 1: General architecture of the ONN. )
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a, General artificial neural network architecture composed of an input layer, a number of
hidden layers and an output layer. b, Decomposition of the general neural network into
individual layers. ¢, Optical interference and nonlinearity units that compose each layer of

the artificial neural network. d, Proposal for an all-optical, fully integrated neural network.

Machine Learning and Imaging — Roarke Horstmeyer (2020)



Figure 2: Illustration of OIU.
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Inverse design in nanophotonics

Sean Molesky', ZinLin?, AlexanderY.Piggott?, WeiliangJin', Jelena Vuckovié® and
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Machine learning based compact photonic structure design for
strong light confinement

MIRBEK TURDUEVY5" CAGRI LATIFOGLU?%®, IBRAHIM HALIL GIDEN®$, and Y.
SINAN HANAY*?

______

| [
- 1
- |
! 1
! 1
2 s 3 1
Training Phase :L. i
R
Random Binary Photonic Layout ' Time Domain Reward Calculation
Matrix Generation Generation Calculation (FDTD) and Data Storage
repeat for N rounds
Inference Phase after N

rounds

Step Function Normalize by Cumulative Reward
Shifted by E(A’) Subtracting min(A) Matrix Calculation

Convert to Final
Photonic Layout




