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The Days of AI and Big DataΧ

How far AI has comeΧCan we utilize it for truly important purposes? 
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Translational Research in Signal Processing and AI

Bringing together science and technology to address real-world challenges!

Our goals from todayΩs workshop:

Å Demonstrate how signal processing and AI can advance applications in different arenas (health, 
communication, automotive, radar, etc.)      

Å Inspire new collaborations between academy, healthcare community and industry

Å Think how we can leverage the advantages of academia and industry to make a true impact on 
unmet needs 
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Agenda

ÅSESSION 1: TECHNOLOGIES IN THE ERA OF BIG DATA

ÅSESSION 2: AI AND TECH FOR HEALTHCARE

ÅSESSION 3: COMMUNICATION AND RADAR

ÅROUND TABLE DISCUSSION 

ÅDEMO EXHIBITION
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ÅSAMPL lab members

ÅOur collaborators from the hospitals, industry 

and academy

ÅWeizmann conferences section

ÅOur speakers: Prof. Irit Sagi, Shmuel Auster, 

Prof. Eli Konen, Dr. Efrat Shema, Dr. Leeat

Keren, Dr. Nir Shlezinger, Assaf Touboul

Å Our supporters along the years

Thank You!

If you want to go fast go alone 

If you want to go far bring others
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YoninaEldar
yonina.eldar@weizmann.ac.il

Introducing SAMPL Lab and The Center for 

Biomedical Engineering

Center for Biomedical Engineering and Signal Processing |Department of Mathematics and Computer Science |Weizmann Institute of Science

TRANSLATIONAL AI and ENGINEERING
in Health and Communication
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The ManyaIgelCenter for Biomedical Engineering and Signal Processing
Where engineering, science and medicine meet

Translational AI and Engineering Research in Health, Sensing and Communication
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The 4 Pillars of Our Center

Theoretical research

SAMPL lab

Clinical arm

Between Science and Technology (BeST) Forum 

Center for 
Biomedical 
Engineering 
and Signal 
Processing
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The technology pillar of our center:

innovative methods for signal acquisition, processing, and learningDevelop

theory into real prototypes in various fields including:communication, 
Radar, medical and optical imaging, biological inference

Transform

with industry partners via our technology forum to advance next-
generation technologiesCollaborate

SAMPL Lab:Signal Acquisition Modeling Processing and Learning
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SAMPL Lab:Signal Acquisition Modeling Processing and Learning

Help make 
technologies 
more 
powerful 
and more 
accessible to 
everyone

Fast and quantitative 
MRI

Super-resolution 
microscopy

Remote sensing

6G communication systems Joint radar-communication system High resolution radar

Wireless ultrasound
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SAMPL Lab - Major Topics of Research

Radar & Communication

> MIMO communication & radar systems

> Sparse arrays for automotive radar

> Radar and sensors for health applications

> Joint radar-communication for automotive

> Smart antenna design for ultrasound, radar and  comm

> Super resolution and efficient radar systems

> 6G comm: near field, RIS, ISAC..

Smart Sampling

> Level-Crossing sampling & time encoding machine (TEM)

> Modulo sampling & automatic gain control

> Task based sampling

> Sub-Nyquistsampling

Machine Learning 

> AI for COVID19 detection & monitoring

> AI for clinical applications

> Model-based machine learning

> Machine learning for wireless communications

Ultrasound Technologies

> Super resolution in ultrasound imaging

> Compressed beamforming for wireless ultrasound 
imaging

Dynamic Metasurface Antennas (DMA) 

> Metasurfacesantennas for communications

> Metasurfacesfor analog precoding
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SAMPL Clinical

The infrastructure for clinical research: 

unmet medical needs and important research topicsIdentify

clinical studies that address these needs, in collaboration with 
physicians from Israel and abroad Design

Innovations in signal processing and artificial intelligence for the 
welfare of patients worldwide!Harness

with leading physicians via our unique Clinical ForumBrainstorm 
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SAMPL Clinical

Bringing the bench to the bedside and back!

Super-Resolution for 
Ultrasound

Ultrasound Channel Data

Combining Imaging Modalities Using AI

AI-Guided Ultrasound 
Image Acquisition

AI Conversion 
between Modalities

POCUS/Lung 
Ultrasound

Covid-19

Wearable Devices

Radar for Clinical 
Applications
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Various Clinical Collaborators ςin Israel and Abroad!
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Examples of Clinical Collaborations:

Improving breast cancer diagnosis using super-resolution and multi-modal machine learning

Improving CrohnΩs disease diagnosis and monitoring using super-resolution ultrasound

AI-guided image acquisition to enhance imaging of ovaries in pediatric patients

Improving the diagnosis of pleural diseases using ultrasound channel data and machine learning 

Improving monitoring of GaucherΩsdisease using machine learning

Machine learning and ultrasound channel data to enhance diagnosis of chronic liver diseases

Machine learning approach to sonographic assessment of tumor volumes for response 
assessment in patients with pancreatic cancer

And many more, including a joint Covid-19 study with several hospitals
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YoninaEldar
yonina.eldar@weizmann.ac.il

Efficient Data Processing for 
Enhanced Technologies

Center for Biomedical Engineering and Signal Processing |Department of Mathematics and Computer Science |Weizmann Institute of Science

TRANSLATIONAL AI and ENGINEERING
in Health and Communication
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Digital Revolution

01001001001010010ą

01001001001010001101111
0100101101011001Χ

> Processing of physical data 
by computers and digital 
devices

> Digital devices store and 
process strings of bits, 
namely, 0s and 1s

> Data processing: 
mathematical algorithms 
performed on the bits
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(bit/sec)

Analog-to-Digital
Convertor

(ADC)

Sampling Digital world

> Signal processing
> Image denoising
> CompressionΧ

Analog world

> Music
> Radar
> Communication
> ImageΧ

άAnalog Girl in a Digital WorldΧέ Judy Gorman 99

bits/sec
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Sampling Recovery

Sampling
Analog-to-Digital

(ADC)

Time
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Sampling Recovery

Sampling
Analog-to-Digital

(ADC)

Time

Need to limit the speed of change!
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time frequency

Nyquist rate

Signal in time Frequency content

bandwidth

Sampling rate must be greater (or equal) 
than twice the maximalfrequency of the signal

NyquistTheorem (1928) Recovery



22
22

Shannon Theorem (1948)

> Maximum amount of 
information that can be 
sent over a channel: 

[ ]y n ENC DEC Ĕ[ ]y n

> Minimal compression distortion using a fixed number of bits

CҒ WҎnҎlog2 (1+SNR)
Capacity Spectrum Antennas Signal Quality

Total data 
throughput 
capacity of 
the system

Radio frequency 
spectrum 
utilized by the 
network

Number of 
antennas on 
uncorrelated 
signal paths

Signal to Noise 
Ratio on the 
communication 
channel
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In medical imaging, high rates often translate into 
long scanning times or high radiation dosages

ADCs, the front end of all digital devices, lead to 
hardware, data and power bottlenecks

Large Bandwidth High ratesamplers 
and quantizers

> High rate
communications

> High resolution 
e.g.in radar and 
imaging

> Expensive hardware-
intensive systems

> High-energy systems

> Large digital databases:
difficult to process,
store and transmit

> Latency

Challenges of Nyquist and Shannon Bounds
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> All measuring devices are bandwidth or resolution limited    
due to diffraction

> Diffraction: spreading of waves passing through an aperture

> AbbeΩs diffraction limit in optical imaging:

Ὀὒ

Spatial resolution is proportional 
to half the imaging wavelength

> Spatial resolution in an antennaarray 
or ultrasound probe is inversely 
proportional to the aperture

Physical Bounds: Super Resolution

Diffraction Limit

Science and Math Lead to Bounds on Technology!
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Synergize the two: 
Use physics to enable 

new ways of conveying 
information that can only 

be interpreted by 
mathematical algorithms 

- to enable new 
technologies! 

Mathematical 
analysis imposes 

limits on 
technology in 

terms of speed, 
size, and power

The Technology Future:Defeating Physics & Math by Combining Them! 

Science imposes 
limits on our ability 

to hear, see and 
communicate

IF YOU CANôT BEAT THEM JOIN THEM
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Contrast Enhanced Ultrasound

> Ultrasound is wave-based and 
thereforeresolution limited

> Physics: Use contrast agents (Sonovue)

ҧ blood 
echogenicity

ҧ contrast 
between the 
blood and the 
surrounding 

tissues

The interface 
between the 
bubbles and 

blood acts as a 
reflector of the 

ultrasound 
beam

Sonovue
contains gas 

microbubbles 
poorly soluble 

in aqueous 
solutions
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Super Resolution Using CEUS

This does not always 
work ςsometimes 
contrast only makes 
everything brighter!

Combine math and 
physics: Track 
bubbles to get super 
resolution!

Difficult to 
separate 
lesion from 
tissue
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Standard optical images 
are resolution limited

Noble prize 2014: 

Super resolution florescence 
microscopy

Injecting fluorophores can 
increase resolution 10 fold but 
precludes live cell imaging

Florescence Microscopy

Increase fluorophore 
density and use 
algorithms to localize!
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Cross-Fertilization of Science and Technology

New physics and algorithms 
inspire new technologies

Moving to technology 
inspires new ways of 

transmitting signals and new 
mathematical and physical 

limits to investigate

Χ Science advancing technology, advancing scienceΧ

Super-resolution 
ultrasound

Efficient quantizer
Portable ultrasound 

probe
Automotive joint radar-

communication
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Talk Outline

> PACE Technology: Physics and Algorithms 
Coupled to Enhancetechnology 

> Applications to ultrasound and radar

> Super resolution in microscopy and US

> Model-based artificial intelligence
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PACETechnology
Physics and Algorithms 

Coupled to Enhance Technology
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Standard Acquisition Systems: Modular Design

Design rule: 
Nyquist theorem

Sampler Quantizer

Processing of 
data

Output

◌ ◐

Design rule:
Shannon theorem

Design rule:
MSE, error rate, etc. 

Each block optimized 
separately

Transmitter
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Joint PACE Acquisition Systems

Sampler Quantizer

Processing of 
data

Output

◌ ◐

Joint Design:
ÅStructure in 

input/system

ÅOutput task

ÅMath recovery

Transmitter

Model based, efficient, and 
interpretable data driven methods!
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Multiple Frequency Bands

Å Can be viewed as                bandlimited

Å But sampling at rate                   is a waste of resources

Å For wideband applications Nyquist sampling may be infeasible

> Multiband Communication

> Multispectral imaging, multispectral CT

> Mishaliand Eldar 09

Unknown carriers
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Streams of Pulses
> Vetterli et. al, 02

Distance to target

Velocity

Radar:

A sampler that takes advantage of the pulses' structure can use fewer 
samples and lead to higher resolution

Ultrasound:
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Compressed Beamforming 

> SNR and resolution are increased by using an antenna array

> Beamforming is performed by introducing appropriate time shifts to the received signals
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Focusing the received 
beam by applying 
nonlinear delays

Scan Plane

128-256 
elements

> Chernyakovaand Eldar 13-15

Requires high sampling and processing rates (lots of dataΧ)

One image trace needs 128 samplers @20M, beamforming to 150 points, 
total of 6.3x106 sums/frame!
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Challenges

Can weΧ
> Reduce analog sampling rates of very noisy signals
> Perform nonlinear beamforming on sub-Nyquist samples, without 

interpolating to the high Nyquist-rate grid digitally
?

Yes, useCompressed Beamforming!

> Reduce US machine size 
at same resolution

> Increase frame rate

> Enable 3D imaging

> Enable remote 
wireless ultrasound
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Union of Subspaces

> Allows to keep low dimension in the problem model

> Low dimension translates to low sampling rate

> Lu and Do 08, Mishali and Eldar 09

Theorem
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Xampling Hardware

> Alias the data onto low dimensional space by mixing with periodic functions

x(t) Acquisition
Compressed 
sensing and 
processing

recovery

Analog preprocessing Low rate (bandwidth)

> Mishaliand Eldar, 10-14

Reduce bandwidth
Time

Frequency

> Functions designed so that in digital we have a CS problem
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Xampling Hardware

> Low rate, low bandwidth, simple hardware and low computational cost

> Achieves the Cramer-Rao bound given a sub-Nyquist sampling rate 
(Ben-Haim, Michaeli, and Eldar 12)

> Minimizes the worst-case capacity loss for a wide class of signal models 
(Chen, Eldarand Goldsmith 13)

h(t )

][ny

( )n t

)(tx

EncoderMessage

signal structure, 
captured by channel

capacity-achieving 
sub-Nyquist sampler

binary entropy function

ẞ ʰΥ  ǳƴŘŜǊǎŀƳǇƭƛƴƎ ŦŀŎǘƻǊ
ẞ ʲΥ  ǎǇŀǊǎƛǘȅ Ǌŀǘƛƻ

Sample at low rate using standard ADCs such that in digital we get a CS problem
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Compressed Sensing

Main ideas:

> Sparse input vector with unknown support

> Sensing by sufficiently incoherent matrix (semi-random)

> Polynomial-time recovery algorithms from K log n measurements

> Candes, Romberg, Tau 06, Donoho 06
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Compressed Sensing Extensions

> Nonlinear sparse recovery (optics):
ÅPhase retrieval

(Shechtmanet. al 11, 14, 15, Eldar and Mendelson 12,
Ohlsson et. al 12)

ÅNonlinear compressed sensing
(Beck and Eldar 12, Bahman et. al 11, Ohlssonet. al 13, 
Yang et. al 15)

> Reference based sparse recovery (MRI)
(Weizman, Eldar and Ben Bashat16)

> Sparsity with tracking (ultrasound)(Solomon et. al 18)

> Statistical sparsity
(Pal and Vaidyanathan 14, Solomon et. al 18, Cohen and Eldar 18, 
Romero et. al 16)

> Deep learning (Gregorand LeCun10, Mousavi and Baraniuk 17, 
Borgerdinget. al 17, Aggarwal et. al 18, Bora et. al 17, Wu et. al 19)
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Mathematical Recovery: Dynamic Range

> Dynamic range is defined as the difference between the maximum and minimum 
values of the displayed signal 

> Signals beyond dynamic range are clipped!

> An example of a narrow vs. broad dynamic range in an ultrasound scan: 
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Modulo Sampler

Standard ADC Modulo 
ADC

Mathematical Recovery: Dynamic Range

High dynamic 
range image

Clipping

Folded image Unfolded

> Transmission medium or processing 
devices have limited dynamic range

> Clipping beyond dynamic range

> A modulo operation is used to limit  
dynamic range prior to transmission

> The non-linear modulo causes distortion 
making inference difficult

> Signal structure e.g.correlation, sparsity, 
is used to recover the signal
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Timing Based Sensing: Efficient Hardware

Change the information recorded!
> Lazar and Toth, 04
> Adam, Scholefield, and Vetterli 20
> Naaman, Mulleti, Eldar 22

Synchronous ADC:
Sample signals at regular intervals 
Quantizing amplitudes  

> Controlled by a global clock:
Power-consuming 

> Increasing the signalΩs amplitude
Å Increases amplitude 

quantization dynamic range
Å Increases required number of 

bits per sample

ὸ

Reduce power and 
bits while leveraging 

low-cost, simple 
hardware

Our hardware contains:
ÅIntegrator
ÅComparator
ÅReset mechanism
Sampling robustly at sub-
Nyquist rates!

ὸ ὸ

Time encoding machine: 
Event-driven sensing approach
Quantizing timings 

> No global clock is required: 
Low power consumption

> Increasing the signalΩs amplitude 
Å Decreases timing quantization 

dynamic range
Å Decreases required number of bits 

per sample

ὼὸ
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Example: ECG Continuous Monitoring

> Using synchronous ADC to extract cardiac data is consuming in power and bits

> Our sampling and recovery approach uses minimal sub-Nyquist rates with energy-
efficient hardware, allowing for high-accuracy HR extraction

Hardware results in action TEM sampling TEM Recovery
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Xampling: Practical Compression + Sampling

> Xampling: practical sub-Nyquist sampling and 
processing 

> Many examples in which we reduce sampling rate 
by exploiting structure

> Low rate translates to lower radiation dosage, 
faster scanning, processing wideband signals, 
smaller devices and improved resolution

Cognitive RadioRadarUltrasoundPulsesDOA Estimation

Two ways: theory translated to practice, building 
the devices led to many new theoretical concepts
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Advantages of Joint PACE Design

Compact, portable 
devices with better 
imaging quality

Fast and 
quantitative MRI

Efficient wideband 
sensing

Compact, cheap 
and high 
resolutionradar

Efficient massive 
MIMO systems

Joint radar and 
comm systems

Super resolution 
microscopy and 
ultrasound

Interpretable,    
deep networks for 
medical imaging 
communication 
systems, and more
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APPLICATIONS

άIn theory, theory and practice are the same.In practice, they are not.έAlbert Einstein
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Standard Imaging
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~1/32 of the Nyquist rate

Sub-Nyquist Ultrasound Imaging

Low ratesampling enables:

> 3D imaging 

> High frame rate for 
cardiac imaging

> Handheld wireless device: 
rural medicine, 
emergency imaging in the 
field/ambulance

> Chernyakova and Eldar 13-15

4% Nyquistrate at 
every channel!
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Bring the Digital Revolution to Ultrasound, Anywhere

Xamplingtechnology samples and processes ultrasound signals without loss 
of information at very low rates!

> Allows to integrate electronics into probe: wireless ultrasound

> Enabling an άopen imagerέ ςadvanced signal processing and AI methods 
on channel datathat can run on any platform 

> Enabling remote health flexibility

> Super resolution methods

Low ratesampling HW

Advanced cloud based
Signal processing

Low bandwidth 
CHANNEL data

Low rateprocessing
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Demo Movie
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Deep Adaptive Beamforming

Backpropagation

Model based: Weights determined by deep learning!

High-quality
target (EBMV)

> Luijten et. al 19

Delay-and-sum
(standard) 

Deep learning

Improved contrast 
and resolution
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Inverse Ultrasound ςExtractingTissue Properties

Since different tissues have different physical 
properties, they reflect sound waves differently
> Speed of Sound (SoS)

> Acoustic attenuation

> Density

> Elasticity

These measurements encode information 
about the gross structure of the tissue!
> Use wave equations to relate the data with 

these properties

> Backpropogateto extract properties!

Left: Conventional B-mode ultrasound image 
Right: SoSmap (breast tumor - yellow)

The inverse method: 
Acquired ultrasound signals Ą

tissue properties

> Shultzman and Eldar, 22
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> Bar-Ilan and Eldar 14, Rossi et. al 14, Cohen and Eldar 18,  Cohen et. al 18

Radar/Time of Flight Imaging

> Small, cheap radars with excellent resolution

> We can also reduce physical parameters:
ÅCreate a radar map in less time

ÅUse fewer antenna elements

> Spectrum sharing between radar and 
communication over the same channel

> Free congested spectrum

> Fast frequency detection
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Sub-Nyquist and Cognitive Radar



57
57

Cognitive Automotive Radar

> Efficient radar systems that scan 
large environments 

> Systems that can sense (radar) and 
communicate at the same time

> High resolution and high bit rate

> Mulleti et. al 18-20

Joint radar/comm sub-Nyquist sampling with high resolution
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Deep-Sparse Antenna Array

> High-res DOA         Large array         High-cost, power

> We propose NN-based sparse subarray selection 

> The method is cognitive and adapts according to the 
current target scene

> The method is scalable and performs better than a non-
adaptive random selection method

> Mulleti et. al 19-20

Sparse arrays are crucial in automotive radar to save battery!
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Deep-Sparse Antenna Selection

2.4 GHz system

5 GHz system
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> Non-contact vital signs monitoring of multiple subjects
> Capable of analyzing very small movements
> Accurate human localization in a cluttered environment
> Interpretable mathematical modelling
> Utilizing the sparse nature of the signals

Remote Patient Monitoring Using mm-Wave Radar

Heartbeats


