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Other Key Business Areas ($45B annual revenue)
• Home (air conditioners)
• Transportation (train equipment)
• Building (elevators and escalators, surveillance, access control)
• Public/energy systems (plant monitoring, power transmission/distribution)

Corporate R&D Centers: Japan, Europe (UK & France), USA (MERL)

Mitsubishi Electric Corporation

Automotive Equipment Space SystemsFactory Automation Systems

Autonomous Driving &
In-Vehicle Infotainment

Collaborative Robots 
for Production

Observation Satellites
Remote Sensing
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MERL Profile & Technology Areas

Speech & Audio
Speech Recognition

Audio Signal Processing
Natural Language Processing

One of the most academically-oriented and 
open industrial research labs in the world

Engaged in mid/long-term research in areas 
that would be beneficial to parent company

60+ researchers in AI, signal processing, 
optimization and control, incl. 4 IEEE Fellows 
à http://www.merl.com/people
à http://www.merl.com/research

We publish everything we do in leading 
conferences and journals (~200 pubs/year)
à http://www.merl.com/publications

More than 25 years of innovation!

Data Analytics
Anomaly Detection
Predictive Modeling
Decision Optimization

Computer Vision
Visual Analysis
3D Reconstruction & Processing
Simulation & Learning

Control & Dynamics
Control Algorithms
Nonlinear Dynamical Systems

Signal Processing
Computational Sensing

Wireless Communications
Optical Communications 

Multi-Physical Systems
Electronic Devices

Modelling & Simulation

http://www.merl.com/people
http://www.merl.com/research
http://www.merl.com/publications
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Computational Sensing @ MERL

Petros Boufounos Dehong Liu Hassan Mansour Perry Wang Yanting Ma

Sparse reconstruction and EM modeling
Computationally efficient non-linear propagation 
model. Estimation of object permittivity  based on 
reflected waves

Material Sensing 

MERL method 
outperforms 

linear methods

Ideal uniform array without position error
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Coherent integration of 
multiple sensors to improve 
SNR with large position errors

Conventional MERL
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Tunnel wallInfrastructure 
Monitoring

Realize benefits of 
radar array for rapid 

infrastructure 
monitoring

Defect within
wall clearly 

visible.
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Haze image - RBG band 432
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Pan-sharpended SWIR - band 567
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Pan-sharpended dehazed RGB - band 432
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Learning-Based 
Multispectral image 
super resolution: 
combing low quality 
RGB, Near/Short 
wave Infra-Red 
images to improve 
image quality and 
remove haze and 
clouds

1-2 dB PSNR 
improvement

Multi-Band Image Fusion

Flow-sensor 
development: 
combined with fluid 
dynamical modeling  
and control to improve 
HVAC efficiency and 
user comfort

Current: i-see sensor 
to monitor floor/wall 

temperature

Target: dense 3D maps of 
temperature and airflow

Airflow Sensing 
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THE BIG PICTURE
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Computational Sensing Reveolution

Precise 
Sensing

Careful 
acquisition 

Simple
Processing

Conventional Sensing Pipeline

Sensor designed to collect as pristine information as possible
(linear, high dynamic range, high precision, high sampling rate etc.)

Processing is simple because the data is very “clean” and well-measured

Generalized
Measurement

Cost-efficient
Acquisition

Model-based 
Reconstruction

Computational Sensing

Goal: exploit mixing to simplify sensor or improve sensor specifications (e.g., 
sensor speed, A/D conversion rate, measured bandwidth/resolution)

Reconstruction methods can guide sensor development and vice versa
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Computational Sensing Principles

yl(t) =xnps(t� ⌧s,l,n)

()
Yl,f =xnPs,fe

�j!f⌧s,l,n
<latexit sha1_base64="YgZrNOP78qWHuV5OpRNDWIULcmU="></latexit>

Received data

Sensing 
Matrix

(determined by 
system design)

Scene
(unknown)

bx = argmin
x

ky �Axk22 + �R(x)
<latexit sha1_base64="ytbgXAqnHOkC1LRAGFTHgCpIYTY="></latexit>

Radar and Array Processing

d2

θs

d2 sin(θs)

d1 dM-1…

L

Discretized Scene

(far field)

Object

Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Sparse Recovery - true positions
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Measurement-domain convolution
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Proposed: image-domain convolution
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Distributed Array ProcessingExperimental validation

Stepped frequency, 9GHz bandwidth, fc = 6GHz.
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Computational Sensing Principles

yl(t) =xnps(t� ⌧s,l,n)

()
Yl,f =xnPs,fe

�j!f⌧s,l,n
<latexit sha1_base64="YgZrNOP78qWHuV5OpRNDWIULcmU="></latexit>

Received data

Sensing 
Matrix

(determined by 
system design)

Scene
(unknown)

bx = argmin
x

ky �Axk22 + �R(x)
<latexit sha1_base64="ytbgXAqnHOkC1LRAGFTHgCpIYTY="></latexit>
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(Active) Array Processing Problem

Receivers

Reflectors

Transmitters illuminate the scene

Reflectors reflect incident waves

Receivers receive the reflections

Can we localize/reconstruct/image 
sources in the scene?

Transmitters
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SYSTEM MODELING
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Propagation Model

))))))) )))))))

Transmitter s

Receiver l

Scene point n
Reflectivity of scene point n (signal of interest): xn
Pulse transmitted by transmitter s (freq. domain): Ps,f
Signal received by receiver l (freq. domain): Yl,f
Distance of transmitter s to scene point n: ds,n
Distance of receiver l to scene point n: dn,l
Speed of propagation: c
Time delay for distance d: d/c
Time delay from s to l through n: τs,l,n=(ds,n + dn,l)/c

S transmitters, L receivers, N scene points (scene discretized), F transmitted frequencies

yl(t) =xnps(t� ⌧s,l,n)

()
Yl,f =xnPs,fe

�j!f⌧s,l,n
<latexit sha1_base64="YgZrNOP78qWHuV5OpRNDWIULcmU="></latexit>

Propagation 
Delay
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Transmitter s

Receiver l

Scene point n
Reflectivity of scene point n (signal of interest): xn
Pulse transmitted by transmitter s (freq. domain): Ps,f
Signal received by receiver l (freq. domain): Rl,f
Distance of transmitter s to scene point n: ds,n
Distance of receiver l to scene point n: dn,l
Speed of propagation: c
Time delay for distance d: d/c
Time delay from s to l through n: τs,l,n=(ds,n + dn,l)/c

Propagation equation:

Discretizing in Frequency and converting to matrix form:

S transmitters, L receivers, N scene points (scene discretized), F transmitted frequencies

r =

�

�����������������

R1,1
...

R1,F
...

Rl,f
...

RL,1
...

RL,F

�

�����������������

A =

�

�����������������

�
s Ps,1e�j⇤1⇥s,1,1 · · ·

�
s Ps,1e�j⇤1⇥s,1,N

...
. . .

...�
s Ps,F e�j⇤F ⇥s,1,1 · · ·

�
s Ps,F e�j⇤F ⇥s,1,N

...
. . .

...�
s Ps,fe�j⇤f ⇥s,l,1 · · ·

�
s Ps,fe�j⇤f ⇥s,l,N

...
. . .

...�
s Ps,1e�j⇤1⇥s,L,1 · · ·

�
s Ps,1e�j⇤1⇥s,L,N

...
. . .

...�
s Ps,F e�j⇤F ⇥s,L,1 · · ·

�
s Ps,F e�j⇤F ⇥s,L,N

�

�����������������

x =

�

��
x1
...

xN

�

��

�f = 2�f
F

System Model

Yl,f =xnPs,fe
�j!f⌧s,l,n

<latexit sha1_base64="ONaYOf7j6dAOQCD9SC/kCKu4vJo=">AAACFnicbZDLSsNAFIYnXmu9RV26CRbFRVuSKuhGKLpxWcFepK1hMj1px04mYWYilpCncOOruHGhiFtx59s4vSy09YeBj/+cw5nzexGjUtn2tzE3v7C4tJxZya6urW9smlvbNRnGgkCVhCwUDQ9LYJRDVVHFoBEJwIHHoO71L4b1+j0ISUN+rQYRtAPc5dSnBCttuWbhxk1Y3k/PDh5cXnETqRluk8JdKwygi12/pXA8tFmep6lr5uyiPZI1C84Ecmiiimt+tTohiQPgijAsZdOxI9VOsFCUMEizrVhChEkfd6GpkeMAZDsZnZVa+9rpWH4o9OPKGrm/JxIcSDkIPN0ZYNWT07Wh+V+tGSv/tJ1QHsUKOBkv8mNmqdAaZmR1qACi2EADJoLqv1qkhwUmSieZ1SE40yfPQq1UdI6KpavjXPl8EkcG7aI9dIgcdILK6BJVUBUR9Iie0St6M56MF+Pd+Bi3zhmTmR30R8bnD3OOn5E=</latexit>

y =

2

66666666666666664

Y1,1
...

Y1,F
...

Yl,f
...

YL,1
...

YL,F

3

77777777777777775

<latexit sha1_base64="zpoE+l09u6DUWuJhzgC2/L624N0="></latexit>
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Transmitter s

Receiver l

Scene point n
Reflectivity of scene point n (signal of interest): xn
Pulse transmitted by transmitter s (freq. domain): Ps,f
Signal received by receiver l (freq. domain): Rl,f
Distance of transmitter s to scene point n: ds,n
Distance of receiver l to scene point n: dn,l
Speed of propagation: c
Time delay for distance d: d/c
Time delay from s to l through n: τs,l,n=(ds,n + dn,l)/c

S transmitters, L receivers, N scene points (scene discretized), F transmitted frequencies

System Model

Received data

Sensing 
Matrix

(determined by 
system design)

Scene
(unknown)

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>
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Scene Model

Transmitters
Receivers

Reflector

)))))))

Scene Reflectivity
(at every point in the scene)

Typical scenarios: very few reflectors in scene

Often reflectors are not permeable 
(can’t see behind them)

((((((
(

))))
)))

Scene is sparse!
(i.e., mostly zeros)

Received data

Sensing 
Matrix

Scene
y = Ax

<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>
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ACQUISITION AND RECOVERY
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Acquisition and Recovery

))))))) )))))))

Transmitter s

Receiver l

Scene point n

Received data Sensing Matrix
(determined by 
pulsing method)

Scene
(sparse)

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>

Problem 2 - Design: How to get a good A?
(just a bit on that today)

Problem 1 - Recovery: Given y, what is x?
(most of the discussion today)

bx = “A�1”y
<latexit sha1_base64="3/Vda87BRlZlA/w8RCYf2J6MCcI=">AAACGnicbVDLSsNAFJ3UV62vqEs3oUVwY0mqoBuh6sZlBfuAJraTyaQdOnkwM1FDyHe48VfcuFDEnbjxb5y0KWjrgYFzz7mXuffYISVc6Pq3UlhYXFpeKa6W1tY3NrfU7Z0WDyKGcBMFNGAdG3JMiY+bggiKOyHD0LMpbtujy8xv32HGSeDfiDjElgcHPnEJgkJKPdUw74mDh1AkpgfF0HaThzQ96/en1Xl6mxwaaXlax2lPrehVfQxtnhg5qYAcjZ76aToBijzsC0Qh511DD4WVQCYIojgtmRHHIUQjOMBdSX3oYW4l49NSbV8qjuYGTD5faGP190QCPc5jz5ad2YZ81svE/7xuJNxTKyF+GAnso8lHbkQ1EWhZTppDGEaCxpJAxIjcVUNDyCASMs2SDMGYPXmetGpV46hauz6u1C/yOIpgD5TBATDACaiDK9AATYDAI3gGr+BNeVJelHflY9JaUPKZXfAHytcPJXyiKg==</latexit>
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Simple Computation: Least Squares Inversion

))))))) )))))))

Transmitter s

Receiver l

Scene point n

Received data Sensing Matrix
(determined by 
pulsing method)

Scene
(sparse)

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>

Least Squares Inversion:

Problem 1 - Recovery: Given y, what is x?

bx = A†y
<latexit sha1_base64="Fvui90UeuhsN9y+pAGLv1sUyWAA=">AAACGnicbZDLSsNAFIYn9VbrrerSTbAIrkpSBd0IVTcuK9gLNLVMJifp0MmFmYkaQp7Dja/ixoUi7sSNb+OkF9DWHwY+/nMOc85vR4wKaRjfWmFhcWl5pbhaWlvf2Nwqb++0RBhzAk0SspB3bCyA0QCakkoGnYgD9m0GbXt4mdfbd8AFDYMbmUTQ87EXUJcSLJXVL5vWPXVggGVq+VgObDd9yLKzKZ9nt5aDPQ/41EmyfrliVI2R9HkwJ1BBEzX65U/LCUnsQyAJw0J0TSOSvRRzSQmDrGTFAiJMhtiDrsIA+yB66ei0TD9QjqO7IVcvkPrI/T2RYl+IxLdVZ76hmK3l5n+1bizd015KgyiWEJDxR27MdBnqeU66QzkQyRIFmHCqdtXJAHNMpEqzpEIwZ0+eh1atah5Va9fHlfrFJI4i2kP76BCZ6ATV0RVqoCYi6BE9o1f0pj1pL9q79jFuLWiTmV30R9rXDwNvorg=</latexit>

In fact two different approaches:

Least norm solution if underdetermined system:

Least squares fit if overdetermined system:

bx = argmin
x

kxk2 s.t. x = Ay
<latexit sha1_base64="L+6XBEW+O/Vuw0Aos3MkdeazE84="></latexit>

bx = argmin
x

ky �Axk2
<latexit sha1_base64="15so7rGRUYe6eScQocH0HFvtg6k="></latexit>
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Simple Computation: Matched Filter

))))))) )))))))

Transmitter s

Receiver l

Scene point n

Received data Sensing Matrix
(determined by 
pulsing method)

Scene
(sparse)

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>

Least Squares Inversion:

Problem 1 - Recovery: Given y, what is x?

bx = A†y
<latexit sha1_base64="Fvui90UeuhsN9y+pAGLv1sUyWAA=">AAACGnicbZDLSsNAFIYn9VbrrerSTbAIrkpSBd0IVTcuK9gLNLVMJifp0MmFmYkaQp7Dja/ixoUi7sSNb+OkF9DWHwY+/nMOc85vR4wKaRjfWmFhcWl5pbhaWlvf2Nwqb++0RBhzAk0SspB3bCyA0QCakkoGnYgD9m0GbXt4mdfbd8AFDYMbmUTQ87EXUJcSLJXVL5vWPXVggGVq+VgObDd9yLKzKZ9nt5aDPQ/41EmyfrliVI2R9HkwJ1BBEzX65U/LCUnsQyAJw0J0TSOSvRRzSQmDrGTFAiJMhtiDrsIA+yB66ei0TD9QjqO7IVcvkPrI/T2RYl+IxLdVZ76hmK3l5n+1bizd015KgyiWEJDxR27MdBnqeU66QzkQyRIFmHCqdtXJAHNMpEqzpEIwZ0+eh1atah5Va9fHlfrFJI4i2kP76BCZ6ATV0RVqoCYi6BE9o1f0pj1pL9q79jFuLWiTmV30R9rXDwNvorg=</latexit>

Matched Filter: 
(a.k.a., backprojection, 
delay and sum beamforming, etc.)

bx = A⇤y
<latexit sha1_base64="dbpcxx2HqFdf2kKg10Wiiq4hnLs=">AAACFHicbZDLSsNAFIYn9VbrLerSzWARRKEkVdCNUHXjsoK9QBPLZDJph04uzEzUEPIQbnwVNy4UcevCnW/jpBfQ1h8GPv5zDnPO70SMCmkY31phbn5hcam4XFpZXVvf0De3miKMOSYNHLKQtx0kCKMBaUgqGWlHnCDfYaTlDC7zeuuOcEHD4EYmEbF91AuoRzGSyurqh9Y9dUkfydTykew7XvqQZWcTPs9uDyacZF29bFSMoeAsmGMog7HqXf3LckMc+ySQmCEhOqYRSTtFXFLMSFayYkEihAeoRzoKA+QTYafDozK4pxwXeiFXL5Bw6P6eSJEvROI7qjPfUEzXcvO/WieW3qmd0iCKJQnw6CMvZlCGME8IupQTLFmiAGFO1a4Q9xFHWKocSyoEc/rkWWhWK+ZRpXp9XK5djOMogh2wC/aBCU5ADVyBOmgADB7BM3gFb9qT9qK9ax+j1oI2ntkGf6R9/gC9wZ/g</latexit>

Performs well in practice, as long as A is “well behaved”
(low sidelobes, no grating lobes, etc.)

Drawback: none of these methods take a model for x into account
(remember, scene is sparse!)
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Sparse/Model Based Inversion

))))))) )))))))

Transmitter s

Receiver l

Scene point n

Received data Sensing Matrix
(determined by 
pulsing method)

Scene
(sparse)

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>

General Inverse Problem Principles

Problem 1 - Recovery: Given y, what is x?

Find x, such that y ⇡ Ax
<latexit sha1_base64="NbNIcQU+JVM0Guk4nvo3LVhlgao=">AAACDnicbZDLSsNAFIYnXmu9RV26CZaCq5JUQZdVNy4r2As0oUymk3boZDLMTKQh5Anc+CpuXCji1rU738ZJm4K2/jDw8Z9zmHN+n1MilW1/Gyura+sbm6Wt8vbO7t6+eXDYllEsEG6hiEai60OJKWG4pYiiuMsFhqFPcccf3+T1zgMWkkTsXiUceyEcMhIQBJW2+mbVDaEa+UGaZC7kXESTuXGVzWmS9c2KXbOnspbBKaACCjX75pc7iFAcYqYQhVL2HJsrL4VCEURxVnZjiTlEYzjEPY0Mhlh66fSczKpqZ2AFkdCPKWvq/p5IYShlEvq6M99QLtZy879aL1bBpZcSxmOFGZp9FMTUUpGVZ2MNiMBI0UQDRILoXS00ggIipRMs6xCcxZOXoV2vOWe1+t15pXFdxFECx+AEnAIHXIAGuAVN0AIIPIJn8ArejCfjxXg3PmatK0YxcwT+yPj8AWyinZs=</latexit>

and fits the model

bx = argmin
x

ky �Axk22 + �R(x)
<latexit sha1_base64="ytbgXAqnHOkC1LRAGFTHgCpIYTY="></latexit>

bx = argmin
x

ky �Axk22 + �kxk1
<latexit sha1_base64="Owkdg/tRW5bGqsMFfH2Ni5qrwy8="></latexit>

(sparsity)
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Sparse/Model Based Inversion

))))))) )))))))

Transmitter s

Receiver l

Scene point n

Received data Sensing Matrix
(determined by 
pulsing method)

Scene
(sparse)

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>

Problem 1 - Recovery: Given y, what is x?

bx = argmin
x

ky �Axk22 + �kxk1
<latexit sha1_base64="Owkdg/tRW5bGqsMFfH2Ni5qrwy8="></latexit>

General Idea: Find the sparsest signal that explains the data

Computation is a significant component!
We have many efficient ways to compute the solution, or approximations to it

(convex optimization, greedy approximations, fast first-order algorithms)

Sparse Recovery Problem
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))))))) )))))))

Transmitter s

Receiver l

Scene point n

Received data Sensing Matrix
(determined by 
pulsing method)

Scene
(sparse)

Problem 2 - Design: How to get the best A?
Pulse Bandwidth ⇔ Depth resolution

(but higher bandwidth requires higher sampling rate)

Array Size (aperture) ⇔ Angle (spatial) resolution
(but larger array requires more elements)

More elements simultaneously transmitting ⇒ more interference
(randomize/code pulses to be able to separate them)

Sensing and Pulsing

y = Ax
<latexit sha1_base64="oRU8Ui0BbF6zP4kgHfMXAeAaAG0=">AAACCHicbZDLSsNAFIZPvNZ6i7p0YbAIrkpSBd0IVTcuK9gLtKVMppN26GQSZiZiCFm68VXcuFDErY/gzrdx0qagrT8MfPznHOac3w0Zlcq2v42FxaXlldXCWnF9Y3Nr29zZbcggEpjUccAC0XKRJIxyUldUMdIKBUG+y0jTHV1n9eY9EZIG/E7FIen6aMCpRzFS2uqZBx0fqaHrJXF6McXLdEoPac8s2WV7LGsenBxKkKvWM786/QBHPuEKMyRl27FD1U2QUBQzkhY7kSQhwiM0IG2NHPlEdpPxIal1pJ2+5QVCP66ssft7IkG+lLHv6s5sQzlby8z/au1IeefdhPIwUoTjyUdexCwVWFkqVp8KghWLNSAsqN7VwkMkEFY6u6IOwZk9eR4albJzUq7cnpaqV3kcBdiHQzgGB86gCjdQgzpgeIRneIU348l4Md6Nj0nrgpHP7MEfGZ8/E/2apg==</latexit>
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Today

)))))))
((((((

(

))))
)))

Computational Sensing Principles

yl(t) =xnps(t� ⌧s,l,n)

()
Yl,f =xnPs,fe

�j!f⌧s,l,n
<latexit sha1_base64="YgZrNOP78qWHuV5OpRNDWIULcmU="></latexit>

Received data

Sensing 
Matrix

(determined by 
system design)

Scene
(unknown)

bx = argmin
x

ky �Axk22 + �R(x)
<latexit sha1_base64="ytbgXAqnHOkC1LRAGFTHgCpIYTY="></latexit>

Radar and Array Processing
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Discretized Scene

(far field)

Object

Qualitative results at 15dB PSNR
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Sparse Recovery - true positions
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Measurement-domain convolution
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Proposed: image-domain convolution
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Distributed Array ProcessingExperimental validation

Stepped frequency, 9GHz bandwidth, fc = 6GHz.
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Radar and Array Processing

d2

θs

d2 sin(θs)

d1 dM-1…

L

Discretized Scene

(far field)

Object
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Wave Propagation, Far-field Approximation

… …

Sensor 
array

Source

Propagating 
waves

Propagating waves are circular: 
Same delay for same distance from source

Far field approximation
Sources located far relative to array size
Propagating waves become flat (planar)

Sensor 
array

2/18/2013
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Array Design

d

θs

d sin(θs)

L

d2

θs

d2 sin(θs)

d1 dM-1…

L

Array parameters
• Operating Frequency: 76-77GHz

(λ/2≈2mm)
• Aperture size: 20cm 
• Array Elements: 30 

(instead of ~100)

Uniform Spacing Non-Uniform Spacing
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Radar Scene Model
Array

D
iscretized Scene

(far field)

O
bj

ec
t

Scene (signal) model: 
Front of objects is empty (zero)
Rear of objects is invisible (zero)

Model 
Enforcement 
(Model-based 

truncation)

Angle

Angle

Range
Range
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• Operating Frequency: 76-77GHz 

• Simulation in 2D-field (easier to visualize results)
– Assuming uniform linear array

• Compared three approaches
– Classical backprojection (beamforming)
– Standard Compressive Sensing (CoSaMP)
– Model-based Compressive Sensing

Example: mmWave Radar Simulation
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Backprojection (beamforming) 
exhibits significant blur, especially 
as array elements are reduced

Blur also confuses 
Classical CS 
algorithms

Model enforcement improves reconstruction 
significantly, even with significant blur

Example: Array with uniform spacing

Classical CS

Classical CS
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Example: Array with randomized spacing

Standard CS performance 
improves, but not perfect

Classical CS

Classical CS
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Computational Sensing Principles

yl(t) =xnps(t� ⌧s,l,n)

()
Yl,f =xnPs,fe

�j!f⌧s,l,n
<latexit sha1_base64="YgZrNOP78qWHuV5OpRNDWIULcmU="></latexit>

Received data

Sensing 
Matrix

(determined by 
system design)

Scene
(unknown)

bx = argmin
x

ky �Axk22 + �R(x)
<latexit sha1_base64="ytbgXAqnHOkC1LRAGFTHgCpIYTY="></latexit>

Radar and Array Processing

d2

θs

d2 sin(θs)

d1 dM-1…
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Discretized Scene

(far field)

Object

Qualitative results at 15dB PSNR
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u
th

 (
m

)

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u
th

 (
m

)

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u
th

 (
m

)

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u
th

 (
m

)

5.8 6 6.2 6.4 6.6 6.8

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u
th

 (
m

)

c�MERL February 15, 2018 - Information Theory and Applications Workshop 10 / 15

Qualitative results at 15dB PSNR

Sparse Recovery - true positions
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Measurement-domain convolution
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Proposed: image-domain convolution
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Distributed Array ProcessingExperimental validation

Stepped frequency, 9GHz bandwidth, fc = 6GHz.
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Synthetic Aperture Radar

Imaging result of full data (square root of mag) 

200 400 600 800 1000

100

200

300

400

500

600

700

800

900

1000

Reconstructed reflectivity using random steerable array(square root of image mag)

200 400 600 800 1000 1200 1400 1600 1800 2000

100

200

300

400

500

600

700

800

900

1000



© MERL

Today

Synthetic Aperture Radar

Imaging result of full data (square root of mag) 
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Reconstructed reflectivity using random steerable array(square root of image mag)
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• SAR Acquisition follows linear model

• Acquisition function (A) determined by SAR parameters
– Pulse shape/rate
– Moving platform trajectory

• Image formation: given y determine x.

Synthetic Aperture Radar (SAR)

Ground Image: x

Received Data: y

SAR Acquisition Linear Equation: y = A x

Ground
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SAR Modes: Coverage vs. Resolution

Strip-map mode
Beam not steered

Resolution

Coverage

Sliding mode
Beam Steered

Spotlight mode
Beam Steered
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Spotlight Mode, Randomly Steerable

Classical spotlight mode Randomly steerable mode
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Conventional array vs. random steerable array

39
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Conventional spotlight array Random steerable spotlight mode
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Reconstruction Results, Single Spot

Conventional reconstruction, full data

Wavelet-sparsity reconstruction Proposed method (spatial sparsity)

Conventional 
spotlight mode

Random 
steerable array

Ghosting

Leakage 
from strong 
scatterers

Conventional reconstruction, 
uniform downsampling
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Can we do more? Sliding Mode Array (IGARSS 2013)

Randomized sliding mode
Beam randomly steered

in area of interest.

Conventional sliding mode:
Beam sliding in area of interest
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Simulation Results

True Reflectivity RandomizedConventional

10dB increase in SNR

26% reduction 
in Phase Error

Conventional

Randomized

Phase Error
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Radar and Array Processing
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Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Sparse Recovery - true positions

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u

th
 (

m
)

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u

th
 (

m
)

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u

th
 (

m
)

5.8 6 6.2 6.4 6.6 6.8 7

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u

th
 (

m
)

5.8 6 6.2 6.4 6.6 6.8

Range (m)

-0.2

0

0.2

0.4

0.6

0.8

A
zi

m
u

th
 (

m
)

Measurement-domain convolution
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Proposed: image-domain convolution
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Distributed Array ProcessingExperimental validation

Stepped frequency, 9GHz bandwidth, fc = 6GHz.
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Today

Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Sparse Recovery - true positions
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Measurement-domain convolution
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Proposed: image-domain convolution
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Distributed Array ProcessingExperimental validation

Stepped frequency, 9GHz bandwidth, fc = 6GHz.
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© MERL

• Several spatially distributed radar platforms coordinating
– Large aperture → High resolution
– Small cheap platforms → Inexpensive, fault tolerant, robust, low 

maintenance…

• Main Challenges
– Clocks are difficult to synchronize
– Position of each platform not accurately known

Distributed Radar



© MERL

Problem 1: Imperfect Synchronization
• Main intuition: Timing shifts in the data can be modeled as a 

convolution in time with a 1-sparse kernel modeling the time delay

ym = zm ⇤ (Amx)
<latexit sha1_base64="5o+VSj+t5AelF5QtJTosd4um+U8=">AAACMXicbZDLSsNAFIYnXmu9VV26CRahuihJFXQjVN10WcFeoAlhMp20QycXZk7EGvJKbnwTcdOFIm59CSe9gLYeGPj5zmXO+d2IMwmGMdKWlldW19ZzG/nNre2d3cLeflOGsSC0QUIeiraLJeUsoA1gwGk7EhT7Lqctd3Cb5VsPVEgWBvcwjKjt417APEYwKOQUapaPoe96yTB1/CsrVLXZqGSGn1LFTy1OPSjN2LVCM/2YWoL1+nDiFIpG2RiHvijMqSiiadSdwqvVDUns0wAIx1J2TCMCO8ECGOE0zVuxpBEmA9yjHSUD7FNpJ+OLU/1Yka7uhUK9APQx/d2RYF/Koe+qymxROZ/L4H+5TgzepZ2wIIqBBmTykRdzHUI9s0/vMkEJ8KESmAimdtVJHwtMQJmcVyaY8ycvimalbJ6VK3fnxerN1I4cOkRHqIRMdIGqqIbqqIEIekZv6B19aC/aSPvUvialS9q05wD9Ce37By1RrJg=</latexit>

() ym ⇤ zm = Amx
<latexit sha1_base64="9x5Z545dxuf899icaPtrQ5xbsxc=">AAACLHicbVDLSgMxFM34rPVVdelmsAjiosxUQTdCtRsXLirYB7SlZNJMG5pJhuSOWod+kBt/RRAXFnHrd5i2U9DWA4Fzzr2X3Hu8kDMNjjO0FhaXlldWU2vp9Y3Nre3Mzm5Fy0gRWiaSS1XzsKacCVoGBpzWQkVx4HFa9XrFUb16T5VmUtxBP6TNAHcE8xnBYKxWpti4kaLDqQ+KdbqAlZIPjQBD1/Pj/qAVHE/FkxEXU3FpxJQ/DlqZrJNzxrDniZuQLEpQamXeGm1JooAKIBxrXXedEJoxVsAIp4N0I9I0xKSHO7RuqMAB1c14fOzAPjRO2/alMk+APXZ/T8Q40LofeKZztKGerY3M/2r1CPzzZsxEGAEVZPKRH3EbpD1Kzm4zRQnwviGYKGZ2tUkXK0zA5Js2IbizJ8+TSj7nnuTyt6fZwlUSRwrtowN0hFx0hgroGpVQGRH0jF7RBxpaL9a79Wl9TVoXrGRmD/2B9f0DYOiqvA==</latexit>

() Amx� ym ⇤ zm = 0
<latexit sha1_base64="ixJxplYnCDvAyFSb3yTacW7ynJk="></latexit>



© MERL

Problem 1: Imperfect Synchronization
• Main intuition: Timing shifts in the data can be modeled as a 

convolution in time with a 1-sparse kernel modeling the time delay

ym = zm ⇤ (A x)
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Computational Formulation

• Scene is sparse, shifts are sparse

• All-zeros happens to be a (trivial) solution

• However, delays positive and sum up to 1

• Scene also (typically) positive, non-zero
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Algorithm 1: FISTA for distributed radar phase-
synchronization

Input: measurements {ym}Mm=1, measurement matrices
{Am}Mm=1, Lipschitz constant ↵, and regularization
parameters �x �z �

Initialization: Initial estimate w0 = u0, t0 = 1
1: while stopping criteria unsatisfied do
2: vj  wj�1 + ↵BH(b�Bwj�1)
3: ūj  T (vj ,↵�)
4: uj  PR+(ū

j)

5: tj  1+
p

1+4(tj�1)2

2

6: wj  uj + t
j�1�1

tj
(uj � uj�1)

7: end while
Output: Final estimate wj

the sum of entries of the resulting reflectivity image. The scale con-
straints for the time shifts zm, on the other hand, are imposed as a
hard constraint: 1T zm = 1 for each m.

Combining all constraints and priors, we obtain the following
sparse recovery problem:

minimize
x,{zm}Mm=1

�x kxk1 + �z

MX

m=1
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subject to: x � 0N , zm � 0P , 1T zm = 1 , 8m (11)

where 1 and 0 are vectors of all ones and zeros of appropriate
lengths.

3.2. FISTA-based Recovery Algorithm

Since the problem posed in (11) is a convex sparse recovery problem,
we propose a FISTA inspired algorithm to find the solution. To this
end, let us first define the following variables:

w =

2
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x
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zM

3
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, b =

2
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0
0
...
0
�1

3

777775
, � =

2
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�x1N

�z1P

�z1P

...
�z1P
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, and

B =

2
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eA1 �F ⇥ ⇥ · · · ⇥
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...
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. . .
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eAM ⇥ ⇥ ⇥ · · · �F
�1T 0T 0T 0T · · · 0T

3
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. (12)

With these variables, the algorithm for blind deconvolution is pre-
sented in Alg. 1. Before starting the algorithm, the estimate w0

is initialized with x0 = 0N and all z0m = z0, where z0 is the
time-domain Dirac delta and corresponds to no time ambiguity in
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Fig. 1. The synthetic distributed radar system in our synthetic data.
The colored round dots represent antennas in the four distributed
array. The red square represents the radar scene being imaged.

the measurements. At step 3 of the algorithm, T (·) represents the
element-wise soft-thresholding operator defined as:

T (x,�) =

⇢
sign(xi) ·

�
|xi|� �

�
, if |xi| � �

0, otherwise. (13)

Furthermore, at step 4, PR+(·) represents the projection of the zm
components of ū onto the non-negative real orthant, followed by
the normalization of all zjm’s to strictly impose the scale constraint
1T zm = 1. We now evaluate the performance of our modified
FISTA approach on synthetic data.

4. NUMERICAL EXPERIMENTS

To evaluate the performance of our proposed method, we run ex-
periments for a synthetic radar scene with three targets as shown
in Fig. 1. The measurements are obtained through four wideband
distributed antenna arrays with 8 antennas on each array. The first
antenna array acts as both transmitter and receiver, whereas the other
three act only as receivers. The system bandwidth is 6GHz, centered
at 6GHz, and the received signals are sampled at the Nyquist rate.
The simulations are performed in the time domain.

The measurements acquired from the first array have no time
mismatch since the same array is used for both transmission and
signal acquisition. For the remaining three arrays a time mismatch
(advance or delay) of Tmax is allowed. The measurements are cor-
rupted with white Gaussian noise having a peak signal-to-noise ratio
(PSNR) of 30dB after matched filtering with the transmitted pulse.
The radar scene recovered through the proposed algorithm is shown
in Fig. 2, along with the ground truth and reconstructions from sparse
recovery with correct and incorrect antenna positions. We run our al-
gorithm with �x and �z equal to 200 for Tmax = 5 time samples.
The advantage of our proposed method is evident from the compar-
ison, and one can see that our method reconstructs the radar scene
correctly up to a global shift ambiguity.

To highlight the effect of noise in the observations on the recov-
ery performance, we also compare our proposed approach against
the sparse recovery algorithm with incorrect positions. We run ex-
periments for varying PSNR levels and for maximum time errors
Tmax of 5 and 20 time samples. We generate five different spa-
tial realizations of “three targets” in the scene each with different
time ambiguities. We then generate receiver operating characteristic
(ROC) curves for both approaches at the varying PSNR levels rang-
ing from 8dB to 30dB. It can be seen from Fig. 3 that our proposed
approach outperforms sparse recovery with incorrect positions at all
noise levels.
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Experimental Results
• 32 antennas split into 4 arrays. 
• 9 GHz BW Differential Gaussian 

pulse centered at 6 GHz. 
• Timing error up to ±1ns
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Fig. 2. Figure (a) shows the true reflectivity of the target scene. Fig-
ures (b) and (c) show the reconstructed scenes with unknown and
known time mismatch, respectively. Figure (d) shows the recon-
structed scene obtained through the proposed approach that recovers
the scene as well as the time mismatch.
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Fig. 3. The top row presents the ROC curves for (a) the proposed
algorithm and (b) sparse recovery algorithm with time errors for a
maximum time mismatch of 5 time periods. The bottom row shows
the same ROC curves for a maximum time mismatch 20 time peri-
ods.

5. CONCLUSION

In this paper we demonstrate that appropriate modeling of the clock
asynchrony in distributed radar systems provides the ability to per-
form coherent imaging, despite the significant phase errors in the ac-
quired data. The key realization is that asynchronous clocks manifest

as unknown delays or advances in the recorded data, i.e., as convolu-
tions with unknown 1-sparse impulse responses. Using this convolu-
tional model, it is possible to formulate a linear system with both the
delays and the image of the scene of interest in its nullspace. Fur-
thermore, the 1-sparse structure of the delays and the sparse structure
of the scene allow us to restrict the solution space and recover both
the relative delay between clocks of pairs of sensors, and the sparse
scene. Our numerical simulations verify this intuition and validate
our model.

While our work is similar in spirit to our earlier work on position
uncertainty in such distributed array systems [11], it demonstrates
that small changes in the model—in this particular case timing un-
certainty instead of position uncertainty—can result in significantly
different final formulations, with different properties and different
solution strategies. This is in contrast to most of existing approaches,
which simply model the error as a phase error to be recovered, irre-
spective of whether it is due to timing or position ambiguity. In
such approaches, determining the appropriate phase model for each
case is particularly difficult, leading to models that do not accurately
capture the nature of the errors. Our general optimization-based ap-
proach, instead, is able to accurately capture the nature of the error
and lead to tractable formulations to obtain the solution.
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Fig. 2. Figure (a) shows the true reflectivity of the target scene. Fig-
ures (b) and (c) show the reconstructed scenes with unknown and
known time mismatch, respectively. Figure (d) shows the recon-
structed scene obtained through the proposed approach that recovers
the scene as well as the time mismatch.

0 0.01 0.02 0.03 0.04 0.05
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e
 p

o
si

tiv
e

 r
a

te

 

 

8dB
10dB
15dB
20dB
25dB
30dB

0 0.01 0.02 0.03 0.04 0.05
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e
 p

o
si

tiv
e

 r
a

te

 

 

8dB
10dB
15dB
20dB
25dB
30dB

(a) (b)

0 0.01 0.02 0.03 0.04 0.05
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e
 p

o
si

tiv
e

 r
a

te

 

 

8dB
10dB
15dB
20dB
25dB
30dB

0 0.01 0.02 0.03 0.04 0.05
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e
 p

o
si

tiv
e

 r
a

te

 

 

8dB
10dB
15dB
20dB
25dB
30dB

(c) (d)

Fig. 3. The top row presents the ROC curves for (a) the proposed
algorithm and (b) sparse recovery algorithm with time errors for a
maximum time mismatch of 5 time periods. The bottom row shows
the same ROC curves for a maximum time mismatch 20 time peri-
ods.

5. CONCLUSION

In this paper we demonstrate that appropriate modeling of the clock
asynchrony in distributed radar systems provides the ability to per-
form coherent imaging, despite the significant phase errors in the ac-
quired data. The key realization is that asynchronous clocks manifest

as unknown delays or advances in the recorded data, i.e., as convolu-
tions with unknown 1-sparse impulse responses. Using this convolu-
tional model, it is possible to formulate a linear system with both the
delays and the image of the scene of interest in its nullspace. Fur-
thermore, the 1-sparse structure of the delays and the sparse structure
of the scene allow us to restrict the solution space and recover both
the relative delay between clocks of pairs of sensors, and the sparse
scene. Our numerical simulations verify this intuition and validate
our model.

While our work is similar in spirit to our earlier work on position
uncertainty in such distributed array systems [11], it demonstrates
that small changes in the model—in this particular case timing un-
certainty instead of position uncertainty—can result in significantly
different final formulations, with different properties and different
solution strategies. This is in contrast to most of existing approaches,
which simply model the error as a phase error to be recovered, irre-
spective of whether it is due to timing or position ambiguity. In
such approaches, determining the appropriate phase model for each
case is particularly difficult, leading to models that do not accurately
capture the nature of the errors. Our general optimization-based ap-
proach, instead, is able to accurately capture the nature of the error
and lead to tractable formulations to obtain the solution.
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Problem 2: Unknown Positions

ó

Unknown

Sparse image

• Main intuition: Unknown position shift of a transmitter-receiver 
pair is equivalent to unknown shift of the image in space

ym = A (x ⇤ hm)
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• Main intuition: Unknown position shift of a transmitter-receiver 

pair is equivalent to unknown shift of the image in space

ym = A (x ⇤ hm)
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Computational Formulation

• Problem  of two unknowns
– Generally under-determined
– But we know shift kernels are sparse (1-sparse, in fact)
– The scene is also sparse
⟹ We can still formulate it as a minimization

• Not a convex problem, harder to solve
– We alternate between solving for x and hm

ym = A (x ⇤ hm)
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Data Sensing 
Operator

Scene Shift 
Kernel

bx, bhm =arg min
x,hm

X

m

⇣
kym �A(x ⇤ hm)k22 + ⇢khmk1

⌘
+ �kxk1

s.t. 1Thm = 1
<latexit sha1_base64="biW6y4fhZ1iQGO6m7J5Xz4chi9A="></latexit>
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• 32 antennas split into 4 arrays. 
• 9 GHz BW Differential Gaussian 

pulse centered at 6 GHz. 
• Average position error ~2λ; 

maximum error at 3.5λ

Simulation Results

Qualitative results at 15dB PSNR
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Ground Truth
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Sparse Recovery - true positions
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Sparse Recovery - perturbed positions
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Qualitative results at 15dB PSNR

Sparse Recovery - true positions
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Measurement-domain convolution
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Proposed: image-domain convolution
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Qualitative results at 15dB PSNR

Sparse Recovery - true positions
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Measurement-domain convolution
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Proposed: image-domain convolution
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Actual Scene Positions Known Position Error 
Ignored

Measurement phase 
Correction (classical)

Position Error 
Corrected (this talk)

Numerical evaluation

• Compare recovery performance against:
Measurement-domain convolution with subspace restriction on gm.
Sparse recovery using fused-Lasso minimization without
compensating for position ambiguity.

• We use a block-coordinate descent algorithm to solve (1).
• Evaluate recovery at di↵erent measurement noise levels.
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Numerical evaluation

• Compare recovery performance against:
Measurement-domain convolution with subspace restriction on gm.
Sparse recovery using fused-Lasso minimization without
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Numerical evaluation

• Compare recovery performance against:
Measurement-domain convolution with subspace restriction on gm.
Sparse recovery using fused-Lasso minimization without
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Experimental Results
Experimental validation

Stepped frequency, 9GHz bandwidth, fc = 6GHz.

0.5 1 1.5 2 2.5 3

Range (m)

-0.5

0

0.5

1

1.5

A
zi

m
u

th
 (

m
)

c�MERL February 15, 2018 - Information Theory and Applications Workshop 11 / 15

Experimental validation
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Experimental validation
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Reconstructed image
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Take-home Message
• Computation should have a symbiotic relationship with sensing

– Important to balance the trade-off between hardware complexity 
and computation

– Be aware of complexity cost and use computation where it matters

• Good modeling of the system and the signal is key
– Linearity goes a long way! 
– Signal models are your friends

• Inverse problem framework is very powerful and very generic
– Makes model enforcement easy

Questions/Comments?
petrosb@merl.com

http://boufounos.com
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