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‘ from the EDITOR

Linda Cherry, Publication Manager,
IEEE Signal Processing Society

Li Deng,
Editor-in-Chief and

Enhancing the Global Impact of Our Magazine—
Introducing the second reprint edition of SPM in Chinese

ast September, embracing

IEEE’s global strategy, IEEE

Signal Processing Magazine

(SPM) produced the first edition

of translated reprint articles
from SPM in simplified Chinese. It has
been hosted on our society’s website,
available digitally [1], and its hard copies
have been distributed to ICIP attendees
in Hong Kong, September 26-29, 2010
with a formal follow-up survey. The feed-
backs are strongly positive, with numer-
ous suggestions for improving future
editions. One of the feedbacks is that
many readers of our SPM in Taiwan and
Hong Kong do not read simplified
Chinese. This prompts us to use tradi-
tional Chinese, occasionally mixed with
simplified Chinese, in our second edition
that you are reading now.

In addition to the formal survey, we
also conducted a number of informal
surveys via discussions with the Chinese
readers of SPM. Many native Chinese
readers suggested the use of side-by-side
English and translated Chinese articles.
They told us that since their past writing
of technical signal processing papers has
typically been in Chinese, side-by-side
comparisons between the two languages
will help them improve their English
writing skills. We have included two
such articles in this edition. In the
future, we plan to include more side-by-
side articles and more diverse topics.

In our introduction to the first edi-
tion of the Chinese translated reprint
articles from SPM [2], we outlined

potential global impact of our transla-
tion effort. A few months since then, the
significance has become even more
apparent. China produces the largest
engineering force in the world, with
1,003 universities providing engineering
degrees, 3.7 million undergraduate engi-
neering students, and 470,000 post grad-
uate engineering students. IEEE’s has
experienced phenomenal growth in
China in the last 4 years, with its mem-
bership increasing by 83% and the num-
ber of articles published increasing by
511%. The number of IEEE sponsored
conferences has increased by 265%. The
largest number of downloads from IEEE
Xplore are from Asia (59%), followed by
North America and Europe. Despite the
popularity of English in China, language
barriers still exist. One very interesting
finding from our survey highlights the
importance of our translation effort in
an enlightening way. That is, many sig-
nal processing students and profession-
als in China find our translated articles
in Chinese useful not because they do
not read English well, but because they
desire to write English better. Their
career development requires publica-
tions of their research work in English.
Having both English and their native
Chinese versions of our SPM articles
readily available to them would help
them write signal processing articles in
English better with similar styles.

Our translations capture cutting edge
industry trends as well as tutorial arti-
cles in popular signal processing theory,

methods, and applications. In this sec-
ond edition, we include the smart grid
application and three carefully tutorial
articles. To make the communication
more effective, we make use of strategic
partners from industry and academia.
This translated edition in your hand has
been mailed to all IEEE members in
mainland China, Taiwan, Hong Kong
and Singapore along with Spectrum
magazine.

Our translation work has been guided
by the general principle of “Glocal =
Global + Local”, where a global mind set
is customized to local taste and culture.
While you are reading and using our
reprinted editions, please keep in mind
this principle and, whenever possible,
provide us with your feedback on how
you would like the future editions to be
so that they can help you.

REFERENCES:

[1] http://www.signalprocessing
society.org/uploads/docs/Chinese
TranslationSPmagazine.pdf

[2] http://signalprocessingsociety.org/
newsletter/introducing-a-translated-
reprint-edition-of-ieee-signal-process-
ing-magazine-2
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‘ special REPORTS

Smart Grid Represents a Potentially
Huge Market for the Electronics Industry

uilding a global smart electric

grid is an ambitious task,

fraught with lots of compli-

cated technical and public

policy issues. But it’s already
turning out to be a big pay day for sever-
al industry companies that have commit-
ted to helping make it happen.

IEEE Signal Processing Society
President Mos Kaveh has referred to the
smart grid (IEEE Signal Processing
Magazine, vol. 27, no. 3, p. 4, May 2010)
as a “major initiative” with “significant
signal processing content,” requiring
sensing, analysis, communication, and
actuation technologies.

“We're seeing signs in the utility and
power generation industry that suggest
regulator and customer interactions and
technology and business alliances will
rapidly evolve as these massive infra-
structure projects are executed,” says
David Etheridge, utilities and power
generation industry leader at Price-
waterhouse Coopers, LLP.

In his report, “Smart Grid Growing
Pains,” Etheridge says, “Utilities are
forming alliances with the auto and
tech industries, adding several layers of
operational complexity. These factors
could, in some ways, redefine the way
utilities will do business going forward.
The biggest question,” he says, “is
whether customers will embrace or re-
ject smart grid technology.”

WHAT IS THE SMART GRID?

The best and most straightforward
description can probably be found in the
Energy Independence and Security Act of
2007, which defines the term “smart
grid” as the modernization of the elec-
tricity delivery system that monitors,

Digital Object Identifier 10.1109/MSP.2010.937501

protects, and automatically optimizes
the operation of its interconnected ele-
ments—from a central and distributed
generator through a high-voltage trans-
mission network and distribution sys-
tem, to industrial users and building
automation systems, and to end-use con-
sumers and their thermostats, applianc-
es, other handheld devices, and even
electric vehicles.

The U.S. Government has awarded
US$4.5 billion in grants to help build a
smart electric grid across the country.
Smart grid pilot and demonstration pro-
grams are already under way in 33 states.
China expects to allocate US$596 billion
to deploy smart grid applications. The
European Parliament has approved a
European Union (EU) energy package with
a mandate for the roll-out of smart utility
meters in all EU member states by 2022,
with 80% coverage expected by 2020.

The U.S. Department of Energy (DoE)
has already financed 54 projects with
US$100 million in American Recovery
and Reinvestment Act of 2009 (ARRA)
smart grid workforce training programs.
The winners of these funds are in several
states and represent collaborative efforts
of utilities, universities, technical
schools, and manufacturers. Part of this
program is aimed at finding ways to inte-
grate digital devices into the mechanical
electric grid.

BIG ELECTRONICS BUCKS

Currently, there are about 2.7 billion
utility meters in use globally, about half
of which are electric. Most meters (gas,
water, electric) can be read manually.
Only about 8% of the meters used glob-
ally are “automatic,” meaning they can
be read by a utility company remotely.
That’s about to change as the trend now
is toward automatic meter reading

Ron Schneiderman

(AMR), which not only increases the
electronic content of the meter but
drives a networked infrastructure for
remote metering.

Smart meter manufacturers and the
semiconductor vendors that supply them
anticipate a huge market for their prod-
ucts as a result of the development of the
smart grid. At least 500 million electric
meters are expected to be replaced in the
next ten years, representing a market of
US$750 million over that period of time
for chip manufacturers, according to
data developed from a variety of sources.

The market for communicating elec-
tricity meters in North America has
already seen record growth over the past
year, according to IMS Research, with
2009 shipments exceeding 8 million units,
of which a third were RF mesh meters.
However, 2010 is expected to see well over
7 million unit shipments of RF mesh
meters alone, raising the product share of
RF mesh in communicating meters to
well over 50% in North America. But
Europe and Asia, according to IMS
Research, continue to favor high-speed
power line communications meters.

Demand for electricity is growing
faster than the supply infrastructure,
according to “The Technology of the
Smart Grid,” a 140-page report pub-
lished by Research and Markets. At the
same time, the conversion to a digital
economy is increasing the demand for
high-quality power. The need to reduce
peak demand and improve power quality
requires an enhanced distribution grid
that can both heal itself and provide two-
way communication between the utility
and the end-user, the report points out.

Another study by the market research
organization Frost & Sullivan agrees
with the need for a complete modern
power grid but focuses on the European
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special REPORTS  continued

smart grid market for advanced
components. “The rise in offshore wind
and solar farms has resulted in the logi-
cal move of opting for high voltage direct
current for electrical power transmis-
sion, which is set to become the norm,”
says Vikas Ravindran, an F&S senior
research analyst.

DIGITAL SIGNAL

PROCESSOR APPLICATIONS

Digital signal processors (DSPs) are
already finding several applications in
the development of smart grid systems.

Analog Device’s Blackfin ADSP-BF50x
processors have been optimized for
renewable energy and smart grid infra-
structures, such as enabling inverters to
convert variable dc output into “clean”
current and regulate power flow into the
commercial electric grid and/or local
electrical networks fed by residential and
wind turbines. DSPs are also used in the
design of substation monitoring equip-
ment. They're also an option in isolation/
interface metering architectures.

Analog Devices thinks about the
smart grid market in terms of three seg-
ments: power generation, transmission
distribution, and smart meters.

Power generation means mostly
wind and solar power, which Ronn
Kliger, director of Analog Devices’
Energy Group, says opens up a signifi-
cant demand for DSP technology. Wind
is actually the big winner here because
the signal processing technology
required is more sophisticated and com-
plex than for solar. Optimizing the angle
of the blades of wind mills is just one
example of the challenge.

The processing requirements are
quite as complex for solar systems and
DPSs will find a place in solar. But there’s
also plenty of room for microcontrollers
(MCUs), particularly for lower-end sys-
tems. “The trend is not one of going to
higher processing power levels, but mov-
ing towards integrating some analog
functions into the processor, regardless
of whether it’s an MCU or DSP.”

In the transmission and distribution
area, most of the chips are going into
substations. The primary application here
for the smart grid is to monitor the

quality of the voltages and currents on
the line and to communicate that infor-
mation to a central control location, but
also be able to take action based on such
issues as the detection of a fault condi-
tion. This sector is becoming a major
user of DSPs because of the amount and
sophistication of processing required. For
example, substations can use dozens of
lines that need to be monitored, and each
one may require harmonic analysis, cal-
culating voltages, and currents.
Transmission and distribution also
require communications, but in this area,
DSP usually gives way to high-end MCUs.

“We’re starting to get requests to
integrate these functions,” says Kliger.
“That is, to come out with processors
with both the signal processing capabil-
ity to support the analysis but also to
support the communications capability.”

ANALOG DEVICES THINKS
ABOUT THE SMART
GRID MARKET IN TERMS
OF THREE SEGMENTS:
POWER GENERATION,
TRANSMISSION
DISTRIBUTION, AND
SMART METERS.

The smart meter case is more inter-
esting for the digital signal processing
community. For one thing, meters don’t
usually need the processing power of-
fered by a DSP. Where DSPs tend to fit
into this sector, at least for Analog
Devices, is in its metrology products,
which Kliger says isn’t always transpar-
ent to meter designers and manufactur-
ers. With a metrology approach, an A/D
converter is used with the outputs from
that feed to an MCU, which the meter
manufacturer would have to program.
In fact, because communications stan-
dards vary globally, chip suppliers have
developed custom, programmable chips
to meet the requirements of certain
meter manufacturers. The penalty for
this approach is cost. Some meter mak-
ers are dealing with this by focusing
their marketing strategy on only a few
countries—at least until the standards
issue is sorted out. But this could easily

be complicated by the EU’s requirement
that most European consumers adopt
smart meters by 2020.

TEXAS INSTRUMENTS

LOOKS TO MCUs

Texas Instruments (TI) is another major
player in the smart grid arena but
believes that low power wireless commu-
nication for electricity meters opens the
market to non-DSP solutions.

To meet legislative and standards
requirements both in the United
States and Europe, TI has added at
least 16 new ultra-low power MCUs to
its electricity and gas metering portfo-
lio. TI is also targeting power line
communications (PLCs) and radio fre-
quency (RF) interfaces for advanced
metering infrastructures expected to
be a significant part of smart grids
around the world.

In May, TI introduced its first 2.5-A
step-down SWIFT converter to support
input voltages up to 60 V for Global
System for Mobile Communications
and General Packet Radio Service
(GPRS)modules used in electronic
meters, fleet management, and security
systems. The new TPS54260 monolithic
synchronous switcher with integrated
high-side field-effect transistor (FET)
provides up to a 95% efficiency and low
operating current to 12-, 24-, and 48-V
point of load designs.

TI also recently bolstered its analog
manufacturing capacity with the pur-
chase of more than 100 tools from
Qimonda North America and Qimonda
Dresden, Germany. The company says
this is a first step in launching the phase
II expansion of RFAB, the industry’s first
300-mm analog wafer fab, located in
Richardson, Texas.

Olivier Monnier, TI’s metering mar-
keting manager, says the smart grid falls
into the company’s overall energy initia-
tive, where TI is conducting several
R&D programs based on power, solar,
and lighting. At least eight programs
are linked specifically to the smart grid.
“Much of the focus is on enhancing
communications techniques for the
smart grid, including next-generation
electrical meters [smart meters],” notes
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special REPORTS  continued

Monnier. Home displays are another
area of interest of TI, he says.

Looking at these applications, TI sees
opportunities in MCUs, or application-
specific embedded processing (low-power
MCUs for metrology, Cortex M3 MCUs
for application processors, MCUs for the
PLC, and low-power RF SoCs), for low-
power RF, power management, and
radio-frequency identification (RFID).
Monnier says TI sees additional opportu-
nities in substation applications, where
data sent from meters are concentrat-
ed—typically a DSP-type or processor
engine function.

To measure energy from smart
meters, TI is going with its low-power
MCU MSP430, which is already used
with utility meters and in-home appli-
cations. But the new meters must also
handle some new requirements for util-
ities. One is “time of usage,” which
implies the need for more memory,
connectivity to multiple communica-
tions options, and security. TI’s
response at the moment is its Stellaris
Cortex M3 platform, built around a
main application processor for handling
typical MCU tasks.

STANDARDS AND WIRELESS
Wireless is expected to be the dominant
communications technology for the
smart grid in the United States. In fact,
wireless carriers and system vendors are
already carving out a role for themselves
in this market.

IEEE Standards Association (IEEE-SA)
officially formed its own smart grid initia-
tive in May 2009, focusing on power
engineering, communications and IT,
and launched a project to create The
IEEFE Standard 2030 Guide for Smart
Grid Interoperability of Energy
Technology and Information Technology
Operation with the Electric Power
System (EPS) and End-Use Applications
and Loads.

The guide (IEEE-SA P2030) is
expected to provide a knowledge frame-
work for understanding the defining
smart grid interoperability of the electric
power system with end-use applications.
It’s designed to set the stage for future
smart grid standards.

IEEE-SA is one of several groups col-
laborating with the National Institute of
Standards and Technology (NIST) to
create a “Smart Grid Interoperability
Standards Roadmap,” a document that
will identify the short- and long-term
plans for architecture development and
infrastructure development for the
smart grid.

IEEE has more than 100 standards
published and in development that are
potentially crucial to the smart grid that
span digital information and controls
technology, networking, security, reli-
ability, assessment, interconnection of
distributed resources, sensors, electric
metering, broadband-over-power-line,
and systems engineering.

One possible new standard, IEEE
802.15.4G, that covers smart utility net-
works, recently went out for first review
and is expected to have an impact on

THE IEEE HAS ALREADY
HELD SEVERAL CONFERENCES
ON SMART GRID ISSUES,
SUCH AS THE IEEE GREEN
TECHNOLOGY CONFERENCE,
IN APRIL IN GRAPEVINE.

wireless smart meter service. (One of
the issues covered in this standard pro-
posal is modulation technique, which
directly impacts processing choices,
including DSPs.)

The IEEE has already held several
conferences on smart grid issues, such
as the IEEE Green Technology
Conference, in April in Grapevine, Texas.
Additional conferences, Webinars, and
public outreach forums in smart grid
technology and public policy are
planned. The IEEE has also published
nearly 2,500 papers on smart grid issues
in more than 40 journals and is launch-
ing two new cross-disciplinary and archi-
val journals, IEEE Transactions on
Smart Grid and IEEE Transactions on
Sustainable Energy.

ZIGBEE AND NIST

The ZigBee Alliance is another key play-
er that is driving the development of
smart grid wireless technology. With

more than 350 industry members, the
organization made its ZigBee’s Smart
Energy Profile 2.0 available for public
download and comment in late April.
The software package enables service
providers and utilities to wirelessly
communicate with and manage com-
mon household devices such as smart
thermostats and in-home displays and
appliances.

“This is an integral part of home
area networks (HAN) and the emerging
requirements for smart grid interoper-
ability and energy management,” says
George Arnold, national coordinator
for Smart Grid Interoperability at NIST,
which included the ZigBee Smart
Energy 2.0 in its NIST Framework and
Roadmap for Smart Grid Interoperabi-
lity Standards, Release 1.0 in January.
Common HAN devices include utility
meters, thermostats, pool pumps, water
heaters, appliances, and plug-in elec-
tric vehicles.

The ZigBee Alliance has also agreed
to collaborate with IP for Smart Objects
(IPSO) on wireless HANs using ZigBee’s
IP specification and Smart Energy
Version 2.0 standard.

RF Micro Devices, Inc., a major pro-
ducer of chips in several semiconductor
process technologies (but not DSPs) has
teamed with Ember Corp., which devel-
ops wireless mesh networking technolo-
gies, to introduce ZigBee front-end
modules that will give utilities and con-
sumers more control over how they
monitor and save energy.

General Electric (GE) has launched
its own pilot program in the United
States to run smart grid applications
over a worldwide interoperability for
microwave access (WiMAX) network.
GE expects the trial, conducted by
Michigan-based utility Consumer
Energy, to demonstrate a number of
benefits, including increased efficiency,
more bandwidth, security, lower costs,
and the ability to react to potential out-
ages before they occur. GE also has a
US$3.3 million grant from the U.S. DoE
to work with Arizona Pubic Service to
determine the best way to integrate
large amounts of solar power into the
existing grid.

IEEE ERARAEIEMEES 2011



K50 S sem

Fﬁ > Monnier §Fi§ﬁ MEECN 20
Ia J[@F; F}l’*?ﬁ“{ﬁp Jﬂ?—bﬂ(ra Epﬁfm
PR (RCEER] - ) Pl

o[ ETA S AL TT B (i

BRSSP TI 7 P S
RF - %?@?Ti'ﬁ'%ﬁ%ﬁ” (RFID)
{9 MCU [y il | ot * 3 i)
(FHEEIpF MCU - R %2E
[y Cortex M3 MCU » PLC *| MCU >
WBﬁW%%%%ﬁﬁ%%)Wﬁ?
ER /F Monnier B#5 5 TI .}@‘?ﬁfﬁ
PR [ 2 R %p@ﬁ‘-}sﬁ » H HI’F%
SFASFOEIBCE S o Fj I Dsp
FTF9§E%¥%§3I§?*PﬁZ°

RO PR SURHRIVE- R TI
fpor ] Rﬁjﬁf" MCU MSP430 » [k Fﬁ#'
Rlel F'Jij/‘ﬁT’F‘l F%!c‘ga%pqt R - T
S > PP PR R
FOTRRRIR < 1Y~ AL R

zg&%%}%ﬁ'ﬁ“‘ﬁﬁ“ %7
PR ARG ARGE SRR 2 % o TR
THIREF [pVERL E V£ (79[ Stellaris
Cortex M3 ’F'} > P F’}@j’éﬁ‘]if?
AU E] MCU (B2 IR [
Wl o

REER
4 %@ﬁ%vglﬁﬂjﬁ’?&ﬁ%\[ﬁ)‘«' A
U2 Folp] P 5 e vl o I ARGE T
I’F? LS ﬁf%rg ul?ij%][%j B LT, F I
BE- ?{« Yy o

IEEE @ﬁéﬁégﬁ (IEEE - SA)
2009 F 5 st mapic gg?p???i%@
R H b R R IT
RN PIHETE - (REpR
IEEE 3% 2030 J/fg,ﬂ/ "R PRy
PRI~ il 7wk (EPS) T Wik
VR ESE 7//;’%;%7//?_* T

I4fifk (IEEE- SA P2030) 7R
i ip%‘,%’,ﬁ% » I’ ?]%EF’F&T’J?WF%’»"\X
rﬁ@”JpJT"ff%?ﬁf} BTN ERCE JE[F%“
AT EUORL - BB O IR AR TR T
j’ﬁlﬁ@

IEEE - SA RLAIS B F AR YES L
PRI (NIST) £ (e et
Al ] AR YR R Y R R
- P R R
LRI I R R -

IEEE =135 fff fy 1 ] 9 frod v

%5% 100 % lﬁﬁﬁﬁtﬂ‘”ﬁﬁ SHE
b 7 E}?—Lﬂlﬂ.ﬁf“ﬂ(r ;{ﬁ,[, ~

=6 E!

Tr’:-léi Ir U2, ﬁr\ #Y’FI li F&{EH
N F‘-f ﬂ““ 'l\"E"E[UFFA«EﬂH? -

i %gu?ﬁ%ﬁﬁﬁ | PRI RS -
EE-FTE S EIE & i R
PrEYERY IEEES02.15.4G » FhIT=1 5L 7|

|EEEM§“*MH£$
ITERERE > NN AMRE
GRAPEVINE 821789 IEEE &
Pl EE -

OISR - TR
uqu%%?n%ﬁ‘/%%@ (v
ir%ﬁypﬁf fE - iﬂﬁgﬁ&ﬁﬁ?, A
f@l By zu.%'x}'_ﬁﬁﬂl & ?ﬁ
DSP )

IEEE “ i Uil e 7 v %
M 4 R X R
Grapevine #2 (7Y IEEE ?ﬁﬂﬁ'[ﬁf’%ﬁ

F VR o7 TR TAT"’E ﬁ*’ﬁﬁ?rf
EE Ve R Iujﬁ - S fn:ﬁj?
S| Fh |iﬁ“l T IEEE WTE 40 2

WMI%HZWOMqﬁwﬁ%ﬁ
MIREFVRY > P9 EHES R E 2 P
ESEPRI G ¢ IEEE FEtRapar

(IEEE Transactions on Smart Grid)
AIIEEE %,?Eﬁfi’ﬁﬁ?ﬂ/ (IEEE Transactions
on Sustainable Energy) °

ZIGBEE 1 NIST
w4 Y Y RT EA  AR R P Y
[l > ZigBee ?%;%Eﬂfé%l* el ey o FTSJ"/TEIE
EﬁWjﬁo%ﬁiw@F’ﬁﬁEW
S lﬂ*f}'mﬁ&ﬂlgﬁiﬁwupu
' ZigBee FF RGPSt 2.0 F/j
B SRR 11
fJ [s{ [ASESE %E‘1ﬁﬁm~ Pt
. wﬂL~*% ST
A R RE A AR -
NIST i IR peaf = g e = s
H George Arnold F=- : lﬂﬁ%@fﬁ
BhIiAfEE (HAN) i i ﬁn )

kL PR T S IR R R
FES e 0 T Pl Y NIST

PG 3 P PO Y A 1.0
’f’gf[ln % ZigBee FF' {ZCH-TF 2.0 © F{f’E'
o %Eﬁ*@‘l“{ﬁ“‘ RS EIE )
EZ Jb% Eitlh ’xi”fﬁ‘ % F‘-f
B -

ZigBee ;FEE T%i HlEE IPSO (1P for
Smart Objects) fi [ T A
ISAHEEH L | ZigBee fiv IP %Iir*@' 18
s SR 2.0 A5 -

(BEUFEE | 22 ot SR T Bk

(#7E DSP) p@gwggiﬁﬁ " RF
Micro Devices f'f&’ Ember ** E:Iff
BE 3 ;gqﬁ]q{{ﬁ S Fr@fbt['pfj
ZigBee ﬁ'] rJ EENT SALCIE
IR R ﬁﬁf@

R il (GE) SR X

Ll' e IpJ &FT{- > f*&fﬁﬁgljﬁ;ﬁ}}
SRICR B E IV (WIMAX) AR
TS - GE 2 W
%<wmﬁ@ﬁ$ﬁﬁm2W@i
Consumer Energy %) > o] * 7%
RN A E,J?ﬁj:ﬂfjr F3% N El’glﬁl’v
%FQ 2 [EFEE (RpURS A > BT JFJ
By o R £ VeV - GE
MBI 330 i35

IEEE FSREEIEREEE 2011



Networking specialist Cisco Systems,
which has demonstrated a growing
interest in consumer electronics, has
made an equity investment in GridNet,
a smart metering company, while
Sprint, the wireless carrier, which has
partnered with both GE and GridNet, is
promoting WiMAX for use in the smart
grid. Another WiMAX vendor, Alvarion,
has been conducting pilot studies with
several utilities.

Honeywell believes it has boosted its
opportunities in the smart grid market
with the recent acquisition of San
Rafael, California-based Akuacom, a
leader in automated demand response
technology and services for the smart
grid. Akuacom’s demand response auto-
mation server provides utilities and in-
dependent system operators with
two-way communication with energy
management systems at commercial
and industrial sites. Honeywell says the
system fits well into its already devel-
oped energy management and smart
grid portfolio.

THE POWER LINE PLAY

One of the biggest issues is developing a
power line standard for the smart grid.
NIST has been reviewing industry input
as part of its task of writing a first draft
for an overall smart grid standard and is
working closely with the Smart Grid
Interoperability Panel (SGIP), which has
15 priority action plan committees work-
ing on several smart grid-related stan-
dards, including power lines.

Stakeholders involved in this effort
have produced some lively debate
over standards options, but one possi-
bility that is being seriously consid-
ered for adoption is IEEE 1901, a
standard that covers multiple power
line approaches.

The HomeGrid Forum has been
formed as a global trade group specifi-
cally to develop next-generation, uni-
fied coaxial phone line and global
power line home networking standards
and to promote their adoption.
HomeGrid has been working with the
International Telecommunications
Union’s (ITU-T) G.hn compliance and
interoperability working group. The

ITU recently commissioned G.hnem, a
new project within G.hn, to address
home networking electric vehicle com-
munications and grid access aspects of
energy management, based largely on
existing low-frequency narrowband or-
thogonal frequency-division multiplex-
ing technologies.

“G.hn and G.hnem have the ability to
connect hundreds of end products in
and outside of the home, allowing man-
ufacturers and service providers to over-
come traditional challenges while
enabling new functionality,” says

ONE OF THE BIGGEST
ISSUES IS DEVELOPING A
POWER LINE STANDARD

FOR THE SMART GRID.

Matthew Theall, president of the
HomeGrid Forum and a technology
strategist at Intel executive.

In June, the G.hn standard for next-
generation wired home networks was ap-
proved by the United Nations’ ITU-T. All
three components of the new standard—
the Data Link Layer (G.9961), Physical
Layer (G.9960), and the coexistence
protocol (G.9972)—are now complete.
Several manufacturers are expected to
bring semiconductors for multimedia
home networking to market later this
year. (Kawasaki Microelectronics Amer-
ica, Inc. and TangoTec are the newest
members of HomeGrid Forum, joining
chip suppliers DS2, Ikanos, Intel, Lantiq,
Sigma Designs, and TI as backers of the
newly approved standard.)

“G.hn is the only technology platform
that supports every wire in the home,”
says Theall. “We believe that consumer
electronics manufacturers, PC compa-
nies, and service providers and every
group that works within these markets
will benefit from the commercial avail-
ability of this technology as it rolls out
later this year.”

The Association of Home Appliance
Manufacturers (AHAM) has enlisted
EnerNex Corp., a consulting firm that is
also helping NIST organize smart grid
standards efforts, to draft a detailed
review of all home network technologies.

AHAM says it expects the review to help
it decide how to advise members on
smart grid issues.

THE EUROPEAN MARKET

Globally, British Gas has placed a multi-
million pound contract with Vodafone to
enable smart metering services that will
use GPRS to backhaul usage data. The
contract will see Vodafone supply nearly
a million GPRS connections to household
meters to help monitor real-time energy
usage. Consumers will be able to moni-
tor their electricity and gas usage via an
in-home display. Landis+Gyr, a provider
of integrated energy management solu-
tions, will develop the smart meters and
a touch-screen hub (see Figure 1.)
Trilliant, a smart meter networking spe-
cialist, which purchased the WiFi mesh
network vendor SkyPilot in May 2009,
will connect the various units. OSIsoft
has been signed to store data, and SAP
will integrate the system with British
Gas’s existing IT systems. Landis+Gyr is
also deploying an advanced metering sys-
tem to more than 700,000 AEP Texas
electric customers in Texas.

Siemens, another major player in the
European market, uses Analog Devices’
Blackfin DSPs in its metering products
to handle continuously variable wide-
band frequency signals.

“Our smart metering solution is the
result of many years of research,” says
Alexander Schenk, business segment
manager for Automated Metering and
Information Systems (AMIS) at Siemens

R
&
| f I
¢ EM :

- FOCUS
P 2 CLI0 3400 o i AN 15

|

[FIG1] Landis+Gyr is developing smart
meters similar to the one shown here
for several markets, including Europe.
(Image courtesy of Landis+Gyr.)

10

IEEE ERARAEIEMEEE 2011



Arizona *H qgfﬂ?ﬁﬂﬁﬂﬁ [ﬁJﬁ (= I
PR BN IR RS A AL RE P
fofe 12 .

°fﬁ‘lf‘,§f%: Cisco Systems % il ZHf]
(ki ﬁ;ﬁ,ﬁ VG ERE 0 P
ula:j“Tl ¥ HJ GridNet 2% (7 ¢
;F&# FJ ~IZ2 GE I GridNet ,l"EEIQ

S Sprint - A

WIiMAX 7F Tlﬁ?ﬁﬁ{ﬁfllflqu‘%ﬂj o bi-
% WiMAX ¥ T&rﬁ ’ =
ESIEIE [Itfﬁ PRI -

Honeywell ﬁ[lp Fleld 7'?5%1%—1
fﬁtﬁ@ﬁ“ﬁ*@ » PER 9 P RSl
pedl F'ffﬂ 56497 San Rafael iV Akuacom
SRl RO E e
[l e i 72 AR 5% 4 [ py R‘a &
# o Akuacom [ Jﬁj\[ﬂ"ﬁ% VR [ Ml
BRI XU 5200

R R R = R
iR A ﬁu%[ﬂj P4 - Heywell %
o I?J}—F?ﬁjlfﬁ'ﬁﬁ = R R SR Y
AR S 1

Alvarion »

BEBRNEE
S PUTIRE LY~ kLA 5 T'if%ﬁ[ﬁﬁﬁé
TR o NIST :if‘“[é'i,ﬁi[ﬁ T";‘E?i

AR AR ‘EIHIH; =P
AR SEANRRANIE =Ly i B

,[&;,FF %7 (SGIP) Eg%pll': bl II[IEJ
15 R FEH%.%‘F 1 B R
?A:ﬂﬂ*]’ﬁ‘ﬂ S TalEES %ﬁ'#frg%ﬂﬁ WA rTJFIJ
e > H 1 st
lF;%TE (= J%U%’ﬁ'ﬁfﬂ sl 12
# %'—7 L3 ),J%A El F [‘ké’\g"—al
R uﬁ_ IEEE1901 #8217 > ’EI il
s R A

HomeGr1d ﬂquif, IR T, 2 SRR
PRI EJ‘ FFF o Rf AR P [ fY
[t ey &l pr ER IR F” gREC S
AR AR Jblﬁ%:lﬂﬂ@f“‘ﬁ”@
B o HomeGrid — Lﬂl a #éﬁ[ﬁﬁ'[‘} i If'
E’fﬁg? (ITU - T) Y G.hn &=

ltﬁ ‘pg»

.;

ves
H

P2 (R A ITU EITHR G,
hnem - ﬁﬂ?ﬁ%{}%” G.hn fi9— | H;Q?TE_TJ;
R PSRRI A TR R
RR R Y R e VI
= RR O (RS T M) HE
P

HomeGrid Fzr%if,'j; Tﬁj 2% Intel EI'J ek
ffﬂ%ﬁ'ﬁ?ﬁ 4 Matthew Theall # 3 :
"Ghn A1 Ghnem iS50 %515
Bl I YRR ) BT

BEANBHEZ -EREEERE
WP B NIRIFE -

P T 50 T PO [
b
8 ITUT %4 ] 49 1 i
PRS- PO G AR Ghn
BRI TR A) YR
(G.9961) ~ e (G.9960) #IH
it (G.9972) FIfpe=1km «
,,EF%PJJ,A ) ap;,{-j B l—;ﬁ{* p%;gi
E R SO TR T o
’%‘E} o (Kawasaki Microelectronics
America ﬁj*[l TangoTec fl
HomeGrid FEF%@EU??’?} E,'I ’ I“’ﬂfF'TE‘?Fﬁ#I
MR DS2 - Intel

i BT

Ikanos ~
Lantiq ~ Sigma De51gns fall TI
FIERREITLH ¥ -

Theall %= : rG.hnﬁPfE’* < AT
TR B 1 o R
HREC I 4 A TR
P SRR - PC R - AR
[ o 1) e
[ - T (G SISO (S

FERGE A (AHAMD
EnerNex #ilf{l = Filfu sl (F /, SNl
ﬁ%mwﬁ%ﬁﬁﬁ@@7u
H,ﬂm?‘ a;\r;_& ﬁ’[] TEI’E' “EIEJF“T
Tui&f[ AHAM %5 > r”@ﬁ’ﬂ[ﬁﬂﬂjﬁr
B E 2T TRE -
Tﬁf} o 5 IR

Eﬁi‘ﬂfﬁiﬁ

EESERE T EE T
Vodafone E’m‘rf%ﬁﬁ 1_5‘& Iflﬁ'\% fiy

1205 'Eler“fFIT“ fm‘ » EH R
GPRS [p B0 PR SZ,F,?%FZ,I
Vodafone HLffl 377 F |]“§ (TR S
GPRS Sff - I BRI =5 YWIEI“ IFE

UV T B

?E‘H*‘ P SIS RN S
~¥’Fl T e HOh R 'A%F?
Landis+Gyr » A[Lf il 52 ﬁ'ﬁﬁ%ﬂﬂﬂ
?ZL:“‘*'*’% S (BLA 1) e
%fﬁ’%ﬁf%& Trilliant 7 2009 = 5 FJLF
FE WIFi A i Ty SkyPilot
Trllhant}Hﬂ; ﬁfffgj[ I%“[TF SAP
IFTS OSlsoft 7 il &4 | Fll s 7Y
Bl SAP K (i i il s =
50 F[J%'"‘JFIU IT 7% - Landis+Gyr
P S R B 70 %FJJ AEP Texas
F“f JoR ] 'ﬁg%’fii‘%ﬁ]@aﬁ‘fé} Ak o

[Eﬁ’?""'mﬁiflgﬁk ol 7| Siemens >
oM 5 & i‘lﬁiﬁ Hifi "] ADI fu
Blackfin DSP » I'| B! prbiiaiiy i i
Sk

?IF'F -+ ’“?’Flf'jﬁzgf FIEI(™%

Hrgr gk (AMIS) Y% 3555 ﬁi
22fl Alexander Schenk % @ 2§
fiy 7‘ ROFS R iﬁti_ i
’?*7%\' o (=" 2 plegix Tom

T

[E1] Landis+Gyr IETE &% (Bl 1550 5 i
LR EEES - HPaEEM - (BR
2K H Landis+Gyr)

IEEE FSREEIEREEE 2011

1



special REPORTS  continued

WHAT’S A SMART GRID?

Utilities have already installed 13 million
smart meters in U.S. households, but a
recent survey by Parks Associates, a market
research company specializing in tracking
trends in consumer technologies and ser-
vices, has found consumer knowledge of
smart grid technology to be seriously lack-
ing (see Figure S1). In fact, according to a
Parks report, “Residential Energy
Management Opportunities for Digital
Systems and Services,” only 11% of U.S.
consumers are familiar with the term
“smart grid.”

Parks believes this could pose a risk to
future deployment plans of utilities by

41%

Percentage
Online Households

How Familiar Are You with the Term “Smart Grid?”

(Among Online U.S. Households Surveyed)

Only 11% Very Familiar

14% with Smart Grid

1 1 O/o 1 20/0 120/0

7%

opening the door for communications sys-
tem providers to offer their own energy
monitoring solutions. (Potentially bad
news for utilities since the Parks study also
found that just over 80% of households
said they are willing to pay US$80-$100
for cost-saving equipment if they are guar-
anteed to save 10-30% off their monthly
electricity bill.) Parks also notes that more
than 80% of consumers surveyed say they
are very interested in learning how to cut
their energy costs—even though less than
half indicated a desire to learn more about
the smart grid.

“Utilities plan to deploy more than 50 million smart meters
by 2014, but they need to improve their educational outreach
if they want consumers to embrace this technology,” says Bill
Ablondi, director of home systems research at Parks
Associates. “Growing skepticism of the efficacy of smart
meters could also hinder growth.” Still, Ablondi says that
close to 50% of U.S. households are interested in home ener-
gy monitoring, creating new opportunities for home controls
vendors and their suppliers.

In fact, utilities are already feeling some heat from con-
sumers from the backlash of lawsuits filed in Texas and

Associates.)

[FIGS1] According to the market research firm Parks Associates, only 11% of
U.S. consumers are familiar with the term “smart grid,” which it says doesn’t
bode well for utilities or others hoping to install millions of so-called smart
meters in homes and business facilities. (Used with permission from Parks

California, blaming smart meters for hikes in their electrici-
ty bills. Ablondi suggests this potentially could disrupt utili-
ty company plans to create an interconnected grid that
offers advanced services such as monitoring and time-of-
use billing.

“Communications service providers, which have exist-
ing customer relationships, could step in with meter-in-
dependent services,” Ablondi says. “Smart grid
deployment is forcing utilities to become evangelists for
new technologies, which is an unfamiliar role for most
of them.”

Energy Power Distribution Division.
(Tom Haas, Siemens’ chief marketing
officer, recently told a meeting of the
IEEE Media staff that his company was
conducting a six-city U.S. smart grid
tour to promote the smart grid as one of
the company’s “hot spot” markets.)
STMicroelectronics is also a very
active player in the smart meter market,
supplying its 0.18-um BCDS8 StarGRID
DSP technology. Most recently, STM
provided a set of components to Enel,
Italy’s largest power company for new
electronic power meters destined for

distribution in Spain. The power meters
are key elements of the new remote
management system to be installed by
Endesa, the largest electricity supplier
in Spain.

For this application, STM is provid-
ing a power-line communication sys-
tem-on-a-chip (SoC), its ST758%, a 32-b
microcontroller (STM32), and a power-
supply device, as well as metal-oxide—
semiconductor FET and electrically
erasable programmable read-only mem-
ory devices, as the basis of the new
metering system for Endesa. Endesa

expects to complete the replacement of
more than 13 million traditional elec-
tricity meters, installed in customers’
houses, with its new generation meters
between this year and 2015.

One of the big problems facing
European vendors, sources point out, is
that they’re working in a very fragmented
market. This is true especially in
communications protocols, which differ
from country to country. The technical
requirement for smart metering for con-
sumers across the EU is not completely
clear at this point.
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SPECIAL INTEREST GROUPS

There’s no shortage of organizations
promoting their members’ interests in
the development of the smart grid.

The IEEE has formed a Smart Grid
Task Force and already has strong rep-
resentation on the SGIP, an open,
transparent body comprising more
than 20 stakeholder categories that
includes utilities, standards develop-
ment organizations, professionals
societies, renewable power products,
manufacturers and vendors, consum-
ers, and IT and system developers, that
are expected to heavily influence the
development of interoperability stan-
dards for the smart grid. Formed in
November 2009, the SGIP has about
600 member organizations.

The IEEE launched the IEEE Smart
Grid Web Portal (http://smartgrid.ieee.
org) in January as an integrated gate-
way to smart grid information from
IEEE and other expert sources. The
Web site has been designed for manu-
facturers, policy makers, educators, ac-
ademics, governments, engineers,
computer scientist, researchers, and
other stakeholders in the power and
energy, IT, and communications indus-
tries. “Contributions from across the
power and energy, communications,
and information technology (IT) indus-
tries, as well as government and aca-
demia, are needed to ensure successful
implementation of smart grid through-
out the world,” Wanda Reder, chair of
the IEEE Smart Grid Task Force, said at
the time of the launch of the Web site.
Also, the IEEE Power & Energy Society
(PES) has been extremely active in
smart grid activities on several levels.

Another group, the GridWise Alliance,
a technology-neutral smart grid coalition
with 125 member organizations, has
signed an agreement with the IEEE PES
enabling them to work together on smart
grid-related issues of interest to both
organizations.

“The agreement to collaborate will
strengthen the engineering basis of our
group,” says Katherine Hamilton, presi-
dent of GridWise Alliance.

The GridWise Alliance has also helped
launch the Smart Grid Consumer
Coalition to focus on educating consum-
ers on how they can benefit from the
smart grid (see “What’s a Smart Grid?”).

On the consumer side, the Smart Grid
Consumer Collaborative will focus on pro-
moting the consumer adoption of the
smart grid. Early members include GE,
IBM, the GridWise Alliance, Magnolia/Best
Buy, Ember Corp., the National Renewable
Energy Laboratory, and others.

With a US$165 billion industry at
stake, the Consumer Electronics As-
sociation (CEA) has formed a Smart
Grid Working Group to serve as an
information exchange forum for Smart
Grid projects and policies affecting the
consumer electronics industry. The CEA
says it will provide input to both the
SGIP and NIST.

AHAM has enlisted EnerNex Corp., a
consulting firm that is also helping
NIST organize smart grid standards
efforts, to draft a detailed review of all
home network technologies. AHAM
says it expects the review to help it
decide how to advise members on smart
grid issues.

The IEEE has scheduled IEEE
SmartGridComm 2010 at NIST’s
offices in Gaithersburg, Maryland, 4-6
October 2010. The conference will
focus on the communications aspects
of the smart grid with researchers
from academia, industry, and the
national labs expected make presenta-
tions and exchange ideas during the
conference. Additional information on
the conference is available at http://
www.ieee-smartgridcomm.org.

sP
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Compressive
Sampling

An Introduction To
ompressive Sampling

A sensing/sampling paradigm that goes against
the common knowledge in data acquisition

Emmanuel J. Candés
and Michael B. Wakin

onventional approaches to sampling signals or images follow Shannon’s cel-

ebrated theorem: the sampling rate must be at least twice the maximum fre-

quency present in the signal (the so-called Nyquist rate). In fact, this

principle underlies nearly all signal acquisition protocols used in consumer

audio and visual electronics, medical imaging devices, radio receivers, and
so on. (For some signals, such as images that are not naturally bandlimited, the sam-
pling rate is dictated not by the Shannon theorem but by the desired temporal or spatial
resolution. However, it is common in such systems to use an antialiasing low-pass filter
to bandlimit the signal before sampling, and so the Shannon theorem plays an implicit
role.) In the field of data conversion, for example, standard analog-to-digital converter
(ADC) technology implements the usual quantized Shannon representation: the signal is
uniformly sampled at or above the Nyquist rate.
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This article surveys the theory of compressive sampling, also
known as compressed sensing or CS, a novel sensing/sampling
paradigm that goes against the common wisdom in data acquisi-
tion. CS theory asserts that one can recover certain signals and
images from far fewer samples or measurements than tradition-
al methods use. To make this possible, CS relies on two princi-
ples: sparsity, which pertains to the signals of interest, and
incoherence, which pertains to the sensing modality.

Sparsity expresses the idea that the “information
rate” of a continuous time signal may be much smaller
than suggested by its bandwidth, or that a discrete-time
signal depends on a number of degrees of freedom
which is comparably much smaller than its (finite)
length. More precisely, CS exploits the fact that many
natural signals are sparse or compressible in the sense
that they have concise rep-
resentations when expressed
in the proper basis W.

Incoherence extends the
duality between time and fre-
quency and expresses the idea
that objects having a sparse
representation in ¥ must be
spread out in the domain in
which they are acquired, just as a Dirac or a spike in the
time domain is spread out in the frequency domain. Put
differently, incoherence says that unlike the signal of
interest, the sampling/sensing waveforms have an
extremely dense representation in W.

The crucial observation is that one can design efficient
sensing or sampling protocols that capture the useful infor-
mation content embedded in a sparse signal and condense it
into a small amount of data. These protocols are nonadaptive
and simply require correlating the signal with a small num-
ber of fixed waveforms that are incoherent with the sparsify-
ing basis. What is most remarkable about these sampling
protocols is that they allow a sensor to very efficiently cap-
ture the information in a sparse signal without trying to
comprehend that signal. Further, there is a way to use
numerical optimization to reconstruct the full-length signal
from the small amount of collected data. In other words, CS
is a very simple and efficient signal acquisition protocol
which samples—in a signal independent fashion—at a low
rate and later uses computational power for reconstruction
from what appears to be an incomplete set of measurements.

Our intent in this article is to overview the basic CS theory
that emerged in the works [1]-[3], present the key mathemat-
ical ideas underlying this theory, and survey a couple of
important results in the field. Our goal is to explain CS as
plainly as possible, and so our article is mainly of a tutorial
nature. One of the charms of this theory is that it draws from
various subdisciplines within the applied mathematical sci-
ences, most notably probability theory. In this review, we have
decided to highlight this aspect and especially the fact that
randomness can—perhaps surprisingly—lead to very effective

CS THEORY ASSERTS THAT ONE CAN
RECOVER CERTAIN SIGNALS AND
IMAGES FROM FAR FEWER SAMPLES
OR MEASUREMENTS THAN
TRADITIONAL METHODS USE.

sensing mechanisms. We will also discuss significant implica-
tions, explain why CS is a concrete protocol for sensing and
compressing data simultaneously (thus the name), and con-
clude our tour by reviewing important applications.

THE SENSING PROBLEM
In this article, we discuss sensing mechanisms in which infor-
mation about a signal 7 (¢) is obtained by linear functionals
recording the values

Y = (£, 91) k=1,...,m. )
That is, we simply correlate the object we wish to acquire
with the waveforms ¢ (¢). This is a standard setup. If the
sensing waveforms are Dirac delta functions (spikes), for
example, then y is a vector of
sampled values of f in the time
or space domain. If the sensing
waveforms are indicator func-
tions of pixels, then y is the
image data typically collected by
sensors in a digital camera. If the
sensing waveforms are sinusoids,
then y is a vector of Fourier coef-
ficients; this is the sensing modality used in magnetic reso-
nance imaging (MRI). Other examples abound.

Although one could develop a CS theory of continuous
time/space signals, we restrict our attention to discrete sig-
nals £ € R”. The reason is essentially twofold: first, this is
conceptually simpler and second, the available discrete CS
theory is far more developed (yet clearly paves the way for a
continuous theory—see also “Applications”). Having said
this, we are then interested in undersampled situations in
which the number m of available measurements is much
smaller than the dimension n of the signal . Such problems
are extremely common for a variety of reasons. For instance,
the number of sensors may be limited. Or the measurements
may be extremely expensive as in certain imaging processes
via neutron scattering. Or the sensing process may be slow
so that one can only measure the object a few times as in
MRI. And so on.

These circumstances raise important questions. Is
accurate reconstruction possible from m <« n measure-
ments only? Is it possible to design m <« n sensing wave-
forms to capture almost all the information about /? And
how can one approximate 7 from this information?
Admittedly, this state of affairs looks rather daunting, as
one would need to solve an underdetermined linear system
of equations. Letting A denote the m x n sensing matrix
with the vectors ¢f, ..., ¢}, as rows (a* is the complex
transpose of a), the process of recovering f € R” from
y=Af e R™ is ill-posed in general when m < n: there are
infinitely many candidate signals f for which Af = y. But
one could perhaps imagine a way out by relying on realis-
tic models of objects £ which naturally exist. The Shannon
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theory tells us that, if f(#) actually has very low band-
width, then a small number of (uniform) samples will suf-
fice for recovery. As we will see in the remainder of this
article, signal recovery can actually be made possible for a
much broader class of signal models.

INCOHERENCE AND THE SENSING OF SPARSE SIGNALS
This section presents the two fundamental premises underlying
CS: sparsity and incoherence.

SPARSITY
Many natural signals have concise representations when
expressed in a convenient basis. Consider, for example, the
image in Figure 1(a) and its wavelet transform in (b).
Although nearly all the image pixels have nonzero values, the
wavelet coefficients offer a concise summary: most coeffi-
cients are small, and the relatively few large coefficients cap-
ture most of the information.

Mathematically speaking, we have a vector f € R” (such as
the n-pixel image in Figure 1) which we expand in an orthonor-
mal basis (such as a wavelet basis) W = [¢r1v3 - - - V] as follows:

f(t) = xiyi(h), )

i=1

where x is the coefficient sequence of 7, x; = (£, ¥;). It will be
convenient to express f as Wx (where W is the n x n matrix
with ¥1, ..., ¥5 as columns). The implication of sparsity is
now clear: when a signal has a sparse expansion, one can dis-
card the small coefficients without much perceptual loss.
Formally, consider f5(#) obtained by keeping only the terms
corresponding to the S largest values of (x;) in the expansion
(2). By definition, /5 := Wxg, where here and below, xg is the
vector of coefficients (x;) with all but the largest S set to zero.
This vector is sparse in a strict sense since all but a few of its
entries are zero; we will call S-sparse
such objects with at most S nonzero
entries. Since W is an orthonormal
basis (or “orthobasis”), we have
I £ = fslle, = llx — xslle,, and if x is
sparse or compressible in the sense
that the sorted magnitudes of the (x;)
decay quickly, then x is well approxi-
mated by xs and, therefore, the error
| f — £sll¢, is small. In plain terms,
one can “throw away” a large fraction
of the coefficients without much loss.
Figure 1(c) shows an example where (a)
the perceptual loss is hardly noticeable
from a megapixel image to its approxi-
mation obtained by throwing away
97.5% of the coefficients.

This principle is, of course, what
underlies most modern lossy coders
such as JPEG-2000 [4] and many

others, since a simple method for data compression would be to
compute x from £ and then (adaptively) encode the locations
and values of the S significant coefficients. Such a process
requires knowledge of all the n coefficients x, as the locations
of the significant pieces of information may not be known in
advance (they are signal dependent); in our example, they tend
to be clustered around edges in the image. More generally,
sparsity is a fundamental modeling tool which permits efficient
fundamental signal processing; e.g., accurate statistical estima-
tion and classification, efficient data compression, and so on.
This article is about a more surprising and far-reaching impli-
cation, however, which is that sparsity has significant bearings
on the acquisition process itself. Sparsity determines how effi-
ciently one can acquire signals nonadaptively.

INCOHERENT SAMPLING

Suppose we are given a pair (®, W) of orthobases of IR”. The first
basis @ is used for sensing the object £ as in (1) and the second is
used to represent f. The restriction to pairs of orthobases is not
essential and will merely simplify our treatment.

DEFINITION 1
The coherence between the sensing basis ® and the representa-
tion basis W is

w(®, W) =n- max (g V). 3
1<k,j<n

In plain English, the coherence measures the largest correlation
between any two elements of ® and W; see also [5]. If ® and ¥
contain correlated elements, the coherence is large. Otherwise,
it is small. As for how large and how small, it follows from linear
algebra that u(®, W) € [1, /7.

Compressive sampling is mainly concerned with low coher-
ence pairs, and we now give examples of such pairs. In our first
example, @ is the canonical or spike basis () = §(¢ — k) and

Wavelet
x 10* Coefficients

0 2 4 6 8 10
x 10°

(b) ()

[FIG1] (a) Original megapixel image with pixel values in the range [0,255] and (b) its
wavelet transform coefficients (arranged in random order for enhanced visibility).
Relatively few wavelet coefficients capture most of the signal energy; many such images
are highly compressible. (c) The reconstruction obtained by zeroing out all the coefficients
in the wavelet expansion but the 25,000 largest (pixel values are thresholded to the range
[0,255]). The difference with the original picture is hardly noticeable. As we describe in
“"Undersampling and Sparse Signal Recovery,” this image can be perfectly recovered from
just 96,000 incoherent measurements.
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W is the Fourier basis, y;(£) = n~1/2e? 27 J/"_Since @ is the
sensing matrix, this corresponds to the classical sampling scheme
in time or space. The time-frequency pair obeys u(®, ¥) =1
and, therefore, we have maximal
incoherence. Further, spikes and
sinusoids are maximally incoherent
not just in one dimension but in
any dimension, (in two dimensions,
three dimensions, etc.)

Our second example takes
wavelets bases for ¥ and noiselets
[6] for ®. The coherence between
noiselets and Haar wavelets is /2 and that between noiselets and
Daubechies D4 and D8 wavelets is, respectively, about 2.2 and 2.9
across a wide range of sample sizes n. This extends to higher
dimensions as well. (Noiselets are also maximally incoherent with
spikes and incoherent with the Fourier basis.) Our interest in
noiselets comes from the fact that 1) they are incoherent with sys-
tems providing sparse representations of image data and other
types of data, and 2) they come with very fast algorithms; the
noiselet transform runs in O (n) time, and just like the Fourier
transform, the noiselet matrix does not need to be stored to be
applied to a vector. This is of crucial practical importance for
numerically efficient CS implementations.

Finally, random matrices are largely incoherent with any
fixed basis W. Select an orthobasis ® uniformly at random,
which can be done by orthonormalizing »n vectors sampled
independently and uniformly on the unit sphere. Then with
high probability, the coherence between ® and W is about
V2logn. By extension, random waveforms (¢ (¢)) with inde-
pendent identically distributed (i.i.d.) entries, e.g., Gaussian
or £1 binary entries, will also exhibit a very low coherence
with any fixed representation W.Note the rather strange
implication here; if sensing with incoherent systems is good,
then efficient mechanisms ought to acquire correlations with
random waveforms, e.g., white noise!

UNDERSAMPLING AND SPARSE SIGNAL RECOVERY
Ideally, we would like to measure all the n coefficients of 7, but
we only get to observe a subset of these and collect the data

Ye=(for), keM, “4)
where M C {1, ... ,n} is a subset of cardinality m < n. With
this information, we decide to recover the signal by £;-norm
minimization; the proposed reconstruction f* is given by
* = Wx*, where x* is the solution to the convex optimization
program (|lx|l¢, := Y ;1)

subjectto  yr = (¢, ¥X), VkeM. (5

min |||l
xeR?
That is, among all objects f = Wx consistent with the data, we

pick that whose coefficient sequence has minimal £; norm. (As
is well known, minimizing ¢; subject to linear equality con-

MANY NATURAL SIGNALS ARE
SPARSE OR COMPRESSIBLE IN THE
SENSE THAT THEY HAVE CONCISE

REPRESENTATIONS WHEN
EXPRESSED IN THE PROPER BASIS.

straints can easily be recast as a linear program making avail-
able a host of ever more efficient solution algorithms.)

The use of the ¢; norm as a sparsity-promoting function
traces back several decades. A
leading early application was
reflection seismology, in which a
sparse reflection function (indi-
cating meaningful changes
between subsurface layers) was
sought from bandlimited data
[7], [8]. However, £1-minimiza-
tion is not the only way to
recover sparse solutions; other methods, such as greedy
algorithms [9], have also been proposed.

Our first result asserts that when f is sufficiently sparse, the
recovery via £1-minimization is provably exact.

THEOREM 1 [10]

Fix £ € R™ and suppose that the coefficient sequence x of £ in
the basis W is S-sparse. Select m measurements in the ®
domain uniformly at random. Then if

m>C-u2(® W) S-logn (6)

for some positive constant C, the solution to (5) is exact with
overwhelming probability. (It is shown that the probability of
success exceeds 1 —48 if m> C- (@, ) - S-log(n/s). In
addition, the result is only guaranteed for nearly all sign
sequences x with a fixed support, see [10] for details.)

We wish to make three comments:
1) The role of the coherence is completely transparent;
the smaller the coherence, the fewer samples are needed,
hence our emphasis on low coherence systems in the
previous section.
2) One suffers no information loss by measuring just
about any set of m coefficients which may be far less than
the signal size apparently demands. If u(®, ¥) is equal or
close to one, then on the order of Slogn samples suffice
instead of n.
3) The signal 7 can be exactly recovered from our con-
densed data set by minimizing a convex functional which
does not assume any knowledge about the number of
nonzero coordinates of x, their locations, or their ampli-
tudes which we assume are all completely unknown a pri-
ori. We just run the algorithm and if the signal happens to
be sufficiently sparse, exact recovery occurs.

The theorem indeed suggests a very concrete acquisition
protocol: sample nonadaptively in an incoherent domain and
invoke linear programming after the acquisition step. Following
this protocol would essentially acquire the signal in a com-
pressed form. All that is needed is a decoder to “decompress”
this data; this is the role of £; minimization.

In truth, this random incoherent sampling theorem extends
an earlier result about the sampling of spectrally sparse signals
[1], which showed that randomness 1) can be a very effective
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sensing mechanism and 2) is amenable to rigorous proofs, and
thus perhaps triggered the many CS developments we have wit-
nessed and continue to witness today. Suppose that we are
interested in sampling ultra-wideband but spectrally sparse sig-
nals of the form f(¢) = Z}Z:_ol xje2mit/n f=0,... ., n—1,
where 7 is very large but where the number of nonzero compo-
nents x; is less than or equal to S (which we should think of as
comparably small). We do not know which frequencies are
active nor do we know the amplitudes on this active set.
Because the active set is not necessarily a subset of consecutive
integers, the Nyquist/Shannon theory is mostly unhelpful
(since one cannot restrict the bandwidth a priori, one may be
led to believe that all » time samples are needed). In this special
instance, Theorem 1 claims that one can reconstruct a signal
with arbitrary and unknown frequency support of size S from
on the order of Slogn time samples, see [1]. What is more,
these samples do not have to be carefully chosen; almost any
sample set of this size will work. An illustrative example is pro-
vided in Figure 2. For other types of theoretical results in this
direction using completely different ideas see [11]-[13].

It is now time to discuss the role played by probability in all
of this. The key point is that to get useful and powerful results,
one needs to resort to a probabilistic statement since one can-
not hope for comparable results holding for all measurement
sets of size m. Here is why. There are special sparse signals
that vanish nearly everywhere in the ® domain. In other
words, one can find sparse signals 7 and very large subsets of
size almost n (e.g., n— S) for which y; = (£, ¢x) = 0 for all
k € M. The interested reader may want to check the example
of the Dirac comb discussed in [14] and [1]. On the one hand,
given such subsets, one would get to see a stream of zeros and
no algorithm whatsoever would of course be able reconstruct
the signal. On the other hand, the theorem guarantees that the
fraction of sets for which exact recovery does not occur is truly
negligible (a large negative power of n). Thus, we only have to
tolerate a probability of failure that is extremely small. For
practical purposes, the probability of failure is zero provided
that the sampling size is sufficiently large.

Interestingly, the study of special sparse signals discussed
above also shows that one needs at least on the order of
u? - S-logn samples as well. (We are well aware that there
exist subsets of cardinality 2S in the time domain which can
reconstruct any s-sparse signal in the frequency domain.
Simply take 2s consecutive time points, see “What Is
Comprehensive Sampling?” and [11] and [12], for example.
But this is not what our claim is about. We want that most
sets of a certain size provide exact reconstruction.) With fewer
samples, the probability that information may be lost is just
too high and reconstruction by any method, no matter how
intractable, is impossible. In summary, when the coherence is
one, say, we do not need more than Slogn samples but we
cannot do with fewer either.

We conclude this section with an incoherent sampling exam-
ple, and consider the sparse image in Figure 1(c), which as we
recall has only 25,000 nonzero wavelet coefficients. We then
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[FIG2] (a) A sparse real valued signal and (b) its reconstruction
from 60 (complex valued) Fourier coefficients by ¢,
minimization. The reconstruction is exact. (c) The minimum
energy reconstruction obtained by substituting the ¢; norm
with the ¢, norm; ¢; and ¢, give wildly different answers. The
¢, solution does not provide a reasonable approximation to
the original signal.
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acquire information by taking 96,000 incoherent measurements
(see [10] for the particulars of these measurements) and solve (5).
The minimum-¢; recovery is per-
fect; that is, * = f. This example
shows that a number of samples
just about 4 x the sparsity level suf-
fices. Many researchers have
reported on similar empirical suc-
cesses. There is de facto a known
four-to-one practical rule which
says that for exact recovery, one
needs about four incoherent sam-
ples per unknown nonzero term.

ROBUST COMPRESSIVE SAMPLING
We have shown that one could recover sparse signals from just a
few measurements but in order to be really powerful, CS needs
to be able to deal with both nearly sparse signals and with noise.
First, general objects of interest are not exactly sparse but
approximately sparse. The issue here is whether or not it is pos-
sible to obtain accurate reconstructions of such objects from
highly undersampled measurements. Second, in any real appli-
cation measured data will invariably be corrupted by at least a
small amount of noise as sensing devices do not have infinite
precision. It is therefore imperative that CS be robust vis a vis
such nonidealities. At the very least, small perturbations in the
data should cause small perturbations in the reconstruction.
This section examines these two issues simultaneously.
Before we begin, however, it will ease the exposition to consider
the abstract problem of recovering a vector x € R” from data

y=Ax+z, )

where Ais an m x n “sensing matrix” giving us information about
x, and z is a stochastic or deterministic unknown error term. The
setup of the last section is of this form since with /= Wx and
Y= R®f (R is the m x n matrix extracting the sampled coordi-
nates in M), one can write y = Ax, where A = R ® W. Hence, one
can work with the abstract model (7) bearing in mind that x may
be the coefficient sequence of the object in a proper basis.

RESTRICTED ISOMETRIES

In this section, we introduce a key notion that has proved to be
very useful to study the general robustness of CS; the so-called
restricted isometry property (RIP) [15].

DEFINITION 2
For each integer S=1,2, ..., define the isometry constant §g
of a matrix A as the smallest number such that

1= 89)llxlZ, < 1Ax]3, < (1 + 89)lIxI7, ®)

holds for all S-sparse vectors x.
We will loosely say that a matrix A obeys the RIP of order S if
s is not too close to one. When this property holds, A approxi-

WHAT IS MOST REMARKABLE
ABOUT THESE SAMPLING
PROTOCOLS IS THAT THEY ALLOW
A SENSOR TO VERY EFFICIENTLY
CAPTURE THE INFORMATION IN A
SPARSE SIGNAL WITHOUT TRYING
TO COMPREHEND THAT SIGNAL.

mately preserves the Euclidean length of S-sparse signals, which
in turn implies that S-sparse vectors cannot be in the null space
of A. (This is useful as otherwise
there would be no hope of recon-
structing these vectors.) An equiv-
alent description of the RIP is to
say that all subsets of S columns
taken from A are in fact nearly
orthogonal (the columns of A can-
not be exactly orthogonal since we
have more columns than rows).

To see the connection between
the RIP and CS, imagine we wish
to acquire S-sparse signals with
A. Suppose that 8og is sufficiently less than one. This implies
that all pairwise distances between S-sparse signals must be
well preserved in the measurement space. That is,
(1= 8a9) |21 — xallF, < I1Axy — Az, < L+ o)1 — 22 [F,
holds for all S-sparse vectors xj, xo. As demonstrated in the
next section, this encouraging fact guarantees the existence
of efficient and robust algorithms for discriminating S-sparse
signals based on their compressive measurements.

GENERAL SIGNAL RECOVERY

FROM UNDERSAMPLED DATA

If the RIP holds, then the following linear program gives an
accurate reconstruction:

subject to Ax =y (= Ax). 9)

min || x]¢,
xeR”

THEOREM 2 [16]
Assume that 835 < +/2 — 1. Then the solution x* to (9) obeys

llx* — xlle, < Co - X — xslley/~/S  and

lx* = xlle; < Co - llx— xsllg (10)

for some constant Cy, where xs is the vector x with all but
the largest S components set to 0. (As stated, this result is
due to the first author [17] and yet unpublished, see also [16]
and [18].)

The conclusions of Theorem 2 are stronger than those of
Theorem 1. If x is S-sparse, then x = xg and, thus, the recov-
ery is exact. But this new theorem deals with all signals. If x
is not S-sparse, then (10) asserts that the quality of the
recovered signal is as good as if one knew ahead of time the
location of the S largest values of x and decided to measure
those directly. In other words, the reconstruction is nearly as
good as that provided by an oracle which, with full and per-
fect knowledge about x, extracts the S most significant pieces
of information for us.

Another striking difference with our earlier result is that it
is deterministic; it involves no probability. If we are fortunate
enough to hold a sensing matrix A obeying the hypothesis of

26 IEEE ERARAEIEMEEE 2011



1B f2n) BEHEENK

ZG PTG T DB B PR R A (ERLEE
WBE PRSI - CS Tl F = SRR [ 7 A
eSS - i %J&FJF R R R T AL
TR A ) FILRLT (7 5 < SO JIRERL - AL i 30 1y
@a»;;gﬁ;gﬁapggﬁ/ VRUYETEER  H OV o T (L HR
TR E o ENRAO TR AR B T i D RS 4 P
R ) T = 0 M - [
CS i FIEFE YRR I puAR
IR T 4 e 2 D iRk
o] TR I [E g
gl X

EROUTIE R Al
RE o S P > R
SRRl R x € R o g

y=Ax+z (7)

LA R i mXn TR, - S X o
AL R R - e f = W
1y =ROf (R pLic M -HviREsps mX n i
WO S Y = Ax Fn A = RO . puj=,
YR 2 [ IRLY T (A R R G
Fr I g (7)- & -

BIRFEE

HAH S0 - RS > B CS - 4R
JEF' “E B AR, ‘E//H =M [ Pi(restricted isometries » RIP)
[15] »
ETE 2
shits- B S = 1,2, EAHIH A REENL

Os » Hi sl 1 7

(1=06) =i =s[Ax[i= A+« ®

e S TR X o
CA 59 CPNEET 1 ISR R A R
i RIP FJIF/I*’@”T’?W - Azt Pafg S %4345’&' %
SRHR SEREER . SRR T S A VR E
Hlph (iF}J]E*IE{I 3| 7 BT ;t%%gfwfﬁg o RIP [y

\t"'

RARSEHEELERE
BEAFFRUAIZZIERE B MM

iR —EWGRASRP A ER

@I:xﬁ nit.fﬂﬁﬁ?nﬂil?

UGV A vt S ) 8 IR AT i
CA [ [ B PR EL T PR 0 [J)

R o E] RIP A1CS VRAFVRISR » =5 P17 Wiy A 1z
S FRATGE - B 11 ] L% < SR S F AT

Bl P BBE D fFT e B ARl e R
(1 =06 =lx =2 <[ Ax — Ax i, < (1 + 6] x — x|,
SPRTEfY SRR X0 X RS e g E'[ﬁ'léi{?"?ﬁgﬁ%*
lﬂlﬁilz Rl ’Ffél’ﬁiﬁgji‘”fﬁl
AR T & 7 (PRSI
P Bl S A -

RIFIEE I IRE— %5
Y7 L RIP > el PA5aL
Pl DA

min| %, subject to Ax=y(=Ax)

xeR"

EIE 2 [16]
E 52s < ﬁ = 1« HIEen S ) X B - i
Co iF >

Hx*—xHhS Co‘”X_XS”al/\/E

|x = x], < Co-f x = xs],

= (10)

B x5 R A e RS S Rk AR 0 OB
X o (hpEERt E}FWJ TSRV R (171987~ (B -
=59 A A LY [16] A1 [18])

o 2 ORERECRIRIERE 10 - 5 X AL S A > 3]
I—P X = X o [N ‘JLFE“‘ o (E ez R =]
FIFEE B0 x YR SRS B S (10) 2 IRFRENY
RORALET o S X I S RS R O

BIHIPURE N - B %f[JﬁF[%‘ FURRS o 2
B 2 Uk l#‘u VA (RS RV S R ey
S, %F”’EE[ ;f;ﬁjn °

IR RY SIS B I- [ VIRE I HIRLE =1 T
TR o HINZS IPTE) — el ff R e p A AP
EUAN T W pel}@?“w S FAfIED - EE PN - U
U CRLARE T B0 S AR - IR
F

i

IEEE FSREEIELESE 2011 27



the theorem, we may apply it, and we are then guaranteed to
recover all sparse S-vectors exactly, and essentially the S-
largest entries of all vectors otherwise; i.e., there is no proba-
bility of failure.

What is missing at this point is the relationship between S
(the number of components one can effectively recover) obey-
ing the hypothesis and m the number of measurements or
rows of the matrix. To derive powerful results, we would like
to find matrices obeying the RIP with values of S close to m.
Can one design such matrices? In the next section, we will
show that this is possible, but first we examine the robustness
of CS vis a vis data corruption.

ROBUST SIGNAL RECOVERY FROM NOISY DATA
We are given noisy data as in (7) and use £; minimization with
relaxed constraints for reconstruction:

min [|X]|¢, subject to IAX — ylle, <, (11)
where € bounds the amount of noise in the data. (One could
also consider recovery programs such as the Dantzig selector
[19] or a combinatorial optimization program proposed by
Haupt and Nowak [20]; both algorithms have provable results
in the case where the noise is Gaussian with bounded vari-
ance.) Problem (11) is often called the LASSO after [21]; see
also [22]. To the best of our knowledge, it was first proposed in
[8]. This is again a convex problem (a second-order cone pro-
gram) and can be solved efficiently.

THEOREM 3 [16]
Assume that 825 < +/2 — 1. Then the solution x* to (11) obeys

lx* — xlle, < Co - llx—xslle,/VS+Cr-e (12

for some constants Cy and C;. (Again, this theorem is unpub-
lished as stated and is a variation on the result found in [16].)

This can hardly be simpler. The reconstruction error is
bounded by the sum of two terms. The first is the error which
would occur if one had noiseless data. The second is just propor-
tional to the noise level. Further, the constants Cy and C; are
typically small. With 825 = 1/4 for example, Cyp < 5.5 and
C1 < 6. Figure 3 shows a reconstruction from noisy data.

This last result establishes CS as a practical and robust
sensing mechanism. It works with all kinds of not necessarily
sparse signals, and it handles noise gracefully. What remains
to be done is to design efficient sensing matrices obeying the
RIP. This is the subject of the next section.

RANDOM SENSING
Returning to the RIP, we would like to find sensing matri-
ces with the property that column vectors taken from arbi-
trary subsets are nearly orthogonal. The larger these
subsets, the better.

This is where randomness re-enters the picture. Consider
the following sensing matrices: i) form A by sampling n col-

Original Signal Versus Reconstruction
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[FIG3] A signal x (horizontal axis) and its reconstruction x*
(vertical axis) obtained via (11). In this example, n = 512 and
m = 256. The signal is 64-sparse. In the model (7), the sensing
matrix has i.i.d. N(0, 1/m) entries and z is a Gaussian white
noise vector adjusted so that || Ax||,,/|z|l,, = 5. Here,
Ix*—xll¢, = 1.3 €.

umn vectors uniformly at random on the unit sphere of R"?;
ii) form A by sampling i.i.d. entries from the normal distri-
bution with mean 0 and variance 1/m; iii) form A by sam-
pling a random projection P as in “Incoherent Sampling”
and normalize: A = /n/m P; and iv) form A by sampling
i.i.d. entries from a symmetric Bernoulli distribution
(P(4; j==£1//m) = 1/2) or other sub-gaussian distribu-
tion. With overwhelming probability, all these matrices obey
the RIP (i.e. the condition of our theorem) provided that

m > C-Slog(n/S), (13)

where C is some constant depending on each instance. The
claims for i)-iii) use fairly standard results in probability theory;
arguments for iv) are more subtle; see [23] and the work of Pajor
and his coworkers, e.g., [24]. In all these examples, the probabili-
ty of sampling a matrix not obeying the RIP when (13) holds is
exponentially small in 7. Interestingly, there are no measure-
ment matrices and no reconstruction algorithm whatsoever
which can give the conclusions of Theorem 2 with substantially
fewer samples than the left-hand side of (13) [2], [3]. In that
sense, using randomized matrices together with £; minimization
is a near-optimal sensing strategy.

One can also establish the RIP for pairs of orthobases as in
“Incoherence and the Sensing of Sparse Signals.” With
A= R®W¥ where R extracts m coordinates uniformly at ran-
dom, it is sufficient to have

m > C-S(logn), (14)

for the property to hold with large probability; see [25] and [2].
If one wants a probability of failure no larger than O(n—*) for
some B > 0, then the best known exponent in (14) is five
instead of four (it is believed that (14) holds with just log n).
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This proves that one can stably and accurately reconstruct
nearly sparse signals from dramatically undersampled data in
an incoherent domain.

Finally, the RIP can also hold for sensing matrices A = ® W,
where W is an arbitrary orthobasis and @ is an m x n measure-
ment matrix drawn randomly from a suitable distribution. If one
fixes W and populates @ as in i)-iv), then with overwhelming prob-
ability, the matrix A = ®W¥ obeys
the RIP provided that (13) is satis-
fied, where again C is some con-
stant depending on each instance.
These random measurement matri-
ces @ are in a sense universal [23];
the sparsity basis need not even be
known when designing the meas-

MATHEMATICAL AND
COMPUTATIONAL METHODS COULD
HAVE AN ENORMOUS IMPACT IN
AREAS WHERE CONVENTIONAL
HARDWARE DESIGN HAS

second, the problem of finding the support of a signal—even
when the signal is exactly sparse—from its first 2S Fourier
coefficients is extraordinarily ill posed (the problem is the
same as that of extrapolating a high degree polynomial from a
small number of highly clustered values). Tiny perturbations
of these coefficients will give completely different answers so
that with finite precision data, reliable estimation of the sup-
port is practically impossible.
Whereas purely algebraic meth-
ods ignore the conditioning of
information operators, having
well-conditioned matrices, which
are crucial for accurate estima-
tion, is a central concern in CS as
evidenced by the role played by

SIGNIFICANT LIMITATIONS.
urement system! the RIP.
WHAT IS COMPRESSIVE SAMPLING? APPLICATIONS

Data acquisition typically works as follows: massive amounts of
data are collected only to be—in large part—discarded at the
compression stage to facilitate storage and transmission. In the
language of this article, one acquires a high-resolution pixel array
f, computes the complete set of transform coefficients, encode
the largest coefficients and discard all the others, essentially end-
ing up with £s. This process of massive data acquisition followed
by compression is extremely wasteful (one can think about a digi-
tal camera which has millions of imaging sensors, the pixels, but
eventually encodes the picture in just a few hundred kilobytes).
CS operates very differently, and performs as “if it were possi-
ble to directly acquire just the important information about the
object of interest.” By taking about O(Slog(n/S)) random projec-
tions as in “Random Sensing,” one has enough information to
reconstruct the signal with accuracy at least as good as that pro-
vided by fs, the best S-term approximation—the best compressed
representation—of the object. In other words, CS measurement
protocols essentially translate analog data into an already com-
pressed digital form so that one can—at least in principle—obtain
super-resolved signals from just a few sensors. All that is needed
after the acquisition step is to “decompress” the measured data.
There are some superficial similarities between CS and
ideas in coding theory and more precisely with the theory and
practice of Reed-Solomon (RS) codes [26]. In a nutshell and
in the context of this article, it is well known that one can
adapt ideas from coding theory to establish the following: one
can uniquely reconstruct any S-sparse signal from the data of

its first 2S Fourier coefficients, y; = ;’:_01 xpe~i2nkt/n
k=0,1,2,...,2S5—1, or from any set of 25 consecutive fre-

quencies for that matter (the computational cost for the
recovery is essentially that of solving an S x S Toeplitz system
and of taking an n-point fast Fourier transform). Does this
mean that one can use this technique to sense compressible
signals? The answer is negative and there are two main rea-
sons for this. First, the problem is that RS decoding is an
algebraic technique, which cannot deal with nonsparse sig-
nals (the decoding finds the support by rooting a polynomial);

The fact that a compressible signal can be captured effi-
ciently using a number of incoherent measurements that is
proportional to its information level S <« n has implications
that are far reaching and concern a number of possible
applications:
m Data compression. In some situations, the sparse basis ¥
may be unknown at the encoder or impractical to implement
for data compression. As we discussed in “Random Sensing,”
however, a randomly designed ® can be considered a universal
encoding strategy, as it need not be designed with regards to
the structure of W. (The knowledge and ability to implement
W are required only for the decoding or recovery of £.) This
universality may be particularly helpful for distributed source
coding in multi-signal settings such as sensor networks [27].
We refer the reader to articles by Haupt et al. and Goyal et al.
elsewhere in this issue for related discussions.
m Channel coding. As explained in [15], CS principles (spar-
sity, randomness, and convex optimization) can be turned
around and applied to design fast error correcting codes over
the reals to protect from errors during transmission.
m Inverse problems. In still other situations, the only way to
acquire £ may be to use a measurement system @ of a cer-
tain modality. However, assuming a sparse basis W exists for
f that is also incoherent with @, then efficient sensing will
be possible. One such application involves MR angiography
[1] and other types of MR setups [28], where ® records a
subset of the Fourier transform, and the desired image f is
sparse in the time or wavelet domains. Elsewhere in this
issue, Lustig et al. discuss this application in more depth.
m Data acquisition. Finally, in some important situations the
full collection of n discrete-time samples of an analog signal
may be difficult to obtain (and possibly difficult to subse-
quently compress). Here, it could be helpful to design physi-
cal sampling devices that directly record discrete, low-rate
incoherent measurements of the incident analog signal.
The last of these applications suggests that mathematical
and computational methods could have an enormous impact
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in areas where conventional hardware design has significant
limitations. For example, conventional imaging devices that
use CCD or CMOS technology are limited essentially to the
visible spectrum. However, a CS camera that collects incoher-
ent measurements using a digital micromirror array (and
requires just one photosensitive element instead of millions)
could significantly expand these
capabilities. (See [29] and an arti-
cle by Duarte et al. in this issue.)
Along these same lines, part
of our research has focused on
advancing devices for “analog-
to-information” (A/I) conversion
of high-bandwidth signals (see
also the article by Healy et al. in
this issue). Our goal is to help
alleviate the pressure on conventional ADC technology,
which is currently limited to sample rates on the order of 1
GHz. As an alternative, we have proposed two specific archi-
tectures for A/I in which a discrete, low-rate sequence of
incoherent measurements can be acquired from a high-
bandwidth analog signal. To a high degree of approxima-
tion, each measurement y; can be interpreted as the inner
product (7, ¢;) of the incident analog signal f against an
analog measurement waveform ¢j. As in the discrete CS
framework, our preliminary results suggest that analog sig-
nals obeying a sparse or compressible model (in some ana-
log dictionary W) can be captured efficiently using these
devices at a rate proportional to their information level
instead of their Nyquist rate. Of course, there are challenges
one must address when applying the discrete CS methodol-
ogy to the recovery of sparse analog signals. A thorough
treatment of these issues would be beyond the scope of this
short article and as a first cut, one might simply accept the
idea that in many cases, discretizing/sampling the sparse
dictionary allows for suitable recovery. Our two architec-
tures are as follows:
1) Nonuniform Sampler (NUS). Our first architecture simply
digitizes the signal at randomly or pseudo-randomly sampled
time points. That is, y; = f(#) = (£, 84,). In effect, these

PART OF OUR RESEARCH
HAS FOCUSED ON
ADVANCING DEVICES FOR
“ANALOG-TO-INFORMATION" (A/1)
CONVERSION OF
HIGH-BANDWIDTH SIGNALS.

time points are obtained by jittering nominal (low-rate)
sample points located on a regular lattice. Due to the inco-
herence between spikes and sines, this architecture can be
used to sample signals having sparse frequency spectra far
below their Nyquist rate. There are of course tremendous
benefits associated with a reduced sampling rate, as this
provides added circuit settling
time and has the effect of reduc-
ing the noise level.
2) Random Modulation Prein-
tegration (RMPI). Our second
architecture is applicable to a
wider variety of sparsity domains,
most notably those signals hav-
ing a sparse signature in the
time-frequency plane. Whereas it

may not be possible to digitize an analog signal at a very
high rate rate, it may be quite possible to change its polari-
ty at a high rate. The idea of the RMPI architecture [see
Figure 4(a)] is then to multiply the signal by a pseudo-ran-
dom sequence of £1s, integrate the product over time win-
dows, and digitize the integral at the end of each time
interval. This is a parallel architecture and one has several
of these random multiplier-integrator pairs running in par-
allel using distinct sign sequences. In effect, the RMPI
architecture correlates the signal with a bank of sequences
of £1,one of the random CS measurement processes
known to be universal, and therefore the RMPI measure-
ments will be incoherent with any fixed time-frequency dic-
tionary such as the Gabor dictionary described below.

For each of the above architectures, we have confirmed
numerically (and in some cases physically) that the system is
robust to circuit nonidealities such as thermal noise, clock tim-
ing errors, interference, and amplifier nonlinearities.

The application of A/I architectures to realistic acquisition
scenarios will require continued development of CS algorithms
and theory. To highlight some promising recent directions, we
conclude with a final discrete example. We take 7 to be a one-
dimensional signal of length n = 512 that contains two modulat-
ed pulses [see the blue curve in Figure 4(b)] From this signal, we

ft) | —— y
,w“u“ |
Random +/—1 Sample
Sequence Time KT . 1
0 100 200 300 400 500 0 100 200 300 400 500
(@ (b) (c)

[FIG4] Analog-to-information conversion. (a) Random modulation preintegration (RMPI) system. (b) Original two-pulse signal (blue) and
reconstruction (red) via ¢;synthesis from random +1 measurements. (c) Two-pulse signal and reconstruction via reweighted ¢, analysis.
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collect m = 30 measurements using an m x n measurement
matrix ® populated with i.i.d. Bernoulli +1 entries. This is an
unreasonably small amount of data corresponding to an under-
sampling factor of over 17. For reconstruction we consider a
Gabor dictionary W that consists of a variety of sine waves time
limited by Gaussian windows, with different locations and scales.
Overall the dictionary is approximately 43 x overcomplete and
does not contain the two pulses that comprise 7. The red curve
in Figure 4(b) shows the result of minimizing ||x||¢, such that
y = ®Wx. The reconstruction shows pronounced artifacts, and
we see ||[£— g, /Il flle, = 0.67. However, we can virtually
eliminate these artifacts by making two changes to the £1 recov-
ery program. First, we instead minimize ||‘~I’*I;||[1 subject to
y = ®F. (This variation has no effect when W is an orthobasis.)
Second, after obtaining an estimate /*, we reweight the £1 norm
and repeat the reconstruction, with a lower penalty applied to
those coefficients we anticipate to be large. Figure 4(c) shows the
result after four iterations of reweighting; we see
| F— ey /I lle, = 0.022. We refer the reader to [30] for more
information on these directions. The point here is that even
though the amount of data is ridiculously small, one has never-
theless captured most of the information contained in the signal.
This, in a nutshell, is why CS holds such great promise.
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