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Abstract— The stability and programmability of digital sig-
nal processing systems has motivated engineers to move the
analog-to-digital conversion (ADC) process closer and closer to
the front end of many signal processing systems in order to
perform as much processing as possible in the digital domain.
Unfortunately, many important applications, including radar and
communication systems, involve wideband signals that seriously
stress modern ADCs; sampling these signals above the Nyquist
rate is in some cases challenging and in others impossible. While
wideband signals by definition have a large bandwidth, often the
amount of information they carry per second is much lower; that
is, they are compressible in some sense. The first contribution of
this paper is a new framework for wideband signal acquisition
purpose-built for compressible signals that enables sub-Nyquist
data acquisition via an analog-to-information converter (AIC).
The framework is based on the recently developed theory of
compressive sensing in which a small number of non-adaptive,
randomized measurements are sufficient to reconstruct com-
pressible signals. The second contribution of this paper is an
AIC implementation design and study of the tradeoffs and non-
idealities introduced by real hardware. The goal is to identify
and optimize the parameters that dominate the overall system
performance.

I. INTRODUCTION

The prevalence of digital signal processing in communica-
tion applications has popularized the use the analog-to-digital
converters (ADC). These ADCs employ the Nyquist sampling
theorem which guarantees the reconstruction of a band-limited
signal when it is uniformly sampled with a rate of at least twice
its bandwidth. Accordingly, an exceedingly large number of
samples is needed to represent wideband signals, requiring
large amounts of resources for storing and transmitting such
data. Emerging applications like radar detection and ultra-
wideband communication are pushing the performance of
ADCs toward their physical limits.

In many cases of interest the signals have additional struc-
ture than band-limitedness alone. Over the past two years,
a new theory of compressive sensing (CS) has emerged,
which exploits this knowledge to achieve signal reconstruction
using fewer measurements than the number prescribed by the
Nyquist theorem for certain classes of signals. In particular,
CS allows reconstruction of signals which are compressible by
some transform, meaning that the transform representation has
a few large coefficicnts and many small coefficicnts. As an ex-
ample, signals that have smooth variations are compressed by
the Fourier transform, while signals with localized variations
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are compressed by the wavelet transform. By leveraging the
CS theory, an analog-to-information converter (AIC) can be
designed to acquire samples at a lower rate while successfully
recovering the compressible signal of interest.

In this paper, we develop an AIC system that leverages
the CS theory while addressing practical considerations that
arise in an actual hardware implementation. We first extend
the existing CS framework to analog signals. We also study
the effects of non-idealities on the performance of the AIC
system, which mirror the same behaviors of traditional ADCs.
We find that it is possible to obtain the same performance
regarding Signal to Noise Ratio (SNR) or Effective Number
of Bits (ENOB) while sampling with a rate that is much lower
than the Nyquist rate.

Our models for non-idealities enable the evaluation of
performance and feasibility of various AIC hardware imple-
mentations. In addition, we provide behavioral models for
circuit simulation that reduce the duration of the development
process, while maintaining accurate performance predictions.

This paper is organized as follows. First, we provide an
overview of theory and algorithms for CS and extend the
mathematical framework to AICs in Section II. We then
conduct a number of experiments to validate our approach
in Section IIl and we conclude in Section IV.

1I. COMPRESSIVE SENSING FOR AIC SYSTEMS
A. Compressive sensing background

Compressive Sensing (CS) provides a framework for acqui-
sition of an NV x 1 discrete-time signal vector x = $a that
is K-sparse or compressible in some sparsity basis matrix ¥
(where each column is a basis vector ). By K-sparse we
mean that ||allo = K <« N, where || - ||op denotes the ¢y norm,
which counts number of nonzero coefficients in the vector a.
By compressible we mean that the entries of a, when sorted
from largest to smallest, decay rapidly to zero; such a signal
is well approximated using a K-term representation.

The CS framework, first introduced by Candés, Romberg,
and Tao [1] and Donoho [2], demonstrates that a signal that
is K -sparse or compressible in one basis ¥ can be recovered
from M = cK nonadaptive linear projections onto a second
basis @ that is incoherent with the first, where ¢ is a small
overmeasuring constant. By incoherent, we mean that the rows
¢; of the matrix ¢ cannot sparsely represent the elements of
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the sparsity-inducing basis 1;, and vice versa [1], [2]. Thus,
rather than measuring the /V-point signal x directly, we acquire
the M <« N linear projections y = ®x = ® W a. For brevity,
define the M x N matrix © = ®¥.

Most of the CS literature focuses on the case where the
elements of ® are independently drawn from a random distri-
bution. This construction provides the additional property of
universality meaning that compressible signals can be recon-
structed from these random measurements regardless of the
signal’s structure. Additionally, this measurement scheme has
been successfully implemented using psuedo-random number
generators.

Since M < N, recovery of the signal x from the mea-
surements y is ill-posed in general, however, the additional
assumption of signal sparsity or compressibility in the basis
¥ makes recovery both feasible and practical. The recovery
of the sparse set of significant coefficients a can be achieved
through optimization by searching for the signal with the
smallest £, norm for the coefficient vector a that agrees
with the M observed measurements in y. While solving
this £, optimization problem is prohibitively complex (it is
believed to be NP-hard [3]), if we use M = O(K log(N/K))
measurements, then we need only solve for the coefficient
vector & = [a, a2, ..., an]| with the smallest £; norm that
agree with the measurements y [1], [2]

a =argmin|lal; sty=®Pa. (1)

This optimization problem, also known as Basis Pursuit (4]
can be solved with traditional linear programming techniques
whose computational complexities are polynomial in N. At
the expense of slightly more measurements, iterative greedy
algorithms like Orthogonal Matching Pursuit (OMP) [5] can
also be applied to the recovery problem.

B. AIC: Signal processing issues

Several issues need to be resolved in order to apply the
CS framework to our case of interest. First, the concept of
compressibility has been developed only in the context of
discrete signals. Second, the multiplication process with a
dense measurement matrix is not feasible in hardware for
streaming signals. Finally, we require a setup to obtain a
discrete set of measurements from from a continuous signal.
Considering these issues, we now extend the CS framework to
continuous signals in order to build a new family of sampling
devices.

1) Analog signal model: We develop a model for represent-
ing analog signals that uses a finite number of parameters per
unit time in some dictionary of continuous functions. Let the
analog signal z(t),t € [0,77] be composed of a finite number
of weighted continuous dictionary components

N

x(t) = Z an Y (), 2)

n=1

with o, € R for some signal length T. In cases where there are
a small number of entries with large magnitudes in o, we may
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Pseudo-random demodulation scheme for AIC.

again say that the signal x is “compressible”. Although each
of the dictionary elements 1,, may have high bandwidth, the
signal itself has relatively few degrees of freedom. Ideally, we
would like to sample the signal at some multiple of the number
of degrees of freedom, rather than at twice the bandwidth as
required by the Shannon/Nyquist sampling theorem.

2) Analog processing: Our signal acquisition system con-
sists of three main components; demodulation, filtering, and
uniform sampling. As seen in Figure I, the signal is modulated
by a psuedo-random maximal-length PN sequence of +1’s. We
call this the chipping sequence p.(t); its chipping rate, i.e. the
rate of change of symbols, must be faster than the Nyquist
rate for the input signal. The purpose of such modulation is
to provide randomness necessary for successful CS recovery.
The modulation is followed by a low-pass filter with impulse
response h(t). Finally, the signal is sampled at rate M using
a traditional ADC.

3) Analog system as a CS matrix: The discrete measure-
ment vector y can be characterized as a linear transformation
of the discrete coefficient vector a. As in the discrete CS
framework, we can express this transformation as an M x N
matrix © that combines two processes: the signal synthesis
operator ¥, which maps the discrete coefficient vector a to
an analog signal z(t), and the signal measurement operator
@, which maps the analog signal x(t) to the discrete set of
measurements y.

To find the matrix © we start by considering the output
y[m], which is a result of convolution and demodulation
followed by sampling at rate M

y[m] = /_00 z(7) pe(T) R(t — 7) dT . 3)

t=mM
Our analog input signal (2) is composed of a finite and discrete
number of components of ¥, and so we can expand (3) to

N 0o
i) =Y an [ dn(O)p) himM ~ 1) dr. )
n=1 —00

It is now clear that we can separate out an expression for each
element 0,, , € © for row m and column n

Omm = / Yo (T) pe(T) W(MmM — T) d7. (5)

to obtain an equivalent representation y = Oa.

C. Reconstruction for Time-Frequency Signals

Signals used in communication schemes are known to be
time-frequency sparse since they often consist of bandlimited
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