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Abstract—Sampling is the bottleneck for ultra-wideband
(UWB) communication. Our major contribution is to exploit
the channel itself as part of compressive sampling, through
waveform-level pre-coding at the transmitter. We also have
demonstrated a UWB system baseband bandwidth (5 GHz) that
would, if with the conventional sampling technology, take decades
for the industry to reach. The concept has been demonstrated,
through simulations, using real-world measurements. Realistic
channel estimation is also considered.

I. INTRODUCTION

Ultra-wideband (UWB) [1], [2], [3], [4] represents a major
breakthrough in wireless communication. The unprecedented
radio bandwidth provides advantages such as immunity from
fading. Two primary challenges exist: (1) how to collect energy
over the rich multipath components; (2) extremely high analog
to digital conversion (ADC). Time reversal [5] provides a
promising solution to the first problem [6]. In particular, the
concept of time reversal has recently demonstrated in a real-
time hardware test-bed [7], [8]. At the heart of time reversal,
the channel itself is exploited as a part of the transceiver. This
idea makes sense since the channel is time-invariant and recip-
rocal [9]. In principle, most of the processing at the receiver
can be moved to the transmitter—where energy consumption
and computation are sufficient for many advanced algorithms.
This framework is called waveform-oriented pre-coding.

It is different from traditional pre-equalization (or pre-
coding), mainly because the modulation waveforms for the
latter do not change from one symbol to the next symbol.
The former counterpart, however, changes its modulation
waveforms. This is interesting since multi-GHz sampling is
recently made feasible [10]. The cost is, however, high. The
ADC does not follow the Moore’s law, so this trend will not
change in relatively long term.

A natural question arises: Can we move the complexity
of the ADC at the receiver side to the transmitter side? We
are motivated to use standard converters at the level of 125
megasamples per second (MS/s)—for which excellent high
dynamic range commercial solutions are available. Fortunately
compressive sampling (CS) [11], [12] is a natural framework
for our purpose.

CS has been used to UWB communications [13], [14], [15],
[16], [17]. Our major contribution is to exploit the channel

itself as part of compressive sampling, through waveform-
level pre-coding at the transmitter. We also have demonstrated
(Fig. 2) a UWB system baseband bandwidth (5 GHz) that
would, if with the conventional sampling technology, take
decades for the industry to reach.

II. COMPRESSIVE SENSING FOR COMMUNICATIONS

A. Compressive sensing background

Reference [18] gives a most succinct highlight of the CS
principles and will be followed here for a flavor of this elegant
theory. Consider the problem of reconstructing an N×1 signal
vector x. Suppose the basis Ψ = [ψ1, ..., ψN ] provides a K-
sparse representation of x, where K << N ; that is

x =
N∑

n=1

θ(n)ψn =
K∑

l=1

θ(nl)ψnl
. (1)

Here x is a linear combination of K vector chosen from Ψ,
{nl} are the indices of those vectors, and {θ(n)} are the
coefficients. Alternatively, we can write in matrix notation

x = Ψθ, (2)

where Ψ is N × N with the basis vectors ψn as columns,
and θ is an N × 1 vector with K nonzero elements. Using
|| · ||p to denote the lp norm,1we can write that || · ||0 = K .
Various expansions, including wavelets, Gabor bases, curvelets
are widely used for representation and compression of natural
images and communication signals.

To reconstruct x, we do not measure or encode the K
significant θ(n) directly. Rather, we measure and encode
M < N projections y(m) =< x, φT

m > of the signal onto
a second set of basis functions φm, m ∈ {1, 2, ...,M}, where
φT

m denotes the transpose of φm and < ·, · > denotes the inner
product. In matrix notation, we measure

y = Φx, (3)

where y is an M × 1 column vector, and the measurement
basis Φ is M × N with each row a basis vector φm. Since
M < N , recovery of the signal x from the measurement y

1The l0 “norm” || · ||0 merely counts the number of nonzero entries in the
vector θ.



is ill-posed in general; however the additional assumption of
signal sparsity makes recovery possible and practical.

The CS theory tells us that when certain conditions hold,
namely that the basis {φm} cannot sparsely represent the
elements of the basis {ψn} (a condition known as incoherence
of the two bases) and the number of measurements M is
sufficient, then it is, indeed, possible to recover the set of
large {θ(n)} (and thus the signal x) from a similarly sized
set of measurements {y(m)}. Significantly, this incoherence
property holds with high probability between an arbitrary
fixed basis and a randomly generated one (consisting of i.i.d
Gaussian or Bernoulli/Rademacher ±1 vectors). Signals that
are sparsely represented in frames or unions of bases can be
recovered from incoherent measurements in the same fashion.

The recovery of the sparse set of significant coefficients
{θ(n)} can be achieved using optimization by searching for
the signal with l0-sparsest coefficients {θ(n)} that agree with
the M observed measurements in y. Reconstruction relies on
the key observation that, given some technical conditions on
Φ and Ψ, the coefficient vector θ is the solution to the l0
minimization

θ̂ = argmin ||θ||0 s.t. y = ΦΨθ (4)

with overwhelming probability.
In principle, remarkably few incoherent measurements are

required to recover a K-sparse signal via l0 minimization.
Unfortunately, solving this l0 minimization is prohibitively
complex. A much easier problem yields an equivalent solution.
We only need to solve for the l1-sparsest coefficients θ that
agrees with the measurements y

θ̂ = argmin ||θ||1 s.t. y = ΦΨθ (5)

This optimization problem, also known as basis pursuit (BP),
is significantly more approachable and can be solved with
traditional linear programming.

According to the theory, more than K + 1 measurements
are required to recover sparse signals via basis pursuit (BP).
However, one typically requireM ≥ cN measurements, where
c > 1 is the oversampling factor.

[19] proposes an analog-to-information converter (AIC).
Measurement matrix is implemented by multiplying the in-
coming signal with a pseudo noise (PN) sequence. Sampling
rate can be reduced to 20% of Nyquist rate. However, this
architecture has some disadvantages and is not suitable for
sampling UWB signals.

• The chip rate requirement for PN sequence makes it
difficult for UWB signals. Chip rate must be at least twice
the maximum signal frequency. For example, the chip rate
for a 3 – 8 GHz UWB signal should be at least 16 GHz.

• UWB multiplier, which can be a mixer, supporting such
high bandwidth is difficult to implement.

• The system is time-variant. Each measurement is the
product of a streaming signal and a changing PN se-
quence. This requires a huge amount of storage space
and complex computation.
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Fig. 1. The process of down-sampling in matrix notation

In this paper, we propose a simple architecture which is
more suitable for sampling UWB signals using the knowledge
of filter-based architecture.

B. Filter-based compressive sensing

All filters here refers to the finite impulse response (FIR)
filter. We use convolution to represent a linear time-invariant
(LTI) system. Assume that there is a length N vector x passing
through a filter h with length B. Then the output y is

y = h ∗ x
where ∗ denotes the linear convolution. After taking M
uniform measurements of y, we have

y = D ↓ (x ∗ h)

where D ↓ means the down-sampling process by a factor of
�N/M�. Alternatively, this process can be denoted in matrix
form

y = Φx

where Φ is an M×N quasi-Toeplitz matrix. Each row of Φ has
B non-zero entries and each row is a copy of the row above,
shifted right by �N/M� places. This process is illustrated in
Fig. 1. For n = 0, 1, ...,M−1, measurement y (n) is calculated
as

y (n) =
∑B−1

j=0
x (n �N/M� + j)h (B − j)

Now the problem becomes recovering N × 1 vector x
from M measurements y, which is exactly the same as the
problem posed in Equation 5. The reconstruction problem can
be solved by BP, OMP and other algorithms. The number of
measurements depends on the sparsity K and length N of the
vector x, length B of the filter and the incoherence between
Φ and Ψ. Numerical results show that when vector x is sparse
and h is a random filter, x can be reconstructed successfully
with M << N measurements using BP. We will use this result
in our proposed system.

To summerize, this filter based architecture has the follow-
ing advantages:
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Fig. 3. The structure of transmitted symbol

• It can be implemented using FIR filter.
• Filter length and filter tap values can be designed with

flexibility.
• Each row of the measurement matrix is a shifted version

of the row above.
• Filter can be easily applied for streaming signals.

III. COMPRESSIVE SENSING BASED UWB
COMMUNICATION SYSTEM

A. Communication system architecture

Using the knowledge of Section II-A and Section II-B, we
propose a CS-based UWB communication system which is
able to reduce the sampling rate to 1.25% of Nyquist rate. The
system architecture is illustrated in Fig. 2. A UWB signal is
transmitted by feeding the sparce bit sequence through a UWB
pulse generator and an incoherence filter. After the channel, the
received signal is directly sampled using a low-rate A/D and
then processed by BP, OMP or other reconstruction algorithms.
Our simulation in Section IV shows that 3 – 8 GHz UWB
signals can be successfully recovered by a 125 Msps A/D.

The binary bit sequence is mapped on a K-sparse length-N
symbol vector θ. The symbol structure is illustrated in Fig. 3.
For each symbol there are only K ‘1’s at different positions
and K << N . UWB pulse generator, incoherence filter and
channel are modeled as FIR filters. UWB pulse generator is
a length-P filter p, forming the N × N sparse basis matrix
Ψ. p can be any UWB pulses as Gaussian pulses and chirp
pulses. Incoherence filter is a length-F filter f and channel
is a length-H filter h. The combined impulse response of f
and h is φ = f ∗ h. φ forms the M ×N measurement matrix
Φ with down-sampling factor �N/M�. Ψ and Φ are quasi-
Toeplitz matrices described in Section II-B. The uniformly
down-sampled A/D output measurement is a length-M vector
y. The measurement vector y = D ↓ (h ∗ f ∗ p ∗ θ) can be
represented in matrix notation y = ΦΨθ = Θθ. Now, the
communication problem becomes a problem of estimating θ̂
from M < N measurement vector y, which is identical to
the problem described as Equation 5. BP, OMP and other
algorithms can be applied to solve the problem.

The success of recovery relies on the sparsity K of θ and
the incoherence between Ψ and Φ. Sparsity of θ is easily met
by controlling the transmitted sequence. In our simulation,
K = 1, which means that there is only one non-zero entry in
θ. The incoherence property can be met by proper selection of
the incoherence filter f , therefore, the combined measurement
matrix, Φ. Simulation results show that if f is a PN sequence
whose chip rate is equal to the bandwidth of the UWB pulse
p, θ can be successfully recovered using recovery algorithms.
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So far the discussion is in baseband. If the transmitted UWB is
passband, then up-conversion is applied after the incoherence
filter. PN chip rate and the receiver structure remain the same.
No down-conversion is required at the receiver. For example,
as will be shown in the simulation, a 3 – 8 GHz UWB
pulse requires PN chip rate of 5 GHz, which is the same as
the signal bandwidth, not the Nyquist rate of the maximum
signal frequency, as required by the AIC system. A/D at the
receiver directly samples the received signal, without doing
down-conversion.

The number of measurements M and sampling rate are
related and determined by the length of the combined mea-
surement filter φ. If φ is long, the received signal is “spread
out” in the time domain, therefore sufficient measurements can
be made under a lower sampling rate.

B. Channel estimation

However, during the process of recovery algorithms like BP,
we need to have the knowledge of Φ, therefore channel vector
h. A CS based channel estimation method is proposed. A 3 –
8 GHz channel can be estimated by a 500 Msps A/D.

UWB channel can be modeled as an FIR filter h with
length N . The estimation block diagram is illustrated in Fig.
4. A UWB probing pulse p ∗ f is transmitted to “probe”
the channel h, where p is a UWB pulse and f is a PN
filter. At the receiver, sub-Nyquist rate A/D collects M < N
uniform measurements and reconstruct the channel as ĥ. This
process can be represented as y = D ↓ (h ∗ f ∗ p), where
D ↓ denotes a down-sampling factor of �N/M�. Since the
system is LTI, a alternative block diagram can be drawn as
Fig. 5. Then, measurement vector y = D ↓ ((f ∗ p) ∗ h). In
matrix notation, y = Θh, where Θ is a quasi-Toeplitz matrix
formed from f ∗ p. The channel estimation problem is to get
ĥ from measurements y, which is identical to the CS problem
described in Equation 5.

Successful recovery requires h to be sparse and the inco-
herent property of measurement matrix Θ [12]. Indoor UWB
channel is sparse and PN filter structured Θ has the incoherent
property. Number of measurements and A/D sampling rate are
related and determined by the length of f . PN chip rate should
be the same as the bandwidth of the channel under estimation.
We use simulation to show the estimation result.

First, we need to set up the real channel h as the estimation
target. Vector network analyzer (VNA) is used to get the real
indoor channel vector h. 3 – 8 GHz channel is measured
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Fig. 2. A compressive sensing based UWB system.
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Fig. 6. VNA measurement in frequency domain

by VNA with 1 MHz frequency step and 128 averages. h
is derived by CLEAN algorithm using a rectangular window
in frequency domain. The VNA result and the relative time
domain h is depicted in Fig. 6 and Fig. 7. h has 50 non-zeros,
therefore K = 50. PN chip rate is 5 GHz and length is 1
μs. Baseband Gaussian UWB pulse p has 5 GHz bandwidth.
Since the measured channel is in passband, up-conversion is
applied after the PN filter. At the receiver, 500 Msps A/D is
used to get measurements. BP is then used to calculate the
estimated vector ĥ. Additive white Gaussian noise (AWGN)
is added at the received samples as y = Θh+ w, where w is
the noise vector. Basis pursuit denoising (BPDN) is used to
solve the recovery problem with noise. Fig. 8 (a) shows the
estimation result and Fig. 8 (b) shows the zoomed in result. It
can be seen that though ĥ is a little bit noisy, all major paths
in ĥ perfectly match to h. Only the amplitudes are slightly
different.

We will use h as “perfect estimation” to form the measure-
ment matrix Φ and the noisy ĥ as “imperfect estimation” to
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Fig. 7. Time domain channel derived from VNA measurement

form the measurement matrix Φ̂ in the CS-based UWB com-
munication system symbol error rate simulation. Interestingly,
though imperfect estimation is noisy, the symbol error rate is
similar to perfect estimation.

IV. SIMULATION RESULTS

Since UWB channel is stable when few movements exist
in the indoor environment, we assume that channel is time-
invariant during the channel estimation and communication
process.

In the simulation, the sparse bit sequence is a symbol
which consists of 256 1-ns bins. Only one bin is set to ’1’
while others are ’0’s and therefore each symbol’s sparsity
is 1, containing 8 bits information. More bins can be used
to increase the information per bit, therefore increasing the
sparsity of θ. Since the purpose of the paper is the recovery of
UWB signal, not maximizing the data rate, we do not simulate
the case with K > 1 numerically. However the system does
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Fig. 8. (a) Channel estimation result. (b) Zoomed in result.

work when K > 1 and K << N . The UWB pulse generator
produces a 5 GHz bandwidth Gaussian pulse. The incoherent
filter is a PN filter with 128 ns duration and 5 GHz chip rate.
Then the signal is modulated with a 5.5 GHz sinusoidal, up-
converting to a 3 – 8 GHz UWB signal. Measured channel in
Section III-B is used in the simulation. Due to delay spread of
the channel and the length of PN sequence, the received signal
will be spread out in 512 ns. Therefore, a 256 ns guard period
is added between symbols to avoid intersymbol interference
(ISI). At the receiver, perfect synchronization is assumed. 125
Msps, 250 Msps and 500 Msps sampling rates are simulated
to evaluate the symbol error rate VS SNR per sample per-
formance. Since measurements are made in a 512 ns period,
the relating numbers of measurements M for 125 Msps, 250
Msps and 500 Msps are 64, 128 and 256, respectively. BPDN
provided by [20] is used as the reconstruction algorithm. The
position with maximum amplitude in θ̂ is compared with the
position in θ. If two positions are exactly the same, we say
the symbol is successfully reconstructed. For each SNR plot,
20000 simulations were performed.

Fig. 9 shows the reconstruction result under 125 Msps
sampling rate without any noise at the receiver. θ̂ reconstructed
from perfect/imperfect channel profile is compared with orig-
inal θ. From Fig. 9, we can see that θ̂ from imperfect channel
profile is a bit more noisy. However, the position of maximum
amplitude is exactly the same as the one in θ. Therefore,
the transmitted symbol is recovered successfully. After 20000
simulations, no recovery errors can be found.

Fig. 10 shows the results under AWGN. Perfect/imperfect
channel estimation and 125 Msps/250 Msps/500 Msps sam-
pling rate are simulated. We can see that higher sampling rate
provides better symbol error rate performance. This is because
more measurements are collected under higher sampling rate.
It is also noticed that under same sampling rate, the symbol
error rate of perfect channel estimation and imperfect channel
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Fig. 9. Recovery of θ̂ using 125 Msps A/D without noise

−20 −15 −10 −5 0 5 10
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

 

 

SNR per Sample, dB

S
ym

bo
l E

rr
or

 R
at

e

500 Msps, Perfect Channel Estimation
500 Msps, Imperfect Channel Estimation
250 Msps, Perfect Channel Estimation
250 Msps, Imperfect Channel Estimation
125 Msps, Perfect Channel Estimation
125 Msps, Imperfect Channel Estimation

Fig. 10. Simulation results of symbol error rate vs SNR

estimation have almost no difference. This is interesting be-
cause the noisy channel in Fig. 8 shows almost no SNR loss
in symbol error rate. From the 500 Msps sampling rate curve,
we can see that the symbol error rate is 0 when SNR is over
-6 dB, in 20000 simulations.

Many interesting topics are raised after the simulation. Nu-
merical results in [21] show that PN filter structure is suitable
for CS, how about a PN filter followed by a channel? Does
the combined measurement matrix Θ satisfy the incoherence
property in theory, which is the criteria for successful recon-
struction? What is the relationship for sampling rate, SNR
and symbol error rate? Why the imperfect channel estimation
shows similar performance with perfect channel estimation?
How to achieve synchronization with the system? Further work
need to be done to explain these questions.

V. CONCLUSION

Our proposed approach is to exploit the channel itself as
part of compressive sampling, through waveform-level pre-
coding at the transmitter. The concept has been demonstrated,
through simulations, using real-world measurements. Realistic
channel estimation is also considered. The philosophy is to
trade computation complexity for hardware complexity, and



exploit the channel reciprocity to move receiver complexity to
the transmitter.

This work is just the beginning of the pre-coded compres-
sive sampling. Future work includes reduction of algorithm
complexity. Basis pursuit (BP) and Orthogonal matched pur-
suit (OMP) are two families of algorithms for applications like
imaging and sensing. Much quicker algorithms are required
for real-time applications such as UWB communications.
Deterministic compressed sensing [22] will be considered in
the context of UWB channel.

Traditional pre-coding optimizes the system in the digi-
tal domain. The waveform-oriented pre-coding optimizes the
transceiver in both mixed signal and digital domain. Compres-
sive sampling provides a natural framework. The minimum
complexity can be the optimization criterion. It may be more
natural to combine waveform-oriented pre-coding with sam-
pling innovation [23], since pre-coding can be used to reduce
the degrees of freedom—thus the sampling rate.
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