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Analysis of One-Bit Quantized Precoding for the
Multiuser Massive MIMO Downlink
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Abstract—We present a mathematical analysis of linear pre-
coders for downlink massive MIMO multiuser systems that employ
one-bit digital-to-analog converters at the basestation in order to
reduce complexity and mitigate power usage. The analysis is based
on the Bussgang theorem, and applies generally to any linear pre-
coding scheme. We examine, in detail, the special case of the quan-
tized zero-forcing (ZF) precoder, and derive a simple asymptotic
expression for the resulting symbol error rate at each terminal. Our
analysis illustrates that the performance of the quantized ZF pre-
coder depends primarily on the ratio of the number of antennas to
the number of users, and our simulations show that it achieves per-
formance similar to a more complicated nonlinear least-squares
encoder for low-to-moderate signal to noise ratios, where mas-
sive MIMO systems are presumed to operate. We also use the
Bussgang theorem to derive a new linear precoder optimized
for the case of one-bit quantization, and illustrate its improved
performance.

Index Terms—Multiuser massive MIMO, Bussgang decomposi-
tion, Zero forcing precoding.

I. INTRODUCTION

MASSIVE MIMO involves the use of many, perhaps hun-
dreds, of antennas at the base station (BS) of a wireless

network, and can potentially provide large increases in capacity
via spatial multiplexing [1]. In a multi-user (MU) scenario, the
massive MIMO BS typically serves a number of users much
smaller than the number of antennas, and hence a large number
of degrees-of-freedom can be offered to each user. This can in
turn lead to improved robustness and correspondingly high data
rates [1]–[3].

Under favorable propagation conditions, the user channels
become asymptotically orthogonal as the number of antennas
grows, and simple linear precoding at the BS can be used to
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invert the channel without noise enhancement. Many studies
consider Maximal Ratio Transmission (MRT) [4] or Zero
Forcing (ZF) precoders [5], and asymptotic results from
random matrix theory show how an increasing number of
antennas can result in a dramatic increase in downlink capacity
[6] even for these simple precoding schemes.

While the benefits of massive MIMO at the BS grow with the
number of antennas, so do the resulting power consumption and
hardware costs. While one can scale down the transmit power
with an increase in the number of antennas in order to maintain
a certain level of performance (e.g., due to beamforming gain),
there are certain sources of fixed power consumption at the
circuit level that cannot be reduced and these sources will lead
to an increase in power as the number of antennas is increased
[7]. More important than this is the issue of energy efficiency;
a standard RF implementation requires highly linear amplifiers
that must as a result be operated with considerable power back-
off, which severely limits the overall energy efficiency of the
system. The more RF chains, the less and less efficient the
system is.

One approach to addressing this problem in the massive
MIMO downlink is the use of hybrid analog and digital RF
front ends, which employ fewer RF chains in favor of an ana-
log beamforming (precoding) network that is deployed after the
digital-to-analog converters (DACs) [8]–[10]. However, this ap-
proach does not scale well for wideband systems, as one must
either use the same RF beamforming network for the entire band
(which is clearly suboptimal), or one must add complexity to the
RF analog domain, in the form of either additional phase-shift
networks for different frequency bands, or some type of analog
tapped-delay line. Instead, we focus on another approach that
has gained attention recently, namely the use of low-resolution
DACs for each antenna and RF chain; in particular, we will
investigate the simplest possible case involving one-bit DACs.
Using one-bit ADCs/DACs considerably reduces power con-
sumption, which grows linearly with increases in bandwidth
and sampling rate, and exponentially in the number of quan-
tization bits [11]–[13]. Unlike hybrid beamforming schemes,
extending one-bit systems to the wideband case does not re-
quire further complicating the RF analog design; in particular
(and more importantly for the downlink), it considerably sim-
plifies the RF architecture by eliminating the need for highly
linear amplifiers and back-off operation, which further reduces
circuit complexity and dramatically improves energy efficiency.
As we will show in this paper, the severe distortion caused by
the one-bit DACs can be mitigated by proper signal processing,
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and the impact is not too significant in the low- to mid-SNR
ranges where massive MIMO systems will likely operate.

Most of the work on one-bit quantization for wireless com-
munication systems has focused on the uplink, where the BS
employs one-bit analog-to-digital converters (ADCs). Single-
antenna studies of the impact of one-bit ADCs can be found
in [14]–[16]. More recently, their use in MIMO systems has
been considered, and the resulting work has focused primarily
on channel estimation and information theoretic rate analyses
[17]–[22]. While there has been considerable research on down-
link precoding for massive MIMO (see e.g., [23]–[24]) very
little has been reported on the impact of low-resolution DACs
on transmit processing. In [25], transmit optimization for the
case of flat fading MIMO systems with low resolution DACs is
addressed. The mean squared error between the received sym-
bol and the symbol vector input to the transmitter is minimized
to find optimum quantizer levels, transmit matrix and scalar
receiver. In [26], a precoding technique is introduced which
aims to minimize the inter-user interference and quantization
noise introduced by using a look-up table for all possible trans-
mit sequence combinations. This paper also introduced a novel
minimum Bit Error Rate (BER) performance metric. In [27], a
two stage precoder is proposed, which comprises a digital pre-
coder, and an analog precoder implemented after the quantizer.
The precoders are optimized by minimizing the mean square
error between the transmit vector and the receive vector. An
iterative algorithm is utilized in the optimization problem.

In this paper, we study the impact of one-bit DACs on lin-
ear precoding for the massive MIMO downlink. We presented
a preliminary analysis of this problem in [28] using a differ-
ent approach. To focus on the performance degradation due to
quantization, we assume that the BS has perfect channel state
information, although this additional error source would have
to be accounted for in a full analysis. Using the Bussgang theo-
rem [29] to model the second-order statistics of the quantization
noise introduced by the DACs, we provide a closed-form ex-
pression for the signal to quantization, interference and noise
ratio (SQINR), which we use to deduce the symbol error rate
for each terminal in the network. We then focus on the spe-
cial case of the zero-forcing (ZF) precoder and use asymptotic
arguments to obtain an even simpler expression. Our analysis
illustrates that the performance of the quantized ZF precoder
depends primarily on the ratio of the number of antennas to the
number of user terminals, with asymptotically improving per-
formance as this ratio increases. Our simulations indicate that it
has performance similar to a more complicated nonlinear least
squares (NLS) encoder for low-to-moderate signal to noise ra-
tios, at least for small system dimensions where it is feasible to
implement NLS. Finally, using our insights from the asymptotic
analysis of the ZF precoder, we design a modified precoder that
attempts to achieve the benefits of the ZF precoder even in the
non-asymptotic case.

The paper is organized as follows. Section II introduces the
one-bit downlink model, and describes both direct NLS pre-
coding and the simpler quantized linear precoding approach.
The SQINR performance of a general one-bit quantized linear
precoder is then analyzed in Section III, and the approximate

Symbol Error Rate (SER) for each user is derived. Section IV
focuses on the special case of ZF precoding in the asymptotic
regime where the number of BS antennas M and user termi-
nals K become large, leading to a simpler and more insightful
expression. In Section V, we introduce the Bussgang adapted
precoding algorithm, which attempts to remove the interuser in-
terference for non-asymptotic values of M and K. Simulation
results comparing the various algorithms are presented through-
out the paper.

II. ONE-BIT DOWNLINK SYSTEM MODEL

A. Mathematical Notation and Assumptions

In what follows, uppercase boldface letters, A, indicate a
matrix, with [A]kl and akl interchangeably denoting the element
at the kth row and lth column. Lower boldface letters, a, indicate
a column vector, with ak denoting the kth element of the column
vector. The symbols (.)∗, (.)T and (.)H denote the complex
conjugate, matrix transpose and the transpose-conjugate of the
argument respectively. We will use diag(C) to denote the square
matrix whose main-diagonal elements are equal to those of the
square matrix C, and whose other entries are all zero. With a
vector argument, Diag(c) denotes the diagonal matrix whose
main diagonal is composed of the elements of vector c.

We assume a flat-fading downlink scenario in which an M -
antenna BS is attempting to send QPSK symbols sk to k =
1, . . . ,K single-antenna users over the K × M channel H. The
BS transmits an M × 1 vector

√
ρx, where

√
ρ is a fixed gain

and the elements of x are constrained to be equal to ±1 ± j due
to the use of one-bit quantization of the in-phase and quadrature
components of the signal at the BS. Let rk be the signal received
by user k, and define r = [r1 · · · rK ]T so that we can write the
overall system model as

r =
√

ρHx + n, (1)

where the K × 1 vector n represents a vector of independent
Gaussian noise terms of variance σ2

n at each user. For the down-
link, the BS designs the vector x such that the elements of r can
be correctly decoded as the appropriate QPSK symbols in the
vector s = [s1 · · · sK ]T . The QPSK symbols for different users
are assumed to be zero-mean and independent with power σ2

s :
E(ssH ) = σ2

s IK . The assumption that the BS transmits QPSK
symbols can be interpreted to mean that the individual users also
employ one-bit ADCs, although this is not strictly necessary.

The kth row of channel matrix H is denoted as hk , and
represents the channel to user k. For our analysis, we will assume
that the channel matrix is given by

H = Diag(σ1 , σ2 , . . . , σK )H̃, (2)

where the elements of H̃ are complex Gaussian random vari-
ables, whose real and imaginary parts are both iid Gaussian
random variables with zero-mean and unit-variance, and the pa-
rameters σ1 , σ2 , . . . , σK represent the individual channel gains
for each user. As mentioned above, we will assume that the
channel H is known at the BS in order to isolate the impact of
the quantization and noise.
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B. Nonlinear LS Precoding

Ideally, in the absence of noise, one might attempt to design
a general non-linear precoder providing x such that Hx = s.
However, due to the finite alphabet constraint imposed by the
one-bit DACs, one would have to find such an x with QPSK
entries, which in general will prevent achieving Hx = s with
equality. Instead, one might choose to implement a nonlinear
least squares (NLS) precoder that attempts to solve [30]–[32]

x = arg min
δ>0,v ∈SM

||s − δHv||2 , (3)

where S = {1 + j, 1 − j,−1 + j,−1 − j} is the set of QPSK
constellation points with j =

√−1, and δ is a positive real-
valued scaling. However, in general, (3) requires on exhaustive
search of order O(4M ), which is prohibitively expensive even
for relatively small values of M , let alone in the massive MIMO
case. Even a sphere-based encoder [33] would be too complex
for large values of M , and in this case would require extra care
since the matrix H has many more columns than rows. In such
cases, one should transform (3) to

x = arg min
δ>0,v ∈SM

||D(z − δv)||2 , (4)

where D is the upper triangular matrix obtained by the Cholesky
factorization of G = HH H + αIM , z = G−1HH s and α is a
small regularization parameter as explained in [34]. Though
less complex than direct NLS encoding, the generalized sphere
encoder still has a complexity exponential in M − K, which
is again costly in the massive MIMO case. Approaches that
approximate the solution to (3) using convex semi-definite re-
laxation have been proposed in [32], although the resulting opti-
mization, while considerably simpler, is still somewhat complex
and must be done on a per symbol basis.

We note here that, for the case where the elements of the
desired vector s are themselves drawn from a finite alphabet
(QPSK here), the NLS encoder over-constrains the problem by
attempting to force δHx to be close to s, when in fact all that
is necessary is that its elements lie within the correct decision
regions so that the users can properly decode them as the desired
constellation points sk . The noise-free received data δHx can
in principle be far away from s and still be decoded correctly;
in fact, often the farther δHx is away from s, the farther the
received signal is from the decision boundaries and hence the
more resilient to noise. So we might expect that NLS encoding
may not give optimal performance in this case, and in fact we
will demonstrate this fact later in the paper.

C. One-Bit Quantized Linear Precoding

As an alternative to NLS encoding, we will study the per-
formance of a very simple approach in which the output of a
standard linear precoder is quantized by one-bit DACs prior
to transmission. In particular, assuming a linear precoding ma-
trix P, the transmitted signal is x = Q(Ps), where the one-bit
quantization operation is defined as

Q(a) = sign(�(a)) + jsign(�(a)), (5)

Fig. 1. System Model.

with �(·) representing the real part, �(·) the imaginary part,
and sign(·) the sign of their arguments. Fig. 1 gives a graphical
view of the assumed system, whose output is thus given by

r =
√

ρHQ(Ps) + n. (6)

In what follows, we will define 2ρ0 to be the total transmit
power, which implies that ρ = ρ0

M .

III. BUSSGANG ANALYSIS OF ONE-BIT

QUANTIZED PRECODING

Let xP = Ps represent the precoded vector before quanti-
zation. In this section, we use the Bussgang decomposition to
analyze the impact of the quantization on the signal of interest
and to quantify the level of quantization noise. This will allow
us in the sequel to approximate the SQINR.

A. Bussgang Decomposition

The one-bit quantization operation on the precoded vector xP

is modeled here using the Bussgang theorem [29]. We assume
that the vector of QPSK symbols s is random with zero mean
and covariance matrix σ2

s IK . Although this implies that xP is
not strictly Gaussian, each element of xP is formed as a result
of a linear mixture of the K i.i.d. elements of the vector s, the
Gaussian assumption is fulfilled for large enough K. We thus
apply the Bussgang theorem to write

x := Q(xP ) = FxP + q, (7)

where F is chosen to satisfy RxP q = E(xP qH ) = 0. A simi-
lar property is demonstrated for transmit-side nonlinearities in
[35]. The Bussgang theorem provides a linear representation of
the quantization that is statistically equivalent up to the second
moments of the data. To define the decomposition, we have

RxxP = E(xxH
P ) = E({FxP + q}xH

P )

= FRxP xP, (8)

where

RxP xP = σ2
s PPH. (9)

Note that the M × M matrix in (9) is rank deficient, and thus
F cannot be solved for directly as in [16]. We will see shortly
that a unique expression for F is unnecessary, and that (8) is
sufficient.

Under the mutual Gaussian assumption between the com-
ponents of xP , the inter-correlation between the one-bit
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quantized xk and unquantized xP,l is equal to the normalized
inter-correlation of the unquantized signals reduced by a factor
of
√

2/π, as in [36]:

E(xkx∗
P,l) =

√
2
π

E(xP,kx∗
P,l)

σxP , k

,

where σxP , k
= {E(xP,kx∗

P,k )} 1
2 . In matrix form this yields

RxxP =

√
2
π

{
diag(E(xP xH

P ))
}− 1

2 E(xP xH
P )

=

√
2
π

σs

{
diag(PPH )

}− 1
2 PPH . (10)

Thus, from (8),

FPPH =
1
σs

√
2
π

{
diag(PPH )

}− 1
2 PPH , (11)

and since P is full column rank, we have

FP =
1
σs

√
2
π

{
diag(PPH )

}− 1
2 P. (12)

Note that since PPH is not invertible, F can not be uniquely
defined. However, we will see in Section III-B that this poses
no problem since an expression for FP will be sufficient for
our analysis.

It is also useful to derive here the covariances of the quantiza-
tion noise q and the data vector x after quantization. Using the
arcsin law, for a hard limiting one-bit quantizer, we have [36]

E(xkx∗
l ) =

2
π

arcsin

(
�
(

E(xP,kx∗
P,l)

σxP , k
σxP , l

))

+ j
2
π

arcsin

(
�
(

E(xP,kx∗
P,l)

σxP , k
σxP , l

))
, (13)

which implies

Rxx =
2
π

arcsin{{diag(RxP xP )}− 1
2 � (RxP xP )

× {diag(RxP xP )}− 1
2 }

+ j
2
π

arcsin{{diag(RxP xP )}− 1
2 � (RxP xP )

× {diag(RxP xP )}− 1
2 }. (14)

For the quantization noise vector q, we have

Rqq = Rxx − FRxP x

+ FRxP xP FH − RxxP FH

= Rxx − FPPH FH σ2
s

=
2
π
{arcsin{{diag(PPH )}− 1

2 � (PPH
)

× {diag(PPH )}− 1
2 }

+ j arcsin{{diag(PPH )}− 1
2 � (PPH

)

× {diag(PPH )}− 1
2 }

− {diag(PPH )}− 1
2 PPH {diag(PPH )}− 1

2 }. (15)

B. Impact on the Signal of Interest

Let s̃ be the noiseless received signal vector

s̃ =
√

ρHx =
√

ρ0√
M

Hx. (16)

The cross-correlation between the received s̃ and desired s is

Rs̃s =
√

ρ0√
M

E(HxsH )

=
√

ρ0√
M

HE{(FPs + q)sH }

=
√

ρ0σ
2
s√

M
HFP , (17)

where (17) results because

E(xPqH ) = PE(sqH ) = 0 . (18)

Since P is full column rank, we have

E(sqH ) = 0 (19)

In the sequel, we denote G = HFP. Using (12), G =√
2
π

1
σs

H
{
diag(PPH )

}− 1
2 P and

Rs̃s =

√
2
π

√
ρ0σs√
M

H
{
diag(PPH )

}− 1
2 P. (20)

Equation (20) shows that, for any full rank precoder, the im-
pact of the one-bit quantization on the signal of interest is the

diagonal matrix
{
diag(PPH )

}− 1
2 and a scalar factor

√
2
π .

C. SQINR and Probability of Error

Using the Bussgang decomposition, the received vector after
quantization can be represented as

r =
√

ρ0√
M

H(FPs + q) + n

=
√

ρ0√
M

Gs +
√

ρ0√
M

Hq + n . (21)
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Letting d = Hq, we denote the covariance matrix of the re-
ceived quantized noise as

Rdd = HRqqHH . (22)

With these definitions, the SQINR experienced by user k for an
arbitrary linear precoder P whose output is one-bit quantized
can be expressed as

SQINRk =
ρ0

|gk k |2 σ 2
s

M

ρ0
∑K

l=1,l �=k
|gk l |2 σ 2

s

M + ρ0
[Rd d ]k k

M + σ2
n

, (23)

where ρ0
∑K

l=1,l �=k
|gk l |2 σ 2

s

M accounts for multi-user interference

and ρ0
[Rd d ]k k

M for quantization noise. With the assumption of
equally likely Gray-mapped QPSK signaling, using the nearest
neighbour approximation, we can calculate the probability of a
decoding error for user k as

Pe = Pr(Q(rk ) �= sk ) � 2Q(
√

SQINRk )

= 2Q

⎛

⎝

√√√√ ρ0
|gk k |2 σ 2

s

M

ρ0
∑K

l=1,l �=k
|gk l |2 σ 2

s

M + ρ0
[Rd d ]k k

M + σ2
n

⎞

⎠ . (24)

IV. ASYMPTOTIC PERFORMANCE OF THE ONE-BIT QUANTIZED

ZERO-FORCING PRECODER

The previous section provides a closed-form expression for
the SQINR for any one-bit quantized linear precoder P. To get
additional insight into the impact of the one-bit DACs, here
we focus on the special case of the zero-forcing (ZF) precoder
defined by

P = HH (HHH )−1 . (25)

In addition, we will further simplify the resulting expressions
by adopting a massive MIMO assumption and letting both M
and K be large [3]. In the following analysis, the mathematical
results assume M and K to be approaching infinity while the
ratio γ = M

K > 1 is finite. In a physical sense of course it is
not possible for the number of antennas to grow to infinity, as
a certain separation between the antennas is crucial for main-
taining independence between the channel vectors of distinct
antennas [37]. However, as we show in our analysis and simula-
tion results, the approximations are very tight even for small and
realistic values of the system dimensions and hence of practical
value.

A. Approximations for the Asymptotic Case

In our asymptotic analysis, we let M and K grow large
while maintaining a finite value for the ratio γ > 1. In what
follows, we recall and extend some results on the asymptotic
behaviour of the matrix (HHH )−1 needed for analyzing the ZF
precoder. As mentioned earlier, the channel matrix is assumed
to be described as

H = ΣH̃ , (26)

where Σ = Diag(σ1 , ..., σK ) denotes the individual channel
gains, and we assume that the elements of H̃ are i.i.d. circularly

symmetric Gaussian random variables with �(h̃kl) ∼ N (0, 1)
independent of �(h̃kl) ∼ N (0, 1), ∀k = 1, 2, . . . ,K and
l = 1, 2, . . . ,M .

It is shown in [38] that Z = 2HHH is a complex Wishart
matrix (see [39]) with distribution

WK (M,Σ2 ;Z) =
|Z|M −K −1

2 exp
(− 1

2 trace(Σ−2Z))
)

2
M K

2 ΓK (M
2 )|Σ2 |M

2
(27)

where

ΓK (M) = π
K (K −1 )

4

K∏

l=1

Γ(M +
1 − l

2
) ,

is the Gamma function. In our case, Σ is diagonal so that

(det 2(Σ))2M = 22K M
K∏

k=1

σ2M
k .

The variance of the elements of Y = Z−1 , due to the property
of the Wishart distribution [39], is given by

V ar(ykl) =
1

(2M − K)(2M − K − 1)(2M − K − 3)σ2
kσ2

l

for k �= l and

V ar(ykk ) =
2

(2M − K − 1)2(2M − K − 3)σ4
k

otherwise. Note that, for large values of M > K, the variance
goes to zero proportionally to 1

M 3 , for all elements of (HHH )−1 .
In the asymptotic case, the rows of H become quasi-

orthogonal and the diagonal terms of (HHH )−1 have been
studied in [38] (or [40] when Σ = IK ). Given the Wishart dis-
tribution (27), we have

(H̃H̃
H

)−1 −−−−→
M →∞

1
2K(γ − 1)

IK (28)

and

(HHH )−1 −−−−→
M →∞

1
2K(γ − 1)

Σ−2 , (29)

where −−−−→
M →∞

denotes almost sure convergence (i.e., conver-

gence with probability one). Because the variance of the ele-
ments of these matrices scale as 1/M 3 , convergence to these
mean values is very tight, even though they are asymptotically
proportional to 1/M . We will see in the simulations that the
resulting approximations are very accurate even for practical
values of M .

From (25) and (29),

P = H̃H Σ{ΣH̃H̃H Σ}−1 −−−−→
M →∞

1
2K(γ − 1)

H̃H Σ−1 .

(30)
From (30),

PPH = HH (HHH )−2H −−−−→
M →∞

1
4K2(γ − 1)2 H̃H Σ−2H̃.

(31)
In what follows, we use these asymptotic approximations to
analyze the one-bit quantized ZF precoder.
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B. Asymptotic Received Downlink Signal

Using the results of the previous section, we have

FP =
1
σs

√
2
π

{
diag(PPH )

}− 1
2 P

−−−−→
M →∞

1
2Kσs(γ − 1)

√
2
π

{
diag(PPH )

}− 1
2 H̃H Σ−1 , (32)

G = HFP

−−−−→
M →∞

1
2Kσs(γ − 1)

√
2
π
ΣH̃

{
diag(PPH )

}− 1
2 H̃H Σ−1 .

(33)

Although the expression for PPH in (31) is rank deficient for
any finite value of K, in the limit as both M and K go to infinity
(with γ = M/K being finite), PPH converges to the following
full-rank diagonal matrix assuming that there is not a significant
variation among the channel gains [41]:

PPH −−−−−→
K,M →∞

ς

2K(γ − 1)2 IM, (34)

where we have defined ς = 1
K

∑K
i=1 σ−2

i to be the average of
the inverse squared channel gains. Thus, using (34) and (28)
in (33),

ΣH̃
{

diag(PPH )
}− 1

2 H̃H Σ−1

−−−−−→
K,M →∞

2K
√

2K(γ − 1)2
√

ς
IK , (35)

so that

G −−−−−→
K,M →∞

2
√

K(γ − 1)
σs
√

πς
IK . (36)

Using (20) and (32)–(36), the cross-covariance matrix of s̃
and s can be expressed as

Rs̃s =

√
2
π

√
ρ0σs√
M

H
{
diag(PPH )

}− 1
2 P

=
√

ρ0σ
2
s√

M
G

−−−−−→
K,M →∞

2σs
√

ρ0(γ − 1)√
πςγ

IK = βIK . (37)

When the channel gains are all equal to σ, this expression
becomes

Rs̃s −−−−−→
K,M →∞

2σsσ
√

ρ0(γ − 1)√
πγ

IK . (38)

We observe that for large M and K, Rs̃s is diagonal with
positive real diagonal entries. This indicates that s̃k and sl are
uncorrelated for k �= l, and hence the multi-user interference
disappears, and also that the received signal constellation is not
rotated. In addition, we see that the signal of interest is received
with a gain of β

σ 2
s

, which grows as
√

γ. Hence, the larger the value
of γ = M/K, the deeper the received signal will be pushed into

Fig. 2. Asymptotic and simulated average scaling factor, β

σ 2
s

with respect

to γ .

the correct decision region, and hence the lower the probability
of a decoding error in the presence of noise at the receiver.

In Fig. 2, we plot the scaling factor, β
σ 2

s
found by simulation

when averaging over all K = 20 users and over 104 channel
realizations for a case with σs =

√
2, ρ0 = 1 and σi = σ =

1,∀i. The simulation curve is compared with the asymptotic
formula in (38), and shows very good accuracy for γ ≥ 10.

C. Asymptotic SQINR and Probability of Error

As described above, the matrix PPH asymptotically be-
comes a scaled identity matrix in (34). Using this result together
with (15), we have

Rdd = HRqqHH = ΣH̃RqqH̃
H
Σ

−−−−−→
K,M →∞

2
(

1 − 2
π

)
K(γ − 1)Σ2 , (39)

Substituting Eq. (39) and (36) into the general SQINR expres-
sion (23) yields

SQINRk −−−−−→
K,M →∞

ρ0
σ 2

n

4
πς

(
γ + 1

γ − 2
)

ρ0
σ 2

n
2
(
1 − 2

π

) (
1 − 1

γ

)
σ2

k + 1
. (40)

As before, assuming equally likely Gray-mapped QPSK sym-
bols, we have the probability of error for the kth user as

Pe = Pr(Q(rk ) �= sk ) � 2Q(
√

SQINRk )

−−−−−→
K,M →∞

2Q

⎛

⎜
⎝

√√√√√
ρ0
σ 2

n

4
πς

(
γ + 1

γ − 2
)

ρ0
σ 2

n
2
(
1 − 2

π

) (
1 − 1

γ

)
σ2

k + 1

⎞

⎟
⎠ . (41)

In the case of equal channel gains,

SQINRk −−−−−→
K,M →∞

ρ0
σ 2

n

4σ 2

π

(
γ + 1

γ − 2
)

ρ0
σ 2

n
2σ2

(
1 − 2

π

) (
1 − 1

γ

)
+ 1

, (42)
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Fig. 3. Variation of one-bit ZF precoding SER with the ratio γ in the noiseless
case.

so that

Pe � 2Q

⎛

⎜
⎝

√√√√√
ρ0
σ 2

n

4σ 2

π

(
γ + 1

γ − 2
)

ρ0
σ 2

n
2σ2

(
1 − 2

π

) (
1 − 1

γ

)
+ 1

⎞

⎟
⎠ . (43)

For high SNR scenarios, the SQINRk can be approximated
by the signal to quantization and interference ratio (SQIRk )

SQIRk �
2
π (γ − 1)

(
1 − 2

π

)
σ2

k ς
, (44)

and thus the probability of error will experience the following
error floor

Pe � 2Q(
√

SQIRk )

� 2Q

(√
2
π(

1 − 2
π

)

√
γ − 1
σ2

k ς

)

. (45)

For equal channel gains, the high-SNR SQIRk is given by

SQIRk �
2
π

1 − 2
π

(γ − 1) , (46)

so that the error floor becomes

Pe � 2Q

(√
2
π

1 − 2
π

(γ − 1)

)

. (47)

In all cases we note the critical dependence of the SQINR and
probability of error on the quantity γ = M/K; in particular, the
SQINR increases approximately linearly with γ. In Fig. 3, we
have plotted the symbol error rate (SER) for the case of no ad-
ditive noise as a function of γ for various choices of M and K
averaged over 106 channel realizations. We see that the simula-
tions match the analysis very well, and illustrate the importance
of the ratio γ on performance. Massive MIMO systems are typ-
ically envisioned to operate with loading factors on the order of
γ � 10, and we see that for this case the SER due to the one-bit
quantization alone is below 10−4 , which bodes well for the use
of the quantized ZF precoder in practical scenarios.

Fig. 4. Variation of SER with SNR, for varying number of users, K and BS
antennas, M .

D. Simulations

In Fig. 4, we have plotted both the predicted and simulated
SER1 for one-bit quantized ZF precoding at the BS for var-
ied number of users as a function of the SNR, 2ρ0

σ 2
n

, as de-

scribed in Section II-C. Again, 106 channel realizations were
used to generate the results, assuming equal channel gains,
σi = 1,∀i = 1, . . . , K. We note the excellent match between
the simulations and analytical approximation in (43), which
validates our analysis. As expected, we observe that the SER
approaches an error floor at high SNR; for example, with
M ∼ 10K, the SER floor is of the order of 10−4 . To see how
the analysis holds for non-asymptotic values of K and M , we
have also performed the simulation for the case of K = 5 users.
We observe that our asymptotic analysis is accurate even for
this non-asymptotic value. The results of simulation are simi-
lar for K = 5 and K = 20 for both M/K = 5, 10. This result
reinforces the observation that performance is governed by the
ratio γ = M/K, independent of their specific values.

In Fig. 5, we plot the average SER for the quantized ZF
precoding scenario, again with K = 20. Unlike the previous
example, we have assumed here that the users have unequal
channel gains; in this simulation, the square of the gains were
chosen as independent log-normal random variables, such that
ln(σ2

i ) ∼ N (μ, v2), ∀ i = 1, . . . , K with parameters v = 0.125
and μ = −v2/2, so that for large enough K, 1

K

∑K
k=1 σ2

k →
eμ+ v 2

2 = 1. The results were generated using 105 channel real-
izations. For this case also, we can see that the SER approaches
an error floor of the order of 10−4 when M ∼ 10K for high
SNR. The simulations agree very well with the asymptotic
analysis.

In Fig. 6 we compare the NLS encoding approach (3) with
the quantized ZF precoder. Due to the complexity of the NLS

1Assuming a Grey-encoded QPSK constellation, the bit-error rate (BER) will
typically equal 1/2 the SER except for cases with extremely low SNR where
performance is not particularly of interest. We observed this correspondence
in our simulation results; in the several cases we tested, there was virtually no
difference between the BER and 1/2 the SER.
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Fig. 5. Variation of SER with SNR for K = 20 users with unequal channel
gains and varying values of BS antennas M .

Fig. 6. Variation of SER versus SNR for K = 2 users and M = 10 BS
antennas for one-bit ZF precoding and NLS encoding for equal channel gains.

encoder, we can only perform the simulation for the relatively
small values M = 10 and K = 2. The gains of the channel
rows are assumed to be equal: σ1 = σ2 = 1, and 104 channel
realizations were generated to compute the results. The value of
δ for the NLS approach was chosen to be δ = 1/

√
2σ2M , which

makes the average norm of ‖Hx‖ ≈
√

2σ2KM equal to that
of ‖s‖ =

√
2K for QPSK signals.2 While the NLS encoder is

superior at high SNR, there is a broad range of low- to medium-
SNRs where the simple quantized ZF precoder provides the
same or slightly better performance, although the complexity of
the NLS approach prevents us from establishing this in general
for anything but systems with small M and K. Still, the observed
performance bodes well for the simple quantized ZF precoder,

2Note that better performance for NLS can be obtained by using a value
of δ that is optimized to change at the symbol rate with each x and s, as in
[32]. However, allowing an infinite precision (unquantized) gain that varies at
the symbol rate can be viewed as being at odds with the assumption of simple
one-bit DACs.

Fig. 7. Plot of the received vector in a noiseless scenario, for K = 4, and
different values of M , M = 20 (red), 100 (green), 300 (blue). Different com-
ponents of the received vector are shown as different symbols.

since the low- to medium-SNR range is of particular interest for
massive MIMO implementations.

For the next example, we take the special case of K = 4
and assume that each user is being sent a different sym-
bol. In particular, the desired user symbols are chosen to be
s = [1 + j, 1 − j,−1 + j,−1 − j]T . In Fig. 7, we plot the sig-
nals received by each of the four users (different symbol for each
user) and for M = 20, 100, 300 (different color for each M ), as-
suming no receiver noise (the only source of error here is the
quantization at the transmitter). The simulations have been per-
formed over 102 independent channel realizations. We clearly
see that as the value of M increases, the average distance of
the symbols from the decision boundary increases, which indi-
cates an increased robustness with respect to additive noise with
increasing γ.

V. BUSSGANG ADAPTED ONE-BIT ZF PRECODER

In this section, we use insights gained from our analysis of the
quantized ZF precoder to improve its performance. We have seen
that the cross-covariance matrix of s̃ and intended vector s (37)
reduces asymptotically with M and K to a diagonal matrix with
positive diagonal elements when using the ZF precoder. This is a
desirable property since it implies that multiuser interference is
eliminated, and the received signal constellation is not rotated.
Our objective in the approach we present here is to enforce this

diagonal structure of H
{
diag(PPH )

}−1/2
P for any value of

M and K, by an improved choice of P. We will refer to this
method as “Bussgang-adapted” since the expression for Rs̃s we
wish to diagonalize was derived using the Bussgang theorem.

A. Principle

For H
{
diag(PPH )

}−1/2
P to be diagonal, we must choose

P so that
{
diag(PPH )

}−1/2
P = H†D, (48)
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where H† = HH (HHH )−1 and D represents some real-valued
positive diagonal matrix. For this to be true, we can see that P
must satisfy,

P = ΛH†D, (49)

with Λ =
{
diag(PPH )

}1/2
. Using (49) in (48), the following

condition must then hold:

Λ−1/2{diag(H†D2(H†)H )}−1/2Λ1/2H† = H†,

which simplifies to

diag(H†D2(H†)H ) = IM. (50)

Note that Λ has vanished from (50) indicating that it does
not affect the signal of interest, and thus we take Λ = IM for
simplicity.

Denoting T = H†, (50) becomes diag(TD2TH ) = IM . It
can be written with respect to the diagonal entries of D =
Diag(d1 , d2 , . . . , dK ) as

⎡

⎢
⎢⎢
⎣

|t11 |2 . . . |t1K |2
|t21 |2 . . . |t2K |2

. . .

|tM 1 |2 . . . |tM K |2

⎤

⎥
⎥⎥
⎦

⎡

⎢
⎢⎢
⎣

d2
1

d2
2

. . .

d2
K

⎤

⎥
⎥⎥
⎦

= 1M , (51)

where 1M is an M × 1 vector of ones. Now define the M × K
matrix

T̃ =

⎡

⎢
⎢⎢
⎣

|t11 |2 . . . |t1K |2
|t21 |2 . . . |t2K |2

. . .

|tM 1 |2 . . . |tM K |2

⎤

⎥
⎥⎥
⎦

so that
⎡

⎢⎢⎢
⎣

d2
1

d2
2

. . .

d2
K

⎤

⎥⎥⎥
⎦

= (T̃H T̃)−1T̃H 1M . (52)

Solving (52), we can immediately deduce D.
For the precoder we obtain solving (48), the cross-covariance

matrix between s̃ and s is

Rs̃s =
√

ρ0HFP√
M

Rss =

√
2ρ0

Mπ
σsD , (53)

indicating that all multi-user interference has been canceled.
The received signal can thus be described as

r =

√
2ρ0

Mπ

1
σs

Ds +
√

ρ0

M
Hq + n. (54)

The SQINR for the kth received symbol will be

SQINRk =
2ρ0
M π d2

k
ρ0
M [HRqqHH ]kk + σ2

n

, (55)

and the SER for the kth user for QPSK modulation and equally
likely signaling is

Pe � 2Q

⎛

⎝

√
2ρ0
M π d2

k
ρ0
M [HRqqHH ]kk + σ2

n

⎞

⎠ (56)

Fig. 8. Variation of SER for one-bit quantized Bussgang adapted and ZF
precoding versus SNR for K = 3 users and varying values of M .

B. Proposed Algorithm

Since we know H, it is easy to check whether or not the
Bussgang-adapted precoded vector induces fewer errors at the
receiver than the ZF precoder. Therefore, we propose the al-
gorithm shown in the table labeled “Algorithm 1” below. For
a given vector s and channel matrix, H, the initial ZF precod-
ing matrix P = H† is estimated. It is then checked whether
the channel output of the precoded matrix, when subjected to
quantization, gives an output that is equal to the vector s. If it
is, then the precoding matrix is taken to be P = H† without
further computation. If not, we compute the Bussgang-adapted
precoder, P̃ = H†D, where D is calculated from (52), and we
compare the number of symbol errors produced at the receivers
by both precoders after quantization and multiplication by the
channel matrix H. If the Bussgang-adapted precoder P̃ pro-
duces fewer errors than the quantized ZF precoder P, then we
reset P to be P̃. Mathematically, we can write this condition as

‖1Q(HQ(Ps)) �=s‖1 > ‖1Q(HQ(P̃s)) �=s‖1,

where we define 1a �=b to be a vector whose k-th element is 1
when ak �= bk and is 0 otherwise.

In Figs. 8 and 9, we compare the SER performance of the
Bussgang adapted precoder with quantized ZF precoding as a
function of the SNR for a case with K = 3 and K = 10 users
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Fig. 9. Variation of SER for one-bit quantized Bussgang adapted and ZF
precoding versus SNR for K = 10 users and varying values of M .

respectively. We see that the new algorithm achieves a lower
error floor in all cases compared with ZF precoding. Also, we
can observe that for a fixed number of users, K, the improvement
with respect to the ZF precoding increases slightly with an
increasing number of BS antennas, M .

VI. CONCLUSION

We have studied the use of quantized linear precoding for
the massive MIMO downlink scenario with one-bit DACs. We
derived closed form expressions for the SQINR and SER for
any linear precoder using the Bussgang decomposition. We pro-
vided an analysis to show that asymptotically in the number of
antennas M and the number of users K, the algorithm yields sig-
nals at the user terminals that are scaled versions of the desired
symbols, with the scaling increasing proportionally to

√
M/K.

Simulations suggest that, at least for small system dimensions,
the algorithm can achieve slightly better performance than the
NLS encoder for low to moderate SNRs, at a fraction of the
computational cost. We also presented a modified version of
the quantized ZF precoder that yields lower SERs at high SNR.

REFERENCES

[1] E. G. Larsson, O. Edfors, F. Tufvesson, and T. L. Marzetta, “Massive
MIMO for next generation wireless systems,” IEEE Commun. Mag.,
vol. 52, no. 2, pp. 186–195, Feb. 2014.

[2] F. Rusek et al., “Scaling up MIMO: Opportunities and challenges with
very large arrays,” IEEE Signal Process. Mag., vol. 30, no. 1, pp. 40–60,
Jan. 2013.

[3] L. Lu, G. Y. Li, A. L. Swindlehurst, A. Ashikhmin, and R. Zhang, “An
overview of massive MIMO: Benefits and challenges,” IEEE J. Sel. Top.
Signal Process., vol. 8, no. 5, pp. 742–758, Oct. 2014.

[4] T. K. Y. Lo, “Maximum ratio transmission,” in Proc. IEEE Int. Conf.
Commun., 1999, vol. 2, pp. 1310–1314.

[5] A. Wiesel, Y. C. Eldar, and S. Shamai, “Zero-forcing precoding and
generalized inverses,” IEEE Trans. Signal Process., vol. 56, no. 9,
pp. 4409–4418, Sep. 2008.

[6] H. Yang and T. L. Marzetta, “Performance of conjugate and zero-forcing
beamforming in large-scale antenna systems,” IEEE J. Sel. Areas Com-
mun., vol. 31, no. 2, pp. 172–179, Feb. 2013.

[7] D. Ha, K. Lee, and J. Kang, “Energy efficiency analysis with circuit power
consumption in massive MIMO systems,” in Proc. IEEE 24th Annu. Int.
Symp. Pers. Indoor Mobile Radio Commun., Sep. 2013, pp. 938–942.

[8] S. Han, I. Chih-Lin, Z. Xu, and C. Rowell, “Large-scale antenna systems
with hybrid analog and digital beamforming for millimeter wave 5G,”
IEEE Commun. Mag., vol. 53, no. 1, pp. 186–194, Jan. 2015.

[9] W. Roh et al., “Millimeter-wave beamforming as an enabling technol-
ogy for 5G cellular communications: Theoretical feasibility and pro-
totype results,” IEEE Commun. Mag., vol. 52, no. 2, pp. 106–113,
Feb. 2014.

[10] A. Alkhateeb, O. E. Ayach, G. Leus, and R. W. Heath, “Hybrid precoding
for millimeter wave cellular systems with partial channel knowledge,” in
Proc. Inf. Theory Appl. Workshop, Feb. 2013, pp. 1–5.

[11] R. H. Walden, “Analog-to-digital converter survey and analysis,” IEEE J.
Sel. Areas Commun., vol. 17, no. 4, pp. 539–550, Apr. 1999.

[12] C. Svensson, S. Andersson, and P. Bogner, “On the power consumption of
analog to digital converters,” in Proc. NORCHIP, Nov. 2006, pp. 49–52.

[13] J. Singh, S. Ponnuru, and U. Madhow, “Multi-gigabit communication: The
ADC bottleneck,” in Proc. IEEE Int. Conf. Ultra-Wideband, Sep. 2009,
pp. 22–27.

[14] A. Mezghani and J. A. Nossek, “Analysis of Rayleigh-fading channels
with 1-bit quantized output,” in Proc. IEEE Int. Symp. Inf. Theory, Jul.
2008, pp. 260–264.

[15] A. Mezghani, F. Antreich, and J. A. Nossek, “Multiple parameter estima-
tion with quantized channel output,” in Proc. Int. ITG Workshop Smart
Antennas, Feb. 2010, pp. 143–150.

[16] F. Wendler, M. Stein, A. Mezghani, and J. A. Nossek, “Quantization-loss
reduction for 1-bit BOC positioning,” in Proc. ION Int. Tech. Meeting.,
Jan. 2013, pp. 509–518.

[17] N. Liang and W. Zhang, “Mixed-ADC massive MIMO,” IEEE J. Sel.
Areas Commun., vol. 34, no. 4, pp. 983–997, Apr. 2016.

[18] S. Jacobsson, G. Durisi, M. Coldrey, U. Gustavsson, and C. Studer, “One-
bit massive MIMO: Channel estimation and high-order modulations,” in
Proc. IEEE Int. Conf. Commun. Workshop, Jun. 2015, pp. 1304–1309.

[19] Y. Li, C. Tao, L. Liu, G. Seco-Granados, and A. Swindlehurst, “Channel
estimation and uplink achievable rates in one-bit massive MIMO systems,”
in Proc. IEEE Sens. Array Multichannel Signal Process. Workshop, Rio
de Janeiro, Brazil, Jul. 2016, pp. 1–5.

[20] J. Mo and R. W. Heath, “Capacity analysis of one-bit quantized MIMO
systems with transmitter channel state information,” IEEE Trans. Signal
Process., vol. 63, no. 20, pp. 5498–5512, Oct. 2015.

[21] A. Mezghani and J. A. Nossek, “On ultra-wideband MIMO systems with
1-bit quantized outputs: Performance analysis and input optimization,” in
Proc. IEEE Int. Symp. Inf. Theory, Jun. 2007, pp. 1286–1289.

[22] A. Mezghani and J. A. Nossek, “Capacity lower bound of MIMO channels
with output quantization and correlated noise,” in Proc. IEEE Int. Symp.
Inf. Theory Proc., 2012, pp. 4612–4626.

[23] L. Zhao, K. Zheng, H. Long, and H. Zhao, “Performance analysis for
downlink massive MIMO system with ZF precoding,” Trans. Emerg.
Telecommun. Technol., vol. 25, no. 12, pp. 1219–1230, 2014.

[24] J. Hoydis, S. ten Brink, and M. Debbah, “Massive MIMO in the UL/DL of
cellular networks: How many antennas do we need?,” IEEE J. Sel. Areas
Commun., vol. 31, no. 2, pp. 160–171, Feb. 2013.

[25] A. Mezghani, R. Ghiat, and J. A. Nossek, “Transmit processing with
low resolution D/A-converters,” in Proc. 16th IEEE Int. Conf. Electron.
Circuits Syst., Dec. 2009, pp. 683–686.

[26] H. Jedda, J. A. Nossek, and A. Mezghani, “Minimum BER precoding in
1-bit massive MIMO systems,” in Proc. IEEE Sens. Array Multichannel
Signal Process. Workshop, Rio de Janeiro, Brazil, Jul. 2016, pp. 1–5.

[27] O. B. Usman, H. Jedda, A. Mezghani, and J. A. Nossek, “MMSE precoder
for massive MIMO using 1-bit quantization,” in Proc. IEEE Int. Conf.
Acoust. Speech Signal Process., Mar. 2016, pp. 3381–3385.

[28] A. K. Saxena, I. Fijalkow, and L. Swindlehurst, “On one-bit quantized
ZF precoding for the multiuser massive MIMO downlink,” in Proc. IEEE
Sensor Array Multichannel Signal Process. Workshop, Rio de Janeiro,
Brazil, Jul. 2016, pp. 1–5.

[29] J. Bussgang and M. I. of Technology. Research Laboratory of Electronics,
“Crosscorrelation functions of amplitude-distorted Gaussian signals.” Re-
search Laboratory of Electronics, Massachusetts Institute of Technology,
Cambridge, MA, USA, Tech. Rep. 216, 1952.

[30] C. B. Peel, B. M. Hochwald, and A. L. Swindlehurst, “A
vector-perturbation technique for near-capacity multiantenna multiuser
communication—Part I: Channel inversion and regularization,” IEEE
Trans. Commun., vol. 53, no. 1, pp. 195–202, Jan. 2005.

[31] S. Jacobsson, G. Durisi, M. Coldrey, T. Goldstein, and C. Studer, “Non-
linear 1-bit precoding for massive MU-MIMO with higher-order modu-
lation,” in Proc. 50th Asilomar Conf. Signals, Syst. Comput., Nov. 2016,
pp. 763–767.

[32] S. Jacobsson, G. Durisi, M. Coldrey, T. Goldstein, and C. Studer, “Quan-
tized precoding for massive MU-MIMO,” arXiv:1610.07564, 2016.



4634 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 65, NO. 17, SEPTEMBER 1, 2017

[33] U. Fincke and M. Pohst, “Improved methods for calculating vectors of
short length in a lattice, including a complexity analysis,” Math. Comput.,
vol. 44, no. 170, pp. 463–471, 1985.

[34] T. Cui and C. Tellambura, “An efficient generalized sphere decoder
for rank-deficient MIMO systems,” IEEE Commun. Lett., vol. 9, no. 5,
pp. 423–425, May 2005.

[35] W. Zhang, “A general framework for transmission with transceiver dis-
tortion and some applications,” IEEE Trans. Commun., vol. 60, no. 2,
pp. 384–399, Feb. 2012.

[36] A. Papoulis and S. U. Pillai, Probability, Random Variables, and Stochastic
Processes. New York, NY, USA: McGraw-Hil, 2002, pp. 393–397.

[37] M. T. Ivrlac and J. A. Nossek, “On physical limits of massive MISO
systems,” in Proc. 20th Int. ITG Workshop Smart Antennas, Mar. 2016,
pp. 1–7.

[38] D. A. Gore, R. W. Heath, and A. J. Paulraj, “Transmit selection in spatial
multiplexing systems,” IEEE Commun. Lett., vol. 6, no. 11, pp. 491–493,
Nov. 2002.

[39] R. J. Muirhead, Aspects of Multivariate Statistical Theory, vol. 197. Hobo-
ken, NJ, USA: Wiley, 2009.

[40] B. Hochwald and S. Vishwanath, “Space-time multiple access: Linear
growth in the sum rate,” in Proc. 40th Annu. Allerton Conf. Commun.
Control Comput., 2002.

[41] R. Couillet and M. Debbah, Random Matrix Methods for Wireless
Communications. Cambridge, U.K.: Cambridge Univ. Press, 2011.

Amodh Kant Saxena received the B. Tech. degree
in electronics and communication engineering from
Indian Institute of Technology Guwahati, Guwahati,
India in 2015. Since 2015, he has been working to-
ward the Ph.D. degree in the Center for Pervasive
Communications and Computing, University of Cal-
ifornia Irvine, Irvine, CA, USA. His research interests
include nonlinear signal processing, multiple antenna
systems, and wireless communication.

Inbar Fijalkow (M’96–SM’10) received the Engi-
neering and Ph.D. degrees from TelecomParis, Paris,
France, in 1990 and 1993, respectively.

From 1993 to 1994, she was a Postdoctoral Re-
search fellow with Cornell University, Ithaca, NY,
USA, supported by the French Lavoisier Fellowship.
Since 1994, she has been a member of ETIS research
unit, UMR 8051, Université Paris Seine, Université
Cergy-Pontoise, ENSEA, CNRS, while teaching at
ENSEA, Cergy-Pontoise, France. She has been a Full
Professor since 1999. From 2000 to 2004, she was in

charge of the Master Research Program in Intelligent and Communicating Sys-
tems. She was the vice-head of the French research group in image and signal
processing, GdR ISIS, from 2002 to 2004. She was the Dean of the ETIS labo-
ratory from 2004 to 2013. In 2015–2016, she was a Visiting Researcher at UC
Irvine, CA, USA, funded by the French CNRS. She is currently a Professor
at ENSEA at the “classe exceptionnelle” level. Her research interests include
signal processing for digital communications, including iterative processing,
optimization, estimation theory and signal processing for dirty-RF. She is (co-
)author of more than 180 publications. He is a past IEEE TRANSACTIONS ON

SIGNAL PROCESSING Associate Editor from 2000 to 2003. She is a member of
several technical committees. She is a mentor in several associations for women
in science and engineering.

A. Lee Swindlehurst (S’83–M’84–SM’89–F’04) re-
ceived the B.S. (summa cum laude) and M.S. degrees
in electrical engineering from Brigham Young Uni-
versity, Provo, UT, USA, in 1985 and 1986, respec-
tively, and the Ph.D. degree in electrical engineer-
ing from Stanford University, Stanford, CA, USA, in
1991.

From 1986 to 1990, he was with ESL, Inc., Sunny-
vale, CA, USA, where he was involved in the design
of algorithms and architectures for several radar and
sonar signal processing systems. He was in the fac-

ulty of the Department of Electrical and Computer Engineering, Brigham Young
University from 1990 to 2007, where he was a Full Professor and served as De-
partment Chair from 2003 to 2006. During 1996–1997, he held a joint appoint-
ment as a visiting scholar at both Uppsala University, Uppsala, Sweden, and at
the Royal Institute of Technology, Stockholm, Sweden. From 2006 to 2007, he
was on leave working as Vice President of Research for ArrayComm LLC, San
Jose, CA, USA. He is currently a Professor in the Electrical Engineering and
Computer Science Department, University of California Irvine (UCI), Irvine,
CA, USA, a former Associate Dean for Research and Graduate Studies in the
Henry Samueli School of Engineering at UCI, and a Hans Fischer Senior Fellow
in the Institute for Advanced Studies at the Technical University of Munich. His
research interests include sensor array signal processing for radar and wireless
communications, detection and estimation theory, and system identification, and
he has more than 275 publications in these areas. He is a past Secretary of the
IEEE Signal Processing Society, past Editor-in-Chief of the IEEE JOURNAL OF

SELECTED TOPICS IN SIGNAL PROCESSING, and past member of the Editorial
Boards for the EURASIP Journal on Wireless Communications and Network-
ing, IEEE SIGNAL PROCESSING MAGAZINE, and the IEEE TRANSACTIONS ON

SIGNAL PROCESSING. He received several paper awards: the 2000 IEEE W. R. G.
Baker Prize Paper Award, the 2006 and 2010 IEEE Signal Processing Society’s
Best Paper Awards, the 2006 IEEE Communications Society Stephen O. Rice
Prize in the Field of Communication Theory, and is coauthor of a paper that
received the IEEE Signal Processing Society Young Author Best Paper Award
in 2001.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


