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Abstract—Cell-free massive MIMO (multiple-input multiple-
output) is a promising infrastructure for 6G and beyond, offering
significantly higher spectral efficiency than traditional cellular
systems. In cell-free massive MIMO, a large number of low-
cost access points (APs) are densely deployed, making hardware
impairments inevitable due to cost-effective radio hardware.
While the impact of quantization and other impairments has
been extensively studied for narrowband channels, their effects
in wideband scenarios remain relatively unexamined. This paper
presents the first analysis of how low-resolution analog-to-digital
converters (ADCs) affect the uplink performance of a cell-
free massive MIMO system using an orthogonal frequency
division multiplexing (OFDM) waveform. Both quantization-
impaired channel estimation and data detection are considered,
and the quantization-unaware and quantization-aware linear
receivers are developed. To further mitigate the adverse effects
of quantization at the bit level, an alternating direction method
of multipliers (ADMM)-based receiver is proposed. Simulation
results demonstrate that the ADMM-based receiver outperforms
conventional linear receivers by orders of magnitude.

Index Terms—Cell-free massive MIMO, hardware impair-
ments, low-resolution ADCs, ADMM.

I. INTRODUCTION

Cell-free massive MIMO (multiple-input multiple-output)
is a post-cellular network infrastructure in which a large
number of low-cost access points (APs) are densely deployed
across a network area, serving all user equipments (UEs)
through coherent joint transmission and reception [1], [2]. It
is considered a key enabler of ubiquitous connectivity in 6G
while managing the increasing data traffic [3].

Unlike co-located massive MIMO, each AP in a cell-
free system typically has relatively few antennas, as ultra-
dense deployments are only viable if each AP has a minimal
hardware cost. The term “massive” instead refers to the fact
that the total number of AP antennas serving the UEs remains
large relative to the number of UEs. Apart from having few
antennas, low-cost APs suffer from hardware impairments [4].
Analyzing the impact of these impairments on communication
performance is an important research direction.

The most extensively studied hardware impairment in mas-
sive MIMO systems is the use of low-resolution analog-to-
digital converters (ADCs), which affect uplink performance
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[5]–[7]. Since the cost of ADCs increases with the number of
quantization bits, understanding the adverse effects of low-
resolution ADCs is crucial. While these impairments have
been widely analyzed in the context of cellular massive MIMO
[8], [9], studies on cell-free massive MIMO have primarily
focused on narrowband channels. In practical wideband sys-
tems employing orthogonal frequency-division multiplexing
(OFDM), the impact of quantization on cell-free massive
MIMO performance—particularly in the presence of quantized
channel estimation—remains an open question.

This paper presents a comprehensive analytical perfor-
mance analysis, starting from an OFDM-based system model
with quantized time-domain signals. Two channel estimation
schemes are introduced: the least squares (LS) estimator,
which operates without channel statistics, and the minimum
mean-squared error (MMSE) estimator, which exploits statis-
tical knowledge of the channel. For uplink data detection, two
types of receive combining vectors are designed. The inner
product of these vectors with the received signal vector is
computed to obtain the soft estimate, which is later used for
data detection. Since this preprocessing step involves linear
operations, such receivers are referred to as linear receivers.
To this end, both quantization-unaware and quantization-aware
linear receivers are designed.

To further exploit the data structure and surpass the per-
formance of linear receivers, an alternating direction method
of multipliers (ADMM)-based receiver is proposed. Unlike
linear receivers, this non-linear receiver minimizes the Eu-
clidean distance between the quantized signal and the unknown
unquantized signal at the bit level, incorporating constellation
properties into the reconstruction process. By formulating
the problem in a novel way, closed-form ADMM updates
are derived. Simulation results demonstrate that the proposed
ADMM receiver significantly enhances performance, achiev-
ing orders-of-magnitude reductions in bit error ratio (BER).

II. SYSTEM MODEL

Consider an uplink cell-free massive MIMO with frequency-
selective channels, wherein L APs and K UEs are arbitrarily
distributed in the coverage area. All UEs have a single antenna,
while each AP has N ≥ 1 antennas. The complex baseband
equivalent frequency-selective channel from each UE to each
AP is modeled as a finite impulse response (FIR) filter with
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R delay taps.1 The sampling period is Ts = 1/B, where B is
the total bandwidth of the M OFDM subcarriers with B/M
subcarrier spacing.

The r-th tap of the channel from UE k to AP l is denoted by
hkl[r] ∈ CN , for r = 0, . . . , R−1. The number of subcarriers
satisfies M > R − 1, and there are M + R − 1 samples
in each OFDM symbol with a cyclic prefix (CP) length of
R − 1. The channels are assumed to be constant and take
an independent realization in each coherence block consisting
of ncoh OFDM symbols [11]. The coherence time is then
Tcoh = ncoh(M +R− 1)Ts. The channels are modeled using
correlated Rayleigh fading, i.e., hkl[r] ∼ NC(0,Rklr) and
they are independent among different delay taps. The covari-
ance matrix Rklr ∈ CN×N specifies the spatial correlation
of the channel hkl[r] between the antennas of AP l and the
large-scale effects such as pathloss and shadowing [8], [10],
[12]. The spatial correlation matrices are fixed throughout the
communication, and they are assumed known following the
previous literature [2], [10], [13].

All the APs are connected to a central processing unit
(CPU) via fronthaul connections. The CPU is the center point
with large computational resources, and to focus on the low-
resolution ADCs, we assume the fronthaul connections are
error- and latency-free. In this paper, we consider centralized
operation, which is the most advanced level of cell-free
operation, and assume that the channel estimation and payload
data detection are performed in the CPU [2, Sec. 5.1].

III. CHANNEL ESTIMATION

In this section, we consider the uplink channel estimation.
We assume that in each coherence block, the first OFDM sym-
bol is allocated for pilot transmission, whereas the remaining
ncoh−1 OFDM symbols are used for data transmission. Now,
we consider the first OFDM symbol for channel estimation.
Let ϕk[m] denote the frequency-domain pilot signal of UE k
at the m-th subcarrier. The M -point inverse discrete Fourier
transform (DFT) of the sequence ϕk[m] is

ϕk[q] =
1√
M

M−1∑
m=0

ϕk[m]ej
2πqm

M , q = −(R− 1), . . . ,M − 1,

(1)

where we assume that a CP of length R − 1 is appended
to the time-domain samples. The baseband equivalent of the
quantization-free received signal at the N antennas of AP l is

y̆l[q] =

K∑
k=1

R−1∑
r=0

hkl[r]
√
pkϕk[q − r]︸ ︷︷ ︸

≜x̆l[q]

+w̆l[q], (2)

where q = 0, . . . ,M − 1, pk is the uplink transmit power of
UE k, and w̆l[q] ∼ NC

(
0, σ2IN

)
is the additive noise. The˘

symbol is used for the pilot-related signals.

1Depending on the varying delay spreads between different APs and UEs,
the number of taps will be different in practice. We can set the maximum
number of significant delay taps as the common R without loss of generality.
To simplify the analysis, a common delay tap assumption is also adopted [10].

Now, we express the quantized signal at each AP l using
ADCs with arbitrary finite resolution. The real and imaginary
parts of the elements of the received signal are quantized
independently. Thus, it is useful to express the ADC quan-
tization operation using real-valued variables. The 2N × 1
received signal at AP l before quantization can be expressed as
y̆re
l [q] = x̆re

l [q] + w̆re
l [q] in terms of the real-valued variables

y̆re
l [q] =

[
ℜ(y̆l[q])
ℑ(y̆l[q])

]
∈ R2N , x̆re

l [q] =

[
ℜ(x̆l[q])
ℑ(x̆l[q])

]
∈ R2N ,

(3)

w̆re
l [q] =

[
ℜ(w̆l[q])
ℑ(w̆l[q])

]
∈ R2N . (4)

Let Q(·) denote the quantization function, which is possibly
non-uniform, with b bits and D = 2b quantization levels
l1, . . . , lD. Then, the quantization function is given by

Q(x) = ld if x ∈ [υd−1, υd), d = 1, . . . , D, (5)

where −∞ = υ0 < υ1 < · · · < υD−1 < υD = ∞ are the
thresholds. By applying the scalar quantization function Q(·)
to the elements of y̆re

l [q], we obtain the b-bit quantized signal
as d̆re

l [q] = Q (y̆re
l [q]), where the function acts element-wise.

For simplicity, we omit the quantization effect when imple-
menting channel estimation. However, the quantized received
signals will be utilized in the numerical results. To this end,
we first collect all the unquantized time-domain signal and
noise terms in vectors as

y̆l=

 y̆l[0]
...

y̆l[M − 1]

 ∈ CNM , w̆l=

 w̆l[0]
...

w̆l[M − 1]

 ∈ CNM .

(6)

Similarly, we collect all the time-domain channels to AP l in
a single vector, i.e.,

hl =
[
hT

1l[0] · · ·hT

1l[R− 1] · · ·hT

Kl[0] · · ·hT

Kl[R− 1]
]T

, (7)

which is NKR-dimensional. We also define the corresponding
real-valued vectors as y̆re

l = [ℜ(y̆l)
T ℑ(y̆l)

T]T, w̆re
l =

[ℜ(w̆l)
T ℑ(w̆l)

T]T, and hre
l = [ℜ(hl)

T ℑ(hl)
T]T. Then, the

affine relationship between y̆re
l ∈ R2NM and hre

l ∈ R2NKR

becomes

y̆re
l = Mlh

re
l + w̆re

l , (8)

where Ml ∈ R2NM×2NKR is

Ml=

[
ℜ ([G1 · · ·GK ]⊗ IN ) −ℑ ([G1 · · ·GK ]⊗ IN )
ℑ ([G1 · · ·GK ]⊗ IN ) ℜ ([G1 · · ·GK ]⊗ IN )

]
,

(9)

and

Gk =
√
pk


ϕk[0] ϕk[−1] · · · ϕk[−R+ 1]
ϕk[1] ϕk[0] · · · ϕk[−R+ 2]

...
...

...
...

ϕk[M − 1] ϕk[M ] · · · ϕk[M −R]

 .

(10)



In the absence of channel statistics at APs, the simplest
channel estimation scheme is the LS estimator, which is
applied to the quantized signal d̆re

l as

ĥre
l = M†

l d̆
re
l , (11)

where † denotes the pseudoinverse. The entires of d̆re
l are

ordered in the same way as for y̆re
l . If the spatial correlation

matrix Rre
l ∈ C2NKR×2NKR of hre

l is known, MMSE channel
estimation can be performed to obtain

ĥre
l = Rre

l MT

l

(
MlR

re
l MT

l +
σ2

2
I2NM

)−1

d̆re
l . (12)

Referring to the channel vector in (7), the spatial correlation
matrix Rre

l can be constructed from Rklr and using the
independence of the channels corresponding to different taps
and UEs as

Rre
l =

1

2

[
ℜ(Rl) −ℑ(Rl)
ℑ(Rl) ℜ(Rl)

]
, (13)

where

Rl = bdiag
(
R1l0, · · · ,R1l(R−1), · · · ,RKl0, · · · ,RKl(R−1)

)
.

(14)

IV. QUANTIZED UPLINK SIGNAL DETECTION

In this section, we provide the basic models for uplink signal
detection. We now consider one of the OFDM symbols that are
allocated for uplink data transmission. The frequency-domain
uplink symbol of UE k at the m-th subcarrier is denoted by
sk[m], which has zero mean and unit power. The baseband
equivalent signal transmitted from UE k at the q-th time-
domain sample is given by the M -point inverse DFT of the
sequence sk[m], i.e.,

sk[q] =
1√
M

M−1∑
m=0

sk[m]ej
2πqm

M , q = −(R− 1), . . . ,M − 1,

(15)

where we assume that a CP of length R − 1 is appended
to the time-domain samples. The baseband equivalent of the
distortion-free received signal at the N antennas of AP l is
given as

yl[q] =

K∑
k=1

R−1∑
r=0

hkl[r]
√
pksk[q − r]︸ ︷︷ ︸

≜xl[q]

+wl[q], (16)

where q = 0, . . . ,M − 1, pk ≥ 0 is the transmission power of
UE k, and wl[q] ∼ NC

(
0, σ2IN

)
is the additive noise. The

received signal at AP l before quantization can be expressed as
yre
l [q] = xre

l [q] +wre
l [q] in terms of the real-valued variables

yre
l [q] =

[
ℜ(yl[q])
ℑ(yl[q])

]
∈ R2N , xre

l [q] =

[
ℜ(xl[q])
ℑ(xl[q])

]
∈ R2N ,

(17)

wre
l [q] =

[
ℜ(wl[q])
ℑ(wl[q])

]
∈ R2N . (18)

By applying the scalar quantization function Q(·) to the
elements of yre

l [q], we obtain the b-bit quantized signal as
dre
l [q] = Q (yre

l [q]), where the function is applied element-
wise. The complex quantized signal ḋl[q] ∈ CN is given by

ḋl[q] =
1√
2
Q (ℜ(yl[q])) +

j√
2
Q (ℑ(yl[q])) . (19)

Taking the M -point DFT of the sequence ḋl[q] ∈ CN , we
obtain

dl[m] =
1√
M

M−1∑
q=0

ḋl[q]e
−j 2πqm

M , (20)

for m = 0, . . . ,M − 1. We can now consider data detection
separately for each subcarrier. One approach to data detection
is to reduce the received vector to a scalar estimate by
taking its inner product with a receive combining vector. The
resulting scalar is then used in a minimum-distance detector
to make a decision. Since the only operation performed
before detection is the inner product—a linear operation—such
receivers are referred to as linear receivers. In the next section,
we will explore possible linear receivers for quantized data.

V. LINEAR RECEIVERS

In this section, building on [14], we develop OFDM-
based extensions of the quantization-unaware and Bussgang-
based quantization-aware linear receivers. Each AP l sends its
distorted frequency-domain signals dl[m] to the CPU. The
LN × 1 overall concatenated received signal at the m-th
subcarrier is

d[m] =
[
d

T

1 [m] · · ·dT

L[m]
]T

. (21)

We let V[m] = [v1[m] · · · vK [m]] ∈ CLN×K denote the
receive combining matrix at subcarrier m. Then, the signal
for the k-th UE’s data detection is given by vH

k [m]d[m], for
k = 1, . . . ,K. Next, we introduce quantization-unaware and
quantization-aware linear receivers.

A. Quantization-unaware linear receivers

The quantization-unaware receivers neglect the effect of
ADC quantization. Then, taking the M -point DFT of the
unquantized signal yl[q], we obtain

yl[m] =
1√
M

M−1∑
q=0

yl[q]e
−j 2πqm

M

=

K∑
k=1

(
R−1∑
r=0

hkl[r]e
−j 2πrm

M

)
︸ ︷︷ ︸

≜hkl[m]

√
pksk[m]

+
1√
M

M−1∑
q=0

wl[q]e
−j 2πqm

M

︸ ︷︷ ︸
≜wl[m]

(22)

for m = 0, . . . ,M − 1. We express the concatenated unquan-
tized signals in a compact form as



y1[m]
...

yL[m]


︸ ︷︷ ︸

≜y[m]

=

K∑
k=1

hk1[m]
...

hkL[m]


︸ ︷︷ ︸

≜hk[m]

√
pksk[m] +

w1[m]
...

wL[m]


︸ ︷︷ ︸

≜w[m]

, (23)

where w[m] ∼ NC(0, σ
2ILN ). We next make the following

definitions:
H[m] =

[
h1[m] · · · hK [m]

]
∈ CLN×K , (24)

P = diag(
√
p1, . . . ,

√
pK) ∈ RK×K , (25)

s[m] = [s1[m] · · · sK [m]]
T ∈ CK . (26)

We can then express the received signal y[m] as

y[m] = H[m]Ps[m] +w[m]. (27)

We can now design the conventional receivers, which are
maximum ratio combining (MRC), zero-forcing (ZF), and
minimum mean-squared error (MMSE) receivers [2] as

VMRC[m] = H[m]P, (28)

VZF[m] = H[m]P
(
PH

H

[m]H[m]P
)−1

, (29)

VMMSE[m] =
(
H[m]PPH

H

[m] + σ2ILN

)−1

H[m]P. (30)

B. Quantization-aware linear receivers

We consider the Bussgang decomposition [14] to express
the quantized complex signal in (19) as

ḋl[q] = Blyl[q] + el[q], (31)

where Bl ∈ CN×N denotes the Bussgang gain matrix and
el[q] ∈ CN represents the quantization distortion, which
is uncorrelated with yl[q] by construction. However, they
are not independent. Hence, potentially better methods can
be developed to exploit this dependency compared to the
linear receiver, which treats the quantization distortion simply
as an independent colored noise. This is the main reason
which motivates us to search for alternative solutions in the
next section. The Bussgang matrix Bl under the assumption
that yl[q] is Gaussian and one-bit quantization is used, i.e.,
Q(x) = sgn(x), is given by [15]

Bl =

√
2

π
diag

(
Cyy,l

)−1/2
, (32)

where diag(·) denotes the diagonal part of a matrix. The
covariance matrix Cyy,l ∈ CN×N is computed as

Cyy,l = E{yl[q]y
H

l [q]} = σ2IN

+ E

{
K∑

k=1

R−1∑
r=0

hkl[r]
√
pk

1√
M

M−1∑
m=0

sk[m]ej
2π(q−r)m

M

·
K∑

k′=1

R−1∑
r′=0

hH

k′l[r
′]
√
pk′

1√
M

M−1∑
m′=0

s∗k′ [m′]e−j 2π(q−r′)m′
M

}

= σ2IN +

K∑
k=1

M−1∑
m=0

pk
M

R−1∑
r=0

R−1∑
r′=0

hkl[r]h
H

kl[r
′]ej

2π(r′−r)m
M

= σ2IN +

K∑
k=1

pk
M

R−1∑
r=0

R−1∑
r′=0

hkl[r]h
H

kl[r
′]

M−1∑
m=0

ej
2π(r′−r)m

M

=

K∑
k=1

pk

R−1∑
r=0

hkl[r]h
H

kl[r] + σ2IN , (33)

where we have
∑M−1

m=0 ej
2π(r′−r)m

M =

{
M, r = r′

0, r ̸= r′
. After

taking the M -point DFT and concatenating all the signals,
we obtain d[m] = BH[m]Ps[m] + Bw[m] + e[m], where
B = diag(B1, · · · ,BL) ∈ CLN×LN , e[m] ∈ CLN is the M -
point DFT of e[q] = [eT

1 [q] · · · eT

L[q]]
T. Here, BH[m]P ∈

CLN×K is the effective channel. Such a cascade decomposi-
tion provides the best closed-form expression available. Based
on this, the Bussgang-decomposition-based quantization-aware
MRC (BMRC), ZF (BZF), and MMSE (BMMSE) receivers
can be designed similarly to those in [14] as

VBMRC[m] = BH[m]P, (34)

VBZF[m] = BH[m]P
(
PH

H

[m]BHBH[m]P
)−1

, (35)

VBMMSE[m] =
(
Cdd[m]

)−1
BH[m]P, (36)

where Cdd[m] = E
{
d[m]d

H

[m]
}

and it can be computed
numerically using Monte Carlo trials. Note that yl[q] is usually
not Gaussian, and for an arbitrary b-bit quantization and inputs,
the closed-form expressions for the matrix B do not exist.

VI. PROPOSED ADMM-BASED RECEIVER

We first define the following real vectors and matrix:

sre[m] =

[
ℜ(s[m])
ℑ(s[m])

]
, yre

l [m] =

[
ℜ(yl[m])
ℑ(yl[m])

]
, (37)

H
re

l [m] =

[
ℜ(Hl[m]) −ℑ(Hl[m])
ℑ(Hl[m]) ℜ(Hl[m])

]
, (38)

where Hl[m] =
[
h1l[m] · · · hKl[m]

]
∈ CN×K . Note that

for the DFT of the unquantized and noise-free signal xre
l [q] ∈

R2N , we can write the linear relationship

xre
l [m] = H

re

l [m]

[
P 0
0 P

]
sre[m]. (39)

To improve the signal detection, we will further exploit the
signal structure and put a constraint on it. We then define
zre ∈ ROre and zim ∈ ROim as the vectors whose entries
are the possible real and imaginary parts of the considered
constellation, where O = Ore ×Oim is the constellation size.
For instance, zre = zim = 1√

2
[−1 1]T for QPSK. In this case,

we can define a binary indicator vector whose entries are either
zero or one, but only one entry is one, which corresponds to
the real or imaginary part of symbol entry in zre and zim. We
let b[m] ∈ RK(Ore+Oim) denote this binary vector for the mth



subcarrier symbols. We can then express the relation between

sre[m] and b[m] as sre[m] =

[
IK ⊗ zT

re 0
0 IK ⊗ zT

im

]
b[m],

with the additional constraints

[b[m]]j ∈ {0, 1}, j = 1, . . . ,K(Ore +Oim), (40)

Orek∑
j=Ore(k−1)+1

[b[m]]j = 1, k = 1, . . . ,K, (41)

KOre+Oimk∑
j=KOre+Oim(k−1)+1

[b[m]]j = 1, k = 1, . . . ,K. (42)

Then, the linear relation in (39) can be expressed as

xre
l [m] = H

re

l [m]

[
P 0
0 P

] [
IK ⊗ zT

re 0
0 IK ⊗ zT

im

]
︸ ︷︷ ︸

≜Al,m∈R2N×K(Ore+Oim)

b[m].

(43)

Now, using these constraints, we cast an optimization prob-
lem with the objective of minimizing the Euclidean distance
between the DFT of the quantized noisy signal, d

re

l [m] =[
ℜ
(
d

T

l [m]
)
,ℑ
(
d

T

l [m]
)]T

and unknown unquantized noise-
free signal xre

l [m]. The optimization problem is written as

minimize
xre
l [m],b[m]∀l,m

L∑
l=1

M−1∑
m=0

∥∥∥xre
l [m]− d

re

l [m]
∥∥∥2 (44a)

subject to xre
l [m] = Al,mb[m], ∀l,m (44b)

b1[m] = b[m], [b1[m]]j ∈ {0, 1}, ∀j,m (44c)

b2[m] = b[m],

Orek∑
j=Ore(k−1)+1

[b2[m]]j = 1, ∀k,m

(44d)
KOre+Oimk∑

j=KOre+Oim(k−1)+1

[b2[m]]j = 1, ∀k,m,

(44e)

where we have created two copies of b[m] to prepare for
an ADMM solution with closed-form updates. In this paper,
we use the ADMM as a heuristic since the above problem
is non-convex. The proposed ADMM-based receiver operates
at the bit level, whereas previous linear receivers function at
the block level, applying the same combining vectors to all
symbols within a coherence block.

A. Closed-Form ADMM Updates

The steps of the ADMM algorithm in scaled form [16] at
the ith iteration are given as follows:

xre
l

(i+1)[m]← argmin
xre
l [m]

∥∥∥xre
l [m]− d

re

l [m]
∥∥∥2 ,

+ ρ
∥∥∥xre

l [m]−Al,mb(i)[m] + u
(i)
l [m]

∥∥∥2 , ∀l,
(45)

b
(i+1)
1 [m]← argmin

b1[m]

ρ
∥∥∥b1[m]− b(i)[m] + ũ

(i)
1 [m]

∥∥∥2
subject to [b1[m]]j ∈ {0, 1}, ∀j, (46)

b
(i+1)
2 [m]← argmin

b2[m]

ρ
∥∥∥b2[m]− b(i)[m] + ũ

(i)
2 [m]

∥∥∥2
subject to

Orek∑
j=Ore(k−1)+1

[b2[m]]j = 1, ∀k

KOre+Oimk∑
j=KOre+Oim(k−1)+1

[b2[m]]j = 1, ∀k,

(47)

b(i+1)[m]←

argmin
b[m]

ρ

L∑
l=1

∥∥∥xre
l

(i+1)[m]−Al,mb[m] + u
(i)
l [m]

∥∥∥2
+ ρ

∥∥∥b(i+1)
1 [m]− b[m] + ũ

(i)
1 [m]

∥∥∥2
+ ρ

∥∥∥b(i+1)
2 [m]− b[m] + ũ

(i)
2 [m]

∥∥∥2
for m = 0, . . . ,M − 1 (48)

u
(i+1)
l [m]← u

(i)
l [m] + xre

l
(i+1)[m]−Al,mb(i+1)[m], (49)

ũ
(i+1)
1 [m]← ũ

(i)
1 [m] + b

(i+1)
1 [m]− b(i+1)[m] (50)

ũ
(i+1)
2 [m]← ũ

(i)
2 [m] + b

(i+1)
2 [m]− b(i+1)[m], (51)

where ul[m], ũ1[m], and ũ2[m] are the scaled dual vectors
corresponding to the equality constraints in (44b)-(44e). The
scalar ρ is the penalty parameter in the augmented Lagrangian
[16]. The closed-form solutions of the problems in (45) and
(48) are derived as follows:

xre
l

(i+1)[m] =
ρ
(
Al,mb(i)[m]− u

(i)
l [m]

)
+ d

re

l [m]

ρ+ 1
, ∀l,m

(52)

b(i+1)[m] =

(
L∑

l=1

AT

l,mAl,m + 2IK(Ore+Oim)

)−1

·

(
L∑

l=1

AT

l,m

(
xre
l

(i+1)[m] + u
(i)
l [m]

)
+ b

(i+1)
1 [m] + ũ

(i)
1 [m] + b

(i+1)
2 [m] + ũ

(i)
2 [m]

)
. (53)

The solutions to the problems (46)-(47) can also be obtained in
closed form. However, we have observed empirically that the
harsh clipping effect of the projection functions used in closed-
form updates adversely affects the performance of the ADMM-
based receiver. This observation aligns with our previous work
[17], and we believe this is due to the harsh diminishing effect
of other primal and dual optimization variables. One heuristic
solution to preserve the effect of other variables’ updates is
to soften the projectors using their approximations with the



help of sigmoid, i.e., sigm(x) = 1/(1 + e−x) and softmax
function, i.e., σ(x)j = exj/(

∑
j′ e

xj′ ). Using these functions,
the updates in (46)-(47) are given as shown at the top of the
next page.

The ADMM algorithm iteratively updates the first block of
the primal variables, i.e., {xre

l [m],b1[m],b2[m]}, the second
block of primal variables {b[m]}, and the dual variables
{ul[m], ũ1[m], ũ2[m]} using (52)-(56), (49)-(51). After find-
ing the solution to the ADMM algorithm, the soft estimates
of the symbols are obtained at each subcarrier using sre[m]

and b[m] as sre[m] =

[
IK ⊗ zT

re 0
0 IK ⊗ zT

im

]
b[m]. Then, the

minimum distance detector is applied to the soft estimates.

VII. NUMERICAL EXPERIMENTS

In this section, we will quantify the channel estimation error
and uplink data detection in a cell-free massive MIMO system
with low-resolution ADCs. The ADMM-based detector oper-
ates on the bit level, and therefore we evaluate its performance
using the uncoded BER. We will compare different schemes
for channel estimation and uplink data reception. We consider
L = 64 randomly deployed APs in a 1×1 km2 area. Each AP
has N = 4 antennas and there are K = 20 randomly dropped
UEs in this network area. The path loss in decibel scale is
given according to Urban Microcell Street Canyon model as
−32.4− 20 log10(fc)− 31.9 log10(d)+N (0, 8.22) where d is
the distance between two nodes in meters, fc = 7.5GHz is
the carrier frequency, and 8.2 is the variance of the lognormal
shadow fading [18, Table 7.4.1-1]. There is a 10 m height dif-
ference between the APs and UEs. The number of subcarriers
and channel taps are M = 512 and R = 5, respectively. The
subcarrier spacing is 15 kHz. The noise variance is computed
for the bandwidth of B = 512 · 15 kHz = 7.68MHz, and
a noise figure of 7 dB, i.e., σ2 = −98.15 dBm. The Saleh-
Valenzuela model [19] is used to model the power delay profile
with Γ = γ = 2 and 5 clusters [20, Eqn. (7.52)]. The azimuth
and elevation angles of each cluster are generated uniformly
randomly from the 40◦ neighborhood of the nominal line-
of-sight angles, and correlation matrices Rklr are generated
according to the power delay profiles and uniform linear
array (ULA) response vectors. The uplink transmit power
is pk = 0.1W ∀ k. The Lloyd-Max algorithm is used to
determine the quantization levels.

In Fig. 1, we compare the channel estimation performance
of the LS and MMSE estimators for b = 1-bit, b = 2-bit,
and perfect-resolution ADCs in terms of the cumulative dis-
tribution function (CDF) of the normalized mean-square error
(NMSE) for random AP and UE locations. The pilot signals
are generated randomly on the unit circle. We can see that, for
some AP-UE channels, the estimation quality is not so good
due to both severe channel conditions and limited quantization
resolution. As expected, b = 1-bit quantization has a more
detrimental effect. On the other hand, the MMSE estimator
results in smaller NMSE since it exploits the statistics of the
correlated Rayleigh fading channels. In the remainder of the
simulations, the MMSE estimator is utilized.

Fig. 2 shows the BER performance of different UEs (sorted
from the worst to the best UE in terms of BER along the
x-axis) when b = 1-bit ADCs are employed with QPSK
modulation. Since the quantization-aware MMSE receiver
requires computing a covariance matrix that lacks a closed-
form expression, the BZF is presented as an alternative.
The quantization-aware BZF receiver achieves improved BER
performance by exploiting the 1-bit Bussgang decomposition.
However, the proposed ADMM-based approach outperforms
both MMSE and BZF by up to a 10-fold improvement,
particularly for the lucky UEs.

In Fig. 3, we repeat the previous experiment with b = 2-
bit ADCs. This time only the quantization-unaware MMSE
receiver is shown as a benchmark since computation of Buss-
gang gain matrices for quantization-aware receivers requires
an extensive number of Monte Carlo trials, which is not
practical. We again observe that there is a huge performance
improvement in the orders of magnitude with the ADMM
receiver. Exploiting the modulation structure and minimizing
the distance to the quantized signal, the ADMM receiver
results in much better performance.

VIII. CONCLUSIONS

We have analyzed the adverse impact of low-resolution
ADCs on both channel estimation and uplink data detection
performance. Our study, conducted for a wideband OFDM
channel, enables the implementation of both linear receivers
and an ADMM-based receiver on a per-subcarrier basis. The
quantization effect significantly degrades channel estimation
performance, particularly for certain disadvantaged UEs. How-
ever, the proposed ADMM-based receiver achieves meaningful
BER performance for most UEs by exploiting the specific
structure of the constellation and accounting for quantization
by minimizing the distance between the quantized signal and
the unknown, unquantized noise-free signal. Compared to
linear receivers, the ADMM-based approach provides orders-
of-magnitude performance gains while remaining practical to
implement because of its closed-form update formulas.
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(i)
2 [m]

]
Ore(k−1)+1:Orek

)
Ore(k−1)+j

(55)[
b
(i+1)
2 [m]

]
KOre+Oim(k−1)+j

= σ

([
b(i)[m]− ũ
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