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Abstract—The evolution of mobile networks towards user-
centric cell-free distributed Massive MIMO configurations re-
quires the development of novel signal processing techniques.
More specifically, digital precoding algorithms have to be de-
signed or adopted to enable distributed operation. Future de-
ployments are expected to improve coexistence between cellu-
lar generations, and between mobile networks and incumbent
services such as radar. In dense cell-free deployments, it might
also not be possible to have full channel state information for all
users at all antennas. To leverage location information in a dense
deployment area, we suggest and investigate several algorithmic
alterations on existing precoding methods, aimed at location-
informed interference suppression, for usage in existing and
emerging systems where user locations are known. The proposed
algorithms are derived using a theoretical channel model and
validated and numerically evaluated using an empirical dataset
containing channel measurements from an indoor distributed
Massive MIMO testbed. When dealing with measured CSI, the
impact of the hardware, in addition to the location-based channel,
needs to be compensated for. We propose a method to calibrate
the hardware and achieve measurement-based evaluation of our
location-based interference suppression algorithms. The results
demonstrate that the proposed methods allow location-based
interference suppression without explicit CSI knowledge at the
transmitter, under certain realistic network conditions.

Index Terms—distributed Massive MIMO, precoding, interfer-
ence suppression, channel state information, location-based

I. INTRODUCTION

For future mobile networks, i.e., the sixth generation (6G),
a shift towards distributed Massive Multiple-Input Multiple-
Output (MIMO) is anticipated, to enable user-centric cell-
free network operation, and combine the benefits of Massive
MIMO and network densification [1], [2]. Through meticulous
coordination and advanced signal processing techniques, spa-
tially distributed Access Points (APs) function as a coherent

© 2025 IFIP

978-3-903176-77-5© 2025 IFIP

2"d Raquel Marina Noguera Oishi
Department of Electrical Engineering (ESAT)
KU Leuven
Leuven, Belgium
raquelmarina.nogueraoishi @kuleuven.be

4t Sofie Pollin

Department of Electrical Engineering (ESAT)

33

KU Leuven
Leuven, Belgium
sofie.pollin@kuleuven.be

system, providing seamless connectivity and uniform quality
of service. By eliminating fixed cell boundaries, cell-free net-
works address many inherent limitations of traditional cellular
networks and offer a promising framework for enhancing
spectral efficiency, coverage, and network reliability in future
wireless systems [3]. Signal processing techniques developed
for cell-free networks typically require Channel State Infor-
mation (CSI) from each User Equipment (UE) antenna to all
AP antennas, for all APs that serve the UE.

Complementary to the cell-free paradigm, beamforming
constitutes another key component of dense multi-user net-
works. Beamforming is a signal processing technique em-
ployed in multi-antenna systems to perform spatial filtering or
steering of wireless signals, based on directional information
in the far field, or location information in the near field. Signals
originating from different antennas can be modified, e.g.,
digitally, in order to tailor the spatial power distribution, when
considering transmit beamforming, or the spatial sensitivity, in
the case of receive beamforming. In transmit beamforming,
signals can be premultiplied to achieve constructive inter-
ference at an intended receiver, thereby concentrating trans-
mit power and enhancing the Signal-to-Noise Ratio (SNR)
relative to unfocused transmission. Such techniques do not
require CSI knowledge, as steering vectors are computed
from location information. In this paper we will study both
far-field, or delay-and-sum beamforming, as well as near-
field beamforming, or beamfocusing, which is considered an
emerging technique, especially promising for future wireless
communication networks [4], [5].

Another option is to utilize linear precoding techniques
that make use of CSI, such as Maximum Ratio Transmission
(MRT) [6]. In multi-user systems, however, it can prove benefi-
cial to not only maximize signal power at the intended receiver,
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but to suppress interference at unintended receivers as well.
Existing interference suppressing linear precoding techniques
consist of Zero-Forcing (ZF) [7], [8], and Regularized Zero-
Forcing (RZF) [9], [10].

In this paper, we propose precoding methods aimed at in-
terference suppression, leveraging location information instead
of CSI. An encountered problem is that the channel between
two antennas does not only depend on the wireless medium
in between, but also on hardware contributions. We propose a
method to compensate for the hardware-induced phase offsets,
and evaluate the location-informed interference suppressing
linear precoding techniques on a calibrated channel measure-
ment dataset. The main contributions of this paper are as
follows.

« We propose a vector orthogonalization-based approach to
generalizing zero-forcing precoding, to enable location-
informed interference suppression. By reformulating the
mathematics behind zero-forcing, hybrid interference
suppression algorithms, exploiting both location informa-
tion and channel state information, can be defined.

e« We propose a phase calibration method for empirical
channel measurement data, to ensure correct evaluation
of location-informed precoding methods.

o Through simulations based on an empirical channel state
information dataset, we demonstrate that the proposed
methods constitute viable alternatives and extensions to
existing precoding techniques, under certain network con-
ditions.

The rest of the paper is organized as follows. Section II
discusses the system model considered in this paper. The pro-
posed precoding scheme is presented in Section III, followed
by a description of the phase calibration procedure in Section
IV. Section V provides a comprehensive presentation and
discussion of the simulation results. The paper is concluded
in Section VI

Notation: x € CM represents an M x 1 complex vector, and
X € CM*N denotes an M x N complex matrix. x;, is the k-
th column of matrix X, while x;, is used for the k-th element
of vector x, unless stated otherwise. Element (7, j) of matrix
X is written as [X], ;, and x™ and X* denote the Hermitian,
or complex conjugate transpose, of vector x and matrix X,
respectively. The complex conjugate of both is written as x*
and X*. The Euclidean norm of vector x is denoted by [|x||,
and the absolute value or magnitude of a complex number
z is represented by |z|. The phase of a complex number z
is denoted by Z(z). The inverse of matrix X is written as
X! j =+/—1is the imaginary unit. I denotes the identity
matrix of size K x K. A variable x following a circularly
symmetric complex Gaussian distribution with mean g and
variance o2, is represented by z ~ CN (i1, 0?). Symbols are
included as lowercase letters or Greek lowercase letters, e.g.
s and «, while constants can be lower- or uppercase, such as
d and K, with the exception of the constant 7.

II. SYSTEM MODEL

Consider an AP or Base Station (BS) consisting of M
transmit antennas, and single-antenna UEs. The AP transmits
a symbol s € C towards UE k, after precoding it with
precoding vector w;, € CM*1 Following wireless propagation
and the inclusion of hardware-induced effects, represented by
the channel vector h;, € CM*! towards user k, the digital
signal processing unit at the UE receives y;, = th WSk + Nk,
where n; denotes circularly symmetric complex Gaussian
noise with zero mean and variance 02, i.e. ny ~ CN(0,02).
When unit symbol power is assumed, i.e. E[|s;|?] = 1, the
SNR experienced by UE k is given by |h,€IWk.|2 Jo2.

Furthermore, when generalizing to a multi-user MIMO
system, consisting of K different UEs, we define the channel
matrix as the collection of channel vectors towards all users:

H=[hy,hy,... hg] € CM*K, (1)

The Signal-to-Interference-plus-Noise Ratio (SINR) at user &
is then computed as

hHW]€ 2
> [hffwif* + oF

=1
I#

SINRy, =

where |h”w;|? is the interference experienced by UE k as a
result of the signal intended for UE [. Moreover, we normalize
per-user power allocation as ||wy||? = 1, and don’t consider
power allocation optimization methods.

III. PRECODING METHODS
A. Existing Methods

First, we introduce the mathematics behind the beam-
forming algorithms and precoding methods mentioned in the
introduction, as they will be extended on in our proposed
methods. For far-field beamforming, the beamforming weights
are defined as

- dysin(0)
TN

w; = e 7 : 3)

where d; denotes the distance between antenna ¢ and a

reference antenna, 6 is the steering angle relative to the array

broadside (perpendicular to the array), and X is the wavelength

of the carrier signal. For near-field beamforming, these weights
become

— jgﬂ-ﬁ
w; =e L 4)

with d; now equal to the distance between antenna 7 and the
intended receiver. MRT deploys a precoding vector

hy
Wi

=__*_ 5
= T ©)

such that |h” wy| is maximized. For zero-forcing, the precod-
ing vector towards UE £ is defined as the k-th column of the
matrix

Wz =HHIH)!, (6)
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such that the joint inner product of the channel vectors and
the precoding vectors towards all users becomes

H "Wz =HHBE"H) ! =1k, (7

effectively cancelling all interference terms. By regularizing
the matrix on which the inverse operation is applied, we obtain
the definition of RZF:

Wezr = HHYH + allk) !, (®)
with « usually, and in this work, equal to o2.

B. Proposed Methods

By rewriting the zero-forcing operation as an orthogonaliza-
tion of a precoding vector with respect to a subspace, a more
flexible approach to suppressing interference is enabled. This
is mathematically represented as

w =w—V(VIV)" Vg, 9)

where w can be any precoding vector, and V can contain
channel vectors or beamforming vectors, or a combination
thereof. By inserting the MRT precoding vector towards UE
k, i.e.
hy,
Tyl

as the precoding vector w, and defining V as

V =Hj = [hy,hy,... he_y,hgy, ... hg] € CMXETD,
(11)
the resulting precoding vector, after normalization, i.e.
/
= (12

is equal to the normalized k-th column of the zero-forcing pre-
coding matrix Wy, validating the approach. The regularized
variant of (9) is written as

w=w-—V(VIV 4 alg) 'Viw, (13)

The following notation is used for concrete instantiations
of (9) and (13). A precoding vector of type a that is or-
thogonalized against a subspace spanned by vectors of type
b, is denoted by a_b. MRT_nf, for instance, is a maximum
ratio transmission precoding vector towards an intended user,
orthogonalized against near-field beamforming vectors towards
unintended users. Depending on the used precoding vec-
tors, CSI or location information of intended and unintended
UE:s is required. These algorithm-dependent requirements are
included in Table I. Furthermore, DIS is used to indicate
distributed operation, while R stands for the use of the regu-
larized equation. A special case is the (R)ZF_nf algorithms,
which are derived from an MRT precoding vector towards an
intended user, and a combination of MRT precoding vectors
and near-field beamforming vectors towards unintended users,
depending on whether the unintended users are served by the
same APs, and thus whether CSI is available.

TABLE I
CSI AND LOCATION INFORMATION REQUIREMENTS OF THE DIFFERENT
PRECODING ALGORITHMS.

Algorithm Location CSI Location CSI  un-
intended intended unin- intended
UE UE tended UEs

UEs

Near-field v

MRT v

(DIS) (R)ZF v v

nf_nf v v

(DIS) (R)MRT_nf v v

(R)ZF_nf v Ve v

2Location information for inter-cluster interference suppression, CSI for

intra-cluster interference suppression.

IV. PHASE CALIBRATION

The location-based algorithms depend on two crucial ele-
ments for their performance to be accurately assessed. The first
is a predominantly Line-of-Sight (LoS) wireless channel. For
this purpose, a dense dataset containing CSI measurements
from an indoor distributed LoS setup, collected through the
KU Leuven Massive MIMO testbed, is utilized! [11] [12].
The second requirement relates to the elimination of hardware-
induced contributions to the channel state information. If the
antennas of a multi-antenna system are not calibrated to share
a common phase reference, location-based precoding methods
that do not take into account these inter-antenna variations
will not be effective, as opposed to CSI-informed techniques,
which inherently consider the hardware contributions to the
CSIL

It is important to note that the phase offsets introduced
by the hardware depend on the Transmit (Tx) and Receive
(Rx) antennas t; and r;, and it is necessary to estimate a
joint phase compensation factor ¢;’ per antenna pair, and
thus per antenna-to-antenna channel. We can estimate these
phase offsets in the following way. For each Tx and Rx
antenna pair, a phase offset compensation factor was computed
by minimizing the Mean Squared Error (MSE) between the
phase of the theoretical LoS channel and the compensated
measurement data, as depicted by

@i} = argmin (Z Z ’ exp (jl ([H%:il]m)n))
)

m n

2
- eXp(j‘P) - €Xp (]4 ([H?;:l,pn]m,n» ‘ > . (14)

The theoretical LoS channel, which underpins both far-field
and near-field beamforming, describes the propagation of a
wireless signal with wavelength \ over a path of length d,
resulting in a phase offset ¢ = —@.

! Available: https://dx.doi.org/10.21227/nr6k-8r78.
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The solution to (14) is computed as

o = 4(2 S (expGA(HES, ], )

A, ) as)
where the sum is taken over all available data points in the
dataset originating from transmit antenna ¢; € (1,2,3,4) and
receive antenna r; € (1,2,...,64). These matrices H do not
comply with (1), but contain CSI values between two specific
antennas, over an zy-grid of measurement positions.

Fig. 1 shows the measurement setup used to acquire the
CSI dataset, in which data for the four distinct zy-grids were
obtained by four antennas t; transmitting uplink pilot signals,
received by the 64 r; antennas surrounding the Region-of-
Interest (Rol). Therefore, the UE antennas are denoted as the
Tx antennas t;, and the BS antennas as the Rx antennas r;, and
we leverage the concept of physical channel reciprocity within
a coherence time in Time Division Duplex (TDD) systems,
after removing the hardware contributions from the channel
data, in order to evaluate downlink precoding.

amm ®  UE positions

(1)

B

w

:

N

Y position [m]

X position [m]

Fig. 1. Base station antenna locations and user equipment antenna measure-
ment positions.

The result of the phase calibration procedure is illustrated
in Fig. 2, showing a phase comparison between the raw CSI,
the calibrated CSI and the theoretical LoS channel, between
one of the UE measurement positions and the 64 BS antennas.

V. SIMULATION RESULTS

In this section, simulation results from two multi-user
scenarios are presented and discussed. The 64-antenna base
station, shown in Fig. 1, used during the measurements, is
virtually split into eight access points consisting of an antenna
array of eight antennas each. In the first scenario, all users
are served by all access points simultaneously, either with
centralized or distributed signal processing. In the second
scenario, the users are clustered into groups, each served by a
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— — — -Real phase
Raw phase
Calibrated phase

Phase

Antenna index

Fig. 2. The phase of the raw CSI, the calibrated CSI and the theoretical LoS
channel model.

predefined pair of access points, assigned based on maximum
average channel gain. Because far-field beamforming-based
algorithms did not prove competitive in the distributed array
case, they are left out in this section.

A. Full Access Point Coordination

The results in Fig. 3 were obtained from Monte Carlo sim-
ulations using the channel measurement dataset, considering
K = 5 UEs, uniformly distributed over the xy-grid, spaced at
least 10cm from each other, and a noise floor of -20dB relative
to the average received power. The performance of near-field
beamforming is shown to approach that of MRT, validating the
LoS-predominance and phase calibration procedure. MRT_nf
and nf_nf are found to outperform MRT, but logically fall short
of ZF and RZF, which require CSI towards all users.

1

T
—&—MRT
S near-field
MRT_nf
r|——nf_nf
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RZF
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Fig. 3. CDF of the SINR of different precoding methods.

Fig. 4 shows the same results for distributed operation, i.e.,
all UEs are still served by all APs, but the signal processing
is performed locally at the APs, instead of in a centralized
manner. Network-wide location information is assumed to be
available at all APs, while each AP only has access to its own
CSI towards the UEs, limiting the orthogonalization procedure
to a lower-dimensional vector space. nf_nf does not suffer
from this restriction, as it does not leverage CSI, and proves
to perform almost as well as ZF. RZF significantly outperforms
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ZF in this scenario because of the orthogonalization procedure
in a lower-dimensional vector space, with a smaller amount
of degrees of freedom, yielding a reduced residual component
of the original precoding vector, and thus a smaller received
signal power at the intended user, and a larger relative influ-
ence of noise on the SINR. RZF essentially trades off some
interference suppression at unintended receivers in favor of
improved noise suppression at the intended receiver.
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—&—MRT

0.9 | —#— DIS MRT_nf
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DIS RZF
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o
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0 20 25
SINR [dB]

Fig. 4. CDF of the SINR of different precoding methods, with fully distributed
operation.

Even more promising results are obtained by letting K =
10 > M = 8, i.e., a higher number of UEs than transmit
antennas at individual APs. This forces the matrix V from (9)
to not have full column rank, and subsequently, regularization
of VHV is required. Fig. 5 illustrates that as the number of
UEs grows larger, i.e. K = 10, especially beyond the number
of antennas per AP, the performance of nf_nf increases relative
to that of RZF.

1 T T
—&—MRT

0.9 | |——nf_nf

DIS RZF

0.8 [ | —<— DIS RMRT_nf

Cumulative density
© o o o o o
n w S (4] o ~
T T T T T T

o
T

=)

SINR [dB]

Fig. 5. CDF of the SINR of different precoding methods, with fully distributed
operation, and 10 UEs.

On top of the distributed operation, the performance of
the algorithms was evaluated under the presence of channel
estimation errors, both for the case where K =5 < M = 8
and K = 10 > M = 8. The results are shown in Fig. 6 and
Fig. 7, now as the SINR that is guaranteed for 90% of the UE
position combinations, in function of the Normalized Mean
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Squared Error (NMSE) of the channel estimates. The channel
estimation errors are modelled as i.i.d. circularly symmetric
complex Gaussian variables, i.e. [He“]l i~ CN(0,0%), so
that the channel estimates are equal to H = H + H°". The
NMSE is then computed as 7 >y [HT |2 divided by

ﬁ Z” | [H]” .

16 T T T

NN —O&—MRT

15+ v #— DIS MRT_nf | -
nf_nf

14 - —*—DIS ZF |
DIS RZF

—K

90%-guaranteed SINR

80—6-0-0-60-0-0000-00060oo

7 . . .
10 10 102 107! 10°
Channel estimation NMSE

Fig. 6. 90%-guaranteed SINR of different precoding methods in function of
relative channel estimation errors, with fully distributed operation.
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Fig. 7. 90%-guaranteed SINR of different precoding methods in function
of relative channel estimation errors, with fully distributed operation, and 10
UEs.

We can clearly observe that MRT suffers less from chan-
nel estimation errors than ZF approaches; it is particularly
important for channel estimates towards unintended users to
be accurate. Therefore, in the absence of precise channel
estimation procedures, leveraging location information can
be advantageous for interference suppression or even for
constructing the entire precoding vector, as done by nf_nf.
However, we notice that MRT_nf and its regularized variant
also experience a significant performance degradation due
to channel estimation errors, despite not relying on channel
estimates for the purpose of interference suppression. This
loss of performance is more severe than for MRT itself,
because MRT does not require vector orthogonalization. When
orthogonalizing against multiple precoding vectors in a low-
dimensional vector space, the accuracy of the channel estimate



2025 16th IFIP Wireless and Mobile Networking Conference (WMNC)

prior to orthogonalization becomes more critical, as a signifi-
cant part of the amplitude pointing in the correct direction can
get removed.

B. Network-Centric Clustering

This experiment aligns more closely with envisioned scal-
able user-centric cell-free networks, in which UEs are served
only by a subset of the available APs. For simplicity, we
applied network-centric clustering, where the 64 antennas are
split up into predefined pairs of two APs, each pair having
access to two times eight antennas and a shared processing
unit. The UEs are assigned two access points, i.e. one of the
four pairs, based on average channel gain towards the antennas
of the pairs. The result of clustering all UE positions in that
way is shown in Fig. 8.

O BSantennas
+  UE positions
5 L
4t
E
=3 .
k] 2 g
% B
Q 2r
>
1t
0 (@I
-1
3 2 1 0 1 2 3

X position [m]
Fig. 8. Clustering based on channel gain.

This setup provides insight into a valuable enhancement of
existing algorithms. Suppose that pairs of APs have access to
the CSI of the UEs they serve, supplemented by location in-
formation of other users in the network. This way, intra-cluster
interference may be suppressed using CSI, while inter-cluster
interference can be suppressed using location information. We
then come to a (R)ZF_nf approach, where CSI and near-
field beamforming vectors are combined in matrix V from
(9) and (13). The results, included in Fig. 9, are promising,
as ZF_nf and RZF_nf effectively increase the 90%-guaranteed
SINR relative to all other algorithms, while the enhancement is
even greater for UEs experiencing better network conditions,
increasing the achievable peak data rates.

VI. CONCLUSION

In this work, we investigated the performance of well-
known precoding methods in a distributed Massive MIMO
setting. We proposed a zero-forcing generalization to allow
for beamforming vector-based interference suppression, en-
abling the derivation of precoding vectors leveraging both CSI
and location information, with emphasis on location-informed
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Fig. 9. CDF of the SINR of different precoding methods, in the clustering-
based multi-user scenario, with 10 UEs.

interference suppression. Using empirical channel measure-
ments, we have shown that this strategy provides viable
alternatives and extensions to existing precoding methods. We
proposed a low-complexity method for the phase calibration
of empirical CSI data, to allow for a reliable evaluation of
location-informed precoding methods.

We hope this work inspires future research towards
(location-informed) channel prediction-based interference sup-
pression, and signal processing techniques for dense cell-free
wireless networks in general. Specific suggestions are the
implementation of the algorithms in a distributed Massive
MIMO testbed, as well as simulations considering user-centric
clustering, in which hybrid vectors consisting of both CSI
values and location-based beamforming coefficients may be
used to compute the orthogonalized precoding vectors.
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