et AUT Journal of Electrical Engineering

AUTJ. Elec. Eng., 58(Special Issue 1) (2026) 71-84
DOI: 10.22060/e¢j.2025.23871.5640

Performance Analysis of Local Processors-Assisted Cell-Free massive Multiple Input
Multiple Output Systems

Reza Roshanghias' =, Reza Saadat'*, Saeced Gazor?

'Department of Electrical Engineering, Yazd University, Yazd, Iran
2Department of Electrical and Computer Engineering, Queen’s University, Kingston, Canada.

ABSTRACT: This paper proposes a local processors-assisted structure (LPs-AS) for cell-free massive = Review History:
multiple-input multiple-output (CF-mMIMO) systems, consisting of a central processor (CP), several  Received: Feb. 02, 2025

access points (APs), and some local processors (LPs). Each LP is connected to the CP and a subset of  Revised: Apr. 15, 2025

APs and is used as a precoding unit in downlink (DL). This proposed LPs-AS enables us to implement  Accepted: Jul. 14, 2025

DL precoders with a semi-distributed approach. In our proposed semi-distributed implementation (SDI), ~ Available Online: May, 05, 2026
we design precoders at the LPs. This approach differs from centralized implementation (CI) where
the precoders are implemented at the CP and distributed implementation (DI) where the precoders are
designed at APs. We evaluate LPs-AS in terms of spectral efficiency (SE) and analytically derive its
achievable SE. Furthermore, we propose a power control algorithm to maximize its sum SE, compute
the computational complexity (CC) of its minimum mean square error (MMSE) precoders, and compare
this CC with its counterpart in CI and DI. Numerical results demonstrate that employing an optimal
number of LPs (between 2 and 4) in our proposed LPs-AS, not only enables us to design DL precoders
with significantly low CC but also results in an efficient SDI that effectively addresses the problem of  Spectral Efficiency
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low SE in DI.

1- Introduction

Cell-free massive multiple input multiple output (CF-
mMIMO) system is a promising technology for 6G and
beyond wireless networks, potentially providing high and
relatively uniform data rates for all user equipment (UEs).
This system comprises a substantial number of access points
(APs) and a considerably smaller number of UEs in which the
APs collaborate to serve the UEs coherently, using the same
time-frequency resource. Data transmission between APs and
UEs is performed in the time division duplex (TDD) mode
and each AP acquires its channel state information (CSI)
through uplink (UL) pilots, leveraging uplink-downlink (UL-
DL) channel reciprocity. All APs are connected to a CP via
front-haul links. This CP performs the majority of signal
processing and resource allocation tasks[1-7].

Beamforming the UEs’ signals is a key feature of the
CF-mMIMO systems in the DL, achieved by transmitting a
UE signal through multiple APs. Beamforming is performed
using specific vectors known as precoders [8]. Designing
precoders with low computational complexity (CC) that
can provide high spectral efficiency (SE) for UEs is one of
the fundamental challenges in CF-mMIMO systems [9].
These precoders can be implemented either centrally or in
a distributed manner. In the centralized implementation
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(CI), precoders are designed at the CP, whereas in the
distributed implementation (DI), they are designed at APs.
Both centralized and distributed precoders are optimized
or heuristically designed from UL combiners using the
UL-DL duality theorem [7, 10-12]. The primary challenge
of centralized precoders, both optimized and heuristic, is
their high CC and the substantial communication overhead
required for their design [9, 13, 14]. Additionally, optimized
distributed precoders necessitate some level of cooperation
among APs [15-17] or bidirectional training between UEs
and APs rendering them unsuitable for many applications that
require prompt responses [18-20]. The most straightforward
and widely applicable precoders are heuristic distributed
precoders, designed solely from the local CSI of each AP
using the UL-DL duality theorem [8, 21]. These precoders
require neither cooperation among APs nor training between
APs and UEs. However, they are incapable of providing UEs
with high SE.

1- 1- Recent Works

Precoding is a fundamental component of DL transmission
in MIMO, mMIMO and CF-mMIMO systems that has
generated an extensive literature. Here, we review some
related works. Traditional centralized precoding schemes,
such as zero-forcing (ZF) [7] and weighted minimum mean-
square-error (WMMSE) [10], require APs to transmit their

Copyrights for this article are retained by the author(s) with publishing rights granted to Amirkabir University Press. The content of this article
BY NG is subject to the terms and conditions of the Creative Commons Attribution 4.0 International (CC-BY-NC 4.0) License. For more information,

please visit https://www.creativecommons.org/licenses/by-nc/4.0/legalcode.


https://orcid.org/0009-0000-5620-6989

R. Roshanghias et al., AUT J. Elec. Eng., 58(Special Issue 1) (2026) 71-84, DOI: 10.22060/e¢j.2025.23871.5640

local CSI to the CP via front-haul links. The CP then computes
optimized precoding vectors and distributes them back to the
APs, resulting in substantial signaling overhead and imposing
a heavy burden on the front-haul infrastructure. To mitigate
these challenges, distributed precoding methods have been
explored. For instance, [16] introduces a cooperative team
minimum mean-square error (TMMSE) precoding scheme
based on transmitter-specific CSI, extending traditional
centralized MMSE precoding to distributed operations.
Similarly, [22] proposes an iterative distributed approach
where precoding vectors are optimized locally at each
AP through bidirectional training between users and APs,
coupled with periodic cross-term information sharing
among APs. However, these distributed methods suffer from
computational inefficiency due to their reliance on iterative
optimization, making them impractical for latency-sensitive
applications.  Alternatively, non-cooperative precoding
techniques—such as matched filtering (MF) and local MMSE
operate solely on local CSI, eliminating the need for fronthaul-
based CSI exchange. A notable example is maximum ratio
transmission (MRT) [23], a decentralized linear precoding
method designed to maximize received signal gain at the
target user. However, unlike cellular massive MIMO systems,
CF-mMIMO systems exhibit weaker channel hardening
effects [24], limiting the performance of purely local CSI-
based approaches. Furthermore, most existing precoding
methods rely on convex optimization techniques [25], which
struggle with non-convex problems and scale poorly as
network size increases. While problem-specific algorithms
can be developed, they demand considerable expertise and
time-intensive customization, hindering their practicality
for large-scale deployments. In CF-mMIMO systems, using
artificial intelligence (Al) to design precoders and to achieve
optimal resource allocation have been used in some recent
works. As for example, in [26], a reinforcement learning
based precoding scheme is proposed for CF-mMIMO systems
and in [27], a deep learning-based power control algorithm
is proposed to achieve max-min, max-product and max-sum
rate optimization in these systems.

1- 2- Contributions

In this paper, we propose a local processors-assisted
structure (LPs-AS) for CF-mMIMO systems that enables the
implementation of precoders in a semi-distributed manner.
In our semi-distributed implementation (SDI), precoders
are designed in local processors (LPs), each connected
to the CP and a subset of APs. The performance of semi-
distributed precoders, in terms of the SE they deliver to UEs,
is comparable to that of centralized precoders. However,
semi-distributed precoders achieve this performance with
substantially lower CC. On the other hand, designing semi-
distributed precoders heuristically resolves the issue of low
achievable SE in their distributed counterparts and introduces
an efficient alternative for this issue.

The contributions of this paper include:

We introduce our proposed LPs-AS for CF-mMIMO
systems and derive its achievable SE analytically.
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We propose semi-distributed maximum ratio (MR)
and minimum mean square error (MMSE) precoders for
our LPs-AS by modifying their centralized and distributed
counterparts. Then we compute the CC of MMSE precoders
for all CI, DI, and SDI.

WE propose a power control algorithm for our proposed
LPs-AS to maximize the sum SE.

Organization: In Section Two, we propose our LPs-AS
for CF-mMIMO systems and analyze its DL operation. In
“Section Three ““, we compute the heuristic semi-distributed
MR and MMSE precoders by modifying their centralized
and distributed counterparts. In “Section Four”, we calculate
the CC of semi-distributed MMSE precoders and compare it
with that of their centralized and distributed counterparts. In
Section Five, we derive an expression for the achievable SE
of our proposed LPs-AS. In Section Six, we propose a power
control algorithm to maximize the sum SE for our proposed
LPs-AS. Section Seven details the numerical results, and
Section Eight concludes the paper.

Notations: x and X represent a scalar and ve?t?r
respectively. We denote by ()", ()", ()" and (
E{()f-()=()=E{()}:|
the transpose, the Hermitian transpose, the normalization of
() , the expected value of a random variable, its deviation
from the mean, the magnitude of a complex number and the
L, norm, respectively. We denote the complex Gaussian
d1str1but10n with mean & and variance o’ by N, (,uo-
Finally, I, is the N xN identity matrix. Table 1 deﬁnes
the variables used in this paper.

2- System Model

We consider DL transmission of a CF-mMIMO system
consisting of L, APs and K UEs where APs have N
antennas and UEs have a single antenna. In our proposed LPs-
AS, we introduce M LPs in the network that are connected
to the CP as in Fig 2. Each LP serves L =L, / M neighboring
APs via front-haul links. A primary task of an LP in the DL is
to compute the precoders for its APs. Figure 1 is a geometric
illustration of the components of a CF-mMIMO system, with
the introduced LPs in our proposed LPs-AS.

2- 1- Downlink Transmission in Our Proposed LPs-AS

Fig. 2 illustrates the DL signal generation in our proposed
LPs-AS where all APs serve all K UEs at the same time-
frequency slot. The CP encodes the UEs’ DL data into
symbols §,,5,,°**,8, where E {‘si‘z}:l and E {Si}:0~
The UEs’ encoded symbols s,,5,, *,8, are transmitted to
M LPs where they are linearly precoded by m th LP into
the following transmit signal and transmitted by (l ,m ) th AP:

_ K
Xl,m - wzl m i (1)
Vm :1,---,M, [=1,---,L.
In our proposed LPs-AS, (l.m)th AP receives X, , from

m th LP and broadcast it. The received signal at k th UE is
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Table 1. Definitions of Variables Used in the Paper.

Variable Definition
Ly Total number of APs
L APs number of each LP
K UEs number
N Antennas number of each AP
M Number of LPs
s;ie{l, .., K} Transmitted symbol of UEs
Xm lE{1,..,L} m€({l,.. M} Sum precoded symbols of all K UEs at (I,m)th AP

Wy, i€{1,.. K} I€{],.., L}
' Precoder of ith UE at (I,m)th AP
me {1, ..., M}

hy, i€{1,..,K} I€{l,..,L}
' Channel between ith UE and (I,m)th AP
me {1, ...,M}

By, VELL ... K} [€{L, .., L}
' Channel gain between ith UE and (1,m)th AP
me {1, ..., M}

dyn i€{1,.., K} I€{,.., L}
' Distance between ith UE and (1,m)th AP
me {1, ..., M}

ay, L€E{L, .., K} l€{1,..,L}
fm Shadowing between ith UE and (1,m)th AP

me {1, ..., M}
y, t€{l,..,K} Received signal at ith UE
n;i €{1,..,K} AWGN at ith UE
H,, i€{l,.,K} me{l,.. M} Channel between ith UE and all L APs of mth LP
W.,i€{1,.,K} me(l,.. M} Downlink precoder of ith UE at mth LP
Vin 1E{L,..,K} me€e({l,.., M} UL combiner of ith UE at mth LP
Pm DL power of kth UE at mth LP
P Square root of Pim
p, L€{L, .., K} UL transmitted power of ith UE
Pyox Maximum DL power of each AP
é Accuracy Parameter of optimization problem
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Core
Network

Fig. 1. A geometrical illustration of the introduced local processors in our proposed LPs-AS for
CF-mMIMO systems.
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Fig. 1. DI signal processing layers for our proposed LPs-AS for CF-mMIMO systems.
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expressed by

M L H
yk - Zmzl Zl:]hkl,mxl,m + nk ) 2)

where n, ~N, (0.02) is the independent additive white
Gaussian noise and h,,; ,, is the channel response between
(/,m)th AP and k th UE. We substitute (1) in (2) as

Ve = ZM ' Hl[(_{m“]l‘,msi + My )

m=1 i=1

and respectively define H, , and W, as the collective
channel to k th UE from all APs of m th LP and their
collective precoders by

hk 1,m
Hk ,m = o
_hkL Jm i
- _ “4)
Wi 1,m
_ LN
W, = eC™.
_WiL Jm i

We assume that 72 th LP has access only to its local DL
channels,ie. H,, H,  ----H; . These CSls are employed
by mth LP to compute the required local precoders
W W, W, for all network UEs. In this LPs-AS,

K.,m

the network can be scaled up by adding new LPs (i.e., by
increasing M ) and APs. The additional APs are inexpensive
as their role is simply to relay X, , to all network UEs.

3- Heuristic MR and MMSE Precoders for Our Proposed
LPs-AS

The DL precoder optimization is known as an NP-hard
problem in mMIMO and CF-mMIMO systems (this is in
contrast to the optimal design of UL combiners) [8, 13, 28].
Due to its high CC, the DL precoder is typically designed
heuristically, leveraging UL combiners based on the UL-DL
duality theorem [8, 13]. Here, we propose semi-distributed
MR and MMSE DL precoders by leveraging the UL-DL
duality and modifying the UL combiners for CI and DI. From
the UL-DL duality, the general form for semi-distributed DL
precoders is:

W, =p., VimeC™, 5)

where p, , is the total transmit power assigned to k
= V,
th UE by m th LP, Vim =ﬁis the normalized UL
km

combiner that 72 th LP uses to extract and detect the signal

of k th UE. The MR and MMSE UL combiners are proposed

in [8] for CI and DI. We modify them to obtain the semi-

distributed MMSE and MR DL precoders as follows.
MMSE precoding is computed by substituting

-1
V]i\,/lrrl:/[SE = pk (lei]let,mem + GZINL) Hk,m’ (6)

in (5) where p, is k th UE uplink power. Intuitively,

Table 2. Computational complexities (number of complex multiplications) for computing the MMSE precoders.

Scheme number of Complex Multiplications CC Factor
NL; +1 N?L2 -1
cI NLyFg; Fo= K—2" 4 NLy + —1——
N+1 N* -1
DI NLrFp, FD,=KT+N+
NL+1 N*L* -1
SDI NLrFsp; Fspy =K +NL+—
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the MMSE precoders aim to transmit a specific strong signal
to k th desired UE while limiting the interferences caused to
unintended UEs.

MR precoding is computed by substituting

VMR

k,m

=H (7)

k,m*

in (5). This scheme maximizes the numerator of the
effective SINR (i.e. the fraction of the transmit power that
is received at the desired UE). In contrast to the MMSE
Precoder, the computation of the MR precoder is very
simple as the MR decoder ignores the interference in the
network.

4- Computational Complexity

Here, we follow the method in 13]) ], Appendix B.1.1)
to determine the required CC in our proposed LPs-AS
for computing the semi-distributed MMSE precoder and
compare it with the corresponding CC in centralized
and distributed precoders presented in [8]. The semi-
distributed MMSE precoder can be calculated by
W, =A"'B, where

C Z IpH HH ECNLXNL (8)

A=C+05’l,,, B=p Hi.ecC".

©)
The number of complex multiplications to compute C,

3
A" and A"'B ineach LP are (NL)2+NLK, (NL) —NL

(NL)?, respectively. Thus, the required multiplications for
computing semi-distributed MMSE precoder in our proposed
LPs-ASis NL, Fy,, for ML =L, where we define

and

272
Fyy, :§+NL(1+§j+%l. (10)

as a CC factor simplifies our comparisons. Table 2
presents a summary of the CC for SDI, CI, and DI, expressed
as the required number of complex multiplications necessary
for computing MMSE precoders.

5- Spectral Efficiency of Our Proposed LPs-AS

We now derive an achievable SE expression for our
proposed LPs_AS. To this end, we define b, eRY,i k eRM
and C,, eC"*" with following entries ‘v’m m'=1. :

b, (m)=E{H,,V,,}, (11)
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1 (m)= [P (12)
C,,(mm')=E {Hk,mVi,m Vi,mka,m,}. (13)
Lemma 1 Using (11),(12), and (13), the LPs-AS

DL achievable SE of the k th UE is lower bounded by
SE, =log,(1+SINR, ) where SINR, :If\fk

interference plus noise ratio and

is the signal-to-
k

S, = bk.”k | > (14)

IN, Z HCan; ‘bk.uk‘ +o. 15)

Proof. We substitute (5) in (3) and rewrite it as follows

Vo= JPnE{H, Vinls, +1, +n,,  (16)

where a total interference of

M e
= zm:ﬂ/p/«,m H, ,, Vins,
K M <
+ Zi:l,i:ﬁk Zm:l N Pim H, m Vins,

is received by the k th UE. We have E{/,}=0 since
E{s, =0} and [, is uncorrelated with §, since s,,"--,5
are independent. Therefore, we can easily show that
E{s;I,}=0 and

ARSI DI I A

(17

(18)
_| E{Zm—l pk,m Hk,m“?,m} |2 .

The proof is completed by using ([13], Lemma 3.3, page
244) and applying the expressions defined in (11), (12), and

(13).

6- Power allocation via Sum SE maximization

We propose a power control algorithm by using the
Weighted Minimum Mean Square Error (WMMSE) approach
to maximize the sum SE in our proposed LPs-AS as follows:
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maximize Z:k:log2 (1+SINR, )

Hy 20,k ;m

. K — 2
subject toy 4/, HWk],m H <P_, (19)
l=1,.,L
m=1,...M
where w,, = Wim s the weighted precoder assigned

W

to the (/.m))th AlL b;mt}|1|e m th LP, which determines the
portion of 0 ,, that the (l m )th AP allocates to &k th UE,
and P, is the maximum DL power of APs. This problem
is non-convex, is an extension of the NP-hard problem in
[29], and finding its global optimum entails an exponential
complexity through the monotonic optimization method
[30]. Thus, we focus on finding a local optimum using the
WMMSE [10, 31, 32] approach

6- 1- WMMSE Approach
We define the mean square error (MSE) of data detection
bye, =E{|s, —s, *}. We have
=E{|$; PY+E{s, '}
€ Sk Sk

—E {515, }-E {50}, o

where § « 1s an estimate of §, and is computed by
applying the receiver weight ¢, to ), atthe k th UE:

A

Sp =U Yy =

M K
. .
u, E hy E Jpl.mkmwk,msi +u, n,
m=l1 i=l ’

2

From (20) and (21), we obtain e, :

K
e, =iy (Z‘/li—rcki:ui +o’ j —2u,b; py +1, (22)

i=1

which depends on ({l ; },u ‘ ) Using this approach, the
problem (19) is converted to

minimize Zf: die, —In (d, )

e m20,Vk ;m
d, >0, Vk
. K — 2
subject tozkzl,u,f,m HWkl,m H <P_., (23)
[=1...,L
m=1,...M
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where the non-negative weights d, are introduced
to equate (23) with (19). The problem in (23) is convex
with respect to either u, , d ¢ or t .. Thus, we employ
alternating optimization, wherein we alternatively optimize
each of the variables u, , d . and g individually while
keeping the other two variables fixed. This iterative algorithm
is guaranteed to converge quickly, where the optimal values
of the variables are updated in each iteration until a stopping
criterion is met. The optimization problems for determining
the optimal values of #, and d, are unconstrained.
Therefore, we optimize them by setting their first-order
derivatives to zero, i.e., u, (Zilzzfc“yi +az)—b,fyk =0. and

e, 1 0. Thus, the optimal values of #, are given by
k
T
opt bk luk
U < GF : (24
TC 1+ o2 )
i ks TO
By substituting u,?pt in (22), we obtain:
T2
. (7% o5
kTN T OK 5 T :
zizlﬂi Cuth +0 1+5INR,
From d, =1/e, , we obtain
1
opt
d?’ «  26)

u; (ZilﬂiT it + 0 ) —2u,b; p +1

Substituting (22) in (23) leads to the following
optimization problem for g, ,

M o 20,Vk ,m
d>0u, vk

K K
o . . 2 T
minimize Edkuk Zui C.H
k=1 i=l

+07 =2u, by, +1

subject tozk:y“k,m HWkl,m H <P__,
[=1,...,L
m=1,...M
The matrices C,, are positive semi-definite.

Consequently, for fixed #, and d, , the problem in (27)
is a convex Quadratically Constrained Quadratic Program
(QCQP), which can be easily solved, e.g., by using CVX.
Algorithm 6.1 gives a concise summary of the iterative
updating procedures to solve (23).

Substituting (24) and (26) into the objective function
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Table 3. Iterative Sum SE Maximization for SDI.

e Initialization:
—  Set the solution accuracy § > 0

— Set arbitrary feasible initial powers {; }

o while YX_, (dye, ({u;3, ux) — In(dy)) is either improved more than & or not improved at all do

— Updateu, forallk =1, ..., K using (24).
— Update dj, forall k = 1, ..., K using (26).

— Solve (27) to update py ,, for all k=1,...,K and all m =1, ..., M given the current

values of uy, and dj,.

¢ end while

e Output: Optimal square roots of the transmit powers

articulated in (23), we obtain K —Zszlin(HSINR ‘)
. The minimization of this function is equivalent to the
maximization of the sum SE function, i.e., (19) is equivalent
to (23). Table 3 sumarizes the proposed iterative algorthm to
solve the optimization problem (23).

7- Numerical Results

In this section, we numerically evaluate our proposed
LPs-AS for CF-mMIMO systems. To achieve this, we
focus on the CC of MMSE precoders designed by SDI and
the achievable SE that SDI provides for UEs and compare
these results with their counterparts in the CI and DI. In our
simulation, we consider L, =100 APs and K =40 UEs,
uniformly and independently distributed over a square area
of 1000mx1000m . We employ the urban microcell model in
[8, 33, 34] to generate the large-scale fading coefficients by
assuming that the APs are 10 meters above the UEs:

B =—30.5-37.6log,,(d,,, )+, indB, (2g)

where the shadow fading &, , is generated as a normal
distribution ¢, ,, ~ N, (0,42) and d,,, is the distance in
meters between & th UE and (/,m ) th AP. The channels are
generated as uncorrelated Rayleigh distribution

ﬂk]/n

h,,, ~NC[0,10 10 INJ.

(29)

We plotted Figs. 4 and 5 via Monte-Carlo simulations by
averaging over 100 uniformly generated setups of APs and
UEs locations, and 500 independent channel realizations (29)
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for each setup. The simulation parameters are presented in
Table. 4.

7- 1- Complexity Comparison

In Table. 5, we calculated the CC of MMSE precoders
designed by the SDI and its corresponding CI. As illustrated,
increasing the number of LPs in the LPs-AS results in a more
significant decrease in CC. This table highlights the primary
advantage of SDI over its corresponding CI, where utilizing
only 2 LPs results in approximately an 80% reduction in CC.
This substantial reduction in CC within the SDI is attributed
to designing precoders using divided information in the LPs.
Therefore, it is a general property of LPs-AS and is not limited
to heuristic MMSE precoders. We will leverage this property
for designing optimized precoders in our future works.

7- 2- SE Comparison
In this section, we have studied two scenarios:

* First scenario that we allocate equal powers to o, ,

» Second scenario that we utilize our proposed power
control algorithm to allocate optimum powers to o, ,,

In each of the above scenarios, we evaluate the systems
under MR and MMSE preodering. Regarding MR and
MMSE precoders, it is worth expressing that MR precoders
only maximize the desired power of each UE and do not
have any effect on the interference, on the other hand
MMSE precoders maximize the SINR of each UE, so they
are capable of canceling the interference. In our simulations,
we have considered L, =100 APs and compare the results

of simulations for different values of M . We know that the
APs number of each LP equals L :L—T, so smaller number

of M results in larger number of L . Moreover, large
value of L means that each LP accesses the larger amount
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Table 4. The Simulation Parameters of Page[28].

Simulation Parameter Value
Ly 100
K 40
N 4
; 100 mW
Piax 1000 mW
6 0.0001
Area 1000mx1000m
Bandwidth 20 MHz
Path-Loss Exponent 3.76
Noise Power -94 dBm
Standard Deviation of Shadowing 4 dB

Table 5. The required complexity for computation of MMSE precoder in SDI compared to the CI
versus the number of LPs.

Number of LPs: 1 2 4 8
CI 2.1x07
SDI 2.1 x 107 6.2 x 10° 1.9 x 10° 6.8 X 10°
CC Ratio 1 0.285 0.089 0.031

of local CSI of APs. This leads to designing MR precoders
with higher beamforming power and MMSE precoders with
higher interference cancelation. After this introduction, now
we propose a comprehensive explanation for the simulation
results of the paper. All the results that we observe in the
paper can be summarized as follows:

* MMSE precoders provide higher SE for UEs than MR
precoders with both equal power and optimum power.

» Using proposed power control algorithm to allocate
optimum power to UEs improve the SE of UEs with both
MR and MMSE precoders.

« Increasing the number of LPs M results in decreasing
the SE of UEs with both equal and optimum power and
MR and MMSE precoders. The only exception of this
result is related to allocating optimum power to UEs
under MR precoders where increasing M leads to higher
SE of UEs.
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To justify the first result, we focus on the advantage
of MMSE precoders over MR precoders in canceling the
interference. Due to this capability, MMSE precoders can
provide higher SE for UEs compared to MR precoders. To
justify the second result, we express that our proposed power
control algorithm in this paper aims to maximize the sum SE
of UEs. So, applying this power control algorithm results in
allocating optimum powers to UEs that achieve higher SE for
them compared to the case with equal power. The third result
is the most important finding of this paper. To justify it, we
remind that we utilize L, =100 APs in our simulation and
emphasize that small the number of LPs M results in large

number of APs in each LP L , because we have [, :Ii. So,

M
small number of LPs leads to high amount of CSI sharing

in each LP. Designing MR precoders from high amount of
CSI improves the beamforming power of these precoders.
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Moreover, designing MMSE precoders from high amount
of CSI enhances the capability of interference cancelation
in these precoders. Based on this explanation, using M =2
results in the best performance with both equal and optimum
power and under MR and MMSE precoders. The only
exception of this general result is the case of applying power
control algorithm with MR precoders where we achieve the
best performance with M =8 instead of M =2. In this case,
the proposed power control algorithm can not efficiently
cancel the interference to achieve the maximum sum SE
because the normalized beamforming vector of MR precoders
and the allocated power to this beamforming vector with
our proposed power control are determined to satisfy two
different criteria. It is worth emphasizing that the normalized
beamforming vector of MR precoder is determined so that
each UE achieves the maximum power. On the other hand,
our proposed power control algorithm allocates the power to
this normalized beamforming vector so that the sum SE of all
UEs is maximized. Mathematically, this justification can be
summarized as follows:

In our proposed LPs-AS, we obtained the modified MR
precoder of & th UE to all APs of the m h LP as follows:

H
W — k,m CNL><1 ,
km =~ Prm ”Hkm ” € (30)
where
H,, = [hkl,m"”’hkL,m:I eC™. (31
H
In (30), the "H:—:" is normalized beamforming vector and

" is the allocated power to this normalized beamforming

k,m
vector. According to the definition of MR precoder [13],

the normalized beamforming vector is determined

k ,m
[...|

k,m

so that each UE receives the maximum power. On the other
hand, the aim of our power control algorithm is to determine
the optimum values of p, = so that the sum SE of all UEs is

maximized. So, in our power control algorithm, we Hare only

k,m

allocating the powers p, ,  to the fixed directions | .In

[H...|
this case, utilizing M =2 results in lacking the efficiency of

power control algorithm to cancel the interference because,
k,m
, ™ i, |
UE receives the maximum power and most of allocated
powers p,  are used to increase the received power of
each UE not to cancel the interference. After this general

discussion and justification, now, we focus on the simulation
results and explain them.

the beamforming vectors are designed so that each
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Fig. 3. The effect of LPs number on the average sum SE
of LPs-AS.

In Fig. 3, we examine the impact of three main factors—
the number of LPs, the type of precoder, and the method of
power allocation—on the average sum SE of UEs in the LPs-
AS. As illustrated in this figure, MMSE precoders along with
utilizing a small number of LPs provide higher SE for the
UEs in the LPs-AS. Furthermore, the proposed power control
algorithm results in the improvement of sum SE, particularly
with MR precoders.

In Figs. 4a and 4b, we evaluate the UEs’ SE with MR
precoders designed by SDI. As illustrated in Figure 4a,
designing MR precoders using our proposed SDI can address
the low SE of UEs in the DI, particularly when a small number
of LPs are utilized in our LPs-AS. Furthermore, as shown
in Fig. 4b, it is evident that the application of our proposed
power control algorithm leads to an improvement in the SE
of UEs and eliminates the dependency of SE on the number
of LPs. In Figs. 5a and 5b, we employ MMSE precoders
designed by our proposed SDI to evaluate the SE of UEs in
the LPs-AS.The results are highly similar to those obtained
with MR precoders; however, MMSE precoders demonstrate
superior performance due to their interference cancellation
capabilities. Based on our results for heuristic precoders from
Table. 5 and Figs. 4 and 5, we present the following significant
finding for our LPs-AS: Ultilizing an optimal number of
LPs in our proposed LPs-AS and designing precoders with
our proposed SDI significantly reduces the CC of precoder
design without substantially degrading the SE of UEs. We
will investigate this property for optimized precoders in our
future papers.

8- Conclusion

In this paper, we proposed anovel LPs-AS for CF-mMIMO
systems, which facilitates an SDI for precoder design in these
systems. Our proposed LPs-AS utilizes several LPs to design
precoders, with each LP connected to the CP and multiple
APs, functioning as a precoding unit for its respective
APs. We evaluated the LPs-AS in terms of SE and CC and
proposed a power control algorithm to maximize the sum SE
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Fig. 4. CDF of DL SE per UE of CF-mMIMO system using MR precoder.
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Fig. 5. CDF of DL SE per UE of CF-mMIMO system using MMSE precoder.

in this structure. Our numerical results demonstrated that by
using a small number of LPs in the LPs-AS, our proposed SDI
significantly outperformed its corresponding CI in terms of
CC of precoder design. Furthermore, it effectively addressed
the low SE of UEs in its corresponding DI.

References
[ITE. Bjornson, R. Zakhour, D. Gesbert, B. Ottersten,

Cooperative  multicell ~ precoding: Rate region
characterization and distributed strategies with
instantaneous and statistical CSI, IEEE Transactions on
Signal Processing, 58(8) (2010) 4298-4310.

[2] E. Nayebi, A. Ashikhmin, T.L. Marzetta, H. Yang, B.D.
Rao, Precoding and power optimization in cell-free

massive MIMO systems, IEEE Transactions on Wireless
Communications, 16(7) (2017) 4445-4459.

[3]1H.Q. Ngo, A. Ashikhmin, H. Yang, E.G. Larsson, T.L.
Marzetta, Cell-free massive MIMO versus small cells,
IEEE Transactions on Wireless Communications, 16(3)
(2017) 1834-1850.

[4]J. Zhang, E. Bjornson, M. Matthaiou, D.W.K. Ng,
H. Yang, D.J. Love, Prospective multiple antenna
technologies for beyond 5G, IEEE Journal on Selected
Areas in Communications, 38(8) (2020) 1637-1660.

[5] C. Beldi, E. Gourar, D. Le Ruyet, H. Shaiek, F. Abdelkefi,
Cell-Free Massive MIMO with Imperfect Channel State
Information and Hardware Impairments, in: 2024 19th

81



R. Roshanghias et al., AUT J. Elec. Eng., 58(Special Issue 1) (2026) 71-84, DOI: 10.22060/e¢j.2025.23871.5640

International Symposium on Wireless Communication
Systems (ISWCS), IEEE, 2024, pp. 1-6.

[6]F. Riera-Palou, G. Femenias, D. Lopez-Pérez, N.
Piovesan, A. de Domenico, Cell-free Processing for 5G
Massive MIMO Deployments: Sleep Modes and User
Stream Management, IEEE Transactions on Vehicular
Technology, (2024).

[71M. Joham, W. Utschick, J.A. Nossek, Linear transmit
processing in MIMO communications systems, IEEE
Transactions on signal Processing, 53(8) (2005) 2700-
2712.

[8] O.T. Demir, E. Bjornson, L. Sanguinetti, Foundations of
user-centric cell-free massive MIMO, Foundations and
Trends® in Signal Processing, 14(3-4) (2021) 162-472.

[9] D. Wang, M. Tao, X. Zeng, J. Liang, Federated learning
for precoding design in cell-free massive mimo systems,
IEEE Open Journal of the Communications Society,
(2023).

[10]S.S. Christensen, R. Agarwal, E. De Carvalho, J.M.
Cioffi, Weighted sum-rate maximization using weighted
MMSE for MIMO-BC beamforming design, IEEE
Transactions on Wireless Communications, 7(12) (2008)
4792-4799.

[11] E. Mostafapour, C. Ghobadi, J. Nourinia, N. Ezzati, The
one-bit diffusion for distributed beamforming over cell
free wireless networks, IET Communications, 17(19)
(2023) 2210-2218.

[12] X. Qiao, Y. Zhang, H. Zhao, L. Yang, H. Zhu, Two-Layer
Large Scale Fading Precoding for Cell-Free Massive
MIMO: Performance Analysis and Optimization, IEEE
Transactions on Vehicular Technology, (2023).

[13]E. Bjornson, J. Hoydis, L. Sanguinetti, Massive MIMO
networks: Spectral, energy, and hardware efficiency,
Foundations and Trends® in Signal Processing, 11(3-4)
(2017) 154-655.

[14] T.L. Marzetta, E.G. Larsson, H. Yang, H.Q. Ngo,
Fundamentals of massive MIMO, Cambridge University
Press, 2016.

[15]X. Ma, D. Zhang, M. Xiao, C. Huang, Z. Chen,
Cooperative beamforming for RIS-aided cell-free
massive MIMO networks, IEEE Transactions on Wireless
Communications, 22(11) (2023) 7243-7258.

[16] L. Miretti, E. Bjornson, D. Gesbert, Team MMSE
precoding with applications to cell-free massive MIMO,
IEEE Transactions on Wireless Communications, 21(8)
(2022) 6242-6255.

[171]. Zheng, J. Zhang, B. Ai, Team-Optimal MMSE
Combining for Cell-Free Massive MIMO Systems,
in:  ICC 2022-IEEE International Conference on
Communications, IEEE, 2022, pp. 1306-1311.

[18]1. Atzeni, B. Gouda, A. Tolli, Distributed precoding
design via over-the-air signaling for cell-free massive

MIMO, IEEE Transactions on Wireless Communications,
20(2) (2020) 1201-1216.

82

[19]1B. Gouda, I. Atzeni, A. Tolli, Distributed precoding
design for multi-group multicasting in cell-free massive
MIMO, in: GLOBECOM 2022-2022 IEEE Global
Communications Conference, IEEE, 2022, pp. 2388-
2393.

[20] B. Gouda, I. Atzeni, A. Tolli, Pilot-aided distributed
multi-group multicast precoding design for cell-
free massive MIMO, IEEE Transactions on Wireless
Communications, (2024).

[21]S. Saad, A. Almamori, Energy Efficiency Optimization
of Cell-Free Massive MIMO with Zero Forcing
Precoding, Wireless Personal Communications, 138(1)
(2024) 387-408.

[22]J. Kaleva, A. Tolli, M. Juntti, R.A. Berry, M.L.
Honig, Decentralized joint precoding with pilot-aided
beamformer estimation, IEEE Transactions on Signal
Processing, 66(9) (2018) 2330-2341.

[23]N. Fatema, G. Hua, Y. Xiang, D. Peng, I. Natgunanathan,
Massive MIMO linear precoding: A survey, IEEE
systems journal, 12(4) (2017) 3920-3931.

[24] G. Interdonato, E. Bjoérnson, H. Quoc Ngo, P. Frenger,
E.G. Larsson, Ubiquitous cell-free massive MIMO
communications, EURASIP Journal on Wireless
Communications and Networking, 2019(1) (2019) 1-13.

[25]1Y. Shi, J. Zhang, B. O’Donoghue, K.B. Letaief, Large-
scale convex optimization for dense wireless cooperative
networks, IEEE Transactions on Signal Processing,
63(18) (2015) 4729-4743.

[26] A. Girycki, M.A. Rahman, E. Vinogradov, S. Pollin,
Learning-Based Precoding-Aware Radio Resource
Scheduling for Cell-Free mMIMO Networks, IEEE
Transactions on Wireless Communications, 23(5) (2023)
4876-4888.

[271Y. Zhang, J. Zhang, Y. Jin, S. Buzzi, B. Ai, Deep
learning-based power control for uplink cell-free massive
MIMO systems, in: 2021 IEEE global communications
conference (GLOBECOM), IEEE, 2021, pp. 1-6.

[28] S. Chakraborty, O.T. Demir, E. Bjérnson, P. Giselsson,
Efficient downlink power allocation algorithms for cell-
free massive MIMO systems, IEEE Open Journal of the
Communications Society, 2 (2020) 168-186.

[29] V.S. Annapureddy, V.V. Veeravalli, Sum capacity of
MIMO interference channels in the low interference
regime, IEEE Transactions on Information Theory, 57(5)
(2011) 2565-2581.

[30] E. Bjornson, E. Jorswieck, Optimal resource allocation
in coordinated multi-cell systems, Foundations and
Trends® in Communications and Information Theory,
9(2-3) (2013) 113-381.

[311R. Brandt, E. Bjornson, M. Bengtsson, Weighted
sum rate optimization for multicell MIMO systems
with hardware-impaired transceivers, in: 2014 IEEE
International Conference on Acoustics, Speech and
Signal Processing (ICASSP), IEEE, 2014, pp. 479-483.



R. Roshanghias et al., AUT J. Elec. Eng., 58(Special Issue 1) (2026) 71-84, DOI: 10.22060/eej.2025.23871.5640

[32] Q. Shi, M. Razaviyayn, Z.-Q. Luo, C. He, An iteratively E-UTRA (LTE-advanced), Feasibility study for further
weighted MMSE approach to distributed sum-utility advancements for E-UTRA (LTE-Advanced), (2011).
maximization for a MIMO interfering broadcast channel, [34] E. Bjornson, L. Sanguinetti, Making cell-free massive
IEEE Transactions on Signal Processing, 59(9) (2011) MIMO competitive with MMSE processing and
4331-4340. centralized implementation, IEEE Transactions on

[33]1 3GPP, Feasibility study for further advancements for Wireless Communications, 19(1) (2019) 77-90.

HOW TO CITE THIS ARTICLE

R. Roshanghias, R. Saadat, S. Gazor, Performance Analysis of Local Processors-Assisted Cell-
Free massive Multiple Input Multiple Output Systems , AUT J. Elec. Eng., 58(Special Issue
1) (2026) 1-84.

DOI: 10.22060/ajme.2020.16761.5832

&3



R. Roshanghias et al., AUT J. Elec. Eng., 58(Special Issue 1) (2026) 71-84, DOI: 10.22060/eej.2025.23871.5640

84



