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Abstract: Cell-free large-scale multi-user MIMO is a promising technology for the 5G-and-beyond
mobile communication networks. Scalable signal processing is the key challenge in achieving the
benefits of cell-free systems. This study examines a distributed approach for cell-free deployment
with user-centric configuration and finite fronthaul capacity. Moreover, the impact of scaling the
pilot length, the number of access points (APs), and the number of antennas per AP on the achiev-
able average spectral efficiency are investigated. Using the dynamic cooperative clustering (DCC)
technique and large-scale fading decoding process, we derive an approximation of the signal-to-
interference-plus-noise ratio in the criteria of two local combining schemes: Local-Partial Regularized
Zero Forcing (RZF) and Local Maximum Ratio (MR). The results indicate that distributed approaches
in the cell-free system have the advantage of decreasing the fronthaul signaling and the computing
complexity. The results also show that the Local-Partial RZF provides the highest average spectral
efficiency among all the distributed combining schemes because the computational complexity of
the Local-Partial RZF is independent of the UTs. Therefore, it does not grow as the number of user
terminals (UTs) increases.

Keywords: large-scale MIMO; user-centric; cell-free; MU-MIMO; RZF; LSDF; DCC

1. Introduction

Fifth-generation (5G) and beyond technology has been developed to meet the constant
demand for reliable wireless services with higher data rates [1]. It is projected that 5G-and-
beyond systems will be able to connect and manage an unprecedented number of devices
and provide ubiquitous services [2]. In order to address the design challenges of 5G-and-
beyond, several key technologies are being investigated [3–11]. Some of the candidate
technologies proposed for the 5G-and-beyond mobile communication networks include
reconfigurable intelligent surface [4], SLNR-based beamforming [6], millimeter wave [7,8],
advanced multiple access [9,11], and large-scale multi-user multiple input multiple output
(MU-MIMO). Due to its ability to minimize interference, large-scale MU-MIMO can provide
several orders of magnitudes of improvement in the system’s spectral efficiency.

A recently developed concept, known as cell-free large-scale MU-MIMO, provides
a novel network architecture based on three well-known technologies: large-scale MU-
MIMO [12–18], Coordinated Multi-Point (CoMP) [19], and Distributed Antenna System
(DAS) [20,21]. Cell-free large-scale MU-MIMO has been proposed as a potential alternative
to dividing up the coverage area into cells.

Compared to the conventional cellular network layout, cell-free network layout elimi-
nates the cell borders and the resulting inter-cell interference [22,23]. In the cell-free system,
a large number of access points (APs), distributed in the area of coverage, provide services
to a large number of users. All APs in this system deployment use fronthaul links to
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communicate with a central processing unit (CPU). The CPU manages and coordinates all
the transmissions in the network.

There are typically two implementation approaches for cell-free systems [24–27]:
completely centralized and distributed. In the centralized approach, all signal processing
is performed at the CPU. All APs forward the received pilot and data signals to the
CPU, which will carry out the necessary processing. Taking into account the practical
constraints of having links with limited fronthaul capacity, this approach typically leads to
unmanageable fronthaul signaling.

In the distributed cell-free implementation, the required signal processing is shared
between the CPU and the APs, and depending on the amount of this sharing, different
levels of distribution can be accomplished. The initial concept for cell-free is developed
on the basis of two primary assumptions: all the active UTs in the network are served by
all the APs simultaneously [28,29] and availability of unlimited capacity for the fronthaul
links [30,31].

In large-scale MU-MIMO, the maximum sum spectral efficiency (SE) that can be
achieved is constrained by two factors: wireless channel capacity and fronthaul link ca-
pacity [32]. The distributed approach can be used to achieve a reduction in the fronthaul
requirements [33]. In this architecture, some baseband signal processing is performed
at the APs. Motivated by the above argument, this paper considers the system uplink
performance with limited fronthaul capacity and different local distributed combining
schemes. The distributed implementation adopted in this paper is distinguished from the
centralized implementation by the following:

(1) The channel estimation process is performed locally at each access point;
(2) Combiner design and data estimation are performed locally at each access point;
(3) APs use the fronthaul links to send the data estimates only;
(4) An additional stage of data estimation is performed centrally by the CPU.

1.1. Related Work

Recently, cell-free systems have attracted great interest, and many previous studies
have evaluated their performance from various perspectives [22,24,26–45]. For instance,
in [22], the sum spectral efficiency for Maximum Ratio beamforming/combining has been
derived. A stochastic geometry technique was employed in [34] to evaluate the system
performance. Additionally, [36] studied a cell-free system with power optimization and
precoding technique to enhance the network data rate. The fully centralized approach of
a cell-free system, in which the estimation process and combiner design are performed
centrally, is investigated in [27,37]. Distributed implementations are considered in [38] in
order to reduce the fronthaul traffic.

In order to make the analysis more manageable, most of the previous studies consider
a wide variety of simplifying assumptions, including the following:

• All users are served by all APs in the same time-frequency resources: For example, authors
in [39] investigated the achievable uplink rate performance of the cell-free systems
with perfect/imperfect CSI and Zero Forcing (ZF) processing. However, in practice
and as a result of this assumption, the system will not be scalable, implying that
the system will be unable to manage an increasing number of active UTs and APs.
Furthermore, this configuration is impractical since only a limited number of APs
can beneficially communicate with a particular UT. To address these constraints and
maintain scalability, we consider a practical system configuration that allows UTs to
dynamically choose their subset of APs. Thus, a group of nearby APs are cooper-
atively serving each UT, as shown in Figure 1. In this user-centric configuration, a
clustering technique known as Dynamic Cooperative Clustering (DCC) is used, which
allows UTs to choose their preferred set of serving APs. With the DCC approach,
the scalability comes from the fact that only the UT’s corresponding subset of APs
will be involved in the signal processing. The works in [40,41] have investigated
a user-centric configuration for cell-free systems with different channel estimators.
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However, these studies are based on simple beamforming/combining schemes with
some idealized assumptions.

• Unlimited fronthaul/backhaul link capacity: For example, the authors in [42] investigate
the downlink of a cell-free system considering power control technique and the ZF
process. However, each fronthaul/backhaul connection will have a finite capacity
when dealing with practical systems. Moreover, to achieve scalability, it is necessary
to restrict the fronthaul signaling between the APs and the CPU. The authors in [43]
investigated the impact of using capacity constrained fronthaul links on the aver-
age max–min rate per user, considering low-complexity hybrid precoders/decoders.
However, the study focuses on the centralized case where the baseband processing
of the transmitted signals is fully performed at the CPU. We investigate the uplink
of a cell-free large-scale MU-MIMO system with distributed implementation, limited
fronthaul links, and the DCC approach.

• The propagation channels are spatially uncorrelated: For example, studies in [44,45] ana-
lyzed the system performance under independent Rayleigh channels using general
models such as uncorrelated Rayleigh fading. However, in practice, the correlation
between the antenna elements is inherent in the implementation of the cell-free system
due to the large number of APs. For a realistic performance investigation of cell-free
systems, a physical correlated channel model is considered in this paper.
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Figure 1. User-Centric Cell-Free system with dynamic cooperative clustering.

1.2. Contributions

By investigating the local distributed user-centric approach of a cell-free system with
finite fronthaul links Capacity, the main contributions of our work include the following:

• Uplink System modeling: In this paper, we consider the uplink scenario of a user-
centric cell-free system with finite capacity fronthaul links to investigate the impact
of distributing the signal processing between the APs and the CPU for achieving a
certain level of performance. The distributed system implementation is modeled and
numerically simulated. The goal of this research is to provide a further understanding
of partial local distributed cell-free systems under more realistic system considerations.

• Analysis of distributed implementations for user-centric cell-free system: Two system config-
urations, namely, locally distributed and two-stage distributed, are considered to study
how competitive these configurations are to a centralized-based system configuration
vis-à-vis the achieved SE. Extensive simulations have been performed to evaluate the
system’s performance from different perspectives, including the effect of increasing
the pilot length, APs number, and APs’ antennas for the three schemes: Partial RZF,
Local-Partial RZF, and Distributed MR.
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• Distributed Physical layer processing: The essential local physical layer procedures in the
distributed user-centric cell-free uplink transmission, such as pilot signaling, channel
estimation, and data detection, are identified. Using different bounding techniques,
we derive an approximation for the effective SINR using the clustering concept and
the large-scale fading decoding (LSFD)scheme.

1.3. Paper Organization

The remaining parts of this work are structured as follows: The user-centric cell-free
large-scale MU-MIMO system model is described in Section 2. In Section 3, computational
complexity and fronthaul signaling are analyzed. In Section 4, a physical geometric-based
channel model which is considered in this paper is presented. Simulation results and
discussion are presented in Section 5, followed by concluding remarks in Section 6.

2. System Model

We consider a cell-free system with K single-antenna user terminals (UTs), which are
served by L access points (APs), and all the UTs and the APs are distributed randomly
in the coverage area. Let N be the number of antennas per AP. The system satisfies the
user-centric condition, where a set of APs, Qk ⊂ {1, 2, . . . . . . , L} cooperate to serve an
arbitrary UT k. Furthermore, we consider a block fading model, where all the channels are
considered to be static and frequency flat within a single block (known as the coherence
block) and vary among different blocks.

The coherence block size is determined by many factors, including carrier frequency,
mobility, propagation environment, etc. Further, in this block fading model, each coherence
block is divided into τp channels used for the uplink pilot training, τu for sending data on
the uplink, and τd channels for sending the data on the downlink. Let h denote the channel
response between the kth UT and the Lth AP, and the channel realization is drowned from
an independent correlated Rayleigh fading distribution as

hkl ∼ NC (0, Rkl) (1)

where R represents the spatial correlation matrix, which contains the small-scale fading as
well as the large-scale fading. In the block fading model, the small-scale effect can be static
in one coherence block, and it may change among different blocks. On the other hand, the
effect of large-scale fading is considered to be changing more slowly and can be regarded
as constant for a number of coherence blocks.

We consider the distributed implementation given in Figure 2, and the operations of
interest in this paper include uplink training, channel estimation, combiner design, and
data detection.
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2.1. Uplink Training and Channel Estimation

In the training stage, all the UTs send their pilots to the APs throughout a pilot-based
training process. The training pilots are known as the pilot sequence, and the network
is assumed to have τp available orthogonal pilot sequences. However, it is expected that
the number of active UTs will be more than the number of available orthogonal sequences
(K > τp ). This will make several UTs reuse the same pilot sequences in their analyses. The
term “pilot contamination” refers to a problem that occurs in the large-scale MU-MIMO
networks when multiple UTs use the same pilot sequences. The received pilot signal at the
AP l can be given as

ypilot
l =

√
pp

K

∑
i=1

hil ψH
ti
+ Wl (2)

where pp is the transmitted pilot power, Wl is the additive independent white Gaussian
noise matrix with independent and identically distributed N

(
0, σ2) elements, ψH

ti
is the

pilot sequence sent by the kth UT and t = 1, . . . , τp.
Based on the received pilot signal in Equation (2), the AP l performs the channel

estimation process. The LMMSE estimator is employed in each AP to estimate the channel
coefficients to the UTs. The estimated channel between the UT k, and the AP l is given as [17]

ĥil =
√

ppτpRilQcorr ypilot
tl (3)

where Ril denotes the spatial correlation matrix, i ∈ Qk, and Qcorr denotes the inverse of
the normalized correlation matrix.

The difference between the channel and its estimate is known as the estimation error
and can be termed as eil = hil − ĥil . The covariance matrices of both ĥil and eil for the
cell-free distributed implementation can be given as follows

Cest. = ppτpRilQcorr ypilot
tl Ril (4)

Cerr. = Ril − ppτpRilQcorr ypilot
tl Ril (5)

In the distributed implementation and in contrast to the analysis for the centralized
implementation, the channel statistics from UT k to its connected APs will be used locally
at each AP for designing the combiner and estimating the transmitted signal.

2.2. Combiner Design and Signal Detection

After the channels are estimated locally at the APs, the UTs transmit their data symbols.
The received signals are processed at each APs to detect the desired signal x̂k. The detection
process in the distributed approach involves two stages of data estimation:

First, based on Equation (2), the transmitted signals can be estimated locally at the
APs by applying a linear combiner as

x̂l,k = al,k yCF
l = aH

l,khl,kxk+∑K
i = 1
i 6= k

aH
l,khl,ixi + aH

l,kwl (6)

where al,k represents the combiner that contains vectors from all APs that communicate
with the UT k. Note that the detection process in the user-centric approach is constrained to
a subset of APs (i.e., Qk ⊂ {1, 2, . . . . . . , L}) corresponding to the UT k.

Then, based on Equation (6), another stage of signal estimation is performed centrally
by the CPU. This process is known as large-scale fading decoding (LSFD), which involves
using the LSFD weight vector

{
vl,k : l = 1, . . . , L

}
to estimate the data symbols as

x̂k =
L

∑
l=1

v∗l,k x̂l,k
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x̂k = ∑L
l=1 v∗l,kaH

l,khl,kxk+∑L
l=1 v∗l,kaH

l,k ∑K
i = 1
i 6= k

hl,ixi ∑L
l=1 v∗l,kaH

l,kwl (7)

In general, the ergodic capacity of the large-scale MU-MIMO system has not yet been
defined. However, different bounds on the capacity are available. These bounds are also
known as achievable SE and can be used to evaluate the system performance. In this
paper, a lower bound technique is used to study the uplink system performance with local
distributed combing schemes. Following the same argument in [33], the uplink achievable
SE of UT k for the user-centric cell-free system can be given as

SECF
k =

(
1−

τp

τc

)
E
{

log2

(
1 + SINRCF

k

)}
(8)

where SINR is the effective signal to interference and noise ratio, which can be given as

SINRk =
pk

∣∣∣vH
k E
{

gk,k

}∣∣∣2
∑K

i=1 piE
{∣∣∣vH

k gi,k

∣∣∣2}− pk

∣∣∣vH
k E
{

gk,k

}∣∣∣2 + σ2vH
k Fkak

(9)

It is to be noted that the capacity bound in Equation (8) can be used for many channel
fading distributions. The expression in Equation (9) has deterministic terms which can be
calculated due to the fact that the transmitted signal can be identified as if it was transmitted
via an AWGN channel with gain E{aH

l,kDl,khl,k}.
By employing the DCC concept where the aH

l,k in Equation (7) can be replaced with

aH
l,kDl,k and select the LSFD vector vk as vk = pk

(
∑K

i=1 pi

{
gi,kgH

i,k

}
+ σ2Fk

)
, the expression

in (9) can be further maximized. Hence, the maximized SINR can be written as

SINRmax
k = pk

{
gH

k,k

}
×
(

K

∑
i=1

pi

{
gi,kgH

i,k

}
+ σ2Fk − pkE

{
gk,k

}
E
{

gH
k,k

})−1{
gk,k

}
(10)

where Dk = dig(D1,k, . . . , D1,k ), gi,k = [aH
1,kD1,kh1,k, . . . . . . , aH

L,kDL,khL,k]
T, and

Fk = dig
({
‖ D1,kaH

1,k ‖
}

, . . . . . . ,
{
‖ DL,kaH

L,k ‖
})

.
In the combiner design process, the vector that maximizes the effective SINR in

Equation (8) is the optimal combiner. To maximize the effective SINR, we consider two
scalable combining schemes: Local-Partial Zero-Forcing-based and Local MR-based.

In the presence of inter-user interference, ZF-based schemes provide better perfor-
mance as compared to MR schemes. The Local-Partial RZF combining for UT k at AP l can
be expressed as

aLPRZF
l,k = pk

(
∑

i∈Dl

piĥilĥ
H
il + σ2 INAP

)−1

Dklĥkl (11)

The Local-Partial RZF vectors from all APs that serve the UT k can be written in a
matrix form as

ALPRZF
l,k = DklĤDl

(
ĤDl Ĥ

H
Dl

+ σ2P−1
Dl

)−1
(12)

where all the vectors of ĥil , with the indices i ∈ Dl , are staked together and form the matrix
ĤDl . All the transmit powers pi for i ∈ Dl are contained in a diagonal matrix P.

After the Local-Partial RZF detection process, all signals are forwarded to the central
unit over fronthaul links. Then, another stage of signal detection is performed by the CPU,
which applies the LSFD scheme and detects the desired signal. By substituting Equation (12)
into Equation (10), the average sum SE of UT k is obtained by Equation (8).
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The MR combining vector can be expressed as

aMR
l,k = Dl,kĥl,k (13)

MR combiner maximizes the received power and neglects the inter-user interference.
In order to suppress the inter-user interference, sophisticated combining schemes are used.

3. Computational Complexity and Fronthaul Signaling

This section presents a detailed analysis of the basic tradeoffs between maintaining
improvement in performance and the increase in computational complexity. Using the
technique propounded in [17], which was proposed for cellular networks, the computa-
tional complexity of different distributed schemes in cell-free systems will be evaluated
and compared with that of centralized schemes. The key advantage of using alternative
combining methods than MMSE-based approaches is the reduction in the computational
complexity. Local ZF-based schemes are more practical in terms of minimizing the compu-
tational complexity and the number of channel statistics required to design the combining
vector. Combining schemes that achieve higher SEs have higher computational complexity.
Hence, a reduction in complexity comes with the cost of decreasing the SE.

Counting the required complex multiplications and divisions is one way to quantify
the computational complexity in the large-scale MU-MIMO. For example, for a correlation
matrix R ∈ CN1×N2 , the required number of complex multiplications for R×RH is given as

No. of complex multiplications =
((

N2
1 + N1

)
/2
)

N2 (14)

If the multiplication is carried out with a different matrix, for example, Q ∈ CN2×N3 ;
the R×Q multiplication needs N1 × N2 × N3 complex multiplications.

The downside of centralized implementation is that the digital baseband processing
system in the CPU has to process all the signal observations forwarded by all the APs. The
channel estimates that are utilized in the combining process are computed at the CPU for
all UTs. However, in the distributed implementation, the channel estimates are computed
at each AP once per coherence block for each corresponding UT. When the computational
complexity per UT of a combining scheme is independent of K, it is known as a scalable
scheme. The received combining schemes considered in Section 3 are scalable schemes, i.e.,
they exhibit a finite complexity as K → ∞ .

In the locally distributed MR scheme given in Equation (13), the required number of
complex multiplications for estimating the channels can be written as(

Nτp + N2
)
|Qk| (15)

Here, we are considering the case of using the MR combined along with the LSFD. For
the Local-Partial RZF scheme given in Equation (11), the number of the required complex
multiplications can be given as (

Nτp + N2
)
∑i∈Qk

|Dl | (16)

Compared to the corresponding centralized schemes, the distributed MR scheme
with LSFD is equivalent to the centralized MR [33]. However, for the ZF-based schemes,
the distributed Local-Partial RZF has a lower complexity as compared to the centralized
Partial RZF. The reason is that the distributed operation in the Local-Partial RZF involves
computing only the inverse of N × N matrix.

4. Spatial Correlation Model

In this section, the spatial correlation matrix RX is generated using a physical geometric-
based stochastic channel model. This channel modeling accounts for several channel as-
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pects, including antenna correlation, geometric characteristics of the antenna elements and
the scatterers, and the UTs’ locations. Assuming that the scattering process happens only in
the proximity of the UTs, a 3-D Gaussian Local Scattering scheme is assumed in this study.
In this scheme, signals from different paths (Z) reach the APs, and the correlation matrix
can be given as [46]

RX = E
{
Z
∑
i=1

αiα
H
i

}
(17)

where αi denotes the array response of ith path and can be redefined as a function of the
azimuth (ϕi) and elevation (θi) angles as

αi = α(ϕi, θi) (18)

For a particular (l, m) element, RX can be given as

[R]l,m = β
∫ ∫

ej π(m−l)sin(ϕ)cos(θ) f
(

ϕ, θ
)
dϕdθ (19)

where β denotes the large-scale fading coefficient for the ith multipath component, which
arrives from a certain azimuth angle ϕ, and a certain elevation angle θ, while f

(
ϕ, θ
)

is the
PDF of ϕ and θ.

In the considered scheme and similar to [47], the scatterers are distributed in a Gaussian
distribution, and hence the RX is rewritten as

[R]l,m = β
∫ ∫

ej π(m−l)sin(ϕ)cos(θ) 1
2π∆ϕ∆θ

e
− (ϕ−ϕ)2

2∆2
ϕ e

− (θ−θ)
2

2∆2
θ (20)

where ∆ϕ, and ∆θ denote the horizontal and vertical angular standard deviations (ASD)
with respect to azimuth and elevation angle, respectively. This model is shown in Figure 3,
which illustrates the multipath variations in the azimuth angle.
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The horizontal angular ASD defined as

∆ϕ = tan−1(r/d) (21)

where r and d denote the radius and the horizontal distance. The mean elevation angle and
the vertical ASD are defined with respect to the maximum and minimum elevation angles
as follows. Maximum elevation angle can be achieved by a scatterer located at a distance
d− r and defined as

θmax = tan−1 h
d− r

(22)

where h denotes the height. Similarly, the minimum elevation angle can be achieved at a
distance d + r as

θmin = tan−1 h
d + r

(23)

Hence, the mean elevation angle and the vertical ASD can be computed as follows

θ =
θmax + θmin

2
(24)

∆θ =
θmax − θmin

2
(25)

5. Numerical Results and Discussion

In this section, a series of Monte-Carlo simulations are carried out to evaluate the
distributed implementation of the cell-free system. The uplink transmission is considered,
and the network is considered to be a suburban environment deployed in an area of 2 Km2.
The UTs and the APs are distributed uniformly at random in the deployed area. For this
simulation setup, the key simulation parameters that have been selected are reported in [25].
The large-scale fading coefficients are given as [17]

βkl [dB] = Ad0 − 10γ log10

(
dkl
d0

)
+ Fkl (26)

where Ad0 denotes the average channel gain at a reference distance d0, γ represents the
path loss exponent, dkl denotes the distance between the antenna element and the UT,
Fkl ∼ N

(
0, σ2

shadow
)

is a random variable with a zero mean and variance σ2
shadow, which

models the shadowing. The 3-D Gaussian Local Scattering scheme in Section 4 is used in
all the simulations.

By focusing on the system performance with a distributed implementation, two Local-
Partial combining schemes are considered to study the benefits of locally performing the
channel estimation and the combiner designing at the APs. Next, we consider the LSFD
to study the effect of having two stages of data estimation in the cell-free system. Then,
we investigate the effect of increasing the number of antennas at the APs. Finally, the
computational complexity and the effect of increasing the number of UTs of the distributed
schemes are presented. Note that for the sake of comparison, different centralized schemes
are presented as a reference in all the simulations.

5.1. Local-Partial Distributed Implementation

Considering a user-centric approach, Figures 4 and 5 illustrate the system performance
and present a comparison of three different implementations: centralized, partial (one
stage), and Local-Partial with LSFD (two stages). It can be seen that the highest average SE
is obtained with the centralized approach at the expense of higher fronthaul requirements.
However, to decrease the fronthaul requirements, the distributed approach is investigated
in this section.
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Figure 4 shows the CDF distribution as a function of the achieved average SE. Under
the fronthaul constraints, the simulations are carried out for the different system imple-
mentations with total active UTs K = 32, serving single antenna APs L = 256, pilot length
τp = 8. It can be seen that there exists a significant gap in the performance between the
ZF-based and MR-based combining schemes. This is because the MR schemes are unable
to suppress the inter-user interference. For instance, the Local-Partial RZF scheme gives a
43% higher improvement in the average SE. Moreover, it can be observed that the system
performance with Local-Partial RZF and MR can be enhanced by adding the LSFD scheme
as a second detection stage.
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Figure 5 illustrates the impact of using higher pilot scalers on the system achievable
SE with locally distributed detection. Here, we employ single antenna APs with K = 128,
and L = 1024. In the cell-free systems, each AP is allowed to serve up to UTs = τp. Let ζ be
the scaling factor controlling the pilot length (τp), and τp given as

τp = ζ × τ0 (27)

where, τ0 = L/K is the initial pilot length.
It can be observed that increasing the pilot scalers will improve the system performance

due to the reduction in the pilot reuse, which in turn reduces pilot contamination. Thus,
the average SE continues to increase up to a specific point. Furthermore, different schemes
are saturated at different points. After these saturated points, any increase in the scaling
factor will result in a decrease in the system average achievable SE. It is clear from Figure 5
that ‘8′ and ‘2′ are the saturation points for Partial RZF and MR distributed combining,
respectively, while ‘2′ is the same saturation point for Local-Partial RZF and MR-Dist. This
is the case when the LSFD scheme is employed. However, the two schemes without LSFD
are saturated at ‘2′ and ‘1′, respectively.

5.2. Multiple Antennas APs

Considering the achievable SE, Figures 6 and 7 depict the average SE of Partial RZF,
Local-Partial RZF, and MR as a function of L. We consider K = 8, L increases with a
constant rate, and the number of antennas per APs either one (Figure 6) or four (Figure 7).
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As can be seen in Figures 6 and 7, a significant improvement in the achievable SE can be
obtained for all schemes when L grows higher. This is due to the increase in diversity gain,
which increased with L. Furthermore, one can observe that Partial RZF, Local-Partial RZF,
and Local-Partial RZF with LSFD benefit more as compared to the MR when L grows higher.
This is because of the ability of ZF-based schemes to minimize inter-user interference.

Among different local combining schemes in the distributed approach, Local-Partial
RZF with LSFD scheme offers the highest achievable SE. Figure 7 shows that deploying
each AP with more than one antenna significantly improves the average achievable SE. The
reason is that increasing the number of antennas per AP increases the ability to suppress
the different users’ interference; hence, the average achievable SE is increased.

5.3. Computational Complexity

Unlike centralized-based schemes, distributed combining schemes have the ability to
reduce the amount of interference caused between users in a distributed manner, which
implies that the APs perform the estimation and design the combining vectors locally.
Furthermore, the computations of local distributed-based combining schemes have lower
complexity than centralized schemes. This is because the matrix inversion in the local
distributed-based schemes has a much smaller dimension.

Figure 8 shows the complexity in terms of the number of complex multiplications
as a function of UTs. Among all the five schemes, two centralized schemes, namely,
Partial MMSE and Partial RZF, have the highest computational complexity. In the case
of Partial MMSE using the dynamic cooperative clustering for a centralized scheme, the
computational complexity decreases as the number of UTs increases [33]. In addition, the
partial MMSE is a scalable combining scheme that can be employed with a slight loss in SE;
as a benefit of this, a reduction in complexity is observed in Figure 8. The Partial RZF has
achieved less complexity than Partial MMSE. However, as the number of UTs increases, the
computational complexity increases, and the gap between the two schemes decreases. The
reason is that in the partial RZF, on average, the number of UTs served by the same group
of APS increases as K increases.
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For the Local-Partial RZF distributed scheme, it can be observed that the computational
complexity is independent of the UTs, so it does not grow as K → ∞ . Despite having the
lowest complexity, MR schemes in both implementations (centralized and distributed) are
known to be suboptimal schemes due to their neglecting the existing inter-user interference.

5.4. Discussion

Considering that the proposed scheme entails sharing of the computational load
between the CPU and the APs, the Local-Partial RZF distributed scheme would be suitable
for modern ‘edge computing’, wherein more and more processing is being delegated to
the edge devices and being off-loaded from the central processing node (or the cloud) [48].
This may facilitated by a rapid increase in the computational capabilities of the edge nodes
and the availability of high-performance mobile, which can be very effectively utilized for
fast matrix inversion operations and complex multiplications.

Furthermore, the observation that the computational complexity for LP-RZF is inde-
pendent of the number of UTs would imply that the APs (serving as the edge node) need
not be upgraded and/or re-configured with an increase in the user count.

6. Conclusions

In cell-free large-scale MU-MIMO, it is assumed that all the UTs are being served by all
the APs in the same time-frequency resource. The signal processing is then performed and
administered by the CPU with unlimited fronthaul capacity. These characteristics make
a system more complex, unscalable, and impractical. In order to reduce the load on the
fronthaul connections, local distributed detection schemes have been considered in this
paper with realistic and practical system considerations. The results demonstrate that for
various distributed configurations, Local-Partial RZF provides the highest achieved average
SE while the distributed MR offers the lowest performance. Further, the performance of
the distributed schemes can be substantially enhanced by deploying LSFD as a second
stage of data detection at the CPU. Moreover, in terms of computational complexity, the
Local-Partial RZF distributed scheme can achieve less complexity than the centralized
schemes since the computational complexity in the Local-Partial RZF is independent of
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the UTs, so it does not grow as K → ∞ . The distributed combining scheme can potentially
reduce interference from other UTs in a distributed manner.
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