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ABSTRACT Densely deploying Massive MIMO access points results eventually in cell-free systems.
To achieve scalability, users should be allocated only to neighbouring access points as it is not realistic
to assume that all access points serve all users. At the same time interference from other nearby users should
be suppressed, as it is not practical to suppose that channel state information from all users is available
for full MMSE-based interference suppression. Motivating the use of partial MMSE combining vectors.
This work shows the taxonomy of proposed MMSE combining vectors for different clustering techniques,
and three approaches to partially suppress interference based on 1) interferers with common access points,
2) strongest channel gain and 3) strongest eigendirections. In order to analyse the pros and cons of the three
interference suppression methods, a general parameterised MMSE combining vector is proposed, that is
generic enough to represent any clustering methodology and any partial interference suppression technique.
The results are presented in terms of spectral efficiency and computational cost, with the aid of a dense
indoor massive MIMO experiment and contrasted with an indoor simulation using the WINNER II channel
model. Experimental and simulation results show that partial suppression based on shared access points is
not suitable for systems with a small probability of users sharing the serving access points, as dominant
interference is likely to come also from users connected to access points not serving the harmed user.
Channel gain based interference suppression provides the best controllable approach in terms of spectral
efficiency and computational cost. However, eigendirections-based interference suppression achieves the
highest spectral efficiency, when the number of antennas per access point is high enough.

INDEX TERMS MassiveMIMO, interference cancellation,MMSE combining vector, user-centric, network-
centric, cell-free.

I. INTRODUCTION
The number of wireless users with demanding communi-
cation requirements has increased abruptly over time, satu-
rating the scarce spectrum for broadband communications.
Nevertheless, with the deployment of a large number of
antennas in a base station, it is possible to implement spatial
multiplexing and transmit precoding or receive combining,
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allowing simultaneous communication between multiple
users using the same bandwidth. These techniques are imple-
mented in Massive MIMO systems which have demonstrated
the increase of spectral efficiency, both theoretically [1]–[3]
and experimentally [4]–[11].

In a Massive MIMO system, during uplink transmission,
the base station receives at the same time multiple signals
sent from different users. A combining vector is applied to
estimate the signal of each user individually. This combin-
ing vector could reject the signals from the undesired users
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FIGURE 1. KU Leuven Massive MIMO testbed deployed in an indoor
scenario. The base station antennas are distributed around the mobile
station antennas located on the XY positioners on the ground. This
experiment gathered the channel information from more than 250K user
locations.

and suppress the noise. Traditional state-of-the-art techniques
have been widely studied, such as Maximum Ratio (MR),
Zero Forcing (ZF), Regularized Zero Forcing (R-ZF) and
Minimum Mean Squared Error (MMSE) combining vectors.

This work focuses on MMSE, which maximizes the
SINR while reducing the minimum squared error between
the desired received signal and the processed received sig-
nal [12]. With MMSE and under the assumption of linearly
independent user correlation matrices, the spectral efficiency
and capacity in a massive MIMO system can, in theory,
increase without limit [13]. Therefore, MMSE is known as
the optimal linear combining vector [12].

Still, MMSE comes at a high computational cost, scaling
with the total number of users and antennas in the system, and
under unrealistic assumptions, the channel state information
(along with channel estimation errors) from all users must be
known in advance by all base stations in the system.

The implementation of partial combining vectors has the
potential to reduce the computational cost at small spectral
efficiency cost. The ‘‘partial’’ name implies the interference
cancellation of only a subset of users (while the optimal
MMSE combining vector suppresses the interference of all
users) [14], [15]. A complete overview of the selection of the
subset of suppressed users in a partial combining vector is
described below.

A. MOTIVATION AND RELATED WORK
Different interference suppression approaches lead to a
variety of partial combining vectors; however, the implemen-
tation of those depends directly on the user allocation or
clustering technique of the system. Here we will discuss three
clustering techniques:

1) During the introduction of massive MIMO, the concept
of cells was applied for clustering; this approach is
also known as network-centric. It means that a sin-
gle massive MIMO base station serves one cell or
sector, using the traditional cellular network topology.

In this case, the interference from users within the
same cell was categorised as intra-cell interference,
while inter-cell interference comes from users in any
other cell. Here we can find three combining vectors:
First, the optimal MMSE combining vector, named
Multi-cell MMSE (M-MMSE) which suppresses the
interference from all users in the system (intra and
inter-cell interference). Second, a Partial Multi-cell
MMSE (PM-MMSE) which suppresses intra-cell and
partial inter-cell interference, the selection of the partial
interference in this combining vector is for instance
based on the wireless channel gain between users in
other cells and the analysed cell [8]. Third, a combin-
ing vector which only suppresses intra-cell interferers,
named as Single-cell MMSE (S-MMSE). This combin-
ing vector can also be classified as partial MMSE as the
suppressed users are those that ‘‘share’’ the same base
station [2].

2) Nowadays, a user-centric topology has been proposed
for dense massive MIMO systems, also referred as a
scalable cell-free network [23]. In this case, each user
is served by multiple cooperating base stations (a.k.a
access points1). Similar to the network-centric case,
an optimal full MMSE combining vector suppresses
interference from all users in the system towards the
set of access points that serve a particular user. For
this topology, a partialMMSE combining vector named
P-MMSE [15] is introduced to suppress only interfer-
ence from users that are served by the same set of access
points as the reference user.

3) The extension of the previous scalable user-centric
topology leads to a fully distributed cooperative sys-
tem, known also as cell-free, where all the access points
serve all the users. Here the optimal MMSE suppresses
the interference from all the users towards all the
antennas. As a partial combining vector, a Large Scale
Fading Decoding (LSFD) is introduced in [17] where
the suppression of interference for a particular user
relies on the selection of a subset of the closest users.
This selection is based on the channel gain, named here
as large scale fading.

To summarise the different clustering strategies, Table 1
provides an overview of the different combining vec-
tors categorised under multiple techniques of interference
suppression.

Partial interference suppression has also been implemented
in ZF combining vectors. The taxonomy for this combining
vector is additionally presented in Table 1. The main differ-
ence withMMSE is that ZF does not consider channel estima-
tion errors and for optimal performance, the joint number of
antennas from the access points must be higher than the num-
ber of users to be served. Interestingly, we can notice that ZF
and MMSE have similar techniques for partial suppression

1The difference between base station and access point it is that the first one
processes the data locally, while the second one can rely on an external CPU.
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TABLE 1. Combining vectors (and precoders) taxonomy for full and threepartial interference suppression methods and three clustering strategies. The
state-of-the-art combining vectors that are analysed in this paper appear in slightly shaded cells, for essentially three network topologies. While the new
combinations analysed in this paper appear in light blue. Note that we will use our naming convention P-MMSE-S/G/E in the remainder of the paper, and
not the state-of-the-art naming.

based on shared access points and channel gains. However,
in [22], a new interference suppression method is introduced
only for ZF and for a network-centric scenario. In this case,
the interference suppression is towards the strongest eigendi-
rections of users located in other cells. To the best of our
knowledge, this interference suppression technique has not
been yet considered in a partial MMSE combining vector,
regardless of the clustering method.

In Table 1, we also introduce the naming convention
we will further use in this paper for the full MMSE and
partial combining vectors P-MMSE-S, P-MMSE-G, and
P-MMSE-E. We will compare them for multiple network
topologies going from traditional network-centric (multi-cell
Massive MIMO), to user-centric (scalable cell-free) and fully
cooperative (cell-free) topologies. All studied cases are high-
lighted in the table in blue.

B. CONTRIBUTION
The main goal of this work is the analysis of the multiple
interference suppression techniques in a partial MMSE com-
bining vector. This analysis is applied to a system with the
three clustering strategies: network-centric, user-centric and
fully cooperative clustering.

To understand the advantages and disadvantages of each
partial suppression method this work provides the following
contributions:
• A literature review of the methods for partial interfer-
ence suppression (MMSE and ZF combining vectors).
Those methods are classified according to three cluster-
ing strategies and presented in Table 1. In this taxonomy,
we realize that partial interference suppression based
on eigendirections has not been studied yet in MMSE.
Therefore, we include the analysis of eigendirections
suppression in MMSE combining vector as part of the
partial suppression techniques. Interestingly, it is shown
that it outperforms the state-of-the-art methods for sce-
narios where there are sufficient active antennas per
access point.

• Proposal of a single MMSE combining vector that can
be applied to any clustering technique. This combining
vector is parameterised to represent any of the three
interference suppression methods given in Table 1.

• The analysis between the different suppression methods
and clustering strategies is carried out experimentally,
with the aid of the KU Leuven Massive MIMO testbed
and contrasted with simulations using the WINNER II
channel model in a similar scenario. Although this
model is spatially non-consistent and does not support
the evaluation of very dense environments, we show
that this channel model provides a spectral efficiency
approximation for a simulated scenario that mimics the
measurement environment.

The analysis of this work relies on a Massive MIMO
systemwith time division duplex (TDD)mode. Themeasured
channel database collected in the experiment is available.2

C. PAPER OUTLINE
The rest of the paper is organised as follows. In Section II the
system model for different clustering strategies is introduced,
along with the channel estimation and uplink data processing.
Section III introduces the proposedMMSE combining vector,
and the three different methods to partially suppress inter-
ference. Section IV describes the computational complexity
to process the data per combining vector. The evaluated
scenarios, data collection and processing used to analyse the
proposed combining vectors is presented in Section V. The
results and main findings are presented in Section VI and
Section VII states the conclusions of this work.

D. NOTATION
The following notations are used in this paper: x ∈ CM

represents an M × 1 complex vector, X ∈ CM×N is an
M×N complex matrix. xH and xT represents the transpose
and conjugate-transpose of vector x. ||x|| is the Euclidean
norm of x. E{x} is the expectation of x. V{x} is the variance
of x.

II. SYSTEM MODEL
The analysis of this work relies on an uplink massive MIMO
wireless system with time division duplex (TDD) mode. This
system has set of K users, and L access points, each of the
access points has a set of N number of antennas. A subset S

2https://homes.esat.kuleuven.be / sdebast/measurements/measurements _
boardroom.html
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of access points, S ⊂ L serves each user. The cardinality of
each set and subset, is given as: K = |K|, L = |L|, N = |N |
and S = |S|.
In this way the wireless channel between user k and all the

antennas that belong to the subset of access points that serve
this user Sk is given as a vector hk with a size of N times Sk ,
hk ∈ CNSk , where Sk = |Sk |. In this work we assume that all
the users transmit with the same uplink power p.

A. NETWORK MANAGEMENT AND
CLUSTERING STRATEGIES
For a massive MIMO system, multiple forms of clustering
methods between users and access points have been studied
in [9], [15], [19], [23], [24]. Those methods range from a fully
distributed cooperative system to a system comprised of small
cells. In addition to user allocation decisions, the distributed
Massive MIMO system should also decide where the signals
are processed. In [24], the data processing for those systems
are classified into multiple levels: Level 4 focuses on fully
central processing, and Level 1 focuses on fully local pro-
cessing. Our taxonomy does not include data processing but
instead focuses on the assignment of access points to users.

1) FULLY COOPERATIVE CLUSTERING
This is the extreme distributed massive MIMO system case
(aka. cell-free), where all the access points cooperate with
a single central processing unit (CPU) [25]. In this fashion,
all the users are served simultaneously by all the antennas
deployed on the system. Therefore, for each user k in the
system, Sk = L = 1 and all the antennas serve all the users.

So far, this topology has been proven theoretically as the
one to provide the highest performance. However, it carries a
high cost as it requires unlimited capacity at the backhaul as
the payload increases with the number of access points. For
this case, uplink data transmission (combining vector) and
downlink data transmission (precoder), are carried out in the
centralised CPU. Moreover, it requires a high computational
cost which is a function of the total number of antennas and
users deployed in the system.

2) USER-CENTRIC CLUSTERING
An option to reduce not only the signal traffic but the com-
putational cost in a fully cooperative system is with the
user-centric approach. Essentially, each user is served by
more than one access point; the clustering is based on the
strongest channel gain [23]. So, for user k, 1 < Sk < L.

Each access point carries out the channel estimation proce-
dure locally. However, the subset of access points that serve
each user must coordinate to perform each combining vector
and precoding during uplink and downlink data transmission,
respectively. This coordination can be done with the distribu-
tion of CPUs to control a set of access points as it is presented
in [15]. A broad explanation of the signal processing for this
level of cooperation can be found in [24]. As the number
of antennas serving a user is smaller in comparison with the

fully cooperative case, the computational cost for combining
vector and precoding is reduced.

3) NETWORK-CENTRIC CLUSTERING
This is a particular topology where each access point selects a
set of users to be served based on the channel gain. The main
difference with the user-centric case is that each user is served
only by a single access point. Thus, for all users k, Sk = 1.
This topology has been widely studied as the system access
points are distributed in cells, and interference is treated as
intra-(users served by the same cell) or inter-cell (users served
by any other cell).

For this particular case, there is no cooperation between
access points for channel estimation, uplink and downlink
transmission, so every process is carried out locally in each
access point. Therefore there is amassive reduction in the data
transmission at the backhaul. Additionally, the computation
complexity is highly reduced as it depends only on N.

B. CHANNEL ESTIMATION
The Channel State Information (CSI) is the set of channel
response realisations known by any access point. To obtain
the CSI, a channel estimation process is required. During
uplink training, an orthogonal pilot sequence 8k with length
τp

3 is allocated to each user k. If all the users have a unique
orthogonal pilot sequence, then this is a system without pilot
contamination. This condition is assumed in this work.

Once all the transmitted pilots arrive simultaneously to
the different access points, the channel estimation function
decorrelates each user’s channel by multiplying the received
signal with the conjugate of each pilot sequence. Each decor-
related signal will be then used as the input information to
the MMSE channel estimation given by Theorem 3.1. from
[12]. Every access point carries out this process for each user
in the system, including those users that are served by this
access point and those users which do not belong to it. The
knowledge of the channel estimation of the latter ones is used
to suppress the interference, described in the next section.

The estimated channel per user k to all the antennas in the
subset of access points Sk is given as ĥSkk ∈ CNSk . Thus,
the channel estimation error is represented as

h̃Skk = hSkk − ĥSkk . (1)

In the same way, the correlation error matrix of the channel
estimation error between user k and its serving access points
is given as Ck ∈ CNSk×NSk , and is obtained as:

CSk
k = E

{(
hSkk − ĥSkk

)(
hSkk − ĥSkk

)H}
. (2)

Considering user k as the reference user. The channel
estimation matrix for all the users K to the subset of access
points Sk (the users can be served or not by Sk ) as:

ĤSk =
[
ĥSk1 . . . ĥSkk . . . ĥSkK

]
. (3)

3τp uplink data samples per coherence block are used to transmit a pilot
sequence.
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C. UPLINK TRANSMISSION
After channel estimation and during uplink transmission, user
k sends over its channel a data signal dk to the subset of access
pointsSk . Simultaneously, the remaining i (i 6= k) users in the
system also transmit uplink signals (di) creating interference
to dk .
The received signals plus noise are combined and received

by Sk as ySk ∈ CNSk . It is worth emphasising that the desired
uplink signal dk , will be received at Sk over the estimated and
residual error channels as follows:

ySk = ĥSkk dk

︸ ︷︷ ︸
Estimated
channel

+ h̃Skk dk

︸ ︷︷ ︸
Channel
error

+

K−1∑
i=1
i6=k

hSki di

︸ ︷︷ ︸
Interference

+ n.

︸︷︷︸
Noise

(4)

Note that in the previous equation the interference term is
represented as the signal from all the other users in the system
(either served bySk or not). The interference is then classified
in two sets of interference. This interference classification is
important for the application of a partial combining vector.
On the one hand, there is a subset of Q interferes, with
cardinalityQ = |Q| called ‘‘dominant interferes’’ that will be
selected based on different criteria for suppression, described
in detail in the next section. On the other hand, the remaining
subset R, with cardinality R = |R| is considered as ‘‘minor
interferes’’. Therefore, the interference term in (4) is given
by:

K−1∑
i=1
i6=k

hSki si =
Q∑
q6=k

hSkq sq +
R∑
r 6=k

hSkr sr . (5)

Once the received signal ySk arrives at theSk access points,
the state-of-the-art provides multiple techniques called com-
bining vectors (vk ) to detect the desired signal dk of each
user. Each combining vector deals differently with the signal
components in (4). So, Maximum-Ratio (MR) [26] increases
the power of the desired signal but does not suppress either
interference or noise. In the case of Zero-Forcing (ZF) [27]
and Regular Zero-Forcing (RZF), interference is nullified
as well as noise when RZF is applied. Nevertheless, the
Minimum-Mean Squared Error (MMSE) [16] combining
vector cancels interference, channel errors and noise from the
received signal.

III. MMSE AND PARTIAL MMSE (P-MMSE)
COMBINING VECTORS
Variations of the MMSE combining vector have been widely
studied (see Table 1). When the interference from all the
users in the system is suppressed, then the MMSE combining
vector is considered as the ‘‘optimal’’ solution, but it requires
a higher computational cost. Therefore, to reduce this cost,
the P-MMSE combining vector had been proposed which
suppress only the ‘‘dominant interferers’’.

The proposed generic representation of MMSE or
P-MMSE combining vector representation to estimate dk

in (4) is given by:

vk = p

(
ZSk
k P

(
ZSk
k

)H
+

K∑
i=1

pCSk
i + σ

2
ULINSk

)−1
ĥk . (6)

From the previous equation, we can notice that this unified
combining vector is versatile enough to be used in any clus-
tering technique (Sk term). While the ZSk

k term represents the
full or partial interference suppression, explained in details
below.

In the same equation, P = pIQ+1, represents the matrix
of the transmitted power. Here IQ+1 and INSk are identity
squared matrices of order Q+1 and NSk , respectively. While
σ 2
UL is the noise variance obtained through the system signal-

to-noise-ratio (SNR). Finally, Zk ∈ CNSk×Q+1 represents the
subset of Q wireless channels to be suppressed, including the
wireless channel of the required user k.
Notice that the processing of (6) is done jointly across all

serving access points Sk . And according to the selection of
interference suppression, there are two types of combining
vectors:

1) MMSE
Suppress the interference from all the users in the system. As:

ZSk
k = ĤSk . (7)

So all the interferes are considered as dominant,Q = K−1
and R = 0.

2) P-MMSE
In this case the suppression of the interference is carried
out only to the ‘‘dominant interferes’’, while the ‘‘minor
interferes’’ are considered as noise. Thus, Q < K and k /∈ Q.
Therefore:

ZSk
k = [ĥSkk ĥSk1 . . . ĥSkq . . . ĥSkQ ]. (8)

The selection of the subset Q considered in this work is
classified based on three approaches. Therefore, an additional
letter S, G or E will be added to Q and Q to differentiate the
method used:
• P-MMSE-S (P-MMSE-Shared access points Based
Suppression): This method is proposed in [15], and sup-
press the interference generated by users that are served
at least by one of the access points (Sk ). It is important to
mention that the selected dominant interferersQS in (8),
can not be altered as QS is fixed during the user and
access point allocation procedure or clustering.

• P-MMSE-G (P-MMSE-Gain Based Suppression): This
method relies on the channel gain between all users in
the system i, i 6= k and the subset of access points that
served the desired user k (Sk ). So, the channel gain is
defined as:

β
Sk
i = E

{
||hSki ||

2}. (9)

Once the channel gain of all users is estimated, those are
ordered in descending order. Then theQG channels with
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the highest channel gain are included in (8). The set of
QG users are known as the dominant interferes.
It is important to note a correlation between the Shared
and Gain based methods as the clustering of the users to
the access points depend on their β.

• P-MMSE-E (P-MMSE-Eigendirection Based Suppres-
sion): This method uses the singular value decomposi-
tion (SVD) on ĤSk . Then the QE left singular vectors
uSkqE ∈ CNS are selected. Those vectors correspond to the
eigenvalues that are sorted previously in a descendent
order. In this way the matrix Zk is given by:

ZSk
k = [ĥSkk uSk1 . . . uSkqE . . . u

Sk
QE ]. (10)

As this method relies on the SVD of ĤSk then
QE ≤ NSk . When this condition is not guaranteed , and
the algorithm wants to suppress more directions than
we can find in the system, then Zk considers all the
eigendirections.
A similar method is used for the ZF-EDA combining
vector presented in [22]. However, the presented method
is adapted to a P-MMSE combining vector which con-
siders channel estimation errors and the noise variance.

It is worth mentioned that in [14], [15] the correlation error
matrix

(
CSk
i

)
considers only the suppressed users, i ∈ Q,

see (6). In contrast, our proposed combining vector selects
all users in the system i ∈ K , which allows a fair compar-
ison between the three interference suppression techniques
presented above. As in the P-MMSE-E case, due to the SVD
decomposition, it is not possible to identify the channel of the
‘‘dominant interferers’’ but only dominant eigendirections.

The same principle from the correlation error matrix is
applied to the power matrix P in (6), as it is assumed that
all the users transmit at the same power.
Remark: In the case that each user has M antennas,

MK data streams can be estimated independently with (6).
Increasing the number of antennas per user improves the
spectral efficiency only when the number of antennas per
access point is large enough to achieve the multiplexing
capabilities of the system [28].

A. SINR AND UPLINK SPECTRAL EFFICIENCY
After multiplying the received signal in (4) with any combin-
ing vector vk , Theorem 4.1 in [12] proposes an instantaneous
SINR of the k user (under the assumption that MMSE is used
as channel estimation), as follows:

SINRk =
p|vHk ĥ

Sk
k |

2

K∑
i=1
i6=k

p|vHk ĥ
Sk
i |

2 + vHk

(
K∑
i=1

pCSk
i + σ

2
ULINSk

)
vk

.

(11)

Using the lower bounded capacity from the ergodic uplink
as in [2], the spectral efficiency of user k is given by

SEk =
τu

τc
E
{
log2

(
1+ SINRULk

)}
. (12)

where τu/τc4 is the portion per coherence block5 used to
transmit UL data.

IV. COMPUTATIONAL COST
The computational cost is quantified as the number of
complex multiplications and divisions6 required per coher-
ence block to compute the desired signal vector. In [12]
Lemmas B.1 and B.2 describe the number of complex multi-
plications required by each MMSE combining vector in (6).

First, ((NSk )2 + NSk )(Q + 1)/2 multiplications are
required to compute a channel matrix with its conjugate

transpose, ZSk
k P

(
ZSk
k

)H
. Second, the inverse term (.)−1 of

any MMSE combining vector requires ((NSk )3 − NSk )/3
complex multiplications. Finally, the cost of the mentioned
inverse term and ĥ is (NSk )2 times. Thus, the total number
of complex multiplications per coherence block includes
τuNSkK plus the complex multiplications shown in Table 2.
On the one hand, as all channel gains in the system are

already estimated during user allocation, no extra complex
multiplications are needed to computed (9) for PMMSE-S
or PMMSE-G. On the other hand, the number of complex
multiplications additional to the estimation of the SVD in
P-MMSE-E is Q2E based on [29].

V. PERFORMANCE EVALUATION
In this work, we used two approaches to evaluate the per-
formance of the proposed partial combining vectors under
different clustering techniques. The first method is a dense
indoor massive MIMO experiment with the aid of the KU
Leuven Massive MIMO testbed, and the second method is
an indoor simulation using the WINNER II channel model.

4τu is the uplink data samples received per coherence block, and τc is the
total number of samples per coherence block.

5A coherence block is the set of subcarriers and samples over time and
frequency which its impulse response tends to be constant. [12].

6Additions and subtractions also contribute to the computational cost.
However, their contribution is small and are neglected.

TABLE 2. Computational cost for each combining vector per user k.
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FIGURE 2. Massive MIMO LoS experimental scenario deployment for
eight distributed ULA (D-ULA) antenna array.

A. MASSIVE MIMO EXPERIMENT
The KU Leuven massive MIMO testbed contains a 64-patch
antenna base station and a set of single-antenna user equip-
ments. One of the main characteristics of the 64-patch
antennas at the base station is their modularity. During
this experiment, we were able to deploy the antennas as
a Distributed ULA (D-ULA). In this distributed scenario,
we deployed homogeneously eight different arrays of 1 ×
8 antennas around the outer ring of the XY positioners,
as shown in Fig. 2.

In this experiment we use four XY positioners which hold a
dipole antenna each. One universal software radio peripherals
(USRPs) controls a pair of antennas transmitting independent
data streams. In Fig. 2, USRP1 controls the antennas placed
on XY positioners 1 and 3; and USRP2 the dipole antennas of
XY positioners 2 and 4. This experiment emulates an indoor
industrial scenario where transmitting nodes (or users) will be
deployed on the ground in a grid distributionwith a separation
of 25 and 30 cm, as the one detailed in [30]. The distance
between each array and the closest side of the positioners is
1 meter.

The positioners moved synchronously to 30 different
positions each every 30 seconds, with simultaneous and
continuous signal transmission. The received uplink signal,
generated by the USRPs when halting on the pre-defined
locations, was collected and processed by the massiveMIMO
base station for each of the 120 positions, and the channel for
each position was saved to be processed offline. During the
experiment, the base station is controlled in real-time by the
LabVIEW Communications MIMO Application Framework
1.1. [31]. The transmit power for the 120 transmit positions
was the same.

B. VIRTUAL CLUSTERING
During post processing data, the wireless channels collected
for each of the 120 positions are treated as 120 virtual users.
Similarly, the set of wireless channels corresponding to a
set of single or adjacent antenna arrays are treated as virtual
access points, according to L.

Therefore, in the case of a single virtual access point,
all the antenna arrays serve the set of selected users. For a

system with two virtual access points (L = 2), four adjacent
antenna arrays become one access point, thus, each access
point has 32 antennas (N = 32). The virtualisation of the
antenna arrays is carried out in the same way for systems with
four virtual access point, as two adjacent arrays (N = 16).
And eight virtual access points, where each antenna array is
considered as a virtual access points (N = 8).

C. DATA PROCESSING
After channel collection, the experimental wireless channel
(hmeas
k ) was processed offline. The first step was the normal-

ization of the channel over all subcarries.

hk (f ) =
hmeas
k (f )√∑

M |h
meas
k (f )|2

. (13)

The second step is the selection of the network type (values
for L and Sk ), followed by the allocation of the users to each
access point based on the channel gain. In the third step the
effective SNR is set to 20dB, in this way additional noise is
added soMMSE channel estimation can be carried out. So the
collected channel representsH, and afterMMSE it is possible
to obtain Ĥ.
As a fourth step, MMSE and the variations of P-MMSE

combining vectors are computed, concluding with the esti-
mation of the spectral efficiency.

D. WINNER II SIMULATIONS
To determine a simulation-based channel model for the same
indoor experimental scenario, we use the WINNER II tool-
box in Matlab based on [32] to obtain the wireless channel
between users deployed in random locations in an area of
3m2. To follow the minimum requirements for using this
model as an indoor deployment, the antennas were placed
at 3m from the closest users. This channel model considers
the cross-correlation of large-scale fading such as shadowing,
pathloss, Doppler, among others. For a stationary scenario,
the variation between users is preferably ten wavelengths.

The propagation scenario considered is an indoor case,
where the antenna arrays are located in the same position as
in Fig. 2.

After obtaining the model-based channel, the user transmit
power (p) is included according to the power set during the
indoor experiment as 20dBm. Similarly, as was described in
the previous section, the SNR is set to 20dB for the channel
estimation process. Then, we obtain the spectral efficiency for
the different P-MMSE combining vectors. The setting details
using for the simulation is listed in Table 3.
After the simulation of the wireless channel, a virtual

clustering is carried out for each system according to L and
S as it was described in Sec. V-B.

VI. EXPERIMENTAL RESULTS
The results presented in this section consider 200 possible
scenarios (every scenario represents a random set ofK users),
with K = 32 or 8. The following results use the data obtained
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FIGURE 3. Variation of the sum spectral efficiency (SE) and the percentage of suppresed users: 1E ≈ QE (L/K ) and 1G ≈ QG(L/K ), where
1G = 1E , K = 32 and under two clustering strategies: 1) Dashed lines when L = S = 1. 2) Solid lines when L = 2 and S = 1. The results for
experimental and simulation datasets show a similar SE performance between the different combining vectors. The P-MMSE-E combining vector
outperforms in contrast with P-MMSE-S and P-MMSE-G, for a 1E given interval.

TABLE 3. Simulation settings used to simulated winner II wireless
channels and its data processing.

by the Massive MIMO experiment (Section V-A) and the
simulation mentioned above (Section V-D).

A. SUM SPECTRAL EFFICIENCY AND SUPPRESSED
DOMINANT INTERFERERS
One of the decisive factors for interference suppression in any
P-MMMSE combining vector is the selection of the adequate
dominant interferers. In this subsection, we present a per-
formance comparison between P-MMSE-G and P-MMSE-E
when both suppress the same amount of users or eigendirec-
tions. The results are contrasted with the optimal MMSE and
the P-MMSE-S.

For the experimental results Fig. 3 presents the total spec-
tral efficiency of 32 users served by two clustering strategies:
First, a fully cooperative case as L = 1, S = 1 (dashed lines).
Second, a two-cell systems as L = 2, S = 1 (solid lines). The
spectral efficiency varies as function ofQE andQG, presented
as the percentage of suppressed users 1E ≈ QE (L/K ) and
1G ≈ QG(L/K ). It is worth to emphasise that the number
of users (K) are not allocated uniformly to the number of

access points (L) but on average the previous approximations
hold.

Although the ratio N/K between the number of antennas
and users in both scenarios is the same, there are two main
differences between the two clustering strategies. First, as it is
expected for anMMSE combining vector, the full cooperative
case (dashed lines) achieves a spectral efficiency which is
almost twice that of the two-cell case (solid lines), due to
the large number of antennas serving each user and the full
interference suppression.

Second, when partial interference suppression is consid-
ered, one might expect that the suppression of users with
a higher channel gain will increase the performance of the
system (as most of the works assume in the state-of-the-
art) rather than the suppression of eigendirections. However,
in Fig. 3, it is interesting to see that P-MMSE-E has a better
performance than P-MMSE-G in the fully cooperative sce-
nario (dashed lines). This behaviour is similar in the two cell
without collaboration case L= 2 and S= 1 (solid lines), when
1E = 1G ≤ 0.7. After this saturation point, it is interesting
to see that the suppression of more eigendirections (given by
other users interference) does not contribute to the increase
of SINR and thus spectral efficiency. The analysis of the
saturation point and its variation over the multiple clustering
techniques are presented in Section VI-C.
In general, a fully cooperative cell-free distributed network

outperforms a scenario with two cells. Nevertheless, When
0.45 ≤ 1E = 1G ≤ 0.7 in Fig. 3a, the P-MMSE-E has
higher spectral efficiencywhen L= 2, S= 1 than P-MMSE-G
when L = S = 1. The advantage of using a system with
smaller cells and a lower number of antennas per cell N is
reflected in the computational cost, this reduction is reflected
in Fig. 9 and analysed in Section VI-F, as for the case
L = 2, S = 1 only N = 32 antennas are serving a user,
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FIGURE 4. Variation of the total spectral efficiency (SE) over the number of active antennas (NSk ). Here the total users is K = 32. The solid lines
are the results based on the massive MIMO experiment and the dotted lines are the results for a WINNER II channel model. The performance of
P-MMSE-E increases for a high number of active antennas, while, as it is expected for the remained combining vectors the performance is almost
linear to the number of antennas.

while L = S = 1 uses N = 64 antennas (not even count-
ing backhauling cost improvements). However, the spectral
efficiency performance of those combining vectors in the
mentioned range is below the 50% of the optimal MMSE.

Fig. 3b shows the simulation results for the same clustering
strategies described above for the model-based WINNER II
channel. The spectral efficiency determined with the experi-
mental and modelled channels are similar and have the same
trend. Interestingly, for a fully cooperative system (L = S =
1), the model-based results are more optimistic than the
experimental ones. In contrast with the second clustering
strategy (L = 2, S = 1), where the experimental results
outperform the model-based ones, highlighting the fact that
the model might underestimate interference or correlation
between users. The WINNER II model is one of the few
models that allows the estimation of indoor channels, and in
terms of spectral efficiency, it performs in close range to the
real values obtained by the experiment. Nevertheless, a full
analysis of the physical channel characteristics is required to
find the similarities and differences with indoor experimental
channels.

B. SCALING WITH ACTIVE ANTENNAS
In MIMO systems, the active number of antennas NS,
improves the performance of the system, as it is reflected
in Fig. 4. This figure depicts the total spectral efficiency when
the number of active antennas increases and its effect on all
the different MMSE combining vector variations, for a fully
cooperative (Fig. 4a) and a two-cell system (Fig. 4b).

Figure 4 portrays the whole range when QE sat is selected
to reach the best performance (1sat

E = 0.7 as in Fig. 3 for the
two-cell system). Therefore, for the fully cooperative system
with 64 antennas and 32 users QE ≈ 22. For the two-cell

system with 32 antennas and 16 users per cell, QE sat ≈
11. When the number of antennas decreases while fixing
QE , we expect a performance degradation as we don’t have
enough antenna degrees of freedom to suppress all dominant
interferers. In the case of a fully cooperative system, Fig. 4a
shows that when the number of active antennas increases
(≥12) then P-MMSE-E outperforms P-MMSE-G. Besides
we can see that in both clustering systems P-MMSE-G
increases monotonously with the number of active antennas,
similarly to P-MMSE-S.

To endorse our measurement-based analysis and conclu-
sions, we simulated a similar scenario using the WINNER II
channel model. The dotted results in Fig. 4 confirm a supe-
rior performance for P-MMSE-E when the number of active
antennas NS is high enough.

C. P-MMSE-E LIMITATIONS
For the two-cell case presented in Fig. 3 it was visible that
the P-MMSE-E achieves a higher spectral efficiency than
P-MMSE-G for the same amount of selected dominant inter-
ferers (QE = QG), until a saturation point is reached (QsatE ).
This saturation point provides the highest spectral efficiency
given by P-MMSE-E for a given number of antennas.

This P-MMSE-E saturation point value depends on the
number of serving antennas (NS) and the number of sup-
pressed eigendirections (QE ). When QE exceeds this optimal
value or saturation point, more degrees of freedom are used
to suppress interference, and cannot be used to improve the
signal strength; therefore, the performance of the spectral
efficiency will not improve.

Fig. 5 depicts the optimal percentage of eigendirections
(1sat

E ≈ QsatE (L/K )) for multiple clustering strategies when
K = 32 and 8, for experimental and simulation scenarios.
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FIGURE 5. Optimal percentage of suppressed Eigendirections
1sat

E ≈ QE (L/K ), to achieve the highest spectral efficiency under the use
of P-MMSE-G combining vector. The results are presented for multiple
network cooperation levels, with K = 32, 8.

FIGURE 6. Percentage of users that share at least on access point
1S ≈ QS (L/K ) set by the different network cooperation levels, with K =
32, 8. Those results are compared between experimental and simulated
scenarios.

If the optimal 1sat
E → 0 then the small number of the

suppressed eigendirections do not increase the system per-
formance, and P-MMSE-E is not a valid option. This effect
occurs in systems with an small number of antennas (NS) and
large number of users (K), in our analysis this is the case when
NS < 16 or when: L = 4 S = 1, L = 8 S = 2 and L = 8
S = 1. On the other hand when the optimal 1sat

E → 1 then
P-MMSE-E has a better performance than P-MMSE-G for
any given QE = QG value, this was shown in Fig. 3 when
L = 1 S = 1.

D. ACCESS POINT-BASED INTERFERENCE SUPPRESSION
P-MMSE-S is a special case of P-MMSE-G; therefore,
the spectral efficiency of those combining vectors are equal
when the number of users allocated to a given set of access
points is the same as the number of dominant interferers
selected based on channel gain QG. That was achieved for
1G = 0.5, for L = 2 S = 1 in Fig. 3. Within the same

system P-MMSE-G performs better than P-MMSE-S when
QS < QG. Interestingly, one can see in the same figure that
the spectral efficiency of P-MMSE-G increases quickly when
QS < QG. Although we can not control QS , its value
is an important parameter to be analysed as it influences
P-MMSE-S performance, and it should be high enough when
users have more access points in common.
Figure 6 shows the percentage of K users that are sup-

pressed in P-MMSE-S presented as1S ≈ QS (L/K ), accord-
ing the different clustering techniques, when K = 32 and 8.
When 1S → 1 then the P-MMSE-S performance is similar
to MMSE, which occurs when the users share more access
points, for scenarios as L = 4 S = 2 and L = 8 S = 4. On the
other hand when 1S → 0, P-MMSE-G will achieve a better
performance than P-MMSE-S. This occurs when the system
is deployed as small cells i.e. L = 8 S = 1. Interestingly,
we see this behaviour in experimental and simulated scenar-
ios as the variation of 1S between these two cases is small.

E. SPECTRAL EFFICIENCY PER USER
The sum spectral efficiency per system allows a compari-
son between the multiple combining vectors and clustering
techniques, but this does not give information on the user
performance. Fig. 7 and Fig. 8 shows the distribution of the
spectral efficiency per user in systems with K = 32 and K =
8, respectively. The values for1E and1G are set at 0.5, while
the values for 1S are determined by the clustering scenario,
and those values were already presented on Fig. 6. The results
are presented as IQR (inter-quartile-range) for a set of K
users in 200 random scenarios. As in Fig. 3, Fig. 4, Fig. 5
and Fig. 6, we saw that the behaviour of experimental and
simulation scenarios follow a similar trend and for the sake
of simplicity, the results presented in this section correspond
to experimental data only.

As expected, the spectral efficiency per user is reduced
when the number of total antennas serving each user also
reduces; this effect is clearly visible as the mean value
(red line in each boxplot) for the MMSE combining vector
in Fig. 7 and Fig. 8.

Also, when the number of users is reduced, see Fig. 8, then
the overall performance of the system increases due to the
high number of serving antennas, regardless of the clustering
technique and the combining vectors.

In case of partial interference suppression P-MMSE-S, one
clearly sees the impact of cancelling a large percentage of
dominant interferers, (1S → 1). As a highlight, for L = 8
S = 4, we see that as the mean value of P-MMSE-S approx-
imates to the mean value of MMSE, as most interference is
suppressed, due to a high probability of users sharingmultiple
access points. The opposite happens in L = 4 S = 1 and L =
8 S = 1 (small cells), where the performance of P-MMSE-S
(as 1S → 0) is the lowest in comparison with the remaining
combining vectors.

For the case of a controlled interference suppression sce-
nario as PMMSE-E, the access points with a higher number
of antennas (N) that suppress a small set of interferes allows
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FIGURE 7. Spectral efficiency distribution per users for multiple network cooperation levels and under full and partial
interference suppression. Considering a system with K = 32 and 1E = 1G = 0.5.

FIGURE 8. Spectral efficiency distribution per users for multiple network cooperation levels and under full and partial
interference suppression. Considering a system with K = 8 and 1E = 1G = 0.5. It is important to note that computational
complexity is mainly dominated by the number of active antennas NS. If we compare configurations with similar complexity,
then we see that for NS = 32 the best topology is L = 2, S = 1, which means a network-centric clustering. On the other hand,
when we are dealing with smaller numbers of active antennas NS = 16, the best topology is L = 8, S = 4, which gives us most
degrees of freedom to select those antennas that are best to serve a given user. As L and S are large, we have very user-centric
clustering with many degrees of freedom.

FIGURE 9. Number of complex multiplications per user k for the different
combining vectors, under multiple network cooperations. In this case
QE = QG = 0.5K and K = 32.

to reach a higher performance. This is clear when comparing
the cases of L = S = 1 and L = 2 S = 1 in Fig. 7 and Fig. 8
(including L = 4 S = 1).
Another important parameter to analyse is the spectral

efficiency fairness per user. Thus, Table 4 and 5 present
the standard deviation of the spectral efficiency per user.
A smaller standard deviation indicates that there is less vari-
ation in spectral efficiency across users. Notice that a full
interference suppression (MMSE) does not always guarantee
user fairness.

F. COMPUTATIONAL COST PER USER
While a fully-cooperative system (S = L = 1) is pre-
ferred in terms of spectral efficiency, it will require a huge

TABLE 4. Standard deviation of the spectral efficiency per user, for
difference network cooperation levels, when K = 32 and 1E = 1G = 0.5.

TABLE 5. Standard deviation of the spectral efficiency per user, for
different network cooperation levels, when K = 8 and 1E = 1G = 0.5.

computational cost as it is presented in Fig. 9. In this fig-
ure the values for 1E and 1G are 0.5, while for 1S the
values considered are those presented in Fig. 6. As was shown
in Table 2,NS has a higher influence in the computational cost
than Q. Therefore, in overall to reduce the cost one should
consider a lower number of serving antennas. It is important
to notice that as QE and QG are the same but in terms of
computational cost the P-MMSE-E requires extra complex
multiplications which is more noticeable in an scenario with
small cells (L = 8 S = 1).

VII. CONCLUSION
This work identifies the taxonomy of multiple clustering
methods and interference suppression techniques applied to
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partial MMSE combining vectors, each of them named in
different forms. Therefore a general MMSE combining vec-
tor is proposed; this combining vector is versatile enough
to adapt to any clustering technique and allows the com-
parison between multiple dominant interferers suppression
methods. To study the different variations of the proposed
MMSE the wireless channel was collected in an experimental
indoor dense scenario with the aid of the massive MIMO KU
Leuven testbed and contrasted with simulation results under
a WINNER II channel model.

Based on the simulation and experimental results,
we obtained three main conclusions related to interference
suppression. First, the P-MMSE-S is viable only when more
than one access point serves a user; its performance decreases
drastically for a small-cell case scenario.

Second, the P-MMSE-G which uses a channel gain
based suppression is the best controllable combining method
regardless the clustering methodology, with this combining
vector it is possible to achieve an accurate trade-off between
spectral efficiency and computational cost.

Third, the proposed P-MMSE-E that relies on the sup-
pression of the interfering eigendirections shows the best
spectral efficiency in comparison with the other two partial
combining vectors (under the right parameters). These results
lead us to the conclusion that the suppression of eigendirec-
tions has more impact than the suppression of interference
based on channel gain for systems with a higher number of
antennas.

In addition, the comparison between experimental and
simulated data using the WINNER II channel model, lead
us to the conclusion that the simulated channel model shares
similar characteristics with the experimental one in terms of
spectral efficiency and interference suppression performance.
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