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Abstract—This paper considers capacity and quality of service
improvement in Internet of Things (IoT) oriented massive MIMO
systems through overlapping user grouping. In massive MIMO
systems, user selection and grouping are generally used to
reduce multiuser interference. In existing approaches, users
with less favorable channel conditions are generally dropped
for capacity optimization. As a result, some users would never
be served by the system in IoT networks. Moreover, user
subgroups are generally non-overlapping, leading to unnecessary
resource waste. Motivated by these observations, in this paper,
we propose two new user grouping approaches. First, we propose
a new user grouping method based on greedy algorithm by
allowing overlapping between the selected subgroups. Second,
we introduce a new channel similarity measure, and develop
another overlapping user grouping method by exploiting the
spectral clustering method in machine learning. It is observed
that the proposed approaches can increase the system capacity
through subgroup overlapping, and can ensure that each user
will be served in at least one subgroup.

Index Terms—massive multiple-input multiple-output
(MIMO), overlapping user grouping, spectral clustering

I. INTRODUCTION

In Internet of Things (IoT) oriented massive multiple in-
put and multiple output (MIMO) systems, where one base
station (BS) with an enormous number of antennas serves a
large group of single antenna devices simultaneously, channel
correlation among the users or devices has significant impact
on system capacity [1] [2]. More specifically, when applying
the beamforming technology, systems with improper user
selection may allocate users with high correlation into the
same beamforming subgroup, resulting in severe capacity loss.

To maximize the system capacity, a number of user selection
and grouping methods have been proposed in literature. The
basic idea there is to select the subgroup of users that can
achieve the highest system aggregate capacity. For example,
in [3], Dimic et al. proposed a suboptimal greedy user se-
lection algorithm in multiuser MIMO systems. The algorithm
iteratively selects the users that have the greatest contributions
to the aggregate capacity until no more increment can be
achieved. Although the computational complexity is much
lower than the exhaustive search-based approach, it only
achieves a fraction of the optimal capacity. In [4], Wang
et al. proposed a generalized greedy user selection scheme
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based on sequential water-filling (SWF). This SWF algorithm
introduces the recursive LQ decomposition to simplify the
calculation of Moore-Penrose matrix inverse, and achieves a
higher sum rate than the conventional greedy user selection
method. In [5], Huang et al. proposed a greedy user selection
algorithm with swap (GUSS). Relying on the “delete” and
“swap” operations, GUSS may escape from potential local
optimum and achieves a better performance at the cost of
increasing the number of iterations and the computational
complexity. Alternatively, in [6], Shen et al. proposed a
branch-and-bound iterative user grouping algorithm named
SIEVE. By adjusting the searching size K dynamically in each
iteration, the SIEVE algorithm can achieve a tradeoff between
search complexity and achievable capacity.

As can be seen, in most existing user selection approaches,
only the users with the most favorable channel conditions and
lowest correlations will be selected and served in every round,
while users with less favorable channel conditions will be
dropped. This kind of scheme may be feasible for mobile
users whose channel states are time-varying. However, for
fixed devices and sensors in IoT networks, since their channels
are quasi-static, some of them might be dropped in every
round. This turns out to be a major limitation with existing
approaches. To overcome this drawback and further increase
the capacity, in this paper, we propose two new user grouping
approaches. First, we propose a new user grouping method
based on the greedy algorithm by allowing overlapping be-
tween the selected user subgroups. Second, we introduce a new
channel similarity measure, and develop another overlapping
user grouping method by exploiting spectral clustering. It is
observed that: (i) The proposed approaches can ensure that
each individual user will be selected in at least one subgroup.
(ii) The system capacity can be increased through overlapping.

The rest of the paper is organized as follows. In Section
II, the system model is established followed by the problem
formulation. The two proposed overlapping user grouping
approaches are presented in Section III. The numerical simula-
tion results are shown in Section IV, conclusions are provided
in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

Consider the downlink of a centralized massive MIMO
system, formed by an M -antenna BS and K single antenna
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Fig. 1. One-ring MIMO channel model with shadow fading.

IoT devices. Let H = [h1, . . . ,hK ] ∈ CM×K denotes
the whole channel matrix, where hk represents the complex
channel vector between the BS and user k. We assume that the
channels are quasi-static and flat-fading, such that the matrix
H can be regarded as invariant for a few time slots, less than
the channel coherence time. Thus, the received signals of the
K users can be written as

y = HHx + n, (1)

where y ∈ CK×1 is the received data for all the K users in
a single slot, x ∈ CM×1 is the signal vector transmitted at
the BS and n ∼ CN (0, IK) is additive white Gaussian noise
vector with zero mean and unit variance.

B. Channel Correlation Model

Consider a set of spatially correlated Rayleigh channels
with non-line-of-sight propagation (NLOS). According to the
Kronecker correlation model [7], the channel matrix can be
expressed as

H = R
1
2

RXHiidR
1
2

TX , (2)

where the Hiid ∈ CK×M is an uncorrelated Rayleigh channel
matrix, whose elements are independent and identically dis-
tributed (i.i.d.) complex Gaussian random variables, with zero
mean and unit variance. RRX ∈ CK×K and RTX ∈ CM×M
denote the spatial correlation matrix at the receiver and the
transmitter, respectively.

In practical downlink transmissions, the BS is usually free
of local scattering, which may result in high correlation among
the transmit antennas. According to the one-ring MIMO chan-
nel model as shown in Fig. 1, which is also adopted by [8],
the spatial correlation coefficient between transmit antennas
p, q, where 1 ≤ p, q ≤M , can generally be modeled as:

[RTX ]p,q =
1

2∆

∫ ∆

−∆

ej2π
d
λ (p−q) sin(α+θ)dα, (3)

here θ is the azimuth angle of the user, λ is the carrier
wavelength and ∆ is the angle spread of the transmit signal.
∆ can be approximated as ∆ ≈ arctan(r/s), in which s is

the distance between the BS and the far field scatterer ring
with the radius of r.

In IoT networks, devices or sensors located in houses or
buildings usually experience shadow fading, which denotes,
the signal power fluctuation due to obstacles on the transmit
path. It has been shown that the channels affected by the
shadowing could be significant correlated when the receivers
are geographically close to each other, and this may have a
strong impact on system performance. In a random shadowing
environment obeying the NeSH model [9], the correlation of
channels between users i, j, where 1 ≤ i, j ≤ K, is modeled
as:

[RRX ]i,j =
σ2
s

dcor
e−
|di,j |
dcor , (4)

here |di,j | represents the distance between the two users, σs is
the standard deviation of shadow fading and dcor is defined as
the correlation distance corresponding to the distance at which
the correlation drops to 0.5.

C. Formulation of the Overlapping User Grouping Problem

To eliminate multi-user interference, zero-forcing beam-
forming (ZFBF) is often used to achieve channel orthogonal-
ization. The transmit signal can be denoted as x = Bd, subject
to the transmit power constraint P with E[‖x‖2] ≤ P . Zero-
forcing beamforming eliminates the multi-user interference by
choosing the beamforming weight matrix B = [b1, . . . , bK ]H

such that

hH
i bj =

{
1, if i = j

0, if i 6= j.
(5)

That is, the beamforming vector for each user should be
orthogonal to the subspace spanned by the channel vectors of
all other concurrent users in the same beamforming subgroup,
i.e., Vi = span{hj |j ∈ Group, j 6= i}. This implies that B is
the Moore-Penrose pseudo-inverse of the channel matrix [10]

B = H† = HH(HHH)−1. (6)

The optimal power allocation which achieves the maximum
sum rate can be derived using the water-filling scheme

βk = max

(( 1

µ
− 1

λk

)
, 0

)
, (7)

where βk is the power allocation factor, λk = ‖hkbk‖ is the
equivalent channel gain after beamforming and µ is called the
water level, satisfying∑

k∈Group

( 1

µ
− 1

λk

)
= P. (8)

Since we have B = H†, the multiuser interference within
the beamforming subgroup can be eliminated by projecting
the intended user’s signal into the null space of all other
concurrent users. However, the projection operation may also
reduce the channel gain and result in capacity loss. Therefore,
the aggregate capacity of the system is largely determined by
the channel correlation among the users in the same subgroup,
and can be optimized with proper user grouping method. Let
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S = {k| k = 1, 2, . . . ,K} denote the whole user set and
suppose that we have G subgroups. For g = 1, 2, . . . , G, let Sg
denote the g-th subgroup, the sum capacity of each subgroup
is presented as

Rg =
∑
k∈Sg

log(1 + βkλk). (9)

The user grouping problem can then be formulated as

max
G∑
g=1

Rg

subject to
G⋃
g=1

Sg = S. (10)

Note that, we allow overlapping among the subgroups when
solving this optimization problem.

III. THE PROPOSED OVERLAPPING USER GROUPING

APPROACHES

In this section, we introduce two overlapping user grouping
approaches: overlapping user grouping based on the greedy al-
gorithm (OUG-Greedy), and overlapping user grouping based
on spectral clustering (OUG-SC) in machine learning.

A. Overlapping User Grouping Based on the Greedy Algo-
rithm

In this subsection, we first introduce a traditional greedy
user selection method called zero-forcing with selection (ZFS),
then improve the method by performing ZFS iteratively while
allowing overlapping between the selected subgroups.

1) Zero-Forcing With Selection: The optimal user grouping
can be achieved through exhaustive search. However, it may
be computationally infeasible due to the large number of users
and antennas in massive MIMO systems. Therefore, many
suboptimal schemes have been proposed for user selection.
One typical method is the ZFS algorithm introduced in [3].
ZFS is a greedy algorithm which adopts the forward selection
strategy. That is, in each iteration of ZFS, the algorithm selects
one user that can yield the largest increase to the sum capacity
until the number of selected users reaches the number of
antennas, or no more improvement can be achieved on the
sum capacity. To simplify the presentation of the proposed
OUG-Greedy algorithm, we rewrite the ZFS algorithm in a
recursive way, which is summarized in Table I, where the
function CZFBF(X) calculates the sum capacity of user set
X using zero-forcing beam forming. For initialization, we set
input S = ∅ and R = {1, 2, ...,K}.

Based on the ZFS, in [4], authors proposed the sequential
water-filling (SWF) algorithm, which is a generalized and
simplified version of ZFS. The computational complexity of
SWF is reduced to O(KM3) per subgroup.

2) The Proposed Algorithm: In our proposed algorithm, we
try to resolve the following two issues that were not addressed
in existing user grouping methods [4]:
• To ensure that all users can be served by the network. For

this purpose, generally, we need to assign more than one
beamforming subgroups to accommodate all the users.

TABLE I
ZERO-FORCING WITH SELECTION ALGORITHM [3]

Algorithm ZFS(S,R)
Input: S: The set of users that have been selected in the current

subgroup.
R: The set of remaining users that have not been selected.

Output: The set of users that are finally selected.
Step 1: If R == ∅ or |S| = M

Return S
Else
kopt ← arg max

k∈R
CZFBF (S ∪ k)

Step 2: If CZFBF (S ∪ {kopt}) > CZFBF (S)
Return ZFS(S ∪ {kopt}, R\kopt)

Else
Return S

TABLE II
OVERLAPPING USER GROUPING BASED ON THE GREEDY ALGORITHM

Algorithm 1 OUG-Greedy(R)
Input: R: The set of users to be grouped.
Output: The sets of users of all the beamforming subgroups.
Initialization: g ← 1
Loop: While R 6= ∅

Sg ← ZFS(∅, R)
R← R\Sg

If g > 1

Sg ← ZFS(Sg ,∪g−1
i=1 Si)

g ← g + 1
Return: S1, S2, ..., Sg−1

• In some cases, the channel vectors of one or more specific
users may be approximately orthogonal to that of all the
other users. Thus, these users can be assigned to multiple
beamforming subgroups simultaneously to maximize the
sum capacity.

The proposed OUG-Greedy algorithm is summarized in
Table II. First, we perform the typical ZFS algorithm [3] in
each round of user selection. More specifically, we select one
subgroup using ZFS and eliminate the selected users from the
searching space. we then select the next subgroup from the
remaining user set using ZFS, and continue the process until
all the users have been assigned to a subgroup. Second, after
the user selection for each subgroup using ZFS, we extend
the searching space of the subgroup Sg , where g = 2, . . . , G,
to the users that have been assigned to the previous sub-
groups, i.e., ∪g−1

i=1 Si. Such that, whenever possible, users with
favorable channel conditions can be reselected and assigned
to multiple beamforming subgroups. As can be seen, our
approach can increase the overall capacity through overlapping
between multiple subgroups. The underlying argument is that
the multiuser interference in the same subgroup is kept within
a certain level such that the overall capacity is increased, even
though there is overlapping between subgroups.

In each iteration of the OUG-Greedy algorithm, the compu-
tational complexity equals SWF algorithm, i.e., on the order
of O(KM3). To accommodate all the users, OUG-Greedy
has to assign at least dK/Me beamforming subgroups. Thus
the computational complexity of OUG-Greedy is at least
O(K2M2), which is of the same order as SWF with only
a linear increment.
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B. Overlapping User Grouping Based on Spectral Clustering

Instead of using the forward selection strategy as in the
greedy based approaches, we propose a different way of user
grouping based on spectral clustering in machine learning.

1) Method Description: In ZFBF, the multi-user interfer-
ence is cancelled by projecting the channel vector of each
user onto the null space of the channel vectors of all other
concurrent users. If the angle between the channel vectors of
two concurrent users is too small, i.e., the two channel vectors
are approximately in the same direction in Euclidean space,
these two users may cause significant interference to each
other. Thus, instead of optimizing the sum capacity directly,
we propose to optimize the difference between the directions
of channel vectors of concurrent users. More specifically, the
steps of the proposed OUG-SC algorithm is:
• Cluster the users such that the channel vectors of these

users from the same cluster lie in the same direction in
Euclidean space, while the channel vectors of users from
different clusters lie in relatively different directions.

• Generate beamforming subgroups by selecting one user
from each cluster. This implies that the cluster number
should be smaller than or equal to the number of
antennas M .

2) Algorithm Design: The first step of OUG-SC is to
automatically identify and cluster users based on their channel
direction similarity in Euclidean space, which is a typical
scenario of spectral clustering [11]. Let wi,j as the similarity
measure between the i-th and j-th channel vectors. We choose
the generalized Fubini-Study distance

wi,j = dFS(hi,hj) = arccos
|hH
i hjh

H
j hi|

‖hi‖‖hj‖
(11)

as the similarity measure. It uses a projection of the auto-
correlation between different channel vectors as the similar-
ity distance between two different users, then amplify the
difference with the inverse cosine function. Suppose we are
going to cluster channel vectors into C clusters, denoted
by A1, A2, ..., AC , note that C ≤ M . Recall that S =
{k| k = 1, 2, . . . ,K}, then the objective of spectral clustering
algorithm is to

min
A1,A2,...,AC

1
2

∑C
c=1

∑
i∈Ac,j /∈Ac wi,j

|Ac|

s.t. Ac ⊂ S for 1 ≤ c ≤ C
Ai ∩Aj = ∅ for any i 6= j

C⋃
c=1

Ac = S. (12)

Define the degree of the i-th channel vector as

di =
K∑
j=1

wi,j ,

and define the degree matrix D as the diagonal matrix with
degrees d1, d2, ..., dK , and define the weighted adjacency
matrix as W = [wi,j ]i,j=1,2,...,K . Then the graph Laplacian
matrix is obtained as

L = D −W.

TABLE III
OVERLAPPING USER GROUPING BASED ON SPECTRAL CLUSTERING

Algorithm 2 OUG-SC
Input: R: The set of user indices to be grouped.
Output: The sets of user indices i of the beamforming subgroup.
Initialization: W = (wi,j)i,j=1,...,K

wi,j = wj,i = arccos|hH
i hjh

H
j hi|

Laplacian di =
∑K

j=1 wi,j , D = diag{di}
Matrix: L = D−W

Lrw = D−1L = I−D−1W

Lsym = D−
1
2 LD−

1
2 = I−D−

1
2 WD−

1
2

Eigen u1, . . . ,uC ← Lsym\rwu = λu

Decomposition: F = (fT
1 , . . . ,f

T
C )T = (u1, . . . ,uC) ∈ CK×C

K-means: A1, A2, ..., AC ← K-means(f1, . . . ,fC)
Return: Sg ← {i1, . . . , iC |i1 ∈ A1, . . . , iC ∈ AC}

The optimization problem is then converted to

min
A1,A2,...,AC

Tr(F ′LF )

s.t. F = [fi,j ]i=1,...,K,j=1,...,C ,

where fi,j =

{
1/
√
|Aj | if i ∈ Aj

0 otherwise.

Note that F ′F = I , the problem is relaxed to

min
F∈RK×C

Tr(F ′LF )

s.t. F ′F = I,

whose solution F ∗ can be obtained by selecting the first C
eigenvectors (in the ascending order of eigenvalues) of L
as columns. In order to satisfy the constraints on F in the
original optimization problem, k-means clustering is applied
on the row vectors of F ∗, where each row corresponds to
one user. After that, user k in cluster n, for n = 1, 2, . . . , C,
is randomly selected with the probability pk to form the
beamforming subgroup. pk can be determined by the channel
state information, requirements of QoS or the fairness mea-
sures, which should satisfy the constraint

∑
pk∈Cn pk = 1. A

detailed description of OUG-SC is listed in Table III. The
computational complexity of the OUG-SC algorithm is on
the order of O(K3), which is one order of magnitude lower
than the greedy user grouping method. Note that after the
spectral clustering, the number of elements in each cluster may
not be the same. The users that have fewer neighbors within
their clusters suffer less interference and can be assigned to
more than one beamforming subgroups. So this method is
intrinsically an overlapping user grouping algorithm.

IV. SIMULATION RESULTS

In this section, the numerical results are presented. We
compare the achieved sum capacity of the proposed OUG-
Greedy algorithm and OUG-SC algorithm with the Sequential
Water-Filling (SWF) algorithm proposed in [4] and the Ran-
dom User Pick (RUP) method discussed in [2]. For channel
consideration, we adopt the one-ring MIMO channel model [8]
with the NeSH shadowing model [9], system parameters used
in simulation are listed in Table IV.

Assuming that the BS in a massive MIMO system has
100 omni-directional antennas, serving a total number of 300
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TABLE IV
SYSTEM PARAMETERS IN SIMULATIONS

parameters value parameters value

θ [−180◦, 180◦] M 100

∆ [5◦, 15◦] K 300

dcor 20 (m) D 0.5
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Fig. 2. Sum rate comparison of OUG-Greedy, OUG-SC, SWF and RUP

IoT users, we generate the user families according to the
geometric modeling. In each family, the number of users
follows the Poisson distribution, and users in the same family
experience correlated shadow fading. The azimuth angle θ,
angle spread ∆ and the distance d between users are randomly
generated within their ranges. With these randomly generated
parameters, the elements of the channel correlation matrix can
be derived from equations (3) and (4).

The simulation of each user grouping algorithm is per-
formed by averaging over 100 random channel realizations
generated with the Monte-Carlo method. Fig. 2 shows the
throughput comparison of the proposed algorithms and the
existing algorithms. It can be seen that the proposed OUG-
Greedy and OUG-SC algorithms achieve significant improve-
ment on sum capacity over RUP [2] and SWF [4] algorithm.
This is because that the Random User Pick may assign the
correlated users into the same subgroup, in which case those
users would generate strong interference to each other due to
the high correlation among their channel vectors. In addition,
the number of correlated users in each cluster is unbalanced.
The users in the small cluster can be served in more than one
beamforming subgroup without generating much interference
to the concurrent users, which greatly enhances the sum
capacity. It is also observed that the OUG-Greedy algorithm
outperforms the OUG-SC algorithm. This is because that the
OUG-Greedy optimizes the sum capacity directly while the

OUG-SC uses the indirect metric of the similarity measure.
However, when the antenna number is large at the BS, the
OUG-SC has a much lower computational complexity than the
OUG-Greedy, which achieves a trade off between complexity
and performance.

V. CONCLUSIONS

In this paper, we propose two new overlapping user group-
ing approaches in IoT oriented massive MIMO systems. First,
by extending the searching space of the existing greedy
algorithm, we propose the OUG-Greedy method that allows
overlapping between different beamforming subgroups. The
users with favorable channel conditions will be assigned into
multiple subgroups. As a result, the OUG-Greedy user group-
ing method can improve the sum capacity with the same order
of computational complexity as the existing algorithms. To
further reduce the computational complexity, we also propose
a user grouping method by exploiting spectral clustering
algorithm and introduce a new channel similarity measure.
With the proposed approach, the massive MIMO systems can
achieve a better performance with the computational com-
plexity that is one order of magnitude lower than that of the
typical greedy algorithm. Numerical simulations demonstrate
that the proposed approaches provide better performances than
the existing non-overlapping algorithms.
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