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Abstract—In this paper, an investigation of the effect of
deploying massive MIMO in two-tier cellular networks is
presented. In our model, the macrocell base station (BS) as
well as femtocell access points (FAPs) are equipped with a
very large number of antennas. Each mobile user will attempt
to connect to the BS or FAPs. However, it is assumed that the
users may be biased to connect to FAPs rather than the BS. A
resource allocation problem is formulated to find the optimal
bias that maximizes the total system capacity while keeping the
transmitted power from the BS and the FAPs within a certain
limit. An algorithm for solving the optimization problem is
proposed and numerical results are presented to illustrate how
deploying massive MIMO can affect the optimal bias value and
the total capacity. In addition, the performance of our proposed
scheme is evaluated when using different precoding schemes.

I. INTRODUCTION

Increasing modern communication networks’ capacity
has become a continuous demand. Accordingly, many new
methodologies have been recently proposed. Two of these
solutions are the very large scale multiple-input multiple-
output or "massive MIMO" which is proposed as a solution
that is capable of enhancing the communication link effi-
ciency, and the small/femto cell networks (SCNs) which are
proposed to increase the network capacity. Consequently,
utilizing both massive MIMO and SCNs is expected to en-
hance the communication network’s performance. Massive
MIMO [1], [2], [3] has been proposed as a technique that is
able to achieve network densification by largely increasing
the number of active antennas. It is particularly fascinated
that, with an infinite number of antennas, the simplest form
of user detection and beamforming become optimal.

Massive MIMO challenges have been studied in recent
literature. In [4], the effect of a finite number of antennas on
the sum rate of the time-shifted method is analyzed. In [5],
a new algorithm which is based on outer multi-cellular pre-
coding is used to eliminate inter-cell interference in TDD
large scale antenna systems. In [6], an energy efficient power
allocation scheme has been proposed for maximum ratio
combining massive MIMO system.

On the other track, SCNs have also been proposed as
a solution of high data rate demands by reducing the
size of the network’s cells. In [7], a hierarchical resource

allocation scheme for the downlink of a large-scale small-
cell network is proposed. In [8], [9], different resource
allocation problems in full-duplex heterogeneous network
are proposed.

Actually, jointly utilizing massive MIMO and SCNs can
further improve the network’s QoS. In [10], a comparison
between massive MIMO and SCN is done. In [11], the
potential benefits of incorporating a massive MIMO BS in
heterogeneous network are investigated. In [12], a TDD two-
tier network architecture is presented. In this framework, the
BS with massive MIMO designs its precoding vectors such
that orthogonality to the subspace spanned by the strongest
interference directions is achieved.

However, the effect of deploying massive MIMO on
resource allocation problems in SCNs has not been fully
investigated in literature. In this paper, we study the effect
of deploying massive MIMO on users’ association in SCNs.
Accordingly, we consider the downlink transmission of a
two-tier network in which both the BS and the FAPs are
equipped with massive MIMO. There is no definition of
macro-users and femto-users, since each user can be served
by the BS or one of the FAPs. However, it must be noticed
that the users are biased to connect to the femto-tier rather
than the macro-tier. Based on these assumptions, a resource
allocation problem will be presented whose objective is to
find the optimal biasing value that maximizes the network’s
capacity while keeping the power constraints of the BS and
the FAPs satisfied. Our contribution in this work can be
stated as follows:

1) Studying the effects of deploying massive MIMO on
users’ association to both macrocell and femtocell
networks.

2) Proposing an optimization problem that determines the
optimum biasing value that maximizes the network’s
sum capacity.

3) Presenting numerical results evaluating the system
performance when using different precoding schemes.

The remainder of this paper is organised as follows. In
Section II, the system model is presented. In Section III, the
proposed optimization problem is formulated. In Section IV,
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Fig. 1. System Model.

the numerical results is presented. Finally, in Section V, the
paper is concluded.

II. SYSTEM MODEL

We consider a single channel a single cell network that
includes a single BS with B antennas and M FAPs each
with N antennas. The cell has K users that are randomly
located in the cell. It must be noticed that, in order to employ
massive MIMO, we must have B> K, and N > K '. The
system model is shown in Fig. 1.

In our model, a downlink transmission is considered in
which users may be served by BS or any FAP. Therefore,
in order to guarantee the best QoS for each user, each user
needs to be assigned to the best serving node. Therefore,
each user compares the received powers from all nodes
and chooses the node with the highest power. In addition,
it is assumed that users may be biased to be served by
the femto-tier rather than the macro-tier. In other words,
the users may choose to connect to one of the FAPs even
if the actual received power from the chosen FAP is less
than that received from the BS.> Thus, users assignments
will depend on the actual received signal-to-interference-
noise ratio (SINR) at the BS and the biased received SINR
from the FAPs. Therefore, in our proposed model, the actual
received SINR at the k' user from the BS is given by,
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where Dy} “ represents the large scale propagation loss
between the BS and the k*" user with path loss exponent o

Tt must be noticed that deploying Massive MIMO in FAPs will
have many implementation challenges like space and power limitations.
However, some recent work [13] shows that, it is possible to implement
massive MIMO even in relatively small base stations within a reasonable
form factor. In this paper, we show the results of different numbers of
antennas in FAPs so as to show the effects.

2Generally speaking, biasing is considered as an assigning algorithm that
helps distribute the network’s traffic between the BS and the FAPs. In this
assigning algorithm, the user compares between the true received power
from the BS and biased power from the FAPs, and picks the node with the
highest received power.

and distance D1, , wy, 1 € CB*! represents the BS precoding
vector for the k" user data. However, if the k' user is
not connected to the BS, the value of wy ; will be zero.
hj 1 € C'*B is the channel vector between the k' user
and the BS, all the channel coefficients are assumed to
be an i.i.d. zero mean complex Gaussian random variables
with unit variance, i.e, Rayleigh fading, o2 represents the
additive white Gaussian noise (AWGN) variance, the first
summation in the denominator denotes the interference
power introduced by other transmissions to users connected
to the BS, where MU denotes the set of users that are
connected to the BS. Similarly, the second summation in the
denominator represents the interference power introduced by
other transmissions to users connected to the FAPs, where
FU denotes the set of users that are connected to the FAPs,
Wmj2 € CNVX1 denotes the m'" FAP precoding vector for
the ;" user data, hy,r2 € C1*N denotes the channel vector
between the k' user and the m!* FAP.

On the other hand, the actual received SINR at the kt"
user from the m** FAP is given by,
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Furthermore, according to [14], the biased received SINR is
a scaled version from the actual received SINR. Accordingly,
the biased received SINR at the k' user from the m!* FAP
is given by,

F;:}zyn = /8 X Fk27n7 (3)

where [ represents the biasing factor of the users to connect
to the FAPs. It must be mentioned that from equations (1)
and (3), two important points needs to be mentioned,

e In both (1) and (2), the effect of small scale fading
in the received signals and the interference signals
will be averaged to its mean value which is equal to
one. This is actually one of the key features of the
deploying massive MIMO, in which deploying a very
large number of antennas will cause channel hardening
[15], which offers high immunity to Rayleigh fading.
From experiments, it is shown that channel hardening
assumption is valid, if the number of transmitting
antennas is in the order of 20 antennas.

e In (3), the value of 3 determines whether the users
are biased to connect to the BS or the FAPs. If the
value of 5 > 1, the biased SINR will be larger than the
actual SINR. Hence, the user will be more attracted to
connect to FAPs. This will result in virtually expanding
the coverage area of femtocells. However, if 0 < § <
1, then the biased SINR will be less than the actual
SINR. Therefore, the user will be less attracted to FAPs.
Accordingly, Both MU and FU sets’ members depend
on the value of 3.



Algorithm 1: Finding Optimum Biasing Value

Data: Dy, , l)2m,c v m, k', Phast > Prmaz2 > Bs , all
CSI infromation, e.
Result: Find 8 maximizing Cr ()

Imntially: n =1, ;

1. Find x = % ;

2. Find a,, € (B such that x(a,) > 0;
3. Find b,, € (3 such that x(b,) < 0;
4. Compute p, = %fbo;

5.if x(pn) = 0 or b, — a,, < ¢ then
ﬁ = DPn

end

else

if x(p,,) > 0 then
‘ Up4+1 = Pns bn+1 = bn: n=n+1
Return to step 4.
else
bnt1 = Pns Gng1 = an, n =n+1
Return to step 4.

end
end

Since, the value of /3 controls the number of users in both
MU and FU, then the macrocell and the femtocell channel
capacities will be dependent on the value of 5. Accordingly,
the total network capacity per unit bandwidth is given by,

Cr(8) = Wl( S log,(1 +rkl>) w3 log2<1+rk2m>),
ke MU kEEFU
)
where, the first summation calculates the macrocell capacity,
the second summation computes the femtocell capacity,
W1, and Wy are arbitrarily weight factors to balance the
offloading of the BS.

III. PROPOSED SCHEME

In this section, we aim at finding the optimal value of
that maximizes C, while keeping the transmission power
constraints imposed on the BS and the FAPs. Therefore, the
optimization problem is given by

max Cr(B)
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where P45, and P,,,,, denote the maximum power
consumption for the BS and each FAP, respectively. The

K K
summations Y [wy 1|* and Y |Wyi 2|* represent the total
k=1 k=1

power transmitted by the BS and the FAPs, respectively .
It must be noticed that in the proposed scheme, the main
purpose of biasing is to maximize the total system capacity,
and not to offload the users from the macro-tier to the femto-
tier.

In order to solve the proposed optimization problem, the
bisection search technique is adopted 2. In the beginning, a
set of biasing values s, within which the optimal 5 will be
found, is defined. Additionally, a tolerance ¢ is defined, and
the derivative x of the C7p is calculated with respect to f3,
then the algorithm tries to find a point a,, € 3, at which x is
positive. Then, the algorithm tries to find a point b,, € (5 at
which y is negative. Subsequently, the average p,, of points
a, and b,, is calculated. Then, y is calculated at the point p,,.
If the value x(py,) is zero, or the difference between the a,,
and b,, coefficient is smaller than &, then the algorithm sets
the optimal 3 to be equal p,. However, if the value of the
derivative x(p,) is positive, then the value of a,, is updated
to be p,. Nevertheless, if the value of x(p,) is negative,
then the value of b,, is updated to be p,,. Then, the algorithm
repeats the previous procedures till finding the optimal 3.
The proposed solution is discussed in Algorithm 1. It is
worth mentioning that, for the bisection search method, for
tolerance value of ¢, the number of iterations needed for
convergence is log, bl*‘“, where a1, and by are the values

£
of a,, and b, respectively, for n = 1.

IV. NUMERICAL RESULTS

In this section, we are going to study the performance
of our proposed model. In the beginning, we are going to
study the variation of C with 5. Afterwards, the effects of
varying the number of antennas of the BS and the FAPs on
the optimal $ and the C'r are studied. We consider a square
grid with one BS in the center and four FAPs. In addition,
we study the performance of both Eigen beamforming (EB)
and regularized zero-forcing (ZF) precoding [16]. The EB
and the ZF precoding matrices are given, respectively, by

Wgs = HT, (6)
Wzr = (H'H + Z + nel,) ' H', (7

where H is the channel matrix between the transmitting
node and users served by that node, (.)" denotes the Hermi-
tian transpose, 7 is the number of transmitting antennas, Z €
C™*™ is an arbitrary Hermitian non-negative definite matrix,
and ¢ > 0 is an arbitrary regularization parameter. It must be

3In this work, we mainly focus on studying the effect of deploying
massive MIMO S, and consequently on users’ association. However, it must
be pointed out that, it is possible to maximize the total network capacity
jointly over 8 and the precoding vectors.

2We can use more sophisticated nonlinear optimization solutions such
as simulated annealing and interior point methods. However, it will be
shown later from the simulation results that due to the shapes of the curves
showing the relation between the total achieved channel capacity and 3,
the bisection search is sufficient enough.
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Fig. 2. Variation of Total Capacity with Biasing. { B = 64, K = 10,
Pma,zl =3 W, P’mazg = 0.9W. }

noticed that the users precoding vectors are the rows of the
precoding matrices in (6), and (7). It must be mentioned that
introducing massive MIMO along with channel precoding
will make the received power approximately grows linearly
with the number of installed antennas, given that the antenna
array is scaled with increasing the number of antennas [16].
In addition, the main advantage of ZF over EB is its ability
to decrease the interference on other users by transmitting
in their null space. consequently, ZF becomes more robust
as the number of installed antennas at the transmitting nodes
increases. The simulation parameters used are o = 2.7, Z
ZO,(,D:l,andW1:W2:1.

A. The Variation of Total Capacity with Biasing.

Fig. 2 shows the effect of changing 8 on Cr in case
of installing both limited and relatively large N. In the
beginning, for small values of /3, increasing (3 increases the
value of Cp, which is very intuitive, because if we consider
the case of 8 = 0, all users will be connected to the BS even
if the FAPs can offer better transmission chances. Therefore,
a drop in the total capacity occurs. However, by increasing
the value of /3, users will begin offloading from the BS to the
FAPs. Therefore, better transmission chances are exploited.
Accordingly, an increase in Cp occurs. However, further
increase in $ will make all users tend to connect to the FAPs
which results in missing better transmission opportunities
offered by the BS. Therefore, C'r will decrease. From
the results obtained in Fig. 2, two important points must
be mentioned. First, introducing massive MIMO offered a
noticeable performance gain for both EB and ZF. It can be
noticed that the gain achieved from increasing N from 16
to 64 is much higher than that achieved from increasing
N from 4 to 16. Second, the relation curve’s shape shown
in Fig. 2 reassures that there is a global optimum value
for § that maximizes the total capacity. Therefore, using
the bisection search is sufficiently enough for our proposed
problem.

Furthermore, it can be noticed that it is more beneficial
to utilize ZF rather that EB. This superiority is due to the
fact that the ZF decreases the interference level introduced
on the user’s transmission, hence the received SINR, and
hence the channel capacity, increase.
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Fig. 3. Variation of Optimal Biasing Value with Number of Antennas at
the BS. {N = 60, K = 20, Pnaz, = 7 W, Pnaz, = 0.9W.}
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Fig. 4. Variation of The Maximum Total Capacity with Number of
Antennas at the BS. { N = 60, K = 20, Pnaz, = 7 W, Prazy, =
0.9W.}

B. The variation of The Optimal Biasing Value and System
Total Capacity with Number of Antennas in the BS

Fig. 3 and Fig. 4 show the effect of increasing the number
of BS antennas B on the optimal 5 and Cp, respectively.
Actually, increasing B is expected to decrease the value of
the optimal 3. This is explained by the fact that increasing
B will increase the antenna array gain offered by the BS.
As a result, the BS will offer better transmission chance
for the users. Therefore, the value of the optimal g will
decrease to make users connect to the BS. This behavior can
be verified from Fig. 3, for a relatively small B, the value
of the optimal $ is high. However, by increasing the B,
the value of the optimal § decreases to achieve the highest
possible system capacity. The success of the proposed model
to achieve the maximum capacity can be verified from Fig.
4 as it can be noticed that increasing B will increase Cp
for both precoding algorithms.

C. The variation of The Optimal Biasing Value and System
Total Capacity with Number of Antennas in FAPs.

Fig. 5 and Fig. 6 show the effect of increasing the
number of FAPs antennas N on the optimal 5 and C7,
respectively. Actually, increasing N is expected to increase
the optimal 5. This is due to the fact that increasing N will
increase the antenna array gain offered by the FAPs. As a
result, the FAPs will offer better transmission chance for
the users. Therefore, the optimal g will increase to make
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Fig. 5. Variation of Optimal Biasing Value with Number of Antennas at
the FAPs.{ B = 80, K = 20, Pnaz; = 7 W, Prnaz, = 0.9W.}
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Fig. 6. Variation of The Maximum Total Capacity with Number of
Antennas at the FAPs.{B = 80, K = 20, Pnaz; = 7 W, Praz, =
0.9W.}

users connected to the FAPs. This behavior can be verified
from Fig. 5, for a relatively small N, the optimal 3 is low.
However, by increasing t/N, the value of the optimal [ starts
to increase to achieve the highest possible system capacity.
The success of the proposed model to achieve the maximum
system capacity can be verified from Fig. 6 as it can be
easily noticed that increasing N will increase C'p for both
precoding algorithms.

V. CONCLUSION

In this paper, a two-tier network with a single BS and
multiple FAPs is presented. Both the BS and the FAPs can
be equipped with massive MIMO. Furthermore, a resource
allocation problem is formulated to find the optimal biasing
that maximizes the system capacity while satisfying the
power constraints of the transmitting nodes. In addition,
a solution algorithm using the bisection search method is
presented. In order to evaluate our system performance, both
EB and ZF are considered. Moreover, the effects of varying
both the number of antennas employed in the BS and the
FAPs on the optimal biasing value and the system capacity
are studied. Finally, the effects of deploying massive MIMO
on users’ association are summarized as follows:

1) If massive MIMO is deployed in the FAPs, users will
tend to associate to the femto-tier, hence the optimal
biasing value will be large.

2) If massive MIMO is deployed in the BS, users will
tend to associate to the macro-tier, hence the optimal
biasing value will be small.

3) If massive MIMO is deployed in both BS and FAPs,
the optimal biasing value will depend mainly on the
imposed power constraints on the transmitting node.
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