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Abstract In heterogeneous cellular networks (HCNs), the
deployed small cell base stations share the same spectrum
resource with that of macro base station, which causes
cross-tier interferences and the performance depreciation
of the system. This paper investigates the downlink outage
performance of HCNs and its resource allocation problem
to mitigate interferences. Specifically, we first derive
closed-form expressions of overall outage probability of
the system. Then, the resource allocation problem is pro-
posed to reduce the outage probability of HCNs. This
problem is formulated as a matching game, and a
stable matching is considered to be the solution. Finally, to
address this matching problem, a distributed algorithm is
proposed which can find a stable matching. Both analytical
results and simulations show that the proposed algorithm
improves the overall performance of HCNs.
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1 Introduction

The heterogeneity of networks is the main feature of the
next mobile communication system [1]. In heterogeneous
networks, some small base stations with low transmit
power are deployed in the coverage area of the macrocell
base station (MBS). Small base stations with the small
coverage area can improve the data traffic and the spatial
multiplexing, and then promote the capacity of cellular
networks [2]. Moreover, heterogeneous cellular networks
(HCNs) can improve the performance of macro cell edge
users and the capacity of the hot-spot region by utilizing
the spectrum resource effectively. It cannot be denied that
the deployment of small cell base stations (SCBSs) also
brings great challenges, such as interference management,
power control and handoff between wireless networks [3].

Matching problems in the realm of game theory origi-
nate with the seminal paper by Gale and Shapley for
solving the “marriage” problem [4]. In the “marriage”
problem, there are two distinct sets and the objective is to
form suitable pairs containing one from each set [5, 6].
Therefore, the matching game is seen as a powerful and
efficient framework to model -conflicting objectives
between two sets of participators [7, 8]. Fortunately, the
discrete resource allocation problem can be exactly regar-
ded as a marriage problem between two sets of resources
and its users [9, 10]. In matching games, one-to-one
matching scenario is especially suitable for the resource
allocation problem since a participator of one set in this
game can be matched with one participator of another set
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[11]. What’s more, most matching algorithms are fully
distributed and only need to capture the preference list in
the iteration.

In this paper, we consider the HCN with one MBS and
multiple SCBSs, and derive the expression of overall out-
age probability of the system. To further improve the
system performance, we propose a resource allocation
problem to reduce the outage probability of the HCN.
Taking the mutual effect into account, matching game is a
powerful tool to address this problem. Therefore, we for-
mulate the resource block (RB) allocation problem as a
matching game with SCUE-specific utility functions and
propose a distributed iterative algorithm to find the
stable matching.

The main contributions of this paper are summarized as
follows:

e We derive the outage probability of the HCN and
formulate a RB allocation problem to optimize the
outage performance of the system.

e The resource allocation problem is modeled as a one-
to-one matching game which captures the preferences
of both small cell user equipments (SCUEs) and RBs to
select their optimum partners in the HCN. Then we
propose novel and well-defined utility functions to
capture the preferences of SCUEs and RBs.

e We propose a distributed algorithm to solve the
matching game that converges to a stable matching
between two sets of SCUEs and RBs.

The rest of this paper is organized as follows. In Sect. 2,
related works are introduced. In Sect. 3, the system model
is presented and the outage probability of the system is
derived. To improve the overall outage performance,
Sect. 4 establishes the matching game framework and then
proposes a algorithm which can find a stable matching.
Finally, numerical results and discussion are presented in
Sects. 5, and 6 concludes this paper.

2 Related work

In this section, we give a brief review of the works related
to ours. More related works on the performance analysis
and resource allocation for HCNs can be found in
[3, 12, 13].

Recently, the performance analysis for HCNs has
attracted more and more attention [12]. Since SCBS
communications reuse the cellular frequency resource, the
co-channel interference between the macrocell and the
small cell (SC) exists and can dramatically degrade the
network performance. Some interference management
techniques are introduced to mitigate the interference, such
as interference cancellation and interference alignment
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[13]. In [14], the authors analyzed the ergodic achievable
rate of a device-to-device communication system for both
beamforming and interference cancellation strategies and
verified that the ergodic rate under the interference can-
cellation strategy was always better than that under the
beamforming strategy. A novel interference cancellation
algorithm in [15] was proposed to mitigate the interference
of HCNs and its performance was robust. A generalized
interference alignment and cancellation scheme was
introduced in [16], and an interference alignment
scheme for HCNs was proposed which could be applicable
to the network with arbitrary number of picocells and
macro users [17].

Moreover, these two techniques have some deficiencies
particularly in the dense network, of which the transmitter
or the receiver needs the exact channel state information
and their designs are with high complexity. For practical
applications, there are many issues which should be con-
sidered, e.g., synchronization, channel estimated errors,
spectrum-sensing errors and so on. In [18], the joint sub-
channel and power allocation algorithm was proposed for
cognitive femtocells by considering imperfect spectrum
sensing, since fairness and spectrum sensing errors were
ignored in most of the existing studies and perfect spectrum
sensing was extremely difficult to achieve in practical
cognitive wireless communications. In [19], using the out-
of-band emissions and imperfect-spectrum-sensing-based
interference model, a computationally efficient algorithm
for downlink and uplink subcarriers and power allocation
in an OFDMA-based cognitive radio network was pro-
posed and achieved a near-optimal performance over a
wide range of values for different cognitive radio network
parameters.

Motivated by these problems, we need to find a much
simpler and more efficient way to mitigate the cross-tier
interference and improve the entire system performance.
The resource optimization approach is a very efficient and
practical method to mitigate the interference and increase
the spectral efficiency. The resource allocation problem has
been extensively studied to improve the performance of
heterogeneous networks [20]. In [21], joint uplink sub-
channel and power allocation problem was investigated in
cognitive small cells using cooperative Nash bargaining
game theory, and then a game-based resource allocation
algorithm was developed and shown to converge to a
Pareto-optimal equilibrium. [22] investigated the joint
subchannel and power allocation in both the uplink and the
downlink for two-tier networks comprising spectrum-
sharing femtocells and macrocells, and introduced an
interference temperature limit to protect the macrocell
from co-channel femtocell transmissions.

Nevertheless, the outage performance expression for
HCNs is extremely complicated and brings a great
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challenge to the optimization of the resource allocation
problem [23, 24]. Hence, traditional optimization methods
are not suitable for optimizing the outage performance of
HCNs. Different from these work in the literature, our
proposed scheme applies the matching game to address the
problem of resource allocation for reducing the outage
probability of the system and promoting the utilization rate
of the spectrum resource.

3 System model and problem formulation

In this section, we first introduce the network model, then
give the outage probability analysis and the formulation of
the resource allocation problem.

For convenience, we present lower case, boldface lower
case and calligraphic symbols to denote scalars, vectors
(matrixes) and sets, respectively. x denotes Cartesian
product. | - | represents the absolute value of a complex-
valued scalar. E{-} is the statistical expectation. Addi-
tionally, U(ongirion) Tepresents an indicator function, and it
equals 1 if condition is true; otherwise 0.

3.1 System model
Consider the downlink of a HCN consisting of one MBS

with N transmit antennas and F overlaid single antenna
SCBSs, illustrated by Fig. 1. The indices of these ' SCBSs are

—7Z-Desired signal — >MBS-to-SCUE interference

SCBS-to-MUE interference

Fig. 1 System model (Suppose that SCBS 2 occupies the same RB as
that of MUE 3 for data transmission while SCBS 1 selects other RBs
rather than that of MUE 5)

orderly included in a set B = {1,2, ..., F}. Moreover, sup-
pose that there aren’t overlapped coverage areas among
SCBSs and there are S; SCUEs associated with SCBS k for
Vk € B, coexisting with M macrocell user equipments
(MUESs) (S <M). Assume that the network employs an
orthogonal frequency division multiple access (OFDMA) or
single-carrier frequency division multiple access (SC-FDMA)
strategy for transmitting information, and there are M RBs
where each RB is considered as flat fading and occupied by
one different MUE. Here, M = {1,2,...,M} represents the
set of all RBs or MUEs, and assume that MUE i € M selects
RB i € M for signal transmission without loss of generality.

Let x(n) be the transmitted signal on RB n for Vk € B, and
it is normalized and satisfies the following power constraint:

E{ P} = 1. (1)

Denote the channel gain from MBS to MUE i (SCUE j) by
ho; (go;), and the channel gain from SCBS k to MUE i
(SCUE ) by hy; (gk,) for Vi € M, Vk € Band Vj € S;. Let
entries of each channel gain be modeled as independent
and identically distributed (i.i.d.) zero mean and unit
variance complex Gaussian variables, ie.,
hO,i7g0J' ~ CN(O, IN), hkﬁ,‘, 8kj ™~ CN(O, 1) Therefore, the
received signal at the MUE i or SCUE j for Vi € M, Vk €
B and Vj € S can be written as

Yo,i = +/P0,i%,iho iwix;
+> VPO i iUy + 200,

keB

ieM

+ /Pk% j8kjXj + Zkj

where py; is the transmit power of MBS in RB i, py is the
transmit power of SCBS &, /32,- represents that i locates in the
coverage area of SCBS k and k occupies the same RB as that of
i, llj represents that SCUE j selects the same RB as that of i to
transmit information to its associated SCBS, and zo; and z
are the normalized additive Gaussian noise with zero mean.
Here, we assume that MBS preforms the maximum ratio

transmission (MRT) as the precoding vector, namely,
R, . . . .
w; = m According to (2), the received signal-to-noise-

plus-interference ratios (SINRs) at MUE i € M and SCUE

J € Sy are given by

. pOJ°‘0,i|h0,iwi‘2

= > ,
ZkeBpk“k,i|hk,i| ”{/;2’,} +1

yO,i Vie M7

2
a . .
'})kJ‘ _ Pk k,]|ng| ,Vk c B,V] c Sk~

2
> iem Po,i%.j|8o Wil U{/g}j} +1

(3)
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3.2 Outage probability analysis

In this subsection, we give the closed-form expression of
overall outage probability of the system, and then propose
the resource allocation problem.

Based on the precoding vector, we have the following
distribution results:

1
|h0,iwi|2 ~ F(N75>7

1 @
2 2 2
|g0.jwi| a|hk,i| ,|gk.j\ NF(175>,

where I'(-) represents the Gamma random variable.

To obtain the outage probability of the system, we need
to derive cumulative distribution functions (CDFs) of 7,
and v, ; for Vi € M, Vk € B and Vj € &.

3.2.1 CDF of yy;

From (4), the probability density function (PDF) and CDF
of |h07,-w,- 2

are given by
2NN

Tinoswi?®) = gy xP(=2%);
1 (5)
Finoan () = gy 7> 20
and the PDF and CDF of |h,|* are given by
fi]1k_i\2(x) = ZeXp(—Zx),
(6)

F|hk.i\2 (x) = '))(1,2}6) =1- eXp(—Zx).

Before starting the performance analysis, we first present
the following lemma:

Lemma 1 For two independent distributed random
variables X ~I'(my,0y), Y ~T'(my,0,), and positive con-

stants a, b and c, we let Z = b)“,)_ic and get its PDF as follows:

2" texp(— 45
I'(my)I (my) 07" 052 am™ b
mp—m (7)

S (") T )
X 1 (m mj.
— m . 1 my+m 2

m=0 E—}—b—ez

Proof Since X ~I'(my,0;) and Y ~T'(my,0,) are inde-
pendent distributed, the joint probability density function
of X and Y is written as

pz(z) =

my—1,,mp—1

X"y
L(my) T (my) 07" 05

(-5 =) ©®

ny(xvy) =

Let z= b)‘,’jc

(x, y) is that det(J(z, w)) = €. Then, the joint probability

density function of Z and W is expressed as

and w = by. The Jacobian determinant of
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Pzw (Z) W) =

det(J(z,w)) (z(w + c))””1
I'(my)I (my)07" 05" a

wy = zZw+ce) w
% (3) eXp(_Tel_b_ez)'

Thus, the probability distribution of Z can be derived as
follows

©)

pz(2)
oo
z/ pzw(z, w) dw
0
my—1 _cz m
_ 7™ exp( a()zl) Zl mi o (10)
F(m)I (mp)07" 052 am b 2=\

Tt g (W
></O w exp( a0, b92> w.

Finally, we can derive Eq. (7) by integrating in Eq. (10)
and the proof is completed. U

The derivation process of CDF of y,; is divided the
following two cases: [l{ﬁg()i} =1 and ﬂ{ﬁ%} =0.

(i) When ”{ﬁg,} = 1 for a certain SCBS k € B, the PDF of
Yo, can be obtained by Lemma 1, given by

2N+1

2
exp ( B 1’0J;0,i)

T(N)(po.io0.)" o

N /N N—1
xZ( > S T(m+1).
m=o\m (L L)

P0,i%,i Pr% i

Py, () =

(11)
Some fractions containing the variable z in Eq. (11) can be
rewritten as
N—1 m+1

Z dar
m+1 :Zﬁ’
(L 5 ) ( . ) (12)

n=1
Po.i%o,i Pk, Do.i%0,i Pk Ok,

where d' be constant and can be solved by residue
theorem.

According to Egs. 3.352.1, 3.353.3,3.353.2 and 8.211 in
[25], we can get the CDF of y,; from (11) and (12)

2N+1 CXp(— 2z )
Po.i%o,i
X

P! (z) =
1o I'(N 0 l'N Ok i
(N)(po.icto.i)" Pro, (13)
N N\ mtl
Z( ) > drLy () (m+ 1),
m=0 \ M n=1
where A = —2— =" and [,(z) is given in Eq. (14).

P0.i%0,i Pi%k.i
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exp(Au)[Ei(—Az — Ap) — Ei(—2p)],n = 1,

n—1

! | n—l—1 -1 (71)"_1 .
m;(l = DI(=2) n = (n—1)! exp(Ap)Ei(—p)

Ln(z) = n—1 l— ])| ))n—l—l
—exp(= ; n—1(u+2z)
A B+ W) = 2.3
1) p(4u wn=2,3,...,
(14)
(i1) When H{ﬁg_} =0 for all k € B, the CDF of y,, is cal-
culated as follows.
1 2z
P (z) = <N, ) 15
0, (2) ARy (15)

As a result, we summarize the CDF of Yo.i for i € M below
Pgm (2), if ﬂ{/;gi} = 0forVk € B,

P?’o.i (Z) = 1 . ) (]6)
P, (2),if g, = lforaceratink € B.

3.2.2 CDF of y;

When Ip, =1 for a certain MUE i € M, the CDF of 7 ;

is get in a similar way as described above.

PVk/(Z)
4exp( = ) 1 m+1
s () S
Pik% jPo,i%0,; m=0 (17)
4exp( pm,)

——(Li(z2) + La2(2)),
PO jP0,i%0.j ( 1( ) 2( ))

"
where A = —2— and p = 2%
Pk %k P0.i%0,j

3.3 Problem formulation and transformation

Let y,, be the minimum SINR requirement for each user
and according to Egs. (16) and (17), the outage probability
of the system is given in Eq. (18).

Pout = Pr{min({yo,ivi € M}7 {Vkﬁk € Bv] € Sk}) <Vth}
=1- P”{{Vo.iai € M} >y, {VkJ,k € B,j€ S} > Vzh}

:1*HPV{Vo,i>Vth}HHP”{”/k,/>Vm}

ieM keBjES:
-] <1 - va’o.f(yth)ﬂ{ﬁ?,}>
ieM keB

xHH(l

keB jeS;

- Z P'*'k.,f(yfh)l]{lf,],}> ’
ieM

Then, we propose the RB allocation problem to decrease
the outage probability of the whole HCN. The strategy
profile of all SCUEs is represented as @ = (a;,az,. . .,ar)

(n @ ()

where ay = (a;’,a;”,...,a,"), and P is defined as
follows
Pt =)= (1=l )
ieM keB
; zzln(l -3 g )
keB jes, ieM

(19)

Therefore, the RB optimization problem for the overall
outage probability of the system can be expressed as

P1: P
max P(a) (20)

Since there aren’t overlapped coverage areas among
SCBSs, P1 is rewritten as P2.

P2: Pi(
where
zln( ZP}xo,f<vfh>u{ﬁz,.})
ze/vl keB
IR e
]ESk ieM

4 Matching theory for outage performance
4.1 Game-theoretic analysis

Since SCUEs associated with the same SCBS occupy dif-
ferent RBs for receiving information, the RB allocation
problem for outage performance can be posed as a one-to-
one marriage problem. To address this problem, matching
theory is a suitable approach to model the interactions
among participators with conflicting interests. Moreover,
matching game is proved to be successful in explaining the
allocation mechanisms in decentralized markets. As a
result, the matching problem between SCUEs and RBs is
solved by using a matching game framework. Formally, we
define the matching game as follows:

Definition 1 (Matching Game) Let S and M be the two
disjoint finite sets of SCUEs in a SC and RBs respectively,
and G = (V, &) be a simple connected graph, where V =
{8, M} is the vertex set and € is the edge set. A matching
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vy C £ is defined as a function from S U M to itself such
that: 1) v(m) = s if and only if v(s) = m, and 2) v(m) €
SUD and v(s) € MUQ. Thus, G with the matching
behavior is a matching game.

A matching is essentially an allocation between SCUEs
and RBs and the basic solution concept for matching game
is the stable matching. Let >; denotes the ordering rela-
tionship of s and m >, m means that s prefers m over m .
The stable matching is defined as follows:

Definition 2 (Stable Matching) A one-to-one matching v
is blocked if v(s) # m and if s >, v(m) and m >, v(s).
One-to-one matching is stable if there is no subset of S and
M in which the matching is blocked.

To obtain the stable matching, we propose a preference
relation among RBs by defining a utility function of each
SCUE. Each SCUE builds a ranking of RBs using the
preference relations and forms a preference list. SCUEs are
considered as individual selfish and the utility function is
given by

”JSk = ln<1 - ZP}’N(Vzh)I]{/}}j}>~ (22)
ieM

If SCUE s utility for receiving useful information on RB i
is obviously larger than that of RB i, it is shown that
i~ i. Based on Eq. (22), we can define their preference
relations and form a preference list. However, the prefer-
ence relation of between i and i/ may be weak or nonex-
istent when they have nearly equal utility values. This
weak preference relation of between i and i is represented
as i =; i'. This phenomenon usually occurs in the hyper-
dense networks and poses an obstacle to obtain the
stable matching. To overcome this challenge, we need to
switch weak preference relations into strong preference
relations using the local information. Let /(i) be the
received SINR at SCBS k € B when j € S; selects RB i to
transmit signal. When i >; i from Eq. (22), we need to
redefine the preference relation based on the received SINR
atthe SCBS, i.e., i > i if y}(i) > 7/({'). As a result, we can
make sure that preference relations in the preference list
are all strong.

In most prior research, each participator is regarded as
selfish and only following individual benefit. This self-in-
terested action is short-sighted and blocks the further
enhancement of the system performance. Certainly, a fully
altruistic action is also inadvisable since it needs a great
deal of timely information exchange and increases the
calculation burden. This inspires we to make a tradeoff
between self-interested and fully altruistic schemes by
designing utility function of each RB. Since physical

@ Springer

locations of users are regarded as stationary in the imple-
ment of algorithm, we design a local altruistic utility
function based on neighbors’ topology.

W= "I 1= Py )l

i Mj ieB
- (23)

+a)-,kln 1— P, I |,
)j LGZM m(%h) (B}
where w; is a weight factor and M; = {m|d;,, <Ly, m €
M} where d; n and Ly, denote the physical distance and the
maximum distance requirement between j and m,
respectively.

Therefore, each RB’s preferences for different SCUEs at
the SCBS can be obtained according to Eq. (22).

4.2 Decentralized algorithm

Algorithm 1 Matching algorithm between SCUEs and

RBs.
For every SCBS k=1,2,--- | F
Initialization: Find MUEs which locate in the coverage
area of SCBS k and store them in the set R. Sk is the set
of SCUEs in SCBS k and M is the set of RBs. Randomly
select two matchings 19, v1 (¥9 # v1) and let n=0.
While: v7+1 £ pn
Step 1: Update all utilities according to the matching
v™*+1 and construct the new preference lists.
Step 2: (a) Each SCUE j € Sy, ranks all RBs according
to its preference. (b) Each SCUE j sends a request of the
first ranked RB m to SCBS k. It also sends a request of
the second ranked RB m’ to SCBS k if m >=; m’ and j is
marked.
Step 3: For each marked j and suppose that m and m
receive the request of j, the request of 7 on RB m’ is
canceled if 4] (m) > 4] (m'); otherwise cancel the request
of 7 on RB m. (a) For each RB, SCBS k ranks requested
SCUEs with respect to its preference. (b) For a random
RB, SCBS accepts the first ranked requested SCUE and
rejects the rest.
Repeat: Each rejected applies to its next preferred RB
m, and the next-next preferred RB m’ if it is a weak
preference relation with m. Then, back to Step 2.
Until: Each SCUE is either assigned to one of RBs or
rejected by all RBs.
Then, let n = n + 1 and obtain the matching v™+1.
End
End for

To obtain the stable matching of G, we propose a dis-
tributed algorithm shown in Algorithm 1. Algorithm 1 is an
improved approach of the deferred acceptance algorithm,
which is proposed by Gale and Shapley to solve the mar-
riage problem in which preferences are static and inde-
pendent of the matching [4]. Unfortunately, the
conventional deferred acceptance algorithm is not
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applicable to our matching problem since the presence of
externalities alters the preferences of participators. To
guarantee that Algorithm 1 can lead to a stable matching
when it converges, an iterative approach is employed and
the preferences of participators in each step depend on the
current matching. In each step, the utilities are updated
based on the matching received by the previous step and
the preference lists are updated accordingly. According to
current preference lists, a new temporal matching is
obtained by using the deferred acceptance algorithm. The
algorithm proceeds to the next iteration based on the pre-
vious temporal matching. The proposed algorithm con-
verges when two sequent temporal matchings are the same.
The property of convergence is discussed in [26].

However, the preferences of participators obtained by
Eqgs. (22) and (23) in game G may contain weak preference
relations. Hence, the classical deferred acceptance algo-
rithm cannot be used here directly. To overcome this
drawback, we redefine these weak preference relations by
means of comparing the received SINR on one RB with
that on another RB in the uplink transmission. This
manipulation not only enhances preference relations
among RBs but also improves the uplink performance.
Moreover, this manipulation is performed in the associated
SCBS with the purpose of low computational complexity
and less information exchange. Since SCUEs request RBs
according to their preference relations in Algorithm 1, RBs
are chosen by SCUEs and RBs accept request according to
their preferences. The eventual matching is optimal from
the SCUEs’ points of view. It has been proved that the
deferred acceptance algorithm can converge to a
stable matching for any initial conditions. Since the weak
preference relations have been reassigned as strong pref-
erence relations, the proposed algorithm converges to a
stable matching in each iteration.

4.3 Computational complexity analysis

The complexity depends on the set of SCUEs in the SC as
well as the number of RBs. In each iteration, the preference
lists are updated based on the previous matching, and then
a new matching is obtained by using the deferred accep-
tance approach. As for the computation of the preferences,
the utility values are computed with a complexity of O(M)
and it needs M | S; | computations of utility values and
multiple comparisons to form the preference lists. Thus, the
total complexity for updating the preference lists is
O(M? | Si |). According to the updated preference lists, a
new stable matching is found in at most M? —2M + 2
stages and its complexity is O(M?). The above analysis
provides the computational complexity for each iteration of
the proposed algorithm. Moreover, the whole

computational complexity also relies on the number of
iterations needed for convergence, which is not unlimited
because of a finite number of possible matchings.

5 Simulation results and discussion
5.1 Scenario setup

In this section, the objective is to validate the outage per-
formance of the system and the efficiency and performance
of the proposed matching algorithm based on resource
allocation procedure in a heterogeneous network scenario.
Consider one MBS with hexagonal coverage area where
there are randomly layouts of F =2 SCBSs and their
coverage areas are not overlap with each other. For con-
venience, we assume that there are 2 SCUEs randomly
located within each SC, and the other 5 MUEs in the MBS,
two of which locate in the coverage area of SCBSs. For the
sake of simplicity, all deployed SCBSs are assumed to be
always active. Each SCUE receives data through one RB in
each SCBS. Here, we suppose that MBS and each SCBS
have the same downlink transmission power on each RB
which are set to 20 dBm and 14 dBm, respectively. Con-
sider 5 MHz bandwidth in this heterogeneous network
which constitutes a total of 5 RBs with the same 110 kHz
bandwidth. Specifically, simulation parameters and values
are listed in Table 1, which is partially in accordance with
the 3GPP simulation assumption case 1.

Table 1 Simulation parameters

Parameter Value
Number of SCBS (F) 2 SCBSs
Number of user equipments 5 MUEs
2 SCUEs/SCBS
Transmit antennas of MBS (V) 4
MBS radius 288 m
SCSC radius 40 m
Min. distance (MUE to MBS) 35 m
Min. distance (SCUE to SCBS) 10 m
Min. SINR requirement (7,,) 1 bit/(s - Hz)

MBS path loss

SCBS path loss

MUE power class (po;)
SCUE power class (px)
System bandwidth

RB bandwidth

Number of available RBs (M)
Carrier frequency

Thermal noise density

34 + 381log,o(dn[m]) dB
37 + 321log,((d,[m]) dB
20 dBm

14 dBm

5 MHz

110 kHz

5

2 GHz

—174 dBm/Hz
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5.2 Outage performance analysis

To verify the theoretical analysis of outage probability,
Figs. 2 and 3 compare theoretical analysis with numerical
results of MUE, SCUE:s or their overall performance (la-
beled as HN) when these users share a certain RB. It is
shown from Figs. 2 and 3 that the outage performance of
the system by theoretical derivation is consistent with that
of the actual scenario by simulation. The simulation vali-
dates the correctness of theoretical deduction.

In addition, Fig. 2 gives the outage performance versus
transmit power of SCBS with the fixed RBs allocation
when SCUE occupies the resource of MUE and MUE
locates in the coverage area of SC. Figure 3 shows the
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—+ Numerical results in HN
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Numerical results of SCUEs
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Fig. 2 Outage performance versus transmit power of SCBS with the
fixed RBs allocation when MUEs locate in the coverage area of SC
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Fig. 3 Outage performance versus transmit power of MBS with the
fixed RBs allocation when MUEs locate in the coverage area of SC
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outage performance versus transmit power of MBS under
the same condition. As the transmit power of SCBS
increases, the outage performance of the system becomes
poorer and is largely influenced by that of MUE. This is
mainly because MUE suffers more serious interference for
sharing the same RB by SCUE. Similarly, the increment of
the transmit power of MBS can promote the outage per-
formance of the system while this enhancement is limited
because of cross-tier interferences. Figure 4 shows outage
performance versus transmit power of SCBS/MBS with the
fixed RBs allocation when not MUE locates in the cover-
age area of SC. The outage performance loss caused by
interferences is not serious as the transmit power of SCBS/
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Fig. 4 Outage performance versus transmit power of SCBS/MBS
with the fixed RBs allocation when not MUE locates in the coverage
area of SC
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Fig. 5 Outage performance of MUE and SCUEs sharing the same
resource for different number of SCUEs located in each SC by
performing the matching algorithm or not
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Fig. 6 Overall outage performance of the system for different
number of SCUEs located in each SC by performing the matching
algorithm or not

MBS increases. It can be concluded from overall analysis
that the resource allocation is important to enhance the
communication quality of the HCN.

5.3 Convergence behavior and optimality of this
algorithm

Figure 5 gives the outage performance of users sharing
the same resource for different number of SCUEs located
in each SC by performing the matching algorithm or not.
Figure 6 shows the outage performance of the system for
different number of SCUEs in each SC by performing the
matching algorithm or not. It is given in Figs. 5 and 6 that
the resource allocation approach by using the matching
game can efficiently improve the outage performance of
the system. If the resource allocation is not performed in
this paper, the outage performance of the system is reduced
and it results in the degradation of system performance as
users are densely deployed in this heterogeneous network.

6 Conclusion

In this paper, we have proposed a novel spectrum sharing
approach to improve the downlink outage performance of
HCNS. Specifically, we have derived PDFs and CDFs of the
received SINRs of both MUEs and SCUEs, and obtained the
outage probability of HCNs. By defining utility functions,
we model the resource allocation problem as a one-to-one
matching game which optimizes the outage probability of
HCNs. To solve the presented matching game, we have
proposed a distributed algorithm that converges to a

stable matching between SCBSs and RBs. Simulation
results show that the effectiveness of the derived outage
probability and the proposed matching algorithm.

Acknowledgements This work was supported by the National High
Technology Research and Development Program of China (863
Program) under Grants 2015AA01A703 and 2014AA01A704, the
Research Project of Jiangsu Province under Grants BK20130019 and
BE2015156, the National Natural Science Foundation of China under
Grants 61372101, 6153101, 61671144 and U1404615, the Open
Funds of State Key Laboratory of Millimeter Waves under Grant
K201504, China Postdoctoral Science Foundation under Grant
2015M571637, the natural science research project of universities in
Jiangsu Province under Grant 16KJB510008, the Natural Science
Foundation of State Grid Corporation of China under Grant
2015-0615-2298, and the Scientific Research Foundation of Graduate
School of Southeast University under Grant 3204006707.

References

1. Lopez-Peérez, D., et al. (2011). Enhanced intercell interference
coordination challenges in heterogeneous networks. [EEE
Transaction on Wireless Communications, 18(3), 22-30.

2. Prehofer, C., & Bettstetter, C. (2005). Self-organization in com-
munication networks: Principles and design paradigms. IEEE
Communication Magazine, 43(7), 78-85.

3. Dai, H., Huang, Y., & Yang, L. (2015). Game theoretic max-logit
learning approaches for joint base station selection and resource
allocation in heterogeneous networks. IEEE Journal Selected
Areas in Communications, 33(6), 1-14.

4. Gale, D., & Shapley, L. S. (1962). College admissions and the
stability of marriage. The American Mathematical Monthly,
69(1), 9-15.

5. Escoffier, B., Gourves, L., & Monnot, J. (2016). The price of
optimum: Complexity and approximation for a matching game.
Algorithmica, 1-31.

6. Bando, K., Kawasaki, R., & Muto, S. (2016). Two-sided
matching with externalities: A survey. Journal of the Operations
Research Society of Japan, 59(1), 35-71.

7. Bi, S., Zhang, R., Ding, Z., et al. (2015). Wireless communica-
tions in the era of big data. [EEE Communications Magazine,
53(10), 190-199.

8. Gu, Y., Saad, W., Bennis, M., et al. (2015). Matching theory for
future wireless networks: fundamentals and applications. /[EEE
Communications Magazine, 53(5), 52-59.

9. Touati, M., Azouzi, R. E., Coupechoux, M., et al. (2015). Con-
trolled matching game for user association and resource alloca-
tion in multi-rate wlans. arXiv preprint arXiv:1510.00931.

10. Abedin, S. F., Alam, M. G. R., Tran, N. H., et al. (2015). A fog
based system model for cooperative IOT node pairing using
matching theory. In 2015 17th Asia-Pacific Network Operations
and Management Symposium (APNOMS), pp. 309-314.

11. Namvar, N., & Afghah, F. (2015). Spectrum sharing in cooper-
ative cognitive radio networks: A matching game framework. In
2015 49th Annual Conference on Information Sciences and Sys-
tems (CISS), pp. 1-5.

12. Song, K., Ji, B., Huang, Y., et al. (2015). Performance analysis of
antenna selection in two-way relay networks. IEEE Transaction
on Signal Processing, 63(10), 2520-2532.

13. Xu, W., Liang, L., Zhang, H., et al. (2012). Performance
enhanced transmission in device-to-device communications:

@ Springer


http://arxiv.org/abs/1510.00931

1882

Wireless Netw (2018) 24:1873-1883

Beamforming or interference cancellation? In 2012 IEEE Global
Communications Conference (GLOBECOM), pp. 4296-4301.

14. Ni, Y., Jin, S., Xu, W, et al. (2016). Beamforming and interference
cancellation for D2D communication underlaying cellular net-
works. IEEE Transaction on Communications, 64(2), 832-846.

15. Luo, H., Li, W., Zhang, Y., et al. (2016). CRS interference
cancellation algorithm for heterogeneous network. Electronics
Letters, 52(1), 77-79.

16. Nauryzbayev, G., & Alsusa, E. (2016). Enhanced multiplexing gain
using interference alignment cancellation in multi-cell mimo net-
works. IEEE Transaction on Information Theory, 62(1), 357-369.

17. Niu, Q., Zeng, Z., Zhang, T., et al. (2014). Joint interference
alignment and power allocation in heterogeneous networks. In
2014 IEEE 25th Annual International Symposium on Personal,
Indoor, and Mobile Radio Communication (PIMRC), pp. 733-737.

18. Zhang, H., Jiang, C., Mao, X., et al. (2016). Interference-Limited
Resource Optimization in Cognitive Femtocells with Fairness and
Imperfect Spectrum Sensing. I[EEE Transactions on Vehicular
Technology, 65(3), 1761-1771.

19. Almalfouh, S. M., & Stuber, G. L. (2011). Interference-aware radio
resource allocation in OFDMA-based cognitive radio networks.
IEEE Transactions on Vehicular Technology, 60(4), 1699-1713.

20. Chandrasekhar, V., Andrews, J. G., Muharemovic, T., et al.
(2009). Power control in two-tier femtocell networks. IEEE
Transactions on Wireless Communications, 8(8), 4316-4328.

21. Zhang, H., Jiang, C., Beaulieu, N. C., et al. (2015). Resource
allocation for cognitive small cell networks: A cooperative bar-
gaining game theoretic approach. IEEE Transactions on Wireless
Communications, 14(6), 3481-3493.

22. Zhang, H., Jiang, C., Beaulieu, N. C., et al. (2014). Resource
allocation in spectrum-sharing OFDMA femtocells with hetero-
geneous services. IEEE Transactions on Communications, 62(7),
2366-23717.

23. Zhao, R., Huang, Y., Wang, W., & Lau, V. K. N. (2016). Ergodic
achievable secrecy rate of multiple-antenna relay systems with
cooperative jamming. I[EEE Transactions on Wireless Commu-
nications, 15(4), 2537-2551.

24. Wang, Y., Ji, B., Huang, Y., et al. (2016). Analysis over spectral
efficiency and power scaling in massive MIMO dual-hop systems
with multi-pair users. IEICE Transactions on Fundamentals of
Electronics, Communications and Computer Sciences, 99(9),
1665-1673.

25. Jeffrey, A., & Zwillinger, D. (2007). Table of integrals, series,
and products. Cambridge: Academic Press.

26. Namvar, N., Saad, W., & Maham, B. (2015). Cell selection in
wireless two-tier networks: a context-aware matching game.
arXiv preprint arXiv:1512.00539.

Haibo Dai received the M.S.
degree from Yanshan Univer-
sity, Qinhuangdao, China, in
2013. He is currently working
towards the Ph.D. degree in
information and communication
engineering at the School of
Information Science and Engi-
neering, Southeast University,
Nanjing, China. His current
research interests include wire-

\ . less resource allocation and
! management, heterogeneous
‘ 3 networks, game theory, machine

learning and  optimization

theory.

@ Springer

Kang Song received the B.S.
degree from Anhui University,
China in 2009. In 2016 he
received the Ph.D. degree in
information and communication
engineering from  Southeast
University, China. Since August
2016, he has been a faculty in
the School of Electronic and
Information Engineering, Qing-
dao University. His current
research interests include net-
work coding, cooperative com-
munications and heterogeneous
networks.

Chunguo Li received the
bachelor’s degree in wireless
communications from Shandong
University in 2005, and the
Ph.D. degree in wireless com-
munications from Southeast
University in 2010. From 2010,
he was with the Faculty of
Southeast University, Nanjing,
where he has been an Associate
Professor, since 2012. From
2012 to 2013, he did post-doc-
toral research at Concordia
University, Montreal, Canada.
Since 2013, he has been with
the DSL Laboratory supervised by Prof. J. M. Cioffi. His current
research interests are 5G cellular transmission, underwater commu-
nications, green communications, and next generation WiFi. He is
currently the Area Editor of the AEU-International Journal of Elec-
tronics and Communications (Elsevier), the Associate Editor of the
Circuits, Systems, and Signal Processing, the Editor of the KSII
Transactions on Internet and Information Systems and has served for
many IEEE conferences including the IEEE 16th International
Symposium on Communications and Information Technologies as a
Track Chair of the Wireless Communications, the International
Conference on Communications, the International Conference on
Acoustics, Speech, and Signal Processing as the TPC member. He is a
Reviewer for many IEEE Journals. He is the Senior Member of the
Chinese \Institute of Electronics. He is a recipient of the Southeast
University Excellent Young Professor Award in 2015, the Science
and Technology Progress Award of the National Education Ministry
of China in 2014, the Excellent Visiting Associate Professor Award at
Stanford in 2014, the Excellent Foreign Postdoc Award of Canada in
2012, the Best Ph.D. Thesis Award of Southeast University in 2010,
and several conference best paper awards.


http://arxiv.org/abs/1512.00539

Wireless Netw (2018) 24:1873-1883

1883

Yongming Huang received the
B.S. and M.S. degrees from
Nanjing University, China, in
2000 and 2003, respectively,
and the Ph.D. degree from the
School of Information Science
and Engineering, Southeast
University, China, in 2007,
respectively. Since 2007, he has
been with the School of Infor-
mation Science and Engineer-
ing, Southeast ~ University,
China, where he is currently a
Full Professor. From 2008 to
2009, he was visiting the Signal
Processing Labarotory, Electrical Engineering, Royal Institute of
Technology (KTH), Stockholm, Sweden. His current research inter-
ests include space time wireless communications, co-operative
wireless communications, energy efficient wireless communications,
and optimization theory. He serves as an Associate Editor of the IEEE
TRANSACTIONS ON SIGNAL PROCESSING, the Journal on
Advances in Signal Processing (Eurasip), and the Journal on Wireless
Communications and Networking (Eurasip).

Luxi Yang received the M.S.
and Ph.D. degrees in electrical
engineering from the Southeast
University, Nanjing, China, in
1990 and 1993, respectively.
Since 1993, he has been with
the Department of Radio Engi-
neering, Southeast University,
where he is currently a Profes-
sor of Information Systems and
Communications, and the
Director of Digital Signal Pro-
cessing Division. His current
research interests include signal
processing for wireless com-
munications, MIMO communications, cooperative relaying systems,
and statistical signal processing. He has authored or co-authored two
published books and more than 100 journal papers, and holds ten
patents. He received the first- and second-class prizes of Science and
Technology Progress Awards of the State Education Ministry of
China in 1998 and 2002. He is currently a member of Signal Pro-
cessing Committee of the Chinese Institute of Electronics.

@ Springer



	Resource allocation for outage performance in heterogeneous networks: a matching game approach
	Abstract
	Introduction
	Related work
	System model and problem formulation
	System model
	Outage probability analysis
	CDF of \gamma _{0,i}
	CDF of \gamma _{k,j}

	Problem formulation and transformation

	Matching theory for outage performance
	Game-theoretic analysis
	Decentralized algorithm
	Computational complexity analysis

	Simulation results and discussion
	Scenario setup
	Outage performance analysis
	Convergence behavior and optimality of this algorithm

	Conclusion
	Acknowledgements
	References




