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Abstract—Device-to-Device (D2D) communication is a promising technology toward the fifth generation mobile communication.
However, when D2D communication is incorporated into heterogeneous cloud radio access network (H-CRAN), the interference
management between the D2D users and current users is a
challenge. In this paper, we study how to assign the sub-channels
of different bandwidth to multiple D2D pairs and the remote
radio head users. In such a way, the sub-channels that have
been pre-allocated to macro-cell users can be reused, the system
performance can be maximized while the quality of service of all
users can be guaranteed. Such a resource allocation problem is
formulated as a mixed integer nonlinear programming (MINLP)
problem which is NP-hard. To obtain the solution, the proposed
problem is reformulated into a many-to-one matching sub-game
with externality followed by a coalition sub-game. Then, a constrained deferred acceptance algorithm and a coalition formation
algorithm are proposed to find solutions to these two sequential
sub-games, respectively. Finally, we prove theoretically that both
the proposed algorithms can convergent with a low computational
complexity. Numerical results demonstrate that compared with
existing resource allocation schemes, our proposed scheme can
significantly improve the system performance in terms of overall
throughput, the total number of admitted users and fairness.
Index Terms—H-CRAN, D2D communication, matching theory,
coalition game, resource allocation.
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I. INTRODUCTION
ETEROGENEOUS cloud radio access network (HCRAN) and device-to-device (D2D) communication
have attracted significant attentions in recent research and become two important techniques for the next generation wireless
communication system [1]. H-CRAN is proposed as one of the
promising radio access network architecture which incorporates
cloud computing into heterogeneous networks (HetNets). As
illustrated in Fig. 1, in an H-CRAN, the evolved Node B (eNB)
is interfaced with the baseband unit (BBU) pool through a
backhaul link, mitigating the cross-tier interference between
the remote radio heads (RRHs) and eNB through centralized
cloud-computing based cooperative processing techniques,
while the RRHs operate as soft relays by compressing and
forwarding the received signals from RRH users (RUEs) to the
centralized BBU pool through the wireless fronthaul links. In
such a way, the cloud computing based cooperation processing
and networking gains are fully exploited, the operating costs are
lowered, and the energy consumption of the wireless infrastructure is decreased [2], [3]. With D2D communication, proximity
users in a cellular network can communicate directly with
each other without going through the base station (BS). Thus,
D2D communication holds great promise in improving energy
efficiency, throughput, delay and spectrum efficiency [4], [5].
In order to exploit the gains offered by D2D communication,
D2D technology has been introduced into the cellular networks,
where the resource allocation and interference management
problem has attracted significant attentions [6]–[12]. In [6], a
three-step admission and power control scheme is proposed
to maximize the overall network throughput, guaranteeing
the quality of service (QoS) requirements of both macrocell
users (MUEs) and device-to-device users (DUEs). In [7], the
authors investigate the energy efficient (EE) resource allocation
problem in a cellular network with D2D communication, and
propose a game theory and matching theory based algorithm
to optimize the EE problem. In [9], the authors study mobile
D2D video distribution that leverages the storage and communication capacities of smartphones in the cellular networks,
taking into account the impact of video size. In [10], when the
Base-station-to-Device (B2D), D2D, and Multi-D2D (MD2D)
sharing modes coexist, a social-aware rate based content sharing
mode selection scheme is proposed for D2D content sharing in
the single-cell cellular time division duplex networks.
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r Different from previous works which focus on cellular

Fig. 1.

The architecture of H-CRAN.

While the aforementioned work only focuses on the resource
allocation problem in cellular networks, some other work studies
the resource allocation problem in HetNets, where the interference scenario is more complicated when D2D communication is
incorporated [13]–[17]. In [13], the authors consider a three-tier
hierarchical HetNet by exploiting D2D communication in the
traditional HetNet, where the spectral efficiency of these two
kinds of HetNets is also analyzed and compared. In [14], the
resource management issue in the macro/femto/D2D HetNets
is investigated, and a network-assisted device-decided (NADD)
channel selection and power control scheme is proposed. In
[15], to solve the joint power control and sub-channel allocation
problem for D2D and small cell uplink communication underlaying cellular networks, the authors first derive the closed-form
expressions of optimal power under any given sub-channel allocation profile, and then propose a distributed learning algorithm
to find the optimal sub-channel allocation profile.
When D2D communication is introduced into H-CRANs, the
resource allocation problem has not gained sufficient investigated. In the H-CRAN, a new emerging radio access network
architecture which is different from the cellular networks and
HetNets, the dense deployment of RRHs leads to severe interference, making the interference management much more
challenging. On the other hand, due to the distinct centralized
processing characteristics of BBU pool, information exchange
in the H-CRAN can be reduced, and so do the power consumption and latency. In addition, most of the resource allocation
schemes largely depend on the channel quality indicator (CQI)
[16], neglecting the bandwidth of channels, which leaves room
for the spectrum efficiency improvement.
Therefore, in this paper, we present a framework of downlink resource allocation for D2D communication underlaying
H-CRANs, where multiple D2D pairs and multiple RUEs are
allowed to reuse one sub-channel. Our major contributions are
summarized as follows.

networks and HetNets, we study the resource allocation
scenario of H-CRANs. Since the network architecture of
an H-CRAN is different from those of cellular networks
and HetNets, the interference management in it is more
complicated, especially when multiple D2D pairs and multiple RUEs are allowed to reuse the same sub-channel. In
the considered scenario, not only the interference between
DUE and DUE/MUE, but also the interference between
DUE and RUE as well as the interference between RUE
and RUE/MUE need to be managed when the channels are
reused. Moreover, we assume different MUEs are equipped
with sub-channels of different bandwidths. In such a case,
besides the interference and the CQI which are normally
considered in the existing works, DUEs and RUEs in our
proposed model need to consider the bandwidth when they
apply for the sub-channels according to their actual rate requirements.
r The resource allocation problem is formulated as a mixed
integer nonlinear programming (MINLP) problem, the objective of which is to maximize the system capacity as well
as the number of accommodated underlay users. The formulated problem is NP-hard. Due to the interference, the
user’s channel association is interdependent, which makes
the problem more challenge. We manage to reformulate the
problem into a many-to-one matching sub-game followed
by a coalition formation sub-game. Then a constrained
deferred acceptance (DA) algorithm and a coalition formation algorithm are, respectively, proposed to find the
solutions to these two sequential sub-games, which are finally mapped into the solutions to the proposed resource
allocation problem. We prove that our proposed algorithms
are convergent and have low computational complexity.
The characteristics of BBU pool also make our proposed
scheme easier to implement.
r Simulation results show that compared with existing
schemes, our proposed resource allocation scheme can
significantly improve the system performance in terms of
overall throughput, the total number of admitted users and
fairness.
One work that seems to similar to our work is [18]. However, that work considers the spectrum sharing problem in a
cellular network with multiple operators, where only one D2D
pair is allowed to reuse the channel of MUE, while our work
considers the spectrum sharing problem in an H-CRAN, where
multiple D2D pairs and multiple RUEs are allowed to access
the same sub-channel. Therefore, the interference management
in our problem is more challenging. Moreover, [18] develops a Bayesian non-transferable utility overlapping coalition
formation (BOCF) game framework to analyze the problem,
the target of which is to maximize the system performance
measured by the received signal-to-interference-and-noise ratio (SINR). This is also different from our work. In our paper, the problem is first formulated as an optimization problem
with constrains, the objective of which is to maximize the system capacity as well as the number of accommodated underlay
users. Our problem is then reformulated into a many-to-one
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does not exceed its interference threshold. To avoid the serious interference between the RUEs in the same RRH, different
RUEs in the same RRH can only access different sub-channels.
Additionally, in the H-CRAN, the interference between different RRHs is assumed to be eliminated by the BBU pool using
the advanced interference cancelation technology [2].
B. Interference Analysis

Fig. 2.

The system model.

matching sub-game and a coalition formation sub-game for the
solutions.
The rest of this paper is organized as follows. Section II describes the system model of D2D communication in H-CRANs.
In Section III, we formulate the resource allocation problem
as a MINLP problem. Later, in Section IV, the resource problem is transformed into two sub-games and the corresponding
algorithms for solutions of the sub-games are proposed. The
performance evaluation is shown by extensive simulations in
Section V. Finally, we conclude this work in Section VI.
II. SYSTEM MODEL
A. Scenario Description
As illustrated in Fig. 2, we consider a downlink transmission scenario in a typical H-CRAN, in which there exists one
eNB and R RRHs, i.e., RRHr , r ∈ R = {1, ..., R}. Within the
coverage of the macro cell, there are M MUEs, i.e., MUEi ,
i ∈ M = {1, ..., M }. There are also K D2D pairs, i.e., Dk , k ∈
K = {1, ..., K}, randomly distributed in the same macro cell.
The transmitter and receiver of Dk are, respectively, denoted by
DTk and DR
k . Moreover, let RUEr,j , j ∈ Nr = {1, ..., Nr }, be
the jth RUE in RRHr . Here Nr is the number of RUEs randomly distributed within the coverage ofRRHr . Then, the total
number of RUEs in the network is N = R
r =1 Nr . In this paper,
the set of all the RUEs is denoted as N , and the set of all the
RUEs and D2D pairs which are also known as underlay users,
is denoted as V.
Assume that the total resource blocks (RBs) of the system in
the downlink period is divided into M sub-channels, and each
sub-channel is allocated to a MUE according to its location and
actual bandwidth requirement. Let the set of sub-channels be
C. Without loss of generality, sub-channel i, i ∈ M, is assumed
to be occupied by MUEi . To reuse these sub-channels, we assume that each RUE and DUE are only allowed to access one
sub-channel, while each sub-channel can accommodate multiple RUEs and DUEs as long as the interference on the MUE

Let PB , Pr , Pk denote the transmission powers of the eNB,
RRHr and DTk , respectively. The channel gains of the communication link in sub-channel i from eNB to MUEi , from RRHr
i
i
to RUEr,j and from DTk to DR
k are represented by hB , hr,j
and hik , respectively. The channel gains of interference link in
sub-channel i from eNB to RUEr,j , from eNB to DR
k , from
T
RRHr to MUEi , from RRHr to DR
k , from Dk to MUEi , from
are represented by hiB ,r,j ,
DTk to RUEr,j and from DTk to DR
k
i
i
i
i
i
i
hB ,k , hr , hr,k , hk , hk ,r,j and hk ,k  , respectively. Within a very
short scheduling period such as one slot, the channel gains are
assumed to be unchanged. The thermal noise at the receivers
satisfies the independent Gaussian distribution with zero mean
and the same variance σ 2 .
To characterize the sub-channel reusing relationship, we furi
= 1 if sub-channel i is allocated to RUEr,j and
ther let αr,j
i
αr,j
= 0 otherwise, and let βki = 1 if sub-channel i is alloi
cated to Dk , and βki = 0 otherwise. Based on αr,j
, we also
N r i
i
define αr = j =1 αr,j to indicate if sub-channel i is assigned
to RRHr .
Then, when the RUEs and D2D pairs access sub-channel i,
the achievable date rate of MUEi will be
i
diM = Wi log2 (1 + γM
),

(1)
P hi

i
where Wi is the bandwidth of sub-channel i, γM
= I i B +σB 2 is
M
the signal
to interference
plus noise ratio (SINR) of MUEi , and

K
i
i
i
i
i
= R
IM
r =1 αr Pr hr +
k =1 βk Pk hk is the total interference
MUEi suffers from the RRHs and D2D transmitters. Similarly,
The achievable date rate of RUEr,j in sub-channel i will be
i
dir,j = Wi log2 (1 + γr,j
),

(2)

Pr hi

r,j
i
i
where γr,j
= I i +σ
is the SINR of RUEr,j , and Ir,j
=
2
r,j

i
i
PB hiB ,r,j + K
k =1 βk Pk hk ,r,j is the total interference suffered
by RUEr,j from the eNB and D2D transmitters. The achievable
date rate of Dk in sub-channel i will be

i
diD ,k = Wi log2 (1 + γD
,k ),

(3)

P hi

k k
i
i
where γD
is the SINR of Dk , and ID
i
2
,k = I D
,k =
, k +σ


NR
K
i
i
i
i
i
PB hB ,k + r =1 αr Pr hr,k + k  =1,k  = k βk  Pk  hk  ,k is the total interference suffered by Dk from the eNB, RRHs and the
D2D pairs which use the same sub-channel.

III. PROBLEM FORMULATION
The key issue of the resource sharing problem is to provide
a sub-channel reusing scheme for the RUEs and D2D pairs,
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satisfying their QoS requirement and keeping the interference
of the MUEs in an acceptable range.
in
m in
be the minimum rate requirement of
Let dm
r,j and dk
RUEr,j and Dk , respectively. The interference threshold of MUE
th
i
. Let P = {αr,j
| r ∈ R, j ∈ Nr , i ∈ M},
is represented by IM
i
and Q = {βk | k ∈ K, i ∈ M} be the sub-channel assignment
for RUEs and DUEs, respectively. Then the sub-channel assignment problem can be formulated as
⎡
⎤
Nr 
M
R 
K 
M
M



i
diM +
αr,j
dir,j +
βki diD ,k ⎦
max ⎣
(P ,Q )

r =1 j =1 i=1

i=1

M R
×

i=1

r =1

N r

j =1

N

i
αr,j

K

k =1

βki

K

i
th
s.t. IM
≤ IM
, ∀i ∈ M,
M


i
in
αr,j
dir,j ≥ dm
r,j , ∀r ∈ R, j ∈ Nr ,

,

(5)
(6)

A. Many-To-One Matching Game With Externality

(4)

i=1
M


in
βki diD ,k ≥ dm
k , ∀k ∈ K,

(7)

i
αr,j
≤ 1, ∀r ∈ R, j ∈ Nr ,

(8)

i
αr,j
≤ 1, ∀r ∈ R, i ∈ M,

(9)

i=1
M

i=1
Nr

j =1
M


βki ≤ 1, ∀k ∈ K.

IV. RESOURCE ALLOCATION USING MATCHING
THEORY AND COALITION GAME THEORY
In this section, we solve the NP-hard problem proposed in
Section III based on matching theory and coalition game theory. That is, we reformulate the problem into two sequential
sub-games: a many-to-one matching game with externality and
a coalition formation game with user transfer.1 In the first subgame in Sections IV-A and IV-B, we obtain a stable matching
between the underlay users and the sub-channels. Then, in the
second sub-game in Sections IV-C and IV-D, based on the outcome of the first sub-game, the final partition of underlay users
is achieved. In Section IV-E, the final partition of underlay users
is mapped into the solution of the proposed problem.

k =1 i=1

×

[19]−[23] and coalition formation game [24]−[26] for the solution of the proposed problem.

(10)

i=1

From (4) we can see, our problem formulation takes two
factors into consideration: the sum capacity of all the communication links including the eNB-MUE links, RRH-RUE
links and D2D links in the network, and the total number of
the RUEs and DUEs which can be allocated sub-channels. In
such a way, a trade-off between these two factors should be
achieved. In constraint (5), for each MUE, i.e., MUEi , i ∈ M,
the total interference it suffers should lower it’s interference
threshold, such that its transmission can be protected from the
underlay users when they reuse the same sub-channel. With
constraints (6) and (7), the achieved data rate of each RUE, i.e.,
RUEr,j , r ∈ R, J ∈ Nr , and each D2D pair, i.e., Dk , k ∈ K,
in sub-channel i should not lower their minimum data rate
requirements, respectively, such that their QoS is guaranteed.
Constraint (8) ensures that each RUE should be assigned with at
most one sub-channel, and constraint (9) ensures that the RUEs
in the same RRH should be assigned with different sub-channels.
While (10) gives a constraint that each D2D pair should be associated with at most one sub-channel.
Notice that the above formulated problem is a non-convex
and MINLP problem. When the numbers of the MUEs, RUEs
and D2D pairs are large, such a problem will be very difficult to solve. Inspired by [19] and [20], in the next section, we
will propose the effective algorithms based on matching theory

In the proposed resource allocation scheme, the assignment
of channels to the underlay users is in fact a kind of matching.
Definition 1 (Matching): A matching μ is defined as a bidirectional mapping between the set of the underlay users V and
the set of the sub-channels C such that:
a) ∀v ∈ V, we have μ(v) ∈ C ∪ {∅} and |μ(v)| ∈ {0, 1}, and
b) ∀i ∈ C, we have μ(i) ∈ V ∪ {∅} and |μ(i)| ∈ {0, ...,
R + K},
where |μ(·)| denotes the cardinality of matching outcome
μ(·).
According to Definition 1, μ becomes a one-to-one or manyto-one matching if the input of the mapping is the user, and μ
becomes a one-to-many matching if the input of the mapping
is the sub-channel. When a user is not allowed to use a subchannel, or a sub-channel is not assigned to users, we have
μ(v) = ∅ or μ(i) = ∅.
If we suppose both the sub-channels and underlay users are
selfish and rational, then the process of matching, i.e., the process of their decision making, can be formulated as a game.
For any underlay user v ∈ V, it would choose a sub-channel
that can maximize its data rate requirement. Therefore, the utility
function of user v on sub-channel i can be defined as
Uvi = Wi log2 (1 + γvi ),

(11)

i
i
where γvi can be γr,j
or γD
,k defined in (2) and (3), respectively.
While for any sub-channel i which concerns about the
throughput and the total number of the accommodated underlay
users, its utility function of accepting user v ∈ V is given as
i
th
i
) + Wi log2 (1 + γvi ) + τ (IM
− IM
).
Uiv = Wi log2 (1 + γM
(12)
In (12), the first and second terms represent the total throughput
when user v reuses sub-channel i. The third term is used to
describe the user’s impact on the number of underlay users that
could be accommodated, that is, the less aggregated interference
1 Comparing to only reformulating into a coalition game, reformulating into
the two-stage game is superior in both system performance and computational
complexity, as verified in the simulations.
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on the MUE, the more underlay users could be accommodated
later. The weight on these two factors can be adjusted by τ , a
constant whose unit is bit/s/Joule.
To rank the sub-channels or users, a preference relation is
used.
Definition 2 (Preference relation ): A preference relation
is a complete, reflexive, and transitive binary relation between
the players in V and C. That is, a strict preference relation v
is defined over the set of sub-channels C such that for any two
sub-channels c1 , c2 ∈ C, c1 = c2 , we have
c1

v

c2 ⇐⇒ Uvc 1 > Uvc 2 .

(13)

And a strict preference relation c is defined over the set of
underlay users V such that for any two users v1 , v2 ∈ V, v1 = v2 ,
we have
v1

c

v2 ⇐⇒ Ucv 1 > Ucv 2 .

(14)

With the preference relation and the necessary information
broadcasted by the eNB, the users and the sub-channels are
able to build their preference profiles. The resource allocation
problem described in (4)–(10) thus can be formulated as a manyto-one matching game [21].
Definition 3 (Matching game): A matching game G(μ, V ×
C) is defined by two sets of players V and C, and two preference
relations v and c which allow each player to build preference
over one another, resulting in a final matching μ [21].
As we can see, the solution of this game is a matching μ
defined on the set V × C, which assigns for every sub-channel
a subset of users and assigns for every user a sub-channel. In
the next subsection, an algorithm is proposed to find the stable
solution of this matching game.
B. Algorithm for the Matching Game and Properties
For the underlay users in V, their selections of sub-channel
will have influence on each other, which is commonly known
as externality [27]. Moreover, the constraints in (5) to (10) must
be satisfied when the matching is performed. Therefore, the DA
algorithm [28], which is often used to tackle the matching problem, cannot be well applied to such a many-to-one matching. To
address this challenge, we propose a constrained DA algorithm
as shown in Algorithm 1.
The basic idea of the constrained DA algorithm is as follows.
First, the underlay users build their preference profiles based
on (13) and (15). When some users send application to subchannel i, sub-channel i will rank the applicants according to
the preference profile based on (14) and (16), and then for the
most preferred user, sub-channel i will decide whether or not to
add it to the waiting list based on the constraints of (5)–(7). If a
user v has been added to the waiting list, the sub-channel should
consider its effect when selecting the subsequent applicants.
Note that when more than one RUEs in the same RRH apply
for the same sub-channel, the sub-channel will accept the most
preferred one to satisfy the constraints in (8)–(9) and reject the
rest. Then, the rejected applicants should re-apply to their next
best choices. Accordingly, the related sub-channels update their
waiting lists.
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Algorithm 1: Constrained DA Algorithm.
1. Initiate the set of underlay users that are not allocated
sub-channels V  = V.
2. Matching:
r For v ∈ V 
– Build a preference list based on (13) and (15).
r End
While V  = ∅
r For v ∈ V 
– Apply for its most preferred sub-channel.
r End
r For sub-channel i ∈ C
– Build its preference list based on (14) and (16).
– Rank its applicants according to preference list.
– Check from the most preferred applicant. If
constraints (5)–(7) are satisfied, then the sub-channel
adds the applicant to the waiting list, otherwise
rejects it. When more than one RUEs in the same
RRH satisfy the constraints, the sub-channel just
retains the most preferred one that satisfies the
constraints (8)–(9).
r End
r Update V  as the rejected v → V  .
End
3. Obtain the sub-channels and users matching result μ∗ .

In Algorithm 1, estimated utilities, i.e., (15) and (16), are
used instead of accurate utilities, i.e., (11) and (12). This is
because in practice, before all the users and sub-channels make
their selections, the exact interference that an underlay user or
a MUE suffers in a sub-channel is unavailable. To avoid the
impact of externality, an underlay user constructs its preference
profile based on the estimated utility as
vi = Wi log2 (1 + γ
vi ),
U

(15)

Pr hi

where γ
vi = P B h i r , j+σ 2 only depends on the interference from
B ,r,j
the MUE. Similarly, a sub-channel constructs its preference
profile based on the estimated utility as
i
th
 v = Wi log2 (1 + γ
M
) + Wi log2 (1 + γ
vi ) + τ (IM
− IM ,i ),
U
i
(16)
i
,γ
vi , and IM ,i are all depend on the interference from
where γ
M
current RRHs and D2D transmitters. There is a gap between the
outcome of matching based on estimated utilities and that of
matching based on accurate utilities. However, the gap will be
narrowed in the following coalition sub-game.
Remark 1: According to Algorithm 1, since an underlay user
constructs its preference profile based on the estimated utility, it
only needs to know the channel gains of its own communication
links in all sub-channels and the channel gains of interference
links between all the MUEs and itself. Therefore, information
of 2M (K + N ) links is needed as per (15). On the other hand,
when the sub-channels construct their preference profiles in
each iteration, the channel gains of (K + N ) underlay users’
communication links in their applied sub-channels, as well
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as the channel gains of M MUEs’ communication links are
needed as per (16). In such a case, information of K + N + M
links is needed. In the worst case, at most K + N iterations
are needed for all these underlay users are allocated. In total,
the information exchange of Algorithm 1 should be 2M (K +
N ) + (K + N )(K + N + M ) = 3M (K + N ) + (K + N )2 ,
resulting in an overhead of O((K + N )2 ).
Using the constrained DA algorithm, the matching game
G(μ, V × C) can reach a stable matching μ∗ [22] defined as
following with low computational complexity, which will be
proved in Property 1 and Property 2, respectively.
Definition 4 (Stable Matching): A matching μ is said to be
stable, if there does not exist any pair of users v1 , v2 ∈ V that
are assigned to sub-channels c1 , c2 ∈ C simultaneously satisfy
the following conditions:
1) v2 prefers c1 to c2 , i.e., c1 v 2 c2 , and c1 prefers v2 to v1 ,
i.e., v2 c 1 v1 .
2) Equations (5)–(10) are satisfied for all the users in subchannel c1 , if v1 is replaced by v2 .
Property 1: The matching μ∗ resulting from the constrained
DA algorithm is stable.
Proof: It’s obvious that Algorithm 1 is convergent as the
preference lists of the applicants are finite. Assume there exists a
case where v1 , v2 ∈ V are, respectively, assigned to sub-channel
c1 , c2 ∈ C. If v1 is replaced by v2 , we have that v2 prefers c1 to c2
and c1 prefers v2 to v1 , and (5)–(6) are satisfied for all the users
in sub-channel c1 . Then according to step 2 in Algorithm 1, v2
should be assigned to sub-channel c1 . However, this contradicts
with the fact that v2 is assigned to sub-channel c2 . Therefore, the
matching μ∗ resulting from the constrained deferred acceptance
algorithm is guaranteed to be stable.

Property 2: Algorithm 1 has a complexity of O(M (N +
K)3 ) in the worst case.
Proof: The computational complexity of Algorithm 1 is
dominated by step 2. Note that the first for-loop in step 2
is related to the underlay users’ preference function calculation and the sorting of each sub-channel, its complexity is
(N + K)(M + M 2 ). Moreover, in each iteration of the whileloop, the second for-loop, which is related to the sub-channels’
preference function calculation, the sorting of each underlay
user and the checking of the constraints for each applicant,
has a complexity of M (N + K) + M (N + K)2 + 4M (N +
K) = 5M (N + K) + M (N + K)2 . Since at most K + N iterations are needed for all these underlay users are allocated,
the computational complexity of the while-loop should be
(K + N )(5M (N + K) + M (N + K)2 ). Thus, Algorithm 1

has a complexity of O(M (N + K)3 ) in the worst case.
C. Coalition Formation Game With User Transfer
After the matching sub-game, we open a window for the
transfers of underlay users. On one hand, the underlay users
might have incentive for potential transfers, depending on their
actual perceived utility as per (11). For example, if some subchannels have only accommodated a small number of RUEs and
D2D pairs, and the MUEs in these sub-channels suffer little interference, it would be beneficial for some users to transfer
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from heavy-loaded sub-channels to the light-loaded subchannels. On the other hand, such transfers enable the system,
i.e., sub-channels, to improve the overall performance and reach
the optimization target of the originally formulated problem in
(4)–(10). To study the users’ transfers and the sub-channels’
acceptance, we first model such a process as a coalition game
[23], [24], and then propose an algorithm to find the solution
of the game. Finally, some properties of the proposed algorithm
are analyzed.
Here, a coalition Si ⊆ V is the set of underlay users and MUE
that are allocated to sub-channel i. Then we have ∪M
i=1 (Si \
MUEi ) = V. Since each underlay user is allowed to access only
one sub-channel, ∀i, j ∈ M and i = j, there is Si ∩ Sj = ∅.
Let Ri = {r|RUEr,j ∈ Si , ∀j} be the set of subscript of RRH
which has RUEs in Si , Jr,i = {j|RUEr,j ∈ Si } be the set of
subscript of RUEs of RRHr in Si , and Ki = {k|Dk ∈ Si } be
the set of subscript of D2D pairs in Si . Then the utility of MUE
in coalition Si can be defined by its achievable rate as
UM (Si ) = dM (Si ) = Wi log2 1 +

PB hiB
,
IM (Si ) + σ 2

(17)



where IM (Si ) = r ∈Ri Pr hir + k ∈Ki Pk hik is the interference the MUE suffers. Similarly, within Si the utility of the
RUE, say RUEr,j , will be
Ur,j (Si ) = dr,j (Si ) = Wi log2

1+

Pr hir,j
, (18)
Ir,j (Si ) + σ 2


where Ir,j (Si ) = PB hiB ,r,j + k ∈Ki Pk hik ,r,j is the total interference suffered by RUEr,j from the eNB and D2D transmitters.
The utility of the DUE, say Dk , is
Pk hik
,
(19)
Ik (Si ) + σ 2


where Ik (Si ) = PB hiB ,k + r ∈Ri Pr hir,k + k  ∈Ki ,k  = k Pk 
hik  ,k is the total interference suffered by Dk from the eNB,
RRHs and the D2D pairs which access the same sub-channel.
The utility of coalition Si thus can be given as
 

Γ(Si ) = UM (Si ) +
Ur,j (Si ) +
Uk (Si ). (20)
Uk (Si ) = dk (Si ) = Wi log2 1 +

r ∈Ri j ∈Jr , i

k ∈Ki

From (18) and (19), we can see the utility of an underlay user
is determined by the bandwidth of the sub-channel as well as the
interference from other users in the same sub-channel. Hence,
supposing the users are selfish and rational, it is impossible for
all of them to access the same single sub-channel, because the
more users in a sub-channel, the higher interference that they
will suffer, and the lower utility they will obtain. Instead, a user
tends to select the sub-channel where there is larger bandwidth
and/or less interference. The underlay user keeps changing its
selection, until its utility is maximized. In such a case, the process of the underlay users’ choosing the sub-channels can be
formulated as a coalition game, where the objective is to enable
the users to change from one coalition to another, depending on
their utilities and the acceptance of the coalition.
Definition 5 ( Coalition game): A coalition game is identified by the pair (Π, Φ), where Π = {S1 , S2 , · · · , SM } is a
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partition of the underlay users, and Φ is a mapping with Π that
assigns for every coalition Si ∈ Π a utility Γ(Si ).
Note that when some users transfer from one coalition to
another, the partition of the underlay users Π changes, and finally
reaches a stable partition, if there exists.
Generally, the optimal partition, i.e., the optimal solution, of a
coalition game is obtained through exhaustive search. However,
the number of all possible partition increases exponentially with
the number of underlay users [29], making exhaustive search impractical. In such a case, we will propose a suboptimal algorithm
with low computational complexity.
D. Algorithm for the Coalition Formation Game
and Properties
Before proposing the algorithm for the coalition game, a
transfer rule and an acceptance rule for the underlay users and
the sub-channels, respectively, are first introduced to better understand the nature of their selection.
Definition 6 (Transfer rule): Given a partition Π = {S1 , S2 ,
· · · , SM } of V, for any underlay user v ∈ Si to transfer to

), and 2) v is
Sm , i, m ∈ M and i = m, if 1) Uv (Si ) > Uv (Sm

accepted by Sm . Here, Sm = Sm ∪ {v}, and Uv (·) is defined in
(18) and (19).
Definition 7 (Acceptance rule): Given a partition Π =
{S1 , S2 , · · · , SM } of V, for any underlay user v ∈ Si to be
accepted by coalition Sm , i, m ∈ M and i = m, the following
conditions should be satisfied:

th
) ≤ IM
,
1) IM (Sm

in
2) dr,j (Sm ) ≥ dm
r,j , ∀r ∈ Rm , ∀j,

m in
3) dk (Sm ) ≥ dk , ∀k ∈ Km ,

) > Γ(Si ) + Γ(Sm ),
4) Γ(Si ) + Γ(Sm

where Si = Si \{v}.
The transfer rule ensures that the user’s utility will be improved after transfer, and this is why an underlay user has
incentive to deviate from the current coalition. While the acceptance rule lists the necessary conditions for a coalition to
accept a new comer. Under these conditions, the QoS of existing members in the coalition will be guaranteed by 1), 2) and/or
3), and the collaboration of the original and the target coalitions
is stimulated to value the overall social welfare of the network
by 4).
Note that when multiple underlay users apply to transfer to the
same sub-channel, the transfer order is a significant factor that
should be taken into consideration. For example, user v1 ∈ Si 1
and v2 ∈ Si 2 both expect to transfer to Si 3 and their conditions
both satisfy the transfer rule. However, when one of the user is
accepted by Si 3 , it is possible that the other’s condition may not
meet the transfer rule. In such a case, the transfer order will have
an effect on the utility of coalition and the resource allocation
results. To capture the sub-channel’s preference to the transfer,
we define a transfer factor for any user v ∈ Si which attempts
to transfer to Sm as follow
φv (Si , Sm ) = Γ(Si \{v}) + Γ(Sm ∪ {v}) − Γ(Si ) − Γ(Sm ).
(21)
Then when multiple underlay users apply to transfer, coalition
Sm will accept the one with the largest transfer factor. As we can
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Algorithm 2: Coalition Formation Algorithm.
1. Set t = 0, Π0 = Πini , ε = 0.01 and ε1 = 1.
2. While ε1 > ε
r For v ∈ V
– Indicate its most preferred transfer according to the
transfer rule defined in Definition 6.
r End
r For S t ∈ Πt
i
– Filter the applicants according to the acceptance rule
defined in Definition 7.
– Select the applicant with the largest transfer factor
defined in (21) and rejects the rest.
– Update Sit+1 with Sit and the accepted applicant.
r End
r t = t + 1.
r Update Πt as Πt = {S t , S t , · · · , S t }.
M
r ε1 = ||Πt − Πt−1 ||2 . 1 2
End
3. Return Πt as the final partition, i.e., Πﬁnal = Πt .
see, the transfer factor provides an efficient way to distinguish
the potential user transfers to improve the performance of the
system.
With the transfer rule, acceptance rule and the transfer factor,
we design the coalition formation algorithm to obtain the final
partition of underlay users, as presented in Algorithm 2.
According to the coalition formation algorithm, an initial par0
} at the beginning of
tition Π0 is set as Π0 = {S10 , S20 , · · · , SM
0
0
0
} is the correspondthe coalition game. Here {S1 , S2 , · · · , SM
ing partition of the underlay users when the stable matching μ∗
is given. Then each underlay user has the chance to indicate
its most preferred transfer to another coalition, if the transfer satisfies the transfer rule. Based on the users’ indication,
each coalition filters the applicants according to the acceptance
rule, and chooses the applicant with the largest transfer factor
according to (21) and rejects the rest. The coalition’s acceptance or rejection results in a new partition Πt . This process
repeats until Πt converges, i.e., ||Πt − Πt−1 ||2 < ε. At last,
we have the final partition Πﬁnal , which can be mapped into
the final solution to the resource allocation problem defined
in (4)–(10).
The proposed coalition formation algorithm has some nice
properties, as described in Property 3 and Property 4.
Property 3: Starting from any initial partition Πini ,
Algorithm 2 is guaranteed to converge to a final partition Πﬁnal .
Proof: Given any initial partition Πini and let Π0 = Πini , the
coalition formation process can be seen as a sequence of transfer
operations, e.g.,


Π0 → Π1 → Π2 → · · · → Πt → Πt · · · ,
{S1t , S2t , · · ·

(22)

where Π =
sitions.
Given any partition Πt , according to the definition of transfer
rule and the acceptance rule, after user v ∈ V transfers from
coalition Si 1 to Si 2 , we have Γ(Si 1 \{v}) + Γ(Si 2 ∪ {v}) >
Γ(Si 1 ) + Γ(Si 2 ). On the other hand, since there exists no
t

t
, SM
} is a partition formed after t tran-
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Algorithm 3: Sub-Channel Allocation Algorithm.
1. Given the set of the RUEs and D2D pairs V, the set of
sub-channels R.
2. Get a stable matching μ∗ based on Algorithm 1.
3. Map μ∗ to Πini as μ∗ → Πini , and obtain the final
partition Πﬁnal of the set V based on Algorithm 2.
4. Map Πﬁnal into P × Q as Πﬁnal → P × Q, and obtain
the resource allocation solution to the problem defined in
(4)–(10).
interference between different sub-channels, the user v’s transfer between coalition Si 1 and Si 2 does not affect the utilities
of other coalitions in Πt \{Si 1 , Si 2 }. Therefore, for any transfer

Πt → Πt , the following inequality always holds:


Γ(Si ) >
Γ(Si ).
(23)
S i ∈Π t 

S i ∈Π t

Equation (23) suggests that the user’s transfer will increase
the overall utility of the system. Equation (23) also suggests


that for any transfer Πt → Πt (t = t ), Πt = Πt always holds.
Since the number of partitions of a set is finite and equal to the
Bell number [19], and the total utility of the system is bounded,
the transfer sequence in (22) is guaranteed to converge to a final

partition Πﬁnal .
Property 4: Algorithm 2 has a complexity of O(T M (N +
K)), where T is the number of while-loop iterations.
Proof: The computational complexity of Algorithm 2 is
dominated by step 2. Within each iteration of the while-loop
in step 2, the complexity of the first for-loop is (N + K)M
and (N + K)M when the users get the most preferred transfers
and check the transfer rule for transfers, respectively. For subchannels to select the applicant with the largest transfer factor,
the second for-loop has a complexity of (7 + M )(N + K). In
total, the computational complexity of step 2 will be T [2M (N +
K) + (7 + M )(N + K)] = T (7 + 3M )(N + K), where T is
the number of while-loop iterations. Therefore, Algorithm 2 has
a complexity of O(T M (N + K)).


The sub-channel allocation algorithm which aims to solve
the proposed problem in (4)–(10) is shown in Algorithm 3.
Algorithm 3 includes four steps. In the first step, the sets V and
R are given. In the second step, a stable matching μ∗ is obtained
by Algorithm 1. Based on the outcome of the second step, a final
partition Πﬁnal of the set V can be obtained through Algorithm 2.
Finally, Πﬁnal is mapped into P × Q, which is the resource
allocation solution to the problem defined in (4)–(10).
Remark 2: To evaluate the fairness of underlay users in
Algorithm 3, the Jain’s fairness index [30] is used to verify
whether all the underlay users can have their minimum rate
requirement satisfied, i.e.,
F =

i=1

(K + N )

2
in
(Ti − dm
)
i

K +N
i=1

in )2
(Ti − dm
i

,

V. PERFORMANCE EVALUATION
In this section, numerical simulations are performed to validate the efficiency and performance of the proposed resource
allocation algorithm.

E. Algorithm for the Solution to the Proposed Problem

K +N

in
is its
where Ti is the throughput of underlay user i, and dm
i
minimum rate requirement. From Algorithm 3 we can see, the
fairness of underlay users can be guaranteed. This is because
Algorithm 3 is mainly constructed by Algorithm 1 and
Algorithm 2. In Algorithm 1, each underlay user has a chance
to select the best sub-channel for its rate requirement. Moreover, in Algorithm 2, an underlay user may transfer to another
coalition, where it can further increase its utility. Notice the new
comer may degrade the performance of underlay users which
have already in the target coalition, in that the new comer introduces more interference to the original coalition members,
thus lower their utilities. Nevertheless, such unfairness, i.e., individual utility degradation, can be controlled by the acceptance rule, which not only requires that the achievable rate of
original coalition members should not lower than their minimum rate requirements after accepting the new comer, but also
requires that the sum utility of the original and target coalitions should be increased after the user’s transfer, meaning the
social welfare as well as the average utility of each user is
improved.
In the following, we will prove in Theorem 1 that Algorithm 3
can converge in a finite number of steps.
Theorem 1: Algorithm 3 converges to a final stable resource
allocation outcome in a finite number of steps.
Proof: Notice that Algorithm 3 is mainly constructed by
Algorithm 1 and Algorithm 2. According to Property 1 and
Property 3, we can conclude that Algorithm 3 converges to a
final stable outcome, which is the solution to the proposed resource allocation problem. In the worst case, Algorithm 1 has a
complexity of O(M (N + K)3 ) according to Property 2, while
Algorithm 2 has a complexity of O(T M (N + K)) according
to Property 4. Since T << (N + K)2 , the computational complexity of Algorithm 3 is dominated by Algorithm 1, and thus has
a complexity of O(M (N + K)3 ). In summary, we can conclude
that Algorithm 3 converges to a final stable resource allocation
outcome in a finite number of steps.


(24)

A. Simulation Settings
We consider a 10 MHz LTE-A macro-cell with R = 3 small
cells. The eNB is located at (0, 0) of the plane with a radius
of 500√m, while the positions
of RRHs is located at (0, 350),
√
(−175 3, −175), (175 3, −175) with equal radius of 150 m.
To avoid the severe co-channel interference from the base stations to the D2D pairs, we require that the distance from the D2D
transmitter to the eNB must exceed d1 = 40 m, while the distance from the D2D transmitter to the RRHs exceed d2 = 100 m.
The minimum data rates of RUEs and DUEs are chosen randomly in the set of (0.1, 0.2, ..., 2)Mbps, and the interference
threshold for RUEs and DUEs is set to −75 dBm. Each MUE in
system is randomly pre-allocated 1 to 3 RBs. Other simulation
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TABLE I
SIMULATION SETTINGS
Parameters
System bandwith
Number of RRH (R)
Number of MUEs
Number of RUEs in each RRH
eNB/RRH/D2D transmission power
Noise spectral density
Path loss model for CUE and DUE
Path loss model for D2D pair
Antenna Gain for eNB, RRH and UEs
Shadow fading for cellular link/D2D link
Bandwidth per RB
τ

Value
10 MHz (50 RBs)
3
20
8
43 dBm /33 dBm /23 dBm
−174 dBm/Hz
128.1 + 37.6 log 10 (d)[km]
148 + 40 log 10 (d)[km]
14 dBi, 12 dBi, 0 dBi
10 dB/12 dB
12 * 15 kHz = 180 kHz
2 ∗ 10−2

Fig. 4. The system throughput vs. the MUE’s interference threshold when the
number of DUEs is 22.

Fig. 3. The system throughput vs. the number of DUEs when the MUE’s
interference threshold is −90 dBm.

settings are listed in Table I and all the results are averaged over
10000 simulations.
B. Performance Analysis
To evaluate the performance, we compare our scheme with
the Heuristic scheme in [31] and the deferred acceptance based
resource allocation algorithm (DARA) in [8]. In the Heuristic
scheme, the sub-channels are first sorted in descending order
based on their CQI, and then, from the sub-channel with the
largest CQI, the unsigned D2D pairs are associated with the subchannels in the ascending order of channel gain. In the DARA
scheme, the D2D pairs are matched with the cellular users according to a preference matrix which is calculated based on the
location of the D2D pairs and the cellular users. We also evaluate the performance of the constrained deferred acceptance
algorithm (Constrained-DA) which is the first phase of our proposed scheme, and the performance of Coalition Only algorithm
where the proposed problem is purely reformulated into a coalition game. In addition, a random resource allocation algorithm
is given as a benchmark.
We first compare the performance of the six schemes in terms
of system throughput, and the results are shown in Figs. 3 and

4. From Figs. 3 and 4, we can see the that given the number of
DUEs or the interference threshold of MUE, the random allocation algorithm performs the worst as expected, in that it just
randomly allocates the sub-channels to the DUEs and RUEs.
The performance of Heuristic and DARA approaches is worse,
because they only consider the channel gain or the interference
between the MUE and D2D pairs, neglecting the interference
between RUEs and MUEs and the interference between RUEs
and D2D pairs. The Constrained-DA and Coalition Only outperform all the above three approaches, because they consider
the channel gain, bandwidth and the actual data requirement of
the underlay users when performs resource allocation. While
our proposed scheme, which includes the Constrained-DA and
the coalition formation algorithm, performs the best among the
six schemes. This is because other than matching, the coalition
formation algorithm allows some users to deviate from the more
preferred but congested sub-channels to the less preferred but
less congested ones.
Next, the performance of the six schemes in terms of the
number of admitted users is investigated, and the results are
shown in Figs. 5 and 6. From both Figs. 5 and 6, we can see
that the number of admitted users of all the schemes increases
as the number of DUEs increases or the interference threshold
of MUE decreases. Specifically, in Fig. 6, when the interference
threshold of MUE reaches −86 dBm, the number of admitted
users can reach 96.7%, 96.7%, 95.2%, 95.6%, 93.9% of the total
number of underlay users in our proposed scheme, the Coalition
Only scheme, the Constrained-DA scheme, Heuristic scheme
and DARA scheme, respectively. In both figures, our proposed
scheme and Coalition Only scheme have the best performance.
This is because these two scheme not only allow some users to
deviate to the less congested sub-channels, but also gives some
unallocated users a chance to access to some less congested
sub-channels with the coalition formation algorithm. We notice
that the number of admitted users of Constrained-DA is slightly
less than that of the Heuristic approach, because more system
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Fig. 5. The number of admitted DUEs and RUEs vs. the number of DUEs
when the MUE’s interference threshold is −90 dBm.
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Fig. 7.

The fairness index of six schemes.

Fig. 8.

Convergence of our proposed scheme.

Fig. 9.

The computational complexity vs. the number of DUEs.

Fig. 6. The number of admitted DUEs and RUEs vs. the MUE’s interference
threshold when the number of DUE is 22.

throughput is achieved by Constrained-DA as a tradeoff through
reasonable channel and user association. The DARA scheme
does not performs as well as the Heuristic and Constrained-DA
scheme, since the preference function of the DARA is only based
on proximity measurements and neither channel condition nor
the channel bandwidth is incorporated. The random scheme,
which allocates the DUEs and RUEs sub-channels randomly,
has the worst performance.
In the third simulation, we evaluate the performance of the six
schemes in terms of fairness. Hence, the Jain’s fairness index defined in (24) is used. Note that the fairness index varies between
0 and 1, with a larger value meaning more fairness. From Fig. 7
we can see that the Jain’s fairness index of our proposed scheme
is comparable to that of the Coalition Only scheme, both of
which are the highest. Moreover, the Jain’s fairness index of our
proposed scheme is almost unchanged along with the increase
of the number of underlay users, indicating that our scheme can
achieve a fairly good performance on fairness.

Finally, we verify the convergence property and computational complexity of our proposed scheme, and the results are
shown in Figs. 8 and 9, respectively.
From Fig. 8 we can see that as the iteration times increase, the
system throughput increases and finally reaches the maximum
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value after several iterations. When the number of DUEs K
increases from 15 to 25 and then to 35, the final iteration times
just increases from 4 to 5, meaning the convergence trend will
not be affected too much by the number of DUEs. Such a phenomenon results from the fact that in each round of the matching
algorithm, each sub-channel only accepts the user with the
largest preference, while in each round of the coalition formation algorithm, each sub-channel only accepts the user with
the largest transfer factor.
Fig. 9 verifies that the computational complexity of our
two-stage approach is lower than that of Coalition Only. This
is because Algorithm 1 (i.e., the matching subgame) has a
complexity of O(M (N + K)3 ) in the worst case, and Algorithm 2 (i.e., the coalition subgame) has a complexity of
O(T M (N + K)), according to Property 2 and Property 4, respectively. When Algorithm 2 starts from any initial partition,
there is T >> (N + K)2 , implying a very high computational
complexity if the proposed problem is reformulated into the
Coalition Only scheme. Nevertheless, if Algorithm 2 follows
Algorithm 1, i.e., the coalition sub-game follows the matching
subgame and starts from the partition obtained by the matching
subgame, it only takes the coalition sub-game a few iterations
to converge, resulting a very small T and a low computational
complexity of this two-stage approach.
VI. CONCLUSION
In this paper, we investigate the resource allocation problem
in a downlink H-CRAN with D2D communication, where multiple D2D pairs and RUEs are allowed to reuse the sub-channel
that has preassigned to a MUE. We formulate the resource allocation problem as a MINLP problem which is NP-Hard. To
solve this problem, we reformulate it into a many-to-one matching game with externality followed by a coalition game. Then
a constrained DA algorithm and a coalition formation algorithm are proposed to give solutions to these two sequential
sub-games, respectively. The stability and complexity of these
two algorithm are also theoretically proved. Based on the above
two algorithms, the solution of our proposed problem is finally
achieved. Through simulations, we demonstrate the effectiveness of the proposed algorithm in terms of system throughput,
the number of admitted users, and fairness.
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