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Abstract In recent years, energy efficiency has become an important topic, especially in the field of ultradense networks (UDNs). In this area, cell-association bias adjustment and small cell on/off are proposed
to enhance the performance of energy efficiency in UDNs. This is done by changing the cell association
relationship and turning off the extra small cells that have no users. However, the variety of cell association
relationships and the switching on/off of the small cells may deteriorate some users’ data rates, leading to
nonconformance to the users’ data rate requirement. Considering the discreteness and non-convexity of the
energy efficiency optimization problem and the coupled relationship between cell association and scheduling
during the optimization process, it is difficult to achieve an optimal cell-association bias. In this study, we
optimize the network energy efficiency by adjusting the cell-association bias of small cells while satisfying the
users’ data rate requirement. We propose an energy-efficient centralized Gibbs sampling based cell-association
bias adjustment (CGSCA) algorithm. In CGSCA, global information such as channel state information, cell
association information, and network load information need to be collected. Then, considering the overhead
of the messages that are exchanged and the implementation complexity of CGSCA to obtain the global
information in UDNs, we propose an energy-efficient distributed Gibbs sampling based cell-association bias
adjustment (DGSCA) algorithm with a lower message-exchange overhead and implementation complexity.
Using DGSCA, we derive the updated formulas for calculating the number of users in a cell and the users’
SINR. We analyze the implementation complexities (e.g., computation complexity and communication complexity) of the proposed two algorithms and other existing algorithms. We perform simulations, and the
results show that CGSCA and DGSCA have faster convergence speed, as well as a higher performance gain
of the energy efficiency and throughput compared to other existing algorithms. In addition, we analyze the
importance of the users’ data rate constraint in optimizing the energy efficiency, and we compare the energy
efficiency performance of different algorithms with different number of small cells. Then, we present the
number of sleeping small cells as the number of small cells increases.
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Introduction

Driven by the exponential growth of wireless traffic requirements, network operators have to address 1000x
network capacity demands in fifth-generation (5G) networks [1]. A promising solution for 5G networks
is ultra-dense networks (UDNs), which can improve the network capacity and coverage performances via
infrastructure densification [2]. In UDNs, ultra dense low-power and low-cost small cells are co-channel
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deployed in the coverage area of macrocells, which brings not only opportunities but also challenges.
The opportunities result from the higher service quality offered to users arising from the reuse of the
frequency spectrum, while the challenges refer to the serious inter-cell interference (ICI) and the load
imbalance among cells [3, 4]. Besides, with the large-scale deployment of small cells in UDNs, the energy
consumption of networks increases rapidly [5].
According to the statistics reported by manufacturers and network operators, in each year, 60 billion
kWh of electric energy are consumed by cellular networks, 65% of which is related to base station
operations [6]. In order to alleviate the negative effort of the network on energy savings, the international
collaborative project, the energy aware radio and network technologies (EARTH), was initiated, and
there have been significant efforts to develop green communication technologies to improve the energy
efficiency, which is defined as the ratio of the throughput to the energy consumption of the network [7].
There have been many valuable contributions on UDNs and energy efficiency. In [8], the authors
propose a distributed network architecture for 5G ultra-dense cellular network, and they investigated the
impact of backhaul network capacity and backhaul energy efficiency on the network densification. In [9],
the users’ mobility performance, e.g., the user pause probability, user arrival, and departure probability,
is investigated in the 5G small cell network based on individual mobility models, and they derive the
coverage probabilities of the small cells and the macrocell. In early studies, the authors focused on the
transmission power optimization to maximize the energy efficiency. In [10], a unique optimallink adaptive
transmission scheme is derived to maximize the energy efficiency. However, the EARTH technical report
implies that the transmission power is responsible for only a small portion of the energy consumption of a
small cell [11]. In other words, by adjusting the transmission power of the small cells, we can realize only
a small reduction in energy consumption. The small cell on/off technique is a more efficient method to
realize energy savings and improve the energy efficiency. This technique can transfer users between base
stations and turn off the small cells in an energy-efficient way. For this reason, the small cell on/off scheme
and cell association algorithm are usually jointly considered. Some works studied the energy efficiency
optimization problem by changing the cell association and turning off the small cells that have no users.
Applying the stochastic geometry theory, the authors in Ref. [12] derived the closed-form expressions of
the optimal base station density to minimize the area power consumption and analyzed the optimal type
of base stations to be deployed or turned off. From the perspective of the optimization algorithm, in [13],
the cell association and resource allocation are jointly optimized to maximize the energy efficiency under
the fixed small cell on/off mode, and then the small cell operation pattern is iteratively optimized.
The reference signal received power (RSRP)-based cell association scheme [14] and bias-based cell
association scheme [15] are two basic cell association schemes that are investigated for cellular networks.
Owing to the strong downlink interference resulting from high power macrocells, under the conventional
cell association method based on the maximum RSRP, the coverage of the small cells has decreased,
which leads to a gross underutilization of small cells and limits the network spectrum/energy efficiency
improvement [16]. The energy efficiency can be improved by optimizing the conventional binary decision
on the cell association relationship, but the computational complexity is high and the method is sensitive
to changes in the network topology. A simple and efficient bias-based cell association method is proposed
in [17]. In the bias-based cell association scheme, an artificial bias is added to each cell, and each
user is associated with the cell, which provides the maximum biased reference signal receiving power
(BRSRP) [18]. By setting a positive cell-association bias value, a small cell can offload users from the
heavy load macrocell and surrounding small cells, which appears as if the coverage range of the small
cell is expanded and more resources are made available to offloaded users. If the benefits of resources
resulting from the user transfer can mitigate for the SINR degradation, then the network throughput
can be improved. In contrast, if the cell-association bias of a small cell is negative, the users of the
small cell will be transferred to the macrocell or to its surrounding small cells, and the source small cell
can be switched to sleep mode to reduce the energy consumption of the network if all of its traffic is
offloaded. In summary, from an energy efficiency perspective, the cell-association bias optimization can
both improve the system throughput through the optimized resource reallocation and can reduce the
energy consumption of the network through small cell sleeping, which can ultimately promote the energy
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efficiency of the network.
The bias-based cell association schemes can be summarized as the following two classical patterns:
the tier-specific cell-association bias scheme and the cell-specific cell-association bias scheme. In the tierspecific cell-association bias scheme, the small cells in each tier have an identical cell-association bias.
However, this scheme is only efficient when the traffic or user distribution between different small cells is
almost identical. When the traffic or user distribution between different small cells differs significantly, the
efficiency of the tier-specific cell-association bias-based scheme becomes low [19]. In the cell-specific cellassociation bias scheme, each small cell, even those within the same tier, has a different cell-association
bias, which addresses the scenario where there are differences among small cells [20].
In this paper, we focus on the scenario of the cell-specific cell-association bias. In [21], the authors jointly optimized the transmission power and the cell-specific cell-association bias to alter the user association,
and they turned off the extra small cells to maximize the energy efficiency of the small cells. However,
the cell-association bias was assumed to be a continuous optimization variable, and the users’ data rate
constraint was not taken into consideration. In practice, in the 3GPP standards, the recommended cellassociation bias setting is discrete and each user has its own data requirement [22]. Considering that
biased users may experience unfavorable channels and suffer from strong interference from the original
base station, the ability to improve the energy efficiency is relative to the selected cell-association bias
values. Therefore, it remains a problem of how to maximize the energy efficiency by optimizing the
discrete cell-association bias, while meeting the users’ data rate requirement.
Because of the increasing density of small cells, existing cell association algorithms cannot be applied
to the UDNs owing to the large information-exchange overhead, high computation complexity, and slow
convergence speed. As a reinforcement-learning approach, Gibbs sampling can be used to solve the discrete optimization problems with low computation complexity and fast convergence speed. For instance,
it can be used to maximize the sum of the user rates in cognitive radio networks [23], and can maximize
the system throughput and proportional fairness in wireless sensor networks [24]. In [25], the authors
studied the Gibbs sampling and the variant Metropolis-Hastings (MH) algorithm, and they proposed an
enhanced MH algorithm with a priori known target state distribution to improve the convergence speed.
To the best of our knowledge, Gibbs sampling has not been used to optimize the cell-association bias for
energy efficiency, while satisfying the users’ data rate requirement in UDNs.
As discussed above, in this paper, we first formulate an energy efficiency optimization problem considering the users’ data rate constraint and the discrete cell-association bias criteria. Then, we propose
two energy-efficient Gibbs sampling based cell-association bias adjustment algorithms to solve the optimization problem. The first one is the centralized Gibbs sampling based cell-association bias adjustment
(CGSCA) algorithm, in which the central macrocell makes the decision using the global information,
such as channel state information, network load information, and cell-association information. After
that, considering the overhead of the exchanged messages and the implementation complexity of CGSCA
to obtain these sets of information, we propose a distributed Gibbs sampling based cell-association bias
adjustment (DGSCA) algorithm by adopting the local information, and we derive the information about
the updated number of users and SINR are derived. Finally, we analyze the communication complexity
and communication overhead, and we perform numerous simulations.
The remainder of this paper is organized as follows. In Section 2, we introduce the system model of a
two-tier UDN. Then, in Section 3, we formulate the energy efficiency maximization problem and analyze
the NP-hardness of the problem. In Section 4, we propose the energy-efficient Gibbs sampling based cellassociation bias adjustment algorithm, which includes the original Gibbs sampling algorithm, CGSCA
and DGSCA algorithms. In Section 5, we analyze the computational complexity and the communication
complexity of the proposed algorithms, and in Section 6, we present the system level simulations, including
the simulation parameters and results. Finally, we conclude the paper in Section 7.

2

System model

Consider a downlink co-channel OFDM macrocell-picocell UDN scenario where there exists NM macrocells,
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NP picocells, and NU users. The set of cells is C = {M ∪ O}, where M = {M1 , M2 , . . . , MNM } is the set of
macrocells and O = {O1 , O2 , . . . , ONP } is the set of picocells. The set of users is U = {U1 , U2 , . . . , UNU }.
We applied the cell-specific cell-association bias-based cell association criteria, and the feasible cellassociation bias value is discrete. The set of cell-association bias is B = {Bmin , B + ∆, . . . , Bmax }, where
∆ is the adjustment interval of the cell-association bias, and Bmax and Bmin are the maximum and
the minimum cell-association bias value, respectively. We adopted the open-access mode as the access
criterion so that the users can select any cell as their serving cell. We denote the transmission power of
rec
cell i as Pi , and the RSRPPi,k
of user k from cell i can be calculated as
rec
Pi,k
= Pi Gi,k , i ∈ C, k ∈ U,

(1)

where Gi,k , which consists of the antenna gain, shadow fading, and path loss, is the average channel
gain between cell i and user k. To avoid frequent handovers, in a practical system, the users’ serving
cell cannot be continuously changed [26]. Considering that the cell-association bias adjustment has
a coupled relationship with the serving cell decision of the users, the cell-association bias adjustment
should be carried out over a large time scale that is much slower than the time scale of small-scale fading.
Therefore, as in other related studies [24, 27, 28], small-scale fading was not considered in the calculation
of the average channel gain.
The cell-association bias is only employed in each small cell. In other words, the cell-association bias
for a macrocell i (i ∈ M) is Bi = 0 dB, and that for a picocell i (i ∈ O) is Bi ∈ B. The users’ serving
cell association criteria based on BRSRP can be expressed as

rec
ζk (B) = arg max Pi,k
+ Bi ,
(2)
i∈C

where ζk (B) is the serving cell of user k under the bias set B. The SINR of user k associated with cell
ζk is
Pζk Gζk ,k
,
(3)
γk,ζk (B) = P
i∈C/ζk Pi Gi,k + N0

where Pζk and Pi are the transmission power of the serving cell and interference cell of user k, respectively.
N0 is the noise power.
The bandwidth of each cell is a constant denoted as W . There are two factors that affect the bandwidth
allocation of user k. The first is the number of users Zζk in user k’s serving cell ζk , and the other is the
SINRγk,ζk (β) of user k. Therefore, the allocated bandwidth of user k is
Wk (Zζk (B) , γk,ζk (B)) = fW (Zζk (B) , γk,ζk (B)) ,

(4)

where Wk is the bandwidth allocation of user k. From the perspective of fairness and throughput,
Ref. [27] proved that the optimal bandwidth allocation for the large time-scale condition is to have an
equal bandwidth allocation among all users. Therefore, we adopt the equal-bandwidth allocation scheme
for each user, and the bandwidth allocation of user k can be expressed as Wk (Zζk (B)) = W/Zζk (B).
According to the Shannon expression, the achievable data rate of user k can be represented as
Rk (Zζk (B) , γk,ζk (B)) = Wk (Zζk (B)) log2 (1 + γk,ζk (B)) .

(5)

We denote Ri as the total achievable data rate of users for cell i, and the network throughput can be
calculated by
X
XX
Thput (Z (B) , γ (B)) =
Ri =
Rk (Zζk (B) , γk,ζk (B)),
(6)
i∈C

i∈C k∈i

where Z (B) and γ (B) are the sets of the number of users and the SINR under the cell-association bias
set B of the whole network, respectively.
Using the liner approximation energy consumption model given by [11], the energy consumption of
macrocell v and picocell c are
v
0
v
PM
(7)
com = PM + ∆M PM ,
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PP0 + ∆P PPc ,

if Zc (Bc ) > 0,

PPS ,

if Zc (Bc ) = 0,

(8)

0
where PM
and PP0 are the energy consumption of the macrocell and picocell in the idle state, respectively.
PM and PP are the transmission power of the macrocell and picocell, respectively. ∆M and ∆P are the
reciprocal of the power amplifier efficiency of the macrocell and picocell, respectively, and PPS is the
energy consumption of the picocell in the sleep state. The energy consumption of the whole network can
be calculated by
X
 X 0


0
v
Ptotal (Z (B)) =
PM
+ ∆M PM
+
PP + ∆P PPc Lc (Bc ) + PPS (1 − Lc (Bc )) ,
(9)
v∈M

c∈O

where Lc is a traffic indicator. If the number of users in the cell c is zero, i.e., Zc (Bc ) = 0, the traffic
indicator Lc (Bc ) = 0 ; otherwise, Lc (Bc ) = 1. The network energy efficiency ηEE can be expressed as
Thput(Z(B), γ(B))
Ptotal (Z(B))
P P
i∈C
k∈i Rk (Zζk (Bζk ), γk,ζk (Bζk ))
P
= P
.
0
v
0
c
S
v∈M (PM + ∆M PM ) +
c∈O [(PP + ∆P PP )Lc (Bc ) + PP (1 − Lc (Bc ))]

ηEE (Z(B), γ(B)) =

3

(10)

Problem formulation

Aiming at finding the global best cell-association bias set B ∗ to maximize the network energy efficiency
while satisfying the constraint of users’ data rate requirements and discrete cell-association bias criteria,
we formulated the optimization problem as
arg max ηEE (Z (B) , γ (B)) ,

(11a)

B

s.t. Bi = 0, i ∈ M ,
Bi ∈ B, i ∈ O ,
ζ (B) = arg max (Pirec + Bi ) ,
i∈C

Rk (Zζk (B) , γk,ζk (Bζk )) > Rthresh , k ∈ U ,

(11b)
(11c)
(11d)
(11e)

where the objective function (11a) is the network energy efficiency and the optimization variable is the
cell-association bias set. Eqs. (11b) and (11c) are the cell-association bias adjustment constraints of the
macrocell and picocell, respectively. Eq. (11d) indicates that the users’ serving cell is altered by the cellassociation bias changes during the optimization. Eq. (11e) is the users’ data rate constraint. Because of
the dynamic variations of the serving cell and the nature of energy efficiency, the formulated optimization
problem cannot be transformed into a convex form and the optimization problem is an NP-hard problem.
The proof of the NP-hardness can be summarized as follows. If we relax (11b) and (11c) into a reduced
form, the reduced form can be regarded as a user association problem, which can be proved as a K-media
problem. Details of the K-media problem and the NP-hardness proof can be found in [28]. Considering
the NP-hardness of problem (11), it is difficult to find the optimal solution using conventional algorithms
owing to the convergence speed and trap into the local optimal solution. Thus, to solve this problem, we
propose two energy-efficient Gibbs sampling based cell-association bias adjustment algorithms.

4

Energy-efficient Gibbs sampling based cell-association bias adjustment algorithm

In this section, we propose a CGSCA that is based on global information to solve the optimization problem
(11). Then, considering the overhead of the exchanged information and implementation complexity, we
propose a DGSCA. To facilitate the understanding of the CGSCA and DGSCA algorithms, we first
introduce the fundamental elements and notions of Gibbs sampling, and we then give details of the
CGSCA and DGSCA algorithms.
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Gibbs sampling algorithm

Gibbs first proposed the Gibbs sampling technique in 1902, and he then used it to model and analyze
the physical interaction between particles and molecules. Over time, the original Gibbs sampling model
has been used to estimate the posterior mode in image processing optimization [29], and to optimize the
network throughput in wireless networks [24]. More specifically, Gibbs sampling can be used to solve the
optimization problem as follows:
e∗ = min E (x) ,

(12)

x∈X

where x is an optimization variable row vector, where each element xn (n = 1, 2, . . . , N ) is in a discrete set
and the feasible domain comes from the Cartesian product. The optimization objective function E can
be of any form. The Gibbs sampling algorithm updates the state of each discrete variable xn iteratively
following the Gibbs sampling probability distribution
exp(E(xn , x−n )/−T )
,
∗
x∗ ∈Xn exp(E(xn , x−n )/−T )

pn (x−n ) = pn (xn |x−n ) = P

(13)

n

where x−n = (x1 , . . . , xn−1 , xn+1 , . . . , xN ) is the variable vector, with the exception of variable xn . The
value of the optimization variable xn corresponding to a lower E (xn , x−n ) will be chosen with a higher
probability. The temperature parameter T is a key element to ensure good-quality solution. As the
iteration time goes to infinity, the temperature parameter T will approach zero and the algorithm will
converge to the global optimal solution [24].

4.2

Energy-efficient centralized Gibbs sampling based cell-association bias adjustment algorithm

In the CGSCA algorithm, a macrocell is regarded as a central processor that takes charge of central
processing and determines the cell-association bias of each small cell using the Gibbs sampling algorithm
based on global information, which includes the RSRP of all users from all cells, the SINR of each user,
each user’s serving cell, and the number of users in each cell. Because there is almost no relationship
between the optimization variable and the update order [24], for convenience, we take the round robin
as the update order. When it is time to update the cell-association bias set, each user should transmit
its RSRP and SINR to its serving cell, and then the feedback information is transmitted to the central
macrocell. Considering the difference between the objective function of the Gibbs sampling (12) and our
optimization problem (11), the Gibbs sampling probability distribution can be rewritten as follows:
exp(ηEE (Bi , B−i )/T )
,
′
′
B ′ ∈B exp(ηEE (Bi , B−i )/T )

pi (B−i ) = pi (Bi |B−i ) = P

(14)

i

where pi is the Gibbs sampling probability distribution of cell i. B−i is a row vector consisting of the
cell-association bias of all cells except cell i. ηEE is the objective function of the energy efficiency. From
(14), we find that under the row vector of bias B−i , the cell-association bias Bi of cell i corresponding to
higher energy efficiency ηEE (Bi , B−i ) will be chosen with a higher probability under the row vector of
bias B−i .
At time epoch t, the temporary cell-association bias of cell i chosen by (14), which is represented by
Bitemp (t), and the temporary cell-association bias vector of cells B temp (t) can be expressed as

B temp (t) = Bitemp (t) , B−i (t−) ,

(15)

where t− is the last time epoch of the cell-association bias adjustment, and is mentioned below as the
“before time epoch t”. In other words, the current temporary cell-association bias vector is relative to the
current temporary cell-association bias of cell i and the cell-association bias vector, with the exception
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of cell i before time epoch t. The cell-association bias updated decision criterion can be represented as

 B temp ,
if ηEE (Bitemp (t), B−i (t−)) > ηEE (B(t−)) and R(Bitemp ) > Rthreshold ,
i
Bi (t) =
(16)
 Bi (t−), otherwise,

where Bi (t) and Bi (t−) are the cell-association bias at time epoch t and before time epoch t. That
is, the cell-association bias will be updated only when the energy efficiency calculated by the current
temporary cell-association bias is larger than that calculated by the cell-association bias before time
epoch t; meanwhile, the users’ data rate can be met. Otherwise, the cell-association bias of cell i at time
epoch t will not change, and equal the bias value before time epoch t.
Over time, the macrocell selects the cell-association bias iteratively for all the picocells. After that,
the macrocell sends the obtained optimal cell-association bias to each picocell. The optimality proof of
the CGSCA algorithm is the same as in [24].
4.3

Energy-efficient distributed Gibbs sampling based cell-association bias adjustment algorithm

Considering the details of the proposed CGSCA algorithm above, the key of CGSCA is to calculate the
Gibbs probability distribution (14). As an example, consider cell i. If cell i is the cell that needs to
be adjusted, the macrocell has to know all of the possible ηEE (Z(Bitemp , B−i (t−)), γ(Bitemp , B−i (t−))),
and conducts the central processing to make the decision regarding the cell-association bias adjustment.
For convenience, we use Bi as an abbreviation for Bitemp (t). In order to obtain Z(Bi , B−i (t−)) and
γ(Bi , B−i (t−)), each small cell should send back the information about the RSRP of all users from all
cells, including the SINR of each user, each user’s serving cell, and the number of users in each cell. There
would be a significant overhead of exchanged messages, in addition to the implementation complexity
required to obtain these sets of information, especially in UDNs. Therefore, we propose a distributed
cell-association bias adjustment algorithm with a lower message-exchange overhead and implementation
complexity, called the energy-efficient DGSCA. In DGSCA, each small cell is able to calculate relevant
information and restore the information that arrives from other cells. There is no central processor to
determine the order and the time epoch of each small cell to update its cell-association bias, so each
small cell makes its decision in a distributed manner in terms of when to update the cell-association
bias. The key point of DGSCA is also the calculation of the Gibbs probability distribution (14). In
order to reduce the overhead of the messages exchanged and implementation complexity, we derive the
distributed updated formulas of Z(Bi , B−i (t−)) and γ(Bi , B−i (t−)), respectively. Details about the
DGSCA algorithm can be summarized as follows:
First, we derive the updated formula of the set of the number of users Z(Bi , B−i (t−)). In order to
obtain Z(Bi , B−i (t−)), the number of users Zi (Bi , B−i (t−)) in cell i and in other cells (such as cell
j Zj (Bi , B−i (t−))) should be calculated. Suppose that at time epoch t, it is the order of small cell i
to adjust its cell-association bias. If j = i, Zj (Bi , B−i (t−)) = Zi (Bi , B−i (t−)), the number of users
Zj (Bi , B−i (t−)) for all possible cell-association bias Bi is updated as


Bi − Bi (t−) X
1
1+
δ(ζk (B(t−)) 6= j)δ(ζk (B(t)) = j)
Zj (Bi , B−i (t−)) = Zj (B(t−)) +
2
|Bi − Bi (t−)|
k∈U


Bi − Bi (t−) X
1
1−
δ(ζk (B(t−)) = j)δ(ζk (B(t)) 6= j),
(17)
−
2
|Bi − Bi (t−)|
k∈U

where Zj (B(t−)) is the number of users in cell j before time epoch t. ζk (B(t−)) is the serving cell of user
k before time epoch t and ζk (B(t)) is the serving cell of user k at time epoch t. δ(·) is a delta function. If
(·) is true, δ(·) = 1; otherwise, δ(·) = 0. δ(ζk (B(t−)) 6= j)δ(ζk (B(t)) = j) is a user association indicator.
If the value of the user-association indicator equals 1, it means that the user k has changed its serving
cell from another cell to cell j when cell i chooses Bi at time epoch t; otherwise, the value is 0. From
formula (17), we can see that in the case of j = i, Zj (Bi , B−i (t−)) consists of three parts. The first part
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is the number of users Zj (B(t−)) in cell j before cell i adjusts its cell-association bias. The second part is
the number of users being transferred from cell j to other cells under the cell-association bias adjustment
of cell i. The last part is the number of users being offloaded from other cells to cell j as cell i adjusts
its cell-association bias. The users’ serving cell is updated as follows:
ζk (B(t)) = ζk (Bi , B−i (t−))


i,


= ζk (B(t−)),


 arg max P rec + Bc ,
c∈C

c,k

rec
if Pi,k
+ Bi > Pζrec
+ Bζk (B(t−)) ,
k (B(t−)),k
rec
if Pi,k
+ Bi 6 Pζrec
+ Bζk (β(t−)) and i 6= ζk (B(t−)),
k (B(t−)),k

(18)

rec
if Pi,k
+ Bi 6 Pζrec
+ Bζk (B(t−)) and i = ζk (B(t−)),
k (B(t−)),k

where ζk (B(t)) is the updated serving cell of user k under the current temporary cell-association bias
of cell i and the cell-association bias set, with the exception of cell i before time epoch t. The updated
serving cell can be divided into three cases. First, the serving cell of user k will change into cell i if the
BRSRP (according to the cell-association bias Bi ) from cell i is larger than that from the original serving
cell before time epoch t. Secondly, the serving cell of user k will not change with the cell-association bias
adjustment of cell i if the BRSRP is less than that received from the original serving cell before time
epoch t and the cell i is not the original serving cell of user k. Finally, the serving cell will change to the
cell that can provide the maximum received signal power if the BRSRP from cell i is not larger than that
from the original serving cell before time epoch t, and if cell i is the original serving cell of user k.
Similar to the case of j = i, if j 6= i, the number of users Zj (Bi , B−i (t−)) for all possible cell-association
bias Bi can be updated as


Bi − Bi (t−) X
1
1+
δ(ζk (B(t−)) = j)δ(ζk (B(t)) = i)
Zj (Bi , B−i (t−)) = Zj (B(t−)) −
2
|Bi − Bi (t−)|
k∈U


1
Bi − Bi (t−) X
+
1−
δ(ζk (B(t−)) = i)δ(ζk (B(t)) = j).
(19)
2
|Bi − Bi (t−)|
k∈U

From the formula (19), we can see that Zj (Bi , B−i (t−)) consists of three parts. The first one is the
original number of users Zj (B (t−)) before the cell-association bias adjustment. The second one is the
number of users whose serving cells are changed from cell j to cell i. The last one is the number of users
being transferred from cell i to cell j.
From the above discussion, we can see that in order to calculate the set of the number of users
Z (Bi , B−i (t−)) served by the cells, each cell can utilize formula (17)–(19) to calculate the change in the
number of users and to estimate the alteration of the users’ serving cells. Specifically, each cell should
follow the order to update its cell-association bias, and should consider whether it is the appropriate time
for updating the cell-association bias. At time epoch t, if cell j is to update its cell-association bias, cell
j should first estimate the potential serving cell alteration of its users according to the recorded BRSRP
before time epoch t. Then, other cells should predict the possible changes of their users’ serving cells
when cell j adjusts its cell-association bias. If some users’ serving cells vary, a new serving cell should
be communicated to the users. If it is not the order of cell j, cell j only needs to predict the serving cell
changes of its serving users. Finally, each cell will know the number of users served by itself when cell j
adjusts its cell-association bias, and hence we obtain Z (Bj , B−j (t−)).
Secondly, the calculation of the variation in the SINR γ (Bi , B−i (t−))with the cell-association bias
adjustment can be summarized as follows. At time epoch t, there are two cases regarding the serving cell
of user k if it is the order of cell i to adjust its cell-association bias. In the first case, if cell i is just the
serving cell of user k, the SINR of user kcan be updated as follows:




1
Bi − Bi (t−)
1
Bi − Bi (t−)
γk (Bi , B−i (t−)) =
1+
γk (B(t−)) +
1−
δ(ζk (Bi ) = i)γk (B(t−))
2
|Bi − Bi (t−)|
2
|Bi − Bi (t−)|


Pζrec
1
Bi − Bi (t−)
k (Bi ),k
+
1−
δ(ζk (Bi ) 6= i) × rec
(20)
rec ,
2
|Bi − Bi (t−)|
Pi,k /γk (B(t−)) − Pζrec
+ Pi,k
k (Bi ),k
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rec
where γk (B(t−)) is the SINR of user k under the cell-association bias set B before time epoch t. Pi,k
and
rec
Pζk (Bi ),k are the RSRP of user k from cell i and cell ζk (Bi ), respectively. We know that γk is only relative
to the user’s serving cell changed if the transmission power of the serving cell is unchanged. Therefore,
there are two conditions that affect γk . The first condition is that the serving cell is unchanged as the
cell-association bias adjustment. In this case, as the cell-association bias increases (Bi > Bi (t−)), the
serving cell of user k will be unchanged and γk will be the same as that in the last moment, as in the
first part of formula (20). Then, although the cell-association bias decreases, the serving cell of user k is
unchanged. The SINR will not be changed, as in the second part of formula (20). The second condition
is that the serving cell changes with the cell-association bias adjustment. In this case, similar to the third
part of formula (20), as the cell-association bias decreases (Bi < Bi (t−)), the serving cell changes from
cell i to cell ζk (Bi ), which causes γk to be changed. Details of the derivation of the third part of formula
(20) can be expressed as follows:

γk (Bi , B−i (t−)) = P
=

Pζk (Bi ) Gζk (Bi ),k
=
j∈C/ζk (Bi ) Pj Gj,k + N0

Pζk (Bi ) Gζk (Bi ),k
P Pi Gi,k
Pi Gi,k / j∈C/i Pj Gj,k +N0

Pζk (Bi ) Gζk (Bi ),k
.
Pi Gi,k /γk (B(t−)) − Pζk (Bi ) Gζk (Bi ),k + Pi Gi,k

− Pζk (Bi ) Gζk (Bi ),k + Pi Gi,k
(21)

In the second case, if it is the order of cell i to update the cell-association bias, the SINR of user k
served by cell j can be expressed as




1
Bi − Bi (t−)
1
Bi − Bi (t−)
γk (Bi , B−i (t−)) =
1−
γk (B(t−)) +
1+
δ(ζk (Bi ) = j)γk (B(t−))
2
|Bi − Bi (t−)|
2
|Bi − Bi (t−)|


rec
Pi,k
Bi − Bi (t−)
1
1+
δ(ζk (Bi ) = i) × rec
(22)
+
rec + P rec .
2
|Bi − Bi (t−)|
Pj,k /γk (B(t−)) − Pi,k
j,k
From the above formula derivation, we can see that γk can be obtained from Formula (20) and (22).
From the derivation, any cell should identify whether it is the updating cell or the common cell. If cell j
is just the updating cell, cell j needs only to record the RSRP of the serving users, the users’ potential
serving cells, and the users’ SINR before time epoch t. Otherwise, if cell j is not the updating cell, cell j
needs only to record the users’ RSRP from cell i and cell j, as well as the SINR of its users before time
epoch t.
Up to the present, we have obtained the number of users Z (Bi , B−i (t−)) and the SINR γ (Bi , B−i (t−))
when cell i wants to adjust its cell-association bias Bi at time epoch t. Further, from the Formula (10),
we can obtain the energy efficiency. After that, we can calculate the updated cell-association bias of cell i
according to the Formula (14) and (16). From the derivation of the formula, the DGSCA algorithm does
not need to know the global information. The waiting cell-association bias adjustment cell only needs a
small amount of updated information from other cells, such as the updated number of users, changes to
the users’ serving cell, and the updated SINR. In addition, the optimality of CGSCA and DGSCA can be
shown to be similar to the method provided in literature [24], so we do not give the detailed proof here.
Considering that the user cannot perform frequent handovers, only if there are changes that are caused
by the users’ distribution or the small cell redeployment, and if the handover interval is met [26] will the
cell-association bias of CGSCA and DGSCA be adjusted. Because it is difficult to evaluate precisely the
signaling latency caused by non-ideal backhaul, the effects of signaling latency are usually not mentioned
in studies on the cell-association bias adjustment, as in [17, 19, 21, 27]. Therefore, the effects of signaling
latency caused by non-ideal backhaulare not considered in this paper.

5

Complexity analysis

In this section, we analyze the computational complexity of the proposed CGSCA, DGSCA, and the tierspecific cell-association bias adjustment scheme. The required computational complexity (the number of
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Computational complexity analysis
Computational complexity

Parameters

CGSCA

RSRP

Serving cell

DGSCA

NM + NP


N

M

NM + NP


N

M

NU (2NM + 2NU + 3)

of all users

Nb NU (NM + NP + 3)

The decision of cell-association
bias of each iteration

+Nb + NM + NP

if j 6= i
+ NP , if j = i

 2,
6

Achievable rates

+ NP , if j = i

 2,

P

if j 6= i

Tier-specific
NM + NP

NM + NP

9Uj
NU (2NM + 2NU + 3)

j6=i

+ Ui (2NM + 2NP + 4)
P

6 Nb
j6=i 9Uj + 1
+Nb Ui (NM + NP + 4)

NU (2NM + 2NU + 3)

+NM + NP

multiplications and divisions performed during the processing of the algorithms) of different algorithms
is compared in Table 1 when cell i adjusts its cell-association bias.
Set the total number of cell-association bias as Nb , which can be calculated by Nb = (Bmax − Bmin )/∆+
P
1 and ∆ is the adjustment step. In the case of UDNs, NM + NP > 6 and j6=i Uj > Ui . Therefore, we
can obtain the following inequation
X
NU (NM + NP + 3) =
Uj (NM + NP + 3) + Ui (NM + NP + 3)
j6=i

=

X

9Uj + Ui (NM + NP + 4) +

j6=i

>

X

X

Uj (NM + NP − 6) − Ui

j6=i

9Uj + Ui (NM + NP + 4) .

(23)

j6=i

From Formula (23), we determine that the computation complexity of the DGSCA is lower than
CGSCA in each iteration. This means that as the network scale expands, the DGSCA can result in
reduced computation complexity compared with CGSCA. From Table 1, we see that the decisions of
the cell-association bias configuration of the proposed CGSCA and DGSCA algorithms result in a linear
increase in the computational complexity as the scale of the network increases and hence it is feasible for
them to be utilized in large scale deployment scenarios, such as UDNs.
In addition, we analyzed the communication complexity of the proposed CGSCA and DGSCA algorithms in terms of the signal-exchange overhead from the perspective of the RSRP, cell-association bias
configuration, and energy efficiency update information. The signal-exchange overhead often occurs between users and their serving cells. From the complexity analysis above, the required communication comP
plexities of these two algorithms are O(NU (NM + NP ) + 1) and O(2 j6=i Uj +(Ui + 1)(NM + NP ) + 1),
respectively.

6

Simulation results and performance analysis

In this section, we present numerical results to validate the proposed CGSCA and DGSCA algorithms
by making comparisons with existing cell-association bias adjustment algorithms. The first one is the
commonly used trial-and-error method, where all of the picocells adopt an identical cell-association bias
in the optimization, and is labeled as equal search cell-association bias adjustment (ESCA). The second
one, which is denoted as the respective search cell-association bias adjustment (RSCA), is that each
picocell chooses its cell-association bias value using the Q-learning algorithm. The respective search
best selection cell-association bias adjustment (RSBSCA) is the third one, and is applied to test the
convergence performance of RSCA. The fourth one is the no cell-association bias adjustment (NCA),

Zhu W X, et al.

Sci China Inf Sci

Table 2

February 2018 Vol. 61 022306:11

Simulation parameters

Parameter

Value

Transmission power of macrocell and picocell (mW)

20000 and 130

Bandwidth W (MHz)

10

Carrier frequency (GHz)

2

Maximum and minimum cell-association bias (dB)

16 and −16

Power consumption of macrocell in ideal mode (mW)

1300000

Power consumption of picocell in ideal and sleep mode (mW)

6800 and 4300

Reciprocal of power amplifier efficiency of macrocell and picocell

4.7 and 4

Antenna gain
Shadow standard deviation
Path loss R (km)

Macrocell: 3D antenna gain
Picocell: 5 dBi
Macrocell: 8 dB; picocell: 10 dB
Macrocell: 128.1+37.6log10(R) dB
Picocell: 140.7+36.7log10(R) dB

where each picocell does not adjust the cell-association bias configuration. The fifth one is the exhaustive
search cell-association bias adjustment (EXSCA), where the cell-association bias adjustment scale is
set as 1dB in the search step using the exhaustive search algorithm. To verify the robustness of the
proposed algorithms, and to show the effects of a possible transmission error, the performances of CGSCA
and DGSCA under the scenario of a 5% transmission error are considered in the simulations, and are
labeled as CGSCATE and DGSCATE, respectively. The simulation parameters, which are shown in
Table 2, are in accordance with the EARTH project [11] and the 3GPP Technical Specification [22]. The
simulation scenario is described as follows: there are some picocell clusters deployed in one sector of
the center macrocell in a 19-site network. Two thirds of users are randomly distributed in the coverage
of the clustered picocell, and the remaining one third of users is randomly distributed in the macrocell
sector. The threshold of the users’ data rate Rthresh is chosen by setting the bias of all the picocells as
Bi = 0, i ∈ C. We only used the threshold to test whether our proposed algorithms are sensitive to the
users’ data rate constraint, and the threshold can be set to other values for further discussion. In the
simulation, we obtain the results by averaging several independent simulations.
6.1

Convergence performance of energy efficiency

In this subsection, to verify the effectiveness of the proposed algorithms and analyze the importance of
users’ data rate constraint in the energy efficiency optimization, we investigate the convergence performance of the energy efficiency with and without the users’ data rate constraint. To test whether the
proposed CGSCA and DGSCA algorithms can converge to the optimal solution, we denote the final
results of the EXSCA as the optimal solution and refer to it as the optimal solution of cell-association
bias adjustment (OSCA). The convergence performances of the energy efficiency without the users’ data
rate constraint are shown in Figure 1. Considering the computation complexity and the time complexity
of the EXSCA exponential increase with the scale of picocells, as an example, we employ five picocells
and 120 users in one sector of a macrocell, and 100 iterations of all algorithms. During the simulation
process, we obtained the simulation results of the first iteration time by setting the cell-association bias
as 0 dB or the minimum value in different algorithms. Once an optimization algorithm works, the network energy efficiency will be improved significantly. Therefore, there exists a burst-like increase in the
following iterations. In addition, because of the mechanism of Gibbs sampling, the proposed CGSCA and
DGSCA algorithms can converge to the optimal solution more rapidly than other algorithms. The ESCA
algorithm also has a fast convergence speed, but there is a performance gap between its convergence
results and the optimal solution. Although there exists a growing trend of the RSCA algorithm, it has
a slower convergence speed compared to the proposed two algorithms. The EXSCA algorithm has the
slowest convergence speed although it can also converge to the optimal solution. This is because each
potential cell-association bias solution has to be tried for all of the picocells. Although in CGSCATE
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Figure 1 (Color online) Energy efficiency without data
rate constraint.
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Figure 2 (Color online) Energy efficiency with data rate
constraint.

and DGSCATE, there are some decreased values caused by transmission errors, the performance of the
proposed algorithms can converge to the best value after a few iterations.
In Figure 2, we compare the convergence performances of the energy efficiency for different solutions
with the users’ data rate constraint. From the figure, we can see that the proposed CGSCA and DGSCA
algorithms have a faster convergence speed and can converge to the optimal solution. Meanwhile, the
RSCA algorithm has a slower convergence speed. The result of the ESCA algorithm is zero at the beginning, and then it increases as the number of iterations increases, and finally converges. This is because
the ESCA algorithm applies an identical cell-association bias to all picocells during the optimization
process. The users’ data rate requirement cannot be met if the chosen cell-association bias value is low,
and hence the energy efficiency is zero.
Combining Figure 1 and Figure 2, we find that the CGSCA and DGSCA algorithms have a faster
convergence speed, and is guaranteed to converge to the optimal solution regardless of the users’ data
rate constraint. However, there is a performance gap between the energy efficiency with and without the
data rate constraint. The optimal solution with the data rate constraint is lower than that without the
data rate constraint. This is because if there is no constraint in the users’ data rate, the resource allocation
for the whole network tends to maximize the energy efficiency by keeping the throughput performance
gain larger than the energy consumption, and turning off as many picocells as possible. If there is user’s
data rate constraint, the resource allocation should first meet the constraint of all of the users’ data rates,
and then maximize the energy efficiency. That is, if the users’ data rate constraint is not considered in
the energy-efficiency optimization, some users’ performance will be sacrificed to maximize the energy
efficiency. Therefore, the users’ data rate constraint is essential to energy efficiency optimization.

6.2

Throughput convergence performance

In this subsection, we investigate the convergence performance of the throughput with and without the
users’ data rate constraint. From Figure 3, we find that the proposed CGSCA and DGSCA algorithm can
converge to the optimal solution and can have a better optimal solution compared with other algorithms
owing to the Gibbs sampling mechanism. The ESCA algorithm has a faster convergence speed, but there
is a performance gap between the converged value and the optimal solution.
The convergence performances of the throughput with the users’ date rate constraint are shown in
Figure 4. The proposed CGSCA and DGSCA algorithms can converge to the optimal solution quickly,
and have higher gain compared with the ESCA and RSCA algorithms. For a small number of iterations,
the throughput of the ESCA algorithm is zero, and it then increases, finally converging to its best solution.
This is because, at the beginning, the ESCA algorithm adopts the equal the identical cell-association bias
of picocells in the optimization, which prevents the users’ data rate requirement from being met, and the
throughput is zero.
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Variation in energy efficiency and throughput performances with an increasing number
of picocells

In the previous subsection, we analyzed the convergence performance of the energy efficiency and throughput with and without date rate constraint. We determined that there is a performance gap between the
performances with and without data rate constraint, and it is necessary to further study the energy
efficiency and throughput with the users’ data rate constraint as the number of picocells increases. From
the simulation results in Figure 5, we see that the energy efficiency increases as the number of picocells
increases. However, as the number of picocells further increases, there is a slowing of the growth trend.
This is because the ICI and the energy consumption of the network increase with an increasing number
of picocells. The RSCA algorithm has better results compared with the ESCA and NCA algorithms, but
the convergence is much slower than the proposed CGSCA and DGSCA algorithms according to Figure 2.
In Figure 6, we investigate the throughput performance as the number of picocells increases. From
the figure, we can see that the growing trend of the performance gain slows with the increasing number
of picocells because of the increasing ICI. Although the other algorithms have a similar performance
trend, CGSCA and DGSCA algorithms exhibit the best performance gain. In addition, considering that
the theory of CGSCA and DGSCA algorithms are based on the Gibbs sampling, CGSCA and DGSCA
algorithms therefore have the same performance in Figures 5 and 6.
6.4

Cumulative distribution function of performance

In this subsection, we compare the throughput CDF performance for different numbers of picocells under
DGSCA and NCA algorithms. In order to distinguish between these results, we employ the log-scale for
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the x-axis in Figure 7. From this figure, we can see that for the same number of picocells, the throughput
performance of most users is improved and the performance curves intersect at about 6.5, which means
that the data rates of a few users decreased. This is because by adjusting the cell-association bias, some
users are offloaded from low-load picocells to other picocells or macrocells to enable the shutting down
of the original picocells, leading to energy savings. Further, the offloaded users may expropriate the
available resource blocks of some users, which results in a deterioration in the data rate of some users to
realize improved energy efficiency.
6.5

Number of shutdown picocells for DGSCA algorithm

In this subsection, we consider the performance of the number of shutdown picocells for the DGSCA
algorithm as the number of picocells increases. From Figure 8, we can see that there is an increase in
the number of closed picocells as the number of picocells increased. This is because for the same number
of users, there is an increase in the ICI and network energy consumption as the number of picocells
increases. In other words, an increasing number of picocells is not always advantageous from energy
efficiency perspective.

7

Conclusion

In this paper, we proposed an energy-efficient cell-association bias adjustment scheme to maximize the energy efficiency for UDNs while considering the influence of the users’ data rate constraint in the optimization. First, we formulated an energy efficiency maximization problem by adjusting the cell-association
bias, while considering the users’ data rate constraint. Then, we proposed a CGSCA algorithm with
global information. To reduce the overhead of the exchanged messages and the computation complexity
caused by the increasing network scale, we further proposed a DGSCA algorithm. In DGSCA, the decision is made by each picocell, and only some of the updated information is exchanged between picocells.
Finally, the simulation results show that the two proposed energy-efficient Gibbs sampling based cellassociation bias adjustment algorithms have a faster convergence speed and a better performance gain in
terms of the energy efficiency and system throughput, compared to existing algorithms with and without
users’ data rate constraint.
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