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Abstract— The rising environmental awareness and the 
exponential growth of capacity demand have made energy 
efficiency an important issue to be addressed by cellular network 
operators. In this paper, an energy-efficient user association 
scheme is proposed for heterogeneous networks (HetNets) using 
an evolutionary game theoretic approach to maximize the energy 
efficiency of the whole network with the consideration of fairness 
among users. The dynamics of user association is formulated as 
the process of an evolutionary game. Each user in HetNets is 
modeled as a player who adjusts and chooses its base station (BS) 
selection strategy in order to ensure its payoff no less than the 
average payoff of the population. In the proposed evolutionary 
game based user association scheme, the learning process is 
formulated as replicator dynamics. The user association process 
ends when the system reaches an equilibrium state, where all 
players get the evolutionary stability strategy in the game. 
Simulation results show that the proposed user association 
scheme significantly improves both energy efficiency and user 
fairness compared to the conventional reference signal receiving 
power (RSRP) based user association scheme. Comparing with 
Nash Bargaining Solution (NBS) based user association scheme, 
the proposed scheme achieves comparable energy efficiency with 
reduced computation complexity and improved user fairness. 

Keywords—HetNets; User association; Energy-efficient; 
Evolutionary game approach; Replicat dynamics 

I. INTRODUCTION 

Nowadays, in order to develop more sustainable 
communication networks and systems, energy-efficient 
cellular networks have received tremendous attention, driven 
by the fact that the escalating global greenhouse is 
undisputedly detrimental to the environment and the 
non-renewable energy source is heading for collapse. For 
cellular network operators, energy efficiency is also closely
related to their profitability. A significant portion of 
operational expenditure of cellular networks goes to pay the 
electricity bill, which is estimated more than 10 billion dollars
each year worldwide [1].

The fifth generation (5G) mobile and wireless 
communication systems require higher transmission rate and 
energy efficiency to meet the exponential growth of capacity 
demand. Heterogeneous networks (HetNets) was proposed by 
3GPP in Release 10 [2] as a promising technology to achieve 
higher spectrum and energy efficiency. A typical HetNet is 
composed of a mix of low-power cells, such as picocells and

femtocells, underlying the macrocell network. By deploying
low power small cell base stations (BSs) closer to end users, 
HetNets are able to reduce energy consumption compared to 
the conventional one tier cellular networks [3].

Figure 1. User association in one HetNet area. 

 User association in HetNets refers to associate user 
equipments (UEs) with a serving BS, as shown in Fig. 1. In
the conventional user association scheme, an UE connects to 
the BS from which it receives the highest reference signal 
received power (RSRP) [4], but due to the power disparity 
between high power macro BSs and low power pico BSs, most 
of users will be associated with macro BSs, rendering the 
HetNets deployment ineffective. Various optimization 
schemes have been proposed to improve energy efficiency in 
HetNets. For example in [5], the authors proposed an 
energy-efficient user association scheme to minimize the total 
power consumption of HetNets while satisfying users’ traffic 
demands using convex optimization. In [6], the authors
proposed a scheme for improving energy efficiency by
modeling the user association as a bargaining problem, which 
was then solved by using Nash Bargaining Solution. The work 
in both [5] and [6] have demonstrated energy efficiency 
improvement but with the expense of high computation 
complexity.

 In this paper, we propose an evolutionary game based user 
association optimization scheme which aims at improving 
both energy efficiency and fairness among users with lower 
computation complexity. The evolutionary game has been 
proved to be suitable for capturing the dynamics of interaction 
among players [7]. In the proposed scheme, we formulate 
users in HetNets as players and design the utility function, the 
payoff of each player as a function of both achievable data rate 
and the power consumption. Each player chooses and adjusts 
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its best strategy according to the payoff it achieves during the 
game until the system reaches an equilibrium state. 

The paper is organized as follows. Section II gives the 
system model. Section III explains the formulation of the 
energy-efficient user association problem by adopting the 
evolutionary game approach. Simulation results and 
conclusions are presented in Sections IV and V, respectively. 

II. SYSTEM MODEL

In this paper, we focus on the 2-tier downlink HetNets.
Tier 1 is modeled as macrocell and tier 2 is modeled as 
picocell as shown in Fig 1. In this model, there are M BSs, 
where BS1 is modeled as a macro BS, and BSi is the pico BSs 
( � �2,3,4, ,i M� �, M,  ), and all the BSs share the same frequency 
band. We assume that there are K UEs randomly distributed in 
the HetNet area, denoted as UEj ( � �1,2,3, ,j K� �K, ), and each 
UE is associated with a single BS at any time. Same 
assumption as used in [8].

In order to formulate the user association, we define the 
association matrix as  

  1,   UE  is associated with BS

0,          otherwise
j i

ijx
�

� �
�

,     (1) 

The downlink (DL) transmission is considered in this 
model, the received DL signal-to-interference-plus-noise-ratio 
(SINR), at UEj when associated with BSi is given by 

� �
2

1,2,3, , ,

i ij
ij

l ljl M l i

Pg
SINR

Pg	
� 


�
�� �, , ,�M l i�, , ,� l, , ,�

,      (2) 

where 	2 is the noise power level and gij is the average 
channel gain between UEj and BSi, which includes pathloss 
and shadowing. Pi is the transmit power of BSi. The power 
consumption of macro BS and pico BS can be calculated same 
as in [5]  

 �   ,for Macro BS 
                    ,for Pico BS

sc ant ma i ma
i

pi i pi

N N a P b
P

a P b
� � � � ���� � � ���

    (3)                                                              

where Nsc and Nant denote the number of sectors and the 
number of antennas per sector, respectively. Coefficient ama
accounts for power amplifier efficiency, site cooling, power 
supply and battery backup for the macro BS. Coefficient bma is 
the power offset, taking into account signal processing as well 
as the transmit power independent portions of site cooling, 
battery backup and power supply for macro BS. api and bpi are 
the corresponding coefficients for pico BS. 

We define the effective load of BSi as the number of UEs 
associated with it, 

1

K
ijj

x
�� . Each UE receives a fraction of all 

the radio spectrum,
1

1 K
ijj

x
�� when associated with BSi. Hence, 

we calculate DL data rate of UEj associated with BSi as follow.  

,              (4) 

where W is the operating frequency bandwidth. 

III. EVOLUTIONARY GAME APPROACH FOR ENERGY-EFFICIENT 
USER ASSOCIATION

A. Overview of Evolutionary Game  

The evolutionary game was first developed from biology 
science [9] and widely used in many fields nowadays, such as 
economics [10], engineering etc. The evolutionary game, as an 
extension of the non-cooperative game theory [11], can be 
described by a set of strategies of each player, the payoff of 
each player given a chosen strategy, and the solution of all 
players. In the dynamic evolutionary game, a player in the 
game can replicate itself through the process of mutation and 
selection, which is called a replicator. The state of the game 
can be determined at a particular point in time by using 
replicator dynamics. In addition, the players in the game can 
change their strategies gradually once their observed payoffs 
are less than the average payoff of all the players in the same 
group.

In this paper, we choose to use the evolutionary game to 
achieve energy-efficient user association due to the following 
reasons. 

Dynamics in the game model: The dynamics of interaction  
among players can be captured by the evolutionary game. By 
observing and learning other players’ behaviors, a player can 
make the best decision based on its knowledge. The state of 
the game can be determined at a particular point in time 
benefit from replicator dynamics, so we can use it to 
investigate the trend of the strategies of the players while 
adapting their behavior to reach the solution. 

Bounded rationality: The evolutionary game is not a 
classical single-player noncooperation game theory, in which 
all of the players make decisions in order to reach the best 
result immediately. Players can change their strategies until 
achieve the result eventually during the evolutionary game. 

Solution refinement: In traditional game theory, Nash 
equilibrium is the most popular solution. It can ensure a player 
cannot improve its payoff if none of the other players in the 
game deviate from the solution. But we want to find a refined 
solution when the solution of a non-cooperative game has 
multiple Nash equilibrium. However, in the evolutionary game, 
the evolutionary equilibrium can provide such a refined 
solution [12], as well as ensures stability, which means the 
group of players will not change their chosen strategies over 
time.

B. Payoff Model 

In our formulation, the payoff in the evolutionary game is 
defined as a concave utility function, in order to compute the 
reward when BSi is selected to deliver data for UEj. The payoff 
function of UEj when associated with BSi is defined as

 �ij ij if r P� � �� � �  ,          (5) 
2

1
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The payoff also refers to the net utility which means the 
reward received by UEj when associated with BSi. The f(rij) is 
the reward function which is related to the data rate, defined as 

( ) l o g (i j i jf r r�� �  ,           (6)  

  
α and β are the coefficients, which are used to normalize the 
reward and the cost.  

The payoff function of UEj when associated with BSi is 
concave and hence has diminishing benefit, which encourages 
user fairness where allocating more resources to the users with 
poor channel conditions.

C. Formulation of Replicator Dynamics  

During the evolutionary game, a player in one population 
can reselect a strategy through the process of learning, and this 
learning process is formulated as replicator dynamics. In 
replicator dynamics, it is assumed that as individual chooses 
pure strategy i from a finite set of strategies in this set M. The 
total population size is 

1

M
ii

N n
�

�� , where ni denotes the 
number of individuals choosing strategy i. Therefore, the 
proportion of individuals choosing strategy i is i ix n N� ,
which means the population share. The population state is

� �1 i Mx x x� � �i Mx xi , and the replicator dynamics is denoted as

  ,          (7) 

In (7),  �i t�   is the payoff of the individuals choosing 
strategy i, and  �t�  is the average payoff of the entire 
population.  

D. Formulation of the Evolutionary Game 

In HetNets, the process of our proposed energy-efficiency
user association based on the evolutionary game can be 
described as follows.  

Each UE in a service area, e.g. marcocell, is modeled as a 
player and the set of UEs in a service area is modelled as the 
population. Each UE has a selection of strategies with 
evolutionary game approach denoted as � �1 i MBS BS BS �i MBS BSi M

.

Players: Each UE in the particular area can choose to be 
associated with any BS. Therefore, each UE in this area can be 
modeled as a player of the evolutionary game. 

Population: In a particular area, the set of users in service 
area can be denoted as one population in this evolutionary 
game, assuming that the population corresponding to a 
particular service area is finite. For example, in Fig.1 all the 
users, in the area can be model as one population. 

Strategy: The strategy in evolutionary game of each user 
refers to selection of a BS. For example, in Fig.1, the set of 
strategies for each UE is � �1 i MBS BS BS �i MBS BSi M

. That means each 
UE can select any BS to be associated with.  

Payoff: The payoff of a player is determined by its net 
utility.  

Parameters and the sum utility used in our model are 
defined as follows.

In one area, the proportion of each UEj selects BSi can be 
denoted as xij, and in our model, all � �0,1ijx � , and 

1
1M

iji
x

�
��  , which means each user can only choose one 

strategy, in another word, can only select one BS to be 
associated with. 

Under this assumption, we define the payoff of BSi as the 
sum utility of all UEs associated with it 

 ,               (8) 
where ij�  is the net utility of UEj associated with BSi which 
can be derived as follows 

(9)  
            

 The average payoff for this HetNets area is defined as 

 . 
 In order to describe the evolution of the user in one area 
where competes for its best payoff (i.e. the net utility), 
replicator dynamic will be used. Each UE can observe the net 
utility of other UEs in the same area in each period of the 
evolutionary game and the game is repeated. UEs will choose 
a better strategy (i.e. a better BS to associate with) if its payoff 
of its current strategy is lower than the average payoff of its 
HetNets area. In our model, the replicator dynamic can be 
denoted as

ij� . The speed of the user in observing and 
adjusting the BS to associate with is controlled by � . 

 �  �  �  �ij
ij ij ij

d x
x t t U t

dt
� � �� �� � � � �� � , (10) 

 In (10), xij will change with adjustment of the user’s
strategy during the game. Therefore the replicator dynamics is 
a differential equation.  

E. Evolutionary Stable Strategy and Evolutionary 
Equilibrium 

In our model, we consider the evolutionary equilibrium 
and evolutionary stable strategy are the solution to the 
energy-efficient user association problem in HetNets. We use 

i ij U �� �   to denote the difference between the user’s
payoff and the average payoff in particular population. If 

0i ! , it means the payoff of strategy i  is better than the 

( ) ( ) ( ) ( )i i ix t x t t t� �
"

� �� �� �

1

K

i ij ij
j

U x �
�

� �

2

1

ln( )

log (1 )     = ln

ij ij i

ij
K i

ijj
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mixed strategy (average payoff), and if 0i % , it means that 
the payoff of current strategy i  is worse than the mixed 
strategy. When 0i � , it means that the current strategy 
reaches an evolutionary equilibrium for all users in this area.
Therefore, if the mixed strategy is stable, then we can find that 

ix
"

is the evolutionary stable strategy. We will use the 
following functions and constraints to compute the 
evolutionary equilibrium. 

 �  �  �  � 0ij
ij ij ij

d x
x t t U t

dt
� � �� �� � � � � �� �

               

From the above functions, we can find that the dynamic 
replicator differential equation is a nonlinear autonomous 
system, and its Jacobian matrix can be used to compute the 
equilibrium stability. If the eigenvalue of the matrix is 
negative, the current strategy is stable, otherwise the strategy 
is not stable [13].

It is worth mentioning that our model can be extended to 
multiple areas & , where our model can improve the 
energy-efficiency of user association in HetNets where the 
group of users in multiple areas & . During the evolutionary 
game, a player can observe the payoff (i.e. net utility) of 
others in the same area in each period, and is can also adopt its 
strategy in order to get higher payoff.  

The replicator dynamics with the rate of strategy change is 
define as follows 

 ,   (11) 
The average payoff of the users in area &  can be 

computed as follow, where N is the total number of users in 
area &

 ,          (12) 

F. Population Evolution Scheme 

In this population evolution scheme, a centralized 
controller, the BS, will need to maintain payoff information of 
all UEs in this particular area. And the strategy for each user 
of choosing the BS to associate with is based on its current 
strategy’s payoff and the average payoff of all users in this 
area. In our proposed scheme, the best-case computation 
complexity for each iteration is  �O K , and the worst-case is 

 � �1O K M� � . 

The Pseudo code for the scheme is shown as below and 
Fig. 2 shows the flow chart of the proposed user association 
scheme. 

(1)For all UEs choose the iBS randomly from 

� �2,3,4, ,i M� �, M,  in one population  

(2)Loop   

(3) Each UE computes payoff i�   from the value of data 

rate and power consumption by using iU . This payoff 

information is sent to the centralized controller ( iBS ).

(4) The centralized controller computes average payoff  

Start

All the users choose the Base Station to 

associate with randomly

Each user in particular area a compute 

the its payoff

The centralized controller computes 

average payoff for the users in this area a

Is the payoff of user higher than average

End

Yes

No

The user random choose a new Base 

Station

Yes

No

If all the user  choose the

 best BS  to associate with

Figure 2. Flow chart for evolutionary game based user association in 
HetNets 

IV. SIMULATION RESULTS AND DISCUSSION

In order to evaluate the performance of the  proposed 
scheme, we first deploy a HetNets with one macrocell and 
three picocells. In the simulation scenario, three pico BSs are 
symmetrically located along a circle with radius as 120m and 
macro BS in the center, and all the users are randomly 
distributed within this area. The simulation parameters 
including channel model and system assumptions are 
summarized in Table 1.  

Parame
ter

Value Parameter Val
ue

Bandwidth 10MHz Transmit power of 
macro BS

46d
Bm

Antenna type 
( macro cell)

omni-directional Transmit power of 
pico BS

    
30dBm

Noise Power
spectral  
density

-174dBm/Hz Target received SNR 
at  BS

10d
B

Uniform user 
data rate 

1Mbps Log-normal 
shadowing fading

10d
B

. .s t
� �

1

0,1 ,        ,

1,       

ij

M
iji

x i j

x j
�

� '

� '�

 �  �  �  �
( ) ( ) ( ) ( )i i ix t x t t t� �

" && & &� �� �# $� �

 �
 �

1

1

( )
M

i
i

U N�
&

& �

�

� ��

(1) For all UEs choose the iBS randomly from � �2,3,4, ,i M� �, M, in one

population
(2) Loop  
(3) Each UE computes payoff i� from the value of data rate and power 
consumption by using iU . This payoff information is sent to the 
centralized controller ( iBS ).
(4) The centralized controller computes average payoff 

(5) if  
i� �% then

       (6) if  �  �() irand K� �% � then

                (7) UE choose qBS , where q i
 as well as 

 �  �iM
K� �� �
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requirement

Table 1. Simulation parameters 

The pathloss between macro BS and UE is 
 �10128.1 37.6log   d km� , between pico BS and UE is 

 �10140.7 36.7log   d km� [14]. Both the power consumption of 
pico BS and macro BS are computed from (3), where the 

scN
is 3 and

antN  is 1, 3.77maa � , 9.36mab w� ; 4.53pia � ,

10.22pib w�  as given in [5]. 

In order to make the reward and the cost in a same scale, 
the adjustment parameters α and β are set to 10 and 1 
respectively.

The learning speed for the replicator dynamics is set as
1� � . Users are randomly distributed within the HetNet area.   

Figure 3. The total utility function value under different numbers of users. 

 Figure 4. The energy efficiency under different numbers of users.

Fig.3 and Fig. 4 depict the total utility function value and 
the energy efficiency of the concerned HetNet area under 
different numbers of users respectively.

In the performance evaluation, we take the conventional 
RSRP based user association scheme and the Nash Bargaining 
Solution (NBS) based user association scheme proposed in [6]
as the bench marking schemes for comparison. In the RSRP 
based scheme, users always choose the BS from which they 
received the strongest reference signal power. In the NBS 

based scheme, the optimization objective is to maximize the 
sum of rate related utility, under users’ minimal rate constrains, 
while considering user fairness between cells in different tires.  

Fig.3 shows that the proposed scheme improves the total 
utility function value compared to the RSRP based scheme.
The reason is that, in our proposed scheme, every user can 
observe the average utility function value and payoff and able 
to change strategy through the process of selection. Any user 
can change the BS selection if its payoff obtained is less than 
the average payoff of the whole population in this area. 
Therefore, all the users can achieve the best payoff and the best 
utility function value when the area reaches an equilibrium 
state. However, in the RSRP based user association scheme, 
each user selects the BS to be associated with only based on the 
received power strength and the BS selection does not change 
with other dynamics in the system.  

Another observation from Fig.3 is that the total utility 
function values for both schemes are increasing with the 
increment of the number of users. This is because that the more 
users accommodated in the HetNet area, the higher the total 
date rate achieved before the network becomes saturated.

Fig.4 compares the average energy efficiency of all users in 
the HetNets area, achieved by the three different schemes. It is 
clear that the proposed evolutionary game based user 
association scheme can achieve significantly higher energy 
efficiency than that of the RSRP based scheme especially in 
the light loaded network scenario. When there are 10 users in 
the area, the improvement is 18.36%; when there are 45 users, 
the improvement is 4.34%. We can also see from Fig.4 that 
the proposed scheme can achieve comparable energy 
efficiency compared with the NBS based scheme in [6]. This 
is because both schemes try to optimize the energy efficiency 
of the area although the approaches and algorithms used are 
different. The advantage of our proposed scheme is reflected 
in the reduced computation complexity. For the NBS based 
scheme, the computation complexity is
 �2 3

2logO M K K M� � � , and that of proposed scheme is 

 � �1O K M� � . As defined previously, M is the number of BSs 

and K is number of users in the concerned HetNet area. This 
means that the evolutionary game based user association can 
achieve similar performance as NBS based scheme, but with 
much reduced computational complexity.   

Figure 5. The Jain’s fairness index 
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Fig. 5 shows the users fairness comparison between the 
three schemes with different number of users in the HetNets 

area. We use the widely accepted Jain’s fairness index (JFI) [15] 
in this paper. The greater value of J indicates better fairness 
among users. J is defined as

 �  �2
2

1 1

K K
j jj j

J r N r
� �

� �� �   ,       (13) 

where jr  is data rate of 
jUE  when the user association is 

determined. In Fig. 5, it is obvious that the proposed scheme is 
superior to both NBS and RSRP based user association schemes.
Around 9% and 49% user fairness improvement can be 
achieved by the proposed scheme compared to NBS and RSRP 
based schemes when there are 45 users in the HetNet area. Fig. 
5 also demonstrates that the user fairness does not change much 
with the number of users in the area. This means that the 
proposed scheme can always achieve reasonable fairness among 
users.  

Figure 6. CDFs of UE energy efficiency. 

Fig. 6 shows the cumulative distribution functions (CDFs) 
[16] of the UE energy efficiencies when there are 50 users 
randomly distributed in the concerned HetNet area. The red 
curve shows the CDFs of the proposed scheme while the blue 
curve shows the CDFs of the RSRP based scheme. The 
improvement achieved by the proposed scheme is because of 
in the evolutionary game model, the energy efficiency 
proportional fairness criterion is used, which provides a more 
uniform UE energy efficiency distribution compared with the 
RSRP based BS selection approach.  

V. CONCLUSIONS

In this paper, we proposed an evolutionary game based 
user association scheme for improving the energy efficiency in 
HetNets by maximizing the total utility function value. The 
dynamics for users to choose the BS to be associated with is 
formulated as the process of an evolutionary game where the 
users can observe the behavior of other users and adjust their 
strategies in order to compete for the best payoff until all users 
reach the evolutionary stability strategies, and the whole 

HetNet area achieves the maximum energy efficiency. 
Simulation results show that the proposed user association 
scheme significantly improves both energy efficiency and user 
fairness compared to the conventional RSRP based user 
association scheme. Comparing with the NBS based user 
association scheme, the proposed scheme achieves comparable 
energy efficiency with reduced computation complexity and 
improved user fairness. The proposed model can be extended 
to multiple HetNet areas and the performance of which will be 
evaluated in our future work.   
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