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Abstract—In the heterogeneous networks (HetNets) powered
by hybrid energy sources, it is imperative to reduce the total
on-grid energy consumption as well as minimize the peak-to-
average on-grid energy consumption ratio, since the large peak-
to-average on-grid energy consumption ratio will translate into
the high operational expenditure (OPEX) for mobile network
operators. In this paper, we propose a joint user association and
green energy allocation algorithm which aims to lexicographically
minimize the on-grid energy consumption in HetNets, where all
the base stations (BSs) are assumed to be powered by both
the power grid and renewable energy sources. The optimization
problem involves both the user association optimization in space
dimension, and the green energy allocation in time dimension.
The independence nature of this two-dimensional optimization
allows us to decompose the problem into two sub-problems.
We first formulate the user association optimization in space
dimension as a convex optimization problem to minimize total
energy consumption via balancing the traffic across different
BSs in a certain time slot. We then optimize the green en-
ergy allocation across different time slots for an individual BS
to lexicographically minimize the on-grid energy consumption.
Simulation results indicate the proposed algorithm achieves
significant on-grid energy saving, and substantially reduces peak-
to-average on-grid energy consumption ratio.

I. INTRODUCTION

Nowadays, the unprecedented growth in the cellular industry

has pushed the limits of energy consumption in wireless

networks. The conventional cellular networks which consume

60 billion kWh per year approximately are the major issue

in green communications. Particularly, 80% of the energy

in cellular networks is consumed by base stations (BSs),

which generate over a hundred million tons of carbon dioxide

annually [1].

Heterogeneous Networks (HetNets), where various small

cells are densely underlaid in a macro-cellular network, is

able to achieve more spectrum-efficient and energy-efficient

communications. In contrast with the conventional macro BSs

(MBSs), BSs in the “small cells” cover much smaller areas

and hence require significantly lower transmit powers, which

brings up about 50% reduction in overall energy consumption

of all BSs as shown in [2].

Apart from the HetNets deployment, by exploiting the

renewable energy such as solar power, wind power and so

on, BSs which are powered by the green energy harvested

from the renewable energy sources can effectively reduce

both the on-grid energy consumption and CO2 emissions [3].

Yet, although the amount of renewable energy is potentially

unlimited, the intermittent nature of the energy from renewable

energy sources will result in highly random energy availabil-

ity in BSs. Hence BSs powered by hybrid energy sources

which is the combination of power grid and renewable energy

sources, are much more practical than those solely powered

by renewable energy sources in order to provide uninterrupted

service [4]. In the literature, power allocation [5], network

planning [6] and coordinated MIMO [7] have been studied in

the hybrid energy sources powered scenario. Authors in [5]

and [6] focused the minimization of on-grid energy consump-

tion, while authors in [7] investigated how renewable energy

storage size affects the system performance.

Different from the existing studies, in this paper, we focus

on the user association in space dimension and green energy

allocation in time dimension to optimize the on-grid power

consumption in HetNets with hybrid energy sources. To the

best of our knowledge, the study that is most pertinent to

our work is [8], but authors of [8] proposed energy allocation

and balancing algorithms in conventional cellular networks to

minimize the on-grid energy consumption without considering

the peak-to-average on-grid energy consumption ratio. How-

ever, in real networks, the high peak-to-average on-grid energy

consumption ratio will translate into high operational expen-

diture (OPEX) for mobile network operators. This is because

electric systems need maintain sufficient capacity to meet the

expected peak load plus a reserve margin, although lots of

resources are routinely wasted in the low load conditions. The

extra cost of high-capacity equipments are usually covered by

industrial consumers, such as mobile network operators [9],

thereby resulting in the increasing OPEX for mobile network

operators. In this sense, it is not sufficient to just reduce the

total on-grid energy consumption, the minimization of peak-to-

average on-grid energy consumption ratio is also imperative.

In this paper, we propose a joint user association and green

energy allocation algorithm which aims to lexicographically

minimize the on-grid energy consumption in HetNets with

hybrid energy sources. The renewable energy always exhibits

temporal dynamic, such as the daily solar energy generation in

a given area peaks around noon, and bottoms during the night.

The energy consumption of BSs depends on the mobile traffic,

which also shows both the temporal and spatial dynamics [10].

Thus the optimization of on-grid energy consumption involves
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both the user association optimization in space dimension, and

the green energy allocation in time dimension. The indepen-

dence nature of this two-dimensional optimization allows us

to decompose the problem into two sub-problems. We first

formulate the user association optimization in space dimension

as a convex optimization problem to minimize total energy

consumption via balancing the traffic across different BSs in

a certain time slot. Based on the traffic load determined by the

first sub-problem, we then optimize the green energy allocation

across different time slots for an individual BS to lexicograph-

ically minimize the on-grid energy consumption. In this paper

we assume both predicable energy and traffic profiles and we

focus on the design of efficient and optimal algorithm that can

serve as benchmark for online or approximate algorithms.

II. SYSTEM MODEL

We consider the 2-tier downlink HetNets where tier 1 is

modeled as macrocell and tier 2 as picocell. MBSs provide

basic coverage, whereas Pico BSs (PBSs) are deployed in the

coverage area of each MBS to enhance capacity. In our model,

a macrocell geographical area L ⊂ R
2 is served by a set

of BSs B including one MBS and several PBSs, where all

the BSs are assumed to share the same frequency band. Let

x ∈ L denote a location, and i ∈ B index i-th BS, where

i = 1 indicates the MBS, and others are PBSs. Assuming

the duration of time is divided into |T | time slots, the length

of each time slot is τ seconds and t ∈ T denotes the t-th

time slot. All the BSs in our model are powered by both

the power grid and renewable energy sources. In order to

provide a general model, we do not assume a particular type

of renewable energy sources. In this paper we assume both

the amount of renewable energy and traffic are known in

advance, since the historical renewable energy and mobile

traffic statistics are available to estimate the harvested green

energy and traffic load across different time slots [11] [12].

Then the proposed algorithm is carried out within a macrocell

geographical area L and across all the time slots T in order

to optimize the on-grid energy consumption.

A. Traffic model

In this subsection, we ignore the time slot index t for

simplicity. We assume that the traffic requests arrive according

to a inhomogeneous Poisson point process with the arrival

rate per unit area λ (x) and the traffic size is independently

distributed with mean µ (x).
Assuming a mobile user at location x is associated with BS

i, the transmission rate to this user ri (x) can be generally

expressed according to Shannon Hartley theorem [13]

ri (x) = log2 (1 + SINRi (x)) , (1)

where

SINRi (x) =
pigi (x)

∑

k∈B,k 6=i pkgk (x) + σ2
, (2)

here pi is the transmission power of BS i, and σ2 is the noise

power level. gi (x) is the channel gain between BS i and user

at location x, which includes pathloss and shadowing. Note

that fast fading is not considered here since the time scale

of user association is much larger than the time scale of fast

fading. As such, ri (x) can be considered as a time-averaged

transmission rate [14].

In order to guarantee the quality of service (QoS) of users,

the fraction of resource blocks allocated by BS i to the user

at location x is derived as

̺i (x) =
λ (x)µ (x) yi (x)

ri (x)
, (3)

where yi (x) is the user association indicator, if user at location

x is associated with BS i, yi (x) = 1, otherwise yi (x) = 0.

We assume at each time, one user can only associate with one

BS, and thus we have
∑

i∈B yi (x) = 1. ̺i (x) denotes the

average traffic load density of BS i.

Based on the traffic load density, the set F of the feasible

loads of BSs ρ =
(

ρ1, . . . , ρ|B|

)

is given by

F =

{

ρ|ρi =

∫

L

̺i (x) dx, 0 ≤ ρi ≤ 1− ε, ∀i ∈ B

}

, (4)

where ε is an arbitrarily small positive constant to ensure ρi <

1, and authors in [13] have proved that the set F is convex.

B. Energy consumption model

We assume both MBSs and PBSs in the HetNets are

powered by hybrid energy sources: power grid and renewable

energy sources. Each BS is capable of harvesting green

energy from renewable energy sources, and we assume the

harvested energy is stored in an infinite capacity storage. This

assumption is reasonable as the harvested energy is generally

not sufficient for reliable network operation, and thus the

harvested energy rarely overflows. Note that small BSs such

as PBSs may have smaller energy harvesting rates/capabilities

than those of MBSs. We also assume there is no energy

transfer among BSs. Each BS will allocate green energy in

each time slot, if the allocated green energy is not sufficient

to support traffic demand, BS will consume the energy from

the power grid.

Generally, BSs consist of two types of energy consumptions:

static energy consumption and adaptive energy consumption

which is nearly linear to the loads of BSs [15]. Static energy

consumption is the energy consumption when BS is idle with-

out any traffic load. Here we adopt the linear approximation

of BS energy consumption model in [15], with Ei (t) denoted

as the energy consumption of BS i at t-th time slot,

Ei (t) = ∆ipiρi (t) τ + Es
i , (5)

where ∆i is the slop of load-dependent energy consumption

of BS i, pi is transmission power of BS i, τ is the length

of each time slot and Es
i is the static energy consumption

of BS i in each time slot. It is worthwhile mentioning that

the small BSs such as PBSs and femto BSs generally have

smaller static energy consumptions than those of MBSs since

they have neither big power amplifiers nor cooling equipments.
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Then we denote Gi (t) as the green energy allocation of BS

i at t-th time slot, and the on-grid energy consumption of BS

i at t-th time slot is expressed as

E
grid
i (t) = max (Ei (t)−Gi (t) , 0) . (6)

III. PROBLEM FORMULATION

Due to the disadvantages of high peak-to-average on-grid

energy consumption ratio, we aim to not only reduce total

on-grid energy consumption but also achieve time-fair on-

grid energy consumption, that is, to make the on-grid energy

consumption evenly distributed with respect to time as much

as possible. We achieve this using lexicographic minimization

which is defined as below.

Definition 1: let A1 and A2 be two resource allocations.

A resource vector LA is a sorted resource vector of a resource

allocation, if L
A is the result of sorting A in non-increasing

order, and LA
i is the i-th element in L

A. We say A1=A2 if

L
A1=L

A2 , A1<A2 if there exists an i such that L
A1

i < L
A2

i

and L
A1

j = L
A2

j , ∀j < i, and A1>A2 otherwise. A∗ is the

optimal lexicographic minimization resource allocation if there

is no other resource allocation A
′

<A
∗.

Thus, in this paper our problem is to find optimal loads of

BSs ρ and optimal green energy allocation G in order to

Lexicographicallyminimize
ρ,G

:
{

∑

i∈B

E
grid
i (1), · · · ,

∑

i∈B

E
grid
i (t), · · · ,

∑

i∈B

E
grid
i (|T |)

}

, (7)

s.t. : Gi (t) ≤ Bi (t) , ∀i, ∀t (8)

Bi (t) = Bi (t− 1) +Qi (t)−Gi (t− 1) , ∀i, t ≥ 2 (9)

Bi (1) = B0
i +Qi (1), ∀i (10)

ρi (t) < 1, ∀i, ∀t, (11)

where Bi (t) and Qi (t) are the green energy storage, and the

amount of green energy harvested by BS i at t-th time slot,

respectively. We assume the harvested green energy Qi (t)
arrives at the beginning of t-th time slot, and the initial

energy stored in the storage is B0
i . (8) indicates the BS cannot

consume more green energy than it has stored. (9) represents

the ’storage evolution’ dynamics.

The above lexicographic minimization of on-grid energy

consumption involves two-dimensional optimization. In the

space dimension, traffic load among BSs should be balanced

within the whole network. In the time dimension, the green en-

ergy allocation across different time slots should be optimized.

As shown in (6), E
grid
i (t) decreases as Ei (t) decreases,

where Ei (t) is determined by the traffic load of BS i.

Furthermore, Ei (t) is independent of green energy allocation

G. Therefore we decompose the optimization problem into

two sub-problems, and the decomposed problem is equivalent

to the original optimization problem. In space dimension, the

traffic load is balanced across different BSs in a certain time

slot to minimize the total energy consumption
∑

i∈B Ei (t).
While in time dimension, based on the traffic load derived

from the optimization in space dimension, the green energy

allocation is optimized across different time slots in order to

lexicographically minimize the on-grid energy consumption.

A. Space dimension: user association

The user association optimization in space dimension is

to determine which BS each user should associate with, or

equivalently, to find the optimal traffic load ρ in order to

minimize the total energy consumption of all the BSs during

one time slot, while guaranteeing QoS requirements for all the

users in a sense that all the users are served with the required

traffic amount. It is formulated as a convex optimization given

by
min
ρ

∑

i∈B [Ei (t) + Li (ρi (t))]

s.t. : (11)
, (12)

where Li (ρi (t)) is a penalty function we intentionally in-

troduce. Due to the power disparity between high power

MBSs and low power PBSs in HetNets, most of users may

choose to associate with the MBS, resulting in the congested

macrocells. By adding penalty into the objective, the traffic

could be balanced among BSs, which avoids any cell getting

too congested. Although there may be other methods to design

the penalty function, in this paper, we define the penalty as

following

Li (ρi (t)) = ω log

(

1

1− ρi (t)

)

, (13)

where ω is the weight to adjust the significance of the penalty.

It is worthwhile mentioning that as ω goes to zero, the

modified problem given in (12) is asymptotically equivalent

to the original subproblem without penalty function Li.

B. Time dimension: green energy allocation

Based on the traffic load derived from the user association

in space dimension, the green energy allocation in time

dimension is to optimize the green energy allocation across

different time slots. As there is no energy transfer among

BSs in our model, the lexicographical minimization of on-grid

energy consumption of the whole network can be achieved by

lexicographically minimizing on-grid energy consumption of

every individual BS separately, which is formulated as

Lexicographicallyminimize
G

:
{

E
grid
i (1) , · · · , Egrid

i (t) , · · · , Egrid
i (|T |)

}

s.t. : (8), (9), (10)

. (14)

IV. PROPOSED ALGORITHM

In this section, we propose algorithm to solve the above

two sub-problems with low computational complexity. The

solution of the user association optimization in space dimen-

sion estimates the traffic load of all the BSs in each time

slot. Based on this solution, optimal green energy allocation

across different time slots is achieved by solving optimization

problem in time dimension.

A. Space dimension: user association

In this subsection, we propose the user association algorithm

which achieves the global optimum in minimizing the total

energy consumption of all the BSs in a certain time slot.

Since the user association is carried out in every time slot,

we omit time slot index t in the presentation of the proposed
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user association algorithm for simplicity. The proposed user

association algorithm is implemented in an iterative manner:

BSs periodically measure and advertise their loads, and then

users make user association decision based on the advertised

information to minimize
∑

i∈B [Ei + Li (ρi)]. The BS and

user sides update iteratively until convergence.

In order to guarantee convergence, we assume the user

arrival and departure processes are faster relative to the period

in which BSs advertise their loads. Particularly, once BSs

advertise their loads, users are able to make user association

decision based on the advertised BS loads, prior to the next

BSs advertising loads update. We also assume all the BSs are

synchronized and advertise their loads at the same time.

The following is the explicit procedure of the proposed user

association algorithm.

User side: At the beginning of k-th iteration, users get the

traffic loads ρ(k) of all BSs via the broadcast. And then the

user at location x chooses the optimal BS by

j(k) (x) = argmax
i∈B

ri (x)
(

∆ipiτ + Li
′
(

ρ
(k)
i

))−1

. (15)

Then the user association indicator is updated by

yi
(k) (x) =

{

1, if i = j(k) (x)
0, otherwise.

(16)

And y
(k)
i (x) will be broadcasted to all the BSs.

BS side: The updated user association indicators from the

user side will change the loads of BSs, and thus during the

k-th iteration, the new traffic load of BS i is given by

Ti

(

ρi
(k)

)

= min

(
∫

L

λ (x)µ (x) yi
(k) (x)

ri (x)
dx, 1− ε

)

.

(17)

Based on the derived Ti

(

ρi
(k)

)

, BS i updates the next

advertising traffic load as [13]

ρi
(k+1) = θρi

(k) + (1− θ)Ti

(

ρi
(k)

)

, ∀i ∈ B, (18)

where 0 ≤ θ < 1 is an exponential averaging parameter.

The convexity, optimality and convergence proofs of the

proposed user association algorithm can be generalized with

the similar approach in our previous work [16].

As mentioned before, the proposed algorithm is carried out

in every time slot, and it does not restrict the timely response

for two reasons. Firstly, the proposed user association algo-

rithm is totally distributed, although the interaction between

users and BSs may incur overhead on control information

exchange, the proposed algorithm does not require any central-

ized computation, as such there is no algorithmic complexity

issue here. Secondly, the duration of one time slot depends on

the dynamics of green energy generation and mobile traffic.

As for green energy generation, taking solar energy as an

example, the granularity for solar energy generation is usually

an hour [11]. For the mobile traffic, the hourly mobile traffic

profile can well represent the traffic characteristic for guiding

the BS operations [10]. Thus, the time slot duration could be

tens of minutes, which is long enough to execute the proposed

user association algorithm.

B. Time dimension: green energy allocation

In the light of the predicable traffic profile with respect to

time, the optimization in space dimension can estimate traffic

loads of all the BSs in each time slot. Based on the estimated

BS loads and the predicable renewable energy profile, the

green energy allocation in time dimension optimizes the green

energy allocation in an offline manner. The green energy

allocation optimization is quite complicated, due to the fact

that green energy generated at one time slot cannot be used

at its previous time slots, and the available amount of green

energy during a certain time slot depends on both the green

energy generated at the current time slot and the residual green

energy generated from previous time slots. Inspired by the

energy allocation algorithm in [8], we propose green energy

allocation algorithm as shown in Algorithm I.

Algorithm I: Green Energy Allocation

Input: Ei (t), Qi (t) , ∀t, B
0

i ;

Initialize Gi (t) ,∀t, and calculate E
grid
i (t) ,∀t;

for m = 2;m ≤ |T |;m++; do

if E
grid
i (m) > E

grid
i (m− 1) then

for n = 1;n ≤ m− 1;n++; do

calculate ḡ =
∑m

t=n E
grid
i (t)

/

(m− n+ 1);

if E
grid
i (n) < ḡ then

k = n, and break;
end if

end for

for n = k;n ≤ m;n++; do

if E
grid
i (n) < ḡ then

Decrease Gi (n) to make E
grid
i (n) = ḡ;

else

Increase Gi (n) to make E
grid
i (n) = ḡ;

end if
end for

end if

end for
Return Gi (t) ,∀t.

In the proposed green energy allocation algorithm, we first

initialize the green energy allocation as

Gi (t) =

{

B0
i +Qi (t) , t = 1

Qi (t) , t > 1,
(19)

where BS consumes all the available green energy in each

time slot. Since the green energy cannot be consumed until it

is generated, the on-grid energy consumption at one time slot

can be reduced only by changing the green energy allocation

in the previous time slots. If E
grid
i (m) > E

grid
i (m− 1),

the green energy allocations in the time slots previous to

m-th time slot are reduced, and more green energy is al-

located in m-th time slot, thereby ensuring E
grid
i (m) ≤

E
grid
i (m− 1). Specifically, we find the n-th time slot such

that E
grid
i (n) <

∑m

t=n E
grid
i (t)

/

(m− n+ 1), and let ḡ =
∑m

t=n E
grid
i (t)

/

(m− n+ 1). Then we reduce the green

energy allocation from n-th to (m − 1)-th time slot, and

increase the green energy allocation in m-th slot, making sure

E
grid
i (t) = ḡ, t ∈ {n, · · · ,m}. Assuming E

grid
i (m) is the

m-th largest on-grid energy consumption among all the slots,

E
grid
i (m) cannot be further reduced without increasing the

largest to the (m− 1)-th largest on-grid energy consumption.
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Fig. 1. Traffic and green energy profiles versus different time slots

Therefore, the proposed green energy allocation achieves the

min-max fair. According to [17], the min-max fair vector is

the unique optimal solution for the lexicographic minimization

problem, which is also Pareto optimal.

The computational complexity of proposed green energy

allocation algorithm is O
(

|T |2
)

in the worst case. Such

computational complexity is acceptable, since the proposed

green energy allocation algorithm optimizes the green energy

allocation in an offline manner. If we take one day as the

whole duration of all the time slots, the proposed green energy

allocation algorithm executes only once a day.

V. SIMULATION RESULTS

To evaluate the performance of the proposed algorithm, the

2-tier downlink HetNets are simulated. The theoretical analysis

throughout paper is independent with the spatial distribution

of BSs. For the simulations, we model the locations of all

the BSs to be fixed. The simulated HetNets are composed of

19 macrocells. In each macrocell, 3 PBSs are symmetrically

located along a circle with radius as 200m and MBS in the

center. As for the traffic model, for the sake of simplicity,

we simulate the file transfer requests follow a homogenous

Poisson point process where λ (x) = λ, but note that our

model can still apply to the scenario with heterogeneous traffic

distribution. Each request is assumed to have exactly one file

with mean file size µ as 100 Kbits.

As already mentioned, the proposed user association algo-

rithm is able to be executed within one time slot, and note that

the theoretical analysis throughout paper is independent with

the exact duration of one time slot, and also not restricted to

a particular type of renewable energy sources. In simulations,

we use the model in [11] which provides hourly solar energy

generation in June around London gatwick airport, and [12]

which estimates the typical daily traffic variation in European

areas as shown in Fig. 1. The daily traffic variation is plotted

relative to the peak traffic demand. In our simulations, we

assume all the BSs are in the same whether environment

and bear the same traffic variation trend. We evaluate the

performance of the proposed algorithm during 24 hours.

The other simulation parameters are shown in Table I.

Fig. 2 compares the snapshot of the resulting user asso-

ciation pattern in one macrocell area with or without the

optimization in space dimension. In user association without

optimization, users will associate with the BS from which

they receive the strongest downlink reference signal received

power (RSRP). Due to the power disparity of the high power

MBS and low power PBS, Fig. 2 demonstrates that in user

TABLE I
SIMULATION PARAMETERS

Parameter Value

Bandwidth 10 MHz

Inter site distance 500 m

Transmission power of MBS 46 dBm

Transmission power of PBS 30 dBm

Noise power -174 dBm/Hz

Pathloss between MBS and user 128.1 + 37.6log10d (km) [18]

Pathloss between PBS and user 140.7 + 36.7log10d (km) [18]

Log-normal shadowing fading 10 dB [18]

Static power consumption of MBS 780 W [15]

Static power consumption of PBS 13.6 W [15]

Slop of MBS load-dependent energy 4.7 [15]

Slop of PBS load-dependent energy 4.0 [15]

Initial energy stored in MBS 2 kWh

Initial energy stored in PBS 0.002 kWh
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Fig. 2. Snapshot of user association o/w optimization in space dimension

association without optimization most users associate with

MBS, which will overload the marcocell and make the PBS

deployment ineffective. While in our proposed user association

optimization in space dimension, more users will associate

with the PBS, which effectively offloads the traffic from the

congested macrocell to the more lightly loaded picocells. Such

traffic offloading also benefits the energy saving which will be

demonstrated later.

Fig. 3 shows the green energy allocation and on-grid energy

consumption versus different time slots with or without opti-

mization in time dimension. In the algorithm without optimiza-

tion in time dimension, BS consumes the green energy as long

as they harvested it from the renewable energy sources. Fig. 3

illustrates that the proposed green energy allocation algorithm

in time dimension optimizes the green energy allocation over

time slots. As a result, on-grid energy is consumed in a more

uniform way with respect to time, mitigating the high peak-to-

average on-grid energy consumption ratio problem. However,

in the algorithm without optimization, due to the high green

energy generation rate during 10:00 and 16:00, the on-grid

energy consumption goes down dramatically during that time,

but escalates astronomically after 19:00, since the green energy
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Fig. 3. Green energy allocation and on-grid energy consumption versus
different time slots o/w optimization in time dimension
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generation rate experiences rapid decline after 19:00.

Fig. 4 presents the total on-grid energy consumption within

the whole HetNets area and across all the time slots in different

traffic profiles. Compared with the approach with optimization

in neither space nor time dimension, the algorithms with

optimization only in time or space dimension can reduce the

total on-grid energy consumption. Our proposed algorithm

with optimization in both the time and space dimension

achieves the most on-grid energy saving among these four

approaches. Furthermore, Fig. 4 illustrates that compared

with other approaches, the proposed algorithm achieves more

improvement in the low traffic profile condition, than that in

the high traffic profile condition.

Fig. 5 evaluates the peak-to-average on-grid energy con-

sumption ratio in different traffic profiles. The peak-to-average

on-grid energy consumption ratio we plotted here is the sum

ratio of all the BSs in one macrocell area, which is defined as

PA =
∑

i∈B

max(Egrid
i (t))

∑

t∈T E
grid
i (t)

/

|T |
. (20)

Fig. 5 reveals that our proposed algorithm with optimization

in both the time and space dimension is able to substantially

reduce the peak-to-average on-grid energy consumption ratio,

which indisputably addresses the challenging of rising peak-to-

average on-grid energy consumption ratio, thereby maintaining

profitability for mobile network operators.

VI. CONCLUSIONS

In this paper, we have proposed a joint user association

and green energy allocation algorithm to lexicographically

minimize the on-grid energy consumption in HetNets with

hybrid energy sources, where all the BSs are assumed to

be powered by both the power grid and renewable energy

sources. We decomposed the optimization problem into two

sub-problems: the user association optimization in space di-

mension and the green energy allocation optimization in time

dimension. Simulation results indicate the proposed algorithm

substantially saves on-grid energy as well as reduces peak-to-

average on-grid energy consumption ratio.

In this paper we assume both predicable green energy and

traffic profiles and we focus on the design of efficient and

optimal algorithm. The proposed algorithm provides insight

into the structure of the problem, and can serve as benchmark

for evaluating online or approximate algorithms. In future

work, we will design algorithms for unpredictable energy and

traffic profiles which can be implemented in an online manner.
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