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Abstract—The spread of the wireless communication devices
resulted in a remarkable growth of power consumption for
telecommunication systems to satisfy the users’ demands. Thus,
new revolutionary solutions are needed to enhance their energy
efficiency. In this paper, we propose an enhanced energy efficiency
scheme for wireless systems based on sharing the energy between
different cells to optimize the overall cost. The objectiveis
to encourage cooperation between cells/micro-grids to exchange
additional/needed power function of their respective throughput
demand and energy availability. We propose a pricing scheme
for the energy exchange and a power procurement and resource
allocation strategy per operator to maximize the revenue ofeach
operator. We derive analytic expressions for power procurement
considering uniform power allocation over users. Then, we con-
sider adaptive power allocation per user depending on channels
and Quality of Service (QoS) requirements and propose a scheme
to derive the global power procurement solution. Our simulation
results show the feasibility of the proposed scheme allowing to
enhance the energy efficiency of the hybrid powered wireless
system while optimizing the revenue of the different involved
operators.

Index Terms—Green communications, smart grids, efficient
bandwidth allocation, energy efficiency, pricing.

I. I NTRODUCTION

The expansion in the telecommunication market has not
led to only a shortage in spectrum [1–3], but also to a huge
increase in energy consumption. As a result, the telecommu-
nications market became one of the most power consumers
and carbon emitters. Researchers from the Center for Energy-
Efficient Telecommunications (CEET) and Bell Labs [4] ex-
plain that the information communications and technology
industry produce more than830 million tons of carbon dioxide
(CO2), which is considered as the main Green House Gas
(GHG), annually. This amount represents about2% of the
global CO2 emissions and is equivalent to the proportion
produced by the aviation industry as an example. Projections
suggest that this share is expected to double by2020. This
study shows also that the wireless devices use only could
increase the energy demands of mobile data up to460% from
9 million MWh (megawatt hours) in2012 to between32− 43
million MWh by 2015. That growth only represents the same
carbon output as4.9 million new cars on the road [4]. This
increase has led to a global awareness about the importance
of improving energy efficiency and necessity of relying on
renewable energy sources for telecommunication networks in
order to limit GHG emissions. Although lots of research efforts
have been done in the area of energy management and usage

of renewable sources in telecommunications [5, 6], the existing
research works suffer from a lack of exploitation of the
specific characteristics of the communication networks andthe
opportunities resulting from the different degrees of freedom in
these systems. Thus, innovative resource management schemes
need to be derived to minimize the amount of consumed
energy and reduce its economic and environmental effects.

The dramatic increase of power generation costs and the
increasing awareness about effects of carbon emissions re-
sulted in a serious focus on reducing power consumption when
designing modern large scale systems. With the technological
advances achieved in improving their energy efficiency, renew-
able sources contributed about 19% of the global world energy
consumption in 2012 [7]. In the telecommunications industry,
multiple attempts studied and developed different resource
allocation schemes relying on renewable and heterogeneous
power sources. For instance, Chamola and Sikdar [8] proposed
to power base stations (BSs) using solar energy while Yu and
Qian studied wind-powered BSs’ performance [9]. The emer-
gence of smart grids is a revolutionary step in the management
of energy. Its main concept is based on distributed generation
from multiple sources and real time exchange of information
between different components of the grid using smart sensors
to monitor and control the demand and supply. In a recent
survey, Erol-Kantarci and Mouftah [10] summarized the dif-
ferent works to optimize energy usage using smart grids for
Information and Communication industry. They showed that
despite of available opportunities to improve energy efficiency,
only few research groups have focused on optimizing the use
of smart grids in communication systems.

One of the challenges when using renewable power sources
is their various and uncontrollable supply which makes them
unreliable. Thus, a back-up supply is always required. Multiple
research works [11–16] have focused on exploiting coopera-
tion in communication systems between the BSs by adjusting
the users assignment and optimizing the resource allocation
to guarantee the required QoS while facing power shortages
and/or minimize costs. In this work, we intend to tackle
this shortage through collaboration between neighboring cells
not through dynamic assignment and resource allocation but
through the exchange of extra/missing power for a certain
power cost. In addition, the proposed framework allows to
optimize generation and procurement of energy from different
power grids through the possible exchange of power.

We consider a communication system where BSs connected



to different micro-grids cooperate to minimize their global
power cost and maximize their total income while ensuring
a reliable service to the demanding users. Each micro-grid is
equipped with renewable sources but has the ability to procure
power from the main grid when needed. The main task is to
optimize power procurement from different sources that allows
maximizing a utility function expressed as a combination of
the income from serving the requesting users and the cost of
the procured power, while guaranteeing the required Quality of
Service (QoS) for the different served users. The cooperation
between the micro-grids is done through an exchange of power
between BSs that allows them to maximize their utilities for
a mutual marginal cost to be agreed upon. The challenge
consists of determining the optimal power for each micro-grid
from each source that not only maximizes its own utility, but
also takes into consideration the other micro-grids demands
to optimize the exchanged power cost. The main contribution
of this paper is to propose a joint power procurement and
allocation solution then to show how to obtain an equilibrium
price that satisfies the different micro-grids in the system.

The remainder of the paper is organized as follows. Sec-
tion II introduces the system model and powering architecture.
Section III gives the mathematical problem formulation of
the system and models to govern the power pricing in the
system. In Section IV, we detail and analyze the proposed
algorithms for resource allocation and power procurement
while in Section V, we present simulation results and gains
achieved with the proposed schemes. Finally, the conclusion
is drawn in Section VI.

II. SYSTEM MODEL

We consider a set ofL BSs aiming to ensure a reliable
service for their respective users. We assume that each BS is
connected to a micro-grid and equipped with autonomous re-
newable power sources. In addition, the micro-grids are inter-
connected so they can exchange energy when needed. In this
work, we assume that exchanging power between two micro-
grids result in a fixed power loss between any two micro-
grids and that the capacity of exchange is unlimited. Power
routing is out of the scope of this paper as we mainly focus on
optimizing the communication throughput. The network and
powering architecture are summarized in Fig. 1.

III. PROBLEM FORMULATION

The aim of the work is to encourage micro-grids to collabo-
rate and distribute the available energy among them according
to their required demands by setting an energy cost that needs
to be paid by the buyer to the seller as a function of the
amount of power exchanged. This cost will encourage the
micro-grid with low power demand and extra available energy
to look for opportunities to sell the remaining energy to other
micro-grids. For the micro-grids with lower energy availability
than the demand, buying remaining energy of the other micro-
grids is better in terms of environmental impact as it allowsto
recycle the extra-energy without needing to stock energy but
should also be motivated economically by offering lower costs.
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Fig. 1. Network and Powering Architecture.

A unique marginal power cost is determined as a function
of the total demand and offer in the system to motivate the
different micro-grids to cooperate. We formulate the problem
as a competitive pricing game where each micro-grid is trying
to optimize its utility function. The utility function is devised
to address the trade-off of each micro-grid’s profit and costs.
The profit is coming from serving the users’ requests and
trading power with neighboring micro-grids. While the costis
a sum the costs of acquiring the needed power from different
power sources and competing micro-grids. In a general format,
the utility function for each micro-grid is written as follows:

Uc =

Kc
∑

k=1

Rc,k (rc,k)−
∑

t∈{r,c,x}

C(t)
c

(

P (t)
c

)

; (1)

where
• Rc,k(rc,k) is the reward gained from serving the users

with a data raterc,k;
• Pc,k is the power allocated for transmission for thek-th

user;
• P

(i)
c is the amount of power generated from the power

sourceti;
• C

(r)
c (.), C

(x)
c (.), and C

(g)
c (.) are the cost functions of

acquiring the power from renewable intrinsic sources,
exchange with neighboring cells, and procurement from
the grid, respectively.

• rc,k(.) is the data rate function of the assigned power for
the k-th user. We assume that each cellc serves itsKc

users over orthogonal channels, the data rate function of
the allocated power is then written as

rc,k (Pc,k) = bc,k log2

(

1 +
Pc,kgc,k
N0bc,k

)

, (2)



where bc,k is the bandwidth assigned to userk, gc,k is
the channel gain for userk, andN0 is the noise power
spectral density. Considering that each user needs to be
served with a minimum required data rate and that it has
a maximum decoding rate, the reward function for the
data rates is deduced as

Rc,k (rc,k) =











0 if rc,k < rmin
c,k

Kr × rc,k if rmin
c,k ≤ rc,k ≤ rmax

c,k

Kr × rmax
c,k if rc,k ≥ rmax

c,k .
(3)

For the power cost function, we consider that the different
power sources have limited power generation capacity and that
the power cost is proportional to the procured power with a
constant marginal power price:

• For the renewable sources, assumingN
(r)
c renewable

power sources for the micro-gridc with capacity
P

(ri)
c

max
and a unit power price denoted byα(ri)

c for
each sourcei, the power cost functions are written as

C(r)
c

(

P (r)
c

)

=

N(r)
c
∑

i=1

α(ri)
c P (ri)

c

for P (ri)
c ∈

[

0, P (ri)
c

max
]

;

(4)

• For the non renewable power to be procured from the
grid, we assume a multi-level marginal power cost func-
tion of the procured power

C(g)
c

(

P (g)
c

)

=α(gi)
c P (g)

c

if P (gi)
c ∈

[

P (gi)
c

min
, P (gi)

c

max
]

,

(5)

whereα(gi)
c is the unit energy cost if the procured power is in

the interval

[

P
(gi)
c

min

, P
(gi)
c

max
]

.

IV. JOINT POWER ALLOCATION AND PROCUREMENT

SOLUTION

A. Power Demand Function of Users’ Requirements and En-
ergy Prices

For the power demand, the problem is formulated as a power
allocation problem with power procured from different sources
with different costs. The optimization problem is written as

max

Kc
∑

k=1

Rc,k (rc,k)−
∑

t∈[r,x,c]

C(t)
c

(

P (t)
c

)

(6a)

s.t. 0 ≤ P (r)
c ≤ P (r)

c

max
(6b)

P (x)
c ≥ 0 (6c)

0 ≤ P (g)
c ≤ P (g)

c

max
(6d)

rmin
c,k ≤ rc,k (Pc,k) ≤ rmax

c,k (6e)
Kc
∑

k=1

Pc,k ≤ P (r)
c + P (x)

c + P (g)
c , (6f)

Since the problem is convex, we use the Lagrangian tech-
nique [17] to derive the optimal demand power from each
source and the power allocated to each user. The solution
consists of first sorting the different power sources in an
increasing order of their marginal cost such thatα1 < α2 <
... < αNc

. Then, we allocate the power procured from a
source i among the requesting users using the cap-limited
water-filling algorithm [18] taking into account the previously
allocated power from other sources (i.e., with lower prices)
until reaching the required QoS or harvesting all the available
energy. The power procured from a sourcei can then be
written as

P
(i)
c =





Kc
∑

k=1

[

Krbc,k

α
(i)
c log 2

−
N0bc,k
gc,k

]Pmax
c,k

Pmin
c,k

−
∑

α
(j)
c <α

(i)
c

P (j)
c

max





P (i)
c

max

P
(i)
c

min

, ∀i

(7)

where

Pmin
c,k =

(

2
rmin
c,k
bc,k − 1

)

N0bc,k
gc,k

(8)

Pmax
c,k =

(

2
rmax
c,k
bc,k − 1

)

N0bc,k
gc,k

, (9)

and [x]
xsup

xinf
= min {max {x, xinf } , xsup}. In case of two

or more power sources with equal marginal costs, these two
power sources are merged and the power procured is divided
between them.

B. Optimal Power Supply

Function of the power demand of neighboring cells, a micro-
grid can choose to sell its extra power opportunistically. Taking
into consideration the power loss factorξ due to transport of
energy, the problem for a power seller is written as follows

max

Kc
∑

k=1

Rc,k (rc,k)−
∑

t∈[r,c]

C(t)
c

(

P (t)
c

)

+ C(x)
c

(

ξP (x)
c

)

(10a)

s.t. 0 ≤ P (r)
c ≤ P (r)

c

max
(10b)

P (x)
c ≤ 0 (10c)

0 ≤ P (g)
c ≤ P (g)

c

max
(10d)

rmin
c,k ≤ rc,k (Pc,k) ≤ rmax

c,k (10e)
Kc
∑

k=1

Pc,k ≤ P (r)
c − P (x)

c + P (g)
c , (10f)

We note that the problem is similar to the buyers problem
with a unique difference in the sign of the cost of the
exchanged power and its effect on the utility in addition to the
power loss factor due to the exchange. Using the Lagrangian
technique, we obtain the optimal power allocated for each user
and the power to be procured from each source, similarly to
the buyer problem, as shown in Eq. (11).



P (i)
c =







































Kc
∑

k=1

[

Krbc,k

α
(i)
c log 2

−
N0bc,k
gc,k

]Pmax
c,k

Pmin
c,k

−
∑

α
(j)
c <α

(i)
c

P (j)
c

max
+

∑

ξα(x)>α
(i)
c

P (x)
c

max





P (i)
c

max

P
(i)
c

min

, if i ∈
[

r1 : r
N

(r)
c

, g1 : g
N

(r)
c

]





∑

α
(j)
c <ξα(x)

P (j)
c

max
−

Kc
∑

k=1

[

Krbc,k
ξα(x) log 2

−
N0bc,k
gc,k

]Pmax
c,k

Pmin
c,k





0

, if i = x

(11)

C. Optimal Exchange Marginal Power Cost

1) Generic Solution for Market Equilibrium Price: At the
equilibrium, the sums of the demand and supply for exchang-
ing power from the different micro-grid cells should be equal,
in order to ensure the satisfaction of all players of the market.
Taking into consideration the power lost through exchange
between cells, the market equilibrium condition is writtenas

∑

c∈Gb

P (x)
c = ξ

∑

c∈Gs

P (x)
c , (12)

whereGb is the set of micro-grids requesting to buy power
from the other micro-grids andGs is the set of micro-
grids offering to sell power to the other micro-grids. By
incorporating the expressions ofP (x)

c obtained in (7) and (11)
in (12), we can determine the optimal exchange marginal price
that will allow to satisfy all micro-grids.

For a generic solution of the problem, we assume a broker
that will play the role of a coordinator between the different
micro-grids. This broker receives periodically the requests and
power availabilities from the different micro-grids function
of the market exchange price. Then, it updates the exchange
price to maintain the equilibrium by increasing the price ifthe
demand is higher than the supply and reducing it in the inverse
case. Algorithm 1 represents the different steps to reach the
equilibrium price and the interactions between the micro-grids
and the broker.

Algorithm 1 Scheme for determination of equilibrium ex-
change power price.

0: INIT: Broker initialize exchange priceα(x)(0) = α
(x)
0

repeat
for all cells c = 1 : Nc do

Optimize power allocation for requesting users
Determine optimal requested/suppliedP (x)

c

end for
Broker updates exchange price

α(x)(t+ 1) = α(x)(t) +

(

∑

c∈Gb

P (x)
c − ξ

∑

c∈Gs

P (x)
c

)

until
∑

c∈Gb

P (x)
c = ξ

∑

c∈Gs

P (x)
c

2) Analytic Expression for Uniform Power Allocation:
In order to further analyze the optimal exchange price, we
consider a simpler scenario where all users in a cell are served
with the same power considering the average channel gain of
the users in the cell. In this case, the optimal demand and
supply for the exchange power can be further simplified as

P
(x)
c =

































































[

Krbc
α(x) log 2

−
N0bcKc

gc

]Pmax
c

Pmin
c

−

∑

α
(j)
c <α(x)

P
(j)
c

max







0
if c ∈ Gb







∑

α
(j)
c <ξα(x)

P
(j)
c

max
−

[

N0bcKc

gc
−

Krbc

ξα(x) log 2

]Pmax
c

Pmin
c







0
if c ∈ Gs

(13)
whereGb (respectivelyGs) is the group of micro-grids buying
(respectively selling power) to or from other micro-grids,and
Pmin
c andPmax

c are respectively the required minimum and
maximum power per cell which can be deduced from the users
requirements.

In this case, using (12), we deduce the optimal exchange
price,α(x), using

1

α(x)
=

log(2)

Kr

∑

c∈{G
(wl)
s ∪G

(wl)
b

}

bc

(

∑

c∈Gb

∑

α
(j)
c <α(x)

P (j)
c

max

+
∑

c∈G
(wl)
b

N0bcKc

gc
−

∑

c∈G
(inf)
b

Pmin
c −

∑

c∈G
(sup)
b

Pmax
c

+ ξ
∑

c∈Gs

∑

α
(j)
c <ξα(x)

P (j)
c

max
+ ξ

∑

c∈G
(wl)
s

N0bcKc

gc

+ ξ
∑

c∈G
(inf)
s

Pmin
c + ξ

∑

c∈G
(sup)
s

Pmax
c

)

,

(14)



where

G
(inf)
b =

{

c ∈ Gb;
Krbc

α(x) log 2
−

N0bcKc

gc
< Pmin

c

}

G
(sup)
b =

{

c ∈ Gb;
Krbc

α(x) log 2
−

N0bcKc

gc
> Pmax

c

}

G
(wl)
b = Gb −

{

G
(sup)
b ∪G

(inf)
b

}

G(inf)
s =

{

c ∈ Gs;
N0bcKc

gc
−

Krbc
ξα(x) log 2

< Pmin
c

}

G(sup)
s =

{

c ∈ Gs;
N0bcKc

gc
−

Krbc
ξα(x) log 2

> Pmax
c

}

G(wl)
s = Gs −

{

G(sup)
s ∪G(inf)

s

}

V. SIMULATION RESULTS

We considerNc = 10 cells with circular area of diameter
1 Km with one BS per cell placed in the center of the cell and
servingKc users placed randomly within the cell. The number
of users per cell is generated uniformly randomly between 1
and 100. The average channel gains are derived based on the

pathloss modelg(k)l = c0

(

d0

dl,k

)η

, wherec0 is the channel gain
for the reference distanced0, dl,k is the distance between the
base-stationl and the userk, andη is the path-loss set to3. We
consider a total bandwidth for each BSB = 10 MHz. The
noise power is taken−110 dBm/Hz. The minimum required
throughput rate per user is set tormin

k = 0 Mbps while the
unit throughput rewardKr is set to0.01$ perMbps.

In Fig. 2, we present the obtained optimal exchange price
as a function of the power loss factor for different renewable
power availabilities. We first observe the decrease of the price
when the power loss factor converges to one (i.e., perfect
energy exchange) due to the decrease of lost energy while
exchanging it between the micro-grids. In addition, the price
decreases with the increase of the available renewable power.
This can be explained by the increase of the offered power
which pushes sellers to reduce the price.
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Fig. 2. Optimal exchange price as a function of the power lossfactor for an
average SNR0 dB.

In Fig. 3, we plot the optimal exchange price as a function
of the average SNR when solving the problem optimally

and comparing it to the case of uniform power allocation
assumption. In this case, we consider two scenarios, in the
first one we allow some outage in the achieved throughput
for some users and target the average QoS of the users in
the cell while in the second one, we target to respect the
required QoS of all users per cell and thus consider the worst
QoS. Through this figure, we aim to observe the effect on
users’ performance using the uniform allocation assumption.
We conclude that targeting the worst QoS requires higher
power levels to achieve the same throughput levels as to the
optimal case which reduces the power exchange price. On the
opposite, the average assumption allow to obtain the same
prices but will result in an outage for some users due to the
average channels assumption which will be lesser than the real
channels for some users.

−20 −15 −10 −5 0 5 10 15 20
0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

Average SNR [dB]

E
ne

rg
y 

un
it 

pr
ic

e 
in

 $
 p

er
 k

W
h

 

 
Optimal allocation
Uniform allocation for worst case
Uniform allocation for average case

P(r),max=1 W

P(r),max=3 W

P(r),max=2 W
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In Fig. 4, we aim to observe the effect of the cells renewable
power capacity on the exchange price. Increasing the average
renewable power capacity of the cells results in a decrease of
the unit price as the offer become much more important than
the demand which urges the cells to reduce the market price
in order to find sellers for their remaining power.
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In Fig. 5, we plot the used power from each source as we



increase the renewable power for different power loss factors.
We first observe the steady increase of the usage from the
different sources as the available renewable powers increases.
Second, as the power loss due to exchange increases, the cells
tend to reduce usage of power coming from exchange with
other micro-grids and rely on the other sources instead to
compensate this loss.
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renewable power for an average SNR0 dB.

VI. CONCLUSION

We introduced in this paper a pricing model for exchanging
power between base stations in order to increase the energy
efficiency of the system and the usage of the renewable power.
While each cell determines its optimal power needs from its
different available sources according to its demands, a broker
coordinates between the different micro-grids to determine
an optimal exchange marginal price that satisfies all players’
utilities and thus maximizes the use of renewable energy and
minimizes the global power cost. The presented work can be
extended in multiple directions. First, taking into consideration
more constraints regarding the power transfer between micro-
grids such as the different power loss factors per link and
the capacity for each link. Second, generalizing the commu-
nication system for more complex scenarios with inter-cell
interference and dynamic spectrum access. Finally, a fully
distributed scheme can be investigated by direct determination
of optimal policy from each micro-grid using reaction of the
other players in the system without the need of a broker
which makes the scheme more adapted to recent decentralized
infrastructures.
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