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Renewable Energy-Aware Joint Caching and Routing
for Green Communication Networks

Abdallah Khreishah, Haythem Bany Salameh, Issa Khalil, andAmmar Gharaibeh

Abstract—The Internet is one of the fastest-increasing con-
tributors to carbon emission. Content distribution as video on
demand constitutes the majority of the Internet traffic. In order
to reduce the Internet’s carbon footprint, we propose greener
mechanisms for content delivery that utilize the use of renewable
energy and content caching concept. If renewable energy is not
enough to satisfy a given user’s demand, we use brown energy
to satisfy the demand. Specifically, we consider the joint routing
and caching problem with the objective of minimizing the brown
energy usage, while satisfying the users requests. We formulate
the problem as a mixed Integer-Linear program and prove that
it is NP-hard. Accordingly, we present two relaxation techniques
to find an efficient solution in a polynomial-time (within 10%

of the optimal). The first technique is based on relaxation and
rounding. The other one is a near-optimal solution based on
sequential fixing, where the binary variables are determined
iteratively by solving a sequence of linear programs. Then,we
develop a gradient-based distributed algorithm that can adapt to
the changes in traffic and renewable energy conditions. Finally,
we show that by utilizing network coding, the problem can be
formulated using linear programming, which has polynomial-
time complexity. Simulation results are provided, which verify
the effectiveness of our optimization framework and demonstrate
the significant energy saving achieved (up to90%) over the non-
energy aware shortest path routing method.

I. I NTRODUCTION

The rapid growth of the carbon footprint of the Internet is
alarming. In 2011, the energy consumption of the Internet in
the US was larger than that of the whole automotive industry
and about half that of the chemical industry, as reported in [2].
Furthermore, Internet traffic is estimated to double during
2013-2018 [3], and thus will consume more energy. The total
telecom power consumption of Europe in 2010 is estimated
to be 14.2 TWh [4]; If green network technologies are not
adopted, this amount is expected to grow to35.8 TWh in 2020.
According to a study conducted by the Global e-Sustainability
Initiative (GeSI) [5], the weighted carbon footprint of the
Internet is estimated to be about 320 Mtons ofCO2 in
2020. Mobile communication Infrastructure is estimated tobe
responsible for50% of the emission, while the network device
infrastructure such as the routers and switches are estimated to
be responsible for20% of the emission [5]. This trend of dirty
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energy consumption of the Internet calls for new methods to
reduce the carbon footprint of the Internet.

Several approaches were proposed to reduce the carbon foot-
print of the Internet. These approaches include (1) employing
dynamic adaptation of the frequency and voltage of the routers
(e.g., [6], [7]), (2) using a power saving approach [8], [9],in
which the router or the switching device is put into a sleep
mode when the traffic is very low, (3) selecting the energy-
efficient routing paths that result in a reduction in the energy
consumption (e.g., [10], [11]), (4) developing algorithmsto
reduce the power consumption of the Internet devices, and (5)
cache selection along the routing path [12]. However, these
approaches do not capitalize on readily available renewable
energy sources. Therefore, in our paper, we aim at reducing the
carbon footprint of the Internet by developing efficient cache
and route selection algorithms that exploit the readily available
renewable energy sources. To the best of our knowledge, this
is the first work that jointly addresses the cache and route
selection problem in renewable-energy-based networks.

A. Motivation

We envision that the future Internet devices will be equipped
with renewable energy sources for the following reasons:

i. Renewable energy is environmentally friendly and can
effectively reduce the carbon footprint of the Internet.

ii. Renewable energy will provide a cost-effective solution to
reduce the overall cost of the energy consumption as the
cost of generating renewable energy is decreasing year-
by-year [13]. In the near-future, the cost of generating a
unit of renewable energy, especially solar, is expected to
be less than that of the non-renewable ones [14].

iii. Renewable energy has already been used to power net-
working devices (e.g., the green ISP [15], the wind-
powered Ericsson base stations [16], the combined solar
and wind-powered Nokia Siemens base stations [17], and
the solar-powered wireless routers [18]).

iv. Even though the energy consumption of a single router
or a switching device might be small, the number of
routers in the Internet is very huge (as an example, the
Rocketfuel project was able to collect information about
45000 routers belonging to only10 ISPs). Thus, the
aggregate consumed energy of these devices is huge.

v. Renewable energy has been proposed for data-center
networks and cloud computing. There is an increasing
trend of using in-network cloudlets, services, and mid-
dleboxes, in which the storage and computations are
performed on small clouds installed on the routers in the
network [19], [20]. With this trend, we expect that the
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energy consumption of future routers will be higher and
the use of renewable energy will be necessary.

The dramatic reduction in the price of storage devices [21]
suggests that future Internet routers and switching devices
will be equipped with data storage capability. Therefore, with
caching at the intermediate switching nodes, the contents can
be pushed into these switching nodes that are closer to the
clients. This approach makes the delivery of the contents faster
and consumes less energy, as future requests do not have
to be retrieved from the source of the content. Two typical
approaches for caching have been utilized. The first approach
implements the caching on top of the TCP/IP stack as in the
Content Delivery Networks [22]–[24]. In the second approach,
which is called Content Centric Networks, a new paradigm is
used in which the content is located by name rather than the
location address [25], [26]. Most of the works that are basedon
the two approaches have focused on providing quality of ser-
vice requirements (e.g., delay). Very few works have focused
on the greening aspect of the problem [27], [28]. Another ma-
jor problem of the above approaches is that they employ either
offline or simple caching-replacement algorithms. Therefore,
these approaches cannot handle the emerging challenges due
to thevariable availability of renewable energy.

B. Contributions

In this work, we investigate the problem of minimizing
the brown energy usage in renewable-energy-based networks,
where each node in the network has a caching capability and
is equipped with both renewable and non-renewable energy
sources. If the available renewable energy at a given node
is not enough to satisfy the required demand, the node will
draw brown energy from the main grid. In this paper, we make
the following contributions: (1) We analytically formulate the
energy minimization problem as a joint routing and caching
optimization problem, with the objective of minimizing the
brown energy usage while satisfying the users’ demands.
We show that the optimization problem is a mixed integer
linear program (MILP) and prove it is NP-hard. (2) To tackle
the NP-hard optimization complexity, we propose relaxation
and fixing/rounding schemes to solve the problem [1]. The
proposed schemes find a polynomial-time feasible solution that
is within 1%-10% from the optimal. We also demonstrate that
by using network coding [29], [30], the exact solution can
be computed using linear programming (LP), which runs in
polynomial-time. (3) Since the aforementioned schemes are
realized by a centralized controller, we utilize the special
structure of our problem to develop distributed algorithms
for both the coded and the non-coded cases that adapt to
the changes in the traffic loads and the amount of harvested
energy. (4) We propose different heuristics that have very low
complexity at the expense of higher brown energy consump-
tion. (5) Finally, we perform extensive simulations to compare
the performance of our schemes to that of several caching
and routing schemes. The simulation results demonstrate the
effectiveness of our algorithms in minimizing the usage of
brown energy (compared to the shortest-path routing, up to
90% reduction in the energy consumption is achieved). Fig. 1
summarizes the different solutions proposed in this paper.

Fig. 1. Schematic overview of the proposed solutions.

C. Organization

The rest of the paper is organized as follows. In Section II,
we describe the system model used in this paper. The problem
statement and formulation of the joint routing and caching
problem is described in Section III. Section IV presents the
operation details of the proposed relaxation techniques. The
proposed distributed and adaptive algorithm is derived in
Section V. We illustrate the role of network coding in reducing
the complexity of our optimization framework in Section VI.
We present the simulation results in Section VII. Finally,
Section VIII provides concluding remarks.

II. SYSTEM MODEL

We assume a time slotted system, in which the energy
harvesting conditions are the same in a given time slot
t = 1, . . . , T . The day for example can be divided intoT
different states. We assume that if the harvested renewable
energy during time slott is not used in that time slot, it will
not be available in future slots. In this paper, we model the
network by a directed graphG = (V,E), whereV is the set of
nodes andE is the set of edges that represents the links among
the nodes. Some of the nodes in the network can cache the data
(the power consumption incurred by adding storage devices for
caching to a router is very small and can be neglected [31]). We
useCapc to represent the capacity of caching nodec. Other
nodes in the networks represent sets of clients. We assume that
the clients who are requesting the contents are organized into
groupsj = {1, . . . , J}. Here, thejth group can be represented
by a node in the graph. There areI contents to be requested by
the clients forming the clients sets. We useSi to represent the
size of theith content. We usePij(t) to represent the expected
number of requests for contenti originated from thejth set
at time t. All of the nodes can be used to relay the packets.
Let Bu(t) represent the amount of consumed brown energy at
relay nodeu at timet. We also useGu(t) to denote the green
(renewable) energy available at nodeu at timet. The termγu
is used to represent the amount of consumed energy to transmit
one unit of content at the relay nodeu. The set of nodes in the
path fromjth set of clients to the caching nodec is represented
by Njc. Let Cc

ij(t) represents the percentage of the traffic for
contenti requested by thejth area clients to be served from
the cth cache. We also define the following binary variables:

Xic =

{

1 if the ith content is to be cached at nodec.
0 Otherwise.

Table 1 summarizes our main notations used in this paper.
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Bu Brown (non-renewable) Energy available at nodeu.
Si The size of theith content.
Cc

ij Fraction of theith content for clientj retrieved from cachec.
Pij Number of requests of theith contents by thejth client.
γu Amount of energy required to transmit a unit of the content.
Gu Green (renewable) energy available at nodeu.

Capc The capacity of thecth cache.
Cc

ij(t) Traffic % of contenti served by cachec delivered tojth area.
Xic Binary variable indicates if contenti is cached at cachec.
V The set of all nodes in the network.
|V | The total number of nodes in the network.
I The number of contents.

Njc The set of nodes in the path fromjth are to cache nodec.

TABLE I. SUMMARY OF MAIN NOTATIONS USED IN THE PAPER.

Router-power Consumption Model: To minimize the en-
ergy consumption of the Internet, we need to understand the
power consumption of current and future routers. In general,
the Internet routers can be classified according to their power
consumption model as: (1) power non-proportional, where
the power consumption is not proportional to the supported
throughput, and (2) power-proportional, where the consump-
tion is proportional to the throughput. Note that future routers
are expected to be power-proportional (several designs forsuch
routers have been recently developed [31]–[37]). Thus, in our
analysis, we adopt the proportional model.

III. PROBLEM STATEMENT AND FORMULATION

Our objective is to minimize the total non-renewable energy
consumption by means of joint routing and caching, which
reduces the carbon footprint. Specifically, we aim at selecting
the caching nodes to cache each content and to decide from
which cache each set of clients should retrieve a given content.
Note that the time (t) will be dropped from our formulation as
we are optimizing for a single time slot. The formulation can
be easily extended for multiple time slots. Mathematically, the
joint routing and caching problem can be formulated as:

minimize
{Xic∈{0,1},Cc

ij,Bu≥0}

∑

u

Bu

s.t.
[

∑

j,c:u∈Njc

(

∑

i

SiC
c
ijPijγu

)

−Gu

]+

≤ Bu, ∀u (1)

Cc
ij ≤ Xic ∀i, j, c (2)

∑

i

SiXic ≤ Capc ∀c (3)

∑

c

Cc
ij = 1{Pij≥0} ∀i, j (4)

where 1{.} is the indicator function (if the{.} condition is
true 1{.} = 1 and0 otherwise), and[]+ is a projection on the
positive real line. This allows for replacing the constraints (1)
by two set of linear constraints:
[

∑

j,c:u∈Njc

(

∑

i

SiC
c
ijPijγu

)

−Gu

]

≤ Bu, ∀u, andBu ≥ 0.

Note that the set of constraints in (1) are used to specify the
amount of brown (non-renewable) energy at each nodeu. The

Fig. 2. Illustration of the reduction process used in the proof of Theorem 1.

term
∑

j,c:u∈Njc

(

∑

i SiC
c
ijPijγu

)

represents the consumed
energy at nodeu. The difference between the amount of
available green energy and the total consumed energy is
the amount of consumed brown energy. The second set of
constraints is used to guarantee that if a client set decidesto
get a given content from a caching node, that node should have
the content in its cache. Constraint (3) enforces the maximum
caching capacity of each node. The last set of constraints
ensures that if contenti is requested by the set of clientsj,
then at least one of theCc

ij variables should be non-zero.
It is clear that the formulation constitutes a mixed integer

LP (MILP). This is due to binary nature of the variablesXic.
The following theorem shows that our problem is NP-hard.

Theorem 1. The formulated joint routing and caching problem
is NP-hard.

Proof: We prove this theorem by a reduction from the
well-known multiple0-1 Knapsack problem, where we have
C Knapsacks, each with capacityCapc. We haveI items each
of weight Wi and profitPri. The objective is to select the
items to fit in the knapsacks such that the capacities of the
knapsacks are not violated and the total profit is maximized.

The reduction from the multiple0-1 Knapsack problem is
done as follows: (1) Thec-th knapsack is mapped to the the
c-th cache in our problem with capacityCapc. (2) The i-th
item in the knapsack problem is mapped to thei-th content in
our problem, where the size of thei-th content is set toWi and
∑

j Pij = Pri. (3) We add an additional cache to our problem.
(4) We connect each client to each cache in our problem with
a separate one-hop path. (5) The available renewable energy
along the paths from clientj to the caches mapped from the
knapsack problem is enough to serve all the contents (i.e., the
brown energy consumption on these path is zero). (6) The path
from client j to the additional cache does not have renewable
energy. (7)γu = 1, ∀u. The reduction is illustrated in Fig. 2.

Let the total profit of all of the items in the knapsack
problem beT . A solution A to the 0-1 multiple knapsack
problem is feasible with total achieved profit ofT − K iff
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it is a feasible solution to the instance of our problem with
total consumed brown energy ofK units. It is easy to see
the selected items in the knapsack problem correspond to the
contents cached at the nodes, and the rest of the items in the
knapsack correspond to the contents cached at the additional
cache. The other direction is done in a similar way.

Note that the theorem states that our problem is NP-hard,
when the available renewable energy at the nodes and the
requests are not changing over time. In the following sections,
we provide approximate algorithms based on relaxation that
provides efficient solutions that can be easily used to develop
distributed and adaptive algorithms that adapt to the changes
in the amount of renewable energy and requests.

IV. T HE PROPOSEDSOLUTIONS

A. Approximation Based on Sequential Fixing

The key idea of our sequential fixing algorithm is to itera-
tively determine the binary variablesXic’s by solving a series
of relaxed LP (RLP) problems with oneXic is fixed to0 or 1 in
each iteration. Note that sequential fixing has been previously
used in [38], [39] to solve integer programming problems,
where near-optimal solutions have been demonstrated. The
details of the algorithm are described as follows:
• Step 1: The algorithm first relaxes allXic’s into real

numbers in the interval[0, 1].
• Step 2: The algorithm then solves the resulting RLP. If

the RLP is infeasible, then our original MILP has no
feasible solution. Otherwise, among the real-valuedXic’s
solution to the RLP, the algorithm fixes the largest to1.
The algorithm then checks the constraints with all the
unfixed Xic’s are set to0. If all these constraints are
satisfied, the selectedXic is feasible.

• Step 3:Otherwise, at iterationk, k = 2, . . . , I×|V | (|V |
represents the total number of nodes in the network), the
algorithm relaxes all unfixedXic’s to fractional values in
[0, 1]. Then, it checks the feasibility region of the new
RLP at iterationk. If this region is empty, this means the
last fixed variable in thek−1 iteration should be switched
to 0 and thekth RLP should be updated.

• Step 4: The algorithm then solves the resulting RLP,
whose variables are all unsetXic’s, and fixes the largest
Xic to 1. Given all fixedXic’s at iterationk, the algorithm
checks the constraints in3 assuming that all unfixedXic’s
are set to0. If these constraints are met, the set of selected
Xic up to iterationk is feasible.

• Step 5: This process in steps 3 and 4 is repeated until
a feasible caching assignment is computed, or a total of
I × |V | Xic’s are fixed to1 or all Xic’s are fixed (i.e.,
k = I × |V |) and no feasible solution can be found.

• Step 6:The algorithm then sets the remainingXic vari-
ables to0. Note that from constraint (2), ifXic = 0, then
Cc

ij = 0. Finally, our algorithm runs the resulting LP with
the fixed values ofXic variables from the sequential fixing
algorithm to find the values of the remaining variables.

Theorem 2. Our algorithm can determine feasibleXi,c, B, C
values in no more thanI × |V | iterations. Hence, its time

complexity is bounded by the complexity of the LP solver times
I × |V |+ 1, which is polynomial.

Proof: According to Algorithm 1, it is guaranteed that in
each iteration, one newXic will be fixed and a new feasible LP
is generated for the next iteration. Since there are (I×|V |) Xic

variables, we haveI × |V | iterations. When allXic variables
are fixed, one more LP is solved to determine the remainingB
andC variables. Thus, the time-complexity of our algorithm is
bounded by the complexity of the LP solver timesI×|V |+1.
Because the LP solver has a polynomial-time complexity, the
complexity of our algorithm is also polynomial.

Algorithm 1 Sequential Fixing Algorithm
RLP: Relax LP and solve
if RLP is infeasiblethen

return error
end if
Set the maximumXic to 1
RLP(1): Update RLP with fixedXic

Check feasibility region assuming all unfixedXic = 0
if feasibility region is emptythen

SetXic to 0
RLP(1): Update RLP

end if
Solve RLP(1)
for k = 2 to I × V do

Set the maximumXic to 1
RLP(k): Update RLP(k − 1) with fixed Xic

Check feasibility region assuming all unfixedXic = 0
if feasibility region is emptythen

SetXic to 0
RLP(k): Update RLP(k − 1)

end if
Solve RLP(k)

end for
∀Xic = 0, setCc

ij = 0
RLPF: Update RLP(k)
Solve RLPF to determine the remainingC andB variables

B. Approximation Based on Relaxation and Rounding

Another way to reduce the complexity of finding the solution
is to use a one-shot relaxation and rounding approach [1]. In
this approach, the binary variablesXic are relaxed to fractional
variables. After that, we run the resulting LP. Once we obtain
the relaxed LP results, we sort the variablesXic, ∀c in a
descending order. For each cachec, we start by setting the
sortedXic variables to one in a descending order as long as
constraint (3) is satisfied. We set the rest of theXic to 0.
Note that from constraint (2), ifXic = 0, thenCc

ij = 0, ∀j.
Therefore, we can rerun the new LP with the new assignment
to theXic variables. Also, we can remove theC variables that
are set to0. The size of the resulting LP will be much smaller,
typically 10% of the original ILP. This can significantly reduce
the time needed to compute the final values of all variables
other than theX variables. Fig. 3 shows the operation details
of our relaxation and rounding algorithm.

V. D ISTRIBUTED IMPLEMENTATION

Several features of our relaxation solutions motivate propos-
ing an adaptive and distributed solution to the problem. The
first feature is that the rounding process can be done in a
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The relaxation phase:

Solve the ILP as a linear program

Rounding phase:
For each caching node, set the values of the X variables
to ones in descending order as long as constraint set (3)

is satisfied. Set the value of the remaining
X variables to zero.

Problem size reduction phase:
Set the C variables corresponding to the X variables

with zero values from the previous step to zero.

Final phase:
Run the resulting small linear program with the fixed values

of X and C variables from the previous two steps to
find the values of the remaining C and B variables.

Fig. 3. Description of the relaxation and rounding process.

distributed way at each node separately. The second feature
is that the formulated relaxed LPs to be solved are convex
programs. The third feature is that the dual problem resulted
from using the duality approach [40] for the relaxed LPs is
separable [41], which means they can be solved in a distributed
way. Therefore, we investigate the use of the dual approach to
solve the relaxed LP problems [40]. Specifically, the Lagrange
function of the relaxed LP problem can be written as follows:

L( ~X, ~B, ~C,~λ) =
∑

u

Bu +
∑

u

λu

[

∑

j,c:u∈Njc

(

∑

i

SiC
c
ijPijγu

)

−Gu −Bu

]

+
∑

i,j,c

λc
ij

[

Cc
ij −Xic

]

+
∑

c

λc[
∑

i

SiXic

− Capc] +
∑

ij

λij [1{Pij≥1} −
∑

c

Cc
ij1{Pij≥1}]

The Lagrange function can be rewritten as

L( ~X, ~B, ~C,~λ) =
∑

u

Bu(1− λu)

+
∑

i,c

Xic

[

λcSi −
∑

j

λc
ij

]

+
∑

i,j,c

Cc
ij

[

(
∑

u

λuSiPijγu) + λc
ij − λij1{Pij≥1}

]

+D(~λ),

whereD(~λ) = −
∑

u λuGu −
∑

c λcCapc +
∑

ij λij1{Pij≥1}

Based on the fact that the Lagrange function is separa-
ble [41], we develop the following distributed and iterative al-
gorithm to solve the relaxed LP at each iterationl ∈ {1, 2, . . .}:

Power Control at node u: set up Bu(l) =
{

max {Bu} if λu(l) > 1
0 otherwise

Routing Choice at the client j: set up Cc
ij(l) =

{

1 if [(
∑

u∈Njc
λu(l)SiPijλu) + λc

ij(l)] ≥ λij(t)1{Pij>1}

0 otherwise

Caching at caching node c: set up Xic(l) =
{

1 if
∑

j λ
c
ij(l) > Siλc(l)

0 otherwise
Dual updates:

λu(l + 1) =
[

λu(l) +
∑

j,c:u∈Njc

(

∑

i

SiC
c
ij(l)Pijγu

)

−Gu −Bu(l)
]+

λc
ij(l + 1) =

[

λc
ij(l) + Cc

ij(l)−Xic(l)
]+

λc(l + 1) =
[

λc(l) +
∑

i

SiXic(l)− Capc

]+

λij(l + 1) =
[

λij(l) + (1−
∑

c

Cc
ij(l))1{Pij≥0}

]+

Here,λu(l), λ
c
ij(l), λc(l), λij(l) are the dual variables that

are locally updated every iterationt as above. In addition,
the termmax {Bu} is the maximum possible value ofBu,
which can be locally decided. Note that in order for nodeu
to computeBu(l), the neededλu(l) can be also computed
locally. For the client nodej, everything that it needs in
order to computeCc

ij(l) can be locally computed except for
∑

u∈Njc
λu(l)γu, which needs to be calculated through the

path between nodej and caching nodec. Also, for the caching
node c to computeXic(l), it needs to collect the values
of

∑

j λ
c
ij(l) through the paths to each clientj. It can be

noticed that there is an additional overhead required to runthe
distributed algorithm resulted from collecting the valuesfor
λc
ij(l) andλu(l). However, this overhead does not depend on

the size of the contents. Therefore, as the size of the contents
becomes larger, the overhead will not grow, while the energy
saving becomes larger. We envision that our approach will be
suitable for future content delivery in which the size of the
contents will continue to grow. The final values ofBu, C

c
ij ,

andXic can be respectively computed as the average values
for Bu(l), C

c
ij(l), andXic(l) in the lastl iterations, wherel is

typically between20 and50 depending on the step size used
by the gradient method to compute the dual variables [42].

After finding the solution to the relaxed problem and after
performing fixing/rounding (i.e., finding the integer values for
the X variables), we can use a similar distributed gradient
problem with reduced number of variables to find the final
values of the fractional variables. We call it a two-phase
distributed algorithm. In the first phase, we fix the integer
variableX (either through the sequential fixing or the one-
shot relaxation and rounding). Then, in the second phase, we
find the fractional variables (B andC). Note that we start our
formulation with the assumption of periodic requests and fixed
renewable energy schedules conditions. Using our proposed
approach, we end up with the distributed gradient method that
adapts to the changes in the requests and the renewable energy
conditions as demonstrated in the simulation section. Notethat
the two-phase iterative algorithm converges to the solution
achieved by the relaxation and rounding and sequential fixing
methods, which are shown to provide efficient solutions.
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VI. U TILIZING NETWORK CODING

Network coding [29] is a new paradigm for optimizing
the performance of computer networks. We can utilize this
paradigm in this paper. In network coding, intermediate nodes
apply mathematical operations (addition and subtractionsover
finite fields) on the input packets to generate the output packets.

To illustrate the benefits of network coding in our case,
consider Fig. 4 as an example. In this figure, there are two
destination nodesd1 requesting contentA and destinationd2
requesting contentB. The three circles without labels represent
the caching nodes. Assume that the two contents have the same
size and that each caching node can store only one content.
Therefore, we end up in 6 scenarios, each with two nodes
storing contentA (B) and one node storing contentB (A).
Fig. 5 shows one of these scenarios. In this scenario,d1 can
choose between only two choices to retrieveA and only one
option for retrievingB.

With network coding, each content can be divided into two
parts A1 (B1) and A2 (B2), respectively. We can generate
randomly coded packets by multiplying each part by a random
coefficient and adding the result over a finite field. With a
moderate finite field size, typically 16 or 32, the packets will
be linearly independent with a very high probability, very close
to one [43]. Therefore, with network coding, each cache has
three options to retrieve the content from and can use the
two options that result in the minimum use of brown energy.
These two selected options can vary over time depending on
the available renewable energy. In a general form, if a content
item comprises packetsP1, . . . , Pn, we generate coded packets
Du =

∑n

v=1 βvpv, whereβv, ∀v are random coefficients and
the arithmetic operations are performed over a finite field.
Some of these packets are stored at the caches instead of the
whole content.

Lemma 1 If we store coded packets at the caches, solving
our problem as an LP will result in the optimal solution, where
Xic represents the fraction of the codedith content item stored
at thecth cache.

Proof: Note that hereSiXic represents the size of the
coded packets for theith content cached at cachec. Thus, (1)-
(3) apply straightforwardly. Constraint (4) prevents duplicating
item i at cachec. This is ensured by the design of the network
coding, as anyn different coded packets will be linearly
independent with a very high probability, when the coding
coefficientsβv are chosen uniformly at random from a finite
field [43]. Thus, (4) states here that anyn packets retrieved
from any cache(s) should suffice to reconstruct itemi.

The above discussion shows that with network coding our
problem can be represented as an LP problem. This makes
our problem solvable in one step in polynomial time as LP
can be solved in polynomial time. The disadvantage of network
coding is the complexity of performing encoding and decoding
operations. This can be mitigated by using fountain codes [44]
that use only XOR operations.

VII. S IMULATION RESULTS

In this section, we compare the performance of our proposed
solutions in terms of brown energy usage with other heuristics.
In particular, we simulate the following schemes:

d1 d2

AA B

Fig. 4. A network example with two destination nodesd1 andd2 and three
caching nodes. The paths between each caching node and each destination are
represented by a dotted line.

d1 d2

α11A1 + α12A2α31A1 + α32A2 α21A1 + α22A2
β11B1 + β12B2β31B1 + β32B2 β21B1 + β22B2

Fig. 5. A possible network coding scenario associated with the network
example of two destination nodesd1 andd2 and three caching nodes.

• MILP: This is the mixed Integer-Linear program which
represents our basic formulation.

• LP: This is the LP version of the MILP, which represents
the network coding solution (lower bound).

• Rounding: This scheme takes the solution from the LP
scheme and rounds the solution back to an integer using
the approach described in Section IV-B.

• NoCache: No caching is performed and the contents are
retrieved from the source directly. This represents the
standard shortest path scheme.

• SF: This scheme represents the sequential fixing rounding
scheme explained in Section IV-A.

• HighestDemand: In this scheme, the content is cached at
the node with the highest demand to that content as long
as there is enough capacity. If the capacity of the highest
demand node is full, the node with the second highest
demand to that content is chosen and so on. Other nodes
will choose the closest node to them from the caching
node and the content’s source to retrieve the content.

• ClosestServer: for each content, we compute the aggre-
gated distance from each node to all clients that requested
the content. We then store the content on the node with the
minimum aggregated distance as long as there is enough
capacity. If the capacity of the closest node is full, the
node with the second minimum aggregated distance to
all clients is chosen and so on.

• TwoClosestServers: for each content, we take two nodes
at a time and compute the aggregated distance from each
client to the closest of the two nodes. We then store the
content on both nodes with minimum aggregated distance,
and a client gets the content from the closest of the two.

We present the simulation results on two different topolo-
gies. All nodes in both topologies are considered to be able to
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Fig. 6. Small Topology used in the Simulations.

cache some contents and relay the remaining. We assume that
each node in the topology is directly connected to the clients.
The number of connected clients to each node is randomly
chosen between1 and 10. The power required to relay one
content is set to0.5 W per 1500 bytes of packets [45]. The
size of each content is set to10 MB. We assume the use of
solar energy. The average available solar energy amount at
each node during each month of the year is taken from [46].
The cache capacity for a node is expressed in terms of the
number of contents that it can cache, which is set to30 for
all nodes. The demands are randomly generated, where each
node except for the content source has a number of demands
that depends on the number of clients connected to that node.
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Fig. 7. Brown power usage for the different schemes over one year.

A. Results on a Small Topology

The topology used here is shown in Fig. 6. It represents
9 metropolitan areas in the US. We start by measuring the
brown power usage when the optimization is performed over
different time slots. Each time slot represents a month of the
year. The number of contents considered is60. We repeated the
simulations for 100 times, changing the demand each time. The
average of the brown power consumed in each month is shown
in Fig. 7. This figure shows that the LP scheme outperforms
the other schemes, because it represents a lower bound on
the performance without network coding and the performance
achieved by the network coding scheme. The MILP, SF, and
Rounding schemes perform very close to the LP scheme,
this is due to the small topology used. This demonstrates the
effectiveness of our schemes (within10% of the optimal one).

The HighestDemand heuristic consumes about 20% more than
our solutions. This is because it only considers the closeness
of the contents to the requesting clients, irrespective of the
amount of available renewable energy. Our schemes save about
40%-70% over the traditional shortest path routing.
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Fig. 8. Brown power usage versus the number of contents.

0.2 0.25 0.3 0.35 0.4 0.45 0.5
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

per Run Savings over NoCache

F
(x

)

 

 

HighestDemand
MIP
SF
LP
Rounding
ClosestServer
TwoClosestServers

Fig. 9. The empirical CDF of the per demand improvement.

In the next experiment, we vary the number of contents
from 40-200 contents and plot the results in Figure 8. It
can be noticed that the MILP, SF, and Rounding schemes
provide comparable performance to that of the LP scheme. The
saving of our schemes over the other two schemes increases
as increasing the number of contents. This is due to the fact
that when we increase the number of contents, the contents
that our schemes choose to cache will result in a huge savings
in brown power compared to the other schemes.

Now, we plot the empirical CDF of the normalized per run
power saving of the different schemes over the no caching
scheme in Fig. 9. This figure is generated as follows: For each
of the 100 runs, we fix the number of contents to60. Then,
we compute the per run saving over the no caching scheme
by dividing the consumed power by a given scheme over the
consumed power by the no caching scheme. Fig. 9 indicates
that the saving of our schemes over the traditional no caching
scheme is between74% − 78%, which is a huge saving. On
the other hand, our heuristic HighestDemand saves from 62%-
77%. In about97% of the runs of different demands simulated,
the saving of the HighestDemand heuristic cannot reach the
worst saving of the MILP, LP, SF or rounding methods.

Fig. 10 shows the return of capital (in months) of all
schemes. This figure was generated based on the power savings
of each scheme compared to a system with no renewable
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energy sources, and the amount of generated renewable energy.
As shown in this figure, as the electricity prices increase [47],
the systems with renewable energy sources will be beneficial
in a shorter time. Fig. 11 shows the return of capital of
all schemes as the capital cost of installing solar systems
increases. According to [48], the capital cost of installing solar
systems are expected to decrease in the future. Therefore, the
renewable systems will be cost effective in a shorter time.
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Fig. 10. Return of Capital for all schemes vs. electricity prices.
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Fig. 11. Return of Capital for all schemes vs capital cost of installing solar
systems.

Fig. 12. US Backbone Topology.

B. Results on the US Backbone Topology
We also perform simulations on the US backbone topology

shown in Fig. 12 as reported in [49]. The topology contains
24 nodes distributed over the US major metropolitan areas.
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Fig. 13. Brown power usage of all schemes.
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Fig. 14. Brown power usage versus number of contents for the large topology.

In this simulation, we measure the brown power usage of all
schemes. We use the same simulation setup used in the small
topology. The results are shown in Fig. 13. The results are
obtained by running the simulations for100 different sets of
demands and computing the average. Two major observations
can be drawn from this figure. The first observation is that
the energy saving of our schemes and the heuristics over
the no caching scheme is almost twice those in the small
topology. The second observation is that the MILP, SF and
LP schemes have comparable performance, which outperforms
the performance of other schemes. We note that the rounding
scheme results in5%-10% less power saving compared to
the MILP, SF and LP schemes, but with less computational
overhead and with distributed implementation.

Fig. 14 plots the brown power usage as a function of the
number of contents (20, 40, 60, and80 contents). The results
for MILP are not included in this figure due to the increasing
complexity as the number of contents increases. It is clear
that our schemes achieve a significant reduction in brown
power usage compared to the other schemes as the number
of contents increases. This is due to the fact that when the
number of contents increases, the contents that our schemes
choose to cache result in a significant savings in brown power
compared to the other schemes. The empirical CDF plots of
the per demand savings over the no cache scheme are shown
in Fig. 15. This figure is obtained by running the simulations
using 100 different sets of demands, and then dividing the
power savings of all schemes over the NoCache scheme. This
figure reveals that, the heuristic schemes do not achieve the
worst-case power saving of the MILP, LP, or SF methods.

Figures 16 and 17, respectively, report the average brown
power usage and the empirical CDFs of the per demand
improvement of the different schemes normalized to the MILP
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Fig. 16. Brown power usage of all schemes.

Fig. 17. The empirical CDF of the per demand improvement.
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Fig. 15. The empirical CDF of the per demand improvement.

scheme in different times of the year (i.e., Winter morning,
Winter Evening, Summer morning, and Summer evening). Fig.
16 reveals that the brown power usages of all the schemes
are the lowest during the Summer evening and the highest
during the Winter morning. This is due to the difference in
the available renewable energy during the year. Figures 16
and 17 also reveal that the power saving levels of our schemes
compared to the heuristics is the highest during the winter
evening. This is because our schemes consider the available
renewable energy level, while the heuristics only attemptsat
bringing the contents closer to the users. Finally, we note
here that the power savings of all schemes over the NoCache
scheme is different for different times of the year due to the
difference in the amount of available renewable energy.

VIII. C ONCLUSION

This paper aims at minimizing the brown energy con-
sumed by computer networks empowered by renewable energy
sources. We utilized the caching capability of the intermediate
nodes to save the contents and formulated the problem of joint
routing and caching as a MILP. We proved that this MILP is
NP-hard. Accordingly, we proposed two different relaxation
schemes to find a suboptimal solution in polynomial-time. We
also derived a distributed algorithm that exploits the special

characteristics of our formulation and relaxation algorithms to
obtain an adaptive solution that can effectively deals withthe
time-varying nature of traffic and level of available renewable
energy. We then showed that by using network coding, our
problem formulation can be transformed into a LP, which can
be optimally solved in polynomial-time. The simulation results
confirmed the effectiveness of our proposed schemes over other
heuristics. The results also showed that our proposed schemes
save up to90% of the energy consumed by the traditional
non-energy aware shortest path routing algorithm.
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