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Abstract—We consider the problem of joint power control,
scheduling and routing in energy harvesting sensor networks
allowing for multicast of data generated at the sensor nodesto a
set of sink nodes. In this setup we exploit broadcast nature of the
channels and network coding to show performance improvement.
We also develop computationally efficient suboptimal algorithms
and study their performance.
Keywords: Energy harvesting, Sensor networks, Power
Control, Multicast, Energy efficient routing, Joint routing-
scheduling, Network Coding.

I. I NTRODUCTION

We study wireless multihop energy harvesting sensor net-
works employed for random field estimation. The sensors
sense a random field and generate data that is to be sent to
sink node for estimation. Each sensor has an energy harvesting
source and can operate in two modes: Wake and Sleep. The
sleep mode is a power saving mode in which the sensor only
harvests energy and performs no other functions so that the
energy consumption is negligible. In the wake mode, a sensor
node can sense and process data and communicate with other
nodes.

The problem of scheduling and routing in adhoc multihop
wireless networks has been extensively studied in recent years
(see [2], [3] for general surveys and tutorials). In [4], the au-
thors obtain a static multipath routing algorithm for networks
with energy replenishment which is optimal with respect to a
set of pre-computed paths computed heuristically. But, they do
not consider power control. The general problem of optimal
joint routing and scheduling with power control in wireless
multihop networks is NP-complete ([5]). In [6], the authors
considered this problem with the objective of minimizing the
total average transmission power with a simplifying linear
approximation for the rate on a wireless link. The problem
was considered in a sensor network setting in [7] with an
objective of minimizing the energy consumption. But, they
consider only Time Division Multiple Access schemes. In [8],
non-linear column generation is used to obtain an approach
that converges to the global optimum solution. However, the
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column generation subproblem is also typically NP-complete.
In [5], the authors formulate the problem as an optimization
problem involving time sharing across different transmission
modes and provide a computationally tractable approach to
obtain good solutions to the problem.

Most of the early wireless sensor networks involved only
a single sink that collected data from a number of nodes.
Recently, however, scenarios with multiple sinks are increas-
ingly being proposed. Multiple sinks are required to implement
advanced applications and programming abstractions ([9]). An
example is that of a sensor network with actuator nodes where
different actuators are likely to need data coming from the
same set of source nodes. Geocasting ([10]), data centric
storage ([11]) are some other applications of wireless sensor
networks where multicasting is used.

The emerging area of Network Coding has often been
found useful in networks with multiple sinks and multicast
connections. The idea of network coding was introduced in the
seminal paper [12]. Network coding can improve throughput,
robustness, complexity, and security [1]. It has been shown in
[13] that linear network coding is enough to achieve the Min-
Cut, Max-Flow bounds in wired networks. Network coding
for wireless networks is developed in [15] and [16]. But these
papers, like all the papers mentioned above, have restricted
their attention to intra-session network coding. When there
are multiple sessions, intra-session coding is suboptimal: in
general inter-session coding is necessary to achieve optimal
throughput ([17]). However, performing inter-session coding is
difficult and to perform inter-session coding optimally, linear
coding operations are not sufficient ([18]). Thus in this paper
we will limit ourselves to intra-session network coding.

In this paper, we consider the problem of joint power
control, scheduling and routing for multicast in energy har-
vesting sensor networks. This generalizes the work in [24].
We consider a general model for the network and traffic
flowing through the network allowing for multicast of data
generated at the sensor nodes to a set of sink nodes. Our
problem can be considered as a generalization of multihop
wireless networks where sleep and wake option may or
may not be there and modes may not be harvesting energy.



We consider three approaches to solve the problem. Though
these we will demonstrate the advantages of braodcasting and
network coding in the present setup. The approaches become
computationally intractable for large networks. For two of
the approaches, we also develop a computationally efficient
suboptimal approach to solve the problem.

The main contributions of the paper can be summarized as
follows. We study and compare three important approaches
to solve the problem of joint power control, scheduling and
routing in energy harvesting sensor networks with special
attention given to scenarios where multicast traffic originates
at the nodes in the network. In our formulations, we consider
several important aspects of energy harvesting sensor networks
including power saving modes, and power consumed for
various activities like transmission, reception and sensing. We
compare the approaches through insightful examples. Further,
we develop computationally tractable suboptimal approaches
to solve the problem.

This paper is organized as follows. In SectionII , we discuss
the problem setting. In the next three sections, we present
the three approaches to solve the problem. In SectionVI,
we evaluate the three approaches using examples. SectionVII
concludes the paper.

II. M ODEL

We consider a wireless sensor network consisting ofN
stationary energy harvesting sensor nodes andt sink nodes,
with the energy harvesting nodes sensing a random field.
Each sensor node generates packets to be transmitted to a
certain subset of sink nodes. The sink nodes only collect data
and do not generate or send data. Let the set of sink nodes
corresponding to sensor noden beDn. We consider multicast
connections where the data generated at noden is sent to
all the sink nodes inDn. The system is slotted with each slot
being of lengthT seconds. In any slot, a sensor node is in one
of two modes: Wake or Sleep. In the sleep mode, a node can
only generate energy via an energy harvesting source. In the
wake mode, it can sense, process, receive and/or transmit data.
We assume that the energy consumed by a sensor node in the
sleep mode is negligible. In the wake mode, a sensor cannot
transmit and receive in the same slot (i.e., it has a half duplex
channel). For transmission, a sensor node chooses its transmit
power from a finite set of transmit powers (CC2420 ([19])
and ADF7020 ([20]) are commercially available low power
transceiver chips commonly used in sensor nodes that have a
programmable output power). We assume that all the nodes
choose their transmit powers from the same set consisting
of K elements. In most of these low power transceivers,
during transmission, only a small fraction of the total power
consumed appears as transmit power. We will denote the extra
power consumed in the transceiver aset (which is independent
of the transmit power chosen). The power consumption during
reception is approximately constant and is denoted byer. Let
the constant power consumed by the sensor for sensing data
bees and due to other activities (e.g., processing, leakage etc)
be ew.

Due to the broadcast nature of wireless links, each node
can potentially transmit to every other node although the link
quality will depend upon the distances between the nodes and
possible shadowing and other physical obstacles in the way.
Let N denote the set of all sensor nodes in the network. Let
O(n) denote the set of outgoing links andI(n) the set of
incoming links of sensor noden. We denote the set of all
links in the network byL and letL = |L|. We assume that a
node can receive from at most one other node at any time.

If sensor noden is sensing in slotk (which denotes
time interval[(k − 1)T, kT ] seconds),Xn

k bits are generated
in the slot. We assume that{Xn

k ; k ≥ 1} is a stationary,
ergodic random process. Then, sensorn when it is sensing is
effectively generating data at a ratedn = E[Xn

k ]/T . Energy
harvesting can replenish energy byY n

k at sensor noden in slot
k. We assume that{Y n

k ; k ≥ 1} is a stationary, ergodic random
process. Then energy is harvested at a rateP av

n = E[Y n
k ]/T

by sensor noden. We assume that each node has infinite
data and energy buffers. This is a good approximation if the
buffers are large enough (see [22] for more discussion and
generalizations).

We define a mode of the network as a possible combination
of active links along with their transmit powers such that a
node cannot transmit and receive at the same time and can
receive from at most one other node at any time. Since each
sensor node chooses its transmit power from a finite set, the
number of modes is finite. LetM denote the set of all modes.
Corresponding to any transmission modem, we have a link
transmit power vectorPm = (Pm

1 , ..., Pm
L ) where thelth

element,Pm
l , is the transmit power of linkl in modem.

Let the channel gain from the transmitting sensor node of
link k to the receiver node of linkl be hkl. This includes the
effect of fading, shadowing and attenuation due to distance.
We assume slow fading which is realistic for a sensor network
with stationary nodes. Hence, in the following,hkl will be
assumed constant∀ k, l ∈ L (thus the algorithm developed
will run periodically with updated channel gains). For any link
transmit power vectorP, the SINR (Signal to Interference +
Noise Ratio) at the receiver of linkl is

γl (P) =
hllPl

∑

k 6=l hklPk + σ2
l

where σ2
l is the noise power at the receiver of linkl. The

data rate,Rl(P), over link l can be taken as a non-decreasing
concave function ofγl (P). (Many low power transceivers, e.g.,
ADF7020 ([20]), ATA542X ([21]) can transmit at multiple
rates using Adaptive Modulation and/or Coding). In this paper,
we use the Shannon formula

Rl(P) = Wlog2(1 + γl (P)),

whereW is the bandwidth of the wireless channel.

The focus of this paper is the problem of joint power control,
scheduling and routing for multicast connections in an energy
harvesting sensor network to maximize the throughput of the
network in a fair manner. We have seen in [22] and [23] that



for energy neutral operation in steady state, it is necessary
and sufficient for thenth node to use average power less
than P av

n . Given the traffic requirementsdn of each sensor
noden, we obtain energy neutral policies which satisfy these
requirements. If it is not possible, then these policies satisfy
their requirements in a “fair” (to be explained below) way.
Also, we exploit the energy saving sleep mode to obtain
policies that can satisfy the traffic requirements better. We will
find that complexity of these problems is high and hence we
develop a computationally efficient suboptimal approach to
obtain good solutions to this problem.

We discuss three approaches to solve this problem. The first
approach involves a simple extension of the problem solution
discussed in [24], which provides a routing scheme using Mul-
ticommodity flow model. We refer to this approach as APP-R.
Next, we discuss an approach involving the routing of data
belonging to a multicast session through Steiner trees ([27]).
We refer to this approach as APP-T. In the last approach, we
consider the use of intra-session network coding and we refer
to this approach as APP-NC. These approaches are discussed
in the following sections and compared in SectionVI.

III. A PPROACH1: USING MULTICOMMODITY FLOW

MODEL

In this section, we discuss a solution of the problem using
an extension of the approach used in [24]. We consider all
the data flowing to a sink in the network as belonging to
one flow. Denote the sink of a flowf by t(f) and the set
of source nodes of flowf by S(f). Denote the set of all flows
by F . Let rf

n denote the rate at which data is transmitted to
t(f) from a noden ∈ S(f) so that the total rate of flow
arriving at t(f) is

∑

n∈S(f) rf
n . To obtain the routing, we

use a multi-commodity flow model ([25]) where each flowf
corresponds to a commodity in the network. Letxf

l denote
the traffic assigned to linkl by the routing scheme for flowf .
The flow assignment given by the routing scheme must satisfy
the flow conservation constraints:

∑

l∈O(n)

xf
l −

∑

l∈I(n)

xf
l = 0, ∀ n ∈ N\S(f), ∀ f ∈ F ,

∑

l∈O(n)

xf
l −

∑

l∈I(n)

xf
l = rf

n, ∀ n ∈ S(f), ∀ f ∈ F ,

∑

l∈I(t(f))

xf
l =

∑

n∈S(f)

rf
n, ∀ f ∈ F ;

∑

l∈O(t(f))

xf
l = 0, ∀ f ∈ F .

The above equations can be compactly written asAxf =
yf

R, ∀ f ∈ F where A is (N + t)xL node-link incidence
matrix with anl = 1 if l ∈ O(n), anl = −1 if l ∈ I(n)
andanl = 0 otherwise.xf is lengthL column vector with its
lth element beingxf

l andyf
R is anN + t length column vector

with
[

yf
]

n
= rf

n, ∀ n ∈ S(f),
[

yf
]

t(f)
= −

∑

n∈S(f) rf
n and

all other elements zero.

We can formulate the problem as follows:

OPT-R: maximizeλ subject to

rf
n

dn

≥ λ, ∀ n ∈ S(f), ∀f ∈ F ; (1)

Axf = yf
R, ∀f ∈ F ; (2)

∑

f∈F

xf
l ≤

∑

m∈M

αmRl(Pm) − δ, ∀l ∈ L; (3)

∑

m∈M

αm [qm]n + usnes + uwnew ≤ P av
n − ǫ, ∀ n ∈ N ; (4)

rn
f

dn

≤ usn, ∀ n ∈ S({), ∀ f ∈ F ; usn ≤ uwn, ∀ n ∈ N ; (5)

∑

m∈M

αm



I(
∑

l∈O(n)

Pm
l > 0) +

∑

l∈I(n)

I(Pm
l > 0)





≤ uwn, ∀ n ∈ N ; (6)

∑

m∈M

αm ≤ 1 (7)

xf
l ≥ 0, ∀l ∈ L, ∀ f ∈ F ; rf

n ≥ 0, ∀ n ∈ S(f), ∀f ∈ F ;

αm ≥ 0, ∀m ∈ M; uwn ≥ 0, usn ≥ 0 ∀ n ∈ N (8)

where{qm : m ∈ M} are given by

[qm]n =
∑

l∈O(n)

(Pm
l + etI(Pm

l > 0))+ er

∑

l∈I(n)

I(Pm
l > 0).

This is a linear programming problem where we maximize
the minimum,λ, of fractionsrf

n/dn of data carried by sensor
nodes to the associated destinations (thus the solution isfair
in this sense). The variableαm is the fraction of time the
network operates in modem. The inequalities in (3) state that
the traffic through any link should be less than its capacity.
This is a necessary condition for stability of the data queue
corresponding to linkl. Under some weak conditions, it is also
sufficient. The inequalities (4) state that the average power
consumed at each noden should be slightly less thanP av

n .
This ensures energy neutral operation at each sensor node
([26], [22]). We do not consider any power constraints on the
sink nodes whose main activity is reception (we assume that it
has enough power to receive data in every slot).uwn andusn

denote the fractions of time sensor noden is in wake mode
and the fraction of time it is performing sensing, respectively.
Thus, the sensor node spends energy at the rate ofew in
uwn fraction of time and at the rate ofes in usn fraction
of time. This is taken into account while writing inequalities



(4). Since a sensorn is sensing and thus generating data only
for usn fraction of time,rf

n/dn for each associated flowf is
upper bounded byusn and a sensor can perform sensing only
when it is in the wake mode. Thus, we have the inequalities
(5). Similarly, the fraction of time a sensor is transmitting
or receiving is limited by the fraction of time it is in the
wake mode which is stated in inequalities (6). In addition, the
sleep slots of the sensors can be scheduled so that the sensors
are awake for the fractionuwn and they sense forusn/uwn

fraction of time they are awake.
By solving OPT-1, we obtain:

1) Optimal λ which we denote byλ∗: If λ∗ ≥ 1, then the
network can carry all the traffic originating from the nodes
to the associated sink nodes. But, ifλ∗ < 1, there are sensor
nodes that are generating more data than what can be sent
by the network to the sink nodes. These nodes will drop the
excess data.
2) Optimal (mode scheduling) fractions of time{α∗

m, m ∈ M}
that the network operates in the various valid modes.
3) Optimalx∗f

l and the fair share of trafficr∗f carried by the
network for flow f . We briefly describe a simple scheduling
and routing scheme that can be obtained using the optimal
solution. At each noden, corresponding to each outgoing link
l, we have a queue for each flowf for which x∗f

l > 0 and the
fraction x∗f

l /
∑

i∈O(n) x∗f
i of flow f arriving at noden gets

buffered in this queue. Whenever the outgoingl gets served
(i.e., the network is in a mode with linkl active), the queues
corresponding to linkl can be served using Weighted Round
Robin with the weight for flowf beingx∗f

l /
∑

j∈F x∗j
l .

We see that the problem formulation presented above is
an extension of the approach presented in [24] to multiple
destinations. But, it would often lead to a suboptimal solution.
This is due to the fact that the above formulation does not
consider the use of broadcasts. Intuitively, it is clear that in a
problem setting with multiple destinations, broadcastingwill
be useful. We illustrate this using a simple example. Consider
the network shown in Fig.1 with one sensor nodeS and two
sinkst(1) andt(2). Suppose that the energy harvesting rate at
S is large enough so that it can sense at 100 bps and transmit
data at a maximum rate 100bps in all the slots. Then, using
the above approach, we see that the optimalλ is only 0.5,
whereas it is clear that using a broadcast all the time, we can
achieveλ = 1. (Note that in this example, we have made an
assumption on the rate of broadcast, viz rate of broadcast is
equal to the minimum of the rates at which the transmitter
can unicast to the receivers individually. We will considerthis
point further in the next section.)

IV. A PPROACH2: USING STEINER TREES FOR ROUTING

In this section, we use the idea discussed in [27] for
formulating the problem involving multicast connections in
a network where the nodes also use broadcasts. Broadcast is
useful only when there are multiple sinks.

[27] considers directed trees rooted at a source and reaching
all associated sinks as the basic unit of flow for multicast
network flow. They define a multicast flow as a collection of

Fig. 1. Example: Need for broadcasts in multicast connections

flows along directed trees (rooted at a source and reaching
all its associated sinks) obeying the capacity constraintsfor
each link. Thus, any multicast flowf from a source node
n = s(f) is identified with such a collection of directed trees
Kn and with the associated flows

{

uk
n : k ∈ Kn

}

obeying the
following capacity constraints:

∑

{k∈Kn,n∈N :l∈k}

uk
n ≤ zl, for every link l (9)

and uk
n ≥ 0, ∀k ∈ Kn (10)

where zl denotes the rate of linkl (which can be obtained
from the values of{αm : m ∈ M}). Let the set of all such
multicast flows be denoted byFT .

We have assumed that a node can broadcast to any number
of its neighbours and if it can transmit at ratesr1, r2, ...,
rk−1 and rk to k of its neighbours individually, then it can
broadcast at the ratemin(r1, r2, ..., rk) to those neighbours.
Along with the introduction of broadcasts at a node, we also
introduce virtual nodes (and associated virtual links) as done in
[16]. The virtual node plays the role of an artificial bottleneck
which constrains the rate of distinct information going outof
the transmitter. We will illustrate the need for such a bottleneck
using a small example. In Fig.2, nodeS is multicasting data
to sinkst(1) andt(2). Assume that the(s, 1) and(s, 2) links
have very high capacity (so that they are not bottlenecks).
Also, whenever nodes 1 and 2 transmit, they broadcast tot(1)
and t(2) at the rate of 2 units. Let us consider two of the
trees satisfying the conditions discussed above, shown in Fig.
2(b) and Fig.2(c). Without a virtual node, if we just use the
valuezl = 2 while forming the rate constraint equations (9) on
links l ∈ {(1, t(1)), (2, t(1)), (1, t(2)), (2, t(2))}, we can see
that nodeS can send 2 distinct units of data to each of the
destinations, i.e., 4 distinct units of information are carried
to the two sinks combined. This clearly is not possible as
the maximum rate of the nodes that transmit to the sinks is
only 2 units so that the maximum number of distinct units
of information reaching sinks has to be less than or equal to
2. Once we place the virtual nodes (as shown in Fig.2(d)),
the virtual links(1, 1′) and(2, 2′) act as bottleneck links and



limit the total rate of data flowing to the two destinations to
2 distinct units. See [16] for more details.

Fig. 2. Example: Need for virtual nodes

Once we allow for broadcasts, the set of all modes is much
larger as we have to include the modes that involve broadcasts
too. Let us denote the set of all modes in the present setup
by MB. Further, due to the addition of virtual nodes, we also
have a larger set of nodesNB = N ∪NV whereNV is the set
of virtual nodes. Similarly, denote the new larger set of links
by LB.

Now, we can state the problem formulation as we have done
in the previous section:

OPT-T: maximizeλ subject to

rs(f)

ds(f)
≥ λ, ∀f ∈ FT ; (11)

rn ≤
∑

k∈Kn

uk
n ∀ n ∈ N (12)

∑

{k∈Kn,n∈N :l∈‖}

uk
n ≤

∑

m∈MB

αmRl(P
m) − δ, ∀ l ∈ LB (13)

∑

m∈MB

αm [qm]n + usnes + uwnew

≤ P av
n − ǫ, ∀ n ∈ N ; (14)

rn

dn

≤ usn, ∀ n ∈ N ; usn ≤ uwn, ∀ n ∈ N ; (15)

∑

m∈MB

αm



I





∑

l∈O(n)

Pm
l > 0



 +
∑

l∈I(n)

I(Pm
l > 0)





≤ uwn, ∀ n ∈ N ; (16)

∑

m∈MB

αm ≤ 1 (17)

rn ≥ 0, ∀n ∈ N ; αm ≥ 0, ∀m ∈ MB;

uwn ≥ 0, usn ≥ 0 ∀ n ∈ N , uk
n ≥ 0 ∀k ∈ Kn, ∀ n ∈ N .

Here, (9) has been rewritten as (13), and (12) states that
the rate of multicast from each noden should be less than
the sum of the rates associated with the collection of directed
treesKn from the node.

Note that for large networks, finding theKn for each node
n has high computational complexity and the number of such
trees is very large. For instance, solving the above problem
for N > 4 with two sinks takes too long to compute. Thus,
for large networks, we need some computationally efficient
suboptimal approaches like the ones given in [27].

We will see that this approach provides improvements on the
approach provided in the previous section. We present some
examples in SectionVI to illustrate this. But even with this
approach, we cannot always attain the best performance. For
instance, use of network coding could significantly improve
the performance and this will be discussed in the next section.

V. A PPROACH3: USING NETWORK CODING

In this section, we formulate and solve the problem of
supporting multicast connections over the network by allowing
the nodes to perform network coding. The traffic from the
sensor nodes multicasting to the same set of sinks forms a
session. We denote the set of all sessions byS.

When there are multiple sessions sharing the network, we al-
locate disjoint subsets of the network capacity to each session.
If each session’s allocations satisfy the Max-Flow Min-Cut
condition for each sink (associated with the session) separately
we can obtain a solution (transmitting flows of a session to
all its destinations simultaneously) with intra-session network
coding among information symbols of each session separately.
Although suboptimal (because we are not doing inter-session
network coding even when there are multiple sessions), this
approach provides considerable gains compared to the two
approaches presented earlier.

Given a sessions ∈ S, for each sink which is part of the
multicast connection, we have an associated flowf ∈ F(s)
whereF(s) denotes the set of all flows of sessions. Thus, the
number of flows in a session is equal to the number of sinks
associated with the multicast connection in sessions. Denote
the sink of a flowf by t(f) and the set of source nodes of flow
f by S(f). Let rf

n denote the rate at which data is transmitted
to t(f) from a noden ∈ S(f); the total rate of flow arriving
at t(f) is then

∑

n∈S(f) rf
n. The rest of the notation is as in

the last section.



The flow conservation equations for each flowf ∈ F(s)
associated with each sessions ∈ S are given as in SectionIII ,
by Axf = yf

R.

Now, we formulate the problem as follows:

OPT-NC: maximizeλ subject to

rf
n

dn

≥ λ, ∀ n ∈ S(f), ∀f ∈ F(s), ∀ s ∈ S; (18)

Axf = yf
R, ∀f ∈ F(s), ∀ s ∈ S; (19)

xf
l ≤ gs

l ∀f ∈ F(s), ∀ s ∈ S, ∀l ∈ LB/
⋃

n∈Nv

O(n); (20)

∑

f∈F(s)

xf
l ≤ gs

l , ∀ s ∈ S, ∀l ∈
⋃

n∈Nv

O(n); (21)

∑

s∈S

gs
l ≤

∑

m∈MB

αmRl(P
m) − δ, ∀l ∈ LB ; (22)

∑

m∈MB

αm [qm]n + usnes + uwnew

≤ P av
n − ǫ, ∀ n ∈ N ; (23)

rf
n

dn

≤ usn, ∀ n ∈ S(f), ∀f ∈ F(s), ∀s ∈ S;

usn ≤ uwn, ∀ n ∈ N ; (24)

∑

m∈MB

αm



I





∑

l∈O(n)

Pm
l > 0



 +
∑

l∈I(n)

I(Pm
l > 0)





≤ uwn, ∀ n ∈ N ; (25)

∑

m∈MB

αm ≤ 1 (26)

xf
l ≥ 0, ∀ l ∈ LB, ∀ f ∈ F(s), ∀ s ∈ S;

αm ≥ 0, ∀m ∈ MB;

rf
n ≥ 0, ∀ n ∈ S(f), ∀f ∈ F(s), ∀ s ∈ S;

uwn ≥ 0, usn ≥ 0 ∀ n ∈ N ; gs
l ≥ 0 ∀ s ∈ S, ∀ l ∈ LB .

where{qm : m ∈ MB} are given by

[qm]n = (Pm
l + et)I(

∑

l∈O(n)

Pm
l > 0) + er

∑

l∈I(n)

I(Pm
l > 0).

Note that all equations in the above formulation are similar
to the ones in SectionIII except for (20) and (21). We have
introduced new variables{gs

l ; s ∈ S, l ∈ LB} in this formu-
lation. For a linkl that is not an outgoing link from a virtual

node (i.e.,l /∈
⋃

n∈Nv
O(n)), (20) ensures that the variable

gs
l is greater than or equal to all the

{

xf
l ; f ∈ F(s), s ∈ S

}

.
Thus, for these links, only the maximum of the variables
{

xf
l ; f ∈ F(s), s ∈ S

}

are considered in the rate constraints
(22). This ensures that allocations of each session satisfy the
Max-Flow Min-Cut condition for each sink (or each flow)
associated with the session and then, we obtain a solution with
intra-session network coding among information symbols of
each session separately. Also note that for a linkl that is an
outgoing link from a virtual node (i.e.,l ∈

⋃

n∈Nv
), we have

the usual flow conservation and rate constraint equations as
the virtual nodes do not exist and thus are not capable of
performing network coding. It has been shown in [16] that
there is no need to perform network coding on the virtual
nodes as far as throughput is concerned.

A. Remarks

The problem formulations discussed in the previous sec-
tions have high computational complexity and hence become
intractable for large networks. For OPT-R and OPT-NC, we
can use a suboptimal approach similar to the one discussed in
[24], [5] . The method uses an iterative approach that considers
a smaller set of modes when solving the optimization problem
and then updates the set of modes using column generation.
Since the method can be easily extended to the current setting
also, we will skip a detailed discussion. We will refer to the
method as ALGO-M in the next section.

VI. EXAMPLES

In this section, we study the performance of the three
approaches presented in the paper using some examples. We
focus on
(a) The improvement in performance with each approach and
the dependence of the improvements on the network topology
(b) Performance of the suboptimal approach that uses ALGO-
M to find solution for OPT-R and OPT-NC.

For all the examples in this section, the following settings
apply: et = 60mW , er = 60mW , es = 2mW and ew =
20mW . Each node in the network chooses its transmit power
levels from the set{0, 0.1, 1, 10} mW .

In Figs. 3(a)-3(c), we consider networks consisting of 4
sensor nodes that multicast to two sinks and in Fig.3(d), we
consider a network consisting of 3 sensor nodes that multicast
to two sinks. All the nodes generate data at the rate of 1000
bps, i.e.,dn = 1000 bps for all n ∈ N . Also, P av

n = 20 mW
for all n ∈ N .

For the network shown in Fig.3(a), the solution obtained
using OPT-T provides significant gains over the one obtained
using OPT-R. The optimalλ (or fraction of throughput ob-
tained) is found to be 0.4681, 0.6043 and 0.6043 with OPT-R,
OPT-T and OPT-NC respectively. In this example, the two
sinks are almost at the same distance from the sensor nodes.
Hence, if a sensor node broadcasts to the sinks, the rate of
broadcast will be comparable to the rate of unicasts to each
sink. Hence, broadcast is an attractive option in this network



topology as we get same rate of multicast (rate of multicast of
a sensor node is the minimum of the rates of flows from it to
the sinks associated with the multicast) as in the case when we
use individual unicasts with less resource consumption. This
explains the gains we see using the OPT-T formulation.

Fig. 3. (a) Example 1: For this network, using OPT-T providessignificant
gains over using OPT-R (b) Example 2: For this network, solution obtained
using OPT-T and OPT-R are comparable (c) Example 3: For this network,
solution obtained using OPT-T and OPT-NC are comparable (d)Example 4:
For this network, using OPT-NC provides gains over using OPT-T

For the network shown in Fig.3(b), solutions obtained using
OPT-T and OPT-R are comparable. The solutions were found
as 0.6268, 0.6269 and 0.6269 with OPT-R, OPT-T and OPT-
NC respectively. In this network, we see that the sinks are
well separated and further, with respect to any sensor node,
there is one sink which is much farther away than the other.
In this case the performance of the three approaches is almost
identical.

For the network shown in Fig.3(c), solutions obtained
using OPT-T and OPT-NC are both approximately equal to
0.8011. Solution obtained using OPT-R is approximately equal
to 0.7419. Due to the symmetry in the topology, no routing of
data through an intermediate node is needed and hence only
trivial network coding operations occur at the nodes in OPT-
NC.

For the network shown in Fig.3(d) which consists of 3
sensor nodes that multicast to two sinks, solutions obtained
using OPT-R, OPT-T and OPT-NC are 0.6134, 0.6475 and
0.6811 respectively. Unlike in the previous examples, here
for each sensor node, routing of its data through the other
nodes can be beneficial (provided there is adequate power
available at the other nodes). This could explain the gain that
we observe when using the OPT-NC formulation. We would
like to point out that for many examples with smallN , we
found that the solutions obtained using OPT-T and OPT-NC
were comparable. We feel that the gains using network coding
should be higher in larger networks.

Fig. 4. Layout of the network: Four sensors multicasting to two sinks

Fig. 5. Performance of ALGO-M: Used to solve OPT-R and OPT-NC

Next, we present results showing the performance of
the computationally efficient suboptimal approach that uses
ALGO-M. We use ALGO-M to obtain good suboptimal solu-
tions for OPT-R and OPT-NC. Fig.4 shows the layout of the
network consisting of 4 sensor nodes and 2 sinks. All the nodes
generate data at the rate of 5000bps. Also, P av

n = 10 mW
∀n ∈ N . The optimal solution for OPT-NC was obtained as
0.3364 whereas the optimal solution for OPT-R was obtained
as 0.3076. In Fig.5, we show the solution obtained by using
ALGO-M. The optimal solutions for the two formulations are
also shown using dashed lines. We see that using ALGO-M,
we get close to the optimal solution quickly (within the first
100 iterations). We observed similar performance for ALGO-
M when tested for several different settings involving small
networks (smallN and small number of destinations) for
which we could compute the optimal solution. In the next
example, we study the performance of ALGO-M when it
is used for OPT-R and OPT-NC for a large network. Fig.
6 shows the layout of the network which consists of 20
nodes and 3 sink nodes. Here, 10 of the sensor nodes have
a multicast connection to sinks 1 and 2, and the remaining
10 sensor nodes have a multicast connection to sinks 2 and
3. In Fig. 7, we depict the solutions obtained for OPT-R and
OPT-NC using ALGO-M. Note that when we consider the
OPT-NC formulation, there are two sessions and we perform
intra-session network coding within each session. For this
network also,dn = 1000 bps, P av

n = 10 mW ∀n ∈ N .
Although, there is no optimal solution to compare against, we
do see that most of the increase in the solution obtained using



ALGO-M is during the first 200 iterations (similar to what we
observed in the previous example). Also, observe that thereis
a significant performance improvement when using OPT-NC
for this network.

Fig. 6. Layout of the network: 20 sensors, 3 sinks

Fig. 7. Performance of ALGO-M: Used to solve OPT-R and OPT-NC

VII. C ONCLUSIONS ANDFUTURE WORK

We considered the problem of joint power control, schedul-
ing and routing for multicast in energy harvesting sensor
networks allowing for multicast of data generated at the sensor
nodes to a set of sink nodes. We presented three approaches
to solve the problem. We compared the performance of the
three approaches using examples. For two of the approaches
discussed in this paper, we also considered a computationally
efficient suboptimal approach and studied its performance
through examples.
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