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Abstract

Energy harvesting technologies make it possible to ex-
ploit environmental power to realize autonomous wireless
sensor networks with unlimited lifetime. However, the ac-
tual autonomy of a wireless network depends on the ener-
getic sustainability of its workload that depends, on its turn,
on the algorithms adopted to route packets from the sensor
nodes to the sink. A theoretical framework for assessing
and optimizing the energetic sustainability of routing algo-
rithms has been recently proposed. In this paper we discuss
the actual applicability of optimal energetically sustainable
routing algorithms and the issues raised by non-stationary
environmental conditions. Furthermore, we present a dis-
tributed algorithm, running on sensor nodes, that is able to
re-compute optimal routing tables on the field in order to
adapt to the actual distribution of environmental power.

1 Introduction

Energy-aware wireless sensor networks (WSNSs) are usu-
ally designed and deployed in order to maximize battery
lifetime [8]. Lifetime, however, is not a suitable metric for
steering the design of environmentally-powered WSNs, ca-
pable of working as long as their workload can be sustained
by the power they are able to harvest from the environment
[1, 9]. In this new scenario, the key design goal should
be maximizing the steady-state energetic sustainability of
the network’s workload, rather than maximizing its lifetime.
In fact, while battery-operated WSNs are subject to energy
constraints imposed by the limited capacity of their batter-
ies, autonomous WSNSs are subject to power constraints im-
posed by the limited amount of power provided by the en-
vironment.

It has been recently shown that power-constrained WSNs
can be represented as flow networks and that the optimiza-
tion of the energetic sustainability of the workload can be

cast into an instance of maxflow [2]. The solution of the
maxflow problem induces non-deterministic routing tables
that can be actually applied at the sensor nodes in order to
achieve the theoretical optimum.

However, the optimal routing strategy strongly depends
on the actual environmental conditions and should be pe-
riodically recomputed. Since the sensor nodes are de-
ployed in the environment they take supply power from,
they are the best candidates for detecting environmental
power changes and possibly adapt their own routing tables.
But the information available at each node is not sufficient
to take local decisions leading to a global optimum. On the
other hand, the whole sensor network could be viewed as
a distributed computer system that can be programmed to
solve maxflow, thus computing optimal routing strategies
on the field.

In this paper we demonstrate the feasibility of this ap-
proach, we outline the details of a real-world implementa-
tion, we present preliminary results and we discuss practical
issues and future directions.

2 Theoretical framework

The workload of a sensor network can be expressed as
the average number of packets routed from the sensors to
the sink in a unit of time. The maximum workload that can
be sustained by a node of an autonomous WSN (say n) de-
pends on the available power at the node P(n), and on the
energy needed to process and send each packet across an
edge, E(n,e), where e denotes the chosen outgoing edge.
In general, processing includes packet generation (is the
node is the source of the packet) or packet reception (is the
node acts as a routing). Both packet generation and recep-
tion require a non-negligible amount of energy. In partic-
ular, the energy spent by a sensor node to receive a packet
from another node is often higher tham the energy spent to
re-transmit it.

Whenever a packet is processed, a finite amount of
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Figure 1. Pseudo-code of (a) PushRelabel and (b) MESW algorithm. Local operations performed by (c) the routers and (d) the
sensors of a WSN in a parallel distributed implementation of PushRelabel.

time is needed to recover the energy spent to process and
transmit it. The recovery time, expressed as the ratio be-
tween E(n,e) and P(n), imposes an upper bound to the
average inter-arrival time of the packets that compose an
energetically-sustainable workload. Such an upper bound
can be viewed as a capacity constraint imposed to the out-
going edge:
C(e) = P(n)/E(n,e)

This simple observation suggests that environmentally-
powered WSNs can be modelled as flow networks whose
maxflow is the maximum energetically-sustainable work-
load (MESW). However, each sensor node may have mul-
tiple outgoing edges sharing the same power budget, so
that capacity constraints cannot be independently associated
with edges, as in standard flow networks, but must be asso-
ciated with nodes. The local sustainability constraint must
thus be expressed as:

Z F(e)E(n,e) < P(n)

e exiting from »

where F'(e) is the flow (i.e., the packet rate) across edge
e. If the transmission power is not dynamically adapted
to the actual distance of the target node, the energy per
packet [10] can be considered as independent from the
edge of choice. This simplifying assumption, that holds
for many real-world networks, allows us to transform a
node-constrained flow network into an equivalent edge-
constrained flow network where each original node is split
into an input node (destination of all incoming edges) and
an output node (source of all outgoing edges), connected
by an internal edge with capacity P(n)/E(n). Hence,
all the algorithms developed for studying and optimizing
edge-constrained flow networks can be suitably applied to
power constrained WSNs. A framework for determining the
MESW of an arbitrary WSN based on a modified version of

Ford Fulkerson’s MaxFlow algorithm [5] (FF from now on)
was recently proposed [2].

3 Implementation

Given a WSN and a power map (representing environ-
mental power conditions), a non deterministic routing algo-
rithm that achieves the MESW can be easily derived from
the solution of the maxflow problem: each edge can be cho-
sen by the routing node with a probability proportional to
the amount of flow crossing it in the maxflow solution. Edge
probabilities are stored as routing tables at each node and
used at runtime to take pseudo-random decisions.

Unfortunately, however, power conditions may vary in
time, making it necessary to recompute the routing tables
on the field. Ideally, sensor nodes should be able to adapt
their own routing tables to environmental changes by im-
plementing a distributed version of maxflow algorithm.

Generally speaking, a graph-traversal algorithm can be
implemented by a network of elementary processing units
having the same topology of the graph under study. Each
unit directly implements the local operations of the corre-
sponding node, while function calls and returns are imple-
mented as messages exchanged through the edges of the
graph. As such, a distributed version of FF algorithm could
be directly implemented on the sensor network by exploit-
ing the computational and communication resources of the
nodes. However, FF is not the best choice to this pur-
pose since it is inherently sequential in nature, so that its
distributed implementation would not exploit parallelism
and would require a significant synchronization overhead.
Moreover, FF is not the most efficient algorithm available
to solve MaxFlow, so that its run-time execution would re-
quire too much time and energy.



3.1 The Push-Relabel Algorithm

The above-mentioned drawbacks are overcome by the
Push-Relabel (PR) algorithm [3], that exploits a fluid-flow
analogy by modelling network edges as pipes and network
nodes as junctions among them. Each junction has a height
attribute, reflecting its virtual elevation in relation to the
other nodes, and an arbitrarily large reservoir, which can
temporarily accommodate excess flow.

As its name implies, the algorithm makes use of two ba-
sic operations:

e push: applied when a node has excess flow in its
reservoir and a non-saturated downhill edge (i.e., an
edge with non-null residual capacity that leads to a
lower node) to push (part of) the excess flow across
the edge. The result is a transfer of excess flow from a
node to another.

e rel abel : applied when a node has excess flow but
no available downhill edges to push it across. The
height of the overflowing node is set just above the
lowest of its neighbor nodes connected by a non-
saturated edge.

The generic PR algorithm uses a subroutine to generate
an initial preflow (actually saturating all outgoing edges of
the main source node) and to set the height of all nodes to
0 (except the source, whose height is set to the number of
nodes N). The algorithm then proceeds by applying push
and relabel operations until no more operations are allowed
(see Fig. l.a). All possible flow is eventually pushed ei-
ther to the sink or back to the source. The algorithm termi-
nates when no nodes are left overflowing, except the sink
and - possibly - the source. The MaxFlow corresponds to
the excess flow found in the sink’s reservoir at the end of
execution.

Notice that MaxFlow algorithms determine the maxi-
mum flow from a single source to a single sink. In a WSN
there are usually many sensors acting as primary sources
and, possibly, many sinks that collect sensed data. In order
to use MaxFlow to determine the global MESW, dummy
nodes have to be added to the network: a main source (say
s) with infinite capacity edges leading to all sensors, and a
main sink (say t) with infinite capacity edges coming from
all sinks. The pseudo-code of the MESW algorithm based
on PR is shown in Fig. 1.b.

3.2 Distributed implementation

The MESW algorithm of Fig. 1.b can be conveniently
implemented in a distributed network of computational
units for two main reasons. First, the operations performed
at each node require only local information about the state

of the node and the heights of its neighbors. Second, the
correctness of the solution is independent of the order of
the push-relabel operations performed at each node, thus
enabling concurrency with limited synchronization require-
ments.

The concurrent implementation requires, however, sev-
eral modifications. First, dummy sensor nodes are not real
nodes, so that they need to be implicitly modelled by the
sensor network. All sensors initialize their own reservoirs
at an initial value conservatively higher than the maximum
possible flow. Such an initial value replaces the incom-
ing flow pushed by the dummy primary input node into the
sources in the sequential implementation. Push back of ex-
cess flow from sensor nodes to the dummy is implicitly im-
plemented by allowing sensors higher than N to drop their
excess flow. Second, each node must be able to detect the
amount of environmental power available and to derive nu-
merical capacity constraints from it, applying it to an in-
ner edge ideally connecting the node’s incoming edges to
the outgoing edges (and thus limiting the amount of flow
that can be pushed). Third, push operations result in the
exchange of a unicast message between the involved nodes.
Fourth, relabel operations entail the transmission of a broad-
cast message to notify all neighbors of the changed height.
Fifth, a broadcast interest message needs to by generated
by the sink and back-propagated by all nodes in order to
trigger the beginning of execution. Sixth, the flow pushed
across each edge has to be stored in the local routing tables
of each node.

Fig. 1.c shows the code executed by each routing node
upon incoming events (either interest packets or pushed
flow notifications). Figure 1.d shows the variant of the code
implemented by sensor nodes. The only difference is the
implicit push back of the excess flow to the dummy node
when the height of the sensor exceeds the total number of
nodes N.

Notice that each node decides which operation to per-
form based on the information locally available at decision
time, but the decision takes a finite amount of time to be no-
tified to its neighbors. Hence, neighboring nodes could con-
currently take conflicting decisions. Consider, for instance,
two overflowing nodes with the same height (say h). Both
of them could decide at the same time to perform a relabel
(reaching height A + 1) and to push the excess flow to the
other node. Thanks to the order-independent correctness of
the PR algorithm, concurrent decisions do not impair algo-
rithm convergence. In our example, each node will accept
the excess flow coming from its neighbor and eventually
push it towards lower nodes or raise its height.
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Figure 2. Computational complexity (Actions) and ex-
ecution time (Cycles) of the concurrent PR algorithm as
function of the density of sensor nodes, expressed as num-
ber of sensors distributed over a fixed-size 10x10 area, as-
suming each antenna has a transmission range of 3 units and
that all packets have to be routed to a common sink placed
on a corner of the target region. (a) Sensor nodes arranged
on a regular grid. (b) Sensor nodes scattered randomly. (c)
Degree of parallelism of the algorithm in terms of number
of actions executed in each cycle.
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Figure 3. Computational complexity (Actions) and ex-
ecution time (Cycles) of the concurrent PR algorithm as
function of the area covered by the sensor network, ex-
pressed as number of sensors deployed at a fixed density
over a square region of increasing area with a unique sink
placed on a corner. Each antenna is assumed to cover a
range of 3 units. (a) Sensor nodes arranged on a regular
grid. (b) Sensor nodes scattered randomly. (c) Degree of
parallelism of the algorithm in terms of number of actions
executed in each cycle.
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Figure 4. Computational complexity (Actions) and ex-
ecution time (Cycles) of the concurrent PR algorithm as
function of the transmission range of the antennas, ex-
pressed in units of length. Results refer to a network com-
posed of 121 sensors deployed over a square 10x10 region
with a sink placed on a corner. (a) Sensor nodes arranged
on a regular grid. (b) Sensor nodes scattered randomly. (c)
Degree of parallelism of the algorithm in terms of number
of actions executed in each cycle.

4 Experimental results and discussion

The concurrent MESW algorithm has been implemented
on the TinyOS framework using the nesC programming lan-
guage [6]. TinyOS applications can be natively compiled
and run on real sensor networks (e.g., using Tmote Sky
nodes [4]), as well as analyzed using the TOSSIM simu-
lator [7], which enables network profiling while ensuring
correctness, accuracy and realism.

The functional correctness of the concurrent implemen-
tation has been tested by comparing the results with those
provided by the optimization and analysis framework based
on FF [2], while computational performance has been tested
by monitoring the number of push-relabel operations re-
quired and the degree of concurrency reached by the algo-
rithm.

Experimental results are reported in Figures 2, 3 and 4,
that show the computational complexity and execution time
as functions of the density of sensor nodes (Fig. 2), of the
area of the target region (Fig. 3) and of the transmission
range of each antenna (Fig. 4). All the experiments refer
to networks of sensors distributed over a square region with
only one sink placed in a corner.

Execution time is shown by the curves labeled “cycles”,
while computational complexity (i.e., the number of push
and relabel actions required) is shown by the curves labeled
“actions”. Thanks to the concurrent implementation, the
algorithm is able to perform multiple actions per cycle, at-
taining higher performance than the sequential PR.

Each figure contains three charts, showing: (a) the per-
formance of the algorithm when applied to a network of
sensors regularly distributed on a grid; (b) the performance
of the algorithm when applied to a network of sensors scat-
tered randomly over the target region, and (c) the degree
of parallelism computed as the ratio between computational
complexity and computation time.

The results clearly show that the performance of the
algorithm scales nicely with network complexity (Figures
2.a/b and 3.a/b): the computational complexity is slightly
super-linear, while the execution time is linear. The ben-
efit of concurrence is shown in Figures 2.a/b and 3.a/b by
the gap between computational complexity and execution
time, and in Figures 2.c and 3.c by the degree of parallelism
achieved by the algorithm. It is worth noting that paral-
lelism grows with the number of nodes. The increased par-
allelism compensates the superlinear behavior of computa-
tional complexity, thus making execution time proportional
to the number of nodes in the network.

Finally, Figure 4 (referring to a network of 121 sen-
sors on a 10x10 area) shows that computational complex-
ity decrease when the transmission range of each antenna
increases. In fact, the longer the range of each antenna,
the easier is routing packets from the sensors to the sink.



This benefit is reduced in case of randomly scattered nodes.
Interestingly, the degree of parallelism of the algorithm de-
creases when the range of the antennas increases (Fig. 4.c),
so that the execution time of the concurrent implementation
is almost independent of the range.

5 Discussion

In summary, this paper has shown that autonomous
WSNs can be granted the capability of self-adapting their
routing strategy to the environment in order to achieve
the maximum energetically-sustainable workload (MESW).
This can be done by casting MESW into an instance of
MaxFlow and by implementing a parallel distributed ver-
sion of the PushRelabel algorithm, running directly on the
sensor nodes, to determine optimal routing tables. The dis-
tributed algorithm not only grants the desired self-adapting
property to the sensor network, but also exploits parallelism
to reduce significantly the execution time.

There are, however, several issues left open:

1. Node constraints cannot be transformed in edge con-
straints in case of edge-dependent transmission en-

ergy;

2. Routing tables are not continuously adapted to the en-
vironmental conditions;

3. MESW recomputation takes energy and time that
could be spent by the network to perform normal op-
erations, thus making it necessary to trade off routing
optimality for recomputation frequency.

Our current research efforts are aimed at addressing these
issues in the attempt of making WSNs able to transparently
adapt to the environmental power during their normal oper-
ation.
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