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Abstract. One of the key challenges facing wireless sensor networks
(WSNs) is extending network lifetime due to sensor nodes having limited
power supplies. Extending WSN lifetime is complicated because nodes of-
ten experience differential power consumption. For example, nodes closer
to the sink in a given routing topology transmit more data and thus con-
sume power more rapidly than nodes farther from the sink. Inspired by
the huddling behavior of emperor penguins where the penguins take turns
on the cold extremities of a penguin “huddle”, we propose mobile node
rotation, a new method for using low-cost mobile sensor nodes to address
differential power consumption and extend WSN lifetime. Specifically, we
propose to rotate the nodes through the high power consumption loca-
tions. We propose efficient algorithms for single and multiple rounds of
rotations. Our extensive simulations show that mobile node rotation can
extend WSN topology lifetime by more than eight times on average in a
which is significantly better than existing alternatives.

1 Introduction

In the past decade, wireless sensor networks (WSNs) have been deployed in
wide range of applications such as habitat monitoring [1], environment monitor-
ing [2, 3], and surveillance systems [4]. Many of these applications need to gather
a large amount of data and transmit it to the sink where it can be analyzed.
Moreover, these networks must remain operational for a long period of time on
limited power supplies (such as batteries). On the other hand, they are often de-
ployed in remote or inaccessible environments, making it extremely difficult for
any manual maintenance like battery replacement. As a result, one of the main
challenges faced by data intensive WSNs is managing the power consumption of
nodes to maximize the lifetime of the WSN.

Recently, the controlled mobility of sensors has been exploited to improve the
energy efficiency of WSNs. For instance, by relocating mobile sensors, the com-
munication topology of a network can be dynamically configured to reduce power
consumption. Moreover, mobile sensors can physically carry large chunks of data
to reduce energy consumption in wireless transmissions [5]. Such approaches be-
come increasingly attractive due to the emergence of numerous low-cost mobile
sensor prototypes such as Robomote [6], Khepera [7], and FIRA [8].



However, many applications have constraints which make existing approaches
infeasible. We identify three key constraints. The first is that the location of the
nodes and the communication topology of the network may not be mutable.
For example, in a surveillance or environment monitoring application, the ex-
act placement of sensor nodes may not be adjusted without compromising the
operation of the system. The second is that all nodes have equal, typically lim-
ited, capabilities. This rules out approaches that require a few nodes with extra
capabilities and the ability to perform complex motion planning. The third is
that nodes face differential power consumption where some nodes consume sig-
nificantly more power than other nodes. For example, nodes closer to the sink
in a given routing topology often have to transmit more data and thus consume
more power than nodes farther from the sink in the given topology.

To address these three constraints that limit existing techniques, we propose
a new approach that we call mobile node rotation which is inspired by the hud-
dling and rotation behavior of emperor penguins that help them breed in the
fierce arctic winter. Penguins on the outside of the huddle face temperatures as
low as −45 ◦C and strong winds while those on the inside of the huddle enjoy
warm ambient temperatures as high as 37 ◦C and significant wind protection.
Emperor penguins rotate positions to share the burden of being on the outside
[9]. In mobile node rotation, we propose to rotate the physical positions of mo-
bile sensors to share the burden of any high power consumption location. We
observe that mobile node rotation is particularly suitable for mobile sensor plat-
forms with limited mobility as we can impose mobility constraints on individual
nodes. For example, we can model the constraints of the NIMS sensors [10] that
are only capable of moving along fixed cables by only allowing such sensors to
exchange with other sensors on the same set of cables. Likewise, mobile node
rotation does not require powerful nodes capable of performing complex motion
planning calculations or developing new mobility-aware routing topologies since
all movements are to known positions and the topology does not change.

We make the following contributions in this paper. (1) We present a new
problem, Max-lifetime Node Rotation (MaxLife), that models maximizing the
lifetime of a WSN using rounds of mobile node rotation. MaxLife can incorpo-
rate any energy consumption model for both wireless communication and node
movement. (2) We efficiently solve the one round MaxLife problem by reducing
it to the assignment problem. (3) We propose an efficient distributed algorithm
for the general multiple round MaxLife problem. (4) We prove upper bounds
on the lifetime improvement ratio of mobile node rotation approaches. (5) We
conduct extensive simulations based on energy models obtained from existing
mobile sensor platforms. We show that our algorithms can significantly increase
the network lifetime. With just one rotation round, we can almost double the net-
work lifetime. With multiple rounds, we can increase network lifetime by factors
exceeding eight and seven using the centalized and distributed implementations
respectively.



2 Related Work

Three general approaches, mobile base stations, data mules, and mobile re-
lays, have been proposed to use the mobility of nodes to extend WSN lifetime.
In mobile station approaches, a powerful mobile base station node moves around
the WSN and collects data from other nodes through one or multiple hops trans-
missions [11, 5, 12–14]. The goal is to mitigate differential power consumption by
rotating the set of nodes that are close to the base station. These approaches
usually incur high latency because of the low speed of the mobile stations. In
data mule approaches [15–17], one or multiple mobile nodes, called mules, visit
all the nodes in the network to collect the data and then physically carry the data
to the sink. Similar to the base station approaches, these approaches incur high
latencies since nodes have to wait for a mule to pass by to be able to transmit
the data. In mobile relay approaches, the mobile nodes in the network relocate
to different positions to reduce the communication distances between nodes. In
[18], the authors propose an iterative algorithm in which each node moves to the
midpoint of its neighbors. This algorithm minimizes the total power consumption
of WSN, but it ignores the power consumed by mobility. The approaches in [19,
20] refine the algorithm in [18] by taking into account the mobility power con-
sumption. However, their objective is to reduce the total power consumption;
they do not necessarily lead to greater WSN lifetime because they may save
energy at the wrong nodes. The approach in [21] targets critical nodes in the
network. However, it considers WSNs that are mostly static with a small number
of mobile relays. Finally, none of the mobile relay approaches can be applied in
settings where the exact positions of the WSN nodes must not change.

3 Problem Definition

We consider WSNs consisting of many wireless mobile sensor nodes and a
single static sink. The sensor nodes gather data from their surroundings and
transmit the data through one or multiple hops to the sink forming a directed
routing tree. We divide time into intervals. In each interval, each sensor node
transmits the data it gathered as well as the data it received from its children
to its parent along the routing tree. The goal is to maximize the lifetime of the
WSN, i.e. the number of time intervals until the first node dies. We use this
definition of lifetime assuming that all nodes are needed in their exact positions
in order to not compromise the operation of the system.

One of the main reasons limiting the lifetime of such networks is differential
power consumption; nodes closer to the sink usually transmit a large amount of
data and consequently consume more power than nodes further away from the
sink. As a result, the lifetime of the WSN is substantially reduced even though the
WSN still contains nodes rich in energy. Mobile base stations mitigate differential
power consumption by having a powerful mobile sink move around the WSN. We
propose a new solution, mobile node rotation, that uses multiple low-cost mobile
nodes rotate or swap positions and roles allowing nodes to share the burden of



high consumption locations and the benefits of low consumption locations. We
formally define the problem as follows.

Definition 1 (One-Round Max-Lifetime Node Rotation (1-MaxLife)).
Input Instance:

– S = (s1, . . . , sn), a list of sensor nodes
– u, the network sink, and pu, its position
– P = (p1, . . . , pn), a list of positions such that node si starts at position pi
– E = (e1, . . . , en), a list of initial energies for nodes in S
– T , a directed routing tree represented as a set of non-zero values tij for every

arc (pi, pj) in the tree corresponding to the amount of energy consumed when
transmitting one data unit from pi to pj

– K, a set of values kij for every pair of positions pi and pj, corresponding to
the amount of energy consumed by a node when it moves between pi and pj

– Λ = (λ1, . . . , λn), the amount of data gathered at each position per time
interval

Output Instance: A matching M of nodes in S to locations in P , and two dura-
tions r1 and r2 such that nodes transmit data from their original positions for
r1 time intervals, relocate to their new position according to M , then generate
and transmit data for r2 time intervals such that the total duration (r1 + r2) is
maximized and no node’s energy goes to 0 before r1 + r2.

We define the Max-Lifetime Node Rotation (MaxLife) problem to be the
general version where nodes can switch positions any number of times.

4 Node Rotation Algorithms

In this section, we first present our centralized node rotation algorithm NR1
to the 1-MaxLife problem. Then, we present CNR, a centralized algorithm for the
general MaxLife problem. Finally, we present a practical distributed algorithm
DNR for the general MaxLife problem that uses only local information and
reduces the number of node movements. All algorithms begin by having nodes
compute the load lj at each position pj in P which is the total energy consumed
in transmitting all the data gathered in one time interval from the subtree rooted

at pj to its parent. More formally, lj = tjq
∑

i∈T (pj)

λi where T (pj) is the subtree

rooted at pj and pq is the position of the parent of pj in the tree.

Algorithm NR1 NR1 transforms the input instance into an instance of the
assignment problem [22], a combinatorial optimization problem in which we are
given n people and n tasks and an efficiency cij for each person performing each
task and the goal is to assign each task to a person to optimize some efficiency
measure. We first assume we know the optimal length of the first time interval r1.
To compute the optimal matching M of sensor nodes to positions, we transform



the instance I into an instance of the maximum bottleneck assignment problem
I ′ for the given r1 as follows. Each mobile node si corresponds to a person and
each location pj in P corresponds to a task. The efficiency cij of a person si
performing task pj corresponds to the total lifetime of si after transmitting for
a period r1 from its original position pi, then moving to pj where it transmits

until its energy is depleted; that is, cij = r1 +
e−lir1−kij

lj
. The optimal solution

for the maximum bottleneck assignment instance I ′ corresponds to an optimal
matching M for the given r1.

We now need to compute the best duration r1. We observe that we can express
r2 as a function L2(r1) that decreases as r1 increases since there is less energy
for the second round. We can then define the total network lifetime as a function
L(r1) = r1 +L2(r1). We use golden ratio search to find the best r1. When L(r1)
is unimodal, golden ratio search yields an optimal r1 that maximizes L(r1). To
start the golden ratio search algorithm, we first compute L(I) = minn

j=1 ej/lj
which is an upper bound on r1. Our algorithm NR1 runs in O(logL(I)n2.5) time
because golden ratio search hasO(logL(I)) time complexity and each assignment
problem has O(n2.5) time complexity.

Centralized Algorithm CNR(r, lcr, f) One solution to the general MaxLife
problem is to extend NR1 to run in multiple rounds such that in each round,
nodes are matched to positions using an optimal matching for that round. We use
this algorithm (CNR-B) for comparison purposes only, as it has a large overhead
and results in unnecessary movements.

We propose the following algorithm, CNR, as a more practical and effective
solution. The main idea is that in each round, only critical nodes, i.e. nodes at
locations with a high power consumption rate, relocate to lower consumption
positions. Each critical node tries to find a low power consumption rate node to
swap positions with. First, a node is selected to be the controller. The controller
collects energy and location information from all the other nodes once and com-
putes an initial list of critical nodes Lcr such that si ∈ Lcr if li > lcr. Then,
it proceeds in rounds of fixed length r. At the end of the round, the controller
computes the target position of each node in Lcr, informs the corresponding
nodes which then relocate to their new positions, and then updates Lcr. The
target positions of nodes in Lcr are computed as follows. First, nodes in Lcr

are considered in descending order of their current consumption rate. For each
critical node s, the controller considers all noncritical nodes that are still avail-
able for switching. For each candidate node c, the controller computes L1(c),
the minimum of s’s and c’s expected lifetime without swapping, and L2(c), the
minimum of s’s and c’s expected lifetime if they swap positions. The controller
selects candidate c∗ as target for s if and only if c∗ has the maximum value L2(c∗)
and L2(c∗)/L1(c∗) ≥ f . This last condition is eliminates swaps that increase the
network lifetime by negligible amounts. At this point c∗ becomes unavailable for
other critical nodes in the round. After nodes relocate, a new round starts and
the process is repeated until the first node dies.



Distributed Algorithm DNR Our practical multiple rotation round algo-
rithm is DNR(r, h, lcr, f) which is based on CNR but requires only local in-
formation. As with CNR, all rounds will have duration r. In each round, each
critical node si finds a noncritical node to swap with as follows: si collects the
position, load, and current energy level from descendants that are at most h
hops away and have not committed to switch with other critical nodes. Then si
selects the candidate c∗ with maximum value L2(c) satisfying L2(c)/L1(c) ≥ f .
At this point c∗ commits to switch with si. We note that this distributed imple-
mentation only requires loose synchronization between nodes as critical nodes
send messages to their descendants and parent at the beginning of each round
only, stating that a new round is about to start. The overhead of this synchro-
nization is moderate, as opposed to the regular time sync schemes where nodes
have to ping each other all the time to keep their clocks in sync.

5 Upper Bounds on Lifetime Improvement Ratio

We now prove some upper bounds on lifetime improvement ratios for any
node rotation algorithms. We first consider the 1-MaxLife problem. We then
consider the general MaxLife problem. We use the following notation in our
analysis. For any node rotation algorithm A and input instance I, let L(A, I)
denote the lifetime achieved using algorithm A on I, L(I) the lifetime without
node rotation, and RA(I) = minI L(A, I)/L(I) the lifetime improvement ratio
(LIR) of A on I. Finally, let EV (I) = maxn

i=1 ei/minn
j=1 ej be the initial energy

variance of I.

Theorem 1. For any one round node rotation algorithm A and any input in-
stance I RA(I) ≤ 1 + EV (I).

Proof. Let si denote the bottleneck node in I that determines L(I); that is,
L(I) = ei/li. Clearly, r1 ≤ L(I). We now observe that r2 ≤ EV (I) ·L(I) because
the node that moves to position pi can have at most energy EV (I) · ei. Thus,
r1 + r2 ≤ (1 + EV (I))L(I) and RA(I) ≤ 1 + EV (I). ut

This leads to two corollaries, one for the special case where all nodes have the
same initial energy and one for multiple round rotation algorithms.

Corollary 1. For any one round node rotation algorithm A and any input in-
stance I with EV (I) = 1, RA(I) ≤ 2.

Corollary 2. For any j round node rotation algorithm A and any input instance
I, RA(I) ≤ 1 + (j − 1)EV (I).

We note that although our one round solution NR1 is optimal for 1-MaxLife
only when L(r1) is unimodular, our simulations (Section 6) show that NR1’s
LIR is usually very close to the upper bound of 2 for input instances I with
EV (I) = 1. Moreover, for input instances I where EV (I) > 1, NR1’s LIR is
often better than 2.

We now prove upper bounds on the RA(I) for inputs I corresponding to
balanced trees of degree d+ 1 using a multiple rotation round algorithm.



Theorem 2. For any node rotation algorithm A and any input I where T rep-
resents a balanced tree of degree d + 1 and tij = t for all non-zero tij, h is the
lowest level of the tree where the root is at level 0, and for 1 ≤ i ≤ n, ei = e and
λi = 1, then

RA(I) ≤ (dh+1 − 1)2

(h(d− 1) + d− 2)dh+1 + 1

Proof. To prove this upper bound, we ignore the energy consumed by movement.
The best solution is to then have all nodes equally share the transmission of all
data. We first compute L(I) which is constrained by the bottleneck node at level
0 that transmits data from the entire tree to the sink. The total number of nodes
n =

∑h
j=0 d

j as there are dj nodes at level j. It follows that

L(I) =
e

nt
=

d− 1

dh+1 − 1

e

t

We next compute the lifetime L∗ of the WSN if we are able to perfectly share the
transmission of all data among all n sensor nodes. A node at level i is the root
of a subtree of size Di =

∑h−i
j=0 d

j . Thus, the total amount of data transmitted
each time interval is

D =

h∑
i=0

diDi =

h∑
i=0

di
h−i∑
j=0

dj =
dh+1(h(d− 1) + d− 2) + 1

(d− 1)2

This implies that L∗ =
ne

Dt
=

(dh+1)(d− 1)

(h(d− 1) + d− 2)dh+1 + 1

e

t
.

Dividing L∗ by L(I) gives us the result. ut

Table 1 displays some of the upper bounds for different values of d and h. The
improvement ratio starts at a factor of 1.8 for a tree with 3 nodes and rapidly
increases with both the degree and the level.

d / h 1 2 3 4 5

2 1.80 2.88 4.59 7.45 12.36
3 2.29 4.97 11.27 26.77 66.08
4 2.78 7.74 23.08 72.99 240.82
5 3.27 11.17 41.53 164.37 679.26

Table 1. Upper Bounds on Lifetime Improvement Ratios in Balanced Trees

6 Simulation Results

In this section, we evaluate the performance of NR1, CNR, and DNR al-
gorithms through simulations. For comparison purposes, we also evaluate the



performance of the baseline CNR-B algorithm. We generated 100 networks each
consisting of 100 nodes placed uniformly at random in a 150m by 150m area with
the sink node chosen uniformly at random. We set the maximum communication
distance to 35m, which was shown in [23] to lead to a high packet reception ra-
tio for TelosB motes in outdoor environments. For each network, we constructed
the routing tree from the sources to the sink using greedy geographic routing in
which each node forwards its data to the neighbor that is closest to the sink.
We note that our algorithms are applicable to network topologies generated by
any routing algorithms. We set the tij and the kij values based on the energy
models in [23, 21] since they are based on realistic platforms; any other energy
model for communication or mobility could be used without any algorithmic
change. We usually set each node’s ei to the same value typically ranging from
half full to full, though in some simulations different nodes have different ei val-
ues. For our distributed algorithm DNR, we set the local improvement factor f
to 1.25 and the critical consumption rate threshold lcr to 10% of the range of
ratios in the network. We describe our choices for r and h below. We assess the
performance of algorithms using several criteria. The main criteria is lifetime
improvement ratio. We also assess the number of rounds required, the number
of nodes that move per round, and the number of movements per node over the
network lifetime.

6.1 Single Rotation Round

We first evaluate the performance of NR1 for the 1-MaxLife problem in trees.
For all 100 inputs, 1.91 ≤ RNR1(I) ≤ 1.99, and the average value of RNR1(I) =
1.95. We observe that the results are very close to the theoretical upper bound
of 2 from Corollary 1. When we varied the starting energy level of the nodes
between half full and completely full, the average lifetime improvement ratio
of NR1 increased to 2.3. We also observe that most of the nodes change their
positions; on average 86 nodes relocate to new positions and 14 nodes remain at
their original location. This is not too expensive since only a single rotation is
performed which means the network’s activity is interrupted only once.

6.2 Multiple Rotation Rounds

Round Duration We now evaluate the performance of CNR and DNR with
h = 2 for the general MaxLife problem using our CNR-B algorithm as a baseline.
We first study the effect of varying r on the performance of both algorithms.
Figure 1 shows the average lifetime improvement ratios for both algorithms as
we increase r denoted as a fraction of the static lifetime L(I). We see that both
CNR and DNR outperform CNR-B for all values of r but especially smaller r.
For r ≤ 4L(I)/5, RCNR(I) ≥ 2.5 + RCNRB(I). For r ≤ 3L(I)/5, RDNR(I) ≥
2.5 +RCNRB(I). At r = L(I)/2, the difference in lifetime improvement ratio is
3.5 and 2.5 for CNR and DNR respectively. One notable feature of CNR and
DNR’s performance is that the LIR decreases slowly for L(I)/5 ≤ r ≤ 7L(I)/10;
CNR takes on a maximum value of 9.1 and DNR a maximum value of 8.2. Both
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Fig. 2. Average number of relocations of
CNR(r) and DNR as a function of r plot-
ted as a fraction of L(I).

are reached for r = L(I)/5. When r is too large, the LIR of both algorithms
drops because nodes stay at high consumption positions for too long.

For most of the remaining simulations, we set r = L(I)/2. This almost max-
imizes the LIR while maximizing r which minimizes the number of disruptions
to the network.

Node Relocations We next compare all three algorithms with respect to how
much the sensor nodes move. We first consider the number of relocations per
round. As we can see from Fig. 2, both CNR and DNR outperform CNR-B again.
In particular, with CNR-B, more than 90% of the nodes relocate in each round
whereas with CNR and DNR, the average number of relocating nodes stays below
14% and 17% respectively. These nodes are usually different in each round as
96% of the nodes move between 0 and 3 times overall and the remaining 4%
move up to 6 times during their lifetime. For DNR, most of the energy available
at each node is consumed by communication rather than movement: 85% of the
nodes spend at least 80% of their energy on communication and no node spends
more than 35% of its energy on movement. We observe that node relocations
increase only slightly for both CNR and DNR as round duration r increases
because more nodes become critical in each round due to more time at high
consumption locations.

Distributed Approach and Hop Distance Parameter h We now analyze
the effect of the hop distance parameter h on the performance of DNR. We
plot the complementary cumulative distribution function (CCDF) of the LIR
for DNR with h set to 1, 2, and 4 in Fig. 3. The CCDF gives us the probability
that the lifetime improvement ratio exceeds a given threshold. For comparison,
we also plot the CCDF of CNR and CNR-B. From this data, we see that setting
h = 2 is sufficient to achieve excellent performance as the CCDF for h = 2 is
almost identical to that of h = 4. In both cases, 93% of the topologies have life-
time improvement ratios of at least 420% and more than 50% of topologies have
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lifetime improvement ratios over 700%. With h = 1, DNR is much less effec-
tive; the number of nodes taking turns transmitting from the high consumption
position may be too low. In the remaining simulations, we set h = 2 for DNR.

Lifetime Improvement Ratio Increase per Round We now assess how
much effect each round has on the LIR. Specifically, if we stop node rotations
after round n, what will the lifetime be? All three algorithms, CNR-B, CNR and
DNR, result in a LIR that is essentially linear in the number of rounds with each
round increasing the lifetime improvement ratio by between 40 and 50%. This
analysis shows that these algorithms are effective in increasing the LIR but that
CNR and DNR are more effective than CNR-B in minimizing distance moved
and maintaining a reserve of energy rich nodes for later rounds. This is why CNR
and DNR outperform CNR-B which moves 93% of the nodes in each round.

Comparison with Existing Approaches In this section, we compare DNR
to existing approaches. We consider only approaches that do not change the
positions of where nodes are placed. This rules out existing mobile relay ap-
proaches and leaves us with non-mobility approaches like LEACH [24] that ro-
tate the roles of different nodes by periodically changing the topology of the
network but not modifying any node positions. Specifically, we compare DNR
with LEACH [24] as it serves as the base for several other clustering algorithms
that seek to increase network lifetime and (2) multihop LEACH [25], an im-
proved variation that uses multihop transmissions between cluster heads. Both
LEACH approaches assume that data is compressed before being transmitted
while DNR does not. To compare all approaches in a similar setting, we run
them all without data compression.

We compare DNR to LEACH and multihop LEACH on an input instance I
by computing the lifetime comparison ratio RDNR(I)/RA(I) where A is either
LEACH or multihop LEACH. Figure 4 shows the complementary cumulative
distribution function of both lifetime comparison ratios. First, we note that



DNR outperforms both LEACH variations for every topology, attaining lifetimes
between 2 and 5.75 times better than LEACH and between 1.4 and 3.7 times
better than multihop LEACH. Additionally, we observe that DNR needs many
fewer rounds than both LEACH variations. On average, DNR needs 8 rounds of
rotations whereas the average number of rounds is 1800 for LEACH and 2000 for
multihop LEACH. We also note that the round duration r used for the LEACH
approaches was 20% of the r used by DNR as using the same r resulted in much
lower lifetime improvements ratios for LEACH.

We now compare the performance of all three approaches as the density
of the network varies. We varied the number of nodes between 60 and 200 in
increments of 10. We observe that both average LIRs decrease slowly as the
density of the network increases. DNR attains average lifetimes between 3.3
and 4.0 times better than LEACH, and between 2 and 2.3 times better than
multihop LEACH. We also observe that as the density of the network increases,
the number of rounds increases significantly (by 50% and 100%) for both LEACH
approaches whereas DNR requires on average only two more rounds.

7 Conclusion

In this paper, we considered the problem of maximizing the lifetime of mo-
bile WSNs. We exploited the mobility of nodes to mitigate differential power
consumption by having nodes take turns in high power consumption positions
without modifying the existing communication topology. We present efficient
algorithms for both the single round and the general multiple round MaxLife
problem. This approach is very different than other schemes such as data mules
in that all nodes expend relatively little energy on movement and move only a
few times during the network lifetime. Our simulations show that our node ro-
tation approach can improve average lifetime by more than a factor of eight and
that our algorithms outperform existing non-mobility approaches for mitigating
differential power consumption to prolong network lifetime.
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