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Abstract
Wireless Sensor Networks (WSNs) are increasingly used in data-
intensive applications such as micro-climate monitoring, precision 
agriculture, and audio/video surveillance. A key challenge faced 
by data-intensive WSNs is to transmit all the data generated within 
an application’s lifetime to the base station despite the fact that 
sensor nodes have limited power supplies. We propose using low-
cost disposable mobile relays to reduce the energy consumption of 
data-intensive WSNs. Our approach differs from previous work 
in two main aspects. First, it does not require complex motion 
planning of mobile nodes, so it can be implemented on a number of 
low-cost mobile sensor platforms. Second, we integrate the energy 
consumption due to both mobility and wireless transmissions into 
a holistic optimization framework. Our framework consists of 
three main algorithms. The first algorithm computes an optimal 
routing tree assuming no nodes can move. The second algorithm 
improves the topology of the routing tree by greedily adding new 
nodes exploiting mobility of the newly added nodes. The third 
algorithm improves the routing tree by relocating its nodes without 
changing its topology. This iterative algorithm converges on the 
optimal position for each node given the constraint that the routing 
tree topology does not change.
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I. Introduction
WSNs have been deployed in a variety of dataintensive applications 
including micro-climate and habitat monitoring, precision 
agriculture, and audio/video surveillance. A moderate-size WSN 
can gather up to 1 Gb/year from a biological habitat [3]. Due to 
the limited storage capacity of sensor nodes, most data must be 
transmitted to the base station for archiving and analysis. However, 
sensor nodes must operate on limited power supplies such as 
batteries or small solar panels. Therefore, a key challenge faced 
by data-intensive WSNs is to minimize the energy consumption 
of sensor nodes so that all the data generated within the lifetime 
of the application can be transmitted to the base station.
In this paper, we use low-cost disposable mobile relays to reduce 
the total energy consumption of dataintensive WSNs. Different 
from mobile base station or data mules, mobile relays do not 
transport data instead, they move to different locations and 
then remain stationary to forward data along the paths from the 
sources to the base station. Thus, the communication delays can 
be significantly reduced compared with using mobile sinks or 
data mules.
On the other hand, due to low manufacturing cost, existing mobile 
sensor platforms are typically powered by batteries and only 
capable of limited mobility. Consistent with this constraint, our 
approach only requires one-shot relocation to designated positions 
after deployment. 
We make the following contributions in this paper. 

We formulate the problem of Optimal Mobile Relay 1. 
Configuration (OMRC) in data-intensive WSNs.

We study the effect of the initial configuration on the final 2. 
result.
We develop two algorithms that iteratively refine the 3. 
configuration of mobile relays. The first improves the tree 
topology by adding new nodes.
We conduct extensive simulations based on realistic energy 4. 
models obtained from existing mobile and static sensor 
platforms.

II. Existing System

A. Energy Consumption Models
Nodes consume energy during communication, computation, and 
movement, but communication and mobility energy consumption 
are the major cause of battery drainage. Radios consume 
considerable energy even in an idle listening state but the idle 
listening time of radios can be significantly reduced by a number 
of sleep scheduling protocols.
 EM(d) = kd
The value of the parameter k depends on the speed of the node. In 
general, there is an optimal speed at which k is lowest. To model the 
energy consumed through transmissions, we analyze the empirical 
results obtained by two radios CC2420 [34] and CC1000 [35] that 
are widely used on existing sensor network platforms.
Let ET (d) be the energy consumed to transmit reliably over 
distance d. It can be modeled as
 ET (d) = m(a + bd2)

B. Example
We now describe the main idea of our approach using a simple 
example. Suppose we have three nodes s1, s2, s3 located at positions 
x1, x2, x3, respectively such that s2 is a mobile relay node. The 
objective is to minimize the total energy consumption due to 
both movement and transmissions. Data storage node s1 needs to 
transmit a data chunk to sink s3 through relay node s2. One solution 
is to have s1 transmit the data from x1 to node s2 at position x2 and 
node s2 relays it to sink s3 at position x3; that is, node s2 does not 
move. Another solution, which takes advantage of s2’s mobility, 
is to move s2 to the
midpoint of the segment x1x3, which is suggested. This will reduce 
the transmission energy by reducing the distances separating the 
nodes.

Fig. 1: Reduction in Energy Consumption Due to Mobile Relay
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C. Problem Formulation
Our problem can be described as follows. Given a network 
containing one or more static source nodes that store data gathered 
by other nodes, a number of mobile relay nodes and a static sink, 
we want to find a directed routing tree from the sources to the sink 
as well as the optimal positions of the mobile nodes in the tree 
in order to minimize the total energy consumed by transmitting 
data from the source(s) to the sink and the energy consumed by 
relocating the mobile relays. The source nodes in our problem 
formulation serve as storage points which cache the data gathered 
by other nodes and periodically transmit to the sink, in response 
to user queries.

III. Proposed System

A. Energy Optimization Framework
The Optimal Mobile Relay Configuration (OMRC) problem is 
challenging because of the dependence ofthe solution on multiple 
factors such as the routing tree topology and the amount of data 
transferred through each link. 
We illustrate how the optimal configuration depends on the amount 
of data to transfer using the example from fig. 2(a). When there 
is very little data to transfer, the optimal routing tree Ta depicted 
in fig. 2(a) uses only some of the relay nodes in their original 
positions. When the amount of data to transfer from s1 and s2 
increases to 15 MB, the relay nodes in tree Ta move to their 
corresponding positions in tree Tb of fig. 2(b) but the topology 
does not change. When the amount of data to transfer from s1 and 
s2 is between 25 and 60 MB, the optimal routing tree has a different 
topology as shown in fig. 2(c). For even larger messages, new 
trees with even more nodes included are optimal. For example, 
when the amount of data to be transferred is between 100 and 
150 MB, the optimal tree is depicted in fig. 2(d). No existing tree 
construction strategy handles all these cases.  

(a). Optimal Routing Tree for 0 ≤ m ≤ 15MB.

(b) Optimal configuration for 15MB≤ m ≤ 25MB: same topology 
but nodes relocate.

(c). Optimal configuration for 25MB≤ m ≤ 60 MB. A new topology 
is used.

(d) Optimal Configuration for 100MB≤ m ≤ 150MB: A new 
Topology With More Nodes

B. Base Case
Before presenting our algorithm for OMRC, we revisit the example 
as it represents the simplest possible base case of the problem in 
which the network consists of one source si−1, one mobile relay 
node si and one sink si+1. In this section, we calculate the optimal 
position for the relay node. We use the following notation. 

This corresponds to the transmission cost of node si−1 plus the 
total cost of node si, which is the total cost of the final configuration 
in this example. We need to compute a position ui for si that 
minimizes Ci(U) assuming that ui−1 = oi−1 and ui+1 = oi+1; 
that is node si’s neighbors remain at the same positions in the 
final configuration U.
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C. Static Tree Construction
Different applications may apply different constraints on the 
routing tree. When only optimizing energy consumption, a shortest 
path strategy yields an optimal routing tree given no mobility of 
nodes. However, in some applications, we do not have the freedom 
of selecting the routes.
we apply directly our tree optimization algorithm. Our simulations 
(Section 8) show that our approach outperforms existing approaches 
for all these cases.
We construct the tree for our starting configuration using a shortest 
path strategy. We first define a weight function w specific to our 
communication energy model.

Fig. 3: Algorithm to Compute the Optimal Position of a Relay 
Node That Receives Data From a Single Node and Transmits the 
Data to a Single Node

D. Node Insertion
We improve the routing tree by greedily adding nodes to the 
routing tree exploiting the mobility of the inserted nodes. After 
each node insertion occurs, we compute the reduction in total cost 
and optimal position for each remaining outside node for the two 
newly added. At the end of this step, the topology of the routing 
tree is fixed and its mobile nodes can start the tree optimization 
phase to relocate to their optimal positions.

IV. Tree Optimization
In this section, we consider the subproblem of finding the optimal 
positions of relay nodes for a routing tree given that the topology 
is fixed. We assume the topology is a directed tree in which the 
leaves are sources and the root is the sink. We also assume that 
separate messages cannot be compressed or merged that is, if two 
distinct messages of lengths m1 and m2 use the same link (si, sj) 
on the path from a source to a sink, the total number of bits that 
must traverse link (si, sj) is m1 + m2.

Fig. 4: Centralized Algorithm to Compute the Optimal Positions 
in a Given Tree

A. Optimization Algorithm

Our algorithm starts by an odd/even labeling step followed by a 
weighting step. To obtain consistent labels for nodes, we start the 
labeling process from the root using a breadth first traversal of 
the tree. The root gets labeled as even. Each of its children gets 
labeled as odd. Each subsequent child is then given the opposite 
label of its parent. Our iterative algorithm is shown in fig. 4

Fig. 5: Convergence of Iterative Approach to the Optimal 
Solution
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V. Distributed Algorithms
Our solutions to the three subproblems assume a centralized scheme 
in which one node has full knowledge of the network including 
which nodes are on the transmission paths to each source, the 
original physical position oi of each node si, and the total message 
length m to be sent from each source. Where as the centralized 
algorithm computes the optimal static tree and the optimal position 
of each node in the restructured tree, it incurs prohibitively high 
overhead in large-scale networks. We now present a distributed 
and decentralized version of each of our algorithms.
A non-tree node p that receives an ACCEPT OFFER message 
moves to the corresponding local optimal location and joins the 
tree. It becomes a tree node and enters the listening phase. On the 
other hand, if p does not receive an ACCEPT OFFER, p repeats 
the process by broadcasting its availability again and resetting 
Tw. We note that values in p’s candidate list cannot be reused to 
extend offers to old tree nodes since those tree nodes could have 
a new parent at this point in time.
The centralized tree optimization algorithm can be transformed 
into a distributed algorithm in a natural way. The key 
observation is that computing each uji for node si only 
depends on the current position of si’s neighbors in the tree 
(children and parent), nodes that si normally communicates 
with for data transfers. Thus, si can perform this computation.

Fig. 6: Local Algorithm Executed by Tree Nodes

Fig. 7: Graph of the Average Static Energy Consumption Ratio of 
TREE+INS+FO as a Function of Data Chunk Size for Our Three 
Tree Construction Strategies PB, HB, and GG

VI. Results
We carried out simulations on 100 randomly generated initial 
topologies, each of which has 100 nodes placed uniformly at 
random within a 150m by 150m area. We used these initial 
topologies to generate two subsequent sets of complete topologies 
with established sources and sink. We used the first set to study the 
effectiveness of our algorithms as the amount of data transferred 
to the sink varies and the second set to study the effectiveness of 
our algorithms for different numbers of sources. In the first set, 
we selected sources and sinks uniformly at random from these 
100 nodes.
Our algorithmic framework starts with an initial routing tree. In 
the centralized setting, we construct this initial routing tree using 
the following three widely used routing algorithms: power based 
routing, hop based routing, and greedy geographic routing. Power 
based routing computes a shortest path from the sink to each 
source with each edge weight being the square of the distance 
between the two corresponding nodes plus some constant value 
to represent the energy consumed a+bd2 to transmit each byte of 
data over that edge.
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Fig. 8: Graph of the Average Reduction Ratio of Optimization 
INS+FO as a Function of Data Chunk Size for Our Three Tree 
Construction Strategies PB, HB, and GG

Fig. 9: Graph of the Average Reduction Ratio of Optimization FO 
as a Function of Data Chunk Size for Our Three Tree Construction 
Strategies PB, HB, and GG

Fig. 10: Graph of the Average Reduction Ratio of Optimization INS 
as a Function of Data Chunk Size for our Three Tree Construction 
Strategies PB, HB, and GG

A. Centralized Algorithm
We first show the benefit of exploiting the mobility of relay 
nodes by computing the average static energy consumption ratio 
of TREE+INS+FO for all data chunk sizes for each of our three 
tree building strategies PB, HB, and GG as shown in Fig. 7. For 
all three initial tree strategies, we see that the average static energy 
consumption ratio drops quickly as the data chunk size increases. 
For HB and GG, the average static energy consumption ratio 
starts out higher than 100% because PB(I), the optimal tree for 
the static case, is roughly 37% lower than HB(I) and GG(I) for 
any of our input instances.
We start with optimization INS+FO. Fig. 8 plots the average 
reduction ratio for optimization INS+FO for PB, HB, and GG. In 
all three cases, we see the same basic trend; the average reduction 
ratio increases as data chunk size increases.
We next consider optimization FO  lone. Fig. 9 plots the average 
reduction ratio for  ptimization FO for PB, HB, and GG. In all 
three cases, the average reduction ratio starts at 0% for small data 
chunk sizes and increases to roughly 18% for HB and GG and 33% 
for PB for large data chunk sizes. It is interesting to note that FO 
is most effective for PB whereas INS+FO achieved significantly 
greater reduction ratios for GG and HB for all data chunk sizes.
we consider optimization INS alone. Fig. 10 plots the average 
reduction ratio for optimization INS for PB, HB, and GG. In all 
three cases, we see the average reduction ratio of INS alone is 
comparable to that of INS+FO.

B. Distributed Algorithm
We consider four optimizations: the centralized implementation of 
INS+FO, the distributed implementation of just FO, the distributed 
implementation of just INS, and the distributed implementation 
of INS followed by the distributed implementation of FO. Fig. 11 
shows the average reduction ratio of each of these optimizations. 
The average reduction ratio for distributed INS+FO starts at 20% 
for small data chunk sizes, reaches 30% for data chunk sizes 
around 20MB, and exceeds 40% for data chunk sizes larger than 
75MB.

Fig. 11: Graph of the Average Reduction Ratio of the Centralized 
Optimization and Three Distributed Optimizations as a Function 
of Data Chunk Size for the Greedy Geographic Tree GG

VII. Conclusion
In this paper, we proposed a holistic approach to minimize the 
total energy consumed by both mobility of relays and wireless 
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transmissions. Most previous work ignored the energy consumed 
by moving mobile relays. When we model both sources of energy 
consumption, the optimal position of a node that receives data 
from one or multiple neighbors and transmits it to a single parent 
is not the midpoint of its neighbors; instead, it converges to this 
position as the amount of data transmitted goes to infinity. Ideally, 
we start with the optimal initial routing tree in a static environment 
where no nodes can move.
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