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Abstract

In recent studies, using mobile elements (MEs) as mechanical carriers to relay data has been shown to be an effective
way of prolonging sensor network life time and relaying information in partitioned networks. As the data generation rates
of sensors may vary, some sensors need to be visited more frequently than others. In this paper, a partitioning-based algo-
rithm is presented that schedules the movements of MEs in a sensor network such that there is no data loss due to buffer
overflow. Simulation results show that the proposed Partitioning-Based Scheduling (PBS) algorithm performs well in terms
of reducing the minimum required ME speed to prevent data loss, providing high predictability in inter-visit durations, and
minimizing the data loss rate for the cases when the ME is constrained to move slower than the minimum required ME
speed.
� 2006 Elsevier B.V. All rights reserved.
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1. Introduction

The use of wireless sensor networks (WSNs) have
been proposed for critical applications such as bat-
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tlefield surveillance, habitat monitoring [1–4], traffic
monitoring [5], and nuclear, chemical and biological
attack detection [6]. The collected data at the sen-
sors are usually transmitted to the sinks via power
efficient multi-hop routing protocols [7–10]. The tra-
ditional approach for data relaying in wireless sen-
sor networks involves multi-hop communication
from data sources to sinks. A major problem with
multi-hop routing is observed when networks
become partitioned. Furthermore, relaying data
over a large number of hops also reduces the life
time of sensor nodes. As the number of sinks in
wireless sensor networks is relatively small, the
.
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nodes close to the sinks may run out of energy
before the others since all traffic is funneled through
these nodes. Although battery replenishment and
power harvesting techniques are under develop-
ment, reducing energy consumption of individual
sensor nodes still plays the most important role in
maximizing the network lifetime.

Recently, mobile elements have been proposed
as mechanical carriers of data in wireless sensor
networks to address the connectivity and lifetime
problems in WSNs [11,12]. In some application sce-
narios, such as urban traffic monitoring using sta-
tionary sensors, mobile elements such as vehicles
already exist in the environment. In other scenarios
such as surveillance of large and inhospitable areas
with sparse sensor networks, mobile elements like
UAVs can be incorporated into the design of the
WSN. In both cases, the efficiency of data transfer
from sensors to MEs depends heavily on the path
followed by MEs. The ZebraNet project [2] and
Manatee project [3,4] are among the first to explore
the idea of using mobility in sensor networks. In
[13], a three-tier MULE (Mobile Ubiquitous LAN
Extensions) architecture has been proposed, where
the mobile elements are vehicles (cars, buses) outfit-
ted with transceivers and move randomly to collect
data from the sensor nodes as they approach them.
In other scenarios, mobile devices can be incorpo-
rated into the design of the WSN architecture.
Message Ferrying is introduced in [14–16], where
a set of special mobile elements (called message fer-
ries) provide communication service for nodes in
sparse ad hoc networks. Since each node communi-
cates only with the message ferries, any long dis-
tance communication is avoided, resulting in
increased node lifetime. In Wireless Sensor and
Actor Networks (WSANs) [6], a set of mobile
nodes, called Actors, are employed to perform
appropriate actions based on the data collected
by sensor nodes.

Using mobile elements, the battery lifetime of
individual sensors can be increased by shifting the
energy consumption burden for communication to
MEs. MEs can easily be recharged periodically at
a base station or switched with spare MEs as
opposed to sensor nodes which do not possess
energy replenishment capabilities. Low density net-
works also benefit from utilization of MEs. Further-
more, in disconnected networks, the use of MEs
may be the only solution.

A mobile element capable of short-range wireless
communication can collect data from the nearby
sensor nodes as it approaches during its motion.
We refer to data collection by mobile elements in
sensor networks as ‘‘data harvesting’’. Controlling
the mobile element motion leads to the Mobile Ele-
ment Scheduling (MES) problem [17], which is
defined as the problem of scheduling the visits of a
mobile element to sensor nodes so that there is no
data loss due to sensor node buffer overflow. It is
assumed that all sensors have limited capacity buf-
fers, when a mobile element visits a node, it trans-
fers the data from the sensor to its own memory
and the sensor’s memory is freed.

The amount and frequency of data generation in
sensor nodes varies based on the event occurrence
frequency, which is generally a function of the sen-
sor location. In the example given in [17], sensor
networks can be used to sense air pollution levels
in large urban areas. Since the variation of pollution
levels are expected to be higher in industrial areas
than in residential areas, sensors in industrial areas
generate data at higher rates than sensors in residen-
tial areas. As a result, buffer overflow time of sen-
sors at different locations may not be the same. To
avoid buffer overflow, a node with a higher data
generation rate may be visited multiple times before
another one with a lower data generation rate is vis-
ited. As soon as a node is visited and data is trans-
ferred, its next visiting deadline is updated.
Therefore, the deadlines are dynamically updated
as the mobile element performs its job as a data
collector.

In this paper, we investigate the data harvesting
problem and propose a Partitioning-Based Schedul-

ing (PBS) algorithm which tackles the related MES
problem by dividing it into two sub-problems: Par-
titioning and Scheduling. First, all nodes are parti-
tioned into several groups with respect to their
data generation rates and locations. Then, within
a single group, the scheduling algorithm generates
node visiting schedules for the ME by minimizing
the overhead of moving back and forth across far-
away nodes. Finally, the scheduling solutions of
the groups are concatenated forming the entire
ME path so that all nodes can be visited at adequate
frequencies to prevent any buffer overflow. In this
paper, the investigated performance metrics are
the data loss rate for a given ME speed and the min-
imum speed to completely avoid buffer overflow.
We confirm through simulations that the proposed
PBS algorithm performs well in terms of both met-
rics as well as providing high predictability in nodes
inter-visit schedule.
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The remainder of the paper is organized as
follows: the related work is presented in Section 2,
followed by a detailed description of the MES prob-
lem and the PBS algorithm in Section 3. Simulation
results are presented and discussed in Section 4.
Finally, the paper is concluded in Section 5.

2. Related work

The use of mobile elements to harvest data has
recently been considered in the literature. Data
MULES [13] focuses on utilization of mobile ele-
ments (called MULEs) in sparse sensor networks.
The MULEs move randomly and collect data
opportunistically from sensor nodes. The movement
of data gathering elements are not controlled in this
framework. In the message ferrying (MF) [14,15]
approach, message ferries are used to route data
from one node to another in a sparse ad hoc net-
work. Based on a given traffic matrix, the goal of
message ferrying approach is to find the optimal
route of a ferry so that the average delay from
source to destination is minimized while meeting
the bandwidth requirement of flows.

Related to the MES problem are the Orienteer-
ing Problem (OP) [18], the Prize Collecting Travel-
ing Salesman Problem (PC-TSP) [19], as well as the
original TSP. These problems deal with routing a
vehicle to visit each city at most once. However
in our problem, a node may need to be visited
more than once before all other nodes are visited
because of the difference in buffer overflow dead-
lines. In OP and Prize Collecting TSP, each city
has an associated non-negative prize and the vehi-
cle aims to collect the maximum total prize.
Although the mobile element in the MES problem
also collects data that can be considered as prize,
the value of the prize is dynamic and depends on
the time of the visit.

The Vehicle Routing Problem (VRP) [20] is
defined as finding a route for a vehicle that mini-
mizes the total travel cost to deliver cargo between
a depot and customers. Unlike TSP, VRP considers
more than one vehicle and nodes can be visited
more than once. Among many variants of VRP,
VRP with deadline [21,22] and Periodic VRP
(PVRP) [20] are relevant to the MES problem.
The goal of VRP with Deadline is to schedule a vehi-
cle to visit as many nodes as possible by their dead-
lines. Different from our problem, each node in
Deadline VRP is visited at most once. Furthermore,
the deadline of the visit to a node in Deadline VRP
is fixed, whereas the deadline of a node changes
dynamically in our case.

Periodic VRP is the problem of designing routes
for delivery vehicles for a given T-day period where
not all customers require delivery on every day in
the period. Customers are associated with a set of
feasible schedules that are some combinations of
days they can be visited. In PVRP, the feasible solu-
tion set consists of a finite number of possibilities.
However, in MES, the feasible solution set consists
of an infinite number of possibilities such that the
time difference between any two consecutive visits
scheduled to the same node is smaller than the asso-
ciated buffer overflow time. Moreover, in the MES
problem, the vehicle does not need to go back to a
certain node at the end of every cycle whereas the
vehicles in PVRP go back to the depot every day.
Although the MES problem can be discretized in
the time domain, the resulting size of the feasible
solution set does not scale well with the range of
data generation rates.

The MES problem in wireless sensor networks is
proved to be NP-complete and three heuristic algo-
rithms are presented in [17]. The first one is the Ear-
liest Deadline First (EDF) algorithm, where the
node with the closest deadline is visited first. To
improve EDF, the second algorithm, EDF with k-
lookahead, is proposed. Instead of visiting a node
whose deadline is the earliest, this algorithm consid-
ers the k! permutations of the k nodes with smallest
deadlines, and chooses the next node which leads to
the earliest finish time. Consequently, the EDF with
k-lookahead algorithm performs better than pure
EDF. The third algorithm is the Minimum Weight
Sum First (MWSF) algorithm, which accounts for
the weights of deadlines as well as distances between
nodes in determining the visiting schedule. The
MWSF algorithm performs the best among the
three proposed algorithms.

Even though the MWSF solution considers
both deadlines as well as distances, ‘‘back-and-
forth’’ movement between far away nodes occurs
frequently. In our proposed PBS algorithm, we con-
sider the deadline and distances of all nodes simulta-
neously and utilize a two-layer scheduling approach
to reduce the back-and-forth movement behavior.
This is achieved by partitioning the set of all
nodes according to deadlines as well as their geo-
graphic locations. The resulting schedules and
paths are usually shorter, which reduces the mini-
mum required speed of the ME to prevent buffer
overflow.



Algorithm 1. [PBS({wij},{oi})]

1: Partition the nodes {ni} into M bins according
to the buffer overflow times {oi}.

2: Geographically partition each bin Bj into 2j�1

sub-bins using partitioning algorithm.
3: Calculate a TSP path for each sub-bin.
4: Concatenate TSP paths appropriately to build

the overall schedule.
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3. Partitioning-Based Scheduling algorithm

Our proposed Partitioning-Based Scheduling
(PBS) algorithm is designed to solve the MES prob-
lem, and aims to schedule the visits of the mobile
element to each sensor to avoid data loss due to sen-
sor buffer overflow. With the PBS algorithm, we
first partition all nodes into several groups, called
bins, such that nodes in the same bin have similar
deadlines. Then each bin is further divided into
sub-bins with respect to geographical locations of
the nodes. To decide the ME path within a single
sub-bin, we solve the Traveling Salesman Problem,
which computes a minimum cost tour that visits
each node exactly once. Finally, the schedules for
individual groups are concatenated to form the
entire schedule. While calculating the schedules,
the data transfer time between the sensor nodes
and the ME is also considered. We first outline
our notation and problem formulation and then
present a detailed description of our solution to
the MES problem in the remainder of this section.
3.1. Problem formulation and notation

In this paper, wireless sensor networks composed
of homogeneous sensor nodes are considered. The
nodes are equipped with wireless communication
interfaces with limited ranges. Sensor nodes capture
the events in their surroundings and record them to
their buffers. The following assumptions are also
made regarding the sensor nodes and the mobile
element.

• The physical sizes of sensor nodes and the mobile
element are negligible.

• The mobile element can move in any direction
without any latency of making any turns.

• Data transfer time between sensor nodes and the
mobile element is not negligible compared to the
delay due to ME movement. Data transmission
rate is denoted by rtr.

• All sensors have the same finite buffer size, and at
time t = 0, all sensor node buffers start in an
empty state. The mobile element has sufficiently
large data storage and it does not suffer from
the buffer overflow problem.

We denote the number of nodes in the network
by N and the set of nodes by {ni}, where
i = 1, . . . ,N. Let wij denote the distance between
nodes ni and nj. The buffer overflow time and data
generation rate of each node are denoted by oi

and ri
g, respectively. For a buffer of size b, oi ¼ b

ri
g
,

for i = 1, . . . ,N. We assume that the data generation
rate is directly related to event occurrence rate.

The MES problem ({wij},{oi}) is to find a
sequence of visits to nodes {ni}, for i, j = 1, . . . ,N,
and calculate the minimum speed vmin of the ME
so that no node buffer overflow occurs. We attack
the problem by first ignoring the transmission time
between the sensor nodes and the mobile element,
then including it appropriately into our calcula-
tions.

3.2. The proposed PBS algorithm

Let Bj, j = 1, . . . ,M, denote bin j, where M is the
total number of bins. In PBS, nodes are first parti-
tioned into bins in such a way that overflow times
of the nodes in bin Bi is smaller than those in Bj,
for j > i > 0. Moreover, the range of overflow times
for nodes in Bi+1 is twice that of Bi. This allows the
nodes in Bi to be visited twice more frequently than
the nodes in Bi+1 during generation of the visit
schedules. Then, each bin further is partitioned into
sub-bins so that nodes in the same sub-bin are geo-
graphically close to each other. This two-level par-
titioning results in groups of nodes with similar
deadlines and locations. Therefore, in each sub-
bin, node visit schedule of the ME can be com-
puted using a TSP solution. Finally, schedules for
individual sub-bins are concatenated to form the
entire schedule that guarantees all deadline con-
straints are satisfied. In the following, we describe
the details of the PBS algorithm outlined in Algo-
rithm 1.

3.2.1. Bin partitioning according to overflow times

Minimum and maximum overflow times in the
network are defined as omin = mini{oi} and omax =
maxi{oi}, respectively, for i = 1,2, . . . ,N. Then,



Fig. 1. The diagram of step 1: partition according to overflow
times.
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nodes are assigned to bins according to the follow-
ing equation:

ni 2 Bj;
if 2j�1omin 6 oi < 2jomin; j¼ 1; . . . ;M � 1;

if 2j�1omin 6 oi 6 omax; j¼M :

(

ð1Þ
Fig. 1 shows an example of partitioning nodes

into three bins. The overflow times of nodes in B1

range from omin to 2omin, the overflow times of
nodes in B2 range from 2omin to 4omin, and the over-
flow times of nodes in B3 range from 4omin to omax.
As far as PBS algorithm is concerned, there is no
distinction between nodes in the same bin in terms
of their overflow times. Therefore, all nodes in a
bin Bj are considered as if they are assigned an over-
flow time of 2j�1omin. Every bin is then visited at dif-
ferent frequencies: all nodes in B1 are visited every
cycle, nodes in B2 are visited every other cycle,
and nodes in B3 are visited every four cycles, where
we define a cycle as a closed path among a set of
nodes, such that no node is included more than once
in the same cycle. We also define a supercycle as a
closed path composed of concatenated cycles such
that every node is included at least once in a super-
cycle. In our algorithm, the duration it takes for the
ME to complete a supercycle is defined as the period
of the ME schedule. The notions of cycle and super-
cycle in this context will be explained further in the
following sections.
Algorithm 2. [2D-tree(S, cutonx, depth, d)]

1: if d=depth then
2: return
3: endif

4: if cutonx then

5: S1 ¼ nijxi 6
1
jSj
P

nj2Sxj

n o
6: else
7: S1 ¼ nijyi 6

1
jSj
P

nj2Syj

n o
8: endif

9: S2 = S � S1

10: cutonx !cutonx

11: KD-tree(S1, cutonx, depth, d + 1)
12: KD-tree(S2, cutonx, depth, d + 1)
3.2.2. Sub-bin partitioning according to locations

Each bin obtained in Step 1 is then partitioned
into sub-bins according to the node locations such
that the nodes in the same sub-bin are geographi-
cally close to each other. The number of sub-bins
of a bin Bj is calculated based on the index j. As
an example, the nodes in B2 need to be visited only
half as frequently as the nodes in B1. Hence, B2 is
partitioned into two sub-bins: B1

2 and B2
2, where B1

2

is visited every even cycle, and B2
2 is visited every

odd cycle. Following the same rule, B3 is partitioned
into four sub-bins: B1

3;B
2
3;B

3
3 and B4

3, and in general,
bin Bi is partitioned into 2i�1 sub-bins: B1

i ; . . . ;B2i�1

i .
We utilized the KD-tree algorithm [23] to realize
this partitioning, since it is a simple algorithm with
satisfactory performance. KD-tree is a k-dimen-
sional binary search tree for information retrieval
by associative searches. In our case, we use the
2D-tree where the two dimensions are the length
and width of the sensor deployed field.

The pseudocode of the 2D-tree partitioning algo-
rithm is shown in Algorithm 2. The input S is the set
of nodes in the bin to be partitioned. cutonx is a
boolean flag showing the cut criteria: x-coordinate
(true), denoted by xi, or y-coordinate (false),
denoted by yi for node ni. d is the current cut level
and depth is the desired depth of the KD-tree, which
is determined by the requested number of sub-bins.
In each procedure call, the nodes are partitioned
into two, based on the cut criteria decided by
cutonx. Then, cutonx flag is negated and the proce-
dure is called recursively on resulting partitions until
the desired 2D-tree depth is reached.

An example of 2D-tree partitioning is shown in
Fig. 2 for 16 randomly deployed nodes in the given
region. As shown in the figure, the nodes are first
geometrically divided into two balanced parts by
the cut A with respect to their x-coordinates. The
nodes having x-coordinates smaller than the aver-
age of the x-coordinates is assigned to one part
and rest to the other.

As the cut A partitions the region vertically, cuts
B and C horizontally partition the resulting two
parts considering the y-coordinates of the nodes.
This process is repeated alternately until the desired
number of partitions is obtained. The number of
partitions, which is also the number of sub-bins in



Fig. 2. Nodes in a two dimension space cut by KD-tree.
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our problem, decides the depth of the 2D-tree. In our
PBS solution, bin Bj is partitioned into 2j�1 sub-bins.
Therefore, the depth of 2D-tree for bin Bj is

depthj ¼ log22j�1 ¼ j� 1. ð2Þ
3.2.3. Forming a TSP solution on each sub-bin

The two-level partitioning results in groups of
nodes with similar deadlines and locations. There-
fore, the ME scheduling problem is reduced to the
Traveling Salesman Problem (TSP) for each sub-
bin. In the literature, several algorithms to calculate
TSP paths are proposed such as the nearest neigh-
bor, LKH [24], and Prim’s algorithm [25]. In our
solution, we adopt Prim’s algorithm to calculate
the TSP path. While any TSP algorithm can be
incorporated into PBS, we adopted Prim’s algo-
rithm for its satisfactory TSP path length perfor-
mance at the reasonable time complexity of O(N2)
[26]. In PBS, the path of the ME is slightly different
from the computed TSP path such that the ME does
not return back to the first visited node after visiting
the last node in the sub-bin. Instead, the ME visits
the first node of the next sub-bin. Then, it fol-
lows the computed ME path in that sub-bin and
proceeds to the following sub-bin. As a special case,
in B1, the node with the minimum overflow time is
taken as the start node.

3.2.4. Forming the supercycle
After the ME paths within the sub-bins are calcu-

lated, the visit order of the sub-bins should be
decided to form the complete ME path. At the
end of partitioning, there are 2i�1 sub-bins of bin
Bi, each composed of nodes with deadlines at least
twice the deadlines of the nodes in sub-bins of
Bi�1, i = 1, . . . ,M. Therefore, in a reasonable ME
schedule, sub-bins in the same bin should be visited
with the same frequency and a sub-bin in Bi�1

should be visited twice more frequently than a
sub-bin of bin Bi. This heuristic choice results in a
sub-bin of Bi to be visited 2M�i times for each visit
to a sub-bin of bin BM. Recall that in a supercycle
each sub-bin, hence each node, is visited at least
once. In other words, each sub-bin in the least fre-
quently visited bin BM is visited at least once. With-
out loss of generality, let the ME visit each sub-bin
in BM exactly once in a supercycle. Then, a sub-bin
of bin Bi should be visited exactly 2M�i times in a
supercycle according to our heuristic choice.

Let Ii,j be defined as the maximum duration
between two consecutive visits to a node in sub-
bin Bj

i . Then, the sufficient condition to avoid buffer
overflow for all nodes of Bj

i can be stated as

I i;j 6 omin � 2i�1. ð3Þ
Let Li,j denote the longest ME path between two

consecutive visits to a node of sub-bin Bj
i , i.e.,

Li,j = Ii,j · v, where v is the speed of the ME. Hence,
to avoid buffer overflow in Bj

i , v P Li;j

omin�2i�1 should be

satisfied. This can be achieved by either increasing
the ME speed or decreasing Li,j. Our objective of
minimizing the ME speed for a lossless schedule
can be achieved by minimizing Li,j for each
sub-bin and setting v to the largest required value
to satisfy Inequality (3) for every sub-bin.

Since all sub-bins are formed according to geo-
graphical proximity as well as overflow deadlines,
the TSP tours of sub-bins Bj

i of bin Bi of similar
lengths. In order to have a predictable visiting sche-
dule of sub-bins, we form cycles such that only one
sub-bin from each bin is contained in a cycle. Fur-
thermore, all cycles preserve the order of bins Bi

from which sub-bins are selected. In particular,
sub-bins are visited starting from B1 in increasing
bin number order and a sub-bin in Bi is always vis-
ited after the same sub-bin in Bi�1. This ensures that
in every cycle that a sub-bin Bj

i is visited, the nodes
in Bj

i are visited at exactly the same time as they
were visited in the previous cycle relative to the start
times of the cycles. The rationale behind this choice
will be discussed in more detail in Section 3.4.

There are two times more sub-bins in bin Bi than
Bi�1 and each sub-bin in Bi is always visited after
the same sub-bin in Bi�1. As a result, exactly two
sub-bins in Bi follow each sub-bin in Bi�1 for
i = 2, . . . ,M. In PBS, the two sub-bins to follow a
particular sub-bin is decided by considering the geo-
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graphic locations of the sub-bins. We use the center
of gravities of sub-bins to measure the distances
between sub-bins. For each sub-bin of Bi�1, we
greedily schedule the closest two sub-bins from Bi

to follow it. Note that more complicated concatena-
tion algorithms can be used to further minimize the
distances between consecutively visited sub-bins.

In Fig. 3, a visiting sequence example of sub-bins
in a supercycle is given for M = 3. The supercycle in
this case consists of four cycles and the visit sched-
ules of the sub-bins are as follows: B1 is visited every
cycle, B1

2 is visited in cycles 1 and 3, and B2
2 is visited

in cycles 2 and 4 and the sub-bins of the last bin, B3,
are visited in cycles 1, 2, 3, and 4, one at a time.

3.3. Data transfer time considerations

Let fi denote the minimum visit frequency for
node ni to avoid sensor buffer overflow. Without
considering the data transmission time and assum-
ing a lossless schedule, the maximum duration
between two consecutive visits to ni is oi. Thus,
fi ¼ 1

oi
. Considering the transmission bandwidth, fi

is determined by ni’s data generation rate ri
g, trans-

mission rate rtr and buffer size b. Let ttr denote the
transmission time, which is the duration between
the ME visits the sensor and leave the sensor. Then

ti
tr ¼

bbþ ti
trr

i
g

rtr

; ð4Þ

ti
tr ¼

bb
rtr � ri

g

; ð5Þ

¼ bboi

oirtr � b
; ð6Þ

where b (b 6 1) is the percentage fill level of the buf-
fer of the sensor i. The maximum duration between
B1

B2
1

B2
2

B3
2B3

1

B3
4B3

3

2 8

1 7

4

5 11

9

12

3

6
  cycle4

 cycle1  cycle3

cycle2

10

Fig. 3. An example of the visiting sequence of sub-bins in a
supercycle.
two consecutive visits is oi + ttr. Therefore, using
onew

i ¼ oi þ ttr as the new overflow time in PBS step
1 (bin partitioning) will generate a schedule for
MES with transmission time consideration. Note
that b is node specific and is not known beforehand.
The case of b = 1 refers to completely full buffers
and the transmission time is the maximum. There-
fore, a b value of 1 is chosen in our algorithm as
we are interested in the lowest ME speed which
can guarantee a lossless schedule.

3.4. Discussion of minimum required speed

To minimize the power consumption of the ME,
any solution to the MES problem should minimize
the ME speed. In this paper, we calculate a lower
bound for the PBS solutions on the ME speed,
denoted as vmin, such that no buffer overflow occurs
in the network nodes. Considering an arbitrary
node ni in bin Bj, let Li,k and Ci,k denote the path
that ME has traveled and the set of nodes ME has
visited between the kth visit and (k + 1)th visit to
ni, respectively. The transmission time at node ni is
denoted by tri. To avoid buffer overflow at node
ni, the following condition should be satisfied:

2jomin P oi P
Li;k

v
þ
X

ns2Ci;k

trs; ð7Þ

where Lk
v is the time ME spends on traveling between

nodes and
P

ns2Ci;k
trs is the total data transmission

time. To guarantee no data loss at ni, the sum of
these two terms should be less than or equal to
the overflow time of ni. According to Eq. (1), we
have oi 6 2jomin. Note that it is hard to find the data
transmission time for each node, but we can easily
find the upper bound, which is the transmission time
for a full buffer by setting b = 1 in Eq. (6)

tri 6
boi

oirtr � b
. ð8Þ

With Eqs. (7) and (8), we have

v P vi
min ¼

Li;k

2jomin �
P

ns2Ci;k

boi
oirtr�b

; ð9Þ

vmin ¼ max
8ni

vi
min. ð10Þ

As mentioned in Section 3.2, the PBS algorithm
generates a periodic schedule. Therefore, there is
no need to keep track of all visits to the nodes.
For a node in bin Bj, if there is no overflow during
2j�1 consecutive visits, which occur during a single
supercycle, no overflow condition is guaranteed.
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In general, Li,k, i = 1,2, . . . ,N, k = 1,2, . . . , 2j�1,
cannot be approximated easily except for certain
special deployments of sensor nodes. Once an ME
schedule is generated by the PBS algorithm, Lk

and vi
min, therefore vmin, can be computed numeri-

cally. If the ME is constrained to move at a smaller
speed than vmin, there may be data losses due to buf-
fer overflow. Besides trying to minimize vmin for a
lossless schedule, the proposed algorithm is also
designed to minimize the data loss rate in such
cases. Although not discussed in this paper, further
optimizations can be done for the latter objective by
trading off performance of the former one. In the
performance analysis section, we also present the
performance of our PBS algorithm as a function
of the ME speed.

3.5. Time complexity analysis

Let N and M denote the number of sensor nodes
and number of bins, respectively. Then, the com-
plexity of PBS algorithm steps (Algorithm 1) are
as follows:

• Step 1: Partitioning with respect to overflow
times can be achieved by comparing the overflow
time of each node with the bin boundaries result-
ing in complexity of O(NM).

• Step 2: In the geographical partitioning phase,
the number of times a node in bin Bi is processed
and assigned to a sub-partition is upper bounded
by i � 1. Since assignment is done by simply
comparing the requested coordinate of the node
with the average, it is O(1). In the worst case,
all nodes except the one with the minimum over-
flow time are in bin BM, therefore the complexity
of the 2D-tree algorithm is O(NM).

• Step 3: The complexity of calculating TSP path
by Prim’s algorithm for N nodes is O(N2).
Assume that each sub-bin is assigned a unique
identity from the set U = {1,2, . . . , 2M � 1}.
Recall that 2M � 1 is the total number of sub-
bins. Let ki denote the number of nodes in the
sub-bin with identity i 2 U. Then, overall com-
plexity of computing TSP for every sub-bin is
Oðk2

1 þ k2
2 þ � � � þ k2

2M�1Þ. Since
k2
1 þ k2

2 þ � � � þ k2
2M�1

6 ðk1 þ k2 þ � � � þ k2M�1Þ
2 ð11Þ

¼ N 2 ð12Þ
the time complexity of this step is O(N2).
• Step 4: In concatenation step, first the center of
gravity for each sub-bin is calculated in O(N)
time. For each sub-bin Bj

i , two sub-bins in Bi+1

with center of gravities closest to that of Bj
i are

selected to be visited after Bj
i . If a selected sub-

bin is already decided to be visited after another
sub-bin in Bi, the next closest sub-bin to Bj

i is con-
sidered. Since there are 2i�1 sub-bins in Bi, it
takes 2i�1 · 2i = 22i�1 comparisons for each bin.
Therefore, the time complexity of the concatena-
tion step is O(N + 4M).

Consequently, the PBS algorithm has an overall
time complexity of O(N2 + 4M).

4. Performance evaluation

To evaluate the performance of our proposed
PBS algorithm considering transmission time, we
have run an extensive set of simulations. In this sim-
ulation study, the following scenarios are consid-
ered for performance evaluation.

• Simulation I: We observe the data loss rate as a
function of the mobile element speed.

• Simulation II: We observe the effect of the node
density on the minimum required ME speed to
prevent data loss in the PBS algorithm.

• Simulation III: The effect of number of bins on
the performance of PBS algorithm is evaluated
for different network sizes and properties.

• Simulation IV: We observe the impact of sensor
buffer size in sensor nodes on the performance
of the PBS algorithm.

• Simulation V: The effect of wireless transmission
rate between sensor nodes and ME on the data
loss rates is analyzed.

• Simulation VI: Sensor visit predictability is inves-
tigated as a function of overflow time and node
density through inspection of the standard devia-
tion of inter-visit times.

All simulations except for Simulation III are also
run for the MWSF [17] algorithm to compare the
performance of the algorithms. The details of the
simulation setup as well as the detailed discussion
of the results are presented in the following sections.

4.1. Metrics and methodology

We observe the following metrics to evaluate the
performance of the PBS algorithm.
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• Data loss occurrence rate is defined as the ratio of
the number of sensors missing their deadlines
to the total number of nodes visited. It presents
the performance in terms of the number of sen-
sors missing their deadlines rather than the
amount of data lost.

• Data loss rate is defined as the ratio of the data
lost due to buffer overflow to the total amount
of data generated.

• Minimum required speed is defined as the mini-
mum speed of the mobile element to prevent
any buffer overflow.

• Predictability is defined as the standard deviation
of the inter-visit duration which is the duration
between two visits of the ME to the same node.

The simulator is developed in C++ language. A
graph generator forms the random sensor network
topology and determines the sensor data generation
rates and overflow times according to the scenario
at hand. Given the geographical topology of sensor
nodes as well as the distribution of sensor overflow
time, a schedule for the ME to visit sensor nodes is
generated by the PBS algorithm. Then, we simulate
the visits of the ME to each sensor node in a discrete
manner by keeping track of the time. After each
visit, the current time is incremented by the time
that ME spends traveling from the previous node
to the current node. If the time between two succes-
sive visits of the ME to the same node exceeds the
node’s deadline, then data loss occurs. In such a
case, the loss is recorded in the simulation.

In our simulations, we use the following default
settings unless specified otherwise. Each simulation
is run on a network with 200 sensor nodes randomly
placed following the uniform distribution on a
200 m · 200 m area. Each sensor node is equipped
with same size buffers (10 Mb). Data transmission
rates between sensor nodes and the ME is 500 kb/
s. The data generation rate of each sensor differs
due to different event occurrence rates at different
regions. To simulate this, we assume that events
are concentrated at certain locations, which we call
Eyes. The nodes in the eye centers have the highest
data generation rates, which drops radially out-
ward. Four topologies,1 A, B, C, and D, are consid-
ered in our simulations. Topologies A, B, and C
have one, four, and nine eyes, respectively. Topol-
1 ‘Topologies’ A, B, C, D refer to the distribution of data
generation rates over the sensor field, where all nodes are placed
randomly.
ogy D corresponds to uniformly distributed data
generation rates over the sensor network. It can also
be considered as having infinite number of eyes. As
shown in Fig. 4(a), in topology A, a sequence of
concentric circles divides the given area into several
ring shaped regions; Region 1 to Region n. The
radius of each concentric circle is denoted by
R1,R2,R3, . . . ,Rn, where R1 = 20 m. The value of
each radius is calculated as

Ri ¼ i � R1; i ¼ 1; . . . ; n.

The nodes in the innermost region are assigned
the smallest overflow time, which is called the base_
time, and overflow times for nodes in regions radi-
ally outward are calculated as: overflowTimei =
base_time + (i � 1) Æ step, i = 1, . . . ,n, where over-

flowTimei is the overflow time assigned to nodes in
Region i and step is the size of the increments. In
our simulations, we take base_time as 500 s and
500 s for step. Similarly, we consider the grids with
four eyes and nine eyes as shown in Fig. 4(b) and
(c), respectively. We assume the data size is 16bits.
Therefore, for a node with sampling frequency of
100 Hz, the data generation rate is 1.6 kb/s and
the corresponding buffer overflow time is 6250 s.
To ensure that all topologies have the same over-

flowTime distribution, overflow times are distrib-
uted as follows: In Topology B with four eyes, the
smallest circle has a radius of 10 m, and radius
increases by 1

2
step. Similarly, in Topology C, the

smallest radius is 2
3
units and radius increases by

1
3
step. In Topology D, nodes are first generated in

the same way as in topology A and then deployed
randomly in a space.

Each run of simulations lasts 10 Ms. Each data
point in the figures correspond to the average of
500 independent runs. Ninety nine percent confi-
dence intervals are also shown for each data point.
We have run the experiments for both PBS and
MWSF algorithms on all four topologies to make
the comparisons. The MWSF algorithm is run with
weight a = 0.1, where a is the weight of deadline,
and 1 � a is the weight of distance. According to
the experimental results in [17], MWSF algorithm
yields the best performance when the value of a is
around 0.1. We considered PBS with the default
bin number M = 3 unless specified otherwise.
4.2. Impact of the ME speed on data loss

Fig. 5(a) and (b) show data loss occurrence rates
and data loss rates for simulations run with both



Fig. 4. Three types of topologies considered in simulation. Each topology A, B, and C have one, four, and nine eyes, respectively.
(a) Topology of type A, (b) topology of type B and (c) topology of type C.
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Fig. 5. Sensor loss rate under different mobile element speed for PBS and MWSF algorithms on topologies A, B, C and D. (a) Data loss
occurrence rate and (b) data loss rate.

3458 Y. Gu et al. / Computer Networks 50 (2006) 3449–3465



Y. Gu et al. / Computer Networks 50 (2006) 3449–3465 3459
PBS and MWSF algorithms on topologies A, B, C,
and D. We have collected experimental results for
different speeds of the mobile element ranging from
0 m/s to 5 m/s. Loss rates range from 0 to 1, which
correspond to the no loss and complete loss cases,
respectively. In both figures, loss rates decrease with
the increased speed. Furthermore, the performance
on Topology A is better than Topologies B and C,
which are more similar to each other. Topology D
results in the worst performance. The ME covers
larger distances when nodes with similar overflow
times are not located closely together. The simula-
tion results shown in Fig. 5(a) and (b) also match
in the sense that the data loss occurrence rate and
data loss rate drop to zero at the same ME speed.
Compared to MWSF, the loss rate of PBS algo-
rithm decreases at a higher rate as the speed
increases. Therefore, we conclude that the PBS algo-
rithm is more effective in terms of reducing the loss
rate.

4.3. Impact of node density on minimum required

ME speed

In this section, the impact of the node density is
evaluated to observe the scalability of the PBS algo-
rithm. In this simulation the number of nodes
deployed on a 1 km2 area is varied between 150
and 200. With the increasing node density, we mea-
sure the minimum required speed of the ME to
avoid buffer overflow. Fig. 6 shows the results of
running this simulation on four topologies. As
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Fig. 6. The impact of node density on the minimum required ME spe
expected, the minimum required speed increases
with the increasing node density. When the node
density increases, the path length in a supercycle
increases, as well. This leads to a higher ME speed.
The minimum required speed by the PBS algorithm
is in general lower than the MWSF algorithm on the
same topology. The minimum required speed for
Topology A is lower than B, which is lower than
C. The minimum required speed for Topology D
is the highest. This behavior also matches previous
results in Section 4. The path that ME covers in a
supercycle is longer when the number of eyes is
larger.

4.4. Impact of number of bins on data loss

In this section, we study how the number of bins
M affects the performance of the PBS algorithm.
M = 1 corresponds to the case where all the nodes
are contained in one bin and are visited every cycle.
No geographical partitioning is used in this case.
When M > 1, nodes are first partitioned according
to overflow times and then partitioned geographi-
cally. According to Figs. 7–10, M = 1 results in a
lower loss rate when the ME speed is small, whereas
as the ME speed increases using larger number of
bins becomes more beneficial. When M = 1, the
supercycle is equivalent to the TSP solution over
all nodes. On the other hand, if M > 1, the supercy-
cle consists of TSP solutions in each sub-bin, and
the paths introduced due to concatenation step.
Therefore, it is expected that with M = 1, the ME
5 180 185 190 195 200

nsor nodes

ed of PBS and MWSF algorithm on topologies A, B, C and D.
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Fig. 7. Impact of number of bins in PBS Algorithm on data loss rate on topology A.
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Fig. 8. Impact of number of bins in PBS Algorithm on data loss rate on topology B.
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visits a larger number of nodes within a given time
period compared to M > 1. If the ME speed is very
small, almost every node buffer will be full at the
time the ME visits them. Hence, by visiting a larger
number of nodes in a given time period, data loss
rate is smaller with M = 1. As the ME speed gets
larger, visiting nodes with high overflow times as
frequently as those with low overflow times will
introduce redundancy for M = 1 case. As the num-
ber of bins gets larger, this redundancy is less pro-
nounced since nodes are better distinguished with
respect overflow times. As a result, with increasing
ME speed, the concatenation overhead is over-
whelmed by the benefits of reduced redundancy
thanks to classification with respect to overflow
times.

It can also be observed that a large number of
bins provides much smaller minimum speed to
avoid buffer overflow. As an example, in Fig. 7,
when the data loss rate for M = 4 case drops to
zero, the curve for M = 1 case still asymptotically
approaches x-axis. Scheduling with small number
of bins sacrifices performance on nodes with low
overflow times severely. Therefore, although the
performance of scheduling with one bin scheme
has smaller data loss when mobile element moves
at lower speeds, its advantage disappears for moder-
ate and high speeds.



0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Speed of mobile element (m/s)

D
at

a 
lo

ss
 r

at
e

1 Bin
2 Bins
3 Bins
4 Bins

Fig. 9. Impact of number of bins in PBS Algorithm on data loss rate on topology C.
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Fig. 10. Impact of number of bins in PBS Algorithm on data loss rate on topology D.
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4.5. Impact of buffer size

Fig. 11 shows the impact of buffer size on data
loss rate for both PBS and MWSF on different
topologies. The buffer size ranges from 1 Mb to
80 Mb. The ME is running at a speed of 1 m/s.
We observe in Fig. 11 that the data loss rates of
both PBS and MWSF decrease as buffer size
increases. With the larger buffer but the same data
generation rate, all sensors have more capacity to
carry data and have larger overflow time. When
the ME is running at the same speed as before, it
can collect more data. Thus the data loss rate
decreases with increasing buffer size. We also notice
that the performance of PBS is much better than
MWSF except when the buffer size is extremely
low. On Topology A, the data loss rate of PBS
decreases to zero when buffer size is around
10 Mb. However, in MWSF still over 20% of the
data is lost even when buffer size is over 50 Mb.
For PBS with the same buffer size, data loss rate
on Topology A is smaller than Topology B, which
is smaller than Topology C. Topology D has the
largest loss rate. This is due to the traveling over-
head within each bin when there are more eyes in
the deployment area. When the buffer size goes to
infinity, there should not be any data loss in the
ideal case. Therefore, all curves converge to zero.
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4.6. Impact of transmission rate

The wireless transmitter on the sensor nodes also
has impact on the trade-off between cost and perfor-
mance. The transmission rate affects the power con-
sumption at each sensor node, which is the current
major bottleneck of WSNs. Fig. 12 shows the
impact of transmission rate on the performance of
PBS and MWSF on four topologies. Transmission
rate ranges between 0.1 Mb/s and 1 Mb/s. The
speed of the ME is chosen as 1 m/s. For both PBS
and MWSF, the data loss rate is decreasing with
the increasing transmission rate. When the trans-
mission rates are the same, performance of PBS in
Topology A is better than Topology B. Performance
in Topology B is better than Topology C, which is
better than Topology D. On same topology, data
loss rate for PBS is less than MWSF. Larger trans-
mission rates lead to smaller transmission times.
Spending smaller portion of time on data trans-
mission, the ME visits more nodes before their buf-
fers overflow. Thus, the data loss rate decreases as
transmission rate increases. When the data trans-
mission rate goes to infinity, the ME actually visits
one sensor node, then moves to the next node imme-
diately without stopping. Hence, all curves in
Fig. 12 are expected to converge to non-negative
values.
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4.7. Sensor visit predictability

In Section 3, we claim that our PBS algorithm
provides periodic supercycle scheduling. While this
in correct, the inter-visit times for a given sensor in
a supercycle are not necessarily equally spaced. In
this section, we analyze the variation between inter-
visit times of the ME to a given sensor node for dif-
ferent sensor overflow times. The standard deviation
of inter-visit durations is used to measure the predict-
ability of visits to sensor nodes, which shows the peri-
odical feature of our scheduling scheme. We observe
the predictability of sensor node visit times as a func-
tion of different data generation rates. We focus on
the standard deviations of inter-visit durations and
group the results according to overflow times.
Fig. 13 shows the results of running PBS and MWSF
algorithms on Topologies A, B, C and D. To guaran-
tee the confidence interval, each result is the average
value of 5000 independent runs. We choose 1 m/s as
the speed of the mobile element, where buffer over-
flows still occur. As expected, Fig. 13 shows that
the standard deviation of inter-visit times for PBS
is much smaller than MWSF for all overflow time
values. Compared with the MWSF algorithm, PBS
provides higher predictability for the visits to sensor
nodes due to higher periodicity.

Furthermore, note that the standard deviation of
inter-visit times of PBS decreases as the overflow
time of sensor nodes increases in general. Especially
for nodes with high overflow times, the standard
deviation is nearly zero. Therefore, the PBS algo-
rithm favors nodes with high overflow times with
high predictability. This is due to the fact that the
nodes with high overflow times are visited less fre-
quently and more periodically. Especially the nodes
of the last bin are visited once every supercycle. The
length of the supercycle is always the same. But due
to different length of cycles, the transmission times
for nodes are not always the same. Therefore, the
period of supercycles are almost the same with some
small variations. The standard deviation of inter-
visit times for these nodes is close to zero.

Notice that for MWSF in Topology A, the stan-
dard deviation of inter-visit duration increases as
overflow time increases, while Topology B, C and
D do not reflect such behavior. Examining the
MWSF scheme with topology A, since nodes in the
central region have smaller overflow times, mobile
element would visit this region more frequently. This
leads the ME to visit nodes with small overflow times
with more predictably. Because of the long distance
between the edge areas and the center of the eye in
topology A, the mobile element’s visit is more unpre-
dictable for the nodes in the edge area. However, in
topology B with four eyes and topology C with nine
eyes, nodes with high visiting frequencies is more
spread over the entire region and the predictability
is more balanced for all nodes.

5. Conclusion and future work

Using a controlled mobile element is a promis-
ing approach for data harvesting from sparsely
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deployed sensor nodes. The sensor nodes may have
different data generation rates, which leads to the
Mobile Element Scheduling Problem. In this paper,
we proposed a Partitioning-Based Scheduling (PBS)
algorithm to address this problem. We compared
our algorithm with Minimum Weighted Sum First
algorithm and showed that our PBS algorithm pro-
vides higher performance in terms of decreasing loss
rate, reducing the minimum required speed, and
providing high predictability. Our future work
includes investigation of methods to utilize more
than one mobile element for data collection and to
cater to the needs of urgent real-time communica-
tion events.
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