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Abstract

Clustering is an important characteristic of most sen-
sor applications. In this paper we define COSMOS, the
Cluster-based, heterOgeneouS MOdel for Sensor networks.
The model assumes a hierarchical network architecture
comprising of a large number of low cost sensors with lim-
ited computation capability, and fewer number of power-
ful clusterheads, uniformly distributed in a two dimensional
terrain. The sensors are organized into single hop clusters,
each managed by a clusterhead. The clusterheads are or-
ganized in a mesh-like topology. All sensors in a cluster
are time synchronized, whereas the clusterheads commu-
nicate asynchronously. The sensors are assumed to have
multiple power states and a wake-up mechanism to facili-
tate power management. To illustrate algorithm design us-
ing our model, we discuss implementation of algorithms for
sorting and summing in sensor networks.

1. Introduction

Distributed sensor networks are becoming the enabling
technology for implementation of a large number of
parallel-distributed systems that interact with the physical
world. Example applications include environment monitor-
ing, target tracking and fire detection [4]. Low cost, ade-
quate coverage, robustness, real time performance, energy-
awareness are some of the desired goals in designing sensor
applications. A sensor is designed to be small and low-cost
and thus individually has limited processing power. How-
ever, the aggregated performance of a dense sensor network
is capable of meeting the performance requirements of sev-
eral challenging applications.
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A cluster-based network architecture is used in imple-
mentation of several collaborative signal processing sensor
applications [18]. A cluster consists of a small set of spa-
tially adjacent sensors and a clusterhead. The sensors in a
cluster collect data and transmit to the clusterhead, which
performs the required data aggregation and computation,
and transmits the result either to the base station or to an-
other clusterhead. A cluster-based approach is more time
and energy efficient as compared to direct transmissions
from all sensors to a distant base station. Moreover, the high
correlation between the data from neighboring sensors can
be exploited to achieve large amounts of data compression
and data aggregation [9] at the clusterhead. It is important
to observe that the clusterhead performs more computation
than the sensors. Thus, it is required that the clusterhead is
more powerful (implying larger battery, higher bandwidth,
more memory and a faster processor) than the sensors.

Sensor applications have multi-objective performance
requirements. A sensor network is desired to be low-cost
and yet capable of meeting stringent performance and ro-
bustness requirements of real time applications. These can
be met by deployment of a heterogeneous sensor network
comprising of a large number of low cost, less powerful
sensors and fewer numbers of more powerful clusterheads.
The high density of low cost, less powerful sensors pro-
vides sufficient coverage, robustness and connectivity in the
network, while keeping the network cost low. The cluster-
heads supplement the network with faster communication
and computation capabilities.

The main contribution of this paper is definition of
COSMOS, the Cluster-based, heterOgeneouS MOdel for
Sensor networks. The model assumes a hierarchical net-
work architecture comprising of a large number of low-
power sensors organized into spatial clusters, and fewer
number of clusterheads. The sensors within a cluster com-
municate in a time synchronized manner, using single hop
communication. The clusterheads form a mesh like topol-



ogy and communicate asynchronously.
As an illustration of algorithm design using COSMOS,

we discuss implementation of sorting and summing algo-
rithms in sensor networks. Sorting is an important kernel
for several image processing and data management sensor
applications [2]. Sum is representative of a large set of sen-
sor operations such as finding the max or min of a data set,
counting the number of detected targets [7], or computing
average statistics for the network.

The rest of the paper is organized as follows. Related
research is discussed in Section 2. COSMOS is defined
in Section 3. Performance metrics and tradeoffs for sen-
sor applications are analyzed in Section 4. The algorithms
for summing and sorting are described in Section 5 and we
conclude in Section 6.

2 Related Work

Prior work closely related to our research is the Wireless
Sensor Network (WSN) model proposed in [1]. The WSN
model assumes a network of localized, time synchronized,
homogeneous sensors organized in a mesh-like topology
over a two dimensional terrain. The model is appropriate
for small size networks but is not scalable. Global time syn-
chronization and initialization is not feasible in large-scale
sensor networks without inflating the cost of the network
(for example providing each sensor with a GPS). COS-
MOS assumes a cluster-based, heterogeneous network ar-
chitecture. Sensors are uniformly distributed over a two-
dimensional terrain, organized into spatial clusters. All sen-
sors within a cluster are time synchronized with the cluster-
head. The clusterheads form a mesh-like topology and are
asynchronous. Each clusterhead has a globally unique id
but the sensor ids can be reused across clusters.

COSMOS assumes single-hop communication within
each cluster. The Broadcast Communication Model (BCM)
discussed in [12] has been utilized for design of algorithms
that minimize broadcasts in single hop networks. The BCM
model has been primarily utilized for minimizing execu-
tion time and number of broadcasts in the system. COS-
MOS also abstracts the energy characteristics of the net-
work and assumes presence of a wake up mechanism to
facilitate power management of the sensors. In small size
sensor networks, with short range radios (output power up
to 20dBm), broadcast energy is of similar magnitude as the
reception energy [11]. We define a uniform cost model for
energy analysis of single hop clusters. This model assumes
that energy dissipated in transmitting, receiving, or comput-
ing one unit data is unity.

One of the main assumptions of COSMOS is a cluster-
based sensor network. Clustering has been exploited by
several signal processing algorithms and communication
protocols [18] [16] for sensor networks. Data aggregation

and compression at the clusterhead reduces communication
costs in the network. COSMOS assumes that clusterheads
communicate asynchronously and the sensors in a cluster
are time synchronized with the clusterheads. TinyGALS, a
globally asynchronous and locally synchronous model for
event-driven embedded systems is described in [5]. Note
that TinyGALS is a programming model, while COSMOS
is a computation model.

Algorithms for sorting [3] and finding the sum [1] have
been analyzed using the WSN model. We discuss imple-
mentation of sorting and summing algorithms to illustrate
algorithm design using COSMOS.

3 The COSMOS 1

As the research focus is shifting from design of passive
sensor networks to dynamic, self-organizing, and smart sen-
sors systems, in-network computation is becoming increas-
ingly important. Design of efficient algorithms for sen-
sor applications requires a simple and realistic computa-
tion model for the underlying sensor network. The Wireless
Sensor Network (WSN) model proposed in [1] provides a
clean abstraction of several features of a wireless network
such as the broadcast medium, range control, and channel
interference. The model is suitable for small sized networks
but is not scalable. Moreover, it does not support clustering,
which is an important feature of most sensor applications.

In this section, we define COSMOS, the Cluster-based
heterOgeneouS MOdel for Sensor networks. The model
assumes a hierarchical network architecture comprising of
a large number of low-cost, less powerful sensors, and a
fewer number of higher-cost, more powerful clusterheads.
We use the term clusterheads to distinguish more powerful
sensors from low cost sensors. We use the notation sen-
sors to represent low power sensors and unitalicized sensors
more generally, to represent both types of sensors. The sen-
sors primarily perform the task of data collection and low-
level signal processing. The clusterheads are assigned more
intensive tasks such as collaborative computation, data ag-
gregation, and network management. The two level hier-
archy permits the network to provide robust coverage and
adequate computation power at low cost.

A cluster-based architecture is characteristic of most sen-
sor network applications [16][18]. A clustering approach
makes the network more scalable as compared to a network
with all homogeneous sensors. For example, sensor ids can
be reused across clusters, and time synchronization is re-
quired only within clusters. Clustering also permits the ap-
plication to exploit correlation for compression and data fu-
sion. A spatial clustering based approach has been exploited
in [16] for designing efficient communication protocols for

1cosmos (n.): A complex, orderly self inclusive system
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Figure 1. COSMOS

collaborative signal processing applications.
COSMOS assumes uniform distribution of sensors in a

two dimensional terrain. The terrain is divided into unit
area cells, each containing a sensor. The sensors are or-
ganized into single-hop spatial clusters, each containing a
powerful clusterhead. The size of the cluster is limited by
the transmission range � of the sensors. The clusterheads
have transmission range

��� � and are assumed to be or-
ganized in a mesh-like topology (as illustrated in Figure 1).
A regular topology facilitates design of efficient algorithms
for global collaboration and information exchange. Note
that the clusterheads are more resourceful as compared to
the sensors, and can thus accommodate the additional task
of network management and topology maintenance.

Sensors communicate over one or more wireless chan-
nel(s). A transmission from any sensor with transmission
range � , is guaranteed to be received by all sensors located
within distance � from the transmitting sensor. A collision
occurs if the receiving sensor is in the transmission range
of two or more sensors that transmit concurrently using
the same channel. Consider the transmissions in Figure 2.
Note all the transmissions can take place simultaneously.
For example, consider the transmissions from ����� and	 ��
 . Both can take place concurrently since sensor �
is not within transmission range of

	
and 
 is not within

transmission range of � . However, sensors � and � cannot
transmit to

	
at the same time.

Time synchronization over large sized networks is not
feasible without significant overheads. We assume that the
clusterheads communicate asynchronously using message
passing. Delays in message delivery are considered to be
unpredictable. However, we assume that low-level proto-
cols ensure reliable, ordered delivery of messages in finite
time. Moreover, synchronous communication is assumed
between all sensors with in a cluster. All sensors in a clus-
ter are time synchronized with the clusterhead of the cluster
they belong to.

Sensors in a wireless network dissipate significant en-
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Figure 2. Collision-free transmissions

ergy receiving packets not intended for them or busy wait-
ing. The state of the art systems support multiple power
states of the sensors [14]. We assume that a sensor has
two power states, active and asleep. Energy dissipation is
negligible in the asleep state. COSMOS defines a wake up
mechanism that is used to wake up (activate) an asleep sen-
sor when required. Two types of wake up mechanisms are
defined, an internal mechanism and an external mechanism.
The internal mechanism is based upon hardware counters
in the sensor. Using this mechanism a sensor can switch off
for a specified duration. Energy overheads for maintaining
the internal counter are assumed to be negligible. The exter-
nal mechanism relies on a paging channel that can page the
sensor to wake up when an event of interest occurs. Note
that internal timers are suitable for synchronous networks.
However, in an asynchronous environment wake up mecha-
nism based on only internal timers is unreliable. The paging
channel can be used to ensure that the destination sensor is
awake to receive a transmission.
Implementation of a paging channel may vary in different

systems. For example, a sensor may be equipped with low
power RF or laser radio for paging [15]. When a sensor is
asleep, the processor, data radio, and other components of
the sensor are turned off, but the paging channel remains
active. When a wake up message is received, the sensor
becomes fully functional. We assume that the paging chan-
nel is collision-tolerant. This implies that collisions are de-
tected, and treated like wake up messages. A paging chan-
nel is a low power channel, and dissipates negligible energy
when idle or in receive mode (e.g. a laser radio [6]). A pag-
ing channel has limited range (or line of sight for laser) and
is thus used to page only near by sensors. Energy dissipa-
tion in the paging channel is proportional to the number of
wake up messages transmitted over the channel.

A sensor has one unit of memory. A time step is de-
fined as the time taken by a sensor to transmit, receive or
locally compute one unit of data. A sensor is assumed to
have 
 ��� communication channels, but in a single time
step, it can tune to at most one communication channel. The
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clusterhead is assumed to be more powerful than a sensor.
It has memory � � � � , bandwidth

� � � � , and computa-
tional power � � � � . This implies, that a clusterhead can
receive or transmit

�
data units and compute � data units in

a single time step. A clusterhead is assumed to have � � �
communication channels.

The execution time is a measure of the total computa-
tion and communication time of an algorithm. As is cus-
tomary, for the sake of analysis only, we assume that all
clusterheads have the same clock frequency. A time step
is defined as the number of cycles required to compute
one unit of data by a sensor. The computation time is
well defined, but the communication time may vary in an
asynchronous environment. In design of asynchronous sys-
tems the communication time complexity is measured as the
longest chain of messages that occur before the algorithm
terminates [10]. For our analysis, we define the time com-
plexity as the weighted longest chain of computation and
communication in the network. The weights are defined as
follow. Unit weight is defined for each computation and
communication at the sensor. Computation of one unit of
data at the clusterhead has weight

��� � , and communication
of a single data unit has weight

��� �
.

The total energy dissipation in the network is the sum of
the communication, computation, and paging energy. The
communication energy has two components, the transmis-
sion energy and the reception energy. A simple model for
energy dissipation per unit of data is given by �
	�� ��
 [11].
Here, � is the range independent parameter, whose value
depends on the electronics of the system at transmitter and
receiver. � ��
 represents the range dependent radiation
power of the radio with transmission range � . For small
sized networks, � dominates over the range dependent en-
ergy component [11]. Thus, for small sized networks the
transmission and reception energy is constant independent
of the transmission range, and we normalize it to unity. For
large-sized networks energy dissipation for transmission is
dominated by the radiation energy and is proportional to ��� .
We assume that one unit of energy is dissipated for comput-
ing one unit of data. Energy dissipation over the paging
channel is proportional to the number of wake up messages
transmitted over the channel.

To summarize, our model assumes the following:

1. The network consists of � sensors, uniformly dis-
tributed over a two dimensional terrain. There are two
types of sensors in the network, a large number of low-
cost, low-power sensors, and a smaller number of pow-
erful clusterheads.

2. The sensors have transmission range � , and are orga-
nized into disjoint clusters of size �

�
. Each cluster is

managed by a distinct clusterhead.
3. The clusterheads are organized in a mesh-like topol-

ogy of size � � � ����� � � � and have transmission range

� � � .
4. The network has been localized and initialized. All

clusterheads have globally unique ids. The ids of the
sensors in a cluster are unique only within the cluster
they belong to. .

5. No global clock exists in the system. The sensors
in a cluster are time synchronized with their cluster-
head. The communication between clusterheads is
asynchronous using message passing.

6. Each sensor has unit memory, unit processing power,
and unit bandwidth. The time taken to transmit, re-
ceive, or locally compute one unit of data is defined as
one time step.

7. Communication between the sensors is over one or
more wireless communication channel(s). A transmis-
sion from any sensor with range � is guaranteed to be
received by any other sensor within distance � from
the transmitting sensor. A collision occurs if a receiv-
ing sensor lies with transmission range of two or more
sensors that transmit at the same time.

8. A sensor has 
 � � communication channel(s), which
are shared with other sensors within the cluster. In one
time step a sensor can transmit or tune to at most one
communication channel.

9. The clusterheads have � � � communication chan-
nel(s). In one time step, a clusterhead can transmit or
tune to at most

�
communication channels.

10. The clusterheads are more powerful than the sensors.
Each clusterhead has memory of size � � � � and
communication bandwidth

� � � � . This enables it to
transmit or receive

�
data elements in one time step, ei-

ther from (to) another clusterhead or
�

sensors (using
distinct channels) in its cluster. A clusterhead also has
more processing power than a sensor. In a single time
step it can process � � � � units of data.

11. Communication within a cluster is single hop. The
clusterheads communicate among themselves in a sin-
gle hop or using multiple hops depending on range

�
.

12. All sensors have two power states. They can be active
or asleep. Energy dissipation is zero in the asleep state.

13. All sensors have hardware counters that can be utilized
for timed power state transition. The energy dissipated
by the counters is negligible.

14. The sensors are also equipped with low power, short-
ranged radios that are used for paging nearby sensors.
All sensors within a cluster, and adjacent clusterheads
can page each other directly. Paging messages to dis-
tant sensors can be routed through intermediate clus-
terheads. Energy dissipation over the paging chan-
nel is proportional to the number of paging messages
transmitted over the channel.
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15. A paging message is assumed to be of the following
four types (a) Wake up a specific sensor, (b) Wake up
all sensors in a specific cluster, (c) Wake up all sensors
in a given cluster with id smaller than the transmitted
id, and lastly, (d) Wake up all sensors in a specific with
id larger than the transmitted id.

16. The execution time of an algorithm is the longest
weighted computation and communication chain.

17. The energy dissipated by the sensors within a cluster
follows the uniform cost model. This model assumes
that energy dissipation for transmission, reception or
local computation of one unit of data is unity.

18. We assume that the path loss exponent ����� . The en-
ergy dissipation of the clusterheads follows the square
cost model. This model assumes that energy dissipa-
tion for reception or local computation of one unit of
data is unity. Energy dissipation for transmission of
one unit of data is

� �
for the clusterheads.

19. The total energy dissipation in the system is the sum of
the computation, communication, and paging energy.

20. All messages transmitted are assumed to reach the des-
tination sensor in finite time. Messages are delivered
in the order that they were transmitted.

Note the size of the cluster is an important model param-
eter. It determines the ratio of the number of clusterheads to
sensors in the network, and thus the overall cost of deploy-
ment. We assume the cluster size to be �

�
, where � is the

transmission range of the sensors. The size of the cluster
imposes constraints on the memory and bandwidth of the
clusterhead. We observe that most sensors meet these spec-
ifications. Consider for example, the architectural specifi-
cations of the PASTA [14] sensor.

The PASTA sensor is being designed for target detection
and classification in a battlefield. This application requires
deployment of two types of sensors. Low-power tripwires
and the PASTA sensors. The tripwires monitor the field for
seismic and acoustic signals. If a perceived signal is higher
than a threshold value, lightweight signal processing is per-
formed to reduce false alerts. On detecting an event of inter-
est the nearby PASTA sensors are woken up to run compu-
tationally intensive algorithms for target detection and clas-
sification.

The PASTA sensor is equipped with a PXA250 proces-
sor, 64MB SDRAM, and a low power radio along with other
components. One example of a low power radio is the RFM
TR1000 radio, which has transmission range of 20 meters
and data rate 115.2 Kbps. A sensor network can have den-
sity ranging from 0.1 to 20 sensors/ � � , depending on the
application. Thus, a cluster size can be as large as ������� .
The memory and bandwidth of the PASTA sensor is suf-
ficiently large to aggregate data from the tripwires in the
cluster.

4 Performance Metrics

The computational model discussed in the previous sec-
tion can be used for analyzing system design and algorithms
for sensor networks. System design involves selection of
parameters such as density of network and ratio of cluster-
heads to sensors. The aim is to keep the cost of the network
low, while ensuring that the network is capable of meeting
the application specifications such as response time, robust-
ness, and lifetime. Algorithm design for sensor networks
is challenging, as most applications require multi-objective
optimizations. Some of the metrics may be orthogonal to
each other. For example, reducing energy may increase
overall execution time for some applications. In this sec-
tion, we define various performance metrics relevant to sen-
sor networks and discuss the tradeoffs.

1. Time: Time is an important metric for designing al-
gorithms for sensor networks. The run time of an al-
gorithm depends on several factors such as the net-
work diameter, total number of transmissions, and the
amount of parallelism in the algorithm. The transmis-
sion range of a sensor can be increased to reduce the
network diameter. However, it increases the interfer-
ence in the network, decreasing the number of trans-
missions that can take place concurrently. The tradeoff
must be well analyzed for design of time efficient al-
gorithms. Throughput and latency are more relevant
metrics to sensor applications that are periodic in na-
ture. We analyze the summing algorithm in Section 5.2
for time performance.

2. Response Time: Several real time applications im-
pose stringent requirements on the response time of
the system. Response time is defined as the time taken
by the system to respond to an input or stimuli. Con-
sider for example a sensor network deployed over a
battlefield that periodically monitors the environment
for enemy intrusion. On detecting an intruder, a sensor
must immediately report to the base station. Informa-
tion may become redundant if the time for reporting
the event is high, as the enemy may have moved away
from the area. Increasing the transmission range of the
sensors may reduce response time but increase energy
dissipation in the system.

3. Overall Energy Dissipation: The lifetime of a sen-
sor network is determined by the battery power of the
sensors. Sensor applications aim at minimizing overall
energy dissipation in the system. Algorithms designed
for energy optimality may not be time optimal. Energy
versus time tradeoffs are discussed in Section 5.2.

4. Energy Balancedness: It is desired that energy dissi-
pation in a sensor network is uniform. Consider a sen-
sor network consisting of � sensors with overall energy
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dissipation ��� ��� . An energy balanced algorithm sat-
isfies the property that each sensor dissipates ��� ��� � �
units of energy. This property ensures that the sensor
network remains fully functional for the entire dura-
tion, without early die out of some over used, critical
sensors. Energy-balancedness has been investigated
for algorithm design in single hop networks in [17].
An algorithm using COSMOS is energy balanced if
energy dissipation is same for all clusterheads and also
same for all sensors. Note the clusterheads may dissi-
pate more energy than the sensors. The sorting algo-
rithm discussed in Section 5.1 is energy-balanced.

5. Network Lifetime: Sensor applications often require
deployment of sensors in remote areas, where rede-
ployment is costly. The density and types of sensors
determine both the network lifetime and the cost. The
cost versus network lifetime tradeoff must be evalu-
ated at system design time. Network lifetime can also
be improved by designing energy efficient algorithms.
Moreover, it must be ensured that the network does
not collapse due to failure of some small number of
sensors.

6. Broadcasts: Minimizing number of broadcasts has
several advantages [12] such as reduction in the com-
munication energy, lesser interference, and enhanced
security in the network. Consider for example commu-
nication between the clusterheads in COSMOS. En-
ergy dissipation for broadcasting a data unit consumes
energy

� �
, where

�
is the transmission range of the

clusterheads, whereas energy dissipation for computa-
tion or reception of one unit of data is unity. Reduction
in broadcasts in the system improves network security
as it prevents eavesdropping and data collection by an
intruder. However, for small-sized single hop clusters
minimizing broadcast may not be sufficient for energy
optimization. The algorithm must also ensure efficient
power management of the sensors to reduce reception
energy.

7. Robustness: Sensors and communication links in a
network may fail due to power failure or harsh envi-
ronmental conditions. Hardware redundancy (replica-
tion of sensors) provides a simple mechanism for im-
proving network robustness, but increases the network
cost. A heterogeneous back up scheme has been pro-
posed in [8], where one type of resource is backed up
by another. For example, increasing computation if
the communication link becomes less reliable. Mul-
timodal data fusion can also be exploited to recover
from errors in the system. COSMOS promotes data
clustering at the clusterheads. The spatial and tempo-
ral correlation and data redundancy can be exploited
by the clusterhead to recover from errors or sensor
failures within a cluster. COSMOS assumes a mesh-

like organization of the clusterheads. Link or sensor
failures may disrupt the mesh topology completely or
partially. Robustness of an algorithm can be measured
in terms of the number of sensors or link failures it can
tolerate. Design of robust algorithms requires further
investigation.

8. Quality of Service: The quality of service can be mea-
sured in a variety of ways such as result accuracy, data
transmission rate, and probability of false alarms. Col-
lecting larger data samples and performing more com-
putation can improve precision of results, but at cost of
higher time and energy. Algorithms must evaluate the
tradeoffs between the QoS requirements of the sensor
application and the energy and time overheads.

9. Cost: Low cost is a desiderata for deployment of sen-
sor network systems. The two level hierarchical struc-
ture proposed in COSMOS assumes a large number
of low cost sensors and a smaller number of powerful
clusterheads. The network cost can be reduced by re-
ducing the ratio of powerful clusterheads to sensors,
while ensuring that the network has adequate compu-
tation power.

10. Security: Network security is an important concern
in hostile environments such as the battlefield. Sev-
eral researchers have focused on design of lightweight
protocols for security in sensor networks. However,
security should also be considered as an important pa-
rameter for designing algorithms for sensor networks.
Randomization can be exploited to reduce predictabil-
ity of the algorithm. The algorithm must refrain from
broadcasting sensor ids over the network. Reducing
the total number of transmissions in the network, also
prevents attacks from hostile eavesdroppers.

5 Illustrative Algorithms

Sorting and summing are important problems in sensor
networks. Several protocols require sensors to be sorted in
order of remaining power or nearness to a monitored tar-
get. The sum operation is used for obtaining global statis-
tics about the network. For example, counting the number
of targets in a field [7]. In this section we discuss imple-
mentation of these two algorithms using COSMOS.

5.1 Bitonic Sort

The bitonic sort algorithm has been analyzed for time
optimal implementation in a mesh connected computer sys-
tem [13], and a wireless sensor network using the WSN
model [3]. These implementations consider a homoge-
neous, time synchronized system. We discuss implementa-
tion of bitonic sort in cluster-based architecture, using COS-
MOS, where communication between the clusterheads is
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Figure 3. Schedule for data clustering

asynchronous. For sake of illustration, we assume
�
� � �

�
�
,
�
� � and a single communication channel.

The algorithm can be implemented using the following
three steps. In the first step data is aggregated at the cluster-
heads. Next, sorting is performed between the clusterheads,
and finally the data is redistributed to all the sensors. The
procedure is detailed in the following subsections.

5.1.1 Data Aggregation

The �
�

time synchronized sensors in a cluster broadcast
their data values one by one. Each sensor maintains a
rank counter, which is incremented on hearing a data value
smaller than its own. After �

�
time steps each sensor knows

the rank of its data element. The data is transmitted in rank
order to the clusterhead. In � �

�
time steps, the clusterhead

contains the sorted data vector of size �
�
. All sensors in the

cluster are switched off.
To avoid collisions, data aggregation must not take place

simultaneously in neighboring clusters. This is prevented
by using the four phase aggregation schedule described in
Figure 3. Data aggregation occurs only in the active clus-
ters. The sensors in the inactive cluster are asleep, while
the clusterheads are in receive mode. The clusterheads uti-
lize asynchronous message passing to mark the start and
completion of the four phases. Reliable delivery of mes-
sages is ensured by lower level protocols. Note messages
are small in size and overheads due to message loss or re-
transmissions are negligible. The schedule is implemented
as follows.

Initially, all clusterheads in the odd row and column ag-
gregate data. At end of data aggregation, a clusterhead in
the active cluster transmits a finish token to adjacent cluster-
heads in the same row. Any clusterhead in an inactive clus-
ter activates its cluster once it has received the finish token
from both adjacent clusterheads in the same row. Similar
steps are used for cluster activation for the remaining two
phases. At end of the second phase, clusterheads that re-
ceive token from adjacent clusterheads in the same column
become active. In the last phase clusterheads that receive
token from both adjacent clusterheads in the same row be-
come active.

The time complexity of the algorithm is � �
� 	�� . Data

clustering takes time � �
�

and � time steps are required to
notify neighboring clusterheads to activate their clusters.

5.1.2 Sorting among Clusterheads

Next we adapt the bitonic sort algorithm [13] for sorting the
data stored at the clusterheads. Each clusterhead contains
a sorted vector of size �

�
and the clusterheads are asyn-

chronous. Given two data vectors � and � , the comparison-
interchange instruction is defined as follows.�����
	��
	������

If (SIGN * �
��� ��������� ��� ��� � � swap ����� ��������� ��� �
Note, this instruction executes in one time step as � � � � .

1. Row and Column Sorting: This procedure sorts a
bitonic sequence of � � � � data elements stored in a
row (or column) of � adjacent clusterheads. Its imple-
mentation in an asynchronous network is as follows.

RowMerge (k)
1. Let  "! , ...,  $# denote the % adjacent clusterheads.
2. If %'&)( goto Step 7.
3. Shift data vectors from  #+*�,.- ! ,....,  /# to  �! ,...,  #+*�, .
4. Perform comparison-interchange on  0! , ....,  #+*�, .
5. Shift rejected vectors from  "! , ...,  #+*�, to  #�*1,.- ! , ...,  /# .
6. Invoke in parallel RowMerge (k/2) for  0! , ...,  #+*�,

and  #+*�,.- ! , ...,  $# .
7. End.

Figure 4. Pseudo code for RowMerge (k)

Consider one iteration of the algorithm, data shifts
hop-by-hop in reverse direction from clusterhead 2"3
to 2 354�657 � , where 8:9;� � � . Comparison-interchange
takes place at 2 354�657 � , and the rejected data vector is
shifted hop-by-hop in forward direction to 2�3 . To pre-
vent collisions, the transmit-receive pairs must be in-
terleaved by an idle clusterhead (see Figure 5).

A single iteration (as described above) can be im-
plemented as follows. All clusterheads maintain vari-
ables � , < , = , and > . Here, � denotes the number of
clusterheads on which the algorithm is invoked in the
current iteration. Variables < and = count the number
of data vectors sent in forward and reverse directions.
At the beginning of each iteration < �?= � � . Con-
sider clusterhead 2�3 with 8)9@� � � . It is required to
transmit �A�B8 	 � data vectors reverse and forward.
Thus, = �C�D�E8�	 � signifies end of reverse phase, and

a b c

Figure 5. Transmissions in a row
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< � � � 8 	 � marks the end of forward phase for this
clusterhead. A clusterhead with id 8 � � � � , transmits
8 � � packets reverse and forward. Note < �)=A9 � in-
dicates end of one iteration and at this point the cluster-
head decrements � to � � � . The algorithm terminates
when � � � at each clusterhead. A clusterhead trans-
mits when > �

�
. At start of algorithm > � � for all

clusterheads 2 3 where � 8������	� � � � , and > � � for
the rest. The clusterheads execute the following steps.

If (
�� %
��� )
If ( ����
�� ( ) SendReverse

elseif ( ����
�� ( ) SendForward
else % &B%�������� &��E&��

elseif ( ���! %"�	
$# (&% ) SendReverse
elseif ( ���! %"�	
'#B((% ) SendForward

else % &B%������)� &*� &��
SendReverse: A clusterhead 2 3 with > � � , transmits+

data packets (each of size �
�
), and sets > � �$� = �

=
	 + . It transmits ,'� �"> � 8 to 2�354 � and 2/3.- � . 2/354 �
performs comparison-interchange on received data if
the data is destined to itself. It transmits ,'� � � �:8 � �
to 2/354 � and 2/3 . On receiving ,'� � � � 8 � � and
,'� �"> �:8'�/� , 2/354 � transmits > � � to 2�354 � , imply-
ing that 2 354 � can begin transmitting.

SendForward: Any clusterhead 2 3 with id 8 and >���
, transmits

+
data packets, and sets > ��� �+< �C< 	 + .

It transmits ,'� �"> � 8 to 2 354 � and 2 3.- � . 2 3.- � per-
forms comparison-interchange on the received data, if
the data is destined to itself. It transmits ,'� � � �:8 	 �
to 2/3.- � and 2/3 . On receiving ,'� � � � 8 	 � and
,'� �"> �:8
	�� , 2/3.- � transmits > � � to 2�3.- � , imply-
ing that 2/3.- � can begin transmitting.
Each iteration of the above algorithm requires �10 � �
transmissions. Only � � � clusterheads transmit in a
given time step. Thus, each iteration requires � � time
steps. Each transmission has an overhead of two trans-
missions for accessing the channel in procedures Send-
Forward and SendReverse. Total time taken is 2 � .
Let > ��� � denote the time complexity of the algorithm.

> ��� � ��> ��� � � � 	32 � �.< �A9 � and > � � � � � .
This implies > ��� � � � � � . Note that ColumnMerge (k)
can be implemented in a similar manner in time

�
� � .

2. Vertical Merge Sort: This procedure sorts in increas-
ing (or decreasing) row-major order a 4 �65 array
comprising of two vertically aligned 4 � � �75 arrays.

The procedure ColumnMerge (J) can be invoked in
parallel on all columns without collisions. Figure 2
depicts the transmissions at a given time step. Clus-
terhead � transmits to � and

	
transmits to 
 . Note

� does not observe interference from
	

, and only re-
ceives signal from � . The time complexity is

�
��4 .

VerticalMerge (J, K)
1. for all columns in parallel do ColumnMerge(J).
2. for all rows in parallel do RowMerge(K).
3. End.

Figure 6. Pseudocode for VerticalMerge (J, K)

TwoColumnMerge (J)
1. Let  "!98 : , ...,  <;=8 : be > clusterheads for any column 
 .
2. Compare-interchange the vectors in each clusterhead.
3. If >@? (
(a) Exchange the rejected vectors of  !98 : , ...,  ; *1, 8 :

with accepted vectors of  ; *1,.- !98 : , ...,  ;=8 : .
(b) In parallel perform TwoColumnMerge(J/2) on the

clusterheads  �!98 : , ...,  ; *1, 8 : and  ; *�,.- !98 : , ...,  A;(8 : .
4. End.

Figure 7. Pseudocode for TwoColumnMerge (J)

The procedure RowMerge (K) can be invoked on all
rows in parallel and the time complexity is

�
�B5 . How-

ever, before invoking this procedure, it must be en-
sured that all clusterheads in the chosen row have com-
pleted procedure ColumnMerge (J). This is accom-
plished by an additional step Terminate (K) between
Steps 1 and 2 of VerticalMerge (J, K).

Terminate (K): Let us consider 5 clusterheads in any
row denoted by 2�3 , where

� � 8 � 5 . When proce-
dure ColumnMerge (J) terminates for 2DC , it transmits
,'� � �E5 to 2DC 4 � . Each 2�3 with

� � 8 �F5 , on ter-
mination of procedure ColumnMerge (J) on its respec-
tive column, checks if it has received <�� � �:8 	 � , and
if so, it transmits <�� � � 8 to 2�354 � . When 2 � receives
<�� � � � , it transmits <�� � � � to all the clusterheads in
the corresponding row. On receiving <�� � � � a clus-
terhead in the row, begins procedure RowMerge (J).
The execution time for this algorithm is ��5 since the
variable <�� � traverses the whole row twice. Thus, the
total time for execution of this procedure is given by�
�G4 	 � �B5 	 ��5 �

�
��4 	 � ��5 .

3. Two Column Merge: The procedure TwoColumn-
Merge (J) sorts a bitonic sequence � + � � + � �H0I0I0 � + �=J �
stored in a column of 4 adjacent clusterheads, where
a clusterhead in row � contains data vector

+ �
and+ � -�3 initially. At the end of the procedure a clus-

terhead in row � contains vectors
� � � 4 � and

� � � ,
where � � � � � � ��0K0I0 � � �=J � represents the resultant sorted
sequence. Note the analysis and implementation of
this procedure is similar to RowMerge (J), and thus
time taken is

�
��4 .

4. Horizontal Merge Sort: This procedure sorts a
4 ��5 array, composed of two horizontally adjacent
4 �L5 � � arrays. The data movement is similar to
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HorizontalMerge (J, K)
1. Let the K columns be � ! , � , , ... ��� .
2. Move in parallel data from clusterheads in columns
� � *1,.- ! , ... ��� to corresponding clusterheads in
columns � ! , ... � � *�, .

3. For each column � ! , ... � � *1, perform in parallel
TwoColumnMerge (J).

4. Move, in parallel, the rejected data vector back to
clusterheads in � � *�,.- ! , ... � � .

5. If � ? � invoke in parallel
RowMerge (K/2) for each of the ��> rows of size � ���

6. End.

Figure 8. Pseudocode for HorizontalMerge (J, K)

BITONIC-SORT ( � �<��� )
1. K =1
2. While � ��� � �	� do

(a) In parallel invoke HorizontalMerge (K, 2K)
for each array of size ��
���� .

(b) In parallel invoke VerticalMerge (2K, 2K)
for each array of size ����
	�	� .

(c) � &���� .
3. End.

Figure 9. Pseudocode for BITONIC-SORT (n)

RowMerge (K), which requires time
�
�
5 . At end of

procedure SendReverse, a procedure similar to Termi-
nate (J) is invoked to ensure all clusterheads in a col-
umn are ready to execute TwoColumnMerge (J). Simi-
larly, Terminate (J) is invoked to check if phase Send-
Forward can begin. The time complexity of this pro-
cedure is

�
�G4 	 � �B5 	 � 4�	 �B5 �

�
� �94�	�5 � .

5. Bitonic Sort: Lastly, we describe the algorithm
bitonic sort, which sorts � data elements stored in the
clusterhead mesh of size � � � � � � � � � . Each cluster-
head stores �

�
data elements. The implementation of

HorizontalMerge (K, 2K) and VerticalMerge (2K, 2K)
has been discussed earlier. A procedure similar to Ter-
minate (K) can be used to indicate end of the previous
step. The time complexity of HorizontalMerge (K, 2K)
is � �B5 . Time complexity of VerticalMerge (2K, 2K) is
�
 5 . Terminate requires �
5 time steps since it circu-
lates the variable <�� � along the row and the column.
The time complexity of the algorithm is > � � � � � � �
> � � � � � � � 	 � � � � � � � ��� � � � � � ��� � � � � � � .

5.1.3 Data Dissemination

Lastly, each clusterhead wakes up the sensors in its cluster
and transmits the data. To avoid interference, an activation
schedule similar to the data aggregation step can be used.

Time to execute this step is

 �
� 	)� . From the above anal-

ysis, we conclude that bitonic sort can be implemented in a
locally synchronous, globally asynchronous, cluster-based,
hierarchical sensor network in time � � � � 	 � � � � � . Prior
analysis [3] using the WSN model demonstrated implemen-
tation of the above algorithm in time � � � � 	 � � ��� . Our re-
sults show that clustering can improve the time performance
of the algorithm. The optimal performance is achieved for
� � �

� 7�� , which implies a cluster size of �
� 7�� .

Clustering also reduces the message passing overheads
in an asynchronous network. In the above algorithm �

�
data

units are sent in each transmission. If two transmissions are
required for handshake between sensors, the relative over-
head is only �

� � � . The algorithm discussed in [3] considers
transmissions of size one data unit each. The handshake
overheads are �

� �
which is � ����� .

5.2 Finding the Sum

A time optimal algorithm for finding the sum utilizing
the WSN model has been discussed in [1]. In this section we
discuss an adaptation of the algorithm using the COSMOS
model. Our goal is to highlight energy versus time tradeoffs
for the algorithm. We assume

�
� � ��� � . We consider a

hierarchical network of � sensors, each containing one data
element. The goal is to find the sum of all these elements.
The algorithm is described as follows.

In the first step all clusterheads find the sum of the sen-
sors within their clusters using the schedule described in
Section 5.1.1. The sensors in each cluster are time syn-
chronized, and can thus use internal timers as the wake up
mechanism. They are asleep when not transmitting. The
total time taken is �

�
. One unit of energy is dissipated at

each sensor. Each clusterhead receives �
�

data elements
and computes the sum, and pages the adjacent clusterheads.
Paging energy is � � � � � � � . The overall energy dissipation
is � � ��� and time taken is � � � � � .
Next, the clusterheads assign

�
� �

�
. They divide them-

selves into blocks of size
� �

each and summing takes place
in the (interleaved) blocks in parallel. The time taken for
this step is

� � � �
= � � � � � . Energy dissipation for commu-

nication is � 0 � � � � � ��� � � 0 � � � . The computation energy
is � � � � � � � . The clusterheads wake up the neighboring
clusterhead using the paging channel. Each paging mes-
sage is transmitted over � hops. Thus, paging energy is
� � � � � � .The total energy dissipation is � � � 0 � � � .
In the third step, the � � � � � � clusterheads that contain the
partial sums, divide themselves into groups of size � � each.
The transmission range of each clusterhead is fixed to�
� �

�
. The partial sum for each group is computed as

follows. The partial sum of each row is found in paral-
lel. Each time a clusterhead receives a partial sum, it adds
its own value, pages the neighbor, transmits sum, and goes
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asleep. Next, the partial sum along the last column in each
group is calculated. The time complexity of this step is
� ��� � � � 0 � � � �@� � ��� . Each transmission dissipates � � ��� �
energy. Each clusterhead transmits � � � � data elements.
Paging energy is � � � � � � � . Thus, the overall energy con-
sumed for this step is � � � � � � � .
In the last step, the transmission range of the clusterheads is
increased to

�
� � � . The � � � � � 0 � � � clusterheads transmit

sequentially to the destination sensor, where the final sum is
computed. Each transmission requires � � ��� energy. Each
paging message is transmitted over �10 � hops. Thus, total
paging energy is � � � � � � � 0 � � �(0 ���10 � � � . Total energy dissi-
pated for this step is � � � � � � 0 � � � . Time taken for this step is
� � � � � 0 � � 0 � � � � � � � � 0 � � � .
For � � � � � ��� �

� 7 � , the algorithm runs in time � � � � 	
� � � � �

� 7�� 0 ��� � � � , with energy � � � 0 � � 	 ��� 7�� � �
��� 7�� � .

Note the above algorithm is time efficient but neither en-
ergy optimal nor energy balanced. Some clusterheads dis-
sipate more energy than the others. An energy optimal, en-
ergy balanced algorithm can be achieved as follows. Re-
peat the first step of the above algorithm. Next sum across
all rows in parallel, followed by summing across the last
column of the clusterheads. The algorithm requires time
� � � � 	 � � � � � � , but reduces energy dissipation to � � ��� .

6. Conclusion

Sensor networks can be viewed as loosely coupled,
parallel-distributed systems. Extensive research has been
done in the past for design of algorithms for parallel-
distributed systems. The existing algorithms can be adapted
for sensor networks (as illustrated in this paper using al-
gorithms for sorting and summing). However, implemen-
tation and analysis of these algorithms requires a compu-
tation model. We observed that clustering is an important
feature in sensor networks, and this motivated us to define
COSMOS, a cluster-based, computational model for sensor
networks. The model also considers issues such as network
scalability and cost of deployment.

Performance evaluation of algorithms for sensor net-
works requires definition of new metrics. We defined
energy-balancedness in [17], as a measure of uniform en-
ergy dissipation in the network. Robustness is a critical is-
sue in these networks. Our future work will focus on defi-
nition and analysis of fault tolerance in sensor systems.
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