
Optimal Scheduling in Sensor Networks Using Swarm Intelligence

Kalyan Veeramachaneni and Lisa Ann Osadciw 
Department of Electrical Engineering and Computer Science 

Syracuse University, Syracuse, NY 13244-1240
Phone : 315 443 1319 Fax : 315 443 2583

kveerama,laosadci@syr.edu
keywords:scheduling,swarm,evolutionary programming,sensor networks

Abstract - This paper presents a swarm intelligence based
approach for optimal scheduling in sensor networks. Sensors
are characterized by their transaction times and
interdependencies. In the presence of interdependencies the
problem of optimal scheduling to minimize the overall
transaction/response time is modeled as a graph partitioning
problem. Graph partitioning problem is a well known NP-
complete problem. A methodology and cost function is
developed to solve the problem. A swarm intelligence based
algorithm, particle swarm optimization (PSO) is used to solve
the problem. The PSO algorithm solves the problem and
emerges with a optimal schedule.   

I. INTRODUCTION 

Multi sensor networks consist of varied sensor resources.
Different mission requirements imply different sensors to be
used at different times. When given a set of sensors for a par-
ticular mission, finding the optimal configuration of sensors
as well as network parameters is a challenging problem.
Scheduling the sensors in such a way that the total system
transaction time or response time is reduced is another chal-
lenging problem. 

This paper presents a particle swarm optimization based
approach to find the optimal sensor schedule in sensor net-
works. Each sensor is characterized by the time it needs for
processing as well as communicating. Scheduling of these
sensors is constrained by many practical issues such as com-
munication concurrency constraints, interdependencies, and
limited computational power at sink. The constraints limit
the parallel operation of some of these sensors. These con-
straints are modeled as conflicts (for resources) between the
sensors. In other words presence of a conflict between any
two sensors would restrict parallel operation of those two
sensors in the network. In the presence of such conflicts, the
scheduling of these sensors and reducing the total processing
time of the system is shown as an NP Complete problem.
Scheduling, as presented in this paper, maximizes parallel
operation in stead of sequentially following a schedule. An
optimization problem is formulated for this solution. A
memory-efficient evolutionary algorithm[3, 4, 5], particle

swarm optimization is used to solve this problem. The PSO
generates the optimal schedule off-line, which is used by the
sensor manager to schedule the sensors in real time. For
example, the following two constraints are presented in the
paper [1]:

1. Communication Concurrency Constraints: This con-
straint limits the sensors that can communicate or broadcast
information simultaneously in a region. This problem has
also been detailed previously in [2]. 

2. Interdependencies: Certain Sensors are dependent on
other sensors for carrying out their processing and hence
cannot start until they are finished.

In actual applications of sensor networks, there can be
many more such constraints, which limit the parallel opera-
tion of two sensors. For example in a biometric sensor net-
work, a camera can be used to take images of a face as well
as any other physical attributes. The camera would be con-
sidered as two different sensors but have to take measure-
ments one after another if the attributes are not in the same
image. The face image may contain more than one usable
image: face and iris. If the hand image is required, the cam-
era needs to be used sequentially. Designing a schedule hav-
ing the maximum parallelism reduces the total transaction
time but may not minimize it. There are many alternative
schedules with the same amount of parallelism achieving
different values of total time. 

The constraints discussed above are used to design a com-

patibility graph  for the N sensors in the system.

Each vertex in the graph represents a sensor. Presence of an
edge indicates that those two sensors can be operated in par-
allel. In other words there are no constraints between these
two sensors. Figure 1 shows a compatibility graph for 6 sen-
sors for the conflicts given in equation (1).

  (1)

where .....  are the sensors that have conflicts.

A conflicting graph can also be constructed based on the
above data and is a complement of the compatibility graph.

Gc V E,( )

C 1 2,( ) 1 3,( ) 1 4,( ) 1 6,( ) 4 5 6, ,( ), , , ,{ }=

Si Sj,( Sn )



This information in equation (1) is available to the sensor
manager of the network and rarely changes over time. The
subset of the sensors which have to be used depending upon
the mission often changes as shown in [13].
 

Fig. 1. Compatibility Graph for a set of 6 sensors for the conflicts presented 
in equation (1)

Now the optimal schedule can be determined by finding
the maximum clique and partitioning the graph into cliques.
A clique is a complete subgraph of the graph, where a com-
plete graph is one such that each vertex pair is joined by an
edge [6]. For example, in the above compatibility graph,
(2,3,6) is a clique. “A graph is partitioned into cliques if its
vertex set is partitioned into disjoint subsets, each one induc-
ing a clique” [6]. A clique partitioning problem can be
solved by iteratively searching the maximum clique of the
graph and deleting it from the graph until there are no verti-
ces left. For scheduling in the sensors networks, partitioning
the compatibility graph into cliques and scheduling members
of a clique together in a step (a time step) would reduce the
total time of the system considerably by achieving maximum
parallelism in sensors operation. However, with an increase
in the number of sensors and hence the degree of the graph,
the problem of finding the maximum clique becomes intrac-
table.

Graph partitioning algorithms only consider dividing the
graph into maximum cliques. In sensor network application
each node is a sensor and hence has its corresponding trans-
action time. Traditional graph partitioning algorithms would
find the maximum clique in the graph, while this alone does
not solve the problem in this case. In this application multi-
ple maximum cliques are present in the graph and hence can
be considered in finding the optimal schedule. In this paper a
cost function is designed to evaluate the maximum cliques
and hence select the optimal clique for the specific applica-
tion. The evaluation is closely attached to the objective of
the optimization, i.e., reducing the overall transaction time.

In Section 2, a motivational example is presented. In Sec-
tion 3, two additional concepts are presented and used to
determine the value of a clique. Section 4 presents the parti-
cle swarm optimization algorithm. The design of each parti-
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cle, cost function, and the algorithm flowchart are presented
in section 5. Section 6 presents the results achieved by using
the PSO algorithm. Finally, Section 7 concludes the paper. 

II. MOTIVATION 

Let the processing times for the 6 sensors be, as given, in
Table 1. For convenience, the units of the time are left

unspecified and can be anything from  to seconds. The
conflicts and the corresponding compatibility graph are
given in  (1) and Figure 1. Once the maximum clique is
found and the compatibility graph is partitioned, the follow-
ing schedule can be obtained. 

Step 1: [1,5]    

Step 2: [6, 3, 2]    

Step 3: [4]     

Total processing time for the system is given by 

It should be noted that the schedule presented above
involved the maximum clique possible in the compatibility
graph i.e., 2,3,6. The scheduler has hence scheduled them
together. 

Alternatively, a different schedule can be 

Step 1: [1,5]    

Step 2: [4, 3, 2]    

Step 3: [6]     

Total processing time for the system is given by 

There is a considerable 12.5 % reduction in the total time
of the system. Hence, this makes clear that clique partition-
ing the graph and finding maximum clique does not alone
solve the problem. There are again many alternatives from
which a selection has to be made. This also requires a search
algorithm that will attempt to reduce the time as much as

TABLE 1. Processing times of sensors 

Sensor 
Time 

(Units) 

1 3

2 4

3 3

4 7

5 5

6 2

µs

ts1 max t1 t5,( ) 5units= =

ts2 max t2 t3 t6, ,( ) 4units= =

ts3 max t4( ) 7units= =

t ts1 ts2 ts3+ + 16units= =

ts1 max t1 t5,( ) 5units= =

ts2 max t2 t3 t4, ,( ) 7units= =

ts3 max t6( ) 2units= =

t ts1 ts2 ts3+ + 14units= =



possible. This paper presents an evolutionary algorithm and
the methodology to solve this problem.

III. OPTIMAL SCHEDULING AND GRAPH PARTITIONING 

In addition to the traditional graph partitioning algorithm,
the key to optimal scheduling in sensor network application
is the following 4 rules. 

1. The clique with the maximum transaction time is given
preference. The algorithm simultaneously tries to maximize
the number of sensors running in parallel within the clique
with the transaction time. After removing this clique from
the graph, it iteratively repeats the procedure until all sensors
are in a clique. 

2. Always maximize the number of sensors in a clique.
This reduces the total number of cliques after partitioning the
whole graph. 

3. A special weighting value is assigned to each clique to
minimize the variation in sensor transaction time within the
clique. The weight is defined as the average of the transac-
tion times of the sensors in the clique. Besides minimizing
the range of transaction values in the clique, this also saves
only sensors with lower transaction times for further parti-
tioning and reduces overall transaction time of the system. 

4. Finally, a higher preference is given to the sensor with
the most conflicts. This is because partitioning of such a sen-
sor into a clique early on least affects the number of edges in
the compatibility graph. It should be noted that the higher the
number of edges in the compatibility graph, the greater the
possibility of finding the optimal cliques is. 

These four rules result in values that are attached to the
clique as it is formed and hence is evaluated in the algorithm
for possible selection. Again these rules are specific to the
application, i.e., reducing the overall transaction time of the
system. These rules are incorporated as shown later in Sec-
tion V. 

IV. PARTICLE SWARM OPTIMIZATION 

The particle swarm optimization algorithm, originally
introduced in terms of social and cognitive behavior by
Kennedy and Eberhart in 1995 [3], has come to be widely
used as a problem solving method in engineering and com-
puter science. PSO has since proven to be a powerful com-
petitor to genetic algorithms [5]. The technique is fairly
simple and comprehensible as it derives its simulation from
the social behavior of individuals. The individuals, called
particles, are flown through the multidimensional search
space with each particle representing a possible solution to
the multidimensional problem. The movement of the parti-
cles is influenced by two factors: its own best solution and
any particle’s best solution. As a result of the first factor, its
own best solution, each particle stores it in memory and
experiences a pull towards this position, called pbest, as it

traverses through the search space. As a result of the second
factor, the global best solution, the particle also stores this in
memory and experiences a pull towards this position, called
gbest. The first and the second factors are called cognitive
and social components, respectively. After each iteration, the
pbest and gbest are updated if a more dominating solution, in
terms of fitness, is found by the particle and by the popula-
tion, respectively. This process is continued iteratively until
either the desired result is achieved or the computational
power is exhausted. 

 The PSO formulae define each particle in the D-dimen-
sional space as .....  where the subscript

i represents the particle number, and the second subscript is
the dimension. The memory of the previous best position is
represented as ...... , and a velocity

along each dimension as ..... . After

each iteration, the velocity term is updated, and the particle
is pulled in the direction of its own best position, Pi, and the
global best position, Pg, found so far. This is apparent in the
velocity update equation, [12],

+

, and (2)

. (3)

V. PROBLEM FORMULATION 

1. Particle Representation 
The particle representation used in this paper is similar to

the representation used by [7] for an individual in the genetic
algorithm. Each particle has a dimension equal to the num-
ber of sensors ‘N’. Each particle has a binary representation
and is a possible clique. For example ‘110011’ is a particle
for 6 sensor systems and a ‘1’ implies presence of that partic-
ular sensor in the clique which the particle is representing. In
the above example the clique contains Sensors 1,2,5,6. 

2. The Cost Function 
The cost function is based on the two parameters pre-

sented in Section 3. Additionally a group weighting is also
defined as elaborated below. 

(4)

where N is number of sensors, ‘T’ is the transaction time of
the clique, ‘W’ is the weight attached to this group of sen-
sors. , , , are the weights given to each one of

them and  >>  >>  >> implying the importance

of each one of them. 
The transaction time for a clique can be calculated as 

(5)
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where  are the transaction times of the members (sensors)

forming the clique. 
=1000, if any of the dependencies are violated, (6)

    =0, otherwise. 
A factor of “N” is multiplied to this value in the cost func-
tion. “N” is the number of sensors in that violate dependency
in the clique. This gives proper direction to the swarm. In
absence of this multiplication factor of “N”, higher the num-
ber of sensors in the clique higher will be value of the rest of
the parameters added together. In successive iterations the
swarm converges to a clique containing all the sensors con-
sidering that algorithm is based on maximization of cost
function to achieve optimal results. 
The four parameters in the cost function are normalized.
This normalization is done after merging the “pbest” and the
“present” vectors together. After merging the whole new
vector is normalized and then separated into respective pbest
vector and present vectors.
‘W’ is the weight given to a clique. It is the average of the
transaction times of the sensors forming the clique. This
weight is necessary when there are two solutions each hav-
ing equal number of sensors, and consisting the same domi-
nating sensor in terms of transaction time. In such a case the
first two ‘N’ and ‘T’ will be equal for both the cliques. How-
ever, a better solution will be the clique having the sensors
with high transaction times when compared to other. For
having this type of case covered the cost function has this
additional value added defined as the weight given to the
group.
 In [6] a greedy algorithm is presented to partition the graph
into cliques. The algorithm does not however, partition the
graph in minimum number of cliques which is optimum. It is
not necessary that the optimum partitioning will always con-
tain maximum cliques possible in the graph. It is observed
that if a higher weight is given to the clique containing the
node, which has highest number of conflicts or in this spe-
cific application the sensor with highest restriction in terms
of operation, the iterative clique partition of the graph results
in less number of cliques than the greedy approach. This is
incorporated in the cost function as ‘C’. It is the summation
of all the possible conflicts that the members of the clique
have with the nodes still remaining in the graph to be parti-
tioned. Intuitively, this makes sense since removal of that
clique would not result in much loss of edges in the compati-
bility graph and leaves a lot of scope for further formation of
cliques in remaining nodes. 
It can be seen from above discussion that the design of a cost
function is very crucial for any optimization algorithm. For
particle swarm optimization algorithm it gives the direction
to the particles in the search space. 
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Fig. 2. Flowchart showing algorithm implementation 

3. The Algorithm
The particle representation is binary and hence binary

PSO has been used to evolve the cliques. The dependencies
and the transaction times are inputs to the PSO algorithm.
The PSO finds the optimal maximum clique. The sensors
forming this clique are removed and the dependencies are
updated as well as the transaction times. The new dependen-
cies and the transaction times are fed into the PSO again.
This is repeated iteratively till all the sensors are grouped.
The groups can now be scheduled one after another assum-
ing that there is no specific sequence required.

Figure 2 shows the flowchart of the algorithm imple-
mented to find the optimal groups of the sensors, which can
be run in parallel. 

The binary PSO as described in [12] is very similar to the
continuous model in terms of velocity update as in  (2). The
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difference is in position update equations. The position
update equation for the binary model is given by 

(7)

(8)

where is a vector of random numbers, drawn from a uni-

form distribution between [0,1]. 

VI. RESULTS AND DISCUSSION 

The algorithm has been applied to a set of 10 sensors. The
transaction times and the dependencies are drawn at random.
The transaction times for the sensors are given in Table II for
both the data sets. Figure 3 is the compatibility graph for the
first set of 10 sensors. In this graph each sensor is repre-
sented as a node. An edge between two nodes (sensors)
imply that they can be operated in parallel. This compatibil-
ity graph is partitioned into cliques using the PSO. The
resulting clique formation is shown in the graph and Table
III. The overall transaction time is minimized and an optimal
value of 62.1118 units is achieved for this data set. Alterna-
tively, a greedy approach is applied to the graph and the
resulting formation of cliques is presented in Table IV. The
greedy approach tries to find the maximum clique possible in
the graph, removes it from the graph, and iteratively does
this till all the nodes in the graph are partitioned into cliques. 

TABLE II.TRANSACTION TIMES FOR THE TWO SETS OF DATA 

Sensor #
Transaction 

Times: Data 1
Transaction 

Times: Data 2

Sensor 1 8.7556 7.6946

Sensor 2 18.7367 1.5489

Sensor 3 11.6713 13.1263

Sensor 4 15.2140 16.7593

Sensor 5 5.8753 15.7698

Sensor 6 12.2965 11.8410

Sensor 7 16.7738 18.1799

Sensor 8 14.3765 4.6053

Sensor 9 11.3873 16.5234

Sensor 10 6.6304 17.6905

ifρid s vid t( )( )thenxid t( )< 1 elsexid t( ); 0= =

s vid( ) 1
1 vid–( )exp+
---------------------------------=

ρid

Fig. 3.Clique Partitioning of the Graph Using Particle Swarm Optimization 
 

TABLE IV. OPTIMAL SENSOR SCHEDULE BASED ON GREEDY APPROACH

It should be noted that the algorithm can be modified to
greedy approach by setting all other weights equal to zero
except for  and setting =1. A suboptimal result with

transaction times 72.9456 units is achieved. 
Figure 4 is the conflict graph for the second set of data.

Again each node represents the corresponding sensor. An
edge between any two sensors, however, imply that they
have a conflict and cannot be operated in parallel. It should
be noted that conflict graph is a complement of the compati-
bility graph. A conflict graph is solved by the well known
graph coloring technique. It does the same as the clique par-
titioning does to compatibility graph. By applying the PSO
to the compatibility graph for the second set of data the
cliques presented in Table V were achieved. In figure 4 the
cliques are the nodes in same color. The overall transaction
time is minimized to 54.1786 units. 

TABLE III. OPTIMAL SCHEDULE FOR THE FIRST SET OF SENSORS

Time 
Step 

Sensors 
(PSO) 

Transaction 
Times Total Time 

1 1, 2, 8 18.7367 18.7367

2 5, 6, 7 16.7738 35.5105

3 3, 4, 10 15.2140 50.7245

4 9 11.3873 62.1118

Time 
Step 

Sensors 
(Greedy) 

Transaction 
Times Total Time 

1 1, 5, 6, 8, 10 14.3765 14.3765

2 2, 4 18.7367 33.1132

3 7 16.7738 49.8870

4 3 11.6713 61.5583

5 9 11.3873 72.9456
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Fig. 4.Conflict Graph and Corresponding Optimal Graph Coloring Using 
PSO 

TABLE V.OPTIMAL SCHEDULE FOR SECOND SET OF SENSORS 

VII. CONCLUSIONS

This paper presented a graph partitioning based approach
to group the sensors for parallel operation and scheduling.
An evolutionary algorithm, particle swarm optimization
algorithm has been used to search through space for an opti-
mal solution. Traditionally, graph partitioning focusses on
finding the minimum number of partitions of the graph. For
minimizing transaction time for the sensor network schedul-
ing application, it is shown that graph partitioning is not
enough. Additional parameters have been added to the cost
function to make a more robust design of the algorithm min-
imizing the transaction time. 

Alternative cliques are formed and evaluated by the algo-
rithm while partitioning the graph and an optimal clique is
selected. The algorithm has successfully found the optimal
solutions leading to minimum overall transaction times for
the system. Comparisons with the greedy graph partitioning
algorithm show that better solutions can be found by apply-
ing constraints and costs to the clique formation. 

In future work, evolution of cost function weights specific
to the input graph can be implemented using multiple PSO
agents. Such algorithms show promise for better solutions. 

Time 
Step 

Sensors 
(PSO) 

Transaction 
Times Total Time 

1 3,7,9 18.1799 18.1799

2 5, 8, 10 17.6905 35.8704

3 1,4,6 16.7593 52.6297

4 2 1.5489 54.1786
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