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Abstract. Wireless sensor networks is a key technology for new ways of
interaction between computers and the physical environment. However,
the energy constrained and limited computing resources of the sensor
nodes present major challenges in gathering data. Since sensor nodes are
densely deployed, redundant data may occur. While cluster-based data
gathering is efficient at energy and bandwidth, it’s difficult to cluster
network efficiently. In this work, a new distributed clustering algorithm
for ubiquitous sensor network is presented. Clustering is based on the
distance between nodes and the number in a cluster for wireless sensor
networks. Simulation results show that the proposed algorithm balances
the energy dissipation over the whole network thus increase the amount
of data delivery to the sink.

1 Introduction

A sensor network is composed of a large number of sensor nodes that are densely
deployed either inside the phenomenon or very close to it [1]. The number of
sensor nodes in a sensor networks can be several orders of magnitude higher
than in an ad hoc network [2]. This factor contributes to a drastic increase
in traffic of sensor network protocols [3]. Thus it may cause explosive traffic
without in-network data processing, e.g. data aggregation. The effective strategy
to solve above described problem is cluster-based routing and data aggregation
[4]. However, the algorithmic complexity of clustering is known to be NP-hard for
finding c optimal clusters in network while it is efficient at energy and bandwidth.
Thus, it is difficult to find optimal solution, and consequently clustering is usually
performed by some heuristics. The problem we address is to cluster the network
distributedly to balance the energy consumption over the whole network while
minimizing the overhead of clustering, thus to increase the energy efficiency.
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To achieve this goal, we analyze the difference in energy consumption between
nodes according to node proximity to its neighbors and propose a new distributed
clustering algorithm.

The rest of the paper is organized as follows: in section 2, related works,
we survey the previous works related to clustering network. In section 3, we
determine the cause of difference in energy consumption between nodes, then get
the criteria. Section 4 defines the problem and presents the proposed clustering
algorithm. Section 5 discusses detailed experimental results. Finally, Section 6
gives concluding remarks and directions for future work.

2 Related Works

In this section, we discuss related works for clustering of sensor network. There
are already a lot of works related to clustering network. LEACH [5] analyzes
the performance of cluster-based routing mechanism with in-network data ag-
gregation. LEACH leverages balancing the energy load among sensors using
randomized rotation of cluster heads, but it does not guarantee good cluster-
ing head distribution. In ACE [13], the author clusters the sensor network in
constant number of iterations using the node degree as the main parameter. In
HEED [14], they show a distributed clustering algorithm which selects cluster-
heads based on residual energy of each node. However, they require too much
iteration with transmitting the control packets. V. Mhatre and C. Rosenberg
[11] formulated the required number of clusterheads and the required battery
energy of nodes for both single hop and multi-hop communication mode.

GAF [6], SPAN [7], and ASCENT [8] tried to select a minimum number of
nodes which join the multi-hop infrastructure. GAP, SPAN, and ASCENT share
the same objective of using redundancy in sensor networks to turn radios on and
off, thus prolong network lifetime. It does not guarantee optimal c clusterheads.
In CLUSTERPOW [10], nodes are assumed to be non-homogeneously dispersed
in the network. A node uses the minimum possible power level to forward data
packets, in order to maintain connectivity while increasing the network capacity
and saving energy.

Recently, T. J. Kwon et al. proposed passive clustering (PC) which does not
run clustering algorithm periodically but uses piggybacking with on-demand
routing in ad hoc network or sensor network [9]. In [12], authors proposed the
division and merger based clustering in ad hoc networks. However, they did not
consider the optimal number of clusters. The above two clustering algorithms
intends to maintain the connectivity and to reduce the communication cost in
networks in which nodes move. However, mobility of nodes in sensor network
is rare. They do not take account for aggregating data and balancing energy
consumption. Sensor networks require balancing the energy consumption, since
data generated in a sensor network are too much for an end-user to process and
data from close sensors may be highly correlated [4]. Thus methods for clustering
the network well distributedly and combining data into a small set of meaningful
information are highly required.
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In this paper, we will show a clustering scheme which achieves the well dis-
tributed clustering over the whole network by using the nodes’ remaining energy
and the number of nodes within a cluster.

3 Analysis of Energy Consumption

In this section, to address our problem, we define simple network model and
analyze the source of difference in energy consumption between nodes in case of
cluster-based network. Then we propose a new clustering algorithm to balance
energy consumption taking advantage of the analysis results.

Our network model is that sets of sensors are homogeneously dispersed on a
regular field. Network has following properties:

(i) Network is consist of homogenous nodes.
(ii) The nodes are quasi-stationary after deployment.
(iii) All nodes have equal initial energy and similar capabilities.
(iv) Each node has a fixed number of transmission power levels and can control

the level.
(v) Each node functions as either a clusterhead or an ordinary sensor node.

To analyze the main cause of difference in energy consumption between
nodes, we build a simple network communication model similar to the one in
[5] in which the amount of energy required to transmit a packet over distance
d is given by l + µdk, where l is the amount of energy spent in the transmitter
electronics circuitry, while µdk is the amount of energy spent in the RF am-
plifier to counter the propagation loss. Network consists of nodes, N , and the
actual number of clusterheads, c, become clusterheads in each round. Each node
become clusterhead once every N

c round, receive data from its cluster member
sensor, and transmit the aggregated data to the sink. Otherwise, nodes join the
nearest clusterhead and transmit acquired sensor data to it every N

c − 1 rounds.
The nodes consume their energy differently in cluster-based network depend-

ing on their role: when they are clusterhead and when they are ordinary sensor
nodes.

First, we analyze the maximum difference of energy consumption when nodes
are clusterheads. If nodes are dispersed homogeneously and clustering is well dis-
tributed, one clusterhead contains N

c − 1 sensor nodes. The energy consumption
of receiving data at clusterhead: (N

c − 1)l, the energy consumption of aggregat-
ing data: (N

c − 1)DA where DA is the energy on data aggregation, the energy
consumption of transmitting data to the sink: l + µdk. The distance of the far-
thest node from the sink: dmax, the distance from the nearest node from the
sink: dmin. The difference in energy consumption between two nodes in case of
clusterhead, DCH , is defined as follows:

DCH ≈ µ(dmax
k − dmin

k) (1)

We simply set the size of sensor field to [0, 0] to [A, A] and the sink located on
the end of the sensor field. Since the maximum distance in this field is assumed√

2A, the greatest difference in energy consumption is approximately µ(
√

2A)
k
.
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Second, we calculate the greatest difference of energy consumption when
nodes are ordinary sensor nodes. The energy consumption of each node as an
ordinary node is (N

c −1)(l+µdk). The energy of consumption varies depending on
the distance of the nearest N

c −1 nodes which become clusterheads in turn. Since
we assume the size of sensor field is A2 and nodes are dispersed homogeneously,
the coverage of each node is A2

N and the radius of each node is A√
πN

. The distance
between two neighbor nodes is 2 A√

πN
. The transmission range which contains

N
c − 1 nodes is as Fig. 1 (a).

Fig. 1. (a)Numbers of neighbor per transmission range (b)Group classified by location
within sensor field

We substitute x for 2 A√
πN

. In case of transmission range x,
√

2x, 2x, and√
5x, the numbers of neighbor are 4, 8, 12, and 20 respectively. The numbers of

neighbor node within certain range depends on the relative location within the
sensor field. We categorize the nodes into three groups: the first group, called
Group I, is located at the center of sensor field, the second group, called Group
II, is located at which half of node’s transmission range is out of sensor field, and
the third group, called Group III, is located at which three-quarters of node’s
transmission range is out of sensor field. If the location of a node is ni = (xi, yi),
N is 100, A is 100, and c is 5(5%), the transmission range is 2

√
5A√

πN
and each

group is as follows. We substitute α for 2
√

5A√
πN

. Fig. 1 (b) shows the location of
each group.

– Group I: (α ≤ xi ≤ (A− α)) ∧ (α ≤ yi ≤ (A− α))
– Group II (two cases):

((0 ≤ xi < α) ∨ ((A− α < xi ≤ α)) ∧ (α < yi < (A− α))
((0 ≤ yi < α) ∨ ((A− α < yi ≤ α)) ∧ (α < xi < (A− α))

– Group III:
((0 ≤ xi < α) ∨ ((A− α) < xi ≤ α)) ∧ ((0 ≤ yi < α) ∨ ((A− α) < yi ≤ α))
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The most difference in energy consumption between Group I and Group III
nodes, DORD, is defined as follows:

DORD ≈ µ




(√
40A√
πN

)k

−
(√

10A√
πN

)k

 (2)

We simulate energy consumption of sensor network. Network consists of 100
nodes, network field is 100×100, every node start at same energy level, 2J, and
the sink located from (50, 175) to (50, 225). Protocol runs clustering at every 20s
and 5% of all nodes are selected as clusterheads using a heuristic algorithm, the
simulated annealing [15], to build well-distributed clustering. After 20 rounds in
which every node become a clusterhead at once, we get the residual energy of
each node.

Group by location
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Fig. 2. (a)Residual energy per distance from the sink (b)Residual energy per group

Fig. 2 (a) shows the residual energy per the distance from the sink. The
simulation results reflect that the distance between neighbors affects the energy
consumption more than the distance between node and sink. The remaining
energy does not decrease linearly since nodes in the middle of network have
more neighbors than nodes in the fringe of sensor field. Fig. 2 (b) shows the
average residual energy per above described group. Network consists of Group
I: 24 nodes, Group II: 45 nodes, and Group III: 31 nodes.

In this section, we analyze the cause of difference in energy consumption
between nodes in the case of single hop with clustering. We conclude that it is
not effective that nodes become equally clusterhead in turn and node proximity
to its neighbors affects difference more than distance between node and sink.
Thus we choose the remaining energy of nodes, the distance between nodes
within a cluster, and the number of nodes in a cluster as clusterhead selection
criteria to balance energy consumption between nodes thus increase the amount
of data delivery.
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4 Proposed Clustering Algorithm

In this section, we describe our clustering algorithm, called Cluster-based self-
Organizing Data Aggregation (CODA) in detail. First, we define the clustering
problem we should address. Then, we propose a novel clustering algorithm based
on previous analysis.

The clustering algorithm we introduce should meet the following require-
ments:

(i) Clustering is performed distributedly. Each node independently makes its
decision based on local information.

(ii) Clustering terminates within a fixed number of iterations.
(iii) After clustering, each node is either a clusterhead or an ordinary node that

belongs to one clusterhead.
(iv) Clusterheads are well-distributed over the network field.

Clustering is basically time-based operation. Thus all nodes in the network are
synchronized and participate in the clustering at periodic intervals. In the per-
vious section, we show that clustering in which all nodes become clusterhead
once in fixed period results in unbalanced energy consumption. Thus we do not
restrict that all nodes should become clusterhead once in fixed period. We use
the remaining energy of nodes, distance between nodes in cluster, and the num-
ber of nodes in a cluster as parameter for selecting clusterhead. The algorithm
consists of three phases - the first elects clusterhead candidates based on the
remaining energy and reelect clusterhead which have minimum distance cost
within cluster (Init), the second merges clusters which have members below the
lower threshold (Merge), and the third partitions clusters which have members
over the upper threshold (Partition). In Init phase, each sensor i elects itself
to be a clusterhead at the beginning of Init phase with probability Pi(t). When
there are N nodes in the network, Pi(t) is as follows:

Pi(t) =
Ei(t)∑n

j=1(j∈N(i)) Ej(t)
× n

N
× k (3)

where Ei(t) is node i’s remaining energy, n is the number of neighbor in fixed
transmission radius, and c is the expected number of clusters. If Pi(t) is over
the random number in [0, 1], node i is a candidate for clusterhead. Each candi-
date broadcasts advertisement message and then ordinary nodes join the nearest
candidate. If ordinary node does not receive advertisement message, it become a
clusterhead by itself. Candidate clusterhead calculates the intra-cluster cost for
each member node. Intra-cluster cost for member node j is defined as follows.

Intra Cluster Costj =
∑

k∈Cluster(i)

((xj−xk)(xj−xk) + (yj−yk)(yj−yk))

Candidate clusterhead promotes the least cost node as new clusterhead if the
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Fig. 3. Flowchart of the Init procedure.
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node’s remaining energy is over the average in the cluster. The flowchart of this
procedure is shown in Fig. 3.

We introduce the Merge and Partition phase since the probabilistic cluster-
head election does not guarantee the expected number of cluster overall network
and well-distributed cluster. After Init phase, the Merge phase starts if there
is a cluster which has the member nodes below the lower bound (ThreshLower).
A candidate clusterhead which has to be merged broadcast the request mes-
sage (REQ MERGE) and then neighbour candidate clusterheads which do not
need to be merged reply (ACK MERGE) to the request message. Then merged
candidate clusterhead send the merge request message (REQ CH MERGE). If
there is no response, it diverge two case. If the cluster has member nodes, it
fixes it’s Pi(t) as 0.5 then processes the reelection. If the cluster do not have
member nodes, it generates the random number in [0, 1] to decide whether it is
still a clusterhead. When there is no neighboring candidate, it means that any
nodes do not become the candidate clusterhead during previous Init phase. The
flowchart of Merge is shown in Fig. 4 (a).

Fig. 4. (a)Flowchart of the Merge procedure (b)Flowchart of the Partition procedure.

After the Merge phase, candidate clusterhead which has the number of mem-
ber node over the upper bound (ThreshUpper) partitions the cluster. A candi-
date clusterhead chooses an additional candidate clusterhead which partitions
the cluster more evenly. The selection function, CHPART , is defined as follow:

CHPART = arg min
j∈cluster(i)

||Cluster(i)| − |Cluster(j)|| (4)



9

where |Cluster(i)| is the number of nodes in cluster i. If the number of
nodes in new cluster is below the lower bound (ThreshLower), existing candidate
clusterhead do not progress the partition. This is to prevent clustering from
going back to Merge condition. The worst case occurs when there is only one
candidate clusterhead over the whole network. However, the Partition process
will produce c clusters in log2 k. Therefore the clustering algorithm terminates
in fixed iterations. The flowchart of Partition is shown in Fig. 4 (a). To show the
energy efficiency of the proposed algorithm, we simulate a system of 100 nodes
on a 100 × 100 grid and analyze the results from several different points of view
in the next section.

5 Performance Evaluation

In this section, we evaluate the performance of the proposed algorithm via sim-
ulation. We use the same parameters defined in [5], shown in Table 1.

Table 1. Simulation parameters

Parameter Value

Network grid (0,0) × (100,100)

Sink Position (50, 175)

Threshold distance (dcrossover) 87m

εelec 50nJ/bit

εfriss−amp(< dcrossover) 10pJ/bit/m2

εtwo−ray−amp(≥ dcrossover) 0.0013pJ/bit/m4

εaggregation 5nJ/bit

Data packet size 500 bytes

Packet header size 25 bytes

Initial energy 2J

Number of nodes (N) 100

Number of clusters (c) 5

ThreshLower (N/c− (N/c)/2) = 10

ThreshUpper (N/c + (N/c)/2) = 30

We measure two metrics to analyze the performance of clustering algorithm:
Network lifetime measures the time of FND (First Node Die) and LND (Last
Node Die). This metrics indicates how well balance the energy consumption
over the whole network. Data Delivery is the total amount of data received
at the sink. This metrics defines the network efficiency (Data received / Total
energy spent). In addition, we observe the average number of cluster and average
number of member.

We compare the CODA to the LEACH and Node-Weight (by remaining
energy) clustering in terms of the above metrics. In LEACH every node becomes
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a clusterhead only once in N
c round and Node-Weight selects a node which has

the most remaining energy as a clusterhead in fixed radius. Fig. 5 (a) and Fig. 5

Fig. 5. (a)Number of nodes alive over time (b)Number of nodes alive per amount of
data sent to the sink

(b) show the total number of nodes that remain alive over the simulation time
and per amount of data received at the sink. While nodes remain alive for a
long time in Node-Weight, time of FND (First Node Die) is earlier than any
other method. This is because it keeps clusterheads having a regular distance
but it consider only in fixed range. We see that nodes in CODA deliver 23%
and 13% more data than LEACH and Node-Weight for the same number of
node deaths respectively. Fig. 6 (a) and Fig. 6 (b) show the total number of data

Fig. 6. (a)Total amount of data received at the sink over time (b)Total amount of data
received at the sink per given amount of energy

received at the sink over time and for a given amount of energy. Fig. 7 shows that
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CODA sends much more data to the sink in the simulation time than LEACH
and Node-Weight. It indicates that CODA can build more efficient cluster over
the whole network. Fig. 7 shows the reason why clustering performs differently.

LEACH CODA Energy-Weight
0

5

10

15

20

25

Average number of cluster
Standard deviation of the number of cluster
Average number of nodes in a clusterö
Standard deviation of the number of nodes in a cluster

Fig. 7. Average number of cluster, Standard deviation of number of clusters, Average
number of nodes in a cluster, and Standard deviation of number of nodes in a cluster.

Distance-based re-electing, merging, and partitioning enable CODA to achieve
a better cluster than LEACH and Node-Weight.

6 Conclusions

In this paper, we have introduced a new energy-efficient clustering algorithm for
wireless sensor networks. Our approach is to balance the number of nodes in a
cluster. Clusterheads are randomly selected based on their residual energy and
clusterhead migrates appropriately such that communication cost is minimized.
Then cluster is merged and partitioned based on the number of nodes in a
cluster. Simulation results show that CODA delivers more data than previous
works. Although we have provided an efficient clustering algorithm, it performs
only on single-hop network. We are currently incorporating CODA into a multi-
hop routing model for sensor networks.
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