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Abstract— Sensor networks are commonly used for security
and surveillance applications. As sensor nodes have limited
battery paower, computing, and storage resources, the energy
efficient security techniques are needed. We provide a new heuris-
tic approach to search for balanced and small weight routing
spanning trees in a network. The approach is a modification
of Kruskal’s minimum spanning tree (MST) search algorithm
and is based on a distributed search by hierarchical clusters. It
provides spanning trees with a lower maximum degree, a bigger
diameter and can be used for balanced energy consumption
routing in wireless sensor networks (WSNs). The approach can
be implemented in parallel as well as a simple locally distributed
algorithm. Simulations of a realistic scenario WSN are done
based on the transmission energy matrix. The simulation results
show that the proposed approach can extend the functional
lifetime of a WSN in 3− 4 times in terms of sensor transmission
energy. Possible preliminary clustering of the input network is
considered as well.

I. INTRODUCTION

A wireless sensor network (WSN) usually consists of up to
several hundred small autonomous devices to measure some
physical parameters. Each device contains a processing unit
and a limited memory as well as a radio transmitter and a
receiver to be able to communicate with its neighbours. Also,
it contains a limited power battery and is constrained in energy
consumption. There is a base station, which is a special sensor
node used as a sink to collect information gathered by other
sensor nodes and to provide a connection between the WSN
and a usual network.

A homogeneous WSN consists of wireless sensor devices of
the same kind. All the devices have the same set of limited
resources and, originally, no hierarchy is imposed on the
network structure and communications. In a network of this
kind, the only special sensor node is a base station. For all the
other nodes, it is necessary to construct and switch the routing
trees and communications efficiently so that all network nodes
stay in operation as long as possible. Therefore, in this case,
it is important to be able to construct and switch routing
communications uniformly and efficiently with respect to the
energy consumption of each particular sensor. This has to be
done to optimize the functional lifetime of the whole network.

A routing algorithm allows the sensor nodes to self-organize
into a WSN. As stated in [1], an important goal in WSN design
is to maximize the functional lifetime of a sensor network
by using energy efficient distributed algorithms, networking
and routing techniques. Our paper focuses on achieving these
goals. To maximize the functional lifetime, it is important
to be able to find a routing spanning tree that minimizes
the maximum energy consumption of each particular network
node, i.e. a balanced energy consumption spanning tree to
disseminate and gather sensed data. The problem can be
considered as a weighted variant of the classical minimum
degree spanning tree (MDST) problem which is known to be
NP -hard (e.g., see [2]) with the additional goal to keep the
resulting tree diameter as small as possible.

In this paper, we address issues related to the energy
efficient routing in WSNs by constructing balanced routing
spanning trees in an undirected weighted simple graph rep-
resented by a weighted adjacency matrix. The approach is
based on a distributed version of Kruskal’s minimum spanning
tree (MST) search algorithm and is equivalent to a smallest
possible spanning tree extension in hierarchical clusters of
the network nodes. To make the distributed spanning tree
search more efficient, the input graph is preliminary clustered
by a recursive bipartite hierarchical clustering. The recursive
clustering into two equal parts intends to minimize the intra-
cluster distances and to maximize the inter-cluster distance.
This is a heuristic approach which is well supported by
simulation results.

II. TRANSMISSION ENERGY MATRIX AND ROUTING
SPANNING TREES

We represent a WSN by an undirected simple graph G:
vertices of the graph correspond to the sensor nodes, and
edges are existing bidirectional communication links between
the nodes. If G is the network graph of order n, then V (G) =
{v1, v2, ..., vn} is the set of vertices of G and di denotes
the degree of vi. Denote by δ = δ(G) and ∆ = ∆(G),
respectively, the minimum and maximum vertex degrees of
G. Let N(v) denote the neighbourhood of a vertex v in G,
and N [v] = N(v) ∪ {v} be the closed neighbourhood of v.



Usually, a WSN is mathematically modelled as a unit or
quasi-unit disk graph. These are the most natural and general
graph models for a WSN. In a unit disk graph model, nodes
correspond to sensor locations in the Euclidean plane and are
assumed to have identical (unit) transmission ranges. An edge
between two nodes means that they can communicate directly,
i.e. the distance between them is at most one. A survey of
known results on unit disk graphs, including algorithms for
constructing dominating sets, can be found in [3]. A quasi-
unit disk graph model by [4] takes into consideration possible
transmission obstacles and is much closer to reality: we are
sure to have an edge between two nodes if the distance
between them is at most a parameter d, 0 < d < 1. If the
distance between two nodes is in the range from d to 1, the
existence of an edge is not specified. A description of several
more restricted geometric graph models for WSN design, e.g.,
the related neighborhood graph, Gabriel graph, Yao graph etc.,
can be found in [3].

In this paper, we represent a sensor network by using the
following weighted graph model. We assume that sensor nodes
are randomly placed on a square 100m × 100m grid in a 2-
dimensional Euclidean space (the plane), and are in the mutual
transmission range. However, certain links are broken, which
can be due to some obstacles, e.g., tress, walls, etc., situated
between sensors. Therefore, the underlying graph is not com-
plete, and some pairs of nodes cannot communicate with each
other directly. For other links, the transmission energy level is
set up to be equal to 21mJ, 29mJ, or 42mJ,1 depending on
the Euclidean distance between the corresponding two nodes.
Clearly, this model based on the Euclidean distance can be
made more flexible to incorporate the transmission signals
weakened by obstacles. In this case each pair of nodes would
decide separately which transmission energy level it needs to
communicate properly.

A routing tree T is a spanning tree of the network graph
G that specifies routing neighbors information for the graph
vertices (network nodes). We assume that each link is used
exactly once in both directions in each of the data gathering
or distribution communication rounds. Hence, it is possible to
consider undirected spanning trees to balance communication
costs, and any vertex can be chosen to serve as the root node
to communicate with the base station. Also, in this model, we
assume that consumed receiving energy of each node can be
neglected with respect to its transmission energies in each of
the communication rounds. All transmissions over the links
are assumed to have data packets of the same size, i.e. the
transmission energy does not depend on the volume of useful
data contained in a communication over a link. Eventually,
the redundancy can be used to pass some control or service
information between nodes.

We are interested in finding a routing spanning tree that
minimizes the maximum energy consumption among all nodes
in the network. In other words, denote by T the set of all
possible spanning trees of the network graph G, and by ET

i the
transmission energy consumed by a vertex vi, i = 1, 2, . . . , n,

1These values are based on three transmission power levels for TmoteSky
of Sentilla, http://www.sentilla.com.

in one communications round prescribed by a spanning tree
T ∈ T . Then the maximum node consumption ET

max of the
tree T is

ET
max = max

1≤i≤n
ET

i ,

and we try to find a spanning tree Topt such that

ETopt
max = min

T∈T
ET

max = min
T∈T

max
1≤i≤n

ET
i . (1)

This problem can be considered as a weighted version of the
classical minimum degree spanning tree (MDST) problem,
which is known to be NP -hard but admits a polynomial-time
approximation within an additive term of +1 (see [2]). Also,
in addition to finding a spanning tree close to or satisfying
condition (1), we are interested in having the resulting span-
ning tree diameter as small as possible. The latter condition
is motivated by reliability of WSN functioning and appears to
be concurrent with condition (1). Therefore we leave it up to
a WSN designer to decide which parameter is more important
in a particular given situation or what combination of two
parameters to choose.

A routing spanning tree T can be used for several rounds to
gather or distribute data in the network G. However, making
use of the same routing tree T would consume energy of some
nodes faster than others. Therefore, it would be wise to have
a collection of routing spanning trees having the maximum
node consumption equal or close to E

Topt
max and switch the

routing trees after a certain number of rounds. This is another
motivation behind this research.

Finally, we would like to emphasize a particular interest in
approximation and randomized heuristic algorithms for mini-
mum spanning trees in WSNs. For example, see [5], [6] and
[7]. As simulations show, our distributed heuristic approach
finds spanning trees close to a MST with an additional property
of being closer to satisfy condition (1) to extend the functional
lifetime of a network.

III. DISTRIBUTED SPANNING TREE SEARCH BY CLUSTERS

Given a connected graph G and a cost or weight function
on the graph edges, one wants to find a spanning tree T of G
having the minimum total cost or weight among all possible
spanning trees. This problem is usually called the minimum
spanning tree problem that has many important applications.
Most popular classical minimum spanning trees are depth-
first and breadth-first spanning trees. These spanning trees can
be obtained by running Prim’s and Kruskal’s minimum span-
ning tree search algorithms (modified versions), respectively.
For more information about these algorithms and depth- or
breadth-first search, see, for example, [8].

A depth-first spanning tree may be characterized by a big
height (diameter), and it looks more like a path or a high tree
with only few branches. A breadth-first spanning tree usually
has a relatively big number of branches, a small diameter, and
looks more like a star (i.e., bushy). To find a routing spanning
tree T close to or satisfying condition (1) for an optimal
spanning tree Topt, we use a modified version of the classical
Kruskal’s minimum weight spanning tree search algorithm. A
spanning tree found by the distributed version of Kruskal’s



algorithm looks like an intermediate spanning tree between
depth-first and breadth-first spanning trees. This provides an
alternative structural solution to the spanning tree problem that
is more balanced with respect to the tree height (diameter), the
number of branches, and the tree vertex degrees.

The classical Kruskal’s algorithm works as follows. At
each step of the algorithm the vertices of an input graph G
are partitioned into subsets corresponding to “small” subtrees
(initially, each vertex of G is a subtree). Then one is trying to
find an edge of G connecting vertices of two different “small”
subtrees and having the smallest possible weight among all
such edges. If such an edge is found, then amalgamate the
corresponding two “small” subtrees into a bigger subtree by
adding the edge. Notice that we have to be sure that the new
edge does not create a cycle in the tree we are searching
for. The algorithm can be implemented by using adjacency
linked lists or matrix representation of the input graph G, and
it returns a spanning tree or a maximal spanning forest T of
G of the minimum weight.

Our distributed heuristic strategy is to find a spanning
tree by searching for “best possible” minimum spanning tree
extensions in hierarchical clusters. It is not attached to a
particular parallel or distributed memory model and is possible
to run as a sequential algorithm. The main objective is to find a
small weight spanning tree that has a more balanced structure
to satisfy or get closer to condition (1).

Our distributed spanning tree search strategy works as
follows. We assume the input graph G is represented by its
weighted adjacency matrix. An implementation by using a
linked list representation of G would be complicated due to
irregularities in the data structure. At each step of our algo-
rithm the vertices of G are partitioned into subsets (clusters).
Each subset (cluster) finds a best possible extension of a
spanning tree or maximal forest on its own vertices by using
an approach similar to Kruskal’s algorithm. Then half of the
clusters amalgamate in pairs with the other half, and each pair
of clusters (a bigger cluster) completes the spanning forest at
hand to a spanning tree or maximal forest by using available
smallest possible weight edges in the bigger cluster.

A pseudo-code of the distributed spanning tree search is
presented in Algorithm 1, as shown in Figure 1. An initial
number of clusters is assumed to be a power of 2 and is
denoted by the variable NC = 2k, k ≥ 0. The number of
vertices in the input graph G is also assumed to be a power
of 2. This requirement can be satisfied by introducing fake
vertices into the input graph or ignored by initially dividing
the graph vertices into “almost” equal-size clusters.

Algorithm 1 is a heuristic algorithm that finds a smallest
possible weight spanning tree T in the input graph G by
extending minimum weight spanning trees or maximal forests
in hierarchical clusters. In other words, the weight of the
spanning tree returned by Algorithm 1 may be suboptimal
(bigger) with respect to a minimum weight spanning tree found
by the classical Kruskal’s Algorithm. However, Algorithm
1 can be run as a distributed algorithm or in parallel on
shared or distributed memory system, and usually finds a
spanning tree which is more balanced with respect to depth-
first and breadth-first search trees. Also, notice that the output

of Algorithm 1 depends on the initial clustering of the input
graph vertices, the initial number of clusters, and how the
clusters are amalgamated in pairs later.

To illustrate in an intuitive way how Algorithm 1 works
and to explain its distributed computational structure, let us
consider a graph adjacency matrix M and how it would be
browsed by the algorithm when k = 0, 1 and 2 (1, 2 and 4
initial clusters, respectively).

When k = 0, we have 20 = 1 initial cluster, and Algorithm
1 is the same as the Kruskal’s Algorithm. In this case, it simply
browses the upper right triangle (over the main diagonal) of
matrix M to find a smallest weight edge to add it, whenever
this is possible, to the minimum weight spanning tree T under
construction.

In case k = 1, we have 21 = 2 initial clusters. First,
Algorithm 1 browses two triangles in matrix M (see Fig. 2)
corresponding to subgraphs G1 and G2 induced by two
clusters of vertices to find minimum weight spanning trees or
maximal forests T1 and T2 for each of the subgraphs. Then, in
the next iteration, Algorithm 1 amalgamates the two clusters of
vertices into one and completes the spanning trees or maximal
forests T1 and T2 to a spanning tree T of G by browsing edges
connecting G1 and G2. These edges are located in the grid
square of matrix M that completes the triangles corresponding
to G1 and G2 to the upper right triangle of matrix M (see
Fig. 2).
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Fig. 2. Browsing an adjacency matrix M starting with two clusters.

In case k = 2, we have 22 = 4 initial clusters. First,
Algorithm 1 browses four triangles in matrix M (see Fig. 3)
corresponding to subgraphs G1, G2, G3 and G4 induced by
four clusters V1, V2, V3, V4 of vertices to find minimum weight
spanning trees or maximal forests T1, T2, T3 and T4 for each
of the subgraphs. Then, in the next iteration, Algorithm 1
amalgamates four clusters of vertices into two clusters induced
by V (G1) ∪ V (G2) and V (G3) ∪ V (G4), and extends the
spanning trees or maximal forests T1 and T2, T3 and T4

to a spanning tree or maximal forest of V (G1) ∪ V (G2),
V (G3)∪V (G4), respectively. This is done by browsing edges
connecting G1 and G2, G3 and G4, respectively, which are
located in two grid squares of matrix M that complete the
triangles corresponding to G1, G2, G3 and G4 to two bigger
triangles in matrix M (see Fig. 3). Finally, in the last iteration,
Algorithm 1 amalgamates two clusters of vertices into the
vertex set V of the whole graph G and completes the two
corresponding spanning trees or maximal forests to a spanning
tree T of G by browsing edges in the big striped square of



ALGORITHM 1
Input: A weighted adjacency matrix of a graph G = (V, E); an integer k, k ≥ 0.
Output: A spanning tree T = (V, E′) of G.

1: /* Initialization */
2: Set NC ←− 2k

3: /* Initial number of clusters */
4: nC ←− n/NC

5: /* Compute the initial cluster size */
6: Partition V (G) into NC (almost) equal-size clusters V1, V2, . . . , VNC

7: /* Each cluster Vi induces a subgraph Gi of G on nC vertices,
8: i = 1, 2, . . . , NC, V1 ∪ V2 ∪ . . . ∪ VNC = V (G), Vi ∩ Vj = ∅, i 6= j */
9: for each induced subgraph Gi of G, i = 1, 2, . . . , NC, do
10: Find a minimum weight spanning tree or maximal forest Ti of Gi

11: /* Use Kruskal’s Algorithm */
12: end for
13: while NC 6= 1 do
14: for V1, V2, . . . , VNC/2 do
15: Amalgamate sets Vi, i = 1, 2, . . . , NC, in pairs to obtain a new partition of
16: V (G) into NC/2 clusters and the corresponding spanning trees or maximal forests
17: Vi ←− Vi ∪ Vi+NC/2

18: Ti ←− Ti ∪ Ti+NC/2

19: Extend Ti to a smallest possible weight spanning tree or maximal forest of Gi

20: induced by bigger Vi, i = 1, 2, . . . , NC/2
21: /* Use Kruskal’s Algorithm */
22: end for
23: Put NC ←− NC/2
24: /* Update the number of clusters */
25: end while
26: Put T = Ti;
27: /* T is a spanning tree of G */
28: RETURN E′(T )

Fig. 1. Distributed balanced spanning tree search

M (Fig. 3).
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Fig. 3. Browsing an adjacency matrix M starting with four initial clusters.

As an illustration of a balanced spanning tree structure
and its dependance on the initial number of clusters NC , let
us consider spanning trees obtained by Algorithm 1 for the
complete graph K16 on 16 vertices all whose edges have the
same weight, e.g., equal to 1. Clearly, a depth-first search run
on K16 would produce a spanning tree which is a path P16.
Therefore, ETopt

max = 2 in this case. However, such a spanning
tree for a WSN would have several major drawbacks. For
example, its big diameter, equal to 15, would lead to a long
data gathering path that would accumulate too much data to
transfer to the final (sink) node. And, if one of the intermediate
nodes of degree 2 on the path fails, this could lead to a big
data loss.

On the other hand, the Kruskal’s Algorithm, as a breadth-
first search, would return a star K1,15. The same spanning
tree is returned by Algorithm 1 when the initial number of
clusters is equal to one (see Fig. 4). In this case, EK1,15

max = 15,
which is much bigger than the optimal value 2, and node 1
is going to consume all of its energy much faster than other
nodes whose degree is 1. In other words, the load of node
1 is too big, and its failure would make the whole network
non-operational. However, the diameter of K1,15 is small and
equal to 2.

1

2

3

4

5

6

7

8

9
10

11
12

13 14

15

16

Fig. 4. Spanning tree obtained from 1 initial cluster.

In case of eight initial clusters in Algorithm 1, the maximum
vertex degree in the resulting spanning tree is equal to 4
(vertices 1 and 5 in Fig. 5). This is better than in case of



one, two or four initial clusters. The diameter of the resulting
tree is equal to 7 (Fig. 5) which is much better than in case of
a spanning path when the diameter is equal to 15.
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Fig. 5. Spanning tree obtained from 8 initial clusters.

When properly implemented, the time and space complexity
of Algorithm 1 are the same as those of Kruskal’s Algorithm.
However, it depends on how the partition into clusters, the
hierarchical amalgamation of clusters, and corresponding sub-
trees and maximal forests are implemented. As a reminder,
main issues in the complexity analysis of Kruskal’s Algorithm
(e.g., see [8]) come from how the graph edges are stored (e.g.,
in a heap) and how their sorting is implemented (e.g., by using
a heap-sort) to select a smallest weight edge at each iteration.

IV. SIMULATIONS WITH RANDOM DATA

To show the effectiveness of applying Algorithm 1 for en-
ergy efficient routing in WSN’s, we did simulations with ran-
dom data as follows. First, by using software Groups&Graphs
[9], we generated 10 random underlying graphs to simulate
sensor networks with 64 sensor nodes and 99%, 98%, . . . , 90%
operational links, respectively. Then, each of the 64 sensor
nodes of each particular network was given, uniformly at
random, two-dimensional coordinates (x, y) on the 100× 100
grid, 0 ≤ x ≤ 99 and 0 ≤ y ≤ 99. After that, an adjacency
matrix weighted by the Euclidean distances between each
pair of nodes was computed. Finally, an adjacency matrix
M weighted by the necessary transmission energy levels,
21mJ, 29mJ, or 42mJ, was computed as follows. If the
Euclidean distance between two nodes was less than 40, then
the corresponding entry in M was set up to be equal to 21mJ,
if the distance between two nodes was in the range from 40
to 80, then the necessary transmission energy entry in M was
set up to be equal to 29mJ, and, if the distance was more than
80, the required transmission energy entry in M was set up
to be equal to 42mJ.

These simulations provide a realistic scenario of a dynamic
environment which is close to a WSN environment. In a real
life WSN some links may become non-operational in a random
way even if two corresponding sensors are in the mutual
transmission range. This can be a result of permanent or
temporary obstacles and some noise in the radio transmission
environment. Therefore we randomly choose 1 − 10% of all
links to be out of operation. The placement on the grid may
correspond, for example, to sensors fixed on apple trees of an
orchard.

Clearly, Algorithm 1 is a heuristic that is sensible to the
order of vertices of the network graph represented in its
adjacency matrix M : two different adjacency matrices for

the same graph G = (V,E) would normally produce two
different spanning tree outputs. Since there are exactly n!
different orderings of the graph vertices, n = |V (G)|, it is
computationally inefficient to browse through all the vertex
orderings of G to find a best possible ordering for the input
matrix M . Therefore, we have applied a preliminary clustering
procedure to the input graph G to obtain a better adjacency
matrix M for the input of Algorithm 1. The preliminary
hierarchical clustering algorithm is a heuristic that at each
recursive iteration tends to minimize the coefficient

k(H,C1, C2) =
d̄C1 + d̄C2

d̄C1×C2

(2)

for a graph H = (V ′, E′), where d̄C1 and d̄C2 are the
average intra-cluster distances for two clusters C1 ⊂ V ′

and C2 ⊂ V ′, respectively, |C1| = |C2|, C1 ∪ C2 = V ′,
C1 ∩C2 = ∅, and d̄C1×C2 is the average inter-cluster distance
for all different pairs of nodes (x, y), x ∈ C1, y ∈ C2.
A recursive iteration stops when the hierarchical clustering
algorithm finds the first (local) minimum of the coefficient
k(H,C1, C2) by interchanging a closest vertex x ∈ C1 to
the cluster C2 with the closest vertex y ∈ C2 to the cluster
C1. The preliminary hierarchical clustering is applied to the
original energy transmission matrix M . In many cases, this
allows us to improve the output results of Algorithm 1 (see
Table I).

Table I shows the average statistics for the simulation
results for 10 randomly generated networks with 99%-90%
operational links, respectively. One can see that, in all cases,
application of Algorithm 1 significantly improves the maximal
energy consumption by node with an insignificant increase in
the total energy consumption by the resulting routing spanning
tree in the network. The best routing spanning tree with
respect to the parameter E

Topt
max of Condition 1 is usually

provided by 32 or 16 initial clusters. One can see that,
usually, the preliminary hierarchical clustering of the input
graph G provides slightly better results for the maximum
energy consumption by node in the resulting spanning tree.
In general, with respect to the maximum energy consumption
by node, the results of Algorithm 1 with 32 initial clusters
applied to a preliminary clustered adjacency matrix M are 3.26
times better than the results of Kruskal’s Algorithm and 3.92
times better in case of the preliminary unclustered adjacency
matrix M . The corresponding increase in the total spanning
tree weight is only 1.22 times in case of preliminary clustered
inputs and 1.21 times in case of unclustered inputs.

TABLE I
AVERAGES FOR THE SIMULATION RESULTS ON 10 RANDOM NETWORKS.

Average for Networks 1-10 (99-90% of links)
clusters 1 2 4 8 16 32
Total tree weight 1323 1323 1340.6 1386.2 1531 1615.4
Max node energy 430.5 264.6 197.7 169.2 136.4 132.2
Total tree weight 1323 1323 1332.6 1416.6 1524.4 1599.9
Max node energy 512.4 281.4 196.7 173.2 142.7 130.6



V. FINAL REMARKS AND CONCLUSION

Balanced routing spanning tree search (Algorithm 1) pro-
vides a significant improvement with respect to the maximum
energy consumption by node and insignificantly increases the
total weight of a routing minimum spanning tree in WSN.
However, the algorithm takes into consideration only the
transmission energy matrix of a WSN and requires modeling
by a non-directed graph. Eventually, Algorithm 1 may show
a better performance by trying other preliminary hierarchical
clustering strategies for the input graph G, e.g., a classical
k-means clustering approach. Also, usually, Algorithm 1 with
a bigger initial number of clusters provides better results in
terms of minimizing the maximum energy consumption of a
sensor node. However, since a bigger initial number of clusters
normally provides a spanning tree with a bigger diameter, it
is left to the user to decide on the initial number of clusters.
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