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Abstract
A proper selection of suitable route is one of the most significant task in wireless
sensor networks for improving the performance of wireless sensor networks in
terms of throughput, latency, data integrity and energy efficiency in
dynamically changing, unreliable and asymmetric wireless channel. Choice of
route depends upon cost of link between the sensor nodes so that links between
the nodes with higher value of link cost may be discarded and links with lower
value of link cost may be considered for forwarding data packets. In this paper,
link cost estimation has been performed using Multilayer perceptron, Radial
Basis Function Neural Networks, Bayes Net, Naïve Bayes and C4.5 Decision
tree Machine learning algorithms and the performance of these machine
learning algorithms has been evaluated in terms of classification accuracy and
training time for a dataset obtained from fuzzy inference system of link cost
estimation. The results shows that C4.5 decision tree machine learning
algorithm have maximum classification accuracy of 94% among all the five
algorithms and is the most appropriate algorithm for estimation of link cost for
routing optimization in wireless sensor networks.
Keywords: Wireless Sensor Networks, Link Cost Estimation, routing
optimization, Machine learning algorithms

INTRODUCTION
Since last few years, wireless sensor networks (WSN) have gained worldwide attention
research community because of its utilization in variety of applications such as health
care, agriculture, railway bridge/track monitoring, defense applications, environment
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monitoring etc. Wireless sensor networks are used for monitoring the physical world
entities such as temperature, moisture, pressure, light etc. WSNs are self-organizing
networks consisting of low power sensor nodes which are capable of sensing,
processing and communicating with each other and with the base station or sink node.
There exist multiple constraints which leads to degradation of performance of these
networks. Limited battery life of sensor, unreliable wireless links resulting in higher
latency and packet drop rate, limited processing speed and memory size at sensor nodes,
limited bandwidth and prone to various malicious intrusions and attacks [1], [2].
Today’s wireless sensor networks are characterized by densely populated sensor nodes,
asymmetric, unreliable and dynamic nature of wireless communication channel in
which WSNs are deployed. Routing in WSNs becomes a difficult task because of all
these factors. While transmitting data packets from source node to destination sink
through intermediate nodes, there exist number of communication paths through which
data can be forwarded. The selection of these routing nodes depends upon routing
algorithms such as AODV, Tree based routing, search based routing algorithms etc [4],
[5], [6]. All these algorithms use a common technique for estimation of quality of links
among the sensor nodes so as to decide whether this link and the next node associated
with this link are suitable for forwarding data packets or not. This process of deciding
link quality is generally referred as link cost estimation technique [7].
Link quality estimation plays an important role for improving the overall performance
of wireless sensor networks in terms of increase in throughput, increasing energy
efficiency reduction in packet drop rate, lowering the latency value and increasing data
integrity. The link cost value of a wireless link between sensor nodes describes whether
a link is good link or bad link for forwarding packets. This link cost value depends upon
various physical layer and MAC layer parameters such as remaining energy of sensor
nodes, transmission energy of nodes, end to end delay, queue length of packets of the
node, distance between a given node and sink node, packet error rate and packet drop
rate etc. There exist a number of techniques of estimating link cost such as fuzzy logic
based link cost estimation, neural network based link cost estimation, Generic
algorithms based estimation technique and other machine learning (ML) techniques[3],
[7], [8].
This paper deals with the performance analysis of five machine learning algorithms for
estimation of link cost. These algorithms are Bayes Net, Naïve Bayes, Multilayer
Perceptron (MLP) which is also popularly known as Bach propagation neural network,
Radial Basis Function Neural Network (RBF) and C4.5 Decision tree algorithms. The
theoretically developed data set has been used for training and testing of these
algorithms which is generated from fuzzy logic based link cost estimation discussed in
paper [8] because it covers all the well-known Physical layer and MAC layer
parameters which influences the link cost between the sensor nodes. The labels of this
dataset includes transmission energy, remaining energy of nodes, energy consumption
rate, queue size, distance from gateway node and weights showing current status of the
node as input parameters and link cost with value lying between 0 to 100 as output
parameters. The performance of given five ML algorithms for link cost estimation has
been evaluated on the basis of classification accuracy and training time of the
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algorithms [9], [10]. The simulation results reveal that among all the five ML
algorithms, C4.5 decision tree algorithm is an effective technique for link cost
estimation for routing optimization of wireless sensor networks.
MACHINE LEARNING ALGORITHMS
This section introduces five well known machine learning algorithms which are widely
used in classification problems. These algorithms are Multilayer Perceptron, RBF
Neural Networks, Bayes Net, Naïve bayes and C4.5 Decision Tree.
A.

Multilayer Perceptron

Multilayer Perceptron (MLP), [9], [10], [11] also popularly known as Back Propagation
Neural Network, is a feed forward multilayer neural network and this algorithm is
based upon extended gradient-descent based Delta learning rule, which is commonly
known as Back Propagation rule. In this neural network, a difference signal (error
signal) between desired output and actual output is being propagated in the backward
direction moving from output to hidden layer and then to input layer in order to train
the neural network. A MLP algorithm consisting of input layer with i neurons, hidden
layer with j neurons and output layer with k neurons is shown in following figure.

Fig.1. Multilayer Perceptron
In this paper, single hidden layer MLP algorithm is being used for link cost estimation
with learning rate of 0.3 and momentum term of 0.2 [12].
B.

Radial Basis Function Neural Network

Radial Basis Function (RBF) Neural Network [9], [10], [11] is also a multilayer feed
forward neural network which uses radial basis functions as activation functions at
each hidden layer neurons. The output of this neural network is weighted linear
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superposition of all the basis functions. The fundamental structure of RBF network is
shown in figure 2. For this network, fixed weights are used for input-hidden layer
interconnections and trainable weights are used for hidden-output layer
interconnections. Each neuron of the hidden layer have a basis function fm(.).For any
input vector X, the output of this RBF neaural network is given by following
interpolation function:
𝑚

Y (X) = ∑𝑖=0 Wi 𝑓( ||X − Xi||)

(1)

Where f(||X − Xi||) are M basis functions having Euclidean distance between
applied input values X and training data points Xi.

Fig.2. Radial Basis Function Neural Network
Gaussian function is a commonly used basis function in RBF Algorithm which is
described by following equation:
f (X) = exp (-

||X−µ||
2𝜎2

)

(2)

Where µ is the Center and σ is spread constant which have direct effect on the
smoothness of interpolating mapping function Y(X).
In this paper, a single hidden layer RBF neural network algorithm has been used for
link cost estimation with number of center points in hidden layer equal to 5 [12].
C. Bayes Net
Bayes Net [9], [10], [13] an abbreviation for Bayesian Network, is a probabilistic
graphical model and it is used to represent the knowledge about an uncertain domain.
In this model, each node is represented by a random variable and the edges between the
nodes are represent probabilistic dependencies among given variables. Two step
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learning take place in Bayes Net consisting of learning of the network structure and
learning of probability table.
In this paper, Bayes Net algorithm with simple estimator and K2 search algorithm has
been used for link cost estimation [13].
D. Naïve Bayes
A Naïve-Bayes (NB) algorithm [9], [10], [14] is a very simple structure consisting of
class node as the parent node of all other nodes. The basic structure of Naïve Bayes
algorithms is shown in figure 3 in which C represents main class and a, b, c and d
represents other attribute nodes of the given data sample. Apart from this, no other
connections are allowed in this algorithm structure. Being an effective classifier, it is
easy to develop Naïve Bayes classifier as compared to other classifiers because the
structure is given a priori and hence there is no need for structure learning procedure.
For Naïve-Bayes, all the attributes are independent of each other. Naïve-Bayes
classifier is very suitable for large number of datasets, especially where the features
used for characterizing each data sample are not properly correlated with each other.

Fig.3. Naïve Bayes Classifier
E. C4.5 Decision Tree Algorithm
C4.5 is a decision tree algorithm used to generate Univariate decision tree [9], [10],
[12]. This algorithm is an extension of Iterative Dichotomiser 3 (ID3) algorithm which
finds simple decision trees. C4.5 builds decision trees from a set of training data in
similar manner as ID3, using the concept of information entropy. At every node of the
decision tree, C4.5 selects one feature of the data sample which splits its set of samples
into subsets enhanced in one class or the other. Its criterion is normalized information
gain which is obtained by selecting a feature for splitting the data. The attribute with
the highest value of normalized information gain is selected to make the decision. After
this process, the C4.5 decision tree recurs on the other smaller sublists.
In this paper, C4.5 algorithm has been used for link cost estimation with confidence
factor of 0.25, no. of folds for pruning equal to 3 , minimum no. of instances per leaf
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equal to 2 and seed used for randomizing the data, when error reduced pruning is used,
equal to 1[12].
DATASET FOR LINK COST ESTIMATION
The dataset used for link cost estimation using different ML algorithms has been
developed using the evaluation of fuzzy inference system for estimation of link cost in
[8]. The fuzzy system in [8] is mainly used for dataset development because it contains
all important physical layer and MAC layer parameters which are majorly responsible
for enhancing the performance of wireless sensor networks. This fuzzy system consists
of six input parameters which are transmission energy, remaining energy of nodes,
energy consumption rate, queue size, distance from gateway node and weights showing
current status of the node and link cost as output parameter. Al these fuzzy input and
output variables are described in following section along with the figure of the fuzzy
system.

Figure 4: Fuzzy Inference System for link cost estimation


Transmission Energy: Transmission energy is the energy needed to transmit a
data packet from node one to another node. Lower value of transmission energy
leads to lower link cost. This energy is used to forward the packets to sink node.
The range of transmission energy (in joules) is taken as 0 to 1 value with three
membership functions as low, medium and high.
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Remaining Energy: This parameter given the value of remaining energy at each
sensor node. This is also ranged between 0 and 1 (in joules).
Energy Consumption Rate: This parameter gives the value of rate at which
energy is being consumed by various sensor nodes during routing of data
packets from source node to sink node. Nodes with high rate of energy
consumption are, therefore, assigned higher link costs. The range of energy
consumption rate (in joules) is taken as 0 to 2 values and the value 2 is taken as
high transmission energy and 0 as lowest energy consumption rate.
Queue Size: This parameter indicates the buffer capacity at any node. This
parameter helps avoid packet drops due to congestion at the receiver.
Congestion leads to great trouble for efficient transmission of data packets at
receiver end in networks. This queue size of packets should be small so that
there will be less waiting time for execution. The range of queue size is between
0 to 6 bytes and the value 0 to 3 is taken as small and 3 to 6 is taken as large.
Distance from Gateway: This parameter helps in selection of routes with
minimum hops. Nodes nearer to the gateway are thus assigned lower link cost.
Minimum number of hops provides an efficient way for transmission of packets
at destination and it also reduces the complexity of sensor networks. The range
of distance to gateway is between 0 to 700 meters and the nearest value of this
parameter is 0 and farthest value is 700 m. This parameter is very important as
near distance from gateway to source node is preferable.
Weight: Each sensor node in WSN is assigned a dynamic weight value
depending upon the current status of that node. An in-active node which is
neither sensing nor relaying is assigned a highest value of weight whereas a
node which performs both taks of sensing as well as relaying, is assigned a least
value of weight. This parameter helps in selecting nodes which are either
inactive or are only in the sensing state. Thus, a high value of weight makes the
node favourable for next-hop, resulting in a lower value of link cost. The range
of weight of data packet is between 0 to 10 and 0to 5 value is taken as small and
5 to 10 is taken as large.
Link Cost: The cost between 0 and 100 is assigned to each link between various
sensor nodes and this link cost value will help to select the best nodes and
routing path also through there will be efficient transmission of packets. The
output function is link cost (figure) which is having six membership functions
namely very low, low, low medium, and high medium, high and very high. The
value 0 is taken as very low link cost and 100 are taken as high link cost.

A dataset of 2100 input samples has been developed using “evalfis” command in
MATLAB. In this data set, each data sample is characterized by six features which are
described by six input fuzzy variables and depending upon the values of input
parameters, the corresponding fuzzy output variable is used to describe output label for
corresponding data sample.
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IMPLEMENTATIONS AND RESULTS
A. Methodology
In this work, Weka tool, [15] which is a famous data mining tool, is used for
implementing link cost estimation with five different ML algorithms. The dataset of
2100 samples is divided into two sets consisting of 2000 data samples for training and
100 data samples for testing purpose.
In this work, classification accuracy and training time are employed for evaluating the
performance of these five ML algorithms for link cost estimation. These parameters are
defined as follows:
 Classification Accuracy: It is the percentage of correctly classified data samples
over all classified samples [9].
 Training Time: It is the total time taken for training of a machine learning
classifier. In this paper, it is measured in seconds [9].
For this research work, 2.27 GHz Intel core i3 CPU workstation with 3GB of RAM and
Microsoft Windows 7 operating system has been used.
B. Results Analysis
Results of link cost classification using five supervised ML algorithms with 2100
samples of dataset are given in table I. This table shows classification accuracy and
training time of ML algorithms for this dataset.
Table I shows classification accuracy and training time of MLP, RBF, C4.5 Bayes Net
and Naïve Bayes ML classifiers given dataset. It is clear from this table that maximum
classification accuracy is provided by C4.5 classifier for 2100 samples of dataset which
is 94%. From table I, it is evident that training time of C4.5 classifier is 0.14 second
which is much lesser as compared to that of MLP and RBF classifiers of this dataset.
But it is slightly larger than that of Bayes Net and Naïve Bayes classifiers.
From tables I, it is also clear that MLP algorithm gives very poor performance in terms
of classification accuracy and training time. Furthermore, classification accuracy is of
RBF algorithm is also below 80% which is not appropriate for good link cost
classification. Therefore MLP and RBF algorithms are not taken into consideration for
further discussion of performance evaluation of datasets.
Table I: Classification accuracy and training time of different machine learning
algorithms
MLP

RBF

C4.5

Bayes Net

Naïve Bayes

Classification Accuracy
(Percentage)

56

60

94

69

61

Training time (seconds)

13.56

9.50

0.14

0.04

0.02
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Bar-graph given in figure 5 visualizes classification accuracy of ML algorithms for
2100 samples of datasets for link cost estimation in WSN. It is again clear from this
figure that for this given dataset, C4.5 gives maximum classification accuracy for link
cost classification.

Figure 5: Classification of different ML algorithms for Link Cost Estimation
The given graph in figure 6 visualizes training time of ML algorithms for 2100 samples
of datasets for link cost estimation in WSN. It is again clear from this figure that for
this given dataset, Naïve Bayes gives less training time approximately 0.02 seconds for
link cost classification but it does not give more classification accuracy than C4.5
algorithm which is very important parameter to enhance performance of WSN system.

Figure 6: Training time of different ML algorithms for Link Cost Estimation
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From all this discussion and analysis of link cost estimation, it is evident that C4.5 gives
better performance in terms of classification accuracy and training time. Finally, it is
concluded that C4.5 algorithm is a better and more real time compatible machine
learning technique for link cost estimation in wireless sensor networks.
CONCLUSIONS
The performance of wireless sensor networks depends upon choice of appropriate route
which in turn depends upon the value of link cost among the sensor nodes. So link cost
estimation is very important task for routing optimization of WSN in order to improve
the performance of WSN in terms of throughput, latency, data integrity and energy
efficiency in dynamically changing, unreliable and asymmetric wireless channel. In this
paper, link cost estimation has been performed using five ML algorithms and the
performance of these ML algorithms has been analysed for link cost estimation in terms
of classification accuracy and training time for a dataset obtained from fuzzy inference
system of link cost estimation. The results reveal that C4.5 decision tree with 94%
classification accuracy is the most appropriate algorithm for estimation of link cost for
routing optimization in wireless sensor networks.
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