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Abstract—Wireless Sensor Networks (WSN) continue their 
tremendous growth acceleration. WSNs have found their way into a 
wide range of domains, from military and transportation 
applications to medical and environmental monitoring. Some of 
these applications can include a very large number of nodes, which 
poses significant challenges to network lifetime, data transmission, 
and overall reliability. Recently, data fusion approaches are 
gaining traction in WSNs for improving reported data accuracy 
and help predict future events. They are used to improve the 
reliability of delivered information. While this addresses data 
accuracy, it does not address the inefficiencies caused by very large 
nodes and high data redundancy. Data aggregation is a simple way 
of streamlining data flow, but does not fully address the issue. The 
large WSN size causes congestion and increases the traffic load in 
the network; plus, decreasing the performance of the WSN and 
potentially disrupting its operation altogether. In this paper, we 
therefore explore Kalman Filters (KF) based data fusion as a 
technique to reduce the number of active sensor nodes in a very 
large WSN to conserve network resources while preserving the 
required data reliability and accuracy. Our results show that there 
is great potential for improving WSN operations utilizing our 
proposed approach.  

Keywords—data fusion; large-scale WSN; network size 
reduction; dynamic node reduction; Kalman Filter; network 
reliability; data accuracy 

I. INTRODUCTION  
In recent years, WSN applications have been growing at a 

tremendous pace. They have found their way into numerous 
domains. In most such applications, there are networks with a 
very large number of sensor nodes involved. In these networks, 
each sensor observes events and report its measurement 
information to the gathering center for additional processing 
and decision-making. At the same time, a critical issue arises 
with regards to the reliability of the delivered information and 
the accuracy of the sensed data reported by each sensor node. 
One of the most prevalent topics of discussion in sensor 
networks for increased reliability in data delivery to the sink 
node is the use of data fusion techniques. Data fusion is 
defined as a method that can combine different information 
from various sensors to achieve improved accuracy and 
reliability compared to what could be attained by the 
evaluation of individual sensor readings. This information can 
be of the same type - in homogeneous sensor networks - or it 
can be of varying type in the case of heterogeneous sensor 
networks.  

The central idea of data fusion is to leverage the 
collaboration of different sensor nodes in terms of 
complementary information by involving the redundancy 
within their reported data. That is, some sensors can observe 
one aspect of the event while the others cannot, and hence the 
fusion of this complementary information can improve overall 
accuracy.  This implies that the joint information has a 
tendency to reduce data ambiguity and uncertainty [1]. 

Although using data fusion is an efficient tool for 
improving reliability, in very large sensor networks it can also 
cause significant problems. After a large group of sensor nodes 
have measured the specific phenomena they still need to report 
it to a central processing site for specific application. This can 
significantly increase the load of the network, cause 
congestion, and severely degrade the state of the network. 
Therefore, one key challenge is to manage the high network 
load without sacrificing the increased data accuracy provided 
through data fusion. In this paper, our objective is to 
demonstrate that data fusion not only can be used for achieving 
the desired accuracy, but it can be employed to also 
dynamically reduce the number of active nodes in large sensor 
networks. In recent years, several mathematical models for 
data fusion have been proposed. One of the most important and 
dominant approaches is based on the Bayesian method, which 
uses Bayesian estimation in probability and statistics theory for 
achieving optimal state estimation in dynamic systems [2].  In 
linear systems and using a Gaussian assumption for the process 
noise and observation noise, the Bayesian method is 
represented by the Kalman Filter (KF), which is one of most 
successful estimation tools in control applications and data 
fusion methods [3]. 

For the purpose of this paper and illustrating the 
capabilities of node reduction in large-scale WSNs, we have 
chosen target tracking as our sample application. We assume 
that there are a large number of sensor nodes distributed in an 
area, and their responsibility is to sense a moving object. 
Hence, the object’s state changes over time. Our reason for 
selecting target tracking for demonstrating our work is the 
existence of numerous mathematical models for describing the 
target state and observation, which are the two key components 
in data fusion [4]. However, it should be noted that our method 
for active node set reduction can equally be applied to any 
other WSN application. 
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Our investigation is to present our approach and results 
which show data fusion can reduce the number of active nodes 
in large sensor networks while maintaining reliability and 
accuracy compared to the original number of nodes before the 
reduction.  

The remainder of this paper is organized as follows. In 
section II we discuss papers related to data fusion in WSNs. 
Our node reduction model and algorithm are introduced in 
section III. The simulation results are presented in section VI 
and section V concludes this paper. 

II. RELATED WORK 
Data fusion is a topic that has been researched extensively, 

particularly for the task of data accuracy improvement. It is 
also slowly finding its way into related application domains.  

In [5], the authors present and analyze the general idea of 
data fusion. The authors in [6] introduce the concept of multi-
sensor data fusion structures in autonomous systems. Based on 
this paper, the different architectures for fusing data can be 
categorized as centralized, decentralized, or distributed. The 
paper also discusses the advantages and disadvantages for each 
category. In [7], different architectures are discussed in more 
details and mathematical models for these structures are 
proposed. 

Data Fusion can be used for a variety of different purposes. 
In terms of the overall purpose of data fusion, however, it can 
be employed for data fusion estimation, data fusion detection, 
and data fusion decision [5]. However, most of the time these 
areas cannot be clearly distinguished from each other and all of 
them can be considered in a single application. Furthermore, 
there are different mathematical approaches and algorithms for 
each of these areas in data fusion. For example, Bayesian 
approaches are among the most common methods for data 
fusion estimation. Several representative Bayesian algorithms 
can be found in [8-9]. In these papers, in addition to describing 
the state equation, different measurements from different 
sensors are modeled as observation equations. Using the 
concept of Bayesian estimation, the conditional probability of 
the interest state given the sensors’ observation sequences up to 
the current moment is calculated. After that, the estimate of the 
state in each time instance will be available.  Because of the 
widespread application of Bayesian methods in various 
applications, there are different kinds of Bayesian filters that 
have been proposed over the years. For instance, the authors in 
[10-11] have used Extended Kalman Filters (EKF) [12] and 
Unscented Kalman Filters (UKF) [13] for data fusion. 

Approaches for data fusion detection are most commonly 
based on the Dempster-Shafer method or the Evidence Theory. 
In [14], the author introduces this method and also provides a 
comparison between this method and the Bayesian approach. 
In [15], the author has used the Dempster-Shafer algorithm in 
autonomous mobile robots for fusing the data from multiple 
sensors in order to detect sensing anomalies. In [16], the 
authors have presented a Dempster-Shafer data fusion 
approach for data association [17] in multi-target tracking 
applications, and they compare their results with those obtained 
using the Bayesian model.  

Other possible mathematical data fusion methods include 
information theory approaches, methods based on fuzzy logic, 
neural networks, and heuristic methods. For instance, in [18] 
an information theory approach has been discussed. The 
authors have presented an entropy approach based on 
Shannon’s entropy. Also, the authors show how to model and 
formulate an information fusion problem based on this method. 
Fuzzy logic methods are another important approach for 
combining and fusing of different sensor data. A discussion 
about these solutions can be found in [19]. 

Using artificial neural networks in data fusion is presented 
in [20]. In this paper the authors have attempted to use different 
functional expansions to increase the speed of convergence in 
the fusion of sensor readings for increasing their reliability and 
accuracy. The author of [21] presents a heuristic algorithm for 
data fusion. An adaptive weighted algorithm for the location 
estimation application is proposed in order to reduce the 
amount of computations required in traditional data fusion 
approaches for heterogeneous measurements. 

While all of these abovementioned data fusion methods 
attempt to achieve more reliable data, none of them address the 
issue of reducing the number of nodes in multi-sensor 
networks, especially in large-scale wireless sensor networks. 
Consequently, the energy consumption in large-scale WSNs 
has been ignored thus far in this area of research. On the other 
hand, the authors of [22-24] discuss various mechanisms to 
achieve energy efficiency in generic WSNs without 
consideration for data fusion. For instance, in [22, 23], the 
authors introduce different MAC protocols, provide a 
classification for those and finally discuss some open issues in 
MAC protocols. In [24], the authors address the energy 
efficiency and QoS in routing schemes and introduce a 
multipath routing protocol that uses the residual energy, buffer 
size and SNR to select the next node for relaying the packets.  

III. PROPOSED MODEL AND ALGORITHM 
In this section, our model for using data fusion in reducing 

the number of sensor nodes in large-scale WSNs is presented. 
The primary assumptions of our model are shown below: 

 The application we have used in this study is tracking a 
moving object utilizing a constant velocity model that 
includes noise. 

 The centralized architecture for data fusion is considered. 
In this structure, each node sends its own observation as 
raw data to the data fusion center for processing. 

 The nodes are all sensing the object’s position at a 
constant rate. In other words, we assume that these sensor 
nodes are homogeneous.  

 For simplicity, all of the sensor nodes are synchronous. 
That is, their measurements are performed at the same 
time and arrive at the data fusion center at the same time. 

 The situation of sensor network is constant over the time. 
It means that the nodes are stationary and environmental 
conditions do not change during the observation time.  

 For data fusion we use the Bayesian model. Furthermore, 
we assume that both state equation and observation 

IEEE ICC 2014 - Ad-hoc and Sensor Networking Symposium

368



equation are linear functions of the state. Also, both 
process noise and observation are additive and have 
Gaussian distributions. 

 The general architecture of our model is illustrated in figure 
1. In this structure, Sensor nodes measure the position of the 
object at each time step and send their results to the data fusion 
center. In the data fusion center all of this information is fused 
to obtain more accurate data. In the next stage, the data fusion 
center starts searching among all nodes’ data in order to find 
similar nodes in terms of measurements. If one or more such 
nodes are found, then the data fusion center sends a command 
to this node set to tell them to switch to sleep mode. Thus, our 
model consist of two steps: the first step involves the data 
fusion while the second step is the reduced set determination 
phase. These two steps are discussed in the following 
subsections in more detail.  

 

 

 

 

 

 

 

 

 

 

 

A. First Step – Data Fusion Process 
For data fusion two important aspects should be 

determined: first, the state equation that indicates the evolution 
of the object state over time, and second the sensor model or 
observation model.  Because we assume that the object has a 
constant velocity model we can utilize the DWNA model [25]. 
The state equation and observation equation can be expressed 
as follows (we do not consider control input in the state 
equation): 

 ܺ(݇ + 1) = .ܨ  ܺ(݇) + .߁   (1) (݇)ݒ
and 

 ܼ௜(݇) = .௜ܪ  ܺ(݇) ݅                 ௜(݇)  (2)ݓ + = 1,2, … , ݊௭ 
Where X is the state vector and includes two components: 

position and velocity. v(k) denotes to the process noise, ܼ௜  is 
the observation by sensor i, and ݓ௜(݇)  denotes to the 
observation noise corresponding to sensor i. Also, ܨ  is the 
transition matrix, ߁  is the noise process matrix, ܪ௜  is the 
observation matrix for sensor i, and ݊௭ denotes all the sensors 
participating in the measuring process.  In the DWNA model 
the transition matrix ܨ  and noise process matrix ߁  have the 
following relationship: 

ܨ  =  ቂ1 ܶ0 1ቃ (3)                                  

߁  =  ቈ்మଶܶ ቉  (4)                   

where ܶ is called the revisit rate and indicates the sensing 
time interval of each sensor. Because we assume that all 
sensors obtain the position of the moving object we can 
express the observation matrix ܪ௜  as: 

௜ܪ  =  [1 0]. (5) 
Another important aspect is related to the distribution of 

both noise models, which we have listed in our assumptions as 
being Gaussian. The process noise and observation noise can 
thus be expressed using the following equations: 

[(்߁்(݇)ݒ(݇)ݒ߁)]ܧ  =  ܳ(݇)  (6) 
and 

[(்(݇)ݓ(݇)ݓ)]ܧ  =  ܴ(݇). (7) 
 

These noises are stationary and assumed they are mutually 
independent. Hence, the covariance matrix for the process 
noise is as follows: 

 ܳ(݇) =  ቎ସ்ସ ்యଶ்యଶ ܶଶ቏. (8)  

It should be noted that both state equation and observation 
equation are discrete in time and are modeled as linear 
functions of state. Thus, by considering two components of X 
we can write (1) as follows [22]: 

 ൤ݔ(݇ + ݇)ݔ̇(1 + 1)൨ =  ቂ1 ܶ0 1ቃ ൤ݔ̇(݇)ݔ(݇)൨ + ቈ்మଶܶ ቉  (9) .(݇)ݒ

In the first step, all the network’s sensors start observing 
the position of the moving object. Based on these observations, 
we then employ Bayesian estimation or Kalman Filter 
estimation to obtain the state of the object for each time step 
using conditional mean given observation up to the current 
time. It is well known that a Kalman Filter estimates the state 
of a dynamic system in two stages: the prediction stage 
followed by the update stage based on the previously predicted 
values. Because this is a multi-sensor scenario, the 
implementation of the Kalman Filter is an important issue: 

 It is possible that during the estimation in different 
iterations of the Kalman Filter the symmetry structure of 
the covariance matrix is lost. 

 Because of rounding errors in computation, it is possible 
for some components of covariance matrix to become 
zero. In this case, the covariance matrix is not positive 
definiteness anymore. As a result it may be singular. This 
situation implies that for those components of the state 
filter assures completely the estimation is correct that it is 
not true. 

 When the number of nodes is large the selection of the 
implementation method is critical since an inefficient 
solution can decrease the performance of the Kalman 
Filter. 

For these reason, we have chosen the Information Filter 
approach for our work. The prediction of this method is the 

 
Fig. 1.    The general structure of proposed model. 
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same as the standard Kalman Filter with the following 
prediction equations [13]: 

 ෠ܺ(݇ + 1 |݇) = .ܨ  ෠ܺ(݇|݇) (10) 
and 

 ܲ(݇ + 1|݇) = .ܨ  ܲ(݇|݇). ்ܨ +  ܳ(݇). (11) 
Equation (10) denotes the prediction state and (11) denotes 

the covariance state prediction. Before presenting the update 
equations, due to the presence of ݊௭ sensors we consider the 
following two stack vectors: 

 ܼ(݇) =  ቎ ܼଵ் (݇)⋮ܼ௡೥் (݇)቏  (12) 

and 

(݇)ܪ  =  ቎ ଵ்ܪ  ௡೥்(݇)቏. (13)ܪ⋮(݇)

Also, because the sensor observations are independent from 
each other we can write: 

 ܴ(݇) = ݀݅ܽ݃(ܴଵ(݇), ܴଶ(݇), … , ܴ௡೥(݇))  (14) 
Equation (14) denotes to the observation covariance matrix 

for ݊௭  sensors. Based on these definitions and the inverse 
matrix lemma [17] we can write the updating stage of the 
Information Filter as: 

 ෠ܺ(݇|݇) =ܲ(݇|݇)[ܲିଵ(݇|݇ − 1) ෠ܺ(݇|݇ − 1)  ଵ(݇)ܼ(݇)] (15)ିܴ(݇)்ܪ                                                           +
and  

 ܲ(݇|݇)ିଵ = [ܲିଵ(݇|݇ − 1) +  (16)  .[(݇)ܪ(݇)ଵିܴ(݇)்ܪ 
The above equations (15) and (16) denote the update state 

estimation and covariance state estimation, respectively. 

Note that (14) calculates the estimation of vector X, which 
includes position and velocity of the moving object, in each 
time step from the data obtained by all the sensors. After 
calculating of this estimation, the data fusion center starts the 
second phase in our model.  

B. Second Step – Selection Process   
This phase is used to identify similar sensor nodes that can 

be switched to sleep mode, with only the remaining active 
nodes participating in data gathering and reporting for data 
fusion. This set of remaining nodes we are referring to as the 
Reduced Set (RS). 

In this step data fusion center select an appropriate set from 
among all sensors. This selecting process is conducted using 
two decision levels. The first level – the data association level 
– occurs when the raw data is received from the complete 
sensor set. Here, the data fusion center determines the 
measurements which are closely related to the state estimation. 
In other words, a data association algorithm is used to ignore 
unrelated measurements [17]. During the second step, the data 
from these nodes is used to find similar nodes. Once 
determined, the data fusion center sends these nodes a 
command to go to sleep mode. Observation in subsequent time 
steps is thus only carried out by the reduced node set. In the 
sections below we explain each of these steps in more detail. 

1) Data Association Step 

In this step, measurements closely related to the state 
estimation are determined by using the concept of a validation 
gate. Each observation from a specific sensor either falls into 
this gate region or outside, in which case they are removed 
from further processing. In this study, we have used a modified 
version of the Nearest Neighborhood Standard Filter (NNSF). 
The idea of this algorithm is to consider only those sensor 
measurements that are inside of the gate validation region. This 
gate is defined as follows [7]: 

(݇)ܩ  = {ܼ௜(݇)|(ܼ௜(݇) −  ܼప෡ (݇|݇ − 1)் ௜ܵ(݇)ିଵ(ܼ௜(݇) −                                                 ܼప෡ (݇|݇ − 1)் ≤  }  (17) 
 Where G(k) denotes to the probability of falling into the 
gate region, ܼప෡ (݇|݇ − 1) and ௜ܵ(݇) are predicted measurement 
and predicted measurement covariance matrix corresponding to 
the sensor i at time k, respectively. This covariance matrix is 
given by the following equation: 

 ௜ܵ(݇) = ݇|݇)ܲܪ  − ்ܪ(1 + ܴ௜(݇).  (18) 
 The inner term in (17) is considered as the squared distance 
between the observation generated by sensor i and the 
predicted measurement calculated by the filter. This squared 
distance graphically denotes an ellipsoid in the observation 
space. Thus, if the error of a sensor is less than the threshold , 
then the correspondent measurement is considered to be 
related. 

 Because we assume that our measurements have Gaussian 
distribution, the distance between a sensor and its predicted 
measurement has a ଶ distribution. As a result, the value of  
can be obtained using the ଶ  distribution table and a given 
probability. 

2) Similar Node Determination Step 

 After obtaining the related measurements to the state 
estimation, these results are compared to each other in order to 
determine node similarity. If there are multiple related sensors, 
only one of them should observe the state in the next time steps 
whereas all others in this group can go to sleep. To do so, the 
data fusion center searches between all remaining sensors from 
the previous level to create different temporary sets that 
include sensors with observation values less than a specific 
threshold. Between multiple temporary sets, shared nodes 
should then be determined as this indicates that temporary sets 
can be merged. This process is illustrated in figure 2. 

 

 
Fig. 2.    Two Sets with similar node in each set. 
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 Suppose that A and B are sets having similar sensors in 
terms of their observation value. For example, nodes 91, 46, 
and 75 have observations whose values are mutually close to 
each other. Based on this similar set formation, we should 
determine which node is selected from each set. If for example 
node 17 from set A and node 46 from set B are randomly 
selected while all other nodes are switched to sleep mode, this 
will achieve an inefficient selection process outcome. Because 
node 91 is similar to the nodes in both sets of A and B, it is 
reasonable to select this node on behalf of the others in both 
sets. So, it is essential to consider these common nodes as 
intersections among the different sets for efficiently set size 
reduction. 

 It is also important to note that if the intersection of 
different sets includes more than one node, we further consider 
other criteria for choosing between them. However, for our 
simulations we randomly select one of the intersecting set 
nodes. 

By following this method, we can determine the reduced 
set and the fusion process can continue with this reduced set of 
nodes reporting their measurements instead of the entire 
Complete Set, whereas the reliability of the fused data is not 
impacted. 

IV. SIMULATION RESULTS 
In this section, we present the results of simulations using 

the proposed method for node reduction in large-scale WSNs.  
For each scenario, we have employed large number of Monte 
Carlo simulation  Monte Carlo simulation runs. The scenarios 
consider different values for the threshold parameter in the 

node similarity determination process as well as different 
complete set sizes. Furthermore, the magnitude of observation 
noise for each sensor is assumed to be distributed uniformly in 
the interval 0 to 5. In figure 3a, the different scenarios and the 
achieved node set reduction are illustrated. We considered 
scenarios for four different threshold values, ranging from 
0.01 to 2.5, as well as different complete set sizes ranging 
from 10 nodes to 1000 nodes.  

As it can be observed in figure 3a, when the threshold value 
increases, a larger number of similar nodes are determined and 
removed and thus a higher set size reduction percentage is 
achieved.  

The variance of the position error for the different scenarios 
is illustrated in figure 3b. From these results, we can see that 
when the threshold value increases, the amount of estimation 
accuracy achieved by the reduced node set is decreased 
slightly, which leads to the corresponding increase in variance.   
In figures 4 and 5, the error in position estimation incurred by 
reducing the node set size in two sample estimations is shown. 
Figure 4 illustrates a case where the threshold is chosen to be 
0.1. The node set was reduced from 1000 nodes to 372, or by 
over 62%. We can see that the maximum incurred error is only 
around 3 mm! Similarly, figure 5 shows the incurred 
estimation error for the object position with a threshold of 1.0 
in a scenario with 1000 nodes, reduced down to 302 active 
sensors. As it can be seen, the error increased slightly, to a 
maximum value of 5 mm, whereas most of the errors 
remained in a range of less than 2 mm. This represents a 
negligible error in most applications. 

 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 4.    The Error between complete set and reduced set in Position 
Estimation for threshold=0.1. 
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Fig. 3. (a) Achieved Node Set Size Reduction (b) Variance of Position Estimation Error in Reduced Set 

for various complete set sizes and threshold values 
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Fig. 5.    The Error between complete set and reduced set in Position  

Estimation for threshold=1. 
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In table I, the percentage of node set reduction is 
shown for varying complete set sizes and threshold values. 

TABLE I.  THE PERCENTAGE OF NODE REDUCTION 

          Threshold 
Values 

  

# Nodes in 
Complete Set 0.01 0.1 1 2.5 

10 10% 20% 50% 70% 

100 16% 51% 69% 81% 

1000 50.3% 62.8% 69.8% 81.4% 

 

V. CONCLUSION 
In this paper, we presented our approach of data fusion for 

resource efficiency in very large wireless sensor networks. In 
such networks, the high node count causes high data volume, 
and large resource consumptions. In our approach, we utilized 
data fusion to determine a reduced node set to be active in the 
network, resulting in reduction of network resource 
consumptions. This node reduction is in addition to the 
traditional benefit of data fusion for improving data reliability 
and accuracy. In our scheme, only the nodes from the reduced 
set resulted from data fusion approach are needed in reporting 
events, whereas all others are allowed to be switched to sleep 
mode. This node decrease results in reducing the network load 
and conserving significant energy and other network resources.  

Our method for determining the reduced set of sensors is 
based on the data association of related measurements and 
selecting similar nodes. The simulation results for our 
presented data fusion approach show that fusing data using 
measurements from only the reduced set of sensors maintains a 
high level of accuracy and a reduced node count of up to 82%! 
This represents a significant saving in terms of energy and 
other network resources. 
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