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Abstract - Recent advancement in wireless communications 

and electronics has enabled the development of Wireless 

Sensor Networks (WSN). WSNs are being deployed in a 

variety of location-aware applications, where the measurement 

of data is meaningless without accurate location. Many 

localization algorithms have been proposed in order to increase 

the accuracy and minimize the cost requirements. Artificial 

intelligence techniques such as fuzzy logic and neural networks 

can be utilized as effective methods to satisfy these 

requirements. In this paper, we present two efficient artificial 

intelligence-based localization algorithms for WSNs. In the 

first algorithm, we implement a Sugeno-type fuzzy system 

with a collaborative communication feedback to achieve an 

accurate and cost effective two-dimensional (2D) localization 

system. In the second algorithm, the idea of the 2D localization 

using neural network is extended to achieve a three-

dimensional (3D) localization with simplicity, location 

accuracy, and low cost. The proposed approach is able to 

localize mobile nodes with unpredictable movement patterns. 

The simulation results depict the performance and the 

effectiveness of each approach. 

 

I.  INTRODUCTION 

 

Recent advances in radio communication and Micro-Electro-

Mechanical Systems (MEMS) have enabled the proliferation of 

Wireless Sensor Networks (WSNs). WSNs are complex 

wireless networks of wireless nodes equipped with a variety of 

sensors including infrared, ultrasonic, pressure, cameras, sonar, 

radar, and orientation to support different types of sensing 

functionalities. Sensor nodes are fitted with at least one 

microcontroller, which provides the processing capability. 

They are also equipped with RF transceiver with usually an 

omni directional antenna to allow the communication with 

each other or a central unit. The tiny sensor nodes, which 

consist of sensing, data processing, and communicating 

components, influence the idea of sensor networks based on 

collaborative effort of a large number of nodes. WSNs have 

broad applications in scientific data gathering, performing 

search and rescue operations, real-time information processing 

for disaster response, surveillance, security, and military 

applications.  

 

Node localization refers to determining the physical location of 

each node in the network. Node localization is required to 

report the origin of events, assist group querying of sensors, 

routing and to answer questions about the network coverage. 

Location information is used in many location-aware 

applications such as navigation, tracking, searching, and rescue 

operations. One way to localize sensor nodes is by using 

Global Positioning System (GPS) on each node.  Many 

localization algorithms have been proposed to overcome GPS 

problems and to provide efficient localization. In this paper, we 

propose two efficient localization algorithms for WSN using 

artificial intelligence techniques: Fuzzy Logic and Neural 

Networks. The proposed approaches address some of the major 

problems in node localization such as cost, accuracy, 2D/3D 

case, and mobility. They primarily aim to localize all sensors in 

a network given a minimum static set of well-known location 

reference nodes. 

 

II. PROPOSED APPROACHES  

 

 A Fuzzy-based Collaborative Localization Algorithm for 

Wireless Sensor Networks  

The proposed approach consists of two main phases: phase I 

and phase II, where both of them operates in the awake cycle 

of the sensor node. In this approach we assume that each 

sensor node is synchronized with at least four anchor nodes. 

Therefore, it can exchange data with them on the same cycle 

and is able to listen to location beacons. Location beacons are 

important to determine the distance to each anchor node. In the 

communication process of phase I, which is shown in Figure 1, 

each anchor node frequently transmits beacons to broadcast its 

position. Sensor nodes periodically listen to these beacons, and 

once a sensor node receives at least four beacons from four 

different anchor nodes, it stops listening to more beacons. 

After that, the sensor node gets the positions of the four anchor 

nodes from the received beacons and calculates the distance to 

each anchor node. The distance to each anchor node is 

calculated by measuring RSSI values of each signal. After 

calculating the distances, each sensor node uses the fuzzy-

based system, which is shown in Figure 2, to get its estimated 

initial position.  

 

 
Fig. 1. The Communication process of phase I 
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The fuzzy-based system has a Sugeno-type FIS, which in turn 

has one input and one output. The input of the FIS is the 

calculated distances from the received beacons, and the output 

is the weight values that interpret the distances. Each weight 

value that represents certain distance is obtained based on the 

fuzzy rules that described in Table I. The weight value is 

important because it determines the effect of each anchor node 

on the localization of each sensor node. If the distance to one 

of the anchor nodes is small, the weight value is high and this 

indicates that the effect of that anchor node in localization is 

high. The distance is set to have five truth values. Two types of 

membership functions are used: trapezoidal and symmetric 

triangles membership functions. 

 

Table I: Fuzzy rules for the proposed approach 

 

Rule IF: Distance is THEN: Weight is 

1 Low High 

2 Slightly low Slightly high 

3 Medium Medium 

4 Slightly High Slightly low 

5 High Low 

 

 
 

Fig. 2. Fuzzy-based system used by each sensor node 

 

The relationship between the distance and the weight can be 

described as follows:  IF D is A, THEN W is W= f (A), where 

D is the distance, W is the weight, A is a set of distance truth 

values, and f (A) is a polynomial function in the input of A, 

which describes the output of the system within the fuzzy 

region specified in the antecedent of the rule to which it is 

applied. As a result, the output weight value W has five truth 

values: W = {low, slightly low, medium, slightly high, high}. 

The output weight values from the FIS and the positions of the 

anchor nodes are then used as input arguments in the weighted 

average formula to calculate the estimated position (Xest,Yest) 

of a sensor node as follows:   

 

 
 

 
where Xi and Yi are the x-y coordinates of the i

th
  anchor node, 

and Wi is the weight value of the i
th

 anchor node. As a result, 

each sensor node will have its initial estimated position at the 

end of phase I.  

 

If all quantities are weighted equally or contribute equally, 

while calculating the average, it is equal to the arithmetic 

mean. Weighted average accuracy is highly dependent on two 

factors: 1) the accuracy of weight values and 2) the number of 

anchor nodes. As for the first factor, the weight values are 

calculated from the Sugeno-type FIS, which provides an 

adaptive interpretation of distance values in a way to get the 

most representative weight value for each one. Hence, the main 

advantage of using Fuzzy logic in this approach is get accurate 

weight values. On the other hand, the second factor depends on 

the number of anchor nodes, which can be increased in order to 

achieve higher accuracy. In phase II, each sensor node sends a 

location message to one of the anchor nodes that elected to be 

the master of the network or the cluster. The location message 

includes the estimated position from phase I. The master node 

processes and correlates each location and based on the degree 

of the accuracy, it classifies the nodes into two groups: 

precisely located (PL) nodes and not-precisely located (NPL) 

nodes. Here, we assume that the node is precisely located if its 

localization error is less than 5%, and not precisely located, if 

its localization error is greater than or equal to 5%. The 

classification process is important since PL nodes will be used 

as location references along with the anchor nodes.  

 
 

Fig: 3 Communication process in phase II 

 

After classifying each node, the master node sends an order 

message to each PL node, which informs it to broadcast its 

position (see Figure 3). After broadcasting position information 

by each PL node, each NPL node uses the positions of the PL 

nodes to recalculate its position again. Each NPL node 

measures the RSSI value from each broadcasted message, and 

accordingly calculates the distance to each PL node. As in 

phase I, each NPL uses the Sugeno-type FIS in Figure 2, to 

obtain new weight values. By adding the new weight values to 

the weighted average formula, each node recalculates a new 

position. The process in phase I will be repeated considering 
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each PL node as an anchor node. Therefore, the number of 

anchor nodes apparently increases without any physical 

deployment of new anchor nodes. Consequently, each sensor 

node will have more localization references, and that increases 

the accuracy of the weighted average formula and therefore 

increases the accuracy of the localization. Finally, each NPL 

node sends back its new estimated location to the master node 

in a location message.  

 

A Three-Dimensional Localization Algorithm for Wireless 

Sensor Networks Using Artificial Neural Networks  

 

A 3D localization algorithm for wireless sensor networks using 

artificial neural networks. Although, both approaches are 

range-free and they depend on the presence of anchor nodes as 

well as RSSI measurements, they use different artificial 

intelligence techniques to achieve cost efficient localization. In 

this approach, the idea of the 2D localization using neural 

networks is extended to cover the localization in 3D space. The 

proposed approach is implemented in a distributed way, where 

each sensor node is able to locate itself without a central unit. 

Consequently, this reduces the communication traffic and the 

computing complexity in the network. Furthermore, the 

proposed approach is capable of localizing mobile nodes that 

have unpredictable movement patterns.  

 

The proposed approach utilizes three types of sensor nodes: 

anchor nodes, mobile nodes, and sink nodes. Anchor nodes are 

used as localization references. Mobile nodes are the nodes that 

perform the sensing and data gathering operations. In order to 

save the energy of mobile nodes, sink nodes are utilized to 

collect the measured positions and the collected data from each 

mobile node.  

 

In the awake mode, each anchor node transmits beacons to 

broadcast its position. RSSI-based measurements are used to 

measure the distance between the anchor nodes and the mobile 

nodes. When a mobile node receives at least one beacon from 

four different anchor nodes, it uses RSSI to calculate the 

distance to each anchor node. After that, the calculated 

distances are used in the localization process. In this approach 

we assume that each mobile node is synchronized with at least 

four anchor nodes, so that it can exchange data with them and 

listen to the location beacons on the same cycle. This method 

assists in reducing node localization time and in decreasing 

power consumption due being awake without reason.  

 

In practice, RSSI measurements are highly varied and unstable 

under the environmental noise and the mobility of sensor 

nodes. Therefore, localization process of each mobile node is 

done using a MLP neural network. A major benefit of using a 

neural network is that prior knowledge of the environment and 

noise distribution is not required. As shown in Figure 4, the 

MLP neural network, which is used in this approach, is a three-

layer network composed of four nodes in the input layer, ten 

nodes in the first and the second layers, and three nodes in the 

output layer. The nodes in the first layer use the hyperbolic 

tangent sigmoid activation function, the second layer uses a 

Log sigmoid activation function, and the third layer uses a 

linear activation function.  The network has four inputs (D1-4), 

which are the measured distances to each anchor node. Also, it 

has three outputs (X,Y, and Z) which are the coordinates of the 

estimated position of the mobile node. The proposed algorithm 

is designed to locate mobile nodes that have unpredictable 

movement patterns. To keep track of the movements, each 

mobile node has to send its updated location to the sink node 

after each movement. The sink node keeps these locations for 

other purposes such as studying the behavior of the mobile 

nodes and providing new training data that could improve the 

accuracy of node localization.  

 

  
Fig. 4. Neural network structure  

 

III.  ALGORITHM 

 

A Fuzzy-based Collaborative Localization Algorithm for 

Wireless Sensor Networks  

In Figure 5, the number of precisely located nodes in the 

proposed approach is higher than the number of the precisely 

located nodes in phase I. Also, as the total number of nodes 

increases, the proposed approach shows better localization 

estimations than phase I. This improvement is due to the 

adding of the collaborative communication feedback, which 

considers the effect (weight) of the PL nodes along with the 

anchor nodes in the weighted average formula. Hence, the 

proposed approach achieves better accuracy with minimal cost. 

However, the proposed approach still does not provide high 

accuracy for all sensor nodes. It provides high accuracy for a 

good percentage of them, though. In contrast, the proposed 

approach increases the number of localization references 

without any extra cost. Furthermore, the proposed approach 

estimates the location of higher number of sensor nodes than, 

they both use the same number of anchor nodes, though.  

 

 
 

Fig. 5. Phase I vs. the proposed approach   
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A Three-Dimensional Localization Algorithm for Wireless 

Sensor Networks Using Artificial Neural Networks  

 

The simulation environment is shown in Figure 6. It consists 

of: 100m X 100m X 100m cubic environment, and four anchor 

nodes. Each anchor node is represented by an asterisk (*). The 

Anchor nodes are placed at 4 corners of the cubic environment. 

A 100 mobile nodes are randomly distributed and each one 

represented by small letter (o). All mobile nodes are in one hop 

distance from all anchor nodes. The RSSI measurements and 

the calculated distances are assumed to be noisy. The 

simulation process consists of two phases: an offline phase and 

an online phase.  

 

 
 

Fig. 6. Comparison between the numbers of nodes used in each 

approach 

 

The average localization error for each mobile node in each 

scenario is the average distance between the estimated 

coordinates and the actual coordinates. The proposed approach 

is evaluated based on the following scenarios.  

 

Scenario I: One-dimensional Movement  

Initially, the effect of the one-dimensional movement on the 

localization is evaluated. The one-dimensional movement 

represents the movement of earth bound vehicles such as trains 

and cars. In this scenario, each mobile node performs five 

random one-dimensional movements along the x-axis with 

different speeds. Here, the displacement in each movement 

varies between 0.1- 3.0 m. Figure 7 shows the average 

localization error in meters for each mobile node after five 

movements. As shown in the figure, all mobile nodes have an 

average localization error less than 1 m. The overall average 

localization error in this scenario is 0.4706 m.  

 

Scenario II: Two-dimensional Movement  

In this scenario, 3D localization with two-dimensional random 

movement is evaluated. A good example of two-dimensional 

movements is pedestrian mobility or robot movements. As in 

the first scenario, five random movements are applied with 

different speeds and again the displacement varies between 

0.1-3.0 m. As shown in Figure 8, 95% of the mobile nodes 

have a localization error of less than 0.8 m. The overall 

average localization error in this scenario is 0.4855 m. 

 

Scenario III: Three-dimensional Movement  

Finally, each mobile node is set to perform five random 3D 

movements. This type of movement could represent marine 

and submarine mobility or aerial mobility. Similar to the 

previous scenarios, the displacement of each movement varies 

between 0.1 to 3.0 m. As shown in Figure 9, 94% of the mobile 

nodes have a localization error less than 0.8 m. The overall 

average localization error in this scenario is 0.4879 m.  To 

show the effectiveness of the proposed approach, we compare 

it with two 3D localization algorithms. Table II illustrates a 

comparison between the three approaches. Hence, the proposed 

approach is cost efficient and can be implemented in reality.  

 
Fig. 7. Localization error in scenario I 

 

 
Fig. 8. Localization error in scenario II 

 

 
Fig. 9. Localization error in scenario III 

 

Table II: Comparison of different 3D localization algorithms  

 

Localization Algorithm Average Localization Error 

(m) 

3D - WCL 3.6 

Mamdani and Sugeno FIS 3.0 

Proposed Algorithm 0.5 

 

IV. CONCLUSION 

 

In this paper, we propose two efficient localization algorithms 

for WSN using two artificial intelligence techniques: Fuzzy 

logic and neural networks. The first approach uses a Sugeno-

type FIS along with a collaborative communication feedback to 

achieve accuracy with minimal cost. In the second approach, 



Integrated Intelligent Research (IIR)                                               International Journal of Communication and Networking System 

Volume: 06 Issue: 01 June 2017 Page No.20-27 

ISSN: 2278-2427 

24 

we use a MLP neural network to achieve 3D localization. The 

approach is distributed and is able to locate mobile node with 

unpredictable movement patterns. The proposed approaches 

are summarized in Table III.  
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Table III : Summary of the proposed approaches 

 

Algorithm Type Processing 
2D/3D 

case 
Accuracy 

Communication 

overheads and memory 

requirements 

Deployment 

cost of anchor 

nodes 

Mobility 

Fuzzy-based 

approach  

Range-

free  
Centralized  2D 

Depends on 

the weighted 

average  

High Low 
Not 

supported 

Neural 

network-

based 

approach  

Range-

free  
Distributed  3D 

Depends on 

network 

training  

Low Low Supported 

 

 


