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Abstract
Localization in wireless sensor network (WSN) is an important issue since it helps to find the origin of the event. Many 
localization algorithms have been proposed and are efficient up to certain extent. Energy efficient and low cost 3D localization 
algorithm in wireless sensor networks is still a big challenge. Accuracy of location estimation with minimum computational 
complexity is the main objective of the localization algorithm. In this paper, we propose the clustering-based localization 
algorithm for 3D environment which is energy efficient and has less computational complexity. The sensor nodes are grouped 
in a cluster which is based on the received signal strength at the respective anchor nodes. The nearest neighbor clustering 
algorithm is formulated for forming the clusters. The anchor nodes act as the cluster heads. The distance information from 
received signal strength indicator (RSSI) along with the angle of arrival (AoA) information is combined to estimate the 
location of the cluster members creating the local map. The energy dissipation in the proposed approach can be reduced by 
adopting the density control strategy. The simulation results show that the proposed approach performs better as compared 
to the PSO, BBO, and FA in terms of localization error.
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Introduction

Wireless sensor networks (WSNs) consist of hundreds and 
thousands of wireless sensor nodes. These sensor nodes are 
capable of sensing the data and can be mounted and dis-
tributed in the area of interest. The networks formed using 
WSNs are utilized for performing various tasks such as 
environment monitoring, natural habitat monitoring, medi-
cal applications, industrial application, military application 

and geological survey of a landscape, etc. [1, 9]. Localiza-
tion in WSN has received significant attention because of 
its usefulness to operate in the remote areas where human 
cannot reach. The localization in the applications such as 
identifying the environmental condition in the dense forest 
and remote survey of a landscape without the intervention 
of humans plays a vital role. WSNs are the best solution in 
a conditions where the data gathering from remote place is 
considered [2]. The formation of WSN is also investigated 
by applying global positioning system (GPS) to all the sen-
sor nodes, but it is not feasible due to increase in hardware 
cost and makes the sensor nodes bulky [1–5].

To reduce the cost and energy consumption in WSN, 
some nodes can be equipped with the GPS system. These 
nodes are called as anchor node or beacon node [5]. These 
nodes are aware of their position and are utilized to find the 
position of the other sensor nodes in the network. Localiza-
tion algorithms are developed with the intention of find-
ing the location of an unknown sensor node in the specified 
region [4]. Generally, localization algorithms are classified 
in two categories: (1) range based algorithm and (2) range 
free algorithm [4, 5]. The range-based algorithm utilizes dis-
tance or angle estimation and shows good accuracy whereas 
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the range free algorithms adopts only connectivity informa-
tion to find the location and are cost effective [4, 5].

The localization algorithms are further classified into 
centralized and distributed based on the approach used for 
localization wherein different techniques are employed for 
position calculation [1]. In centralized algorithms, a central 
device gathers all the important information from all the sen-
sor nodes and perform all the required computations. This 
central device must have high power and high computational 
capability [1, 6]. But, in distributed algorithms, each device 
estimates its own location with the help of neighboring 
device or the anchor node [1, 5].

Generally the distributed algorithm works on the concept 
of network partitioning [7]. The network is divided into sub-
regions called the network partition or clusters [7, 8]. Scal-
ability, robustness, parallel and distributed computing and 
reduced traffic in the network are some of the advantages of 
using clustering in WSN. Objectives of the clustering are 
application dependent, but in most cases these objectives 
are load balancing, fault tolerance, increased connectivity, 
minimal anchor count, increased network lifetime, and to 
increase the energy efficiency.

Most of the localization algorithms have been proposed 
by considering the plane surface. In real time scenario, the 
surface is not always plane but it is uneven such as valleys, 
hilly areas, mountains, etc. At such places, depth informa-
tion is very much needed to find the location of the event 
occurring at that place. By considering these areas as the 
three dimensional space, the efficient localization algorithm 
is needed to find the location of the sensor nodes at that 
place. Most of the 3D localization algorithms suffers from 
low accuracy, high computational complexity, low position-
ing coverage, and relying too much on the anchor node. The 
non-uniform densities and irregular topologies are the issues 
in finding the location of the sensor node in 3D environ-
ment. The clustering algorithms can be helpful in reducing 
the computational complexity and provide a solution for 
network management using the resources efficiently. The 
clustering-based localization algorithm delivers wider cover-
age in the network and offer more accurate result.

The localization using clustering is not explored much 
in 3D localization. Thus, we propose a new clustering algo-
rithm for 3D localization in WSN using received signal 
strength values and the angle of arrival information. The 
clusters are formed based on the received signal strength 
indicator (RSSI) information received from the surround-
ing sensor nodes. Once the clusters are formed, the angle of 
arrival (AoA) information of the signal is also collected at 
the cluster head. The RSSI values along with AoA informa-
tion will further be utilized for localizing the sensor node 
by the cluster head creating the local maps. The local maps 
created by the cluster heads can be converted to global map 
with reference to the coordinates of the Base Station.

This subject is novel since RSSI-based clustering is not 
mentioned in the any previous literature in 3D localization. 
Moreover, the combination of RSSI and AoA for localizing 
the nodes using clusters has not yet been explored. The per-
formance of the algorithm is studied with reference to the 
energy efficiency and the lifetime of the network.

The paper is organized as follows. “Literature Review” 
presents the literature review based on localization tech-
niques in 3D environment. Energy efficient clustering is 
described in “Clustering Algorithms for Energy Efficiency”. 
“Spherical coordinate System for 3D localization” demon-
strates the spherical coordinate system for three dimensional 
coordinate calculation. The material and methods and the 
localization process are presented in “Materials and Meth-
ods”. The experimental results are discussed in “Experimen-
tal Setup and Results”. “Conclusion” presents the simulation 
analysis and performance followed by the conclusion and 
the future scope of the work which is also discussed in this 
section.

Literature Review

Most of the localization algorithms are classified as range-
based and range-free. In range-based localization algorithm, 
the distance estimation between the sensor nodes are used 
for localizing the target or unknown node by using RSSI or 
AoA measurements. The range-free localization algorithms 
are based on the connectivity information between the sen-
sor nodes which is defined mostly in terms of hop count 
value. Some of the range-free and range-based 3D localiza-
tion algorithms are presented in this section.

The effects of the Voronoi diagram in 3D location space 
are discussed and analyzed in [10]. The Sequence Locali-
zation Correction method based on 3D Voronoi diagram 
(SLC3V) is presented, which uses a 3D Voronoi diagram 
to split the 3D location space and creates virtual beacon 
node rank sequence tables. SLC3V corrects the estimated 
distance and adjusts the location sequence of uncertain 
nodes by using the RSSI method between beacon nodes as 
a reference. Then, by applying a normalization procedure 
using rank correlation coefficients, it determines the best 
parameter N and creates a weighted location estimate with 
N valid virtual beacon nodes.

SLC3V determines the centroids of three types of poly-
hedron areas, known as virtual beacon nodes. After parti-
tion, the distance between virtual and real beacon nodes is 
calculated. A location sequence table for all beacon nodes 
is created, including actual and virtual beacon nodes, 
based on their distance rank. The unknown nodes’ position 
sequence table is then computed and corrected using the 
RSSI approach. As a result, the unknown nodes’ position 
sequence table will be closer to the truth.
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It selects the optimal parameter N, which determines the 
valid number of virtual beacon nodes utilized in localiza-
tion estimation, by estimating the coordinates of real bea-
con nodes using Kendall coefficients. Finally, it generates N 
valid virtual beacon node optimum localization sequences 
and predicts the unknown node’s coordinate using Kendall 
coefficients between the sequences in the ideal localization 
sequence table and the unknown node sequence.

A cube boundary is constructed as per the 3D location 
environment. The real beacon nodes are scattered in the 3D 
space randomly. 3D Voronoi diagram is used to partition the 
space to create Voronoi polyhedrons. A set of min-vertical 
planes divides 3D space into three types of areas, such as 
edges, faces, and bodies.

Virtual beacon node is identified by finding the centroid 
of the regions. Based on the distance between virtual bea-
con nodes and real beacon nodes, the location sequences 
of virtual beacon nodes are ranked. All real beacon nodes 
know their position through GPS and the virtual beacon 
nodes are identifying their position after partitioning the 
region. Based on the distance, the location sequence values 
are assigned to virtual beacons to know how close they are 
to the real beacons. To rectify the measured distance and 
adjust the location sequence of unknown nodes, the distance 
and RSSI between real beacon nodes is utilized as a refer-
ence. Unknown nodes can correct their measured distance 
according to the environment based on the RSSI correction. 
As a result, the algorithm can resolve the position sequence 
of an unknown node and assure that it is consistent with the 
actual scenario. The order correlation coefficients between 
the vectors in the virtual beacon node sequence table and 
the unknown node sequence are calculated. Optimal number 
of virtual beacon nodes are determined by using weighted 
estimation which also reduces the computational complexity 
of the algorithm.

The log normal shadowing model is used for RSSI cal-
culation to sample a distance function as shown in Eq. (1);

The localization error is calculated by using following 
Eq. (2);

An unmanned aerial vehicle (UAV) which is GPS ena-
bled, is used to know the position of the sensor nodes in the 
3D environment [11]. The UAV flies over the sensor nodes 
that were deployed in the monitoring region transmitting its 
geographical location on a regular basis.

When a node receives four or more messages indicating 
the UAV’s position, it can determine its own position. To 

(1)PR(d) = PT − PL
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(2)Pe =
|Estimate location − real location|
Wireless communication radius

× 100

determine the position of a system in three dimensions, four 
points of reference are required, as opposed to three in a two-
dimensional system. Two well-known propagation models 
viz Free Space and Two-Ray Ground are considered for the 
simulation. The Free Space model considers no interference 
during signal propagation while Two-Ray Ground considers 
the possibility of signal reflection during propagation. The 
RSSI technique is used for the distance calculation since it 
does not require any extra hardware and no control messages 
for the distance estimation.

The Two-Ray Ground signal propagation model is more 
significant since it considers the possibility of signal reflec-
tion on the ground, to make a 3D localization system more 
realistic. Four reference points are required to calculate a 
three-dimensional position. During the UAV’s flight over 
the monitoring region, these reference points are collected. 
Aside from the four reference points, the distance between 
each point must be known. Then by applying multilateration 
method, the position of the unknown can be estimated. This 
method uses least square method because of its simplicity 
and the performance.

The proposed localization algorithms consist of two parts. 
The first part consists of flying the UAV periodically and 
broadcasting the signal to be received by the sensor nodes. 
The schedule of the UAV flight and broadcasting the mes-
sage is maintained. The periodic broadcast takes place in 
time with the UAV’s movement throughout the monitored 
area.

In the second part of the algorithm, the RSSI for the 
received message is translated to a distance measurement. 
The UAV’s position and distance from each position are then 
updated in the reference set by node. If the reference set is 
4, the node can calculate its three-dimensional geographical 
position. The set reference is supplied as a parameter to the 
least Squares function, and the return is the sensor node’s 
computed position.

The author has claimed that with a small inaccuracy, 
the proposed technique estimates the position of unknown 
nodes. The algorithm’s efficiency is independent of the num-
ber of nodes in the network, which is crucial in terms of 
scalability. Furthermore, all sensor nodes acquire enough 
data to calculate their position.

To improve the localization accuracy and to reduce the 
failure of localization, a range free localization scheme in 
3D environment has been proposed in [12] using mobile 
beacon node. Location of the sensor node is calculated 
by obtaining two probable points by finding the intersec-
tion of three spheres with centers of the spheres as the 
reference points. The mobile beacon knowing its position 
through GPS move in the area of deployment broadcasting 
the message with its current position. The sensor nodes 
which are deployed in the 3D environment does not send 
any data to the beacon node and only receive the messages 
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from the beacon node when it is in the communication 
range of beacon. When the sensor node receive four bea-
con points, then the distance can be estimated using these 
beacon points.

Equation (3) can be solved to estimate the position of 
the sensor node. Path of the beacon node movement affects 
the deployment of the sensor nodes. So, if the defined path 
is used then more accurate results can be obtained.

The combination of RSSI and TOA is proposed in [13] 
for locating the node in 3D environment using mobile 
anchor node for increasing the accuracy of location esti-
mation. Gauss–Markov three dimensional mobility model 
is used to define the movement of the node in the region. 
RSSI is used for near end sensor nodes and TOA is used 
for far end sensor nodes. The maximum likelihood method 
is used to find the final estimated location of the sensor 
nodes.

The moving anchor node broadcast the message con-
taining the position information and creates the markers 
as per the position. These markers are then used as the 
virtual reference node which can be used to locate the 
unknown node. The RSSI ranging method determines the 
power loss in the signal propagation process based on the 
signal power received by sensor nodes, then transforms 
the power loss to a distance value using theoretical and 
empirical models. The TOA ranging method calculates 
the distance between two nodes by measuring the wireless 
signal's transmission time.

The N sensor nodes are randomly deployed in the area 
of interest with the M anchor nodes. The (N–M) are the 
unknown nodes which are to be localized. All the sen-
sor nodes have the same communication range. After 
the measured distance value di (or dj) between m (m 4) 
unknown nodes and anchor nodes (or virtual anchor nodes) 
are collected from the three-dimensional monitoring 
region of WSN. The coordinate values of unknown nodes 
are determined via maximum likelihood estimate. The 
work can be extended for multiple mobile anchor nodes.

By using sensor depth information and a simple projec-
tion approach, the 3D underwater sensor network (USN) 
localization problem is converted into its 2D equivalent 
[14]. The idea of the research is based on the proof that 
non degenerative projection conserves network localiz-
ability. Underwater Sensor Positioning (USP) is a purely 

(3)
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distributed bilateration localization technique for 3D 
USNs. USP is based on a new projection-based localiza-
tion methodology that allows 2D localization methods to 
be used in 3D environments. The technique is divided into 
two primary stages: offline pre-distribution and distrib-
uted localization. The first phase involves preloading ini-
tial setup information into nodes, while the second phase 
involves iteratively executing the distributed localization 
method. The sensor nodes that are relatively stationary 
are distributed randomly with at least three anchor nodes 
which are GPS enabled. Sensor can compute their depth 
information using pressure depth knowledge or some other 
techniques. Projection technique uses a mechanism for 
converting the positions of reference nodes from one plane 
to another. The challenge of locating node X in a 3D space 
has been simplified to locating X in a 2D space using a 
non-generative projection. To achieve 3D underwater 
localization, USP uses both projection and bilateration. 
USP’s multi-iteration execution approach steps through the 
computation of a maximal bilateration extension subgraph 
of the original network. USP is a distributed localization 
framework that elegantly integrates projection and bilat-
eration, when the two approaches that ensure its optimal 
localization capabilities used together.

A new distance estimation approach for 3D localization 
is proposed in [15] where the main focus is on the crea-
tion of a dissimilarity matrix that represents the distance 
between each node in the network. The node’s coordinates 
in a local coordinate system are determined using an MDS-
based localization approach, and the Helmert Transforma-
tion is used to translate the node's local coordinates into a 
global coordinate system. The nodes are deployed in the 3D 
environment with some anchor nodes. The nodes are static 
in nature and adopt flat technology. The localization process 
consists of three steps: (1) Distance estimation, (2) Location 
estimation, and (3) Coordinate transformation. RSSI is used 
for the distance estimation and the algorithm runs at the cen-
tral server. Multidimensional scaling method is used for the 
location estimation. Coordinate transformation is performed 
to map the local coordinates with the global coordinates.

The localization error increases with the increase in the 
communication range. The proposed algorithm works well 
in the minimum density network. If the density fall below the 
minimum level, then it does not produce good results. The 
time complexity of the algorithm increases with increase 
in the number of nodes. The algorithm can be extended for 
mobile anchor nodes.

A 3D localization based on single mobile beacon node is 
proposed in [16]. The combination of UWB signal and TOA 
information is used for calculating the distance between 
the mobile anchor and the sensor node. SDI algorithm is 
used as the 3D positioning algorithm. A low altitude fly-
ing aircraft carries the beacon node which know its position 
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through GPS. Beacon node broadcast the current position 
periodically. UWB signal has good performance in multi 
path propagation. Time of arrival (TOA) is used for distance 
calculation. Space distance intersection (SDI) for calculating 
the position of unknown node using three nonlinear beacon 
position in 3D environment.

An adaptive flower pollination (AFPA) is presented in 
[17] to locate the node in 3D wireless sensor network. The 
flower pollination algorithm (FPA) is based on the natural 
pollination process that occurs in flowering plants. To simu-
late the pollination process, each flower has a global and 
local pollination phase with a switch probability ps. Instead 
of utilizing a fixed switch, adaptive FPA uses an adjustable 
switch called pt to balance the exploitation and exploration 
tendencies during the search phase. The implementation of 
the Elite Opposition-Based Learning (EOBL) technique has 
boosted exploration. Cauchy-based step size has improved 
the global pollination phase, allowing for more effective 
exploration of the search space. Local neighborhood search 
(LNS), which is based on knowledge of the optimal result, 
has improved exploitation. The dynamic switch probabil-
ity pt is used to create a balance between exploration and 
exploitation. In the standard FPA, the modified AFPA is 
created by combining the EOBL technique, the Cauchy dis-
tribution based Global pollination phase, the LNS model, 
dynamic switch probability, and the catfish effect mecha-
nism. Single anchor node is used to locate the unknown 
node. Three layer structure is used for the deployment of 
the sensor nodes. Anchor node is placed at the top level 
while the normal sensor nodes are randomly deployed at 
the middle and bottom level. RSSI is used for the distance 
calculation using Euclidean distance calculation method. 
Six virtual anchor nodes are projected at 60 degrees each 
after calculating Euclidean distance to locate normal nodes 
using the umbrella projection method. The centroid is calcu-
lated using one anchor and three virtual anchor nodes. The 
Adaptive FPA technique is then used to optimize the data by 
utilizing this centroid information. The virtual anchor nodes 
helps in reducing the effect of line of sight for communica-
tion. Calculating the mean square error between actual and 
estimated coordinate’s distances of actual and estimated 
nodes, yields the fitness function.

The combination of APIT and the Dv-Hop is demon-
strated in [18] to develop hybrid 3D localization algorithm 
for increasing the localization accuracy and coverage rate 
of the beacon node. Changes in the signal intensity of the 
unknown node received by the beacon node are used to 
implement the improved APIT algorithm. The improved 
APIT algorithm reduces the area of the unknown node 
within the triangle, improving the node's localization accu-
racy. The triangle can be formed by selecting any three bea-
con nodes randomly. The triangle with the target node is 
selected. The concrete realization is to divide the triangle, 

allowing it to be subdivided into several small intervals, and 
then further subdivided into other small intervals. Dv-Hop 
is a range free and distance independent algorithm used 
for localizing the sensor node. The hop count is the base 
for locating the nodes where the coordinates of the sensor 
node can be estimated using any measurement techniques 
or maximum likelihood method. 3D Dv-Hop also follow the 
same steps for estimating the location of the sensor nodes in 
3D environment. The final position estimation of the sensor 
node depends on the multiple degree of collinearity of the 
beacon nodes. The mesh quality of the tetrahedron can be 
used to assess the degree of multiple collinearity of the four 
beacon nodes in three dimensions. The tetrahedron can be 
thought of as a three-dimensional triangular extension. In 
the presented algorithm, the APIT is used when the neigh-
boring beacon nodes are greater than six and the Dv-Hop is 
used when the number of neighboring beacon node is less 
than three.

The concept of degree of coplanarity is combined with 
the traditional DV-distance to minimize the positioning error 
in 3D localization [19]. The node which is located is made 
an assistance anchor node to increase the area coverage. The 
RSSI is used as the distance estimator between the sending 
and receiving node. Along with RSSI, the modified DV-hop 
distance technique is used in which the cumulative distance 
is replaced by the actual distance between the nodes. The 
distance and anchor node location information is used to 
locate the unknown node using multilateral localization. 
In three dimensional space at least four anchor nodes are 
required to locate the node as compared to three anchor 
nodes in two dimensional space. The coplanar degree of 
four anchor nodes in three-dimensional space is represented 
by the Degree of Coplanarity (DCP) in Fig. 1.

The degree of coplanarity is defined by Eq. (4),

Fig. 1   Localization model in three dimensional space
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where DCP ∈ (0, 1).
The anchor node with the most DCP value is called the 

best positioning unit. The anchor node selection is done 
based on the DCP value for more accurate localization. 
Sometimes the positioning units are not available for locat-
ing the unknown node, so to solve this problem the concept 
of assistant anchor node is used. The assistant anchor node is 
the node whose location is calculated. Localization is simply 
a problem of optimization based on various distances. There 
is a flaw in quadrilateration-based localization algorithms. 
The Quasi-Newton approach is used to provide optimized 
localization of the sensor nodes.

Bacterial foraging optimization (BFO) and invasive weed 
optimization (IWO), are combined to propose range-free 
localization techniques for 3D space in an anisotropic envi-
ronment [20]. Received signal strength (RSS) information 
is used to locate the target node by calculating the distance 
between the anchor node and the target node. Edge weights 
between target nodes and their neighboring anchor nodes are 
used to estimate the positions of target nodes to overcome 
the non-linearity between RSS and distance. The computa-
tional complexity of the algorithm is reduced by using the 
fuzzy logic system. Furthermore, BFO and IWO are used 
to optimize the edge weights to achieve more accuracy of 
localization. Anchor nodes and target nodes are distributed 
randomly in the region of interest. The anchor nodes send 
the beacon signal in the network collecting RSS from the 
target nodes. The anchor nodes are GPS enabled and know 
their position. If the target nodes have four or more numbers 
of anchor nodes then the node is localizable. Fuzzy logic 
system is used to calculate the edge weights between the 
target node and the anchor nodes. Weighted centroid method 
is used to calculate the location of the target node.

A landscape-3D localization solution is proposed in [21] 
in which it considers localization as a functional dual of 
target tracking. The landscape 3D is fully independent of 
the network topology and density of nodes. Sensor nodes are 
randomly deployed in the area of interest and the location 
aware (LA) node may be any airplane, mobile device or any 
moving object which know its position. The LA can send out 
beacons to sensor nodes, each of which provides the LA’s 
current location as well as the transmitting power needed 
to send the beacon. After the beacons have been broadcast, 
the LA is free to depart. Each sensor passively listens to the 
beacons during the process, estimating the distance between 
itself and the beacon based on the beacons’ measured RSS. 
There is no sensor-to-sensor transmission overhead through-
out the localization operation. The ability of sensor nodes 
to communicate with the LA is not assumed. Landscape 3D 
assume localization of the sensor nodes as the target tracking 

(4)DCP =

{
1 coplanr

� else

problem. To dynamically determine the positions of sensor 
nodes, the Landscape-3D system takes advantage of chang-
ing LA positions and corresponding sensor-to-LA distances.

An improved heuristic method for distance computation 
to construct and analyze an algorithm based on multidimen-
sional scaling (MDS) technique for three-dimensional (3D) 
node localization in WSN is presented in [22]. The problem 
that lies with the MDS-MAP is to find the shortest distance 
between pair of nodes. To reduce the distance calculation 
error, the heuristic approach (HA) is used to calculate the 
distance between non-neighboring sensor nodes. MDS is 
an extremely precise dimensionality reduction approach. If 
the correct distance matrix is provided as input, the MDS 
method will correctly reconstruct the network map. The pre-
sented approach first calculates the shortest distance between 
the pair of sensor nodes by using heuristic approach to form 
the distance matrix. The classical multidimensional scaling 
algorithm is applied by taking the distance matrix as the 
input. The first three biggest eigenvalues and eigenvectors 
produce a relative map with each node’s relative location. 
Singular value decomposition method is used to find the 
optimal rigid transformation which transforms the relative 
map to the absolute map using at least four anchor nodes. 
RSSI method is used for distance identification. The sensor 
nodes are static in nature and the connectivity path is avail-
able between every pair of nodes. Random and grid network 
topologies are used for experimentation.

A parametric loop division (PLD) algorithm based 3D 
localization is discussed in [23]. Anchor nodes defines the 
boundary to locate the sensor nodes lying within that bound-
ary. The region shrink towards the center to locate the node 
more accurately. The PLD algorithm’s main idea is to locate 
an actual localization volume in 3D space and estimate a 
node’s true position. With the addition of remarkable nodes 
in its control ring matrix, it subdivides pieces of a triangle in 
each phase. A triangle can be formed by three nodes in a net-
work. Choose the closest node as a reference point and use 
those extraordinary nodes to create new parametric points. 
With the help of the reference points, new parametric points 
are created. PLD can be used to locate a WSN node that 
has a uniform or random distribution of anchor nodes. PLD 
generates a variety of iterations, each of which may contain a 
large number of unknown nodes in a large volume of anchor 
node distribution in 3D space. Furthermore, each PLD net-
work may calculate the amount of nodes it has for localiza-
tion. The PLD algorithm parameterizes 3D space, resulting 
in parametric nodes, each of which holds information about 
the sum of received power from all network anchor nodes. 
Each iterative step in PLD can produce a similar triangle 
with respective anchor nodes by employing the parametric 
node. Sum of RSS from all the anchor nodes are checked 
at the parametric point. If it is less than the threshold value 
then it is accepted. Otherwise the value is again checked in 
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the next iteration. If the RSS value is accepted then the size 
of the ring is reduced by some defined amount. The centroid 
method is used to determine the position of a sensor node, 
and the localization error can be obtained.

A range-free localization technique for 3D localization is 
proposed in [24] where MDV-Hop algorithm is used for dis-
tance calculation which is based on dynamic error collection 
and multi-hop communication scheme. An improved parti-
cle swarm optimization (PSO) algorithm with inertia weight 
and trust coefficient is used to increase the accuracy of esti-
mation by optimizing the calculated location. A collection 
of anchor nodes with the same distance from the central 
node s is formed. The average distance per hop is dynami-
cally changed based on the distance to unknown node and 
average distance error per hop. The weighted value can be 
determined using the RSME of anchor nodes; nevertheless, 
the distance per hop in one group is equal to the total of all 
the distance per hop of anchor nodes with weighted values. 
Finally, the unknown node’s distance from the anchor node 
can be calculated using the distance per hop of unknown 
nodes in different groups. The proposed approach considers 
static senor nodes which can be extended for mobile anchor 
nodes. Range-based distance calculation algorithms can also 
be used to improve the accuracy of location estimation.

Hop count based 3D localization technique using anchor 
node to find the location of the sensor node has been pre-
sented [25]. Event triggering mechanism and event-based 
output technique considered to provide better accuracy and 
efficiency of localization. The monitoring area is divided 
into n × n × n grid structure to generate the cube as the out-
put in which the target node is located. The distance esti-
mation between the anchor node and the target node is the 
preliminary task that must be performed, and then finding 
the shortest distance between the anchor nodes and the target 
nodes. It is expected to have the target node within the one 
hop cubic space of the anchor node. More the number of 
anchor nodes within the grid, the target node becomes more 
localizable. Using Min–Max method, the upper bound and 
lower bounds of the coordinates can be obtained.

In [26], secure and robust localization is highlighted 
for 3D environment. The proposed algorithm provides the 
security to the sensor network from the malicious node. The 
algorithm is robust since it works properly in the presence of 
malicious node also. Quadrilateration is used to locate the 
unknown node with the help of beacon nodes which know 
their position through GPS. Beacon node share their location 
with the unknown sensor nodes by broadcasting the message 
and estimate the distance. The control unit with the beacon 
node ask for the authentication id before start of the trans-
mission with the target node. A public authentication key 
and encryption technique are used to sign the message. The 
key exchange is done for decrypting the messages. Centroid 
of the beacon location is used to locate the target node.

The concept of flying anchors is used in [27] to localize 
the unknown nodes in 3D WSNs using range free localiza-
tion algorithm. Since a configuration which is quite similar 
to a vehicle-to-infrastructure (V2I) based positioning tech-
nique is employed in the proposed method. The algorithm’s 
nature is also ideal for vehicle localization. For the random 
movement of mobile anchor nodes which are equipped with 
a global positioning system (GPS), a multilayer C-shaped 
trajectory is adopted to broadcasts its location information 
over the sensing space. The mobile anchor nodes continue 
to communicate the beacon and their position information 
to unknown nodes while selecting three additional anchor 
nodes to form a triangle. The distance is then calculated 
using link quality induction against each anchor node, with 
the localization error calculated using the centroid-based 
technique.

A COLA (complexity-reduced 3D trilateration localiza-
tion approach) has been proposed in [28] to reduce the com-
plexity of localization algorithm and reduce the 3D trilat-
eration into 2D trilateration. The proposed approach uses a 
super anchor nodes whose coordinates differ only in z-coor-
dinates. Increasing the number of anchor nodes increases the 
computational cost. The accuracy can be increased with the 
elimination of the possible propagation error.

A hybrid approach using RSSI and AoA is proposed 
for target localization in non-cooperative and cooperative 
3D wireless sensor network [29] for known and unknown 
transmit power. The proposed approach uses maximum like-
lihood (ML) method to increase the accuracy of the esti-
mates. Angle measurement error and the orientation error 
are considered in place of digital compass to generalize the 
model. Cooperative and non-cooperative localization with 
both known and unknown transmit power are presented in 
the proposed approach.

A three dimensional adaptive multilateration localization 
(3D-AML) is presented in [30] for light weight localiza-
tion in three dimensional environment with better accuracy. 
3D-AML converts the two-dimensional concept of inter-
secting circles into three-dimensional intersecting spheres. 
Geometric features are also used by 3D-AML to determine 
the location of a sensor node. As a result, it has a low time 
complexity due to the use of arithmetic operations.

Three dimensional DV hop algorithm (3DDV Hop) is com-
bined with A* algorithm in [31] to locate the sensor node in 
wireless sensor network. To begin, node hop-count values are 
optimized, and the average distance per hop error is addressed. 
Then, to optimize the coordinates locally, the multi-objective 
optimization non dominated sorting genetic algorithm (NSGA-
II) is used. The pareto-optimum solution is found after selec-
tion, crossover, and mutation. The hop-count value of the net-
work’s localization node is optimized using the improved A* 
method. The initial hop-count value and deviation angle are 
normalized to achieve intelligent selection of the optimal node 
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to be hopped, resulting in a straight line hop count value path 
between each node, and the new hop-count value is calculated 
iteratively. The average hop distance is adjusted. The devia-
tion angle and the normalized values of the original hop-count 
value are utilized as correction factors to adjust the predicted 
distance per hop, further reducing the average distance per hop 
error. The NSGA-II algorithm is used to iteratively refine the 
estimated coordinates in the local area to improve accuracy. 
As a reference, the coordinate value produced using the least 
square technique formula is applied, and the optimal search 
target range is determined.

Based on RSSI, a 3D localization algorithm is presented in 
[32] using antennas radiation pattern in wireless sensor network. 
The proposed localization procedure is based on a target node 
equipped with a half wave dipole antenna that radiates in an 
omnidirectional manner. A new relative height estimation is pro-
posed based on the fact that as the height increases the received 
signal strength at beacon from the target node decreases.

A 3D localization approach is presented in [33] based on 
acoustic signal to locate the sensor node in wireless sensor 
network. The capacity to determine the geographic location of 
a sound source is known as audio localization. This specialty 
creates subjective sound spaces by determining the sound 
source’s direction. Its azimuth strength and distance indicate 
the sound’s direction from the source. The position of each 
sound source in a three-dimensional spherical acoustic field 
can be determined by the binaural character of the listener’s 
auditory system. Three microphones along each axes are used 
to obtain more information to locate the source. Along with 
RSSI, TDOA and AoA are used for the estimating the location 
of the target node by using trigonometric formulas. Deploy-
ment of sensor nodes is based on genetic algorithm.

In [34], the localization is modeled as the optimization 
problem. Since the sensor nodes in the real time scenarios 
are mostly not time synchronized, the UAV is used to broad-
cast the message to all the sensor nodes in the deployed area 
after every defined time interval consisting of its position 
information. Multidimensional scaling with the intersection 
of three or more spheres is used to estimate the location 
of the target node considering interconnection point as the 
estimated location point. A micro-differential evolution with 
scalar mutation (MDESM) is used considering the additive 
estimation error to locate the sensor node in 3D environ-
ment. The summary of 3D localization algorithms is pre-
sented in Table 1. 

Clustering Algorithms for Energy Efficiency

Clustering is also used for creating energy efficient net-
work which run for longer period of time and will be used 
at its full capacity. Some of the clustering algorithms are 
described in this section.

Effect of heterogeneity of the nodes on the performance 
of the clustering algorithms in WSN is analyzed in [35]. All 
the sensor nodes and the base station considered to be sta-
tionary. Sensor node is deactivated once the energy becomes 
zero. Energy dissipation depends on inter cluster and intra 
cluster communication. In case of inter-cluster communica-
tion, the cluster heads communicate with the base station 
whereas in intra-cluster communication, the cluster member 
nodes communicate with the cluster head. The energy dissi-
pation of the sensor nodes and the cluster head is dependent 
on the inter-distance and intra-distance values. Equation (5) 
gives the intra-cluster communication distance.

where, N represents number of nodes in the cluster, Dist (i, 
CH) is the distance between the nodei and the cluster head.

If the cluster head is positioned at the center of the clus-
ter, then the energy dissipation of the cluster member node 
is less since the intra-cluster distance is less.

An improved LEACH clustering algorithm is developed 
to reduce the energy consumption in WSN [36]. Clusters are 
selected based on the residual energy of the sensor nodes 
dynamically. Sensor nodes are deployed randomly in the 
sensing field, and position of the base station is fixed. In this 
case, cluster heads communicate directly to the cluster mem-
ber nodes and the base station. The responsibility of routing 
process is assigned to the base station. After every round 
of communication cluster heads are elected based on the 
residual energy, generally more than 10%. The authors have 
claimed that the proposed method is applied for static net-
works but can be extended for dynamic networks. In another 
study, an energy efficient hierarchical routing based on clus-
tering is presented [37]. The clusters are formed based on 
the residual energy of the sensor nodes. Afterword, cluster 
head is selected with the highest residual energy and the 
shortest distance from the base station. The base station is 
responsible for transmission activities and divides the sensor 
nodes into small subgroups and dedicate one sensor node 
as the cluster head of the group. The setup of WSN consist 
of homogeneous nodes with same initial energy of nodes, 
static nodes, and different level of clusters i.e., level one, two 
or three. The levels decide the data transmission in cluster-
ing hierarchy. Moreover cluster heads transfer the collected 
data to the cluster head which is closer to the base station. 
To prolong the lifetime of the network, cluster heads are 
selected in rotation.

To find the optimum cluster size, a distributed clustering 
is designed in [38], wherein homogeneous and heteroge-
neous clusters are formed. It is observed that the hetero-
geneous clusters are more efficient than the homogeneous 

(5)

Intra − cluster communication distance =

N∑
i=1

Dist(i,CH)
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Table 1   Summary of 3D localization

References Localization algo-
rithm

Locali-
zation 
approach

No. of 
nodes

Anchor 
nodes

Simulator Proposed approach Deployment area Deployment

[10] RSSI Range-
based

100 8 to 32 Matlab 3D Voronoi dia-
gram + Sequence 
localization cor-
rection method

– Random

[11] RSSI Range-
based

250 to 
2000

25 to 200 SinalGo 
v.0.75.3

Free space and two-
ray ground

– Random

[12] Hop count Range-free 100 Random Matlab Intersecting 
Spheres + Mobile 
Beacon

100 × 100 × 100 Random

[13] RSSI + TOA Range-
based

200 20 Matlab Gauss-Markov 
three dimensional 
mobility model

200 × 200 × 200 Random

[14] RSSI Range-
based

1000 At least 3 
for one 
target 
node

Matlab Simple projection 
approach

100 × 100 × 100 Random 
(Cubic 
Region)

[15] RSSI Range-
based

15 and 100 4 and 5 Matlab MDS + Hermert 
Transformation

50 × 50 × 5, 
100 × 100 × 50

Random

[16] TOA Range-
based

225 25 Matlab Space distance 
intersection (SDI)

100 × 100 × 100 Random

[17] RSSI Range-
based

– – Matlab Adaptive flower 
pollination

– Random

[18] Hop count Range free 200 – Matlab APIT + DV-Hop 1000 × 1000
 × 1000

Random

[19] Hop count Range free Random 
number

Random 
number

Matlab Degree of copla-
rity + DV Hop

Random

[20] RSSI Range-
based

150 Random 
number

Matlab BFO + IWO 150 × 150 × 150 Random

[21] RSSI Range-
based

200 Random 
number

Matlab Landscape 3D 1000 × 1000
 × 1000

Random

[22] RSSI Range-
based

100, 125 Random 
number

Matlab Heuristic + MDS 100 × 100 × 100 Ran-
dom + Grid

[23] RSSI Range-
based

Random 
number

6 Matlab Parametric loop 
division

100 × 100 × 100 Random

[24] Hop count Range-free 80 to 280 5% to 30% Matlab MDV Hop + PSO 100 × 100 × 100 Random
[25] Hop count Range-free Random 

number
8 Matlab Event trigger-

ing + Min–Max 
method

n × n × n Grid

[26] RSSI Range-
based

10 to 60 Random 
number

NS2 Quadrilatera-
tion + Security 
mechanism

– Random

[27] Hop count Range-free 200 5 Matlab Flying 
anchors + Vehicle 
to infrastructure

1000 × 1000
 × 1000

Random

[28] RSSI Range-
based

8 9 TinyOs COLA – Random

[29] RSSI + AoA Range-
based

Varying Varying Matlab Maximum likeli-
hood

– Random

[30] RSSI Range-
based

200 40 C +  +  3D-AML 100 × 100 × 100 Random

[31] Hop count Range-free 130 25 Matlab 3d DV hop + A* 100 × 100 × 100 Random
[32] RSSI Range-

based
10 1000 Matlab Antenna radiation 

pattern
7 × 7 × 7 Random
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clusters. If the cluster size is bigger than the sampling, then 
the variance is also big and hence cost of communication 
increases and vice versa. Moreover, decrease in mean square 
errors between the clusters, increases cluster’s efficiency. In 
[39], cluster-based routing is proposed wherein the cluster 
heads are dynamically changing in heterogeneous WSN. 
Here, cluster heads are elected based on the higher energy 
level of the node. On the other hand, energy consumption is 
distributed efficiently over the network to achieve network 
stability and prolong lifetime. The proposed setup com-
prises of the normal node, advance node, and super node. 
The advance node and super nodes are penalized when their 
residual energy is same as compared to normal node after 
some rounds. Thus, to deal with this problem of cluster head 
selection, function is changed to provide equal probability to 
become cluster head to all three types of node.

Another energy efficient clustering algorithm is devel-
oped to increase the lifetime of WSN [40] which utilizes 
fitness function based on Glowworm swarm with Fruitfly 
algorithm, to identify best cluster head. While selecting the 
cluster head, the energy level, packet delay, and distance 
between the nodes are considered as important parameters. 
In addition, quality-of-service (QoS) is selected for efficient 
network performance in WSN.

Spherical Coordinate System for 3D 
Localization

In mathematics, a spherical coordinate system is a coordinate 
system for three-dimensional space where the position of a 
point is specified by three numbers: the radial distance of 
that point from a fixed origin, its polar angle measured 
from a fixed zenith direction, and the azimuthal angle of 
its orthogonal projection on a reference plane that passes 
through the origin and is orthogonal to the zenith, meas-
ured from a fixed reference direction on that plane. It can be 
seen as the three-dimensional version of the polar coordinate 
system [41, 42].

The spherical coordinate system generalizes the two-
dimensional polar coordinate system as shown in Fig. 2. It 

Table 1   (continued)

References Localization algo-
rithm

Locali-
zation 
approach

No. of 
nodes

Anchor 
nodes

Simulator Proposed approach Deployment area Deployment

[33] RSSI + TDOA + AoA Range-
based

Varying 9 C +  +  Genetic algorithm 10 × 10 × 10 Grid

[34] Hop count Range-free 50 varying – MDESM – Random

Fig. 2   Spherical coordinate system

Fig. 3   Geometric configuration of point P
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can also be extended to higher-dimensional spaces and is 
then referred to as a hyper spherical coordinate system.

Spherical coordinates are useful in analyzing systems that 
have some degree of symmetry about a point, such as vol-
ume integrals inside a sphere, the potential energy field sur-
rounding a concentrated mass or charge, or global weather 
simulation in a planet’s atmosphere. A sphere that has the 
Cartesian equation x2 + y2 + z2 = c2 has the simple equa-
tion r = c in spherical coordinates [41, 42] (Fig. 3).

The relationship can be established between the Carte-
sian coordinate system and the spherical coordinate system 
as shown in Fig. 4. The coordinate r is the distance between 
point P and the origin. P’ is the projection of point P to the XY 
plane. Ф the angle between the positive X-axis and segment 
between origin and P’. ϴ is the angle between positive Z-axis 
and the line segment from the origin to P [41, 42].

The relationship between the spherical coordinate system 
(r, ϴ, Ф) and the Cartesian coordinate system (x, y, z) of the 
point P can be calculated using trigonometric equations. In 
the triangle in Fig. 1 which is formed by projecting point P on 
the Z-axis has the radius r and ϴ is the angle the hypotenuse 
makes with Z-axis, the Z-coordinate is z = r × cosϴ. The length 
of the other leg of the right triangle is the distance from point 
P to the Z-axis, which is d = r × sinϴ. In Fig. 4 the original 3D 
coordinates in XY plane, is the right triangle whose vertices 
are the origin, the point P’ and its projection onto the X-axis 
[41, 42].

Here, r represents the distance between the origin and 
the point P’. Ф is the angle between the hypotenuse and the 
X-axis. The x and y components are as given below.

So, the spherical coordinates can be converted into the Car-
tesian coordinates using the following formulas,

Materials and Methods

In this section, we propose a clustering algorithm for 
localizing the sensor nodes in 3D WSN which is energy 
efficient. The proposed approach is formulated by taking 
into account all the characteristics of 3D WSN and cre-
ating a clustered WSN which will help in localizing the 
sensor nodes without solving any optimization problem. 
The main reason for adopting the proposed approach is to 
reduce the communication overhead of the sensor nodes 
and hence the energy consumption. So, if the clusters can 
be formed based on the vicinity of the sensor nodes, then 
the density of the sensor nodes can be distributed among 
the partitions and the communication overhead can be 
reduced by limiting the communication in the restricted 
group. Moreover, energy consumption is reduced by 
reducing the number of communications as well as the 
range of communication while locating the sensor nodes.

The sensor nodes are deployed in the area of interest 
randomly. The anchor nodes are deployed deterministi-
cally at that location. The anchor nodes are acting as the 
cluster heads once the clusters are formed. All the anchor 
nodes start communicating with the surrounding sensor 
nodes and request them to send the acknowledgement sig-
nal. After receiving the acknowledgement signal from the 
sensor nodes in its proximity, the information is sent to the 
base station for the further processing.

At the base station, the RSSI values received from the 
anchor nodes are compared to find the higher strength 
RSSI at the respective anchor node. The sensors having 
higher signal strength at the anchor node becomes the 
cluster member of that respective cluster with the anchor 
node as the cluster head. This process is performed until 
all the node are distributed among different clusters. The 
clustering algorithm utilized is presented in Algorithm 1.

x = d cos�

y = dsin�

x = rsinθcosϕ

y = rsinθsinϕ

z = rcosθ

Fig. 4   Localization in cluster1 (13 node in a cluster)
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Localization Process

In practice, the AoA measurement consisting of elevation angle 
� and azimuth angle ∅ can be obtained directly by equipping 
the sensor nodes with the directional antenna, an antenna array 
or by using smart antenna [43]. In the proposed approach, the 
sensor are equipped with the smart antenna since they can auto-
matically set the orientation as well as the direction of arrival 
as per the signal strength.

In the localization process, the distance from the sen-
sor nodes to the cluster head is estimated based on the 
received signal strength values from the nodes by using 
Eqs. (6–8).

In the above Eq. (6), d is the transmission distance for 
which the RSSI is recorded at the cluster head. d0 is the 
threshold distance which is considered as one meter. X� is 
the cover factor which follow the long normal distribution 
with mean zero and standard deviation as σ.

(6)RSSI (d) = RSSI
(
d0
)
− 10 n log

(
d
/
d0

)

(7)d̂ = d010
RSSI(d0)−RSSI(d)

10n

(8)d̂ = d + X�
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In the proposed approach, we consider the cluster heads 
equipped with GPS and smart adaptive antenna and the sen-
sor nodes equipped with the digital compass or small smart 
antenna. The elevation angle � and the azimuth angle ∅ are 
automatically recorded at the cluster head as the AoA measure-
ment along with the RSSI value. From these angle measure-
ment, the direction of the signal can also be calculated. The 
distance information and AoA information is utilized to local-
ize a node by using some geometric relationship within the 
cluster. For calculating the coordinates in three dimensional 
space, the spherical coordinate system is used. The estimated 

coordinated are then converted into the equivalent Cartesian 
coordinate system.

This localization information help in identifying the region 
of coverage of the node. Each cluster head creates a local map 
applying localization information about the cluster members. 
This local maps are shared with Base station by all the clus-
ter heads to develop a global map of localization of the entire 
region. In the proposed localization approach, a single anchor 
node is used to localize the other sensor nodes in the cluster. This 
is minimizing the requirement of extra hardware and reducing 
the cost. The 3D localization algorithm using RSSI and AoA is 
presented in Algorithm 2.
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Experimental Setup and Results

For the experimentations, the sensor nodes are randomly 
distributed in the specific area and deployment of the 
anchor nodes are accomplished by deterministic deploy-
ment technique in the same area. The uneven surface is 
considered for the experimentation with the higher path 
loss index. Initially, we have chosen 25, 50, 100 and 150 
sensor nodes for distribution to obtain the preliminary 
results. Simulations are performed using MATLAB soft-
ware during experimentation. The 3D space with the area 
of 1000 × 1000 × 1000 is considered for the deployment 
of the sensor nodes. Simulation are carried out with 25, 
50, 100 and 150 sensor nodes with random distribution 
and two and three anchor nodes which are deployed deter-
ministically at a particular position in the specified area. 
Table 2 presents the parameters for experimentation.

Initially, the experimentation is performed with the 25 
number of sensor nodes and 2 anchor nodes. The RSSI 
from all the sensor nodes to both the anchor nodes are 
collected and the clusters are formed based on the strong 
RSSI values to the anchor node to check the better connec-
tivity. Stronger the RSSI, closer the node is to the anchor 
node. Once the clusters are formed, the anchor node which 
is also the cluster head can start communication with the 
cluster member nodes and can give the instruction for per-
forming intended operation. But to know the origin of the 
information it is necessary to find the location of the senor 
node. So the localization algorithm is applied to know 
the location of the unknown nodes in the network. The 
localization algorithm combines the features of RSSI and 
AoA (both angle of elevation [Angle1] and azimuth angle 
[Angle2]) to find the location of the unknown sensor node 
with the anchor node as the reference node. Single anchor 

Table 2   Experiment parameters

Parameter Initial values

Node count 25, 50, 100, 150
Environment size 1000 × 1000 × 1000
Sensor distribution Random and deterministic
Sensing range Normal
Communication range 50 m
Initial node energy 0.2 J
Initial cluster head energy 0.4 J
Number of cluster heads 2, 3
Number of clusters 2, 3

Fig. 5   Localization in cluster1 (12 node in a cluster)

Table 3   Distance and location 
calculation in cluster1

Node Distance Angle 1 (Theta) Angle 2 (Phi) X-coordinates Y-coordinates Z-coordinates

1 20.046231 0.462415 1.30082 286.291061 461.618906 5.346501
2 9.365207 4.869643 5.744011 268.246978 457.749022 8.036595
3 8.641803 4.916911 1.856896 270.683798 444.882259 − 2.438827
4 6.798756 0.954075 5.327579 265.788752 448.470552 3.923655
5 4.23825 4.931387 1.701685 269.91289 448.898364 − 0.553154
6 4.831168 1.431377 2.017048 269.605631 457.31577 − 2.085072
7 3.720415 5.212291 5.165923 267.396947 455.935055 1.630082
8 3.9297 3.585706 3.592912 270.547683 453.736411 − 3.53623
9 4.096379 1.797106 4.392786 269.87261 449.210225 − 1.287041
10 2.642181 5.003036 2.774586 269.271692 452.091688 − 2.466226
11 3.85409 2.803655 2.925843 268.221584 453.273549 − 3.764737
12 2.382345 1.753255 4.243508 269.385618 450.910048 − 1.076553
13 2.435383 5.677892 5.708437 267.911284 453.753322 2.044088
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Table 4   Distance and location 
calculation in cluster2

Node Distance Angle 1 (Theta) Angle 2 (Phi) X-coordinates Y-coordinates Z-coordinates

1 21.663756 4.694777 1.636842 728.619307 445.386829 − 1.429759
2 17.931017 4.333122 0.828317 724.108595 454.727385 12.123468
3 16.198174 0.775979 1.199478 739.77332 477.572248 5.877414
4 5.060724 0.915662 3.675937 727.429732 464.95628 − 4.355272
5 6.664556 0.460945 5.166828 723.636815 464.336501 2.925463
6 5.738567 4.542133 5.817338 729.436743 469.540382 5.127072
7 6.238706 3.09534 4.114751 734.151815 466.761543 − 3.510468
8 5.090334 5.592811 3.383656 728.059228 467.777046 − 4.941928
9 5.364189 1.773147 6.132122 729.162236 466.209217 5.303099
10 3.255651 0.228868 2.049855 731.813821 467.655479 − 1.500673
11 3.680169 6.113625 2.293568 731.720455 466.534246 − 2.434305
12 3.764181 1.942444 0.759715 728.058549 469.415461 2.729153

Fig. 6   Localization in cluster1 (25 node in a cluster)

Fig. 7   Localization in cluster2 (25 node in a cluster)

Fig. 8   Localization in cluster1 (50 node in a cluster)

Fig. 9   Localization in cluster2 (50 node in a cluster)
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node based localization is proposed in this paper to reduce 
the hardware cost and increase the efficiency by avoiding 
the complex computation. The use of single anchor node 
also reduces the time required for locating the sensor node.

The experimentation is carried out by considering dif-
ferent scenarios of distribution of the nodes and the anchor 
nodes in the area of interest. The number of nodes and the 

anchor nodes are increased in steps to analyze the perfor-
mance of the clustering and localization algorithm.

Initially, 25 number of sensor nodes are considered with 
two anchor nodes to form two clusters and then localiza-
tion algorithm is applied to locate the unknown sensor 
nodes.

Fig. 10   Localization in a Cluster1, b Cluster2 and c Cluster3 with 100 sensor nodes and 3 anchor nodes

Fig. 11   Localization in a Cluster1, b Cluster2 and c Cluster3 with 150 sensor nodes and 3 anchor nodes

Fig. 12   Localization error in X coordinates (50 nodes) Fig. 13   Localization error in Y coordinates (50 nodes)
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In the experimentation cluster are formed with the vary-
ing number of nodes in each cluster. The best case of cluster 
with 13 nodes in cluster1 and 12 nodes in cluster2 is consid-
ered here and the location estimation algorithm is applied on 
each cluster separately to find the location of unknown sen-
sor node as shown in Figs. 4 and 5. A distributed computing 
is performed by applying the localization algorithm parallel 
on each cluster and thus the computational complexity of the 

algorithm can be reduced. The algorithm is made scalable 
by distributing the sensor nodes into different clusters and 
thus can reduce the energy consumption of the sensor net-
work increasing the lifetime of the network. The following 
table indicates the experimentation values for the distance 
calculated from the anchor node and the identified location 
of the unknown sensor nodes in cluster1 and cluster2. The 
estimated coordinates of the sensor nodes in each cluster are 
shown in Tables 3 and 4.

Another simulation is carried out with 50 number of sen-
sor nodes randomly deployed and 2 anchor nodes which are 
deployed deterministically. The best case is that all 50 sensor 
nodes are evenly distributed between two clusters i.e., 25 
nodes in each cluster. The following figures shows the locali-
zation of sensor nodes in these two clusters after applying 
the localization algorithm. Also, the coordinate estimation 
is shown in Figs. 6 and 7, respectively.

The simulation is extended for 100 sensor nodes with 
two and three anchor nodes for providing better coverage 
of the area of deployment. The best case conditions are the 
50 nodes in each cluster with two anchor nodes and some 
best possible combination of sensor nodes with manageable 
clusters. With the 50 number of sensor nodes in each cluster 
there is a possibility of getting the anchor nodes dead early 
because of the communication overhead. So one anchor 
node is added to balance this communication overhead and 
to prolong the lifetime of the network. Figures 8 and 9 show 
the cluster formation with two anchor nodes and locating 
the sensor nodes.

Figure  10a–c show the cluster formation with three 
anchor nodes and locating the sensor nodes. Here, the clus-
ter1 consist of 37 sensor nodes, cluster2 consist of 37 sensor 
nodes and cluster3 contains 26 sensor nodes, respectively.

Likewise, the simulation is carried out with 150 sensor 
nodes with three anchor nodes. Figure 11a–c shows the 
localization information about the cluster members in each 
cluster.

Fig. 14   Localization error in Z coordinates (50 nodes)

Fig. 15   Localization error in X coordinates (100 nodes)

Fig. 16   Localization error in Y coordinates (100 nodes)

Fig. 17   Localization error in Z coordinates (100 nodes)
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The localization error for the respective coordinates is 
calculated and presented in Figs. 12, 13, 14, 15, 16, 17 and 
18. In Figs. 12, 13, 14, 15, 16, 17 and 18, X-axis repre-
sent the number of nodes and Y-axis represent the locali-
zation error (meter). The localization error is calculated 
by comparing the predicted coordinates with the actual 
coordinates. The difference between the actual coordinates 
and the predicted coordinates is taken as the reference for 
checking the accuracy of the proposed algorithm. The 

minimum localization error and the maximum localiza-
tion error in the coordinate estimation are calculated and 
considered as the metric for the evaluation of the proposed 
algorithm as compared to the existing algorithms. The 
network coverage can be increased by using the cluster-
ing approach. The clustering help in providing parallel 
and distributed environment for performing computation 
through which the throughput of the overall network can 
also be increased.

Two scenarios are considered for the localization error 
calculation. First scenario consider two anchor node with 50 
normal nodes and the other scenario considers three anchor 
node with 100 anchor nodes.

The localization error with respect to the position esti-
mation for 100 nodes is depicted in Fig. 18. The Euclidean 
distance is considered as a base to calculate the difference 
between the actual position and the estimated position which 
is the localization error. From the simulation results, it is 
observed that with the communication range of about 25 m, 
the success rate for localizing the node within the range is 
92%. Through the rigorous simulation it is observed that 
as the number of nodes increases, the accuracy of position 
estimation increases.

The minimum and maximum localization error compari-
son is shown in Table 5. The average localization error with 
respect to distance estimation is also calculated and compared 
with some existing optimization algorithms which is shown 
in Table 6.

Fig. 18   Localization error in 
normal nodes position estima-
tion

Table 5   Distance error estimation

Reference Minimum error of 
localization (m)

Maximum error 
of localization 
(m)

[6] 1.52 22.1
Proposed Approach 0.14542 16.38591

Table 6   Average localization error (distance estimation)

References Avg. localiza-
tion error (m)

Particle swarm optimization (PSO) [24] 0.9958
Barzilai-Borwein optimization (BBO) [44] 1.1892
Firefly algorithm (FA) [45] 2.2234
Proposed approach 0.786225

Fig. 19   Energy dissipation in each round of communication—a Cluster1 with 13 Nodes, b Cluster2 with 12. Nodes
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Energy Dissipation in the Network

The LEACH model of energy dissipation is used to check 
the performance of the network as far as the energy effi-
ciency is considered. In LEACH, the distance between the 
cluster head and the member node is the key for the energy 
depletion of the sensor node during each communication 
which the sensor node does with the cluster head.

The energy consumption of a node during signal trans-
mission can be formulated as given by Eq . (9).

The energy consumption for receiving n bits message is 
modelled as follows;

The total energy consumption of the node during trans-
mission and receiving of the signal is expressed by Eq. (11).

(9)

ETx(n, d) =ETx−elec (n) + ETx−amp(n, d)

= n × Eelec + n × 𝜀fs × d2, d < do

= n × Eelec + n × 𝜀mp × d4, d > do

(10)ERx(n) = n × Eelec

In the above equations, �fs and �mp are the free space and 
multipath fading channel energy parameters; and do is the 
threshold value. Eelec is the emission/reception energy and n 
is the length of message in bits.

The average energy of the network in each round can be 
calculated by using Eq. (12).

The average consumption of energy of network is formu-
lated as follows;

Different scenarios are considered for the experimenta-
tion. The average energy dissipation in each cluster is shown 
separately in Fig. 19a and b while the average energy dissi-
pation of the complete network is shown in Fig. 20. Likewise 
the average energy dissipation in different scenarios with dif-
ferent number of clusters and network are shown in Figs. 21, 

(11)ETotal(n, d) = ETx(n, d) + ERx(n)

(12)EAvg−Round =

∑N

i=1
node(i).energy

N

(13)EAvg−Network =

∑R

i=1
EAvg−Round

R

Fig. 20   Overall energy dissipation in each round of communication in 
the network (25 Nodes)

Fig. 21   Energy dissipation in each round of communication a cluster1 with 25 nodes, b cluster2 with 25 nodes

Fig. 22   Overall energy dissipation in each round of communication in 
the network (50 Nodes)
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22, 23, 24, 25, 26, 27 and 28. The average energy dissipation 
varies with varying numbers of nodes in the network as well 
as with the cluster count which is also depicted in Table 7. 
The lifetime of WSN depends on the energy dissipation in 
the network, moreover, lifetime of WSN can be increased by 
using clustering for network management.

Case 1: network with 25 sensor nodes.
Case 2: network with 50 sensor nodes.
Case 3: network with 100 sensor nodes (2 Clusters).
Case 4: network with 100 sensor nodes (3 Clusters).
Case 5: network with 150 (3 clusters).

Conclusion

Localization in WSN is still a complex problem to find the 
accurate solution. Most of the localization algorithms are 
proposed for 2D localization of the sensor node. In many 
real time applications, the 3D location identification of the 
sensor node is required. In this paper, the cluster-based 3D 
localization algorithm is proposed for WSN. The nearest 
neighbor approach is utilized for forming the clusters with 
RSSI information collection. The anchor node itself is act-
ing as the cluster head. The cluster-based 3D localization 
is not yet explored much for finding the location of the 

Fig. 23   Energy dissipation in each round of communication a Cluster1 with 50 nodes, b Cluster2 with 50 nodes

Fig. 24   Overall energy dissipation in each round of communication in 
the network (100 Nodes)

Fig. 25   Energy dissipation in each round of communication a Cluster1 with 37 nodes, b Cluster2 with 37 Nodes, c Cluster3 with 26 Nodes
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sensor node in WSN. This paper identified some insight of 
the work done for finding the location in 3D environment. 
The cluster-based localization algorithm is more efficient 
as far as the computational complexity of the algorithm 
is concerned. The clusters provide distributed and paral-
lel processing so as to use the resources efficiently. The 
distance between the cluster head and the member node 
has a great impact on prolonging the lifetime of the sensor 
network. Cluster formation makes this possible by creating 
the local partitions and provides independent processing 
at each cluster reducing the burden of base station. The 
cluster formation provides an alternate way of communica-
tion through cluster head. Thus, the lifetime of the network 
can be increased by using clustering techniques which is 
proved through experimentation. It is also observed from 
the simulation results that the proposed clustering based 
localization method using the combination of RSSI and 
AoA perform better as compared to some optimization 
algorithms such as PSO, BBO and FA in average localiza-
tion error estimation. During the experimentation, a 3D 
localization using single anchor node is performed which 
also reduces the cost of communication and computation 
in the network. Moreover, static sensor node and the clus-
ter head is considered which can be extended for mobile 

Fig. 26   Overall energy dissipation in each round of communication in 
the network (100 Nodes)

Fig. 27   Energy dissipation in each round of communication a Cluster1 with 59 nodes, b Cluster2 with 40 nodes, c Cluster3 with 51 nodes

Fig. 28   Overall energy dissipation in each round of communication in 
the network (150 Nodes)

Table 7   Summary of energy dissipation in various cases

Sensor network with 25 number of nodes and 2 anchor nodes

Cluster 
number

No. of nodes Rounds of com-
munication

Life 
time of 
network

1 13 83 83
2 12 54
Sensor network with 50 number of nodes and 2 anchor nodes
1 25 92 94
2 25 94
Sensor network with 100 number of nodes and 2 anchor nodes
1 50 101 101
2 50 97
Sensor network with 100 number of nodes and 3 anchor nodes
1 37 83 104
2 37 104
3 26 90
Sensor network with 150 number of nodes and 3 anchor nodes
1 59 95 95
2 40 84
3 51 79
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sensor and cluster head node. The use of mobile anchor 
node may provide better network coverage for location 
estimation. The localization technique can also be used 
for efficient routing and security in WSN. The localization 
technique can be utilized for intrusion detection in WSNs.

Author Contributions  Design, development and experimentations are 
performed by DWW and manuscript preparation and revision is done 
by JVT.

Funding  There is no funding.

Data Availability  Not applicable.

Declarations 

Conflict of Interest  The authors declare that they have no competing 
interests.

Ethical approval  The authors declare that the work is an original 
research that has not been published before.

References

	 1.	 Pal A. Localization algorithms in wireless sensor networks: cur-
rent approaches and future challenges. Netw Protoc Algorithms. 
2010;2(1):45–73.

	 2.	 Alavijeh AK, Ramezani MH, Alavijeh AK. Localization improve-
ment in wireless sensor networks using a new statistical channel 
model. Sens Actuators, A. 2018;271:283–9.

	 3.	 Paul AK, Sato T. Localization in wireless sensor networks: a 
survey on algorithms, measurement techniques, applications and 
challenges. J Sens Actuator Netw. 2017;6(4):24.

	 4.	 Cheng L, Wu C, Zhang Y, Wu H, Li M, Maple C. A survey of 
localization in wireless sensor network. Int J Distrib Sens Netw. 
2012;8(12):962523.

	 5.	 Kumari J, Kumar P, Singh SK. Localization in three-dimen-
sional wireless sensor networks: a survey. J Supercomput. 
2019;75(8):5040–83.

	 6.	 Raguraman P, Ramasundaram M, Balakrishnan V. Localization in 
wireless sensor networks: a dimension based pruning approach in 
3D environments. Appl Soft Comput. 2018;68:219–32.

	 7.	 Abbasi AA, Younis M. A survey on clustering algo-
rithms for wireless sensor networks. Comput Commun. 
2007;30(14–15):2826–41.

	 8.	 Akila IS, Manisekaran SV, Venkatesan SV. Modern clustering 
techniques in wireless sensor networks. In: Sallis PJ, editor. Wire-
less sensor networks—insights and innovations. London, UK: 
InTech Open; 2017. p. 141–56.

	 9.	 Kandris D, Nakas C, Vomvas D, Koulouras G. Applications of 
wireless sensor networks: an up-to-date survey. Appl Syst Innovat. 
2020;3(1):14.

	10.	 Yang X, Yan F, Liu J (2017) 3D localization algorithm based 
on Voronoi diagram and rank sequence in wireless sensor net-
work. Scientific Programming, 2017

	11.	 Villas LA, Guidoni DL, Ueyama J. 3d localization in wireless sen-
sor networks using unmanned aerial vehicle. In: 2013 IEEE 12th 

International Symposium on Network Computing and Applica-
tions (pp. 135–142). IEEE. (2013).

	12.	 Lee S, Kim K (2012). 3D localization with a mobile beacon in 
wireless sensor networks. In SENSORS, 2012 IEEE (p. 1–4). 
IEEE.

	13.	 Zhang L, Wang Z, Kuang Z, Yang H (2019). Three-dimensional 
localization algorithm for WSN nodes based on RSSI-TOA and 
LSSVR method. In 2019 11th International Conference on Meas-
uring Technology and Mechatronics Automation (ICMTMA) (pp. 
498–503). IEEE.

	14.	 Teymorian AY, Cheng W, Ma L, Cheng X, Lu X, Lu Z. 3D under-
water sensor network localization. IEEE Trans Mob Comput. 
2009;8(12):1610–21.

	15.	 Chaurasiya VK, Jain N, Nandi GC. A novel distance estimation 
approach for 3D localization in wireless sensor network using 
multi-dimensional scaling. Information Fusion. 2014;15:5–18.

	16.	 Shi Q, Huo H, Fang T, Li D. A 3D node localization scheme 
for wireless sensor networks. IEICE Electronics express. 
2009;6(3):167–72.

	17.	 Singh P, Mittal N. An efficient localization approach to locate 
sensor nodes in 3D wireless sensor networks using adaptive flower 
pollination algorithm. Wireless Netw. 2021;27(3):1999–2014.

	18.	 Yi L, Chen M. An enhanced hybrid 3D localization algorithm 
based on APIT and DV-hop. Int J Online Eng. 2017;13(9):69.

	19.	 Xu Y, Zhuang Y, Gu JJ. An improved 3D localization algo-
rithm for the wireless sensor network. Int J Distrib Sens Netw. 
2015;11(6): 315714.

	20.	 Sharma G, Kumar A. Fuzzy logic based 3D localization in wire-
less sensor networks using invasive weed and bacterial foraging 
optimization. Telecommun Syst. 2018;67(2):149–62.

	21.	 Zhang L, Zhou X, Cheng Q (2006). Landscape-3d; a robust locali-
zation scheme for sensor networks over complex 3d terrains. In: 
Proceedings. 2006 31st IEEE Conference on Local Computer 
Networks (pp. 239–246). IEEE.

	22.	 RisteskaStojkoska B. Nodes localization in 3D wireless sensor 
networks based on multidimensional scaling algorithm. Int schol 
Res Not. 2014. https://​doi.​org/​10.​1155/​2014/​845027.

	23.	 Ahmad T, Li XJ, Seet BC. Parametric loop division for 3D locali-
zation in wireless sensor networks. Sensors. 2017;17(7):1697.

	24.	 Wang W, Yang Y, Wang L, Lu W. PMDV-hop: An effective range-
free 3D localization scheme based on the particle swarm optimiza-
tion in wireless sensor network. KSII Transact Internet Inf Syst 
(TIIS). 2018;12(1):61–80.

	25.	 Shwe HY, Wang C, Chong PHJ, Kumar A. Robust cubic-based 
3-D localization for wireless sensor networks. Wirel Sens Netw. 
2013;5(9):169–79.

	26.	 Kalpan AV, Devi DR, Elangovan D, Indira N, Venkatesan S. 
Secure and robust 3D localization in wireless sensor networks. 
Int J Innovat Technol Exploring Eng. 2019;9(1):104–11.

	27.	 Javed I, Tang X, Shaukat K, Sarwar MU, Alam TM, Hameed IA, 
Saleem MA. V2X-based mobile localization in 3D wireless sensor 
network. Sec Communicat Netw. 2021. https://​doi.​org/​10.​1155/​
2021/​66778​96.

	28.	 Shih CY, Marrón PJ (2010). COLA: Complexity-reduced trilatera-
tion approach for 3D localization in wireless sensor networks. In: 
2010 Fourth International Conference on Sensor Technologies 
and Applications (pp. 24–32). IEEE.

	29.	 Tomic S, Beko M, Dinis R. 3-D target localization in wireless 
sensor networks using RSS and AoA measurements. IEEE Trans 
Veh Technol. 2016;66(4):3197–210.

	30.	 Kuruoglu GS, Erol M, Oktug S (2009) Three dimensional localiza-
tion in wireless sensor networks using the adapted multi-lateration 

https://doi.org/10.1155/2014/845027
https://doi.org/10.1155/2021/6677896
https://doi.org/10.1155/2021/6677896


SN Computer Science           (2023) 4:682 	 Page 23 of 23    682 

SN Computer Science

technique considering range measurement errors. In 2009 IEEE 
Globecom Workshops (pp. 1–5). IEEE

	31.	 Huang X, Han D, Cui M, Lin G, Yin X. Three-dimensional locali-
zation algorithm based on improved A* and DV-hop algorithms 
in wireless sensor network. Sensors. 2021;21(2):448.

	32.	 Amarlingam M, Rajalakshmi P, Kumar Netad V, Yoshida M, 
Yoshihara K (2015). Antenna Radiation Pattern Based 3D 
Localization.

	33.	 Nasri N, Rached M, Chenini S, Kachouri A. 3D indoor localiza-
tion through a wireless acoustic sensor networks. Prog Electro-
magnet Res B. 2018;81:123–39.

	34.	 Salehinejad H, Zadeh R, Liscano R, Rahnamayan S (2014). 3d 
localization in large-scale wireless sensor networks: A micro-
differential evolution approach. In: 2014 IEEE 25th Annual 
International Symposium on Personal, Indoor, and Mobile Radio 
Communication (PIMRC) (pp. 1824–1828). IEEE.

	35.	 Pal V, Singh G, Yadav RP. Effect of heterogeneous nodes location 
on the performance of clustering algorithms for wireless sensor 
networks. Procedia Comput Sci. 2015;57:1042–8.

	36.	 Khediri SE, Nasri N, Wei A, Kachouri A. A new approach for 
clustering in wireless sensors networks based on LEACH. Proce-
dia Comput Sci. 2014;32:1180–5.

	37.	 Shankar A, Jaisankar N. A novel energy efficient clustering 
mechanism in wireless sensor network. Procedia Comput Sci. 
2016;89:134–41.

	38.	 Dutta R, Gupta S, Das MK. Efficient statistical clustering tech-
niques for optimizing cluster size in wireless sensor network. Pro-
cedia Eng. 2012;38:1501–7.

	39.	 Javaid N, Qureshi TN, Khan AH, Iqbal A, Akhtar E, Ishfaq M. 
EDDEEC: enhanced developed distributed energy-efficient clus-
tering for heterogeneous wireless sensor networks. Procedia Com-
put Sci. 2013;19:914–9.

	40.	 Dattatraya KN, Rao KR (2019). Hybrid based cluster head selec-
tion for maximizing network lifetime and energy efficiency in 
WSN. Journal of King Saud University-Computer and Informa-
tion Sciences.

	41.	 Xu H, Han G, Jiang J, Chen Y, Wang W (2010). A recursive local-
ization algorithm in three dimensional Wireless Sensor Networks. 
In: 2010 International Conference on Computer Application and 
System Modeling (ICCASM 2010) (Vol. 12, pp. V12–457). IEEE

	42.	 Lv L, Cao Y, Gao X, Luo H. Three dimensional localization 
schemes based on sphere intersections in wireless sensor network. 
Beijing: Beijing Posts and Telecommunications University; 2006. 
p. 48–51.

	43.	 Zhang J, Lu J. Analytical evaluation of geometric dilution of 
precision for three-dimensional angle-of-arrival target locali-
zation in wireless sensor networks. Int J Distrib Sens Netw. 
2020;16(5):1550147720920471.

	44.	 Kumar A, Khosla A, Saini JS, Singh S (2012). Meta-heuristic 
range based node localization algorithm for wireless sensor net-
works. In: 2012 International Conference on Localization and 
GNSS (pp. 1–7). IEEE.

	45.	 Arora S, Singh S. Node localization in wireless sensor net-
works using butterfly optimization algorithm. Arab J Sci Eng. 
2017;42:3325–35.

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.


	A Clustering-Based 3D Localization in Wireless Sensor Networks Using RSSI and AoA
	Abstract
	Introduction
	Literature Review
	Clustering Algorithms for Energy Efficiency
	Spherical Coordinate System for 3D Localization
	Materials and Methods
	Localization Process

	Experimental Setup and Results
	Energy Dissipation in the Network

	Conclusion
	References


