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Abstract 

 
The major problems in a Wireless Sensor Networks (WSNs) is the localization problem, that 

relates to how an area covers by the sensor nodes. In this study, the problem formulates as the 

decision problem, that takes the best location for all sensors in the sensor field. Butterfly 

Optimization Algorithm (BOA), proposes to calculate the estimate locations for all sensors. 

Simulating the BOA with using number of sensors from 25 to 150 sensors and number of the 

anchor nodes. The distance between sensors and anchors measures by Received Signal Strength 

(RSS) so, this strategy is known as RSS-BOA. The obtained results shed that, the performance 

of the proposed algorithm is more accurate in comparing with BOA approach in the term 

sensor's location and the average error. 
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Introduction 

 

The WSNs gained worldwide attention in last years, resulting in higher costs, lower power 

consumption [Al-Ani et al., 2019], smaller multi-function sensors that can communicate 

over short distances. The main issue with WSN is the localization of nodes problem 

[Thimmaiah et al., 2017]. 

 

Estimating locations of the sensors is important technique in WSN, the estimating location 

method of each sensor node can be known as localization method. Localization means using 

known nodes (anchor nodes) to locate unknown nodes (sensor nodes). Sensors can be find 
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their location by the using the Global Positioning System (GPS), but it is not preferring due 

to the energy, cost, and it is inaccurately in the indoor and underwater environment, 

Therefore, another best option requires to find a best locations for the sensors. 

 

There are two types of localization algorithms: a range-based algorithm, and a free-range 

algorithm. A range-based algorithm is assists in estimating a distance or an angle between 

nodes, and a trilateration of the anchors. While a range free algorithm is requiring the 

topological information without requiring of a range information between a node. Range-

based is costly, but it is most accurate if compared with the range-free. In this studying, the 

range-based algorithm is discussing. 

 

It consists of two stage: a ranging and localization estimation. A ranging step, is measuring 

a distance between sensor nodes and anchor nodes by using RSS [Hammad et al., 2018] 

[Anjum et al., 2019] [Dellosa et al., 2019]. In a second phase, estimate the sensors locations 

using the information which gain from the ranging phase. This may be doing by using the 

nature inspired algorithms. 

 

Several ways have been proposed by the researchers to discuss the localization problem in 

the past. 

 

In 2017, Sankalp Arora and  Satvir Singh [Arora et al., 2017] comparing 3 of the natural-

inspired algorithms for sensor Localization are BOA, FA and PSO, BOA the most accurate, 

it provides less localization error although, PSO estimates the position in less time. [Kannan 

et al., 2005] were used the Simulating Annealing (SA) and they estimated the sensors 

location with accurate manner. SA is tested on 200 nodes, and the distance between nodes 

was measured by using the Gaussian noise. Accurate and consistent location of nodes were 

showed in results. anchor-based solutions were focused in many studied, but it introduced 

many limitations because it requires global position system caused additional power 

consumption, so a novel position algorithm [Xunxue et al., 2008] which uses virtual anchor 

was proposed to estimated nodes localization, simulation proved distributed localization 

problem could be solved by proposed algorithm which was superior to the previous method, 

and in [Li et al., 2015] a distributed Particle Swarm Optimization (PSO) algorithm was 

proposed which solve the flip ambiguity problem, and improve the efficiency and precision. 

Localized the unknown nodes which only have two or three references node, the results 

indicate that the distributed localization algorithm was superior to the previous algorithms. 

In another study for localization [Cheng et al., 2016] Cuckoo Search (CS) algorithm was 

proposed for node localization, it could prevent energy consumption by restricting the 

population in a certain range. Results proved that the CS algorithm could reduce localization 
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error average compared with the PSO algorithm and standard CS algorithms. Some 

researchers [Kaur et al., 2017] found the performance of nature-inspired algorithms viz. 

Particle Swarm Optimization (PSO), the Grey Wolf Optimization (GWO), the Flower 

Pollination Algorithm (FPA), and the Firefly Algorithm (FA) for the localization in the 

wireless sensor network is analyzed in a term of the localization accuracy, the computing 

time, and a number of the localized nodes. The analysis was showed that FPA is more 

accurate in determining nodes coordinates as compared to FA, PSO, and GWO. Also the 

number of sensors could be reduced in several ways, in [Mostafaei et al., 2017] a novel 

algorithm Learned Automata implemented sleep scheduling were presented. It aimed was 

to reduce the sensor devices number in the covered region. Results showed good 

performance in time, scalability, and WSN lifetime compared to new technologies.  

 

The main contribution of the paper is to proposing the RSS-BOA to estimates locations of 

the sensors. The rest of the paper is order as follows. In Section 2, present the nature-

inspired algorithms, in Section 3, discuss the butterfly optimization algorithm, in Section 4, 

present the sensor's localization, in Section 5, describe the simulation, and Section 6 

presents the conclusion, and the future work 

 

The Nature-inspired Algorithms 

 

Previously, real-world problems were handled in the classical way, which required a great 

deal of computational effort. The computational efforts increases with a size of the problem, 

and this encouraging the researchers to use the optimization techniques, it is use minimal 

computational resources, and get the best results [Vasant et al., 2015]. The researchers are 

use the nature-inspired algorithms than the normal methods [Del Valle et al., 2008]. The 

examples of the nature-inspired algorithms are: Particle Swarm [Kulkarni et al., 2010], 

Butterfly Optimization [Arora et al., 2015], Genetic [Schaefer et al., 2007], Firefly [Yang 

et al., 2010], [Cao et al., 2012], Surrogate Based Optimization [Al-Adwani et al., 2015], 

and different other hybrid algorithms. 

 

Review of the BOA 

 

In this study, the optimization system is proposed to simulate the behavior of butterflies 

which developed by Arora [Arora et al., 2015], The butterflies have sensations like taste, 

sight, smell, smell and sensation. The smell assists the butterflies to find food, where the 

food is the flowers nectar, that it is help the butterflies to fly and give them an energy 

[Raguso et al., 2008]. The algorithm is depending on a food-foraging strategy. It is use the 

sense receptors to find a food source. The sense receptors are deploying on a butterflies' 

body; they are also known as chemoreceptors. The butterflies can serve as a search agent 
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which are help to an optimization. Each butterfly having generate fragrance with different 

intensity, and it can sense a fragrance from other butterfly in the same region. The intensity 

is related to an emitted fragrance, this mean when a butterflies change their position, a 

fitness also changes [Aliesawi et al., 2019]. A fragrance is deploying over an environment, 

when the butterfly sense the huge amount of a fragrance from another butterfly, the butterfly 

moves toward the last one, and this stage is called a global search. If the butterfly can sense 

it fragrance more than from other butterflies, then it will move on to a random strategy, a 

process called local search [Abdulateef et al., 2018 and Abdulateef et al., 2019]. 

  

A butterfly optimization algorithm strength is an ability to optimize a fragrance in an 

algorithm. To     understand this optimization, first, it need to understand how a smell sense, 

it is processes by the stimulus of the living organism. The meaning of the sensing is 

depending on the three main keywords:  

 

1. Sensory Modality (S) 

2. Stimulus Intensity (I) 

3. Power Exponent (P) 

 

The first basic term (S) is regarding to measuring and processing the energy. The second 

one (I) is relate to a fitness of a solution, means when a butterfly or an agent emitting the 

huge amount of a fragrance, the other butterflies in the same area may sense it, and get 

attracted to that fragrance [Arora et al., 2017]. The last term (P) is the exponent that is raised 

to the intensity. 

 

A nature phenomenon of a butterflies is depending on the two main issues: a change in the 

stimulus intensity(I), and the formulation of an amount of perceived fragrance(Fr). Stimulus 

intensity(I) is associated to an objective function. While (Fr) must be sense by other 

butterflies, it is relative. With using these basics, in the algorithm, a physical intensity is 

formulating as the functions of a physical intensity of the stimulus which expresses as the 

following: 

 

Fr = SIp                                        (1) 

 

A basic two steps in an algorithm:  

 

1. Global Search 

2. Local Search 

 

In a global search, a butterfly is take the step to a solution G∗ that express as: 
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XiT+1 = Xi T+ Levy(γ) × (G∗ − XiT) × fri      (2) 

 

Where the solution for ith butterfly in Xi T iteration number T is vector Xi, while G∗ refer 

to a current best solution in that iteration, fri is a fragrance of the butterfly, and γ is a step 

size.  

 

A local search is express as: 

 

XiT+1 = XiT + (XjT –XKT) ×Levy(γ)× fri        (3) 

 

where Xj and XK are the butterflies that are chosen randomly from the solution space. If γ 

is a step size, Xj and XK are belong to a sub-swarm, Eq (4) is become the expression for 

random strategy. 

 

Levy ∼ U = T− γ, (1 < γ <= 3)              (4) 

 

The Levy flights is use to speed up a local search via producing new solutions around a best 

solution ever generated. Some of solutions need to be generate by far-fields randomization, 

and the location of them must be remote from the current best solutions that keep them from 

trapped in local optima. The mating partners, and search for the food can occur in the local 

search and the global search, considering the external factors as the wind, rain. There is 

significant fraction (Fa) in food searching or mating, so (Fa) can switch between the local 

and global searches. 

 

Pseudo Code of Butterfly Optimization Algorithm 

---------------------------------------------------------------------------------------------------------------------

------ 

1- Objective function f (x), where x= (x1…xdi), di=no.of dimensions 

2- Generate initial population of N Butterflies xS= (i=1,..,N) 

3- Define Sensory Modality (S), Stimulus Intensity (I), and Power Exponent (P) 

4- While (stopping criteria is not met) 

Do 

5- For any butterfly BF in the population 

Do 

6- Calculate the fragrance for BF by using Eq. (1) 

7- End For 

8- Find a best BF 

9- For any butterfly BF in the population Do 

10- Generate a random number r between [0-1] 

11- If r < P then 

12- Move toward best butterfly/solution by using Eq. (2) 
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13- Else 

14- Move randomly by using Eq. (3) 

15- End If 

16- End For 

17- End While 

18- Output a best solution found. 

------------------------------------------------------------------------------------------------------- 

 

Localization of Sensor Nodes in Sensor Field 

 

Initialize S sensor nodes and A anchor node where has the same Transmission Range R 

deploy randomly in the 2D sensor field. The actual distance from one of the sensor node to 

all the anchor nodes measures as in the equation (5). 

 

dt=√(𝑥𝑆 −  𝑥𝐴 )2 +  (𝑦𝑆  −  𝑦𝐴 )2                (5) 

 

where (xS, yS) are the S coordinate and (xA, yA) are the A coordinate. In this study, the RSS 

method is considering to estimate the distance. If the real distance is become available, then 

it's easy to find the RSS values that expressed as the equation (6). 

 

Prec= Ptran-PLoss(dt)+GNr+GNt                      (6) 

 

Prec is the receiving signal power and Ptran is the transmitting signal power, PLoss(dt) is the path 

loss of signal, expresses as (7), GNr and GNt are the antenna gains of a receiving and 

transmitting. 

 

PLoss(dt) =10nlog(𝛾/4𝜋𝑑𝑡)²         (7) 

 

Where n is the exponent for the loss path and it is set as 2 in free space and it ranges from 

2 to 4 in the indoor area, dt is the real distance, finally, γ is the range of the wavelength. 

 

RSS method is considered to estimating the distance between the nodes that express 

mathematically as (8). 

 

di^ =dt+ PLoss                                       (8) 

 

Where di^ is the distance after adding the path loss or the noise effecting on the measured 

distance, and this known as estimation distance. 
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Trilateration is a method which can be find the coordinates of a sensor node, the sensor 

coordinates is the intersection point of three of the anchor node, and the intersection point 

is known as a localized node, as shown in Figure (1). 

 

 
Fig. 1 Trilateration 

 

Else the sensor researches in another space of sensor field for many times until it become 

localized node. Also we can use K-Nearest neighbor rather than the Trilateration where K 

is less than three nearest neighbor anchor nodes. 

 

The butterfly algorithm is executing independently, for any localized sensor node to find 

the estimation location of the sensor. Butterflies are starting with the intersection point of a 

nearest anchors which are with the sensor range as show in the Eq. (9): 

 

(xcen,ycen)=(1/A ∑  𝐴
𝑖=1 (𝑥𝐴) , 1/A ∑  𝐴𝑁

𝑖=1 (𝑦𝐴))      (9) 

 

where A is the number of the anchors with sensors range. The algorithm is minimizing the 

localization error or the objective function (10). 

 

f(x,y)= 1/𝐴(√(𝑥𝑆 −  𝑥𝐴 )2 + (𝑦𝑆  −  𝑦𝐴 )2   − 𝑑𝑖
^)²    (10) 

 

where A ≥ 3 anchors within the sensors range. Finally, compute the localization error 

average by using Eq. (11) 

 

El = 1/NLoc ∑  𝑁
𝑖=1 (√(𝑋𝑆 −  𝑥𝑆  )2 +  (𝑌𝑆  −  𝑦𝑆 )2   )     (11) 

 

(xS, yS) is the real coordinates and (XS, YS) is the estimate coordinates, and NLoc is the number 

of the localized nodes. 

 

Repeat all the above until no more sensor can be localized or all the sensors are localized. 

The butterfly performance and the localization system accuracy are depending on the error 

average and the unfocalized nodes' number UNNL where 
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UNNL= S− NLoc            (12) 

 

Finally, the Time of Arrival (ToA) method is used to estimate the distance between two 

nodes related to a time it takes to transmit the signal from the sender to the receiver. In this 

way, if the signal is sent during T1 and reaches the receiving node during T2, a distance 

between a transmitter and a receiver is as shown in Equation (13). 

 

d = sres(T2 − T1)                                 (13) 

 

where sres is a speed of a signal, and T1, T2 are a time of sending and receiving signal. 

 

 
Fig. 2 The sensor node localization algorithm 

 

Simulation 

 

Simulation is conducted in MATLAB, where S = 50 sensor nodes, and A = 15 anchor nodes 

are deploying in the sensor field of 100 × 100 square units, and the range R is about 30, as 

show in figures (3)(4)(5). 
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Figure 3 Anchor Nodes  

 

 
Figure 4 Initial locations of sensor nodes 

 

 
Figure 5 Estimate locations of sensor nodes 

 

The result of the simulation is show in the following Table1, and it comparing with the 

BOA approach. 
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Table 1 The result of the simulation 

No. of 

Sensors 

No. of 

Anchors 
Trials 

Localized 

Nodes 

By RSS-

BOA 

Localized 

Nodes By 

BOA 

Localization 

Error  

Average in 

RSS-BOA 

Localization 

Error 

Average 

in BOA  

Time 

25 10 1 25 23 0.0326 0.207908 0.2587 

  2 25 24 0.0364 0.188224 0.2306 

  3 25 25 0.0518 0.224510 0.2085 

  4 25 25 0.0370 0.19963 0.2006 

  5 25 24 0.0541 0.212247 0.1956 

50 15 1 50 46 0.0504 0.235326 0.2078 

  2 50 49 0.0318 0.260490 0.2113 

  3 50 48 0.0505 0.361080 0.2029 

  4 50 50 0.0607 0.323910 0.2166 

  5 50 49 0.0410 0.351415 0.2004 

75 20 1 75 75 0.0357 0.328310 0.2191 

  2 75 75 0.0514 0.219680 0.1958 

  3 75 68 0.0473 0.178960 0.2092 

  4 75 75 0.0432 0.183942 0.2076 

  5 75 73 0.0407 0.196781 0.2493 

100 25 1 100 100 0.0339 0.218838 0.2185 

  2 100 100 0.0415 0.295008 0.2083 

  3 100 100 0.0353 0.216414 0.2102 

  4 100 100 0.0424 0.235804 0.2090 

  5 100 100 0.0346 0.259312 0.2001 

125 30 1 125 124 0.0348 0.615712 0.2045 

  2 125 123 0.0349 0.437651 0.2019 

  3 125 125 0.0326 0.568754 0.2123 

  4 125 124 0.0435 0.657499 0.1917 

  5 125 125 0.0469 0.545789 0.1923 

150 35 1 150 150 0.2252 0.743780 0.2177 

  2 150 150 0.2181 0.887561 0.1880 

  3 150 150 0.3300 0.765347 0.1929 

  4 150 149 0.1908 0.665348 0.1896 

  5 150 150 0.1227 0.787689 0.1925 

 

A. The Parameters of the Butterfly Algorithm and RSS Algorithm 

 

The parameters are sets as shoe in table 2. 

 

Table 2 Parameters 

BOA S=0.01 P=0.1 

RSS -55 
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The set of average RSS and associated real distances, which were taken in an outdoor 

environment, are shown in figure (6). 

 

 
Fig. 6. The relation between distance and RSS 

 

Conclusion 

 

The sensors localization is the most evaluation that enhance the Wireless Sensor Network. 

The main aim of the optimization issue is to decrement the localization error average by 

using nature-inspired algorithms. This study, estimates the locations of the sensors in WSN 

using the RSS-BOA, and describe the localization technique. The simulation present that 

the RSS-BOA is an active in localization system, it is clearly outperforming in the terms of 

the received signal power, time arrival, accuracy, where the results showed that the new 

methods consistently enhance the localization precision, to 7% percent, compared with 

BOA approach at different sensors locations in the environment, and this help to get the 

global location for all sensor nodes in the sensor field, also all node were localized, 

consequently, the UNNL is 0 compared with BOA approach. 

 

Propose the future work will discuss the energy of sensor network or hybridizes BOA with 

other algorithm to eliminate localization error.  
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