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Abstract—This paper investigates the effect of fuzzy inputs, i.e., 

signal strength, of various known nodes, to fuzzy logic systems in 

order to derive a proper weight for Centroid, properly used to 

approximate the location in wireless sensor networks with its key 

advantage on simplicity but with precision trade-off. Due to a 

fluctuation behavior of location estimation precisions with 

respect to a diversity of various inputs, here, we propose the use 

of heuristic approach applying genetic algorithms with mutation 

and cross-over steps to adaptively seek the optimal solution – a 

proper number of membership functions for fuzzy logic systems 

in weighted Centroid – to achieve higher location estimation 

accuracy. The performance of our methodology is effectively 

confirmed by the intensive evaluation on a large scale simulation 

in various topologies and node densities against fixed 

membership function scenarios including a traditional Centroid. 

 

Index Terms—Adaptive Membership Function Selection; 

Centroid; Fuzzy Logic; Genetic Algorithms; Wireless Sensor 

Networks. 

 

I. INTRODUCTION 

 

For decades, wireless sensor networks (WSN) have been 

widely used in both research and industry while there exists 

several practical applications, e.g., health-care, surveillance, 

tracing, and tracking [1]. Their successes are from the 

commercial requirement satisfactions from the industry with 

beneficial gain, and most important, with several key features 

of WSNs, such as self-contained tiny sensor nodes including 

computing, storage, and transmission units, with dedicated 

power. The sensor can provide different functions, each of 

which can form a large-scale network towards un-wired 

communications [2]. 

Although a variety of WSN deployments has been put in 

practical usage, there remain several issues required for further 

improvements, in particular, with power constraint. Some of 

which include reliability, scalability, routing, and quality of 

services. One of the challenges is localization, especially 

without GPS functionality [3-4], or even if embedded, high 

complexity of the hardware logics and costs may be increased. 

Without GPS, one of the promising location estimation 

schemes is based on range-free approximation with its key 

advantage on low cost, suitably for limited power sensor node. 

One of the pioneers is Centroid [5] but with key limitation on 

(high) estimation error. Nevertheless, for years, a research 

community has investigated on its improvement, and one of 

the promising techniques is to add extra weights to reflect 

additional factor besides the only node position information, 

i.e., the received signal strength as the indication (RSSI) 

corresponding to the location and distance of the known node 

(anchor node) [6].  

One of the Centroid enhancements with regard to additional 

weights is based on fuzzy logic systems (FLS) since it can 

yield higher accuracy without scarifying computational 

complexity [7].The performance of the fuzzy can be relied on 

the design of input, output, and membership functions, and 

normally, these are fixed. For example, RSSI issued as the 

fuzzy input with fixed numbers of functions corresponding to 

the derived output; however, this fixed scheme may not reflect 

the effect of RSSI diversity. 

Thus, this research investigates the possibility to construct 

an adaptive selection scheme to find out a proper number of 

membership functions. Here, we apply the concept of genetic 

algorithms (GA) to derive the optimal solution (number of 

functions). Then, the derived weight will be used further in 

weighted Centroid to determine the approximated location in 

WSNs. 

This paper is organized as follows: a brief literature survey 

related to fuzzy centroid localization techniques is described 

in section 2. Then, in section 3, our methodology is presented 

with detailed description. Section 4 discusses the performance 

analysis and evaluation of our method including a comparative 

result against other existing methods, i.e., fixed numbers of 

membership functions including a traditional Centroid. 

Finally, section 5 provides the conclusion and possible future 

work. 

 

II. RELATED WORK 
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processor. As briefly discussed, recently, several location 

estimation techniques have been proposed to improve the 

accuracy of WSNs [4], especially without GPS functionality. 
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One of the promising approaches is Centroid with its key 

advantage on simplicity but (low) precision estimation trade-

off. Therefore, in this section, our review will focus on the use 

of FLSs to adjust the weight for Centroid approximation 

process. 

Traditionally, in 2000, N. Bulusu et al. [5] proposed to use 

Centroid to estimate the outdoor location but without GPS 

functionality due to additional costs. This work did not apply 

any additional weights, i.e., there was no RSSIs involved in 

the calculation, and so low estimation accuracy. 

To enhance the precision of the Centroid, in 2005, S. Yun et 

al. [6] considered the adjustable weight derived from FLSs 

using RSSIs as inputs. Here, Fuzzy Sugeno was implemented. 

The authors also applied GA to adjust the period of 

membership functions but with fixed five membership 

functions (also with 5rules).In addition, similarly, R. 

Monfared et al. [8] used Fuzzy Sugeno to derive the weight 

for Centroid but with fixed nine membership functions. 

Another promising type of the FLSs, Fuzzy Mamdani, was 

also considered due to its simplicity. For example, D. F. 

Laripos et al. [9] not only considered the use of Mamdani but 

also took another computational step – including an additional 

constraint with another layer of RSSIs of received anchor 

nodes but with computational trade-off. In addition, V. Kumar 

et al. [10] investigated the performance of Fuzzy Sugeno and 

Fuzzy Mamdani and then reported the superior of the latter. 

The authors also showed the performance evaluation of the 

hybrid of these twos. 

In 2013, similar to S. Yun et al. [6], A Patri et al. [11] 

manually searched for the best membership function and then 

reported that Sinc was superior. They also applied GA to 

adjust the membership function period of Sinc. Additionally 

note that in [12], GA was also used to minimize the error 

given the mathematic conversion of distance from RSSI; 

however, the accuracy may be not exact due to RSSI variation. 

From all techniques discussed above, FLS has been widely 

used to derive weights. To improve the estimation precision, 

there are some promising techniques applying GA to adjust 

the membership function period or directly minimize the 

location error from RSSIs. However, these improvements will 

not reflect the diversity of inputs. Thus, this research focuses 

on the use of GA to select a proper number of membership 

functions. 

 

III. ADAPTIVE MEMBERSHIP SELECTION CRITERIA FOR FUZZY 

CENTROID IN WIRELESS SENSOR NETWORKS 

 

Our optimization scheme consists of three main stages as 

follows: 

1. Beacon Announcement: the unknown node receives 

the beacon from anchor nodes given its coverage. This 

broadcasting is typically periodic containing anchor 

nodes’ positions and RSSIs. 

2. Fuzzy Centroid: RSSIs corresponding to the position of 

anchor nodes will be fed into the fuzzy logic system to 

generate the proper weights used to adjust Centroid 

estimation process. Note that here, we apply GA to 

seek the optimal number of membership functions.  

3. Location Estimation: with generated weights, the 

location approximation process will be applied to 

finally predict the unknown location in (x, y) 

coordinates. 

 

A. Centroid Localization 

The key advantage of Centroid-based localization schemes 

is on low complexity in that the location approximation can 

only be derived based on the information of the actual location 

from known nodes (anchor) around the unknown position 

[5].Typically, the unknown location (�̂�, �̂�) node will receive 

the known positions i (xi, yi) from theith anchor node toward 

beacon announcements, and then apply the equation below. 

 

�̂�, �̂� =
∑ 𝑥𝑖

𝑚
𝑖=1

𝑚
,
∑ 𝑦𝑖

𝑚
𝑖=1

𝑚
 (1) 

 

Here, m denotes the total number of anchor nodes given the 

unknown node coverage. Note that only Centroid can mislead 

the estimation precision, especially without the concern of 

signal strengths. In general, the concept of weights (w) has 

been introduced to improve the precision as shown in equation 

below, so-called weighted Centroid [6]. 

 

�̂�, �̂� =
∑ 𝑥𝑖𝑤𝑖

𝑚
𝑖=1

∑ 𝑤𝑚
𝑖=1

,
∑ 𝑦𝑖𝑤𝑖

𝑚
𝑖=1

∑ 𝑤𝑚
𝑖=1

 (2) 

 

B. Fuzzy Weight Derivation 

As previously stated, an additional weight is typically used 

to improve the location estimation performance. In this paper, 

we apply FLS [13] since their key advantage is on the 

simplicity, i.e., there is no high computational time required, 

and this is suitable for distributed sensor nodes (with limited 

power as constraint). In general, there are four main 

components of the fuzzy as follows.  

1. Fuzzification: this component is used for input 

transformation into a proper range for membership 

function derivation (as examples shown in Figure 1). 

2. Inference Engine: this component is used to validate the 

logic and rule to make justification.  

3. Defuzzification: this component is used for output 

transformation into a proper range (as examples shown 

in Figure 2). 

4. Knowledge: this component is used to collect the useful 

data consisting of two sub-components:  

a. Rule-based: this is used to generate the rule based 

on the expert as examples shown in Table 1. 

b. Database: this is used to prepare necessary 

information to control the rule construction and 

fuzzy logic process.  

Note that with the recommendation provided by S. Yun et 

al.[6], there are five functions, i.e., Very low, Low, Medium, 

High and Very high, as inputs and five rules. However, in this 

research, the selection of membership function is based on the 

intensive evaluation using GA. The shape of membership 

function follows Triangular functions [14] (as shown in Figure 

1 and 2). Fuzzy Mamdani [13] was our selection due to its key 

advantage of simplicity. As shown in Figure 2, the output 

generated from Fuzzy Mamdani will be the summation of each 
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membership level based on rule aggregation using central of 

gravity (CoG). 

 

 
(a) 

 

 
(b) 

 

Figure 1: Fuzzy Logic: Triangular function of input (RSSI) (a) and output 
(weight) (b) 

 

Table 1 
Fuzzy Rule: Example 

 

Rule IF: State of RSSI  THEN: State of Weight 

1 Very low Very low 
2 Low Low 

3 Medium  Medium 

4 High High 
5 Very high Very high 

 

Algorithm 1: Fuzzy Logic Systems 

Input: 𝑅𝑆𝑆𝐼[𝑁], l 
Output: 𝑜𝑢𝑡𝑝𝑢𝑡[𝑁] 
1. Generate lmembership functions for input 𝑅𝑆𝑆𝐼[𝑁] 

and output weight𝑤𝑒𝑖𝑔ℎ𝑡[𝑁] 
2. Generate fuzzy rule 

3. Apply fuzzy inference engine with aggregation 

method (𝑅𝑆𝑆𝐼[𝑁], 𝑤𝑒𝑖𝑔ℎ𝑡[𝑁]) 

4. Calculate the output (𝑜𝑢𝑡𝑝𝑢𝑡[𝑁]) from CoG 

 

Note that here, the fuzzy input is RSSI received from 

different anchor nodes given the coverage to derive the output 

weights in range from 0 to 1. Note that Algorithm 1 also 

shows the weight derivation (output) from fuzzy logic. Here, l 

denotes a number of membership functions corresponding to 

the inputs (RSSIs) from N anchor nodes. 

 

C. Genetic Algorithms 

One of the pioneer heuristic approaches used to find out the 

optimal solution with regards to local minima is Genetic 

Algorithms (GAs) [15]. In general, GA imitates the nature 

selection process of chromosomes such that the evaluation of 

selection quality can be based on the fitness function. Their 

existing solutions will be selected and used to generate new 

solutions or genes. The selection process normally includes 

two main steps: cross-over and mutation [15].An overall 

procedure can be stated as follows. 

1. At the beginning process, the population will be 

provided initially as a set. Here, the population 

represents the number of membership functions.  

2. Each selected member in the population will be 

evaluated based on fitness function (Fn). Here, we use 

the maximization of outputs’ standard deviations 

corresponding to the input RSSIs of FLSs.  

3. A simple ranking process will be applied based on Fn. 

4. A member from the population will be used as parent to 

create children (new generation), normally with cross-

over and mutation operators 

a. Cross-over: our encoding scheme is to apply the 

equal-divider of bit scheme (binary 

representation) of number of membership 

functions of FLSs. For example, with n bits (n=6), 

two parents of (28)10 = (011100)2 and(13)10 = 

(001101)2, once applying cross-over (each half 

will be inter-changed), i.e., two children will be 

created as (29)10=(011101)2 and(12)10=(001100)2, 

respectively. 

b. Mutation: at this step, to create a diversity of the 

population, we randomly select the input from 

outside population.  

5. Here, the population is increased, and again, the 

evaluation process is applied.  

6. The selection of the best local fitness value will be 

performed based on Fn.  

7. Return to Step 3 until the solution is satisfied or 

meeting the specific threshold. 

 

D. Adaptive Membership Selection Criteria for Fuzzy 

Centroid 

Our motivation towards the adaptive concept on the 

membership function selection is due to RSSI diversity 

received from different anchor nodes with respect to the 

distance to the unknown node. A fixed number of fuzzy 

membership functions (as examples shown, previously in 

Figure 1– 5 rules [6]) cannot represent the effect of this 

diversity. 

Thus, in this research, our goal is to find out a proper 

number of membership functions based on the raw RSSIs in 

range of minimum and maximum RSSIs. Figure 3 shows 

examples when the number of membership functions is equal 

to the number of anchor nodes (N), i.e., around N triangular 

shapes. 
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Figure 3: Fuzzy Logic: Triangular function of input (RSSI) and output 

(weight) with N members 
 

 
 

Figure 4: Standard deviation vs. number of membership functions 

 

Algorithm 2 shows steps to determine the estimated location 

as follows: After the initial population (the number of 

membership functions) (line 1), N as examples, some random 

members will be selected from the population l (line 2), here, 

we use 3 as l. Lines 4 to 5 show the actual FLS used to finally 

create the output of defuzzifier process, and then generate the 

standard deviation of each fuzzy model. Line 6 shows a simple 

ranking algorithm (sorting)when applied in descending order. 

Note that the best two models corresponding to the fitness 

function will be selected to perform cross-over operation to 

generate two more children (line 7). An encoding scheme uses 

6 bits based on our intensive evaluation (at maximum of 26 = 

64 functions). Then, another child will be generated based the 

mutation operation (random selection from outside current 

population) (line 8). This process will be iteratively apply 

given the stopping threshold. Finally, the derived weight based 

on the end of iteration will be used for fuzzy weighted 

Centroid to approximate the unknown location of (�̂�, �̂�). 

 

Algorithm 2: Adaptive Membership Selection Criteria for 

Fuzzy Centroid 

Input: 𝑅𝑆𝑆𝐼[𝑁], 𝑙, 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

Output: �̂�, �̂� 

1. Initial population size (number of membership 

functions) 

2. Randomly select l members from the population 

3. do 

4. while i in l members 

  Create Fuzzy Logic Model (𝑅𝑆𝑆𝐼[𝑁], i) 

  Defuzzify output[N] 

   Calculate Fitness function (standard deviation) of 

 model i 

5. end while 

6. Sorting the models based on their Fn in descending 

order (model[l]) 

7. Perform Cross-over {model[1], model[2]} to create 

model[l+1] and model[l+2] 

8. Perform Mutation to create model[l+3] from outside 

population 

9. while (threshold) 

10. Calculate the location estimation according to 

equation (2) using output[N] 

 

IV. PERFORMANCE EVALUATION 

 

To confirm the validity of our methodology, this section 

provides an analysis of performance evaluation of our 

adaptive scheme, called Adaptive Fuzzy Centroid against the 

fixed schemes like five or nine rules [6, 8] including a 

traditional Centroid. 

 

A. Simulation Configurations 

Our testbed follows a standard simulation based on Matlab 

framework including standard libraries, and the 

recommendation provided by S. Gu et al. [16]. Our testbed is 

with a standard Windows 7 64-bit with Intel Core Q8400 2.66 

GHz, 4 GB DDR-SDRAM, and 320GB 7200 rpm hard disk. 

Our simulation reflects a large-scale node distribution in area 

of 1000×1000 m2dividing into two main topologies, i.e., grid 

and non-uniform (with five holes) [17],for the sake of paper 

length limitation (See Figure 5). 

With two main topologies, a variation of anchor nodes was 

in range of 121, 196, and 441, corresponding to the grid 

deployment of 100×100, 75×75, and 50×50 m2, respectively. 

This node density was also applied to the other topology. The 

number of unknown nodes is fixed to 100. The sensing 

coverage is at 100 meters. There is no mobility involved once 

deployed. The signal propagation model follows a log-

distance path loss model [16]. There is no energy consumption 

factor in our focus - in computing and transmission logic - for 

localization model evaluation [18]. There is no limitation of 

routing techniques. The location estimation will be computed 

within each node in distributed manners. 

 

 
 

(a) Grid Distribution 

1 2 3 4 5 6 7 8 9 10 11
0.176

0.177

0.178

0.179

0.18

0.181

0.182

0.183

number of membership functions

s
ta

n
d
a
rd

 d
e
v
ia

ti
o
n

0 100 200 300 400 500 600 700 800 900 1000
0

100

200

300

400

500

600

700

800

900

1000
Localization Error Modified Fuzzy



Adaptive Membership Selection Criteria using Genetic Algorithms for Fuzzy Centroid Localizations in Wireless Sensor Networks 

 ISSN: 2180 – 1843   e-ISSN: 2289-8131   Vol. 8 No. 6 117 

 

 
 

(b) Non-Uniform Distribution 

 

Figure 5: Node Distribution Deployment (cross = anchor; circle = 
unknown; line = absolute error) 

 

In our performance analysis, Average Location Error (ALE) 

(in meters) is mainly used as our main metric measurement for 

location approximation error [14] stated in equation (3) below. 

Here, (x, y) and (�̂�, �̂�) represent the actual and estimated 

positions of unknown nodes. The simulation is over ten trials 

and the average of ALEs will be used. Again, our adaptive 

membership selection criteria were evaluated against fixed 

schemes as presented in [6, 8] including a traditional Centroid. 

 

𝐴𝐿𝐸 =
∑ √(�̂� − 𝑥)2 + (�̂� − 𝑦)2

#𝑠𝑒𝑛𝑠𝑜𝑟 𝑛𝑜𝑑𝑒𝑠
 (3) 

 

B. Simulation Results 

Figure 6 shows the performance evaluation results in terms 

of ALE in both grid and non-uniform distribution deployments 

with 100 meters in signal coverage. In general, with the 

increase of number of anchor nodes, the estimation precision 

tends to be high in both scenarios, such as from 15 to 30; and 

4 to 18 meters, respectively. 

 

 
 

(a) Grid Distribution 

 

 
 

(b) Non-Uniform Distribution 

 

Figure 6: Average Location Error with grid and non-uniform distributions 

 

In addition, the error trends of grid deployments are higher 

than those of the other deployment scenario. This is justifiable 

since normally, with Centroid-based approaches, sensors in 

fixed deployment can represent the best error estimation 

scheme. 

Specifically considering each comparative proposal, our 

adaptive scheme is superior than the others, and in order of 

Fuzzy Centroid with 9 and 5 rules, and finally a traditional 

Centroid, respectively. The estimation error of our scheme is 

in range between 26 and 15 meters; and 13 and just only 4 

meters for both scenarios. However, with Centroid, the 

performance is the worst, i.e., from almost 20 to 30 meters and 

9 to 17 meters, respectively. This is the fact that the fuzzy 

logic takes an effect with additional weights (RSSIs). In 

addition, the error of Fuzzy Centroid is obviously better than 

the only Centroid. The error of Fuzzy Centroid with 9 rules is 

slightly better than that of 5 rules but still worse than our 

adaptive scheme due to the effect of RSSI diversity. 

 

V. CONCLUSION 

 

A conclusion to review the main points of the paper, do not 

replicate the abstract as the conclusion. A conclusion might 

elaborate on the importance of the work or suggest 

applications and extensions. One of the key limitations of a 

traditional Centroid is on high location estimation error even 

with simplicity gain. An adjustable weight has been widely 

used to mitigate that limitation. Here, we investigated the use 

of fuzzy logic systems to derive the adjustable weight. 

However, with fixed number of membership functions, the 

derived output may not reflect the effect of signal diversity 

from different anchor nodes in various locations and distances. 

Thus, we enhanced the membership selection criteria using 

genetic algorithms. With our intensive simulation in a large 

scale network and node densities, our proposal performance is 

superior than other fixed two schemes, and obviously the 

traditional one, i.e., in average of 12.89%, 14.08%, and 

19.18%, respectively. 

Although our performance validity can be confirmed 

towards the estimation improvement stated in our simulation 

results, i.e., low location estimation error, there still requires 
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further investigation, such as with a variety of scenarios and 

constraints. Several issues regarding a practical deployment 

should be considered, such as scalability, network density and 

diversity, diverse topology, network dimension, mobility, and 

signal propagation model and coverage. In addition, additional 

transmission protocol overheads as well as computational time 

complexity trade-off should be further studied, and all of these 

are for possible future work. 
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Figure 2: Fuzzy Logic: Fuzzy Inference Engine and Defuzzifier 
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