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Abstract 

We propose the design optimization of long period fiber 

grating (LPFG) based optical fiber sensors in standard single 

mode fiber with ultra high sensitivity and operating 

wavelength in standard optical communication window. Such 

sensors are quite advisable for structural health monitoring, 

biomedical diagnosis, analysis and remote sensing. The work 

carried out in LPFGs reveals that performance of these 

sensors is affected by fiber and grating parameters. Hence 

optimization of these parameters can enhance their 

performance. The use of advanced optimization algorithms for 

determining optimum parameters for grating based sensors is 

presented. The analysis is focused at maximization of strength 

of the rejection bands to enhance the range of detection for 

amplitude and wavelength based demodulation schemes. Shift 

in wavelength in the resonance bands in transmission 

spectrum of long period gratings is accompanied by 

fluctuation in loss of the attenuation peaks due to changing 

coupling coefficients in long period grating sensors.  

Maximum transmission loss of ≈76 dB has been achieved 

with optimized parameters. Effect of grating period, length of 

the grating and peak induced index change, on core cladding 

mode resonances has been analyzed in detail.  Effect of 

variation of optimized parameters by 10% on the strength of 

rejection band has been analyzed and observed that it does not 

significantly degrade the results.   

Keywords: Optimization, Long Period Fiber Gratings, 

Transmission Loss. 

 

INTRODUCTION 

In the last decade , optical fiber sensors based on long period 

fiber gratings have attracted an increasing interest by 

scientific community due to their unique properties of sensing 

viz. real-time detection, remote sensing and operatability in 

harsh environments. LPFG sensors have been recently 

developed for monitoring various physical as temperature & 

strain[1-3], bend[4-5] , humidity[6-7] and chemical, bio-

chemical parameters as gas sensing [8-10], detection of  E.coli 

bacteria [11,12] , bacterial toxins[13], proteins [14-17] and 

bacteriophages [18]. Sensitivity of long period gratings can be 

enhanced greatly if the fiber and grating parameters are 

effectively optimized. Literature on LPFGs highlight that 

either grating parameters have been chosen in a way to obtain 

the transmission peak at certain resonance wavelength and 

experiments have been conducted therefore or exhaustive 

experimental work has been carried out in choosing grating 

parameters for a specific application. 

Gratings are formed by periodic refractive index modulation 

in the core of optical fibers . Depending upon the periodicity, 

these are broadly divided into short (<0.1 µm) and long(100-

1000 µm) period gratings. This modulation causes coupling of 

the co-propagating core and cladding modes in an optical 

fiber. The evanescent field of the coupled mode extends more 

into the surrounding making LPFG sensitive to ambient 

optical parameters. The coupled energy gets lost in the 

cladding and observed as attenuation peak at resonance 

wavelength in the transmission spectrum. Recently dispersion 

turning point LPFGs have also been reported in literature 

which enables amplitude/intensity based demodulation for the 

LPFG sensors. Several attenuation peaks may be observed 

corresponding to various coupled modes. Strength of the 

loss/rejection bands are an important consideration while 

utilizing grating based surrounding refractive index sensor 

employing either amplitude or wavelength based 

demodulation scheme. Tuning of grating parameters results in 

increase in strength of the attenuation bands. To the best of 

our knowledge, peak transmission loss of ≈ 40 dB has been 

reported so far. 

Large number of design parameters of LPFGs have their 

individual effects on the performance of these gratings. Ultra 

high sensitivity of long period gratings can be achieved by 

optimizing the fiber parameters, pitch of grating, length of 

grating and index of modulation. Hence optimization of these 

parameters is required to enhance the performance of these 

sensors. In this study, we have proposed the design 

optimization of long period grating sensors and a comparative 

analysis of the advanced optimization - Cuckoo search, 

Particle Swarm, TLBO and Jaya algorithms. Cuckoo search 

and particle swarm optimization algorithms require tuning of 

algorithm specific parameters to obtain global optimum of a 

problem. Teaching-learning based and Jaya algorithms do not 

require any algorithm specific parameters.  However attractive 

results have been obtained using simple yet effective Jaya 

optimization algorithm. 

 

MATHEMATICAL MODEL 

Coupling of co-propagating fundamental guided mode LP01 

and cladding modes represented by LP0m takes place in long 

period gratings according to the phase matching condition, 

which results in series of attenuated resonance peaks in 

transmission spectrum. The phase matching condition is given 

by-   

                             𝛽01 − 𝛽𝑐𝑙,𝑚 =
2𝜋

𝛬
                               (1) 
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where  𝛽01 is propagation constant of the fundamental mode,   

𝛽𝑐𝑙,𝑚 is propagation constant of mth cladding mode and 𝛬 is 

period of grating. 

The propagation is simplified by assuming linearly polarized 

(LP) modes [19]. Radial power distribution in the core 

assuming unity power transmitted by the fundamental LP 

mode is given by- 

              𝐸 = (
𝐾0(𝑤)

𝐽0(𝑢)
) 𝐽0(𝑢)                             (2) 

where 𝐽0 and  𝐾0  are Bessel's and modified Bessel functions 

of first kind , zero order respectively.  Eigen value in core 𝑢 is 

related to propagation constant β as- 

                                            𝑢2 = 𝑛1
2𝑘2 − 𝛽2                     (3) 

Normalized frequency 𝑉 is related to waveguide parameters 𝑢 

and 𝑤   as-  𝑢2 + 𝑤2 = 𝑉2 . Matching the tangential 

components of the electric field (𝐸𝛷 , 𝐸𝑧) and magnetic field 

(𝐻𝛷 , 𝐻𝑧)  at core cladding interface gives characteristic 

equation given below which can be solved for Eigen values 𝑢  
& 𝑤. 

                                 𝑢 (
𝐽1(𝑢)

𝐽0(𝑢)
) = 𝑤 (

𝐾1(𝑤)

𝐾0(𝑤)
)                      (4) 

For weakly guided approximation, solution of characteristic 

equation yields very accurate values of 𝑢, 𝑤  and β. Each 

cladding mode’s propagation constant is also found from a LP 

mode dispersion relation in Eq. 8. 

The effective refractive indices of core and cladding must first 

be calculated to predict the resonance wavelengths in 

transmission spectrum of LPFGs. Optical fiber gratings have 

two waveguide structures - one is a high refractive index core 

surrounded by a lower refractive index cladding and other is 

cladding surrounded by a medium. Interactions between the 

core and cladding modes at core-cladding boundary and 

between cladding and surrounding at cladding-surrounding 

boundary can be solved using Eigen mode Eq. 8. 

Assuming ( )coA z  and ( )clA z  as complex amplitudes of 

forward propagating and backward propagating modes. 

Variation of these modes in presence of other modes of 

azimuthal order    near dielectric perturbation is given by 

coupled mode equations - 

2 ( )( )
( ) ( )

2

zco
co co co co co cl

dA z s
ik A z i k A z e

dz



  
         (5)     

                                       

2 ( )( )
( ) ( )

2

zcl
cl co co cl cl cl

dA z s
ik A z e i k A z

dz



  
            (6) 

where co cok  and cl cok  are the coupling coefficients, s is the 

modulation depth or peak induced-index change and   is the 

detuning parameter.

 

The coupling of these modes is 

determined by area of overlap of the transverse fields of the 

resonant modes Ei and average index of the grating in
 
[20].

 

*0 ( ) ( )
4

ij i i j

n
K n E r E r dr


 

           (7) 

According to coupled mode theory grating transmission is a 

function of coupling coefficient K . Grating transmission is 

given by-  

2 2 2
2 2 2 2

2 2

sin ( )
cos ( )dB

L K
T L K

K


 



 
    

          (8)

 

where L is the length of grating.  

Strength of modulation improves with the increase in peak 

induced-index change and results in large transmission losses 

in attenuation bands at resonance wavelengths. Resonance 

bands have different values of peak loss and bandwidth due to 

dissimilar coupling coefficients that are the function of modal 

overlap[21],[22]. Position of resonance peak wavelengths and  

transmission loss are dependent on the fiber core and cladding 

parameters, grating pitch, length of the grating and grating 

induced-index modulation.  

 

Figure 1. Structural details of a Long period fiber gratings as 

SRI sensor 

 

LPFGs are known to have high refractive index sensitivity in 

comparison to its counterpart Fiber Bragg Gratings. The 

evanescent field of coupled mode that extends more into the 

surroundings in LPFGs enables it to be used as a significant 

SRI sensor as indicated in Figure 1. 

 

ADVANCED OPTIMIZATION ALGORITHMS 

Cuckoo search 

This search optimization algorithm is inspired by cuckoo bird 

reproduction extraordinary strategies. The algorithm was 

proposed by Yang and Deb in 2009[23]. This has been applied 

to a variety of science and engineering problems [24],[25]. It 

has been observed in some applications it can outperform 

other meta-heuristics such as genetic algorithms.  

A randomly distributed initial population of host nest is 

generated and then the population of solutions is subjected to 

repeated cycles of the search process of the cuckoo birds to 

lay an egg. The cuckoo randomly chooses the host nest 
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position to lay an egg using Levy flights random-walk and is 

given in Eq. (9) 

                             
)(1  Levyxx t

i

t

i 
             (9) 
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Levy            (10) 

Where, xi
tis the old solution, xi

t+1 is the new solution, α > 0 is 

the step size and 1< λ < 3 is the Levy flight parameter. 

The CS algorithm is simple in implementation, possess a very 

good global search ability, the number of adjusted parameters 

are less as compared to the other algorithms and the CS 

algorithm is suitable to a broader class of optimization 

problems. Therefore, the CS algorithm has gained a wide 

acceptance in the field of engineering optimization.  

The key parameters that affects the performance of the 

algorithm for a specific application are Levy exponent u and  

probability of discovery of an alien egg pa. These are set to 3/2 

and 0.2 respectively after a number of trails. User is required 

to precisely tune these parameters for better performance of 

the algorithm. 

 

PSO 

Particle swarm optimization is another widely used meta-

heuristic optimization algorithm. The system is initialized 

with a swarm of random solution and each individual solution 

in the swarm is known as a particle. Each particle keeps track 

of its coordinates in the problem space which are associated 

with the best solution (fitness) it has achieved so far. This 

value is called pbest. The algorithm also keeps track of the 

global best value found in every iteration. This location is 

called gbest. The position of the particles in the search space 

is updated iteratively until a predefined termination criteria is 

satisfied. The working of the PSO algorithm is described in 

brief as follows. 

Initialization phase 

In the initialization phase the particles initial position and 

initial velocity is initialized according to Eq. (1) and Eq. (2) as 

follows 

DjandNiLUrLX jj

j

ijji ,....,2,1,.....,2,1)()0(,   

     (11) 

Where, jL and jU are the lower bound and upper bound of 

the search space for jth dimension, respectively. 
j

ir is the 

random number produced for jth dimension of ith particle in the 

range of [0, 1]. The velocity of each particle is initialized as 

according to Eq. (12) 

                 

  DjandNiXLUrLV jijj

j

ijji ,....,2,1,.....,2,12/)0()()0( ,,   

 (12) 

Once the once the positions (X) and velocities (V) are 

initialized the next step is to initialize the personal best and 

global best. The next step is to initialize the personal best of 

the particles (pbest) and the global best of the entire swarm 

(gbest). At the start, the pbest is nothing but the initial position 

of the particles which is given by Eq. (13) 

                                            
)0(,, jiji Xpbest    (13) 

The gbest, however, depends upon the fitness (i.e. objective 

function value) of the particles. The fittest particle is 

identified and its argument are stored as gbest according to 

Eq. (14). 

                                          

  Nipbestfgbest i .....,,2,1)(minarg        (14) 

 

Updation phase 

In this phase, the initial velocities and positions are updated 

according to Eq. (15) and Eq. (16) 

)]()([

)]()([)()1(

,,22,,

,,11,,,,

tXtpbestcr

tXtpbestcrtVwtV

jijiji

jijijijiji




 

 (15) 

Where w is the inertia weight whose value of often selected 

between 0.9 to 0.4. The constantsc1 and c2 are acceleration 

coefficients which determine whether the particles may move 

towards pbest or gbest. In addition to w, c1 and c2, particles' 

velocities on each dimension are clamped to a maximum 

velocity Vmax. If the sum of accelerations would cause the 

velocity on that dimension to exceed Vmax, which is a 

parameter specified by the user, then the velocity on that 

dimension is limited to Vmax. 

DjandNitVtXtX jijiji .....,,2,1......,,2,1)1()()1( ,,,   

              (16) 

Once the velocities and the positions of the particles are 

updated pbest and gbest are required to be updated again 

considering the new positions of the particles. After the 

updation phase the pbestis upadated according to Eq. (17) and 

the gbest is updated according to Eq. (14).  
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The particles are updated according to Eq. (15) and Eq. (16), 

iteratively, until a predefined termination criteria is satisfied. 

Due to its performance, accuracy and ease of implementation 

and adaptation, the PSO algorithm has been used by a number 

of researchers in the field of engineering and science. 

However, as discussed previously, the working of PSO 

algorithm is dependent on the algorithm-specific parameters 

such as Vmax, c1, c2 and w, which required to be defined 

precisely by the user for speed and to ensure better 

approximation of the global optimum.  

The efficiency of the algorithm has been proven in a variety of 

problems [26]. The key parameters are social and cognitive 

parameters and inertia weight. After a no. of trials these are 

set to 2, 2 and 0.9. However PSO has been observed to stuck 

in local optimum solution for the proposed problem.  

 

TLBO 

Teaching-Learning based optimization algorithm is proposed 

by Rao et al in  [27]. The working of the algorithm is divided 

into two phases- Teaching and learning. In each generation, 

the best solution is considered as the teacher, and other 

solutions are considered as learners. The learners accept the 

instructions from the teacher, but also learn from each other. 

In the TLBO algorithm, an academic subject is analogous to 

an independent variable or candidate solution. The fitness of a 

candidate solution is analogous to the learners’ result. The 

TLBO algorithm consists of two important phases i.e. the 

teacher phase and the learner phase. In the teacher phase, each 

independent variable s in each candidate solution x is 

modified according to Eq. (18) and Eq. (19). 

                                             

))()(()()( sxTsxrsxsx ftii 
             (18)

 

              where 



N

i

i sx
N

sx
1

)(
1

)(              (19) 

for i [1, N] and independent variable s [1, n], where N is 

the population size, n is the total number of independent 

variables, xt is the best individual in the population (i.e. the 

teacher), r is the random number taken from a uniform 

distribution on [0, 1], and Tf is the teaching factor and is 

randomly set equal to either 1 or 2 with equal probability. The 

new solution obtained after the teacher phase
ix replaces the 

previous solution xi if it is better than xi. 

The learner phase commences after the end of teacher phase. 

The learner phase mimics the act of knowledge sharing among 

two randomly selected learners. The learner phase entails 

updating each learner based on another randomly selected 

learner as follows: 
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            (20) 

For i[1, N] and independent variable s[1, n], where k is the 

random integer in [1, N] such that k i, and r is a random 

number taken from a uniform distribution on [0,1]. Again, the 

new candidate solution obtained after the learner phase 
ix   

replaces the previous solution 
ix if it is better than the previous 

solution
ix . The process of updating the solutions continues, 

iteratively, until the termination criteria is satisfied. 

Due to its simplicity, efficiency and algorithm-specific 

parameter-less working the TLBO algorithm has attracted the 

attention of a number of researchers, especially, in the field of 

engineering, computer science, physics, chemistry, 

biotechnology and economics.  

 This algorithm has also gained popularity in solving variety 

of optimization problems[28]. Unlike most of algorithms, 

tuning of algorithm specific parameters is not required and 

still it gives results comparable to other advanced 

optimization algorithms. 

 

Jaya 

Jaya optimization algorithms is also proposed by Rao et. al. in 

[29].  It also does not require any algorithm specific 

parameter. Literature highlights the applications of this 

algorithm[12],[13]. The cuckoo search and Jaya optimization 

algorithms have given similar optimized parameters for the 

proposed problem.  

This algorithm is a simple and powerful algorithm in the sense 

it does not require algorithm specific parameters like other 

optimization algorithms and still gives better results for 

constrained and unconstrained benchmark problems and other 

engineering problems[12-14]. Variables for successive 

iterations in Jaya algorithm are updated as- 

                          
'

, , , , 1, , , , , , 2, , , , , ,( ) ( )j k i j k i j i j best i j k i j i j worst i j k iX X r X X r X X    
  

                      (21)
 

where 1r  and 2r are the random variables, i is the no. of 

iterations, j=1,2,...,m is the no. of design variables and 

k=1,2,...,n is the no. of candidate solutions. Then at any 

iteration i, , ,j best iX  is the best value solution of the candidate 

solutions and , ,j worst iX is the worst value of the candidate 
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solutions.  Optimization procedure of Jaya algorithm for long 

period fiber grating based sensors is given in form of 

flowchart in Figure 2 . 

 

 

Figure 2: Flow chart of Jaya Optimization Algorithm 

 

It does not require any algorithm specific parameters. 

Literature highlights the applications of this 

algorithm[30],[31]. The cuckoo search and Jaya optimization 

algorithms have given similar optimized parameters for the 

proposed problem.  

 

 

RESULTS AND DISCUSSIONS 

Transmission loss in resonance bands and shift in the 

resonance band are strong functions of the grating period, 

length of grating, peak induced-index change, order of the 

cladding mode and fiber parameters. Mathematical model 

based on solution of coupled mode theory have been applied 

for obtaining the optimum parameters of long period grating 

based refractive index sensors. Population size is one of the 

key parameters that directly impacts on the performance of an 

optimization algorithm. The effect of the population size has 

been analyzed in all cases viz. Cuckoo search, PSO, TLBO 

and Jaya algorithms.  

The fiber considered for optimization is of a step-index profile 

and a three layers structure SMF-28 fiber. The parameters of 

the fiber are given as: the core radius   = 4.61 µm, the 

cladding radius   = 62.5 µm , core region is made up of 3.1 % 

GeO2 doped SiO2 and cladding region is fused silica. 

Modeling aspects of the sensor including calculation of 

various parameters have been discussed. The mathematical 

model provided in section II is optimized using Cuckoo 

search, Particle Swarm optimization, Teaching - learning 

based optimization and Jaya optimization algorithms. 

Population size has been varied as 20, 25 and 30. Maximum 

functional evaluations have been considered as 2500 which is 

also termination criterion for all algorithms. Figure2 shows 

the comparison of convergence of the algorithms for three 

cases.  

A smaller population size may not guarantee convergence to 

optimum solution and larger population size requires a 

significant amount of computational time. Therefore selection 

of an appropriate population size is critical in order to reach 

optimum solution in reasonably low time.  

The best solution averaged for 100 trails for different 

population sizes is shown in Figure 3. An in- crease in  global 

optimum is observed when population size is increased from 

20 to 25 with no significant increase further when it is 

increased from 25 to 30 and so on.  Jaya and Cuckoo search 

optimization reach global optimum with less population size 

as compared to TLBO and PSO. Simulated spectra with the 

optimized parameters and with 10% variation in optimized 

parameters is shown in Figure 4. Reduction in the strength of 

the considered resonance band is ≈ 5dB obtained upon 

changing parameters. This degradation can be considered as 

very small as compared to the strength of rejection band 

obtained after optimization. 

 

Table 1. Optimized parameters obtained by simulating advanced optimization algorithms 

Core Composition Cladding 

Composition 

Grating 

Period 

(µm) 

Length of 

Grating 

(µm) 

Peak Transmission 

Loss (dB) 

Resonance 

Wavelength (µm) 

Index of 

Modulation 

3.1 % GeO2 doped 

SiO2 

100 % SiO2 366.42679 37889.24405 -76.90452 1.623 5ˣ10-4 
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(a)                                                                          (b) 

 

(c) 

Figure 3: Comparative analysis of the convergence of fitness function for population size (a) 20 (b) 25 (c)30 

 

                  

(a)                                                                                               (b) 

Figure 4: Transmission spectra of simulated LPFG with (a) Optimized Parameters (b) 10% variation in the optimized parameters. 
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For same functional evaluations and different population 

sizes, Jaya and cuckoo converge to similar values. Jaya 

algorithm being very simple to implement and at the same 

time very effective , is attractive optimization algorithm for 

proposed problem. Transmission loss of as high as  -76 dB 

have been obtained which can enhance the range of detection 

of these sensors.  

 

CONCLUSIONS 

Performance of the long period grating based optical fiber 

sensors strongly depends upon the grating period, length of 

the grating, fiber parameters, peak induced index and 

surrounding refractive index. Optimization of these grating 

parameters can greatly improve the sensitivity and range of 

detection of these gratings. Meta-heuristic algorithms- Cuckoo 

search, TLBO, PSO and Jaya algorithms have been applied to 

the analytical model of LPFG sensors Theoretically, peak 

transmission loss of -76 dB have been obtained by optimizing 

grating parameters using Jaya Algorithm and Cuckoo search 

optimization. This can enhance the range of detection for both 

amplitude and wavelength based demodulation schemes. It is 

worth specifying that although the most important parameters 

effecting response of a grating have been considered in this 

work still practical variations in the loss may results due to 

change in the Laser fluence, accuracy of the computer 

controlled mechanism for writing gratings. Therefore the 

effect of variation of the optimized parameters by 10% is also 

considered and it does not significantly degrade the result. 

Beyond 10% variation, the peak loss degrades significantly. 

Attractive features of long period gratings such as ultra high 

sensitivity to ambient environment, remote sensing capability, 

great potential for mass production and high bandwidth 

enables these to be used in current smart era. 
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