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Abstract: This study explores the potential of using low-computing-cost machine | Research Paper
learning models for predicting Bending Loss in Photonic Crystal Fibers (PCFs).
Algorithms for machine learning that utilise historical data and trends can be utilized to
provide a potent tool for predicting Bending Loss. The bending loss data and the other
associated parameters of the bent PCF were obtained using the Finite Element Method-
based modal solution technique (FEM). The PCF has 3 ring air-holes in the cladding with
a pitch length (A) of 2.6pum a wavelength (1) of 1.55um and a silica refractive index (n)
of 1.445. The bending radius was varied from of 10000pum to 230pum and the calculations
were done in the Transverse Electric (TE) mode. The Bending Loss Dataset was used to
train and evaluate five different low-computing-cost regression Algorithms such as
Linear Regression, Random Forest Regressor, Gradient Boosting Regressor, Support
Vector Machine Regressor, and Gaussian Process Regression are utilized. The Linear
Regression model was found to be the most accurate and reliable predictor of Bending
Loss in Photonic Crystal Fibres (PCFs) achieving a Mean Square Error (MSE) of 0.0002
and an R-squared (R?) score of 0.9999. The findings of this work show how machine
learning models can be used to forecast crucial PCF parameters, which could progress
the field of photonics even utilizing Low-Computing-Cost computers. The use of
machine learning models have the potential to greatly increase efficiency and accuracy
of predicting important parameters in PCFs by improving the design and optimisation of
PCFs for diverse optical applications.
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photonics fields that can benefit from this. The use of
machine learning models has also improved PCF design
and optimisation [6, 16, 17]. These models could greatly
improve the effectiveness and precision of predicting
crucial factors, including Bending Loss in PCFs [18].
When designing and optimising PCFs for different
optical applications, the prediction of Bending Loss is
vital. When a Photonic Crystal Fibre is bent, there is an

1.0 INTRODUCTION

Because of their special characteristics,
Photonic Crystal Fibres (PCFs) have completely
changed photonics including in the areas of optical
communication [1] and sensing [2]. For the design and
optimisation of PCFs, accurate parameter prediction,
including Bending Loss [3, 4] is essential. The bending
radius, propagation constants, effective index and mode

characteristics are important variables that affect bending
loss [3, 5]. The application of machine learning
techniques, which leverage historical data and patterns,
can yield a powerful tool for Bending Loss prediction
[3]. Recently, there has been a growing interest in
utilizing machine learning methods in the photonics field
[3, 6]. Machine learning, a subset of artificial
intelligence, refers to the development of techniques that
allow computers to learn from data, make predictions
based on that data, and do so without explicit
programming [7-10]. The development of metamaterials
[11], photonic crystals [12], sensors [13], power splitters
[14], and multimode fibres [15] are just a few of the

attenuation or loss of signal that occurs which is also
known as bending loss [19, 20]. The guided optical
mode's interaction with the fibre's structural elements
and the air-holes would result in this bending loss. Since
Bending Loss affects the functioning and overall
performance of PCFs, accurate Bending Loss prediction
is essential. Macrobending loss [21] in particular has
been the subject of research due to its effect on the
bending sensitivity of PCFs. Table 1 shows the bending
radius, propagation constants, effective index, and mode
characteristics which all performance a significant part
in deciding the Bending Loss of PCFs.
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Table 1: Description of Independent Features
Feature | Description
Rbend Bending radius

Br Real part of propagation constant

Bi Imaginary part of propagation constant
ne Effective index

Hx Transverse magnetic mode (TM)

Hy Transverse electric mode (TE)

spotsize | Spot Size

To forecast Bending Loss in PCFs, a thorough
comparison examination of numerous low-computing-
cost machine learning models was carried out in this
study. The study compared the performance of five
distinct regression algorithms, that is; Gaussian Process
Regression, Gradient Boosting Regression, Support
Vector Machine Regression and Random Forest
Regression. These algorithms were chosen because they
require less computational power and are suitable for
locations with limited resources. Finding the best model
for predicting Bending Loss in PCFs was the main goal
of this investigation. Standard assessment measures such
as Mean Squared Error (MSE) [22] and R-squared (R?)
[23] were used to evaluate each machine learning
model's performance. The most accurate and trustworthy
predictor of Bending Loss in PCFs was determined to be
the Linear Regression model, proving the potential of
machine learning models to enhance the efficiency and
accuracy of predicting important parameters in PCFs.

2.0 MACHINE LEARNING MODELS
2.1. Linear Regression

For predicting continuous target variables, linear
regression is a popular machine learning model that is
easy to understand and apply [24, 25]. It seeks the optimal
line that minimizes the total squared errors between the
predicted and observed values, presuming a linear
relationship between the independent features and the
target variable.
Y=Bg+Lix1+ -+ Luxp e i 1

Where y = dependent variable, x; = independent variable,
Bi = parameter, € = error

When it comes to predicting Bending Loss in
PCFs, Linear Regression emerged as the top-notch
performer in terms of accuracy and dependability. The
Linear Regression model delivered outstanding results
with an MSE of 0.0002 and an R? score of 0.9999,
underscoring its exceptional precision in forecasting
Bending Loss, as indicated in Table 2. Linear Regression
boasts several advantages compared to other machine
learning models. It's a straightforward and interpretable
model that can be seamlessly put into action even in
settings where computing resources are limited.
Additionally, it offers valuable insights into how the
independent factors relate to the target variable, enabling
a deeper grasp of the underlying principles governing the
system. However, Linear Regression also has its

limitations, as pointed out in reference [26]. The
assumption is a linear connection in between the
independent factors and the objective variable, which
may not always be the case in real-world scenarios.
Furthermore, it presupposes that errors follow a normal
distribution and maintain a consistent variance, which
may not necessarily align with the real-world conditions
in all cases [26].

2.2. Random Forest Regressor

The Random Forest Regressor, a machine
learning model, employs multiple decision trees to
produce predictions [27, 28]. It's a versatile and robust
model capable of handling both simple and intricate
connections between the input factors and the objective
outcome. With the specific task of predicting Bending
Loss in PCFs, the Random Forest Regressor did not
perform as accurately as Linear Regression. It yielded an
MSE of 22029.46 and an R? score of 0.95, which is less
than the precision achieved by Linear Regression.
However, it outperformed the other models assessed in
this study as can be seen in Table 2. Random Forest
Regressor brings several advantages compared to some
other machine learning models. It is adaptable enough to
manage both linear and nonlinear connections between
the input variables and the target output, making it a
versatile choice for various applications [29]. Also, it is
less prone to overfitting than some other models because
it combines multiple decision trees for its predictions
although it did not work so well for us in this particular
study. Random Forest Regressor also has some certain
limitations. It can be computationally demanding and
may require more computational resources than other
models [30]. Additionally, it is less interpretable due to
its ensemble nature of combining the insights from
multiple decision trees to make its predictions [30].

2.3. Gradient Boosting Regressor

The Gradient Boosting Regressor is a machine
learning model that sequentially constructs an ensemble
of decision trees to make predictions [31, 32]. The
Gradient Boosting Regressor is arobust and
versatile machine learning model capable of handling a
wide range of applications and handling both
straightforward and complex relationships between the
input factors and the desired outcome. When it comes to
predicting Bending Loss in PCFs, the Gradient Boosting
Regressor was found to be less precise than Linear
Regression. It achieved an MSE of 8365.56 and an R?
score of 0.98, which fell short of the accuracy achieved
by Linear Regression. Nevertheless, it outperformed
most of the other models assessed in this study, except
for the Random Forest Regressor, as shown in Table 2.
The Gradient Boosting Regressor offers numerous
advantages over alternative machine learning models
[33]. It's proficient at handling both linear and nonlinear
connections between the input variables and the
objective outcome, making it a flexible choice for
various applications [34]. Furthermore, it's relatively less
prone to overfitting compared to some other models,
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thanks to its sequential ensemble approach although it
did not work as well for us in this particular study.
Gradient Boosting Regressor does have its limitations
[35]. It can demand significant computational resources
and be computationally expensive compared to some
other  low-computing-cost ~ models  considered.
Additionally, it is less straightforward to interpret due to
its sequential ensemble construction.

2.4. Support Vector Machine Regressor

The Support Vector Machine (SVM) Regressor,
a machine learning model, seeks a hyperplane that
effectively fits the data points [36, 37]. It's a potent and
adaptable model capable of dealing with both simple and
intricate connections between the input factors and the
objective outcome. In the specific context of predicting
Bending Loss in Photonic Crystal Fibers (PCFs) which
this study is all about, the SVM Regressor proved to be
less accurate than both Linear Regression and Gradient
Boosting Regressor. It achieved an MSE of 26770.52 and
an R? score of 0.94, as indicated in Table 2. Nonetheless,
the SVM Regressor provides a number of benefits
compared to alternative models for machine learning [38,
39]. The Support Vector Machine (SVM) Regressor is a
model that seeks a hyperplane to effectively fit the data,
capable of handling both linear and nonlinear
relationships among the input variables and the desired
output, making it a versatile choice for a wide range of
applications although it did not work out well for us in
this study. Additionally, it is relatively less susceptible to
overfitting, thanks to its focus on finding a hyperplane
that best suits the data [40]. However, the SVM Regressor
does have its limitations. It can be computationally
intensive and may require more computing resources
compared to some other models which this study is trying
to minimize [41]. Moreover, it tends to be less intuitive to
interpret due to its primary goal of discovering the
optimal hyperplane for the data [41]. The SVM
Regressor, therefore, stands as a powerful and adaptable
machine learning model capable of handling both linear
and nonlinear relationships  between  variables
connections between the target and the input features
outcome [41]. While it may not have been as accurate as
Linear Regression and Gradient Boosting Regressor in
predicting Bending Loss in PCFs in this particular study,
it still holds potential for numerous applications within
the realms of photonics and optics.

2.5. Gaussian Process Regression

A novel approach to machine learning is taken
by the Gaussian Process Regression model by modeling
the distribution of the target variable [42]. It is a robust
and adaptable model capable of accommodating both
linear and nonlinear relationships between the input
factors and the target outcome [43]. It has also found
utility in various applications, spanning materials science
[44], chemistry [45], and battery health estimation [46].
Gaussian Process Regression provides a number of
benefits over alternative machine learning algorithms. It
excels in modeling the distribution of the target variable,

which allows it to provide uncertainty estimates for its
predictions [41]. Additionally, it's a non parametric
model, that is, it does not assume anything on the
distribution of the underlying data [47]. However,
Gaussian Process Regression does come with its own set
of limitations. It can be computationally demanding [43]
and may require more computational resources compared
to some other models and this study is all about
minimizing that. It also tends to be less straightforward to
interpret because it focuses on modeling the distribution
of the target variable rather than providing a simple
equation [42]. Gaussian Process Regression stands as a
potent and adaptable machine learning model capable of
addressing both linear and nonlinear relationships
between input characteristics and the intended outcome
[42].

To put it briefly, this study underscores how
machine learning models hold great promise in predicting
Bending Loss in PCFs. The findings from this research
offer valuable insights that can be harnessed to improve
PCF design and optimisation for various optical
applications. By leveraging the low-computing-cost
machine learning models, we can markedly boost the
precision and efficiency of forecasting crucial parameters
in PCFs, ultimately driving advancements in the field of
photonics. As can be deduced from the discussions,
Linear Regression stands out as a low-computing-cost
and formidable tool for forecasting continuous target
variables, such as Bending Loss in PCFs. Its simplicity
and interpretability would make it a well-liked option for
many applications, such as photonics and optics.

3.0 METHODOLOGY

The bending loss data and the other associated
parameters of the bent PCF were obtained using the
modal solution approach based on the Finite Element
Method (FEM) [48]. The PCF has 3 ring air-holes in the
TE mode with a pitch of 2.6 um a wavelength of 1.55 um
and a silica refractive index of 1.445 and the bending
radius was varied from of 10000 to 230 um. In the FEM,
the elaborate cross-sectional area of the PCF including the
core is broken down and represented into various
triangular shapes and sizes [49]. This approach is much
more robust and flexible contrasted with the Finite
Difference Method (FDM) that utilizes inefficiently
regularly spaced and also does not represent curved and
slanted dielectric surfaces well hence, the FEM s
preferable. Due to the high index contrast PCF, the two-
dimensional optical modes in the confinement are also
hybrid in nature, with all six components of the E and H
fields being present. Moreover, confinement is hybrid in
character, containing all six elements of the E and H
fields. Moreover, the inclusion of inclined or curved
dielectric interfaces enhances modal hybridity. Therefore,
an appropriate depiction of these interfaces is as crucial
as a vectorial formulation for precisely calculating their
modal solutions. The current method analyses the
performance of PCFs with air holes placed in a triangular
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lattice in the silica cladding using an H-field-based
rigorous full vectorial FEM [49]. A viable method for
microwave and optical guided-wave devices, covering
the intermediate THz frequency range, is the previously
developed H-field formulation. The following is the H-
field formulation using the increased penalty function
technique:

w? = (f(VXH)*-é_l(VxH)dj).)+£f(“/€O)(V-H)*(V-H)dﬂ

[H+pHAQ

Where H denotes the comprehensive vector
description of the intricate magnetic field [50]; € and u
refer to the permittivity and permeability of the
waveguide, respectively [50]; €, refers to the permittivity
of the vacuum [50]; w? is the eigenvalue (where w is the
angular frequency of the wave) [50]; and e is a unitless
factor employed to enforce the divergence-free condition
of the magnetic field in a manner that minimizes errors

through least squares [50]. In this formulation, both the &
and g parameters can be arbitrary complex tensors with
possible off diagonal coefficients, suitable to characterize
electro-optic, acousto-optic, and elasto-optic devices
[50]. Perfectly Matched Layers (PMLs) were added
around the computational window since we also required
to compute the leakage and bending losses in the bent
PCF. This resulted in a complex eigenvalue equation for
the final formulation [49]. The dataset obtained and used
in this study, which is referred to as the "Bending Loss
Dataset" consists of 25 samples and 8 features. The target
variable is the "Bending Loss" representing the amount of
optical loss induced by bending the PCF. The
independent features include: Bending radius (Rbend),
Real part of propagation constant (Br), Imaginary part of
propagation constant (Bi), Effective index (ne),
Transverse magnetic mode (TM) component (Hx),
Transverse electric mode (TE) component (Hy), Spot
Size (spotsize) as can been seen in Figure 2.
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Figure 1: Schematic depiction of the cross-section of 3 ring air-holes PCF

Figure 1 depicts the cross-sectional area of the
Photonic Crystal Fiber (PCF) having 3 rings of air-holes
around the silica core. The pitch length (A) is 2.6um, the
diameter to pitch ratio (d/A) is 0.5 and the diameter (d) is

1.3um. The wavelength (L) of operation is 1.55um
refractive index (n) of the silica material of the PCF is
1.445 and that of air is 1.000. The calculations were
carried out for the Transverse Electric (TE) mode.
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Figure 2: Half-structure field profile for Rbend = 10000um, the half structure field contour of the 3 ring air-holes
PCF in the TE mode PCF, Pitch = 2.6um, d = 1.3um, d by pitch = 0.5, A = 1.55um, silica of n = 1.445

Figure 2 shows the half structure field contour and a silica refractive index of 1.445. It is assumed that
of the 3 ring air-holes PCF with Rbend of 20000um in the the PCF is straight and not bent and this high value of
TE mode, with a pitch of 2.6 um a wavelength of 1.55 pm bending radius and that is depicted in contours of the field

profile.

r

30 35

Figure 3: Half-structure field profile for Rbend = 300um, the half structure field contour of the 3 ring air-holes
PCF in the TE mode PCF, Pitch = 2.6um, d = 1.3um, d by pitch = 0.5, A = 1.55um, silica of n = 1.445
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The half structure field contour of the 3 ring air-
holes PCF with Rbend of 300um in the TE mode for is
shown in Figure 3, with a pitch of 2.6 um a wavelength
of 1.55 um and a silica refractive index. It is observed that

104

the PCF is significantly bent at this low value of bending
radius and that is depicted in contours of the field profile
as it leaks more into the cladding region.

103 .

102 .

Loss (dB/m)
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100 .

10t T
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10? 108

104 10°
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Figure 4: Plot of Bending Loss against bending Radius (Rbend) for a pitch length of 2.6um, Transverse Electric
(TE) mode

Figure 4 in the study displays a graph illustrating
the relationship between Bending Loss and bending
radius (Rbend) for a pitch length of 2.6um, specifically in
the Transverse Electric (TE) mode. This graph represents
a portion of the data that was utilized in our low-cost
machine learning algorithms. The methodology
employed in our research consisted of several key steps.
Initially, we performed Data Preprocessing, which
involved preparing the dataset used in our study. This
dataset comprised 25 samples and 8 features. During
preprocessing, we addressed missing values, standardized
the features, and separated the dataset using an 80/20 split
into training and testing sets. Following data
preprocessing, we moved on to Model Training. In this
phase, we selected and implemented five different
regression algorithms aimed at predicting Bending Loss
within the Bending Loss dataset. These algorithms
encompassed Linear Regression, Random Forest
Regressor, Gradient Boosting Regressor, Support Vector
Machine Regressor and Gaussian Process Regression.
Each algorithm was trained using the designated training
dataset. The subsequent step was Model Evaluation. We
evaluated the performance of these models using the
testing dataset and recorded pertinent performance
metrics, such as Mean Squared Error (MSE) and R-

squared (R?). These metrics allowed us to gauge the
accuracy and reliability of each machine learning model.
Lastly, Model Selection was performed. Based on the
outcomes of our comparative analysis, we identified the
Linear Regression model as the most precise and
dependable predictor of Bending Loss in PCFs.

To summarize, our research methodology
encompass preprocessing the dataset, training and
evaluating five distinct regression algorithms, and
ultimately selecting the Linear Regression model as the
most accurate and reliable choice for predicting Bending
Loss in PCFs.

4.0 DISCUSSION

The results of this research demonstrate the
possibility of low-computing-cost machine learning
models in predicting Bending Loss in PCFs. The Linear
Regression model was found to be the most accurate and
reliable predictor of Bending Loss in PCFs,
demonstrating the potential of machine learning models
to enhance the efficiency and accuracy of predicting
important parameters in PCFs. The use of machine
learning models can significantly improve the design and
optimization of PCFs for various optical applications.

| © 2025 Middle East Research Journal of Engineering and Technology | Published by Kuwait Scholars Publisher, Kuwait | 6 |




Muhammad Uthman; Middle East Res J. Eng. Technol., Jan-Feb, 2025; 5(1): 1-9

Table 2: Performance Metrics of Machine Learning Models
Model Mean Squared Error (MSE) | R-squared (R?)
Linear Regression 0.0002 1.00
Random Forest Regressor 22029.46 0.95
Gradient Boosting Regressor 8365.56 0.98
SVM Regressor 26770.52 0.94
Gaussian Process Regression 0.00 1.00

The Linear Regression model achieved an MSE
of 0.0002 and an R? score of 0.9999, while the other
models achieved higher MSE and lower R? scores. The
ability of the Linear Regression model to capture the
linear  connection  between the  independent
characteristics and the target variable accounts for its
higher performance. The linear regression model is an
easy-to-implement, straightforward, and interpretable
model that works well in contexts with limited resources.

The results of this study are consistent with
previous studies that have demonstrated the potential of
machine learning models in predicting important
parameters in PCFs. The use of machine learning models
have the potential to greatly improve accuracy and
efficiency of predicting important parameters in PCFs,
leading to advancements in the field of photonics. The
Bending Loss Dataset used in this study consists of 25
samples and 8 features. The preprocessed dataset was
divided into training and test sets, with missing values
handled and features normalised and testing sets using an
80/20 split. The testing set was employed to evaluate the
performance of the machine learning models following
their training using the training set. The results of this
study can be used to improve the design and optimization
of PCFs for various optical applications. The use of
machine learning models can greatly improve the
accuracy and efficiency of predicting important
parameters in PCFs, leading to advancements in the field
of photonics as can be seen in Table 2.

5.0 CONCLUSIONS

In this study, we delved into the exciting
potential of low-computing-cost machine learning
models for predicting Bending Loss in PCFs. Using the
Finite Element Method (FEM)-based modal solution
approach, the PCF has 3 ring air-holes in the Transverse
Electric (TE) mode with a pitch length (A) of 2.6um and
a wavelength (1) of 1.55 um and a silica refractive index
(n) of 1.445 and the bending radius was varied from of
10000 to 230 um and the analysis of the Bending Loss
Dataset. Five distinct regression algorithms were
rigorously evaluated, namely Linear Regression,
Random Forest Regressor, Gradient Boosting Regressor,
Support Vector Machine Regressor and Gaussian
Process Regression using the Bending Loss Dataset.
Importantly, we chose algorithms suitable for situations
with limited computational resources. The standout
performer among these models was the Linear
Regression model, which proved to be the most accurate
and dependable predictor of Bending Loss in PCFs. It

achieved remarkably low values for both Mean Squared
Error (MSE) at 0.0002 and an impressively high R-
squared (R?) score of 0.9999. These findings highlight
the immense potential of machine learning models in
predicting vital parameters within PCFs, paving the way
for notable advancements in the field of photonics. The
application of these models can significantly enhance the
precision and efficiency of predicting crucial PCF
parameters, ultimately contributing to the optimization
and design of PCFs for various optical applications. The
integration of machine learning models promises to
revolutionize the design and optimization of PCFs for
various  optical  applications, enhancing their
performance and reliability.

In future studies, we hope to further explore the
use of more intricate machine learning models and larger
datasets to elevate the accuracy of predicting essential
parameters in PCFs. The knowledge gained from this
study can be used to continue to inform the refinement
and optimization of PCFs for other diverse optical
applications, thus driving further progress in the realm of
photonics.

REFERENCES

1. Amiri, I. S., & Rashed, A. N. Z. (2023). Different
photonic crystal fibers configurations with the key
solutions for the optimization of data rates
transmission. Journal of Optical
Communications, 44(4), 431-435.

2. Chen, N., Zhang, X., Lu, X., Zhang, Z., Mu, Z., &
Chang, M. (2020). Numerical investigation of a
short polarization beam splitter based on dual-core
photonic crystal fiber with As2S3
layer. Micromachines, 11(7), 706.

3. Kalyoncu, C., Yasli, A, & Ademgil, H. (2022).
Machine learning methods for estimating bent
photonic  crystal fiber based SPR sensor
properties. Heliyon, 8(11), e11582.

4, Yuen, T. Y. Tsai, C. A.,, Deb, T., Lin, Y. H,,
Nyienyi, J., Wan, K. T., & Huang, Q. (2019). Large
structural shear deformation and failure monitoring
using bend losses in  polymer optical
fibre. Sensors, 20(1), 195.

5. Sefunc, M. A., Pollnau, M., & Garcia-Blanco, S. M.
(2013). Low-loss sharp bends in polymer
waveguides enabled by the introduction of a thin
metal layer. Optics express, 21(24), 29808-29817.

6. Chugh, S., Gulistan, A., Ghosh, S., & Rahman, B.
M. A. (2019). Machine learning approach for

| © 2025 Middle East Research Journal of Engineering and Technology | Published by Kuwait Scholars Publisher, Kuwait | 7 |




Muhammad Uthman; Middle East Res J. Eng. Technol., Jan-Feb, 2025; 5(1): 1-9

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

computing optical properties of a photonic crystal
fiber. Optics express, 27(25), 36414-36425.
Erfanian, S., Zhou, Y., Razzaq, A., Abbas, A,
Safeer, A. A., & Li, T. (2022). Predicting bitcoin
(BTC) price in the context of economic theories: A
machine learning approach. Entropy, 24(10), 1487.
Aru, O. E., Adimora, K. C., & Nwankwo, F. J.
(2021). Investigating the impact of 5G radiation on
human health using machine learning. Nigerian
Journal of Technology, 40(4), 694-702.
Evwiekpaefe, A. E., & Umar, S. M. (2021).
Predicting road traffic crash severity in Kaduna
Metropolis using some selected machine learning
techniques. Nigerian Journal of Technology, 40(5),
888-900.

Ibrahim, Y., Okafor, E., & Yahaya, B. (2020).
Optimization of RBF-SVM hyperparameters using
genetic algorithm for face recognit. Nigerian
Journal of Technology, 39(4), 1190-1197.

Algarni, S. A., Maheswari, M., & Saravanan, P.
(2023). Numerical analysis on effect of graphene on
biosensing in  metamaterial cladded optical
fiber. Optical and Quantum Electronics, 55(10),
902.

Khalaf, A. A. (2023). Photonic crystal fiber sensors,
literature review, challenges, and some novel
trends. Menoufia Journal of Electronic Engineering
Research, 32(2), 29-42.

Ahmed, K., Bui, F. M., & Wu, F. X. (2023).
PreOBP_ML: machine learning algorithms for
prediction of optical biosensor
parameters. Micromachines, 14(6), 1174.

Harrat, A. A., Debbal, M., & Ouadah, M. C. E.
(2023). 1x 2 power splitter based on photonics
crystals fibers. Journal of Optical
Communications, 44(4), 417-420.

Maidi, A. M. I., Kalam, M. A., & Begum, F. (2023).
Photonic crystal fibre for blood components
sensing. Sensing and Bio-Sensing Research, 41,
100565.

Trinidad Garcia, G., Molina Flores, E., Ramirez
Solis, B. A., & Azucena Coyotecatl, H. (2016).
Study of a Linear Acoustooptic Laser Modulator
Based on All-Fibre Sagnac
Interferometer. Advances in
OptoElectronics, 2016(1), 5606417.

Narhi, M., Salmela, L., Toivonen, J., Billet, C.,
Dudley, J. M., & Genty, G. (2018). Machine
learning analysis of extreme events in optical fibre
modulation instability. Nature
communications, 9(1), 4923.

Qian, Z., Yang, W., Wu, D., & Ding, L. (2023).
Low-loss flexible terahertz photonic crystal
fiber. Optical Engineering, 62(2), 026103-026103.
Choi, S. J., Jeong, S. Y., Lee, C., Park, K. G., & Pan,
J. K. (2018). Twisted dual-cycle fiber optic bending
loss characteristics for strain
measurement. Sensors, 18(11), 40009.

Ademgil, H., Haxha, S., & AbdelMalek, F. (2010).
Highly nonlinear bending-insensitive birefringent

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

photonic crystal fibres. Engineering, 2(08), 608-
616.

Zheng, Y., Liu,D. Y., Zhu, Z. W, Liu, H. L., & Liu,
B. (2017). Experimental study on slope deformation
monitoring based on a combined optical fiber
transducer. Journal of sensors, 2017(1), 7936089.
Kumar, A., Verma, P., & Jindal, P. (2023). Machine
learning approach to surface plasmon resonance
sensor based on MXene coated PCF for malaria
disease detection in RBCs. Optik, 274, 170549.
Dogan, Y., Katirci, R., Erdogan, 1., & Yartasi, E.
(2023). Artificial neural network based optimization
for Ag grated D-shaped optical fiber surface
plasmon resonance refractive index sensor. Optics
Communications, 534, 129332.

Gross, G., & Galiana, F. D. (1987). Short-term load
forecasting. Proceedings of the IEEE, 75(12), 1558-
1573.

i¢it G., Bekesiene, S., Meidute-
Kavaliauskiene, [, & Sevéenko-Kozlovska, G.
(2021). An assessment of the relationship between
defence expenditure and sustainable development in
the Baltic countries. Sustainability, 13(12), 6916.
Kuzlu, M., Cali, U., Sharma, V., & Giiler, O. (2020).
Gaining insight into solar photovoltaic power
generation forecasting utilizing explainable artificial
intelligence tools. leee Access, 8, 187814-187823.
Bassetti, E., Luciani, A., & Panizzi, E. (2022). Re-
Orienting Smartphone-Collected Car Motion Data
Using Least-Squares Estimation and Machine
Learning. Sensors, 22(4), 1606.

Wang, G., Tse, D., Cui, Y., & Jiang, H. (2022). An
exploratory study on sustaining cyber security
protection through Seta
Implementation. Sustainability, 14(14), 8319.
Islam, M. R., Iftekhar, A. N. M., Hassan, A. A,
Zaman, S., & Al Hosain, M. A. (2023). Double
plasmonic peak shift sensitivity: an analysis of a
highly sensitive LSPR-PCF sensor for a diverse
range of analyte detection. Applied Physics
A, 129(8), 571.

Hyun, Y., & Kim, D. (2023). Recent development
of computational cluster analysis methods for
single-molecule localization microscopy
images. Computational and Structural
Biotechnology Journal, 21, 879-888.

Lu, Q., Si, W., Wei, L., Li, Z., Xia, Z., Ye, S., & Xia,
Y. (2021). Retrieval of water quality from UAV-
borne hyperspectral imagery: A comparative study
of machine learning algorithms. Remote
Sensing, 13(19), 3928.

Guerrero-Prado, J. S., Alfonso-Morales, W., &
Caicedo-Bravo, E. F. (2021). A data analytics/big
data  framework for advanced  metering
infrastructure data. Sensors, 21(16), 5650.

Hu, W., Zhang, T., Deng, X., Liu, Z., & Tan, J.
(2021). Digital twin: A state-of-the-art review of its
enabling technologies, applications and
challenges. Journal of Intelligent Manufacturing
and Special Equipment, 2(1), 1-34.

| © 2025 Middle East Research Journal of Engineering and Technology | Published by Kuwait Scholars Publisher, Kuwait

[ 8 |




Muhammad Uthman; Middle East Res J. Eng. Technol., Jan-Feb, 2025; 5(1): 1-9

34.

35.

36.

37.

38.

39.

40.

41.

42,

Ansari, G., Pal, A., Srivastava, A. K., & Verma, G.
(2023). Machine learning approach to surface
plasmon resonance bio-chemical sensor based on
nanocarbon allotropes for formalin detection in
water. Sensing and Bio-Sensing Research, 42,
100605.

Suchitra, S., Sathya, P. S., Balachandran, P., &
Faustina, M. (2019). Intelligent driver warning
system using deep learning-based facial expression
recognition. Scopus, 8(3), 831-838.

Solwa, S., EImezughi, M. K., Salih, O., Almaktoof,
A. M, & Kahn, M. T. E. (2022). A Machine-
Learning-Based Labelling Diversity Model for
Predictive Analysis: Using 16QAM as a Case
Study. IEEE Access, 10, 91840-91854.

Liu, C., Yang, J., & Wu, J. (2020). Web intrusion
detection system combined with feature analysis and
SVM optimization. EURASIP Journal on Wireless
Communications and Networking, 2020(1), 33.
Nhu, V. H., Zandi, D., Shahabi, H., Chapi, K.,
Shirzadi, A., Al-Ansari, N., ... & Nguyen, H. (2020).
Comparison of support vector machine, Bayesian
logistic regression, and alternating decision tree
algorithms for shallow landslide susceptibility
mapping along a mountainous road in the west of
Iran. Applied Sciences, 10(15), 5047.
Sanabria-Borbon, A. C., Soto-Aguilar, S., Estrada-
Lépez, J. J., Allaire, D., & Sa&nchez-Sinencio, E.
(2020). Gaussian-process-based surrogate for
optimization-aided and process-variations-aware
analog circuit design. Electronics, 9(4), 685.
Olafadehan, O. A., & Ahaotu, I. D. (2023).
Comparative analysis of machine learning
algorithms in predicting rate of penetration during
drilling. J. Pet. Chem. Eng, 1(1), 32-47.

Mohamed, M., Altinay, F., Altinay, Z., Dagli, G.,
Altinay, M., & Soykurt, M. (2023). Validation of
Instruments for the Improvement of
Interprofessional Education through Educational
Management: An Internet of Things (loT)-Based
Machine Learning
Approach. Sustainability, 15(24), 16577.

Ouazzani Chahidi, L., Fossa, M., Priarone, A., &
Mechagrane, A. (2021). Evaluation of supervised
learning models in predicting greenhouse energy

43.

44,

45.

46.

47.

48.

49.

50.

demand and production for intelligent and
sustainable operations. Energies, 14(19), 6297.
Chowdhury, S., Abdulrazak, L. F., Mitu, S. A,
Ahmed, K., Bui, F. M., Smirani, L. K., & Chen, L.
(2023). A highly sensitive multi-channel SPR-PCF
based biosensor with deep learning prediction
approach. Alexandria Engineering Journal, 77,
189-203.

Kunka, C., Shanker, A., Chen, E. Y., Kalidindi, S.
R., & Dingreville, R. (2021). Decoding defect
statistics from diffractograms via machine
learning. npj Computational Materials, 7(1), 67.
Raju, B., Kumar, R., & Dhanalakshmi, S. (2023,
January). Design and Analysis of Prediction method
for FBG based Humidity Sensor. In 2023 5th
International Conference on Smart Systems and
Inventive Technology (ICSSIT) (pp. 364-370).
IEEE.

Han, G., Yan, J., Guo, Z., Greenwood, D., Marco, J.,
& Yu, Y. (2021). A review on various optical fibre
sensing methods for batteries. Renewable and
sustainable energy reviews, 150, 111514,
Soleimani, N., & Trinchero, R. (2022). Compressed
complex-valued least squares support vector
machine regression for modeling of the frequency-
domain responses of electromagnetic
structures. Electronics, 11(4), 551.

Li, H., Chen, H., Li, Y., Chen, Q., Fan, X,, Li, S., &
Ma, M. (2023). Prediction of the optical properties
in photonic crystal fiber using support vector
machine based on radial basis functions. Optik, 275,
170603.

Rahman, B. A., Kejalakshmy, N., Uthman, M.,
Agrawal, A., Wongcharoen, T., & Grattan, K. T.
(2009). Mode degeneration in bent photonic crystal
fiber study by using the finite element
method. Applied Optics, 48(31), G131-G138.
Rahman, B. M. A., Kejalakshmy, N., Agrawal, A.,
Uthman, M., Wijeratne, I. N. M., & Grattan, K. T.
V. (2011, October). Finite element characterisation
of photonic crystal fibers. In 2011 SBMO/IEEE
MTT-S International Microwave and
Optoelectronics Conference (IMOC 2011) (pp. 660-
664). IEEE.

| © 2025 Middle East Research Journal of Engineering and Technology | Published by Kuwait Scholars Publisher, Kuwait




