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This research presents an artificial intelligence (AI)-driven machine learning (ML) approach for accurately
measuring refractive index (RI) values across both lower and higher regimes than the fiber material’s RI, using a
simple single multimode interference (MMI) fiber sensor. The sensor configuration consists of a no-core fiber
(NCF) segment between two single-mode fiber (SMF) sections. A Bilayer Neural Network (BNN) regression model
is employed to predict both low refractive index (LRI) and high refractive index (HRI) regimes, achieving a broad
dynamic measurement range from 1.3000 RIU to 1.3900 RIU for LRI regime and from 1.4600 RIU to 1.5500 RIU
for HRI regime. The model demonstrates 99.7% accuracy and a low root mean square error (RMSE) of 0.0044,

ensuring that predicted RI values closely match actual measurements without any RI ambiguity. Furthermore,
the all-silica NCF structure is inherently resistant to temperature fluctuations, enabling its deployment in envi-
ronments with varying temperatures without requiring additional temperature compensation mechanisms.

1. Introduction

RI sensors are essential tools in a wide range of fields, including
chemical analysis [1,2], biomedical diagnostics [3,4], and environ-
mental monitoring [5,6]. These sensors are used to detect changes in the
RI of a medium, which can indicate the presence of specific substances
or changes in environmental conditions. Notably, among various types
of RI sensors, optical fiber sensors (OFS) have gained widespread
attention due to their unique advantages, including compact size, high
sensitivity, immunity to electromagnetic interference, and the ability to
perform remote sensing [7-10]. As a result, these features make OFS
particularly well-suited for applications that require precise measure-
ments in challenging environments.
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Recent advancements in OFS technology have significantly broad-
ened their applications across diverse fields. In the biomedical sector,
OFS have emerged as promising wearable devices, enabling real-time
remote patient monitoring to meet the growing demand for contin-
uous health data [11]. For instance, the recent study titled “Smart
Photonic Wristband for Pulse Wave Monitoring” (OES 2024) demon-
strates the ability of OFS to capture pulse wave data with high accuracy,
supporting non-invasive health monitoring [12]. Additionally, the
development of thermorefractometric OFS technology has enabled dual-
function sensing, where a single device can simultaneously detect RT and
temperature. This feature is particularly advantageous for monitoring
sweat analytes and other biomarkers, offering potential for expanded
applications in wearable health monitoring [13]. Such advancements
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underscore the potential of OFS in wearable healthcare, especially for
monitoring RI changes linked to physiological and biochemical
processes.

Beyond biomedical applications, OFS are widely utilized in various
other sectors. In industrial monitoring, they contribute to structural
health assessments by detecting minute changes in material’s RI, which
can indicate stress or damage [14]. In environmental sensing, OFS play a
crucial role in monitoring water quality in real time, thereby aiding in
pollution detection [15]. Furthermore, in agriculture, OFS support
precision farming by monitoring soil and crop conditions, which en-
hances yield and sustainability through accurate measurements [16].
This broad spectrum of applications underscores the versatility of OFS
and the ongoing demand for technological advancements to enhance
their performance, especially for accurate measurements across diverse
environmental conditions.

Building on this foundation, various OFS types have been developed
specifically for RI sensing, each leveraging different mechanisms to meet
diverse application needs. Commonly employed techniques include
surface plasmon resonance (SPR) [17,18], interferometry [19,20], fiber
gratings [21,22], tapered fibers [23,24], and MMI [25,26]. While these
methods offer valuable solutions for RI detection, most OFS are opti-
mized for the LRI regime, where the RI of the external medium is lower
than the fiber core, typically below 1.4500 RIU [27,28]. In this LRI
regime, light remains confined within the fiber core. However, when the
RI of the external medium surpasses that of the fiber core, entering the
HRI regime above 1.4500 RIU, some of the light escapes from the fiber
due to the RI mismatch. This phenomenon, known as leaky mode, results
in ambiguous and unreliable sensor output during the transition from
LRI to HRI regimes, thereby restricting the sensor’s effective detection
range to LRI regime only.

Given the growing demand for versatile RI sensors capable of
detecting both LRI and HRI regimes, several method have been explored.
One approach is the use of a single-cavity Fabry-Perot interferometer
(FPI), which detects LRI and HRI regimes based on Fresnel reflection at
the fiber tip. These sensors measure phase shifts in the interference
spectrum, enabling a wide RI detection range from 1.0000 RIU to 2.0000
RIU [29]. Additionally, a dual-cavity FPI sensor configuration has been
developed, utilizing two air cavities to provide accurate RI measure-
ments across a range from 1.3924 RIU to 1.5882 RIU using Fourier
Transform (FT) signal demodulation. While these sensor designs are
capable of sensing both LRI and HRI regimes, they increase the
complexity of sensor fabrication and signal demodulation [30]. To
address this, the same researchers have employed Al classification ML
algorithm for demodulating the FPI sensor signal, facilitating RI sensing
across both LRI and HRI regimes (1.3158 RIU to 1.5809 RIU). Although
this approach simplifies signal demodulation, the complexity of the
sensor structure remains high and inherently sensitive to temperature
changes.

One promising alternative for the simple sensor structure of OFS RI
sensing is the use of MMI structures based on NCF. These MMI structures
offer several advantages, including increased flexibility, reduced cost,
enhanced sensitivity, and simplified fabrication. However, the MMI
sensor can only detect LRI [31] and HRI [32] individually, requiring the
use of two separate MMI-based sensors with NCF. This is due to chal-
lenges with RI ambiguity caused by the different mechanisms of guided
modes in the LRI regime and leaky modes in the HRI regime.

Therefore, for this study, we introduce a novel approach that in-
tegrates Al with an MMI fiber sensor using NCF structure to enable both
LRI and HRI regimes sensing with a single MMI sensor. The sensor
design comprises a short NCF segment spliced between two SMF seg-
ments. The sensing mechanism utilizes both guided and leaky modes
within the MMI structure. The demodulation process uses an Al-based
regression BNN algorithm, which facilitates LRI and HRI regimes
detection. In the BNN model, the first layer processes raw sensor data
which are the full transmission spectrums obtained from each RI mea-
surement in the experiment. The second layer refines these features,
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capturing complex patterns and non-linear relationships. This multi-
layered architecture enables the BNN to accurately predict RI values
across both LRI and HRI regimes. Our results show that this approach
effectively resolves the ambiguity issues commonly found in MMI sen-
sors for both LRI and HRI regimes sensing applications. The simplicity of
the sensor structure improves the overall robustness and stability of the
sensing system. Moreover, the all-silica design of the MMI sensor makes
it inherently resistant to temperature fluctuations which eliminates the
need for additional temperature compensation mechanisms.

2. Principle
2.1. Neural networks

Neural networks (NNs) are advanced computational frameworks
inspired by biological neural systems, where interconnected nodes
operate as processing units linked by adjustable weights, denoted as w;,.
Each node receives input signals (Xj), applies them to an activation
function (f), and generates corresponding output signals. The structural
configuration of an NN, defined by the number of layers and the nodes
within each layer, significantly influences its ability to model complex,
nonlinear data patterns [33]. While single-layer perceptrons (SLPs)
provide the foundation for NN, they exhibit limited capacity for feature
representation. Conversely, multi-layer perceptrons (MLPs) offer
enhanced modelling power by leveraging multiple layers to learn hier-
archical feature representations and capture intricate dependencies
within the data. In this study, a BNN is proposed for predicting RI sig-
nals. The BNN employs a two-hidden-layer MLP architecture, which is
particularly effective for modelling nonlinear relationships present in
the dataset [34]. This architecture enables the network to capture both
fundamental and sophisticated interactions within the data. The first
hidden layer extracts critical spectral features from the transmission
spectrum, forming the initial foundation for feature processing. Subse-
quently, the second hidden layer further refines these features, uncov-
ering more nuanced and complex patterns essential for accurate RI
prediction. This hierarchical design ensures comprehensive feature
extraction, resulting in improved predictive accuracy [35].

Notably, the BNN is trained using the backpropagation algorithm, an
iterative optimization technique that minimizes prediction errors by
adjusting the network’s weights. By employing the complete trans-
mission spectrum of the sensor as input, the network effectively captures
the intricate relationship between transmission wavelengths and the RI
signal. This systematic approach allows the BNN to model high-order
interactions within the data, leading to highly reliable RI predictions
across a wide range of values. Therefore, the robustness of the BNN’s
architecture is reflected in its ability to process complex data de-
pendencies and produce consistent with precise predictions. As depicted
in Fig. 1, the model comprises an input layer (Xp), a first hidden layer
(H1,), a second hidden layer (H2;,), and an output layer (RI,). This
configuration ensures that the BNN efficiently addresses the complex-
ities of RI signal prediction while maintaining robust and consistent
performance, thereby providing a reliable solution for real-world
applications.

2.2. Multimode interference (MMI) in RI sensing

To explain MMI effectively, we utilize the conventional single-mode
multimode single-mode (SMS) fiber sensor concept as the MMI device.
In this proposed work, a NCF serves as the MMI structure. The funda-
mental mode of a SMF exhibits a circular symmetric characteristic,
allowing the field distribution of the light launched from the SMF to be
represented as E;. When light enters the NCF, the input field de-
composes into eigenmodes LP,,, where n and m refer to modes in the
longitudinal and transverse directions, respectively. Due to the circular
symmetry of the input field and assuming ideal axial alignment between
the SMF and NCF cores, only the LP;,, modes are excited within the NCF
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Fig. 1. Bilayer Neural Network (BNN) structure.

section [36]. Representing the field profile of LPy, as En, the eigen-
modes of the NCF are normalized as follows:

/ \En[2ds = / |En[?ds )
0 0

m=1,2 -,

Neglecting the minor radiation escaping from the NCF, we have:
M
En = Z MmEn 2
m=1

where n,, is the excitation coefficient for each eigenmode, expressed
through the overlap integral between E;, and Ep,:
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A higher coupling coefficient indicates a mode with greater power.
As the light travels through the NCF section, it becomes possible to
calculate the modal interference field at a propagation distance along
the NCF, z, from the input as:

M
E(z) = Z N Eme?n 4)
m=1

where f,, represents the propagation constant for each eigenmode
propagating through the NCF. The interference modes along the NCF
remain in guided mode when the surrounding RI is lower than that of the
NCF structure, a condition referred to as the LRI regime. Conversely, if
the surrounding RI exceeds that of the NCF sensing element, known as
the HRI regime, the fiber section transitions into a leaky waveguide. In
this case, the light leaks out instead of facilitating guided MMI. This
leaky structure supports a continuous spectrum of radiation modes,
causing the light to propagate longitudinally with attenuated amplitude
while concurrently leaking transversely. The primary mechanism for RI

sensing in this leaky structure involves monitoring the attenuations of
leaky modes within the NCF [37].

Besides, when there is a change in the index distribution across the
transverse direction, the propagation constant becomes complex within
the leaky section. The real part of this complex propagation constant is
similar to the propagation constant in the SMF, while the imaginary part
indicates the attenuation constant, defining the leaky nature of the
corresponding modes. Given that the field in the NCF results from the
modal interference of all excited leaky modes with varying propagation
constants, the field distribution at a specific propagation distance, z, can
be expressed as follows [38]:

M
E(z) = Z N Epe’n® e~ 5)
m=1

here, E,, denotes the electric field of the mth leaky mode in the NCF,
while g, and a, representing the propagation constant and attenuation
constant of the mth leaky mode, respectively. Generally, high-order
leaky modes with greater attenuation constant than low-order modes
would leak out rapidly to the surrounding. Hence, only a few low-order
modes contribute to the output after some characteristic levels. The
remaining leaky modes should have approximately the same g. The
transmission spectra at the output cross-section of the NCF should
display as in (6). The overlap integral of modal fields due to longitudinal
coupling between leaky modes in silica rod and guided mode in SMF can
determine the normalized output intensity (I,,) of the SNS fiber

structure.
2
) (6)

Hence, the normalised output intensity at output cross section z = L is
given by [37]:

ip, —
Tow = 1010g10 (‘nie’/mze h
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where E,, represents the fundamental mode in the output SMF. If the
input and output SMFs are identical, E,,; equals E;.

The interference of guided modes in the LRI regime and leaky modes
in the HRI regime generates a series of power peaks and dips, creating a
characteristic MMI pattern influenced by the surrounding RI and mode
attenuation. In the LRI regime, when the surrounding RI is significantly
lower than that of the NCF, the NCF effectively guides light, resulting in
strong total internal reflection and a well-defined MMI pattern. This
produces a strong and distinct interference signal, with modes in the
NCF RI interacting as expected, generating a clear and robust interfer-
ence pattern at the output SMF. However, as the surrounding RI ap-
proaches the NCF RI, light confinement weakens, leading to increased
power leakage into the surrounding medium. Consequently, the MMI
effect becomes less efficient, and the interference pattern diminishes,
particularly when the surrounding RI exceeds the NCF RI in the HRI
regime.

3. Experimental setup

The experimental setup for the MMI's NCF sensor involved a simple
and straightforward fabrication process. To begin, a 125 um diameter
no-core fiber (NCF, F300, Flexiliate Sdn. Bhd) was spliced between two
single-mode fibers (SMF, SMF-28, Thorlabs) using a fusion splicer
(Fujikura, CT-30) in automatic mode to ensure precise alignment and
minimal splice loss. The NCF segment was then cleaved to a length of
3.5 cm, chosen based on its ability to optimize sensor performance by
enhancing the MMI effect. A clean and flat end face of the output SMF
was subsequently spliced to the NCF, completing the MMI-based sensor
structure. The 3.5 cm length of the NCF was selected based on initial
testing, which revealed two key spectral features in the 1500 nm — 1600
nm wavelength range, which are a deep dip indicating an attenuation
band and a sharp peak representing a transmission band. These char-
acteristics were crucial for the sensor’s effectiveness in detecting
changes in the RI across a broad range.

For sensor characterization, a broadband light source (BLS), specif-
ically an Amplified Spontaneous Emission (ASE) source, was coupled
into the sensor, and the output was analyzed using an optical spectrum
analyzer (OSA) as in Fig. 2. The sensor’s RI sensitivity was evaluated
using calibrated RI liquids from the Cargille Series, which included Se-
ries A and AAA. These liquids covered RI values ranging from 1.3000
RIU to 1.3900 RIU for LRI regime sensing and from 1.4600 RIU to
1.5500 RIU for HRI regime sensing. The liquids were carefully applied to
the NCF sensor, allowed to stabilize for several minutes and the resulting
output spectrum was recorded. After each measurement, the RI liquid
was meticulously removed using dry tissue, and the sensor was cleaned

RI Liquids

(LRI: 1.3000 RIU — 1.3900 RIU)
&
(HRI: 1.4600 RIU — 1.5500 RIU)

o mmmm _ | i
)

- 4

Adhesive Tape
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with alcohol and air-dried to ensure no residue remained. This cleaning
procedure was repeated between each application of different RI liquids,
ensuring consistency and preventing cross-contamination. Measure-
ments were conducted across the entire LRI and HRI regimes, and all
data were recorded.

Furthermore, the RI of the NCF was referenced to the RI of pure
silica, which is approximately 1.4440 RIU at a wavelength of 1550 nm.
RI liquids with values below this reference were categorized as LRI
regime, while those above were classified as HRI regime. The sensor was
securely mounted on a microscope glass slide, with adhesive tape
applied on both sides to prevent movement or bending. This ensured
that the sensor remained free from any external strain and bending that
could potentially influence the accuracy of the measurements.

4. Results and Discussion
4.1. Sensor characterization

In this study, the transmission characteristics of the NCF sensor were
thoroughly investigated under different RI environments, ranging from
LRI to HRI regimes conditions. The experiments were conducted at a
constant room temperature to ensure the stability of the transmission
response, isolating the impact of RI variation on the sensor’s perfor-
mance. This approach eliminates any external temperature-related in-
fluences on the sensor’s transmission spectrum, providing a clearer
understanding of its RI sensitivity. Fig. 3 illustrates the transmission
spectrum response of the NCF sensor in both the LRI and HRI regimes,
along with the transmission profile of the broadband light source (BLS).

.60 - —BLS 1
= LRI (1.3500 RIU)
HRI (1.5000 RIU)
-70 I I I I I
1520 1530 1540 1550 1560 1570 1580

Wavelength (nm)

Fig. 3. Transmission spectrum response of the NCF Sensor in LRI and
HRI regimes.

Micropipette

SMF

+~—— Glass Slide

Fig. 2. Experimental setup for measuring LRI and HRI using a NCF sensor.
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In this context, BLS refers to the spectral output profile of the light
source itself. Hence, notable changes are observed in the transmission
modes of the MMI sensor when transitioning between the LRI and HRI
regimes. In the LRI regime, there is a distinct attenuation and trans-
mission band in the transmission mode. However, in the HRI regime,
these bands become less defined, resembling the transmission profile of
the BBS as depicted in Fig. 3. This behaviour is due to the higher-order
modes experiencing a significant loss in the HRI regime but a lower loss
in the LRI regime, as evidenced by the Fast Fourier Transform (FFT)
signals for both regimes shown in Fig. 4.

Fig. 4 illustrates the FFT results for the transmission mode of the
sensor operating in both LRI and HRI regimes. In this figure, several
dominant peaks appear in the spatial frequency spectra, indicating that
the interference involves multiple modes. The lowest mode represents
the fundamental mode, while the higher-order modes can be divided
into dominant and weakly higher-order modes. The interference be-
tween the fundamental mode and higher-order modes produces an MMI
pattern spectrum, resulting in a clear dip spectrum in the LRI regime.
However, in the HRI regime, the higher-order modes experience more
power losses due to the HRI, causing minimal interference between the
fundamental mode and the higher-order modes. This diminishes the
MMI pattern, as shown in Fig. 3. When the surrounding RI is higher than
that of the core of the fiber, light becomes less confined within the core,
leading to a reduction in the peak power of the lowest mode. Conse-
quently, the MMI pattern diminishes because the interference is weaker
in the HRI regime. In the HRI regime, higher-order modes undergo
substantial loss, diminishing their power output and limiting the MMI
effect.

Fig. 5 presents the inset graph showing LRI regime variations in the
wavelength range of 1555 nm to 1570 nm, illustrating how the sensing
spectra change as the analyte RI increases. Both intensity changes and
wavelength shifts are evident as the sensor interacts with the analyte R,
with the shifts becoming more pronounced as the analyte RI nears the
NCF RI. As the analyte Rl increases, the contrast between the analyte and
NCF RIs decreases, leading to greater penetration depth and increased
light interaction between the NCF and the analyte. This enhances the
sensor’s sensitivity, causing more significant intensity changes and
wavelength shifts.

In contrast, Fig. 6 shows the inset graph corresponding to the HRI
regime variation within the wavelength range of 1555 nm to 1570 nm.
As the analyte RI increases, the sensor predominantly exhibits intensity
changes, with minimal wavelength shift. The signal-to-noise ratio (SNR)
is reduced compared to the LRI regime’s condition, likely due to the
transition from discrete guided modes to leaky waveguide modes.
Instead, the NCF sensor begins to support leaky waveguide modes,
which results in a broader, less distinct spectral profile. A key

14000 - b
12000 - f| Fundamental mode J
10000 [ 1
(0]
T
2 8000 |
c
(=]
©
= 6000 1
4000 - Dominant higher order mode R
/ Weakly higher order modes
2000 J
I
0 \ ) \ . \ |
0 50 100 150 200 250 300 350

Frequency (Hz)

Fig. 4. Fast Fourier Transform (FFT) of the transmission mode of the sensor in
LRI and HRI regimes.
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Fig. 5. Inset graph illustrating intensity changes and wavelength shifts in the
LRI regime within the wavelength range of 1555 nm and 1570 nm.
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Fig. 6. Inset graph illustrating intensity changes in the HRI regime within the
wavelength range of 1555 nm and 1570 nm.

observation in the HRI regime was the recovery in power coupling
strength as the RI of the external medium exceeded that of the fiber core
material. This phenomenon is explained by the confinement of leaky
modes, which become more pronounced as the external RI increases. As
the index approaches and surpasses the fiber core’s RI, the mode overlap
between the guided light and the external medium becomes more sig-
nificant, resulting in enhanced power coupling and stronger trans-
mission signals.

-25 T T 1572
H =8 Peak power

=»=Peak wavelength 11570
1568 =
__-30 E
UEJ 71566 S
o o
5 5
Q 11564 5
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o -35

{1562 =

Low Refractive Index High Refractive Index | 1560

(1.3000 - 1.3900) (1.4600 - 1.5500)
-40 - L L L 1558
1.3000 1.3500 1.4000 1.4500 1.5000 1.5500

Refractive Index (RIU)

Fig. 7. Observed changes in wavelength shifts and intensity for both LRI and
HRI environments.
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Fig. 7 presents the observed changes in wavelength shifts and in-
tensity for both LRI and HRI environments. The wavelength shift mea-
surements show a linear relationship only within the LRI environment,
with minimal shifts noted in the HRI environment. On the other hand,
power change measurements reveal a distinct linear trend across the
entire ranges from LRI to HRI regimes however, the responses from
different RI values overlap, creating interpretative challenges. This
overlapping effect is a recognized ambiguity issue with MMI sensors,
which limits the effectiveness of traditional approaches in accurately
analyzing sensor data throughout the full RI spectrum.

4.2. Spectral analysis with Neural networks

In traditional approaches to analysing the transmission spectra of
MMI-based sensors, spectral dips or peaks are typically monitored to
detect wavelength shifts or intensity changes. However, this method
faces significant challenges when dealing with complex spectra, espe-
cially when overlapping features make it difficult to track shifts or in-
tensity changes or variations at specific wavelengths. To overcome this,
utilizing the entire transmission spectrum across multiple wavelengths
offers a more accurate solution for sensing. The proposed BNN algorithm
uses the full transmission spectrum as input data, with each transmission
at sampled wavelengths treated as a feature variable in the input data
array. This Al-based regression model then predicts the RI signal based
on this input spectrum. Prior to making predictions, the input data is
processed hierarchically through two hidden layers to accurately predict
the RI signal.

In the experiment, 200 spectral responses were collected from the
MMI sensor, corresponding to RI variations ranges from 1.3000 RIU to
1.3900 RIU and 1.4600 RIU to 1.5500 RIU, across 10 measurement
cycles. These responses provided a total of 3,340 input sampling points,
with each spectrum containing 334 wavelength sampling points at 0.18
nm intervals, covering the range from 1520 nm to 1580 nm. To train the
model, 80 % of the data samples were randomly selected using the cv-
partition function, while the remaining 20 %, which the model had
not seen during training, were used to test the performance of the
trained NN regression model. The BNN training process was imple-
mented using MATLAB R2024a.

To evaluate the repeatability of RI measurements, one sample from
both the LRI and HRI regimes was selected at 1.3800 RIU and 1.4800
RIU, respectively, at a wavelength of 1550 nm. The results are displayed
in Fig. 8 as a bar graph. The corresponding statistical parameters related
to repeatability characteristics are detailed in Table 1. For the LRI
regime, a standard deviation (SD) of 0.33665 indicates a small deviation

Times

Fig. 8. Graph bar showing RI sample at LRI and HRI regimes for 1550 nm.
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Table 1

Statistical parameters related to repeatability characteristic.
Statistical parameters LRI HRI
Standard Deviation (SD) 0.33665 0.78323
Variance (V) 0.11333 0.61344
Coefficient of Variation (CV) 0.015443 0.021151

(1.5443 %) (2.1151 %)

LRI = Low refractive index, HRI = High refractive index.

from the mean, signifying that the measurements are tightly clustered.
An SD of less than 1 is typically regarded as very good, reflecting min-
imal variability and high measurement precision. In contrast, for the
HRI regime, the SD is 0.78323, indicating slightly higher variability, but
still within an acceptable range, confirming consistency in the mea-
surements. The relationship between variance (V) and SD, where vari-
ance is the square of the SD, shows that the HRI variance is larger than
that of the LRI, suggesting greater data dispersion in the HRI regime.
However, a variance value of 0.61344 for the HRI still reflects a limited
spread in the data. The coefficient of variation (CV), which measures
relative variability in relation to the mean, is low for both RI regimes,
with the LRI having a slightly lower CV than the HRI. This indicates that
both sets of measurements exhibit good repeatability, with the LRI
regime displaying slightly higher consistency.

Fig. 9 demonstrates the strong predictive capability of the BNN
regression model by comparing the predicted RI values with the actual
observed RI values. The x-axis represents the actual RI values recorded
during the experiment, while the y-axis shows the corresponding pre-
dicted RI values generated by the BNN model. The close clustering of
data points around the identity line (where predicted values equal actual
values) indicates a high level of accuracy in the model’s predictions.
Moreover, the minimal deviations from the identity line suggest that
prediction errors were small and remained within an acceptable range,
confirming the model’s reliability. The consistency of these small de-
viations across the entire ranges of RI values further demonstrates that
the model is not biased toward any specific RI ranges and can generalize
well across both LRI and HRI regimes. In addition, the tight alignment of
points around the identity line implies that the model captured the
underlying relationships between the sensor’s spectral responses and the
RI variations effectively. This accuracy is crucial for sensing
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Fig. 9. BNN training regression model highlighting the comparison of pre-
dicted and observed RI values.
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applications, where precision is essential for real-world implementation.
The overall performance of the regression model, as visualized in the
plot, highlights its potential for practical sensing applications, demon-
strating not only strong prediction accuracy but also robustness across
different RI environments. This result suggests that the BNN model can
serve as a reliable tool for enhancing the performance of MMI fiber
sensors in diverse RI sensing scenarios.

To evaluate the performance of the BNN model, a response plot was
generated, comparing the predicted RI values against the sequence of
recorded observations, represented by the record numbers. This
response plot as illustrated in Fig. 10, provides a visualization of the
model’s predictive accuracy over time and across various data samples.
The response plot exhibits a consistent alignment between the predicted
RI values and the chronological order of the observations. This align-
ment is crucial because it reflects the model’s capacity to accurately
predict RI signal in the correct temporal sequence, ensuring that the
model’s performance remains reliable throughout the entire dataset. A
well-aligned response plot indicates that the BNN model has successfully
learned the underlying patterns in the data, allowing it to generate
predictions that are not only accurate but also properly ordered. This
consistent alignment is particularly important in practical sensing ap-
plications, where the sensor must continuously monitor changes in the
RI in real-time.

In addition. the plot’s well-organized display of predicted values
shows that the model maintains its performance without significant
deviations or outliers, which would otherwise indicate prediction errors
or instability. The smooth progression of predicted RI values over the
sequence of records suggests that the model is robust and capable of
handling various input scenarios without losing accuracy. The effec-
tiveness of the chronological alignment seen in the response plot also
underscores the BNN’s ability to generalize well across the entire data-
set. This means that the model does not simply memorize specific data
points but instead captures the broader trends and relationships in the
data. Such generalization is crucial for ensuring that the model can
perform accurately when faced with new, unseen data, which is a key
requirement for practical deployment in real-world sensing environ-
ments. Furthermore, the orderly arrangement of predicted values cor-
responding to the record numbers signifies that the model has achieved
a stable and consistent level of performance. This stability is an essential
attribute for any sensor system, as it ensures that the sensor can be relied
upon to deliver accurate RI measurements.

Besides that, Fig. 11 presents a residuals plot for the predicted RI
values, highlighting the differences between the actual RI measurements
and the predictions generated by the BNN model. This plot is crucial for
understanding how well the model performs in capturing the underlying
patterns in the data. The residuals, which are the differences between
the observed and predicted values, are plotted against the predicted RI
values. A key observation from the plot is the random scatter of residuals
around the zero line across the entire ranges of predicted RI values. This
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randomness indicates that the BNN model effectively captures the
variability in the data and that the prediction errors are not systemati-
cally biased in any direction. The lack of a discernible pattern or trend in
the residuals suggests that the model has successfully learned the com-
plex relationships between the sensor inputs and the refractive index
values. Moreover, the absence of any structure in the residuals confirms
that the key assumptions underlying the model, such as linearity and
constant variance of the residuals (homoscedasticity), are satisfied. This
is a crucial finding, as it supports the validity and robustness of the
regression model. If a pattern had been observed in the residuals such as
a funnel shape indicating increasing variance or a curvature suggesting
nonlinearity, it would have signaled potential issues with the model’s fit,
such as heteroscedasticity or an inadequate representation of the data’s
true nature. The residual plot also gives understanding into the reli-
ability of the model across different ranges of RI values. Since the re-
siduals are consistently scattered without any significant deviation from
the zero line, it can be inferred that the model performs well across both
LRI and HRI values. This reinforces the conclusion that the BNN model
generalizes effectively across the entire dataset, making it a robust tool
for accurate RI sensing.

Table 2 presents an overview of the training performance of NN ar-
chitectures commonly applied in Al-driven regression approach which
are Narrow Neural Network, Medium Neural Network, Wide Neural
Network, and Bilayer Neural Network. The performance of each model
was evaluated using metrics such as Root Mean Squared Error (RMSE),
Mean Squared Error (MSE), Mean Absolute Error (MAE) and R-squared
(R?), which were computed using MATLAB'’s regression learner tools. A
model with lower RMSE, MSE, and MAE values demonstrates greater
predictive accuracy, as these metrics suggest a closer alignment between
predicted and actual values. Conversely, higher R2 values, approaching
1, signify that the model fits the data more accurately. The findings
reveal that the BNN outperforms the other architectures across all
evaluation criteria, achieving a regression accuracy of 99 %. This is
primarily due to the BNN’s more advanced structure, which includes
multiple layers specifically two layers with few neurons each. These
additional layers enhance the model’s ability to identify and represent
complex patterns and hierarchical relationships within the data for
better accuracy. On the other hand, Narrow and Medium Neural Net-
works are characterized by simpler designs, often comprising a single
layer or fewer neurons, which restricts their capacity to capture complex
relationships. While the Wide Neural Network contains more neurons

Table 2

Evaluation of training accuracy across different neural network model.
Model RMSE MSE MAE R?
Narrow Neural Network 0.0093170 8.6806E-05 0.006174 0.98828
Medium Neural Network 0.018959 0.00035946 0.010038 0.95147
Wide Neural Network 0.046242 0.0021383 0.0259 0.71133
Bilayer Neural Network 0.0083925 7.0435E-05 0.0054670 0.99049

RMSE = Root Mean Squared Error, MSE = Mean Squared Error, MAE = Mean
Absolute Error, R? = R-squared.
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within a single layer, it lacks the layered depth found as in the BNN. This
absence of hierarchical processing limits its ability to refine and capture
intricate data patterns, resulting in lower performance when compared
to the BNN.

To further investigate the BNN’s performance, Shapley values are
utilized to provide a transparent and detailed interpretation of feature
contributions. This approach decomposes each prediction into contri-
butions from individual features, showing into how specific wavelength
features influence the model’s accuracy. In the context of predicting RI
values, Shapley values are instrumental in understanding the impact of
various wavelength features. The study examines Shapley explanations
in two distinct scenarios which are LRI at 1.3000 RIU, as shown in
Fig. 12, and HRI at 1.5500 RIU, as shown in Fig. 13. The analysis focuses
on the top 10 wavelength features in each scenario to reveal their effects
on prediction accuracy.

For the LRI condition, with an actual RI value of 1.3000 RIU, the
model’s prediction of 1.3003 RIU demonstrates minimal deviation,
largely attributed to positive contributions from key features such as
1559.74 nm, 1566.90 nm, 1559.02 nm, and 1564.42 nm. These features
exhibit significant positive Shapley values, indicating their critical role
in enhancing the accuracy of low RI predictions by capturing essential
spectral variations. Conversely, features such as 1543.00 nm, 1529.32
nm and 1545.88 nm, which exhibit negative Shapley values, detract
from the model’s accuracy. These negative contributions suggest that
these features are less effective in LRI prediction, possibly due to their
sensitivity to higher RI values.

While in the HRI scenario, where the actual RI value is 1.5500 RIU,
the model’s prediction of 1.5503 RIU is notably accurate. Positive
contributions from features such as 1529.32 nm, 1559.74 nm, and
1524.46 nm drive this high accuracy. These features are crucial for
detecting HRI values, as they capture intricate spectral patterns associ-
ated with HRI variations. However, features like 1536.34 nm, exhibit
diminished effectiveness for HRI detection which possibly due to their
sensitivity to LRI values, as evidenced by their negative Shapley values.

Hence, the comparative analysis of Shapley values across LRI and
HRI conditions highlights the model’s capability to adapt to different RI
ranges by leveraging distinct wavelength features. Certain features, such
as 1559.74 nm, show robustness across both conditions, reflecting their
general applicability in refractive index measurement. In contrast, other
features demonstrate specialization, suggesting that different feature
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Fig. 12. Bar graph of shapley values for LRI prediction at 1.3000 RIU.
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sets are optimal for LRI versus HRI detection. In addition, this Shapley-
based analysis provides valuable insights into feature contributions,
guiding the optimization of the BNN model and sensor design. By
focusing on the most influential wavelength features identified through
Shapley values, the model’s performance can be refined for more ac-
curate RI measurements across various ranges. The analysis underscores
the BNN’s superior ability to capture and refine complex patterns,
contributing to its high performance in both LRI and HRI sensing.

Following the completion of the training process, the remaining 20 %
of the data, which had not been used by the BNN regression model
during training, was used to evaluate the model’s performance. The test
dataset results yielded the following metrics with an RMSE of 0.0044, an
MSE of 1.9360 x 107>, an MAE of 0.0030847, and an R2 score of
0.99698, indicating an impressive regression accuracy approaching to
99.7 %. Table 3 provides a breakdown of the model’s accuracy in pre-
dicting the RI values, specifically across two RI ranges which are 1.3000
RIU-1.3900 RIU for LRI regime and 1.4600 RIU-1.5500 RIU for HRI
regime.

Table 3
Actual and predicted ri values comparison using bnn regression model.

Actual RI Liquid (RIU) Predicted RI Liquid (RIU)

1.3000 1.3003
1.3100 1.3103
1.3200 1.3202
1.3300 1.3301
1.3400 1.3394
1.3500 1.3498
1.3600 1.3599
1.3700 1.3706
1.3800 1.3795
1.3900 1.3912
1.4600 1.4598
1.4700 1.4707
1.4800 1.4802
1.4900 1.4898
1.5000 1.5000
1.5100 1.5098
1.5200 1.5193
1.5300 1.5298
1.5400 1.5395
1.5500 1.5503
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Table 4 provides a summary of previous research on Al-based OFS for
RI sensing. A key observation is that most of these studies have focused
on LRI sensing, which limits their applicability in situations where a
broad RIrange is required. Additionally, the sensor designs used in these
studies often involve complex fabrication processes and are highly sus-
ceptible to temperature variations, compromising their reliability in
practical applications. In some implementations of Al-based OFS, it re-
lies on data obtained through simulations rather than actual experi-
ments. This introduces potential bias, as the transmission spectra
generated through simulations may not accurately reflect real-world
conditions, where environmental factors play a significant role.
Recently, a pioneering study introduced the first Al-based approach
capable of handling a broad RI range, including both LRI and HRI
sensing based on FPI configuration. However, the sensor head design in
this study is highly complex and demonstrates significant cross-
sensitivity to temperature variations. Additionally, the ML algorithm
used is primarily suited for classification tasks, which typically handle
categorical outcomes rather than continuous numerical values. There-
fore, the data must be preprocessed to extract relevant features, which
are then used as inputs for the ML model. This approach may be less
effective for more intricate signals, such as those generated by the MMI
sensor scheme.

In contrast, this proposed study presents an MMI sensor design with a
simple sensor head structure that can be easily fabricated using standard
optical communication equipment. This scheme enables precise detec-
tion across both LRI and HRI regimes, supported by the BNN model al-
gorithm for accurate signal processing. Instead of using specific signal
features as input to the ML model, this work utilizes the entire wave-
length spectrum raw data as input. This approach eliminates the need for
preprocessing the raw data to identify particular signal features. It is
worth noting that the experiments only used Cargille Series A and AAA
liquids for RI measurements, which accounts for the lack of data in the
1.4000 RIU to 1.4500 RIU range. However, the sensor is expected to
perform effectively within this range as well, given that the response
signal trend is likely to follow the same pattern shown in Fig. 7 once the
measurements for this range are included. It is also noted that the pre-
vious study [32] was dedicated solely to HRI detection, utilizing an SMF-
NCF-SMF sensor configuration with a detection range confined to HRI
values (1.4600-1.5500 RIU). In contrast, the current work leverages an
Al-powered BNN regression model with a similar sensor configuration,
enabling precise detection of both LRI and HRI using a single MMI fiber

Table 4
Al-based OFS for LRI and HRI sensing.
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structure. This approach achieves high accuracy of 99.7 %, surpassing
the limitations of conventional methods which limit to LRI or HRI only.
This advancement paves the way for a wide range of applications in
environmental, biomedical, and industrial sensing. Additionally, the
proposed sensor exhibits strong immunity to temperature variations due
to its all-silica sensing structure [44]. Silica has a low thermo-optic co-
efficient, offering greater stability compared to germanosilicate-core
fibers typically used in single-mode and multimode fiber-based sensor
heads.

5. Conclusion

In this work, we have developed a robust and Al-driven approach for
precise RI across a broad range, spanning both LRI and HRI conditions.
By integrating a MMI fiber sensor with a BNN regression model, we
achieved accurate prediction of RI values from 1.3000 RIU to 1.3900
RIU for LRI environments, and from 1.4600 RIU to 1.5500 RIU for HRI
conditions. The model demonstrated an accuracy of 99.7 % and a low
root mean square error (RMSE) of 0.0044, ensuring that the predicted
values closely matched the actual measurements. The MMI sensor
design is simple, requiring only fiber cleaving and splicing of a NCF
between two single-mode fibers (SMFs), and leverages the interaction of
guided and leaky modes for RI sensing. Additionally, the sensor’s all-
silica NCF structure provides natural resistance to temperature fluctu-
ations, eliminating the need for external temperature compensation
mechanisms. This novel approach resolves the complexity and ambi-
guity typically found in overlapping spectral signals during LRI and HRI
measurements in MMI fiber based sensor, making it highly effective for a
range of sensing applications. Our method offers a practical, reliable,
and accurate solution for RI sensing, suitable for deployment in diverse
environmental conditions, and holds significant promise for advancing
RI measurement technologies.
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