Optica Applicata, Vol. LVI, No. 1, 2026
DOI: 10.37190/0a/214547

Enhanced spectral resolution

in optical fiber grating sensing

using iterative reconstruction

with error feedback and lowpass filtering

HANGTING YANG!, DarYL TAN!, Kok-SG LIM"*, Zu1 Ciao ONG?3, Harrrn AHMAD!

! Photonics Research Centre, University of Malaya, 50603 Kuala Lumpur, Malaysia

2 Department of Mechanical Engineering, Faculty of Engineering, University of Malaya,
50603 Kuala Lumpur, Malaysia

3 Centre of Research Industry 4.0 (CRI 4.0), Faculty of Engineering, University of Malaya,
50603 Kuala Lumpur, Malaysia

*Corresponding author: kslim@um.edu.my

This work introduces a novel iterative reconstruction algorithm that enhances low-resolution optical
spectrum. The proposed method effectively recovers spectral features that are otherwise undetect-
able using low- to moderate-resolution interrogators. An adaptive low-pass filter is integrated into
error feedback to effectively suppress noise while selectively preserving high-frequency spectral
components during iterative reconstruction process. The algorithm’s performance was validated
using fiber grating Fabry—Perot interferometer (FPI) sensor spectrum with varying cavity lengths
(4, 19, and 25 mm). Using high-resolution spectrum as references, the reconstructed spectrum
demonstrated notable improvements, with reductions in AMAE (4 mm: —2.42%, 19 mm: —9.37%,
and 25 mm: —32.51%) and AMSE (4 mm: —4.23%, 19 mm: —17.96%, and 25 mm: —61.22%) com-
pared to the original low-resolution spectrum. Amongst filter methods, an “equiripple” low-pass
filter is effective in enhancing the reconstructed spectrum by suppressing noise, resulting in re-
duced spectral errors (AMAE =-6.49%; AMSE =—12.97%). The proposed algorithm offers a prac-
tical and computationally efficient solution for recovering lost spectral details, particularly in the
high-frequency region with minimal error. This capability is especially valuable for enhancing the
performance of low-resolution interrogators, allowing their reconstructed spectrum to exhibit char-
acteristics comparable to those obtained with high-resolution systems.

Keywords: Fabry—Perot interferometry, optical fiber sensing, spectrum interrogation, spectrum
reconstruction.

1. Introduction

Optical fiber gratings (OFG)-based sensors such as intrinsic optical fiber Fabry—Perot
interferometer (FPI) have revolutionized distributed sensing applications such as pre-
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cise strain [1,2] and temperature sensing [3,4] as well as chemical [5] and biomedical
diagnostics [6] due to their inherent advantages: immunity to electromagnetic inter-
ference, chemical resistance, and high sensitivity to physical parameters (e.g., strain,
temperature, and vibration). These sensors rely on the wavelength-dependent reflec-
tion properties of FPIs to detect changes in their environment [7, 8].

OFG spectrum exhibits a dense comb-like narrow-band interference pattern under
spectral interrogation. Visibility of the interference pattern is highly dependent on the
spectral resolution of the spectral interrogation system [9,10]. The spectral features
particularly in the high frequency region are often unmeasurable by the low-resolution
spectral interrogation system. On the other hand, the actual features of the OFG spec-
trum can be obtained by using high-resolution spectrum interrogation system [11].
Nevertheless, these devices are expensive and limited to laboratory uses, which have
hampered the application of OFG sensing in field deployment. Therefore, it is crucial
to introduce algorithmic methods to improve demodulation precision of the OFG spec-
trum under hardware constraints.

Various spectrum reconstruction algorithms have been developed and applied for
optical fiber sensing. For instance, D1AS et al. proposed a spectral reconstruction tech-
nique based on a Bayesian model framework to characterize measured spectrum from
long-period fiber gratings [12]. This approach offers a promising avenue for spectrum
reconstruction in low-cost interrogation systems. Conversely, numerous studies have
utilized neural networks (NNs) for spectrum reconstruction, achieving high-resolution
and precise demodulation by reconstructing spectrum from original data with limited
sampling points [13]. However, NNs demand extensive training datasets and signifi-
cant computational resources, which restricts their applicability in real-time or re-
source-constrained environments [14].

Iterative reconstruction (IR) is a reconstruction model for low-resolution spectrum.
It minimizes the error between measured and reconstructed signals through multiple it-
erative steps. Itis particularly effective in refining both noise levels and signal detail char-
acteristics [15,16]. The IR algorithm has been widely used in computed tomography (CT)
imaging to reduce image artefacts [17], and has also proven effective in enhancing optical
signals [18] with lesser processing time and minimal instrumentation [19].

In this paper, we demonstrate the use of IR algorithm to recover lost spectral fea-
tures of fiber-grating Fabry—Perot interferometers (FPIs). The algorithm operates with-
in a spectral reconstruction framework that iteratively refines the spectrum based on
error feedback convergence. An “equiripple” low-pass filter is incorporated to the error
feedback to effectively suppress noise while preserving high-frequency spectral com-
ponents. To validate the proposed method, spectral reconstruction was performed on
FPI spectrum with varying cavity lengths (4, 19, and 25 mm), allowing assessment of
the algorithm’s robustness across spectrum with different interference fringe densities
and free spectral ranges (FSRs). With high-resolution spectrum used as a reference,
the differences in mean absolute error (AMAE) and mean square error (AMSE) be-
tween the low-resolution and reconstructed spectrum served as quantitative indicators
of the algorithm’s performance.
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2. Method

To reconstruct the high-resolution spectrum effectively, the gathering of low resolution
and reference high resolution data is imperative. A data collection setup (refer to Fig. 1)
was employed to generate sensing signals, which were utilized to reconstruction the
high-resolution spectrum. In the experimental setup, FPI was inscribed using femto-
second laser (Indylit 10 SH, Litilit, Lithuania: 515 nm, 450 fs, repetitive rate of 80 kHz,
pulse energy of 600 nJ) direct writing method. Two parallel lines were inscribed with
length of 10 pm across the SMF-28 fiber core to form the FPI reflectors, and inter-
distance between two reflectors were determined by adjusting the six-axis nano-posi-
tioning flexure stage (MAX683, Thorlabs Inc., USA). Different FPI spectrum (ob-
tained from FPI with three different cavity lengths: 4, 19, and 25 mm, respectively)
were obtained using optical spectrum analyzer (AQ6317B, Ando (Yokogawa), Japan)
with a resolution of 10 pm. On the other hand, a high-resolution optical spectrum ana-
lyzer (AP2051A, APEX Technology, France) was utilized to acquire the FPI spectrum
at the wavelength resolution of 1.44 pm which later serve as the reference spectrum
for the analysis of the reconstructed spectrum.
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Fig. 1. (a) [llustration of an FPI with a cavity length d. (b) Reflection spectrum of the sensor. (c) Illustration
of'the experimental setup to perform spectrum reconstruction from the obtained FPI spectrum via proposed
algorithm.

Figure 2 illustrates the comprehensive workflow of the IR algorithm designed to
enhance the resolution of the low-resolution OFG spectrum. The process begins by reg-
istering the initial measured spectrum as the “observed spectrum, O(A)”. This spectrum
serves as the baseline against which improvements are assessed throughout the recon-
struction process. Simultaneously, an estimated observed spectrum, denoted as O, (4),
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Fig. 2. Work flow of the spectrum reconstruction algorithm.

is computed based on current iteration. This estimation aims to approximate the ob-
served spectrum as closely as possible. The core of the reconstruction process involves
calculating the error ,, which quantifies the deviation between the observed spectrum,
and the estimated spectrum, o, = O,(4) — O, (4), to refine the errors in the relevant
frequency region, notably in the low frequency region, using a lowpass filter. This step
ensures that only significant spectral components contribute to the reconstruction, effec-
tively reducing noise and enhancing features critical to accurate spectrum estimation.

The reconstructed spectrum for the next iteration, R, , ;(4), is then updated using
the formula:

R, (1) = R, (L) +7y0, (1)

Here, y represents the learning rate, a crucial parameter controlling the rate of conver-
gence error feedback. A carefully chosen learning rate ensures that the algorithm makes
substantial progress without overshooting, thereby maintaining stability and accuracy.
The iterative loop continues, progressively refining the reconstructed spectrum until
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the convergence error feedback criterion is met. Specifically, the process halts when
the L,-norm of the error, ||g,||,, falls below a predefined minimum tolerance, J. This
condition ensures the reconstruction has reached an acceptable level of accuracy, bal-
ancing precision and computational efficiency.

The design of low-pass filters can be achieved using various methods, among which
the “equiripple” design method is an effective optimization technique for designing
finite impulse response (FIR) low-pass filters. The “equiripple” design allows for
achieving a filter of minimal order given specified passband frequency, stopband fre-
quency, and the desired passband and stopband ripple [20]. The key to this design meth-
od lies in utilizing window functions and minimizing the maximum error, thereby
ensuring the filter’s performance meets the specified criteria in the defined frequency
ranges. The design of an FIR “equiripple” filter aims to minimize the maximum devi-
ation (ripple) between the desired frequency response and the actual frequency response
over specified frequency bands [21].

The output of the FIR filter can be expressed as a weighted sum of the input signal,
with filter coefficients generally denoted as F[n]:

ylnl = 3N F k] a0 - k] 2)

k=0

In the Eq. (2) where y[n] represents the output frequency of the filter, while x [#]
denotes the input frequency. The filter is characterized by its coefficient’s F[k], which
have a length of L, where L is the order of the filter, indicating the number of filter
coefficients used in the filtering process.

Mean absolute error (MAE) and mean squared error (MSE) are calculated to in-
dicate the differences between low-resolution measured spectrum (or reconstructed
spectrum) to reference spectrum as stated in Egs. (3) and (4). Furthermore, the differ-
ences of MAE and MSE (i.e., AMAE and AMSE) are used to provide quantitative eval-
uation of the reconstruction quality of the spectrum:

1 m
MAElow-res/recon = Tn_z . |vi, low-res/recon vi, ref| (3)
i=
1 < 5
MSElow-res/recon = 72 . (Vi, low-res/recon Vi, ref) (4)
i=
AMAE = MAErecon B MAEloW-res (5)
MAElow-res
AMSE = MSErecon B MSElow—res (6)
MSElow-res

where MAE, ress MAE . on» MSE, oo and MSE . represent MAE and MSE for
low-resolution measured spectrum and reconstructed spectrum, respectively. m de-
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notes the total number of data point, v; oy res> Vi recon> 80d V; ror are denoted as values
of low-resolution measured spectrum, reconstructed spectrum, and reference spec-

trum, respectively, at particular index, i. The reference spectrum refers to the high-res-
olution spectrum.

3. Result and discussion

To comprehensively evaluate the performance of the reconstruction algorithm, we se-
lected FPIs of different lengths for spectral collection. This selection not only accounts
for variations in experimental conditions but is also intended for testing the algorithm’s
stability and accuracy for various different optical spectral characteristics. The algo-
rithm is tested for different FPI configurations (i.e., 4, 19, and 25 mm), to verify its
applicability under a wider range of real-world application scenarios. Figure 3 shows
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Fig. 3. Spectra represent the high-resolution (red line), low-resolution (green line) and reconstructed FPI
spectrum (blue line), respectively, under different FPI cavities: (a) 4 mm, (b) 19 mm, and (c) 25 mm.
(a)(ii), (b)(ii), and (c)(ii) show the interference pattern in detail for FPI with Fabry—Perot cavity of 4, 19,
and 25 mm, respectively with learning rate of 0.001.
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Table 1. Comparison of MAE and MSE for FPIs with varying cavity lengths.

FPI MAElow-rcs [P-W] MAErccon [“W] AMAE [%] MSElow—rcs [P-W] MSErccon [“W] AMSE [%]

4 mm 1.660 1.620 -2.42 4.749 4.548 -4.23
19 mm 2.600 2.353 -9.37 11.222 9.206 -17.96
25 mm 3.489 2.355 -32.51 26.248 10.179 -61.22

the result of reconstructed spectral data corresponding to FPI lengths of4, 19, and 25 mm
in the comparison with the low-resolution spectrum and reference high resolution spec-
trum. Table 1 compares the MAE and MSE of low-resolution measured spectrum and
reconstructed spectrum for FPIs with different cavity lengths. Significant reduction in
MAE and MSE can be observed for all the spectrum (i.e., AMAE: 4 mm = —2.42%,
19 mm =-9.37%, and 25 mm =-32.51%; AMSE: 4 mm =-4.23%, 19 mm =-17.96%,
and 25 mm =—-61.22%). The improvement is particularly obvious for spectrum with
higher cavity length (smaller FSR and higher frequency components in the spatial fre-
quency spectrum). This comparison highlights the effectiveness of the reconstruction
algorithm, where reduction in MAE and MSE indicate the close alignment of wave-
lengths and peak intensities between the reconstructed and high-resolution spectrum
validates the algorithm’s ability to accurately capture the essential features of the orig-
inal high-resolution data, reinforcing its accuracy and reliability in spectral reconstruc-
tion tasks.

Selection of an appropriate learning rate for the IR system is important as it signifi-
cantly influences the convergence performance and accuracy of the model. The learn-
ing rate is a critical parameter influencing the performance of reconstruction models.
The lower is the learning rate, the slower is the system convergence and the smaller is
the error of the result, but the larger is the reconstruction error. During the model debug-
ging process, it has been observed that while the learning rate significantly influences
the magnitude of the error, determining the optimal learning rate to achieve the desired
reconstruction results remains a challenge. In this context, we employed a threshold
-based early stopping method to prevent both overfitting and underfitting during
the reconstruction process. The combination of the threshold and the learning rate set-
tings perfectly aligns with the requirements of our system. Figure 4 presents three po-
tential scenarios that the system may encounter: underfitting, appropriate fitting, and
overfitting.

The reconstructions produced by the algorithm exhibited varying degrees of distor-
tion, with noticeable offsets present in the peak portions. After each iteration, a digital
low-pass filter is applied in the spatial frequency domain to suppress high-frequency
noise. The cutoff frequency is adaptively set according to the estimated noise band,
with 3 dB passband ripple and 7 dB stopband attenuation. Iteration proceeds until the
change in mean absolute error (MAE) falls below 10~ or a maximum iteration limit
is reached. This process effectively reduces high-frequency noise while preserving the
spectral features, with all implementations performed in MATLAB (R2020a). Two
contrasting examples of these initial reconstructions are depicted in Fig. 5, in which
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Fig. 4. Spectrum of FPI with 4 mm-cavity length under different reconstruction scenarios: (a) underfitting
(error tolerance = 9.7 x 1073 ), (b) appropriate fitting (error tolerance = 9.7 x 10’4), and (c) overfitting re-
construction (error tolerance = 8.2 x 107) with learning rate of 0.001.
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Fig. 5. Reconstructed spectrum from the FPI with 4 mm-cavity under different criteria: (a) without filter,
and (b) with low-pass FPI “equiripple” filter under same reconstructed parameter using learning rate of
0.001. The FPI spectrum in frequency domain shows different scenarios: (a)(ii) existence of unwanted
reconstructed signal as noise without the use of low-pass filtering; and (b)(ii) suppression of unwanted
reconstructed signal with low-pass filtering.

the presence of noise in the reconstructed frequency range can be observed, while the
low and high-resolution frequency ranges remain unaffected. The noise observed in
Fig. 5(a)(ii) can indirectly contribute to the growth of undesired noise in the recon-
structed spectrum as shown in Fig. 5(a)(i). In contrast, Fig. 5(b)(i) and 5(b)(ii) present
the outcomes after applying the low-pass FIR “equiripple” filter, clearly demonstrating
a suppression of unwanted reconstructed spectrum and subsequently provides a sig-
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nificant improvement in noise levels. Both the reconstruction errors, MAE and MSE
of the spectrum have been reduced (MAE: 1.7323 uW — 1.5889 uW; MSE:
5.2257 uW — 4.3202 uW).

A comparative analysis of iterative counts and reconstruction time for different fil-
ter methods is illustrated in Fig. 6, and comparisons in both MAE and MSE are listed in
Table 2. Experimental findings show that among the tested filter types, the “equiripple”
filter consistently achieved the lowest reconstruction errors, with MAE/MSE values
of 1.620 pW/4.548 uW, 2.353 uW/9.145 uW, and 2.355 pW/10.179 pW with the
use of FPI with cavity length of 4, 19, and 25 mm, respectively. This indicates superior
noise suppression and spectral fidelity compared with least-square, Kaiser, Butterworth,
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Fig. 6. Plot of maximum iterations and reconstruction times against different filters for the spectra of
(i) 4 mm, (ii) 19 mm, and (iii) 25 mm of cavity length FPI, respectively.

Table 2. Comparison in MAE and MSE for different filters used in spectrum reconstruction.

Type of FPI Equiripple® Least-square Kaiserwin Butterworth Chebychev Ellip
4 mm MAE [pW] 1.620 1.648 1.701 1.636 1.629 1.646
MSE [uW] 4.548 4.710 5.044 4.637 4.561 4.541
19 mm MAE [pW] 2353 2.4194 24133 2.3621 2.3741 2.3583
MSE [uW]  9.1452 9.7915 9.7743 9.272 9.3712 9.2408
25mm  MAE [pW] 2.3549 2.5366 2.6503  2.8501 3.3311 2.6035
MSE [pW] 10.1786 11.8822 13.299 16.5129 20.3313 13.3736

*Filtering method used in reconstruction algorithm in this work.
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Chebyshev, and elliptic filters. The “equiripple” filter’s sharp transition band and con-
trolled ripple contribute to more accurate fringe preservation, making it the most ef-
fective choice for the FPI signal reconstruction. However, it is notable that “equiripple”
excels in computational efficiency, with a reconstruction time of only 1.83 s, signifi-
cantly faster than other methods (least-squares = 3.54 s, kaiserwin = 3.06 s, butterworth
=2.06 s, chebychev = 3.54 s, ellip = 2.17 s). The “equiripple” is able to meet the pre-
determined reconstruction convergence with a relatively low iteration counts of 1240
as compared to other methods under same reconstruction settings. Hence, it indicates
that “equiripple” not only maintains low error levels but also offers faster convergence
and significantly improved computational efficiency. Therefore, “equiripple” stands
out as the optimal choice when balancing accuracy and computational performance.
Figures 7(a)—(c) show the performance of the reconstruction algorithm that was
evaluated by analyzing the reconstruction results (i.e., maximum iteration and recon-
struction time) of'4, 19, and 25 mm FPI spectrum under different learning rates. The anal-
ysis of the reconstruction results reveals a clear relationship between learning rate,
reconstruction time, and maximum iteration. As the learning rate decreases from 0.5
to 0.001, both the reconstruction time and the number of iterations increase significantly.
For instance, in 4mm-cavity length FPI, the reconstruction process undergoes 5 itera-
tions with a reconstruction time as low as 0.02 s under a learning rate of 0.5. When
the algorithm is set to a learning rate of 0.001, the spectrum reconstruction requires
2274 iterations with reconstruction time of 1.29 s to achieve the convergence error
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feedback criteria. This trend demonstrates that higher learning rates (e.g., 0.5, 0.3) pri-
oritize computational efficiency, enabling faster reconstruction with fewer iterations,
which is ideal for applications requiring quick results. On the other hand, lower learn-
ing rates (e.g., 0.001, 0.002) provide more precise convergence but at the cost of sig-
nificantly increased computational time and resources. The choice of learning rate
should therefore be guided by the specific needs of the task, balancing the trade-off
between speed and accuracy. For time-sensitive applications, higher learning rates are
preferable, while scenarios demanding higher precision may benefit from lower learn-
ing rates despite the longer processing time.

For a spectrum reconstruction system, the reconstruction time is an important eval-
uation criterion. Of course, the reconstruction time is directly proportional to the total
number of data points of the spectral data that needs to be reconstructed. Since the re-
construction increases the total number of data point and resolution, the reconstruction
ratio is represented by the resolution enhancement factor V. The enhancement factor,
N is fully applicable to the reconstruction of FPI spectrum and the value of N is cal-
culated as follows:

N = Total number of data point (reconstructed spectrum) %

Total number of data point (low-resolution spectrum)

Figure 8 shows the performance of different N. Under a fixed maximum iteration
of 500, the reconstruction error (MAE) of the spectrum gradually increases as the re-
construction precision & increases. This is primarily due to the fact that higher recon-
struction precision leads to greater data complexity, involving more data points and
more intricate features, which in turn require more computational resources (e.g., it-
eration counts) to achieve accurate fitting. As shown in Fig. 8, for lower-resolution
spectrum (e.g., N = 2), a total iteration of 500 is sufficient to allow the algorithm to
reconstruct the spectrum’s features to be similar to the high-resolution spectrum, as
the lower number of data points aligns well with the model’s complexity. However,
for higher-resolution spectrum (e.g., N = 20), the fixed 500 iterations are insufficient
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Fig. 8. The MAE and reconstruction time versus enhancement factor N under reconstruction settings
(learning rate = 0.001, maximum iteration = 500, and without a pre-set value for the error tolerance).
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to capture the additional details and features, resulting in increased errors. Therefore, to
reduce errors, it is recommended to either increase the iteration count or optimize the
algorithm parameters to better accommodate higher-resolution spectral data. This ap-
proach would enhance the algorithm’s ability to handle more complex data while main-
taining high reconstruction accuracy.

4. Conclusion

This study presents an iterative reconstruction (IR) algorithm that enhances OFG-based
spectrum measured by low to moderate-resolution spectral interrogators. By incorporat-
ing a low-pass filter to reduce noise, the algorithm produces a refined reconstructed
spectrum that closely resemble high-resolution spectrum. The observed reductions in
mean absolute error (AMAE: 4 mm=-2.42%, 19 mm=-9.37%, and 25 mm=-32.51%)
and mean squared error (AMSE: 4 mm =—-4.23%, 19 mm =-17.96%, and 25 mm =
=—61.22%) after the reconstruction process confirm the algorithm’s effectiveness in
improving spectral clarity and accuracy. Amongst filter methods, an “equiripple”
low-pass filter is effective in enhancing the reconstructed spectrum by suppressing
noise, resulting in reduced spectral errors (AMAE =-6.49%; AMSE =—12.97%). This
method enables enhanced spectral resolution without requiring high-resolution spec-
tral scanning. Furthermore, it highlights the potential of the IR algorithm as a reliable
solution to maintain demodulation accuracy for low to moderate-resolution interroga-
tion devices.
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