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 The efficient use of resources can contribute to the eradication of poverty and the reduction 
of environmental impact. Therefore, the use of recycled waste materials is desirable since it 
helps in the reduction of pollution. Some devices, such as interferometric optical sensors, can be 
implemented with this type of materials. In addition, optical sensors play an important role in 
the Internet of Things since they can be used to implement networks that simultaneously monitor 
several physical parameters. A problem that limits the measurement range of interferometric 
optical sensors is the 2π ambiguity. In this work, it is presented that the nominal measurement 
range of this type of sensor can be increased considerably by applying machine learning 
algorithms. In this sense, the kernel ridge regression (KRR) method is applied to the signals of a 
temperature sensor that is based on a tunable optical two-layer interferometer. Here, it is shown 
that this interferometric sensor can be fabricated with recycled waste materials (a polished 
stainless-steel plate, a single-mode fiber, a syringe needle, and epoxy clay), and the fabrication 
process is described. Furthermore, it is demonstrated that when KRR is used, the measurement 
range is increased at least two and a half times compared with that reached with traditional 
methods, and the temperature can be estimated with a root mean square error of 1.97 × 10−5 ℃. 

1. Introduction

 The green economy is a model that prioritizes the practice of sustainable development in all 
sectors for human well-being.(1,2) For example, in the industrial sector, the efficient use of 
resources and the reduction of the carbon footprint are essential, which is partly achieved 
through the recycling of metals. In the education sector, educators from countries that allocate 
few economic resources to education will be able to divulge scientific knowledge with the help 
of instruments or devices that can be made with waste materials. These actions, carried out in 
poor countries, can simultaneously contribute to the eradication of poverty, which is one of the 
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objectives of the green economy and the education of the people. In this sense, the green 
economy has encouraged researchers to devote their efforts to finding alternatives that impact 
the care of the environment and the economic development of an organization.(3–6) Some of 
these alternatives are solutions based on the 3R scheme—reducing, reusing, and recycling—
which is one of the precepts of the green economy model. For example, Islas-Islas et al. proposed 
a simultaneous polarization-based phase-shifting interferometric system made with recycled 
optical components obtained from electronic waste.(3) Prado et. al proposed the recycling of 
polymethyl methacrylate plates used in LCD monitors to produce polymer optical fibers without 
cladding for sensing systems.(6) Those recycled fibers were used to implement a refractive index 
sensor, and the authors reported better results than those obtained with a commercial optical 
fiber. 
 Optical sensors based on interferometric systems are interesting measurement devices as 
these can be used in different fields of applications. Some of the advantages of this type of 
sensor are their high sensitivity, immunity to electromagnetic radiation, small size, and low cost. 
Furthermore, the physical parameters that can be measured with these optical sensors include 
temperature, strain, pressure, and refractive index.(7–15) There exist different configurations to 
implement interferometric optical sensors, and some of the most popular are those based on 
Fabry-Perot configurations.(8–13) Some sensors based on interferometers are fabricated mainly 
with SiO2 optical fibers. This material is practically insensitive to temperature, which can be 
important in sensing applications since undesirable effects induced by changes in its temperature 
can be minimized. Generally, these interferometers are tuned by changing their cavity length by 
mechanical means.(8,16) The disadvantage of this type of tuning mechanism is that, in many 
cases, the spectral response can be shifted by less than one free spectral range (FSR). For 
example, Duan et al. proposed a microbubble-based fiber-optic Fabry–Perot interferometer for 
strain measurement. Here, the spectrum was shifted less than one FSR and the strain and 
thermal sensitivities were ~4 pm/με and ~0.9 pm/°C, respectively.(8) In this sense, the authors did 
not propose the interferometer as temperature sensor because of its low thermal sensitivity. 
Other interferometers are based on layers of thermosensitive materials in which at least one FSR 
can be tuned by means of a temperature variation..(11–13) For example, Ma et al. implemented a 
dual-polymer fiber Fizeau interferometer for the simultaneous measurement of relative humidity 
and temperature.(7) By taking advantage of the thermal properties of the polymer, the output 
spectrum was shifted when a temperature change was applied. Also in that work, the temperature 
value was obtained by tracking one peak of the output spectrum. Here, it is important to mention 
that although the interferometric optical sensors are sensitive over a wide temperature range, the 
measurement range is limited to one FSR owing to the 2π ambiguity, the main limitation of 
traditional measurement methods. This limitation can be overcome by implementing artificial 
intelligence algorithms.(12,17,18) These algorithms are based on multiple features of the cases used 
for training and testing. Furthermore, as most of the output signals of optical interferometers 
present changes in both wavelength and amplitude, it is possible to extract multiple features. For 
example, Martinez-Manuel et al. used machine learning in refractive index measurements.(17) 
Here, the measurement device was a self-referenced fiber refractometer. In addition, Guzman-
Chavez and Vargas-Rodriguez proposed the use of a multiple regression model for the 
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simultaneous measurement of refractive index and temperature using an interferometric optical 
system.(18) In that work, a set of 27 explanatory variables were used with their corresponding 
values extracted from the output reflective spectrum. 
 In this work, the fabrication and characterization of an optical sensor based on a tunable two-
layer interferometer (T-LI) made with recycled waste materials are proposed. Here, it is 
important to mention that the efficiency of this physical sensor was not sacrificed by using this 
type of material. Moreover, the materials used for implementing the interferometer are a 
polished stainless-steel plate, a needle from a syringe, epoxy clay, cyanoacrylate, and a piece of 
standard single-mode optical fiber. Here, by taking advantage of the thermal expander (sleeve 
made of epoxy clay) properties, the fringe pattern is shifted by one free spectral range (22 nm) 
by applying a temperature change of 7 ℃. The experimental results are in agreement with the 
theoretical results, which were obtained by applying the reflected principal rays summation 
theory. Finally, it is shown that this tunable interferometric filter can be used to implement a 
temperature sensor with a broad measurement range when their spectral features are analyzed 
with kernel ridge regression (KRR). Here, three features of the reflective spectra were used as 
inputs of the exponential kernel to determine the temperature with high accuracy.  

2. Fabrication and Operation of Tunable T-LI

 The tunable T-LI was fabricated with recycled waste materials such as a polished stainless-
steel plate, a syringe needle, and a piece of standard single-mode optical fiber. The steps for 
manufacturing the filter (Fig. 1) are as below.
1. Clean with acetone one surface of a polished stainless-steel plate. Also, cut and clean a piece 

of unused syringe needle (~1.2 cm). 
2 Place the piece of needle vertically on the cleaned surface of the steel plate and then deposit a 

sleeve of thermosensitive epoxy clay around the piece of needle and over the cleaned plate. 
Here, the epoxy clay is used to hold the needle segment perpendicularly over the plate. 

3. Remove the fiber coating (~3 cm) from the end of a piece of standard optical fiber (~50 cm), 
preferably without removing the outer jacket. In case it is removed, thicken the fiber with a 
resin to match the internal diameter of the needle. Afterwards, introduce the fiber, cleaved 
with a face angle of 0°, into the needle channel with a 3-axis positioner. This is used to 
control the distance between the fiber end and the plate surface.

Fig. 1. (Color online) Fabrication steps of the tunable T-LI interferometer using recycled waste materials.
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4. To create the first layer, place the fiber a certain distance from the plate, then introduce 
cyanoacrylate through the syringe and wait for it to dry. For the second air layer, separate the 
fiber from the cyanoacrylate layer by a certain distance and glue the optical fiber to the end 
of the piece of needle. Ultimately, the other end of the optical fiber will be used to launch 
light to the device, rendering it a pigtailed tunable optical T-LI.

2.1 Principle of operation of two-layer interferometer

 The two-layer interferometer is formed of two stacked layers of infrared transparent 
materials. Its relative reflectance spectrum (R) is governed by the superposition of multiple 
reflections between their interfaces (Fig. 2). The reflection intensities that form the fringe 
spectrum depend on the refractive indexes of the materials that form these interfaces. The 
separation between fringes is governed mainly by the refractive indexes and the thicknesses of 
the layers. Here, when the thickness of one of the layers depends on an external expander made 
of a thermosensitive material [Fig. 3(a)], the fringe spectrum can be tuned by adjusting the 
temperature. The mathematical model of a tunable T-LI with a thermal expander can be 
expressed as 

Fig. 2. Reflections between the interfaces that delimit the layers of the T-LI.

Fig. 3. (Color online) (a) Photograph of the T-LI interferometer fabricated using recycled waste materials and (b) 
physical model of the tunable T-LI.
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where λ is the wavelength, A1 and A2 are the factors associated with optical losses, and da and dc 
are the thicknesses of layers at temperature T. Additionally, da(T) = d1 + Δs, where 
Δs = sγs (T − To), dc(T) = d1 (1 + γ2(T − To)), r1

+ = (ni − n1)(ni + n1)−1, r2
+ = (n1 − n2)(n1 + n2)−1, 

r3
+ = (n2 − ne)(n2 + ne)−1, t1+ = (2ni)(ni + n1)−1, and t2

+ = (2n1)(n1 + n2)−1, where ni, n1, n2, and ne 
are refractive indexes, d1, d2, and s are the thicknesses of the layers and the length of the thermo-
expander, respectively,  at To = 22.5 ℃, and γs and γ2 are thermal-expansion coefficients. Finally, 
it is important to mention that the reflectance spectrum can be modeled with the first q reflected 
rays when the reflectance of the interfaces is low. 

2.2 Mathematical model of KRR

 In the KRR approach, the value of the output variable, ŷ, can be estimated as a function of a 
set of features, xm ∈ X, and of the outcome values associated with xm, yn ∈ Y, with the following 
expressions: 

 ( ) ( )ˆ T
m my = ,x k X xβ  (2)

 ( ) 1 ,ε −= +K I Yβ  (3)

where xm = [x1 x2 x3 ... xf]T is a column vector that contains the features of the m-th case; f the 
number of features; X = [x1 x2 x3 ... xN]T an f × N matrix; N the total number of cases; 
Y = [y1 y2 y3 ... yN]T a column vector; k(xi, xj) a kernel of which one of the most used is the 
exponential kernel expressed as k(xi, xj) = exp(−||xi − xj||/σ2), where σ is a real coefficient; 
k(X, xm) = [k(x1, xm) k(x2, xm) k(x3, xm) ... k(xN, xm)]T a column vector; Kij = k(xi, xj) the N × N 
matrix kernel; β an 1 × N row vector that contains the regression coefficients; ε > 0 a real 
regularization parameter; and I an N × N identity matrix.

3. Results

3.1 Fabrication of the tunable T-LI

 The tunable optical T-LI was fabricated by the steps described above. The materials used 
were a 3-cm-long piece of a syringe needle with external and internal diameters of 0.81 and 0.51 
mm, respectively, a single-mode optical fiber, commercial liquid cyanoacrylate glue, commercial 
epoxy clay, and a stainless-steel plate (grade 304, thickness 1.55 mm, and matte surface finish) 
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with a surface of area ~4 cm2. Here, it is important to mention that the needle was taken from a 
damaged sterile syringe that was discarded and that it had not been in contact with biological 
material. Additionally, to have a reflective surface, the plate was polished until a mirror effect 
was obtained. The photograph of the fabricated multilayer interferometer is shown in Fig. 3(a), in 
which the materials used to fabricate the interferometer can be observed. Here, it is important to 
mention that in step 3, we did not remove the outer jacket of the optical fiber, but it was partially 
worn away.
 After fabrication, the tunable T-LI was characterized theoretically and experimentally. For 
the first characterization, the mathematical model was obtained using the physical model shown 
in Fig. 3(b). The following numerical values were used to obtain the simulated results: refractive 
indexes ni = 1.45, n1 = 1.0, n2 = 1.45, and ne = 2.8 of the fiber core, air, cyanoacrylate, and 
stainless steel, respectively, d1 = 52.08 µm, d2 = 1.78 µm, s = 3800 µm, γs = 26.5 µm/(m K), γ2 = 
198 µm/(m K), 1 ≤ T ≤ 70 ℃, and λ = 1.5 µm. For simulations, only the three main (q = 3) 
reflected rays were considered because of the low reflectance at the interfaces. The A1 and A2 
constants of Eq. (1) can be calculated by minimizing the cost function.(11) In this way, the 
obtained optimal values for our interferometer were A1 = 0.43 and A2 = 0.98. For the experimental 
characterization, the experimental setup shown in Fig. 4 was used, and the temperature was 
varied in 34 steps covering a measurement range from 12 to 28.5 ℃. 

3.2 Implementation of the temperature sensor

 The experimental setup used to implement the temperature sensing arrangement is shown in 
Fig. 4. Here, a pigtailed diode laser emitting at ~980 nm was spliced to the pump port of a 
wavelength division multiplexer (WDM). The light of the diode was used to pump an erbium-
doped fiber (EDF) that was spliced to the common port of the WDM. The other end of the EDF 
was spliced to port 1 of the optical circulator to allow the generated luminescence to travel to 
port 2 of the circulator. This port was spliced to the pigtailed tunable T-LI. Its temperature was 
stabilized by driving a thermoelectric cooler (TEC). Finally, the reflected signal of the 
interferometer was collected at port 3 with an optical spectrum analyzer (OSA).
 The simulated and measured relative reflected intensity distribution spectra of the fabricated 
tunable T-LI at three different temperatures are shown in Fig. 5. The FSR is ~22 nm for both 
types of spectra, which indicates that these have the same periodicity. Regarding the amplitude 
of the fringes, in Figs. 5(a)–5(c), it is observed that it is not constant; the explanation is that in the 
last manufacturing step, a thin cyanoacrylate layer was deposited on the stainless plate. This 

Fig. 4. Experimental setup to characterize the tunable T-LI.
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allowed the generation of a second spectrum with a longer FSR than that obtained with the air 
cavity. The resulting spectrum is given as the superposition of two spectra for which the 
amplitude of the fringes of the spectrum generated by the air cavity is modulated by the 
spectrum generated by the cyanoacrylate layer.

3.3 Estimation of temperature using KRR

 One of the traditional methods of determining the value of the measurand variable is based 
on the wavelength tracking of one of the peaks of the spectrum. This method is limited by the 2π 
ambiguity, which consequently limits the measurement range to one FSR. In Fig. 6, the traces of 
the wavelengths of different fringe peaks are plotted as a function of temperature. These fringes 
are labeled in Fig. 5(c) as P1, P2, and P3. The red asterisks represent experimental results and the 
blue dashed lines show the simulated results. It is observed that for all fringes, the linear tuning 
behavior is repeated periodically when fringes are shifted one FSR. Here, the advantage is that 
this shifting is completed by applying a relatively small temperature change of 7 ℃, because of 
the high thermal expansion coefficient of the epoxy clay and its length. The disadvantage is that 
the nominal measurement range width is only of 22 nm, since the peaks of the fringes (the 
interference spectrum) appear to return to the original position after they have been shifted one 
FSR. In this sense, to expand the measurement range, the mathematical model of the KRR 
method was applied.
 First, to verify that the KRR method can be used to estimate the sensor temperature values 
over a larger measurement range, simulated data were used to obtain a synthetic database. Data 
were obtained from N = 301 simulated spectra considering different temperatures within the 
range from 10 to 70 ℃ with steps of 0.2 ℃. Each spectrum was represented by two vectors, the  
vector L1500×1 with 1500 wavelength values from 1470 to 1620 and the vector M1500×1 with the 
amplitudes corresponding to each wavelength. For the extraction of features, each spectrum was 
divided in three equal spectral regions (SR 1, SR 2, and SR 3), as shown in Fig. 5(b). Here, each 
spectral region was represented by Lf and Mf vectors with 500 elements. The value of the f-th 
feature was obtained using xf = LT

fMf , where f = 1, 2, 3. In this sense, the vector X data matrix 

Fig. 5. (Color online) Theoretical and experimental interference spectra at different temperatures of (a) 20.2, (b) 
22.7, and (c) 26.3 °C.
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had 3 rows and 301 columns, and the vector Y had 301 temperature values. Subsequently, Eqs. 
(2) and (3) were used to obtain the estimated values, ŷ(xm), and the root mean square error 
(RMSE), RMSE y Nm mm

N� � � �� ��� x1 / , was calculated to compare the real and estimated 
temperature values. Here, the σ value was set to 2, and to find the optimal ε value, this was 
varied 20 times using the equation εi+1 = εi/2 with εi=1 = 1. In Fig. 7(a), the evolution of the RMSE 
value as a function of ε is shown. Here, the optimal ε value was selected as 6.105 × 10−5, for 
which RMSE = 1.3 × 10−3 ℃. The estimated temperature values obtained with the optimal  value 
were compared with the real temperature values, as shown in Fig. 7(b). It is observed that the two 
sets of values present a good fit with each other.
 The method was then applied to experimental data obtained from N = 34 reflected spectra 
recorded with the OSA with the tunable T-LI at different temperatures. Each spectrum was 

Fig. 7. (Color online) (a) Evolution of the RMSE value as a function of the λ value and (b) the real and estimated 
temperature values obtained with the KRR

Fig. 6. (Color online) Peak wavelength as a function of temperature for different fringes.



Sensors and Materials, Vol. 36, No. 7 (2024) 2951

divided in three regions, each of which was represented with two vectors, Lf and Mf. In this 
sense, the data matrix X had 3 rows and 34 columns and the vector Y had 34 measured 
temperature values. The σ and ε values were the same as those used with the simulated data and 
RMSE = 1.97 × 10−5 ℃ was attained. In Fig. 7(b), it can also be observed that the estimated and 
experimental data have a good fit. Finally, it is important to mention that with the KRR method, 
it was possible to estimate temperature values within a measurement range at least two and half 
times greater than that obtained when only one FSR is tuned.

4. Conclusions

 In this work, an optical sensor based on a tunable optical interferometer fabricated using 
recycled materials was presented. It was shown that by using easily accessible recycled waste 
materials, an efficient tunable T-LI can be fabricated simply and inexpensively. It was also 
demonstrated that by taking advantage of the thermo-expansion properties of commercial epoxy 
clay, an optical temperature sensor can be fabricated. Moreover, the fabricated interferometer 
can be tuned by one FSR = 22 nm with a temperature change of 7 ℃, and its experimental 
performance was supported by the simulation results. Furthermore, it was demonstrated that by 
using KRR, it is possible to obtain a measurement range greater than that reached when the 
interferometer is tuned by one FSR, which means that it is possible to overcome the 2π ambiguity 
of a sensor based on an interferometric filter. Furthermore, this research contributes to the 
practice of sustainable development and the improvement of sensor properties. Finally, it is 
important to highlight that the use of machine learning algorithms in optical sensors contributes 
to improving the monitoring of systems that implement current technologies such as Internet of 
Things.
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