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Resumen

Una rejilla de Bragg en fibra optica (FBG, por sus siglas en ingles) es una estructura que
se forma modulando el indice de refraccion del nucleo de una fibra 6ptica y que refleja
un rango estrecho de longitudes de onda. Midiendo el desplazamiento del perfil espectral,
las FBG pueden utilizarse como sensores, ya que este esta linealmente relacionado con
cambios en factores externos, como la temperatura y la deformacion. Un conjunto de FBGs
inscritas en una o multiples fibras puede ser utilizado para crear un sensor cuasi-distribuido.
El multiplexado por division de longitud de onda (WDM, por sus siglas en inglés) es una
técnica comunmente utilizada para multiplexar sensores FBG. En este método, a cada
sensor FBG se le asigna un canal sin superposicion con un ancho de banda especifico. Los
desplazamientos espectrales de los sensores se miden tipicamente utilizando una fuente de
banda ancha y determinando el maximo de la reflexion en cada canal. El maximo nimero
de sensores se determina por la relacion entre el ancho de banda de la fuente y los anchos de
banda de los canales. Técnicas que permiten la superposicion espectral, utilizando esquemas
de procesamiento de sefial mas avanzado, pueden superar parcialmente esta limitacion
asignando varios sensores en cada canal, esto se conoce como WDM con superposicion
espectral (SWDM, por sus siglas en ingles). La deteccion de las longitudes de onda de los
sensores FBG en el contexto de SWDM es un tarea dificil debido a la superposicion de los
espectros, lo que hace que técnicas convencionales de deteccion del maximo no puedan
obtener resultados cuando hay demasiada superposicion. En la literatura se han propuesto
soluciones de Machine Learning, pero estas requieren datos para entrenamiento de alta
calidad y gran volumen; lo que puede ser dificil de obtener. Este trabajo propone un modelo
que se puede entrenar en un conjunto de datos (pretraining) y luego adaptar de manera no
supervisada utilizando solo el espectro de otro conjunto de datos (finetuning), sin necesidad
de informacion sobre las posiciones espectrales. De esta manera, los requisitos para la
confeccion de un conjunto de datos se pueden relajar al no requerir informacion sobre
posiciones espectrales, mediante un proceso de pretraining en datos simulados seguido
de un finetuning con datos reales. La propuesta de esta Tesis es un convolutional neural
network autoencoder disefiado para minimizar el error de reconstruccion entre espectros
observados y reconstruidos. Al hacerlo, se mejora la inferencia de las posiciones espectrales
al representar los espectros en una variable latente, a partir de la cual se pueden obtener
directamente las posiciones espectrales a través de una relacion lineal fija. La capacidad de
adaptacion del modelo se prueba en simulaciones para casos de dos y tres sensores FBG en
serie, mostrando resultados prometedores en comparacion con otras técnicas que no utilizan
datos no supervisados. La adaptacion no supervisada del modelo se prueba cambiando los
parametros de simulacion y entrenando de manera no supervisada con los nuevos datos
con una relacion sefial-ruido de 20dB. El modelo demuestra una capacidad de adaptacion
prometedora tanto para arreglos en serie de dos y tres sensores, superando a otros métodos
de la literatura por mas de un orden de magnitud en términos de error absoluto medio. El
modelo también se evalua en datos experimentales de un arreglo serial de dos sensores,
igualando el rendimiento de un metodo de la literatura con mejor desempefio.



Abstract

A fiber bragg grating (FBQG) is a structure that is formed by modulating the refraction index
of an optical fiber’s core, which reflects a narrow range of wavelengths. By measuring the
shift in the spectral profile, FBGs can be used as sensors, as the shift is linearly related to
the changes in external factors, such as temperature and strain. An array of FBGs inscribed
in one or multiple fibers can be used to create a quasi-distributed sensor. Wavelength divi-
sion multiplexing (WDM) is a commonly utilized technique for multiplexing FBG sensor
arrays. In this method, each FBG sensor is assigned to a non-overlapping channel with a
specific bandwidth. The spectral shifts of the sensors are typically measured by utilizing a
broadband source and determining the peak from each channel reflection separately. The
number of sensors that can be supported by WDM is determined by the ratio of the source
bandwidth to the channel bandwidths. Techniques that allow for spectral overlap using
complex signal processing can partially overcome this limitation by allocating multiple
sensors per channel, referred to as spectrally-overlapped WDM (SWDM). Detecting the
wavelengths of FBG sensors in the context of SWDM is a challenging task due to the
overlap of the spectra, making conventional peak detection unable to obtain the spectral
positions in the case of high overlap. Machine learning solutions have been proposed in
the literature, but they require a high-quality, high-volume dataset; which can be hard to
obtain. This work proposes a model that can be trained on one dataset (pretraining) and
then adapted in an unsupervised manner using only the spectrum from another dataset
(finetuning), without requiring information on the spectral positions. In this manner, the
requirements on the confection of a dataset can be relaxed by not requiring spectral position
information by first pretraining on simulated data and then finetuning on real data. The
proposal is a convolutional neural network autoencoder (CNN-AE) designed to minimize
the reconstruction error between observed and reconstructed spectra. In doing so, improv-
ing the inference of spectral positions by representing the spectra in a latent variable from
which the spectral positions can be readily obtained through a fixed linear relation. The
model adaptation capability is tested in simulations for two and three FBG sensors in series,
showing promising results compared to other techniques that do not use unsupervised data.
The unsupervised adaptation of the model is tested by changing the simulation parameters
and training in an unsupervised manner with the new data with a signal-to-noise ratio of
20dB. The model demonstrates promising adaptation capability for both two and three
sensor serial arrays, outperforming other methods from the literature by more than an order
of magnitude in terms of mean absolute error. The model is also evaluated on experimental
data of a two-sensor serial array, matching the performance of the best-performing baseline
method.
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Chapter 1

Introduction

Fiber Bragg Grating (FBG) sensors are advanced sensing devices that use periodic changes
in the refractive index of optical fibers to reflect certain wavelengths of light and transmit
others. These sensors are highly accurate and reliable, able to measure various physical
quantities with precision [1]. Depending on the material and construction, they can have
a wide temperature range (-200°C to +1200°C), can withstand harsh environments, and
are resistant to electromagnetic interference [2]. FBG sensors are small and lightweight,
making them easy to install and integrate into various systems. FBGs can be distributed
along one or multiple optical fibers to form an array that functions as a quasi-distributed
sensor. They are widely used in industries such as aerospace, energy, transportation, and
structural health monitoring. The fundamentals of this technology are described in detail
in chapter 2. The simulation principles of FBG reflection spectrum are also presented,
together with an accurate simulation of the serial topology.

One manner to multiplex an FBG array is through wavelength division multiplex-
ing (WDM). In this multiplexation scheme, each sensor is assigned to non-overlapping
wavelength channels and is probed by a broadband source. Then each spectral position
is obtained by detecting the peak of the reflected spectrum. An alternative is spectrally
overlapped WDM (SWDM), a similar scheme to WDM where each channel contains a
fixed set of sensors whose spectra are allowed to overlap. In this case, the peak positions
are not straightforward to obtain, and instead, more advanced signal processing techniques
should be used. This multiplexation scheme allows using a larger number of sensors with
a trade-off in higher complexity of the demultiplexation scheme. SWDM is described in
detail in chapter 3 together with the demultiplexation strategies present in the literature.

One solution for SWDM demultiplexation is the use of regression models. These
consist of machine learning (ML) models that learn a mapping between an input and an
output in a data-driven manner. In this particular case, the input is the spectrum and the
output, or target, corresponds to the spectral positions. Artificial neural networks (ANN)
are a subset of ML models that are inspired by the structure and function of the human brain.
They are composed of layers of interconnected “neurons”, which process and transmit
information. By training an ANN on a large dataset, it can learn to recognize patterns and
make intelligent decisions based on that data. This work proposes an ANN-based solution
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in the context of SWDM. The necessary background knowledge about ANN is presented in
chapter 4.

Given the data-driven nature of ML models, they require a high-quality and high-volume
dataset for training. This can be problematic in a setting where data is scarce or difficult
to obtain in some scenarios. In the particular case of SWDM, a ground truth of the target
is not available and instead should be inferred from an external variable. The creation
of a dataset for training should account for the manipulation of a measurand, such as
tension or temperature, within the range of operation of each FBG and concurrent indirect
measurement of the spectral positions. In this work, we propose to relax this requirement
by an initial phase of supervised training on simulated data, termed pretraining, and a
subsequent phase of unsupervised training, termed finetuning. This process is known as
unsupervised domain adaptation and refers to adapting a model from one distribution of
data to another slightly different only by updating the model with the input data of the new
domain.

This work proposes the use of an autoencoder (AE) for this task. AE is a type of ANN
structure with two parts, an encoder and a decoder that are connected sequentially and
together approximate an identity mapping. AEs are designed to constrain the information
passed between encoder and decoder so that it implicitly learns an efficient representation,
referred to as a latent variable. The proposal is designed so that the target can be obtained
by a fixed linear relation to the latent variable, and that pretraining of the encoder on
a simulated dataset and posterior finetuning of the AE over a new dataset improves the
inference over the new dataset. To ensure that the latent variable maintains a meaningful
relationship with its previous representation after finetuning, certain constraints or biases,
known as inductive biases, are introduced into the model. The proposal of this work and its
design process is described in detail in chapter 5 together with the evaluation of its capacity
under simulated adaptation scenarios as well as early tests with real data.
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Chapter 2

Fiber Bragg Grating Fundamentals

2.1 Intuitive Principle

Color can be defined as the visual perceptual property derived from light interacting with
photoreceptors in our eyes. What we experience as color is actually light reflecting from
objects, and through this process light is modified, granting us with information about
the color of the object when it arrives at our retina. The color we perceive is generally!
determined by the light source shining onto the object and the wavelengths that are reflected
in the direction of our eyes.

But what properties do grant an object with a certain color? The most common way is
through compounds that absorb certain wavelengths. The observed color is then determined
by the remaining light reflected to the eyes. The color of rocks is determined by its mineral
composition, for example, cobalt and manganese gives pink, chromium deep green and
copper blue or green. Organisms usually achieves color by the use of pigments, molecules
specialized in the absorption of certain wavelengths whose production is learned trough
the process of evolution in order to achieve competitive advantages such as camouflage or
features that draw the attention of the opposite sex. Roses, for example, elicit certain colors
to attract their pollinators. Modifications to the gene that generated the pigment can induce
changes in the colors it absorbs, some can be seen in figure 2.1.

"For simplicity we do not consider optical illusions
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Figure 2.1: A blue Rose (left). Pigments responsible for the color of roses (right).

Some colors such as blue are specially difficult to achieve [3], this has led some species
to manage to evoke it in other ways. One interesting example is the Blue Morpho Butterfly
(see figure 2.2) that achieves this by the use of structural color, tailored to reflect the blue
color. It does this through scales with fine ridges whose cross section looks close to a
pine tree, with branches (lamelae) spaced with a periodicity in the order of the reflected
wavelength?. This structures can be seen in figure 2.2.
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Figure 2.2: The Blue Morpho Butterfly and the structures that grant it with its blue color.
Image taken from [5].(a) Blue Morpho’s wing. (b) Wing scales. (c) Single scale. (d)
Reflection spectrum. (c) Top view of ridges. (d) Side view of ridges showing the periodicity
of lamelae.

Some species, particularly of reptiles, take this one step further and use this to dynami-
cally change the colors of their skin. A classic example is the chameleon’ [6] (see figure

2See [4] for an appropriate derivation of the effect.
31t is actually a misconception that they employ this as camouflage.
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2.3), that has three-dimensional structures of crystals whose distance can be modulated by
contraction and relaxation of muscles, and by extension modulate the elicited color. This
structures can be seen in figure 2.3.

Male m2 Male m2
“(Telaxed) o & & (excited)

X

Figure 2.3: (a) Two chameleon displaying their change of color, (b) The range of hue
change of chameleons and (c) a cross section of its skin. (d) Images of S-iridophores
structures in relaxed and exited states paired with three-dimensional models; and (e) an
image of the D-iridophores structure. Taken from [6]

As a proxy for understanding this phenomenon, we can look at the Bragg’s law. It
states that a crystal lattice with a coherent light shone onto it will elicit peak reflectance
for a set of incidence angles, dependent on the spacing between lattice planes. This set of
angles is characterized by the Bragg’s condition given by An = 2d sin(f) where A is the
wavelength, n € N the diffraction order, d the distance between planes and 6 the angle of
incidence and reflection of the light?, this is depicted in figure 2.4. This relation is derived
by noting that the path difference that generates an integer number of wavelengths will
interfere constructively. This phenomenon is similar to iridescence, where instead of layers
of atoms we have a thin film that, when shone with a broadlight source, elicits a color
pattern given by colors destructively interfering at determined angles.

“Note that even though atoms reemit on every direction, since we assume lattice planes, the added effect
is of specular reflection. This conclusion comes from the Huygens—Fresnel principle.
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Figure 2.4: Section of a crystal lattice and depiction of specular reflection. Both incidence
and reflection angles are 6.

A distributed Bragg reflector (DBR) is a periodic structure comprised of a material with
periodic varying effective refractive index that elicits a reflection spectral profile. These
are often constructed by alternation of two materials with different refractive index and
thickness, which are chosen to tailor a desired photonic stopband. A common choice is the
quarter-wave mirror [7] constructed such that a desired wavelength with normal incidence
has a A\ /4 phase change in each of the layers, in this manner all reflections interfere con-
structively with each other.

As an example, consider a DBR constructed from alternating layers of a two dielectrics
as depicted in figure 2.5. In particular we choose glass as high refractive index (n;) medium
and air as the low refractive index (n;) medium, making n; ~ ng. This will allow us to
understand the functioning principle of DBR as well as a simplified version of the blue
morpho’s scales. Lets first consider the first interface, here A has a 7 phase change since
it is a Fresnel reflection between a low and high refractive index media, B has a 7 phase
change given by the traversal of the layer and no interface phase change since the following
is a high to low refractive index interface. On the other hand, C has a 27 phase change
given by the two layers it traverses and a m phase change given by the low to high refractive
index interface reflection. As can be seen; A, B and C all have the same phase; making
their interference constructive, the same is true for D which can be easily checked.
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Figure 2.5: DBR with two alternating layers (N = 2), with an incoming wavelength and
the direct reflections from every interface. Internal multiple reflections are not depicted.
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The normal reflectance in each interface is given by p = (%) [8] and the transmit-

tance is 7 = 1 — p. Note that the reflactance of a single interface is very small, in the order
of 4 x 1072 (considering nj, = 1.5 and n; = 1). The total reflectance is given by

N+1 1 — 72(N+2)
P:p+p72+p74+p76:p272”:,0 - (2.1)
n=0

For our example, where the number of alternated layers is N = 2, this structure in-
creases the reflection of a single interface close to three times. If we take a larger number
of layers, closer to that of Blue Morpho’s lamelae, which are in the order of N = 10, we
get a reflectivity close to 40%. Note that this results are just an approximation since for
simplicity of the example we have not considered the internal multiple reflections. We will
see a proper approach to solve this in section 2.4.

2.2 Uniform FBG

FBGs are a subset of DBRs constructed by inscription of a periodic modulation in the core
refractive index of an optical fiber. The most basic FBG is the uniform FBG, which consists
of a fiber section with a constant sinusoidal modulation of the core refractive index, which
can be modeled as n(z) = n; + dn(z) where n; is the unperturbed core refractive index
and the perturbation is given by

on(z) = Ang. + Ang. cos (%Tz> (2.2)

where z € (0, L) is the axial distance with L the FBG length, Ang. and An,, are the DC
and AC components of the modulation amplitude and A is the grating period. The AC
component is usually related to the DC component through An,. = vAng. [2], [9], where
v is the fringe visibility °. This perturbation is visualized in figure 2.6.

>We choose not to use this relation, since zero-dc grating manufacturing is possible.
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Figure 2.6: Perturbation of the refractive index for a uniform FBG.

This kind of perturbation produces an amplitude reflectivity for single mode operation
characterized by [2], [9]:

—r sinh(sL)

A pr—
PN o sinh(sL) + iscosh(sL)

(2.3)

where 6 = Af3 + o is the self-coupling coefficient, A = 3 — £ is the detuning wavevector

with § = mTeff the phase constant, where n.¢s is the effective refractive index. s is a
parameter defined as s 2 /k2 — 62 and the AC and DC coupling coefficient are x =
TAngnand o = %Andcn with 17 a modal overlap factor [10], which for this case is the
power confinement factor. From the amplitude reflectivity we can get the power reflectivity
R = |p|? given by

k% sinh?(sL) k2 sinh?(sL)

R(\) = = 2.4
9 62sinh®(sL) + s2cosh®(sL) k2 cosh?(sL) — 62 &8

An example of the power reflection spectral shape of an FBG can be seen in figure
2.7, as can be seen it has a shape similar to a sinc function with a mainlobe and smaller
sidelobes surrounding it.
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Figure 2.7: Power reflection spectral shape of a uniform FBG with low saturation.

Note that both reflectivity expressions are dependent on the wavelength A\ through the
detuning wavevector which can be reformulated as A = 2mn.z¢(5 — i), where \p 1s
the Bragg wavelength defined as A = 2n, 7. The reflectivity is maximized when ¢ = 0

where it takes the value R,,,, = tanh?(xL) at the wavelength \,,., = (1 + M) AB

Neff
[9]. Note that A\g = A, only when Ang. = 0.
The normalized bandwidth as measured between the first two zeros is given by [9]

2
Ao :nAnaC\/1+ < AB ) 2.5)
A Neff nAnacL

There is no analytical characterization for the full-width-at-half-maximum (FWHM)
bandwidth A\. However, there is an approximation given by Othonos[1] but its deduction
is not clear, and in the simulations shown later in this Thesis yielded significant deviations.
Othonos’s approximation seems to be based in the fact that for high saturation the mainlobe
is close to a rectangular function, making A\ ~ A\, while for lower saturation it has a

shape close to a Gaussian (see figure 2.7), making A\ < A)q. This makes a reasonable
approximation to be defined as

AN = S(C)AX (2.6)

where S : Rt +]0,1] is a saturation function that maps ( £ kL to a proportion
value. Othonos uses the approximation S ~ 1 for strong gratings and S ~ 0.5 for weak
gratings. This is a coarse approximation since there is an smooth transition between weak
and strong gratings. Instead we choose to approximate this saturation function as described
in appendix A.1.

An FBG can have a change in the period of the grating along its length, which is known
as chirp. This thesis does not account for chirp because no chirped gratings are used in this
work. For more in depth characterization of uniform FBGs and chirped FBGs refer to [2],
[9]. A miriad of FBG structures exist, which complexify over the uniform FBG, such as
apodized, chirped, phase-shifted, long period gratings (LBG) and superstructure gratings.
For characterization on these, refer to [2], [9].
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2.3 Coupled Mode Theory

The characterization from the previous section are obtained through coupled mode theory
[11], [12]. From this perspective, the perturbation in the core of an FBG generates cou-
pling between modes, which on an unperturbed fiber would not interact. For the case of
a uniform FBG, the coupling is between a forward propagating mode and its backward
propagating counterpart. In this section, we will outline a comprehensive understanding
of applying coupled mode theory to arrive at those results. A derivation of coupled mode
theory fundamentals is beyond the scope of this work. For the interested reader refer to [12].

Here we take a more general definition of the refractive index perturbation that includes
chirp, which is a change in the grating period along its length. Then the refractive index
perturbation is modeled as

on(z) = Ange + Ange cos <2X—Z - gb(z)) (2.7)

where the chirp is quantified as a phase change ¢(z) dependent on the longitudinal position.
The results presented here bellow can be obtained for arbitrary spatially periodic nonsinu-
soidal perturbations by decomposing them as a Fourier expansion [2] and then following
analogous deductions.

We can express the electric field as a superposition of forward and backward propagating
modes as [9]

Ey(z,y,2,1) = Z[Aj(z)ei/’)jz + Bj(z)e_wjz}gjt(x, y)e "t (2.8)
J

where A;(z) and B,(z) are the amplitudes of the forward and backward propagating jth

—

mode and &;; represents the radial transverse field distribution of the jth mode. The
exchange of energy between modes is described by the coupled wave equations® [9]

% Assuming slowly varying amplitudes.
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K (2.9)

dBJ(Z) _ ZZAk(Z>(Kk]( ) Kz ( )) i(Br—Bj)z
k | (2.10)
i3 Bul2)(Ey(2) + Kiy(2)7)e )7

the coupling coefficients K} ;(z) and K} ;(z) quantify the energy exchange. The transverse
coupling coefficient Kj;(z) is given by [9]

Kiy() =% [ [ dctony. 6oy @11

where Ac is the perturbation to the permittivity. The longitudinal coefficient K ,‘jj(z) 1s
generally negligible [9]7. Assuming the refractive index perturbation is bounded to the core
we can describe the transverse coupling coefficient as [9]

Kiy() =2 [ [ Actoy. 6oy 212)

core

Using the approximation® Ae ~ 2ndne, valid when dn < n, we have that the transverse
coupling can be expressed as

2
K;(2) = ok;(2) + 264(2) cos (Kﬁz + ¢(z )) (2.13)
where the DC and AC coupling coefficients are defined as
wn,
75(2) = “Fretnan(2) [ [ Gududy (2.14)
Kij(2) = ﬂé‘OAnac / fktf ydrdy (2.15)

core

For the single mode case, where a forward mode with amplitude A(z) couples with a
backward mode with amplitude B(z) the coupled mode equations can be rewritten as [9]

dR(z)
dz

= 16(2)R(2) +ik(2)S(2) (2.16)

"The expressions for the longitudinal coefficients can be found in [12]
8This approximation is obtained from Ae = g A(n(2)?) ~ 2eogndn(z) with € = €,£9 and n? = ¢,

12
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dfl(j —io(2)S(2) + ik (=) R(=) 2.17)

where a synchronous transformation was used, characterized by the substitution R(z) =
A(2)e??Pz=¢/2 and S(z) = B(z)e *A8#+9/2. The AC coupling coefficient is x(z) =
Kij(%)|i=j, the DC coupling coefficient is 0(2) = 0;;(2)|;—; and the DC self-coupling is
defined as

1dg(z)

2 dz

Arbitrarily complex FBG structures can be characterized through coupled-mode theory
by solving the coupled-mode equations 2.16 and 2.17 through numerical methods, such
as the fourth order Runge-Kutta method [13]. Analytical expressions exist only for the
uniform case as characterized in section 2.2. In the following section we will present an
approach to obtain analytical approximations beyond the uniform profile.

5(2) 2 AB + o) -

(2.18)

There are grating structures tailored to couple modes beyond the forward fundamental
mode and its backward counterpart, for example, LPG couple core modes and cladding
modes. An analogous approach must be followed from the coupled mode equations 2.9
and 2.10. For examples on these refer to [9], [13].

2.4 Transfer-Matrix Method

The Transfer-Matrix method is a computational method used to calculate electromagnetic
waves interaction with stratified medium [8]. In this context, it consists in approximating
an arbitrary FBG structure as a piece-wise uniform FBG, each section can then be fully
characterized through a transfer matrix defined as [9]:

T, — cosh(s'lg - 0> sinh(sl;) —y Slr'lil_(s‘lj) (2.19)
i~Z sinh(sl;) cosh(sl;) + i} sinh(sl;)

where the coefficients with subscript j are the coefficients defined in section 2.2 of the j-th
section. The counter propagating fields at each interface are related as

aj|l _ | Q-1
b)-nls

as depicted in figure 2.8. Then a piece-wise uniform FBG can be fully described as

[‘b‘j T [ZE] 2.21)

Too 1 !
00 do1 H
T T _ ...T T' 2.22
(310 711) e 1 j=J ! ( )

T

and the field reflectivity can be characterized as p = by/ag = T1o/T11 by assuming b; = 0.
A piece-wise approximation is depicted for an apodized FBG in figure 2.8 where J = 5.

13
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An apodized FBG has a spatial modulation of the grating with a peak at the center and with
decreased amplitude to the sides. This has a sidelobe suppression effect over the reflection
spectral shape which is desired in most applications.

1T =il ||

Figure 2.8: Uniform FBG (left). Apodized FBG discretized as a series of 5 uniform FBGs
with varying modulation levels (right).

Another interesting FBG, which we can characterize in this way, is the phase-shifted
FBG [9]. This is an FBG with a discrete gap in the grating that has the effect of adding a
bandpass notch inside the stopband of the FBG. This is modeled as a phase shift matrix of

the form
e_% 0
Fy= ( w) (2.23)
0 e2

where the phase change of a gap of length Az is given by °

2 A

O _ 2Mnepp p (2.24)

We can also characterize a lossy section, where the field power is scaled by a constant as
P, = aP;, with a € [0, 1]. The equivalent matrix form that relates the fields of such a
section, refered as transmissivity matrix, is given by

F, = (\{)a \/?/—O) (2.25)

2.5 Fabrication

The first demonstration of FBG inscription, known as internal inscription [1], consists in
using a narrow source on a fiber. The incoming light in the fiber interferes with the reflected
light at the end of it creating an standing wave interference pattern. The high intensity
peaks start generating fringes in the refractive index of the core until an FBG is formed.
The periodicity of the grating is given by the standing wave wavelength A = \,, /2, where
A 18 the source wavelength.

Note that this only holds true for gaps below the coherent length, we will address larger gaps in section
2.9.1

14
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Inscriptions are possible thanks to photosensitivity, a phenomenon by which a material
changes its refractive index or opacity permanently due to exposure to certain wavelengths.
The photosensitivity to ultraviolet (UV) is usually increased for the purpose of FBG manu-
facturing through doping with rare earths or through hydrogen loading [2]. Then, UV light
shone onto it will produce permanent local increases of the refractive index proportionally
to the intensity and the exposure time.

Internal inscription is substantially limited as only weak gratings can be inscribed
and the possible fringe periods are dependent on the photosensitive range of wavelengths.
Furthermore, it requires a variable wavelength source to change the inscribed fringe period.
An alternative to improve this is external inscription (EI), also known as interferometric
inscription, in which an interference pattern is focused onto the core of the photosensitive
fiber from its side.

Amplitude-splitting inscription [1] is one type of EI, in which a beam is split in two
and each beam is redirected with mirrors to arrive at the inscription point with an angle
between them. Cylindrical lenses are used to focus each beam into the core and to produce
an interference pattern in it. This inscription method requires a source with high coherence
length and for the paths of the split beams to have phase changes as similar as possible. An
example of this scheme is shown in figure 2.9. The period of the inscribed fringe is not
dependent solely on the source wavelength \,, but can also be controlled through the beam
angle ¢ as
Aw

A= —
2sin @

(2.26)

Splitter Mirror Fiber Source

l Phase Mask

Fiber

Figure 2.9: Amplitude Splitting interferometer (left). Phase-mask Interferometer (right).
The size of the elements are exagerated for ilustration purposes.

Another similar approach is through the use of wavefront-splitting interferometers [1].
In this approach a source is spatially split by reflecting half of the wavefront, in order to
have an angle with respect to the other half of the wavefront, which produces an interference
pattern between them. The reflection can be obtained either with a mirror perpendicular to
the fiber or with a prism that achieves the same effect. The fringe period can be tailored
through the angle of the incoming beam.

One of the most used alternatives is phase-mask inscription [1], [2] in which a photo-
mask 1s used to produce the interference pattern. A photo-mask is a diffractive optical
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element that works in a similar way to the classical double slit experiment. A photo-mask
can be constructed from a silica glass slab with a rectangular periodic corrugation etched in
one of its sides as depicted in figure 2.9. The corrugation pattern can be tailored to generate
complex fringe patterns, such as chirps and apodizations with great precision.

Sequential writting is possible through the point-by-point technique in which the fringes
are inscribed one by one by a beam focused onto the core of the fiber. The source is
controlled in an on-off fashion by a slit and the fiber is longitudinally translated by a
precise motorized setup. This setup has greater flexibility and allows the inscription of
more complex structures such as spatial mode converters, polarization mode converters and
rocking filters [1]. This flexibility comes at a trade-off with grating spacing precision due to
susceptibility to ambient noise and temperature, allowing only short fringes to be inscribed.
More recently femtosecond lasers have been used to manufacture FBGs showing greater
thermal stability and flexibility to inscription in different fiber types, even on non-doped
fiber [14]. See [2] for an in-depth review of manufacturing processes.

2.6 Sensing Principle

As described in section 2.1, chameleons are able to modulate the elicited color of their
skin by means of contraction of the crystal arrays inside their skin. Similarly, FBG spectra
can be subject to wavelength shift by means of actuation upon them. In particular any
change over the refractive index or the grating period will have a shift effect over the FBG
spectrum, and because of this they have great sensitivity to temperature and axial strain.

FBGs are used in the context of optical communication system (refer to [10] for more
detail on applications in this area), but here the stability of the reflection spectrum is
desirable, making the susceptibility to its environment a problem. Because of this, FBGs
used in this context must be adequately isolated from such perturbations.

The susceptibility to its environment makes FBGs an excellent candidate for sensing.
The sensitivity to temperature and strain can be understood through the fiber elastic, elas-
tooptic and thermooptic properties [10]. The strain response is linear while the temperature
is slightly nonlinear for high temperatures [10]. This relation can be expressed as a shift
of the Bragg wavelength A)g linearly dependent on the axial strain change!® Ae, and
temperature change AT as

A)\B = \Ifng{-:z + \IJTAT (227)

where V. and Ur are the axial strain and temperature sensitivities. Sensitivities are in the
order of 1[pm/ue] for ¥, and in the order of 10[pm /K] for U [1], [10].

Beyond temperature and strain, there is sensitivity to hydrostatic pressure P and to
changes in the cladding refractive index ns [2]. Further sensing applications can be achieved

10The axial strain is defined as ¢, = %
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by using appropriate coating that transduce the measurand to strain or temperature [10].

To deduce a sensitivity to a certain measurand X (e.g., temperature or strain), the
functional dependence to A can be obtained through its effect over n. sy and A by derivation
of the expression A\p = 2n.sA as

dne ff dA\

d)\B
feff dX ( )

dx T dx

The relation between A\ g and AX can be expressed as [2]

dA\
Alp = d—)?AX — Ag(an, + apn)AX (2.29)
where the normalized sensitivities for refractive index and grating period are given by
oy, = ﬁ% and ap = %%. For the case of strain, the sensitivity is given by [1], [10]

V. = Ap(l - pa) (2.30)

with the stress-optic coefficient given by

2
Nerr

2

Pa = (P12 — v(p11 + p12)] (2.31)
where pi, and p;; are coefficients of the stress-optic tensor and v!! is the Poisson’s ratio.
For the case of temperature, the sensitivity is given by

\IJT = )\B(Oén + OéA> (232)

Here the coefficients have the same meaning as defined previously, but in this context a:p
and o, take the names thermal expansion coefficient and thermo-optic coefficient.

Although analytical expressions for the sensitivities exist, exact parameters for a given
fiber are not readily available. Because of this, the values for the sensitivities are usually
obtained through calibration.

There is no direct way of decoupling the measurement of a single FBG into the
components attributed to each measurands. But, in some cases, it is possible to insulate
the FBG in order to make it insensible to one of the measurands. For example, with an
insulator coating we can neglect the effect of temperature change. The other alternative
is to have m FBGs in the same location, this allows to construct a sensitivity matrix W
that relates the spectral shifts AA\g = {AAp, }i—f1.... m} and the measurands change AX
like AAp = WA X. The measurands can be obtained from the spectral shifts by inverting
W, in order to be invertible it must be rank M/, this 1s achieved if the FBGs have different
relations between their sensitivities. For more details refer to [1], [2].

"Note this is not the same as the visibility defined in section 2.2
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2.7 Interrogation

The great sensitivity, immunity to electromagnetic interference, low insertion loss and
wavelength encoding make FBGs ideal to be used as sensors. Interrogation can be made
with an optical spectrum analyzer (OSA) by measuring the peak reflectivity wavelength
shift. For a review on peak tracking techniques from OSA readings of an FBG refer to [15].

In practical applications, this option is often not sufficiently compact or economic. An
alternative is the edge filter. In this scheme, a filter with a linear transition band is used in
order to characterize the variation in the Bragg wavelength with the variation in intensity
(see figure 2.10). There is a trade-off between the resolution and the dynamic range by
means of variation in the cutoff slope. Another option is the tunable filter, in which a

tuneable filter is used in a closed loop control system by locking it to the Bragg wavelength
(see figure 2.10).

1 Ve T — 4 FBG / Tl;j;able
j : : ilter
signal ..-"\ Edge filter Bignal :

>

Figure 2.10: Principle of the edge filter method (left). Principle of the tunable filter method
(right). Taken from [16]

Another option is the interferometric scanning scheme. Here the change in Bragg
wavelength is characterized by a change in phase of the interferometer’s output. The
operational range is characterized by the free spectral range (FSR), which is the period of
the phase with respect to the wavelength. This scheme can be extended with two levels of
resolution to increase the operational range without a compromise in resolution.

" FBG

) Interference
signal - s signal
:‘ 4 .." ;1‘ _.: » "_.
A A
FSR
P

Figure 2.11: Principle of the interferometric scanning method. Taken from [16]

For more details on these interrogation schemes refer to [16]. Inter-FBG measurements
are also possible, for details on this, together with more point-like interrogation schemes,
refer to [17].
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2.8 Quasi-distributed Sensing

A quasi-distributed sensor can be constructed by using multiple FBGs. In this context,
each FBG is used as a point-like sensor and they are distributed spatially to have a discrete
measurement of a line, a manifold or a volume. In this section, we will outline the
alternatives for the topologies and multiplexation schemes used for FBG arrays.

2.8.1 Topology

FBG arrays can be connected in different ways, this is known in this context as topol-
ogy. The basic two topologies are serial and parallel, depicted in figure 2.12 and figure
2.12, respectively. Each topology has different tradeoffs in terms of used components and
crosstalk between sensors, these will be discussed in more detail in the following section.
More complex topologies can be constructed as compositions of these basic topologies. An
example can be seen in figure 2.12. For more examples refer to [18].

FBG, FBG, FBGy,  FBGy FBG

Source —{f ¥}——HH—HH— —HHH—HHH N .
Source Splitter '

FBG,

Sink Sink

FBG,
XN FBGu FBGnm I I I I I

......... 1xXN :
Source Splitter _I'H'H_ Source X FB:G
Switch N
i i HH

FBGNm FBGyy
......... _H.H.I_
Sink Sink

Figure 2.12: Serial FBG array topology (top left). Parallel FBG array topology (top right).
Parallel-Serial FBG array topology (bottom left). Example of Spatial Division Multiplexing
in a parallel topology (bottom right).

2.8.2 Multiplexation

An FBG array can be interrogated as described in section 2.7, but the signals from each
sensor must be separated to obtain the individual wavelength shifts. The means by which
the separation is performed is known as multiplexation.

The more straightforward multiplexation scheme is Wavelength Division Multiplexing
(WDM). In this scheme, a serial FBG array has each sensor tailored to assigned non-
overlapping channels with bandwidth AAg; given by the expected maximum displacement
or by the full dynamic range of each FBG. Then, the spectral shifts are inferred from each
channel. Between adjacent channels there is a guard band (GB) allocated to evade crosstalk.
A depiction of the WDM spectra can be seen in figure 2.13.
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Alp

i+1

B

(3

Figure 2.13: Spectrum of two FBG channels from a WDM FBG array. Ap; are instances of
Bragg wavelengths from the j-th FBG. A\, is the bandwidth of the j-th channel.

The number of sensors ) supported by this scheme is proportional to the ratio between
the broadband source bandwidth and the channel bandwidths plus the guard bands (GB),
satisfying the following equation

Q
D> Adg +(Q—-1)GB =AM, (2.33)
1=1

where A is the bandwidth of the source and A\ p, is the bandwidth of the i-th channel.
If each sensor is allotted an equal channel bandwidth A\, then the maximum number of
sensors 1s given by

AXs + GB

Q_A)\B+GB

(2.34)

For more details refer to [19].

Time Division Multiplexing (TDM) is another Multiplexation scheme. This is based
on the difference in optical path induced by the spacing of multiple FBGs. When a light
pulse is sent through them, the TDM-multiplexed array reflects a train of pulses with
different delays. The spectral shift can then be extracted from each of the reflected pulses
sequentially. In this case, all FBGs can share the same Bragg wavelength, but they must
have very low reflectivity. The effective reflectivity of the main reflection from the i-th
FBG is given by

Ri(\) =R\ ][50 (2.35)

Where R;()\) is the reflectivity of the i-th FBG and 7;(\) = 1 — R,;(\) is the transmittance
of the j-th FBG. The transmittance terms produce a type of crosstalk called spectral
shadowing, which is produced by the modification of the source spectrum by means of
the reflected spectrum on downstream FBGs. In addition to the main reflection of each
FBG, there will be multiple reflections between different FBGs that will arrive in the
same window slot allotted to one FBG. This is known as multiple-reflection crosstalk.
Generally first-order reflection are relevant, while higher-order crosstalk is negligible for
small reflection FBGs. An example of the different types of reflections is depicted in figure
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2.14. If in this case the distance between the sensors is the same, the path (b) and (c¢) would
arrive simultaneously at the fiber input,generating crosstalk.

FBG

{) [UPPPP {

FBG,
¢ \ 4 \ 4 \ 4

= @ ©®) ( (@ (¢ () (9 (h)

Figure 2.14: Paths in a TDM serial FBG array. (a) and (b) are the single reflection paths
from FGBs 2 and 3. (¢) to (g) are examples of first-order multi-reflection paths. (k) is an
example of higher-order multi-reflection path

A TDM array must meet the following design requirements. The reflectivity from
each FBG must be sufficiently small for the reflection from the last FBG to have enough
incoming light, leading to an adequate SNR level on arrival to the detector. The width
of the pulse At must be shorter than the time taken for the light to traverse the distance
between adjacent FBGs twice to ensure that the main reflection pulses do not overlap. This
is given by

At < max AT; (2.36)

i€[2,..,Q]
where AT; is the time light takes to traverse a roundtrip in the ¢-th gap, given by AT; =
2AL; 7L and Al is the distance of the gap. On the other hand the period between pulses

C

T must be greater than the time of the ()-th reflection roundtrip. This is given by

Q
T>3 AT (2.37)
1=1

TDM-based FBG arrays can be constructed with large () values but they have some
limitations. These are mainly (i) in the time resolution, limited by the need to wait for
all the reflections to arrive at the reciever before sending another pulse, (ii) in the spatial
resolution, limited by the need for sufficient spatial distance to avoid reflection overlapping,
and (iii) in the wavelength shift resolution, limited by the pulse length. The crosstalk can be
ameliorated substantially by the use of couplers and parallel lines for each FBG or by com-
pensating the spectral shadow with the information of downstream spectra [20]. Another
improvement can be obtained by the use of code division multiple access (CDMA) [21],
which allows for a substantial reduction in the sampling period by sending pseudorandom
bit sequences.In this case, each instance is called a ”chip” and the spectrum of each FBG
can be obtained by correlation with previously sent chips. The number of FBGs that can be
addressed by chips of length C' is given by ) = 2¢ — 1.
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Another multiplexation option is Spatial Division Multiplexing (SDM), where each
FBG is in different optical lines, which are interrogated sequentially by means of an optical
switch. This topology can be seen in figure 2.12. Further increases in capacity can be made
by using composite multiplexation, where two or more multiplexation schemes are used.

2.9 Simulation

Simulation of arbitrary FBG structures is possible either by solving the coupled wave
equations 2.16-2.17 through numerical methods, or by using the transfer matrix method
and approximating an FBG as a concatenation of uniform FBG with varying characteristics.
In this work we focus just on the uniform case with no chirp, so the characterization from
section 2.2 is sufficient.

For simulation purposes, we parameterize an uniform FBG by its Bragg wavelength
Ag, by its peak reflectivity R,,.., its FWHM wavelength A\ and by its core effective DC
refractive index change Ang.. To simplify our analysis we choose to set Ang. = 0 since in
this way there is no offset between A\g and \,,,... We must also set some characteristics of
the fiber, such as core and cladding refractive indexes and core radius, by typical values in
order to obtain the values of n.s¢ and n. The values used in this work are specified later in
section 5.1.1.

From R,,,. we can obtain  as ( = arctanh(y/Rq. )- The core effective AC refrac-
tive index change An,. for a given A\ can be obtained from equation 2.6 by using the
approximation A = A\g = \g, where ) is the wavelength at the center of the simulation
range. It can be shown that, given this assumption, the AC refractive index change is given

by
AN 1 2\ 2
A ac — Rets 1 (i> 2.38
e = S<<><+c (259

with this, we can compute the values of x, o, L and s. From this we can compute the value
of the power spectrum R()\) for a given A\. We then compute the power spectrum for N
equidistant points in the range A € [\g — A, Ao + A], and with this we construct a spectrum

vectoras r = {R(\), -+, R(An)}.

If instead an apodized FBG is simulated, with sufficient sidelobe suppression, it can be
adequately approximated by a Gaussian function [22] given by

A—Ap]?
R(A) = Ryazexp | —4In(2) { N ] (2.39)

and the spectrum vector r can be constructed analogously.
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Another approach for creating synthetic individual spectra is what we term pseudo-
simulation. This method involves measuring the spectral profile of a real FBG sensor, that
is then shifted according to the spectral position of the simulated instance.

2.9.1 Arrays

In the previous section, we described how to simulate the reflection spectra of a single
sensor. In this section, we explore how to simulate an array of sensors in two topologies,
namely, parallel and serial topologies. The results of this section could be extended to any
topology by following analogous deductions.

Simulating a parallel array is straightforward, as there is no interaction between different
sensors, so their reflectivity are just added together as

Q
T = Z ar; = A- R (2.40)

7

where R = {r;}i={1,.. o} is the Q x NN spectrum matrix with r; the spectrum vector
of the i-th FBG, and A = {a;},—f1,... ¢} is the () x 1 transmissivity vector with a; the i-th
transmissivity, that accounts for round trip attenuation and the power splitting proportions
between the parallel lines given by the optical splitter. Because of this, it must be ensured
that sum(A) < 1.

On the contrary, the simulation of a serial topology is not so straightforward, as there
are resonances inside of each cavity, as can be seen in figure 2.14. One naive approach is to
use a recursive approach that joins the effect of sensors in a serial manner by incorporating
the resonance between each pair of sensors.

To understand this, lets look at the case for just a pair of sensors. The total reflection will
be given by the first sensor reflection plus all the infinite reflections on the second sensor,
given by the cavity created between the two sensors. This is expressed mathematically as

oo

v=ri+ (1—r1)ry Y (rira) (2.41)
§=0

We can notice that the last summation term is a geometric series (with 7,7, < 1), making
the expression equivalent to

o

r=r +(1—7r)° (2.42)

1—7“17”2

By extending this idea for a serial array of () sensors and adding the transmissivity of the
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fiber in between sensors, we can simulate the joint reflectivity x = 7¢ by iterating over

a;T;

Fi =T+ (1 —7_1)? (2.43)

1 — 7:@_1&7;7"1'

fori € [1,...,Q] with 7y = 0. Although a good approximation, this naive approach does
not achieve perfectly accurate results, as the reflectivity characterization assumes that the
incoming field after the sensor is null, as we saw in section 2.4. A similar approach to this
is proposed in [23], but consists in neglecting higher order reflections.

To make a rigorous simulation of the serial array we must use the Transfer-Matrix
Formalism. The reference [24] follows this approach, but fails to take into consideration the
gap between sensors, essentially simulating a concatenation of FBGs and neglecting in this
way any cavity effects. As we saw in section 2.4, we can simulate a gap as a phase change,
characterized by a phase shift matrix Fy, but this assumes perfectly coherent sources and in
consequence gaps beyond the coherence length of the source are not well characterized in
this way.

To simulate incoherent gaps we turn to thin film physics where there is literature re-
garding this [25]. To obtain the true reflection spectrum, the result must be integrated
over the possible phase changes of each gap. This can be approximated to the desired
level of accuracy by taking an adequate number of random phase changes for each gap
and averaging the result [26], [27]. This approach is computationally expensive and with
a growing expense with number of sensors. One way to alleviate this computation is by
sampling an equidistant set of phases ¢; € [0, 2] for each gap as proposed in [28].

An approximation that is adequately close to the true value, but with negligible compu-
tational cost, consists in constructing power transfer matrices from the amplitude transfer
matrices [25], [27]. Given a j-th layer with complex amplitude reflectance p; and transmit-
tance 7;, its amplitude transfer matrix can be expressed as [25]

T, =~ (1 , 7 ) (2.44)

) 2
i \Pj Tj = Pj

This expression is related to the transfer matrix defined in section 2.4 by T; = Tj_l.
This means that it expresses the fields on the left of the section in terms of the fields on
the right. An approximation for the incoherent layer can be made by constructing a power
transfer matrix 7; by replacing the terms in T; by their square amplitudes as [25]

Ti= 1 (1 P ) (2.45)

42 2
TJJT]

Using this result to express the total power transfer matrix 7 of the serial FBG array and
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considering attenuation, is then given by

Q
T_ (760 761) _ HAﬂ; A, = (\/1/&3' 0 ) (2.46)
j=1

Tio T 0 N

where A, is the power transmissivity transfer matrix. Note that A; is related to the
transmissivity matrix defined in section 2.4 as A; = FO;1 with a =, /a;. As this implies,
this is a section with a power transmissivity of ,/a;, we choose this, as in this way the
effective transmissivity over the roundtrip before the sensor will be a;. The total reflection
spectrum vector can be calculated as x = T19/7qo. A recurrent equivalent of this method,

similar to the naive approach proposed at the beginning of this section, is shown in algorithm
.

Algorithm 1 Serial Recurrent Joint spectra

Require: 71,--- ,rg,a1, -+ ,aq
r<0,t<+1 > N-sized vectors
fori € [1,...,Q] do
F+ 1/(1 —a;rr;)
r<—1r 4 a;rt’F
end for
returnr
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Chapter 3

Spectrally-overlapped Fiber Bragg
Gratings

A quasi-distributed sensor can be constructed by using an array of FBGs as we saw in
section 2.8. The multiplexing of several FBGs can be made by WDM, which has an intrinsic
limitation in the number of sensors it can support given by the source bandwidth and the
bandwidth allocated to each sensor. This limitation can be ameliorated by multiplexation
schemes that extend the capacity of WDM by allowing multiple FBGs to be alloted in
each spectral channel. The spectral overlap of a certain number of FBGs is allowed by
requiring sufficient spectral differentiation and processing the spectrum to infer the Bragg
wavelength of each sensor.

The most straightforward approach is to tailor a code in the spectra that can be easily
separated even in presence of overlap. To the best of our knowledge, the first proposition in
this direction is ’Intensity and Wavelength Dual-Coding” [29], in which a 2-FBG system
has a second dual-peak FBG tailored to have lower reflectivity and two adjacent main
lobes. This allows detection of at least one of the peaks for all levels of overlap, and in
consequence the unambiguous detection of each sensor spectral shift.

A similar approach but scalable to any desired number of sensor is proposed in [30],
by means of orthogonal spectral codes based on binary sequences of adjacent peaks. The
spectral position of each sensor can then be extracted by finding the crosscorrelation peak
with its corresponding spectral code. In a follow-up work this idea is extended by adding
the possibility of phase encoding each lobe [31]. Another similar technique, known as
Spectrally Coded Multiplexing (SCM) [32], is based on multiplexing in the Fourier domain.
In this scheme each FBG spectral shape is tailored to occupy separate channels in this
new domain, whose refractive index modulation can be obtained through inverse scattering
algorithms [33].

The other direction is to use standard uniform or apodized FBGs and use more computa-
tionally expensive signal processing schemes to extract the individual central wavelengths.
Although this approach is generally referred simply as WDM with spectral overlap, there is
no unified term to refer to this kind of demodulation scheme. Some names that reference
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this same demodulation are ”"WDM with amplitude-wavelength dual coding” [34], ”Spectral
Profile Division Multiplexing” [35] and "Intensity and wavelength division multiplexing’
(IWDM) [36]. There is a requirement for the spectral profiles to be sufficiently different to
be discerned from each other, which is usually done through the intensity values. Although
this is a good approach and most literature uses this approach of differentiation, we will
use the term Spectrally-overlapped WDM (SWDM) as it includes a broader set of differen-
tiation beyond just intensity. We will outline a more precise formulation of the problem
that SWDM tries to solve, as well as survey in detail the approaches taken in the literature.

9

3.1 Formulation

Conventionally WDM of FBG sensors requires no overlap on the FBG spectra for conven-
tional peak detection (CPD) techniques to have adequate results. Otherwise, there will be
crosstalk between overlapped channels, and in consequence error in the peak estimation.
SWDM consists in finding the spectral shifts of the sensors even when there is spectral
overlap, provided that there is sufficient difference between the spectral profiles.

We can formulate SWDM in a more formal mathematical manner as follows. Given
a (Q-sized FBG array, with each sensor associated to an integer i € Q £ {1,...,Q} and
spectral observations of /V points of the reflection spectra of the array centered in \y, with
a span of 2A and a resolution of 2A /N. The objective is to obtain an estimation ¢ of the
Bragg wavelength vector y = {\p, };cq from the spectral observation x, where the Bragg
wavelength of the ith sensor is given by A\p, € BVi € Qand B € A.

To meet this objective, each sensor’s reflection spectrum must be different from each
others, and from all possible overlap of other sensors. This requirement is usually achieved
by using different spectral peak reflectances or by using attenuators and couplers, to tailor
individual effective peak reflectances for each sensor. The effective peak reflectances must
jointly satisfy

Py # Py NP # J({Pitrea,) | 7 € Qi Qi C Qi Vi€ Q 3.1

where P is the effective peak reflectance of the ith sensor, Q; = Q ~ {i} is the set of
sensor numbers with 7 excluded, and J(-) describes the joint reflectivity computation from
individual reflectivities, which is dependent on the topology of the array.

We can describe the relation between the spectral shifts y and the observed spectrum x
by a function f : BY — [0, 1]". We normally don’t have direct access to the exact function
but given a good knowledge of the FBG characteristics and the topology, a sufficiently
good approximation f (y) =~ f(y)Vy € BY can be obtained, as described in section 2.9.
Even with a perfect approximation, finding an analytical inverse mapping f (x) P yis
not possible. In the following section, we describe the different approaches present in the
literature to approximate this inverse mapping.
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3.2 State of The Art

3.2.1 Naive Approach

A naive approach to solving SWDM consists in computing simulations from a grid within
the range of possible values of each A p;, and selecting the point where a metric of distance
1s minimized between the observed spectrum and the simulated spectrum. More formally,
an estimation is obtained as §j = argmin, £(%,z) | ¥ = f(9), where L(-,-) is a distance
metric that quantifies how similar the two vectors are. This approach is extremely costly
but guarantees an accuracy bound given by the resolution of the grid. This method has
complexity O(M) = O(M®), where M is the sampling resolution over each \p;.

Following this naive approach, minimum variance shift (MVS) [22] has been proposed
to solve the problem for two overlapped FBGs. This method uses as a distance metric the
variance shift, defined as the integral of the squared difference. The authors improve over
the naive approach by performing a coarse sampling followed by a fine sampling around the
suboptimal solution. On a follow-up work [34], the authors improve MVS by modifying
the refinement step, which consists of an initial refinement of the more salient FBG'? and
then a refinement of the other FBG, this is followed by joint refinement of both FBGs over
a finer grid with a narrower range.

In this work, we implement a regressor called 1ookuptable (LUT) which follows
this naive approach. It is essentially a key-value database where the query, value &
keys correspond to x, y & x. This means that, we have a database {X : }A/} composed
from {&,, Jm} pairs, where #,, = f(jm). For an observed spectrum , we retrieve
Uk | L(z,2r) < L(x,2,) Ym € {1,...,M}. As we stated before, this approach has
a significant time complexity if the distances are computed sequentially. Instead, we
precompute the spectra and calculate the distances in a batched manner. In this way,
we leverage the parallelization capacity and translate the time complexity into memory
complexity.

3.2.2 Evolutionary Algorithms

One approach to retrieve the peak location of overlapping FBGs is through evolutionary
algorithms (EA) [37]. Provided that one has a good approximation of the discrete spectrum
zf (y), the objective is to find y that yields an approximated discrete spectrum & = f (9)
similar to the observed discrete spectrum x, generally quantified by the ¢, or {5 norm. The
optimization problem can be formulated as

g = argmin L(z, T) (3.2)
]

2Here the comparison is between the observed spectrum and the simulated single FBG spectra
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where L(-, ) is a loss function that quantifies the dissimilarity between its inputs. This
optimization has to be solved by sampling ¢ until an adequate solution is found. Evolution-
ary algorithms solve this problem with faster convergence than random or grid search by
leveraging ideas found in biological evolution. These algorithms have great performance
but require a significant processing time since there is no training process involved and
the minimization problem has to be solved for each inference. The basic approach is the
genetic algorithm (GA). Proposed in this context by Shi ef al. [38]. This is an iterative
population-based optimization algorithm based on the crossover of genes, random muta-
tions, and selection of best individuals for the next generation until a stop policy is reached.
Shi et al. use binary genes and make no assumption about the effective peak reflectance
value, making the genes contain Ap, and also F; information.

In follow-up work, Shi et al. propose the use of Simulated Annealing (SA) [39]. SA
1s an iterative optimization algorithm based on the probabilistic improvement of a single
candidate with binary genes by random mutation. The candidate is replaced with probability
proportional to the improvement and inversely proportional to a temperature parameter.
The temperature parameter is decreased along the procedure to increase the probability of
acceptance. This approach is described by algorithm 2. In contrast to GA, here the genes
code only for Ap, as do all other algorithms.

Algorithm 2 Simulated Annealing Algorithm
Require: 7, .J. 7
T + Ty, s < sample()
fori=1[1,...,1] do
for j =1[1,...,J] do
Snew — mutate(s)
AFE g(snew) - g(S)
if 2 ~ Bernoulli(sigmoid(AE/T)) then
S 4 Spew
end if
end for
T+ Thn
end for
y < binary_to_decimal(s)

Dynamic Multi-Swarm Particle Swarm Optimization (DMS-PSO) [40] has also been
proposed in the literature. DMS-PSO is an extension of Particle Swarm Optimization
(PSO), being an EA based on a swarm of particles (population) whose position is updated
by a velocity with inertia and two attractors to the best previous position of the particle
and the best position of the population so far. The velocity for the jth particle of the zth
population is given by v} = wv! + c17%(pb} — y%) + 2’ (gb’ — ), where w is a weight
constant, ¢; and ¢, are acceleration constants, T and q; are two random values drawn
from a uniform distribution in [0, 1], pbé. is the best y of the jth particle of the :th popula-
tion, and gb* is the best y of the ith population. In DMS-PSQO, the swarm is divided into
sub-swarms that evolve independently and are regrouped after a certain amount of iterations.
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In follow-up work, Tree Search Dynamic Multiswarm Particle Swarm Optimization (TS-
DMS-PSO) [41] is proposed to improve the convergence time of DMS-PSO by dividing
the problem into M phases, starting with a reduced number of spectral points L, and
a full solution space S; = BY. In each phase, the search space of the previous phase
Sm—1 = Stm—1)1 X ... X Stm_1)q 18 updated as S,,, € S,,—1, and the number of spectral
points is increased to L,, > L,, 1. The space is updated through the rule

Sdi ff Sdiff
min S m—1 . max S m—1
S = |mazx S(m_l)q,yg f_ Zlm—lag , man S(m_l)q,yg F 4 (m=1)q (3.3)
10 10
where y*/ is the qth dimension of the best candidate so far and S%// £ Smar — Gmin,

Self-adaptive Neighborhood search differential evolution (SaNSDE) is proposed in
[42]. It builds over the differential evolution (DE) algorithm, an EA that modifies the GA
mutation step to generate a differential vector as V; = Y, + F(Y; — Y.), where a, b and ¢ are
chosen randomly, given that a # b # c # 1, with Y, being the gene of the jth individual and
F € [0, 2] being a constant factor. Then, in the crossover step a trial vector U; is generated
by randomly replacing elements of Y; by V;’s with probability given by CR € [0, 1], if the
fitness of U; is better than Y;’s it replaces the former.

SaNSDE is an attempt to merge the ideas of two modifications of the canonical DE
algorithm, the first is Self-adaptive Differential Evolution (SaDE) [43], which proposes to
modify the mutation step to choose randomly between two options as

(3.4)

7

)Y+ F(Y, - Y) ifx ~ Uniform(0,1) <p
v+ F(Ypest = Y;) + F(Y, —Y,) otherwise

and having non fixed parameters F', CR which are drawn from normal distributions. The
mean of the crossover rate distribution pcr and p are updated every K iterations based on
the performance of the individuals. The second incorporated approach is Neighborhood
Search Differential Evolution (NSDE) [43], which proposes to draw F' from a normal
distribution with probability fp otherwise from a Cauchy distribution, following in this
way an explore or exploit strategy. These strategies are merged in SaNSDE by modifying
SaDE to draw F/, as it is done in NSDE and update fp in the same manner p is updated [43].

The Swap Differential Evolution (SDE) algorithm is proposed in [24] as an extension
of DE. The performance is improved by leveraging the symmetry of the search space of the
problem, by noticing that for the optimal solution there are N! — 1 suboptimal solutions
that correspond to the permutations of the solution vector. The authors solve this by adding
a swap step after the crossover step, where two random elements of the trial vector are
swapped and if the fitness is improved it replaces the former.

Another DMS-PSO alternative is proposed in [44], in which it is slightly modified to
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exploit the symmetry of the local and global optima by searching the space of all permu-
tations at the end of the algorithm. In another work, particle swarm optimization based
simulated annealing (PSO-SA) [44] is proposed, in which ideas of SA are applied to PSO.
A judgment step is added where the particle position is updated if an acceptance criterion
1s passed, as done in SA. A temperature parameter is decreased in every epoch in order to
relax the acceptance criterion.

The Distributed Estimation Algorithm (DEA) [23] is an EA where a population is
sampled from a Mixture of Gaussians (MoG) probability distribution. The distribution is
uniform in the first step and is then modified by updating the MoG with the m < n top
fitness individuals of the population, where 7 is the size of the population. The algorithm is
iterated until the termination condition is reached.

3.2.3 Regression

The other approach to solve SWDM is to build a regression model [45]. In this approach,
the intent is to invert the function x = f(y) that generates the observed spectra. Since
it 1s not possible to find an analytical solution to the problem an approximation is used
instead. The approximation is given by a parameterized function gy(z) =~ y = f~!(z),
characterized by the parameter vector 6. The optimal vector 6 is found by minimizing a loss
function over an M-sized paired dataset Y = {v;}i—(1,..m), X = {@i}i={1,...0m), Where
x; = f(y;). The loss function quantifies the difference between the predictions and the
actual values, usually through the ¢ or /5 norm. This is formalized as

0 = argmin L(Y, go(X)) (3.5)
0

This optimization problem can be solved either through gradient descent or by finding
an analytical solution under certain formulations. This approach has, in general, lower
accuracy compared to EA but has an inference time that is significantly shorter since there
1s a previous learning step.

The use of a Self-Organizing Feature Map (SOFM) is proposed in [46]. It consists in
an unsupervised clustering algorithm where each output of a network is associated with
a cluster in the input space. Each output is calculated by taking a distance metric of its
weight and the input. The weights are learned by finding the minimum output for an input
and updating its weight to be close to it, as well as its neighboring nodes. This generates a
semantic mapping where similar inputs are mapped closer together and dissimilar ones are
far apart. In this context, SOFM is used as a LUT similar to the one proposed in section
3.2.1 but the clusters are used to form the query-value pairs instead of directly using a grid.

The use of Extreme learning machine (ELM) to obtain the spectral position of a series of
FBGs is reported in [47]. This regression model is a single layer perceptron followed by a
weighted sum. This can be represented as g(x) = o(Wx + b) where W and b account for
a fixed random affine transform, o (-) is the sigmoid function and /3 is a ponderation vector.
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A system of equations from the dataset as H3 = Y is constructed, where H = o(W X +b).

From this, an estimation of ( is made by using the Moore-Penrose generalized inverse as
3 = H'Y . The use of ELM in this context is also reported in [48].

In [49] the use of Least Squared Support Vector Regression (LS-SVR) is reported.
LS-SVR is a regression model based on a linear transformation of data projected to a
high-dimensional space, thus achieving a nonlinear regression in the low-dimensional
space. This is formalized as §j = g(z) = w’ ¢(x) + b, where w’ and b account for an
affine transform and ¢(x) is a function that takes x to a higher dimensional space. The
optimization problem is formulated as

1 vy al
: 2 2
min §||w|| + Ezei

w,b,e;

(3.6)
sty = g(z;) + e

This can be solved in dual space and with no need to take the data to a higher dimension by
use of a kernel k(x;, x;) = ¢(z;)¢(x;). This is known as the “’kernel trick”.

More recently, Deep Learning solutions have been proposed. For details on the un-
derlying principles and functioning of these algorithms refer to section 4. The use of
standard NNs is reported in [50]. The use of RNNs is reported in [51], [52], where LSTM
are used, and in [53] the use of GRU is proposed. The use of a CNN is proposed in
[54] and the use of Dilated CNN is proposed in [55]. In [56] an AE CNN is proposed
to reduce the required dataset size, by pretraining on unlabeled data and then training a
neural network on top of the AE Encoder. The accuracy is further improved by refining the
output through the use of DE, which converges rapidly since a good coarse solution is given.

In a SWDM FBG array, it is generally desirable to achieve subpicometer resolution in
order to be on par with CPD resolution. On the other hand, the processing time must be in
the order of the sampling period of the spectrogram, as otherwise the improvement in the
number of sensors would not be justified in comparison with the use of a time-wavelength
division multiplexing scheme. It is difficult to put the results of the proposed methods in
the literature into fair perspective, as the results are heavily dependent on the experimental
setup and the used processing hardware and not all the authors report the same metrics.
Regardless of this, there is a clear difference between the EA and the regression models.
Most EA models achieve subpicometer resolution consistently but with great processing
time in the order of seconds. On the other hand, regression models achieve resolutions in
the order of picometers but with a clear dependence of the error over the overlap of sensors
although with a consistently lower processing time in the order of milliseconds even for

inefficient CPU implementations. A table with all the reviewed methods is shown in table
3.1.

32



3.2. STATE OF THE ART CHAPTER 3. SPECTRALLY-OVERLAPPED FIBER BRAGG GRATINGS

Table 3.1: SWDM Algorithms review. Alg., short for Algorithm, displays the acronyms of
the algorithms. Sim., short for Simulation, has the FBG approximation used for simulation.
Diff., short for Difference, specifies the used spectral differentiation between sensors in the
array. Min., short for Minimization, signals the minimization objective of the algorithm.
The minimization can be Squared Reconstruction Error (SRE), Absolute Reconstruction
Error (ARE) or Mean squared Error (MSE); the first two refer to differences between the
observed and reconstructed spectra, while the latter represents the error between the real
and inferred spectral positions. Exp., short for Experimental, informs if experimental data
was used.

Year Method Authors Ref. Topology Alg. Q Sim. Diff. Min. Exp.
2002 Search Gong etal. [22] Parallel MVS 2 Gaussian none SRE Yes
2003 Search Chanetal. [34] Parallel MVS 2 Gaussian  Intensity SRE Yes
2005 Regression Zengetal. [46] Parallel SOFM 2 Gaussian  Intensity SRE Yes
2003 Evolutionary Shi et al. [38] Parallel GA 2 Gaussian  Intensity SRE Yes
2004 Evolutionary Shi et al. [39] Parallel SA 2 Gaussian  Intensity SRE Yes
2005 Evolutionary Liangetal. [40] Parallel DMS-PSO 2to 10 Gaussian  Intensity SRE No
2006 Evolutionary Liangefal. [41] Parallel TS DMS-PSO  2to0 100 Gaussian  Intensity SRE No
2011 Evolutionary Liu et al. [42] Parallel SaNSDE+ 2 Not Clear Intensity ARE Yes
2013 Evolutionary Jiangetal. [24] Serial Swap DE 2 Uniform  Intensity ARE Yes
2014 Regression  Jiangetal. [47] Parallel ELM 2 Gaussian  Intensity MSE Yes
2014 Regression Chenetal. [49] Parallel LS-SVR 2 to 30 Gaussian  Intensity MSE Yes
2017 Evolutionary Guo et al. [35] Serial DMS-PSO 2to4 Uniform  Intensity ARE Yes
2018 Regression Manie et al. [48] Parallel ELM 3 Gaussian  Intensity MSE Yes
2018 Evolutionary Qi ef al. [44] Parallel PSO-SA 2&4 Gaussian  Intensity SRE Yes
2019 Evolutionary Zhouetal. [23] Parallel DEA 2to 10 Uniform  Intensity ARE Yes
2019 Regression  Jiangeral. [51] Parallel LSTM 2 Gaussian  Intensity MSE Yes
2020 Regression Li et al. [54] Parallel CNN 2 Gaussian  Intensity & BW MSE No
2020 Regression Manie et al. [53] Parallel GRU 4 Gaussian  Intensity MSE Yes
2020 Regression Manie et al. [52] Parallel LSTM-+denoise 4 Gaussian  Intensity MSE Yes
2020 Regression Wang et al. [50] Parallel NN 2 Gaussian  Intensity MSE Yes
2021 Regression  Lieral [55] Parallel  Dilated CNN 2& 4 &8 Gaussian Intensity & BW MSE No
2021 Regression  Chiueral. [56] Parallel AECNN+DE 3&5&7 Gaussian Intensity MSE Yes
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Chapter 4

Artificial Neural Networks

Neurons were first proposed as the functional “atom™ of the nervous system by Santiago

Ramon y Cajal in the XIX century [57], under the ”Neuron Doctrine” theory. This led
to the connectionism approach of cognitive neuroscience, which proposes that mental
phenomena are a consequence of the interaction of an interconnected network of simple
units, that perform basic computations. This approach proved to be a powerful paradigm
to construct Artificial Intelligence (AI) systems through the advent of Artificial Neural
Networks (ANNSs).

Neurons are specialized cells capable of integrating and relaying information from other
neurons. A depiction of a neuron is shown in figure 4.1. They are the functional substrate of
neural circuits in almost all animals. Each neuron is capable of basic computation by inte-
grating inputs from other neurons, which trigger the transmission of voltage spikes through
their axons. This, in turn, transmits information to other neurons through their synapses.
Chemical synapses are the predominant type of synapse, where special molecules, called
neurotransmitters, are excreted and captured by dendrites of other neurons. Neural circuits
are capable of achieving complex tasks such as perception, memory, motor coordination
and planning.
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Figure 4.1: Myelinated multipolar neuron illustration.

ANNss are a particular type of parameterized Machine Learning (ML) models which
have gained a lot of traction in the last decade. Although proposed in the previous century,
they could not meet the expected results, making researchers lose interest in this approach.
We are now in a renaissance of this paradigm thanks mainly to two key factors, (i) the
increase in parallel compute capacity through the advances in GPU technology and (ii) the
availability of high volume and high-quality data in multiple domains. These factors have
allowed faster training and bigger architectures previously unfeasible. In this new wave
of interest, this technology has been re-branded as Deep Learning (DL), alluding to the
increasing depth of the models and to the data-driven optimization procedure by which
they are constructed.

The universal approximator theorem [58] states loosely that an arbitrary function can
be approximated to any desired level of accuracy with a sufficiently large model. This is
the basis for using ANNs for simple or difficult problems. This theorem roughly states
that there is an adequate architecture that can represent a function, but it does not give a
specific size or depth for a particular problem nor certainties over the optimization of its
parameters. Finding an adequate ANN model for a given problem is not straightforward
and relies heavily on heuristics and current trends.

In this chapter, we intend to give a comprehensive overview of DL and the concepts
required to understand the methods underlying the proposal of this Thesis. For more
in-depth reviews of DL refer to [58], [59].

4.1 Machine Learning

Machine Learning (ML) refers to a subfield of Al, which relays on learning as a means of
understanding data for a given task. Learning can be Supervised, where a mapping present
in some phenomena f : X — ) is approximated by a function f € F. The sets X and Y
correspond to the input and output domains respectively, and JF is the hypothesis set. The
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A

optimal function is found in a data-driven manner by minimizing a distance metric L(f, f).
This is carried out through an optimization procedure or by finding an analytical solution
that solves the optimization problem. Some examples are Linear Regression, Support
Vector Machines (SVM) and Decision Trees [60]. Alternatively, there is also Unsupervised
learning in which a data distribution is structured in a way that can be useful for other task
or for human understanding. Some examples of this are clustering algorithms, such as
K-means or Mixture of Gaussians (MoG), or dimensionality reductions algorithms, such as
Principle Component Analysis (PCA), Uniform Manifold Approximation and Projection
(UMAP) and T-distributed Stochastic Neighbor Embedding (T-SNE). For a more formal
description of these concepts refer to [61].

The kind of problems solved by supervised machine learning algorithms can be sepa-
rated either in regression or classification problems. Regression problems describe finding
amapping f : X — ) where X and ) are compact continuous sets. In general, they are
assumed to be X € RY and ) € RM™, where N and M are the input feature size and target
size, respectively.

On the other hand, a classification problem describes finding a mapping f : X — Y
where ) is a discrete set of size M, and we wish to classify an instance x € X into its
corresponding class y € ). The usual approach taken in ML to solve this problem consists
in assigning an order for the classes and applying a binary mapping over the target set. The
mapping O : Y — Y* takes an instance y = y,,,, where y,,, corresponds to the mth class,
and represents it as y*, a binary vector of length M with the mth dimension set to one and
the rest to zero. In this representation, the mth dimension represents if the instance belongs
to the mth class. This is referred to as one-hot-encoding. The concept of encoding will be
described in more detail in section 4.10.4.

As can be seen, classification is turned into regression by encoding the target. Because
of this equivalence and for simplicity, we will generally describe ANNs as regressors, and
will refer to the classification setting explicitly just as a change in perspective. This will be
particularly useful when describing the kinds of space transformations ANNs perform over
the input space.

4.2 Perceptron

The perceptron is the overly simplified equivalent of a neuron. It relays on the assumption
that (i) the frequency of spike firing is the only relevant signal, (ii) the connection is
unidirectional from input to output, (iii) the input and output are deterministic and (iv) the
output is binary. The perceptron is then essentially just a binary classifier.

A perceptron is constructed from an affine transformation followed by a nonlinear
function. This can be represented as

y = f(Waz+b) 4.1
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where z and y are the input and output vector of lengths /N and M respectively, W is the
weight matrix of size M x N, b is the bias vector of length M, and f(-) is an activation
function, in particular a sign function that outputs 0 if below zero or 1 otherwise. This is
illustrated in figure 4.2, where the computation of a single output is highlighted, analogous
to a single neuron in its biological counterpart. The mth output is given by

N
Ym = f (Z T Wy + bm> (4.2)
n=1

1% L
T1 T f()— wn
\eo
2 b1
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f() — 1\ YMm

Figure 4.2: A Perceptron with an /V-sized input and M -sized output. For clarity, only the
weights between the input and the 2th output are depicted.

4.3 Multilayer Perceptron

A single perceptron is not a good function approximator by itself. Instead, the stacking of
multiple layers enable the increase in approximation capacity to arbitrary requirements.
The essential configuration is the Multilayer Perceptron (MLP), also referred in the context
of NNs as Feedforward Neural Networks, Fully Connected Neural Networks (FC NNs) or
Dense Layers. As the name suggests, it is just a number of perceptrons stacked on top of
each other, with the output of a layer being the input of the following one. Furthermore, in
an MLP other nonlinear activation functions are used instead of the sign function. These
will be explained in more detail in section 4.5. The output of the zth layer is given by

zi = f(Wiziza + b;) (4.3)

where W, and b; are the weight and bias of the sth layer. The input is x = 2z, and the output
1Sy = zx 11, where K is the number of hidden layers. An arbitrary MLP with /K hidden
layers can be illustrated by figure 4.3
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Figure 4.3: A K 4 1 layer MLP with K hidden layers.

In the context of regression, an MLP can be understood as a soft piece-wise approxima-
tor, which leverages the linear part of the nonlinearity for each of the pieces [61]. In the
context of classification, the affine transformation of a perceptron represents essentially
a space transformation bounded only to uniform contraction or expansion, rotation and
translation. If there was no nonlinearity, having multiple layers would have the same
representation power of a single layer, as multiple consecutive affine transformations can
be expressed by a single equivalent affine transformation. The compound transformation of
the MLP is a nonlinear transformation that can make an input distribution linearly separable
over the set of classes of the classification task.

The classification perspective is clearly illustrated for a simple example in figure 4.4.
In this example, a two-dimensional input is classified into two classes, blue or red. The
blue and red curves display the distributions of each class, 1.e. the possible values they can
take. The hidden representation is 2-dimensional and the grid displays how the space is
morphed. The input distributions are morphed in the hidden layer and can be separated by
a line, i.e. the distributions are linearly separable. Then the inference of the class can be
made by an affine transformation over the hidden representation followed by a threshold,
represented as the blue and red regions in the hidden space.

(=) (=) ”

Figure 4.4: Single layer MLP with two inputs, one hidden layer of size 2 with sigmoid
activation function and a single binary classification output. It is illustrated how a non-
separable class distribution can be nonlinearly transformed to be linearly separable. Taken
from [62] which explains in greater detail this perspective.
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4.4 Backpropagation

The learning procedure used in DL is generally Backpropagation. It consists in updating
the weights of the model through gradient descent. Gradient descent is an optimization
procedure in which a critical point of a function, ideally a global minima, is achieved by
choosing a random initial point in the domain and updating the position by taking a step
in the opposite direction of the derivative, weighted by a parameter referred to as learning
rate. This update is repeated in an iterative manner to arrive at a critical point where the
derivative decreases. The optimization of a simple scalar function is shown in figure 4.5.

L(w)

wo w

Figure 4.5: Simple gradient descent example. Here wy, is the initial point that is updated by
taking a series of steps to reach the minimum w*

This is more formally stated in the following way. Given a differentiable function
J : W — R, gradient descent is an iterative optimization process that finds a critical point
w* € W|V,J(w*) = 0. It consists in choosing an initial random point w, € W and
following the iterative process described by

w; = wi—1 — NV (Wi—1) (4.4)

where w; is the point obtained in the jth iteration and 7) is the learning rate parameter. This
process 1is iterated for a given amount of iterations or until improvement stagnates. For the
case of a NN, w represents its parameters and V,,J(w) is the gradient of the loss function
with respect to the parameters.

The path a solution takes during gradient descent is smoothly displayed for an example
loss landscape in figure 4.6. In contrast to the previous example from figure 4.5, here the
loss landscape 1s “complex™ as it is not strictly convex, and has saddle points and multiple
local minima. This is generally the case in DL problem:s.
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Figure 4.6: Gradient descent in a complex loss topology.

The gradients are calculated through the chain rule by calculating the partial derivatives
from output to input. This is termed “backward pass”. Backpropagation stands for back-
ward propagation of errors and describes this procedure for calculating the gradient and
updating parameters through gradient descent.

The use of the chain rule in a FC NN with nonlinearity given by f(-) is illustrated
for a simple example in figure 4.7 and a more complex example in figure 4.8. The
partial derivatives in green give the expressions for the derivatives of each weight. The
downstream arrows represent what is termed “forward pass” and corresponds to calculating
each layer output from top to bottom. The upstream arrows represent the backward pass
that corresponds to the partial derivative calculation, which is performed from bottom to
top. As can be seen from these two examples, it is necessary to calculate all the previous
gradients to calculate the gradient of one layer, hence the name backpropagation, as the
error given by the output loss is propagated from bottom to top.
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Figure 4.7: Chain rule applied to a simple FC NN.
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Figure 4.8: Chain rule applied to a more complex FC NN. wy, . represents the weight
between input x; and hidden node % ; and w,, represents the weight between hidden node
h; and output y;. The arrows and weights of the forward pass are obviated for clarity but
are equivalent to the simple NN example.

The loss function in NNs is a measure of performance for a given task or a surrogate of
it (in case it is not suitable for gradient methods). Given a dataset { X, Y’} comprised of a
set of input target pairs {z;, y; }, the loss over a single pair is given by L(f.,(x;),y;) and
the optimal parameters are given by

w = argmin L(f,(X),Y) (4.5)

w

where L is a loss metric adequate for the task. Usually Mean Squared Error (MSE) or Mean
Absolute Error (MAE) are used for regression problems and the Binary Cross Entropy
(BCE) is used for classification problems.

In practice, Stochastic Gradient Descent (SGD) is used, where in each epoch the dataset
1s divided into batches, and in each iteration the loss over a batch 1s calculated and the
parameters are updated accordingly. This is done for two reasons. One is a computation
constraint due to limited memory resources, making it often infeasible to use the full dataset.
On the other hand, SGD introduces stochasticity, which in practice allows for improved
convergence. In general, the loss landscape is highly non-convex with saddle points and
local minima. Furthermore, there are no general guarantees of convergence to the global
optima or over the rate of convergence. Despite this, it has empirically shown in practice to
achieve excellent results. Some theoretical explanations for this can be found in [61]. In
the context of NNs, SGD is referred to as an optimizer. Improvements over standard SGD
are often used, which are referred to as adaptive optimizers and will be explained in detail
in section 4.9.1.

41



4.5. ACTIVATION FUNCTIONS CHAPTER 4. ARTIFICIAL NEURAL NETWORKS

4.5 Activation Functions

As we stated in the previous section, MLPs with no nonlinearities can only represent
linear functions and consequently, a suitable nonlinearity is required to approximate a
nonlinear function. In this section, we will outline the types of activation functions and
their characteristics together with some examples, in order to have a general understanding
of why a particular activation function is chosen.

The identity activation function is equivalent to no activation function. It is useful for
the output layer of regression as it allows to have unbounded outputs, i.e. y € R,
The step function [61] is the function used in the vanilla perceptron, which is just a heaviside
function centered at the origin. It is inspired in its biological counterpart by representing its
two states, firing or not firing. In practice, it has a limited representation capacity and is not
suitable for gradient-based optimization, due to its constant null gradient and discontinuity
at zero.

The sigmoid function can be thought of as a continuous approximation of the step
function. It generally refers to any S-type function that is close to a step function. More
formally, it refers to any function that is monotonic, bounded and has only one inflection
point. In the context of DL it refers unequivocally to the logistic function [61] defined as

o(x) = _ (4.6)

1l —e®

1.0 { === step 0.25 A I
sigmoid
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Figure 4.9: Sigmoid and step functions (left) and their corresponding gradients (right).

This function maps real line R into the range [0, 1] with asymptotes of zero to the left
and one to the right, as illustrated in figure 4.9. This function has the advantage over the
step function of being differentiable. This makes it suitable for gradient-based methods,
and because of this, it was a usual choice early on. One of the issues of the sigmoid function
is the problem of vanishing gradients, which arises as a consequence of the decreasing
derivatives as the function saturates either to one or to zero, which results in the stagnation
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of gradient-based learning approaches. A similar activation function to the sigmoid is the
hyperbolic tangent [61], which maps the real line into the range [—1, 1] and is described by

ea: _ e—l’
f(x) = tanh(z) = pp— 4.7)
A different set of functions are the hokey-stick functions, which, as the name suggests,
have a shape similar to a hockey stick. In general, they are characterized by having
an unbounded monotonical part for positive inputs, usually asymptotically linear, and
saturation to a constant to the left. The main exponent of this family is the Rectified Linear
Unit (ReLLU) [61] characterized by:

z 1if >0

fla) = { (4.8)

0 otherwise

This function maps the real line into R{ by setting negative values to zero, as illustrated
in figure 4.10. This solves the vanishing gradients problem of the sigmoid function as the
derivative is constant and not zero for all positive values. Another advantage of this function
is its computational simplicity, making it suitable for constructing very large models. One
issue this function introduces is the ”’dying ReLLU” that arises from its null derivative for
negative values. This characteristic can be good since it promotes sparsity of activations,
1.e. many values will be exactly zero, but a pathological scenario can happen when units
output zero for all inputs and consequently are unable to be updated.

6 { == RelU 1.0 1
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Figure 4.10: ReLLU and Leaky ReLLU functions (left) and their corresponding gradients
(right). The value a = 0.01 is used for the leaky ReLLU.

One alternative to solve the dying ReLLU issue is the Leaky ReLLU [63], which is a
ReL U that for negative values has a derivative given by a hyperparameter o € [0, 1] and is
given by the expression

T if >0

fla) = { 49)

ax otherwise
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An adequate value for a must be found, although a default value of & = 0.01 1s usually used.
The leaky ReLU is illustrated in figure 4.10. Another option that does not require extra
hyperparameters is the Parametric ReLU [61], which is a Leaky ReLU with a parameter
« that is learned as part of the parameters of the model. These two alternatives can be an
improvement when a model is facing the dying ReLLU problem, but will not necessarily
make a significant difference in case this problem isn’t present.

The Scaled Exponential Linear Unit (SELU) [64] is another member of the hockey-stick
family, characterized by an exponential asymptote for negative values and a linear function
for positive values, as follows

T if >0

Flz) = A { (4.10)

ale® —1) otherwise

The SELU activation function was proposed as part of Self-normalizing Neural Net-
works (SNN) [64] and has the remarkable property normalizing the distributions of outputs
from all layers in the network for certain values of A and a.. Another important remark with
respect to this activation function is that it has an asymptote on — A« for negative values.

e SELU 1.75 4
6 Swish-1
s Softplus
| m—Mish 1.50

Figure 4.11: Hockey family of functions (left) and their corresponding derivatives (right).

Another alternative is the Sigmoid Linear Unit (SLU), more generally known as ”Swish”
[65] which consists of the function f(z) = zo(z). The Swish activation function is said to
be self-gated, in this perspective the input is weighted by the sigmoid of itself, which as we
stated before is a smooth approximation of the step function. This interpretation will be
more clear once we see recurrent neural networks in section 4.6. One notable difference
with other hockey-stick functions is that this function is not monotonic, implying that it has
negative derivative values and a minimum around xy ~ —1.27, where the function takes a
slightly negative value.

The "Mish” activation function [66] characterized by f(x) = x tanh(sp(x)) claims
consistent improved performance over ReLLU. Inspired by Swish and found by systematic
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exploration of the characteristics that made Swish perform well, it replaced the sigmoid
gate for the hyperbolic tangent of the softplus. Furthermore, Mish is claimed to be
self-regularized thanks to a term that appears on its derivative that behaves as a precon-
ditioner by “smoothing” the gradients'®. The Softplus activation function is defined as
sp(x) = In(1 4 e”), proposed as a smooth approximation of the ReL.U function.

Another important nonlinearity is the softmax function. It is described by

= 4.11
f0) = svr (4.11)

and is equivalent to an exponential function normalized by its /; norm. It is then a mapping
to the positive semi plane followed by a magnitude normalization. This allows for describ-
ing probability distributions and is usually used as the output of classification models to
represent the confidence of the input being in each class.

4.6 Recurrent Neural Networks

A subset of NN tailored for sequence processing is referred to as Recurrent Neural Networks
(RNN). They differentiate from standard NN by having inputs to be processed sequentially
and having a reference to the previous output, meaning they have feedback, allowing
information from previous inputs to persist. An Elman RNN layer is described as

he = f(Wxy 4+ Uhy_y +b) (4.12)

this is illustrated in figure 4.12. These layers are updated through what is called back-
propagation through time” in which the recurrent layer is unfolded through time to obtain
an equivalent FC NN, as depicted in figure 4.12, which can be trained through standard
backpropagation.

L Yo
/ / L1 Y1
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° ° ® ®
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Figure 4.12: Single hidden layer RNN (left). Unfolding in time of a RNN (right).

3For more details on this refer to [66].
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As can be seen, a relatively simple RNN can represent a very deep model, this is
advantageous since this increases the approximation capacity of the model with a reduced
parameter size. On the other hand, this is a problem because of an issue referred to as
’vanishing/exploding gradients” that arises from the fact that for calculating the gradient
of a parameter in a layer, it must be multiplied by the gradient of all previous layers, as
described in section 4.4. If the gradients in each layer are small(big), then the gradient of
downstream layers will be increasingly smaller(bigger) by the composite effect!*. Further-
more, vanilla RNNs in practice are not able to handle long-term dependencies [67].

Long Short Memory Networks (LSTMs) [68] are a type of RNN that addresses these
issues of vanilla RNNs. The LSTM cell is depicted in figure 4.13. The key ideas of LSTMs
are, first, the addition of a cell state C} tailored to maintain information from previous states,
and second, the use of gates that mediate the flow of information. Gates are composed of a
single NN layer with a sigmoid function, in this way scaling the output to be in the range
0, 1]. The output of these gates then multiplies the gated signals to optionally let through
information.

h: A
) ~ ~ t fi = O'(Wf[ht_l,wt] + bf)
t—1 ® @ 1t = O'(Wi [ht—b xt] + bi)
i @D C; = tanh(Welhi—1, 2] + bc)
f t < ot -
: ’_q%t Ci = fiCi_1 + 1,0
b (0] (0] tanh (0) ht
t—1 | | ] ) —p Ot = U(Wo[ht—lv wt] + bO)
a:lr J h; = oy tanh(C})

1 O — > <

Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy

Figure 4.13: LSTM cell. Modified from [69].

An alternative to LSTM is Gated Recurrent Units (GRU). They differentiate from the
LSTM by having only a single hidden state and a different gate layout, which merges the
function of some gates of LSTM. Overall it is a simpler alternative. It is depicted in detail
in figure 4.14. For a more in detail explanation of these types of architectures refer to [69].

4For a more proper definition of this problem refer to [61].
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z¢ = o(W,lhi_1, z4])

i ri = o(Wylhi—1, x¢])

h; = tanh(W[r:hs_1, x4])

- he = (1 — z¢)he—1 + Ztﬁt

fl?t'

Figure 4.14: GRU cell. Taken from [69].

4.7 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are heavily inspired by the kinds of computations
done in the visual perception circuits of mammals. In particular, CNN structure follows
closely that of the early visual cortex, which is structured in ”columns” with almost homoge-
neous layers of neurons that perform an equivalent computation from upstream images but
in different positions. This can be more formally described as having a spatially equivariant
representation, meaning that a translation of the input will have an equivalent translation of
the output. An accepted interpretation of this is that these early layers perform a feature
representation of the image caught by the retinas that is efficient for downstream tasks such
as classification or tracking. FC NN loses all spatial structure of the input and sees it as
independent elements. To address this task in a more efficient manner, it is reasonable to
hard-code translation equivarience into the model. We will describe more formally what
equivariance and invariance are in section 4.10.3.

CNNs achieve translation equivariance replacing the matrix multiplication with a
convolution by a kernel. A kernel is a matrix with the same number of dimensions of the
input but with a reduced size, which is convolved with the input. For the 2D case, the
convolution by a K x L kernel is defined as

K L
ik k=Y ) T(ntiymrs) knm (4.13)

n=0 m=0

For example for a 1D signal, a kernel £ = {—1, 1} would compute the 1st discrete differ-
ences as y[i] = x[i + 1] — z[i]. In the context of signals, this can be used as a filter (FIR
filter) and in the context of images, this can be either used to filter out undesired noise by
smoothing the image or to sharpen the image. Alternatively, it is used in classical Computer
Vision (CV) as a feature extractor, for example, to detect edges or corners.

In CNNs each layer is described by a convolution and a subsequent nonlinearity with
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bias as
y=f(Wsxx+Db) (4.14)

here the weight matrix W represents a set of C,,,; kernels. For the 1D case, it maps an
input  of size L x Cj, to an output y of size L,,; X C,,;, through the convolution with
W of size C,,,; x K x Cj}, and the addition of a bias of size C,,;. This means that each
kernel weights K -sized windows of x along its full depth C’,,. The output size L,,,; depends
on K and the amount of padding P added to the inputas L,,; = L — (K +1)//2 + P,
where padding refers to appending values to x to increase its size. If one wants to maintain
a constant length and not incur in any translation, X must be odd, the padding must be
P = (K + 1)/2 and equal on both sides of the input. The 1D convolutional layer can be
more easily understood by the calculation of the jth channel of the ith output depicted in
figure 4.15 and given by

Yij = [ (bj + Z Z ijcx(i+k)c> (4.15)

]{::0 c=0
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Figure 4.15: Illustration of the computation of a 1D CNN layer for the output ¥;,; depicted
as a small rectangle inside the whole output 3. The green rectangle represents the weighted
sum of a section of the input by the kernel. The jth kernel is given by W; which is the jth
slice along the first dimension of the kernel matrix .

For the 2D case, everything is equivalent but the input length L is replaced by the input
shape H x W, the output of length L, is replaced by its shape H,,; x W, and the kernel
length K is replaced by its shape K} x K. The relation between the input shape and
output shape is equivalent to the 1D case but for each dimension, making the requirement
to maintain the shape over kernel size and padding analogous. The 2D convolutional layer
operation is depicted in figure 4.16 for a single output in position ¢, j, k£ and is given by

Kh Kw Cl')’L
v = f (m+xxxwkhwcx@+w+w>c> @16

h=0 w=0 c¢=0
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Figure 4.16: Depiction of the computation of a 2D CNN layer for the output y;;, shown
as a small rectangle along the kth channel plane of the whole output y. The green cube
represents the weighted sum of a patch of the input by the kernel. The kth kernel is given
by W; which is the £th slice along the first dimension of W.

CNN s are usually constructed as a set of convolutional layers with an output that is
subsequently flattened and fed to a FC NN. It is theorized [70] that convolutional layers
function as nonlinear feature extractors that map the input space to a feature space that
better represents the relevant variance of the input distribution. This improved representa-
tion can then be fed to a simple classifier or regressor, such as a FC NN, that would not
be capable of achieving good performance from the original input space, especially for
high dimensional data. CNNs are able to extract this feature representation by creating
hierarchical representations of input data, from simple representations in early layers to
increasingly more complex representations along its depth. Each layer extracts increasingly
higher-level features by composing the features of the previous layer. This is depicted in
figure 4.17 for the case of face detection.
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Figure 4.17: Example on the kind of features a CNN could learn in the task of detecting
faces. Modified from [71].

We can also modify CNNs to be invariant to some transformations, meaning that the
output is the same for an input and certain transformations of the input. For example for
classification, it is desirable to have translation invariance, which is usually achieved by
the use of pooling layers. Pooling layers are operators that subsample the previous layer to
reduce its size. A typical pooling is the "Max pooling” which takes the maximum value for
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each channel on a window, this gives invariance to small translations. The Max pooling
operator for the 1D case is described by the operation

Yic = Maﬂ?({%'c, e ,SU(i-S+K)c}) 4.17)

where S is the stride and K is the window size. For the 2D case it is described by the
operation
Li.Spj-Spe - - - x(i.5w+Kw)j.5wC
Yije = Max : : (4.18)
:I:i'Swj'ShC t xi‘Sw(j'Sh‘i‘Kh)c

where S}, and S, are the vertical and horizontal strides and K} x K, is the size of the
window.

Translation invariance can be achieved by using multiple pooling layers interleaved
between standard convolutional layers. Other types of invariance, such as rotation and scale
invariance or more generally, ”warping” invariance within reasonable bounds, are usually
achieved by a process called Data Augmentation, which will be described in section 4.10.3.

4.7.1 Increasing Depth

Creating deep architectures is one of the factors that gave rise to the DL renaissance,
allowed by the increased capacity through GPU computing. This can be seen in their
dominance, to this day, in image competitions in CV since the inception of architectures
such as AlexNet [72] and VGGNet [73]. But one observed issue of CNNs 1s what is known
as degradation problem [61] in which increases in depth of a model beyond a point will
lead to a decrease in performance both in training and testing. This is counterintuitive
as the expressive capacity of CNNs should be greater than shallower networks since any
extra layer could learn the identity and be equivalent to its shallower counterpart. This
phenomenon is thought to be more an issue of learning rather than of approximation ca-
pacity of the model, explained by vanishing gradients, in a similar manner to how this
phenomenon affects learning in RNNGs.

The standard way to address this issue is to add parallel identity paths that bypass
sections (or blocks) of the model and relay the features upstream in the model. This can
be seen from the feature perspective, in which upstream blocks have access to low-level
features along with high-level features, which can be useful to extract higher level features.
The most accepted perspective is that this allows gradients to flow back more easily and
in this way, the vanishing gradient issue is addressed. This was introduced in the ResNet
[74] architecture in which the residual connection sums the previous block output to the
following block output. This requires the outputs to be of the same shape or to be rescaled
accordingly (usually by a linear transformation). There are other alternatives such as the
one introduced in the DenseNet [75] architecture in which features of previous blocks are
concatenated along the channel dimension. Here the requirement is to maintain the shape
of the output but there is no requirement to match channel depth. These architectures are
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depicted in figure 4.18, where the convolutional blocks represent a small set of convolu-
tional layers with pooling layers.
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Figure 4.18: Depiction of a residual or dense CNN with /N convolutional Blocks. The
yellow block can represent either channel-wise concatenation for dense connections or
summation for residual connections.

4.7.2 Dilated Convolutional Neural Networks

Another issue of CNNs is the increasing parameter number requirements for achieving
big receptive fields (RF), described by the input span used to calculate a certain output.
RF can be either increased by adding depth or by increasing the kernel span, but this can
over-complify the model hindering its learning capacity. Alternatively, bigger pooling can
also increase RF but lose positional precision. This is an issue when a big RF is needed. A
good example of this is sequence processing, in which relevant information can be spread
over a very long span. For this reason, RNNs were the standard architecture used for
long-sequence processing.

An alternative to solve this issue is to use dilated convolutions, which increase the RF
by having spread kernels that are made sparse through upsampling. This is illustrated in
figure 4.19, where the information flow of an equivalent CNN with and without dilation is
shown. This was proposed for causal sequence processing [76] and for image segmentation
[77], by taking inspiration from the kind of operations made through wavelet multi-scale
decomposition [78]. In this way, RF and complexity are disentangled and can be indepen-
dently scaled to necessary levels.
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Figure 4.19: Information flow in a 3-layer 1D CNN with kernels of length K = 3, with
(right) and without (left) dilation. d is the dilation on each kernel. The depth of blocks
represents channels.

4.8 Autoencoder

In general, NNs are used for supervised learning. In this setting they require large datasets
of labeled data, meaning datasets for which each input the output is known. Often, labeled
datasets are not readily available and may be expensive to manufacture, especially if exper-
tise 1s required for a human to do it. Usually, practitioners will manually manufacture their
datasets, or alternatively use services such as Amazon Mechanical Turk that crowdsource
such labor. An alternative to this is to have only a small labeled dataset and use an extensive
unlabeled dataset to obtain an appropriate embedding space through unsupervised learning
that eases the learning task on the labeled dataset.

One approach to accomplish this with NN is the Autoencoder (AE). It relays on con-
structing two NNs, an Encoder and a Decoder. The encoder transforms the input space «
into a feature space x, and then the decoder transforms z into an estimation of the input 2.
This can be trained in an end-to-end manner by minimizing £(x, ) where L is a metric of
the difference between input and reconstruction. The feature space representation is made
to be “efficient” by constraining it, usually through a bottleneck that reduces the dimension
with respect to the input. Although, it can be constrained in other ways such as in Sparse
AE, where a regularization term is added to the loss function that penalized a surrogate
of the ¢ of . The concept of regularization is explained in more detail in section 4.10.1.
In either case, by constraining the feature space, the autoencoder must find an embedding

space that represents only essential information of the input. An example is illustrated in
figure 4.20 for the case of a CNN AE.
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Figure 4.20: Convolutional AE.

4.9 Training

In this section, we will clarify some terminologies often used in the context of training
NNs, and outline some commonly used heuristics.

4.9.1 Adaptive Optimizers

As was mentioned in section 4.4, there are optimizers that modify the vanilla SGD algorithm.
SGD with momentum [79] introduces an exponential average over the parameter update.
The name momentum comes from the analogy to physics, as in a ball accelerating down a
slope. The algorithm is described by the following update rule

Uy = YU—1 + NGt 4.19)
W = W1 — V¢ (420)

were g; = V,,J(w) is the gradient. Typical values of y are in the order of 7 = 0.01.
For a better understanding of optimizers with momentum refer to [80].

Another popular alternative is Adam [81], which incorporates momentum and scaling
of gradients. The essence behind the implementation of Adam is to have a scaled learning
rate, to increase it for parameters with small gradients, by normalizing over the square root
of the square of the gradient of recent gradients. The weights are updated as

A

my

Wy = Wp_1 — 77\/@7 Iy 4.21)

with the exponential means of the first and second momentum given by
my = Bimy1 + (1 — B1)gs (4.22)
vy = Bovy_1 + (1 — Ba)g? (4.23)
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and the unbiased estimates of the first and second momentum given by

my

(o

15

e is a small number to prevent dividing by zero when gradients are too small. 3; and 35 are
the exponential decay rate for the first and second moment estimates, respectively. Default
values for these are 5, ~ 0.9 and 55 =~ 0.999.

A

my

(4.24)

A

Ut

(4.25)

AdamW [82] modifies the typical implementation of weight decay of Adam by de-
coupling the weight decay from the gradient update. Weight decay is used to enforce
/5 regularization over the parameters. It is implemented in Adam usually by adding a
regularization term to the loss function as G (w;) = J(w;) + 2||wy||2 so that the gradient is

then computed as
gr = Vo G(w) = V,J(wy) + dwy (4.26)

where ¢ is the rate of weight decay. In AdamW, weight decay is added directly in the
parameter update as

A

my

Wy = W1 — N ( — -+ 5wt1) (427)

U + €

4.9.2 Hyperparameters

Hyperparameters [58] are the set of parameters that are not learned through the learning
process. These must be chosen before the optimization process. These optimal values are
not known a priori and have to be found, usually by sampling hyperparameters values to
find an optimal.

The most naive approach is random search [83], where bounds for each hyperparameter
are set. Then the solution space is uniformly sampled for a number of iterations or until no
more improvement is observed. Another alternative is grid search [83], where the solution
space is reduced to a grid equidistant along each hyperparameter range and sampled ex-
haustively to find the optimal value. These are sufficient for classical ML models, as they
are faster to train.

For more expensive to train models, such as DL models, other methods that sample in a
more “intelligent” manner are used [84]. These are usually based on bayesian optimization
[85], which consists in constructing a surrogate function that approximates the function
we want to optimize. Usually, a Gaussian Process Regressor (GPR) is updated iteratively
by sampling points given by an acquisition function. A GPR not only approximates the
function but also gives information about the uncertainty of the approximation at each
point. The acquisition function uses this information to sample the next point by a trade-off
between the “exploitation” of known minimal neighborhoods and the “exploration” of
neighborhoods that minimize uncertainty.
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4.9.3 Opverfitting

In the previous section we described strategies to improve the performance of the model.
More concretely, what this refers to is for the learned model to have a low loss and be able
to generalize, meaning that it can learn from a distribution of data and maintain a relatively
good performance on out-of-distribution data. In ML, a model is said to generalize well
when it is neither overfitted nor underfitted, loosely referring to having a model that is
neither too complex nor too simple. This can be illustrated for a classification problem in
figure 4.21. As can be seen from the figure, an overfitted model matches all data points in
the dataset but probably is not able to maintain that performance if another sample is taken.
On the other hand, the underfitted model probably will maintain the out-of-distribution
performance but still has improvement potential.

Underfitting

overfitting
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Figure 4.21: Underfit, adequately fit and overfit models for a classification problem.

In ML, most classical models have convex formulations, ensuring an optimal fit of
the model. The hyperparameters of the model that better generalize are found through a
process called cross-validation, in which a set of the training data referred to as test data is
left out and used to measure performance. The set of hyperparameters that best performs
in this subset is selected. The most common cross-validation scheme in ML is known as
k-fold cross-validation, in which the data is partitioned into k& subsets called ’folds” and
for each set of hyperparameters the model is trained over all £ — 1 fold subsets and tested
on the left out fold. The performance is then the mean over all the cross-validations.

In comparison to classical ML algorithms, DL generally requires greater computing
power. This translates into greater learning times, which makes standard k-fold cross-
validation prohibitively expensive. Instead, a subset of data is set as test data and another
subset as validation data, both usually in the order of 10% of the data. The remaining
portion is the training data and is used to train the model. The test data is used for cross-
validation to find the optimal hyperparameters, and after this, the validation set is used to
validate the out-of-distribution performance.

Another significant difference between DL models with respect to classical ML models
is that the former are usually trained through gradient descent. Since the loss landspace is
non-convex and different for each subsample of data, the optimal over the training dataset
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will overfit to that subset of data, leading to poor generalization over the test set. In practice,
the loss over both sets initially improves in conjunction until the model starts to overfit,
leading to a progressive decrease of the loss over the test set. This is illustrated in figure
4.22. To address this, the model is trained over the train set, while the test set performance
1s monitored. The model is trained for a preset number of epochs or until the test set
performance stops improving. Then the model parameters where the test set performance
is optimal are selected as optimal parameters. This can be understood as setting the number
of epochs as a hyperparameter.

Underfitting overfitting

LOSS

Epoch

Figure 4.22: Typical loss curves for the train and test set.

4.9.4 Learning Rate Schedulers

The Learning Rate (LR) is an especially significant hyperparameter because it not only
impacts the final performance of the trained model but also the required number of epochs,
as it mediates the rate of convergence. If the LR is too small, it will take too long and
may get stuck in local minima or saddle points. On the other hand, if it is too big, it may
overshoot the optimal value valley and fail to converge or even diverge. Generally, choosing
a sufficiently adequate range of LR is a task that the practitioner must find by naive trial
and error around some typical values, usually by looking at the convergence rate over a few
epochs.

To address this problem, a commonly used heuristic is to use LR schedulers. They
consist in varying the LR rate throughout the learning schedule. Most are tailored to allow
a high learning rate at the beginning of training, and progressively decaying the LR to be
able to converge when arriving at the minima. Some examples of strategies following this
direction are St epLR described by

fﬂ?“epoch—l if €p00h%5t€p—3m€ =0 (428)

[ Tepoch — .
[Tepoch—1  Otherwise

where 7 1s the decay rate and step_size is the number of steps between each decay. Another
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example is ExponentialLR described by

lrepoch - f}/lrepoch—l (429)

which is equivalent to StepLR with step_size = 1.

Another alternative is to decrease the LR when training stagnates, by monitoring a met-
ric of performance over the test or train set. This strategy is known as ReduceLRonplateau,
and consists in decaying the LR by a decay rate v whenever a certain number of epochs do
not improve the monitored metric.

More recently, a set of LR schedulers known as cyclical LR schedulers have been
proposed [86]. They consist of multiple phases of increasing and decreasing learning
rate between a minimum value and a maximum value, following different curves such as
triangular, exponential and cosine. Some variations decrease the maximum value on each
new cycle. This set of LR schedulers has been extensively used and proven to give good
results. The intuition behind their performance is that they allow traversing multiple valleys
in the parameter loss landscape, allowing in this way to reach flatter valleys that should
generalize better. This is illustrated in 4.23.

Following the success of these LR schedulers, OneCycle LR scheduler [87] was pro-
posed, claiming convergence in a significantly reduced number of epochs. It consists of a
single cycle of a typical cyclical LR scheduler, using an exceptionally high LR at the top
of the cycle. Similarly to the intuition behind cyclical LR schedulers, this is theorized to
allow traversing multiple valleys before decaying the LR.

05 Single Model
04 Standard LR Schedule S

Snapshot Ensemble
04+ Cyclic LR Schedule

Figure 4.23: Taken from [88].

4.9.5 Learning Rate Finder

LR is usually one of the most important hyperparameters in the sense that it can have a big
impact on improving the performance of the model. Adaptive optimizers, as described in
section 4.9.1, relax this by making default optimizer hyperparameters sufficiently good for
most applications. If performance improvement is required, a more suitable learning rate
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can be found as described in section 4.9.2.

Another recent alternative known as Learning Rate Finder (LRFinder) [89] proposes a
heuristic for finding adequate values of LR. It consists of training over the dataset once,
while increasing the learning rate over a preset range for each batch. This procedure
generates a loss curve with a shape similar to the one in figure 4.24. The adequate LR
values are the ones that achieve the biggest improvement per step, as quantified by the
derivative.

Plateau

Training Loss

Learning Rate

Figure 4.24: LRFinder typical curve. The star represents an adequate value for LR according
to this method.

4.10 Inductive Bias

In the context of learning algorithms, Inductive Bias is the set of assumptions (explicit or
implicit) in the learning algorithms. In the context of DL, these can be either by tailoring
the structure of the model or by tailoring the loss function to impose assumptions known
about the phenomena being learned. This must be chosen carefully to not hinder the ex-
pressivity of the model, but if well done it can help to better convergence and for improved
generalization.

4.10.1 Regularization

The more straightforward way to add inductive bias to a model consists in adding additional
terms to the loss function, which stirs the algorithm into a desired secondary objective, this
is known as Regularization. A typical example is weight regularization, where usually an
objective of sparseness is sought, as quantified by the ¢, pseudo-norm'®, where the ¢, norm
is defined as

SThe ¢, is not a proper norm since it does not have the absolute scalability property.
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X1, = > |« (4.30)
zeX

The ¢, is then the number of elements different than zero. This pseudo-norm is ill-posed
for gradient-based algorithms, so usually the /; norm or the /5 norm are used as surrogates.
As mentioned in section 4.9.1, /5 regularization is referred to as weight decay. This is be-
cause the derivative is the magnitude of the weights and, in consequence, this regularization
in practice is a progressive proportional shrinking of weights along the training. These
regularizations implicitly assume that sparser connections will generalize better. This is
referred to as applying Occam’s razor principle [58] by choosing the simplest solution that
closely matches the training data. Other regularizations can be used, for example over the

layer activations, as we briefly mentioned for the case of Sparse AE in section 4.8.

4.10.2 Parameter Constraints

In the previous section, we saw how we could impose soft constraints over the weights, in
order to make them sparse. We can also impose hard constraints over a set of parameters.
This may be useful, for example, when building a structured NN that models physical
phenomena, where the parameters have known constraints. Another example is in the
context of RNNs, where it has been proposed to control the singular values of the weight
matrices to be well-conditioned, in order to improve convergence.

If we want to constrain the parameters to be in w € W @ RY, where d is the number of
parameters, the more naive approach is called projected gradient. It consists in performing
a gradient descent step in the unconstrained space and then constraining the result by a
projection to the constrained space. This can be formally expressed for the standard SGD
optimization as

w1 = Projw(wy —nVyJ (wy)) (4.31)

If WV is a box constraint, then the projection is made by clipping the values along each
dimension.

Another alternative is through reparametrization. Here the parameter w is expressed in
terms of an unconstrained parameter u as w = f(u), with a nonlinearity f : R — W differ-
entiable and bijective. For example, for YW = [0, 1] we could use the sigmoid function o (-)
described in section 4.5. Then we optimize the underlying variable u. One issue with this
approach is that it re-scales the gradient, making them very small in case the parameter is
in a section of the nonlinearity that has small slope. We can address this problem by using
natural gradients [90], which essentially means updating u using the gradient with respect
to w. For more details on these approaches to parameter constraints refer to [91].
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4.10.3 Equivariance and Invariance

A function is said to be G-equivariant if its output is transformed in an equivalent manner
for any transformation g € G of its input. This is formally stated as

fla(x)) =g(f(z)) VeeX gecB,gdec@ |g=g (4.32)

On the other hand, a function is said to be G-invariant if its output is the same for any
transformation g € & of its input. This is formally stated as

flg(z)) = f(z) VeeX ged (4.33)

This is especially useful for modalities that have a geometric structure and that maintain
a semantic representation under certain perturbations for classification tasks, or that have
equivalent perturbations of the semantic representation for regression or segmentation tasks.
This is easily illustrable in the image domain where we know that the semantic meaning of
an object i1s maintained for many transformations and that a change in the position of an
object has an equivalent position change in its representation. As we saw in section 4.7,
some can be integrated into the structure of the NN in the case of CNN:ss.

Data Augmentation

Another way to integrate invariances or equivariances into a model is through Data Aug-
mentation. It consists in synthetically increasing the size of the training dataset by doing the
kind of transformations we want our model to be invariant or equivariant to. The difference
between invariance and equivariance data augmentation is that in the second case the output
is transformed equivalently. Some typical examples used in image are translation, rotation,
scaling, partial occlusion and more recently Mixup [92], where a weighted combination
of images and an equivalent weighting of the target is done. In the audio domain, some
examples are pitch change, rate change, background noise, time translation, and filtering.

4.10.4 Encoding

Encoding refers to a mapping of data to another representation. In the context of ML, this
usually means using a transformation that yields a representation that is more useful to
the downstream task. For example, when we have outputs in categorical data usually it
is transformed to One-Hot encoding, as described in section 4.1. An example of input
encoding is in audio tasks where usually time-frequency representations are used such
as the one yielded by the Fast Fourier Transform (FFT). One notable example is Word
embeddings [93] in the context of Natural Language Processing (NLP), where words are
encoded in a space where semantic relations between words are equivalent to distance and
direction in euclidean space.
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Chapter 5
Proposed Model

As it can be stated from chapter 3, there is a large selection of algorithms that have been
used to solve the problem of SWDM. A subset of these corresponds to DL models, that
although tried probably because of their current popularity, do live up to their expectations,
achieving good results with low inference times. In this Thesis, the intent is to develop
further this approach, by considering a key objective beyond just the accuracy of the predic-
tion, namely, its robustness to simulation inaccuracy. This is, if the simulation model has
slight inaccuracies or a different distribution of noise, then a degradation of the predictions
is expected, but this degradation is, in general, not fully assessed.

A naive approach to solving this would be pre-training a model on simulated data and
then finetuning it on a small dataset taken from real measurements. Although this approach
would probably be a good solution, it is labor-intensive as it requires real measurements to
be taken. The essence of our proposal aims at solving this subproblem, how can a model be
pre-trained on simulated data and then be finetuned with real data in a fully unsupervised
manner?

This problem is known in DL as unsupervised domain adaptation [94]. In this scenario,
a labeled source dataset is available from which the intent is to learn and then transfer
that learning to an unlabeled target dataset, with the aim of improving the performance
that would be obtained on the target dataset without adapting the model. This is also
known as transductive transfer learning [95], the terminology used more broadly in the ML
community.

In this chapter, the proposed model that addresses this problem will be presented. The
architecture will be described, together with the reasons behind all design decisions, as well
as the training procedure. The proposed model will be evaluated in comparison to previous
methods and together with its adaptation capacity to data with different characteristics.

61



5.1. ARCHITECTURE CHAPTER 5. PROPOSED MODEL

5.1 Architecture

This work proposes using an autoencoder (AE) to achieve unsupervised domain adaptation
in the context of SWDM. As described in section 4.8, an AE is typically used for transfer
learning. Instead, with the objective of unsupervised domain adaptation, we propose to first
train the encoder in a supervised manner and then fine-tune it in an unsupervised manner
by minimizing the reconstruction loss of the AE. The objective is to pretrain the encoder
with simulated data and then finetune it with experimentally measured spectra, without
requiring the FBG spectral positions. However, there is no guarantee that the resulting
representation will improve the performance because the latent variable may not maintain a
semantic relationship with its previous representation.

To ensure that the latent variable maintains a meaningful relationship with its previous
representation, it is necessary to introduce certain constraints into the model. These
constraints, known as inductive biases (see section 4.10), are designed to help maintain
continuity between tasks in the latent variable. To achieve this, we encode the latent
variable ¥ as a per-sensor Dirac delta, positioned at the corresponding peak wavelength, as
illustrated in figure 5.2. To secure that the architecture achieves this implicit encoding, the
following architectural features are implemented:

(1) The encoder is a CNN without pooling layers, so that the internal representations
maintain the length of the input. Making the latent variable y be translation-
equivariant with respect to the input. This property is a natural feature of CNNs

that is often lost when pooling layers are used to achieve translation-invariance (see
section 4.10.3).

(i1) The last layer of the encoder has one channel per FBG sensor. Making the latent
variable ¢ an array of length N with () channels (depth), where () is the number of
FBG sensors and /N is the number of spectral points.

(i11) The last activation function of the encoder is a softmax (see section 4.5), so that the
latent variable ¥ is positive and with per-channel normalized ¢;-norm.

(iv) The center of mass along each channel of 3 is calculated to obtain the target inference
y with the FBG peak positions.

(v) A regularization is designed for the latent variable to make each channel narrow as a
Dirac delta. This also functions as the information bottleneck of the AE, making the
model a Sparse-AE (see section 4.8).

(vi) The decoder contains a convolution layer that learns the individual spectral profiles

and positions them with the Dirac deltas, yielding the separated spectra = (see
figure 5.2).

(vii) The separated spectra and a learned transmissivity vector parameter (that charac-
terizes the transmissivity of the fiber sections between FBGs) are used to compute
the joint spectrum 2, following a topology-dependent computation, as described in
section 2.9.1.
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A schematic of the proposed model is shown in figure 5.1, and a more detailed schematic
of the decoder is shown in figure 5.2, which will be further described in section 5.1.4. It can
be seen from figure 5.2 how an instance with partial overlap would ideally be transformed
along the model.
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Figure 5.1: Schematic of the proposed model represented in blue, the submodules are
represented in yellow. x, y are the input and the target, y is the latent representation and y
is the estimated target, = is the input estimation.
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Figure 5.2: Schematic of the decoder and its submodules (left). 7 is the latent representation,
7 1s an estimation of the separated spectra and 7 is an estimation of the input spectrum x.
The input and the ideal internal representations intended for the model to extract (right) are
depicted for the case of a 2-FBG serial topology instance with partial overlap.

The model is trained through gradient descent (see section 4.9). The loss function has a
multi-objective for regression of the target, reconstruction of the input, and sparseness of
the latent representation. The parameters of the model that meet this objective are obtained
by minimizing the following loss function

L(z,y) = (1 =7)Li(y,9) + 7 La(z,2) + aQ(y) + w02 (5.1

where £, (-, ) and Ly(-,-) are the regression loss and the reconstruction loss, 2(-) is the
sparseness regularization and ||-||2 is the ¢, weight regularization. The parameter v € [0, 1]
controls the trade-off between the two losses. The parameter o € R™ controls the strength
of the sparse regularization and w € R™ is the weight decay. The hyperparameters w and o
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are selected accordingly as explained in section 4.9.2. The training of the architectures is
described in greater detail later in section 5.2

5.1.1 Data Generation

The data is generated as described in section 2.9 by first computing the individual spectrum
for each sensor and then from this result calculating the joint spectra, which is dependent
on the type of topology of the array as described in 2.9.1. The general parameters of the
simulation are described in table 5.1 and the parameters corresponding to the sensors are
described in table 5.2.

Table 5.1: General simulation parameters.

Description

Q 2 3 Number of sensors.

topology | ’serial’ ‘serial_rec’ | Topology of the sensor Array.

simulation | ’true’ ‘true’ Simulation to use for each sensor spectra.

N 2000 2000 Number of spectral points.

M 10000 303 Number of sampling points.

Ao 1550[nm] 1550[nm] | Central wavelength.

Ange. 0 0 DC component of refractive index change.

A 2[nm] 2[nm] Half wavelength range.

portion 0.6 0.6 PorFif)n of wavelength range were spectral
position can vary.

a 6[pm] 6[pm] Radius of the fibre core.

ny 1.48 1.48 Refractive index of the core.

N9 1.478 1.478 Refractive index of the cladding.

Table 5.2: FBG Simulation Parameters

Description
Q 2 3 Number of sensors.
Transmissivity of the section of
A {11} {111} fiber before each sensor.
AR {0.2,0.2}[nm] {0.2,0.2,0.2}[nm] | FWHN bandwidth of each sensor.
I {0.5,0.9} {0.5,0.7,0.9} Peak reflectance of each sensor.
topology “serial’ “serial_rec’ Topology of the sensor array.
simulation | ’true’ ‘true’ Simulation to use for each sensor spectra.

After generating the dataset, it is normalized, as is standard in ML algorithms. The

targets are normalized to be in the range [—1, 1] by scaling them as y =

AB—Xo
A

, Where \p

is the Bragg’s wavelength, )\ the central wavelength and A is half the wavelength range.
It is chosen to not normalize the reflection spectra, as the value is already bounded in the
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range [0, 1] since it represents a reflection proportion of a passive element, which only has
possible physical values in that range. Moreover, it would be a complication for the decoder
model. This will be discussed in detail later in section 5.1.4.

5.1.2 Encoder

As it was seen in section 3.2.3, multiple DL approaches have been tried in this context,
such as RNNs and CNNs. The focus of this work is on using CNNSs, as this is proposed
as requisite for the intended representation it should form. Furthermore, CNNs are better
suited for parallelized training, making their training on GPUs more time efficient.

Families of architectures are created, parametrized by a small number of parameters,
making these a set of extra hyperparameters. These hyperparamters sets are sampled ran-
domly or through bayesian optimization, to find a suitable instance of hyperparameters that
achieve the desired performance. This design principle is inspired by the work presented in
[96], which postulates a paradigm shift from the traditional approach of designing a single
architecture to designing network design spaces.

The general architecture structure that is followed is shown in figure 5.3 and consists of
a body, aimed at feature extraction, that consists of convolutional blocks. It is succeeded by
a head of channel-wise convolutional layers'®, aimed at combining the local information of
the extracted features. All body and head convolutional layers are followed by a nonlinear
function. The essential difference between body and head is that the body has a large
Receptive field (RF) while the head has a unitary RE. After this, there is a final channel-wise
convolutional layer with () output channels, this is, one per FBG, followed by per channel
softmax nonlinearity, that generates a positive unitary /;-norm vector per channel (see
section 4.5). The output g is obtained from the center of mass of each channel of g. This is
done by computing the matrix multiplication yv where v is an N-sized vector, yielding a
()-sized vector. The vector v is constructed from N evenly spaced values over the interval
(—1,1), corresponding to the range of the normalized target.

Encoder

&
a
S

> ©

P -8 8 T Center 3:/

e T 5 of Mass
0,
i)
S
@)

Figure 5.3: General architecture of the encoder model.

The variations between the different families are solely on the body of the network, in
particular, the contents of a convolutional block and how they are procedurally constructed.

16This is equivalent to a 1x1 convolutional layer in the context of 2D convolutional layers.
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In preliminary experiments the dense_encoder and the residual_encoder fami-
lies were implemented, inspired by the DenseNet [75] and the ResNet [74] architectures.
Although they gave adequate results, they are particularly limited in their ability to generate
large RF, forcing the use of either large kernels or a large number of layers, both increasing
the number of parameters and the computational cost. This is a common problem of CNNs
often seen when dealing with timeseries signals as they often contain a large density of
points, this is classically resolved by using RNNSs instead, as discussed in section 4.6.
Another alternative to solve this is to use Dilated convolutions (see section 4.7.2), and this
is the approach taken in this work. The performance of this kind of model has already been
validated for the problem of SWDM [55] and displays promising results.

Dilated Encoder Architecture Family

The dilated_encoder architecture family is designed to have a body consisting of
dilated convolutional layers, each followed by a mish [66] activation function (see section
4.5). This activation function is chosen since it has self-regularization properties and avoids
the dying ReLLU problem [97] often associated with that activation function. It is avoided
to use Batch Normalization [98], a technique extensively used in CNNs to aid training
by normalizing neuron outputs over a batch, as it comes at the cost of obtaining different
results on training and at inference [99], which could be an issue when finetuning.

The network architecture is parameterized by the number of body layers (num_layers),
the number of head layers (num_head_layers), the RF (receptive_field), the
base-2 logarithm of the number of initial channels (init_channels_exp) and the
multiplicative growth between layer and layer (channels_growdth).

The dilation of a layer is computed as dilation = dilation=* (kernel-1),
where kernel is the size of the kernel and with dilation initialized to unity. In this
way, each layer tessellates perfectly with the previous layer with overlap only on the edges.
The RF is achieved by setting all kernels to 3 and then progressively increasing the first
kernels to reach the desired RF. The procedure that achieves this is depicted in algorithm 3,
where 74y, corresponds to num_layers and Riqget t0 receptive_field.

The design space is explored as depicted in section 4.9.2, first by manual exploration,
and then when a range can be set for each hyperparameter, bayesian optimization is
utilized to progressively shrink the solution space. Through this process, an adequate con-
figuration of num_layers=6, num_head_layers=1, receptive_field=1.0
(this value is represented in nanometers and then transformed to the number of points),
init_channels_exp=6 and channels_growdth = 0.5 is obtained.

5.1.3 Latent Representation

As stated before, sparseness is imposed over ¢ as a bottleneck in order to force the encoder
to efficiently encode the information of the input. This goal is 2-fold as it is also needed
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Algorithm 3 Receptive Field Algorithm

Require: Niayers, Rtarget
K + fill(shape = njgyers, value = 3) > Nyayers-Sized vector
while receptive_field(K) < Rirget do
K[0] « (K[0] + 1) x 2 — 1
end while
R < receptive_field(K)
Kbest; Rbest — K7 R
loop
fori c [1, - Nigyers| do
K[0] « (K[0] + 1)//2 — 1
Kli] « KJi] + 2
R «+ receptive_field(K)
if K[0] < K[1] then
return K.
end if
if ‘R - Rtarget‘ < ‘Rbest - Rtarget‘ then
Kbest; Rbest — K; R
end if
end for
end loop

for y to be narrow, in order to approximate a Dirac delta as required by the decoder. This
objective is met by adding an adequate regularization term to the loss function.

Sparseness is quantified by the £, norm but this criterion is, in general, ill-posed for
gradient-based methods, instead ¢/, and ¢, norms are used as surrogates. The /;-norm
penalizes all values equally while ¢5-norm penalizes proportionally to the values. This
leads /5-norm regularization to leave values close to zero but not exactly zero. These norms
are usually used as regularization over the set of parameters of NNs (see section 4.10.1).

Another option is to have a penalty with a parameter that sets an objective of sparseness.
One option to achieve this is the Kullback-Leibler (KL) divergence between the distribution
of neuron outputs and a Bernoulli distribution with mean p [100]. The Bernoulli distribution
is a binary discrete distribution with the proportion of positive values given by its mean
p, making it suitable for our purpose of setting a portion of the values to zero. The
Kullback-Leibler penalty is described by

IL—=p

K L(p||p) = plogg + (1 —p)log (5.2)

where p is the target mean and p is the neuron mean. This function is minimized when
p = p and increases monotonically when there is a difference.
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In our experiments, these regularizations did help in directing the learning towards
solutions that generate sparser representations but training with them was problematic
mainly for the following reasons. (i) Consistently achieving a level of sparseness is difficult
as this does not depend solely on the regularization parameters but is also affected by
architecture changes and other hyperparameter changes. (i1) The representations have no
imposition to be consistent across different levels of overlap, giving rise to less sparse
solutions when there is high overlap. (iii) The level of sparseness between each FBG may
not be the same and in fact, the tendency is for the more salient FBG, i.e. the one with
higher peak reflectance, to have a narrower representation.

This motivated the construction of a custom regularization. The essence of the required
regularization shifts from the sole problem of sparseness and instead focuses more on
“narrowness’, since making the representation close to a Dirac delta also achieves a sparse
representation. The Dirac delta can be derived from a normal distribution with variance tend-
ing to zero, inspired by this definition the focus is set on constructing a regularization that
shrinks variance. Notice that variance is not referred to as the variance of the neuron outputs,
but rather as the variance of a probability density function given by the latent representation.

Following this motivation, the family of central moments is explored, where the first
absolute central moment, the second central moment and the fourth central moment are
used, which were termed spread, variance and kurt!’. The nth central moment
is defined as p,, = E[(X — E[X])"]| while the nth absolute central moment is defined as
B, = E[|X — E[X]|"]. It is chosen to detach '® the mean since otherwise it would be
penalized, and the regularization could move the mean to accommodate the distribution
instead of changing the distribution to be close to the mean.

To see the effect these regularizations have, the gradients can be inspected, as these
quantify how the input is penalized. In figure 5.4 the spectral shape of an FBG positioned
at the center can be seen as input (blue line). As can be seen from the gradients, these are
independent of the shape and distribution of input values, instead, they are only dependent
on the distance to the mean. This is because each regularization is a distance metric with
which the input is weighted and summed, and the gradient of a weighted sum with respect
to the input is just the weight vector.

7This name is chosen since originally the intend was to use the kurtosis, that is the fourth standardized
moment, but it proved to be ill-posed. In consequence, instead the non-standardized version is used in its
place

18This is a terminology used in pytorch that implies that the value of a variable is used as a constant and
gradients are not computed through it. For more details look at appendix B.2.
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Figure 5.4: Gaussian input (blue) and the gradients with respect to it of the variance
(orange), kurtosis (green) and spread (red).

This may seem problematic at first instance since there seems to be no feedback between
the input shape and the penalization each element receives. But here it must be considered
that the latent variable that will be regularized is the output of a softmax. If instead, the
inspected gradients are of an input that when passed through a softmax yields as output the
input of figure 5.4, then the gradients with respect to this new input are proportional to the
input as can be seen from figure 5.5.
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Figure 5.5: Gaussian input (blue) and the gradients with respect to it of the variance
(orange), kurtosis (green) and spread (red).

The softmax function is defined in section 4.5, and its jacobian is described by its partial
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derivatives given by the following expression

05(x:) _ g,y {(1 o) i (5.3)

oz, (—S(z;)) i)
where S(z;) = 15;6% andi,j € [1,--- ,N] x [1,--- , N]. Here the input is the vector

Zj:l
x and x; is the i-th element. The partial derivative %
J

weighted by its complement to one when ¢ = 7 , while it is weighted by the negative of the
j-th output if 7 # j.

is proportional to the -th output

In the context of the introduced regularization family, the softmax’s output is then
weighted by a distance metric and summed. Given a regularization from the defined family,

R:RY - R;z — R(x) = distance(x) - = has a gradient w.r.t the softmax’s input given
by

dR(S(z)) _ [9R(S(x)) OR(S5(z))

.. 4
dx ory  Oxn 5-4)
Each of the partial derivatives is given by
OR(S(x))  O(distance(x) - S(x))
_ (5.5)
8£Cj ij
Since the distance metric is detached it can be treated as a constant
OR(S(x)) = distance(x) - 95()
aiﬂj 8a:j (5 6)
OR(S(x)) _ distance(x) 0S(x) 0S(x) '
8:1:]- B 81’1 ’ ’ 83}]\7

This means that each partial derivative is a weighted sum of the softmax gradient,
weighted by the distance metric. From here it is clear that the gradient of the regularization
with respect to one of the inputs depends on all the outputs of the softmax. This is why, for

example, all the gradients are zero in the center in figure 5.4 but they are negative in figure
5.5.

With this, an adequate regularization family has been constructed but it is still needed to
grant the ability to achieve consistent representations across different overlaps and across
different FBGs. To achieve this, a weight 1s added, calculated from the sample standard
deviation and tailored to reach a target standard deviation, by making it to be close to one
for large differences and approaching zero as it approaches the target. The function that
achieves this is defined as
relu(std(x) — o)

std(x)

where relu(x) = max(x,0) and std(x) computes the standard deviation of . The target
standard deviation is an extra hyperparameter termed o € R™. Note here, that the standard

flx) = (5.7)
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deviation must be detached since the function output is intended to be treated as a constant.
This function is depicted in figure 5.6 for different targets of o, where it can be seen that
the weight value is one for large values of standard deviation and decreases rapidly when
close to the corresponding target value.
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Figure 5.6: Regularization weight function.

Through experiments, it was noticed that the learned latent representation may be noisy
if the input contains noise, especially when there is a high overlap. To reduce the noise
of the latent representation a roughness penalty is added, as the squared derivative of
the normalized derivative. This is a measure of the second derivative magnitude that is
scale-invariant, used in the context of smoothing splines [101]. It is given by

dif f(x) — mean(dif f(z)).detach()\ "
std(dif f(x)).detach() ) ) (5-8)

roughness(x) = (dsz (

Here dif f(-) computes the first-order differences, mean(-) and std(-) the mean and stan-
dard deviation, while .detach() represents that the variable is detached and is used to ensure
that mean and standard deviation are not penalized.

5.1.4 Decoder

The decoder maps the latent representation to the corresponding spectrum. In the context
of CNN-based AE, it is usual to mirror the design of the encoder but using transposed
convolution layers'® instead of plain convolutional layers.

In DL, models tend to be designed to be overcomplete, in the sense that they are arbi-
trarily complex in relation to the problem they are solving, allowing them to learn the same
mapping with different configurations of its parameters. In contrast, the design of the de-
coder is intended to be as simple as possible, in order to be as close as possible to a complete
model. The motivation here is to increase the robustness of the model by easing the update
of the mapping. To achieve this as much prior knowledge as possible must be included

®This is a DL terminology used to define a convolution that upsamples rather than downsample.
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in the model and in this way, design a minimal model that can achieve the required mapping.

From section 2.9 it is known that the process of simulation involves two steps, consisting
of the computation of each spectrum followed by the calculation of the joint spectrum. This
is illustrated in figure 5.2, where from 3 the separated spectra vector x is obtained and then
from this the joint spectra estimate x is calculated. In this work, the serial FBG topology is
used. Since the exact simulation is too costly, instead the approximation described in 2.9.1
1s used.

The sampling property of the Dirac delta states that by convolving it with a function, it
has a translation effect. A discrete equivalent can be constructed from a Kronecker delta
followed by a discrete convolution. Since the representation has been constructed to be
close to a Dirac delta, this property can be leveraged, and a transposed convolution?® can
be used to generate each spectrum if the kernel corresponds to the spectral shapes.

In practice, it was found that the representation cannot be too narrow since it hinders
learning. The trade-off of this is that it resembles a gaussian filter, which is counteracted
by the learned kernel, i.e. the learned kernels are noisy. This can be ameliorated by using
smoothness regularization over the kernel.

Then the serial_rec algorithm 1 to compute the joint spectra is replicated. The
implementation is straightforward as pytorch’s autograd supports all used operations,
it is just needed to add the transmissivity vector as a trainable parameter of the model.
As stated in section 5.1.1, the input of the encoder is not normalized. If instead it was
normalized, after the last step it would be necessary to normalize the output of the decoder
in the same manner. This step would be a complication since it hinders the completeness of
the model by allowing multiple configurations of parameters to achieve the same mappings
in the decoder.

The model is still overcomplete, since the decoder parameters have no restriction over
the range of values they can have. The model can be restricted further by inserting the
bounds known its parameters have. The transmissivity vector is bound in the range [0, 1]
and the transposed convolution kernels, which represent the spectral shapes, are also bound
in the range [0, 1]. As seen in section 4.10.2 there are multiple ways of adding parameter
constraints to a model, in particular, the approach of parameterization is followed. To
achieve a mapping to the desired range a sigmoid function is used. The learning of these
reparameterized parameters is improved by the use of natural gradients by modifying the
gradient of the sigmoid function to be unity.

Another reparametrization is also used on the transposed convolution kernel, with
the objective of evading translation effects over the latent representation, as the spectral
shape could be learned in any position of the kernel. One implemented parameterization,

20Here a normal convolution could be used but it is explicitly chosen in this way to emphasize that this is a
decompressing operation rather than the usual contracting operation associated to convolution layers.
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termed symmetrical, 1s achieved by halving the length of the kernel and concatenating
it with a flipped version of itself, as depicted in figure 5.7. Using this reparametrization
over the convolution kernel comes with the trade-off of hindering the flexibility of the
model to represent asymmetrical spectral shapes. Because of this, it is also implemented
a reparametrization termed centered which consists in representing the kernel as a mul-
tiplication of a symmetrical part and a non-symmetrical part. The symmetrical part is
constructed as done for the symmetrical reparametrization, while the non-symmetrical part
1s constructed in a similar manner but with a concatenation by the flipped multiplicative
inverse. These two parametrization options are depicted in figure 5.7.
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Figure 5.7: Symmetrical parametrization (left). Centered parametrization (right).

5.2 Training Procedure

The architecture space has been described in detail as well as the procedure for generating
it. The training procedure is equally determinant of whether an architecture achieves good
results. In this section, the design decisions in this respect will be outlined. As has been
stated previously, the objective for this architecture is to be able to be trained from simulated
data and then be updated from real data in a fully unsupervised manner. These two phases
are termed pre-trainingand finetuning.

For each training phase, the OneCycle learning rate schedule (detailed in section 4.9.4)
is used as it allows convergence in a lower amount of epochs. The learning rate (LR)
is chosen according to the LRFinder algorithm described in section 4.9.5. A heuristic
called Gradient Clipping [102], which consists in re-scaling the gradients above a threshold
norm to match that norm, is also used as it allows the use of higher LR values, leading
to faster convergence and also adds resilience to high gradient batches that could degrade
the performance of the model or even lead to exploding gradients. It was found to be
particularly necessary when training with the proposed regularizers that in our experiments
could often lead to high-valued gradients that could hinder the convergence of the model.
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5.2.1 Pretraining

In the pre-training phase, the model is trained on simulated data. This phase is subdivided
into two parts, consisting of the training of the decoder and the training of the encoder.
The decoder is trained in a supervised manner by minimizing the regression loss by set-
ting v = 0 together with the regularization mediated by the parameters «, ¢ and w. In
this phase, a suitable member of the dilated encoder architecture family is chosen, with
hyperparameters obtained as described in section 5.1.4. The chosen architecture is then
trained in an extended manner. To increase the robustness of the model, additive gaussian
noise is incorporated to the spectra drawn from n ~ AN(0, o), with standard deviation
o ~ LogUniform(107% 101) set per sample, on every batch.

The decoder is not trained, instead, the transposed kernel is initialized with the simulated
individual spectral shapes and the transmissivity vector is initialized to the transmissivity
values of the simulation.

5.2.2 Finetuning

In the finetuning phase, the model is updated to account for differences between the sim-
ulation data and the real data. This change is emulated in the dataset distribution by
slightly changing the parameters of the simulation, then the model is finetuned in a fully
unsupervised manner by setting v = 1 on the loss function. Here the reconstruction error
compares the output to £ = x + n since, in the real setting, only observations of  would
be available and only an approximate = could be obtained by filtering. Furthermore, the
noise is sampled from n ~ A (0,0 = 1072) for the whole training set once, and then is
fixed for the whole training process.

It was found that training all parameters together yielded good results given that
adequate LR values are set for each parameter group. These are the parameters from the
encoder, the parameters from the transposed convolution and the transmissivity parameter.
To find an adequate LR for each parameter group, the rest of the network is frozen?! and
use the LRFinder algorithm.

5.3 Simulation Validation

In this section, the proposed method will be evaluated and compared with methods from the
literature to assess its performance and adaptation capacity. The implemented regressions
models are LUT as described in section 3.2.1, ELM and LS-SVR as described in section
3.2.3, and the implemented evolutionary algorithms are GA Binary, GA Real, SDE, DEA
and DMS-PSO as described in section 3.2.2. GA Real is a variation of the standard GA
algorithm, referred to here as GA Binary, which has continuous representations instead of
Binary representations of genes, and only has genes for the spectral positions. The mutation

2I1n the context of DL, this refers to setting a subset of parameters as constants that are not modified.
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step 1s a random fluctuation given by a gaussian distribution centered at zero with variance
o. A swap step is also added to GA Real as done in SDE. For the DMS-PSO algorithm,
a swap step is added at the end, as done in [35]; this is described in section 3.2.2. This
methods will be referred as baselines from now on, while the proposed model trained in a
supervised manner is referred as pretrained model. The baselines and the pretrained model
use a shared simulation, which corresponds to the source domain. In this source domain,
the simulation is used either to create the dataset for the case of learning-based methods
or to simulate candidates in the case of the EA method. The baselines and the pretrained
model are tested in the source domain as a reference. Then they are tested in different target
domains, together with the finetuned model, which corresponds to the pretrained model
finetuned on target domain data in an unsupervised manner.

The optimal parameters for the regression models ELM and LS-SVR are found through
the optimization framework Optuna (see appendixB.4) for the case of () = 2. The pa-
rameter of the LUT is the number of points in the train dataset. The used parameters are
presented in table 5.3. The parameters for the EAs are taken from the references, the
population size was increased for some algorithms as the proposed values proved to lead to
poor performance. For all EAs a patience parameter was added that stops the search after

patience-steps of no improvement. The parameters used for the EAs are presented in table
5.4.

Table 5.3: Regression Models parameters.

Model Parameters

LUT M = 10000 if Q = 2 else 309, distance = ’euclidean’

ELM hidden_size = 77444

LS-SVR C = 124349668.96254776, v = 0.00817539947388093, kernel = ’rbf’

Table 5.4: EAs parameters for the two sensor case.

Population Max

Model . . Patience Extra Parameters
Size Generations
GA Binary 20 500 200 Derossover = Ly Pmutation = 0.1, B=10
GA Real 150 500 50 o = 1[nm], Swap = T'rue
SDE 30 100 200 F =0.8, pgisr = 0.9
DEA 200 500 50 top_size = 50
DSM-PSO 3 1000 50 w = 0.6,pa = 2,ga = 2,lr = 0.1, swarms = 5, migration_gap = 5

5.3.1 Unmodified Data

In this section, the performance of all models for the case where the dataset matches the
characteristics of the test data are explored. This means that in this setting there is no
simulation inaccuracy.

The data used for testing is generated by setting the first sensor (the one with lower
reflectivity) to a fixed value of 1550[nm] and sweeping the other FBG from 1549.4[nm]
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to 1550.6[nm] over 300 steps. Figure 5.8 shows the distribution of errors of all baseline
algorithms for three levels of SNR. It can be noted that most EA algorithms outperform the
regressors, except for GA Binary and GA Real for the low noise case. Furthermore, the
performance of SDE, DEA and DMS-PSO are roughly on par for all noise levels. It can also
be noted that LS-SVR consistently outperforms the other regressors but its performance is
worst than the best EA algorithms by orders of magnitude.
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Figure 5.8: Comparison of regressors and EAs

The performance of the pretrained model is inspected in figure 5.9. The left graph
displays the true spectral positions (y; and y-) and the corresponding inferences of the
pretrained model (7; and g5) for each instance of the sweep. The mean absolute error
(MAE) is also plotted, corresponding to the per-instance average of the absolute errors
between true and inferred spectral positions. On the right graph the distributions of error
for each sensor are displayed. The errors are very low, with an average M AE ~ 3 - 1072,
which is close to an order of magnitude better than the best baseline regressor LS-SVR.
This is evidenced by the almost perfect overlap between true (blue and orange lines) and
the inferered spectral positions (dashed green and red lines), as well by the MAE (dashed
black line) which displays peaks in the order of 0.1 [pm].
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Figure 5.9: Proposed Model Sweep (left). Proposed Model Sweep Error distribution (right).

Now the effect of noise on the inference performance of the model will be inspected.
As can be seen from figure 5.10 the performance of the model decreases. The MAE
worsens with respect to the noiseless case by roughly an order of magnitude to a value of
MAFE =~ 0.2[pm)] as well as the top error outliers that are in the order of 1[pm)].
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Figure 5.10: Proposed Model Sweep with an SNR of 20d 5B (left). Proposed Model Sweep
Error distribution an SNR of 20d 5B (right).

Figure 5.11 shows the error distributions for different levels of SNR, on the left the
MAE distributions are displayed while on the right the absolute error distributions are
displayed, showing the individual sensor error distributions. It can be seen that for SNR
levels above 25d B the error distribution remains mostly unchanged and maintains the
distribution seen for the case of no noise, displayed previously on figure 5.9. For lower
levels of SNR, the performance decreases consistently and decreases more considerably
below 10dB.
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Figure 5.11: Proposed Model aggregated error distributions for different SNR levels (left).
Proposed Model error distributions for different SNR levels (right).

In figure 5.12 the aggregated error distributions are compared for the best regressor
model and best EA with the proposed model. As can be seen, for low noise the proposed
model slightly outperforms LS-SVR but does not outperform SDE. For the high noise case,
the proposed model vastly outperforms LS-SVR and closely matches SDE.
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Figure 5.12: Comparison of best regressor and evolutionary algorithm models with respect
to the proposed autoencoder model.

5.3.2 Effect of Simulation Inaccuracies

To emulate the differences that would arise when testing on real data, we construct differ-
ent targets domains, modifying the simulation by adding perturbations to the simulation
parameters. These correspond to small changes (about 10%) in the attenuation and profile
(shape) of simulated FBGs. Note that here the spectral profile is modified, without affecting
the bandwidth, by changing the FBG peak reflectivity value, which, as per the uniform
FBG spectral model, affects the spectral profile. This is used as a proxy for simulation
inaccuracies that could arise when testing with real data. This should affect the regressor
models as the data with which they were trained would be different from the data with
which they would be tested. If this is too severe it would suggest that these models should
be trained either with real samples or with simulations that correspond very closely to the
real data. EAs, on the other hand, rely on simulating candidates to find the best match and
as a consequence, it is expected that their performance will be affected by a discrepancy
between simulation and real data.

Transmissivity

In this section, the effect of changing the transmissivity parameters of the simulation is ad-
dressed. In particular, the transmissivity vector is changed from A = {1,1}to A = {1,0.8}.
This could represent unaccounted splice losses and the attenuation given by the length of
fiber traversed between the sensors.

Figure 5.17 displays the error distributions of all baseline models for different SNR
levels. It can be concluded that the introduced simulation inaccuracies significantly im-
pacted the performance of all baseline models. This was more severe for learned regressors
suggesting these are not appropriate to train with simulations unless it is very accurate or
alternatively should be trained with real data. On the other hand, EA models suffered from
a substantial drop in performance but remained constant and in a relatively low error with
maximum outliers in the order of 1[pm].
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Figure 5.13: Comparison of baseline models

Now the performance of the proposed model will be addressed. As can be seen from
figure 5.14 the pattern of error is characterized by having two prominent lobes around the
crossing point and smaller lobes further from the crossing point. From the distribution of
errors, it can be noted that it has a mean absolute error M AE =~ 1[pm/| and top errors in

the order of 1.0[pm)].
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Figure 5.14: Proposed model without finetuning Sweep. Proposed model without finetuning
Sweep Error distribution.

The model is finetuned in an unsupervised manner as described in section 5.2.2. The
performance increases significantly by more than an order of magnitude, as can be seen
from figure 5.15. The mean absolute error is M AE =~ 6 - 10~%[pm] and the top errors are
in the order of 0.1[pm]. It can be observed from the error distribution that the pattern seen
previously is lost, although the top errors are still positioned near the crossing point and
drop at the crossing point.
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Figure 5.15: Finetuned proposed model Sweep. Finetuned proposed model Sweep Error
distribution.

Figure 5.16 shows the performance of the model when the train data matches the
characteristics of the test data, and when it does not, before and after the finetuning. As can
be appreciated, the finetuning process significantly improved the performance of the model
for SNR values above 5dB, and by more than one order of magnitude for SNR values

above 20dB.
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Figure 5.16: Comparison of the proposed model when train and test data match, and when
they mismatch before and after finetuning.

In figure 5.17 the performance of the finetuned model is compared with the best
regressor and AE models. It can be observed that the proposed model consistently achieves
subpicometer accuracy, outperforming the other models for all SNR values.
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Figure 5.17: Comparison of Finetuned proposed model and the best regressor and AE
models.

Peak Reflectance

In this section, the effect of changing the peak reflectance of the simulation is explored. This
changes the saturation of each sensor and as a consequence also modifies the spectral shape.
In particular the peak reflectance vector is modified from P = {0.5,0.9} to P = {0.4,0.8}.

The performance of the baseline models for multiple levels of SNR is displayed in
figure 5.22. It can be concluded that spectral inaccuracy in the simulation significantly
impacts the performance of all models in a similar manner to the observed in the previous
section. The performance decrease is substantially more significant for regressor models.
The performance of AE models degrades slightly and is roughly the same for different
levels of SNR.
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Figure 5.18: Comparison of baseline models.

Now the performance of the proposed model is inspected. As can be seen from figure
5.19, the pattern of error is very similar to the one observed in the previous simulation
inaccuracy setting, having two prominent lobes around the crossing point and with smaller
lobes positioned further from the crossing point at random positions. The distribution of
errors has a mean absolute error M AE ~ 0.9[pm| and top errors in the order of 1.0[pm)].
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Figure 5.19: Proposed model without finetuning Sweep (left). Proposed model without
finetuning Sweep Error distribution (right).

The model is finetuned in an unsupervised manner as described in section 5.2.2. The
performance improves significantly by more than one order of magnitude, as can be seen
from figure 5.15. The mean absolute error is M AE ~ 7 - 10~?[pm] and the top errors are
in the order of 0.1[pm]. The error pattern is slightly changed with the most distinct feature
being two narrow lobes around the crossing point with amplitudes close to 1.0[pm].
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Figure 5.20: Finetuned proposed model Sweep (left). Finetuned proposed model Sweep
Error distribution (right).

Figure 5.16 shows the performance of the model when the train data matches test data
characteristics, and when it does not, before and after the finetuning. As can be appreciated,
the finetuning process significantly improves the performance of the model for SNR values
above bd B, and by more than one order of magnitude for SNR values above 20d 5.

82



5.3. SIMULATION VALIDATION CHAPTER 5. PROPOSED MODEL

103_
ol J B Train
1 _

= ﬁ.} ﬁ'} .}%{. ﬁ; j-; ﬁ; = inctune

0 5 10 15 20 25 30 35 40
SNR [dB]

Absolute Error [pm]

Figure 5.21: Comparison of the proposed model when train and test data match, and when
they mismatch before and after finetuning.

In figure 5.22 the finetuned model is compared with the best regressor and AE models.
It can be seen that it outperforms the other models significantly.
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Figure 5.22: Comparison of Finetuned proposed model and the best regressor and AE
models.

Effect of Multiple Factors

In this section, the effect of changing simultaneously the transmissivity and peak reflectance
values is explored. In particular the transmissivity vector is changed from A = {1, 1} to
A ={0.9,0.9} and the peak reflectance is changed from P = {0.5,0.9} to P = {0.4,0.8}.

The error distributions of all baseline models for different SNR levels are displayed in
figure 5.27. It can be concluded that the introduced simulation inaccuracies significantly
impact the performance of all baseline models. Similarly to the tendency observed in
the previous simulation inaccuracy settings, regressor models substantially degrade their
performance. The performance of AE models on the other hand also degraded but to error
levels that are not as high and maintained the same performance for all displayed SNR

values.
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Figure 5.23: Comparison of baseline models.

The performance of the proposed model degrades substantially, more so than what was
observed for other simulation discrepancies. The mean absolute erroris M AE ~ 2-10* [pm]
and the top errors are in the order of 10?[pm)] as can be seen from figure 5.24. The error
curve maintains the two lobes around the crossing point but also presents other lobes of
bigger magnitude further to the sides.
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Figure 5.24: Proposed model Sweep (left). Proposed model Sweep Error distribution
(right).

The model is finetuned in an unsupervised as described in section 5.2.2. The perfor-
mance increases substantially by more than one order of magnitude with a mean absolute
error of M AFE ~ 0.1[pm]| and top errors in the order of 1.0[pm] as can be seen from figure
5.25. The error curve loses the pattern observed previously and now consists of two narrow
lobes around the crossing point with magnitudes in the order of 1.0[pm/| and lower errors

further from the crossing point.
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Figure 5.25: Proposed model Sweep (left). Proposed model Sweep Error distribution
(right).

Figure 5.26 shows the distributions of error for different levels of SNR for the models
when there is no simulation discrepancy and when there is before and after finetuning. As
can be seen, finetuning improved the performance substantially for all SNR values above
bd B, reducing the error by more than one order of magnitude.
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Figure 5.26: Comparison of the proposed model when train and test data match, and when
they mismatch before and after finetuning.

Figure 5.27 displays a comparison of the finetuned model and the best performing
baseline models. It can be observed that it has the lower distribution of error for all SNR

values and by significant amounts.
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Figure 5.27: Comparison of Finetuned proposed model and the best regressor and AE
models.

Figure 5.28 displays the box plots of the MAE distributions of the proposal and the
baselines. The Reference case corresponds to testing on the source domain and the other
cases correspond to the different target domains. In the Reference case, the pretrained
model outperforms LS-SVR while marginally outperforming SDE. While in the target
domains, all baselines have their performance degraded, which is to be expected. On the
other hand, the finetuned model returns to an error distribution close to the one obtained by
the pretrained model on the source domain, improving the performance significantly.
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Figure 5.28: Proposal model comparison to baseline models on simulated data for the
two-sensor array.

It can be concluded that all baseline models decrease their performance significantly
when there are differences between the test data simulation and the train data simulation.
In particular, regression models are significantly impacted, consistently achieving errors
of several picometers suggesting these models are not suitable for training with simulated
data, and should instead be trained with real data. EA models on the other hand experience
a performance decrease but in general are bound to acceptable levels, in particular, the last
scenario significantly impacted the performance of EA models.
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The finetuning procedure over the proposed model proved useful on all simulation
inaccuracy scenarios, achieving results similar to the ones obtained with the original model
over the test data drawn from the same simulation as the train data. In general achieving
consistent subpicometer performance for SNR values above 20d 5, outperforming all
baseline models by substantial amounts.

5.3.3 Three Sensors

In this section, the baseline models and the proposed model are benchmarked as done
in the previous section, but for the case of one additional sensor. The hyperparameters
of the proposed model and the parameters of the regressor models are maintained from
the two sensor case. The parameters for the EA models are slightly modified, the de-
tailed used parameters are displayed in table 5.5. The performance of the baseline models
is compared to the proposed model as done in previous sections, for different regimes
of simulation inaccuracy between the simulation of train data and the simulation of test data.

Table 5.5: Evolutionary Algorithms parameters for three sensors

Population Max

Model . . Patience Extra Parameters
Size Generations

GA Binary 100 500 200 Derossover = 1y Pmutation = 0.1, B=10

GA Real 300 500 50 o = 1[nm|, Swap = True

SDE 30 100 200 F = 0.8, pairr = 0.9

DEA 200 500 50 top_size = 50

DSM-PSO 5 1000 50 w=0.6,pa =2,ga = 2,lr =0.1, swarms = 15, migration_gap = 5
Unmodified Data

The baseline models are compared in figure 5.29. It can be concluded that all baselines
had their performance affected by the addition of another sensor to the array. In particular,
the regressor baselines are significantly impacted, achieving errors well above acceptable
subpicometer levels. This is mainly due to the reduction of relative density for each FBG
together with the raised difficulty due to closer peak reflectance between sensors, as can be
evidenced by the performance observed by the LUT model that deteriorates significantly
despite its robust performance observed for the two sensor case. On the other hand, most
EA models did not have a significant performance decrease, although higher valued outliers
are observed. In particular, DMS-PSO decreases its performance significantly, with outliers
several orders of magnitude above its mean value even for high SNR cases. The DEA
algorithm achieves good results but has a small number of occasional outliers. The SDE
algorithm consistently achieves exceptional results.
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Figure 5.29: Comparison of baseline models

Now the performance of the proposed model is inspected. As can be seen from figure
5.30 the performance deteriorates roughly by an order of magnitude with respect to the two
sensor case, with a M AE ~ 10~ *[pm] and top error outliers in the order of 1.0[pm]. From
figure 5.30 we can note that the error curve shows the additional difficulty of the inference
around the crossing point of the three sensors.
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Figure 5.30: Proposed model Sweep (left). Proposed model Sweep Error distribution
(right).

It can be observed from figure 5.31 that the error distribution is unaffected for high
SNR levels above 25d B, but it deteriorates gradually for lower values, and more severely
below 10dB. It can be noted that the individual error distributions maintain the tendency of
higher errors for the sensors according to their peak reflectance, this is exacerbated further
for lower SNR levels.
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Figure 5.31: Proposed model aggregated error distributions for different SNR levels (left).
Proposed model error distributions for different SNR levels (right).

In figure 5.32 the proposed model is compared with the best EA and regression models.
It can be noted that the proposed model outperforms by several orders of magnitude the
performance of LS-SVR. The model has performance close to SDE for the low SNR case
and is outperformed for higher SNR levels.
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Figure 5.32: Comparison of best regressor and evolutionary algorithm models and proposed
model.

Transmissivity

In this section, the case when the simulation inaccuracy is on the transmissivity values
will be explored. In particular, the transmissivity vector is modified from A = {1,1,1} to
A=1{1,0.9,0.9}.

In figure 5.33 the baseline models are compared for different SNR levels. It can be
noted that the performance of all models is significantly degraded. The performance of
regression models was already deficient for the unmodified case and is slightly hindered
by the simulation inaccuracy. The EA models have better performance than regression
models but their performance is degraded substantially from the unmodified case, with
M AF values above 1.0[pm| and significant high-valued outliers in most AE models.
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Figure 5.33: Comparison of baseline models

The performance of the proposed model is significantly affected by the transmissivity
change as can be seen from figure 5.34 with a M AF ~ 6.0[pm| and top outliers in the
order of 10?[pm)]. It can be observed from figure 5.34 that the error outliers are positioned
around the crossing point of the three sensors and correspond to one sensor being inferred
in the position of another.
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Figure 5.34: Proposed Model Sweep (left). Proposed Model Sweep Error distribution
(right).

The proposed model is finetuned as described in section 5.2.2. It can be observed from
figure 5.35 that the M AF is significantly reduced by more than one order of magnitude to
MAFE = 0.2[pm] as well as the top error outliers that are now in the order of 1.0[pm]. It
can be noted that the large error outliers are positioned around the crossing point of the
three sensors.
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Figure 5.35: Proposed Model Sweep (left). Proposed Model Sweep Error distribution
(right).

Figure 5.36 displays a comparison of the error distributions with respect to SNR for
the original model tested over the train simulation and the model tested over test data with
simulation inaccuracies before and after finetuning. It can be noted that the finetuning
process reduced significantly the error distributions, yielding similar results to the ones
obtained with no simulation inaccuracy.
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Figure 5.36: Comparison of the proposed model when train and test data match, and when
they mismatch before and after finetuning.

The finetuned model is compared with the best regression and AE models in figure
5.37. It can be seen that the finetuned model significantly outperforms both models by
more than one order of magnitude and has much more compact distributions, especially
for the low-noise scenario. It should be noted also that the model has outliers of a couple

picometers.
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Figure 5.37: Comparison of finetuned proposed model and best baseline models.

Peak Reflectance

In this section, the case when the simulation inaccuracy is over the peak reflectance is
explored. In particular, the peak reflectance vector is modified from P = {0.5,0.7,0.9} to
P ={0.45,0.7,0.95}.

The performance for different levels of SNR is compared in figure 5.38. It can be
noted that all models are impacted in a similar manner as observed in the previous section.
The regression models with already deficient performance in the unmodified case, display
slightly deteriorated performance. The AE models have a better performance but are
significantly degraded with respect to the unmodified case and with high-valued outliers. It
must be noted that GA Binary outperforms all other models, as it finds optimal values for
the peak reflectance in conjunction with the spectral positions.
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Figure 5.38: Comparison of baseline models.

The proposed model is also affected by the simulation inaccuracy in peak reflectance.
This can be observed from figure 5.39 where it can be seen that the M AE ~ 2.0[pm] and
the top error outliers are in the order of 20[pm]. It can be noted that the large errors are
positioned around the crossing points, with bigger outliers around the crossing of the three
SeNsors.
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Figure 5.39: Proposed Model Sweep (left). Proposed Model Sweep Error distribution
(right).

The model is finetuned as described in section 5.2.2. From figure 5.40 it can be observed
that the error distributions are left shifted, now with a M AE =~ 0.2[pm] and top error
outliers in the order of 1.0[pm]. It can also be noted that the top error outliers are positioned
around the crossing of the three sensors.
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Figure 5.40: Proposed Model Sweep (left). Proposed Model Sweep Error distribution
(right).

The performance of the model is displayed in figure 5.41 for the scenario with match-
ing test and train simulation and the scenarios with simulation inaccuracies before and
after finetuning. The error distributions are significantly improved, roughly matching the
previous performance with no simulation inaccuracy.
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Figure 5.41: Comparison of the proposed model when train and test data match, and when
they mismatch before and after finetuning.

From figure 5.42 it can be observed that the finetuned model significantly outperforms
the best EA and regression models. It can also be noted that the finetuned model has MAE
values of more than one order of magnitude lower except for SDE in the low SNR case
where it is less than one order of magnitude lower. The model maximum outliers are of a

couple picometers.
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Figure 5.42: Comparison of finetuned proposed model and best baseline models.

Effect of multiple factors

In this section, the case when the simulation inaccuracy is over the peak reflectance
and the transmissivity is explored. In particular, the peak reflectance is modified from
P =1{0.5,0.7,0.9} to P = {0.52,0.77,0.99} and the attenuations from A = {1,1,1} to

A = {0.95,0.95,0.95}.

The performance of baseline models for different SNR levels is displayed in figure 5.43.
It can be seen that the performance is degraded significantly for all models, with slight
differences for the regression models that already displayed poor performance and more
severely for AE models. AE models still outperform regression models but display large
valued outliers.

94



5.3. SIMULATION VALIDATION CHAPTER 5. PROPOSED MODEL

— I BN GA Binary
£ 102_5 [ GA Real
'g BN DEA
E 101 EEE SDE
I3 5 mEN DMS PSO
2 100‘; B Lookuptable
élo—l [ ELM

| | | BN LS-SVR

20 30 40

SNR [dB]

Figure 5.43: Comparison of baseline models.

The performance of the proposed model is degraded by the simulation inaccuracies.
From figure 5.44 it can be observed that the M AE = 3.0[pm] and the top errors are in
the order of 10%[pm]. It can also be noted that the error outliers are positioned around the
crossing points, with the larger errors around the crossing of the three sensors.
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Figure 5.44: Proposed Model Sweep (left). Proposed Model Sweep Error distribution
(right).

The model is finetuned as described in section 5.2.2. The errors are significantly lowered
as can be seen from figure 5.45, with a M AE = 0.3[pm] and top error around 1.0[pm]. It
can be noted that the higher errors are positioned around the crossing of the three sensors
with top values around 10[pm)].
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Figure 5.45: Proposed Model Sweep (left). Proposed Model Sweep Error distribution
(right).

The performance of the model is displayed in figure 5.46 for the scenario of the original
model tested over data drawn from the same simulation as the train data and the scenarios
when there are simulation inaccuracies before and after finetuning. It can be observed that
the error is significantly reduced with finetuning, achieving performance roughly on par
with the original model over unmodified data.
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Figure 5.46: Comparison of the proposed model when train and test data match, and when
they mismatch before and after finetuning.

The finetuned model is compared with the best EA and regression models in figure 5.47.
It can be seen that the finetuned model outperforms the best baselines MAE by more than
an order of magnitude, except for the high noise case, where SDE has a MAE of less than
one order of magnitude lower. It should be noted that the model has maximum outliers of a

couple of picometers.
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Figure 5.47: Comparison of finetuned proposed model to best baseline models.

The results displayed in figure 5.48 show that on the original domain, the pretrained
model outperforms LS-SVR while having a performance on par with SDE, with marginally
higher errors. In the different target domains, the baselines have significant degradation
in the inference. On the other hand, the finetuned model recovers the error distribution
obtained in the original domain.
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Figure 5.48: Proposal model comparison to baseline models on simulated data for the
three-sensor array.

5.4 Experimental Validation

In this section, the performance of the proposed model is tested on experimental data and
compared to the performance of the baseline models. The experimental setup with which
the data is obtained is described in detail, as well as the design decisions behind the possible
setup alternatives.

5.4.1 Experimental Setup
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To construct a dataset for supervised training, the experimental setup must satisfy the fol-
lowing requirements. (i) Control of the spectral positions of the FBG sensors. (i1) Accurate
measurement of the FBG sensors spectral positions. (ii1) Measurement of the joint spectrum
with an incoherent source.

For the first requirement, either the temperature or the strain of the sensors could be var-
ied. Temperature is chosen for this purpose, as precise strain variation requires specialized
equipment. Precise temperature control is achieved, with a range between temperatures
of 5°C and 65°C by use of a temperature controller based on a Peltier. The design of the
controller is described in detail in appendix C.

For the second requirement, it is proposed to use pairs of ’twin” FBGs inscribed with
the same mask and with close peak reflectivity values. With similar characteristics, the sen-
sors have similar sensitivities to temperature, therefore, their spectral positions for different
temperatures are closely related to one another. In consequence, the spectral positions of
the ”twin” pairs can be related by a linear equation by performing a linear regression of
the spectral positions for different values of temperature. Then, a precise reference can
be obtained for each sensor in the serial array by having a ”’twin” in the same spatial position.

The optical setup of the experiment is depicted in figure 5.49. For the reference sensors
a commercial FBG interrogator is used, the Luna Hyperion si255. Among the interesting
characteristics of this device, is that it has 4 channels, a 10Hz sampling rate, and a wave-
length range between 1500[nm] and 1600[nm] with a 10[pm] precision. Furthermore, it
has built-in peak tracking capability.

EDFA Wideband r -||-||_||-||-| B
Source Filter : ;
-
- t I Attenuator
nterrogator - Attenuator
|___A___l
OSA

Figure 5.49: Optical components setup. The serial array and its associated equipment are
depicted in green, while the reference sensors and their associated equipment are depicted
in blue.

The interrogator uses as source a sweeping tunable laser, which is unsuitable for the
interrogation of FBG arrays with overlapping spectra since the high-coherence source
produces interference patterns. Because of this, a broadband source and an OSA are used
instead to obtain the reflection spectra of the serial array.
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As source, the amplified spontaneous emission (ASE) noise of an erbium-doped fiber
amplifier (EDFA) is used. Using an EDFA as a broadband source is not ideal as this is not
its intended use, with its main drawbacks being the fluctuation of optical power and the
non-flatness of the power spectrum.

To alleviate this, instead of measuring the reflected power spectrum, the transmitted
power spectrum is measured with the aim of extracting a spectral power reference from the
measurements. This reference is obtained by masking the FBG peaks and using the rest
of the data to obtain a background power spectrum estimate and a per-instance bias. The
details of this procedure are explained in appendix A.2.

The transmission power spectrum is divided by the reference yielding the transmission
spectrum 7" and from this, the reflection spectrum R is obtained as R = 1 — T". To limit the
optical power going to the OSA without hindering the SNR, a wideband filter is used to
restrict the light just to the necessary band.

The characteristics of the two-sensor serial array are a FWHM and a reflectivity of
0.134 nm and 58%, for the first FBG, and 0.204 nm and 93% for the second one. The
details of the other optical setup components are described in table 5.6.

Table 5.6
Component Model Details
EDFA Thorlabs Fiber Amplifier
Interrogator Luna Hyperion si255
Wideband Filter DK Photonics Filter BW = 2[nm], Ay = 1550[nm)|
Attenuator Generic Attenuation = 10[dB]
OSA Apex AP2683A Resolution = 1.12[pm]

The experiments consist of one FBG pair set to a constant temperature while the other
FBG pair is smoothly varied from on of the temperature range limit to the opposite. This
yields all the combinations of the spectral distance between the FBGs in the serial array.
The experiment details are described in table 5.7.

Table 5.7: Description of experiments.

Temperature [°C]

Experiment Constant Change
P Const. Init. End Rate
number sensor .
[°C/sec]
1 A 32.5 5 65 1/300
2 A 32.5 65 5 1/300
3 B 40 5 65 1/300
4 B 40 65 5 1/300
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5.4.2 Experimental Results

The source domain corresponds to the pseudo-simulation, based on shifted measurements
of the individual spectra from the FBG sensors of the array, as described in 2.9. This
method of simulation is used as it minimizes the simulation inaccuracy, i.e. it minimizes
the differences between source and target domain. The hyperparameters for the CNN-AE
obtained through simulation are maintained, except for the parametrization of the transposed
convolution kernel, where the centered parametrization is used to address non-symmetrical
spectral profiles (see section 5.1.4).

The experimental data is partitioned into train and test subsets, with a test proportion of
10%. The train dataset is used for finetuning the pretrained model, while the test dataset is
used to evaluate and compare with the baselines.

Before finetuning, the performance of the pre-trained model is evaluated on the test
data, the results for this scenario are shown in figure 5.50. As can be seen, the model
performs poorly, with prominent peaks of values as high as 250[pm].
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Figure 5.50: Pretrained model inference on test data (left). Pretrained model error distribu-

tion on test data (right).

The model is finetuned as described in section 5.2.2. The inference performance
over the test data is shown in figure 5.51. We can note that the performance improved
substantially but there are still significantly prominent peaks around the crossing point.
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Figure 5.51: Finetuned model inference on test data (left). Finetuned model error distribu-

tion on test data (right).
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The box plots of the MAE are shown for the simulation (source domain) and experimen-
tal (target domain) scenarios in figure 5.52. In the simulation scenario the pretrained model
outperforms LS-SVR while displaying a performance close to SDE, and in the experimental
scenario the finetuned model closely matches the performance of SDE.
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Figure 5.52: Proposed model comparison to baseline models on simulated data and experi-
mental data.

The obtained results suggest that the particular setup of the array is not suitable to obtain
adequate inference around the crossing point. The spectral shapes have low sidelobes as
can be seen from figure 5.53 and the measurements of the serial array have a high level of
noise which further conceal the sidelobes. If instead, the sidelobes were not covered in this
manner, they could be useful to determine the spectral positions of the sensors.
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Figure 5.53: Single measurement of the serial array with superposed individual measured
spectra measurements with spectral shifts.

In order to evaluate the impact of noise with these particular spectral shapes, the model
was pretrained with simulated data of Gaussian simulation profiles with the characteristics
of the sensors and then finetuned with the pseudo-simulated dataset. It is found that the
model learns an adequate inference when there is no noise, as shown in figure 5.54.
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Figure 5.54: Finetuned model inference on test data (left). Finetuned model error distribu-
tion on test data (right).

Then, noise is added to the data and it is found that only very low levels of noise allowed
the model to learn an adequate inference around the crossing point. Concretely, the SNR
level should be greater than 30d3. The result for finetuning with this level of noise is

displayed in figure 5.55
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Figure 5.55: Finetuned model inference on test data with noise(left). Finetuned model error
distribution on test data with noise(right).

From figure 5.56 it can be observed that after finetuning the performance of the proposed
model is improved significantly, with a small number of outliers at a level of a few
picometers. It can also be seen that when finetuning with data with an SNR of 30d B the
error distribution is almost identical to the noiseless case. It was found that for lower SNR
levels the performance of the finetuned model degrades to levels seen for the experimental

dataset.
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Figure 5.56: Performance comparison of the pretrained and the finetuned model on pseudo-
simulated data. The target domain has no noise, except when it is specified.

Based on the results, it can be concluded that the low performance of the methods can
be explained by the low SNR of the experimental setup and the specific spectral shapes of
the FBGs, which make it challenging to perform inference when there is high overlap.

5.5 Discussion

In this work, a CNN AE is proposed to solve the problem of SWDM with the capability of
training on simulated data and adaptation to real data by unsupervised domain adaptation.
The model performance and its capability for unsupervised domain adaptation is evaluated
in different scenarios and compared to baseline methods previously proposed in the litera-
ture.

Finetuning proved to give adequate results on simulated data even when significant sim-
ulation inaccuracies are introduced. The case of a two-sensor array was evaluated, giving
promising results with consistent subpicometer accuracy. For the two-sensor and three-
sensor cases, finetuning proved effective, reducing the MAE significantly and retrieving a
performance on par with the one obtained on the original domain through supervised means.
It should be noted that the chosen hyperparameters were optimized for the two-sensor case.
In consequence, these results are not conclusive and should be regarded as early tests for
the three-sensor case. For more conclusive results, a set of optimal hyperparameters should
be found for this scenario.

Experiments on real data demonstrate that the finetuned model matches the best baseline
that uses a simulation based on accurate individual spectra measurements to evaluate its
candidates. However, the performance was significantly degraded with respect to the simu-
lation, which corresponds to the original domain. Experiments on simulated data suggest
that the particular spectral shapes with the SNR of the measurements are not suitable for
adequate SWDM demultiplexation with the proposed method or the baseline methods.
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Chapter 6

Conclusion

Among the main contributions of this work, it presents a framework for the simulation
of FBG arrays. In addition to the typical gaussian approximation of reflection spectra, a
simulation for the uniform modulation case is included, which is based on a parametrization
of the physical properties by spectral characteristics such as peak reflectivity and bandwidth.
A simulation procedure for the parallel topology is also provided, as well as a simulation for
the more challenging serial topology. The simulation for the serial topology is particularly
noteworthy because it is based on the Transfer-Matrix Formalism and accurately accounts
for incoherent gaps between sensors, which to the best of our knowledge has not been done
before.

A comprehensive literature review of SWDM is presented, which includes a large
number of proposed algorithms. Implementations of multiple algorithms from the literature,
both ML and EA approaches were constructed, to be used as baselines. Evaluating these
baselines with the simulation framework allows for a fair comparison between them. From
the literature, a reliance on simulated data is observed. For the ML approach simulation
are required to confection a dataset necessary for training. On the other hand, for the EA
approach, imulations are required for the evaluation of candidates. This brings forth the
problem of simulation inaccuracies, where differences between simulation and real data
translate to decreased performance.

This work addresses the simulation inaccuracies by performing unsupervised domain
adaptation on an ML model. In this setting, the model is first trained on a dataset and
then retrained in an unsupervised manner on a different target dataset, to adapt the model
to the target distribution of data. In this context, we term the training on simulated data
pretraining and the subsequent unsupervised training on real data finetuning. This work
proposes the use of an CNN-AE with the necessary inductive biases to align the encoding
of the latent variable between the regression objective and the reconstruction objective,
so that the pretraining and posterior finetuning lead to better inference on the real data.
The main characteristics of the proposal are a Dilated CNN encoder with no pooling, an
ad-hoc regularization of the latent variable, and a simple decoder that follows closely the
simulation procedure.
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The performance of the model and its ability to adapt to new domains without super-
vision were tested in various situations and compared to previously published baseline
methods. Finetuning was found to be effective on simulated data, even when the simu-
lation inaccuracy is simulated by perturbations in simulation parameters. When using a
two-sensor array, finetuning resulted in consistently high accuracy at the subpicometer
level. While using a three-sensor array also showed improvement with finetuning, it did
not consistently reach subpicometer accuracy, especially when the sensors crossed over. It
is worth noting that the hyperparameters were optimized for the two-sensor case, so these
results should be considered preliminary for the three-sensor case. To get more reliable
results, a set of optimal hyperparameters should be identified for this three-sensor scenario.
The experiments on real data indicated that the success of the SWDM method depends on
more than just being able to differentiate between peaks of reflectivity. In particular, the
SNR of the experimental data and the spectral shape of each sensor was found to be critical
for achieving accurate results.

The necessary code for the replication of the results of this work is available at https:
//github.com/grudloff/fbg_S-WDM. The repository contains the code for the
simulation, the baseline algorithms as well as the proposal. This work intends to provide a
base to be used as a common benchmark and allow future research to focus on improving
the methods. Further studies are still required to analyze possible approaches to improve
the finetuned AE model by overcoming some limitations presumably imposed by the FBG
spectral shapes and measurement SNR.
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Appendix A

Miscellaneous

A.1 Saturation Function

As described in section 2.2 the FWHM bandwidth of an FBG is given by
AN = S(C)AN

where A )\ is the mainlobe bandwidth as measured between its nulls and A = S(() is an
unknown function dependent on (. We choose to approximate this function as a weighted
sum of powers of ( that is then passed through a saturation function. In particular we use
only the zeroth and first powers and use the tanh function described in section 4.5, this is
described by

S(C) = sigmoid(Qy + Q21C)

where 2 = {Q, €} is a weight vector. This parameter is learned through bayesian
optimization by simulating batches with varying saturations and optimizing the difference
between S(¢)A\g and the actual measured A\. In our tests we found this approximation
to be sufficiently good, achieving relative errors in the order of 1072, Adding more powers
of ¢ did not improve the performance. The learned weight vector is given by*

2 = {—0.6050385590422893, 0.8574601694330704 }

A.2 Reflectance Computation

As described in section 5.4, the transmitted spectrum is measured, instead of the reflection
spectrum, to obtain an input power spectrum reference together with the reflection profiles
of each spectral measurement. This allows for addressing the non-flatness and time-varying
properties of the light source that was used. In this section, we describe the process by
which the reflection spectra are estimated from the measured transmission spectra. This
process involves several steps, which are summarized below:

1. Obtain a rough reference estimate of the input power spectrum by fitting a line to

22 A large number of decimal digits are given for reproducibility purposes.
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each measured spectrum excluding the dips corresponding to the reflection spectra of
each sensor. An example of the obtained rough reference is displayed in figure A.1
on the graph of the left.

2. Calculate rough reflection spectra and an estimation of the peak position from each
spectral measurement using the rough reference estimate.

3. Use the peak position data where there is no overlap to calculate a linear regression
with the peak position data of the corresponding twin sensors to obtain the peak
positions when there is overlap between the sensors.

4. Mask the transmission power spectrum with the peak position estimations, and
calculate a reference power profile and a per spectral measurement bias from the
non-masked data.

5. Obtain refined reference power spectra for each spectral measurement using the
reference power profile and the per spectral measurement bias. This is illustrated as
an example in figure A.1 on the graph to the right.

6. Finally, the refined reflection spectra are calculated from the transmission power
spectrum and the refined power spectra reference.

The details of each step are described in more detail below.

e
o

— x — X

Xmasked Xmasked

— Xpred Xpred

Transmittance [uW]
o
N
Transmittance [uW]
o
N

0.2 0.2
0.01, i i . . 0.01, . . . .
1549.0 1549.5 1550.0 1550.5 1551.0 1549.0 1549.5 1550.0 1550.5 1551.0
Alnm] Alnm]

Figure A.1: Rough estimate (left). Refined estimate (right). x is an instance of spectral
measurement, x,,,skeq 1S the masked spectral measurement displaying the data that is used
for the reference estimate and x,,.4 1s the corresponding reference estimate.

To begin, algorithm 4 is used to find a linear estimate of the reference power. The
algorithm consists in iteratively fitting a line to each spectral measurement and excluding,
for the next iteration, the proportion of data further from the fitted line. The inputs of
the algorithm are the matrix containing the spectral measurements X, the portion of data
excluded in each iteration « € [0, 1], and the number of iterations 7¢,qtions- From the result
of this algorithm, the transmittance spectrum 7' is obtained by dividing the transmission

power spectrum by the reference. From the transmittance spectrum the reflection spectrum
Risobtainedas R =T — 1.
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Algorithm 4 Linear reference iterative estimation

Require: Xa &, Niteration
lines < fit_lines(X) > fit line to each spectral measurement
M «+ len(X)
foric[1,---, M]|do
fOI‘j < [17 o 7niteration] do
v X|[i]
line < lines|i]
v < mask(v,line, ) > mask portion « from v with greatest distance to line
line < fit_line(v)
end for
end for
return [ines

The peak estimates are obtained from the rough reflection spectrum by using the
find_peaks function from the scipy library. This estimation is improved by re-
estimating the peak from the center of mass of each peak.

There is a portion of data where the peaks overlap, and as a consequence, there is no
clear estimate of the peak position. The estimated peaks that are sufficiently apart to have
no overlap are used to obtain a regression with respect to the peaks of the twin FBG sensors,
obtained from the interrogator. From this regression, an estimation of the peak positions is
computed.

Then, the peak estimations from each sensor are used to obtain the refined reflec-
tion spectrum. With this objective, the peak estimation and FWHM from each SWDM-
multiplexed FBG sensor are used to mask the transmission power spectra. The mask
excludes the data around each peak position with a width of double the FWHM. From
this, reference power spectra are calculated by following algorithm 5. This algorithm, in
essence, calculates a shared reference spectral profile that accounts for the non-flatness and
a per-sample offset that accounts for changes in time. Then the refined reference is used
to compute the refined reflection spectra in the same manner as done previously with the
rough reference.
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Algorithm 5 Power reference iterative estimation

Require: Ly Y, Niteration
M, N <« x.shape
Tmasked < mask(x,y) > Mask spectra x from estimated wavelengths .
of fset < zeros(M)
profile < zeros(N)
for j € [1, - Niteration) do
Tintp < interpolate(Tmasked, axis = 1) > Per spectral measurement interpolation.
profile <— mean(xn, — of fset, axis = 0)
of fset < mean(profile — Tmasked, axis = 1) 1> Mean of non-masked elements.
end for
reference <— profile — of fset
return re ference
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Appendix B

Frameworks

B.1 LEAP: Library for evolutionary algorithms in python

LEAP [103] is a general purpose Evolutionary Computation package with a strong priority
on readability. It has features such as basic EA functional operators, distribution capabilities
and visualization features. The basic workflow is based on the definition of a population of
individuals that loop through a pipeline of operators that are applied sequentially.

The Individual class represents a solution by a genome and a fitness. It also
maintains a reference to a Problem with which it will be evaluated and a reference to a
Decoder which translates the genome into a phenome for fitness evaluation.

The Decoder class has a decode method that must be defined to compute the phenome
from the genome. For our problem, the genome represents the spectral positions and
the phenome the simulation for that spectral position. We define the decoder called
FBGDecoder as

class FBGDecoder (Decoder) :
def decode(self, genome, =*xargs, =**kwargs):
A_b = genome
phenome = X (A_b, vars.\, vars.A, vars.A)\, vars.I,
vars.An_dc, simulation=vars.simulation)
return phenome

The Problem class contains a maximize attribute that defines if the fitness must be
maximized. It also requires the definition of the evaluate method which is used to calculate
the fitness from the phenome together with the definition of equivalent and worst_than meth-
ods for fitness comparison. For our problem we define as a subclass of ScalarProblem
(that implements standard scalar fitness comparison) the class FBGProblem that evaluates
the fitness as the MAE.

class FBGProblem (ScalarProblem) :
def = init_ (self, x=None):

118



B.1. LEAP: LIBRARY FOR EVOLUTIONARY ALGORITHMS IN PYTHON APPENDIX B. FRAMEWORKS

super () ._ _init_ (maximize=False)
self.x = x
def set (self, x):
self.x = x
def evaluate(self, phenome, =xargs, xxkwargs):
return np.sum(np.abs(self.x - phenome))

With the components of the Tndividual fully defined we can create a population
and loop through a pipeline of operators to iteratively yield new populations and arrive at
an optimal solution to the problem. A simple example is illustrated in the following code

mmmw .. define population size, bounds of genes, number of
generations and spectra """

problem = FBGProblem(x)

parents = Individual.create_population (
pop_size,
initialize=create_real_ vector (bounds),
decoder=FBGDecoder (),
problem=problem
)

parents = ops.grouped_evaluate (parents, problem=problem)

count=0

while count < max_generations:

offspring = pipeline (parents)

parents = offspring
count += 1
best_individual = max (offspring)

For example, the pipeline for GA Real whose pipeline consists in stochastic universal
sampling, crossover, mutation and comparison with the parent population is defined as

def pipeline(parents):
return pipe (
parents,
ops.sus_selection (
offset="pop-min',
key=lambda x: —x.fitness
) 14
ops.clone,
ops.uniform_crossover (p_swap=p_Crossover),
mutate_gaussian (std=std,
expected_num_mutations=1,
hard_bounds=bounds),
ops.pool (size=pop_size),
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ops.grouped_evaluate (problem=problem),
ops.truncation_selection(size=pop_size,
parents=parents)

B.2 Pytorch

Pytorch is an open source ML framework tailored for the development of DL applications.
Its two high level features are its Tensor computation with GPU capability and its automatic
differentiation system. It also contains all the required elements for building NNs, such as
layers, loss functions and optimizers, together with additional utilities such as dataloaders.
There are other more advanced features, such as distributed training available for the expe-
rienced practitioner.

The syntax of Pytorch follows closely the one of Numpy, the de facto tensor computa-
tion library of python. Pytorch implements an imperative programming model where each
line of code is executed immediately as it is written, in contrast to an asynchronous model
as seen in other frameworks such as Tensorflow. This approach, commonly known as eager
execution, allows for better debugging and faster development as users can directly inspect
and manipulate intermediate results at runtime.

The automatic differentiation system of Pytorch is called autograd. It fundamentally
keeps a record of tensors and all executed operations in a directed acyclic graph (DAG)
consisting of Function objects. In the DAG, the leaves are the input tensors and the roots
are the output tensors. By tracing from roots to leaves through the graph the gradients can
be obtained using the chain rule.

A simple example with the basic tensor computation and autograd capabilities is
displayed in the following block of code.

# initialize tensor
input = torch.tensor([1l, 1])
# Move to GPU if available

device = "cuda" if torch.cuda.is_available() else "cpu"
tensor = tensor.to(device)

# define random weight parameter

weight = torch.randn (2, 3, requires_grad=True, device=device)

# compute output as matrix multiplication of input and weight
output = torch.matmul (input, weight)

# compute simple loss as sum of output

loss = torch.sum(output)

# call backward pass to compute gradients

loss.backward()
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# update weight by a single step of gradient descent
weight —-= 0.0lxweight.grad

The torch.nn namespace contains all the elements required to build a NN. Each
building block in this namespace is an nn.Module. We can define an arbitrary model by
composing other modules. The module must define its parameters or submodules in the
___init__ method, and define the computation of the output in the forward method.
An example for a simple FCNN with 3 inputs, a hidden layer of size 2 with ReLLU activation
function and a two class output with a softmax is shown in the following block of code.

from torch import nn
import torch.nn.functional as F

class NeuralNetwork (nn.Module) :
def @ init_ (self):

super () .__1nit__ ()

linear_hidden = nn.Linear (in_features=3,
out_ features=2)

linnear_output = nn.Linear (in_features=2,

out__features=2)
def forward(self, x):
h = F.relu(linear_ hidden (x))
y = F.softmax (linear_output (h))
return vy

The parameters of the model can be optimized through gradients descent. A simple

training loop, which corresponds to a single epoch of training, is shown in the following
code block.

mimn

define hyperparameters and load training data """

train_dataloader = Dataloader (training_data, batch_size)
model = NeuralNetwork ()

loss_function = F.cross_entropy

optimizer = torch.optim.SGD (model.parameters(),

learning_rate)
for X, y in train_dataloader:
prediction = model (X)
loss = loss_function(prediction, V)
optimizer.zero_grad() # set gradients to zero
loss.backward () # calculate gradients
optimizer.step () # update parameters
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B.3 Pytorch Lightning

Pytorch Lightning is a high-level DL framework built on top of Pytorch. The essence of this
package is to reduce the boilerplate code associated with training without compromising
the flexibility of Pytorch. It allows to disentangle the design of a model and the training,
together with the possibility of adding complex training functionalities in a seamless way.

In Lightning the LightningModule, a subclass of nn.Module is the same in
essence but also adds more functionalities, such as defining the configuration of the
optimizer, the training loop and testing loop. In this way the module we defined in the
previous section can be defined together with all necessary components for training inside
a LightningModule, this is shown in the following block of code.

import pytorch_lightning as pl
import torch.nn.functional as F

class NeuralNetwork (pl.LightningModule) :
def _ init_ (self, learning_rate):
super () .__init__ ()
self.learning_rate = learning_rate
linear_hidden = nn.Linear (in_features=3,
out__features=2)
linnear_output = nn.Linear (in_features=2,
out features=2)
def forward(self, x):
h = F.relu(linear_ hidden (x))
y = F.softmax (linear_output (h))
return y
def configure_optimizers(self):
optimizer = torch.optim.SGD (self.parameters(),
self.learning_rate)
return optimizer
def training_loop(self, train_batch, batch_idx) :

X, y = train_batch
prediction = model (x)
loss = F.cross_entropy(prediction, V)

self.log('train_loss', loss)
return loss
def validation_step(self, wval_batch, batch_idx):
X, y = val_batch
prediction = model (x)
loss = F.cross_entropy (prediction, V)
self.log('val_loss', loss)
return loss
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Then the model can be trained in a GPU if available in a couple lines of code as

mmmwo ... define hyperparameters and load data """

train_dataloader = Dataloader (train_data, batch_size)

val_dataloader = Dataloader (val_data, batch_size)

model = NeuralNetwork (learning_rate, batch_size)

trainer = pl.Trainer (max_epochs=max_epochs)

trainer.fit (model, train dataloader, val_dataloader,
accelerator="auto")

Other functionalities such as logging, checkpointing, gradient clipping, distributed
training and mixed precision can be easily added just by passing appropriate arguments to
the Trainer instance.

B.4 Optuna

Optuna [104] is an hyperparameter optimization framework, tailored to be used for ML.
It has a define-by-run API that allows it to dynamically construct hyperparameter search
spaces. Some of its features are the implementation of multiple state-of-the-art hyperparme-
ter optimization algorithms, integrated parallelization to run multiple trials*® in different
workers and visualization utilities.

The basic workflow is to define a objective function that takes as argument a
trial object and returns a metric we want to minimize. Inside the objective the trial
suggestion methods are used to sample the required hyperparameters. An study object is
created to hold the optimization trials and the optimization is made by calling its optimize
method that takes as argument the defined objective and the number of trials to run. After
running the optimization, the best parameter set can be obtained from its best_param
attribute. A simple example is shown in the following block of code, where we suggest a
float z € [—10, 10] that minimizes the function f(z) = (z — 2).

import optuna
def objective(trial):
X = trial.suggest_float('x', —-10, 10)

return (x — 2) **x 2

study = optuna.create_study ()
study.optimize (objective, n_trials=100)

study.best_params # E.g. {'x': 2.002108042}

Ztrial refers to a single evaluation of the optimized function with an instance of hyperparameters
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As we stated before we can dynamically modify the hyperparameter search space. An
example of the usefulness of this can be seen in finding an optimal number of layers for
an NN as well as the number of units of each layer, where we can see that the number of
hyperparameters grows when increasing the number of layers. An example of this using
pytorch to create an NN with a maximum of 3 layers and a variable number of units per
layer between 4 and 128 is shown in the following block of code.

import torch
import optuna

def objective(trial) :

n_layers = trial.suggest_int('n_layers', 1, 3)
layers = []
in features = 28 =+ 28
for i in range(n_layers):
out_features = trial.suggest_int (f'n_units_1{i}",
4, 128)

layers.append(torch.nn.Linear (1n_features,
out_ features))

layers.append (torch.nn.RelLU())

in_features = out_features
layers.append(torch.nn.Linear (in_features, 10))
layers.append (torch.nn.LogSoftmax (dim=1))
model = torch.nn.Sequential (xlayers))
# ... train model and calculate a performance metric
return performance

study = optuna.create_study(direction='maximize')
study.optimize (objective, n_trials=100)
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Appendix C

Temperature Controller

As described in section 5.4.1, we require a high precision temperature controller. For this
we design a temperature controller based on a Peltier, controlled with a temperature sensor
as reference and a Proportional Integrative Derivative (PID) controller that controls the
power and polarity delivered through an H-Bridge.

A Peltier is a solid-state device that transfers heat from one face to the other when
electrical power is applied. If the polarity is inverted the heat transfer direction is inverted.
This allows a Peltier element to be used to either cool or heat by inverting the polarity. By
attaching a Peltier over a heatsink with a fan, we set one face as reference, to be set close to
ambient temperature. Then with the Peltier we can either raise or lower the temperature of
the opposite face.

In particular, we use the cooler of a CPU, as shown in figure C.1. Thermal paste is added
in the interface between the heatsink and the Peltier. A temperature sensor is positioned on
the top face of the Peltier with the FBGs positioned next to it. Thermal paste is added to
the interface between the sensors and the Peltier, and these are fixed to the Peltier by use of
insulating tape.

Temperature Temperature
Sensor

FBGs N Peltier

Sensor

Heatsink

Fan

CPU Cooler

CPU Cooler

Figure C.1: Temperature controller side view (left). Temperature controller top view (right).
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The control logic is performed by a microcontroller (C) . The information flow logic
is displayed in figure C.2. The polarity is set by comparing the target temperature and the
ambient temperature >* setting the peltier as heater or coooler respectively. The electrical
power is controlled by a PWM signal of the microcontroller delivered to the H-Bridge. The
PID updates the PWM values by looking at the difference between target temperatures and
sensor temperatures. Separate PID parameters are set for cooling and heating.

PA7DA7PB7DB /'LC
ta T tp
Temp. Temp.
Peltier A < » Peltier B
H-Bri
Cooler A EALCLIE Cooler B
(2x)

Figure C.2: Information flow diagram of controller. Py and Dy represent the power ratio
and the polarization for the peltier X, respectively. tx is the temperature reading of the
temperature sensor X .

The used components are described in table C.1, and an schematic of circuit is displayed
in figure C.3.

Table C.1: Temperature controller components.

Component Model Characteristics

Temperature Sensor DS18B20 ot = 0.06, AT = 750[ms]
H-Bridge L298N Loz = 2A (Over 2 channels)
Microcontroller Arduino Uno R3

Peltier TECI1-12706 Voo = 12V, I 4 = 6.4A

24The sensors values at the start can be used as ambient temperature reference, although this can change
with time, which is problematic.
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Figure C.3: Controller circuit schematic.
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