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Data-Driven Speech Recovery in a Fiber-Optic Polarization-Based Sensing System
Jun Cao
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Optical fibers are inherently sensitive to external acoustic vibrations, which can
modulate the local birefringence via the elasto-optic effect, imposing perturbations
onto the state of polarization (SOP) of the transmitted light. This creates an unin-
tended sensing channel: for example, speech spoken near the fiber may leak into the
SOP trajectory and can potentially be recovered by an eavesdropper. This thesis
develops, analyzes, and validates a speech recovery framework that operates directly
on SOP obtained from the output of a fiber link.

A waveplate fiber channel model is adapted that incorporates the effect of speech on
the fiber. Building on this model, a three-stage reproducible speech recovery pipeline
is proposed, consisting of preprocessing, demodulation, and enhancement. While
confirming their effectiveness, the simulation results show that different demodula-
tion methods give comparable performance, indicating that the primary bottleneck
does not lie in the choice of these methods.

Building on this insight, hardware experiments are conducted in an optical fiber
laboratory using a kilometer-scale single-mode fiber spool as the acoustic sensor.
The same pipeline framework used in the simulation study is applied. To further
improve the performance, a data-driven speech enhancement method based on a
convolutional neural network (CNN) is explored using experimental data, achieving
a substantial improvement in perceptual speech quality while preserving intelligi-
bility. Both simulation and experimental results provide consistent support for the
fiber channel model, while the experiments further reveal practical performance lim-
itations.

Keywords: fiber sensing, state of polarization, speech enhancement, convolutional
neural network.
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List of Acronyms

Below is the list of acronyms used throughout this thesis, listed in alphabetical order.

ASE Amplified Spontaneous Emission
BN Batch Normalisation
BPF Bandpass Filter
CNN Convolutional Neural Network
DAS Distributed Acoustic Sensing
DNN Deep Neural Network
DSP Digital Signal Processing
FPGA Field-Programmable Gate Array
ICA Independent Component Analysis
ISTFT Inverse Short-Time Fourier Transform
PESQ Perceptual Evaluation of Speech Quality
PMD Polarization Mode Dispersion
PSD Power Spectral Density
ReLU Rectified Linear Unit
SI-SDR Scale-Invariant Signal-to-Distortion Ratio
SMF Single-Mode Fiber
SNR Signal-to-Noise Ratio
SOP State of Polarization
Spec-Sub Spectral Subtraction
STFT Short-Time Fourier Transform
STOI Short-Time Objective Intelligibility
SVD Singular Value Decomposition
T-F Time-Frequency
WER Word Error Rate
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Mathematical Notation and
Definitions

Bold lowercase letters denote column vectors; bold uppercase letters denote matri-
ces. (·)∗ is complex conjugate, (·)⊤ transpose, and (·)† conjugate transpose. For
discrete-time quantities, scalars are written with a square-bracket argument x[k],
while vectors and matrices carry a subscript Sk, Hk. A time series of vectors is col-
lected into a matrix by stacking them as columns; e.g., S = [S0, . . . , SK−1] ∈ R3×K .

Symbol Description Unit / Type

Mathematical notation

i Imaginary unit, i2 = −1 —
Re[·] Real part of a complex number —
Im[·] Imaginary part of a complex number —
{·} Sequence —

Scalars

t Time s
k Discrete time sample index,

k = 0, . . . , K−1
—

K Total number of time samples —
z Axial position along the fiber m
L Total fiber length m
N Number of fiber sections —
∆z Length of one fiber section, ∆z = L/N m
ℓ Fiber section index, ℓ = 1, . . . , N —
L Index set of speech-perturbed sections —

x(t) Continuous-time speech signal —
fs Speech sampling rate Hz
x[k] Discrete speech sample, x[k] ≜ x(k/fs) —
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(continued)

Symbol Description Unit / Type

x Speech waveform vector,
x = [x[0], . . . , x[K−1]]⊤

RK

x̂ Recovered speech waveform vector RK

ξ Speech-to-phase sensitivity coefficient rad

θℓ Rotation angle of section ℓ rad
∆ϕℓ Differential phase of section ℓ rad

b Birefringence parameter m−1

Lbeat Beat length m
αℓ Fast-axis orientation of section ℓ rad
Lcorr Correlation length m
σd Std. of axis-angle increment rad

σn Std. of the ASE noise per Jones
component

—

S0, S1, S2, S3 Stokes parameters —

Vectors

E, u, r Jones vectors C2

n ASE noise C2

Sk = [S1, S2, S3]⊤ Normalized Stokes vector at index k R3

σ = (σ1, σ2, σ3) Vector of standard Pauli matrices (C2×2)3

Matrices

S Stokes trajectory matrix,
S = [S0, . . . , SK−1]

R3×K

S̃ Preprocessed Stokes trajectory matrix R3×K

Jℓ Jones matrix of fiber section ℓ SU(2)
H Total fiber channel matrix SU(2)
R(θ) Rotation matrix,

[
cos θ − sin θ
sin θ cos θ

]
SO(2)

σ1, σ2, σ3 Pauli matrices: σ1 =
[

0 1
1 0

]
,

σ2 =
[

0 −i
i 0

]
, σ3 = diag(1, −1)

C2×2

Σℓ Birefringence orientation matrix at
section ℓ

C2×2

Sets and spaces

S2 Poincaré sphere (unit sphere in R3) manifold
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Symbol Description Unit / Type

SU(2) Special unitary group (2 × 2 unitary,
det = 1)

group

SO(3) Special orthogonal group (rotations of
R3)

group
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1
Introduction

1.1 Background
Optical fiber technology was developed for high-capacity communication systems,
offering low loss, wide bandwidth, and immunity to electromagnetic interference [1].
Beyond data transmission, optical fibers are inherently sensitive to external per-
turbations such as temperature variations and acoustic vibrations, enabling a wide
range of sensing applications [2, 3, 4, 5]. Every deployed fiber link is therefore both
a communication channel and a distributed sensor [6]. This dual-use nature raises
a problem as shown in Figure 1.1: acoustic signals near a fiber can leak into the
transmitted signals, creating an unintended channel for eavesdropping [7].

Transmitter Receiver

Optical channel
Information leakage

Acoustic signals

Figure 1.1: Schematic of the unintended information leakage in a fiber-optic com-
munication system.

Human speech is a representative target, since it often carries sensitive private in-
formation. Acoustic perturbations from human speech induce mechanical strain in
the optical fiber, which modifies the fibers refractive index, leading to correspond-
ing changes in fiber birefringence via the photoelastic effect, thereby modulating
the phase of the transmitted optical carrier [8]. The feasibility of speech recovery
from the resulting phase shifts has been demonstrated [9, 10, 11]. Conventional dis-
tributed acoustic sensing (DAS) approaches [12] rely on dedicated hardware, which
is costly to deploy within existing telecommunication infrastructure. Polarization-
based sensing exploits variations in the state of polarization (SOP) of transmitted
light as a signature for external perturbations. As SOP is already estimated in coher-
ent transceivers, this approach requires no additional hardware. Kouiani et al. [13]
demonstrated speech recovery from SOP measurements under controlled laboratory
conditions, which serves as the most closely related prior work to this study.

1



1. Introduction

The recovered acoustic signal is inherently degraded by noise such as amplified
spontaneous emission (ASE) from amplifiers, laser phase noise and environmental
acoustic noise [14]. The noise can be strongly coloured and spectrally overlaps the
speech band, and therefore cannot be removed by simple linear filtering. Data-
driven speech enhancement approaches (particularly neural network-based) have
shown considerable promise in mitigating such degradation in fiber acoustic sensing
systems. [15, 16, 17, 18], yet their application to polarization-based speech recovery
remains unexplored. This gap leaves the true severity of the eavesdropping threat
unestablished. The ultimate goal is to prevent such unintended information leak-
age; however, designing reliable countermeasures [19] first requires a thorough un-
derstanding of the attack itself—its physical mechanisms, recovery pipeline design,
and achievable performance limits. This thesis focuses on exploring the feasibility
of polarization-based speech recovery, rather than on countermeasure design.

1.2 Problem Statement
Speech signals can modulate the SOP at the output of an optical fiber link. Accurate
recovery is challenging, as the SOP may encode speech-induced perturbations only
implicitly through its time-varying trajectory, the signal-to-noise ratio is low, and
no established processing pipeline or evaluation framework exists for this task.

To what extent can the speech signal be reconstructed from the SOP tra-
jectory with acceptable quality and intelligibility?

Concretely, three challenges must be resolved:
1. How can SOP dynamics be linked to speech-induced perturbations?
2. How can a practical speech recovery pipeline be developed and validated?
3. How can speech recovery performance be objectively evaluated and improved?

1.3 Related Work
DAS has emerged as one of the most widely deployed techniques for characterizing
and exploiting acoustic and vibrational perturbations along fiber-optic infrastruc-
ture. Owing to its distributed nature, high sensitivity and spatial resolution, DAS
has been investigated for a wide range of applications in seismic monitoring [3, 20],
traffic flow detection [21], human activity identification [22], and pipeline leakage
detection [23]. DAS was also shown to be effective for human voice recognition
in [9] using spiral-shaped optical fiber coils, which served as an optical microphone.
A comprehensive state-of-the-art review of DAS applications is provided in [24].
Beyond dedicated deployments, there is growing interest in integrating distributed
fiber sensing with existing telecommunication systems [25, 26, 27]. However, conven-
tional backscatter-based DAS requires dedicated hardware and faces fundamental
limitations in sensing range, as the inherently weak Rayleigh backscatter is further
degraded by fiber attenuation and ASE noise introduced by amplifiers in deployed
links [24]. These constraints motivate the search for alternative sensing approaches.

2



1. Introduction

To overcome the limitations of backscatter-based DAS, forward-transmission sens-
ing approaches have been explored [4, 28, 29], where sensing is performed di-
rectly on the communication signal propagating along the fiber, offering a cost-
effective and deployment-friendly solution. Such work tracks different physical ob-
servables—notably optical phase fluctuations and changes in the SOP—each offering
sensitivity to external perturbations depending on the dominant coupling mecha-
nism of the disturbance.
Among these, polarization-based sensing is particularly suitable to coherent com-
munication systems: the SOP can be directly extracted from the Jones matrix [30]
already estimated during polarization demultiplexing, using the equalizer coeffi-
cients [31]requiring no dedicated sensing hardware. From a practical implementa-
tion perspective, Zhan et al. [4] showed that the SOP can serve as the sensing signal
for seismic wave and ocean wave detection on a 10,000-km submarine cable. To
ground this sensing mechanism in theory, Mecozzi et al. [32] modeled how physical
perturbations alter the local birefringence along the fiber and showed that the SOP
deviation spectrum could reproduce the spectrum of the acoustic source, provided
the mechanical coupling between the source and the fiber is linear. On the ter-
restrial side, polarization-based sensing was validated on a deployed fiber for event
detection [33, 29], revealing the potential for network-wide health monitoring [34].
Real-time SOP monitoring for cable-break detection in live terrestrial optical net-
works was achieved using an FPGA-based coherent transceiver [35].
Of particular relevance to this thesis is the recovery of human speech signals directly
from the SOP. Kouiani et al. [13] demonstrated that speech can be detected and
recovered from SOP measurements using a polarimeter in a controlled laboratory
environment. However, the recovery accuracy appears to be limited, possibly due to
pipeline design and experimental setup limitations—a shortcoming reflected in the
reliance on correlation metrics rather than comprehensive speech fidelity measures.
Data-driven methods have recently been applied to improve speech quality in fiber
acoustic sensing systems. Shang et al. [18] proposed a complex convolution recur-
rent network operating on complex spectral mappings as a post-processing stage for
speech recovery in a DAS system. Chai et al. [15] applied a complex-valued convo-
lutional neural network & long short-term memory model to speech enhancement in
an extrinsic Fabry–Perot interferometric fiber acoustic sensor, demonstrating that
the deep learning post-processing paradigm generalizes across different fiber sensing
techniques. Self-supervised and noise-to-noise learning strategies have been explored
for general DAS signal denoising in geophysical applications, removing the need for
many paired clean-noisy training data [17, 16]. Taken together, these results show
that data-driven speech enhancement consistently improves speech quality across
different fiber sensing systems—motivating its application to our polarization-based
case.
While polarization-based sensing has been explored as a hardware-free complement
to DAS for certain fiber-optic acoustic sensing tasks, its application to speech re-
covery remains largely unexplored: existing work [13] demonstrates experimental
feasibility but provides neither a theoretical model nor a software simulation to
guide the pipeline framework, and evaluates performance primarily through correla-
tion metrics rather than perceptual quality measures. Furthermore, the data-driven
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1. Introduction

speech enhancement techniques proven effective in DAS and other fiber sensing sys-
tems have not yet been applied to polarization-based speech recovery.

1.4 Contributions
The main contributions of this thesis are as follows:

• We propose a reproducible speech recovery pipeline with SOP as the input
and speech as the output.

• We develop a simulation as a design sandbox to explore and motivate pipeline
architecture choices prior to hardware experiments.

• We conduct hardware experiments to validate the feasibility of the proposed
pipeline under a controlled lab environment.

• We evaluate speech recovery performance using comprehensive perceptual
quality metrics.

• We propose a data-driven speech enhancement method to improve the recovery
performance, and validate its effectiveness using experimental data.

1.5 Thesis Outline
The remainder of this thesis is organized as follows. Chapter 2 presents the theo-
retical foundation: Jones and Stokes formalisms, the system model, and the pertur-
bation model linking speech to SOP rotations on the Poincaré sphere. Chapter 3
describes the three speech recovery pipelines, the performance metrics, and the
CNN-based speech enhancement architecture. Chapter 4 reports the Monte Carlo
simulation study and the hardware experiment results, including the effect of data-
driven enhancement. Chapter 5 discusses the findings, states the limitations, and
draws conclusions.
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2
System Model

This chapter develops the theoretical foundation for the thesis. The central object
is the SOP of light propagating through a single-mode fiber (SMF): a point on the
Poincaré sphere whose trajectory encodes the speech perturbation applied to the
fiber.

2.1 Jones Vectors and Jones Matrices
Light is a transverse electromagnetic wave. When the light is constrained to prop-
agate along the z-axis, x and y electric field components represent the polarization
state of this z-propagating light [36]. The Jones vector [37] is defined for fully
polarized light as a two-component complex vector

E =

Ex

Ey

 ∈ C2, (2.1)

where Ex and Ey are the complex amplitudes of the x- and y-polarized electric field
components, respectively. Throughout this thesis, Jones vectors are denoted by bold
lowercase letters; in particular, u denotes the transmitted (input) Jones vector and
r the received (output) Jones vector.
The Jones matrix J ∈ C2×2 describes the behavior of a linear optical element,
relating an input Jones vector u = [ux, uy]⊤ to an output Jones vector r = [rx, ry]⊤
by

r = J u =

J11 J12

J21 J22

ux

uy

 . (2.2)

For a lossless optical element, by convention, J belongs to the special unitary group
SU(2) = {J ∈ C2×2 : J†J = I, det J = 1}. For a cascade of N such elements, the
total Jones matrix is the ordered product1

J = JNJN−1 · · · J1, (2.3)

which remains in SU(2) by closure of the group under matrix multiplication.

1The matrices are ordered right-to-left: J1 is the first element encountered by the propagating
light and therefore acts on u first.

5



2. System Model

2.2 Stokes Parameters and the Poincaré Sphere
The SOP of a light wave is described by four real-valued measurable quantities
S0, S1, S2, S3 known as the Stokes parameters [30]. In terms of the electric field
components Ex and Ey from Section 2.1, they are defined as

S0 = |Ex|2 + |Ey|2, (total optical intensity)
S1 = |Ex|2 − |Ey|2, (horizontal vs. vertical linear polarization)
S2 = 2 Re[ExE∗

y ], (+45◦ vs. −45◦ linear polarization)
S3 = 2 Im[ExE∗

y ]. (right- vs. left-circular polarization)

For fully polarized light—the case throughout this thesis—the four parameters sat-
isfy

S2
1 + S2

2 + S2
3 = S2

0 . (2.4)
Dividing S1, S2, S3 by S0 normalizes the representation so that S0 ≡ 1. The
normalized Stokes parameters are then computed from the observed Jones vector
r = [rx, ry]⊤ as [30]

S1 = |rx|2 − |ry|2

|rx|2 + |ry|2
, (2.5)

S2 =
2 Re[rxr∗

y]
|rx|2 + |ry|2

, (2.6)

S3 =
2 Im[rxr∗

y]
|rx|2 + |ry|2

. (2.7)

Since S0 = 1 after normalization, the SOP is fully characterized by the remaining
three parameters. Throughout this thesis, all Stokes parameters are understood in
this normalized sense.
In practice the SOP is sampled at K discrete time steps indexed by k = 0, 1, . . . , K−
1. At each index k, the three normalized Stokes parameters S1[k], S2[k], S3[k]
are computed via Equation (2.5)–Equation (2.7) from a Jones vector rk =
[rx[k], ry[k]]⊤ ∈ C2. Here the square-bracket argument [ k ] denotes the value of
a scalar sequence at time index k. Collecting the three values into a column vector
defines the normalized Stokes vector at index k:

Sk = [S1[k], S2[k], S3[k]]⊤ ∈ R3. (2.8)

By Equation (2.4), normalization forces ∥Sk∥ = 1, so Sk lies on the unit sphere
S2 ⊂ R3, known as the Poincaré sphere (Figure 2.1). Each point on S2 corresponds
to a unique SOP: the north and south poles represent right- and left-circular polar-
ization, respectively; the equator represents all linear polarizations; and intermediate
latitudes correspond to elliptical polarizations [36].
Stacking the Stokes vectors column-wise defines the Stokes trajectory matrix in this
thesis:

S =


s⊤

1

s⊤
2

s⊤
3

 =


S1[0] S1[1] · · · S1[K−1]
S2[0] S2[1] · · · S2[K−1]
S3[0] S3[1] · · · S3[K−1]

 ∈ R3×K , (2.9)
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2. System Model

S2

S1

S3

O

Sk

Figure 2.1: Poincaré sphere. Sk is represented as a point on the unit sphere S2.

where row i is the time series of the i-th Stokes component si =
[Si[0], . . . , Si[K−1]]⊤ ∈ RK , and column k is the instantaneous Stokes vector
Sk = [S1[k], S2[k], S3[k]]⊤ ∈ R3.

2.3 System Overview
The system studied in this thesis is summarized in Figure 2.2. A continuous-wave
(CW) optical probe u = [1, 0]⊤ (fixed x-polarized input) is launched into the fiber.
The fiber channel Hk is affected by the speech signal (see Section 2.4), producing a
time-varying received Jones vector

rk = Hk u + nk, nk ∼ CN (0, σ2
nI2), (2.10)

where nk ∈ C2 is circularly symmetric complex Gaussian noise modeling the ASE,
with variance σ2

n per Jones component and I2 the 2 × 2 identity matrix. Equa-
tion (2.10) describes the instantaneous snapshot at time index k. Over a record-
ing window of K steps, the SOP computation block evaluates Equation (2.5)–
Equation (2.7) at each k and stacks the results column-wise to form the Stokes
trajectory matrix S ∈ R3×K defined in Equation (2.9). The speech recovery pipeline
then maps the full matrix S to an estimated waveform x̂ ∈ RK , described in detail
in Chapter 3.

Channel
Hk ∈ C2×2

+ SOP
Computation

Recovery
Pipeline

x ∈ RK nk ∈ C2

u ∈ C2 rk ∈ C2

k=0,...,K−1

S ∈ R3×K x̂ ∈ RK

Figure 2.2: System framework of this thesis.

Remark. The broader motivation for this line of research is that a deployed coher-
ent transceiver already estimates the SOP as a byproduct of polarization demulti-
plexing, making this sensing as a free ability. Integrating the recovery pipeline with
a real coherent receiver—where SOP is derived from the equalizer weight matrix
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2. System Model

rather than a dedicated polarimeter [33]—is left as future work and discussed in
Chapter 5. The polarimeter-based setup adopted here isolates and focuses on the
speech recovery pipeline itself, enabling a clean evaluation of the signal-processing
design independently of transceiver hardware constraints.

2.4 Perturbation Model
This section develops the perturbation model that maps a single speech sample x ∈ R
to an instantaneous SOP vector S ∈ R3 at the fiber output2. The fiber is treated as
a lossless single-mode fiber (SMF) supporting two orthogonal polarization modes;
in a real fiber, these two modes propagate with slightly different effective refrac-
tive indices because of residual core asymmetry, bending, and mechanical stress—a
property known as birefringence [30]. The Jones-vector and Stokes formalisms of
Sections 2.1 and 2.2 apply in this regime.
The chain is summarized in Figure 2.3: (i) speech induces a small differential phase
shift ∆ϕℓ in selected fiber sections; (ii) this enters each section’s Jones matrix Jℓ;
(iii) the per-section matrices cascade into the total channel matrix that maps the
input probe u to a noisy received Jones vector r; and (iv) r is converted into the
observable SOP S via Equation (2.5)–Equation (2.7).

x ∈ R ∆ϕℓ ∈ R Jℓ ∈ C2×2 r ∈ C2 S ∈ R3
(i) (ii) (iii) (iv)

speech sample phase shift section
Jones matrix

received
Jones vector

output
SOP

Figure 2.3: Signal chain from speech sample x to the observable instantaneous
SOP S.

The remainder of this section is organised in the natural construction order of
the model: first the split-step decomposition of the fiber (Section 2.4.1); then
the per-section Jones matrix in the absence of speech (Section 2.4.2); the speech-
induced birefringence perturbation (Section 2.4.3); how the perturbation enters the
per-section matrix (Section 2.4.4); the cascaded channel and received signal (Sec-
tion 2.4.5); and finally a frozen-axis property of the resulting SOP trajectory that
is exploited later in this thesis (Section 2.4.6).

2.4.1 Split-Step Fiber Model
The fiber of total length L is divided into N contiguous sections of equal length
∆z = L/N ,3 indexed by ℓ = 1, . . . , N (Figure 2.4). Section ℓ is treated as a uni-
form linear waveplate whose fast birefringence axis—the transverse eigendirection

2Only within this section, S denotes the instantaneous Stokes vector at a single time step;
elsewhere it denotes the trajectory matrix S ∈ R3×K of Equation (2.9). The discrete time index k
is likewise suppressed throughout this section, except where time-varying quantities (such as Lk)
are explicitly introduced.

3Notation note: in the original split-step scheme of [38], two distinct step sizes appear—a
macroscopic outer step ∆z in his eq. (21), used to alternate a chromatic-dispersion factor with
a polarization transfer matrix M(ω), and a microscopic inner step δz in his eqs. (24)–(25), used

8
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· · · · · ·
ℓ=1 ℓ=2 ℓ=3 ℓ ℓ=N−1 ℓ=N

∆z

αℓ

u r

L

Figure 2.4: Waveplate fiber model Equation (2.12): N equal-length sections and
local fast-axis orientations αℓ. Shading marks the speech-perturbed interaction win-
dow L.

along which one linear polarization eigenmode propagates with higher phase veloc-
ity (lower effective refractive index) than its orthogonal “slow” counterpart—makes
an angle αℓ ∈ [0, π) with a fixed reference direction in the fiber section. Although
the physical fast-axis angle α(z) varies continuously along the fiber, it does so on
a characteristic distance set by the polarization correlation length Lcorr, defined
as the length over which α(z) becomes statistically uncorrelated with its initial
value [38]. Choosing the section length ∆z ≪ Lcorr therefore guarantees that α(z)
changes only slightly across any one section: as quantified by Equation (2.11) be-
low. Fabrication imperfections and environmental stress rotate the birefringence
axis essentially randomly along the fiber; accordingly, {αℓ} is modelled as a discrete
Wiener (random-walk) process [38]:

αℓ =
ℓ∑

j=1
∆αj, ∆αj ∼ N

(
0, σ2

d

)
, σd =

√
∆z

2 Lcorr
. (2.11)

A representative realization is shown in Figure 2.5. The orientation angles drift
slowly with environmental conditions, on timescales of minutes to hours, and are
therefore treated as a frozen random sequence within any single speech-recovery
processing window of ∼20 ms.
Only a bounded region along the modelled fiber picks up speech-induced birefrin-
gence at levels formalized in Equation (2.16). The interaction window L in Figure 2.4
is the contiguous block of section indices experiencing speech-controlled coupling,

L = {ℓmin, ℓmin + 1, . . . , ℓmax} ⊆ {1, . . . , N}, 1 ≤ ℓmin ≤ ℓmax ≤ N, (2.12)

while sections with ℓ /∈ L inherit no extra phase shift from Equation (2.16). Since
section ℓ tiles the interval [(ℓ−1)∆z, ℓ∆z] of [0, L], the window occupies a contiguous
physical span of width D = |L| ∆z, where |L| = ℓmax − ℓmin + 1, centred at a
coordinate zc.

2.4.2 Per-Section Jones Matrix
Each section accumulates a relative phase ∆β ∆z between its two birefringence
eigenmodes, where ∆β = βx − βy is the differential propagation constant. Introduc-

to express M(ω) as a product of constant-αj waveplates. Since the present model propagates no
chromatic dispersion, the outer split-step is absent: only the polarization product remains, and
a single step size suffices. We use the symbol ∆z for this single per-section length, which is the
counterpart of Marcuse’s microscopic δz, not of his macroscopic ∆z.

9
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Figure 2.5: Example realization of the cumulative angle αℓ from Equation (2.11)
(discrete Wiener along sections). Here the angle is plotted without folding onto
[0, π) for visualization purposes.

ing the birefringence parameter b = ∆β/2 and the per-section rotation angle

θ
(0)
ℓ := b ∆z, (2.13)

the per-section propagator follows from the coupled fiber-propagation equation
of [38] under three reductions that are physically appropriate for the sensing setup
considered in this thesis. First, chromatic dispersion is dropped: the probe is a CW
carrier whose only spectral content originates from the audio-bandwidth modulation
of the birefringence, and the group-velocity dispersion accumulated over a kilometre-
scale fiber at such narrow bandwidths is many orders of magnitude below any effect
that influences the SOP. Second, Kerr nonlinearity is dropped because we consider
a small probe power (usually less than 5dBm). Third, the frequency-dependency
is removed; this is appropriate because in a deployed coherent receiver the SOP is
estimated from the equalizer weight matrix at the single carrier frequency. Under
these three reductions, Marcuse’s [38] per-section transfer matrix reduces to

Jℓ = cos θ
(0)
ℓ I2+i sin θ

(0)
ℓ Σℓ =

cos θ
(0)
ℓ + i sin θ

(0)
ℓ cos 2αℓ i sin θ

(0)
ℓ sin 2αℓ

i sin θ
(0)
ℓ sin 2αℓ cos θ

(0)
ℓ − i sin θ

(0)
ℓ cos 2αℓ

 ,

(2.14)
where the birefringence orientation matrix at section ℓ

Σℓ = σ3 cos 2αℓ + σ1 sin 2αℓ (2.15)

encodes the fast-axis direction in terms of the Pauli matrices σ1, σ3. Geometri-
cally, Jℓ rotates the Stokes vector by an angle 2θ

(0)
ℓ = ∆β ∆z about the axis

n̂ℓ = (sin 2αℓ, 0, cos 2αℓ)⊤.

Remark. The split-step decomposition (Section 2.4.1) and per-section polariza-
tion propagator Equation (2.14) summarize standard fiber polarization propagation
within [38], specialized here with the simplifying assumptions mentioned in Sec-
tion 2.4.2. Beginning with Section 2.4.3, acoustic stress is discussed to emulate
speech-related leakage onto the observable SOP; the interaction window Equa-
tion (2.12), the resulting phase rule Equation (2.16) with sliding extension Equa-
tions (2.17) and (2.18), and the subsequent inclusion of ∆ϕℓ into Equation (2.14)
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are modelling choices contributed by this thesis. The idea to relate the acoustic
pressure to the rotation angle of SOP on the Poincaré sphere is motivated by [33].

2.4.3 Speech-Induced Birefringence Perturbation
Acoustic waves near the fiber strain the cladding and modulate the optical refractive
index through the elasto-optic effect [8]. At the level of polarization eigenmodes,
this coupling perturbs the difference in effective refractive index between the two
orthogonal linear polarizations—equivalently the local differential propagation con-
stant ∆β that quantifies linear birefringence (Section 2.4.2). Over a section of fixed
length ∆z, a small change ∆β produces an additional phase shift ∆ϕℓ ≈ ∆β ∆z
between the fast and slow eigenmodes relative to the unperturbed fiber; this is the
same extra term that appears in step (i) of Figure 2.3, where it is abbreviated as
“phase shift” for the block diagram. In the small-perturbation regime relevant here
(|x| ≪ 1, which can always be enforced by a constant rescaling of the recorded
speech amplitude), ∆ϕℓ is taken linear in the speech amplitude. With L supplied
by Equation (2.12) and Figure 2.4, only sections close enough acoustically partici-
pate,

∆ϕℓ =

ξ x, ℓ ∈ L,

0, ℓ /∈ L,
(2.16)

where the coupling coefficient ξ absorbs all material and geometric constants. Two
assumptions are implicit in Equation (2.16): (a) within each section the elasto-
optic coupling is linear in x, valid in the small-perturbation regime; (b) the speech
amplitude is approximately uniform across the interaction window. The window is
parameterised by a fixed width D = |L| ∆z, and by a centre position zc.

Time-varying interaction window. One may therefore model modest motion
of the acoustic source parallel to the fiber by jittering only the centre about zc. Let
zm

ℓ := (ℓ − 1
2)∆z denote the midpoint of section ℓ, and take zc ∈ R as the reference

centre fixed when the acoustic source is undisplaced.

Lk =
{

ℓ ∈ {1, . . . , N} : zc + wk − D

2
≤ zm

ℓ < zc + wk + D

2

}
, (2.17)

where wk ∈ [−wmax, wmax] translates the coupling window along ±z. In words,
Equation (2.17) admits every section whose midpoint lies inside [zc +wk −D/2, zc +
wk + D/2)—a fixed-length interval centred on zc + wk. Offsets {wk} are generated
by a centred random walk constrained to ±wmax:

wk = wmax · w̃k − ¯̃w
max

j
|w̃j − ¯̃w|

, w̃k =
k−1∑
j=0

εj, εj
i.i.d.∼ N (0, 1), (2.18)

In Equation (2.18), indices k = 1, . . . , K label one trace; ¯̃w = 1
K

∑K
m=1 w̃m is the

mean from {w̃m}, maxj runs over j ∈ {1, . . . , K}, and rescaling enforces |wk| ≤ wmax
(see Figure 2.6). Sliding the window Equation (2.17) makes Lk time-varying so the
channel is no longer invariant from sample to sample: the synthetic SOP trajectory
gains mild non-stationary structure and becomes more diverse than under a fixed
interaction window, deliberately providing a stronger test of recovery performance.
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Figure 2.6: Example realization of the time-varying interaction window offset wk

defined in Equation (2.18).

2.4.4 Speech As the Rotation Angle

Speech enters the model by replacing the unperturbed rotation angle θ
(0)
ℓ in Equa-

tion (2.14) by a speech-modulated angle. Adding the differential phase shift ∆ϕℓ

from Equation (2.16) to the unperturbed accumulated differential phase 2θ
(0)
ℓ =

∆β ∆z and dividing by two to convert back to the parameter that appears in Jℓ,

θℓ = θ
(0)
ℓ + 1

2 ∆ϕℓ = b ∆z + 1
2 ξ x (ℓ ∈ L), (2.19)

and substituting θℓ for θ
(0)
ℓ in Equation (2.14) yields the speech-modulated section

Jones matrix. On the Poincaré sphere, the perturbation adds a small extra rotation
by the angle ∆ϕℓ in Figure 2.7.

S2

S1

S3

O

Reference

Perturbed

∆ϕℓ

Figure 2.7: Speech-induced SOP perturbation on the Poincaré sphere. The ref-
erence vector is the unperturbed SOP and the perturbed vector is the SOP after
a single section in the interaction window applies its speech-modulated rotation.
The arc indicates the half-angle ∆ϕℓ/2 that enters the Jones-space matrix in Equa-
tion (2.19); on the Stokes sphere this corresponds to a rotation by the full angle ∆ϕℓ

about the section axis n̂ℓ.

The forward model depends on ξ and x only through their product: any rescaling
x → c x, ξ → ξ/c with c > 0 leaves Equation (2.19), and hence the entire SOP
trajectory, invariant. The product ξx is therefore the only experimentally observable
combination, and ξ cannot be separately identified from the absolute amplitude of
x through SOP measurements alone. Since in simulation x is read from a speech
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recording whose overall gain is itself a free parameter, we fix ξ by convention rather
than measurement and adopt

ξ = 2 b ∆z, (2.20)

which substitutes into Equation (2.19) to give the compact final form

θℓ =

b ∆z (1 + x), ℓ ∈ L,

b ∆z, ℓ /∈ L.
(2.21)

In this convention x acts as a dimensionless fractional modulation of the local bire-
fringence strength: x = 0 recovers the unperturbed section, while |x| ≪ 1 produces a
small angular perturbation of magnitude b ∆z |x| proportional to the instantaneous
speech sample. The simulations in Chapter 4 use Equation (2.21) substituted into
Equation (2.14).

2.4.5 Total Channel Matrix
Cascading the N per-section matrices in propagation order gives the total channel
matrix

H = JN JN−1 · · · J1, (2.22)

which evolves on two timescales: a slow Wiener drift of {αℓ} on the order of minutes
to hours (treated as frozen within a recovery window, see Section 2.4.1), and a fast
audio-rate modulation of θℓ for ℓ ∈ L through the speech sample x (Equation (2.21)).
The probe Jones vector u = [1, 0]⊤ propagates through H and is corrupted by ASE
noise to produce the noisy received Jones vector r specified by the channel model
in Equation (2.10). The observable instantaneous SOP is then obtained from r via
the Jones-to-Stokes conversion of Equation (2.5)–Equation (2.7), completing the
forward chain of Figure 2.3.

2.4.6 Frozen-Axis Property
A useful property of the construction above is that, within a single speech-recovery
processing window, the speech-induced perturbation rotates the instantaneous SOP
about an effective rotation axis n̂ ∈ S2 that is fixed in time. To see why, consider
a perturbed section ℓ ∈ L contributing the small extra Stokes-space rotation by
angle ∆ϕℓ about n̂ℓ. The downstream sections JN · · · Jℓ+1 act on the Stokes sphere
as a rotation that maps n̂ℓ to a fixed unit vector n̂. Since n̂ depends only on the
slow-drifting {αj} and not on x, it is effectively constant across a speech frame. The
demodulation algorithms developed in Chapter 3 exploit this frozen-axis property
to recover the speech as a one-dimensional projection of the SOP trajectory along
n̂.
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3
Methods

3.1 Speech Recovery Pipeline

The Stokes trajectory matrix S ∈ R3×K (Equation (2.9)) records the full SOP evo-
lution as the speech signal perturbs the fiber. Given S, the task is to estimate the
speech signal x. Motivated by [13], the recovery pipeline can be decomposed into
three stages:

1. Preprocessing ensures that the SOP trajectory lies on the Poincaré sphere.
2. Demodulation is a dimensionality reduction problem R3×K −→ RK .
3. Enhancement suppresses this residual noise while preserving perceptual

speech quality.

Preprocessing Demodulation EnhancementS ∈ R3×K S̃ ∈ R3×K y ∈ RK x̂ ∈ RK

Figure 3.1: Speech recovery pipeline. S is the Stokes trajectory and S̃ is the unit-
normalized Stokes trajectory. y is the demodulated recovered speech signal (usually
noisy) and x̂ is the enhanced speech signal (final output).

Three demodulation methods are discussed in this thesis: baseline method (the
most direct method), Independent Component Analysis (ICA) method (the prior
work [13] used), and proposed method. The preprocessing and enhancement stages
are shared by all three pipelines.

Baseline method
The baseline method exploits the fact that acoustic perturbations modulate the
fiber birefringence, causing a small oscillation of the SOP around its reference point.
One of the three Stokes components captures the projection of this oscillation most
directly; the baseline identifies and uses that component.

Normalization. Each Stokes vector is projected onto the unit Poincaré sphere:

S̃k = Sk

∥Sk∥
, k = 0, . . . , K − 1. (3.1)
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Component selection. The component with the highest variance is selected as
the demodulated speech signal:

j∗ = arg max
j∈{1,2,3}

Var(s̃j), y = s̃j∗ , (3.2)

because this component is the one perturbed most by the speech.

Bandpass filter. A zero-phase order-3 Butterworth bandpass filter [39] with pass-
band 100–3200 Hz [13] is applied to suppress out-of-band noise:

x̂ = BPF(y). (3.3)

ICA method
Blind source separation via ICA has been employed in prior polarimetric sensing
work [13] and is included here as a reference method. FastICA [40] treats the three
Stokes channels as a linear instantaneous mixture of statistically independent sources
and recovers them by maximizing non-Gaussianity.

Normalization. Same as Equation (3.1).

Prefiltering. Each row of S̃ is bandpass-filtered with passband 100–3200 Hz to
enhance the correlation of the separated components with the original speech [13]:

s̃′
i = BPF(s̃i), i = 1, 2, 3, (3.4)

yielding the pre-filtered matrix S̃′ = [s̃′
1, s̃′

2, s̃′
3]

⊤ ∈ R3×K .

Decomposition. ICA itself works with any mixture dimension; here only three
polarization observables [s̃′

1, s̃′
2, s̃′

3] available. Under the ICA decomposition model,
this gives three recovered components:

C = W S̃′, C ∈ R3×K , (3.5)

where W ∈ R3×3 is estimated by the FastICA algorithm. The rows of C are the
separated components ci, i = 1, 2, 3.

Source selection. Kurtosis measures the departure from Gaussianity of a dis-
tribution. Since ICA is applied to centred observations, each separated com-
ponent ci has zero empirical mean by construction. For a zero-mean sequence
g = [g[0], . . . , g[K − 1]]⊤ ∈ RK , the excess kurtosis is estimated as

κ(g) =

1
K

K−1∑
k=0

g[k]4

(
1
K

K−1∑
k=0

g[k]2
)2 − 3. (3.6)
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By the central limit theorem, linear mixtures of independent sources tend towards
Gaussianity (κ ≈ 0); recovering an unmixed component therefore restores its original
non-Gaussian character. Speech is super-Gaussian with κ > 0 with its sparse,
impulsive amplitude distribution. We therefore select the ICA component with the
largest kurtosis as the speech estimate:

j∗ = arg max
j∈{1,2,3}

κ(cj), y = cj∗ . (3.7)

Bandpass filter. Same as Equation (3.3).

Proposed method
The proposed method exploits the geometric structure of the small-angle bire-
fringence perturbation corresponding to our perturbation model described in Sec-
tion 2.4.

Normalization. Same as Equation (3.1).

Reference point. The reference point S0 is estimated as the unit-normalized
column mean of S̃:

S0 = µ

∥µ∥
, µ = 1

K
S̃ 1K ∈ R3, (3.8)

where 1K ∈ RK is the all-ones vector.

Speech as a rotation angle. The perturbation model (Section 2.4) establishes
that the speech signal linearly modulates the birefringence of the perturbed fiber
sections, so that in Stokes space the output SOP undergoes a rotation by angle
θk ∝ x[k]. Since the effective rotation axis n̂ is approximately fixed across all time
steps, in the small-angle regime this gives

S̃k ≈ S0 + θk (n̂ × S0), (3.9)

where n̂ ⊥ S0. The goal is therefore to invert this relationship: recover the sequence
of rotation angles θk, which directly yields y.
Taking the cross-product of S0 with Equation (3.9), the rotation information is
encoded compactly as

vk = S0 × S̃k ≈ θk n̂. (3.10)

Each vk ∈ R3 is a computable quantity, but it includes two unknowns: the rotation
angle θk and the axis n̂. Stacking V = [v0 | · · · | vK−1] ∈ R3×K gives

V ≈ n̂ θ⊤, θ = [θ0, . . . , θK−1]⊤. (3.11)
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Joint estimation of axis and speech via SVD. The SVD of V solves the
approximation problem jointly for n̂ and θ:

V = U Σ W⊤, n̂ = U:,0. (3.12)

The leading left singular vector n̂ = U:,0 estimates the rotation axis. Projecting V
onto the estimated axis recovers the speech estimate:

y = V⊤n̂. (3.13)

Bandpass filter. Same as Equation (3.3).

3.2 Performance Metrics
Speech quality is multi-dimensional: a recovered signal may closely follow the wave-
form of the reference yet remain perceptually degraded, or it may be intelligible
while still corrupted by background noise. No single scalar metric captures all of
these aspects. The prior work [13] evaluates recovery performance using the Pear-
son correlation coefficient [41], which measures linear waveform similarity but has
no validated link to the intelligibility or perceived quality of the recovered speech.
To obtain a more complete picture, this thesis employs three objective performance
metrics that together cover waveform-level fidelity, perceptual quality, and intelligi-
bility.

Scale-Invariant Signal-to-Distortion Ratio (SI-SDR). Let x ∈ RK denote
the clean reference speech and x̂ ∈ RK the estimated speech, both zero-mean. The
SI-SDR is defined as [42]

SI-SDR(x, x̂) = 10 log10
∥γx∥2

∥γx − x̂∥2 , γ = x̂⊤x
∥x∥2 , (3.14)

where γx is the best-fit projection of the estimate onto the reference, and the de-
nominator is the residual distortion power. By projecting out the optimal scale
factor γ, SI-SDR is invariant to any global amplitude rescaling of x̂—a property
important here because the recovered waveform carries an arbitrary gain. SI-SDR is
expressed in decibels (dB), with higher values indicating better reconstruction, and
is widely adopted as the standard evaluation metric in the speech separation and
enhancement literature [43, 44, 45].

Short-Time Objective Intelligibility (STOI). Waveform-level distortion does
not directly predict whether a listener can understand the recovered speech, since
the auditory system can tolerate additive noise as long as key speech spectral cues
remain intact. STOI [46] measures intelligibility by working on short-time spec-
tral envelopes. STOI scores lie in [0, 1], with 1 indicating perfect intelligibility.
The measure is specifically designed and validated for speech processed by noise-
reduction algorithms, and correlates well with intelligibility scores from listening
tests, making it the standard intelligibility measure in the speech enhancement com-
munity [47, 48, 45]. In this thesis, STOI is computed using pystoi.
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Perceptual Evaluation of Speech Quality (PESQ). Even intelligible speech
can be perceived as poor quality if it contains audible noise or tonal distortions.
PESQ [49] measures this by aligning the clean reference and the degraded signal
in time, passing both through a psychoacoustic model, computing a perceptual
disturbance, and mapping the result to a predicted mean opinion score. Scores range
from −0.5 to 4.5, with 4.5 corresponding to perfect quality. A systematic comparison
of objective speech quality measures in [50] shows that PESQ achieves a correlation
of 0.89 with subjective quality ratings of noise-reduced speech—the highest among
other standard measures—making it the most reliable objective quality predictor
for noise-reduction algorithms. In this thesis, PESQ is computed using pesq.

3.3 Data-driven Speech Enhancement
Non-learning methods such as bandpass filtering or spectral subtraction [51] can
be effective when the noise is additive, Gaussian, and stationary, and when the
signal-to-noise ratio (SNR) is sufficiently high. However, in a real fiber-optic sens-
ing system, the environmental sensitivity of the fiber produces residual noise that
can be non-additive, non-Gaussian, and non-stationary. Moreover, the effective SNR
at the output of the demodulation stage can be low due to our small-perturbation
scenario. Under these conditions, classical denoisers are unable to suppress struc-
tured interference without simultaneously degrading the speech content [50], leading
to a fundamental limitation in the quality and intelligibility of the recovered speech.
The deep neural network (DNN) offers a remarkable solution to overcome this lim-
itation [47, 52, 53, 54]. As shown in Figure 3.2, the key idea is to learn a mapping
from a noisy spectrogram to a clean one, exploiting the fact that speech and noise oc-
cupy different, learnable patterns in the time-frequency (T-F) domain (spectrogram
representation).

STFT

Noisy Spectrogram Clean Spectrogram

DNN

ISTFT

Noisy Speech Clean Speech

phase

magnitude

Figure 3.2: DNN-based speech enhancement. STFT and ISTFT are defined in
Equation (3.15) and Equation (3.17). The spectrogram is defined in Equation (3.16).

Spectrogram Representation. The Short-Time Fourier Transform (STFT) of
a discrete-time signal y[k] with a window function w[m] of length M and hop size
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H is

Y [n, f ] =
M−1∑
m=0

y[nH + m] w[m] e−i2πfm/M , f = 0, . . . , ⌊M/2⌋, (3.15)

where n is the frame index and f is the discrete frequency bin. Each column Y [n, ·]
is the spectrum of a short segment centered around time nH/fs.
The spectrogram is the squared magnitude in the STFT domain

P [n, f ] = |Y [n, f ]|2. (3.16)

The original signal is reconstructed via the Inverse Short-Time Fourier Transform
(ISTFT), which inverts each frame with an Inverse Discrete Fourier Transform and
recombines the frames by overlap-add:

ŷ[nH + m] = 1
M

M−1∑
f=0

Y [n, f ] e i2πfm/M , m = 0, . . . , M−1, (3.17)

where overlapping frames are summed and normalized to recover ŷ[k].
Spectral magnitudes |Y | can span a large dynamic range across time-frequency
bins; a logarithmic amplitude map compresses that range. Following the precedent
work [55], the log-magnitude is defined by

Ỹ [n, f ] = log
(
1 + |Y [n, f ]|

)
, (3.18)

where the additive unity keeps the logarithm bounded as |Y [n, f ]| → 0.
For notation brevity, we will use the matrix form Y to denote the noisy STFT
magnitude Y [n, f ], X̂ to denote the enhanced STFT magnitude X[n, f ], and Ỹ to
denote the log-magnitude Ỹ [n, f ]. These representations are arranged as a single-
channel tensor ∈ R1×T ×F because each time–frequency bin carries only that one real
feature.

Convolutional Neural Network (CNN) CNN is suited to this kind of speech
enhancement tasks because spectrograms can be viewed as images containing strong
time and frequency correlations [56]. Motivated by [57], the CNN architecture used
in this thesis is described in Figure 3.3. The input is the log-magnitude tensor Ỹ
defined in Equation (3.18).

Layer 1 Layer 2 Layer 3 Layer 4

Conv2d
BN, ReLU

Conv2d
BN, ReLU

Conv2d
BN, ReLU

Conv2d
SigmoidỸ ∈ R1×T ×F M ∈ [0, 1]1×T ×F

Figure 3.3: The CNN architecture. The dashed box (Layer 3) indicates a dilated
convolution. Key parameters are shown in Table 3.1.

2-D convolution (Conv2d). Because speech spectrograms carry structure simul-
taneously along the frequency and time axes, each layer applies 2D convolutional
filters to extract local time-frequency patterns. Each layer is parameterized by Cin
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input channels and Cout output channels: Cin is the number of feature maps received
from the previous layer, and Cout is the number of independent filter banks applied,
determining the richness of the learned representation.

Batch Normalisation (BN). After each convolutional layer except the output, batch
normalization normalizes feature maps over the batch dimension to stabilize gradient
flow and enable faster, more robust training.

Rectified Linear Unit (ReLU). ReLU activations (max(0, x)) introduced after each
BN layer enable the network to represent nonlinear mappings.

Dilated convolution (Layer 3). Capturing long-range temporal context with stan-
dard convolutions requires either large kernels or many stacked layers. Dilated
convolutions [58] address this by inserting uniform gaps between kernel elements,
expanding the receptive field exponentially without adding parameters.

Table 3.1: CNN layer parameters (frequency × time).

Layer Cin Cout Kernel Dilation Padding

1 1 32 3 × 3 1 × 1 1 × 1
2 32 64 3 × 3 1 × 1 1 × 1
3 64 64 1 × 7 1 × 2 0 × 6
4 64 1 1 × 1 1 × 1 0 × 0

Soft mask and time domain reconstruction. A soft mask M assigns a continuous
gain ∈ [0, 1] to each bin (n, f) [47]. ⊙ denotes the element-wise product between
two matrices. The enhanced magnitude matrix X̂ can be obtained by applying the
mask to the original magnitude:

X̂ = M ⊙ Y. (3.19)

Reusing the phase provided by the noisy speech y, the enhanced speech signal x̂
can be reconstructed using the ISTFT Equation (3.17).

Training objective. Training penalizes the masked log-magnitude features.
Let Ỹx, Ỹy ∈ RT ×F denote the clean and noisy log-magnitude spectrograms, where
subscript x refers to the clean reference speech and y to the noisy mixture fed to
the enhancement stage. During training, M is the output mask in Figure 3.3 when
the input is Ỹy.
The training loss combines a mean absolute error on masked log features with a
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temporal smoothness term on M:

L(θ) = 1
TF

T −1∑
n=0

F −1∑
f=0

∣∣∣∣(M ⊙ Ỹy

)
[n, f ] − Ỹx[n, f ]

∣∣∣∣︸ ︷︷ ︸
Lrec

+ λ
1

(T − 1)F

T −2∑
n=0

F −1∑
f=0

∣∣∣M[n+1, f ] − M[n, f ]
∣∣∣

︸ ︷︷ ︸
Lsmooth

, λ = 0.02.

(3.20)

Here Lrec pulls the masked noisy log spectrum toward the clean target, while Lsmooth,
serving as the regularization term, averages the absolute mask increments along
time to prevent abrupt changes. The coefficient λ is usually small to keep Lrec
dominant; λ = 0.02 here is an empirical value.

Spectral Subtraction Baseline. To evaluate the benefit of the data-driven
CNN, we compare it with spectral subtraction [51], which is regarded as a clas-
sical baseline among spectral speech enhancement methods. It is an unsupervised
algorithm that estimates the noise power spectrum from speech-absent frames and
subtracts it from the noisy speech spectrum. Concretely, let |X̃(ω)|2 denote the
short-time power spectrum of the noisy signal and |N̂(ω)|2 the estimated noise power
spectrum averaged over silent frames; the enhanced spectrum is obtained as

|X̂(ω)|2 = max
(
|X̃(ω)|2 − |N̂(ω)|2, 0

)
, (3.21)

and the enhanced waveform is reconstructed by inverse STFT reusing the phase of
the noisy signal.

Remark. This data-driven block is deployed only in the experimental
pipeline Chapter 4; the Monte Carlo study injects simpler Gaussian noise impair-
ments, so classical bandpass filtering is enough there.
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4
Results

4.1 Simulation
The simulation study is designed to evaluate the demodulation step of the recovery
pipelines described in Section 3.1. In this controlled setting, the only noise source
is the ASE noise model of Equation (2.10), i.e. complex circular Gaussian noise
n ∼ CN (0, σ2

nI2).

Choice of the perturbation speech signals. Speech signals used in simulation
are drawn from the VCTK dataset [59], choosing five male and five female talk-
ers. The aim is to make sure the results can generalize not only to different fiber
realizations but also to different speech signals.

4.1.1 Simulated SOP
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(a) Simulated SOP trajectory on the
Poincaré sphere.

−0.45

−0.40

−0.35

−0.30

−0.25

S1

−0.90

−0.88

−0.86

S2

0 10000 20000 30000 40000 50000 60000 70000 80000
Sample

0.2

0.3

0.4

S3

(b) Simulated noisy Stokes parameters
in time domain.

Figure 4.1: Simulated SOP example for a single fiber realization.

Figure 4.1 illustrates a representative realization of the simulated SOP. The left
figure shows the trajectory on the Poincaré sphere: speech drives the operating
point in a small neighbourhood of a reference S0 ∈ R3. The right figure shows
the corresponding Stokes time series; speech modulation is visible under ASE noise.
Throughout the simulation study, the interaction window is allowed to slide along

23



4. Results

the fiber following Equation (2.17), so the participating section set Lk varies from
sample to sample, which broadens the SOP trajectory.
In this realization, S1 and S3 show larger speech-related fluctuations than S2, but this
ordering is not universal. Equation (3.9) only states that, when n̂ is approximately
frozen, small-angle motion is aligned with n̂ × S0, so the relative visibility of S1, S2,
and S3 is whichever projection of that vector is largest. Here the effective axis is
nearly aligned with [0, 1, 0]⊤, so the oscillation lies mainly in the S1–S3 plane with
little spread along S2; another fiber draw or reference could instead emphasize S2
or a different combination.

4.1.2 Monte Carlo Results
To obtain statistically reliable performance estimates, Monte Carlo trials are con-
ducted. Each trial draws a random seed controlling the birefringence axis αℓ, the
perturbed window position, and the ASE noise realization; for each draw, SI-SDR,
STOI, and PESQ are evaluated on every speech signals. Repeating this procedure
gives the summarized results as mean ± std in Table 4.1:

Table 4.1: Monte Carlo metrics (mean ± std, 50 trials). Mean scores average over
10 VCTK speeches (five male, five female) per trial.

SI-SDR STOI PESQ

Baseline 5.210 ± 3.351 0.745 ± 0.048 1.467 ± 0.083
ICA 4.781 ± 2.694 0.741 ± 0.040 1.474 ± 0.082
Proposed 6.027 ± 2.627 0.757 ± 0.038 1.491 ± 0.078

Table 4.1 shows that the proposed method achieves the highest mean across all three
metrics once speaker diversity has been pooled. The improvement is consistent but
modest: the proposed method gains approximately 0.8 dB in SI-SDR, 0.012 in STOI,
and 0.024 in PESQ over the baseline. Notably, the proposed method also exhibits
the smallest standard deviation in these metrics, reflecting its robustness.
The modest performance improvements reflect that the demodulation step is not the
performance bottleneck: as shown in Figure 4.4a, the ASE noise is simple enough in
its pattern that the highest-variance Stokes component already aligns with the per-
turbation direction n̂ × S0, so baseline component selection recovers a demodulated
signal of similar quality.

4.2 Experiment
Unlike fiber sensing based on physical contacts [4, 60], where mechanical vibrations
couple directly into the fiber, the acoustic perturbation considered here propagates
through air before reaching the fiber. Airborne sound pressure waves can induce
only a weak strain on regular telecommunication fibers, producing a small SOP
oscillation that is difficult to detect. To accumulate a measurable perturbation, a
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kilometer-scale fiber spool is used as the sensing element, following a similar strategy
to that adopted by [13].

4.2.1 Experimental Setup

As shown in Figure 4.2, the experimental system consists of three main compo-
nents: a laser source (Santec TSL-570), a 1750 m single mode fiber spool acting
as the acoustic sensor, and a polarimeter (Novoptel PM1000) for continuous SOP
measurement. The laser output is launched into one end of the fiber spool and the
polarimeter is connected to the other end, recording the full Stokes trajectory S
at a fixed sampling rate throughout the experiment. A loudspeaker is placed at a
controlled distance (around 20 cm) from the spool and driven by the speech signal
to be recovered. The acoustic pressure waves radiated by the loudspeaker perturb
the fiber birefringence, producing the SOP oscillation described in Section 2.4.
Both the polarimeter data acquisition and the loudspeaker playback are controlled
by MATLAB, providing two practical advantages. First, the SOP recording is au-
tomated and continuous, eliminating many unnecessary and repeated manual op-
erations during data collection. Second, the playback and acquisition are triggered
together within the same MATLAB session, achieving a rough synchronization be-
tween the loudspeaker output and the recorded Stokes trajectory; this temporal
alignment is essential for computing performance metrics such as SI-SDR.

Remark. The experimental setup is different from our model described in Sec-
tion 2.4, as well as the simulation study in Section 4.1. Here we intend to enhance
the sensitivity of the fiber while applying the same pipelines for speech recovery.
The key idea is to validate and compare the speech recovery potential of different
pipelines in a real-world scenario.

Figure 4.2: The experimental setup for the fiber sensing system.
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4.2.2 Experimental SOP
The illustrative experimental SOP in Figure 4.3a and Figure 4.3b is acquired by
playing back one example waveform from VCTK. The playback is sampled at fs =
8 kHz after preprocessing.
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Figure 4.3: Experimental SOP example corresponding to Figure 4.2.

Several observations can be made from this example:
• A 1750 m fiber spool is enough to accumulate a visible SOP oscillation.
• Unlike the simulated example in Figure 4.1, the SOP trajectory is an arc with a

strong baseline drift. The most likely reasons are (1) the mechanical relaxation
of the fiber spool used in the lab; (2) the thermal effect drift accumulated in
the fiber spool.

• The speech-induced SOP oscillation is not as prominent as in the simulated
example, which can be attributed to the mismatch between the experimental
and simulated noise models. Figure 4.4b shows the power spectral density
(PSD) of the Stokes parameter S1 measured with the loudspeaker silent, i.e.,
background noise only; S2 and S3 exhibit a similar spectral shape and are
omitted for brevity. Unlike the spectrally flat ASE noise assumed in the sim-
ulation, the experimental background noise is strongly coloured: its energy
is concentrated in the range of approximately 100–4000 Hz, which coincides
precisely with the main energy band of speech. This spectral overlap means
that the background noise cannot be suppressed by a simple bandpass filter
without also attenuating the speech content, explaining the reduced signal-
to-noise ratio compared to the simulation and the mismatch in demodulation
performance between the two settings.

4.2.3 Without Data-Driven Enhancement
After applying the same three recovery pipelines as in the simulation study and the
data alignment, Table 4.2 reports the mean and standard deviation of each metric

26



4. Results

0 5000 10000 15000 20000
Frequency (Hz)

−88

−86

−84

−82

−80
PS

D
(d

B/
Hz

)

(a) Simulated noise on S1.

0 5000 10000 15000 20000
Frequency (Hz)

−114

−108

−102

−96

−90

PS
D

(d
B/

Hz
)

(b) Measured background noise on S1.

Figure 4.4: Power spectral density (PSD) of the Stokes parameter S1 when the
speech is absent: (a) simulated Gaussian Jones noise propagated to S1 and (b)
measured laboratory background.

over 25 SOP recordings using one fixed speech example and Figure 4.5 shows one
example waveform (first 5 s) comparison between the original speech and the baseline
recovered speech.
Compared to the simulation study in Table 4.1, the first noteworthy observation is
that the baseline method outperforms the other two methods. The reasons can be
attributed to three assumption mismatches between the experimental setup and the
simulation study:

• The proposed method requires a good estimate of a static reference point.
However, from the experimental SOP example in Figure 4.3, the baseline drift
makes the reference point move along the arc on the Poincaré sphere.

• The degradation in the SI-SDR indicates that the distortion brought by the
noise in the lab environment is different from the simulated Gaussian noise,
which has been illustrated above in Figure 4.4b.

• The ICA method assumes statistically independent, non-Gaussian sources. In
the simulation this assumption is approximately satisfied because the only
structured source is the speech signal corrupted by spectrally flat Gaussian
noise. In the experiment, however, the coloured background noise introduces
multiple correlated, non-Gaussian components into the Stokes trajectory si-
multaneously.

The second observation concerns the waveform-level similarity between the recov-
ered and the original speech signal. As shown in Figure 4.5, despite the imperfect
noise suppression, the baseline-recovered waveform is temporally aligned with the
ground-truth speech and preserves a similar amplitude envelope structure. This
is a meaningful result: it indicates that the acoustic perturbation introduced by
the speech does not produce strong nonlinear effects on the SOP, but rather a
roughly linear, proportional modulation of the Stokes trajectory consistent with the
small-angle perturbation model of Section 2.4. The fact that the speech signal is
recoverable at the waveform level, even in the presence of the coloured experimental
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noise, provides evidence for both the validity of the perturbation model and the
effectiveness of the recovery pipeline.

Table 4.2: Experimental performance averaged over 25 testing cases (mean ± std).

SI-SDR STOI PESQ

Baseline −11.16 ± 5.51 0.6244 ± 0.0141 1.3898 ± 0.0148
ICA −12.21 ± 5.24 0.5869 ± 0.0090 1.3690 ± 0.0230
Proposed −11.23 ± 5.51 0.6224 ± 0.0136 1.3886 ± 0.0104
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Figure 4.5: Waveform comparison between the original speech and the baseline
recovered speech.

4.2.4 With Data-driven Enhancement
Since the performance bottleneck is not the demodulation step but the noise in
the lab environment, we used the CNN-based speech enhancement described in
Section 3.3 to improve the performance as a post-processing step in substitution of
the original bandpass filter in Section 3.1. In this stage, the baseline demodulation
is chosen as the demodulation step.

Preprocessing Demodulation
(Baseline)

Enhancement
(CNN-based)

S ∈ R3×K S̃ ∈ R3×K y ∈ RK x̂ ∈ RK

Figure 4.6: Experimental recovery chain Section 4.2.4 using the signal notation
of Figure 3.1. Demodulation is fixed to baseline Section 3.1; enhancement replaces
the Butterworth bandpass Equation (3.3) by CNN Section 3.3.

Dataset. This experiment was conducted on the same VCTK dataset by play-
ing the speech signals selected from the dataset near the fiber spool, considering a
balanced male and female choice of speeches. MATLAB automates this measure-
ment process in the lab. After preprocessing and baseline demodulation, the noisy
speech recordings can be obtained from the SOP measurements. The audio dataset
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is prepared by pairing the noisy speech recordings with the corresponding original
speech recordings, giving 270 paired clean-noisy utterances. Because the two acqui-
sition chains run at different rates (clean reference at 48 kHz, polarimeter-derived
recordings at 48.828 kHz), both signals are resampled to a common 16 kHz working
rate—a standard choice for speech enhancement that retains the speech-relevant
band while keeping the spectrogram input compact. A fixed-seed random split par-
titions the 270 pairs into 184 training, 32 validation, and 54 test utterances (roughly
68/12/20 %); the validation set is used only for early-stopping monitoring and the
test set is held out for final evaluation.

Training Setup. Each utterance is cropped to a 4 s segment (64 000 samples) so
that all spectrogram tensors share the same shape. The STFT uses an NFFT = 512
Hann window with hop length 128 (8 ms per frame), giving a 257-bin log-magnitude
input as defined in Equation (3.18). The CNN is optimized with Adam [61] (initial
learning rate 3 × 10−4) under the loss defined in Equation (3.20). Batches of 16
utterances are drawn with reshuffling each epoch, giving roughly ⌈184/16⌉ = 12
gradient updates per epoch, and the model is trained for 30 epochs.

The Loss Curve. Figure 4.7 shows the training and validation loss curves over
the training epochs. The training loss decreases steadily and the validation loss
follows closely, indicating that the model converges without significant overfitting.
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Figure 4.7: Training and validation loss curves of the CNN-based speech enhance-
ment model.

Results. Table 4.3 reports the performance metrics. The Spec-Sub method
achieves better SI-SDR but the speech quality and intelligibility are not as good
as the CNN-based method. The data-driven CNN-based method achieves a signif-
icant improvement in PESQ from 1.398 to 1.927 while maintaining a good STOI
value.
A representative spectrogram comparison is shown in Figure 4.8. The spectral
subtraction baseline partially suppresses this floor but introduces the characteristic
musical noise artefacts visible as isolated bright spots across the spectrogram. More-
over, some low-frequency speech content is also attenuated because of the spectral
overlap between the speech and the noise. The CNN output recovers the spectro-
gram better, preserving the fundamental speech band with fewer isolated artefacts,
consistent with the PESQ and STOI gains reported in Table 4.3.
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Table 4.3: Speech enhancement performance.

SI-SDR STOI PESQ

Noisy −14.857 0.775 1.398
Spec-Sub −5.958 0.765 1.726
CNN −6.421 0.787 1.927
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Figure 4.8: Spectrogram comparison for a representative test recording.
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Discussion and Conclusion

5.1 Simulation vs. Experiment

5.1.1 Fiber Sensitivity
The Monte Carlo study Section 4.1 builds on the perturbation model Section 2.4.
There one may rescale speech, shorten or lengthen the perturbed fiber segments, and
move the trajectory on the Poincaré sphere Figure 2.1. The laboratory setup Fig-
ure 4.2 cannot mirror all of those operations: coupling strength depends together on
fiber length, how the fiber spool is mounted and routed, and where the loudspeaker
sits relative to the spool. If polarization-based speech recovery is ever deployed
outside a tightly controlled bench—for example in an ordinary office—we may need
practical sensitivity of the fiber. That motivation also explains why experiments
emphasize spool-length pooling Figure 4.2: it strengthens the polarization footprint
when airborne coupling alone would otherwise stay weak [11].

5.1.2 Laboratory Noise
Minor hardware choices could shift the residual noise floor even when the same
spool was reused. Repeating captures on different days altered the conditions that
metrics between Table 4.2 and Table 4.3 should not be read as comparable snapshots
from one stationary experiment—the SOP measurements were not collected under
identical hardware states.
When we pay attention to speech intelligibility, or spectrogram representations
in Figure 4.8, data-driven enhancement in Section 3.3 and Figure 3.3 becomes at-
tractive. Similar convolutional or pretrained speech-enhancement models [15, 18]
could follow the same recipe. The limiting factor is usually high-quality paired data
captured under realistic scenarios, if we consider superised learning. Automated
acquisition workflows tested during this thesis reduce manual overhead; remaining
tasks include understanding dominant interference sources and enlarging labelled
datasets across lasers and recording days.

5.2 Limitations
1. Integration with a coherent transceiver. The ultimate deployment sce-

nario for the attack studied in this thesis is one where the adversary extracts
the SOP directly from the equalizer weights of an existing coherent receiver,
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requiring no additional hardware [31, 33]. As illustrated in Figure 5.1, the full
system consists of two layers: the lower layer is main communication channel,
and the upper layer is the side sensing channel where the equalizer weight ma-
trix Wk is passed to an SOP estimation block to produce the Stokes trajectory
fed into the recovery pipeline.

Channel
Hk ∈ C2×2

+ Equalizer
Wk ∈ C2×2

nk ∈ C2

uk ∈ C2 rk ∈ C2 ûk ∈ C2

SOP
Estimation

Recovery
Pipeline

Wk

S ∈ R3×KRecovered
Speech

Speech
Source

Figure 5.1: Target full-system architecture: SOP is derived from the equalizer
weight matrix Wk of a coherent receiver, requiring no additional sensing hardware.

In this thesis, a standalone polarimeter is used instead, which decouples the
speech recovery pipeline from transceiver hardware and allows a focused eval-
uation of the signal-processing design. Building a coherent communication
testbed that estimates the SOP from equalizer coefficients is the most impor-
tant next engineering step; it would also reveal the noise characteristics specific
to equalizer-based SOP estimation and their impact on recovery performance.

2. Fiber sensitivity: Fiber sensitivity is a critical factor affecting the feasibility
of effective speech recovery. For an indoor fiber environment, shorter fiber
length should be used to explore the limitation of the recovery pipeline. For
example, [11] applied a sensory receptor using a fiber wound on a cylinder to
enhance the fiber sensitivity.

3. Performance metrics: Evaluating human speech quality is a challenging
problem [62]. Different metrics can be weakly related to one another. For
example, even if the speech is corrupted by strong noise (low SNR), the speech
can still be recognized by a human listener (high STOI) as long as the main
frequency components are preserved. Moreover, if an information-level metric
is needed, a speech-to-text engine can be used to evaluate the Word Error
Rate (WER) [63]. Moreover, merging the perceptual metrics into the design
of loss functions beyond Lrec is proven to be an effective approach in speech
enhancement [64, 65].

4. End-to-end data-driven pipeline: The current pipeline isolates the de-
modulation (SOP → noisy speech) and the enhancement (noisy speech → en-
hanced speech) steps. A better method is to design an end-to-end data-driven
pipeline to extract the speech signal (or any other type of acoustic perturba-
tion) directly from the SOP trajectory (or other available information to get
at the optical receiver), which requires further theoretical and experimental
investigation.
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5.3 Conclusion
This thesis demonstrated the feasibility of recovering speech from the SOP trajectory
of a fiber-optic link. The recovery pipeline is grounded in a signal-transform chain
that translates the physical perturbation into a tractable signal-processing problem:
the elasto-optic effect encodes speech as a small rotation of the Stokes vector about a
fixed axis. The simulation study verified this three-stage pipeline design (preprocess-
ing, demodulation, and enhancement) and identified the performance bottleneck,
motivating the data-driven enhancement stage in the experimental data process-
ing. The hardware experiment confirmed that the pipeline generalizes to real-world
conditions: the recovered waveforms retain the amplitude envelope of the original
speech, and the CNN enhancement achieves a PESQ improvement from 1.398 to
1.927 using a small-scale experimental dataset. Together, the simulation and the
experiment form a mutually supporting validation: the simulation provides a basic
validation of the pipeline design under a controlled noise model, while the experiment
tests the full pipeline and quantifies the gain from data-driven enhancement—both
evaluated with the same three objective metrics (SI-SDR, STOI, PESQ) to allow
direct cross-referencing. The results provide a reproducible pipeline architecture for
future work on polarization-based speech recovery.
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