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As the bedrock of the Internet, optical fibers are ubiquitously deployed and historically dedicated to ensuring
robust data transmission. Leveraging their extensive installation, recent endeavors have focused on utilizing
these telecommunication fibers also for environmental sensing, exploiting their inherent sensitivity to various
environmental disturbances. In this paper, we consider integrated sensing and communication (ISAC) systems
that combine data transmission and sensing functionalities, by monitoring the state of polarization to detect
environmental changes. In particular, we investigate various machine learning techniques to enhance the
performance and capabilities of such polarization-based ISAC systems. Gradient-based techniques such as
adaptive zero-forcing equalization are examined for their potential to enhance sensing accuracy at the expense
of communication performance, with strategies discussed for mitigating this trade-off. Additionally, the paper
reviews novel machine-learning-based approaches for blind channel estimation using variational autoencoders,
aimed at improving channel estimates compared to traditional adaptive equalization methods. We also discuss
the problem of distributed polarization sensing and review a recent physics-based learning approach for Jones
matrix factorization, potentially enabling spatial resolution of sensed events. Lastly, we discuss the potential
of leveraging dual-functional autoencoders to optimize ISAC transmitters and the corresponding transmit
waveforms. Our paper underscores the potential of telecom fibers for joint data transmission and environmental
sensing, facilitated by advancements in digital signal processing and machine learning.

1. Introduction where a specific disturbance occurred along the fiber’s length. This

feature, known as distributed optical fiber sensing (DOFS), has revolu-

With the emergence of optical fiber communications as the back-
bone of the Internet, optical fibers are deployed virtually everywhere.
While their primary use is to ensure reliable data transmission, many re-
cent studies have investigated the possibility of repurposing such fibers
into environmental sensors [1-3]. Indeed, optical fibers have been har-
nessed for dedicated sensing applications for several decades, playing
an important role in environments that require sensitive, precise, and
rapid monitoring [4-9].

Traditional fiber sensing works by launching a probing signal into
the fiber and examining the subsequent backscattered light. This back-
scattered light carries the imprint of various external influences such
as changes in temperature, pressure, or mechanical strain. By translat-
ing time-of-flight information into distances, one can further pinpoint
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tionized various industries with applications ranging from monitoring
pressure variations in pipelines to overseeing structural integrity of
critical infrastructures [10-12].

Whereas dedicated fiber sensing applications utilize fibers not in-
tended for simultaneous data transmission, telecom fibers can be buried
deep beneath the ground, lie on the ocean floor surrounded by massive
amounts of protective shielding, or simply hang in the air suspended
from poles. Even though these are not exactly scenarios envisioned for
sensing, it has been shown that DOFS techniques applied on telecom
fibers are sensitive enough to pick up urban traffic patterns [13,14],
seismic activities [15-18] or even whale movements [19]. See also [20-
22] for an overview of related work.
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While the backscatter-based approaches used in the above papers
can provide accurate and spatially-resolved sensing information, they
suffer from multiple drawbacks. In particular, they require extra equip-
ment, have limited range, are often incompatible with existing telecom
infrastructure such as optical amplifiers, and sacrifice valuable com-
munication bandwidth. A different, less intrusive, approach is to unify
both functionalities into an integrated sensing and communication
(ISAC) system. Prior work has shown that sensing functionality can
indeed be built on top of standard digital signal processing (DSP)
blocks that are already widely implemented in current coherent optical
communication receivers such as phase estimation [23,24] or adaptive
equalization [25,26]. This paper focuses on the latter approach, which
aims at the extraction of the signal’s state of polarization (SOP). The
SOP is known to be sensitive to the surrounding environment [27-30]
and has to be estimated continuously in communication receivers to
compensate the observed signal.

The idea of using polarization information for sensing purposes was
investigated for example in [31], where SOP changes of an out-of-
band (non-information-carrying) laser are tracked and processed using
a Markov state model. The authors in [25] show that SOP information
can be extracted directly from a standard coherent telecom receiver and
propose an approach to monitor certain mechanical stresses applied
to the fiber. In recent field trials over submarine links [26,32], it was
shown that SOP monitoring is sufficiently accurate to allow for seismic
and water wave sensing. Subsequent work has shown that similar
approaches are also applicable in urban settings [33] and over aerial
fiber links [34,35]. See also [36-39] for related works.

In this paper, we explore opportunities to apply techniques from
machine learning to optimize the performance of optical ISAC sys-
tems, focusing on polarization sensing. Indeed, the workhorse that en-
ables polarization sensing in current coherent telecom transponders is
an adaptive multiple-input multiple-output (MIMO) equalizer [40,41].
From a machine learning perspective, such equalizers perform gradient-
based online learning via least mean square (LMS) filtering [42]. With
this perspective, the paper covers the following topics:

+ Adaptive Zero-Forcing Equalization and Trade-offs between Commu-
nication and Sensing: Adaptive equalizers in optical receivers are
optimized using purely communication-centric loss functions, in
particular minimizing the error between transmitted and received
(or estimated) data symbols. As a result, the acquired equalizer
taps do not necessarily converge to the inverse of the (estimated)
Jones matrix of the channel. Here, we explore the use of adaptive
zero-forcing (ZF) equalization [43,44] and show some examples
where such equalizers can provide more accurate estimates of
the Jones matrix, which may translate into improved sensing
performance and higher sensitivity. While adaptive ZF comes at
the expense of a loss in communication performance (due to
possible noise enhancement), we also show that by weighting
(or interpolating) the regression vectors of LMS and ZF (defined
in Egs. (15) and (16) below), one can achieve flexible trade-offs
between communication and sensing performance.

Dedicated Blind Channel Estimation using Variational Autoencoders:
In the communication context, a novel blind equalization algo-
rithm called the VAE was recently introduced in [45]. It utilizes
state-of-the-art machine learning techniques and inherently sepa-
rates the machine learning models for communication (i.e., equal-
ization) and sensing (i.e., channel estimation) without required
labeled training data. We review our recent works in [46-50]
on VAE-based equalization for optical systems and show that
this approach can be used to explicitly learn the MIMO channel
impulse responses and provide a more accurate channel estimate
compared to adaptive LMS algorithms without the need for pilot
symbols which reduce spectral efficiency.
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» Distributed Polarization Sensing via Jones Matrix Factorization: A
major issue with current polarization sensing is that it does
not allow for event localization, i.e., distributed sensing. This is
because adaptive equalizers only acquire SOP information that
is integrated over the entire propagation distance. Here, we re-
view the recently proposed physics-based machine learning (PML)
approach in [51], which aims at recovering spatially resolved po-
larization information by factorizing the estimated Jones matrix
into individual responses. We show that this approach leads to
improved noise resilience compared to previous inverse scattering
algorithms (ISAs) [52-54], while highlighting challenges related
to model overparameterization.

ISAC Transmitter Trade-Offs and Waveform Optimization: In addi-
tion to the receiver DSP algorithms discussed so far, we also
examine communication-sensing trade-offs associated with ISAC
transmitter design. Furthermore, we highlight the potential of
leveraging advanced machine learning methods such as dual-
functional autoencoders (AEs) to optimize transmit waveforms
and enhance both communication and sensing capabilities.

Lastly, we remark that machine learning has already been exten-
sively studied to improve communication performance of coherent
optical transmission systems, particularly in nonlinear settings, see,
e.g., [55-65] and references therein. Moreover, there has also been sig-
nificant work on utilizing machine learning to process raw sensing data,
e.g., for event detection and classification [66-76]. On the other hand,
the learning-based ISAC approaches discussed in this paper operate at
a lower level, targeting instead the accurate acquisition of raw sensing
data, while simultaneously ensuring reliable data transmission.

The remainder of this paper is structured as follows. First, in Sec-
tion 2 we introduce the system model that is used in the remainder
of this paper. The system model captures key features of the optical
channel as it is observed in the DSP and highlights parts of the system
where we believe that machine learning can provide a benefit for ISAC.
In Section 3, we discuss the application of adaptive ZF and VAEs,
and numerically investigate the associated trade-offs between commu-
nication and sensing performance. While we discuss the retrieval of
channel parameters up to this point, in Section 4 we discuss how we
can apply machine learning to infer location information about the
physical channel from the estimated overall channel impulse response.
Transmitter trade-offs and optimization opportunities using machine
learning techniques are discussed in Section 5. Finally, the paper is
concluded in Section 6.

2. System model

In Fig. 1, we show the considered system model. At the transmitter,
we choose 2N, transmit symbols X € C>Nsym according to a desired
probability mass function P (M) over a constellation alphabet M. The
transmit symbols X are upsampled 7 times and a root-raised-cosine
(RRC) pulse-shaping filter is applied to obtain the transmit signal
S = (s; ;)" € C¥Nom”, Then, we apply the optical channel transfer
matrix H (w,0) € C>? in the frequency domain, add additive white
Gaussian noise (AWGN) N = (n; n,)" where each component of N
is independent and identically distributed according to N (0, a\f/), and
obtain the received signal

Z=F'(H @0 F(S)+N, ¢h)

where 0 is a vector of channel parameters, and ¥ and F~! are the
Fourier transform and inverse Fourier transform respectively. The pa-
rameter vector 0 and the optical channel model used in our work are
described in more detail below in Section 2.1.
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Fig. 1. Considered system model to study integrated polarization sensing and communication. Transmit symbols X are sent through an optical channel model with PMD, PDL,

and additive noise. Gradient-based equalizers and VAE-based equalizers obtain the communication symbols estimate X and channel estimate H (w,6) (Section 3). Physics-based
machine learning aims to infer the underlying channel parameters 6 from the channel estimate (Section 4).

At the receiver, we first apply a matched filter to the received
signal Z separately for each polarization to obtain Z.> The signal
Z = (% 22)T is then processed by a linear 2 x 2 MIMO equalizer with a
set of complex-valued parameter vectors ¢, = {€y 1. €124 C21k> €224 )
The subscript k indicates that at each time-step an updated parameter
vector is used by the equalizer. Each parameter vector ¢, , € C?L+!x!
contains the 2L + 1 complex taps of the equalizer to apply to the signal
on polarization ¢, to obtain part of the signal on polarization p at time
step k. At the input of the equalizer we only use a part of the received
signal 2, = (Z,4_ - Z,x - Zppsr)’ € C2LTX1 on each polarization
p, which corresponds to the number of equalizer taps, to return the
equalized signal

2

~ — T

Xpk = Z 2 kCpik 2
i=1

on polarization p at time step k. The equalized signal %, = (%,o ...
%, NsymT)T on each polarization p is then further downsampled by a

factor T to get (%, %,)T = X. We visualize the operation of the linear
MIMO equalizer in Fig. 2.

Simultaneously, we use the equalizers to find the channel estimate
H (w, 6). The channel transfer matrix estimate H (w, 0) is either derived
from the parameter vectors ¢, of the equalizers or explicitly learned
and provided by VAE-based equalizers. The precise operation of the
considered equalizers and channel estimation techniques is described
in Section 3. In Section 4, we discuss how to further process the (noisy)
channel estimate to find the underlying channel parameters 6.

2.1. Optical fiber channel model

We model the optical fiber in terms of the linear polarization-
dependent effects which can observed in the DSP, in particular polariza-
tion mode dispersion (PMD) and polarization dependent loss (PDL). We
assume that chromatic dispersion (CD) can be sufficiently removed with
a static frequency domain equalizer and therefore we are not including
it in the system model. For simplicity, we also do not consider nonlinear
channel effects on the transmission signal in our investigation.

We use the standard retarder plate model, where each fiber re-
alization is modeled as N independent polarization-maintaining fiber
plates [77] with varying differential group delay (DGD) and PDL.
At each fiber plate, a random state of polarization (SOP) rotation is
introduced to the signal and combined with DGD this models the PMD.
The frequency-dependent channel transfer matrix is given by®

N
H@.0) = [[R,0, T, ®)

n=1

2 In practical systems, the matched filter is not applied separately from the
equalizer, rather it is contained within the equalizer. Here, we apply a dedi-
cated matched filter to ensure that the subsequent equalizer only reverts the
channel effects and not the additional inter-symbol interference introduced by
the RRC pulse-shaping filter, which allows for easier performance assessment.

3 We use the convention []" A, = AyAy_, - A,.

X
T I - gy

vy X
S . & gy

Fig. 2. Block diagram of a 2 x 2 MIMO equalizer, where we use Z = (2, )",
X = (% J‘cz)T, and complex valued parameter vectors c,. The equalizer also performs
a T-fold downsampling.

where, in each segment n, R, € C>*? is a random polarization rotation
matrix, the matrix Q, () € C>*? describes the DGD, and the matrix
I, € R>? describes the PDL. In particular, the polarization rotation
matrix is

R,=1I,cos(9,)—jalosin(9,). (4)

where I, is a 2 X 2 identity matrix,

(€ D)

is the tensor of Pauli spin matrices, 9, is a rotation angle, and a, €

n
C>IX! {5 a unit vector ||a,,||2 = 1. The operation a6 should be
interpreted as a linear combination of the Pauli spin matrices. The

accumulated DGD 7, at each segment is modeled with

Ty Az
I ?
e < 0
Q,,((U) = jl’ﬁw B (6)
0 e 2 L

where L, is the PMD correlation length and Az is the length of each
segment. The PDL for each segment k is modeled by a matrix

L"Az
e 0
r,= < . e—é”“)' %)

This matrix applies a differential loss term e’+4* to a given segment .
While this does not correctly represent the effects physically since it
amplifies the signal on one polarization and attenuates the signal on
the other polarization, it correctly captures the effects of the PDL in
the DSP. The matrices R, and Q, (w) are unitary, while the PDL matrix
I, in general is non-unitary. The vector 6 comprises the underlying
channel parameters z,, y,, 9, and a,, across all N segments.
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2.2. Performance metrics

To assess the communication performance of the equalizers, we use
the signal-to-noise ratio (SNR)

E(I1X17)

s ([x-17)
F

where ||~||12: denotes the Frobenius norm.

Optical fiber sensing has the goal of measuring environmental quan-
tities that induce a change in the properties of the optical fiber. We can
measure this change in the properties in optical fiber communication as
a change of the channel impulse response or equivalently as a change in
the channel transfer matrix H (w, 6). Together with the channel transfer
matrix estimate H (o, 0), we assess sensing performance via the mean
squared error

SNR = 10log;, ®

MSE = — i | (:.0) - H (e, 0)]| ©)

1 2
L = F
over L; discrete frequencies w; within the usable signal bandwidth. In
our system model, this usable signal bandwidth corresponds approxi-

mately to the symbol rate.

3. Adaptive equalization for integrated polarization sensing and
communication

In this section, we discuss how adaptive equalizers can be used
to obtain the channel estimate H (w,6), while performing their in-
tended purpose of equalizing the received communication signal. In
Section 3.1, we will discuss the difference between the adaptive LMS
and ZF in terms of communication and sensing performance. While the
LMS algorithm has seen wide adoption in adaptive equalizers, we will
discuss opportunities and challenges to use the ZF algorithm for ISAC.
In Section 3.2 we will discuss the recently-proposed VAE equalizer and
how we can exploit its structure for ISAC systems.

3.1. Classical gradient-based adaptive equalization

To enable communications over unknown linear channels, gradient-
descent-based adaptive equalizer algorithms have been employed in
communications engineering at least since the introduction of the LMS
algorithm by Widrow in [78,79] and the adaptive ZF equalizer by Lucky
in [43,44]. For 2 x 2 MIMO systems, the equalization operation of the
adaptive LMS and adaptive ZF equalizer can be realized with a butterfly
filter structure, depicted in Fig. 2.

The interesting part of the adaptive LMS and ZF equalizer is the set
of parameter update equations. Together with the error

ep.k = xp,k - )Acp,k' (10)

at the current time step k and polarization p between a known pilot
symbol x, , and the output of the equalizer %, and a regression vector
Ypx € C*71X1an updated set of parameters can be calculated for the
next time step. We will introduce the used regression vectors in (15)
and (16) for the adaptive LMS and adaptive ZF equalizer respectively.
In [44,80], the adaptive parameter update was derived for a single-
input single-output (SISO) channel. In [40], update equations for a
decision-directed LMS are given for a dual-polarization 2 x 2 MIMO
equalizer, which we can use to formulate the update of the parameter
vectors

Cliks1 < Crik +2He Y], (€8]
Cloksl < Crog +2HE 1Y, 12)
Conktl < Cong t21E, Y5, (13)

Co1kr1 < Coik +2HEL LY as
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The variable p is a user-defined step size, which is the only free
parameter of the adaptive update equations. The proper selection of the
step size is crucial to control both robustness and speed of convergence.
The calculation of the error signal ¢, requires prior knowledge of a
pilot sequence. After initial convergence with a known pilot sequence,
the operation is commonly switched to a decision-directed mode, where
a (delayed) feedback is used after a hard decision on a symbol from
the constellation alphabet M has been performed with a sufficiently
small symbol error rate. The parameter vectors ¢, are then used to
estimate the sent information symbol according to the principle of the
2 x 2 butterfly filter. Downsampling the received signal by a factor of
T is achieved by advancing the received signal and the known pilot
sequence by T samples for processing in the next time step.

This general description of the update equations is the same for the
adaptive LMS and the adaptive ZF algorithm. The difference between
them lies in the choice of regression vectors. The regression vector in
case of the LMS equalizer is

(LMS) _ (= 5 s T
Yo = (zp,k—L s Zpk Zp,k+L) 15)
and
(ZF) _ T
Yok = (xp,k—L e Xpy xp,k+L) (16)

in case of the ZF equalizer. The regression vector of the LMS equalizer
can be derived from minimizing the mean squared error (MSE) between
the estimated symbol and the known pilot symbol. For the ZF equalizer,
the regression vector can be derived from the minimization of the peak
distortion [80].

It is known that the application of the ZF algorithm leads to noise
enhancement, while the LMS algorithm leads to solutions more robust
to noise. For ISAC systems, we want to explore equalizer algorithms
which do not only show a good communication performance and
robustness in noisy environments but simultaneously provide a more
accurate channel estimate. Therefore, we propose to combine the re-
gression vectors of the LMS and ZF algorithms to form a weighted
regression vector

LMS-ZF LMS ZF
YorS 0 = oy £ V- vy D, an

where v € [0, 1] is the weight given to the adaptive LMS algorithm over
the adaptive ZF algorithm.

The parameter update equations only help us to obtain parameter
vectors &, but they do not directly give H (, 8). The parameter vectors
¢, define the equalizer in the time domain. Following the concept of
zero-forcing, we can calculate the ZF inverse to &, and use that as
a channel estimate. We follow the approach in [81] to calculate the
inverse in the context of a multiuser MIMO channel. First, we expand
each of the parameter vectors ¢, contained in ¢ to its correspond-
ing Toeplitz form C,,, € C?:+>2CL+D_ Then we combine the four
Toeplitz form parameter matrices to a larger compound matrix Cr, €
C2@L+2)x22L+1) " which corresponds to the operation [81, Eq. (4)]. Now,
this compound matrix fully describes the operation of the equalizer
when the received and filtered signals Z, on the two polarizations are
stacked and multiplied from the right

X1k Zix
CHe) =, [ TVR), 18
<x2,k> T (Zz,k>

where 2, = (Z,4_ar+1) - Zpiep)! and X,, € C*+X! With the
compound parameter matrix, we can calculate an estimated channel
impulse response in the time-domain

R -1
hypi = (CT,kC%k) Crie,)p 19)
is a unit

for output polarization p and time delay o. The vector e, ,

vector with a single one entry. This selects the channel impulse re-
sponses for polarization p at a time delay ¢. In theory, the delay ¢ can
be chosen freely, however in practice it is beneficial to select o = L+ 1
to center the channel impulse response around the center tap. The
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Fig. 3. Block diagram of the VAE-based equalizer. Note that, in contrast to end-to-end
AFs, both encoder and decoder (colored blocks) are parts of the receiver only.

vector lAzov p = (ﬁg,1,phg,z,p)T contains the stacked version of the channel
impulse response lAzovlyp observed between polarization 1 and p and the
channel impulse response i’o,z, , observed between polarization 2 and p.
This is the inverse to the MIMO ZF solution described in more detail
in [81, Eq.(27)]. Equipped with the set of channel impulse responses
{ilg,l,l’ilg.l,Z’ilg,Z,l’ f:pyz,z} we can assemble the 2 X 2 Jones matrix and
apply the discrete Fourier transform to obtain an estimate of the
channel transfer matrix H o (@,0). With the aforementioned selection
of o = L + 1 we get a channel estimate H(w,0)=H 141 (@, 0).

3.2. Variational autoencoders for integrated sensing and communications

Ideally, both DSP algorithms of an ISAC system, i.e., the channel
estimation and equalization, should be derived from a common cri-
terion and optimized jointly to ensure the best overall performance.
This is the case for the novel equalization algorithm based on a VAE.
It combines a classical adaptive equalizer with an adaptive channel
estimator and jointly optimizes both blindly, i.e., without pilot symbols
as required for the algorithms in Section 3.1 which reduce the spectral
efficiency. Originally introduced as maximum likelihood approximating
channel equalizer in [45], we extended the concept to higher-order
modulation formats and probabilistic constellation shaping and applied
it to a linear dispersive optical channel model in [46]. In [48] we
showed that the VAE equalizer can be used to reliably start-up blind
equalizers in coherent optical communications at working points where
other state-of-the-art blind equalization algorithms fail. The robust
start-up has further been leveraged for a blind joint channel estimation
and symbol detection on time-variant linear inter-symbol-interference
channels [82].

Using the observation of the received sequence Z after the trans-
mission of some unknown data sequence x over an unknown channel,
we want to estimate the parameters £ = (hy,hjy, hy, hp,6,) of
the transmission channel, i.e., the noise variance é,, and the channel
impulse responses composing a 2 x 2 butterfly estimator. Specifically,
we want to find the best channel estimate for the given (observed)
received sequence Z, i.e., the maximization of the (log-) likelihood
function

£ = arg maxIn (p(2]5)) @0

which, however, is usually intractable since its computation would
require the summation over all possible transmit sequences.
Instead, the log-likelihood can be re-written using Bayes’ theorem
as
pPZ|X, E) - p(x)
p(x]2) ’
We note that the transmit sequence x is independent from the pa-
rameters E, i.e., p(x|Z,E) = p(x|%Z) and p(x|E) = p(x). While we
can consider the prior distribution p(x) as known (e.g., uniform or
Maxwell-Boltzmann distribution), the true posterior distribution p (x|Zz)
is unknown. VAEs are based on variational inference, which intro-
duces a parametric function to find the best variational approximation

Inp(z|E)=In 21
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Table 1

Simulation parameters for the numerical results in Section 3.3.
Constellation M 64-QAM
Probability mass function p(M) uniform
AWGN 4 25dB
Fiber length Lier 1000 km
PMD elements N 10000
PMD coefficient D 0.3ps/ \/ﬁ
PDL elements 5
PDL attenuation y (0.1, 0.3) dB
Channel realizations 1000
Transmit symbols 20000
Equalizer length 2L+1 25
LMS and LMS-ZF step size u 5x 1074
ZF step size u 1x1073
VAE step size u 3x1073
Symbol rate 100 GBd
Samples per symbol T 2
Simulation bandwidth 800 GHz

0O (x|z,¢) € Q from a family of possible distributions Q by varying the
parameters ¢ [83,84]. Then, the log-likelihood can be re-written as

Inp (2/2) = Dy, (Q x12.¢) || p(xI2)) + ELBO (Q)
> ELBO (Q) (22)

with the Kullback-Leibler divergence Dy, (u || v) as a measure of simi-
larity between two densities (v and v), which is non-negative and zero
for u = v. Since p(Z|E) is also called evidence, the term on the right
hand side of (22) is called evidence lower bound (ELBO), with

ELBO(Q) = Ey (Inp(Zlx, 5))
S —

=B

D (o@iz.9) | P). 23)

=A

where E, {-} is the expectation with respect to the approximated
posterior density Q (x|Z%,¢). The ELBO can then be used as a proxy
to maximize the evidence by jointly optimizing the parameters of the
channel estimation = and ¢ of the variational approximation Q (x|Z, ¢),
e.g., by using an Adam optimizer [85]. The latter updates the param-
eters based on gradient-descent with momentum for a batch of Ny,
samples with a learning rate u. The ELBO corresponds to the same loss
as derived for the blind equalizer in [46] and can be implemented as
sketched in Fig. 3 as a VAE at the receiver. In fact, the variational
approximation can be interpreted as a joint equalization and (soft)
demapping, and could be any parametric function including neural
networks. In order to have a fair comparison with the other algorithms,
we use a classical 2 x 2 butterfly finite impulse response (FIR) structure
and a Gaussian soft demapper with variance o—imap (which can be
either a hyperparameter or updated by the optimizer as well), so the
parameters ¢ correspond to the equalizer taps ¢, as introduced in
Section 3.1. The main differences of the VAE approach compared to the
other algorithms is that, firstly, the channel is estimated directly and
not via filter inversion, and, secondly, no pilot symbols are required for
the parameter update. While prior work mainly focuses on either the
communication or the estimation performance of the VAE approach, we
highlight the ISAC characteristic in this paper. Future work could fur-
ther analyze the hyperparameter tuning with respect to ISAC and may
optimize the filter structures to extract more interpretable information.
In [47], we further generalized the concept for channel estima-
tors based on memory polynomials and linked it to a regularized
decision-directed LMS, which we used to update frequency-domain
equalizers [49] and low-complexity non-linear equalizers [50].
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3.3. Numerical results

We evaluate the communication and sensing performance of the ZF,
LMS, LMS-ZF, and VAE equalizers according to the introduced perfor-
mance metrics in Section 2.2.* We give the set of default simulation
parameters for the numerical results in this section in Table 1. While the
number of PMD segments is N = 10000, we chose to limit the number
of active PDL elements to 5, where these active elements are equally
spaced along the full fiber length.

For each channel realization, we initialize 9, and a, € C>X!
according to [86, Summary]. To model the DGD for an optical fiber
of length Ly, we split the fiber span into N = | L., /L.| segments.
The DGD per segment is then distributed according to

2
,~N | == , 24
\/ﬁ(s N>

where

T=\/%D (25)
3z

is the mean DGD over the fiber span with a diffusion constant D in
ps/\/km [87].

We study the performance of the different equalizers in the steady-
state operation. This means that we simulate a time-invariant channel
with PMD, PDL, and AWGN and provide a sufficient number of known
pilot symbols such that the equalizers can converge.

The LMS, ZF, and LMS-ZF equalizers use the first 19000 transmit
symbols as pilots to converge their parameter vectors ¢,. Due to known
start-up convergence problems,® of the adaptive ZF equalizer, the LMS
equalizer is used to initialize the parameter vector with the first 2000
symbols to provide a stable working point.

In Fig. 4, we show the average communication signal-to-noise ratio
(SNR) and the average channel estimation MSE for 1000 channel real-
izations. We observe that the adaptive ZF algorithm exhibits the worst
communication SNR of all tested algorithms. It is especially interesting
to see that the interpolation between the LMS and ZF regression vectors
does not only interpolate the performance in a region between the

4 Open-source implementations are provided at https://github.com/kit-cel/
pol_sensing_communication.

5 In [80] it is pointed out that a sufficiently large eye-opening must be
already available in the received signal for robust convergence of the adaptive
ZF algorithm.
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performance of the ZF and the LMS algorithm. But already a small
weight v = 0.25 shows significant improvement in the communication
performance from 18dB to 23dB while simultaneously reducing the
MSE in the channel estimation compared to the ZF algorithm. This is
an unexpected result, as one would think that interpolating the weights
would also interpolate the performance. A possible explanation for this
behavior is that interpolation of the ZF regression vector with the LMS
regression vector has a stabilizing effect on the convergence of the
adaptive ZF algorithm. In [88], the SISO version of the adaptive ZF
algorithm has been studied. In particular, it has been highlighted that
for certain worst-case sequences, the adaptive ZF algorithm diverges.
In a communication setting, where the transmitted sequence cannot be
controlled, certain worst-case sequences may drive the adaptive ZF out
of convergence, albeit slowly.

Further increase of the weight parameter v shows an interpolation
between v = 0.25 and v = 1.0, where the latter corresponds to the LMS
algorithm, since the ZF regression vector values are not used at all.
For the selected channel parameters, the useful range of parameters for
the LMS-ZF equalizer is between v = 0.25 and v = 1.0, where it is not
beneficial to select v smaller than 0.25. We expect this region to change
depending on the channel parameterization, especially the experienced
noise at the receiver.

The VAE equalizer was simulated with 200000 transmit symbols.
This is because our implementation of the VAE algorithm performs
batch-wise updates with a batch-size of 200 and is a blind algorithm.
Both factors contribute to a slower convergence rate compared to the
symbol-wise updates performed by the LMS and ZF equalizers. It has
been shown that the convergence rate of the VAE can be improved
by tuning the hyperparameters or using a flexible step size [46].
Additionally, due to the lack of pilot symbols, the VAE equalizer may
converge to a solution that has a flipped polarization and a constant
phase offset of a multiple of z/2 compared to the transmit symbols X.
We correct this polarization flip and phase offset for both the signal X
and the channel estimate H (w, ). Furthermore, we can observe that
the VAE provides an improved channel estimation while having an
average communication performance similar to LMS-ZF with a weight
v=0.5.

4. Physics-based machine learning for distributed polarization
sensing

In, e.g., [25,26], the extraction and processing of sensing infor-
mation is limited to tracking the accumulated SOP at the channel
center frequency over the entire propagation distance. However, this
approach does not provide distributed (i.e., spatially resolved) location
information about external environmental events. Coarse localization
information can be obtained by assuming per-span readouts of polar-
ization data [89] or access to multiple optical paths [38,90]. To im-
prove localization accuracy, time-resolved backscattering approaches
for distributed polarization sensing similar to traditional DOFS tech-
niques have been recently investigated in [91-93]. However, since
backscatter is blocked by optical amplifiers, applying such methods
in amplified multi-span systems requires a bidirectional link topology
in combination with (typically high-loss) loop-back reflectors in order
for the backscatter signal to reach the transmitter, thereby limiting
applicability.

Here, we review the approach recently proposed in [51], which
employs physics-based machine learning [57,64] to estimate spatially
resolved parameters of the optical fiber channel by factorizing the full
channel state information in the form of the noisy received Jones matrix
at the receiver. Properly estimating PMD and PDL enhances spatial
resolution due to the non-commutative nature of their corresponding
Jones matrices. This enables a more accurate characterization of spa-
tial dependencies, as demonstrated in [51]. Tracking PMD however,
requires a sufficient bandwidth in the adaptive receiver filter. The PDL
is likely to be more effective for estimating the spatial dependencies,
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as it typically arises from localized components, such as reconfigurable
optical add-drop multiplexers or amplifiers, whereas the PMD effects
are often distributed over the transmission fiber. Note that high PDL
does not straightforwardly enhance distributed sensing performance.
While it may introduce greater degrees of freedom, high PDL can also
lead to situations where the received signal power becomes comparable
to the noise level, ultimately degrading sensing accuracy. Compared
to [89-93], this approach does not require a special link topology
and only assumes access to the estimated (linear) Jones matrix at the
receiver. It is therefore compatible with the standard DSP approaches
based on adaptive equalization or VAEs described in the previous
section. We note that this approach is also closely related to work on
distributed PMD compensation [87,94-100] and longitudinal path and
PDL monitoring [101-104].

4.1. Modified channel model

The problem of recovering spatially resolved polarization informa-
tion from estimated Jones matrices has been previously studied via the
so-called ISA [52-54]. To allow for direct comparisons to the ISA, we
consider a slight modification of the channel model in (3), where the
rotation matrices are parametrized in the same way as in [54]. More-
over, we additionally assume that the underlying rotation parameters
are time-varying to account for external environmental disturbances. In
particular, we redefine (4) with a rotation matrix defined at segment n
as
jel¥nk sin Dk

cos @,

cos o, x

= : R 26
je Wnksing, . (26)

Rn,k
where ¢, , and y, , are time-varying rotation angles and k refers to the
time index. Substituting R, , from (26) in (3) gives a time-varying chan-
nel transfer matrix. Note that unlike the rotation matrices described in
(4), which produce a uniform distribution over the Poincaré sphere, the
model defined in (26) represents a special case that does not necessarily
result in a uniform distribution over the Poincaré sphere.

To model the time-dependence, we assume that the rotation angles
remain static when the fiber is undisturbed and become dynamic under
disturbances. Specifically, we assume that environmental disturbances
cause temporal fluctuations in the rotation angles ¢, , and v, ,, which
are modeled as Wiener processes, characterized by

Dns = Dpi-1+ Lo 27)
Wik = Wni-1 + i (28)

Here, @,, and ¥, are normally distributed with a mean of zero
and standard deviations 5, , and O, > respectively, representing the
intensity of environmental fluctuations. Larger values of o5 , and oy,
indicate more significant environmental changes. The model assumes a
timescale for the dynamic polarization perturbation that is significantly
slower than the DGD parameters z,,.

Let 6, = {y,,,(bn’k,w,,’k,rn}n]v:l represent all the underlying channel
parameters, where y, denotes the PDL ratio parameter, and 7, rep-
resents the per-section DGD parameters. The channel matrix (3) at
time k and frequency » can be fully described using 6,. Therefore,
extracting 0, from the estimated channel matrix at the receiver enables
the receiver to pinpoint the location of the environmental disturbance
by capturing the time-dependency of the parameters in 6,. In the
following, we review two algorithms that try to reconstruct 6, from the
noisy estimate of the channel H(w, 6,) obtained, e.g., from the channel
estimation techniques introduced in Section 3.

4.2. Inverse scattering algorithm

The use of an ISA to extract the DGD profile from the overall im-
pulse response (i.e., the time-domain Jones matrix) was first explored
in [52,53]. This technique was further advanced in [54] to handle PDL,
enabling the recovery of both DGD and PDL profiles. The ISA method
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is theoretically accurate for the scenarios discussed in these references,
assuming that the overall impulse response is completely known and
free from noise.

The ISA algorithm analytically calculates the values of the unknown
underlying channel parameters 6, containing the SOP rotation, PDL,
and DGD parameters of each section at time k and is performed itera-
tively in the time domain by first taking the inverse Fourier transform
of the noisy estimate of the Jones matrix H(w,6,). Then it calculates
the unknown parameter values for the last section N, i.e., ay, ¢4
and yy,, and subsequently employs these values to construct the
equivalent total channel response for sections 1 to N — 1, effectively
removing the last section from the model. By repeating these steps, all
the subsequent parameters will be obtained. We emphasize that in the
ISA algorithm proposed by [54], the DGD parameters z, are assumed to
be identical and known for all sections, eliminating the need for their
estimation.

4.3. Physics-based machine learning (PML) approach

As previously mentioned, the ISA algorithm [54] is accurate when
the channel matrix is known and noise-free; however, as we show in
Section 4.4, its performance deteriorates in the presence of noise. To ad-
dress the noise sensitivity of ISA, a PML method has been recently pro-
posed in [51] based on the approach in [57,64]. This method directly
parameterizes the propagation model and simultaneously optimizes all
its underlying parameters, 6,, improving robustness to noise.

Let the set of trainable parameters be denoted as §, = T Pres
Vo) nN= ,- Then, we define the frequency-averaged cost function as

£ = i | @00 - B0, 29)
i=1

where L; represents the number of frequency samples. This loss func-
tion is then minimized iteratively using a gradient-descent optimizer
with a learning rate of 4 and M number of iterations. Note that we only
have access to the overall noisy channel response H(w,;6,) without
knowing its underlying parameters 0,.

4.4. Numerical results

For the numerical results®, we consider N = 5 fiber segments.
Within each segment, the PDL parameter y, is sampled from a uniform
distribution in the range [0.07,0.17] (equivalent to [0.3,0.7] dB PDL).
Additionally, the initial rotation parameters ¢, , and y, ; are uniformly
sampled from [—z, 7). The DGD parameter 7, = = and is assumed to be
known and constant across all segments. This assumption is necessary
for the ISA method, while the PML approach could potentially be
extended to learn unknown DGD elements, as demonstrated in [105].

For the PML approach, the Adam optimizer is used with M = 300
iterations and a learning rate of u = 0.05. All trainable parameters 0,
are initialized to zero at k = 0 and then tracked for k > 0. The frequency
samples in the loss function correspond to a 1/7, sampling distance in
the frequency domain, with L; = N. It was verified that increasing the
number of frequency samples does not affect the results.

Finally, to model an environmental disturbance, it is assumed that
an incidence occurs within segment n = 2 at k € [15,35] that only
affects parameters ¢, , and y,; with 6p,, =0, =0.1 for k € [15,35]
and o4, = oy, =0 elsewhere.

6 Open-source implementations are provided at https://github.com/
Mohammadfarsil994/physics-based-distributed- polarization-sensing.
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Fig. 5. Numerical results: (a)-(c) trackable channel realization with varying amounts of noise; (d) non-trackable realization [51, Fig. 1].

4.4.1. Trackable cases

Fig. 5 compares the tracking capability of the ISA and the learning
approach by plotting | cos ¢, | for all sections in four different scenar-
ios. As depicted in Fig. 5(a), when the channel estimation is perfect
(noise-free), both approaches are able to track the perturbation, pin-
pointing its location and timing. However, when the channel response
is subject to estimation noise (Fig. 5(b)—(c)), the PML approach exhibits
improved noise resilience by successfully tracking and identifying the
perturbation’s location and timing, whereas the ISA looses its ability to
track or precisely determine the affected section.

4.4.2. Non-trackable cases

For certain realizations of the channel parameters 6,, the channel
response H(w;;0,) could be described with a smaller number of in-
dependent channel parameters. In this case, multiple different 6, can
produce nearly identical channel responses H(w;;0,). An example of
this phenomenon is illustrated in Fig. 5(d). In such cases, the two
algorithms exhibit different behaviors. For the ISA, noise-induced nu-
merical instabilities lead to mismatches between the overall response
and the estimated parameters, causing them to deviate from the actual
underlying channel parameters 6,. On the other hand, PML achieves a
channel response H(w;;8,) that remains closely aligned with the true
response H(w;;0,), due to the specific loss function used. However,
the model is effectively overparameterized because various parameter
configurations can yield nearly identical responses, which prevents
finding a stable and unique solution. A potential avenue for future work
involves modeling the actual channel response using a reduced number
of sections, which may offer a solution to the overparameterization
problem by trading off localization resolution.

5. Transmitter trade-offs and optimization opportunities

So far, we have considered the design of polarization-based ISAC
systems by discussing various receiver DSP algorithms, assuming the
transmission of standard communication signals. In this section, we

briefly discuss opportunities to optimize also the transmitter and un-
derlying waveforms through the lens of dual-functional system design.
Previous research on dual-functional transmitters for ISAC over optical
fibers has focused on backscatter-based DOFS sensing with the inten-
tion of improving spectral efficiency and/or reducing hardware cost
compared to utilizing separate sensing and communication systems.
For example, the authors in [106] showed that probing signals used
for distributed acoustic sensing (DAS) can be multiplexed together
with data-carrying digital subcarriers in the frequency domain. Other
proposed integration schemes merge DAS sensing probes and data sig-
nals by replacing the optical carrier with linear frequency modulation
(LMF) [107] or by inserting LMF sensing probes into the training signals
of communication data frames [108], thereby sharing both the same
spectrum and transmitter hardware for sensing and communication.

In general, the transmitted signal in ISAC systems serves a dual role
as it may be chosen to either maximize communication performance or
aid with channel estimation, thereby enhancing sensing functionality.
In [109], it was shown that this dual role gives rise to fundamental
trade-offs that, for example, involve balancing the “degree of ran-
domness” of the transmitted signal, where sensing tends to prefer
deterministic probing signals while communication prefers signals that
are maximally random. Applying such insights to the considered system
setup, transmitter trade-offs between communication and polarization
sensing could for example be achieved by increasing the frequency of
pilot transmissions or suitably adjusting the modulation format, thereby
improving the tracking capabilities of adaptive equalizers. While this
may lead to a temporary decrease in communication performance
(e.g., sacrificing data throughput or accepting higher error rates), it
could provide a more granular and accurate picture of an unfolding
environmental event. After the event ends, normal communication
operations can be restored.

A possible avenue for future work to tackle the problem of designing
dual-functional ISAC waveforms for polarization sensing could rely on
dual-functional autoencoders (AEs). Indeed, treating a communication
system as a denoising AE can facilitate transmitter optimizations, and,
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more generally, joint transmitter and receiver design [110]. AE ap-
proaches have already been widely studied for optical systems assum-
ing many different system setups [111-120]. However, these papers
consider purely communication-centric design, where the optimization
is based on metrics like error rates, or suitable surrogate loss functions
such as cross-entropy. Dual-functional autoencoders AEs have been
recently studied in the context of wireless ISAC [121-124], where
weighting loss functions for sensing and communication can be used
to optimize dual-functional beamformers and corresponding receiver
algorithms. This approach allows for flexible optimization of both
sensing and communication capabilities within the same framework.
Similar approaches could be applicable in optical domains as well, for
example by devising sensing-centric optimization metrics similar to the
one used in adaptive ZF.” However, we leave this as an open avenue
for future research.

6. Conclusion and future work

In this paper, we studied the communication performance and
channel sensing utility of different adaptive equalizer algorithms in
the context of ISAC for optical fiber communication. In a numerical
simulation we found that the adaptive ZF algorithm shows the pre-
viously reported convergence problems at startup. When interpolating
the regression vector between the adaptive ZF and LMS algorithm we
could find significant improvement in channel estimation, exceeding
the performance of the adaptive ZF algorithm. Similarly, the recently
introduced pilot-less VAE equalizer with its dedicated channel param-
eter estimation maintains a significantly improved channel estimation
compared to the LMS equalizer, while maintaining a very good commu-
nication performance. Further investigation of the presented LMS-ZF
and VAE equalizer on a time-varying optical channel is required to
test the tracking performance for channels with polarization drift. In
particular, the tracking accuracy may be of significance to enable novel
sensing applications.

A critical gap in the literature is the lack of realistic time-varying
channel models that accurately describe how various environmental
perturbations lead to variations in the model parameters over time.
Here and in [51], it was assumed that environmental disturbances
affect only the SOP rotation elements (¢, ,, ¥, ,) and we modeled their
time dependence using random walks. This simplifying assumption was
made due to the lack of more realistic channel models. In [32], it was
shown how dynamic polarization fluctuations induced by hydrostatic
pressure resulting from, e.g., earthquakes, relate to relative birefrin-
gence fluctuations in long-haul submarine cables . However, it is not
immediately clear how to integrate the insights from [32] into the
model (3). Moreover, other types of events or deployment scenarios
lack corresponding models that describe the environmental impact
on the underlying fiber channel parameters. Developing such models
therefore presents a significant opportunity to facilitate further study of
polarization-based ISAC systems, develop new data-driven algorithms,
and accurately assess their performance trade-offs.
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