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Abstract. Technological advances in global communications depend significantly on robust and efficient long-
distance infrastructures. One notable example is the submarine cable network. Installed on the ocean floor,
these cables use fiber optic technology to transmit large volumes of data at high speed and low latency between
continents. Beyond their primary communication function, recent innovations allow these cables to serve as
Distributed Acoustic Sensing (DAS) systems, effectively converting tens of kilometers of passive fiber into
massive, coherent arrays of vibration sensors. The primary objective of this project is to enhance maritime
surveillance capabilities by integrating DAS technology with advanced kinematic modeling. This paper estab-
lishes a rigorous physical and mathematical framework for interpreting the acoustic signatures of surface vessels
detected by bottom-mounted fibers. We derive the complete opto-acoustic transfer function, formulate the
hyperbolic moveout equations based on a moving point-source solution to the wave equation, and implement
a stochastic inversion scheme using Differential Evolution. By optimizing a correlation-based loss function, we
demonstrate the ability to recover vessel trajectory, speed, and depth from complex interferometric patterns
with speed estimation errors consistently below 1%. This approach allows for the extraction of quantitative
physical parameters from raw optical data, bridging the gap between photonics and hydroacoustics.

Keywords: Distributed acoustic sensing, Maritime surveillance, /-OTDR, Hyperbolic moveout, Differential
evolution, Optimization.

1 Introduction

Distributed Acoustic Sensing (DAS) has revolutionized the
field of optical monitoring by enabling the conversion of
standard fiber optic cables into large-scale, ultra-sensitive
vibration sensor arrays [1, 2]. Originally developed for
vertical seismic profiling and pipeline monitoring within
the oil and gas industry, DAS technology is now finding
critical applications in environmental monitoring and criti-
cal infrastructure security. Specifically, submarine telecom-
munication cables can be repurposed as distributed seismic
or acoustic sensors, providing meter-scale spatial resolution
and continuous coverage over tens of kilometers of the
ocean floor [3, 4]. Recent studies have demonstrated that
DAS is capable of detecting underwater hydroacoustic
signals, including the mechanical noise generated by surface
vessels, with performance metrics comparable to conven-
tional hydrophone arrays, although the Signal-to-Noise
Ratio (SNR) may vary across frequency bands [5].

The primary challenge in transforming a DAS system
into a reliable vessel tracking platform lies in the complexity
of the signal processing required. As a ship moves through
the water, it generates continuous acoustic noise resulting
from engine vibrations and propeller cavitation. Because
the ship moves relative to the stationary fiber on the
seabed, these acoustic wavefronts reach different sections
of the fiber at different times, producing distinct, geome-
try-dependent patterns in the recorded data. This paper
presents a comprehensive mathematical formulation of
these hyperbolic moveout patterns and introduces an
inverse problem framework designed to extract precise
vessel movement and physical characteristics directly from
raw DAS waterfall plots.

Unlike prior studies, which have primarily focused on
the simple detection or qualitative visualization of vessel
signatures, our approach enables the quantitative inference
of vessel dynamics and physical parameters from DAS mea-
surements. Global maritime security currently relies heavily
on Automatic Identification System (AIS) transponders [6].
However, AIS data is inherently vulnerable to spoofing, can
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be deliberately disabled by “dark vessels,” or may be
unavailable in remote ocean areas due to sparse receiver
coverage. Consequently, there is a critical need for passive,
non-cooperative surveillance systems that do not rely on the
target’s participation. Submarine cables, which already
crisscross the world’s oceans, offer an ideal, covert platform
for this purpose [7]. By connecting a DAS interrogator to
dark fiber strands, real-time acoustic monitoring can be
achieved over vast distances with high resolution. This
work presents a rigorous physical–mathematical framework
for the acoustic detection of surface vessels using bottom-
mounted optical fibers, deriving the opto-acoustic transfer
function and hyperbolic moveout equations from the wave
equation for a moving point source, and solving the inver-
sion using a Differential Evolution–based stochastic
optimization strategy.

2 Physical principles of phase-sensitive OTDR

To interpret the acquired data, we model the Phase-
sensitive Optical Time Domain Reflectometry (/-OTDR)
process [2]. The fiber acts as a one-dimensional waveguide
with random scattering centers. As a coherent laser pulse
propagates, the backscattered electric field is formed by
the superposition of contributions from scatterers within
the pulse width.

When an external acoustic pressure wave P(r, t) inter-
acts with the cable, it induces a mechanical strain on the
fiber core. In DAS, we measure the differential phase shift
D/ between two sections of fiber separated by a gauge
length Lg. Assuming the acoustic wavelength is larger than
the gauge length, the relationship between the recorded
optical phase and the axial dynamic strain �zz is linear:

�/ z; tð Þ � 4pnnLg

k
�zz z; tð Þ; ð1Þ

where n � 0.78 is the photo-elastic scaling factor and n is
the refractive index. This establishes that the recorded
optical phase is a direct proxy for the strain induced by
the vessel’s acoustic emission.

3 Kinematic and acoustic wavefield modeling

We model the ocean as a semi-infinite homogeneous half-
space and the vessel as a moving point source emitting a
broadband signal S(t).

3.1 Hyperbolic moveout and directional sensitivity

For a vessel moving with velocity vs along a linear trajec-
tory at the surface, the acoustic arrival time at the fiber
creates a hyperbola:

t2arr xð Þ ¼ t2CPA þ
ðx � xCPAÞ2

V 2
app

; ð2Þ

where tCPA is the time at the Closest Point of Approach
(CPA) and Vapp is the moveout velocity. This relationship

allows us to invert the vessel speed and impact parameter
from the data curvature. Additionally, the fiber acts as a
dipole sensor; its sensitivity to axial strain results in a
characteristic amplitude “null” when the acoustic wave-
fronts arrive perpendicular to the cable (at CPA), facilitat-
ing precise localization [8].

3.2 Spectral interference and Doppler effects

Beyond kinematics, the signal contains spectral features
derived from the source depth and motion. The interaction
between the direct acoustic path and the surface reflection
(Lloyd’s Mirror effect) creates frequency notches dependent
on the source depth zs. Simultaneously, the broadband noise
undergoes a Doppler shift due to the relative radial velocity,
resulting in a sigmoidal frequency transition. These physical
constraints – interference patterns and Doppler shifts – are
critical for validating estimated velocities and depths [9].

3.3 Numerical implementation

To validate the model, we implemented a numerical forward
model that synthesizes the DAS waterfall plot D(x, t). The
simulation procedure is summarized in Algorithm 1. It gen-
erates a parametric source S(t) composed of a fundamental
frequency and harmonics, modulated by Lloyd’s Mirror
interference. The source is spatially windowed by a geomet-
ric hull function to simulate the acoustic wake, scaled by
geometrical spreading, and finally convolved with the gauge
length operator to replicate the physical measurement
process.

4 Inverse problem and optimization strategy

Inverting kinematic parameters from DAS data is a non-
linear optimization problem complicated by oscillatory

Algorithm 1. Pseudocode: Forward model simulation

1: Input: Grid ðx; tÞ, Vessel Params m
2: Output: Synthesized Data Matrix Dðx; tÞ
3: Initialize D  0
4: for each time step tj do
5: Calculate vessel position rsðtjÞ using vs; h0
6: for each sensor channel xi do
7: Compute range Rij ¼ krsðtjÞ � rfibðxiÞk
8 Compute Doppler factor fDop and Arrival Time tarr
9: Spectral Source: Sraw  

P
sinð2pfDoptarrÞ

10: Interference: Apply Lloyd’s Mirror modulation
11: Hull Window: Apply spatial envelope HðlÞ
12: Spreading: Scale by R�cij

13: Accumulate strain: Dði; jÞ  �zzðSraw ;RijÞ
14: end for
15: end for
16: Sensor Model: Convolve D with Gauge Length Lg

17: Return D
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interference patterns and the hyperbolic nature of the
moveouts. To avoid the local minima that are inherent to
gradient-based methods in such rugged landscapes, we
employed Differential Evolution (DE) [10], a robust stochas-
tic global optimization algorithm. The vessel state is defined
by the parameter vectorm = [vs, h0, zs, f0, Ls,Ws,c]

T, repre-
senting the speed, angular offset, source depth, fundamental
frequency, vessel length, vessel width, and spreading coeffi-
cient, respectively. The search space is bounded by physi-
cally constrained limits (e.g., vs 2 [1, 20] m/s) to ensure
the algorithm converges to realistic solutions.

Using a classic DE/rand/1/bin strategy, the algorithm
evolves a population of candidate vectors over successive
generations. Amutant vectorvi;g is generated for each target
vector mi;g by mixing three random population members:

vi;g ¼mr1;g þ F � mr2;g �mr3;g

� �
; ð3Þ

where F is the differential scaling factor. Binomial crossover
is then performed to create a trial vector, which replaces the
target vector only if it yields an improvement in the objec-
tive function.

To address the lack of absolute amplitude calibration in
DAS data (which can vary due to fiber coupling and signal
fading), we chose to optimize for structural similarity rather
than absolute intensity. We minimize a correlation-based
loss function JðmÞ:

J mð Þ ¼ 1� Cov S mð Þ;Rð Þ
rSrR

; ð4Þ

where S(m) is the simulated field generated by the candi-
date parameters, R is the observed experimental data,
and r denotes the standard deviation. This scale-invariant
metric ensures the model locks onto geometric features –

such as the hyperbolic curvature and interference nulls –

independent of the overall signal magnitude.

5 Material and methods

5.1 Data acquisition

The experimental data was acquired using a standard com-
mercial DAS interrogator unit connected to a bottom-
mounted submarine telecommunications cable. The inter-
rogator’s pulse repetition rate yielded a temporal sampling
frequency fs sufficient to capture the acoustic spectrum of

vessel noise, while the optical gauge length Lg provided a
spatial sampling resolution of approximately 9.8 m.

5.2 Signal preprocessing pipeline

Before the optimization process, the raw optical phase data
undergoes a rigorous, multi-stage preprocessing pipeline
designed to maximize the Signal-to-Noise Ratio (SNR)
and ensure statistical consistency with the forward model.
Raw DAS data is typically dominated by high-amplitude,
low-frequency environmental noise, such as ocean swell
and hydrostatic pressure variations (<1 Hz). To isolate
the specific mechanical signature of the vessel, we applied
an 8th-order Butterworth bandpass filter with a passband
of [2, 120] Hz. This range was selected to capture the funda-
mental engine harmonics and propeller blade pass frequen-
cies while effectively rejecting microseisms and high-
frequency system noise.

Following filtration, we addressed the computational
constraints imposed by the high sampling rates of DAS
systems. We performed temporal decimation immediately
following the anti-aliasing filter to reduce the computational
load of the fitness evaluation function. For datasets with
high SNR (Case B), the raw coherent strain was used
directly. However, for lower SNR scenarios (Case A), we
computed the Hilbert envelope of the signal. This transfor-
mation focuses the optimizer on the energy distribution of
the acoustic arrival rather than the rapidly oscillating phase
carrier, significantly improving convergence stability in
noise-limited regimes. Finally, because the correlation-based
loss function requires that the simulated and experimental
data share comparable statistical properties, we applied a
Z-score standardization to the preprocessed data matrix
D, subtracting the global mean lD and dividing by the stan-
dard deviation rD. To prevent transient artifacts (e.g.,
system glitches or dropped channels) from skewing the
correlation metric, the data was robustly clipped to the
99th percentile. This ensures the optimization surface
remains smooth and gradients are driven by the persistent
vessel wake geometry.

6 Results

The efficacy of the proposed model was assessed via wave-
field reconstruction and validation against independent AIS

Table 1. Inverted kinematic parameters and validation against AIS (Mean ± SD over 10 independent runs).

Case A (Mestre Horácio) Case B (Wilson Hirtshals)

Parameter Value Error (%) Value Error (%)

Speed (vs) [m/s] �3.23 ± 0.12 3.29 4.97 ± 0.03 0.61
Trajectory angle [deg] 33.88 ± 1.36 – 41.10 ± 0.80 –

Source depth (zs) [m] 0.60 ± 0.13 0.45 5.47 ± 0.19 2.32
Dom. frequency (f0) [Hz] 44.94 ± 7.50 – 13.43 ± 0.58 –

Vessel length (Ls) [m] 20.77 ± 1.02 3.85 85.69 ± 3.46 4.79
Vessel width (Ws) [m] 4.96 ± 0.54 9.81 14.50 ± 2.08 4.60
Spreading factor (c) 0.71 ± 0.13 – 0.50 ± 0.00 –
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ground-truth data (Table 1). Figure 1 demonstrates the
high fidelity of the model in reproducing the signal topology
for both test cases (Fig. 2).

7 Conclusion

This work has successfully established a comprehensive
physics-based framework for vessel tracking using Distribu-
ted Acoustic Sensing (DAS) combined with Differential
Evolution optimization. We have demonstrated the ability
to recover critical kinematic parameters (speed, trajectory,
depth) and vessel dimensions from raw interferometric
data, confirming the viability of repurposing existing sin-
gle-mode submarine cables as massive, distributed hydro-
phone arrays. The proposed optimization scheme proved
to be robust against varying levels of environmental noise,
accurately resolving complex hyperbolic moveout features
and interference patterns. Specifically, we achieved velocity
estimation errors below 1% in high-SNR conditions. Future
work will focus on integrating these kinematic priors into
deep learning architectures, aiming to develop fully auto-
mated, real-time maritime surveillance systems.
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