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Abstract

We demonstrate interconnected meshed optical networks as sensing-localization grid for

earthquake early detection. We integrate ground displacement data from seven local earthquakes,
magnitudes four to six, into a Waveplate model to enhance a machine-learning algorithm that accurately
detects primary waves and improves nearby urban safety. ©2024 The Author(s)

Introduction

Earthquakes often precede variations in strain
rates at which the Earth’s crust either stretches
or compresses!'l. These changes, primarily in-
duced by the arrival of primary waves, tens of sec-
onds before the destructive surface waves struck,
serve as significant indicators for upcoming seis-
mic events!?l. Buried underground, optical fibers
experience alteration in both mechanical and op-
tical properties. This phenomenon broadens the
potential for utilizing optical networks as distributed
sensor networks for earthquake early detection®.
Therefore, we have witnessed a recent emergence
of Distributed Fiber Optic Sensors. These sensors
leverage natural scattering processes, such as
Distributed Acoustic Sensing (DAS) and Interfero-
metric techniques“8l. Unlike DAS and interfero-
metric techniques, our polarization sensing-based
approach!® requires no dedicated dark fibers or
adding expensive equipment to the network, such
as ultra-stable low-phase noise lasers. State-of-
Polarization (SOP) based techniques monitor po-
larization changes of the modulated light propa-
gating through traffic-carrying optical fibers!'?-21,
These changes could be induced by anthropic
activities!'®h'4l or environmental events, such as
earthquakes!'SM'®l Il we utilize a single sens-
ing fiber within a terrestrial optical network. Using
SYNGINE!""], we generate synthetically ground
displacement data for a 4.9 magnitude earthquake,
which are then converted into strain matrices by
leveraging the Waveplate model. Subsequently,
we employ a Bi-GRU based Machine Learning
(ML) algorithm to detect primary wave arrival with
a 97% accuracy rate and one-second ML detection
time. In this manuscript, we extend the use of our
polarization sensing approach, focusing on inter-
connected terrestrial optical mesh networks as a
sensing and localization grid in the Modena region
in ltaly, and utilizing 7 real, instead of synthetic,
earthquakes’ displacement data, with magnitude

values ranging from 4 to 6, to refine the ML model
for a more generalized case scenario. In Section
I, we detail SOP data extraction by the Waveplate
model. Section Il introduces the ML Model Val-
idation, followed by Section IV and V, where we
demonstrate Network implementation and Wave-
plate/ML/Localization results, respectively. Lastly,
Section VI concludes the discussion.

SOP Data Extraction Methodology

A long optical fiber cable is, to a good approxima-
tion, equivalent to a concatenation of small sec-
tions, referred to as plates. The importance of seg-
menting the fiber into these sections is to define
the effect of internal birefringence, stemming from
fiber's construction imperfections, on the change
of light's SOP. This is because, in a fiber section
small enough, the internal birefringence can be
considered uniform. Consequently, any deviation
observed in SOP diverging from the anticipated
uniform internal behavior effect indicates an exter-
nal stressor. This approach is known as the Wave-
plate modell'®. We extend the use of this model
to integrate the conventional i-DAS conversion in
order to convert earthquake displacement values
to strain-time matrices, where each 116 nm of
displacement is equivalent to 11.6 nano-strain!'®l.
Multiple SOP evolution could be extracted from
each Waveplate simulation for each earthquake
strain values due to the fact that in each simula-
tion the plates are inherently assigned to random
orientations. A large set of SOP evolution data
induced by each earthquake strain values is col-
lected, from which we calculate the State of Po-
larization Angular Speed (SOPAS) for each SOP
filel?%l, The resulting SOPAS data is then utilized to
train an ML algorithm capable of detecting primary
wave’s arrival for each seismic event, all ranging
from magnitude 4 to 6. The trained ML algorithm
will then be tested on an earthquake among the
same range of magnitudes, highlighting the use



of the whole smart sensing grid optical network.
We chose SOPAS over SOP to minimize computa-
tional time, as SOP involves three parameters (S1,
S2, and S3), while SOPAS requires only one.

ML Model Validation

Through the Italian National Institute of Geo-
physics and Volcanology (INGV)?2'l, we extracted
displacement data for 7 local earthquakes that oc-
curred in the Modena region. The earthquakes
magnitudes chosen were M4, M4.3, M4.5, M4.7,
M5.1, M5.3 and M5.8. The obijective is to couple
strain values induced by these displacements into
fiber cables simulated with the aforementioned
Waveplate model. A Temporal Fusion Attention
Network (TFAN) is utilized for the ML training,
in which we combined a Temporal Convolution
Network[?? Long Short - Term Memory (LSTM)
layers?®l, and an attention mechanism. Almost
60% of the SOPAS data used for training, 20%
for validation and 20% for testing. Exploiting the
Waveplate model, we ran 50 simulations with differ-
ent plates’ orientations for each earthquake. Fig. 1
shows the model training and validation accuracy.
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Fig. 1: ML Model Training and Validation Accuracy

The graph displays the accuracy of the ML model
over a sequence of epochs. The model’s train-
ing accuracy shown in blue increases rapidly, in-
dicating effective initial training. The validation
accuracy shown in orange evaluates the model’s
ability to predict new unseen data. The proxim-
ity of the two curves indicates that the model has
been generalized well with a minimal risk of over-
fitting. As the number of epochs increases, both
curves reach noticeable accuracy rates, implying
that additional training is unlikely to yield significant
improvements. The model showed a promising
level of predictive precision for both training and
validation datasets exceeding 95% of accuracy
rates.

Seismic Fiber Network Implementation

For testing the model, we used the M4.3 earth-
quake in the region. The objective is to exploit
an interconnection of optical fiber networks buried

underground in nearby municipalities covering an
area of less than 100 km?, and use fibers from
the mesh networks positioned at the exact geo-
graphical coordinates as the seismic stations for
sensing and epicenter localization purposes. For
sensing, we extracted the displacement data from
three seismic stations (OPPE, MNTV and ZCCA)
located in three distinct municipalities around the
epicenter as shown in Fig. 2.

lgATION INGV ONT : Longitude[E] 11.251 - Latitude[N] 44.868 - Depthlkm] 4.8 - Mag 4.3 |
— - Y

Bres Vicenza ]
_| EPICENTER

Fig. 2: M4.3 Earthquake Origin Time: 2012-05-23 21:41:18
(UTC) | Region: MODENA

A fiber substituting T0821 is used to localize earth-
qguake’s epicenter. The Optical Network Controller
(ONC) overseeing all interconnected networks, will
confirm primary wave arrivals from three sensing
fibers/nodes as shown in Fig. 3, localize the epi-
center by triangulating T0821, MNTV and ZCCA
substitutes, and generate early warnings accord-
ingly. Given the proximity of the three sensing seis-
mic stations/corresponding fibers to the epicenter,
the seismic wave reaches all stations almost at the
same time. Consequently, this simultaneity does
not impact significantly on the time available for
the ONC to confirm the event and generate early
warnings after the third confirmation.

-
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Fig. 3: Interconnected Sensing Grid in the Modena Region

Waveplate/ML Models and Localization Results
According to the Central Italian Appennines Veloc-
ity Model (CIA)4, the time window between the



primary wave and the arrival of surface wave at a
seismic station increases with the increase of the
station’s distance from the earthquake’s epicen-
ter. As shown in Fig. 2, and according to INGV[?'],
MNTV and OPPE have almost the same distance
from the epicenter (47.9 km and 49.3 km). Thus,
Fig. 4 shows the average fiber strain substituting
MNTV and ZCCA, where ZCCA is 61.4 km far from
the epicenter.
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Fig. 4: Average Strain for ZCCA and MNTV Fiber Substitutes
The data were sampled over 300 seconds duration.
The strain showed that MNTV fiber experienced
a 24-seconds time lag between the primary wave
and surface wave arrival (66-42), while the ZCCA
fiber had a 36-seconds window (88-52).
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Fig. 5: Confusion Matrix for Three Stations/Fibers
ML results showed around 98% of accurate detec-
tion for primary waves according to confusion ma-
trices for each station/fiber, as reported in Fig. 5,
which shows the correct and wrong detection of
the ML model for three stations/fibers. For in-
stance, for ZCCA fiber, 16 wrong detected as "no
earthquake" instead of being detected as primary
wave (3rd row, 1st column), one wrong detection
as secondary wave and zero as surface wave. The
total correct detection for ZCCA fiber is 1743 out

of 1760 primary waves. The same concept applies
to other fibers substituting other seismic stations.
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Fig. 6: Time needed for ML Detection for MNTV Fiber
The ML model took the same time to detect pri-
mary waves in all fibers substitutes. Fig. 6 shows
one second ML detection time on the MNTYV fiber
and similarly for other fibers.

Station to Epicenter
Distance (km)

Epicenter Location

INGV Longitude | Latitude | MNTV | ZCCA | T0821
Recording 11.251 44.868 | 47.88 61.45 23.14
Triangulation | 11.2846 | 44.8705| 49.59 63.08 20.48
Simulator

Tab. 1: INGV Recording and Triangulation Simulator
While Tab.1 shows the triangulation results ap-
plied by the ONC, which is used to localize the
epicenter and prioritize early warning to municipal-
ities close to the epicenter location and progress
to those further away. This is done by forming
a triangle around the epicenter leveraging the ar-
rival time of the primary wave and precise coor-
dinates of each node. T0821 shown in Fig. 2, a
station around 20 km far from the epicenter, a
key node to form the triangular shape. Conse-
quently, the municipality where T0821 is located
will be the first to be notified by the ONC for the
upcoming seismic event, as there are only 16 sec-
onds between the primary and surface wave arrival
according to our simulation and to INGV record-
ing. Accounting to the one-second ML detection
time, urban areas within 20 km from the epicenter
will have 15 seconds time window to implement
earthquake countermeasures, while municipalities,
where MNTV/OPPE and ZCCA are located, will
have 23 and 35 seconds, respectively, according
to what we mentioned earlier.

Conclusion

We investigated the use of interconnected fiber
optic mesh networks as a sensing and localization
grid for accurate ML-based earthquake early warn-
ing approach. Data were extrapolated from real
earthquakes of different magnitudes recorded by
INGV in the region of Modena, Italy.
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