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OUR RESEARCH QUESTION

Can distributed acoustic sensing (DAS) on dark fibre be used to
iImage the seismic properties of the subsurface and can these
Images be used to characterise and monitor carbon capture
and storage (CCS) projects?

Case study: Tampnet cable, UK Southern North Sea
Method: Ambient Noise Tomography
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Ambient noise tomography
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* The Earth is continuously excited
by ambient seismic noise from
natural and anthropogenic
sources.

* Cross-correlating long records of
this noise between station pairs
retrieves the empirical Green's
function of the medium.

* The reconstructed wavefield
approximates surface-wave
propagation between the two
receivers.

Station A Station B

% Inter-station distance %

Diffuse ambient noise sources (oceans, weather, anthropogenic)

Raw record u_A(t)

time —

Raw record u_B(t)

time —

Cross-correlate u_A(t) and u_B(t) over long time windows, then stack

Empirical Green's function C_AB(1)

surface wave B - A surface wave A — B

- lag =0 + lag

Figure generated using Claude (Anthropic, 2026), with prompts and design direction by T. Mackay-Champion



1. Frequency-filtered cross-correlations

Long-period waves arrive earlier (faster); short-period waves arrive later (s

Ambient noise tomography (2/2) . Jv\;

band-pass period
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* Surface waves are dispersive e W

 Tomographic inversion converts P
dispersion measurements into 2D 2 Disprson urve a dopth sty
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Figure generated using Claude (Anthropic, 2026), with prompts and design direction by T. Mackay-Champion
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Strain rate (0.5-20 Hz)

» 28 days of continuous recording
(Feb 2023) at 125Hz

« ~80km of fibre, channels spaced at
20m.

* Data open access at PUbDAS. L]

*One ML 3.2 EQ (BGS) within the Q Submarlne CabTII:I(\;IapAndC rbon
recording period. = f

Storage Lice

Distance (km)

If you are interested in earthquake detection (Lowestoft, UK) -

https://www.submarinecablemap.com



https://www.submarinecablemap.com/
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Cross-correlations with axial strain data g;kPS“;iS

* Because DAS measures strain rather than conventional displacement, velocity, or acceleration,
cross-correlations between channel pairs exhibit distinct characteristics.

* The cross-spectrum for axial strain measurements between in-line pairs of channels are defined

H? ?
S:yn ((,U, CR, CL) = (w) (2) {3-]{) (2?‘;‘) - 4J2 (Er:‘) + J4 (2?‘:)]
8 CR CR R

as.

CrR
1 (a; (w) w\* w )
+- | = - Jo| —ri ) —Ja| —ri Fukushima et al., 2024
8 \a; (w) cL cL CL

c_ = Love wave; cy = Rayleigh wave, J, = Bessel functions, w = frequency, a = amplitude.

* DAS cross-correlations can therefore be used to extract both Love and Rayleigh surface

waves.
* We calculated cross-correlations between 80 irregularly spaced channels along a 50km straight

section of the Tampnet cable.
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Scholte waves with a moveout of ~500m/s
Bessel function beamforming indicates clear dispersion

(when the upper media boundary is water instead of air the (does the discontinuity represent the sediment-
generated seismic surface waves known as Scholte instead basement contact?)
of Rayleigh waves). We use this for our tomography!



Phase Velocity (km/s)

Phase velocity estimation

Bessel Beamforming Spectrum with L; Picks Overlay (R-Kernel)
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Good fit between data and theoretical predictions assuming isotropic noise distribution
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Irregular channel spacing is so important! E:kpsaéis

Bessel Beamforming Dispersion Spectrum (R-Kernel, 0.0-20.0 km)
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Irregular channel spacing is so important! ]S:kPSCeLis
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Significant spatial aliasing prevents clear extraction of
surface wave dispersion curve.

Particularly important at higher frequencies.
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Reversible-jump MCMC: Model construction ]S:;kpsae-is

* Here, we use reversible-jump, transdimensional (i.e., number of model parameters is
allowed to vary) MCMC.

* Model parameterized by Voronoi cells.

' o N s R
1. Data: Ambient Noise 2. Model Representation: 3. Forward Modelling 4. Likelihood & Posterior
; 3D Voronoi Cells : :
Croes-comatations hetwasr) 1.Build 3D V, model 2. Extract 1D Vi(z) 3. Compute 1D 4. Interpolate to Compare predicted traveltimes
station pairs — group/phase Model m: S-wave velocity V; is from Voronoi cells at each horizontal dispersion curve 2D phase velocity with observed traveltimes
traveltimes at multiple periods constant within each 3D Voronoi cell location (lat—lon) at each location map at period T for all station pairs and periods
— — —
Likelihood: P(d|m
0 o B o(T) (km/s) : (dim)
w 40 (e.g., Gaussian errors)
e WL £ '
35 :
% o §‘ ; % - Prior: P(m)
§ ® 7 (e.g., cell size, V; bounds,
150 4 E 2 ‘ 25 depth extent)
200 : 1L = : 20
2: 8L "4 5 10 20 40
Vi (km/s) Period (s)
' ' Posterior: P(m|d) o
Ak ‘Stitions Latitude Longitude I Repeat for all periods T of interest to obtain ¢(T', lat,lon) maps I P(dlm) P(m)
— Inter-station paths 5. Predict traveltimes for all station pairs and periods
e Black dots = cell generator locations Ray/path integration Pradicted travei Accept / Reject
‘/A = thioiigh«o(T; Iat, lon). —F Ve TeA using Metropolis—Hastings
maps tpred(3,5,T)
L. > . > 3 . B N - J

Figure generated using ChatGPT, with prompts and design direction by T. Mackay-Champion



Reversible-jump MCMC: Model sampling
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* Model geometry and parameter values sampled via the Metropolis-Hastings

algorithm.

 Posterior ensemble of models used to understand the subsurface.

Birth (Add a cell)

e Choose location (lat, lon, depth)
e Add new cell generator

e Assign V; to new cell

e Recompute neighboring cells

5. RI-MCMC Trans-Dimensional Moves (Modify Voronoi Topology or Model Parameters)

Death (Remove a cell)

e Choose a cell
¢ Remove its generator
® Recompute neighboring cells

Move Centre (Relocate a cell generator)

e Choose a cell
e Move generator to new location
e Recompute neighboring cells

Change Velocity (Update V; of a cell)

® Choose a cell
e Propose new V; within bounds
e Recompute nothing (topology unchanged)

6. MCMC Sampling

Iterate over models of varying dimension
and sample from the posterior distribution

Misfit

Iteration

7. Output

Posterior ensemble of models (varying number of cells and V)

Mean V; (km/s)

V; (km/s)
45

Posterior Mean / MAP V, Model and Uncertainty (at period T')
Uncertainty (std. dev.)

Example phase velocity

map at period T
(km/s) o(T) (km/s)

03 4.0
0.4 35
03 3.0
0.2 25
0.1 2.0
0 Compare with observed

traveltimes for all station pairs

Figure generated using ChatGPT, with prompts and design direction by T. Mackay-Champion
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Reversible-jump MCMC: Tampnet dataset Bok >
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Initial model @“"@ . .
All Voronoi cells have a starting shear-wave velocity of 2km/s N.B. This inversion was completed

with the wrong water-depth, so
please take the exact velocity values
with a pinch of salt.
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1.96

1.88 3.00 _ 2.25
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5 — 2.55 ¥ = = -’ 1.80 &
§ s 2o - F s £
é" 4 ‘ Statmns 2.10 g E" 4 = A Stations 1_35%
g : 5 ' : 20 25 -
Distance along profile km) g Distance along profile (km)
1.65 0.90
Early stages of inversion Probabilistic S-wave velocity 0.45
Voronoi cells clearly visible » Shallow, high-velocity basement in the west, downthrown to the east.
0.00

Interquartile range varies from 0.02 to 2.7km/s
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