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S U M M A R Y 

We present a systematic approach to optimize distributed acoustic sensing (DAS) fibre- 
optic cable layouts using global optimization techniques. Our method represents cable 
geometries using splines, enabling efficient exploration of layouts while respecting physi- 
cal deployment constraints. The use of evolutionary algorithms enables single and multi- 
objective optimization, taking into account complex design constraints such as terrain, ac- 
cessibility, exclusion zones, cable length and coupling-related or local site effects, while al- 
lowing efficient parallelization of the optimization process. We demonstrate the approach 

on a real-world case study, optimizing the layout of a DAS cable for monitoring slope sta- 
bility in the Cuolm da Vi area of Switzerland. We adapt design criteria for seismic source 
location problems, and for ambient noise surface wave tomography, to account for the 
unique characteristics of DAS, such as directional sensitivity patterns. The results show 

significant potential for improvements in source location accuracy and surface wave to- 
mographic resolution by optimizing cable layouts, highlighting the potential of this ap- 
proach for optimizing DAS deployments in various geophysical applications. 

Key words: Statistical methods; Distributed acoustic sensing; Earthquake monitoring 

and test-ban treaty verification; Seismic tomography. 
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 INTRODUCTION  

istributed acoustic sensing (DAS) has expanded observational
apabilities in various seismological applications, including sub-
urface tomography (e.g. T.M. Daley et al. 2013 , 2016 ), reser-
oir monitoring (e.g. A. Mateeva et al. 2014 ), volcanology (e.g. S.
laasen et al. 2021 ; A. Fichtner et al. 2022 ; P. Jousset et al. 2022 ),
laciology (e.g. F. Walter et al. 2020 ; T.S. Hudson et al. 2021 ),
arthquake-induced ground motion analysis (e.g. Z.J. Spica et al.
020 ; Y. Yang et al. 2022 ) and seismic event detection and mon-
toring (e.g. E.R. Martin et al. 2017 ; N.J. Lindsey et al. 2017 ; S.
hrastarson et al. 2021 ; S. Baba et al. 2024 ; A.F. Baird et al. 2025 ;
.S. Hudson et al. 2025 ; Y. Miao et al. 2025 ). 
Compared to traditional individual seismic sensors, DAS of-

ers several advantages such as high spatial density, and the
bility to deploy sensing elements over long distances with-
ut the need for power at the points where data are recorded.
hese benefits make DAS particularly suitable for the creation
f dense arrays, in environmentally sensitive or seafloor de-
loyments and in remote or hazardous environments. How-
ver, the sensitivity of DAS cables poses a challenge for op-
imal cable placement, as the channels exhibit more extreme,
irectionally anisotropic sensitivity patterns to waves incident
C© The Author(s) 2026. Published by Oxford University Press on behalf of The R
article distributed under the terms of the Creative Commons Attribution Licens
which permits unrestricted reuse, distribution, and reproduction in any mediu
n the fibre than single-component geophones (B.N. Kuvshinov
016 ; E.R. Martin et al. 2017 ). This directional sensitivity can
ead to suboptimal data acquisition if the cable layout is not de-
igned carefully. 

Despite many studies on experimental design for geophysical
pplications such as source location and tomography (e.g. N. Ra-
inowitz & D.M. Steinberg 1990 ; D.M. Steinberg et al. 1995 ; H.
aurer & D.E. Boerner 1998 ; A. Curtis 1999a , b ; A. Curtis et al.

004 ; A. Curtis 2004a , b ; H. Maurer et al. 2010 ; H. Bloem et al.
020 ; V. Krampe et al. 2021 ; D. Strutz & A. Curtis 2024 ; J. Calla-
an et al. 2025 ) and advances in design optimization methodol-
gy (e.g. A. Foster et al. 2019 ; S. Kleinegesse & M.U. Gutmann
021 ; A. Mercier et al. 2025 ), there remains a lack of systematic
pproaches for optimizing DAS cable layouts. The Kangerlus-
uaq algorithm proposed by A. Fichtner & C. Hofstede ( 2022 ) is
 notable exception: while it does not account for the directional
ensitivity of DAS cables and cannot be readily extended to mul-
iple design criteria, it locally perturbs an initial cable layout to
nd designs that improve a given design criterion. The work of 
oth S.P. Näsholm et al. ( 2022 ) and T. Luckie & R. Porritt ( 2024 )
ocuses on the effect of cable directionality on the performance
f a small number of chosen layouts, but does not provide a sys-
ematic approach to optimize the cable. 
oyal Astronomical Society. This is an Open Access
e (https://creativecommons.org/licenses/by/4.0/),
m, provided the original work is properly cited. 1
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Table 1. Table of symbols. 

Symbol Definition 

Ncha Number of channels 
ci Location of channel i 
ui Unit vector defining the orientation of the cable at channel i 
L Cable layout defined by channel locations and orientations 
Nknot Number of knots 
ki Knot location i 
Rref Reference distance for signal-to-noise ratio normalization 
ξ Strain rate sensitivity 
ϕ Incidence angle of the seismic wave 
θ Azimuth of the channel relative to wave propagation direction 
Ameas Amplitude measured by the DAS cable 
Awave Amplitude of the incident seismic wave 
AP 

i , A
S 
i Peak amplitude of DAS strain rate for P and S waves 

KP 
i , K

S 
i Channel-specific factors in magnitude scale 
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We present a systematic global optimization approach to de- 
sign DAS cable layouts for any number of design criteria, while 
ensuring the avoidance of obstacles or precluded areas. We 
demonstrate the optimization process using two criteria: opti- 
mizing the cable layout for (1) linearized surface wave tomogra- 
phy, and (2) probabilistic seismic source location, both of which 

are adapted to account for the directional sensitivity of DAS 
cables. We therefore cover two common seismological applica- 
tions, and also the two main approaches to design experiments: 
computationally efficient linearized experimental design that 
can scale to large problems, and fully Bayesian experimental de- 
sign that accounts for the full nonlinearity of the problem, but 
typically comes at a higher computational cost. The real-world 

applicability of the proposed method is demonstrated by opti- 
mizing a DAS cable layout for different scenarios on the Cuolm 

da Vi slope instability. 

2  METHODS  

Table of symbols 

This work incorporates concepts from distributed acoustic sens- 
ing, seismology, linearized and fully nonlinear Bayesian experi- 
mental design, and global optimization. We now introduce the 
relevant methodology and how it applies to the optimization of 
DAS cable layouts. Given the potentially broad scope of each of 
these multiple topics, we keep the introductions relatively brief 
and refer to the literature for more detailed treatments. The sym- 
bols used for the general parametrization of DAS cables and the 
description of signal decay and sensitivity are summarised in Ta- 
ble 1 . 

2.1 Distributed acoustic sensing 

Distributed acoustic sensing (DAS) transforms standard fibre- 
optic cables into dense arrays of seismic sensors by measuring 
strain rate along the cable (N.J. Lindsey & E.R. Martin 2021 ). 
It operates by firing a laser pulse through one end of the ca- 
ble and detecting temporally varying phase shifts in laser light 
backscattered by Rayleigh scattering at fibre impurities, where 
the variations are assumed to be caused mainly by strain along 
the cable axis. These measurements are averaged over a user- 
defined gauge length, which represents the spatial resolution of 
the system and determines the length of fibre over which strain 

rate is averaged to obtain each recorded signal (J.B. Ajo-Franklin 

et al. 2019 ; N.J. Lindsey & E.R. Martin 2021 ). The locations at 
which these averaged (‘distributed’) strain rates are recorded are 
referred to as channels, and the distance between these channels 
is referred to as channel spacing. 

For the purpose of this study, we assume that the fibre-optic 
cable on which DAS is performed consists of a sequence of chan- 
nels, each with a location and orientation. We treat the recorded 

data as point measurements located at the centre of each chan- 
nel. Channel locations are denoted by { ci } Ncha 

i =1 and the orienta- 
tion of the cable at channel i is given by the unit vectors { ui } Ncha 

i =1 , 
where Ncha is the number of channels. A cable layout is then 

represented by the set of channel locations and orientations 
L = { ci , ui }Ncha 

i =1 . 
The main design constraint for a DAS cable layout compared 

to a conventional seismic survey is that the channels follow 

a continuous path. To achieve this, we parametrize the cable 
path using knot locations { ki } Nknot 

i =1 , where Nknot is the number 
of knots. We can use these knots to define a continuous path 

by interpolation between the knots with a spline function. In 

this study we use B-splines (C. De Boor 2001 ; P. Virtanen et al. 
2020 ) of a given degree k, but other algorithms that construct 
a continuous path from a set of knots could be used equally 
well. 

Once the spline has been constructed, we can interpolate the 
channel locations ci along the spline at any desired (here, con- 
stant) channel spacing. The knot locations and channel spac- 
ing therefore define the number of channels Ncha . We can then 

calculate the channel orientations ui by taking the 3-D spatial 
derivative of the spline at the channel locations, making use of 
a digital elevation model (DEM) if one is available. 

The degree of the spline k is a design parameter (here set, but 
could also be optimised) that controls the smoothness of the ca- 
ble path. For example, a linear spline ( k = 1 ) produces a piece- 
wise linear path with non-differentiable corners at knots, while 
a cubic spline ( k = 3 ) produces a smooth path as shown in Fig. 1 . 
The choice of spline degree therefore depends on the specific ap- 
plication, and further practical considerations may dictate the 
desired level of smoothness such as ensuring a level of ease and 

speed when laying out the cable according to the final design 

specification. 
When deploying the optimized design in the field, the exact 

replication of channel locations is of course not feasible. This 
is, however, unlikely to cause a problem, since small deviations 
from the optimized layout will typically not lead to a significant 
performance degradation. 

Another important aspect is the choice of channel spacing 
when designing a survey, which ideally should be the same as 
the desired channel spacing in the field. However, many design 

criteria have a computational cost that is quadratic or worse 
in the number of channels (e.g. in the number of ray-paths in 

ambient noise traveltime tomography Nrays = Ncha (Ncha − 1) / 2 , 
eigenvalue decomposition for dense matrices (G.H. Golub & 

C.F. Van Loan 2013 ), evaluation of Gaussian data likelihood 

with full covariance matrices (K.P. Murphy 2022 ) or are just in- 
trinsically computationally expensive (e.g. Nested-Monte Carlo 
for Bayesian experimental design). There is therefore an incen- 
tive to use a larger channel spacing in the design process to 
reduce the computational cost of the optimization process. In 

some cases, the increase can be justified physically (e.g. travel- 
times of seismic events recorded at channels close to each other 
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Linear DAS Layout Cubic DAS Layout

channel knot

Figure 1. Example of a DAS cable parametrization with similar knots but different spline types: linear ( k = 1) and cubic ( k = 3). 
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rovide little additional azimuthal and radial coverage, and of-
en have correlated errors due to similar source–receiver ray-
aths). In other cases, it is purely a computational convenience
o make the design process efficient, in which case care must
e taken to ensure that the channel spacing is still sufficiently
mall for the chosen application. There is usually little incentive
o choose an optimization channel spacing that is smaller than
he gauge length, since successive channels will not then provide
ndependent data (B.L.N. Kennett 2024 ). 

.2 Design criteria 

any different design goals might be considered when design-
ng a DAS cable layout. In this study, we present computationally
fficient design criteria, mostly from previous literature, that can
e used to quantify common design goals. All these criteria share
he characteristic that they use derived properties, such as phase
icks or ambient noise correlations, instead of the full record-

ngs of the seismic wavefield, simply because the data space
number of data points) required to describe seismic wavefields
s enormous (e.g. H. Maurer et al. 2017 ; V. Krampe et al. 2021 ),
hich makes it extremely difficult to find optimal designs that

re robust to nonlinearity in the physics relating wavefields to
he parameters of interest (T. Guest & A. Curtis 2010 ). Never-
heless, the derived data space properties that we consider here
over a wide range of practical applications, while remaining
ufficiently computationally efficient to allow for the global op-
imization of the cable layout. 

.2.1 Preliminaries on signal decay and sensitivity 

ccounting for the signal strength of both seismic waves and
aser signals along the cable is crucial when designing a DAS
urvey. To avoid the need for precise knowledge of noise levels
nd source magnitudes, we adopt a relative approach. We define
 reference distance Rref at which a signal arriving at a perfectly
ligned cable (one oriented along the highest angular sensitiv-
ty) is assumed to have a signal-to-noise ratio (SNR) of one. The
hoice of reference distance should typically be such that it is not
o high that all layouts perform equally well, but also not so low
hat all layouts perform poorly. Signal strengths just above the
oise level are where the layout design has the most impact on
erformance, unless either of these cases are known to pertain
o the real Earth. 

Given this reference distance, three main factors determine
he SNR: (1) the distance between the cable and a seismic source,
2) the distance along the cable from the interrogator and (3) the
rientation of the incident seismic wavefield relative to the ca-
le. 
Without prior knowledge of seismic energy attenuation due

o scattering or conversion to heat, we can assume that geomet-
ic spreading dominates the attenuation of energy (A.F. Baird
t al. 2025 ). The seismic wavefield amplitude as a function of 
istance r from the source is then proportional to 1 /r for spheri-
ally spreading body waves and 1 /

√ 

r for cylindrically spreading
urface waves (Fig. 2 ). While this provides a reasonable approxi-
ation, local magnitude scales enable more accurate modelling

f the attenuation of seismic body wave phases. Although most
agnitude scales are developed for traditional seismic sensors

L.K. Hutton & D.M. Boore 1987 ) and are not directly applicable
o DAS, recent studies present empirical relationships between
ocal magnitude and source distance for DAS (A.J. Barbour &
.W. Crowell 2017 ; A.J. Barbour et al. 2021 ; I. Lior et al. 2021 ,
023 ; J. Yin et al. 2023 ; S. Baba et al. 2024 ). For P and S waves,
e use the scale of J. Yin et al. ( 2023 ) 

log 10 (AP 
i ) = 0 . 437 M − 1 . 269 log 10 (R ) + KP 

i (1) 

log 10 (AS 
i ) = 0 . 690 M − 1 . 588 log 10 (R ) + KS 

i , (2) 

here AP 
i and AS 

i are the peak amplitude of the DAS strain rate
or channel i in microstrain/s ( 10−6 s −1 ) for P and S waves respec-
ively, M is the source magnitude, R is the hypocentral distance
n kilometres and KP 

i and KS 
i are channel-specific factors that

ccount for all local effects such as cable construction, installa-
ion, instrumental coupling and the variety of regional geology
see Fig. 2 ). The scale has been proven to be transferable between
ifferent settings after only minor calibration. If we use both P
nd S waves together, we need to ensure that they are scaled con-
istently. We do this by calculating a reference magnitude Mref 
uch that a P -wave at distance Rref with perfect alignment to the

art/ggag058_f1.eps
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Figure 2. Top panel: Reduction in amplitude of seismic waves as a func- 
tion of distance from source. Cylindrical decay of surface waves and 
spherical decay of body waves are shown alongside P - and S -wave de- 
cay derived from the local magnitude scale of J. Yin et al. ( 2023 ). Bottom 

panel: Attenuation of laser signal as a function of distance along the ca- 
ble. 
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cable has an SNR of one, and then use this magnitude to calcu- 
late the S -wave amplitude at the same distance (this is done in 

Fig. 2 , which results in the higher S -wave amplitude). 
The laser signal propagating through the cable also experi- 

ences attenuation. For typical DAS cables, this attenuation is 
approximately 0 . 2 dB km−1 (P.S. Westbrook et al. 2020 ), result- 
ing in a signal decay of 0 . 4 dB km−1 , since the reflected signal 
must travel the distance twice (see Fig. 2 ). We assume a lin- 
ear relationship between laser signal strength and SNR, consis- 
tent with the figures of Y. Miao et al. ( 2025 ). Enhanced scatter- 
ing fibres can exhibit significantly higher attenuation values of 
0 . 4 − 0 . 6 dB km−1 (P.S. Westbrook et al. 2020 ; A. Masoudi et al. 
2021 ). 

The primary distinction between single-component strain 

measurements along a DAS cable and traditional seismic sen- 
sor measurements lies in how cable orientation affects wavefield 

sensitivity, as well as in the measurement of strain rate rather 
than particle velocity. In our analysis of this angular sensitivity, 
we exclude wave amplitude factors and frequency or phase de- 
pendencies, as these characteristics are typically unknown for 
prospective arrivals prior to detection (T.S. Hudson et al. 2025 ). 

The strain rate sensitivity ξ quantifies how the cable orienta- 
tion affects the measured amplitude relative to the true seismic 
wave amplitude. It is defined as 

Ameas = ξ · Awave , (3) 
where Ameas is the amplitude measured by the DAS cable and 

Awave is the amplitude of the incident seismic wave. The sensi- 
tivity ξ ranges from 0 (no sensitivity) to 1 (maximum sensitiv- 
ity) depending on the wave type and cable orientation. Constant 
multipliers in the following equations are removed since we use 
relative SNRs. For P , SH and SV waves, the sensitivity is given by 
(E.R. Martin et al. 2017 ; T.S. Hudson et al. 2025 ) 

ξP =
∣∣cos 2 ( θ ) sin 

2 ( ϕ) 
∣∣ (4) 

ξSH 

= ∣∣cos 2 ( θ ) sin ( 2 ϕ) 
∣∣ (5) 

ξSV = | sin ( 2 θ ) cos ( ϕ) | , (6) 

where θ represents the azimuth of the channel relative to the 
wave propagation direction on a plane in which the cable lies, 
and ϕ is the incidence angle, which is the angle of the plane 
wave relative to the plane-perpendicular angle (e.g. angle from 

vertical-down for a channel on a horizontal section of cable). 
Following T.S. Hudson et al. ( 2025 ), we define the S -wave sensi- 
tivity as 

ξS = max 

( √ 

1 
2 

(
ξ 2 

SH 

+ ξ 2 
SV 

)
, ξSV , ξSH 

) 

, (7) 

which allows us to combine the two S -wave polarization modes. 
This anisotropic sensitivity creates complex patterns in the 

SNR as a function of azimuth and distance to the source. Fig. 3 
illustrates the directional sensitivity and SNR for P waves across 
varying azimuths, distances and source depths for a horizontal 
cable. If the cable was dipping significantly, the sensitivity would 

become asymmetric. The SNR calculations assume a reference 
distance of Rref = 10 km and use the local magnitude scale of J. 
Yin et al. ( 2023 ). The absence of sensitivity to broadside arrivals 
is evident, with the insensitive area below the channel widening 
as depth increases. The velocity model significantly affects body- 
w ave phase sensitivity, as velocity that increases with depth gen- 
erally results in smaller incidence angles and consequently re- 
duced sensitivity. 

Fig. 4 shows the equivalent analysis for S waves. Rather than 

a source with equal source magnitude, the same reference dis- 
tance as for P waves is used to allow direct comparison. S -wave 
sensitivity is generally higher but exhibits a more complex pat- 
tern [dominated by the sin (2 θ ) term for small incidence angles, 
and a combination of sin (2 θ ) and cos 2 (θ ) for larger ones]. The 
layered velocity model causes dramatic changes in sensitivity 
patterns whenever the first arrival changes to critically refracted 

waves which travel along a deeper interface. For a source at a 
depth of 0.5 km, this even creates a small region of zero sensi- 
tivity within the main lobe of the S -wave sensitivity pattern (see 
Fig. 4 panels for a source at 0.5 km depth). In practical applica- 
tions, sensitivity and SNR patterns will deviate from the ideal- 
ized patterns shown here and may be smoother due to hetero- 
geneous velocity structures and phase conversions. Both factors 
could be accounted for by using more complex velocity models 
or smoothing the sensitivity and SNR patterns. 

Similar to body waves, surface waves exhibit anisotropic sen- 
sitivity described by (E.R. Martin et al. 2017 , 2021 ) 

ξrayleigh =
∣∣cos 2 ( θ ) 

∣∣ (8) 

ξlove = | sin ( 2 θ ) | , (9) 

art/ggag058_f2.eps
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Figure 3. Sensitivity (top) and SNR (bottom) for P waves as a function of azimuth and distance to the source, for sources at different depths z in both 
homogeneous (left) and horizontally layered (right) velocity models. The SNR calculations assume a reference distance of Rref = 10 km using the local 
magnitude scale of J. Yin et al. ( 2023 ). The radius of each circle is set to Rref . The channel receiver is positioned at the centre and oriented along the 
east–west direction for a horizontal cable. To the right, the layered velocity model used is shown. 

Figure 4. Sensitivity (top) and SNR (bottom) for S waves as a function of azimuth and distance to the source, for sources at different depths z in both 
homogeneous (left) and horizontally layered (right) velocity models. The SNR calculations assume a reference distance of Rref = 10 km using the local 
magnitude scale of J. Yin et al. ( 2023 ). The radius of each circle is set to Rref . The channel receiver is positioned at the centre and oriented along the 
east–west direction for a horizontal cable. To the right, the layered velocity model used is shown. 
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here θ is the azimuth of the channel relative to the wave prop-
gation direction. Rayleigh wave sensitivity is therefore equiva-
ent to P -wave sensitivity for a wave that propagates in the same
lane as the cable, while Love wave sensitivity corresponds to
V-wave sensitivity for a wave that propagates in the same plane
s the cable. 
An interesting case arises for ambient noise analysis that in-

olves cross-correlation between pairs of channels in the hori-
ontal plane with azimuths θ1 and θ2 , where φ represents the
irection of the line that connects these channels. The am-
ient noise cross-correlation can be used to estimate the av-
rage group velocity between channels (A. Curtis et al. 2006 )
o perform ambient noise surface wave tomography (N.M.
hapiro et al. 2005 ; J. Fang et al. 2023 ), which requires no
ctive source and can therefore be used to estimate the sub-
urface velocity structure passively. The approach is based on
he assumption that the cross-correlation of ambient noise
etween two channels is proportional to the Green’s func-
ion between these channels, at least for the wave phases or
roperties of interest (R. Snieder 2004 ; N.M. Shapiro et al.
005 ). 
The signal amplitude in the cross-correlation can be described
y (E.R. Martin et al. 2021 ; J. Fang et al. 2023 ) 

rayleigh-cc =
∣∣cos 2 ( θ1 − φ) cos 2 ( θ2 − φ) 

∣∣ (10) 

love-cc = | sin 2 ( θ1 − φ) sin 2 ( θ2 − φ) | (11) 

s illustrated in Fig. 5 . For surface wave tomography that uses
arthquake data, eqs ( 8 ) and ( 9 ) could be applied directly. 
Several approximations were made in deriving the azimuthal

ependencies: effects of wavelength, gauge length and local ve-
ocity structure were neglected. While beyond this study’s scope,
nalytical expressions exist for some more complex cases (E.R.
artin et al. 2017 , 2021 ), allowing straightforward incorpora-

ion of this information in cases for which it is available. The
zimuthal dependencies of sensitivity and SNR presented here
herefore represent first-order approximations that should be
sed with caution, but which nevertheless provide valuable in-
ights for DAS cable layout design, as many of the incorporated
ffects are observed in field data (e.g. A. Mateeva et al. 2014 ; J.
in et al. 2023 ; A.F. Baird et al. 2025 ). 
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Figure 5. Sensitivity for Rayleigh (centre) and Love (right) waves as a function of the azimuths of the two channels relative to the wave propagation 
direction, which is set to have azimuth zero for the purposes of display. The sketch on the left illustrates the azimuths of the two channels θ1 and θ2 and 
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2.2.2 Linearized traveltime tomography 

Linearized traveltime tomography is a tool for imaging subsur- 
face velocity structure using traveltime measurements between 

pairs of receivers or between sources and receivers. It relies on 

the assumption that ray paths can be approximated as fixed, al- 
lowing the inverse problem to be formulated as a linearized sys- 
tem of equations: 

d = Am + ε, (12) 

where d is the vector of observed data (interchannel time lags, 
or equivalently traveltimes), m is the model vector (group or 
phase velocity at a set of locations), A = ∂di /∂m j is the sensi- 
tivity matrix of partial derivatives of each datum di with respect 
to each model parameter m j , and ε is the noise vector. If the ve- 
locity model is parametrized on a grid of non-overlapping cells, 
A can be constructed from the ray paths between channels as 
Ai j = li j , where li j is the length of ray path i in cell j. Here, each 

ray defines the interchannel path followed by the wave packet 
for which traveltime data di were measured. While in our exam- 
ples we follow the common approach of designing surveys us- 
ing a homogeneous velocity model to calculate A (J. Fang et al. 
2023 ), in general the best prior estimate of the velocity model in 

any particular survey area should be adopted. 
The matrix A determines the sensitivity of the data to the un- 

derlying velocity model, and its eigenvalue spectrum can be used 

to quantify the inversion stability and information transfer from 

data to parameter estimates (W. Menke 2018 ). Since measure- 
ment errors propagate into the solution m parallel to each eigen- 
vector of L = AT A with an amplification of 1 /λi , where λi is the 
i -th eigenvalue of L , optimal experimental design for linearized 

methods aims to maximize eigenvalues of L . Fig. 6 illustrates 
how different cable layouts affect the eigenvalue spectrum for 
both Rayleigh and Love waves. For each design, we show the 
average sensitivity to each velocity grid cell across all data, and 

demonstrate the effect on inversion results with a checkerboard 

model. Data for the checkerboard inversion were generated with 

a seismic ray tracer (B. Giroux 2021 ), which accurately models 
the ray paths in the heterogeneous checkerboard model, and 

were inverted using the sensitivity matrix based on a homoge- 
neous prior model. Layouts with high eigenvalue spectra exhibit 
both better sensitivity coverage and improved resolution of the 
checkerboard model. 

Several approaches exist for quantifying eigenvalue positivity 
in optimal experimental design (A.C. Atkinson & A.N. Donev 
1992 ; A. Curtis 2004b ). A-optimality (A. Curtis & R. Snieder 
1997 ; V. Krampe et al. 2021 ), D-optimality (G.E.P. Box & H.L. 
Lucas 1959 ; A. Kijko 1977a , b ; N. Rabinowitz & D.M. Steinberg 
1990 ; D.M. Steinberg et al. 1995 ; A. Curtis 1999a , b ), and the rela- 
tive eigenvalue range (RER) (H. Maurer et al. 2009 ) are the most 
commonly used criteria in geophysical applications. 

In the examples in this study, we use the D-optimality criterion 

�D , which is defined as 

�D = | det (L )| =
N ∏ 

i =1 

λi =
N ∑ 

i =1 

log (λi ) (13) 

and relates directly to the volume of the posterior covariance 
matrix (G.E.P. Box & H.L. Lucas 1959 ). To allow the criterion 

to be applied to underdetermined problems, a threshold λthr is 
often applied (A. Curtis 1999a ), below which eigenvalues are set 
to a penalty term λpen . The penalty term should be a sufficiently 
large negative number to ensure that almost all possible loga- 
rithm of eigenvalues exceed λthr . The D-optimality criterion in 

eq. ( 13 ) measures the volume under the logarithmic eigenvalue 
spectrum, but for ease of interpretation, in mixed or underdeter- 
mined problems, we define an adapted normalized D-optimality 
criterion �∗

D as 

�∗
D = 1 −

∑ 

i : λi ≥λthr 
log 

(
λi 

λmax 

)
+ Nbelow · λpen 

N · λpen 
, (14) 

where λmax is the maximum eigenvalue, and Nbelow is the num- 
ber of eigenvalues below the threshold. This measure is bounded 

between 0 and 1, with 1 indicating a perfect design where all 
eigenvalues are equal to λmax , and 0 indicating a design where 
all eigenvalues are below the threshold λthr . Importantly, this 
represents only a different formulation of the (normalized) D- 
optimality criterion and does not change the optimal design. 

The threshold and penalty term are necessary due to the ill- 
conditioning of the sensitivity matrix L (A. Curtis 1999a ). If the 
sensitivity matrix is regularized by introducing prior knowledge 
in the form of an a priori model covariance matrix Cm 

and a 
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Figure 6. Schematic illustration of how different cable layouts (all of the same length) affect various measures of information about the model provided 
by recorded Rayleigh (left) and Love (right) wave data. The top row shows the average over all data of the sensitivity to each velocity grid cell for a 
checkerboard model; the bottom row shows the results of inverting a checkerboard model using the sensitivity matrix A for each layout. The side 
length of the plots is 3000 m and the reference distance used for the attenuation of seismic energy is 7500 m for Rayleigh waves and 2500 m for Love 
waves, which are chosen in a way that the different layouts produce a range of eigenvalue spectra. The normalized eigenvalue spectrum is shown top 
right, and the true velocity model is shown bottom right with the square array overlain for reference. Normalized A-optimality �∗

A , D-optimality �∗
D 

( λthr = 10−10 ), and relative eigenvalue range (RER) �RER ( λthr = 10−5 ) values are provided below each layout labelled A, D and RER, respectively. 
The optimized layouts are D-optimal. At the bottom of each checkerboard result, common resolution metrics are provided: (AR): amplitude recovery 
(higher is better), (CC): correlation coefficient (higher is better) and (RMSE): root mean square error (lower is better). 
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ata covariance matrix Cd (H. Maurer et al. 2010 ), the original D-
ptimality criterion can be used without the need for a penalty
erm. While including such information lies beyond the scope of 
his design methodology study (since it involves case-dependent
rior information) it is important to note that such prior infor-
ation can make the optimization process more robust and al-

ows it to focus better on the least constrained parts of the model
ccording to the prior information. 
The A-optimality criterion is computationally more efficient

s it does not require the full eigenvalue spectrum to be cal-
ulated: the sum of eigenvalues is equal to the trace of L , and
he largest eigenvalue (used for normalization) can be estimated
sing the power method (A. Curtis & R. Snieder 1997 ; A. Cur-

is 1999a , b ). This efficiency comes at the cost of often leading
o designs with a small number of large eigenvalues at the ex-
ense of many small eigenvalues. For an example of this, see
he Rayleigh wave results in Fig. 6 , where the square design per-
orms reasonably well according to the A-optimality criterion,
ut the checkerboard model is poorly resolved, which is in line
ith the findings of V. Krampe et al. ( 2021 ) in the context of 

ull waveform inversion. In this study, the scenarios considered
re small enough to calculate the full eigenvalue spectrum and
herefore employ the adapted D-optimality criterion �∗

D as our
esign criterion. For a detailed discussion of linearized optimal
xperimental design for seismic tomography, we refer to A. Cur-
is ( 2004b ). 

We include attenuation effects and anisotropic sensitivity by
rst calculating all ray paths between all pairs of channels, and

hen removing those for which the SNR is below a threshold
alue. The SNR depends on the interchannel distance and align-
ent and is set to one for channels with perfect alignment at a

istance of Rref . 
In recent decades, several improvements to linearized ex-

erimental design have been proposed. These advances ac-
ount for prior knowledge in a Bayesian, yet still linearized,
anner (e.g. Q. Long et al. 2015 ; A. Alexanderian 2021 ; Y.
nglezou et al. 2022 ), and enhance computational efficiency

or large-scale problems (e.g. K. Wu et al. 2023a , b , c ; A.
ercier et al. 2025 ), or aim to increase robustness against model
ncertainty (A. Alexanderian et al. 2024 ) and worst-case sce-
arios (A. Chowdhary et al. 2024 ). Since this study focuses on
AS cable layout optimization and the computational cost is rel-
tively low for the scenarios considered here, we do not apply
hese methods, but they can be directly integrated into our op-
imization process when the required prior information is avail-
ble. There are also important assumptions in linearized ambi-
nt noise tomography that could be relaxed if appropriate prior
nformation is available. A heterogeneous distribution of ambi-
nt noise sources, for example, would change the accuracy of 
nterferometric empirical Green’s function estimates, and hence
raveltimes, as a function of interreceiver path azimuth (L. Li
t al. 2020 ). This could be accounted for, in part, by adjusting
he expected SNR of each ray-path accordingly. 

.2.3 Probabilistic source location 

inearized experimental design, as introduced in the previous
ection, efficiently optimizes experimental designs but is inher-
ntly limited by its reliance on linearization and cannot account
or the full nonlinearity in the physics of the problem (A. Cur-
is 2004a ; D. Strutz & A. Curtis 2024 ). As an example of fully
onlinear Bayesian experimental design, we consider the opti-
ization of a DAS layout for probabilistic source location. In

his approach, we aim to estimate the posterior probability dis-
ribution of the source location m given the observed data d and
esign ξ

p(m | d , ξ) = p(d | m , ξ) p(m ) 
p(d | ξ) 

, (15) 

here p(d | m , ξ) is the data likelihood given the source location
nd design, and p(m ) is the prior distribution of the source lo-
ation. The prior distribution describes our belief about where
eismicity is most likely to occur in the subsurface before any
ata observation from the proposed survey, while the likelihood
uantifies the probability of observing the recorded data given
he model parameters and experimental design. 

The data likelihood function should take the form of expected
bservational uncertainties, so we define it as a multivariate

art/ggag058_f6.eps
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Gaussian distribution 

p(d | m , ξ) = N (F ( m , ξ) ,�d ) , (16) 

where F(m , ξ) is the forward function that predicts arrival times 
for a given source location and design, and �d is the expected 

data covariance matrix. The forward function typically involves 
ray tracing to calculate expected arrival times of seismic phases 
at channels based on the source location and velocity model. 

The data covariance matrix incorporates the effects of signal 
decay and sensitivity discussed earlier, and can be modelled as: 

� = �pick + �vel + �obs , (17) 

where �pick represents the uncertainty in phase picking, �vel ac- 
counts for uncertainty in the velocity model and �obs quantifies 
general observation noise such as channel location uncertainty 
or other measurement errors (D. Strutz & A. Curtis 2025b ). The 
first two terms are functions of the source location m and the 
design ξ, while the third term is typically a constant value. 

We convert the SNR into picking uncertainty �pick via an 

information-theoretic approach (K. Aki 1976 ; A. Fuggi et al. 
2024 ): 

(
�pick 

)
ii =

[
log 2 

(
1 + 20 log 10 SNR ( m , ξ) i 

K 

)
2 fmax 

]−2 

, (18) 

where SNR (m , ξ) = Asignal (m , ξ) / Anoise (ξ) is the signal-to- 
noise ratio of the signal amplitude Asignal (m , ξ) and the noise 
amplitude Anoise (ξ) , and fmax is the maximum frequency of the 
recorded signal. The absolute value of Anoise (ξ) need not be 
known since the reference distance Rref normalizes the SNR. 
Relative changes in Anoise (ξ) , for example due to local conditions 
or noise sources, can be included by multiplying the SNR of a 
given channel by a factor that accounts for the change in noise 
level. The empirical factor K = 10 in eq. ( 18 ) is chosen to align 

with empirical estimates of picking uncertainty from C.A. Zelt & 

D.A. Forsyth ( 1994 ) and J. Pablo Canales et al. ( 2000 ), and differs 
from the value used by A. Fuggi et al. ( 2024 ) and K. Aki ( 1976 ). 
The exact values of both K and the maximum frequency fmax 
are not critical for design optimization, as they scale the picking 
uncertainty uniformly across all channels while preserving the 
key characteristic of rapidly increasing uncertainty at low SNR 

values. 
For the velocity model uncertainty, we assume that the vari- 

ance of the traveltime errors is proportional to the traveltime it- 
self: 

( �vel ) ii = di · ς 2 
vel , (19) 

where di is the traveltime of the i -th phase arrival and ςvel is a 
scaling factor that determines the magnitude of uncertainty we 
assume in the seismic velocity model. This assumption is based 

on a Gaussian random walk model, where the variance of the 
distance from a reference point (in our case, the mean arrival 
time) is proportional to the time (here arrival time). Intuitively, 
this means that the longer the traveltime, the more uncertainty 
it accumulates along its path. 

While incorporating velocity model knowledge into the for- 
ward model is straightforward (albeit potentially computation- 
ally expensive), quantifying arrival time uncertainty is more 
complex. The approach presented here is one of many possi- 
ble methods, with the optimal choice depending on the spe- 
cific application and available prior information. Alternative ap- 
proaches in the literature include using a linear relationship be- 
tween arrival time and its standard deviation (A. Tarantola & B. 
Valette 1982 ; A. Fuggi et al. 2024 ), polynomial fits that describe 
uncertainty as a function of source–receiver distance and depth 

(J. Callahan et al. 2025 ), or (heuristic) estimates based on the at- 
tenuation of seismic energy (A. Curtis et al. 2004 ). 

In eq. ( 19 ), we have assumed that the measurement uncertain- 
ties at different receivers are independent of each other. This is 
not the case if the seismic wave paths to nearby receivers travel 
similar routes through the subsurface, therefore accumulating 
similar deviations. While exactly quantifying this dependence is 
difficult, we use a heuristic approach (A. Tarantola & B. Valette 
1982 ; J. Callahan et al. 2025 ) and base the correlation of the un- 
certainties on the interreceiver distances li j defined as: 

i j = exp 

( 

−1 
2 

l2 
i j 

l2 
cor 

) 

, (20) 

where lcor is the correlation length. If correlations are expected, 
the covariance matrix becomes: 

ˆ �vel = �vel (m , ξ) · C . (21) 

Exactly how to choose K, fmax , ςvel and lcor depends on the spe- 
cific application and available prior information. As mentioned 

earlier, the absolute values of K and fmax are less critical since 
they scale the picking uncertainty uniformly across all chan- 
nels. While fmax can be estimated from prior knowledge of the 
expected frequency content of seismic signals in the area of in- 
terest, K describes the efficiency of information extraction from 

a seismic signal in general and should therefore not vary sig- 
nificantly between applications. For more information on how 

to choose these parameters, we refer to D. Strutz & A. Curtis 
( 2025b ), which also contains an example of how to estimate ςvel 
from a set of velocity models. Note that ςvel can significantly 
affect the design optimization results. If unsure about how to 
choose ςvel and lcor , or which functional dependence of velocity 
model uncertainty to use, we recommend performing traveltime 
calculations for a range of prior velocity models and estimating 
the arrival time uncertainties and their correlations from the re- 
sulting traveltime variations. 

As a design criterion for probabilistic source location, we use 
the expected information gain (EIG) (D.V. Lindley 1956 ): 

EIG = Ep(d |ξ) 

{ 
I [ p(m | d , ξ)] − I [ p(m )]

} 
(22) 

= Ep(m ) 

{ 
I [ p(d | m , ξ)] − I [ p(d | ξ)]

} 
, (23) 

where I [ p] denotes the Shannon information (C.E. Shannon 

1948 ; T.M. Cover & J.A. Thomas 2006 ) of distribution p. The 
EIG quantifies the expected reduction in uncertainty about the 
source location after we observe the data, compared to its prior 
uncertainty. We calculate the EIG via the robust nested Monte 
Carlo (NMC) method (K.J. Ryan 2003 ; X. Huan & Y.M. Marzouk 

2013 ) to avoid assumptions about the posterior distribution. For 
detailed treatment of the EIG in geophysical applications, see D. 
Strutz & A. Curtis ( 2024 ). 

2.2.4 Other design criteria 

The design optimization process can be adapted to any design 

criterion that takes a cable layout as input and returns a scalar 
value as output. An example of another criterion is the offset- 
azimuth distribution for constraining azimuthal anisotropy (A. 
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ichtner & C. Hofstede 2022 ). The EIG used for the source lo-
ation criterion could be adapted to probabilistic moment ten-
or estimation. This would require more prior information, such
s phase amplitude models and uncertainty, and would come
t a higher computational cost since more samples would be
ecessary to estimate the EIG. Another possible extension is

o apply the earlier work of D. Strutz & A. Curtis ( 2025a ) to
AS cables and treat them as a single array (S.P. Näsholm et al.
022 ) or multiple sub-arrays (S. Ben-Zeev & I. Lior 2025 ) for
eismic source location. The only additional requirement for
his would be to define uncertainty estimates for the backaz-
muth and slowness estimates based on the SNR of the recorded
ignals and the array response function (J. Schweitzer et al.
012 ). 

.3 Design optimization 

he optimization of DAS cable layouts is a nonlinear optimiza-
ion problem for which ideally we want to find the global op-
imum. Since gradient-based optimization methods would re-
uire the design criterion to be differentiable with respect to the
nots describing the cable layout, and are often prone to local
ptima, we choose to use derivative-free optimization methods,
pecifically evolutionary algorithms (P.A. Vikhar 2016 ) due to
heir flexibility and robustness. These algorithms work by evolv-
ng a population of layouts of size Npop over a number of gener-
tions. In each generation, the population is evaluated using the
esign criteria and the best layouts are selected and used to form
he next generation. During the optimization process, the pop-
lation is mutated (partially altered) and recombined (e.g. com-
onents of pairs of designs are exchanged) to explore the design
pace (see Figs 7 a and b for an illustration of these operations)
nd move towards the optimal solution. While they are not guar-
nteed to find the global optimum in finite time, they work well
n practice for many problems and can escape local optima. 

To optimize the cable layout, we optimize the knot locations
i , from which channel locations are interpolated using a given
hannel spacing and spline degree k (which could also be opti-
ized). All knots and channels must lie within a bounded area

nd cannot be positioned within pre-defined restricted areas,
hile the cable layouts must not exceed the maximum permissi-
le cable length. Additionally, user-defined fixed knots between
he optimizable knots can constrain the cable to pass through
ertain locations or follow a specific path for a portion of the ca-
le. 
An important aspect of evolutionary algorithms is the genera-

ion of the initial population. If the initial population is too sim-
lar, the optimization process may become stuck in local optima
nd fail to explore the design space effectively. Conversely, if 
he initial population is generated completely randomly, nearly
ll layouts may violate design constraints such as maximum ca-
le length and restricted areas. This is particularly problematic
hen design constraints are strict, making the generation of 

alid layouts computationally expensive. 
To address this challenge, we use one or more proposal cable

ayouts to guide the generation of the initial population. Pro-
osal layouts are splines with Nprop manually defined knots that
epresent reasonable starting points for the optimization pro-
ess. These layouts provide a convenient means of introducing
xpert knowledge and heuristics, leading to faster convergence
hile balancing the risk of biasing results towards the proposals.
The initial population generation process proceeds as follows
illustrated in Fig. 7 d). We begin with a set of proposal lay-
uts, which need not be of the same length, and assign a nor-
alized weight wprop to each proposal. The weight controls the

raction of the initial population generated from each proposal
nd is typically set to wprop = 1 /Ntotal , where Ntotal is the total
umber of proposal layouts. For each proposal layout, we cre-
te Npop × wprop initial layouts, where Npop is the total population
ize. 

To generate a single initial cable layout, we employ a two-stage
erturbation process. First, we perturb the proposal knots using
 Gaussian distribution with standard deviation εprop . Secondly,
e randomly sample Nknots knot points along a spline that inter-
olates the perturbed proposal knots, ensuring that all layouts

n the initial population have the same number of knots. These
ampled knots are then further perturbed using another Gaus-
ian distribution with standard deviation εknot . 

This two-stage approach is important for constraint satisfac-
ion. If perturbations were applied only to the final knot loca-
ions, the resulting cable layout could easily violate the maxi-

um cable length constraint. The separation of proposal pertur-
ation from knot location perturbation helps maintain feasible

ayouts. For layouts with many knots, perturbations can be cor-
elated with the distance along the cable between knot points,
hich further helps prevent violations of the permissible cable

ength. 
If the resulting cable layout violates any constraints, such as

xceeding the maximum cable length or entering restricted ar-
as, it is rejected and a new one is generated. This process repeats
ntil a sufficient number of valid layouts have been created for
ach proposal. When design constraints are strict, only a small
raction of possible knot locations will result in permissible cable
ayouts. Therefore, proposal points and perturbation strengths

ust be chosen carefully to ensure the initial population can be
enerated within a computationally tractable number of itera-
ions. 

This approach balances manual input with automated gener-
tion, enabling the incorporation of expert knowledge while ef-
ectively exploring the design space. Although the method de-
cribed above works well for the examples in this study, it rep-
esents one of many possible approaches for generating initial
opulations, ranging from completely random layouts to fully
and-crafted designs. 
Once the initial process is complete, the population is evolved

ver several generations. Various strategies can be employed to
volve the population (e.g. R. Storn & K. Price 1997 ; A.G. Gad
022 ), and we chose to use a genetic algorithm (GA) (J.H. Hol-
and 1984 , 2021 ) as it performed best in our tests. The genetic
lgorithm evolves the population by selecting the Nselect best lay-
uts, applying simulated binary crossover (K. Deb et al. 2000 ) to
ombine them in random ways, introducing random mutations
ia polynomial mutation and retaining the best Npop layouts for
he next generation. This process iterates until the maximum
umber of generations or another stopping criterion is reached.
arly termination is often beneficial when the population shows
o improvement over several generations, thus balancing solu-

ion quality with computational efficiency. 
Sorting layouts by their design criterion is straightforward for

ingle-objective optimization. For multi-objective optimization,
e use the non-dominated sorting genetic algorithm (NSGA-

I) (K. Deb et al. 2000 ). This algorithm sorts the population
nto non-dominated (Pareto) fronts and selects the best layouts
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Figure 7. Schematic illustration of selected steps in the design optimization process for DAS cable layouts. (a) and (b) respectively illustrate the mutation 
and crossover operations used to evolve the population of candidate layouts. (c) shows a schematic example of how the non-dominated sorting algorithm 

works, where the layouts (black dots) are first sorted into non-dominated fronts (coloured lines) from which the best layouts are selected for the next 
generation. If a front exceeds the population size threshold, layouts from this front are selected based on crowding distance sorting, which ensures 
layouts are well distributed along the front. (d) generation of the initial population from a single proposal layout. For more details, see the text. (e) 
illustrates how layouts in a ring topology are exchanged between islands. 
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from each front, using a crowding distance to ensure diver- 
sity when necessary (see Fig. 7 e for an illustration). The Pareto 
front is the set of layouts that cannot be improved in any of 
the objectives without degrading at least one of the other ob- 
jectives. It is constructed by identifying all layouts in the pop- 
ulation that are not dominated by any other layouts - meaning 
no other solution is better in all objectives while being strictly 
better in at least one. The crowding distance measures how 

close the layouts are to each other in the design criterion space. 
The final Pareto front allows one to choose the best layout for 
each design criterion individually, or a compromise between 

them. 
Since the design optimization process is non-deterministic, re- 

sults will vary between runs unless the random seed is fixed. 
To ensure robust results, we recommend running the optimiza- 
tion multiple times using different seeds. We achieve this ef- 
ficiently by employing the generalised island model (D. Izzo 
et al. 2012 ), in which each island (a population and an evolution 

strategy) evolves independently, except that periodically (every 
Nmigrate ) it exchanges layouts with other islands in a conceptual 
archipelago. This exchange of information improves the con- 
vergence of the optimization process while allowing for paral- 
lelization with minimal communication overhead (D. Izzo et al. 
2012 ). In this study, we use a ring topology, where each island 

exchanges layouts only with its two neighbours (see Fig. 7 e for 
an illustration). The minimal communication overhead allows 
the optimization process to scale efficiently with the number of 
available CPU cores, with near-linear scaling when each island 

is assigned to a separate core. Further parallelization is possible 
at two additional levels: (1) evaluating multiple layouts within 

each island simultaneously, and (2) parallelizing the compu- 
tation of design criteria themselves. Neither approach was 
implemented in this study, but the former should also achieve 
near-linear scaling, though with higher communication over- 
head than the island-level parallelization. 

We use the pagmo library (F. Biscani & D. Izzo 2020 ) to imple- 
ment both the evolutionary algorithms and the generalized is- 
land model. If sufficient computational resources are available, 
islands can be set up with different evolutionary strategies to fur- 
ther increase the robustness of the results. 

3  SLOPE  I N STA B I L I T Y  CASE  ST UDY  

To demonstrate the design optimization process, we use the 
Cuolm da Vi slope instability project (T. Kiers et al. 2026b ) in 

Central Switzerland, one of the largest slow-moving slope insta- 
bilities in the Alps, as a case study. The instability spans an area 
of approximately 1.5 km 

2 , with an elevation difference of around 

800 m (see Fig. 8 ). Its topography and the presence of inacces- 
sible areas provide a challenging real-world scenario for the 
design optimization process. The instability is currently moni- 
tored, among other methods, by a 6.5 km long DAS cable de- 
ployed in the shoulder region of the slope (T. Kiers et al. 2026b ). 
Here, we assess whether alternative layouts could provide addi- 
tional information for either seismic source location or tomog- 
raphy. 

3.1 Design constraints and initial layouts 

The viable area (the area in which the cable can be deployed) is 
defined by the concave hull around the locations of over 1000 
autonomous nodes deployed in early summer 2022, which cov- 
ered most of the shoulder and slope of the instability (see Fig. 8 ). 
Topographic data was provided by the Swiss Federal Office of To- 
pography (swisstopo). 
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Figure 8. Cuolm da Vi slope instability in Central Switzerland, showing the viable area (dashed black), the shoulder area (dotted black), the obstacles 
(red), the existing DAS cable (orange) and the event prior distribution (blue contours, darker blue is more probable). The topography is shown in grey 
contour lines. The coordinates are local Cartesian coordinates. 
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For the P -wave source location scenario, we set the maximum
able length to 1700 m, which matches the length of the ex-
sting cable when excluding doubled-back segments and por-
ions outside the viable area (see Fig. 8 ). This constraint al-
ows for direct comparison with the current deployment. For
he Rayleigh wave tomography and multi-objective optimization
cenarios, we increase the maximum cable length to 2500 m.
his extended length corresponds to the total cable length when
oubled-back segments are included, providing sufficient cov-
rage of the shoulder area to effectively perform tomography.
ince the cable was not deployed with the tomography scenario
n mind, a fair comparison is only possible for the source loca-
ion scenario. 

Unless otherwise stated, the cable takes the form of a linear
 k = 1) spline with 10 knots. A fixed point at (1610 m, 1330 m)
nsures that the cable starts at the point where the existing cable
nters the shoulder region (see Fig. 9 ). The channel spacing is set
o 10 m, which is the same as the gauge length of the existing ca-
le for the Rayleigh wave tomography scenario, but to 100 m for
he P -wave source location scenario to reduce the computational
ost of the optimization process (see Section 3.2 for the justifi-
ation of this choice). Within the viable area, we define several
estricted areas where the cable cannot be deployed. These cor-
espond to crevasses, boulders or rock outcrops where ground
oupling is difficult to achieve, and other areas where the cable
annot be deployed (red areas in Fig. 8 ). 
The initial population is generated from manually selected
roposal layouts (using an interactive plot of the study area) that
over the area of interest in a variety of distinct ways, each cho-
en based on heuristics and informed by expert knowledge. An
ntentional focus during the manual selection is placed on pro-
osals that weave through the obstacles to ensure these paths are
ell represented in the initial population, as they are otherwise
ifficult to find during the optimization process. If there were
ignificantly more of these narrow paths, the generation of the
nitial population would need to be adapted, for example by us-
ng a unique perturbation for each proposal knot (e.g. keeping
art of the proposal layout fixed, while perturbing other knots
ore strongly), providing a large number of proposals by hand

r changing to a different method to generate the initial popula-
ion (e.g. graph-based methods, which could model the network
f viable paths through the obstacles). The initial population is
enerated from the proposal layouts, as described in Section 2.3 .
erturbations of εprop = 50 m and εknot = 25 m are used, along
ith a correlation length along the cable of 100 m. An example

f a proposal layout and the derived initial population is shown
n Fig. 9 . The example shown is specific to the P -wave source
ocation scenario. The proposals and therefore the initial pop-
lation for the other scenarios differ slightly to account for the
ifferent design criteria and cable lengths. 
For the optimization process, we use a population size of 

pop = 128 for single-objective optimization and Npop = 1028
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for multi-objective optimization for each of the 16 islands in 

the archipelago. The population size for multi-objective opti- 
mization is substantially larger to ensure sufficient diversity all 
along the Pareto front. The population is evolved for 1000 gen- 
erations with migrations occurring every 20 generations. Ap- 
pendix A provides benchmarks on the trade-offs between pop- 
ulation size, migration step-size, number of knots and spline 
degree. 

3.2 P -wave source location 

First, we optimize the cable layout for P -wave source location, 
using the EIG as the design criterion. In addition to the design 

constraints above, we must define the prior distribution and the 
data likelihood. We assume that the event prior distribution fol- 
lows the surface displacement pattern (F. Amann 2006 ), with 

most potential events occurring just north of the shoulder region 

(see Fig. 8 ). The horizontal components of the prior distribution 

are described by a normalizing flow (E.G. Tabak & C.V. Turner 
2013 ; L. Dinh et al. 2014 ) which is fitted to the surface displace- 
ment, while the vertical component is assumed to be distributed 

uniformly between depths of 0 and 300 m. 
Although detailed velocity models are available for parts of the 

instability due to an exceptionally dense monitoring campaign 

(T. Kiers et al. 2026a ), we use a homogeneous velocity model 
with a P -wave velocity of VP = 1500 m s−1 to better represent typ- 
ical real-world scenarios where detailed subsurface information 

is limited. To account for a shallow low-velocity layer, we limit 
the maximum incidence angle to 30◦, which approximates the 
effect that most first arrivals will be refracted and therefore have 
a small incidence angle. The arrival uncertainty is determined 

by the picking uncertainty term ( Rref = 1000 m), the velocity 
uncertainty term ( ςvel = 0 . 05 ) and the general observational un- 
certainty ( ( �obs ) ii = 0 . 01 s) (F. Walter et al. 2020 ). To avoid data 
correlations due to similar ray paths for nearby channels and for 
computational efficiency, we downsample the channel spacing 
by a factor of 10 to 100 m (we take the central channel). 

The number of samples used for the NMC estimate of the EIG 

is set to N = 1000 , which provides a good balance between accu- 
racy and computational cost. Although the absolute EIG value 
changes markedly with increasing N, as well as with changes 
in channel spacing, the relative differences between cable lay- 
outs remain similar which is the important result for design op- 
timization. To reduce the effect of variance in the EIG estimate 
due to the finite number of samples, we use the same set of 
prior samples for all layout evaluations during the optimization 

process, since this leads to more consistent relative differences 
between layouts. These samples are kept constant even for dif- 
ferent runs of the optimization process with different random 

seeds to ensure the best possible comparability between runs. 
This might lead to a small bias in the results, but our experience 
from previous studies (D. Strutz & A. Curtis 2024 , 2025b ) sug- 
gests that this effect is small, and the benefits of reduced vari- 
ance outweigh the potential bias. 

We recommend that a small number of hand-chosen layouts 
are tested before optimization and a range of layouts with differ- 
ent EIG should be evaluated after optimization with different N
and channel spacings to ensure that their relative order remains 
the same when these parameters are changed. Although low 

numbers of N also have trouble resolving the plateau of the EIG 

for channel spacings substantially below the correlation length, 
the relative differences between layouts remain similar. This is 
supported by the findings of T.S. Hudson et al. ( 2025 ), which 

suggest that decimation of channels (up to a certain point) has 
only a small effect on source location accuracy. Choosing N ap- 
propriately is important, because the computational cost scales 
quadratically with N, while it scales only linearly with the num- 
ber of channels. 

The optimization process begins to converge after approxi- 
mately 500 generations (see Fig. 10 ), with the best layout show- 
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ng a significant improvement in the EIG compared to the initial
opulation. The effect of migrations is clearly visible in the fit-
ess history of individual islands, which prevents some islands

rom becoming trapped in suboptimal local optima and allows
hem to contribute to the overall convergence of the optimiza-
ion process. 

While the EIG has beneficial properties for Bayesian design
ptimization, it lacks a direct intuitive interpretation, which
akes the benefits of optimization difficult to appreciate. We

herefore present posterior distributions for 10 prior samples in
ig. 11 , which shows directly how much better an optimized ca-
le can resolve the source locations. If the collected data pro-
ides little information (see right column), the posterior is very
imilar to the prior. 

.3 Rayleigh wave tomography 

o demonstrate the design optimization process for ambient
oise tomography, we use Rayleigh waves, as typical sensors de-
loyed on landslides have only a vertical component and are
hus most sensitive to Rayleigh waves (M. Le Breton et al. 2021 ;
. Feng et al. 2024 ). The orientation and sensitivity of DAS cables
iffers inherently from those of typical seismological sensors,
ith substantial sensitivity to both Rayleigh and Love waves

nly available when aligned suitably oriented. Our tests show
hat optimization for Love waves can lead to substantially dif-
erent layouts, with Rayleigh waves being more sensitive to the
able layout than Love waves. 
The design criterion used is D-optimality �∗

D ( λthr = 10−4 ,
pen = 10 log (10−4 ) ), where the sensitivity matrix is focused (A.
urtis 1999b ) to contain only entries relevant to grid cells in the

egion of interest in the shoulder area (see Fig. 8 ). The velocity
rid is bounded by the envelope of the viable area and has a grid
pacing of 20 m. The reference distance is set to 1000 m, which
s conservatively low, thus implicitly optimizing for a worst-case
cenario in which the signal strength is just sufficient to mea-
ure group velocities across the design region at near-perfect
lignment. This results in high sensitivity to interchannel

rientations. F
The optimization history follows a pattern similar to the P -
 ave source location case, with the best layout showing a sig-
ificant improvement in D-optimality compared to the ini-

ial population. Fig. 12 shows the optimal layout, as well as
he velocity grid cell sensitivity and selected interchannel ray
aths. The figure also includes a checkerboard model used to
ompute synthetic data using a seismic ray-tracer (B. Giroux
021 ), and the results of inverting those data using the sensi-
ivity matrix of both the optimal and the existing DAS cable
ayout. 

The main pattern in the optimal layout is that the cable does
ot simply wrap around the shoulder region, but features no-

able angular intrusions. The inter-channel ray paths show that
hese are likely necessary to enhance the angular sensitivity,
ince parallel channels provide no sensitivity to the velocity grid
ells between them, but they could be equally well explained
y the constraint that the cable must be continuous. It is im-
ortant to note, however, that there are different layouts (albeit
howing similar local patterns) that can perform similarly well.
his inherent non-uniqueness of the design problem means that
ultiple distinct layouts can achieve comparable outcomes, pro-

ided that they share key features that increase sensitivity, such
s appropriate channel orientations and adequate coverage of 
he area of interest. 

.4 Multi-objective design optimization 

o demonstrate the multi-objective design optimization process
e optimize the cable layout for both P -wave source location

nd Rayleigh wave tomography simultaneously using the non-
ominated sorting genetic algorithm (K. Deb et al. 2000 ). 
In a multi-objective optimization process, there is no single

ptimal solution, but rather a set of optimal solutions known
s the Pareto front. Solutions on the Pareto front represent
ptimal trade-offs between competing objectives, where im-
roved performance in one criterion necessarily requires re-
uced performance in another. The Pareto front of the fi-
al population (and of previous generations) is shown in
ig. 13 . 
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Figure 11. Posterior distributions of the P -wave source locations for 10 prior samples (reordered for visualization purposes). The posterior distributions 
are obtained by calculating the posterior probabilities on a grid with a spacing of 20 m, and marginalizing over the vertical axis. The top and bottom 

rows show the results for the existing and optimized cable layouts, respectively. 
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We note that the end-member designs are similar in layout 
and slightly worse in performance compared to layouts opti- 
mised for a single objective. This is an expected outcome, as 
the multi-objective optimization process aims to improve perfor- 
mance along the entire Pareto front, not just at the end-member 
designs. During the optimization process, the number of designs 
on the Pareto front tends to increase as the design space is ex- 
plored and new designs are found that improve performance in 

one or both criteria. This provides an increasingly large set of 
designs from which to choose. Practitioners can select an oper- 
ating point from the Pareto front using various approaches, such 

as knee-point detection to identify regions of diminishing re- 
turns (J. Branke et al. 2004 ), normalizing objectives to a common 
utility scale (K. Miettinen 1999 ) or incorporating soft penalties 
for practical constraints such as installation cost. 

In this specific case, the EIG criterion appears more robust 
to the particular layout chosen and consistently leads to good 

(EIG ≥ 4.0) performance, whereas the D-optimality criterion 

is more sensitive to the layout and may result in designs with 

low D-optimality. This can be explained by the dependence on 

two channel azimuths and the large model parameter space for 
Rayleigh wave tomography. 

The multi-objective optimization process is flexible and does 
not require the quantities being optimized to be design perfor- 
mance criteria. For example, we can use the cable length as an 

objective to be minimized while maximizing the performance 
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f Rayleigh wave tomography, which leads to a Pareto front
hat shows the trade-off between cable length and D-optimality
Fig. 14 ). The maximum possible length of the cable has been
ncreased to 4000 m to allow for longer layouts, and the num-
er of knots has been increased to 16 to allow for more complex

ayouts. 
As expected, cable length is a strong indicator of performance,
ith longer cables generally providing better results. The cable

hapes suggest that the number of knots is more than sufficient
or the shorter cables and just adequate for the longer ones. If the
ange of cable lengths is too wide, we therefore recommend ei-
her using a conservatively high number of knots, at the expense
f convergence speed, or running several optimization runs for
ifferent cable length ranges, each with a different number of 
nots. 

 DISCUSSION  

he DAS layout optimization process presented here is a flexible
nd scalable approach to design optimization for a wide range of 
AS applications. While we have demonstrated the process only

or a few specific applications, it can be adapted to any applica-
ion where the design goal(s) can be expressed quantitatively.
he main effort for the practitioner is to specify the prior knowl-
dge necessary, to formulate the design criteria, define the op-
imization constraints for the cable layout and choose proposal
ayouts. 

The choice of prior knowledge is crucial in any experimen-
al design process (X. Huan et al. 2024 ). Introducing unreason-
bly strong prior knowledge may bias the design towards spe-
ific solutions, while overly weak prior knowledge may lead to
esigns that attempt to cover a wide range of possible scenarios
ithout focusing on those that occur in practice. Both criteria

ntroduced here allow prior knowledge to be incorporated in a
robabilistic way, which enables prior uncertainty to be encoded
o some extent. If the practitioner is uncertain about the effect
f prior knowledge, they can run a multi-objective optimization
o study the effects and trade-offs of different choices. A com-

on example of such a choice is to decide how to fix the veloc-
ty model; once chosen, this is straightforward to incorporate (at
igher computational cost) and different models can lead to dif-

erent designs. 
All of the presented design criteria can be evaluated within

econds to minutes (on a single CPU core), depending on the
xact choices and number of channels. This allows for human-
n-the-loop optimization, where the practitioner could interac-
ively change the knot locations and other parameters and im-

ediately see the effects on the design criteria. This is especially
seful for complex scenarios where the practitioner has a good
nderstanding of the problem but may not be able to express it

ully quantitatively. The use of proposal layouts allows sequen-
ial refinement of layouts and incorporation of prior knowledge
s well as lessons learned in previous optimization runs. It also
llows for sequential increases in the number of knot points and,
herefore, the complexity of the design. 

While evolutionary algorithms are flexible and scalable, they
ften require a large number of evaluations to converge to a
olution. For computationally expensive applications, such as
ull waveform and high-dimensional traveltime tomography (H.

aurer et al. 2017 ), this will result in prohibitively long opti-
ization times, even when both the criterion evaluation and the

ptimization process are parallelized. An efficient alternative
o evolutionary algorithms is stochastic gradient descent (SGD)
e.g. A. Foster et al. 2020 ; S. Kleinegesse & M.U. Gutmann 2021 ).
owever, SGD requires that both the design criterion and the
apping from knots to channels are differentiable. It is also un-

lear how design constraints can be incorporated into the opti-
ization process, as SGD is not designed to handle constraints. 
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The total CPU hours required for the P -wave source loca- 
tion and Rayleigh wave tomography examples in Section 3.2 
and 3.3 are 133 and 145 hr, respectively. These times corre- 
spond to wall-clock times of approximately 8–9 hr when using 
16 CPU cores in parallel. The number of CPU hours required 

depends strongly on the number of channels, the complexity of 
the design criterion, the number of knots, the population size 
and the number of generations. While this is still relatively af- 
fordable, the two criteria used here are computationally inex- 
pensive to evaluate. For applications that require more expen- 
sive forward models, or have high-dimensional model parame- 
ter spaces, the computational cost will increase substantially. In 

such cases, surrogate models, such as Gaussian processes (A.M. 
Overstall & D.C. Woods 2017 ) or neural network surrogates (J. 
Blank & K. Deb 2021 ), can support the optimization process 
by providing fast approximations of the design criteria, while 
multi-fidelity approaches (T.E. Coons & X. Huan 2025 ) can re- 
duce the computational cost of individual evaluations by using 
cheaper approximations of the design criteria (coarse grids or 
simplified criteria) early in the optimization process, and full cri- 
teria near the Pareto front. 

There are, however, limitations to the current DAS cable 
parametrization and optimization process. Placing channels at 
fixed intervals along the spline can result in channels that span 

sharp bends or kinks in the cable path. Because channel mea- 
surements represent averages over a finite gauge length, this 
may violate the point receiver assumption that underlies our 
analysis. Although this effect is unlikely to affect the optimiza- 
tion significantly for applications at the scale considered here, 
it could be mitigated by either excluding affected channels from 

the analysis, subdividing them into smaller segments with 

appropriately increased noise levels, or integrating the 
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ensitivity kernel along the gauge length of each channel.
or splines of degree k ≥ 1 , it is important to ensure that the
hannel spacing is sufficiently small so that the effects of curva-
ure remain negligible. The optimization process presented can
e extended, given the appropriate sensitivity models, to special
able geometries, such as helically wound cables (K. Innanen
017 ; I.L.C. Ning & P. Sava 2018 ), by replacing the current
ensitivity kernels with appropriate models for such geometries.
he flexibility of evolutionary algorithms would additionally
llow the placement of diverse cable winding patterns as point
ensors along the cable. In both cases care needs to be taken to
cale the signal-to-noise ratio appropriately. These extensions
ould typically reduce or totally remove the directional sensi-

ivity and would therefore likely lead to different optimal cable
ayouts that might, for example, follow more closely what is
xpected from traditional three-component sensors, while still
eing restricted by an along-cable layout. In the same way, the
enetic optimization process could be adapted to optimise at
hich end of the cable the interrogator unit is placed, and, if 

n-line amplifiers are available, where they should be placed
long the cable to improve the signal-to-noise ratio. 
Another limitation of the current design optimization process

s that random crossover and mutation can struggle to respect
esign constraints, particularly when the viable area is small rel-
tive to the cable length or when numerous knots describe the
esign. This can result in many rejected layouts, which conse-
uently slows convergence. While it remains unclear how to ad-
ress this issue in general, the crossover and mutation operators
ould be adapted to reflect design constraints more accurately
hen generating new layouts. 
While it has not been demonstrated in the examples presented

ere, the two design criteria presented, and the associated code
uite, allow for the inclusion of site terms Ki , which can be used
o account for channel-specific noise levels, coupling and local
ignal amplification or attenuation effects. While the inclusion
f such factors is straightforward in theory, unless data is avail-
ble to estimate them (e.g. J. Yin et al. 2023 ), how to accurately
stimate them ahead of deployment remains an open question.
f substantial variations are expected within the viable area, we
ecommend construction of a best-guess map of Ki values that
escribes the local conditions, and use of these values during
he design optimization process. Such a map can be constructed
ither by relying on prior studies in similar environments (e.g. I.
ior et al. 2021 ; J. Yin et al. 2023 ), or by use of synthetic models to
stimate likely coupling variations based on surface conditions
e.g. N.L. Celli et al. 2023 ). In such a sensitivity map, the practi-
ioner would also need to decide ahead of time whether a cable
s buried or not, depending on the location. 

Finally, although we have focused on the design of single DAS
ables only, the design optimization process can be straightfor-
ardly adapted to hybrid (e.g. DAS and geophone) or multi-

able scenarios due to the inherent flexibility of evolutionary al-
orithms. In this case a set number of additional optimization
ariables would be introduced which do not describe cable an-
hors but instead the locations of additional sensors. Those sen-
ors can of course be constrained in similarly to the cable knots
e.g. restricted areas). The design criteria would then need to
e adapted to account for the different sensor types and their
oise levels. We have omitted this from the present study, as
ombining data from different sensor types is a non-trivial task
T.S. Hudson et al. 2025 ). If estimates for noise levels (and cou-
ling) of different sensor types are available, the reference dis-
ance can be replaced by a source magnitude for which the hy-
rid design can be optimised. If the additional stations are in a

art/ggag058_f14.eps
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low-noise environment, one could also assume that these sta- 
tions record every signal (independent of distance and direction) 
and proceed with a reference distance only for the DAS cable as 
described above. 

5  CONCLUSION  

This study presents a flexible approach to optimizing DAS ca- 
ble layouts for geophysical applications. We have developed a 
parametric representation that uses splines to explore possi- 
ble layouts efficiently while respecting physical constraints. Our 
adapted design criteria for source location and surface wave to- 
mography incorporate DAS-specific characteristics such as di- 
rectional sensitivity and signal decay. 

Evolutionary algorithms offer robust optimization capabili- 
ties for complex design spaces with multiple constraints, while 
multi-objective optimization enables the exploration of trade- 
offs between competing goals. The generalized island model 
allows parallelization with limited communication overhead, 
which makes the approach computationally feasible for realis- 
tic scenarios. 

The Cuolm da Vi slope instability case study demonstrates 
that optimized DAS layouts significantly improve performance 
compared to initial designs, with different optimization targets 
resulting in distinctly different cable geometries. Despite lim- 
itations in computational efficiency for very complex models, 
our framework supports evidence-based decision-making when 

planning DAS deployments for specific monitoring objectives. 
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P P E N D I X  A:  O P T I M I Z AT I O N  BENCHMARKS  

n this section we show how the cable parametrization and the
ain optimization parameters affect the performance of the op-

imization algorithm. For this we use the Rayleigh wave tomog-
aphy setup from Section 3.3 . 
The number of knots Nknot and spline degree k determine
hich shapes the DAS cable can take. A larger number of knots

llows for more complex shapes, but also increases the number
f parameters to be optimized. The spline degree k determines
he continuity of the cable shape, with higher values leading to
moother shapes. In Fig. A1 we show that an increase in Nknot 
eads to initially better fitness, but after about ten knots the re-
urns diminish. A linear spline ( k = 1 ) performs slightly better
han a cubic spline ( k = 3 ) for the same number of knots, with
he difference becoming less pronounced for larger Nknot . There-
ore we use a linear spline with ten knots in this paper. While
sing more knots seems like a safer choice, convergence dur-

ng optimization is slower in the cases we tested (see results for
ore than fifteen knots in Fig. A1 , which perform increasingly

oorly). It is also harder to generate a good initial population
or larger Nknot , since the random perturbation leads to a jagged
able that covers less distance than one with fewer knots. This
an be alleviated by the use of correlated permutations, which
rtificially smooth the cable shape. 
The population size Npop determines how many candidate

olutions are evaluated in each generation. A larger popula-
ion size allows for more exploration of the parameter space,
ut also increases the computational cost. The migration step-
ize Nmigrate determines how often solutions are exchanged be-
ween islands. If migrations occur too frequently, the diversity
cross islands is reduced, which can lead to convergence to a lo-
al optimum. If migrations occur too infrequently, the islands
ay not share good solutions, which can lead to slower conver-

ence. In Fig. A2 we show that a large population size is the
ain factor in improving the fitness and making it more con-

istent across optimization runs. The migration step-size has a
maller effect, with a migration every 5–20 generations lead-
ng to the best results if the population size is sufficiently large.

igration every generation leads to the worst results, which
hows the benefits of separate islands compared to one large
opulation. 
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Figure A1. The effect of the number of knots Nknot and spline degree k on the fitness of the optimized cable shape. The violin plots show the distribution 
of fitness values for each combination of Nknot and k, for five optimization runs with different random seeds. 
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Figure A2. The effect of the population size Npop and migration step-size Nmigrate on the fitness of the optimized cable shape. The violin plots show 

the distribution of fitness values for each combination of Npop and Nmigrate for five optimization runs with different random seeds. 
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