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S U M M A R Y 

Harmalière is an active landslide located in a mountainous region of southern France where the 
presence of a thick layer of clays provides favourable conditions for the development of slowly 

moving landslides. However, at Harmalière, the alternation of sudden reactivation and quiet 
episodes suggests that specific structural and geomechanical properties control its kinematics. 
In order to shed light on its subsurface properties, we deployed for one month a dense network 

of seismic nodes within the landslide and recorded active-source and ambient noise seismic 
data. These data sets have been first independently processed with dedicated interferometry- 
based processing and inversion workflows to reconstruct P -wave (active sources) and S - 
wave (seismic noise) velocity models. Full wave-equation tomography is then performed to 

improve the reliability and resolution of the obtained elastic model by iteratively fitting the 
virtual gathers obtained by cross-correlation of the ambient-noise recordings. As opposed 

to conventional ambient-noise tomography, the approach fully accounts for topography and 

3-D elastic heterogeneities. The obtained high-resolution 3-D models are then qualitatively 

interpreted in terms of landslide properties and geological lithologies, that can influence 
landslide kinematics. 

Key words: Interferometry; Geomechanics; Seismic noise; Seismic tomography; Waveform 

inversion. 
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 I N T RO D U C T I O N  

andslides pose a risk to settlements and infrastructures, causing
oss of lives and significant economic damages (Mansour et al.
011 ; Froude & Petley 2018 ). Initiation of mass-movement, its
olume and dynamics depend on a combination of external forcing
actors (e.g. precipitations) and inherent pre-conditioning properties
f the shallow earth (10–100 m depth), namely lithology, perme-
bility, distribution of effective stress and response to loading and
hear (Jongmans et al. 2009 ; Renalier et al. 2012 ; L’Heureux et al.
012 ; Cappa et al. 2014 ; Lacroix et al. 2020 ). Spatial and temporal
ariations of these properties are conducive to changes in geophys-
cal observables (Whiteley et al. 2019 ) such as electrical resistivity,
ensity and seismic wave velocity. In particular, seismic waves are
ensitive to anomalies of shear strength and porosity that may be key
o remotely identify the pre-conditioning factors and the evolution
f an unstable slope (e.g. Jongmans et al. 2009 ; Renalier et al. 2010 ;
ardy et al. 2017 ), with a resolution in three-dimensions that de-
ends on the acquisition design and frequency content of the energy
C© The Author(s) 2025. Published by Oxford University Press on behalf of The R
article distributed under the terms of the Creative Commons Attribution License (
permits unrestricted reuse, distribution, and reproduction in any medium, provided
ources (e.g. Huang & Schuster 2014 ). Complementary to coring
ampaigns and direct measurements on sediment samples, appro-
riately designed geophysical imaging is a potential cost-effective
on-invasive characterization tool to fill the landslide knowledge
ap in three dimensions, thus providing more robust and compre-
ensive hazard estimates. 

The Avignonet (AVI) and Harmalière (HAR) landslides, in the
rench Western Alps around 30 km south of Grenoble and east of

he village of Sinard, are slow-moving landslides affecting areas of
 and 3 km2 , respectively (Fig. 1 a). Both are characterized by a
andslide-prone fine-g rained Quater nar y unit (the Trièves Clayes)
hose thickness ranges between 0 and 250 m. This unit is made
p by alternating glacio-lacustrine laminated silt and clay, and non-
aminated lacustrine sediments mixed with moraines (Fig. 1 c). It
verlays an irregularly shaped bedrock made of Jurassic marly
imestones, and it is capped by moraines. Detailed descriptions
f the geological, geotechnical and geophysical settings are pro-
ided in Bièvre & Crouzet ( 2021 ), Fiolleau et al. ( 2021 ) and Jong-
ans et al. ( 2009 ). Despite the same geological and meteorological
oyal Astronomical Society. This is an Open Access
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Figure 1. Location of the study site and of the experiment. (a) Localization of the Harmalière (HAR) and Avignonet (AVI) landslides, and of the seismic 
experiments. The blue dots represent the geophone array and the co-located active sources, the red dots shows the location of the circular array used by Fiolleau 
et al. ( 2021 ); (b) zoom on the HAR landslide with mapped surface deformation and suggested transition between plastic and fluid regime; (c) Geological 
cross-section along the central, active part of the HAR landslide, representing the current state of knowledge of the survey area. 
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setting, these two landslides exhibit different deformation mecha- 
nisms, suggesting the role of local subsurface heterogeneities. While 
AVI is gently sliding eastward with motions ranging between a few 

to some tens of cm yr−1 , HAR shows sudden reactivations, the most 
important being in March 1981 and June 2016. During this last 
event, Lacroix et al. ( 2018 ) measured motions up to around 40 m 

within a month. In addition, and differently from AVI, the central 
part of HAR varies between a plastic slide at the top and a fluid flow 

at the toe (Figs 1 b,c), although the precise location and geometry of 
the transition have not been yet identified (e.g. Fiolleau et al. 2020 ). 

Bièvre et al. ( 2011 ) assessed the pseudo-3-D lacustrine body 
thickness by forward-computing the horizontal-to-vertical spectral 
ratio (HVSR) of ambient noise recordings at sparse locations. They 
found that the different landsliding styles may be explained by 
local bedrock paleotopography, with an important bulge at the toe 
of AVI that could act as a buttress and prevent reactivations as 
observed in HAR. A similar approach, complemented by a local 1- 
D S -wave profile obtained by array ambient noise analysis (spatial 
autocorrelation, SPAC), within HAR was adopted by Fiolleau et al. 
( 2021 ). The sparseness of the measures, along with the simplifying 
assumptions of the methods (vertically varying stratified medium, 
local 1-D parametrization), however, may be limiting factors in 
capturing key subsurface complexities, such as the position and 
geometry of the transition between slide and flow within HAR. 

Within the RESOLVE project (Gimbert et al. 2021 ), a dense 3-D 

array of broad-band geophone-nodes has been deployed in May–
June 2021 to record continuously seismic noise for a one-month 
period in the Harmalière site (Voisin et al. 2021 ). In addition, 
active-source data have been recorded by the same array. In this 
study, we use both the active-source and ambient noise densely 
sampled vertical-component wavefields, exploiting their comple- 
mentary characteristics in frequency content as well as in dominant 
seismic phases, to infer the 3-D P - and S -wave velocity distributions 
within the landslide body and below. To this purpose we follow the 
flowchart presented in Fig. 2 . 

The active data set is pre-processed by super-virtual refraction 
interferometry (SVRI; Bharadwaj et al. 2012 ) to improve the signal- 
to-noise ratio (SNR) of P -wave refractions and thus better constrain 
the 3-D P -wave model obtained by first-arrival traveltime tomogra- 
phy. A pseudo-3-D S -wave velocity volume is derived by inverting 
the fundamental mode of Rayleigh wave group velocity disper- 
sion curves emerging from the cross-correlation of the ambient 
noise recordings (Shapiro & Campillo 2004 ). In order to over- 
come the assumptions of the conventional surface-wave inversion 

art/ggaf354_f1.eps
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Figure 2. Summary of data processing and inversion steps for the 3-D elastic velocity model building. 
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pproach by fully accounting for 3-D propagation and topographic
ffects, we adopt a full waveform inversion approach (Virieux et al.
017 ) based on a spectral-element modelling (SEM46; Trinh et al.
019 ; Cao et al. 2022 ) and a windowed traveltime-based objective
unction (multitaper misfit function; Tape et al. 2010 ). The wave-
quation based tomography (WET) uses the interferometry-based
lastic macro-model as initial guess, and updates jointly P - and S -
ave velocities by iteratively fitting the cross-correlation waveform

raveltimes. This approach is comparable to the crustal ( � 100 Km)
tudies of Lu et al. ( 2020 ) and Nouibat et al. ( 2023 ), at a much
maller ( � 100 m) investigation scale. 

The resulting 3-D P -wave velocity and S -wave velocity models
erve as a basis for a preliminary geomechanical interpretation of
he Harmalière landslide. A bulge-like structure is highlighted in
he central part of the landslide, which could explain the specific
eactivation pattern of the Harmalière landslide compared with the
eighbouring Avignonet landslide. After a reactivation at the head-
carp, the eroded material accumulates uphill behind this bulge-like
tructure, before a specific stress threshold is reached, and the land-
lide transitions from an elasto-plastic slide to a visco-plastic flow
ownhill. 
The paper is organized as follows. In Section 2 , we outline the data
haracteristics and pre-processing. In Section 3 , the interferometry-
ased methodologies used to obtain the elastic ( Vp − Vs ) macro-
odel are presented. In Section 4 , the wave equation tomogra-

hy method is introduced, and its application to the ambient noise
ecordings starting from the interferometry-based model is pre-
ented. In Section 5 , a preliminary geomechanical interpretation of
he landslide is introduced, based on the reconstructed 3-D Vp and
Vs models and the Vp /Vs ratio. A discussion is then proposed in Sec-
ion 6 , before conclusions and perspectives are given in Section 7 .
 data availability statement is added in the next section. 

 DATA  

n array of 100 three-component 5-Hz geophones ( Magseis Fair-
eld ZLand 3C ) was deployed in the target area according to a
rid with a nominal 70 m spacing (Fig. 1 a) to record continuously
atural seismicity for a 33-d period (Voisin et al. 2021 ). This was
omplemented by the acquisition of an active data set using 100
ertical hammer-strike sources co-located with the receivers, with

art/ggaf354_f2.eps
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nominal offsets ranging between 70 and 1000 m. In this section, 
the data characteristics and the dedicated processing steps are out- 
lined. The passive data is publicly available (see data availability 
statement). 

2.1 Active source processing by super-virtual 
interferometry 

In the active-source data set, a total of 94 usable sources and 99 
active receivers have been selected based on their noise energy. The 
three hammer-strikes performed per location (Fig. 3 a) are processed 
before stacking to maximize the improvement in signal-to-noise 
(SNR) ratio: (1) a data-driven identification of the trigger times 
compensates for the lack of source–receiver synchronization, by 
means of a constrained auto-picker; (2) a multichannel shaping 
deconvolution makes up for the non-repeatable source signature 
of the hammer-strikes, by matching the waveform shape of each 
channel to a reference source wavelet; (3) common-source gathers 
are stacked by scaling each trace by the inverse of its average power, 
in order to attenuate the impact of amplitude variations. 

After stacking, a frequency decomposition of an example 
common-source gather is instructive of the spectral diversity of 
the data set (Figs 3 b,c,d). Most of the recorded energy sits at fre- 
quencies between 20 and 40 Hz (Fig. 3 c), and is carried by dis- 
persive slow arrivals. A large proportion of the source energy in 
land seismic surveys is indeed expected to be converted to multi- 
scattered guided waves and surface waves in the very shallow, slow 

and heterogeneous subsurface (Pugin & Yilmaz 2019 ; Stork 2020 ; 
Yilmaz et al. 2022 ). Little or no coherent active-source energy is 
instead observable below 10 Hz (Fig. 3 b), due to the characteristics 
of the vertical hammer-strike source. Identification of body waves 
refracted arrivals is possible between 40 and 90 Hz (Fig. 3 d), but 
only up to � 400 m offset, beyond which the SNR deteriorates below 

an acceptable level for first-arrival traveltime picking. 
In order to extend the usable aperture of the P -wave refraction 

data set, super-virtual refraction interferometry is applied (SVRI; 
Bharadwaj et al. 2012 ; Hanafy & Al-Hagan 2012 ; Place & Malehmir 
2016 ). SVRI exploits the redundant sampling of refracting paths in 
multichannel surveys to enhance the SNR of critical refraction. This 
is performed in two steps: 

(i) Datuming: each pair of common-receiver trace gather 
( R ( xa ) , R ( xb ) ) is cross-correlated, and the contributions from all 
the stationary sources ( s) are stacked to obtain a virtual refraction 
transfer function (Green’s function) between xa and xb . In this work, 
we use a normalized cross-correlation function (cross-coherence) 
in the frequency domain 

G ( xb , xa , ω) =
∑ 

s 

R∗( s, xa , ω) R ( s , xb , ω) 

( ‖ R ( s , xa , ω) ‖‖ R ( s , xb , ω) ‖ ) , (1) 

where ω is the angular frequency and the operator ∗ indicates com- 
plex conjugation. The obtained Green’s function G ( xb , xa ) , in the 
time domain, has its maximum at the relative refraction delay time 
between the two stations. 

(ii) De-datuming (or modelling): for each common-source trace 
gather, the super-virtual trace at position xb is obtained by stacking 
the convolutions between each trace recorded at position x and the 
virtual transfer function G between x and xb obtained in (eq. 1 ). 

RSV RI ( s, xb , ω) =
∑ 

x 

R( s, x, ω) G ( xb , x, ω) , (2) 
After inverse Fourier transfor mation, the super-vir tual trace 
RSV RI ( s, xb , t) contains the enhanced refraction at the absolute 
source-to-receiver refraction traveltime. 

Prior to SVRI, the 3-D data set is windowed in a time-offset re- 
gion where refractions can be plausibly recorded, based on a prior 
knowledge of the expected P -wave model. In order to ensure SVRI 
is applied to traces for which refractions share portions of the same 
stationary phase path (Wapenaar et al. 2010a ), eqs ( 1 ) and ( 2 ) are ap- 
plied iteratively to narrow corridors of ‘in-line’ sources and receiver 
gathers, until the full azimuth range is covered. This yields a redun- 
dant coverage whereby the same station pairs may fall into more than 
one corridor, and thus undergoes cascading cross-correlations and 
convolutions. Cross-coherence is used instead of cross-correlation 
in order to reduce the pulse broadening resulting from the iterative 
cross-correlations in the datuming step (Lu & Chavez-Perez 2020 ), 
while phase-weighted stacking is used in both steps to enhance noise 
attenuation (Schimmel et al. 2011 ). 

Traveltime picks are automatically determined by recursive 
STA/LTA on both the SVRI and the raw data set. Non-reciprocal 
times (i.e. with discrepancies larger than 9 per cent) and trigger am- 
plitudes lower than a threshold are then discarded. Based on these 
criteria, the number of valid picks is 50 per cent larger in the SVRI 
data set than in the raw one, being in particular richer in offsets 
between 400 and 700 m. In Fig. 4 we present the picks performed 
on one active shot-gather, before and after the SVRI processing. 
These picks appear as blue dots, the rejected ones circled in red, 
the accepted ones circled in green. The picks are superimposed to 
the window envelope of each trace of the gathers, again, before and 
after SVRI. The enhancement of the pick reliability thanks to SVRI 
is striking. 

. 

2.2 Ambient seismic noise 

The lack of coherent energy below 10 Hz limits the penetration of the 
active-source surface waves to the top 5–10 m for realistic shallow 

subsurface velocities (e.g. Zhou et al. 2011 ). The ambient noise 
recordings, on the other hand, have a broad frequency band limited 
only by the instrument transfer function, whose corner frequency 
is 5 Hz with an acceptable response down to 1 Hz. These data 
can therefore be exploited to fill the low-frequency active-source 
spectral gap by extracting via interferometry the coherent surface 
waves contained in the noise field. 

The ambient noise recordings have thus been used to extract Em- 
pirical Green’s functions (EGF) by cross-correlating independent 
pair of stations, under the assumption of a stationary and uniform 

ambient noise field (Shapiro & Campillo 2004 ; Campillo 2006 ). 
Data pre-processing follows a rather conventional workflow 

(Bensen et al. 2007 ). The noise traces are decimated to a sampling 
rate of 15 Hz, in order to compress its size while respecting Nyquist- 
Shannon criterium for a maximum frequency of 7.5 Hz. Within this 
band, a comb filter is applied. In three frequency sub-bands, namely 
1–3, 3–5 and 5–7 Hz, the time-series are normalized by the value 
of the envelope (module of the Hilbert transform), thus equaliz- 
ing the contributions of weak and strong signal and attenuating the 
impact of short high-amplitude transients (e.g. micro-earthquakes, 
slide-quakes). 

Each 24-hr long segment is divided into 15 min-long windows, on 
which cross-coherence is calculated in a range of time-lags between 
( −7,7) s. Cross-coherence is performed in the frequency domain, 
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Figure 3. (a) Raw active-source example gather. Note the three strikes at quasi-regular intervals between 20 and 50s listening time, before stacking. Spectral 
analysis after stacking (b–d): gathers below 10 Hz (b), between 10 and 40 Hz (c) and above 40 Hz (d). 
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Figure 4. Example processed and windowed envelope of an active-source recording before (a) and after (b) SVRI and first-arrival picking for Vp traveltime 
tomography. Data is shown in greyscale, white corresponding to high amplitudes. Acceptable picks in green, rejected ones in red. Time-axis static-shifted by 
0.2 s to help auto-picking. 
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where a power-spectr um nor malization is added with respect to con- 
ventional cross-correlation, thus effectively implementing for each 
data chunk a spectral whitening. Finally, the 14-s long ( −7,7) cross- 
coherence functions are phase-weighted stacked in order to enhance 
the contribution of coherent waveforms (Schimmel et al. 2011 ), and 
a virtual-source gather is obtained for each station (Fig. 5 ). For sim- 
plicity, hereafter these are referred to as cross-correlation traces. 

Note that the ambient noise EGFs derivation by cross-correlation 
is equivalent to the first step of SVRI (eq. 1 ) where, instead of a 
known in-line source position, if the noise is uniformly distributed, 

art/ggaf354_f4.eps
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Figure 5. Example cross-coherence noise function for negative and positive time-lags, sorted in increasing offset with respect to the reference station. Dispersive 
surface waves emerge from the ambient noise interferometry with higher wavespeeds at lower frequencies. 1.5–2.5 Hz frequency band (top), 3–5 Hz frequency 
band (bottom). 
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nly the stationary phases contribute constructively to reconstruct-
ng the Green’s function between two stations (Wapenaar et al.
010a ). 

A frequency-time analysis (FTAN, e.g. Bensen et al. 2007 ) is
pplied to the vertical-to-vertical (ZZ) cross-coherence functions to
btain the time-delay of the surface waves envelope between each
tation pair. If the cross-correlation functions are reliable estimates
f the EGF, those can be interpreted as group slownesses once
ivided by the interstation distances. Since no significant-energy
vertones have been observed, they are attributed to the Rayleigh
ave fundamental mode. 
However, the anisotropy of the ambient noise field may bias the

roup velocity estimates with spurious apparent velocities corre-
ponding to dominant arrivals outside the stationary phase zone
Wapenaar et al. 2010a ). Although dispersion can be qualita-
ively observed (Fig. 5 ), the example EGF shows a strong asym-
etry between positive and negative time-lags in particular at

igher frequencies, which is indicative of an anisotropic noise
ources distribution. This is probably due to the impact of an-
hropic noise sources in the nearby settlements and transit of motor
ehicles. 

A weak symmetry criterion, accounting only for the similarity
etween positive and negative time-lags is here used as a measure
f the reliability of the kinematic estimates. For each frequency,
he positive and negative time-lags are picked independently via
 constrained automatic procedure. If the discrepancy between the
ositive and negative apparent group velocities is larger than 9 per
ent of their average, the value is discarded; otherwise, the average

art/ggaf354_f5.eps
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is kept as a reliable measure for that frequency and distance. A 

similar approach is used in Nouibat et al. ( 2022 ). 
A final statistical analysis is performed to discard velocity mea- 

surements that appear as outliers of an estimated Gaussian dis- 
tribution, that is, whose discrepancy with the mean is larger than 
two-times the standard deviation. The selected velocity data points 
as well as the corresponding full waveform cross-correlation traces, 
are going to be used as data sets for the following inversion steps. 

3  B U I L D I N G  T H E  E L A S T I C  

M A C RO - M O D E L  

3.1 P -wave traveltime tomography 

3-D P -wave first arrival traveltime tomog raphy is perfor med using 
a 3-D ray-based linearized inversion approach ( TOMO-TV ; Latorre 
et al. 2004 ). The starting model is determined by grid search over an 
ensemble of 1-D profiles within a range of sensible velocities for the 
expected sediment types (Fig. 1 ). A relatively strong regularization 
parameter ( α = 4 ) for the LSQR inversion is obtained by L-curve 
analysis. Anisotropic Laplacian smoothing is used, with correlation 
lengths ten times larger in the x and y horizontal directions than 
in the vertical direction z, to reflect an expected stronger vertical 
variability. After 50 iterations, the inversion converges attaining an 
overall final misfit decrease of 60 per cent . 

3.2 S -wave ambient noise tomography 

Unlike 3-D body-wave tomography, the conventional surface-wave 
inversion workflow produces pseudo-3-D results in a two-step work- 
flow (e.g. Shapiro et al. 2005a ; Nouibat et al. 2022 ), referred to as 
ambient noise tomography (ANT): (1) 2-D frequency-dependent ve- 
locity maps inversion outputs local velocity-frequency relationships 
for each grid-point (dispersion curves); (2) 1-D depth inversion of 
the dispersion curves obtained in step 1 yields a wavelength-to- 
depth mapping for each grid point. 

The local dispersion curves obtained for each independent station 
pair are regionalized by performing a 2-D traveltime tomography on 
the time-delay data set (e.g. Shapiro & Campillo 2004 ; Shapiro et al. 
2005b ; Nouibat et al. 2022 ) in a homogeneous starting model (300 m 

s −1 ). A nonlinear tomographic approach ( TOMO-TV , e.g. in Latorre 
et al. 2004 ) with ray tracing at each iteration is used as opposed to 
a more conventional straight ray approximation (e.g. Karimpour 
et al. 2022 ). Thirty iterations of LSQR (Paige & Saunders 1982 ) 
inversion are performed for each frequency band, resulting in a 
densely sampled dispersion data set in a 10 m grid volume. 

The uneven ray coverage resulting from the cross-correlation data 
selection is apparent in particular in the southernmost part of the 
target and at higher frequencies (Fig. 6 ), where noisier data are 
observed, probably due to poorer station coupling. A derivative- 
weighted-sum approach is used to attribute a standard deviation 
value to each velocity-frequency pair, inversely proportional to the 
ray density. A poor ray coverage corresponds to a large uncertainty 
( σ = ±50 per cent of the estimated slowness), whereas the maxi- 
mum ray coverage corresponds to a high-confidence slowness value. 

For each grid point of the frequency-dependent tomographic 
maps (Fig. 6 ), the group velocity dispersion curve, along with the as- 
sociated standard-deviation, is interpreted as that of the fundamental 
mode of Rayleigh waves and inverted for a local 4-layers S -wave 
depth model using a Neighbourhood algorithm (NA; Sambridge 
1999 ) in the parallel version implemented in the Geopsy-Dinver 
software package (Rickwood & Sambridge 2006 ; Wathelet 2008 ). 

Prior to inversion, each dispersion curve is cleaned from outliers 
by a 3-point median filter and resampled with 50 values between 1 
and 6 Hz. For each layer, the unknowns are the S -wave velocity and 
the thickness, thus resulting in a highly nonlinear inverse problem 

with 8 degrees of freedom. The 4-layers parametrization has been 
chosen heuristically by assessing the inversion quality on the av- 
erage dispersion curve. As shown by Sajeva et al. ( 2017 ), NA is a 
well suited approach to locate the global minimum of non-convex 
objective functions with this dimensionality. 

NA first generates 120 independent models within a uniform a- 
priori distribution; then, a total of 6000 models are generated by 
iteratively resampling the parameter space in the Voronoi cells of 
the best 80 models, thus progressively focusing the exploration of 
the objective function around the optimal solution. Finally the best 
model is drawn from the distribution for each location (Fig. 7 ), 
shifted to the local elevation and used to build the best-fitting 
pseudo-3-D S -wave model (Fig. 8 a). 

3.3 Resulting P -wave and S -wave velocity models 

In Fig. 8 , the ANT Vs (a) and tomographic Vp (b) volumes are 
presented. It is worth pointing out the consistency between the 
shallow low velocity structures in the souther n par t of the NS slice, 
even if the two models have been obtained independently; on the 
other hand, dissimilar trends may be the impact of 3-D changes in 
Vp /Vs ratios in the shallow subsurface. 

4  WAV E - E Q UAT I O N  T O M O G R A P H Y  

4.1 Waveform modelling and inversion 

The obtained pseudo-3D ANT Vs model suffers from two main 
limitations: (1) it does not account for the impact of topography on 
surface wave propagation (Snieder 1986 ; Li et al. 2019 ), and (2) 
each inverted depth profile relies on a local 1-D approximation, thus 
neglecting the impact of the important lateral heterogeneities in the 
shallow subsurface (e.g. Schäfer et al. 2013 ). 

In order to overcome these shortcomings, 3-D Vp − Vs wave- 
equation tomography (WET) is applied on the ambient noise data, 
using the ANT Vs model and the SVRI tomographic Vp model as ini- 
tial guess. WET iteratively updates the elastic subsurface model ( m ) 
by minimizing the misfit ( F ) between the calculated (or synthetic, 
dcal ) and observed ( dobs ) waveforms. The latter are obtained as the 
convolution of the ZZ particle-velocity cross-correlation functions, 
considered to be an approximation of the Green’s functions between 
vertical-force sources and vertical component receivers (Campillo 
& Paul 2003 ; Wapenaar et al. 2010b ), with a source time function 
(source wavelet, w) taken as a band-pass filtered version of a Dirac 
impulse function in the frequency-band of the cross-correlation 
data. For a pair of stations ( a, b), we have 
{

dobs ( xa , xb , t) = Gobs ( xa , xb , t) � w( t) , 
dcal ( xa , xb , t)[ m ] = Gcal ( xa , xb , t)[ m ] � w( t) , 

(3) 

where Gobs are the estimated Green’s functions from ambient noise 
interferometry, x indicates the location, t the time dependence and � 
the convolution operator, while Gcal are numerical Green’s function 
computed using the spectral element full waveform modelling and 
inversion code SEM46 (Trinh et al. 2019 ; Cao et al. 2022 ). 
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Figure 6. Regionalization of � t(f) by traveltime tomography gives 2-D Group velocity (GV) maps [ Vg ( f, x, y) ]. Examples at 1.8 and 3.2 Hz of group velocity 
values (left hand side) and corresponding ray coverage (right hand side). In the ray maps, blue triangles and red dots represent respectively sources and receivers 
positions. 
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Figure 7. Example of Rayleigh group velocity dispersion curve inversion. Profile extracted from the central part of the survey area. Observed dispersion data 
in black dots. Misfit values are normalized to standard deviation of the slowness data. (Fig. 6 ). 
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WET solves the following minimization problem on the misfit 
function F for a chosen parametrization of the subsurface model m 

min 
m 

∑ 

xa 

∑ 

xb 

F ( dcal ( xa , xb )[ m ] , dobs ( xa , xb )) . (4) 

The objective function F is the multitaper traveltime (MTT) 
distance introduced by Tape et al. ( 2010 ) as the sum of the squares of 
the frequency-dependent phase-traveltime residuals. As opposed to 
a time-domain cross-correlation objective function (Luo & Schuster 
1991 ), MTT accounts for frequency-dependent traveltime residuals, 
extracted from robust multitaper spectral estimates of observed and 
calculated data. 

To compute the MTT objective function, following Tape et al. 
( 2010 ), we first calculate the multitapered least-squares transfer 
function T between dcal and dobs using N tapers 

T ( ω ) =

N ∑ 

k= 1 
ˆ dk 

obs ( ω ) ˆ dk 
cal ( ω )∗

N ∑ 

k= 1 
ˆ dk 

cal ( ω ) ˆ dk 
cal ( ω )∗

, (5) 

where ˆ dk 
obs and ˆ dk 

cal are respectively the frequency-domain observed 
and calculated data multiplied by the kth taper ξ

{
ˆ dk 

obs ( ω) = F( ξk ( t ) dobs ( t )) , 
ˆ dk 

cal ( ω) = F( ξk ( t ) dcal ( t )) , 
(6) 

with F the Fourier transform operator. 
In this work, N = 3 orthogonal tapers ( ξ ) are used. The sum- 

mation over orthogonal tapers aims at obtaining a robust spectral 
estimate of a signal, as the mean of (simulated) independent real- 
izations, namely one for each taper. The phase differences are then 
computed as the inverse tangent of the ratio between the imaginary 
and real part of the multitapered transfer function 

�φ( ω) = tan −1 

( � ( T ( ω)) 

� ( T ( ω)) 

)
. (7) 

From �φ, the frequency-dependent traveltime �t( ω) is defined as 

�t( ω) = −�φ( ω) 

ω 

. (8) 

The MTT objective function comparing observed dobs and calcu- 
lated data dcal is finally defined as 

F ( dcal [ m ] , dobs ) =
∑ 

ω 

�t2 ( ω) . (9) 

The spectral element modelling code we use to compute the 
Green’s function ( Gcal ) uses a structured mesh with vertically de- 
formed hexahedral elements in order to account for topography. 
The latter is extracted and resampled from a high resolution (1 m) 
LiDaR (Light Detection and Ranging) airborne survey. An adaptive 
mesh is built with element size varying as a function of the local 
wavelength ( λ) in the starting model. Since wavelengths in the or- 
der of few hundreds metres are propagated at the lower end of the 
spectrum ( � 1 . 5 Hz), sponge layers with a width comparable to the 
model size are introduced to reduce the impact of off-boundaries 
reflections everywhere except at the free-surface. 

At each iteration, the gradient of the objective function is com- 
puted via the adjoint state method (Plessix 2006 ) as the zero-lag 
cross-convolution of the incident and adjoint fields. Similarly to 
the cross-correlation time-lag objective function (Luo & Schuster 
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Figure 8. Pseudo-3-D S -wave ANT volume (a) and 3-D Vp SVRI tomography model (b). 
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991 ), but in a frequency-dependent approach, the adjoint source
f MTT depends only on the first-order derivatives of the calculated
multitapered) data, weighted by the phase-traveltime residuals. 

We update Vs and Vp simultaneously, to account for the non-zero
mpact of Vp on Rayleigh waves in this relatively high frequency
and. The multiparameter inversion uses a quasi-Newton (l-BFGS)
ptimization (Nocedal & Wright 2006 ). Combined with a source-
avefield illumination compensation pre-conditioner, l-BFGS aims

t approximating the effect of the inverse Hessian on the model
pdate direction (Métivier & Brossier 2016 ). Regularization is im-
lemented by means of a double Bessel filter applied to the gradi-
nt to approximate a Laplace smoothing (Trinh et al. 2017 ), with
oherent-lengths equal to 0 . 1 λ. 
t

.2 Data pre-conditioning and preliminary analysis 

s in the regional seismology application of Nouibat et al. ( 2023 ),
he objective function is computed in a windowed portion of the
races centred around the peak of the synthetic data amplitude, with
ength equal to the wavelet duration ± the maximum expected time-
ag. In this work, windows with a poor waveform similarity, namely
ith cross-correlation lags and value respectively above and below
 threshold or large amplitude discrepancies are rejected (as in, e.g.
lexWin, Maggi et al. 2009 ). 
An offset-dependent weight-function is designed to penalize the

ontribution of data outliers, for example, waveforms outside a
ealistic slowness range in the frequency band of interest, based on
he characteristic of the average phase dispersion curve. 
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In defining the maximum usable frequency for WET, the spatial 
sampling of the wavefield ought to be considered. With a nominal 
node spacing of 70 m, wavelengths shorter than 140 m would be spa- 
tially aliased according to the Nyquist-Shannon criterium. Although 
Brenders & Pratt ( 2007 ) show that full waveform tomography may 
tolerate cross-line sampling intervals coarser than Nyquist’s, Nuber 
et al. ( 2017 ) points out that sampling should not be relaxed beyond 
one minimum shear wavelength. Considering a minimum Vs in the 
order of 200 m s −1 , we low-pass filter the cross-correlation wave- 
forms below 3.5 Hz, thus limiting the minimum wavelength in the 
order of the node spacing and avoiding major aliasing artefacts. 

Pre-processing consists of 

(i) selection of virtual gathers with at least 10 valid traces (as per 
the symmetry criteria used in ANT within the band of interest); 

(ii) median filter to remove zero-slowness phases; 
(iii) convolution with a band-limited source wavelet obtained by 

minimum-phase filtering a Kronecker delta with corner frequencies 
( −3 dB) equal to 1.3 and 3.0 Hz. 

In Fig. 9 , the Vs depth sensitivities are shown for the fundamental 
mode Rayleigh wave phase velocity at the two corner frequencies of 
the inverted band and its peak frequency. Despite being computed 
on an average 1-D starting Vp − Vs model, these functions contain 
useful insights about the expected investigation depths. As well as 
constraining the top 30 m of the subsurface, model updates down 
to 100 m depths should be expected in this band. The Vp sensitivity 
kernel (not shown here) has similar shape, but is two orders of 
magnitude smaller. 

4.3 Results 

WET converges after nine iterations to the Vs model shown in 
Fig. 10 , reducing the MT-traveltime misfit to around 45 per cent of 
the initial one. This corresponds to an increased waveform align- 
ment for most traces at the measurement windows, although the 
relatively high misfit plateau reflects the non-reproducibility of the 
full cross-correlation waveforms at some locations (Fig. 11 ). 

The final Vs model shows significant broad-band updates with 
respect to the starting ANT model both in the shallow and deep 
subsurface, with higher values at depths between 40 and 70 m, as 
well as a sharper low-velocity anomaly in the southernmost part of 
the model (Figs 12 and 13 ). On the other hand, the update in Vp (not 
shown here) is minor, due to the small sensitivity of Rayleigh wave 
kinematics to P -wave velocity. 

The depth slices shown in Figs 13 (e)–(h) show that the WET Vs 

model contains both long-wavelength and high-resolution updates 
with respect to the initial ANT model (Figs 13 a–d). In addition, the 
near-ver tical ar tefacts of the pseudo-3-D starting model are attenu- 
ated (Figs 12 b,d versus Figs 12 a,c), thanks to the true-3-D modelling 
and the appropriate representation of the slope topography. 

5  G E O M E C H A N I C A L  I N T E R P R E TAT I O N  

The seismic imaging methods used in this study yield an estimate 
of the 3-D distributions of two seismic parameters, Vp and Vs , 
from which Vp /Vs ratio is obtained a-posteriori . In this section. 
we jointly interpret them to provide the preliminary geomechanical 
interpretation displayed in Fig. 14 . 

The estimated 3-D WET Vp model shows values between 800 
and 1300 m s −1 in the top 10 m depth below the ground surface up- 
hill (between 600 and 800 m along cross-section, Fig. 14 a), which 
suggests the presence of unsaturated clays. The relatively coarse 
sensors spacing prevented the picking of direct body-wave travel- 
times, hence limiting the resolution of the shallowmost Vp model 
(Figs 14 a, b). In the central part of the model, between 250–300 
and 400–600 m, the estimated Vp remains around 1300 m s −1 down 
to 50 m depth, Fig. 14 a), which might be indicative of an exten- 
sion of the unsaturated zone to larger depths. This is deeper than 
what is observed at the rear of the Harmalière headscarp and in 
the Avignonet landslide, where the water table is generally found a 
few metres below the surface (Jongmans et al. 2009 ; Bièvre et al. 
2016 ). The observation of this apparent deep water table remains to 
be confirmed with a higher resolution model. Below, P -wave veloc- 
ity values increase quickly to 1500–1800 m s −1 , possibly marking 
the transition to a saturated clayey horizon. P -wave velocity val- 
ues reaching 2000 m s −1 are observed underneath this saturated 
horizon, in the lower half part of the model. The upper bound of 
2000 m s −1 for P -wave velocity imposed in the model as a bound 
constraint in the inversion process (to limit the computing cost of 
the spectral element modelling) prevents from clearly interpreting 
these layers. They can be associated with either firm, saturated clays, 
fluvial terraces made of locally cemented pebbles to boulders or the 
carbonate substratum, the latter two being both visible at outcrops 
and reported in the literature (Monjuvent 1973 ; Bièvre et al. 2011 ). 

Cross-sections of the Vs WET model (Figs 14 c, d) display a low 

velocity layer in the near-surface (lower than 200 m s −1 ), whose 
thickness decreases from around 30 m at the top to 10 m at the toe 
of the slope (Fig. 14 c). At the top, the low-to-high velocity transition 
depth is in good agreement with a proximal 1-D Vs profile obtained 
75 m up-hill of the section (Fiolleau et al. 2021 ) (Fig. 14 c), although 
the Vs values in the WET 3-D model are lower. 

The corresponding interface can be interpreted as the base of the 
landslide, in analogy with the nearby Avignonet landslide, where 
similar 1-D and pseudo 3-D ambient noise tomography Vs models 
(Jongmans et al. 2009 ; Renalier et al. 2010 ) are in good agreement 
with results from borehole (Bièvre & Crouzet 2021 ) and inclinome- 
ter data (Jongmans et al. 2009 ). 

Due to the upper frequency limit of 6 Hz used in this work, the 
Vs variability is not well constrained in the landslide body itself. 
Thus, it is not possible to detect an expected Vs decrease between 
the slide (uphill) and the flow (downhill) with the necessary reso- 
lution. However, below this horizon, interpretable heterogeneities 
can be observed and interpreted. Uphill, from 500 m to the end of 
the longitudinal cross-section, Vs values ranging between 450 and 
500 m s −1 may correspond to non-disrupted clays. The velocity 
of this layer is slightly lower than the 580 m s −1 value reported by 
Fiolleau et al. ( 2021 ) (Fig. 14 c). This could originate from the differ- 
ent setups between the experiments (1-D versus 3-D, single-mode 
versus multimodal inversion) and/or non-negligible lateral varia- 
tions between the two investigation sites. Between 300 and 500 m, 
a ‘bump-like’ feature is characterized by higher Vs values (larger 
than 450 m s −1 and up to 620 m s −1 ). Downhill, Vs values decrease 
to values typical of remoulded clays, in the range of 300–350 m s −1 . 
The cross-section in Fig. 14 (d) highlights a lateral transition from 

those relatively low values to the highest estimated Vs values in the 
model, that can be attributed to fluvial terrace sediments. 

Vp /Vs ratio cross-sections are presented in Figs 14 (e) and (f). 
A high variability is observed within the landslide body, with ra- 
tios ranging between 5 and 10. This may reflect the high uncer- 
tainty of Vp and Vs estimates within this layer. Below the landslide 
body, the Vp /Vs ratio decreases with depth, from around 5.5–6 to 
3.5. It is notable that, in the central part of the longitudinal cross- 
section (Fig. 14 e), no Vp /Vs ratio values greater than 5 are observed, 
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Figure 9. Vs depth sensitivity kernel of Rayleigh wave phase velocities at the corner frequencies of the WET band (1.3,3.0 Hz) and its central frequency 
(2.1 Hz) [Computed using disba by Luu ( 2021 )]. 

Figure 10. 3-D Spectral element mesh and vertical slices of the final WET Vs volume. 
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Figure 11. Example gathers trace-by-trace waveform data fit (red = final, 
black = observed, blue = starting) at the measurement window of the MTT 

objective function. Traces are sorted in ascending absolute offset, but offset 
interval is irregular reflecting the 3-D acquisition. 
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highlighting a sharp transition from 5 to 10 in the slide to less than 5 
at greater depth. On the other hand, the ‘bump-like’ feature observed 
in the reconstructed Vs model, and interpreted as a fluvial terrace, 
does not exhibit any Vp /Vs difference with respect to the firm clays 
at the same elevation uphill. Finally, at depth, in the central part of 
the transverse cross-section (distance between 200 and 300 m in 
Fig. 14 f), a slight increase in the Vp /Vs ratio, could correspond to 
the carbonate bedrock. 

The presence of the rigid bump between 300 and 500 m along the 
longitudinal cross-section coincides with the location of the slide- 
to-flow transition (Figs 14 a and b). This structure looks similar 
to bedrock bumps affecting glacial flows (section 7.2 in Cuffey & 

Paterson 2010 ), where lower displacement (resp. higher) is observed 
uphill (resp. downhill) this morphological feature. The small bump 
observed here could act as a mechanical buttress controlling the 
deformation regime of the landslide body. After a reactivation at 
the headscarp, the eroded material is transported downslope and 
accumulates immediately uphill the buttress. A possible scenario 
is that once the mass of accumulated material reaches a specific 
threshold, depending on its water content, the shear stress exceeds a 
critical threshold that favour the transition between an elasto-plastic 
(slide) and a visco-plastic (flow) behaviour (Carrière et al. 2018 ; 
Fiolleau et al. 2021 ). 

6  D I S C U S S I O N  

The starting model has been built relying, both for active-source 
( Vp ) and ambient-noise data ( Vs ), on interferometric techniques to 
extract coherent information from apparently non-interpretable data 
sets. SVRI on active-source data refractions is key in extending the 
usable offset range closer to the nominal one (950 m) offset. In 
practice, this was true up to a distance of 750–800 m, beyond which 
the SNR of the input data is too low for SVRI to be effective. In 3-D, 
this should in the future account for frequency-dependent end-fire 
lobes (Wapenaar et al. 2010a ) to select only stationary refraction 
paths from the full survey. The approach adopted in this paper is 
more pragmatically the sequential selection of inline portions, that 
is, corresponding to very narrow lobes, which is reasonable for the 
high frequencies used here (larger than 40 Hz). 

The frequency of the ambient-noise empirical GF reconstruction 
is limited to 7 Hz, and confidently usable below 6 Hz. Even at lower 
frequencies, the number of reliable traces, for example, respecting 
a weak (traveltime) symmetry requirement, is in the order of 5 per 
cent. This reflects the erratic and anisotropic nature of the noise field 
at those (relatively) high frequencies, which could be compensated 
for with longer stacking periods. The lower frequency limit is instead 
determined by the instrument response and, more importantly, by 
the maximum available offsets (Bensen et al. 2007 ), that is, 1000 m 

in this work, which implies high uncertainties for wavelengths larger 
than 500 m. Wider apertures may grant deeper investigation depths, 
thus further constraining the bedrock shear properties, which may 
be important, for example, for seismic site effects estimation. 

Despite the theoretical similarity between wave-equation tomog- 
raphy and full waveform inversion (e.g. FWI; Virieux et al. 2017 ), 
the resolution of the former is inherently lower than conventional 
FWI, primarily as a consequence of the traveltime-based objective 
function (Luo & Schuster 1991 ). Fur ther more, the theoretical λ/ 2 
depth resolution of FWI is attained, according to the diffraction 
tomog raphy theor y (Devaney 1984 ), thanks to vertical incidence 
phases (Huand & Schuster 2014 ), as opposed to the horizontally 
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Figure 12. Vertical slices of the S -wave velocity models cutting through the middle of the volume (position shown in Fig. 10 ). (a,c) ANT (starting) model; 
(b,d) WET (final) model. 

Figure 13. Vs depth slices. Depth, below the free-surface, increases from left to right: 14 m (a,e), 24 m (b,f), 32 m (c,g) and 64 m (d,h). Panels (a,b,c,d): ANT 

pseudo-3-D volume. Panels (e,f,g,h): WET 3-D volume. The white lines correspond to the cross-sections presented in the interpretation Fig. 14 . The position 
of these cross-sections is also shown in the overview Fig. 1 (b). 
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ropagating surface waves. This effectively limits the expected res-
lution of surface wave WET to the size of the first Fresnel zone be-
ween stations pairs. However, as demonstrated by Fu et al. ( 2017 ),
ub-wavelength resolution imaging of shallow anomalies can be
btained by inversion of back-scattered surface waves if the target
nomaly is located in the near-field, that is, at a depth smaller than
/ 3 . We have not investigated whether or not this is the case in
ur ambient noise waveform inversion. Higher resolution misfit
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Figure 14. Inline and cross-line views of the WET models for Vp (a,b), Vs (c,d) and for the Vp /Vs ratio (e,f), overlaid with a structural interpretation. Panels 
(b), (d), (f) are cross-sections transverse to the inline cross-sections (a), (c), (e), respectively. The relative position of these cross-line views one with respect to 
the other is indicated by panels (a–f) on the sections. Note that the position of these inline and cross-line sections is indicated in white line in the depth slices 
Fig. 13 and in blue lines in the overview Fig. 1 (b). 
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function accounting for amplitude discrepancies (GSOT; e.g. 
Métivier et al. 2019 ) and (AWI; Warner & Guasch 2016 ) and more 
importantly least-squares FWI, may instead suffer from the inac- 
curate frequency-dependent amplitudes of the empirical Green’s 
function derived from ambient noise cross-correlations, as well as 
from the difficulty to model the highly scattering nature of the shal- 
low subsurface (e.g. Yilmaz et al. 2022 ). 

It is also worth pointing out that the ambient noise waveform 

inversion, as implemented in, for example, Nouibat et al. ( 2023 ) 
and in this work, does not require an estimation of the source time- 
space parameters, since the source time function is assumed to be 
known (eq. 3 ). 

Further investigations on this data set should attempt to account 
for attenuation, since the impact of visco-elasticity and multiscat- 
tering is expected to be non-negligible in the imaging of shallow 

subsurface targets (Groos et al. 2014 ), in particular when attempting 
to fit higher frequencies data. 

Even if only Vs is significantly updated during the multiparameter 
WET, the accuracy of the starting Vp /Vs ratio values has an impor- 
tant impact in determining the depth sensitivity of Rayleigh waves 
phase velocities. Therefore, an accurate Vp , such as the one ob- 
tained by P -wave traveltime tomography, is key to obtain a reliable 
Vs from Rayleigh waves inversion. When P -wave traveltime data is 
not available, Poisson’s ratio should be inferred from surface wave 
data (e.g. Socco & Comina 2017 ). Although they may have posed 
additional constraints on the P -wave model building, the body-wave 
active-source waveforms have not been included in the WET data 
set because of their high frequency content ( > 40 Hz ), which makes 
their modelling and inversion computationally not attractive. 
Useful confidence intervals may be obtained for the ANT + SVRI 
(starting) model within an affordable computing effort, for exam- 
ple, by bootstrapping in traveltime tomography (e.g. Vanorio et al. 
2005 ), or by inferring them from the posterior distribution of mod- 
els obtained by Monte-Carlo based inversion of dispersion curves 
(e.g. Nouibat et al. 2022 ). Propagating the starting model confi- 
dence interval to WET should account for the nonlinearity of the 
waveform-based inversion, whereby changes in the starting model 
may lead to cycle-skipping (Virieux et al. 2017 ). Along with a sig- 
nificant computing cost and the high-dimensionality of the problem, 
this makes uncertainty estimation an open research topic for full- 
waveform methods (Gebraad et al. 2020 ; Zhang & Curtis 2020 ; 
Hoffmann et al. 2024 ). In this study, we may preliminarily argue, 
based on our analysis on frequency-dependent group velocity to- 
mog raphy, that uncer tainties are going to be larger in the southern 
part of the model, where illumination is weaker due to the higher 
trace rejection rate. 

Regarding the geomechanical interpretation of the obtained re- 
sults, we want to stress that both reconstructed P -wave and S -wave 
velocity models have low resolution in the first 10 m below the 
surface, which might explain the important (and unexpected) vari- 
ability of the Vp /Vs ratio in the landslide body zone. This is inher- 
ent to the methods and the data used to reconstruct these models. 
Also, we note that the detection of remoulded clays downslope 
was not performed before. This might question if this horizon is 
actually made of clays, which calls for complementary investiga- 
tions using other geophysical imaging methods (for instance elec- 
trical resistivity or impedance). The distinction between clays, ter- 
races and bedrock downhill could also be achieved using electrical 
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esistivity which has already illustrate its ability to distinguish these
nits (Jongmans et al. 2009 ; Bièvre et al. 2016 ). 

 C O N C LU S I O N S  

aking advantage of a dense seismic node acquisition, a high res-
lution 3-D elastic model of the Harmalière landslide has been
btained combining ambient noise and low-power, low-impact ac-
ive sources. In order to make the most of the 3-D node data sets,
e have applied interferometric techniques for the reconstruction
f reasonable P -wave and S -wave velocity macromodels, which
re then updated using a multiparameter full-waveform traveltime
omography. 

The wave-equation based elastic model represents a significant
mprovement in accuracy and resolution with respect to the cur-
ent state of knowledge of the study area, as well as with respect
o conventional ambient-noise tomography, thanks to the true-3-D
pproach accounting for the complex topography of the slope. The
btained results provide new insights on the shallow geology of
he site, the physical properties distribution within the landslide
ody and the structural controlling factors of the landslide dynam-
cs, namely the transition between plastic and fluid deformation
egimes and the sudden re-activations. 

Future work should explore the attenuation properties within the
lope and investigate the added value of the 3-component data set
or the imaging of the very shallow subsurface, for example, by in-
erting for Love waves. These obtained seismic tomography models
ould be jointly interpreted in the future with complementary geo-
ogical/geophysical data sets, both legacy and novel (e.g. electrical
esistivity and geodesy), in order to provide a fully non-invasive 3-D
haracterization of the landslide body and better constrain the mois-
ure content and stress state within the slope, ultimately providing
 robust baseline for monitoring, 
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