
Drainage of a deep magma reservoir near
Mayotte inferred from seismicity and deformation

Item Type Article

Authors Cesca, Simone; Letort, Jean; Razafindrakoto, Hoby; Heimann,
Sebastian; Rivalta, Eleonora; Isken, Marius P.; Nikkhoo, Mehdi;
Passarelli, Luigi; Petersen, Gesa M.; Cotton, Fabrice; Dahm,
Torsten

Citation Cesca, S., Letort, J., Razafindrakoto, H. N. T., Heimann, S.,
Rivalta, E., Isken, M. P., … Dahm, T. (2020). Drainage of a deep
magma reservoir near Mayotte inferred from seismicity and
deformation. Nature Geoscience, 13(1), 87–93. doi:10.1038/
s41561-019-0505-5

Eprint version Post-print

DOI 10.1038/s41561-019-0505-5

Publisher Springer Nature

Journal Nature Geoscience

Rights Archived with thanks to Nature Geoscience

Download date 24/05/2023 08:33:39

Link to Item http://hdl.handle.net/10754/661261

http://dx.doi.org/10.1038/s41561-019-0505-5
http://hdl.handle.net/10754/661261


Drainage of a deep magma reservoir near Mayotte inferred from seismicity and deformation

Simone Cesca1,*, Jean Letort2, Hoby N. T. Razafindrakoto1, Sebastian Heimann1, Eleonora Rivalta1, 

Marius P. Isken3, Mehdi Nikkhoo1, Luigi Passarelli4, Gesa M. Petersen1,5, Fabrice Cotton1,5 & 

Torsten Dahm1,5

1 GFZ German Research Centre for Geosciences, Potsdam, Germany

2 IRAP - Observatoire Midi Pyréenées, Toulouse, France

3 University of Kiel, Germany

4 King Abdullah University of Science and Technology (KAUST), Thuwal, Saudi Arabia

* corresponding author simone.cesca@gfz-potsdam.de

1



Supplementary Information

Supplementary Text, Supplementary Figures S1-S21, Supplementary Tables S1-S6.

1 Data

1.1 Seismic data

Our five event catalogues1, namely: the weak VT events (detections and single station analysis), the 

strong VT events and the VLP events (detections and subset with MT inversion) catalogues, and the

additional analyses on the relative depths of the VTs and moment tensor (MT) of the VLPs, were 

obtained using the following datasets (see also Fig. S1):

- Seismic stations at regional (up to 2500 km) epicentral distances were used to: a) detect VLP 

events, track the temporal variations of their spectral properties, and to invert for their MT; and b) 

locate centroids of strong VTs and invert for their MT. We used broadband data from the seismic 

networks II2, IU3, GE4, G5, and PF (Piton de la Fournaise Volcano Observatory Network, Reunion 

Island, OVPF).  

- Station YTMZ of the Réseau Accélérométrique Permanent (French Accelerometrique Network, 

RA), as the only seismic station less than 100 km distance from the unrest region that operated 

continuously over the whole seismic sequence , was used to detect almost 7000 VT events, and to 

characterize a subset of 1904 VT events, by applying single station techniques.

- Teleseismic data from the Akbulak seismic array (ABKAR), Kazakhstan, was used for 

beamforming to detect the arrival time of direct P phase and seafloor converted pP and sP phases. 

The differential time between direct and seafloor reflected phases were used to infer the depth of 

VTs. 
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1.2 GNSS data

We used GNSS data from four stations on Mayotte island: GAMO (TERIA), KAWE (Lél@sarl), 

MAYG (CNES) and BDRL (TERIA) (Fig. S1). The data was processed and made available by the 

Nevada Geodetic Laboratory, at the University of Nevada, Reno6. 

Fig. S1 | Overview of the seismic and GNSS networks. a, At regional distances, we relied on 

broadband seismic stations from II, IU, GE, G, PF and RA networks (black triangles); the target 

region is identified by a star. b, On Mayotte Island, seismicity and deformation signals were 

recorded by one strong motion sensor (YTMZ, black triangle) of the French Accelerometrique 

Network (RA) network and four GNSS sensors (grey squares). Single-station locations of VTs are 

marked in red.

1.3 Data quality assessment

In order to exclude systematic errors when inverting for the MT and in the polarization analysis, the

data and metadata of all seismic stations were carefully evaluated using the AutoStatsQ toolbox7. 

Sensor orientations were verified using a Rayleigh wave polarization analysis7-9, considering a set of

more than 25 teleseismic events with a homogeneous azimuthal distribution at each station. For 

each event and station the cross-correlation between the Hilbert-transformed R component and the 
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Z component in the time window containing Rayleigh waves are computed while rotating the 

horizontal components in 1 degree steps. A maximum cross-correlation obtained for zero rotation 

implies that the horizontal components of a sensor are correctly oriented. Amplitude gains of P 

phases were compared to synthetic data and among all stations to avoid problems arising from 

incorrect gain factors in the response functions or from unexpected site amplifications.  Large 

timing errors on the order of several seconds were ruled out by assessing arrival times of teleseismic

P phases across the network. Finally, power spectra computed from observed and synthetic data 

were compared as an additional check of gain levels and of reliable frequency ranges for MT 

inversion7. Synthetic traces and the power spectra were computed using the python based 

seismology environment Pyrocko10-11. One station with erroneous gain (GE.KMBO) and one station 

with inverse polarity (IU.FURI.00) were excluded from the study.

As for local seismic data, we used three component data from channels CN (until 12 September 

2018) and HN (later on) of station YTMZ. We found that the East and Vertical components of 

channel HN were swopped for the considered time span. This problem was first identified using 

teleseismic data, by comparing observed ratios of P wave amplitudes on different components for 

large (M> 6.5) intermediate and deep focus (depth > 100 km) earthquakes at YTMZ and at 

neighbouring stations. We confirmed this problem by using local VTs and from extremely high 

cross-correlation among CNE and HNZ traces (as well as among CNZ and HNE traces) for VTs 

occurring just before and after 12 September 2018 (the date when the available data switches from 

CN to HN data). 

2. Velocity models

The nature of the crust beneath Mayotte is debated: it has been proposed that the archipelago lies, as

they lie on oceanic lithosphere resulting from the opening of the Somali Basin at 140 Ma or at the 
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transition between oceanic and continental crust12. However, some of their lavas contain sandstone 

xenoliths dated at 533 Ma (pan African), pointing at the continental nature of the underlying crust13. 

Since the assumption of different crustal models and Moho depths can have a significant impact on 

some of the derived earthquake source parameters, such as their depth, magnitude and focal 

mechanism, we consider a range of crustal models, representing the current but limited knowledge 

on the crust structure in the region. For the seismological analysis14 we consider 4 velocity models 

(Fig. S2 and Tables S1-S4). The first, which we will refer to as P2017, was recently proposed based 

on a tomography study15 and includes a relatively thick crust of 33.5 km. The second model 

(CRUST1), was chosen from the CRUST1.0 dataset for the focal region16, removing the water layer.

In this model, the crust is much thinner, with a thickness of only ~14.5 km. The third model 

(P2017B) is a modified version of the P2017 model, by thinning each layer to have a Moho depth of

22.3 km, a value in between the two previous models. Finally, a fourth model (CRUST2) has been 

used to reproduce regional data with an oceanic crust from the CRUST2.0 database17, used for all 

those stations where the source-station path is predominantly along oceanic crust. For the geodetic 

modelling, we consider 25 additional uniform realisations of a gradient model representing different

crustal gradients and thicknesses between 15 and 30 km (black lines in Fig. S2).
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Fig. S2 | Elastic earth models used for the Bayesian inversion with Grond14. Models used for 

seismological applications are plotted with colour lines: green (P2017), blue (P2017B) and red 

(CRUST1). Additional crustal models for the geodetic modelling  (black lines) are drawn from a 

uniform distribution. The surface VP velocities range from 1.8 to 2.3 km/s, the deepest crustal VP are

distributed between 6.8 - 7.1 km/s. VP/ VS ranges  within √3 ±10. The crustal densities (ρ) vary ) vary 

between 2.5 - 2.7 g/cm3 (surface) and 3.0 - 3.1 g/cm3 (crustal base). The Moho depths are varied 

between 15 - 30 km with a fixed mantle density (ρ) vary ) of 3.35 g/cm3.
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Tab. S1. Parameters of the model P201715.

Depth [km] vP [km/s] vS [km/s] ρ) vary  [Kg/m3]

0.00-0.01 1.80 0.65 2.10

0.01-0.03 2.40 1.01 2.20

0.03-0.10 2.60 1.10 2.20

0.10-0.20 2.90 1.30 2.20

0.20-0.30 3.20 1.60 2.40

0.30-0.40 4.10 2.30 2.50

0.40-0.50 4.80 2.80 2.60

0.50-0.60 5.25 3.10 2.63

0.60-0.70 5.50 3.25 2.65

0.70-0.80 5.60 3.35 2.70

0.80-2.00 5.70 3.46 2.70

2.00-10.00 5.70 3.47 2.70

10.00-12.00 5.70 3.48 2.70

12.00-14.00 5.70 3.50 2.70

14.00-16.00 5.92 3.54 2.72

16.00-18.00 6.05 3.60 2.75

18.00-20.00 6.25 3.68 2.90

20.00-22.00 6.55 3.76 2.92

22.00-24.00 6.80 3.86 2.95

24.00-30.00 6.97 4.04 3.01

30.00-33.50 7.15 4.13 3.05

Moho

33.50 8.04 4.49 3.60

Tab. S2. Parameters of the model CRUST116.

Depth [km] vP [km/s] vS [km/s] ρ) vary  [Kg/m3]

0.00-1.46 2.15 0.72 1.99

1.46-2.76 5.00 2.70 2.55

2.76-5.37 6.50 3.70 2.85

5.37-14.48 7.10 4.05 3.05

Moho

14.48 8.14 4.52 3.35
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Tab. S3. Parameters of the model P2017B, modified after P201715, to have a 22.3 km thick crust.

Depth [km] vP [km/s] vS [km/s] ρ) vary  [Kg/m3]

0.00-0.01 1.80 0.65 2.10

0.01-0.03 2.40 1.01 2.20

0.03-0.10 2.60 1.10 2.20

0.10-0.20 2.90 1.30 2.20

0.20-0.30 3.20 1.60 2.40

0.30-0.40 4.10 2.30 2.50

0.40-0.50 4.80 2.80 2.60

0.50-0.60 5.25 3.10 2.63

0.60-0.70 5.50 3.25 2.65

0.70-0.80 5.60 3.35 2.70

0.80-2.00 5.70 3.46 2.70

2.00-6.67 5.70 3.47 2.70

6.67-8.00 5.70 3.48 2.70

8.00-9.33 5.70 3.50 2.70

9.33-10.70 5.92 3.54 2.72

10.70-12.00 6.05 3.60 2.75

12.00-13.30 6.25 3.68 2.90

13.30-14.70 6.55 3.76 2.92

16.00-20.00 6.80 3.86 2.95

16.00-20.00 6.97 4.04 3.01

20.00-22.30 7.15 4.13 3.05

Moho

22.30 8.04 4.49 3.60

Tab. S4. Parameters of the oceanic crustal model CRUST217.

Depth [km] vP [km/s] vS [km/s] ρ) vary  [Kg/m3]

0.00-2.00 5.00 2.50 2.60

2.00-4.00 6.60 3.65 2.90

4.00-7.00 7.10 3.90 3.05

Moho

7.00 8.04 4.49 3.60
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3. 3. Characterisation of large VTs using regional and teleseismic data

3.1 VT centroid moment tensor inversion

We estimated centroid MTs for the largest VTs using a Bayesian bootstrap method (Grond14). This 

probabilistic optimization assesses the earthquake source parameters as non-parametric posterior 

distribution in the form of a solution ensemble. We used waveform data from local strong motion 

station (YTMZ) and regional stations (Fig. S1). The number of usable stations varies from one 

event to the other, depending on the signal-to-noise ratios. For the forward modelling, synthetic 

seismograms were computed using Green’s functions for different velocity models, resembling 

continental and oceanic crusts. For local distances and continental crust ray paths, we tested 

different velocity models (Tables S1-S3). For oceanic crust ray paths, we select a representative 

profile from the CRUST 2.0 database17 (Table S4).

In the MT inversion, full waveforms were fitted in time domain, in a frequency range of 0.01 - 0.03 

Hz. We established a workflow involving three-steps: (1) Run the inversion for the largest event 

(Mw 5.9); (2) Repeat the inversion, fixing the centroid location to the result of (1), but now allowing

for time shifts between observed and synthetic seismograms; and (3) Run the inversion for all 

events, using the obtained time shifts from (2) as corrections to compensate mismodelling.

One example of a MT inversion result is shown in Fig. S3, using a combination of the PR2017 and 

CRUST2 models for the continental and oceanic crust.  Given the uncertain velocity structure at 

Mayotte, we tested alternative continental crust models, with thinner crustal thickness (models 

PR2017B and CRUST1). Resulting MT solutions for the 67 large VTs dataset are illustrated in Fig. 

S4 where the full MT solutions show some minor variation for a few VT events and the double 

couple (DC) component is very stable. The temporal evolution of source parameters is shown in 
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Fig. S5; a smooth variation of the isotropic and CLVD component accompanies the upward 

migration of seismicity by the end of Phase I and continues in Phase II.

Fig. S3 | Example of MT solution for the largest VT event on 15 May 2018 Mw 5.9 using 

velocity models PR2017 and CRUST2. a, Overlay of the focal spheres for the ensemble of best 

solutions. b, Standard MT decomposition for the best solution (the one minimizing misfit and using 

all stations), the mean solution (considering all good quality solutions and station bootstrapping14) 

and a reference solution (here the GEOFON solution). c, Comparison of observed (red lines) and 

synthetic displacement traces (black lines) as well as their differences (red areas) for a selection of 

stations and components.
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Fig. S4 | Comparison of centroid MT solutions for the largest VT event on 15 May 2018 Mw 

5.9, assuming a common oceanic model (CRUST2) and different continental models. a, P2017, 

crustal thickness 33.5 km. b, P2017B, crustal thickness 22.3 km, and c, CRUST1, crustal thickness 

14.5 km. The scatter of the ensemble of acceptable centroid MT solutions (for details, see Grond14) 

is substantially reduced when assuming a crustal depth of 22 km.
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Fig. S5 | Temporal evolution of VT source parameters and uncertainties as resolved by 

moment tensor inversion based on a bootstrap approach14. Percentage of a, isotropic and b, 

CLVD components, c, centroid depth, d, northing  and e, easting relative to reference location -

12.7977°N, 45.6805°E, and f, moment magnitude. The reservoir depth interval including 

uncertainties, is marked by a grey band in panel (c). The seamount location is marked in panels (d) 

and (e) as red dashed lines. This test was performed using velocity models P2017 and CRUST2.
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3.2 Depth estimation

We took several precautions to ensure the quality of our depth estimations beyond our MT inversion

results. Indeed, in poorly instrumented areas, estimating the depth of earthquakes is difficult. 

Important epistemic uncertainties may arise from the assumed local/regional velocity models and 

the method used for depth estimation. Thus combining different methods and independent datasets 

is a good strategy to reduce such epistemic uncertainties18-20. 

Here, we combined independent observations of teleseismic body-wave and regional surface-wave 

observations with information from different approaches. In particular, we complemented the MT 

inversion analysis, in which we inverted also for the centroid depth, with an analysis of teleseismic 

depth phases. This approach helped to tightly constrain the source depth based on the relative 

arrival times of waves traveling vertically upward and downward around the source. A correct 

estimate of the focal mechanism from regional data helped avoid misinterpretations of the detected 

depth phase (pP instead of sP). The overall good coherence among our results that was obtained 

using different datasets and approaches guarantees that our findings regarding the relative depth 

variations with time are robust.

3.2.1 VTs depth estimation using local and regional data

Our estimates of centroid depths and their uncertainties for the 67 VTs in the strongVT regional 

catalogue, based on centroid MT inversion, showed that VTs migrated upward at the end of Phase I,

between end of May and 7 June 2018 (Sec. 2.1 and Fig. S4). According to these estimates, 

seismicity migrates from ~30 km to less than 10 km depth, possibly eventually approaching the sea 

floor. This result confirms and extends previous findings21, based on local and regional data, that 

also identified a rough ascent of seismicity between ~35 - 40 km and ~10 - 15 km in the same time 

period.
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The absolute depth estimates depended on the chosen crustal structure. In Fig. S6 we compare depth

estimate for stage 1 and the beginning of stage 2. The centroid depths obtained assuming 

continental crusts of 15 to 33 km (models P2017, P2017B and CRUST1) resolve a clear upward 

migration by the end of May 2018, but the depth extent differs in the two cases. Interestingly, the 

deepest events always occur at the crust-mantle boundary.

Fig. S6 | Comparison of the temporal evolution of VT centroid depths with uncertainties as 

resolved by MT inversion using three velocity models. The models have a crustal thickness of 

33.5 km (a, model P2017), 22.3 km (b, P2017B) and 14.5 km (c, CRUST1) for the used continental

model. The Moho depth is plotted for each model as cyan dashed line. The reservoir depth interval, 

considering uncertainties, is marked by a gray band in each plot.
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3.2.2 VTs depth estimation using the ABKAR array data

We analysed teleseismic data from one CTBTO array that allowed for a reliable detection of the 

seismic sequence (ABKAR, Kazakhstan). The differential time between the direct P phase and 

seafloor reflected pP and sP phases was used to infer the hypocentral depth22. Teleseismic P-pP 

delays helped to obtain precise depth estimations23-26. Teleseismic depth phases are powerful tools 

for constraining relative depth variations, especially for depths between10 - 80 km, where depth 

phases are usually visible and well-separated from the P-wave arrival. Comparing depth phases’ 

arrivals from different earthquakes from the same area resulted in  a robust and powerful 

methodology for relative depth estimations22, 27. A previous study22 showed that by using one single 

teleseismic array, as we do in this study, it is possible to track precisely small depth variations 

below 5 km.

We used this approach to estimate the depth of the largest VTs and track the temporal variation of 

the average depth during the swarm, as follows. Assuming location and origin time from the 

reference catalogue for each Mw4+ event, and using the AK135 velocity model, we estimated the 

theoretical arrival time of the direct P wave at the ABKAR array. Continuous vertical component 

seismic data were downloaded for all chosen events and array stations, with a time window 

beginning 40 s before the theoretical P onsets and ending 100 s after. Raw data were then bandpass 

filtered between 0.8 and 2.5 Hz, and beamformed to have one single trace (beam) per event. The 

0.8-2.5 Hz band was chosen here since teleseismic body wave arrivals were reliably detected in this 

frequency band and as a compromise between high mantle attenuation above 1 Hz and source 

radiation usually with higher energy above 0.5-1 Hz for moderate magnitudes events (M 4-5). We 

also tested higher and lower frequency bands, which resulted in a poorer resolution of pP phases. 

The direct P wave was manually picked for each trace; events without a clear P arrival were 

rejected. Beams were aligned according to the picked P-arrival time. For each event, superior and 
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inferior envelopes were computed, summed and the resulting trace was normalized by its norm. 

Finally, to better identify the temporal variation of reflected wave delays, a normalized average 

envelope was computed every 3 hours, using the envelopes of all events occurring in a 4-day time 

window, starting 2 days before Ti and ending 2 days after. Results are shown as function of time in 

Fig. S7.

Fig. S7 | Mean daily normalized beam envelopes at the ABKAR array, Kazakhstan. The band 

identified by white dashed lines and marked with A denotes the arrival time of the identified depth 

phases, which have a delay of 8 - 10 s from the first P onset in early May (event 1) and only 4 - 5 s 

in early June, later increasing again to ~8 s.

The figure shows a clear, coherent and continuous variation of the delays of reflected waves inside 

the P-coda over time. They vary from 8 - 10 s in early May (event 1) to 4 - 5 s in early June (event 

100). An absolute depth estimate was required to discriminate if the observed depth phases were pP/

pwP or sP. pP/pwP were more likely to be detected, given the expected radiation pattern for the 

focal mechanism of the main events. The reflected waves were identified as pP and sP (pwP water 

multiples may be present as well). A decrease in reflected waves’ arrival times was apparent at the 

end of May, supporting the upward migration of VT seismicity at the end of Phase I. Thus, the 
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upward migration of the largest VTs would be from about 25 to 10 km depth, and possibly reaching 

an even shallower depth by mid-June. Again, given the debated crustal structure at Mayotte, we 

tested three very different velocity models (P2017, P2017B, CRUST1), to check the stability of our 

results (Fig. S8). While the absolute depth values can be shifted (up to 8 km) depending on the 

chosen velocity model, the relative variations were similar for all tested models. These results 

support a clear upward migration at the end of Phase I, and a slightly shallower depth in Phase III-

IV (sagging) with respect to the VTs in the early stage of Phase I (unrest at the reservoir).

Fig. S8 | Comparison of depth estimation using the ABKAR array, Kazakhstan, based on 

different velocity models: P2017, P2017B, CRUST1. Observed time envelopes were converted 

into equivalent focal depths, assuming P-pP detections (top). These figures can be interpreted 

(bottom schemes) to show the average depth variations following the 3 models.
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Beside the effect of the velocity model, a second source of uncertainty in the depth estimation 

concerns phase picking. Repeating the picking procedure for other frequency bands (1.5-3.0 Hz and

0.5-1.5 Hz) and consequently the depth estimation, we found an average difference of -0.5±1.1 km 

and 0.4±2.3 km, respectively. Furthermore, we found 4 repeaters, identified with the regional 

stations ABPO and YTMZ, for which we had picked pP arrivals at the ABKAR array in 

Kazakhsthan. For these events, the depth estimations are in the range 23.1±1.7 km, although the 

waveform similarity at regional distances suggest a similar depth for all them. The variability can be

attributed to the pP picking procedure. In conclusion, both tests suggest that depth uncertainties due 

to the pP pickings can be estimated in about +-2km, thus much smaller compared to those due to the

velocity model.

4 Weak VTs using single station analysis

4.1 Catalogue generation

Three-component continuous seismic records of the YTMZ station were visually scanned to 

identify the significant events listed by USGS and GEOFON, which jointly amount to 176 

earthquakes above Mw 4.0. YTMZ data had only a few gaps in September and November 2018. 

Thousands of events of the Mayotte sequence were included in the data. One day of continuous 

recordings with a high seismicity rate is shown in Figure S9. Signal detection and picking were 

performed manually, leading to the identification of 6990 events. We discuss here a subset of 1904 

events with better signal quality, imposing a minimum moment magnitude of 3.5 and a minimum 

peak ground acceleration (after bandpass filtering between 0.2 and 4.0 Hz) of 0.001 m/s2. The 

purpose of our single station analysis was not to provide an accurate location of weak VTs, but 

primarily to identify different families of VTs and investigate their time evolution using a large 
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dataset. A more accurate location of VTs was obtained for those with M>4 using the regional 

centroid centroid MT inversion.

Fig. S9 | Helicoidal plot for the 26 August 2018 at station YTMZ. Raw vertical component 

waveforms, bandpass filtered between 0.2 and 5.0 Hz are shown.

4.2 Waveform attributes

We computed the following VT waveform attributes: (1) differential S-P time as a proxy for the 

hypocentral distance to the focal region, (2) peak ground acceleration (PGA) as a proxy for 

magnitude, (3) P-wave particle motion rectilinearity and orientation, which provided information on

the backazimuth, (4) the amplitude ratio among horizontal and vertical components of the P wave, 

which provided some qualitative information on the evolution of the incidence angle, and (5) the 

amplitude ratio for S and P waves, which provided information on the focal mechanism.

The differential S-P times, which were based on manual picking, were used to estimate the 

hypocentral distance along the ray path, assuming a mean crustal velocity of 6 km/s. The 

uncertainty of differential S-P time was small (we estimate below 0.1 s), since both P and S phases 

were manually picked and we considered only the cleanest VTs signals. S-P times were used to 
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infer a rough epicentral location assuming a fixed depth of 20 km (chosen as average centroid depth

of large VTs as a result of the centroid MT inversion). A fixed depth was also assumed in previous 

studies at Mayotte to stabilize the location procedure with a poor local network21. Because of this 

bold assumption and despite the small uncertainty of the differential time, the epicentral distance 

uncertainties are large (more than 10 km).

To estimate magnitudes for the 1904 VT dataset, we proceeded as follows. Observed PGAs were 

first corrected for distance, assuming a common reference distance of 40 km (as and average value),

and then plotted against moment magnitudes (for all events for which a magnitude from a MT 

solution was available). We then used the correlation between the logarithm of distance-corrected 

PGAs and Mw magnitudes, to establish a relation among these and to infer the moment magnitude 

of 1904 events based on the PGA at YTMZ and distance to this station. 

The polarization analysis was performed using only the horizontal component of the P wave. For 

this purpose, we used raw acceleration data and applied a 4th order Butterworth filter between 0.2 

and 4.0 Hz. We extracted 1.5 s time windows for P phases, starting at the time of the picked onset. 

The rectilinearity definition28 depends on the ratio of the covariance matrix eigenvalues, and its 

derivation was implemented following the obspy library29. An example of particle motion and 

derived backazimuth is shown in Fig. S9 for the largest VT event of May 15, 2018. The average 

rectilinearity value for our 1904 events was 0.58, while the highest rectilinearity value was 0.86. We

estimated a backazimuth uncertainty for the largest VT event (Figure S10a,b) of ~2°; this estimation

was based on repeated analysis after random perturbation of the bandpass frequency corners in the 

range 0.20 ± 0.05 Hz and 4.0 ± 1.0 Hz and the time window length in the range 1.50 ± 0.15 s. 

However, such uncertainty sums with the uncertainty on the sensor orientation. To verify the sensor 

orientation, we estimated the backazimuth for the largest VT event (104.5°) and compared it with 
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the theoretical value based on our own centroid location (96.1°), resulting in a sensor orientation 

correction of ~8° anticlockwise. This static correction was applied to all backazimuth estimates (e.g.

in the locations plotted in Fig. 2). Interestingly, a similar correction of ~7° was also found when 

comparing the particle motion of the largest VLP to the theoretical backazimuth derived for the 

deformation source, located by fitting geodetic data (Fig. S10c,d). 

Amplitude ratios (between S and P phase amplitudes, and between the vertical and horizontal 

components of the P phase) were measured from the maximal acceleration after bandpass filtering 

in the range 0.2 - 4.0 Hz and tapering 1.5 s time windows for P phases and slightly longer windows 

(2.5 - 4.0 s depending on the S-P times) for S phases, based on picked onsets. We used these values 

to judge the qualitative evolution of the VT seismicity with time. An overview of the estimated 

waveform attributes is shown in Fig. S11.
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Fig. S10 | Example of particle motion determination for the Mw 5.9 VT on 15 May 2018 (a, b) 

and the VLP signal of 11 November 2018 (c, d). Horizontal components at station YTMZ 

(normalized accelerations) are shown for the VT (a) applying a bandpass filtered between 0.5 and 

4.0 Hz, and VLP (c), with bandpass filter 0.063 – 0.08 Hz. The polarization analysis was performed 

on shorter time windows (red areas): 1.5 s long signal corresponding to the first P onset for the VT, 

and a time window of 150 s for the VLP. Hodograms for the horizontal particle motion can be used 

to estimate the backazimuth (red lines in b, d and compared with reference ones (dashed red lines in

panels b, d). For the VT we predict a backazimuth of 104.5° as computed from the particle motion, 

which show a mismatch of ~8.4° with respect to the backazimuth based on the regional MT 

inversion (96.1°). The VLP backazimuth estimated from the particle motion was compared to the 

backazimuth based on the location of the deformation source.
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Fig. S11 | Overview of the single station analysis using data from station YTMZ. a, The 

temporal evolution of differential S-P times obtained upon picking 6990 VTs (light blue circles) 

denotes a dominance of larger hypocentral distances (differential time larger than 5.15 s), which 

dominate Phases I and II of the sequence, and correspond to intrusion-triggered VTs. In Phases III-

IV, most VTs are associated with sagging processes at closer distances. For the largest 1904 events 

(dark blue), we could extract other attributes. b, Maximum PGAs were found for the intrusion 

related VTs, which also presented large magnitudes. c, The backazimuths varied between East and 

Southeast, with higher backazimuths for the sagging related events, whose epicenters were located 

closer to Mayotte than those of the intrusion-driven VTs. d, A broad range of Ph/Pz ratios at YTMZ 

indicated slightly steeper angles (deeper sources) for dike-related VTs than for sagging-related ones.

The temporal evolution of this parameter supports the upward migration at the end of Phase 1 (Fig. 

3). Dashed lines denote median values (maximal values for PGAs) for the two VT types associated 

with intrusion (left) and sagging (right).
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4.3 Waveform-based clustering

To distinguish different families of earthquakes, we applied a waveform-based clustering technique,

combining information from the waveform similarity and the differential S-P times, which reflect 

the distance to Mayotte. We first computed the 3-component cross-correlation at station YTMZ for 

each events pair, using a 12 s time window of raw waveforms starting 1 s before the P onset and 

bandpass filtered between 0.25 and 2.0 Hz. The cross-correlation was transformed into a distance 

value by mapping cross-correlation values between 1 (correlation) to -1 (anti-correlation) to 

distances between 0 (highest similarity) and 1 (lowest similarity). The distribution of the differential

S-P times shows a clear minimum at 5.15 s, which separates two major groups of VT seismicity 

based on the distance to Mayotte. We attributed one group to dike propagation and the other group 

to sagging above the depleting reservoir (Fig. S11a). To force the separation between these two 

main families, we additionally fixed the distance value to 1 (i.e. dissimilar events) whenever the 

event pair include one VT associated with dike and one to sagging. Finally, we used a density-based

seismicity clustering algorithm30 to create a cluster whenever for one VT there were at least 19 

others (1% of the dataset) with a distance below 0.15. Results are illustrated in Fig. S12 which 

shows the distance matrices, sorted chronologically and after the clustering. Since the density-based

algorithm allowed for unclustered events, we finalized the process by assigning each of the 

unclustered VTs to one of the defined clusters, depending on its mean similarity to those in each 

cluster.
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Fig. S12 | Results of the waveform-based clustering for VT seismicity. The similarity matrices 

are built using the cross-correlation of filtered 3-component raw waveforms at YTMZ and a 

comparison of S-P differential times, with dark blue to white colours, representing high to low 

similarity. The left matrix, where VTs are sorted chronologically, highlights the change from 

dominant dike-related VT activity to sagging-related VT activity, on August 19, 2018 (event 

numbers 630-631). In the right matrix, events are resorted into 8 clusters, which are plotted in 

different colours in Figs 2 and 3.

5 VLPs

5.1 Detection

VLPs were detected through the simultaneous identification of monochromatic seismic signals at 

four broadband stations at regional distances (FURI, MSEY, ABPO, and LSZ). Data were processed

for the time period between 1 January 2013 and 5 March 2019. We selected 30 min time windows, 

starting every 2 minutes. These time series, corrected for their instrumental response, were bandpass

filtered between 10 and 20 s. Using a moving window approach, amplitude spectra were first 

computed for each spatial component, then a mean spectra estimated and this was finally 

normalized. When the window contains monochromatic VLP signals, the normalized spectrum 

shows a clear dominant peak.
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In the period preceding the seismic sequence (from 2015 until early 2018) one single VLP signal 

was detected: it occurred on 30 January 2018. From June onward hundreds of VLP signals were 

detected, showing dominant periods around 15-16 s (Fig. S13). The VLP catalogue was further 

enhanced following a template-matching approach. Continuous times series envelopes in the 10 - 20

s frequency band were fitted with those from the largest VLP event, which occurred on November 

11, 2018. Potential new VLP detections were checked manually, picked, and either validated or 

rejected, by looking at their spectrograms. The checking procedure allowed for the rejection of a 

few false detections, mostly associated with regional earthquakes with long coda and narrow 

spectral content. This procedure provided a final list of 407 VLPs.

Fig. S13 | Peak spectra and associated dominant period at ABPO station for all 30-minute-

long time windows. High peak values indicate monochromatic signals.
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5.2 Amplitude and spectra characterization

Dominant periods of VLPs at Mayotte showed a clear, smooth variation over time (Fig. S13), 

starting at about 15.2 s in June 2018, increasing to 15.6 s in October 2018, and then steadily 

decreasing in the following months. By the end of February 2019, the dominant period was 15.3 s, 

close to the starting value, and later it decreased further.

A surface wave magnitude was estimated based on the following attenuation relation:

M S= log10(
A
T

)+1.66 log10(d )+3.5 (1)

where d is the epicentral distance from the average VLP location, T is the dominant period and A 

the maximum vertical displacement amplitude.

The surface wave magnitude uncertainty depends on the quality of the amplitude measurements for 

the considered period (T = 15.5 s). The monochromatic characteristic of the VLPs allowed these 

amplitudes to be easily picked. The standard deviation for the Ms estimations among the 4 used 

seismic stations was in the order of ~0.4 magnitude units. We computed ratios among different 

magnitude estimates obtained using data from different stations. A deviation from a magnitude ratio

of ~1 can be attributed to the source radiation pattern. When the ratio among magnitude estimations 

(Ms) of different stations remained constant over time, the VLPs had a similar radiation pattern and 

the relative magnitude uncertainties were assumed to be small. The main limitation of our relative 

Ms estimation resulted from instrumental response problems occurring on LSZ and FURI stations. 

We noticed changes of the instrumental responses provided at two times during the crisis, which 

affected the final estimated magnitudes by less than 10%.

27



5.3 VLP source inversion

For the VLP event, the source inversion was conducted following a similar procedure as for the VT 

events. However, in this case, we used only the regional stations and performed the inversion in the 

frequency range of 0.06 - 0.07 Hz, given the monochromatic characteristic of VLP signals. In order 

to model the VLP oscillation, the source time function was modelled as a dampened harmonic 

oscillator as:

S (t)=exp(
−t
τ )sin(2π f t) (2)

where f is the resonance frequency, and τ is the decay time. Therefore, the inversion also inferred 

these two additional parameters. For overlapping VLP events, only the largest was modelled by our 

approach.

6 Deformation data analysis and modelling

On Mayotte Island, four GNSS stations showed large horizontal displacements and subsidence of 

up to 20 cm from 1 July 2018 to 1 April 2019. We used these GNSS data to constrain the deflation 

source.

6.1 Identification of deformation transients

We used the GNSS station MAYG to constrain the onset of the deformation signals associated with 

the activity off Mayotte Island; this station has the longest time series among those installed on the 

island. We applied simple change point analysis31-32 to the GPS time series and then verified when 

the daily GPS measurements overcame a threshold given by the observed pre-transient sample 

variance. The latter check indicated when the deformation signal could be safely used for modelling

the geodetic signal.
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Regional linear transient deformation of Mayotte Island was calculated between 2014 and 2018. 

These trends were removed from the whole length of the data series (2014-2019), obtaining a time 

series for each of the three components with a zero mean before the onset of the transient 

deformation in March 2018. The East and North components show a scatter of σ ~ 3 mm, while the 

vertical component shows larger scatter σ ~ 9 mm between 2014 and 2018.

Two non-parametric change point tests were applied on the detrended time series: (1) Pettitt test31 

and (2) Whitney-Mann-Wilcoxon test32. The results indicate that the change point xt is between 20 

May and 2 June, 2018. Only for the North component did the Pettitt test detect a change point 

earlier in February). Thus, it appears that the deformation has started a couple of weeks after the 

onset of swarm activity off Mayotte coinciding with the upward migration of seismicity and the 

onset of VLP signals, which was first detected on 2 June, 2018.

The change point xt could be used to model the deformation, but deformation values in early June 

were still within ±σ bounds of the 2014 - 2018 transient and are statistically indistinguishable. To 

define the timing of the long-term change, we could also use the 2σ rule, i.e. xi > |2σ2014−2018|. This 

criterion indicated that the deformation signal increased above 2σ significance from 15 June 

(North), 9 July (East) and 15 July, 2018 (vertical) onward.

6.2 Deformation source modelling from GNSS surface displacements

Based on the change point analysis we inferred the cumulative displacement on Mayotte Island, for 

the period of time 1 July 2018 to 1 April 2019, reported in Tab. S5. We used this cumulative 

displacement to model the deformation source.
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Tab. S5: GNSS displacement rates (mm yr-1) used in the inversions, error is 1σ.

E N Up

MAYG 200.57 ± 1.02 -4.58 ± 0.80 -149.73 ± 2.46

BDRL 212.37 ± 1.12 87.47 ± 0.87 -142.33 ± 2.61

KAWE 216.87 ± 1.23 -17.20 ± 0.92 -144.13 ± 2.51

GAMO 195.07 ± 1.02 -8.95 ± 0.77 -82.67 ± 2.56

6.2.1 Bayesian inference with axisymmetric point sources in a layered medium

We tested different point dislocation sources and velocity/elasticity models11, 33 against the observed 

GNSS data and evaluated the different source models in a Bayesian inversion scheme (using the 

Grond11 framework). Beside models P2017, P2017B and CRUST1, and in order to reflect the 

uncertainty of the regional layered elasticity model, we used 25 additional uniform realisations of a 

gradient elasticity model representing different crustal gradients and thicknesses between 15 and 30 

km (Fig. S2). The results of the Bayesian inversion are shown in Fig. S14-S16.

We found that an isotropic source model in a homogeneous half-space cannot adequately represent 

the observations and overestimates the vertical displacements. To make use of more realistic 

dislocation source models, we designed a constrained MT-based point-source model. This source 

model represents a vertically elongated, deflating ellipsoid, similar to the point compound 

dislocation model34 or an ellipsoidal cavity35. 

The combination of an isotropic volume source model with a vertical compensated linear vector 

dipole (CLVD) together with perturbed gradient elasticity models provides a better physical 

representation of the measured surface displacements.
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Fig. S14 | Location plot of the ensemble of best solutions in three cross-sections. Symbols show 

best volume locations, and colours indicate low (red) and high (blue) misfit. The deflating source of

deformation is located 23 ± 3.1 km East of Mayotte, at a depth 32 ± 3.5 km. Volume change (∆V) is

1.67 ± 0.37 km3.
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Fig. S15 | 2D distributions of the inferred source parameters help to evaluate the resolution of 

source parameters and to identify parameters trade-offs. A subset of model solutions is shown 

in two dimensions as points for all possible parameter pairs. Point colour indicates the misfit for the 

model solution with blue for high misfit models and red for low misfit models. Dark grey boxes 

mark the initial reference solution.
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Fig. S16 | Distribution of the problem's parameters. The histograms are shown as Gaussian 

kernel densities (red curved solid line). The red solid vertical lines give the median of the 

distribution and the dashed red vertical line the mean value. Dark gray vertical lines show reference 

parameter values. The overlapping red-shaded areas show the 68% confidence intervals (innermost 

area), the 90% confidence intervals (middle area) and the minimum and maximum values (widest 

area). The plot ranges are defined by the given parameter bounds and show the searched model 

space.

6.2.2 Bayesian inference of generalised point sources in a homogeneous medium

We tested point Compound Dislocation Model34 sources with a variety of constraints to remove 

some of the parameters: isotropic (4 parameters), horizontal dislocation (4 parameters), one vertical 

dislocation (5 parameters), three perpendicular dislocations (one of which horizontal, 7 parameters),

three perpendicular dislocations (two of which are vertical and have the same potency, 5 

parameters).

For the inversion, we use genetic algorithm optimisation36-37 to find the optimal solution (minimum 

misfit), which we then use as the starting point in our Bayesian inference scheme. To sample the 

posterior pdfs we used the Delayed Rejection Adaptive Metropolis (DRAM38-39), which is an 
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efficient adaptive Markov Chain Monte Carlo scheme, implemented in the software package 

MCMCSTAT for MATLAB (https://mjlaine.github.io/mcmcstat/).

Results are given in Tab. S6 and Figs. S17-S21. Solutions are compared with the Akaike 

Information Criterion, results are 4506, 7804, 292, 680, 317 for the isotropic (Mogi), horizontal 

dislocation (sill), vertical dislocation (dike). vertical axisymmetric point CDM (prolate ellipsoid) 

and vertical triaxial point CDM (prolate ellipsoid), respectively.

34
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Tab. S6. Summary of inversion results. For consistency with the other solutions, potency is 

declared rather than volume change (for isotropic sources, potency=volume change*1.8).

Source type/Par. Lower a priori Upper a priori Lower 99% Upper 99% Optimal

Isotropic (Mogi)

Lon 45.2 47.8 45.633 47.494 45.694

Lat -13.2 -12.5 -12.861 -12.535 -12.880

Depth (km) 5 200 32 160 41

Potency* (km3) -70 0 -125 -6.5 -9.2

Horizontal 
dislocation (sill)

Lon 45.2 47.8 45.935 46.930 46.481

Lat -13.2 -12.5 -12.911 -12.530 -12.735

Depth (km) 5 200 49 179 100

Potency (km3) -70 0 -70 -14 -46

Vertical 
dislocation (dike)

Lon 45.2 45.9 45.410 45.475 45.421

Lat -13.1 -12.6 -12.807 -12.794 -12.802

Depth (km) 5 70 18.1 23.8 20.3

Orientation (o) 0 179 167 171 169

Potency (km3) -10 0 -1.7 -1.1 -1.3

Axisym. pCDM 
(prol. ellipsoid)

Lon 45.2 45.9 45.460 45.604 45.484

Lat -13.1 -12.6 -12.797 -12.772 -12.788

Depth (km) 5 70 20.3 31.5 23.2

Potency_x (km3) -10 0 -3.2 -1.4 -1.8

Potency_y (km3) -10 0 -3.2 -1.4 -1.8

Potency_z (km3) -10 0 -0.34 -0.00036 -9.5e-11

Triaxial pCMD

Lon 45.2 45.9 45.424 45.554 45.419

Lat -13.1 -12.6 -12.806 -12785 -12.802

Depth (km) 5 70 19.3 27 20.2

Orientation(o) 0 90 10 81 79

Potency_x (km3) -10 0 -2.3 -6.1e-3 -2.5e-5

Potency_y (km3) -10 0 -2.8 -1.2 -1.3

Potency_z (km3) -10 0 -0.14 1.5e-4 -6.5e-11
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Fig.  S17 | Marginal and joint probability density functions (pdfs) of the deformation source 

parameters (isotropic point source). The red bar in the marginal and the black dot in the joint dis-

tributions represent the optimal model (minimum misfit).
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Fig.  S18 | Same as for Fig. S17, but for a horizontal tensile dislocation.
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Fig.  S19 | Same as for Fig. S17, but for a vertical tensile dislocation.
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Fig.  S20 | Same as for Fig. S17, but for a vertical axisymmetric point CDM.
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Fig.  S21 | Same as for Fig. S17, but for a vertical triaxial point CDM.
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