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Text S1. InSAR data processing

Here we briefly review information presented by Gonzalez-Santana and Wauthier (2021)
concerning InSAR Sentinel-1 data processing and refer the reader to that article and the
references therein for further information.

The vertical and East—West InSAR displacements obtained for Pacaya and presented
in the main text are produced by combining InSAR line-of-sight (LOS) displacement time
series from ascending and descending acquisitions. These LOS time-series are presented
in Figure S1 and analyzed in Section S6. They were produced using the Small BAse-
lines Subset (SBAS) method (Berardino et al., 2002) which relies on selecting pairs of
images with small perpendicular (perpendicular distance between the satellite positions)

and temporal (time between acquisitions) baselines in order to minimize geometric and
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temporal decorrelation, respectively. This strategy allows to make use of SAR products
despite difficulties associated to the tropical regions of Central America (Ebmeier et al.,
2013).

SAR pairs were processed using GAMMA (Werner et al., 2000). Topographic contribu-
tions were removed using a 12 m TanDEM-X digital elevation model. The interferograms
were smoothed with an adaptive spectral filter (Goldstein & Werner, 1998). Unwrapping
of the InNSAR phase was performed with a Minimum Cost Flow algorithm on a triangular
irregular network.

Small Baseline Subset (SBAS) time series analysis was performed individually on
Sentinel-1 ascending and descending acquisitions and two sets of LOS displacements time
series were therefore obtained for Pacaya using Sentinel-1 (Figure S1).

To produce the vertical and East—West InSAR displacement presented and exploited
in the main text (Figure 2), we made use of the Multidimensional SBAS (MSBAS)
(Samsonov & d’Oreye, 2012). MSBAS was applied to the ascending and descending
Sentinel-1 datasets that are overlapping from 2014 to 2020.

Text S2. Computing the reconstructed components (RCs) of length N
The time series in Ry, presented in the main text have length N’. One can produce

filtered versions of the time series z;(t) of length N corresponding to the k* EOF using

ru(n) = Mi S Auln—j+ DEG) 1)

The normalization factor and the summation bounds differs between the central part of

the time series and their ends and are given by:

(n,1,n), 1<n<M-1,
(M,,Uy,, L,) = < (M,1,M), M<n<N, (2)
(NN—n+1ln—N+M M), N +1<n<N;
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see Ghil and Vautard (1991) and Ghil et al. (2002) for details.

Text S3. Alternative criteria for selecting M-SSA gap filling optimal parame-
ters

The scheme described in the main text to select the optimal pair of parameters (M, ko)
relies on minimizing the NRMSE between the variance of the original time series with the
missing points and the estimated one that includes the values 7, (t*).

Alternatively, and following (Kondrashov et al., 2005), one can also minimize the
NRMSE between randomly removed data points and their estimates produce with the
M-SSA gap filling algorithm. This NRMSE, is computed only at the epochs at which
values were originally available. Using the optimal parameter pair (M, ko) produces,
therefore, time series that are as close as possible to the original time series at the points
at which the values were originally known. This approach provides readily similar results
as the ones presented in the main text. However, the values of optimal parameters (Mo, ko)
obtained this way change each time data points are randomly selected to be removed from
the time series.

Text S4. Applying M-SSA to large datasets

Here we provide algebraic details regarding the method of applying M-SSA to large

datasets proposed by Groth, Feliks, Kondrashov, and Ghil (2016). Following their ap-

proach, we start by noticing that the S-PCs expression y = xe can be translated into

Y =X(e®1y), (3)

where I, is an identity matrix of size M and ® denotes the Kronecker product. Multi-

plying both sides of (3) by their respective transposes,
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Y'Y =(exly) XX (e®Iy), (4)

and substituting the covariance matrices Y'Y and X'X by their eigendecomposition

V'AV and E'XE, respectively, yields
VIAV = (e®@1y) E'SE (e ®Iy). (5)

The matrix (e ® I,s) is orthogonal and so is E (e ® Ip/). It follows that X and Y have

the same eigenvalues, A = 3, and also that:
E=(e®Iy) VT, (6)

with T a diagonal matrix of elements {1, —1}. Equation (6) means that the eigenvectors
of X*X are, up to a sign, determined by the eigenvectors of Y'Y.
The EOFs derived from Y can then be used to express the RCs Ry, of X using equa-

tion (7) of the main text and equation (6) here:
R, =X(e®Iy) VKV' (e'®1Iy) = VKV' (e' @ Iy) . (7)
The filtered versions of Y represent R®") = YVKV? so that:
R, =RY) (e'®@1y). (8)

Upon channel-wise averaging along skew diagonals on either side of (8) we finally obtain

the relation

r, = r,(gy)et 9)

presented in the main text and relating the RCs of y with the RCs of x.

Text S5. Singular value decomposition (SVD) approach to M-SSA
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The eigenvectors constituting the empirical basis of functions presented in the main text
and obtained through the eigendecomposition of either CV) or C*) can also be obtained

through the SVD of the matrix X:
X = nPAY2V?, (10)

Here A is diagonal and n = max{D x M, N — M +1} is the convenient normalization. The
vectors contained in P and V are the eigenvectors of C®) and CV) respectively and the
non-zeros diagonal elements of A are either the nonzero eigenvalues /\,EP) or /\,({:V) provided

by the eigendecomposition of C®) and CV).

Text S6. Applying M-SSA to large datasets using the SVD approach
Here we review in somewhat greater detail the approach of Groth et al. (2016) for large
data sets using the SVD approach to M-SSA. The SVD of Y = USW’ and X = PAV’

substituted into (3) yield
N PUSW = nt2PAV® (e @ 1)) . (11)

Since the SVD of a real-valued matrix is unique up to a pairwise change in the sign of the

singular vectors, it follows that X and Y have the same singular values, and that

P =UT, (12a)

V = (e®I,) WT, (12b)

with T a diagonal matrix whose elements are {1,—1}. It follows that the left and right
singular vector of X are, therefore, up to their sign, determined by the singular vectors
of Y and by e. It follows that the same operations presented above in Section S2 can be

applyied to express rj, as a function of r(¥).
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Text S7. M-SSA analysis applied simultaneously to vertical and East—West
components

In the main text, we presented M-SSA analysis applied to InSAR vertical and horizontal
displacements separately. Here we briefly present the result of M-SSA analysis performed
on both components simultaneously. While analyzing separately the two components is
useful to highlight their differences, analyzing the two of them together allows one to
compare more directly the spatio-temporal modes of variability they share.

The results are presented in Figures S5 and S6. The dominant frequencies of the main
modes extracted this way are consistent with the ones presented in the main text. The
pairs of oscillatory modes have dominant frequencies at 1, 2, 3, 4, 5.8 and 6.8 cy/yr,
like the ones extracted either from the vertical or the East—West displacements alone
(Figure S6).

Two nonlinear trends are extracted: one capturing mainly the long-periodic trend of
the vertical displacement (PC#3) and the other one capturing a long-periodic signal in
the East—-West component (PC#5) (Figure S6). Both of them have a dominant frequency
around 0.3cy/yr.

The spatial patterns associated with each of the above mentioned modes are displayed
in Figure S6 for both components. They are all consistent with the ones presented in the
main text in Figures 7 and 8.

Text S8. M-SSA analysis of LOS time series from descending and ascending
acquisitions

We also performed our M-SSA analysis directly on the line-of-sight (LOS) time series

used to produce the vertical and East—West displacement time series used in the main
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text. Because the LOS time series have fewer data points than the vertical and East—West
components time series, the M-SSA gap filling algorithm did not work well on the former.
To produce evenly sampled time series for LOS data, we used a simpler approach and

filled the gaps using the following model

zo(t") = a+ b+ or, (13)

where x;(t*) is an estimate of the missing data, a and b are the slope and intercept of
the regression line, respectively, r is a Gaussian random variable with zero mean and unit
standard deviation, while ¢ is the standard deviation of the original detrended time series
x¢. Filling gaps in this way is justified by the fact that Gaussian noise is not correlated
in time or space and is thus going to be seen by M-SSA as part of the noise, rather than
of the trends or oscillatory signals (Walwer et al., 2016, and references therein).

The results of applying M-SSA analysis on LOS time series are displayed in Figures S7—
S9. The main pairs of oscillatory modes have dominant frequencies at 1, 2, 3, 5.8 and
roughly 7cy/yr, which is consistent with the results presented in the main text; see Fig-
ure S7. Nonlinear trends with dominant frequencies at about 0.3cy/yr are extracted from
both ascending and descending datasets as well. The nonlinear trends extracted from LOS
data in the descending acquisition show the same spatial patterns as the ones extracted
from the vertical displacement: higher amplitude at high elevation and within the 2014

lava flow.
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Figure S2. Comparison between results from the M-SSA gap filling algorithm using
different values of M and k = 10 for time series located at pixel coordinates (-90.6120,
14.3684). Original (black dots) and final (grey dots) time series. Grey dots correspond

to the data points obtained with SRPRIPSX 21y FOR7, aki3MAn. The final uniform-

sampling interval is 7, = 2 days.
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Figure S5. M-SSA decompositions of InNSAR vertical and East/Displacement analyzed
simultaneously. a) Normalized eigenvalues sorted in decreasing order of variance captured.
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example PC1 and PC2. b) Spectral-domain representation of the M-SSA decomposition.
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Seasonal (1 cycle per year) Nonlinear trend (PC #3)
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(Left) and ascending (Right) acquisitions.
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Figure S9. Spatial patterns of the amplitude of the dominant seasonal oscillations and

nonlinear trend extracted from the M-SSA analysis applied to LOS datasets at Pacaya.
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