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Fig. S1 Location of Lascar volcano. Red dots indicate seismic-station positions. Source: [18]. Map 125
lines delineate study areas and do not necessarily depict accepted national boundaries. 126

127
128
Table S2 Event contributions by station in Lascar database. 129

Event\Station LC01 LC02 LC03 LC04 LC05 LC06 LCO7 LCO8 LC09 LC10 B2DA Total 130

HY 0 0 0 7 4 4 0 3 12 136 6 213 131
LP 11 4 2 142 28 5 60 23 195 107 577 132
TC 9 11 97 284 36 157 127 144 1,171 162 2,198 133
TR 1 29 21 4 61 13 35 292 10 471 134
VT 2 18 52 84 6 206 14 41 2,249 14 2,686 135

TOTAL 23 38 187 576 78 429 217 255 4,043 299 6,145 136
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Table S3 Event statistics for Lascar volcano.

Events  Quantity (%) Quantity Maximum (s) Minimum (s

Mean (s) Median (s) Mode (s) Standard Deviation (s)

HY 3% 213 265 10 57.2 59 40 35.3
LP 9% 577 600 9 82.3 67 25 63.5
TC 36% 2,198 670 9 78.5 65 20 56.2
TR 8% 471 216 9 46.2 31 20 33.8
vT 44% 2,686 189 5 19.6 17 10 12.3
TOTAL 100% 6,145 670 5 49.9 28.0 20 50.0

C Seismic events

The seismic events considered are as follows:

® Long-Period (LP or LF): These events are directly associated with the dynamics
of fluids (magma, gas, or water) within the volcanic system [3, 8, 21]. They are
key indicators for predicting eruptions, as they signal the movement of magmatic
or hydrothermal fluids toward the surface [6, 22]. Their energy is concentrated in
a narrow band of low frequencies, mostly between 0.5 and 5 Hz [5, 7, 10]. Some
sources cite ranges of 0.2-10 Hz or 1-6 Hz [11].

e Volcano Tectonic (VT, VTE, or HF): These represent the brittle response of
solid rock to stress changes induced by magma movement or internal pressures
[8, 19, 21, 22]. These are fracture earthquakes ("rock breaking”), similar to tectonic
earthquakes, but located within or below the volcanic edifice. They usually last less
than 30 seconds [6]. They are high-frequency (HF) events. They have a broadband
spectrum typically above 5 Hz [6, 22|, reaching up to 30 or 40 [5, 11].

e Hybrid (HY, HB, or MX): These events share characteristics of VT and LP events.
They are distinguished by starting with a high-frequency signal (similar to a VT,
associated with brittle fracture), immediately followed by a low-frequency, long-
duration signal (similar to an LP, associated with fluid resonance) [3, 5, 8]. Hybrid
events are related to imminent pre-eruptive episodes [3, 5, 22]. Their spectrum is
broadband, typically covering energy in the frequency range of 1 to 20 Hz [7].

e Tectonic (TC or REG): These are earthquakes produced by the dynamics of geo-
logical faults, not directly related to the active movement of magmatic fluids within
the volcanic edifice. They have clear P and S wave arrivals, an impulsive onset, and
exponential decay [10, 13]. They can have frequencies of up to 15-40 Hz if they are
local, or lower if they are regional due to attenuation [10, 11].

e Tremor (TR): This is a continuous signal indicating sustained activity in the vol-
canic system. It is defined by a sustained amplitude vibration that can last from
minutes to days, months, or even be permanent in active volcanoes [3, 8, 10, 21]. It is
associated with the continuous movement of magma or gases, prolonged resonance
in the conduits, degassing processes, or the continuous succession of LP events. It is
generally restricted to low frequencies, typically in the range of 1 to 5 Hz [5, 10, 22],
although it can extend up to 1-9 Hz [3, 21].
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Fig. S2 Time series (top) and spectrogram examples (bottom) for seismic-event classes in Lascar
database: (a) hybrid (HY), (b) long-period (LP), (c) tectonic (TC), (d) tremor (TR), and (e) volcano-
tectonic (VT).

D Data Similarity

Kullback-Leibler divergence (KL divergence) is used to measure similarities between
synthetic and real datasets, and is defined as

DialPQ) = 3 Pl 1oz (523 1)

where P and @ are the probability distributions whose distance is calculated over
the samples x; of the distribution [23]. Kullback-Leibler divergence (KL divergence)
is not a symmetric distance, so it can be symmetrized to give rise to the so-called
Jensen—Shannon divergence (JS divergence), defined as

JS(Pl|Q) = Dk r(P||(P+@Q)/2) + DrL(QII(P + Q)/2) (2)

This measure quantifies the distance between time—series distributions. It is based on
the calculation of the Wasserstein distance between time—series data. This metric is
defined by measuring the Wasserstein distance of the energy between frequencies. The
probability distributions have a Wasserstein—Fourier distance, which is calculated as
follows [23]:

WF([z], [y]) = Wa(se, sy) 3)

where s, and s, are the normalized power spectral densities of the distributions.
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E Data Augmentation Pseudocodes

Algorithm 1 Rotation algorithm

1: function ROTATION(tTrace, f Percent, sAxisLoc)

2 if sAzisLocin ['I') F' A'] then

3 for all ¢r in tTrace do

4 if sAxisLoc =" I' then > start
5: tr.data + [0] x int(len(tr.data) * fPercent) + tr.data

6 end if

7 if sAxisLoc =" F' then > end
8 tr.data < tr.data + [0] = int(len(¢r.data) x f Percent)

9: end if
10: if sAxisLoc =" A’ then > center
11: tr.data < [0] * (len(¢r.data) * fPercent//2) + tr.data+
12: [0] * (len(tr.data) = f Percent//2)
13: end if
14: end for
15: end if
16: return tT'race

17: end function

Algorithm 2 Jittering algorithm

1: function JITTERING(tTrace, fSigma = 0.2)
2 for all tr in tTrace do
3: noise < Gaussian noise array with distribution N'(u = 0,0 = fSigma)
4 tr.data < tr.data + noise
end for
return tTrace
end function

IR

Algorithm 3 Drifting algorithm

1: function DRIFTING(tTrace, fDrift = 0.1)

2 vStep ||

3 vStep.append(fDrift - (random < 0.5 7 —1: 1))
4 for i = 1 to len(tTrace.data) — 1 do

5: value < vStepli — 1] + (fDrift - (random < 0.5 7 —1: 1))
6 vStep.append(value)

7 end for

8 for all tr in tTrace do

9: tr.data < tr.data + vStep

10: end for

11: return tT'race

12: end function




Algorithm 4 Genetic algorithm without time adjustment

1: function GENETICALGORITHM(tT racel, tTrace2,iSegmentTime = 1,

e e e e
PRl

16:
17:
18:

© ® N> T

1SegmentCross = 5)
tTrace3 < tTrace2
for all (trl,tr2,tr3) in (tTracel, tTrace2,tTrace3) do
if trl.duration() < tr2.duration() then
ITime + SelectSegmentList(¢rl.duration()//iSegmentTime,

1SegmentCross)
else
ITime + SelectSegmentList(¢tr2.duration()//iSegmentTime,
1SegmentCross)
end if

lPunto < GeneratelnitEndTimeList({ Punto)
for all (z,y) in [Punto do
iMaxl + absolute(max(trl.data))
iMax2 < absolute(max(tr2.data))
tr3.datalz : y] < trl.datalz : y] - (iMax2/iMazl)
end for
end for
return tT'race3

19: end function

Algorithm 5 Genetic algorithm with time adjustment

1: function GENETICALGORITHM(tTracel, tTrace2, f Percent = 0.3,

© XIS AW

e e e e
g w o

H
@

17:
18:
19:

iSegmentCross = 5, bJoinNextSegment = False)
tTrace3 < tTrace2
for all (trl,tr2,tr3) in (tTracel, tTrace2,tTrace3) do
iSegmentSizel + len(trl.data) - f Percent/iSegmentCross
1SegmentSize2 < len(tr2.data) - f Percent/iSegmentCross
ITime < SelectSegmentList(¢trl.duration()//iSegmentTime, iSegmentCross)
lPuntol « GeneratelnitEndTimeList(tr1, [ Punto)
lPunto2 + GeneratelnitEnd TimeList(¢r2, [ Punto)
if bJoinNextSegment then
JoinNextSegments(l Puntol)
JoinNextSegments (I Punto2)
end if
for all (z1,22,y1,y2) in ({Puntol,lPunto2) do
iMazl < absolute(max(¢rl.data[zl : z2]))
iMax2 <+ absolute(max(tr2.datalyl : y2]))
tr3.datalyl : y2] « trl.datalzl : 22] - (iMaz2/iMazl)
end for
end for
return tT'race3

20: end function
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Algorithm 6 SpecAugment algorithm

1: function SPECAUGMENT (¢trT'race, iSpectrogramSize, f FequencyPercent = 0.1,

© ® DTN

iFrequencyCant = 2, fTimePercent = 0.1,iTimeCant = 0)
imgSpec <+ GenerateSpectrogram (trTrace)
fDuration < trTrace.duration()
[FrequencyM ask < GenerateMask(20.0, f FequencyPercent, iFrequencyCant)
ITimeMask < GenerateMask( f Duration, f FequencyPercent,iFrequencyCant)
for all (y1,y2) in [FrequencyMask do
AddImageMark(imgSpec, Rectangle((0,y1), f Duration, y2 — y1),
color = WhiteNoise)
end for
for all (z1,22) in ITimeMask do
AddImageMark(imgSpec, Rectangle((z1,0), 22 — z1, 20.0), color = WhiteNoise)
end for
return imgSpec

14: end function

Algorithm 7 Interpolation with AutoEncoder algorithm

1:
2
3
4
5:
6
7
8
9:

function INTERPOLATIONAE(trTracel, trTrace2, model AE, f Percent = 0.5)

tmgSpecl < GenerateSpectrogram(trTracel)

tmgSpec2 < GenerateSpectrogram(tr1'race2)

vEncodedl <— model AE .encoder(imgSpecl)

vEncoded?2 < model AE.encoder (imgSpec2)

vResult < vEncodedl - (1 — fPercent) + vEncoded? - f Percent
imgResult < model AE.decoder(vResult)

return imgResult

end function




F Data Augmentation

e
I ‘Ml”d‘"

h W

I M'W"

Nl N»":‘“vlr:w‘ﬂ i P Y il rf»ﬂ:ﬂv‘r’n‘m ' A

® (€9) (h) (M)

Fig. S3 Rotation transformation or time stretching (a) produced by applying a rotation angle (b).
Possible rotation axes are located at the beginning (c), center (d), and end (e) of the spectrogram.
Examples include (f) the original spectrogram, (g) a 19% rotation around the central axis, (h) a 23%
rotation around the initial axis, and (i) a 24% rotation around the final axis.
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Fig. S6 Signal generation using a Genetic Algorithm without time adjustment. (a,b) Parent signals,
with red highlighting exchanged segments. (c) Generated signal. (d,e) Parent-signal spectrograms.
(f) Generated-signal spectrogram.
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Fig. S7 Signal generation using a Genetic Algorithm with time adjustment. (a,b) Parent signals,
with red highlighting exchanged segments. (c) Generated signal. (d,e) Parent-signal spectrograms.
(f) Generated-signal spectrogram.
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Fig. S8 Signal generation using SpecAugment. (a) Original spectrogram. (b) Spectrogram with two
time-frequency distortions highlighted in red. (¢) Spectrogram with two time-frequency distortions
with white noise.

Fig. S9 Interpolating events (HY) at different intensity levels yields greater diversity.

G Model performance — Metrics

The following performance metrics are available:

e Confusion Matriz: A tabular representation of true labels versus model predictions.
Although not a performance metric in itself, it serves as the foundation for deriving
many other evaluation measures (see Table S4).

Table S4 Confusion matrix.

Predicted
Positive Negative
(P) (N)
Positive (P)  True positive (TP)  False negative (FN)
Negative (N)  False positive (FP)  True negative (TN)

Actual

Where TP denotes true positives, TN true negatives, F'P false positives, and F'N
false negatives.
® Recall (Sensitivity): Measures the proportion of actual positive cases that the model

correctly identifies.

TP
Recall = TP+ FN (4)

12



® Precision: Measures the proportion of positive predictions that are correct, indicat-
ing the model’s reliability in classification tasks.

TP
Precision = —————= 5
TP+ FP (5)
® Fj: Combines precision and recall into a single value, facilitating comparison across
models. The parameter 5 > 0 adjusts the relative importance of recall versus preci-
sion: values 5 > 1 favor recall, while 8 < 1 favor precision. This metric is particularly
useful for imbalanced datasets.

preciston - recall

Fg = (1+ 0% (6)

32 - precision + recall

® Acurracy: Measures the overall proportion of correctly classified cases. However, it
can be misleading when dealing with imbalanced datasets.

TP+ TN
TP+TN+FP+FN

Accuracy = (7)
® Specificity: Measures the proportion of actual negative cases that the model correctly

identifies.
TN

—_— 8

TN+ FP )

e (Cohen’s kappa: Measures the agreement between the model and human evaluators,
taking randomness into account. It is particularly useful for imbalanced datasets.

Speci ficity =

Po — Pe
)= 2o Le 9

where pg is the empirical probability of agreement and p. is the expected agreement
when both annotators assign labels randomly.

H Similarity and Diversity metrics

H.1 Fréchet Inception Distance (FID)

The Fréchet Inception Distance (FID) is a widely used metric for evaluating the qual-
ity of images generated by Generative Adversarial Networks (GANSs) [24]. Its primary
objective is to quantify the similarity between generated and real images [25]. Com-
pared to earlier metrics such as the Inception Score (IS), the FID offers an improvement
because it leverages statistics from real-world samples for comparison, whereas the IS
does not [26]. The core idea of the FID is to embed both real and generated images into
a vision-relevant feature space and then compute the distance between the distribu-
tions of these embeddings. In practice, this feature space is typically the penultimate
layer (pool3, with 2048 features) of an Inception-V3 classifier pre-trained on ImageNet
[26].

N

FID(pr, Era,uga Eg) = HMT - /Jg”; + TT(ZT + Eg - 2<ZT29) ) (10)
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where (pr, 2,) and (pg, X4) denote the sample main and covariance of the embeddings
of the real and generated data, respectively, and Tr(-) indicates the matrix trace [26].
The theoretical range of the FID is [0, +00), as it is a distance measure. Lower values
correspond to higher-quality images [27]. In theory, an FID of 0 indicates that the
feature distributions of the generated and real images are identical in terms of mean
and covariance under the Gaussian approximation [25]. Empirical studies have shown
that FID correlates well with human judgments of image fidelity [25].

H.2 Kernel Inception Distance (KID)

The squared Maximum Mean Discrepancy (MMD) is used by the Kernel Inception
Distance (KID) to measure the difference between the feature representations of real
and generated images. These features are extracted from the Inception network. Unlike
the Fréchet Inception Distance (FID) [25], KID employs an unbiased estimator, which
makes it more reliable, particularly when the number of test images is smaller than
the dimensionality of the Inception features. A lower KID score indicates greater
visual similarity between real and generated images [28]. KID use a polynomial kernel
k(z,y) = (Gz©-y+ 1)° where d is the dimension of the Inception representation
vector, and x and y are two feature vectors. The kernel K(z,y) = k(¢(x), ¢(y)) can
then be applied as an MMD for input images, where images are mapped into Inception
representations through ¢ [29]. Since KID is a distance metric, a value of 0 indicates a
perfect match between the distributions of real and generated features. Theoretically,
if the two distributions are identical, the distance equals zero. A key advantage of KID
lies in its simple and unbiased estimator, which distinguishes it from FID [29].

H.3 Multi-Scale Structural Similarity (MS-SSIM)

MS-SSIM is a multi-scale improvement of SSIM that aims to eliminate aspects of an
image that are not crucial for human perception [30, 31]. The calculation of SSIM,
which serves as the basis for MS-SSIM, compares three principal components: lumi-
nance (intensity), contrast, and structure. It employs basic statistical moments, such
as the mean and standard deviation, within local windows to derive a similarity score.

M
MS — SSTM (z,y) = [lam(x,y)] H ci(x, )™ - [sj(z,y)]" (11)

where {57(z,y) represents the luminance component between images x and y, ¢;(z,y)
denotes the contrast component at scale j, and s;(x,y) reflects the structural similar-
ity in scale j. The parameters ays, 35, and y; define the relative importance of the
luminance, contrast, and structure components, respectively. Lastly, M signifies the
number of scales employed in the MS-SSIM calculation [32]. The range of MS-SSIM
values is between 0 and 1, and images with higher MS-SSIM values are perceived as
more similar [33], with 1 indicating perfect similarity. Lower MS-SSIM scores indicate
higher diversity [27, 34]. Unlike metrics such as FID (Fréchet Inception Distance) or
KID (Kernel Inception Distance), MS-SSIM does not require a pre-trained Inception
network [35]. MS-SSIM is applied to a fingerprint dataset [35].
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Lower FID values indicate superior image quality, and lower MS-SSIM scores reflect 645
increased diversity [34]. Smaller FID and KID values correlate with more realistic ~ 646
images in image translation [36]. Therefore, the use of IS, KID, or FID is not rec- 647
ommended into datasets outside ImageNet, as these metrics inherently utilize weights 648
from the Inception network, which are validated for images similar to those in the 649
ImageNet dataset. 650
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Fig. S10 Model Loss and Accuracy graph for Training and Validation using transfer learning with 670
AlexNet on dataset: (a) Drifting Drift(0.001-0.01)(Real+Augmented)(viii), (b) Drifting Drift(0.001- 671
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Fig. S11 Normalized and non-normalized confusion matrix of model training using transfer
learning with AlexNet on dataset: (a) Drifting Drift(0.001-0.01)(Real+Augmented)(viii), (b) Drift-
ing Drift(0.001-0.01)(Augmented)(ix), (c) SpecAugment Frequency Percent(0%-10%) Frequency
Masks(2) Time Percent(0%-10%) Time Masks(2)(Augmented)(xxi), and (d) Interpolation AE Signal
Percent(40%-60% ) (Augmented) (xxv).
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