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Abstract10

Volcanic eruptions pose signi�cant risks, demanding precise monitoring for timely hazard mitigation.11

However, interpreting noisy seismic data for eruptive precursors remains challenging. This study12

introduces a novel methodology that extends an earlier time-series feature engineering approach to13

include template matching against prior eruptions. We aim to identify subtle signals within seismic14

data to enhance our understanding of volcanic activity and future hazards. To do this, we analyze15

the continuous seismic record at a volcano and identify the time-series elements that regularly16

precede eruptions and the timescales over which these are observable. We conduct tests across17

various time lengths, ranging from 1 to 60 days. For Copahue (Chile/Argentina), Pavlof (Alaska),18

Bezymianny (Russia), and Whakaari (New Zealand) volcanoes, we con�rm statistically signi�cant19

eruption precursors. In particular, a feature named change quantiles (0.2�0.8), which is related to20

the conditional dynamics of surface acceleration at the volcano, emerges as a key indicator of future21

eruptions over 14-day timescales. This research o�ers new methods for real-time seismovolcanic22

monitoring, minimizing the e�ects of unknown, spurious noise, and discerning recurrent patterns23

through template matching. By providing deeper insights into pre-eruptive behavior, it may lead to24

more e�ective hazard reduction strategies, enhancing public safety around active volcanoes.25
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Introduction26

An important aspect of volcanology is to monitor for impending volcanic eruptions and their po-27

tential hazards. However, this is not easy because seismic data can be contaminated by signals of28

unknown or spurious origin, or known to be unrelated to the volcanic system. Therefore, there is29

a need for new methods that can detect and interpret the subtle changes in seismic activity that30

occur at di�erent timescales before an eruption.31

Eruption precursors are de�ned here as observable signals that consistently precede volcanic32

eruptions. They can be identi�ed in seismic data (e.g., Chastin and Main, 2003; Pesicek et al., 2018;33

Roman and Cashman, 2018), gas measurements (e.g., Aiuppa et al., 2007; de Moore et al., 2016;34

Burton et al., 2021), and satellite observations (e.g., Oppenheimer et al., 1993; Biggs et al., 2022;35

Girona et al., 2021). Eruption precursors can evolve over timescales ranging from years (Caudron36

et al., 2019, 2022; Girona et al., 2021) to weeks (Pesicek et al., 2018; Roman and Cashman, 2018;37

Ardid et al., 2022; Rey-Devesa, Benítez, et al., 2023; Rey-Devesa, Prudencio, et al., 2023) to hours38

(Larsen et al., 2009; Dempsey et al., 2020; Cabrera et al., 2024).39

Not every signal before an eruption should be classi�ed as a precursor. Ardid et al. (2022) intro-40

duced speci�c criteria to de�ne an eruption precursor, emphasizing (1) that the signal consistently41

recurs before multiple eruptions, and (2) it should be di�erentiable from periods of noneruptive42

unrest or repose, recurring less frequently during these periods. The second criterion, focusing on43

distinctiveness, is important for linking the pre-eruptive signal with the impending eruption.44

One approach for exploring precursors over longer timescales is template matching. Ardid et45

al. (2022) adapted this approach by combining the 2-day moving median time-series feature of the46

displacement seismic amplitude ratio (DSAR) with a 28-day template recorded prior to the 201947

eruption at Whakaari volcano; the template appeared to recur with some similarity prior to eruptions48

at Ruapehu and Tongariro volcanoes, also in New Zealand. The precursor was interpreted to re�ect49

a weeks-long consolidation of a low permeability mineralogical seal over an active hydrothermal50

system, which contributed to the conditions conducive of phreatic eruptions. The same precursor51

was used in a template matching investigation of �uid release events in volcanoes with crater lakes52

(Ardid et al., 2023). However, to date, there has not been a systematic investigation of the timescales53

of pre-eruptive unrest using template matching.54

2



In this study, we apply template matching over multiple timescales ranging from 24 hr to 255

months to identify eruption precursors by comparing speci�c time-series elements that regularly56

preceded eruptions and the timescales over which these are observable. We tested our approach on57

four volcanoes: Copahue (Chile/Argentina), Pavlof (Alaska, United States), Bezymianny (Russia),58

and Whakaari (New Zealand). We chose these volcanoes because they have extensive, continuous59

seismic data sets with �ve or more eruptions recorded at each volcano. Our goal is to establish60

whether there are speci�c timescales or eruption templates that are more informative of future61

eruptions, and to explore how these timescales vary between volcanoes.62

Methodology63

Data preprocessing64

In this study, we obtained data from a single station at each of the four target volcanoes (Fig. S1,65

available in the supplemental material to this article; see Table S1 for more details on the stations).66

In choosing stations for each volcano, our criteria prioritized proximity to the vent and number of67

eruptions contained in the record. The primary criterion was the number of recorded eruptions68

because our methods perform better when there are larger data sets to train on. We processed these69

data as follows.70

First, we extract the vertical velocity component of the daily waveform data and remove the in-71

strument response. Although the removal of theoretical instrument response aims to ensure accurate72

and consistent seismic data analysis, it is important to acknowledge that this alone may not guard73

against all data artifacts. These artifacts could persist in both the training and testing data sets,74

leaving room for uncertainty regarding their complete elimination. Nevertheless, the algorithm's75

performance, as observed, presumably includes the detrimental e�ects of these artifacts. This sug-76

gests that despite potential limitations in data quality, evidence of forecasting skill is still apparent.77

However, it remains a priority to explore new avenues for improving the quality of data used in78

training sets.79

We then postprocess four data time series (Fig. S2): (1) real-time seismic amplitude measure80

(RSAM; Endo and Murray, 1991), a 10-min average of the absolute velocity band-pass �ltered81

between 2 and 5 Hz; (2) medium frequency (MF); and (3) high frequency (HF), which are the82
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same as RSAM, but band-pass �ltered at 4.5�8 and 8�16 Hz frequency bands, respectively; and (4)83

displacement seismic amplitude ratio (DSAR; Caudron et al., 2019), computed as the ratio between84

MF and HF bands when recalculated for absolute vertical displacement (Dempsey et al., 2020). The85

4.5 Hz threshold between RSAM and MF re�ects an assumption that tremor predominantly radiates86

energy at frequencies below 4.5 Hz (Caudron et al., 2019), which allows us distinguish magma or87

�uid source processes from other attenuation related e�ects, for example, permeability changes88

because of shallow sealing. The DSAR parameter tracks transitions between frequency bands over89

time, hence capturing evolving spectral characteristics. Time-varying parameters are then used to90

compute feature time series, which have the potential to amplify underlying patterns in the seismic91

signal. To isolate a continuous tremor signal, we minimize signatures from regional earthquakes92

by applying an outlier detection algorithm to the raw waveform data before computing RSAM,93

MF, and HF (Dempsey et al., 2022). This algorithm identi�es and removes outliers by excising a94

2-min envelope from the raw velocity trace whenever its value exceeds three standard deviations95

above the mean in the 10-min window. Although e�ective in removing signal contamination from96

most short-duration events, contamination from teleseismic waves of large-magnitude, long-duration97

subduction earthquakes can occur. To address this, a two-window (20 min) moving minimum is98

applied (Dempsey et al., 2022).99

The outlier detection algorithm is intended to �lter out regional earthquakes, and its calibration100

was based on data speci�cally gathered from regional earthquakes (Dempsey et al., 2022). However,101

it �lters out all earthquakes without discriminating, including volcano tectonic (VT)�this is because102

our research interest is in online real-time algorithms that can operate without human assistance103

(e.g., classifying VT earthquakes)�future work could include adding automated discrimination of104

VTs from regional earthquakes (Ibáñez et al., 2008; Titos et al., 2018; Falcin et al., 2021).105

Once calculated, the four data time series are normalized to unit lognormal distributions (Fig.106

S2). This normalization, known as z-score normalization, improves classi�cation modeling and has107

been demonstrated to enhance the discrimination of precursors (Dempsey et al., 2022).108

Time-series feature calculation109

Each of the four data streams�RSAM, MF, HF, and DSAR�is further processed by extracting a110

large set of time-series features (Rouet-Leduc et al., 2019; Christ et al., 2018; Dempsey et al., 2020;111
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Ren et al., 2020). Each time-series feature that is created is a functional transformation of the data112

stream.113

Time-series features are constructed from an initial time series by performing calculations on114

rolling windows. At each index in the initial time series, a backward-looking window of �xed length115

is constructed, bracketing a �xed subset of the data. For this window, a feature value is calculated.116

Examples of features include the maximum value of the data set, the median, or the number of peaks.117

The window is then shifted forward to the next data index, overlapping with the previous window,118

and a new feature value is calculated. The output is a feature time series with the same resolution119

as the original data, but now transformed according to the particular feature. In this study, we120

have calculated 700 time-series features using the Python package �tsfresh,� which computes various121

statistical moments, distribution properties such as energy or entropy, temporal features such as122

trend, and frequency domain features such as Fourier coe�cients.123

The time-series features are computed for each normalized 10-min data point, using a backward-124

looking 48-hr window (Dempsey et al., 2020, 2022; Ardid et al., 2022). The selection of a 48-hr125

window is deliberate, being able to capture short-term variations in the volcano state while also126

being long enough for attempts to �lter potential noise sources via the feature calculation. Although127

Dempsey et al. (2020) investigated feature window lengths ranging from 12 hr to 5 days at Whakaari,128

here, we explore much longer timescales by incorporating a �nal step of template matching.129

Template matching130

In this step, we seek a reference signal or pattern, referred to as the template. Here, a template is131

always de�ned as �xed-length subset of a time-series feature with the template endpoint being an132

eruption. This allows us to test the hypothesis that the template is re�ective of a physical process or133

volcano state preceding an eruption. Ideally, the template is also interpretable within some suitable134

conceptual framework. Having de�ned a template, we then test whether it reappears frequently135

within the rest of the feature time series. Because there is likely to be natural variability in the136

underlying process or unknown, spurious signals not associated with the volcanic system, we expect137

the match between the template and rest of the feature time series will never be perfect.138

Central to the application of template matching is the measurement of similarity between the139

template and a di�erent part of the feature time series. Here, we quantify similarity using the140
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correlation coe�cient, which is a numerical measure of the similarity between two signals' shapes141

once their magnitudes have been normalized. An alternative approach is dynamic time warping142

(Laperre et al., 2020; Li et al., 2020), which allows the template signal to be deformed on its time143

axis to improve the match. For a given feature, template eruption, and template length, we calculate144

the time series from the cross correlation of the template over the feature times series (Fig. 1). A145

value of 1 indicates a perfect match, which always occurs when the template is correlated with itself.146

A value of 0 indicates not correlation, whereas a −1 indicates perfect anticorrelation.147

Figure 1: Scheme of template matching by using a template derived from the d days pre-eruptive

features from an eruption (all eruptions are tested as template). (a) Example of template, which is

a short time series, considered pre-eruptive. We explore multiple template lengths ranging from 1 to

60 days. (b) Running correlation of the template over the whole feature time series. The template

matching process is based on comparing the template with the long time series. In this way, when

it is repeated over time, we can say that the underlying physical process in the volcano is repeated,

and that would be the future element to control. The color version of this �gure is available only in

the electronic edition.

Template matching may yield suboptimal results in the presence of a low signal-to-noise ratio.148

Distinguishing a precursor from the background signal is particularly challenging in volcanic tremor149

analysis (Steinke et al., 2023). This is why we attempt template matching for each of the di�erent150

feature time series. A second challenge is that we neither know how many precursors may be present,151

nor what their durations are. Therefore, we have examined template lengths of 1, 2, 7, 14, 21, 28,152
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and 60 days, for each eruption at each volcano. For Copahue, with six eruptions (as templates),153

four data streams, 700 features per data stream, and seven template lengths, this results in 117,600154

templates for testing.155

Template selection by ranking p-values156

To assess the performance of the candidate templates based on their di�erentiability (Ardid et al.,157

2022), we computed p-values for each correlation coe�cient time series. The p-value was calculated158

from a two-sample Kolmogorov�Smirnov test, which tests whether correlation coe�cient (CC) values159

prior to the nontemplate eruptions are signi�cantly di�erent from the background distribution of160

CC values.161

Then, we computed adjusted p-values using the false discovery rate test (Benjamini and Hochberg,162

1995). We then rank these adjusted templates by p-value and retained all those with a value less163

0.05. The p-value analysis helped us discern families of features with superior performance in dis-164

criminating pre-eruptive data.165

Template selection by receiver operating characteristic (ROC) curves166

We also computed ROC curves for each of the correlation coe�cient time series suggested in the167

previous section to be signi�cant (Fig. 2). ROC curves gauge the discriminability of classi�cation168

models because they attempt to separate pre-eruptive and noneruptive signals (Ardid et al., 2024).169

These curves plot the true positive rate (sensitivity) against the false positive rate (1 speci�city) for170

varying threshold values of CC. The area under the ROC curve (AUC) is a single measure of model171

performance across all thresholds, with values nearing 1 indicating optimal performance.172
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Figure 2: Scheme of performance evaluation of the template matching using receiver operating

characteristic (ROC) curves. (a) The resulting correlation coe�cient time series (template matching

output) for a template with an arbitrary. (b) Illustration of how the correlation coe�cient time

series, is used to determine true positives (TP), false positives (FP), true negatives (TN), and false

negatives (FN) using a threshold and a pre-eruption eruption window. TP represents correctly

predicted eruptions when the model output surpasses the threshold within the pre-eruptive window.

FN indicates missed eruptions when the output fails to reach the threshold during this window.

FP signi�es incorrectly classi�ed eruptions when the threshold is surpassed outside the pre-eruptive

window, whereas TN denotes correctly classi�ed noneruptive data. The choice of threshold greatly

in�uences the counts of TP, FP, FN, and TN. (c) A hundred threshold values between 0 and 1 are

used to count TP and FP rates for computing receiver operator curves (ROC) and their area under

the curve (AUC). AUC is used as metric to evaluate the model performance when classifying as a

whole (both pre-eruptive and noneruptive data) across all possible thresholds. The color version of

this �gure is available only in the electronic edition.

The construction of an ROC curve for a correlation coe�cient time series (Fig. 2) involves (1)173

selecting a threshold value of CC (e.g., 0.5); (2) scoring a true positive (TP) or true negative (TN)174

in the time window before the eruption for the period de�ned by the template timescale, labeling �1�175
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for TP or �0� for TN; (3) scoring a false positive (FP) when the correlation coe�cient surpasses the176

threshold outside the pre-eruptive data; (4) scoring a false negative (FN) for all other mismatches;177

(5) calculating the true positive rate (TPR) and false positive rate (FPR) as TPR = TP/(TP+FN)178

and FPR = FP/(FP+TN); (6) repeating steps (1�5) using 100 evenly spaced thresholds between 0179

and 1 to form the ROC curve; and �nally (7) computing AUC as the integral of the ROC curve. A180

higher AUC signi�es a template that is better at discriminating other eruptions at the same volcano181

while maintaining a low FP rate.182

Results and Discussion183

Ranking template di�erentiability using p-values184

P-values are calculated across all data streams, features, volcanoes, eruption templates, and timescales;185

this resulted in 431,200 p-values (following the Template selection by ranking p-values section). Af-186

ter ranking, the features are ∼5000 potential features. Given the very large number of statistical187

tests, we provide a list for each volcano comprising the templates and their respective performance188

(see the supplemental material).189

Notable contributors we found feature families such as Fourier coe�cients and autoregression190

coe�cients. Figure 3 shows the time series of two features of those families before eruptions at the191

four volcanoes. The graph visually demonstrates the ascending trend in these feature values prior192

to eruptions.193
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Figure 3: Time-series representation of two feature values before eruptions at the labeled volcanoes

(titles), identi�ed as signi�cant in distinguishing between noneruptive and eruptive conditions based

on p-values and AUC metrics. The graph illustrates the increasing trend in these feature values

preceding eruptions, in accordance with the patterns captured by the p-values and AUC metrics.

The color version of this �gure is available only in the electronic edition.

Ranking template di�erentiability using ROC curves194

In this evaluation directed at ranking template performance in discerning between noneruptive and195

eruptive states using ROC curves, we also provide a short list for each volcano containing the196

templates and their corresponding performance based on the AUC metric (refer to the supplemental197

material). Figure 4 illustrates examples of various ROC curves for di�erent feature time series on198

the explored volcanoes. These ROC curves, along with their associated AUC values, provide insights199

into which parameters (features) harbor more di�erentiable information for distinguishing between200

noneruptive and eruptive conditions.201

The ROC curves depicted in the �gure demonstrate the e�cacy of the model in binary classi-202
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�cation, as indicated by the AUC. A higher AUC value, closer to 1, signi�es strong classi�cation203

ability, e�ectively distinguishing between positive and FP outcomes. Speci�cally, in this analysis, the204

ROC curves evaluate the time-series correlation coe�cient resulting from template matching. A no-205

table AUC for individual templates indicates a distinctive pre-eruptive pattern unique to eruptions,206

e�ectively separating them from noneruptive periods within the signal.207

Insights into informative pre-eruptive timescales and frequency bands208

From the 5% lowest p-values templates (see the Ranking template di�erentiability using p-values209

section), we examined which template timescales had the highest di�erentiability among the four210

volcanoes (Fig. 5a). For all volcanoes, we found 14-day time windows were discriminating of pre-211

eruptive behavior, although this timescale was most dominant for Copahue and Bezymianny. For212

both Pavlof and Whakaari, the 1-day timescale was important whereas, for Pavlof, 28-days was also213

prevalent. This implies that Pavlof may exhibit precursors over the course of a month, contrast-214

ing with the other volcano studied in which precursors are usually observed on shorter timescales215

(Fig. 5a).216

The volcanoes also exhibit some dissimilarity in the relative importance of di�erent data streams217

in the pre-eruptive period (Fig. 5b). For example, at Copahue, the RSAM band (2�5 Hz) dominates218

the signi�cant templates, whereas for Pavlof, the four bands make a more balanced contribution,219

although MF carries the most weight. Both Bezymianny and Whakaari favor the RSAM band with220

minimal contribution from DSAR.221

The occurrence of di�erentiable template time lengths and data streams provides initial insights222

into the methodology's capability to di�erentiate between various time lengths of templates, high-223

lighting those with higher discriminative potential for precursor identi�cation.224
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Figure 4: Example of ROC curves for three relevant feature time-series template in Pavlof, Copahue,

Bezymianny, and Whakaari volcanoes. These features have been identi�ed to be relatively good

(compared to other features) for distinguishing between noneruptive and eruptive conditions using

p-values and AUC metrics. The color version of this �gure is available only in the electronic edition.

The divergent distributions of template data streams and time lengths across the four volcanoes225

could be attributed to various factors, including the volcano type, geological setting, content of226

�uids, magma composition, and depth of the magma reservoir. For example, Copahue is a basaltic�227

andesitic volcano that lies within a complex tectonic setting including major tectonic faults as well228

as caldera structures (Farías et al., 2023). The volcano features a shallow hydrothermal system229

above a magma chamber at ∼7 km depth (Lundgren et al., 2017). Eruptive activity, dominated230

by phreatomagmatic events, are often preceded by changes in the seismic activity on timescales of231

days to weeks (Farías et al., 2023). Similarly, Whakaari features an established shallow hydrothermal232

system with eruptive activity dominated by phreatomagmatic events (Kilgour et al., 2021). Eruptive233

products from the volcano have indicated relatively shallow magma emplacement (<1 km) before234

eruptive activity (Kilgour et al., 2021). In contrast, there are no indications of a hydrothermal235
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system at either Bezymianny or Pavlof. The former volcano typically exhibits e�usive lava dome236

building behavior, interrupted by episodes of strong explosive eruptions (Girina, 2013). The explosive237

eruptions may be preceded by increased seismic activity up to 40 days beforehand (Koulakov et al.,238

2021). Seismicity also indicates a complex subsurface system with multiple magma chambers at 2�8239

km depth (Koulakov et al., 2021) and interactions with other nearby volcanoes (Journeau et al.,240

2022). Finally, Pavlof is a basaltic�andesitic volcano that exhibits Strombolian explosion activity,241

which can rapidly escalate to intense lava fountaining within 1 day (Fee et al., 2017). Notably,242

shallow (<50 km) seismic events are relatively rare at the volcano (McNutt, 1987).243

Apart from the discrepancies in template time length distribution, the results illustrate that244

the template matching approach and �ltering metrics recover di�erentiable features, enabling a245

relative comparison of template time lengths that are assumed to be associated with the duration of246

potentially triggering eruptive processes. This methodology not only provides insights into volcanic247

activity but could also be extended to other geothermal phenomena. For instance, similar techniques248

could potentially be applied to hydrothermal eruptions in geysers (Ardid et al., 2019), in which249

understanding the timing and triggers of eruptions is crucial. Furthermore, this approach might be250

bene�cial in studying geothermal �elds (Ardid et al., 2021), o�ering a valuable tool for monitoring251

these systems based on the duration of observed thermal and seismic activities.252

Graphical example of template matching and feature interpretability253

Among the most relevant precursor features identi�ed by our study is a family called �change quan-254

tiles.� Figure 6 illustrates how one example of this feature, termed �rsam change quantiles (0.8 to255

1.0) absolute mean,� is constructed. First, a quantile mask is applied to select only the highest 20%256

of RSAM values in a 2-day window. Second, for the selected values, a di�erence is computed between257

adjacent 10-min values. Third, the mean of the absolute value of these di�erences is calculated.258

Although this feature appears to be statistically signi�cant, its physical signi�cance is not yet259

clear. Nevertheless, we propose one physical explanation for the signal, primarily to illustrate how260

explainable features of machine learning could be used to advance new hypotheses for later testing.261

In this way, machine learning can complement robust observational science, which upholds the role262

of data collection and analysis to test new hypotheses.263

Our proposed explanation of this feature is as follows. RSAM, as a measure of average seismic264
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velocity, is a proxy for the seismic energy density that is radiated by some generating source. For265

a volcano experiencing unrest prior to phreatic eruptions, this generating source may be related266

to shallow degassing of magma (i.e., Jaupart and Vergniolle, 1988; Journeau et al., 2022) or other267

movement of �uids in the subsurface (i.e., Ferrick et al., 1982; Yamada et al., 2021). Then, by268

applying a 0.8 to 1.0 quantile mask, we are selecting for further study the highest energy part of the269

signal and, by implication, the highest energy source processes occurring during the 2-day feature270

window. Another way to think about this is that the quantile mask has binarized the time series271

according to a state variable of the volcano: in this case, high and low radiated energy.272

The second step in the feature calculation associates a characteristic of the signal with mask-273

selected state. In this case, we are computing 10-min absolute di�erences in the RSAM taking274

their average value during high-energy periods. This quantity will be high when there is a lot of275

short-term volatility in how much energy is being radiated from the source process. Attributing a276

physical meaning to this volatility is di�cult and likely depends on the nature of that source. For277

instance, it could be associated with rapid �uctuations in degassing if the tremor signal has a �ux278

origin (Girona et al., 2019). Alternatively, it may relate to a complex sequence of crack opening and279

closure in a fracture network subject to varying �uid pressure (Konstantinou and Schlindwein, 2003;280

Kennedy et al., 2020; Li et al., 2022).281

Figure 7 shows a 14-day template of the change quantiles feature that was extracted prior to the282

�rst Copahue eruption (Fig. 7a). It is characterized by a 13-day quiet period followed by a rapid283

increase in the feature value in the day before the eruption. This template has then been overlaid on284

the feature time series prior to the other �ve recorded eruptions, highlighting the time of maximum285

cross correlation. Qualitatively, the match is reasonable for all but the fourth eruption. In contrast,286

the raw RSAM time series only exhibits anomalous values prior to the �rst two eruptions.287

Although this template recurs before the majority of eruptions (Fig. 7b,c,e,f), its absence prior288

to the fourth eruption is notable (Fig. 7d). This discrepancy highlights that recurrent templates289

may not reliably recur prior to every eruption at a volcano. This could be due to natural variation290

in the shape or strength of pre-eruptive signals. Another explanation for the discrepancy is that this291

fourth eruption was reported by local residents as a minor ash plume without further alerts from292

o�cial agencies. Because all other eruptions were reported by agencies, this event may have been293

smaller than other eruptions and therefore had dissimilar precursors, if any.294
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Figure 5: (a) Distribution of occurrences of di�erent template time lengths after the �ltering feature

time series on distinguishing between noneruptive and eruptive conditions using p-values and AUC

metrics, for Copahue, Pavlof, Bezymianny, and Whakaari volcanoes. The time lengths are divided

into seven categories: 1, 2, 7, 14, 21, 28, and 60 days. (b) Distribution of occurrences of di�erent

data streams after template selection using p-values and ROC curves for distinguishing between

pre-eruptive di�erentiable and nondi�erentiable patterns: for Copahue, Pavlof, Bezymianny, and

Whakaari volcanoes. The data streams correspond to seismic amplitude measurement real-time

seismic amplitude measure (RSAM), medium frequency (MF), and high frequency (HF), and for the

ratio seismic measurement displacement seismic amplitude ratio (DSAR). The plot suggests which

frequency bands are more informative when looking for precursory activity. The color version of this

�gure is available only in the electronic edition.

Unfortunately, not all the features used in this analysis are interpretable. For instance, the295

autoregression coe�cient (Fig. 4), which describes a time series as a linear combination of its past296

values (up to n lagged observations), lacks physical interpretability. The case is similar for the297

Fourier coe�cients (Fig. 4), which highlight harmonics of greater intensity preceding eruptions.298

However, assigning a physical variable that correlates with these coe�cients proves to be challenging.299

Nevertheless, the value of time-series features lies more in their ability to capture subtle patterns300

in the signal prior to eruptions. These patterns can be used with statistical tools to forecast future301

system behaviors, for example, by training machine learning models (e.g., Dempsey et al., 2020,302

15



2022; Ardid et al., 2024).303

Although the analysis of seismic parameters provides insights into volcanic dynamics, it is im-304

portant to acknowledge the inherent limitations. The direct association of seismic parameters with305

speci�c physical phenomena can be speculative due to the complexity of volcanic systems. Therefore,306

although discussing the interpretability of features like the �rsam change quantiles (0.2�0.8) mean,�307

it is relevant to recognize the speculative nature of attributing speci�c physical processes solely based308

on seismic data. The multifaceted in�uences outlined highlight the interplay of various factors shap-309

ing volcanic activity. Consequently, although certain features may capture intrinsic state variations310

and extrinsic behavioral shifts within volcanic systems, the broader context underscores the need for311

cautious interpretation, and a multidisciplinary approach in understanding and monitoring volcanic312

activity.313

We recognize that comprehending a monitoring parameter enhances our ability to make informed314

decisions, but the primary focus of a monitoring parameter should be its capability for identifying315

precursors. Whether or not we fully understand it is of secondary importance.316

Conclusions317

Our study proposes a methodology for detecting eruption precursors across various timescales at dif-318

ferent volcanoes, enhancing our understanding of volcanic activity and hazard mitigation strategies.319

Through multitimescale template matching, we identi�ed statistically signi�cant eruption precursors320

at Copahue, Pavlof, Bezymianny, and Whakaari volcanoes, shedding light on the diverse temporal321

dynamics preceding eruptions.322

Our analysis underscores the importance of considering di�erent timescales in volcano moni-323

toring, as each volcano exhibits distinct patterns of pre-eruptive behavior. Although 14-day time324

windows emerge as discriminative for Copahue and Bezymianny, Pavlof shows importance at 1-day325

and 28-day scales, highlighting varied eruption precursors across volcanoes.326

The �change quantiles� feature family, highlighted in our study, unveils subtle variations in seismic327

activity preceding volcanic eruptions. Speci�cally, the feature �rsam change quantiles (−0.8 to 1.0)328

absolute mean,� captures changes in seismic energy density before eruptions. This interpretation329

suggests a link between intense seismic energy and processes like magma degassing or �uid movement330
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underground. By isolating high-energy segments within the signal and examining their �uctuations,331

we gain insights into potential precursory patterns. Although interpreting patterns in features poses332

challenges, they o�er valuable clues for forecasting volcanic activity and generating hypotheses for333

further investigation.334

Figure 6: An example of how rsam change quantiles mean is calculated, showing the raw RSAM

time series on a window basis (2 days, 288 samples), the distribution used to de�ne quantiles (top

right), the RSAM time series including only values in the body of the distribution. The plot at the

bottom shows how the selected values are di�erenced to obtain a measure of how average velocity

is changing. The mean of these di�erences gives the feature value for this 2-day window. The color

version of this �gure is available only in the electronic edition.

Moving forward, the integration of multitimescale template matching into real-time volcano335

monitoring systems holds promise for enhancing eruption forecasting capabilities. By leveraging336

machine learning approaches and putting these tools into operation, we can further re�ne our ability337

to predict volcanic eruptions and improve safety measures in volcanic regions. Continued research338

and application of these methodologies are essential for advancing volcanic monitoring and hazard339

mitigation e�orts worldwide.340
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Figure 7: Temporal evolution of the �change quantiles (0.8�1.0) mean� feature in the RSAM band

leading up to six eruptions in Copahue, along with the rsam data for comparison. The rsam values

have been standardized using the z-score, meaning they have been adjusted by subtracting the

historical mean and dividing by the standard deviation. (a) First eruption where the template is

extracted. In cyan (light blue) the 14-day template extracted before the �rst eruption (notice how

it matches the �rst eruption, as it is expected). The template from the �rst eruption is overlaid

on the other �ve eruptions at the point of maximum coincidence in template matching, revealing a

clear match for most eruptions (b,c,e,f) except for the fourth eruption (d). The color version of this

�gure is available only in the electronic edition.
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Data and Resources341

The codes required to replicate the results of this study are available at https://github.com/342

aardid/temp_matching_srl, released under the MIT license. Codes are provided in the supple-343

mental material to compute the receiver operating characteristic (ROC) curves for all three types344

of foresters. Raw waveform data for New Zealand volcanoes can be downloaded from GeoNet345

(https://www.geonet.org.nz/); and for Alaskan volcanos from Incorporated Research Institutions346

for Seismology (IRIS) (http://service.iris.edu). Both are operable as clients though the Inter-347

national Federation of Digital Seismograph Networks (FDSN) webservice (https://www.fdsn.org/348

networks/). All websites were last accessed in May 2024.349
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