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Key Points:

+ We use Google Earth Engine and a Random Forest classifier for an online pumice
raft detection algorithm in high resolution satellite imagery

» We find that ~ 16% of Sentinel-2 images from Rabaul over 2017-2020 show pumice
rafts. We interpret these to form by pumice remobilization.

e Pumice raft remobilization is potentially a common process for many near shore
volcanic systems with historical pumice-forming eruptions.
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Abstract
Most of Earth’s volcanic eruptions occur underwater, and these submarine eruptions can

significantly impact large-scale earth systems. In this study, we develop a new semi-automated

analysis framework to detect submarine eruptions through the supervised classification

of satellite images on Google Earth Engine (GEE). We present a case study from the Rabaul
caldera region in Papua New Guinea and find a large number of new unreported pumice
rafts (in ~16% images from 2017—present). After analysis of the spatial pattern of raft
sightings and ancillary observations, we interpret that these rafts are not the result of

a new eruption. Instead, we posit that the observed rafts represent remobilization of pumice
clasts from previous historical eruptions. This novel process of raft remobilization may

be common at near-shore/partially submarine caldera systems (e.g., Rabaul, Krakatau)

and has significant implications for new submarine eruption detection, volcanic stratig-
raphy, and biological dispersal by rafts.

Plain Language Summary

Submarine volcano eruptions can significantly impact large-scale earth systems, but
are challenging to detect. In this paper, we describe a new methodology to detect pumice
rafts, a key signature of submarine volcano eruptions, in satellite imagery using a machine-
learning classification algorithm. We apply our methodology to the Rabaul caldera re-
gion in Papua New Guinea and find a large number of unreported rafts in the last 5 years.
After analyzing additional datasets such as seismicity, presence of discolored water, and
reports from the local volcano observatory, we find that the our raft detections are most
likely not generated from new eruptions, but instead are likely secondary rafts mobilized
tens or hundreds of years after the original eruption. This secondary raft process is a novel
process that has not been fully documented in the modern/satellite era, but is likely rel-
evant to the dispersal of eruptive products in many coastal volcanic systems.

1 Introduction

Submarine volcanism is an important driver for Earth’s climate and geochemical
cycles (Embley et al., 2004; Kelley, 2017; Santana-Casiano et al., 2013; Tilstone et al.,
2014; Mittal & Delbridge, 2019). For instance, submarine eruptions inject ash, pumice,
and magmatic volatiles (with nutrients such as Fe) into the water column and the at-
mosphere (J. D. L. White et al., 2015). Pumice rafts, one of the key signatures of some
submarine eruptions, can transport volcanic products and marine organisms across thou-
sands of kilometers, potentially dispersing nutrients and increasing microbial biomass
and biodiversity in areas geographically distant from the site of the eruption (Risso et
al., 2002; Bryan et al., 2012). Pumice rafts can also be a significant hazard for human
maritime activities, especially by clogging harbors and affecting near shore sealife and
fisheries, disrupting local economies (Bryan et al., 2012; Jutzeler et al., 2020, Also the
ongoing raft dispersal from the Fukutoku-Okanoba 2021 eruption).

Modern day submarine volcanism includes both mid-ocean ridge and ocean-island
volcanism as well as fully/partially submarine subduction zone volcanism (e.g., Kermadec-
Tonga Arc, Izu-Bonin Arc, Papua New Guinea Arc) (S. M. White et al., 2006; GVP, 2013).
Overall, submarine volcanism potentially represents the majority (> 70%) of Earth’s
present-day volcanism (S. M. White et al., 2006; J. D. L. White et al., 2015; ERUPT,

2017; Rubin et al., 2012). However, we have historically detected only a very small frac-
tion of expected underwater eruptions. In fact, only ~10% of all eruptions in the Smith-
sonian Global Volcanism database (GVP, 2013) over the past 100 years are submarine
(Fig 1A, S. M. White et al. (2006)) and the majority of detected eruptions are shallow
(< 100 meters water depth; Fig 1A).
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One of the key reasons for this strong bias in our submarine eruption detection abil-
ity is the remote location of submarine volcanoes. Although multiple new approaches
have been proposed to improve submarine volcanism detection, including hydro-acoustics
(e.g., Tepp et al., 2019; Heaney et al., 2013), seismic and ground deformation with ocean
bottom seismometers (e.g., Wilcock et al., 2016; Cesca et al., 2020; Matsumoto et al.,
2019; Tepp & Dziak, 2021), and ocean thermal anomalies (e.g., Mittal & Delbridge, 2019;
Baker et al., 1989), challenges remain due to limited global instrumental coverage. In
this study, we describe another dataset — satellite imagery — that can be used to ef-
ficiently detect and characterize products of submarine volcanism.

Automated satellite image analysis has already proven to be very useful for global
subaerial eruption detections based on thermal anomalies and ash-rich subaerial plumes
(e.g., Wright et al., 2004; Furtney et al., 2018; Poland et al., 2020; Engwell et al., 2021).
However these methods are not adapted for submarine eruptions where the presence of
water obscures/reduces these signatures. Satellite imagery has been used to map the erup-
tive products (e.g., pumice, ash, hydrothermal fluids) from submarine eruptions (e.g.,
O’Malley et al., 2014; Whiteside et al., 2021; Sakuno, 2021; Jutzeler et al., 2020, 2014;
Bryan et al., 2004) on an event-by-event basis. For example, the pumice raft from the
recent Tonga 2019 eruption was tracked in near-real-time by Sentinel-2 (~ 10 m/pixel)
and Landsat 8 (~ 30 m/pixel) satellite imagery (Jutzeler et al., 2020). However, this was
done by manual hand-tracing and visual tracking by sifting through various satellite im-
ages. Although this process is fairly accurate for large rafts, it introduces subjectivity
in tracing, especially for smaller rafts. Consequently, it is difficult to quantify uncertain-
ties and biases across different studies. An ancillary challenge with using satellite im-
agery is the large data volume associated with extensive satellite collections. For exam-
ple, a single day in the Tonga region is composed of about forty individual 100 km x 100 km
image granules, each containing about 600 MB of data. Thus, analyzing entire global
collections over extended time periods, and for multiple different satellites, would require
handling enormous amounts of data and requisite computing resources.

Our study aims to address these challenges of submarine eruption detection by de-
veloping a semi-automated Machine-Learning (ML) based methodology using global, pub-
licly available, high resolution (~< 30 m/pixel) satellite data products (Fig 1C). This
method utilizes Google Earth Engine (Gorelick et al., 2017), in order to remove the large
data storage need that is typical for analyzing satellite collections. Our primary focus
is on detecting rafts formed from floating pumices emitted by intermediate to silicic vol-
canism, but our approach can be applied to other signatures of submarine eruptions (e.g.,
discolored water from hydrothermal fluids). Our analysis is complementary to recent work
on detection of large submarine eruptions using specific global, low resolution (> 250 m/pixel)
satellite products (Whiteside et al., 2021; O’Malley et al., 2014; Qi et al., 2020).

As a complementary question, we also seek to examine whether individual pumice
raft detections necessarily indicate a new eruption. Previous work has examined the re-
mobilization of pumice clasts, which may have been deposited in the area immediately
surrounding the vent, or stranded a distance away after traveling as a raft, following large
eruptions (Mandeville et al., 1996; Manville et al., 2002; Jutzeler et al., 2020; Shane et
al., 1998). Using our automated detection algorithms, we can improve raft detection. This
allows us to assess how long rafts can persist after initial pumice formation and the mech-
anisms that would enable pumice to be rafted tens to hundreds of years after the orig-
inal eruption (Brasier et al., 2011; Bryan et al., 2012).

In Section 2, we describe our detection algorithm and its implementation in Google
Earth Engine. In Section 3, we illustrate our method’s accuracy using satellite imagery
from the 2019 Tonga submarine eruption (Jutzeler et al., 2020) and then use our method
to analyze pumice rafts in a region close to the Rabaul volcano in Papua New Guinea
(partially submerged caldera). In Section 4, we discuss what our new pumice raft de-
tections from Rabaul suggest in regards to suspension of pumice material, potentially
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from pumice clasts or rafts previously washed up on shores or eroded on riverbanks or
coastal cliffs. Finally, we briefly discuss areas for future algorithmic improvements.

2 Methods
2.1 Google Earth Engine

We developed and implemented our Machine Learning (ML) detection algorithm
for pumice raft detection on the Google Earth Engine platform (GEE, Gorelick et al.,
2017). GEE is a web-based, publicly available platform that enables access to a vast cat-
alog of satellite images and the resources to run global-scale analyses without the need
to download or export large amounts of data. There are various satellite collections of-
fered through GEE, such as low resolution (MODIS, Sentinel-2) and medium-high res-
olution imagery (Landsat, Sentinel-2). Although some other super-high-resolution im-
age collections are available outside of GEE (e.g., Planet labs - 3m/pixel, Digital Globe
- 50 cm/pixel), they are typically not publicly available without commercial licenses. Thus,
for this study, we have primarily focused on using GEE resources for the ML algorithm.

Specifically, we use GEE collections from the Sentinel-2 Multi-Spectral Instrument (MSI)

as our baseline satellite product. Sentinel-2 (a pair of two satellites, each with MSI in-
strumentation) offers both high-resolution imagery (10-60 m/pixel), good coverage in re-
gions of interest, and a relatively frequent repeat time (~ global 5-day revisits; See Sup-
plementary Text S6). Sentinel-2 data products are also freely available through the Eu-
ropean Space Agency’s Copernicus Open Access Hub as well as other cloud environments.

For our study, we chose to use Sentinel-2 as its high resolution imagery could be
used to detect much smaller rafts than a lower resolution satellite (e.g. MODIS). In ad-
dition, Sentinel-2’s MSI collects data across 13 different spectral bands, with finer spec-
tral coverage than other high resolution satellite image collections (e.g., Landsat 7 and
8) (See spectral response curve for Landsat 8 image of Puyehue-Cordén Caulle pumice
in Fig 1B). An initial method using thresholds on only the visual bands to detect pumice
rafts was insufficient, so the additional spectral bands are necessary in our ML algorithm
(Supplement S1). As illustrated by the variable importance in the Random Forest clas-
sifier (Supplementary Figure S11), the multi-wavelength information is critical for ac-
curate classification with a dominant role of the visible bands. Our overall methodology
is general and can be applied to other satellite collections in the future (Supplement S10).

2.2 Machine-Learning Algorithm

To identify spectral characteristics that can be used to classify Sentinel-2 image pix-
els as pumice rafts, we generated spectral response curves for pumice and other categories
of interest (Fig 1B). Spectral response curves record the mean reflectance or brightness
of an image pixel for a range of wavelengths. We used the Tonga pumice raft from Au-
gust 11, 2019 to generate the spectral response curves (Fig 1B), as the particular erup-
tion and the associated raft has been extensively analyzed by previous work (Brandl et
al., 2020; Jutzeler et al., 2020). We also show the variance around the mean spectral re-
sponse curve calculated for all of the pixels for each class (pumice, water, light clouds).

A key result from this analysis is that there is a significant difference between the
spectral response curves of pumice, water, and light clouds (Fig 1B). Additionally, we
find relatively minor (compared to differences with other classes) variation in the reflectance
from pumice pixels within a single geo-temporal area, such as a specific day in Tonga
(Fig 1B) or comparing across multiple days for the same raft (Supplement Fig S4). Al-
though there is some variation in pumice spectral response curves when comparing rafts
from different chemical compositions, sources, and times (Fig 1B, comparison with Rabaul
raft and Puyehue-Cordén Caulle raft), the general shape of the reflectance curve remains
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Figure 1. (A) Fraction of all detected submarine eruptions out of total eruptions and fraction
of detected shallow submarine eruptions (less than 100 meter water depth) out of all detected
submarine eruptions (GVP, 2013). Only a small fraction of submarine eruptions are pumice-
forming. (B) Mean spectral response curves generated for a Sentinel-2 raft image in the Tonga
region (August 11, 2019). Error bars are generated from the standard deviation measured for
each wavelength. Spectral response curves for pumice from the Rabaul region (April 20, 2020)
and a lake near Puyehue-Cordén Caulle are also provided for comparison. For Puyehue-Cordén
Caulle, Sentinel-2 imagery was not available, so Landsat 8 imagery was used instead, and mean
reflectance values were averaged between two dates (June 19, 2013 and October 5, 2013). (C)

Schematic of workflow used in this study.



166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

very similar. This characteristic shape of the spectral response curve for pumice pixels
allows for an algorithm to identify pumice and differentiate from other classes (e.g., wa-
ter, clouds) across a broad range of regions and time periods. Details for the Puyehue-
Cordén Caulle raft are provided in Supplement Text S13.

Our machine-learning algorithm uses a Random Forest (RF) classifier to read in
an RGB Sentinel-2 image and return a classified image, where each pixel is colored ac-
cording to the assigned class. The algorithm specifics are detailed in Supplementary Text S4.
Since RF is a supervised learning algorithm, we need to train it on a set of manually de-
marcated and classified pixels. Our primary training data for pumice, ocean water, light
cloud cover, and heavy cloud cover was sampled from the Tonga raft on August 11, 2019
(Fig 2A, only a small part of the raft pixels were used for training). We also included
additional data from a Sentinel-2 scene of Rabaul, Papua New Guinea, on April 20, 2020
(Fig 2B). This image includes a large, distinct pumice raft as well as ocean water, light
cloud cover, pumice mixture classes, and two different discolored water classes (additional
information for the discolored water classes are included in Supplementary Text S9). Since
the discolored water classes are not the primary focus of this study, our primary opti-
mization for the RF algorithm was to ensure accurate detection of pumice rafts.

3 Results
3.1 Single Image Analysis Results

We applied our classification algorithm to Sentinel-2 images from different geo-temporal
regions to test model accuracy (Fig 2). In the Tonga area on August 11, 2019 (Fig 2A),
the classifier displays pumice pixels in red, water in blue, light cloud cover in orange, and
heavy cloud cover in white. The shape of the large raft is distinctly visible in the clas-
sified image. In the Rabaul region, on April 20, 2020 (Fig 2B), the classifier also includes
additional classes: mixed/faint pumice — a mixture of water and pumice — shown in
light blue, and two different classes of discolored water shown in turquoise and magenta.
Overall, our algorithm is efficient at identifying pumice from other backgrounds. Algo-
rithm validation methods and results are included in Supplementary Text S5.

3.2 Regional Results

To assess the utility of our algorithm for new submarine eruption detection, we ap-
plied the classifier over a single region for an extended period of time. We focused on
Rabaul, a partially submarine volcano located on the Gazelle Peninsula’s tip at the north-
east end of New Britain in Papua New Guinea (Fig 3A). The Rabaul caldera (~ 8 x 14 km
size) was formed as a consequence of multiple large explosive eruptions in the past few
hundred thousand years, with the present day shape due to an eruption ~ 1400 years
ago (GVP, 1994b). The caldera is mostly shallow submarine (< 200 m water depth) and
is connected to the sea on the east through a wide opening (Blanche Bay). The main
raft-forming eruptions for this volcano occurred in 1878, 1937, and 1994, and no raft for-
mation has been recorded since 1994 (GVP, 1994b, 1994a, 2006). No activity has been
recorded at either of the main vents (Vulcan and Tavurvur) since 2014 (Bernard & Bou-
vet de Maisonneuve, 2020). More detailed eruption history is provided in Supplemen-
tary Text S8.

In the Rabaul area, we applied our algorithm from November 2015 (start of the Sentinel-
2 coverage for the Rabaul region) to August 2020 — a total of 239 distinct days with
images. More details on our algorithm application method are included in Supplemen-
tary Text S7.

Of these 239 days, we found that 74 days were too cloudy for the classifier to de-
tect any pumice meaningfully. Cloudy days were filtered out by manually examining clas-
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sified images and removing images in which every pixel was labeled as heavy or light cloud
cover. In the future, this step can be automated by explicitly filtering the images based
on the classified heavy cloud fraction. We detected rafts in 28 (red lines, Fig 3B) of the
remaining 165 days (gray lines, Fig 3B), leading to a detection rate of 16.97%. As illus-
trated in Fig 3B, most of our raft detections were after January 2018 (Fig 3B). This is
likely a consequence of increased revisit frequency (~ 5-day) after the second Sentinel-

2 satellite launch. Before 2018, when only one Sentinel-2 satellite was in operation, there
are significantly fewer images available. It is noteworthy that none of the pumice rafts
detected in our analysis had been previously reported in the scientific literature (to the
best of our knowledge) or the Smithsonian Global Volcanism Catalog (GVP, 2013). The
sizes of our detected rafts varied greatly, with raft areas as small as 20 km? to as great
as 10,000 km?2.

3.2.1 Source of New Rafts in Rabaul

Given our new raft detections, there is a natural follow-up question — do these rafts
represent previously unreported submarine eruptions, or are they suspended pumice re-
mobilized from known previous eruption deposits from Rabaul? These are the two pri-
mary end-member models, with the latter being a process that has been documented dur-
ing the dispersal of large pumice rafts (e.g., the interaction of Tonga 2019 raft with is-
lands in Fiji (Jutzeler et al., 2020)). Redeposition and remobilization of volcanic prod-
ucts such as ash fall (Del Bello et al., 2021; Etyemezian et al., 2019) and subaqueous py-
roclastic material has been recorded after initial deposition (Mandeville et al., 1996; Manville
et al., 2002; Park & Schmincke, 2020). However, most of this work has focused on a short
time frame—on the order of days to weeks or months after the eruption (Bryan et al.,
2012, 2004). Here, if our hypothesis is correct, the rafts we are seeing can form tens or
even hundreds of years after the original eruption since the last major raft forming erup-
tion in Rabaul was in 1994.

We assess the likelihood of new submarine eruptions by analyzing the reported vol-
canic activity for Rabaul in the Smithsonian Volcano Catalog (GVP, 2013). The Rabaul
Volcano Observatory has recorded no large eruptions since 2014 (GVP, 2013) and/or any
significant submarine activity besides hydrothermal discharge near the Tavurvur vent.
Because rafts initiating from point sources can indicate new eruptions, we test this fur-
ther by recording each of our raft detections’ spatial location and considering the spread
of each sighting. We have tried to manually aggregate three sets of raft locations together.
These sets are of sequential images, in which the raft detections were somewhat close,
not only in time, but in location as well. Conclusively tracking the rafts as they are ad-
vected around by local ocean currents is challenging due to repeat frequency (5-day gap
between images), cloud cover, and complex shallow-water ocean currents in the regions.
In aggregate, the detections are scattered over a broad area in the caldera and surround-
ing sea, rather than primarily located near any known vents (Fig 3A).

We also used Sentinel-2 imagery as well as ancillary datasets (e.g., higher spatial
and temporal resolution Planet Labs imagery (Planet Team, 2018-2021) to check if the
rafts are associated with any other eruptive signatures expected for shallow submarine
eruptions (e.g., aerial plumes, discolored water). We did not find any aerial plumes and,
while there was some discolored water around the Tavurvur vent location, we did not
find any relationship between the days with raft detections and days with discolored wa-
ter around the vent (Supplement Text S14). Thus, we interpret that the detected rafts
are not actually products from a new submarine eruption. Instead, we propose that they
are secondary rafts (Osborne et al., 1991) that have been suspended after being deposited
on surrounding shores and riverbanks following their initial eruptions tens to hundreds
of years ago (see Discussion section for the potential process). This is a new, novel phys-
ical process that has not been fully documented before, especially in the modern/satellite
era. Our analysis is the first study, to the best of our knowledge, to carefully document
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the secondary raft process on timescales of years or longer using satellite imagery, fur-
ther validating the importance of this process as suggested by previous studies (Bryan et
al., 2012; Jutzeler et al., 2014; Shane et al., 1998; Osborne et al., 1991; Pullar et al.,
1977). This secondary raft process is likely relevant for the dispersal of eruptive prod-
ucts from many volcanic systems in coastal regions (e.g., Krakatau in Indonesia, Loisel
pumice deposits in New Zealand (Shane et al., 1998)). Without any specimens of the
pumice that we detected, we are presently unable to ascertain a specific source eruption
of the rafts. In addition, even with samples, it may still be difficult to determine the orig-
inal source eruption or eruptions, as pumices from the 1878 eruption and subsequent erup-
tions have very similar overall composition and texture (Bernard & Bouvet de Maison-
neuve, 2020).

4 Discussion
4.1 Source of Pumice Remobilization: Influence of Weather Factors

Considering our interpretation that our detected rafts in Rabaul are secondary rafts
(Osborne et al., 1991), an important question to consider is what potential physical mech-
anisms are responsible for the pumice mobilization. One possibility is that delayed sus-
pension is a consequence of local climatological conditions, e.g., high rainfall events, high
wind conditions that dislodge pumice along coastlines and riverbanks back into the wa-
ter. Local weather can lead to landslides and dislodgement of small pumice rafts (e.g.,
local pumice raft from Rockslide in the Askja caldera, Iceland on July 21 2014 (Icelandic
Meteorological Office, 2014)). Using ERA5 Daily Aggregate Reanalysis Product (Hersbach
et al., 2020) (directly accessible through GEE), we generated time series of various at-
mospheric properties — daily mean air temperature, wind magnitude, wind direction,
and precipitation. These time series were all sampled from the same location, directly
on top of one of Rabaul’s vents, and the time series spanned the entire Sentinel-2 cov-
erage period in the area. We did not observe any significant correlation between the daily

mean air temperature and the detection of pumice rafts in the area (See Supplement Fig S3).

We also explored potential correlations with weather parameters up to 10 days before
raft detection to allow for some unknown advection time (See Supplementary Data file).
Overall, we did not find significantly different results across these windows. The main
statistically robust relationships in our dataset are between raft detection and wind and
precipitation.

4.1.1 Precipitation

To compare the impact of wind, precipitation, and other weather parameters on
raft detection, we construct and compare probability density distributions (PDF). A PDF
is a function that provides the relative likelihood of an event (raft detection) given an-
other parameter (e.g. wind speed, recorded rainfall). We find that the PDF for the days
with sighted pumice rafts (red curve, Fig 4A) were slightly different from the curves for
the total days in the coverage period (blue curve, Fig 4A) and the days where no rafts
were detected (gray curve, Fig 4A) (using 5 day rolling window, other windows have sim-
ilar results). However, this difference is not statistically significant when using either the
Anderson-Darling (AD) test statistic (Scholz & Stephens, 1987) or the Epps-Singleton
(ES) test statistic (Epps & Singleton, 1986). The medians of the raft vs. non-raft pre-
cipitation PDFs are potentially different, as shown by the lower p-value for the Kruskal-
Wallis test (Kruskal & Wallis, 1952)). We also do not find any clear correlation between
precipitation values and raft area.

We analyzed the long-term precipitation history in the Rabaul area to help eluci-
date the remobilization process. We used ERA5 data to consider 3-day rolling sums of
precipitation values in Rabaul since 1990. From the long-term history, we observe the
peak precipitation occurred in February 2018. Our algorithm only detected rafts after
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2018. Some of this can be attributed to the increased frequency of sampling in the area
after the second Sentinel-2 satellite launch in March of 2017. However, the precipitation
peak in early 2018 potentially suggests that a large storm or significant weather event
may have made rafts easier to remobilize post-2017. Further analysis using Landsat im-
agery is included in Supplement Text S15.

Overall, we find that there is only a weak correlation between precipitation and raft
detection. We posit that the slightly higher values for precipitation before raft detection
compared to non-raft days suggest a role for higher precipitation to increase erosion and
consequently encourage raft remobilization. However, it is clear that precipitation is not
a unique factor since days of high precipitation are not always followed by raft detec-
tions (Fig 4A, Supplement Fig S2).

4.1.2 Wind

In addition to precipitation, we also considered the role of wind in raft formation.
Fig 4B shows the daily wind direction (U (eastward), V (northward) components) in Rabaul
along with red vertical lines highlighting days with raft detections. We find that the gen-
eral wind direction in Rabaul has a strong seasonal cycle which is relatively stable over
the past five years. Interestingly, most of our pumice raft sightings were around the March-
May window despite having a number of non-cloudy images for other months. This sug-
gests that certain wind directions are more favorable for rafts to be advected off from
the shores, or eroded from riverbanks and into the ocean.

In order to assess the role of overall wind magnitude, we show the probability dis-
tribution curves for wind velocity for all days in the Sentinel-2 coverage period (blue curve,
Fig 4C), days without raft sightings (gray curve, Fig 4C), and days with raft sightings
(red curve, Fig 4C) (using 5 day rolling window, other windows have similar results). We
find that days where rafts were detected produced a significantly different probability
distribution curve (Fig 4C). There is also a high correlation between wind amplitude and
raft area (Supplement Fig S3). However, since there are not many high raft area data
points, the correlation may be biased by outliers. Overall, we see most of our raft sight-
ings are in the distinct range of wind velocities (1 m/s to 4 m/s) compared to the over-
all distribution. Even when accounting for different sample sizes, this difference is stat-
ically significant (Anderson-Darling (AD) test statistic (Scholz & Stephens, 1987); the
Epps-Singleton (ES) test statistic (Epps & Singleton, 1986); Kolmogorov-Smirnov (KS)
test (Hodges, 1958)). We conclude that the high wind velocities likely break up and dis-
perse the secondary rafts too rapidly for Sentinel-2 to capture.

4.2 Open Challenges for Global Pumice Detection Algorithm

Although our ML algorithm is reasonably successful for pumice raft detection, it
is not fully automated. The classification process requires manual checks to filter out in-
correct classifications of pumice and cloud cover. In particular, the light cloud cover with
a flat spectral response curve can at times be misclassified as pumice (and vice versa).
Also, the satellite’s viewing geometry may create a ”sun glint” in certain images, where
all of the pixels in the RGB rendering are affected and off-colored. The classifier sub-
sequently has difficulty correctly identifying the correct class of each pixel. There are some
ways these issues can be addressed. Better atmospheric corrected products, specifically
for oceanic regions, would help improve detection. For instance, in some cases, using the
atmosphere corrected Surface Reflectance (Level-2A) product can allow us to detect pumice
rafts on images discolored due to atmospheric effects (Supplement Fig S10). Alterna-
tively, more stringent data filtering for satellite viewing angle and cloudiness bounds can
help reduce potential false positives. Additional potential options for algorithmic improve-
ment are described in Supplementary Text S11.
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365 4.3 Conclusions

366 In this study, we show that GEE and RF classifiers can be successfully used to de-
367 tect pumice rafts. This can be useful to efficiently track pumice rafts, which can pose

368 as hazards and disruptions to boats and harbors (Jutzeler et al., 2014, 2020) and thus

369 help with hazard mitigation and coordination services along populated shorelines (e.g.,

370 ongoing raft arrival on mainland Japan from the August 2021 Fukutoku-Okanoba erup-

371 tion). Our methodology can help address our current strong bias in eruption detection

372 and improve the detection of submarine eruptions globally. Using GEE removes the large
373 data storage requirement and allows for a semi-automated, easily scalable classification

374 with minimal subjective biases. Using the Rabaul caldera regions in Papua New Guinea
375 as a regional case study, we show that new raft detections do not necessarily indicate a

376 recent submarine eruption. Indeed, in some coastal regions, raft remobilization is likely

377 to be a widespread phenomenon and can affect the spatial pattern of how products from
378 an eruption are deposited. Since these spatial patterns serve as the basis for estimating

379 volcanic eruptive histories and eruptive volumes, as well as long-distance stratigraphic

380 correlations (Shane et al., 1998; Mouginis-Mark & Zimbelman, 2020; Freundt et al., 2021),
381 the raft remobilization process can introduce significant distortions in our understand-

382 ing of these histories. Understanding raft remobilization can also contribute to our knowl-
383 edge about population connectivity (Bryan et al., 2012, 2004) and the long distance trans-
384 port of microbial populations through the remobilization process.
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