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Abstract:

Mayon Volcano on eastern Luzon Island is the most active volcano in the
Philippines. The high level of vulnerability to volcanic hazards is apparent since
Mayon is surrounded by eight cities and municipalities with a total population of
approximately one million inhabitants. Thus there is an urgent need to develop
and expand reliable and affordable long-term methods in volcano monitoring.
Despite abundant open access satellite dataset archives, satellite remote sensing
has been underutilized in Mayon’s hazard mapping and monitoring system. Here,
we perform monitoring analysis on a nineteen-year time series of Land Surface
Temperature (LST) obtained from satellite thermal infrared images. Both ASTER
(Advanced Spaceborne Thermal Emission and Reflection Radiometer) thermal
imagery (with 90 meters spatial resolution) and MODIS (Moderate Resolution
Imaging Spectroradiometer) LST products (1 km spatial resolution) are used for

the analysis. The Ensemble Empirical Mode Decomposition (EEMD) is applied as
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the decomposition tool to extract components of different timescales from the LST
time series. Physical interpretation of decomposed LST components at various
periods are explored and compared with Mayon’s eruption records. Specifically,
the LST annual period component is compared to regular annual cycle air
temperature. Results show that LST annual period component tends to lose its
regularity following an eruption. The dissimilarity of the two time series has been
taken as an indicator of volcanic restlessness. Trends of different timescales based
on LST components have been constructed, which all indicate the rising trend.
This means that Mayon volcano will remain restless in the future decades. This
study presents the advantages and effectiveness of satellite remote sensing on

volcanic monitoring.

Keywords: Mayon Volcano; Land Surface Temperature (LST); Thermal Infrared

(TIR); Ensemble Empirical Mode Decomposition (EEMD); ASTER; MODIS

Highlights:

® Two-decade-long surface temperature at Mayon retrieved from MODIS and
ASTER

® Components of various timescales extracted from the MODIS LST time series

® LST annual period component loses its regularity after eruptions

® Increasing secular trend points to future volcanic restlessness at Mayon
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1. Introduction
On the Earth, at any given moment, there are at least 20 volcanoes actively
erupting somewhere. Globally there are around 1,500 active volcanoes that have
erupted in the Holocene, excluding the volcano belt of the ocean floor. Around 500
of them have erupted in documented history. Many of them are distributed along
the Pacific Rim (i.e., Ring of Fire) (USGS, 2013). Volcanoes in the Philippines belong
to the western part of the Pacific Rim, which resulted from the tectonic collision
between the Philippine Sea Plate and the continental Eurasian Plate. The Philippine
Institute of Volcanology and Seismology (PHIVOLCS) has reported 23 active
volcanoes in the Philippines, 21 of which have historical eruptions. Among them,
Mayon Volcano is the Philippines' most active volcano.
Mayon Volcano is located in the eastern part of Luzon Island in the Philippines.
It is a symmetric stratovolcano rising to 2,462 m with the upper slopes of 35-40° and
a small summit crater at the top (Figure 1). The historical eruptions are mostly
basaltic-andesitic and their types range from Strombolian to basaltic Plinian
(Castillo and Newhall, 2004). During typical eruptions lava flows are mainly
produced from the central conduit and extended far down to the surrounding
flanks. Pyroclastic flows and mudflows often sweep down the ravines (roughly 40
of them) from the summit and cause severe devastation in the populated lowland
areas. Mayon is the most famous of the active volcanoes of the Philippines for its
frequent eruptions that repeatedly triggered large scale evacuations. It has 64

displayed eruptions between 1616 and 2019 (GVP, 2013). The latest eruption
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occurred on January 13, 2018 and is continuing until now. Mayon's deadliest
eruption occurred on February 1, 1814, which claimed more than two thousand
lives. Mayon's longest uninterrupted eruption occurred on June 23, 1897 (Volcanic
Explosivity Index; VEI=4), in which a seven-day fire rain occurred from June 23
through 30. Over 400 people were killed by lava, ash, steam and falling debris or
hot rocks in this eruption (Davis, 2010). Most recent disaster is the 1993 eruptions,
in which a phreatic explosion occurred without any precursors and killed 77 people
(Catane et al., 2001). PHIVOLCS has thus established a 6 km radius permanent
danger zone at Mayon as a precaution against similar explosions. Recent activity of
Mayon is characterized by pyroclastic flows, mud flows and ash falls with a repose

period of several days to a few years (Maeda et al., 2015).



5of 37

(a)

123°40'E

123°35'E 123°45'E
1

/ T

13°20N
E s

S Philippines =~
L AR e

DO Icano
%
g

\‘\
Ma%g;ﬂ
g

bt 7\ \ =

N

Administrative boundaries

Mayon Crater ROI

Height colors (meters)

13°15'N

| 12201
I 12,001
1,801
1,601
1,401
11,201
11,001

-2,458
-2,200
-2,000
-1,800
-1,600
-1,400
-1,200

801 - 1,000
601 - 800
401 -600

=1-400

Ocean
T
123°35'

123°40'E 123°45'E

(b)

Figure 1. (a) Geography and DEM map of Mayon volcano, Philippines. Volcano
crater region of interest (ROI) and administrative boundaries are indicated. (b)

Aerial view of Mt. Mayon which is the most active volcano in the Philippines (By
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Dexbaldon-Own work, CC BY-SA 4.0,
https://commons.wikimedia.org/w/index.php?curid=43882874). Note the dense
cluster of residences at the foot of the volcano.

Volcanic eruptions are fierce natural disasters for they may cause
simultaneously numerous geologic and hydrologic hazards. Monitoring and
assessment of volcanic activity is thus vital. Besides on site monitoring systems,
satellite remote sensing provides many benefits for various volcano monitoring
applications globally. For instance, satellite based Interferometric Synthetic
Aperture Radar (InSAR) is an effective monitoring technology to detect and
measure volcanic deformation before volcanic eruptions (Chadwick et al., 1988;
Chaussard and Amelung, 2012; Rivera et al.,, 2015). Satellite remote sensing
technologies have increased our ability to better monitor and understand the
working mechanism of volcanoes and to compare volcanoes in alternative ways
which are not feasible with in situ observations (Gupta, 2017; Pyle et al., 2013;
Tokunaga and Thuy, 2000; Wooster et al., 2013). Satellite remote sensing techniques
have been extensively used in recent decades for monitoring volcanoes worldwide
and yielded promising results (Blackett, 2013; Blackett, 2015; Bull and Buurman,
2013; Delle Donne et al., 2010; Ewert et al., 2005; Flynn et al., 2001; Kisei et al., 2008;
Roberti et al., 2018; Slob et al., 1998; Webley et al., 2008; Wright et al., 2002).

Mayon volcano is surrounded by the eight cities and municipalities (i.e.,
Legzpi, Daraga, Camalig, Guinobatan, Ligao, Tabaco, Malilipot, and Santo

Domingo) with a total of approximately one million inhabitants and a Population
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Exposure Index (PEI) of 6 (UNDRR, 2015). Monitoring volcanic activity in this area
is thus of extreme importance. Compared to the existing in situ observation and on
site monitoring at Mayon Volcano Observatory (MVO), satellite remote sensing
technologies provide promising options, since the advantages of remote sensing
include the ability to acquire information over large areas and also to observe and
monitor surface objects on a systematic basis over time. Here we use sensors of the
Terra/Aqua satellite (launched since 1999) from the National Aeronautics and Space
Administration (NASA) and United States Geological Survey (USGS). We aim to
present a multiscale and multitemporal monitoring analysis based on a two decade
LST time series from ASTER (Advanced Spaceborne Thermal Emission and
Reflection = Radiometer) and MODIS (moderate resolution imaging
spectroradiometer) satellite retrieved thermal infrared (TIR) imagery. We applied
the Ensemble Empirical Mode Decomposition (EEMD) method to extract
components of different timescales from the LST time series, and explored the
physical interpretation of decomposed LST components at various periods
compared with Mayon’s eruption records. Based on the results we argue for the
systematic integration of the satellite remote sensing approach into governmental

hazard mapping and monitoring systems.

2. Materials and Methods

Free access satellite imagery from space agencies around the world are
abundant and growing rapidly. To date, over a dozen of earth observation data

sources are available to the public at no cost. Among them, NASA and USGS,
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European Space Agency (ESA), and Japan Aerospace Exploration Agency (JAXA)
are the three major imagery providers. In this study, we have used considerable
amount of imagery from NASA and USGS owing to NASA’s grant pioneer work on
earth observation missions and the relative long-term imagery archives (since
1970s). Satellite thermal infrared imageries at Mayon Volcano for the period 2000
2019 (two decades) have been selected in imagery archives based on the image
quality assessment (mainly on cloud contamination). Specifically, ASTER imagery
with 90 m spatial resolution and MODIS LST products with 1 km spatial resolution
are used for volcano monitoring purposes in this research. These two imagery
datasets are complementary because MODIS imagery has high temporal but low
spatial resolution, and ASTER imagery has high spatial but low temporal resolution
(Bindhu et al., 2013; Bonafoni, 2016; Weng et al., 2014). Both MODIS and ASTER

LST products are analysis-ready.

2.1. LST Products

This study uses both ASTER and MODIS imagery. ASTER Thermal imagery
has a 90 m pixel size but it suffers from the relative scarcity of the dataset (one
imagery per 16 days). However, MODIS supplies imagery subdaily at a 1 km
spatial resolution and can be better used for monitoring purpose. The nighttime
MODIS 8-day average LST data (Product ID: MOD11A2, MYD11A2) from March,
2000-April, 2019 at Mayon crater was selected. The MOD11A2 and MYD11A2
products are the 8-day average per pixel daily land surface temperature. The daily

LST is calculated from the night LST algorithm based on nighttime observations in
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MODIS TIR bands (Wan, 2014; Wan and Li, 1997). According to the theoretical
description of LST calculation in the MODIS Land-Surface Temperature Algorithm
Theoretical Basis Document (LST ATBD), MODIS team has implemented the
generalized split-window algorithm and the day/night algorithm to retrieve LST
after comprehensive numerical simulations and analysis. General concerns relevant
to the validation of retrieved LST, including optical properties, night dew problem,
thermal inertia, and cloud cover, as well as uncertainty estimation have been
addressed in the algorithms (Wan, 1999). The accuracy of the released LST product
is better than 1°K (0.5°K in most cases) based on the accuracy statement from
MODIS land team of NASA.

The 8-day average LST product has the benefit of averaging out the cloud cover
occurrence over 8 days and increasing the dataset reliability in the imagery. It has a
significant advantage over ASTER imagery which only has a 16-day repeat
coverage and is frequently contaminated by clouds. However, the 1km pixel size
causes the thermal feature to represent a lower percentage of the pixel size and
therefore depict the temperature less accurately. To illustrate the usefulness and
relevance of a 1 km spatial resolution, the exemplary MODIS LST images on the

Mayon volcanic zone are shown in Figure 2.
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Figure 2. Example of MODIS LST images (Product ID: MOD11A2) with 1
km spatial resolution on Mayon volcano. Areas of Mayon crater (one pixel)
are illustrated by red color polygonal region. Panel (a) and (c) present
higher temperature; panel (b) and (d) show lower temperature at the

volcanic area.

2.2. Ensemble Empirical Mode Decomposition (EEMD)

The EEMD is an empirical signal processing method that is used to extract
physically meaningful information from nonstationary and nonlinear signals
(Huang et al., 1998; Huang et al., 2003; Wu and Huang, 2009). Generally, traditional
signal processing methods are mostly based on the assumptions of linearity and
stationarity. Until recently, some mathematical methods have been developed to

deal with either nonstationary or nonlinear signals. However, many situations in
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real life require engineers and scientists to deal with nonstationary and nonlinear
signals simultaneously. The EEMD provides an effective solution to the above
mentioned issue. The EEMD is capable of dealing both with nonstationary and
nonlinear signals, especially for the alternative relations in time, frequency and
energy domain. In many cases, the EEMD is used to extract physical meaning from
data to better interpret physical phenomena and to solve engineering problems
(Cheng et al., 2015; Zhang et al., 2019).

In this study the EEMD is used to decompose MODIS LST time series into
different simple components, i.e., the simple oscillatory mode which is called
intrinsic mode function (IMF) in the time-domain. EEMD is an adaptive data
decomposition method which is based on the nature of the data (i.e., its basis
functions are derived from the data). In contrast, most typical data decomposition
methods have an a priori basis (such as trigonometric functions in Fourier analysis;
base wavelet in Wavelet transform), and they are not adaptive (Huang and Wu,
2008). With EEMD, the LST time series can be divided into a few intrinsic mode
functions (IMFs), in which each IMF is corresponding to a certain physical meaning.
Specifically, the LST decomposition results (i.e., IMFs) form a complete and
orthogonal set of the original LST time series (Huang et al., 1998; Huang and Wu,

2008; Huang et al., 2009; Nunes and Deléchelle, 2009; Wang et al., 2014).

3. Results

It is necessary to confirm that the positive thermal anomaly is not caused by

land use or land cover changes in the Mayon area before presenting the results. The
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crater area, where LST is extracted from, is within the Permanent Danger Zone
(PDZ) of Mayon defined by PHIVOLCS. It is the area of lava flow extending 6 km
downward from the volcano’s crater. The area of 6 km from the crater of Mayon
volcano is almost all occupied by the tropical grass, wood, and brushwood. The
outward extension of the lava flow hazard zone (about 12 km from the summit) is
the pyroclastic hazard zone. Thus the High Danger Zone (HDZ) including the area
between 6 km and 10 km downward from the volcano’s crater was defined (JICA,
2006). Mayon'’s eruptions are active and long-standing, for instance, the most recent
significant eruption during early 2018 features weak "lava fountaining", i.e.
involved fresh lava arriving in the summit area. Early in February 2020, “crater
glow” has been detected at the summit crater that is likely caused by hot magmatic
gases heating the overlying atmosphere. This puts forward the possibility that
remnant magma may be quietly rising to the shallow levels of the edifice. Previous
geomorphological study and continuous observation on the distribution of lava
flow and pyroclastic flow deposits for Mayon volcano over the study period show
that no significant land use or land cover changes have occurred at the crater area
(GVP, 2013; PHIVOLCS, 2020; Westen, 1994).

MODIS supplies imagery of 1 km spatial resolution subdaily. So the MODIS
8-day average nighttime dataset from March, 2000-April, 2019 at Mayon crater is
used for the LST time series analysis. Figure 3 illustrates the nighttime MODIS

8-day average LST of Mayon crater (specified crater ROI in Figure 1a) from 2000-
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2019. This two-decade LST time series displays the thermal variations caused by the

volcanic activity.
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Figure 3. Illustration of the nighttime 8-day average LST from MODIS at
Mayon crater from March, 2000 to April, 2019. Not all 8-day timeline points
have an available dataset. The gaps in the dataset are probably caused by
the heavy cloud cover. They indicate that there are no clear images

available in this volcano area even after eight continuous days.

MODIS LST time series from 2000 to 2019 (in Figure 3) contains rich underlying
physical characteristics. Fourier and Wavelets transforms can be good tools to
extract hidden information. However, considering the nonstationary and nonlinear

characteristics of LST time series, EEMD is more preferable. Thus EEMD has been
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applied to get the MODIS LST components in the time-frequency-energy domain.
The time series of MODIS LST is the product of 8-day average LST, and despite
contamination by cloud coverage, the data availability is acceptable for such an
analysis (around 800 data points for the period of March, 2000-April, 2019). The

resulting MODIS LST and its EEMD decomposition are illustrated in Figure 4.
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Figure 4. MODIS LST and its EEMD decomposition from 2000-2019 for
Mayon crater. The MODIS LST is indicated by the top blue line and EEMD
components (IMFs; C1-C7) are beneath. The red color vertical dashed lines
represent recorded volcanic unrest periods or eruptions. Events dataset are
from the online Volcano Bulletin of PHIVOLCS (available at

https://www.phivolcs.dost.gov.ph/) and eruptive history database of global
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volcanism  program,  Smithsonian  Institution  (available  at
https://volcano.si.edu/volcano.cfm?vn=273030). The eruption VEI (Volcanic
Explosivity Index) marked on the top of dashed lines are from the eruptive

history database of the Smithsonian Institution.

Fourier analysis has been used to determine the main frequency for each EEMD
component of MODIS LST as shown in Figure 4. The dominant period on the
original LST time series and its EEMD components (C1-C7) are the following: LST
is about 5 years (1,747 days); C1 is around two months (64 days); C2 is around four
months (134 days); C3 is around one year (318 days); C4 is around three years (1,165
days); C5 is around five years (1,747 days); C6 and C7 are around two decades
(6,989 days). Time scales for each EEMD component are useful because they may
imply the frequency of a certain physical phenomenon, and provide information for
future eruptions in Mayon. Besides, we can only predict the volcano behavior to the
extent of the near future (to the decadal time scale) depending on the available
extent of LST time series.

The statistical significance test for information content of IMFs with unknown
noise level has been proposed in previous studies (Barnhart and Eichinger, 2011;
Wu and Huang, 2004). This test determines which IMF from MODIS LST (i.e., a
noisy data set) contains information, and which IMF is merely noise. This test
utilizes the statistical features of white noise which generally contains no
information. The seven decomposed IMFs (C1-C7) are shown in Figure 5 along

with the selected upper and lower confidence limit level (ie, 99% and 1%
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confidence limits). By comparisons on energy density of the IMF from the dataset,
an IMF that has the energy located within the upper limit and the lower limit is
considered to contain information at that selected confidence level. All IMFs
marked as stars are within the 99 percentile confidence limit in Figure 5. Therefore,

all IMFs are statistically different from white noise.
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Figure 5. Statistical significance test for the extracted IMFs. Energy (E) of

IMFs is a function of Period (T). The black color dashed lines are the first
and 99" percentiles (1% and 99%) confidence level. Note that all the
extracted IMFs marked by asterisks are within the confidence limits and are
therefore considered statistically significant in their difference from noise.

The black asterisk at the top-left corner represents the first IMF (C1).
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These eight EEMD components (C1-C7, and Trend) were extracted from the
MODIS LST time series of about 800 data points (463 data points are useful after
screening). Each IMF is possibly related to a certain physical process. For example,
component C3 with a 318-day (annual) period is similar to that of near surface air
temperature. The annual cycle of air temperature is dominated by the insolation,
season and vegetation. Both C1 and C2 (with period of about two and four months
respectively) contain numerous irregular oscillation spikes. C4 of a three year
period with lower amplitude possibly corresponds to the circulation of the
atmosphere. C5-C7 exhibit amplitudes one order smaller than the other IMFs. C5
exhibits a five year timescale, C6 and C7 have periods in decadal timescales. The

secular-up LST trend appears to gently increase from 2000 to 2019.

4. Discussion

4.1. Implications of LST Annual Period Component: Comparison with Air Temperature

The LST annual period EEMD component C3 (318-day period; around one
year) is intimately connected with the on-site annual period near surface air
temperature based on the period, i.e.,, 318-day vs. one year. A portion of LST
components is contributed by the air temperature via the dynamics of land-air
interactions in the surface energy balance process (Gallo et al., 2011). Thus the
comparison analysis between the annual period LST and air temperature is very

relevant and the result can be informative.
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LST is the radiative temperature from the land surface. It is determined by heat
contributions from either above or below the surface. An anomalously high
heat-flow can be recognized on infrared images of the Earth's surface if the
temperature at a depth of 0.5 m is about 50°-70°C or greater. It is calculated that the
temperatures of 50°-70°C at 0.5 m depth are equivalent to heat-flow values of 8-30
watts per square meter (Wm?2). This approximates 100-500 times the normal
heat-flow (an average of about 80 mWm?) at the Earth's surface, but surface
heat-flow values of 5-10 times the normal value may denote the presence of a
subsurface thermal source in the area (Davies and Davies, 2010; USGS, 1995). In this
study the general heat suppliers from beneath are geothermal (magma) resources
and volcanic eruptions, while the heat contributors from above are the sunlight and
air temperature. Part of LST components is corresponding to the near surface air
temperature which is echoed through the annual variation derived by the Sun,
season and vegetation. This part (i.e., LST annual period component C3) is regular
and similar to the near surface air temperature time series. On the other hand, the
irregular parts of LST components contain both the geothermal and volcanic causes.
Among them, the geothermal contribution is generally consistent and regular for
multi-decadal to millennial scale. However, volcanic unrest or eruptions are not
consistent and their irregularity is likely to distort the regular pattern, such as the
annual cycle. We thus infer from the above reasoning that the investigation of the
annual period component C3 will facilitate our understanding and assessment of

Mayon’s behavior.



19 of 37

Figure 6 shows comparisons on the annual period LST component and air
temperature. EEMD decomposed LST annual period component (C3) and the
corresponding near surface (2 m height) on site air temperature are compared in
more detail. We have detrended the on-site monthly air temperature and utilized it
as an annual cycle reference. We have also calculated statistical Kurtosis and
Skewness parameters for measuring the similarity level of the two time series. The
kurtosis and skewness are numerical measures of shape: skewness indicates the
asymmetry or distortion departure from a symmetrical bell curve, and kurtosis
shows the height and sharpness of the central peak relative to a normal distribution,
i.e, a normal distribution has skewness and excess kurtosis of 0 (Bulmer, 1979). If
these two time series have high similarity, this signifies that the LST truthfully
reflected the air temperature on the annual component. Higher similarity indicates
lower heat contribution from the subsurface, such as volcanic unrest or eruptions.
On the contrary, if these two time series have low similarity, this indicates that
Mayon's LST annual period component is highly influenced by the volcanic events.
The calculated Kurtosis and Skewness indicate low similarity of the two time series.
Figure 7 gives a more comprehensive display of EEMD decomposed MODIS LST
and the comparison between the LST annual period component and the monthly

detrended on site air temperature in Mayon crater.
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Figure 7. EEMD components of the MODIS LST at Mayon crater. (a)

Decomposition of MODIS LST at Mayon crater from March, 2000-April,

2019. Volcanic unrests and eruptions are marked with red color dashed

vertical lines. (b) Comparison of the annual period LST component and the

monthly on site air temperature (detrended) at Mayon crater.

Characteristics of LST Components of Mayon Volcano

Increasing heat release is the most significant outcome of volcanic unrest or

eruptions, and LST is most responsive to the heat released on the surface of the

volcano. The characteristics of LST components of Mayon volcano are analyzed for

further understanding of Mayon’s future eruption trend. A few findings have been

reached and listed below based on the EEMD analysis.
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First, as shown in Figure 6 and Figure 7, the LST annual period component (C3)
from Mayon volcano deviates from the regularity of annual cycle air temperature.
The distortion from regularity is the result of eruptive activity. This fact implies that
the dissimilarity between annual period LST component and site air temperature is
a possible indicator of the restlessness level of the volcano.

Second, amplitudes of EEMD components with the shorter period such as C1
and C2 tend to increase with the volcano unrest or eruptions. In contrast,
amplitudes of components with the longer period such as C4 and C5 (3-year and
5-year timescales) increase only with high intensity eruptions. A possible
explanation is that the longer period components C4-C7 have amplitudes one order
lower than others as shown in Figure 4. They usually reflect the longer term and
larger scale fluctuation of the background. On the contrary, short period
components record the short term or local scale variations of the environment.

Third, LST increases at Mayon crater may accompany the volcanic eruptions.
However, the dependency of LST increases during the eruptions is not always clear.
One reason is that the higher LST relies on the intensity and scale of eruptions. For
the larger and fiercer erupting events, the LST response will be more obvious and
vice versa. Another possible reason is the dataset deficiency for the period 2000 to
2019. LST observation dataset has gaps sometimes right before or after eruption
events because of cloud coverage. Sharpness of LST curve indicates observation
data sparsity in the time series as shown in Figure 3. This happens more frequently

in geographic regions of humid tropical climates (e.g., Philippines) and moist
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middle latitude climates because of higher water vapor content of air, which causes
more cloud formation. Besides, the scale-mismatch effect on surface temperatures
may also cause the discrepancy between the eruption and the high LST. Satellite
derived LST is the average temperature within the pixel dimension. However, the
dimension of volcanic craters is smaller than 200 m, on the contrary, the pixel size
(spatial resolution) of MODIS LST images is 1 km.

Fourth, in EEMD decomposition approach, the LST time series is an aggregate
or combination of these decomposed components (i.e., C1-C7, and Trend) as shown
in Figure 4. Thus future trends of observed LST time series can be constructed easily
by adding components of various timescales. Trends of different timescales based
on the MODIS LST decomposition components at Mayon crater are shown in
Figure 8. These trajectories basically all indicate the longer term secular-up trend,

which means that Mayon volcano will remain restless in the future decades.
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Figure 8. Trends of different timescales based on the MODIS LST

decomposition components at Mayon crater. Note that the sum of the last three

components (two-decade trend) of LST satisfies well the definition of trend.

4.3. Further validation: ASTER nighttime LST time series at Mayon crater

ASTER sensor is jointly managed by NASA and Japan's Ministry of

International Trade and Industry. It is one of five imaging instruments flying on the

Terra satellite launched in 1999 as part of NASA’s Earth Observing System (NASA,

2020). ASTER aims to gather detailed data on surface temperature, emissivity,

reflectance, and elevation at a relatively high spatial resolution (15 m — 90 m).

ASTER is the solely high spatial resolution instrument on the Terra platform. It can

be used in concert with the MODIS sensor which monitors the Earth at moderate to
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coarse spatial resolutions. Owing to the higher spatial resolution, ASTER serves as a
'zoom' lens for the other instruments. It is particularly important for change
detection, calibration/validation, and land surface studies. However, unlike the
other instruments aboard Terra, ASTER does not collect data daily; it has a revisit
time of 16 days. Therefore, the ASTER data sparsity is inevitable. ASTER gathers
data in 14 different spectral bands of the electromagnetic spectrum, ranging from
visible to thermal infrared light (i.e., visible and near infrared subsystem, short
wave infrared subsystem, and thermal infrared subsystem). In this study, ASTER
high-resolution (90 square meters per pixel) nighttime thermal infrared images of
Mayon volcano are used to further validate the MODIS LST.

Figure 9 depicts the LST time series extracted from a total of 166 cloud free
images (out of 246 available scenes) of 90 m spatial resolution ASTER nighttime
Surface Kinetic Temperature (Product ID: AST_08v003) that were retrieved at the
Mayon crater area (USGS, 2016). The purpose is to compare the 1 km spatial
resolution 8-day average MODIS nighttime LST with the ASTER nighttime images
at the study area. The two-decade trend of the ASTER LST time series is also
illustrated. Results show that the MODIS LST products (in Figure 3) perform better
than ASTER in this study. The total number of valid images in the study area from
MODIS is about three times of ASTER. MODIS catches more thermal anomaly
peaks caused by the eruptions than ASTER does because of its higher temporal
resolution. The major advantage of MODIS is the subdaily acquisitions of images.

Despite the lower spatial resolution, the higher temporal resolution does provide
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more detailed land surface information of Mayon volcano. Both MODIS LST and

ASTER LST time series (see Figure 8 and Figure 9) show the longer term secular-up

trend. In addition, Table 1 lists the statistical summary on the retrieved land surface

temperature at Mayon crater both from ASTER and MODIS sensors. It appears that

MODIS acquired LSTs are generally 1-2 °C higher than those of ASTER. The

discrepancy between ASTER and MODIS derived land surface temperatures can be

attributed to the differences in spatial resolution and retrieval algorithms (Jacob et

al., 2004; Liu et al., 2006). In general, the recorded secular-up trend of the MODIS

LST time series is in agreement with the ASTER LST time series.
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Figure 9. Illustration of the ASTER nighttime LST and its short-term and

long-term trends at Mayon crater from January, 2001 to April, 2019.
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Table 1. Statistical summary of land surface temperature at Mayon crater from

ASTER and MODIS sensors (2000-2019).

Total number LST (°C)
Satellite & of valid images Min Max Mean Acquisition
Sensor time
(local time)
Terra ASTER 166 0.7 26.2 11.6 around 10:30
pm

Terra/Aqua 463 1.9 28.9 13.6 Terra: 10:30
MODIS pm

Aqua: 1:30 am

5. Conclusions

Volcanic eruptions occurring near human habitats can affect lives and property.
They pose a great threat to human life and infrastructure, causing death,
destruction and environmental problems. Thus there is an urgent need to develop
and expand reliable and affordable long-term methods in volcano monitoring.

This work uses the satellite derived multiscale and multitemporal surface
temperature monitoring to validate the past eruptions and assess the future
eruptive trend of Mayon volcano. Both ASTER and MODIS thermal infrared images
were used to retrieve LST for delineating the thermal anomaly area of Mayon
volcano, and EEMD method was used for decomposing nighttime 8-day average
MODIS LST time series of Mayon crater. Physical processes related to EEMD
components (i.e., C1-C7) have been explored. Specifically, the annual period
component (C3; 318-day, around one year) is compared to regular annual cycle air

temperature, the dissimilarity of the two time series has been taken as an indicator
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of volcanic restlessness. Based on the comparison analysis on LST and air
temperature annual oscillatory components, LST annual period component tends to
lose its regularity if unrest or eruption occurs, and the dissimilarity level of the
annual period LST component from the air temperature is an indicator of
restlessness for active volcanoes.

The capabilities of thermal infrared remote sensing for mapping and
quantifying surface thermal features and volcanic monitoring have been presented
in this work. Results on applications of thermal infrared remote sensing enhance
our knowledge for geothermal and volcanic areas. The proposed satellite-based
monitoring approach not only helps to understand the eruptive potential of active
volcanoes, but also provide valuable information for the understanding of
subsurface volcanic structures, as well as volcanic effects and hazard mitigation. It
can be applied to volcanoes where access is problematic, or when the volcanic
monitoring budget is insufficient. It also works with the integration of the
established monitoring systems to better study Mayon volcano as well as other
volcanoes around the world.

With regard to volcano monitoring and hazard mitigation, it is expected that
remote sensing will play an increasingly important role in hazard monitoring as
more near real-time observations become available. Daily multiple high-resolution
observations for thermal monitoring of volcanoes are required from a hazard
mitigation perspective, since many of the satellites (e.g., Landsat, Terra, ENVISAT,

ALQS, etc.) have repeat intervals of one day to about a month. Volcanic eruptions
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are fast-developing phenomena and important eruption aspects may be missed by
satellite sensors due to the long time interval between successive satellite
overpasses (Mouginis-Mark, 2000). Despite such shortcomings, using satellite data
for hazard mitigation and recovery remains a valuable option. Other strategies have
to be developed by the remote sensing community and disaster managers to
accommodate the need for high temporal and spatial resolution. For instance,
applications of geostationary satellite data for real-time monitoring of volcanos
(Ishii et al., 2018; Lombardo et al., 2019; Marchese et al., 2018) are making progress
nowadays.

In essence, remote sensing cannot be expected to suffice as the sole tool for
exploring and monitoring volcanoes since it is limited to detecting the surficial and
the shallow buried geothermal features. Thus, an interdisciplinary approach, i.e.,
integration of geology, geophysics, geochemistry, and remote sensing will be the
key to better understanding and application on prediction, hazard management,

and assessment of volcanoes in the future.
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Highlights:

® Two-decade-long surface temperature at Mayon retrieved from MODIS and
ASTER

Components of various timescales extracted from the MODIS LST time series
® LST annual period component loses its regularity after eruptions

® Increasing secular trend points to future volcanic restlessness at Mayon



