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Abstract We apply a method for detecting subtle spatiotemporal signal fluctuations to monitor volcanic
activity. Whereas midwave infrared data are commonly used for volcanic hot spot detection, our approach
utilizes hypertemporal longwave infrared-based land surface temperature (LST) data. Using LST data of the
second-generation European Meteorological Satellites, we study (a) a paroxysmal, 1 day long eruption of
Mount Etna (Italy); (b) a prolonged, 6 month period of effusive and lateral lava flows of the Nyamuragira
volcano (Democratic Republic of Congo); and (c) intermittent activity in the permanent lava lake of
Nyiragongo (Democratic Republic of Congo) over a period of 2 years (2011–2012). We compare our analysis
with published ground-based observations and satellite-based alert systems; results agree on the periods
of increased volcanic activity and quiescence. We further apply our analysis onmid-infrared and long-infrared
brightness temperatures and compare the results. We conclude that our study enables the use of LST
data for monitoring volcanic dynamics at different time scales, can complement existing methodologies, and
allows for use of long time series from older sensors that do not provide midwave infrared data.

1. Introduction

In this work we explore the utility of land surface temperature data, retrieved from longwave infrared (LWIR)
records of geostationary satellites, to detect different types of volcanic activity. For this purpose we apply a
recently published methodology (Pavlidou et al., 2016), which builds up on kernel-based image processing
approaches, to allow utilization of satellite LWIR archives for long-term volcanic monitoring.

Monitoring of remote inaccessible volcanic areas at different time scales has beenmade possible by the avail-
ability of synoptic satellite coverage, leading to the gradual development of the quantitative discipline of
satellite volcanology (Blackett, 2014; Ramsey & Harris, 2013). Infrared (IR) observations from volcanic targets
are reported since the 1960s (Wooster & Rothery, 2000; Wright et al., 2004). Instruments of different dynamic
range, spatial and temporal resolutions have been utilized for volcanic studies (Blackett, 2014; Donegan &
Flynn, 2004; Pieri & Abrams, 2004; Watson et al., 2004). Technical characteristics of thermal sensors commonly
used in volcanic applications can be found, for example, in Pieri and Abrams (2004), Blackett (2014), Blackett
(2017), and Ramsey and Harris (2013).

The theoretical base of volcanic IR remote sensing stems from the relationship between the kinetic tempera-
ture of an object and its spectral radiance (energy radiated from the object per unit of wavelength), as
expressed by Planck’s function (Blackett, 2017; Wooster & Rothery, 2000):

LλðTÞ ¼ 2hc2

λ5ðexpð hc
λkTÞ−1Þ

�10−6 (1)

where λ is the wavelength (m), T is the temperature (K), L is the spectral radiance (W/m2/sr/μm),
h = 6.6 × 10�34 J s (Planck’s constant), k = 1.38 × 10�23 J/k (Boltzmann’s constant), and c = 3 × 108 m/s (velo-
city of light in vacuum).

An implication of equation (1) is that the emittance of warmer objects peaks in shorter wavelengths (known
as Wien’s law, e.g., in Wooster & Rothery (2000)). Active lava flows have an average temperature in the range
of 500–1000 K and their thermal emissions are stronger in shorter infrared wavelengths. The midwave infra-
red part of the spectrum (MWIR; 3–5 μm) is particularly suitable for detection of volcanic features, as it is less
affected by solar irradiance than daytime shortwave IR and allows detection of a wider range of volcanic
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activity (Blackett, 2013). Wright et al. (2002) report an example of 200% increase in spectral radiance mea-
sured in the 4 μm region (MWIR) in the presence of magmatic material as opposed to the less pronounced
channel response (up to 1% increase) in the 11 μm region (longwave infrared (LWIR)). As a result, mainstream
remote sensing methods for volcanic hot spot detection utilize MWIR input.

Recent overviews of volcanic hot spot detection and monitoring of volcanic activity can be found, for exam-
ple, in Harris et al. (2016) and Blackett (2017). Steffke and Harris (2011) classify relevant algorithms in three
main categories. In the first category, fixed threshold/spectral techniques utilize the difference in MWIR-
LWIR band sensitivity to temperatures of molten material. A characteristic example of dual-band approach
is MODVOLC, an automated hot spot detection algorithm based on input from the Moderate Resolution
Imaging Spectroradiometer (MODIS). MODVOLC (accessible through modis.higp.hawaii.edu) has been a
point of reference for more than a decade, issuing near-real time alerts on a global scale (Wright, 2015;
Wright et al., 2002). It flags thermally anomalous pixels based on the Normalized Thermal Index, which is
the ratio between the difference and the sum of MWIR and LWIR radiances (Wright, 2015; Wright et al.,
2004). Also based on MWIR input, the MIROVA system provides near-real time monitoring and radiative
power time series using MODIS data (Coppola et al., 2016; accessible through www.mirovaweb.it). The
HOTVOLC system uses European Meteorological Satellites (METEOSAT) data for monitoring lava, ash, and
SO2 (Gouhier et al., 2016; accessible through hotvolc.opgc.fr). In the second category, contextual approaches
detect hot spots by comparing target pixels to a nonvolcanic background. An early example in this category
is the VAST method introduced by Harris et al. (1995). Flasse and Ceccato (1996); Murphy, Filho, and
Oppenheimer (2011); Blackett (2013); and Carr, Clarke, and Vanderkluysen (2016) follow similar approaches.
In the third category, temporal (or time series based) methods statistically identify anomalies using past
observations of the same pixel (see, for example, Di bello et al., 2004 and Pergola, Marchese, & Tramutoli,
2004). Hybrid approaches have been developed to increase performance and provide better description of
lava flows in terms of emplacement and radiative power. Examples include the work of Higgins and Harris
(1997); Kervyn et al. (2008); Koeppen, Pilger, and Wright (2010); and Ganci et al. (2011).

Even though the first spaceborne volcanic observation was registered by the MWIR channel of the Nimbus-1
meteorological satellite in 1964 (Wooster & Rothery, 2000), MWIR observations are not always available
(Blackett, 2014). Meteorological satellites did not routinely provide MWIR coverage until the late 1990s. In
order to obtain information from older generation sensors, LWIR data can be used instead. Moreover, as men-
tioned by Carter et al. (2008), LWIR input can be used to monitor subtle radiance changes over time, espe-
cially where it comes to cooler volcanic features. The spectral response of cooler features is more
pronounced in longer wavelengths. Reath et al. (2016), for example, combine LWIR data from different sen-
sors (advanced very high resolution radiometer and Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER)) to detect subtle thermal output preceding effusive and explosive eruptions in
Kamchatka. Wessels et al. (2013) used, among others, ASTER-derived atmospherically corrected at-surface
LWIR radiance and surface kinetic temperature data to detect thermal unrest prior to the 2009 eruption at
Redoubt volcano. Still, atmospheric influences need to be addressed because they might obscure subtle
anomalies (Blackett, 2014; Carr et al., 2016; Watson et al., 2004).

We study volcanic events at different time scales without MWIR input, based entirely on LWIR-derived land
surface temperature (LST) data. This is particularly relevant in view of the availability of a consistent LWIR-
based LST data set retrieved from the European Meteorological Satellites’ (METEOSAT) geostationary set of
sensors (Duguay-Tetzlaff et al., 2015). LST data derived from geostationary satellite input have high temporal
resolution (24–192 images daily depending on the sensor and the period) and are corrected for atmospheric
effects and clouds. Because of the coarse spatial resolution of the geostationary sensor (3–5 km at nadir,
depending on the sensor), the emittance of subpixel volcanic targets is averaged over larger areas and satura-
tion of the recorded signal is not common. Furthermore, METEOSAT sensors have been in operation already
for more than 30 years covering half of the planet. These characteristics allow for the construction of time
series which (a) are hypertemporal, thus suitable for monitoring transient volcanic events, and (b) span over
decades, thus being more useful to study long-term characteristic volcanic cycles.

The spatial resolution and the lower sensitivity of LWIR to volcanic material require the use of a detection
method able to distinguish subtle signal variations; such variations should be detected also in case of con-
stant activity. To achieve these we apply the methodology which we recently developed to detect subtle,
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short-lived, localized fluctuations (Pavlidou et al., 2016). The method combines time series analysis with con-
textual approaches, allowing for site-specific detection. It normalizes pixel values by their spatial neighbors,
suppressing spatially extended patterns at the time they emerge, independently of past observations. As a
result, subtle variations in the signal are visible even in case of persistent activity.

We show the applicability of this approach using hypertemporal LST data sets which cover three different vol-
canic events. The first is the short paroxysmal Mount Etna (Italy) eruption of 12 August 2011. The second
event is a series of lava flows from Nyamuragira volcano and the third, volcanic activity of the permanent lava
lake of Niyragongo; both are located in Virunga National Park (Democratic Republic of Congo), and the
sequence of volcanic activity took place between November 2011 and April 2012. This choice of events allows
us to test activity evolving in different time scales. We validate our findings using satellite- and ground-based
studies and reports. Finally, we apply the same methodology on nonatmospherically corrected at-sensor
brightness temperatures (BTs), derived from METEOSAT MWIR (channel 4) and LWIR (channel 9) data over
Mount Etna. With these results we explore atmospheric effects on the detection and complementarity in
the use of different wave bands.

2. Materials and Methods
2.1. Data

We use the LST product of the Land Surface Analysis Satellite Application Facility of European Organisation
for the Exploitation of Meteorological Satellites (EUMETSAT) (LSA-SAF; 2009). The SEVIRI sensor on board
the METEOSAT Second Generation geostationary satellites has a 3 × 3 km nominal spatial resolution and sam-
pling frequency of four images per hour. The LSA-SAF team retrieve LST based on clear-sky measurements
following the Generalized Split-Window (GSW) algorithm (Wan & Dozier, 1996). First, they perform cloud
masking using software of the Nowcasting Satellite Application Facility. Then, as described by Trigo et al.
(2009) they use an adjusted version of the GSW algorithm to correct the data for atmospheric effects based
on the differential absorption in two LWIR bands, centered at 10.8 μm and 12 μm. The LST product comes
with pixel-by-pixel information on estimated uncertainties of LST values. LST data are available at three levels
of confidence based on these uncertainties: above nominal (estimated uncertainty less than 1 K), nominal
(uncertainty between 1 and 2 K), and below nominal (uncertainty above 2 K).

For our analysis we only use pixels with nominal or above-nominal uncertainty levels (≤2 K). We subset the
LST data over the two study areas. The first is located in Sicily, Italy, and covers 66 × 65 pixels over the volcano
of Mount Etna (Figure 1). The data set is 1 month long (August 2011) and covers a paroxysmal episode that
took place on Mount Etna, on 12 August 2011. The second area (122 × 108 pixels of the image) is subset over
the Virunga Mountain Range National Park and includes twomajor active volcanoes on the African continent:
shield volcano Nyamuragira and stratovolcano Nyiragongo, which hosts a permanent lava lake (Figure 2).
This data set extends over 2 years (January 2011 to December 2012) and covers the Nyamuragira eruption
period between November 2011 and April 2012. In this period lava flows and activity in the lava lake took
place, as described in the reports of the Global Volcanism Program (GVP) of the Smithsonian Institution
(2011a, 2011b, 2011c, 2011d, 2013, 2014a, 2014b). The spatial extent of the subsets is chosen to completely
contain the corresponding volcanic targets, including also nonaffected areas.

With this choice of events we test three types of volcanic activity, with different duration and spatial extent,
and with different degree of ground-based monitoring. First, the paroxysmal eruption of 12 August 2011 in
Mount Etna lasted 33 h and composed of Strombolian activity, lava fountaining, and lava flows (Ganci et al.,
2013). Ganci et al. (2013) report ground-based observations covering the whole duration of the event, which
was the strongest of the year. They use data acquired from a permanently installed thermal camera to esti-
mate a total lava flow area of 1.3 × 106 m2, where temperatures developed between 400 and 1200 K during
three phases (flow onset, fountaining, and cooling). Second, we study the flank eruption of Nyamuragira.
There, for the period starting 6 November 2011 and lasting through to April 2012, the Global Volcanism
Program report details volcanic activity which started as fissures and fountaining in early November. New
cone formation took place in early December 2011; fissures and extended flows were registered throughout
January. Finally, the GVP report lava flows, degassing, and lake formation in February which lasted until April
2012, with continuous degassing until June. Our third volcanic target is the case of the 1200 m wide summit
crater of Niyragongo. There, a lava lake of average diameter of 244 m according to Burgi et al. (2014) shows
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frequent fluctuations of the level of its lava surface. It is also characterized by rapid fissure eruptions, lava
fountaining, overflows, and movement of cooled lava plates within the lake (Burgi et al., 2014). We test this
area for the years 2011–2012. Concerning the period between January and June 2011, the reports of GVP

Figure 1. Study areas over (a) Mount Etna and (b) Virunga National Park, Democratic Republic of Congo, with the general location indicated by the insets. In both
plots, the images on the left are natural color RGB color composites from SEVIRI, while on the right the Landsat ETM+ color composite images show the volcanic
targets with more spatial detail. High-resolution imagery is only available at infrequent intervals (once every ~16 days). Green colors show vegetated areas, brown
refers to bare soil, black to water bodies, and white to cloud cover. The presence of lava is shown in bright red in the Landsat image over Congo, the only
high-resolution image available from that period of activity (February 2012). The parallel black lines in the Landsat imagery are scan line corrector errors. Landsat
imagery courtesy of USGS; SEVIRI imagery courtesy of EUMETSAT.
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detail that the level of lava in the lake was stable and there was no lava overflow. In the period of 30 May to 9
June 2011, Burgi et al. (2014) conducted a field campaign in the area of the lake. Late on 3 June, an inward
drainage took place, and the surface of the lava lake was falling between 4 and 6 June. Spampinato et al.
(2013) visited Nyiragongo in March 2012 and used a ground-based thermal camera to make approximately
1 h long recordings of the activity in the lake for three consecutive days. They report mean apparent
temperatures of 800–820 K on 9 March, 740–808 K on 10 March, and 730–824 K on 11 March. They
estimate that the mean radiative power varied between 1.00 and 1.20 GW, 0.60 and 1.00 GW, and 0.60 and
1.10 GW on the respective days. More detailed ground information is not available; in Congo, ground-based
monitoring of both volcanic targets of this study is not systematic. On the contrary, Mount Etna is being reg-
ularly monitored from the ground (GVP, 2013).

2.2. Image Processing and Hot Spot Detection

The method described in Pavlidou et al. (2016) applies a contextual approach to suppress patterns common
between each pixel and its surroundings. Pixel values are divided by the average value of a square open
frame of neighboring pixels (normalization; see Figure 2a). In this way, we highlight localized fluctuations that
are present in the central pixel but not in the surrounding frame. Thereby, predominant patterns extending
over the image are suppressed, including seasonal effects and unusual weather conditions. Normalization is
run spatially, for all the pixels in the image and consequently for all images in the data set.

After the normalization, each pixel is analyzed in its time series profile. In the normalized series, we flag local
fluctuations as anomalous in case they exceed a mean + 2σ threshold (Pavlidou et al., 2016). The threshold is
calculated for every pixel’s normalized time series. Thus, it is adjusted to each specific location and thereby
facilitates detection over constantly elevated backgrounds, which is important for active volcanic areas
(Koeppen et al., 2010). A moving window runs through each pixel-based time series to count the number
of anomalies that fall within the window (Figure 2c). In this way we detect values that exceed the set thresh-
old and cluster in time; this allows us to examine the temporal coincidence between a localized anomaly and
the potential underlying causative process. The analysis is carried out in every pixel of the study area, in all
images of all timeslots. This allows for monitoring of unknown eruptions.

Following the procedures described in Pavlidou et al. (2016) we decide on the settings applied for processing
(see supporting information). We set the length of normalization frame side to five pixels (~15 km based on

Figure 2. Methodology. (a) Every pixel Y is normalized by the average of the neighborhood pixels X1–X32. (b) The original time series from the central pixel (black
line) and the average value of the frame pixels (red line). (c) In the normalized series resulting by the division of central pixel/frame time series, values exceeding the
mean + 2 threshold (dashed blue line) are considered anomalous. A moving temporal window (hashed gray box) counts how many anomalous values coincide
within the same time period. The procedure is carried out for every pixel time series. Figure adopted from Pavlidou et al. (2016).
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the nominal spatial resolution of the sensor). This choice minimizes the variability of the normalized series in
both study areas. It also ensures that the frame is wider than the maximum possible spatial extent of a
potential anomaly, as described in the ground-based reports. Concerning the choice of temporal window,
we show results with windows both smaller and larger than the events of interest. In particular, in Mount
Etna, where the paroxysmal episode of 12 August lasted 33 h (Ganci et al., 2013), we present analysis with
a 1 day temporal window. In Congo, where volcanic activity wasmore prolonged and was dominated by flank
eruptions of variable duration (from few hours to days), we use a 5 day temporal window.

2.3. Validation

We validate our findings with ground-based reports of the Global Volcanism Program (2011a, 2011b, 2011c,
2011d, 2013, 2014a, 2014b), the studies of Burgi et al. (2014) and Spampinato et al. (2013) for Congo and of
Ganci et al. (2013) for Mount Etna. Radiant heat flux data were kindly provided by the authors. In our compar-
isons we give priority to ground-based reports whenever they are available; satellite-based evidence is used
as complementary. We consider that there is agreement between the available reports and our results, where
(a) we detect peaks when activity is reported, (b) we do not detect peaks when quiescence is reported, and
(c) when detected peaks temporally coincide with reported increases in apparent temperatures and/or radia-
tive heat flux, because we assume that such increases would lead to higher numbers of detected anomalies.
We further compare our findings with the MODVOLC alerts issued for the periods of interest. In this case, we
consider agreement if the peaks we detect coincide temporally with issued alerts.

2.4. Application on MWIR and LWIR At-Sensor Brightness Temperatures

We apply the same methodology in the study area of Mount Etna, Sicily, using as input brightness tempera-
tures (BTs) derived (a) from theMWIR band (channel 4, centered at 3.9 μm) and (b) from the LWIR band (chan-
nel 9, centered at 10.8 μm) of the SEVIRI sensor. The temporal and spatial resolution of the data is the same as
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in the case of LST, as is the study area definition and the duration of the data set. MWIR and LWIR BT data are
neither atmospherically corrected nor cloud-masked. With this analysis we examine atmospheric effects on
the result of detection and we explore comparability and complementarity of the different inputs.

3. Results

We present the results from our analysis of data sets from both study areas in Figures 3–6. The peaks corre-
spond to numbers of anomalies clustered within the moving temporal window. Comparisons are provided
against MODVOLC alerts, published measurements of radiant heat flux, and ground-based information on
reported activity or inactivity.

In the case of Mount Etna, we detect the eruption of 12 August as the largest peak in the LST data set; this is
visible only in the two pixel time series affected by the flow and is approximately 4 times as large as the next
highest peak in amplitude (Figure 3a). The peak coincides with MODVOLC alerts and with paroxysm #10, as
reported by the GVP. The paroxysm of 12 August was the largest of 2011 (Ganci et al., 2013). Ganci et al. (2013)
report a short period of increasing heat flux in the morning of 12 August, followed by a rapid increase during
the main fountaining activity and a period of waning heat flux during cooling. These can be seen in both
curves reported by the authors: they calculate the first using ground measurements, and for the second, they
use METEOSAT MWIR observations (Figure 3b). Our peak is in agreement with both curves. The event is also
detected when using MWIR (Figure 4a2) and LWIR (Figure 4b2) BT input. MWIR data saturate during the
paroxysms (Figure 4a1). The result of MWIR-based detection shows that paroxysm #9 is the largest one
(Figure 4a2), even though the ground reports describe that paroxysm #10 was instead the largest of the year.
This issue is not present in LWIR-based results (Figure 4b2).

Smaller paroxysms in the same month took place between 5 and 6 August (#9), on 20 August (#11), and
around 29 August (#12), according to the ground-based reports. The first two events included extensive
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ash emissions (dense plumes of ash and tephra). These resulted in missing values in LST data and impeded
detection (Figure 3a); similarly, they masked event #11 in LWIR data (Figures 4b1 and 4b2). MWIR data were
less affected by the plumes and the event is detected as a peak (Figure 4a2). Paroxysm #12 was preceded by

Figure 5. Hot spot detection in Virunga National Park, Democratic Republic of Congo. (a) Detection results for the complete period 2011–2012. The number of
anomalies detected in the pixels covering lava flows is shown in different color for each pixel. (b) The location of the pixels is shown in the Landsat image.
These were pixels with maximum counts of detected anomalies. The period of volcanic activity reported by the Global Volcanism Program (2014a) is denoted
with a red horizontal line. Red vertical bars correspond to issued MODVOLC alerts. The period of reported inactivity is shown with a blue horizontal line. Figure 5b
shows a detail from a Landsat ETM+ color composite image of the flows superimposed by an image showing the location of the largest peaks we detected in
each pixel time series. Pixels 1–6 show the highest peaks, are shaded white, and coincide with the area of fresh flows. Pixel 7 covers the lava lake of Nyiragongo. Pixel
8 is used as a reference pixel, not affected by lava flows; it is plotted here to show lack of variation in nonaffected pixels. (c) Peaks detected in pixels 4 and 5 of
Figure 5b. Peaks that are detected in pixel 5 (for example, see 15 December) move temporally to pixel 4 (in the same example, 18 December), indicating N-NE
movement of the flows as described in the Global Volcanism Program report (2014a). Landsat imagery courtesy of USGS.
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an explosion and a series of ash emissions, between 27 and 28 August; these were not classified as paroxysms
by GVP. The onset of the event of 29 August (paroxysm #12) was detected as a small peak in the LST-based
analysis, but it was also followed by a gap in the data when reported ash emissions took place (Figure 3a).
LWIR-based analysis shows a peak on 27 August and smaller peaks on the following days. In MWIR-based
analysis only the most intense event is visible as a peak on 29 August.

In Congo there were two different types of activity: a series of effusive lava flows on the flanks of Nyamuragira
and a permanent lava lake in Nyiragongo (Figures 5 and 6).

The Nyamuragira lava flows affected mostly six pixels (shaded white in the left plot of Figure 5b). We present
results of the detection for all of these pixels in Figure 5a, using different colors. In all pixels we detect a series
of peaks which are up to 6 times larger than the rest of the data set, and they distinctively cluster in the period
of volcanic activity described in the GVP report (Figure 5a). A high number of MODVOLC alerts were also
issued during that period. The compilation of results from neighboring pixels provides insight in the spatio-
temporal evolution of the event. For example, as seen in more detail in Figure 5c, a peak appears first in pixel
5 and then moves N-NE to neighboring pixel 4; this is in agreement to the flow described by the GVP report.
Such peaks were not visible in pixels unaffected by volcanic activity (Figure 5c).

In Nyiragongo MODVOLC alerts are present throughout the data set, as would be expected for a permanent
lava lake. Our analysis indicates the periods when activity was more intense (Figure 6). Our findings show
quiescence between January and July 2011. Activity during this period is sporadic and of low intensity.
This is followed by an increase in activity that culminated in September 2011; other periods of intense activity
include the first days of March 2012 and November 2012. The GVP reports that the levels of lava in the lake
were stable in the period of January to June 2011 in agreement with our observations. Burgi and colleagues
report an incident of convective inward drainage of the lake and a total drop of the lava surface by 33 m dur-
ing 3–6 June 2011. The event did not involve overflows or outward activity, and no peak was detected with
our analysis either. Spampinato et al. (2013) carried out SEVIRI-based calculations of radiative power, using
the HOTSAT system between January and June 2012. The highest mean monthly radiative power values of
this period were recorded in March. Increased hourly values were more specifically present in the beginning
of March; these coincide with the highest peak we detect in March (Figure 6, shown with an asterisk). The
authors subsequently report an oscillating falling trend in their ground-based measurements of apparent
temperatures between 9 and 11 March, and that is consistent with the decreasing, low numbers of

Figure 6. Detection results from the lava lake of Nyiragongo. MODVOLC alerts can be seen as red vertical lines and are present throughout the series, as would be
expected in the case of a permanent lava lake. Our detection denotes the periods with highest activity levels. Available reports of inactivity are denoted by blue
horizontal lines. Meanmonthly values of radiative power, as reported by Spampinato et al. (2013), are shown in the figure with brown circles. The black asterisk shows
the peak that corresponds to the highest hourly radiative power values of March 2012 as calculated by the same authors.
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anomalies we detect in these days. The largest peak we detected over the lava lake was early on 13
September 2011, and such a peak was not present in neighboring pixels. Cloud cover was increased in this
period but throughout the study area. We could not validate this peak or the rest of the results of our detec-
tion in Nyiragongo due to lack of ground-based information.

4. Discussion

MWIR data are commonly used in many volcanic applications and hot spot detection approaches. Still, the
study of volcanic activity could benefit from the utilization of LWIR-based, archived observations. Relevant
data sets are becoming increasingly available. For example, Duguay-Tetzlaff et al. (2015) report on the quality
of a 30+ yearlong, LWIR-based LST climate record recently compiled by EUMETSAT. GlobTemperature, an
initiative of the European Space Agency, aims among others at the production and dissemination of long-
term satellite LST products (http://www.globtemperature.info/). Our study was intended to test such data
sets in volcanic applications, using a recently published approach sensitive to subtle localized
signal fluctuations.

The challenges involved in existing hot spot detection include algorithm transferability to areas with different
prevailing conditions, particularly when fixed thresholds are used, and detection of subtle anomalies, com-
monly obscured by atmospheric conditions (Blackett, 2014; Ganci et al., 2011; Watson et al., 2004; Wright,
2015). The temporal component of the input contains useful information for the isolation of extreme events,
but detection cannot be based only on statistical characterization of past observations (Koeppen et al., 2010)
especially where anomalies are obscured by predominant, temporally varying patterns. In our approach we
combine contextual and temporal methods to suppress large-scale patterns at the time they emerge, high-
lighting subtle fluctuations. The detection threshold we apply is dynamically determined for every pixel time
series. As a result, our detection is inherently considering local conditions. The settings of the method are
adjustable to the desired time scale and the characteristics of the volcanic target of interest (see also support-
ing information for details). For example, if we want to resolve short-term activity, we apply shorter temporal
windows as demonstrated over Mount Etna. In the case of permanent intermittent volcanic unrest, where
volcanic activity is always present but at times low and at other periods high, the use of a lower threshold
would describe both lower and higher-intensity events and result in a continuous series of hot spots. We
avoid this in the lava lake in Nyiragongo by highlighting more intense events. We are thus able to trace
increased activity through time. Additionally, our methodology is applied uniformly with the same settings
across the data set. Unexpected fluctuations can therefore be detected even in parts of the image not known
a priori, as is the case of flank eruptions in a wider volcanic area.

Our input is LST retrieved from geostationary satellite LWIR data. The advantage of geostationary sensors is
that they provide frequent temporal coverage and are thus able to capture short-lived, transient events
(Ganci et al., 2011; Ramsey & Harris, 2013). Geostationary-based observations are already available for dec-
ades, supporting the possibility for long-term studies of volcanic dynamics. The data sets we use are atmo-
spherically corrected and cloud-masked. Still, the quality of addressing the prevailing atmospheric
conditions remains as a limitation in volcanic monitoring, especially in the case of misclassified clouds and
volcanic ash.

Cloud coverage could obscure a short-lived event. The effect of this influence is decreased in the case of
geostationary-derived input, because of the frequency of sampling; however, when there is persistent cloud
cover during an eruption, a transient event will not be captured. Furthermore, if clouds remain in the data
there is a possibility of false detection. When frame values are very low due to the presence of clouds, the
normalized value of the central pixel will be very high. This could be the case, for example, of theminor detec-
tions appearing on 15–16 August in MWIR and LWIR-based results (Figures 4a2 and 4b2). We chose atmo-
spherically corrected LST rather than at-sensor LWIR BT as input for our analysis to minimize such effects.

Cloud remnants may also affect LST retrievals. The cloud mask used for the production of the data set has a
reported percentage of maximum 4% of missed cloud identification, mostly due to cloud edges and thin low
clouds at night (see for details Trigo et al., 2009). LST retrievals are similarly affected by the amount of total
column water vapor in the atmosphere and possibly by the turbulent conditions prevailing over volcanic tar-
gets in unrest. These effects are partly reflected in the quality information of the LST product and partly
remain in the data. For our analysis such remnants would lead to peaks nonrelated to volcanic activity. To
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minimize such effects we only included LST data of at least nominal confidence level in our study. Any peaks
resulting from nonaddressed atmospheric influences, if present in our results, were not comparable to the
size of the ones caused by volcanic flows. It can be argued that the atmospheric corrections in our analysis,
especially with the strict quality constraints we imposed, obscured targets of interest. This is true, considering
that in the case of Mount Etna, the same analysis with noncorrected LWIR BT input could detect all reported
events, whereas minor events under thick ash emissions were missed using LST input. By choosing LST input,
however, we avoid false detections caused by cloud remnants and atmospheric effects, even at the expense
of missing events of smaller intensity. This may be of importance for detecting activity in low-
temperature targets.

Volcanic ash can also interfere with the registration of an event in the data. Watson et al. (2004) mention that
the presence of SO2, principal component of volcanic plumes, attenuates the recorded IR signal. Even though
an SO2 plumemay not mask out radiating basaltic pixels completely, as seen in the results fromMWIR input, it
can still attenuate the signal registered in the LWIR and is more pronounced when the plumes are thicker and
contain water vapor. This is visible when comparing MWIR and LWIR data (Figure 4). Such attenuation in our
analysis would result in a peak appearing smaller than it would be in clear-sky conditions. LST retrievals do
not address the potential presence of volcanic plumes. However, in spite of attenuation, the detected peaks
in our results could be clearly distinguished from quiescence.

Thicker ash plumes, or plumes which act as condensation nuclei and facilitate formation of ice clouds in their
upward movement through the atmosphere, could lead to missing values in LST data. Such could be the case
of the small paroxysm #9 in Mount Etna: the GVP reported gas emissions during the event, and in our data set
missing values did not allow detection. The percentage of missing values in the temporal window affects the
size of the peaks we detect. When the temporal window/normalization frame only include a few observations
we do not know if these observations are representative, and this may introduce uncertainty in our results.
We could have thus set a threshold to discard results calculated with relatively incomplete normalization
frames or temporal windows (see supporting information for details). However, we consider that degassing
is commonly present and can be an indicator of volcanic activity (as seen also in MWIR and LWIR BT input),
and we do not apply any data availability threshold in our processing. This allows us to make the most of
the available data and to utilize indirect evidence of degassing. The quantification of the effect of turbulent
atmospheric conditions and volcanic emissions in the future could eliminate such sources of uncertainty in
LST-based results.

MWIR-based detection was not as affected by the plumes as was LWIR-based analysis. For example, paroxysm
#11 was detected only using MWIR input. On the other hand, MWIR BT data reached saturation easier and the
result of the analysis did not represent the relative magnitude of the events correctly: paroxysm #9 appeared
larger than #10, which is not the case according to ground-based observations. LWIR BT-based analysis was
more sensitive to events of lower intensity, like the ones preceding paroxysm #12. These comparisons
showed that it is possible to implement our approach using different wave bands. This supports application
of our approach further than just for utilization of LWIR LST archives. Results of analysis of different wave
bands can complement each other or be used in combination with mainstream methodologies.

5. Conclusions

We test a recently developed hot spot detection methodology to study volcanic activity. This methodology
suppresses predominant patterns and detects temperature anomalies. Our analysis is done with hypertem-
poral LWIR-based LST data, which facilitates volcanic studies when MWIR information is not available, for
example, in older sensors. The hypertemporal component of our approach allows for studying the dynamic
development of volcanic activity at different time scales, from transient 1 day long events (for example, in the
case of Mount Etna) to longer eruptive sequences (for example, in the case of Nyamuragira). The method can
be used on input from different wave bands. It is adapted to local conditions by using dynamic thresholds,
and as a result, it can be used in different volcanic regions globally. Fluctuations in volcanic activity are
detected systematically even where they occur in parts of the image not previously active and/or in areas
with constant volcanic activity (for example, in the case of Congo). Our main findings are in agreement with
the available satellite- and ground-based information. We conclude that our approach can support the use of
LST data for studies of volcanic activity; it can complement mainstream MWIR/LWIR methodologies, and it
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can prove useful when it comes to thermal targets which are not (or cannot be) sufficiently monitored form
the ground.
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