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Abstract: Satellite data provide crucial information to better understand volcanic processes and
mitigate associated risks. In recent years, exploiting the growing number of spaceborne polar
platforms, several automated volcanic monitoring systems have been developed. These, however,
rely on good geometrical and meteorological conditions, as well as on the occurrence of thermally
detectable activity at the time of acquisition. A multiplatform approach can thus increase the number
of volcanological-suitable scenes, minimise the temporal gap between acquisitions, and provide
crucial information on the onset, evolution, and conclusion of both transient and long-lasting volcanic
episodes. In this work, we assessed the capabilities of the MEdium Resolution Spectral Imager-
II (MERSI-II) sensor aboard the Fengyun-3D (FY-3D) platform to detect and quantify heat flux
sourced from volcanic activity. Using the Middle Infrared Observation of Volcanic Activity (MIROVA)
algorithm, we processed 3117 MERSI-II scenes of Mount Etna acquired between January 2020 and
February 2023. We then compared the Volcanic Radiative Power (VRP, in Watt) timeseries against
those obtained by MODIS and VIIRS sensors. The remarkable agreement between the timeseries,
both in trends and magnitudes, was corroborated by correlation coefficients (ρ) between 0.93 and
0.95 and coefficients of determination (R2) ranging from 0.79 to 0.84. Integrating the datasets of the
three sensors, we examined the effusive eruption of Mount Etna started on 27 November 2022, and
estimated a total volume of erupted lava of 8.15 ± 2.44 × 106 m3 with a Mean Output Rate (MOR) of
1.35 ± 0.40 m3 s−1. The reduced temporal gaps between acquisitions revealed that rapid variations in
cloud coverage as well as geometrically unfavourable conditions play a major role in thermal volcano
monitoring. Evaluating the capabilities of MERSI-II, we also highlight how a multiplatform approach
is essential to enhance the efficiency of satellite-based systems for volcanic surveillance.

Keywords: MERSI-II; FY-3D; Etna; MODIS; VIIRS; MIROVA; Volcanic Radiative Power; thermal
remote sensing; volcano monitoring

1. Introduction

Infrared remote sensing of volcanoes has long been a subject of remote sensing studies
and has developed into a field of its own since the 1960s [1–3]. Beginning with qualita-
tive observations via aerial and space-born platforms, this discipline has since become a
quantitative science, encouraged, and sponsored by leading sensors capable of detecting
and monitoring global volcanic activity [2,4]. In the early 2000s, with the advent of its
Earth Observing System (EOS) missions, the National Aeronautics and Space Administra-
tion (NASA) heralded the beginning of a new era in the field of remote sensing and its
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applications [5]. Within this framework, and with regards to volcanological studies, NASA
developed The MODerate resolution Imaging Spectroradiometer (MODIS) onboard of
Terra (1999) and Aqua (2002) platforms, widely defined as the most successful, volcanologi-
cally exploited, and long-lasting sensors produced by NASA [6–10]. The high saturation
thresholds of MODIS’s thermal bands, coupled with their high temporal resolution, per-
mitted the development of the first automatic global volcanic monitoring system, namely
MODVOLC [6,11]. With the revolutionary information and wealth of data provided by
MODVOLC, several volcanic hot-spot detection algorithms were developed. Amongst
them, the Middle Infrared Observation of Volcanic Activity (MIROVA) developed by [10] is
widely described as one the most used algorithm for Near-Real-Time (NRT) quantification
of thermal emissions from hot volcanic sources [12–14].

Satellite-derived thermal flux is widely employed to detect signs of unrest in volcanic
regions [15–17] and monitor the evolution of volcanic activity [1,12,18]. However, despite
a large number of available automatic systems, these are mainly based on individual
sensors and/or platforms, resulting either in a limited number of available information,
due to temporal constraints or a reduced level of detail, due to the low resolution of
the sensors employed (i.e., geostationary platforms) [3]. Additionally, regardless of the
amount or the resolution of the available data, all thermal satellite-based systems rely on
the availability of scenes acquired in good weather conditions, thus not contaminated by
clouds or volcanic plumes, where thermal sources can be clearly distinguished, and thermal
energy quantified [8,19]. Furthermore, volcanic processes are typically transient in nature,
and variations in the eruptive regime may occur over timescales of tens of minutes [4,20–25].
To track the evolution and detect rapid variations of volcanic activity, researchers employed
geostationary satellites, exploiting their high temporal resolution (i.e., from 5 to 15 min
for MSG-SEVIRI) [26–29]. Nonetheless, as mentioned above, the low spatial resolution of
geostationary platforms (i.e., MSG-SEVIRI, 3 km at nadir) remains a major limitation to
precisely locating and quantifying the anomalous thermal source, especially at volcanoes
beyond 50◦N/S where pixel resolutions exceed 10 km2 [30]. Moreover, given their relatively
static orbital position, geostationary satellites do not provide complete global coverage,
resulting in a number of volcanoes (i.e., those sited at the poles) falling outside their Field
of View (FOV) [30].

A multiplatform approach based on higher resolution polar satellites can thus reduce
the temporal gaps between image acquisitions, increasing the likelihood of acquiring scenes
during transient volcanic events, and with good geometrical views, the latter is found to
be crucial to correctly identify and quantify the thermal anomalies [12]. Polar imageries
acquired with short temporal gaps can also provide crucial information on the evolution
of the volcanic activity and its dynamics, for instance, allowing the detection of rapid
changes in the eruptive regime, thus in the Time Averaged Discharge Rate (TADR). The
rapid response, in turn, allows scientists, stakeholders, and competent bodies to run and
update lava flow models, obtaining detailed information on the forthcoming expected
scenarios [25].

The majority of global satellite-based volcanological systems have been developed
exploiting sensors and polar platforms belonging to the NASA series due to the ease of
access and open data policies, length of available timeseries, and indeed, high quality
of data provision [10,11,14,31–37]. Nonetheless, although MODIS instruments are still
operational, their designated lifetime of 6 years has long overpassed, and although they
continue to provide high-quality data, the gradual yet continuous degradation of their
capabilities has been widely discussed [38–40]. Ensuring the continuity of satellite-based
thermal volcanic systems [14] revealed how the Visible Infrared Imaging Radiometer Suite
(VIIRS) sensor aboard Suomi-NPP and NOAA-20 platforms is an excellent candidate to
compensate for the forthcoming disposal of Terra and Aqua satellites. Other space agencies,
however, have recently launched comparable platforms equipped with sensors able to
detect thermal anomalies in volcanic settings, including the European Space Agency (ESA)
(i.e., Sentinel-3) [41], the Japan Aerospace Exploration Agency (JAXA) (i.e., GCOM-C) [42]
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and the China Meteorological Administration (CMA) (i.e., FY-3D) [25]. Amongst these, the
MEdium Resolution Spectral Imager-2 (MERSI-II) aboard Fengyun-3D (FY-3D) platform is
of most interest. Several studies assessed and ascertained the similarities between MERSI-II
and MODIS [43–49], with [25] suggesting its suitability for volcanological applications.
Scholars also revealed that MERSI-II can detect fire hotspot with great accuracy, making
it comparable with MODIS fire products [48–53]. However, the evaluation of MERSI-II
Medium InfraRed (MIR) bands to detect and quantify thermal volcanic activity is yet to
be explored.

In this work, we evaluate, for the first time, the capabilities of the MERSI-II sensor
aboard the FY-3D platform to quantify thermal activity, in terms of Volcanic Radiative Power
(VRP, Watt) sourced from the volcanic target, by applying the MIROVA algorithm [10].
Taking Mount Etna as a case study, we first provide an overview of the sensor’s capabilities,
presenting the results obtained from January 2020 to January 2023. We then compare
the results obtained by MERSI-II with those obtained by the same algorithm applied to
MODIS [10] and VIIRS [14]. Finally, by combining the data retrieved from the three sensors,
we provide the Time Averaged Discharge Rate (TADR) and the total erupted volumes for
the effusive eruption that commenced the 27 November 2022, highlighting the benefits
introduced by operating a multi-platform approach.

2. Mount Etna and Case Study
Mount Etna

Mount Etna is the highest and most active volcano in Europe, sited on the eastern coast
of Sicily, Italy [54,55] (Figure 1). The overall volcanic activity alternates between periods
of persistent degassing, effusive events, and intense explosive volcanic episodes [56–58].
Beginning with the second decade of the 21st century, the Etnean activity mainly concen-
trated at its summit craters (Voragine (VOR), Bocca Nuova (BN), North East Crater (NEC),
and South East Crater (SEC)) [59]. Within this timeframe, the volcano showed highly
explosive phases, characterised by sequences of paroxysms [59–61], alternating with phases
of persistent degassing and weak Strombolian activity occasionally associated to poorly fed
lava flows from ephemeral sub-terminal vents opened at the base of the summit craters [62].
Paroxysmal episodes are characterised by lava fountains lasting between 1 and 2 h and
pyroclastic material ejected up to 3 km above the craters’ rims, beyond which conspicuous
emissions of volcanic ash are dispersed into the atmosphere for hundreds of kilometers [63].
Lava fountains are often accompanied by short-living lava flows fed by craters’ overflows
and falling pyroclastic products [63].
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Figure 1. Digital Surface Model (DSM) of Mt. Etna at 2 m spatial resolution derived from 2015 Plei-
ades Satellite Imagery [64]. The superimposed red shape depicts the extent of the lava flow em-
placed during the 27 November 2022–6 February 2023 eruption, as derived from MIROVA-pro-
cessed [13] Landsat (8–9) and Sentinel-2 (A-B) imageries. The top-right box shows the location map 
of the study area seen from MERSI-II TIR band (12.0 µm). The red dashed box depicts the summit 
area and craters, namely Bocca Nuova (BN), North East Crater (NEC), Voragine (VOR), and South 
East Crater (SEC). The white dots depict the major volcanic structures, as labelled, with Crt(s) stand-
ing for Crater(s). Contour lines are derived from the 2 m DSM. Bold black lines show 500 m equi-
distant intervals, and light black lines are places at 100 m equidistant intervals. The total area of the 
lava field is comprised of between ~0.88 × 106 and 1.17 × 106 (assuming an error of ±1 pixel). 

Between January 2011 and February 2013, the eruptive behavior of Mt. Etna was par-
ticularly explosive [65], with 45 paroxysmal episodes recorded within this timeframe (i.e., 
76.27% of the total 59 paroxysmal events occurred between 2010–2019) [56]. This intense 
paroxysmal phase climaxed at the end of 2013 and was replaced by a persistent degassing 
activity, the latter accompanied by intermittent Strombolian events. On July 2014, the ac-
tivity underwent drastic changes, with paroxysmal episodes and Strombolian activity be-
ing replaced by effusive eruptions originating from the NEC and SEC [65]. The effusive 
activity lasted until August of the same year [58]. In 2015, after the short effusive eruption 
of 31 January–2 February (SEC), the activity moved to VOR, producing, between Decem-
ber 2015 and May 2016, the most energetic paroxysmal events at Mount Etna since the 
beginning of the 21st Century [66–69]. 

With the termination of paroxysmal episodes at VOR, a new shift in the eruptive style 
and a decrease in the eruptive frequency was reported by [65]. Between February–April 
2017 an effusive event originated from the SEC, later followed by the so-called “Christmas 
Eve” flank eruption, which occurred between 24 and 27 December 2018. Overall, between 

Figure 1. Digital Surface Model (DSM) of Mt. Etna at 2 m spatial resolution derived from 2015 Pleiades
Satellite Imagery [64]. The superimposed red shape depicts the extent of the lava flow emplaced
during the 27 November 2022–6 February 2023 eruption, as derived from MIROVA-processed [13]
Landsat (8–9) and Sentinel-2 (A-B) imageries. The top-right box shows the location map of the study
area seen from MERSI-II TIR band (12.0 µm). The red dashed box depicts the summit area and craters,
namely Bocca Nuova (BN), North East Crater (NEC), Voragine (VOR), and South East Crater (SEC).
The white dots depict the major volcanic structures, as labelled, with Crt(s) standing for Crater(s).
Contour lines are derived from the 2 m DSM. Bold black lines show 500 m equidistant intervals, and
light black lines are places at 100 m equidistant intervals. The total area of the lava field is comprised
of between ~0.88 × 106 and 1.17 × 106 (assuming an error of ±1 pixel).

Between January 2011 and February 2013, the eruptive behavior of Mt. Etna was
particularly explosive [65], with 45 paroxysmal episodes recorded within this timeframe
(i.e., 76.27% of the total 59 paroxysmal events occurred between 2010–2019) [56]. This
intense paroxysmal phase climaxed at the end of 2013 and was replaced by a persistent
degassing activity, the latter accompanied by intermittent Strombolian events. On July
2014, the activity underwent drastic changes, with paroxysmal episodes and Strombolian
activity being replaced by effusive eruptions originating from the NEC and SEC [65]. The
effusive activity lasted until August of the same year [58]. In 2015, after the short effusive
eruption of 31 January–2 February (SEC), the activity moved to VOR, producing, between
December 2015 and May 2016, the most energetic paroxysmal events at Mount Etna since
the beginning of the 21st Century [66–69].

With the termination of paroxysmal episodes at VOR, a new shift in the eruptive style
and a decrease in the eruptive frequency was reported by [65]. Between February–April
2017 an effusive event originated from the SEC, later followed by the so-called “Christmas
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Eve” flank eruption, which occurred between 24 and 27 December 2018. Overall, between
January 2014 and June 2019, 14 paroxysms and 5 main subterminal/flanks eruptions were
reported [25,56,70].

The 2020–2023 Volcanic Activity Case Study

Beginning with the third decade of the 2000s, and precisely between April 2020 and
February 2022, a new cycle of frequent paroxysms from the SEC crater interrupted the
18-month-long period of low and infrequent activity [24]. Within this biennium, 67 episodes
lasting between ~5 and ~800 min having an average duration of ~120 min, and an occur-
rence rate comprised between 10 to 50 h were reported by [59,71,72]. Paroxysmal episodes
alternated with recurrent summital, mostly intracrateric, strombolian activity. The sequence
of paroxismal events ceased after February 2022, and, after ~3 months of rest, on 12 May
2022, a new lava flow from the SEC was observed [73]. The effusive activity gradually
decreased and terminated between 12–15 June [71,73]. Following this event, the volcano
underwent a period of relative quiescence, with sporadic intracrateric explosions and
occasional strombolian activity reported from the summit craters.

After a six-month break, the 27 November 2022, a new eruptive fissure opened at the
northeastern base of the SEC at ~2800 m a.s.l. [74]. Unfavourable meteorological condi-
tions prevented clear observations of the volcanological phenomenon until 28 November
when, as evinced from MIROVA-processed [13] Sentinel and Landsat thermal imageries,
disbandment of the cloud cover revealed a second eruptive fissure, sited at ~2900 m a.s.l.
in the same sector of the volcano. The mostly effusive activity, at its initial stage, produced
a contained lava flow reaching ~2700 m a.s.l. in the Valle del Leone (Figure 1). The activity
continued throughout December, with the main lava flow reaching ~2300 m a.s.l. in the
Valle del Bove. The eruption maintained a mostly steady trend until the night between
17 January 2022, when a sudden decrease in the effusive regime almost announced the
termination of the volcanic event. On January 19th, the effusion reinvigorated, originating
two lava flows directed to north-east, skirting the western edge of the cooling lava field and
eastward on the steep western flank of Valle del Bove, respectively. As of January 19th, the
further extending new fronts were confined at approximately ~2500 m a.s.l. The effusive
activity continued throughout January with a relatively low, yet variable, regime until the
early hours of February 1st, when a sudden decrease in volcanic activity was observed.
On February 2nd, the effusive activity resumed, with new lava flows superimposing the
cooling lava field. Between the 4th and 5th of the same month, a progressive decline
in the effusive regime led towards the end of the activity, which ultimately ceased the
6 February 2023, with all lava flows confirmed not actively fed [75]. Supervised processing
of MIROVA-elaborated [13] visible and thermal Sentinel-2 A/B and Landsat 8/9 imageries
revealed that the lava field was confined on the steep western flank of Valle del Bove,
covering a total area comprised between ~0.88 × 106 and 1.17 × 106, in large agreement
with the preliminary estimate provided by [75].

3. Sensors and Methods
3.1. Fenguyn-3D and MERSI-II Sensor

To achieve the highest standards in modern meteorological services and numerical
weather prediction, on 15 November 2017, a new second-generation Chinese polar-orbit
satellite was launched [76]. Fengyun-3D (FY-3D) belongs to the FY-3 series of CMA/NSMC
(China Meteorological Administration/National Satellite Meteorological Center), and it is
mainly used for multi-spectral observations in all weather conditions. The satellite was
placed in polar orbit, with a nominal altitude of 836 km and a repeat cycle of 5.5 days [77,78].
Amongst the 10 sensors equipped on the platform, the MEdium Resolution Spectral Imager-
II (MERSI-II) provides imageries both in the visible and infrared portion of the spectrum.
MERSI-II data are distributed in 25 bands ranging from 0.470 to 12.0 µm, with 1000 m and
250 m nadir spatial resolutions [77]. The swath of MERSI-II covers an area of 2900 km
and operates a whiskbroom 45◦ scanning mirror to acquire imageries in the across-track
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direction, from −55.04◦ to 55.04◦ [79]. The scanning mirror is coupled with a 3-reflectors
rotating K-mirror to correct the image rotation. The sensor acquires images exploiting
two linear multi-detectors perpendicular to the scanning direction: 40 detectors for 250 m
resolution bands and 10 detectors for the 1000 m bands [79]. Each file is partitioned and
distributed at 5 min intervals in hierarchical data format (HDF5), resulting in a granule size
of 2000 (rows) × 2048 (columns) in the 1 km resolution product (1000M_MS). The 1 km
resolution file contains the visible (0.470 to 0.865 µm) and the TIR (10.8 and 12.0 µm) bands
as aggregated to 1 km from the original 250 m resolution, whilst the remaining 19 channels
are provided at the original sampling resolution of 1 km. A separate geolocation file
(GEO1K) is also provided, encompassing latitude and longitude information for each pixel,
as well as sun and sensor zenith and azimuthal angles, a land/water mask, and a Digital
Elevation Model (DEM) [79].

Despite FY-3D being launched with the main purpose of collecting meteorological data,
several studies demonstrated how MERSI-II MIR and TIR bands are suitable for detecting
and quantifying fire hotspots and anomalous heat sources [50–53]. Indeed, the spectral
distribution of MERSI-II channels, as well as its characteristics, make the sensor compared
with the bands of MODIS and VIIRS, both in the MIR and TIR regions of the spectrum,
i.e., [45,48,49,52,80] (Table 1). In the MIR range—between 3.5 to 4.10 µm—MERSI-II features
two InfraRed (IR) channels, namely band 20 and band 21, centred at 3.80 and 4.05 µm,
respectively. The two MIR bands of MERSI-II resemble those of MODIS (band 21 and
band 22, centred at 3.959 µm) and VIIRS, with a central wavelength of 3.74 (band I-4) and
4.05 (band M-13) µm, in the 375 m and 750 m spatial resolutions, respectively. Similarly,
the TIR band of MERSI-II channel 24, centred at 10.8 µm, matches that of band M-15 of
VIIRS in the 750 m resolution, while in the 375 m acquisition mode, the VIIRS band I-5
has a slightly higher response, with the central peak placed at 11.45 µm. Finally, MODIS
band 31 stands in between, with a central wavelength in the TIR channel of 11.03 µm
(Figure 2). These spectral characteristics make MERSI-II perfectly compatible with hotspot
detection algorithms typically used in volcanology, including the MIROVA algorithm (see
Section 3.3).

Table 1. MERSI-II, MODIS, and VIIRS characteristics. VIIRS bands at 375 m are also included
for completeness.

MERSI-II
(FY-3D)

MODIS
(AQUA)

VIIRS
(NOAA-20)

Orbit altitude (km) 836 705 824
Equator Crossing time 13:45 LT 13:30 LT 14:20 LT

Swath (km) 2900 2330 3060
Pixel resolution at nadir (km) 1 1 0.75/0.375

Pixel resolution at the edge (km) >6 * 4 1.5/0.75

ID MIR Band (s) 21 21/22 M-13/I-4

Spectral range (µm) 3.973–4.128
3.929–3.989 3.973–4.128
3.940–4.001 3.550–3.930

TMAX (SNR-NE∆T on orbit) 380 K (0.25) 500 K (0.183) 634 K (0.04)331 K (0.019)

ID TIR Band (s) 24 31 M-15/I-5

Spectral range (µm) 10.300–11.300 10.780–11.280
10.263–11.263
10.500–12.400

TMAX (SNR-NE∆T on orbit) 330 K (0.4) 400 K (0.017) 343 K (0.03)
* Empirically derived from [78].
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Figure 2. (Top) Spectral response functions of MERSI-II, MODIS, and VIIRS in the MIR portion of the
spectrum. (Bottom) Spectral response functions of MERSI-II, MODIS, and VIIRS in the TIR portion
of the spectrum.

3.2. MERSI-II Data Pre-Processing

MERSI-II Level 1 (L1) (FY3D_MERSI_GBAL_L1_yymmdd_hhmm_1000M_MS) and
geolocation (FY3D_MERSI_GBAL_L1_yymmdd_hhmm_GEO1K_MS) data are available
for download from http://satellite.nsmc.org.cn/PortalSite/Data/Satellite.aspx (accessed
on 15 February 2023). From here, we created a spatial subset of the region of interest and
downloaded 3117 scenes intersecting Mount Etna, together with the associated geolocation
files acquired between January 2020 and February 2023. L1 scientific data are distributed
in normalised Digital Numbers (DN). Following [81], DNs were converted to spectral
radiance (L) in units of mW/(m2 cm−1 sr) as:

L = DN × slope × intercept (1)

where slope and intercept are available in the file’s metadata.
To ensure consistency with MODIS and VIIRS data, as well as compatibility with the

spectral range and units used by the MIROVA algorithm, bands 21 and 24 of MERSI-II
were selected as MIR and TIR bands, respectively, while radiance values were converted
from the original distribution units, namely mW/(m2 cm−1 sr), to W/(m2 µm sr). A further
step was required to ensure imageries were geometrically corrected and pixels affected
by the bow-tie phenomenon identified and removed. The bow-tie distortion is, in fact,
intrinsically related to the acquisition mode of whiskbroom instruments and relates both
to the length of the acquired swath and, in turn, to the earth’s curvature and its uneven
topography [82]. This results in gradually increasing divergences between regions sensed
at the nadir, where the nominal resolution of a given pixel (for MERSI-II 1 km2) almost

http://satellite.nsmc.org.cn/PortalSite/Data/Satellite.aspx
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matches the area sensed by the detector, with the edges of the swath, where the area seen
by the detectors (for MERSI-II ~6 km—[78]) is projected into a 1 km2 pixel. As a result, this
may introduce scan overlaps between adjacent pixels, with the area sensed by a detector
also viewed by adjacent detectors [83]. As discussed by [9], identification and removal of
pixels affected by the bow-tie phenomenon is a crucial step in thermal remote sensing of
volcanic areas, as duplicate pixels might lead to overestimation of the thermal anomalies,
in turn resulting in an erroneous quantification of the associated emitted thermal energy.
Consistently with the MIROVA algorithm, we employed the approach proposed by [82]
to identify and isolate the pixels affected by bow-tie distortions, ensuring that original
granules were free from geometrical artefacts. After applying radiometric and geometric
corrections, random scenes were visually inspected to ensure corrections were successful.
The inspection revealed a persistent geolocation offset of ~1 pixel westward, both in the
ascending and descending acquisition geometries. Indeed, the geolocation inaccuracy of
the MERSI-II sensor is not a novelty, and previous studies attempted to quantify and correct
the offset [78,79]. Nonetheless, the correction techniques proposed in previous works
require computational-elaborate and time-consuming approaches that would compromise
the purpose of a potential NRT elaboration. Instead, a 1-pixel shift was hardcoded for all of
the scenes, achieving a good trade-off between geolocation accuracy and computational
time while ensuring an unbiased application of the MIROVA algorithm (see Figure 9).

3.3. MIROVA Algorithm and Volcanic Radiative Power (VRP)

To assess the capabilities of MERSI-II to detect and quantify thermal volcanic activity,
we processed the satellite scenes employing the MIROVA algorithm [10]. MIROVA system
elaborates on near-real-time images acquired at ~220 volcanoes globally, exploiting both
MODIS and VIIRS sensors [14] to detect and quantify thermal volcanic activity. Following
the MIROVA structure, MERSI-II bands 21 and 24 were resampled to a regular UTM
51 × 51 km grid, centred on the volcano’s summit as per coordinates provided by the
Global Volcanism Program [84]. Employing spectral and spatial filters, the first step of
the algorithm identifies thermally anomalous pixels within the investigated scene (i.e.,
hotspots). Using a revised MIR method [85], anomalous pixels are then employed to
estimate the magnitude of the radiant power in VRP (see [9,10,85] for a comprehensive
review) as:

VRP = ∆LMIR × σε

αεMIR
× Apix (2)

where σ is the Stefan–Boltzmann constant (5.67 × 10−8 J s−1 m−2 K−4), ε and εMIR are the
surface spectral emissivity at all wavelengths and in the MIR channel, respectively (here
assumed to equal 1 for the sake of simplicity; [10]), α is a wavelength-dependent constant
(see next paragraph), Apix is the pixel area in km2. In Equation (2) ∆LMIR represents the
excess MIR radiance, which can be mathematically expressed as:

∆LMIR = LMIRhot − LMIRbk (3)

where LMIRhot is the radiance resulting from the pixels identified as hotspot/s, and LMIRbk
is the radiance of the background, namely the average radiance of the surrounding, non-
alerted pixels. For simplicity, when applied to volcanoes, this approach assumes that the
emitter is a gray body, which simplifies Equation (2) assuming ε/εMIR = 1.

3.4. Determination of α Coefficient for MERSI-II

The application of Equation (2) for the estimation of the VRP requires a calibration of
the α coefficient as a function of the specific wavelength of the used MIR channel [85]. Below
we describe how this coefficient has been determined for MERSI-II, and, in a multi-sensor
approach perspective, we propose a simple method to calculate the same coefficient for
other sensors operating in the MIR region.
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The spectral radiance emitted by a blackbody at a wavelength λ (in µm) is given by
the Planck function:

L(λ, T) =
c1

λ5(exp
( c2
λT

)
− 1

) (4)

where T is the temperature (in K), and c1 and c2 are constants of 1.19 × 108 W/m2 sr µm−4

and 1.44× 104 µm K, respectively [86]. Ref. [85] advised that in the 4 µm region of the
spectrum and for a temperature range between 600 K and 1500 K, Equation (4) can be
approximated as:

L
(
λ∼4 µm

)
≈ αT4 (5)

where α is the best-fit coefficient of the fourth power relationship between MIR radiance and
temperature [85]. This approximation makes Equation (5) similar to the Stefan–Boltzmann
law (M = σT4, where σ is the Stephan–Botzmann constant), making the MIR radiance
(L
(
λ∼4 µm

)
) and the emittance M (in W m−2) linearly correlated through a coefficient equal

to σ/α. The exact value of α depends on the wavelength and can be calculated by inverting
Equation (5) as the ratio between MIR radiance and temperature (averaged over the range
of temperatures for which the empirical relationship holds).

The α coefficient has been computed over the spectral range comprised between
3.5 and 4.15 µm, that is, the range where MIR bands are centred (Figure 3). Using this
approach, we obtained the sensors’ specific α coefficients, namely
2.88 × 10−9 (W m−4 sr−1 µm−1 K−4) both for MERSI and VIIRS bands 21 and M-13, re-
spectively, centred at 4.05 µm; and 2.96 × 10−9 (W m−4 sr−1 µm−1 K−4) for MODIS band
21, centred at 3.959 µm.

Remote Sens. 2023, 15, x FOR PEER REVIEW 9 of 25 
 

 

sensor approach perspective, we propose a simple method to calculate the same coeffi-
cient for other sensors operating in the MIR region. 

The spectral radiance emitted by a blackbody at a wavelength λ (in µm) is given by 
the Planck function: 𝐿(λ, T)  =  𝑐1λ (exp 𝑐λT − 1) (4)

where T  is the temperature (in K), and 𝑐   and 𝑐   are constants of 1.19 × 108 W/m2 sr 
µm−4 and 1.44 × 104 µm K, respectively [86]. Ref. [85] advised that in the 4 µm region of the 
spectrum and for a temperature range between 600 K and 1500 K, Equation (4) can be 
approximated as: 𝐿 λ~4 μm ≈ 𝛼T4 (5)

where 𝛼 is the best-fit coefficient of the fourth power relationship between MIR radiance 
and temperature [85]. This approximation makes Equation (5) similar to the Stefan–Boltz-
mann law (M = σT4, where σ is the Stephan–Botzmann constant), making the MIR radiance 
(𝐿 𝜆~4 μm ) and the emittance M (in W m−2) linearly correlated through a coefficient equal 
to σ/α. The exact value of 𝛼 depends on the wavelength and can be calculated by invert-
ing Equation (5) as the ratio between MIR radiance and temperature (averaged over the 
range of temperatures for which the empirical relationship holds). 

The 𝛼 coefficient has been computed over the spectral range comprised between 3.5 
and 4.15 µm, that is, the range where MIR bands are centred (Figure 3). Using this ap-
proach, we obtained the sensors’ specific 𝛼 coefficients, namely 2.88 × 10  (W m−4 sr−1 
µm−1 K−4) both for MERSI and VIIRS bands 21 and M-13, respectively, centred at 4.05 µm; 
and 2.96 × 10  (W m−4 sr−1 µm−1 K−4) for MODIS band 21, centred at 3.959 µm. 

Finally, we can rearrange Equation (2) by inclusion of 𝐴  to obtain the sensors’ spe-
cific VRP calculations. 

 
Figure 3. Linear relationship between α (W m−4 sr−1 µm−1 K−4) in the range comprised between
600 and 1500 K, and the MIR spectral range, namely 3.5 to 4.15 µm.

Finally, we can rearrange Equation (2) by inclusion of Apix to obtain the sensors’
specific VRP calculations.
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3.5. Time Averaged Discharge Rates (TADRs) and Total Erupted Volumes

With the specific VRP calculations established, the VRP datasets from each sensor
have been combined to obtain the best and most representative thermal signature of the
November 2022 effusive event (Section 4.2.2). Following the approach of [87], we visually
inspected the elaborated scenes to discard those unsuitable for retrieving the Time Averaged
Discharge Rates (TADR), namely those whose detections were clearly attenuated by the
presence of clouds and/or by the volcanic plume. We thus calculated the TADR under the
assumption that a direct relationship holds between VRP and the TADR [10]:

TADR =
VRP
Crad

(6)

where Crad (in J m−3) is a case-specific best-fit parameter that expresses the radiant den-
sity of the active lava flow encompassing its rheological, insulation, and topographic
conditions [88]. Previous works suggested that the Crad of effusive events at Mt. Etna,
is comprised between 2.0 and 3.6 × 108 J m−3 [10,88]. This range of values embeds the
natural variability of the emplacement conditions, which typically characterise Etna lava
flows, and has been used to estimate a lower and upper boundary for TADRs (and erupted
lava volumes) that characterised the November 2022 eruption.

4. Results
4.1. 2020–2023 MERSI-II Evaluation

A first assessment of MERSI-II capabilities was carried out from January 2020 to
February 2023. To ensure an unbiased comparison while maintaining a consistent number
of acquisitions between the 3 instruments, we selected one hosting platform for MODIS,
and one for VIIRS, namely AQUA and NOAA-20, respectively. The two sensors, in fact,
acquire scenes of the investigated region at approximately the same time every day, with
gaps spacing from ±5 min to approximately ±1 h, depending on the orbital tracks.

During this time span, all sensors exhibit a quasi-continuous detection of thermally
anomalous pixels. The number of acquisitions with at least one alerted pixel was 879,
948, and 1501 over a total of 3117, 2690, and 3105 acquired scenes for MERSI-II, MODIS,
and VIIRS, respectively (Table 2). The frequency of detections, computed as the ratio
between number of alerted images and the number of overpasses, revealed that MERSI-II
distinguished thermal anomalies in 28.20% of the scenes, MODIS in 35.24%, and VIIRS in
48.34%. From the above, it could be suggested that MERSI-II, at least for the investigated
region, features a lower sensitivity with respect to NASA’s sensors, detecting 19.98% less
than MODIS and 41.66% less than VIIRS. Nonetheless, the relative sensitivity of MERSI-II
is largely improved when considering only the scenes acquired with zenith angles ≤ 40◦.
In fact, on a population of 1262, 1176, and 1223 remaining scenes acquired with zenith
angles ≤ 40◦, the fraction of detection was 44.45%, 45.66%, and 57.56%, for MERSI, MODIS,
and VIIRS, respectively, resulting in a residual deviation of −2.65% when compared to
MODIS, and −22.78% when compared to VIIRS (Table 2). However, it has to be noted
that the larger discrepancies between MERSI-II (and MODIS) and VIIRS sensors can be
associated with both the 750 m spatial resolution and the aggregation function developed on
VIIRS instruments (see [89]). The aggregation function, in fact, ensures a finer acquisition,
increasing the probability of acquiring good scenes and detecting thermal anomalies even at
a higher zenith angle. Moreover, the higher VIIRS spatial resolution increases the algorithm
sensitivity and, as discussed by [14], directly affects the quantification of the VRP, the latter
being strictly related to the spatial distribution of the thermal anomalies.

The VRP timeseries of MERSI show consistent patterns with the other sensors, both
in terms of trends and magnitudes (Figure 4). Furthermore, during the analysed period,
the three sensors produced consistent VRP values also in terms of average and maximum
VRP (Table 2), with the major effusive events reaching maximum values of ~2 GW in all
cases. As depicted in Figure 4 and summarised in Table 2, VRP higher than 2 GW and up
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to ~20 GW were recorded only during short-lived paroxysmal episodes, in agreement with
what was measured by geostationary satellites [90].

Table 2. Comparative summary of MERSI-II, MODIS, and VIIRS datasets used in this study. The
number of scenes and the alert frequency (%—in brackets, computed as total number of alerts over
the total number of acquisitions) is provided, both for the whole datasets and for scenes acquired
with zenith angles ≤ 40◦. Mean and maximum VRPs are also reported.

MERSI-II
(FY-3D)

MODIS
(AQUA)

VIIRS
(NOAA-20)

Total scenes 3117 2690 3105
Scenes with alerted pixels 879 (28.20%) 948 (35.24%) 1501 (48.34%)
Scenes with zenith ≤ 40◦ 1262 1176 1223

Scenes with alerted pixels (zen. ≤ 40◦) 561 (44.45%) 537 (45.66%) 704 (57.56%)
Mean VRP (MW) 253.69 306.07 192.22
MAX VRP (MW) 18126 18089 21748
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Figure 4. VRP timeseries of Mount Etna between 2020–2023 obtained from the MIROVA algorithm
by MERSI-II (black squares), MODIS (blue triangles), and VIIRS (red circles). Orange squares at the
top of each panel depict the paroxismal episodes that occurred within the investigated period.

The distribution of the anomalies detected by the three sensors was further investi-
gated to evaluate potential incongruencies arising from the different saturation thresholds,
sensitivities, and spectral characteristics (Table 1). Figure 5a,b outline how the alert’s
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magnitude of all sensors exhibits consistent, slightly right-skewed distributions, with
modal values comprised between 10 and 50 MW (log10 VRP = 7–7.5 in Figure 5a,b), in
agreement with the findings of [14] for MODIS and VIIRS. These results are consistent
with the ordinary (summit explosive/strombolian) thermal regime of Mount Etna, where
values > 100 MW represent lava overflows, effusive eruptions, and paroxysmal/lava foun-
taining episodes [70,87,91]. Similarly, both minimum and maximum values show equal
frequency distributions in spite of the lower saturation limit of MERSI-II. The latter suggests
that at least for the activity that occurred at Etna volcano in the 3 analysed years (2020–2023),
the lower saturation threshold of MERSI-II did not compromise its capabilities of quantify
thermal emissions, this remaining consistent both with MODIS and VIIRS sensors.
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The logarithmic scale span from 0.1 MW to 100 GW.

To evaluate the correlation between the three datasets, we homogenised the time series
by computing the weekly mean of VRP (VRP) (Figure 6a). We thus produced the related
coefficient of determination plots for the whole datasets (Figure 6b–d).

This analysis corroborates the similarities previously observed in Figures 4 and 5, with
all of three sensors showing consistent trends and patterns. To ensure statistical accuracy,
we first tested the dataset distributions for normality by mean of the Shapiro-Wilk test.
The latter confirmed the non-normal distribution of the timeseries, leading us to employ
non-parametric measures of correlation. As such, the visual similarities between timeseries
were statistically quantified by mean of the Spearman correlation, returning ρ coefficients
comprised between 0.93 and 0.95, and p-values ≤ 0.005, confirming the statistical robustness
and very strong association between all the variables. We then retrieved the coefficients of
determination (R2) and the best-fit coefficients (m) for all the VRP pairs. The R2 ranged
from 0.79 to 0.84, supporting the solid agreement between the timeseries. In contrast, the
best-fit coefficients fluctuated from 0.59 to 1.13. These, however, are particularly sensitive to
outliers. As the scenes are acquired with gaps from ~5 min to ~1 h, the presence of outliers
further supports the claim that variations in eruptive regimes, cloud coverage, wind, and
volcanic plume direction, as well as acquisition geometries, highly influence the remotely
sensed thermal information.
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The effects that suddenly changing conditions have on the correlation between datasets
are particularly evident when comparing the Radiated Volcanic Energy (VRE) and their
cumulative curves, with the latter proven to be a crucial parameter to investigate the energy
associated with volcanic activity [14] and the erupted volumes [88]. The VRE curves were
computed by integration of the weekly VRP time series during the whole investigated
period. In order to avoid, or at least mitigate for decorrelations introduced by transient
volcanic activity (i.e., paroxysms), which, in terms of VRP retrieval, is largely affected
by temporal constraints (i.e., lags between acquisitions) and meteorological factors (i.e.,
mutable cloud coverage between acquisitions), the VRE were computed both for the entire
(unfiltered) dataset (Figure 7a), and for the datasets filtered for VRP ≤ 2 GW (Figure 7b).

The cumulative VRE time series in Figure 7a illustrate the effect of the highly variable
conditions of the scene (both eruptive and meteorological) within tens of minutes (i.e.,
the lag between acquisitions). From a closer inspection, it can be appreciated how the
main incongruencies between the time series become evident with the advent of high-
energy paroxysmal episodes, which occurred between the 18 and 23 February 2021. This
evidence is in line with the findings of previous works (i.e., [4,21–25]), which suggested
that variations in explosive and/or eruptive regimes, as well as meteorological conditions,
can take place within minutes, drastically affecting satellite-retrieved thermal information.
Figure 7b further supports this claim, with the cumulative VRE curves computed after
excluding the detections associated with the thermally extreme and transient paroxysmal
events (VRP ≥ 2 GW). From the above, it emerges how the three sensors show a large
agreement, both in terms of trends and magnitudes, when the eruptive regime remained
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relatively stable through time. Nonetheless, the incongruencies encountered during the
67 paroxysmal episodes that occurred between April 2020 and February 2022 emphasise the
benefits introduced by operating a multiplatform approach for volcanic surveillance. The
histogram in Figure 8 corroborates this claim, showing the paroxysmal detection frequency
for each sensor individually and for all sensors combined. The detection frequency for
each sensor alone spaced between 56.72% and 58.21%, while remarkably increased by
more than 10% when all sensors were combined, achieving a total detection rate of 68.66%.
This demonstrates how differences in acquisition times, as well as intensity of the volcanic
activity, meteorological conditions, and/or location of the volcanic plume at the time of
acquisition, dictate the detection capabilities of remotely sensed thermal data, emphasising
the contribution that a multiplatform approach can bring into already-operative volcano
monitoring systems.

Remote Sens. 2023, 15, x FOR PEER REVIEW 14 of 25 
 

 

factors (i.e., mutable cloud coverage between acquisitions), the VRE were computed both 
for the entire (unfiltered) dataset (Figure 7a), and for the datasets filtered for VRP ≤ 2 GW 
(Figure 7b). 

 
Figure 7. Cumulative curves of Volcanic Radiative Energy computed (a) for the whole datasets and 
(b) for the datasets filtered for VRP ≥ 2 GW. Note how major discrepancies between cumulative 
curves arise during transient, thermally extreme, paroxysmal events (magenta dotted vertical lines). 

The cumulative VRE time series in Figure 7a illustrate the effect of the highly variable 
conditions of the scene (both eruptive and meteorological) within tens of minutes (i.e., the 
lag between acquisitions). From a closer inspection, it can be appreciated how the main 
incongruencies between the time series become evident with the advent of high-energy 
paroxysmal episodes, which occurred between the 18 and 23 February 2021. This evidence 
is in line with the findings of previous works (i.e., [4,21–25]), which suggested that varia-
tions in explosive and/or eruptive regimes, as well as meteorological conditions, can take 
place within minutes, drastically affecting satellite-retrieved thermal information. Figure 
7b further supports this claim, with the cumulative VRE curves computed after excluding 
the detections associated with the thermally extreme and transient paroxysmal events 
(VRP ≥ 2 GW). From the above, it emerges how the three sensors show a large agreement, 
both in terms of trends and magnitudes, when the eruptive regime remained relatively 

Figure 7. Cumulative curves of Volcanic Radiative Energy computed (a) for the whole datasets and
(b) for the datasets filtered for VRP ≥ 2 GW. Note how major discrepancies between cumulative
curves arise during transient, thermally extreme, paroxysmal events (magenta dotted vertical lines).



Remote Sens. 2023, 15, 2528 15 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW 15 of 25 
 

 

stable through time. Nonetheless, the incongruencies encountered during the 67 paroxys-
mal episodes that occurred between April 2020 and February 2022 emphasise the benefits 
introduced by operating a multiplatform approach for volcanic surveillance. The histo-
gram in Figure 8 corroborates this claim, showing the paroxysmal detection frequency for 
each sensor individually and for all sensors combined. The detection frequency for each 
sensor alone spaced between 56.72% and 58.21%, while remarkably increased by more 
than 10% when all sensors were combined, achieving a total detection rate of 68.66%. This 
demonstrates how differences in acquisition times, as well as intensity of the volcanic ac-
tivity, meteorological conditions, and/or location of the volcanic plume at the time of ac-
quisition, dictate the detection capabilities of remotely sensed thermal data, emphasising 
the contribution that a multiplatform approach can bring into already-operative volcano 
monitoring systems. 

 
Figure 8. Detection frequency histogram for VRP ≥ 100 MW (i.e., above ordinary thermal regime, 
see text) for MERSI-II (in black), MODIS (in blue), VIIRS (in red), and all sensors combined (in 
green). A margin of ±3 h was added to the start and end time of each paroxismal episode reported 
by [71]. Note how the total detection frequency increases by more than 10% when all sensors are 
combined. 

4.2. Etna November 2022–February 2023 Eruption 
4.2.1. Effect of Viewing Geometry and Cloud Coverage 

After assessing the capabilities of MERSI-II to detect and quantify thermal volcanic 
features and, after positively ascertaining its consistency with the sensors currently in use 
by the MIROVA system, we combined the three sensors to investigate the effusive erup-
tion of Mount Etna begun on 27 November 2022. First, we investigated the benefits of 
including an additional sensor in terms of the wealth of data provided, mitigation of 
cloud-contaminated scenes, and attenuation of detected VRPs related to geometrical con-
straints. As reported in Table 3, we identified 14 acquisitions between 27 November and 6 
February (with a maximum time lag between acquisitions of ~±1 h) where MERSI-II-re-
trieved VRPs were higher than those detected both by MODIS and VIIRS. This analysis 
revealed that in almost half of the scenes where MERSI-II detected higher VRPs than both 
NASA’s sensors, the discrepancies were >100 MW. To better understand the factors lead-
ing to these divergences, we visually inspected the TIR scenes having a ΔVRP > 100 MW 
(Figure 9). TIR scenes were preferred to the respective MIR imageries as clouds are better 

Figure 8. Detection frequency histogram for VRP ≥ 100 MW (i.e., above ordinary thermal regime, see
text) for MERSI-II (in black), MODIS (in blue), VIIRS (in red), and all sensors combined (in green).
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4.2. Etna November 2022–February 2023 Eruption
4.2.1. Effect of Viewing Geometry and Cloud Coverage

After assessing the capabilities of MERSI-II to detect and quantify thermal volcanic
features and, after positively ascertaining its consistency with the sensors currently in use by
the MIROVA system, we combined the three sensors to investigate the effusive eruption of
Mount Etna begun on 27 November 2022. First, we investigated the benefits of including an
additional sensor in terms of the wealth of data provided, mitigation of cloud-contaminated
scenes, and attenuation of detected VRPs related to geometrical constraints. As reported
in Table 3, we identified 14 acquisitions between 27 November and 6 February (with a
maximum time lag between acquisitions of ~±1 h) where MERSI-II-retrieved VRPs were
higher than those detected both by MODIS and VIIRS. This analysis revealed that in almost
half of the scenes where MERSI-II detected higher VRPs than both NASA’s sensors, the
discrepancies were >100 MW. To better understand the factors leading to these divergences,
we visually inspected the TIR scenes having a ∆VRP > 100 MW (Figure 9). TIR scenes
were preferred to the respective MIR imageries as clouds are better defined and in turn
distinguishable in the long-wave portion of the spectrum. As a drawback, some scenes in
Figure 9 might deceptively seem hot-spot free. This, however, relates to (1) the same color
bar being applied to all of the scenes for display purposes and (2) to the different spectral
characteristics of the MIR and TIR channels and their response to hot surfaces (see [10]
for details).

Figure 9 and Table 3 highlight the influence of viewing geometries on remotely sensed
thermal information, as well as the effect of meteorological constraints and cloud atten-
uation on VRP retrieval. With regard to geometrical implications, it can be noted how
as in images acquired almost simultaneously, the only increase in the satellite zenith
corresponds to a decrease in the VRP. This, as previously discussed by [92], is partially
related to the attenuation of the MIR radiance in the function of the satellite zenith angle
due to the increased path length affecting the atmospheric transmittance. Moreover, as
discussed in Section 3.2, regions sensed with unfavourable viewing geometry (i.e., high
satellite zenith) make the radiance of a potential subpixel hotspot to be integrated over
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an area gradually increasing toward the end of the swath and/or eventually masked by
the topography. Although this is partially corrected during the resampling step (see [9]),
residual artefacts can hardly be removed entirely, resulting in the VRP incongruencies
displayed in Figure 9 and summarised in Table 3. In terms of cloud coverage, the sequences
depicted in Figure 9d–f,m–o provide clear evidence of the limitations of single VRP mea-
surements intrinsically affected by rapid changes in meteorological conditions. This is
further exacerbated in regions with steep topographies (i.e., volcanic edifices) where meteo-
rological conditions change from quasi-clear-sky to mostly cloud-covered within minutes.
As such, a multiplatform approach can effectively increase the likelihood of acquiring
volcanological-suitable imageries, allowing a better VRP estimation and interpretation of
the eruptive dynamics.
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Figure 9. TIR scenes (a–r) of the acquisitions with VRP discrepancies > 100 MW sensed by MERSI-II
(on the left), MODIS (in the middle), and VIIRS (on the right) during the effusive activity of Mount
Etna (November 2022–February 2023). Date and time of acquisition is reported at the top of each
figure. VRP and zenith angle (◦) is also reported at the bottom of each figure. For display purposes,
all scenes are represented with the same colormaps, distinguished between day-time and night-
time acquisitions, as described at the bottom of the figure. All scenes are centered at Mount Etna
summit, with black continuous lines demarking the coastline of Sicily. Figures embedded within red
frames (d–f,m–o) highlight major VRP discrepancies associated with rapid (~30 min) meteorological
variations over the eruptive scene. Note how all MERSI-II scenes are in excellent agreement with the
coastline boundaries, revealing how the 1-pixel shift was sufficient to mitigate the geolocation offset
(see Section 3.2); also note that some TIR scenes deceptively seem hot-spot free, however, is related to
graphical and spectral properties of the scenes (see Section 4.2.1).
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Table 3. Temporal and geometrical characteristics of the scenes acquired by MERSI-II (F), MODIS
(M), and VIIRS (V), where MERSI-II detected higher VRP than both MODIS and VIIRS sensors.
The dates marked by (*) depict the scenes displayed in Figure 9, namely those having a VRP
discrepancy > 100 MW.

Date Time
F

Time
M

Time
V

MW
(Zenith◦)

F

MW
(Zenith◦)

M

MW
(Zenith◦)

V

∆t
F/M

∆t
F/V

∆t
M/V

22 December 2022 01:20 01:45 00:30 463 (4) 80 (56) 452 (32) −00:25 +00:50 +01:15
23 December 2022 01:00 00:50 00:12 467 (32) 455 (27) 240 (55) +00:10 +00:48 +00:38

29 December 2022 * 00:50 01:50 01:36 440 (44) 187 (58) 151 (58) −01:00 −00:46 +00:14
29 December 2022 * 12:15 12:55 13:00 568 (24) 99 (55) 14 (68) −00:40 −00:45 −00:05

2 January 2023 * 01:20 01:25 00:24 792 (7) 661 (31) 665 (40) −00:05 +00:56 +01:01
3 January 2023 01:00 00:30 01:42 704 (35) 669 (55) 377 (61) +00:30 −00:42 −01:12
8 January 2023 01:10 00:45 01:48 662 (24) 657 (38) 306 (65) +00:25 −00:38 −01:03
12 January 2023 12:55 13:00 11:54 104 (41) 8 (60) 48 (2) −00:05 +01:01 +01:06
14 January 2023 01:00 01:45 01:36 83 (37) 34 (53) 54 (58) −00:45 −00:36 +00:09

14 January 2023 * 12:20 12:45 13:00 399 (15) 251 (48) 26 (68) −00:25 −00:40 −00:15
28 January 2023 01:40 01:50 00:36 343 (28) 120 (57) 241 (23) −00:10 +01:04 +01:14
30 January 2023 01:05 01:35 01:36 324 (30) 313 (44) 129 (58) −00:30 −00:31 −00:01

30 January 2023 * 12:25 12:40 13:00 278 (5) 156 (39) 2 (68) −00:15 −00:35 −00:20
4 February 2023 * 01:15 01:50 01:42 336 (18) 92 (58) 168 (61) −00:35 −00:27 +00:08

4.2.2. Discharge Rates and Erupted Volumes

The TADR time series obtained from the joint analysis and supervision of the three
datasets (MERSI-II, MODIS, and VIIR) is shown in Figure 10. During the first weeks,
the eruption showed a low but steadily increasing effusive trend which climaxed around
31 December, where the peak discharge reached ~3.0 ± 0.90 m3 s−1. Beginning on 6 January
2023, the effusive regime undertook a decreasing trend, lowering to ~1 ± 0.3 m3 s−1 in mid-
January. Notably, from the third week of January until the end of the activity, the effusive
pattern changes again, showing at least three sudden oscillations with TADR ranging from
~0.2 ± 0.06 to ~1.4 ± 0.42 m3 s−1 (Figure 10a). These effusive pulses were efficiently detected
by all three sensors, which allowed the conclusive phase of the eruption to be reconstructed
in greater detail (i.e., obtaining at least one optimal acquisition from one or the other sensors
and revealing interim pauses in the effusive activity). Remarkably, although the union of
the three datasets, no substantial variations were encountered when excluding MERSI-II
from the elaboration of the daily averaged TADR nor from the cumulative erupted volume
for the November 2022 eruption (Figure 10b). The total volumes of erupted lava were in fact
equal to 8.15 ± 2.44 × 106 m3 with the inclusion of MERSI-II data and 8.31 ± 2.49 × 106 m3

when data from the CMA’s sensor were excluded from the calculation. Similarly, the Mean
Output Rate (MOR) remained quasi-identical, with a MOR of 1.35 ± 0.40 m3 s−1 obtained
with the inclusion of all three sensors and 1.39 ± 0.42 m3 s−1 when computed solely with
MODIS and VIIRS data (Figure 10). This evidence further corroborates the consistency of
MERSI-II data with those of NASA’s sensors, supporting the claim that MERSI-II-equipped
FY-3 series of satellites could mitigate the loss of information associated with the imminent
disposal of TERRA and AQUA platforms. Additionally, the similarities between the three
sensors ensure the collection of consistent information to mitigate for volcanologically
unsuitable scenes collected by other sensors, for instance, during adverse meteorological
conditions (i.e., clouds or volcanic plumes masking) and/or unfavorauble geometrical
views (i.e., Figure 9).
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Figure 10. (a) Time Averaged Discharge Rates (TADR) computed by integrating the volcanological-
suitable scenes from MERSI-II (black dots), MODIS (blue squares), and VIIRS (Red triangles). The
red and the black dashed lines represent the 1-day rolling average for the TADR derived by inclusion
of all three sensors and for the TADR computed employing only MODIS and VIIRS data, respectively.
The solid blue and dotted black lines define the uncertainty boundaries of ± 30% for all sensors and
only for MODIS and VIIRS, respectively (as above). (b) Cumulative curve of the erupted volume.
The red and black dashed lines represent the mean value for all sensors and MODIS and VIIRS,
respectively. The blue and the black dotted lines define the uncertainty boundaries of ± 30% for
all three sensors and only for MODIS and VIIRS, respectively. The total volumes in Mm3 are also
reported in legend.

5. Discussions and Conclusive Remarks

In this work, for the first time, we assessed the capabilities of MERSI-II MIR bands
to detect and quantify thermal volcanic activity and evaluated the benefits of operating a
satellite-based multiplatform approach for volcanic surveillance. In particular, we focused
on the benefits of introducing additional platforms into already-operating volcanic moni-
toring systems in order to: (i) provide continuity to VRP timeseries from a multi-decade
monitoring perspective and (ii) reduce the temporal gaps between acquisitions by increas-
ing the number of volcanological-suitable scenes (namely those presenting favourable
geometrical and meteorological conditions). MERSI-II scenes were acquired for Mount
Etna between January 2020 and February 2023 and were processed employing the MIROVA
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algorithm. The results were then compared against the data retrieved by MODIS and VIIRS
sensors and processed using the same method.

5.1. MERSI Sensors: Limits and Sensitivity

At first, we noted how the lower saturation threshold of MERSI-II positively handled
thermally extreme events at Mount Etna, at least up to ~18 GW, revealing almost no differ-
ences with MODIS nor VIIRS instruments, in spite of their higher saturation capabilities.
Yet, the reduced spatial and temporal extent of the investigation did not allow us to deter-
mine whether more energetic volcanic events might result in an underestimation of the
emitted thermal energy, and further studies should assess the saturation limits of the sensor.
In terms of magnitude consistency, the Volcanic Radiative Power (VRP) timeseries showed
excellent agreement, although the weekly VRP timeseries in Figure 6a revealed a systematic
prevalence of MERSI-II detections in the lower thermal regime (<10 MW). Despite this
can be neglected for volcanological applications and did not affect the results obtained
in this work, some considerations may suggest that the divergences encountered in the
low thermal regime may be related to a higher accuracy of MERSI-II 1000 m TIR bands
in quantifying minor thermal anomalies, being this aggregated from the corresponding,
higher resolution, 250 m channel [49]. Nonetheless, this investigation goes beyond the
purpose of this work, and we envisage future studies will further investigate the above.
Corroborating the excellent agreement between the timeseries, we observed correlation
coefficients (ρ) comprised between 0.93 and 0.95 and coefficients of determination (R2) rang-
ing from 0.79 to 0.84. In contrast, the best-fit coefficients oscillated between 0.59 and 1.13,
but these values are largely affected by the presence of outliers. Outliers were introduced
by significant thermal variations between scenes acquired within ~1 h, implying a drastic
variation of the sensed area, either in terms of eruptive regime or cloud/plume coverage.
Taking into consideration the reduced temporal gap between acquisitions and considering
the ephemeral nature of paroxysmal episodes, we suggest that major thermal inconsisten-
cies observed during 2021–2022 could be, at least partially, related to rapid variations of
thermal flux between acquisitions, in line with the findings of previous authors [4,20–25,93].
Nonetheless, this suggestion remains speculative in nature, and further studies are required
to ascertain its veracity.

5.2. Advantages of a Multiplatform Approach

With regards to the contribution that a polar multi-platform approach provides in
terms of data availability and reliability, we positively fulfilled the aim of this work, validat-
ing MERSI-II as a useful sensor for volcanic thermal monitoring in excellent continuity with
MODIS and VIIRS. We also present clear and robust evidence of the advantages introduced
by reducing the temporal gaps between acquisitions while maintaining a relatively high spa-
tial resolution. During transient eruptive episodes, such as paroxysmal events, for instance,
a constellation of volcanological-suitable sensors may draw the line between detection or
loss of thermal anomalies. Despite this may be compensated by ground instruments at vol-
canoes boasting comprehensive and multiparametric monitoring networks, the same may
not apply for remote, poorly monitored volcanoes, where remotely sensed data are the only
surveillance source. Nonetheless, even at well-monitored volcanoes such as Mount Etna,
integration of data retrieved from multiple platforms was crucial to reduce gaps between
acquisitions, maximise the number of TADR-suitable scenes, and obtain a more detailed
understanding of the ongoing activity. Compared to using a single sensor, the multi-sensor
approach has increased the ability to detect paroxysmal events from 56.72% to 68.66%.
Similarly, and with regards to the activity of November 2022, a denser dataset enabled
us to distinguish sudden variations in the effusive regime that occurred in less than 24 h,
otherwise missed, or at least underestimated, without the contribution of the data provided
by the additional sensor (see Figure 10). Merging the information obtained by MERSI-II
into the MIROVA database, we increased the number of volcanological-suitable scenes
by ~31%, obtaining an average of ~2 suitable imageries per day. The higher number of
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scenes acquired during the effusive eruption enabled us to determine both the total erupted
volume and the Mean Output Rate, namely 8.15 ± 2.44 × 106 m3 and 1.35 ± 0.40 m3 s−1,
respectively.

6. Conclusions

The promising findings of this work provide reliable alternatives to mitigate the
imminent disposal of AQUA and TERRA whilst permitting to increase in the amount
of information available during their operativity. Notably, in February 2023, the CMA,
jointly with the China Aerospace Science and Technology Corporation (CASC), announced
the launch of two additional FY-3 series satellites, namely FY-3F and FY-3G, in August
and April 2023, respectively [94]. This, coupled with the great effort made by the CMA
to constantly improve its Fengyun-3 series of second-generation polar-orbiting satellites,
is particularly encouraging and has the potential to provide an unprecedented wealth
of data to the volcanological community. In this regard, it is worth mentioning that
CMA has already placed into a dawn-dusk orbit the first crepuscular satellite of its kind,
namely FY-3E. The latter is equipped with the MERSI-LL (Low-Light) instrument and
features both MIR and TIR channels at 1 km resolution. FY-3E senses the globe in the early
mornings and afternoons (Equator Crossing Time (ECT) 05:30 am L.T.), with the potential
of largely reducing the gaps currently left by sun-synchronous platforms [95]. In fact, the
particular acquisition time of this satellite makes it particularly interesting as it can cover
a time window otherwise discovered by the other sensors. Although no information is
yet available on its suitability for volcanological applications, current studies are being
conducted to assess its capabilities and explore the benefits introduced by its usage.

With regards to the current application of MERSI-II data, these can be downloaded on-
demand for global targets, increasing the number of scenes and the amount of information
available during a volcanic crisis or exploited for more comprehensive a posteriori analysis.
At the time of writing, integration of CMA’s FY-3 sensors into already-operative automated
Near Real Time volcanic monitoring systems remains impossible. In fact, no direct access to
the NRT file transfer protocol (FTP) nor unlimited access to the online database is currently
available. In this perspective, however, the findings of this manuscript outline the contribu-
tion that FY-3 satellites could potentially bring to the volcanological community [96], and
we envisage that this work will encourage an unrestricted sharing of data from existing
and forthcoming FY-3 missions, allowing scientists, scholars, and observatories to better
understand volcanic processes and monitor their behaviour, reducing the risks posed by
volcanoes worldwide.
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