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Highlights

What are the main findings?

• This study evaluates a novel RST configuration tailored for volcanic SO2 detection
using SEVIRI data.

• The proposed configuration detected SO2 on ~81% of eruption days, with high preci-
sion (~79%) and very low false positives (<2%)

What is the implication of the main finding?

• The RST method can provide a robust, near-real-time monitoring tool, complementing
UV-based products that are more sensitive but with a lower temporal resolution.

• The approach demonstrates strong potential for operational use with MTG/FCI, con-
tributing volcanic hazard monitoring in future eruptions.

Abstract

Volcanic gas emissions, particularly sulfur dioxide (SO2), are crucial for volcano monitoring.
SO2 has a significant impact on air quality, the climate, and human health, making it a
critical component of volcano monitoring programs. Additionally, SO2 can be used to assess
the state of a volcano and the progression of an individual eruption and can serve as a proxy
for volcanic ash. The Tajogaite La Palma (Spain) eruption in 2021 emitted large amounts of
SO2 over 85 days, with the plume reaching Central Europe. In this study, we present the
results achieved by monitoring Tajogaite SO2 emissions from 19 September to 31 October
2021 at different acquisition times (i.e., 10:00 UTC, 12:00 UTC, 14:00 UTC, and 16:00 UTC).
An optimized configuration of the Robust Satellite Technique (RST) approach, tailored to
volcanic SO2 detection and exploiting the Spinning Enhanced Visible and InfraRed Imager
(SEVIRI) channel at an 8.7 µm wavelength, was used. The results, assessed by means of
a performance evaluation compared with masks drawn from the EUMETSAT Volcanic
Ash RGB, show that the RST product identified volcanic SO2 plumes on approximately
81% of eruption days, with a very low false-positive rate (2% and 0.3% for the mid/low
and high-confidence-level RST products, respectively), a weighted precision of ~79%,
and an F1-score of ~54%. In addition, the comparison with the Tropospheric Monitoring
Instrument (TROPOMI) S5P Product Algorithm Laboratory (S5P-PAL) L3 grid Daily SO2

CBR product shows that RST-SEVIRI detections were mostly associated with SO2 plumes
having a column density greater than 0.4 Dobson Units (DU). This study gives rise to some
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interesting scenarios regarding the near-real-time monitoring of volcanic SO2 by means of
the Flexible Combined Imager (FCI) aboard the Meteosat Third-Generation (MTG) satellites,
offering improved instrumental features compared with the SEVIRI.

Keywords: SEVIRI; SO2 detection; RST algorithm; volcanic clouds; volcanic monitoring;
Tajogaite

1. Introduction
Volcanic gas emissions are a key aspect of volcano monitoring worldwide, among

which H2O, CO2, and SO2 are the most prevalent [1,2]. In particular, SO2 has a significant
impact on air quality [3], the climate [4,5], and human health (e.g., because of intoxication
due to SO2, which can be inhaled by people living near active volcanic areas) [6,7]. Fur-
thermore, SO2 can serve as a proxy for volcanic ash plumes [8,9], which pose a significant
threat to aircraft engines [10]. Additionally, it can be used to assess the state of a volcano
and the progression of an individual eruption. Finally, temporal variations in SO2 flux can
indicate impending volcanic eruptions [11]. Therefore, improving the quality, frequency,
and timeliness of volcanic SO2 measurements is of great interest to the scientific community
and may provide more information to expert users and decision-makers. SO2 is also more
easily detected and measured than ash, although it poses a lower threat to jet aircrafts. In
scenarios where ash and SO2 are expected to coexist and move together, a logical strategy
is to identify SO2 and use it as a proxy to determine the airspace that is potentially affected
by ash.

Satellite-based remote sensing represents a unique and valuable technology for mon-
itoring volcanic emissions globally, being the most cost-effective and accessible means
for global volcanic cloud monitoring [12]. In fact, this is the only means of monitoring
emissions from the most remote regions on Earth, which are sparsely equipped with
ground-based and in situ systems. In addition, thanks to its synoptic view, satellite technol-
ogy is often the only way to monitor large-scale phenomena such as volcanic emissions in
the atmosphere, which may travel for hundreds or thousands of kilometers from the source
in a relatively short time and persist aloft for extended periods [12].

Currently, a variety of geostationary (GEO) multispectral satellite sensors with bands
in the thermal infrared (TIR) region are used for the identification, near-real-time monitor-
ing, and retrieval of volcanic SO2. The SEVIRI [13,14] and the Advanced Himawari Imager
(AHI) [15,16] are two sensors operating onboard the European Meteosat Second-Generation
(MSG) and Japanese HIMAWARI platforms, respectively. TIR instruments aboard polar-
orbiting satellites have also been employed, such as multispectral scanners, including
the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) [17],
Moderate-Resolution Imaging Spectroradiometer (MODIS) [13,18], and Visible Infrared
Imaging Radiometer Suite (VIIRS) [19], and sounding spectrometers, including the Infrared
Atmospheric Sounder Interferometer (IASI) [20] and the Atmospheric Infrared Sounder
(AIRS) [21,22]. In addition, other instruments that do not operate in the TIR region have
significantly advanced the detection of previously undetectable SO2 emissions because of
their high sensitivity and/or spatial resolution, such as the Total Ozone Mapping Spectrom-
eter (TOMS) [23], Global Ozone Monitoring Experiment-2 (GOME-2) [24], the Scanning
Imaging Absorption Spectrometer for Atmospheric Cartography (SCIAMACHY) [25], the
Ozone Monitoring Instrument (OMI) [26], and, more recently, TROPOMI [13,15]. Although
these sensors on low-Earth-orbit (LEO) platforms provide valuable data, their long revisit
times and the capacity for detection only during daylight hours limit their ability to capture
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rapid changes in SO2 emissions, as highlighted by previous studies [22]. On the other hand,
near-real-time monitoring is critical for early warning systems and continuous tracking
of volcanic plumes, which is a key aspect of aviation safety, air quality management, and
hazard mitigation [27,28]. High-frequency monitoring relies heavily on the high temporal
resolution that only geostationary systems can provide, ensuring timely detection and
near-continuous responses to evolving threats [12].

It is well documented in the literature that the 8.7 µm band on SEVIRI is particularly
effective for volcanic SO2 detection because of its strong and characteristic absorption
feature, which enables the sensitive identification of SO2 plumes with less interference from
atmospheric water vapor when compared with the 7.3 µm band, which suffers from greater
water vapor absorption [22,29–31]. When combined with reference infrared channels, such
as the 10.8 µm band, it can discriminate between SO2 and volcanic ash [31]. Over the
past few decades, volcanic SO2 detection using infrared (IR) satellite data has evolved
from simple threshold and band-difference techniques exploiting absorption features near
7.3 µm and 8.7 µm [23,29,31] to more advanced statistical, contextual, and multi-band
methods that better account for atmospheric variability and reduce false positives [13,30].
The introduction of RGB composite products combining multiple IR channels, including
SO2 -sensitive and reference bands like 10.8 µm, has enabled intuitive and rapid plume
visualization using geostationary sensors such as the SEVIRI and the AHI, which are widely
adopted in operational volcanic monitoring [32]. More recently, machine learning tech-
niques, including support vector machines and deep learning models, have demonstrated
improved sensitivity and automation for SO2 plume detection in IR imagery by leveraging
large training datasets and complex pattern recognition [33–35].

Among the most recent methods developed to detect volcanic SO2 plumes by exploit-
ing the high temporal resolution of SEVIRI data, Robust Satellite Techniques (RSTs), a
multi-temporal approach (Section 2.3), was preliminarily tested with success in a previous
study [36] by investigating the Mt. Etna (Italy) eruption of December 2015. This method,
which does not use fixed threshold tests and is based only on satellite observations, without
requiring any ancillary data, may guarantee the effective identification of SO2-affected
areas under different observational conditions. This potential is more deeply assessed in
this work, where the method was used for the first time to analyze the volcanic plume
emitted during the long-lasting La Palma Tajogaite eruption.

To assess the accuracy of volcanic SO2 detection, we compared the results retrieved
from infrared SEVIRI data with those from some independent satellite-based products.
In particular, the well-known EUMETSAT SEVIRI-based Ash RGB product [32] and the
TROPOMI SO2CBR [37] were used to assess the RST detections. The Ash RGB product,
which is based on SEVIRI data, was used here for a quantitative assessment of RST-
SO2 performance, while the TROPOMI-based product specifically developed for SO2

retrieval (i.e., SP5 COBRA), at different spatial and temporal resolutions, was used for
further comparison.

The aim of this work was to evaluate the contribution of the RST method to the near-
real-time (NRT) detection and tracking of volcanic SO2, as a complement to operational
satellite-based products, which are generally very sensitive to low gas concentrations [37]
but less resolved in the time domain [12].

2. Materials and Methods
2.1. Study Area

La Palma, among the Canary Islands, has the highest eruption frequency in historical
times, with recorded eruptions dating back to 1585 [31]. The most recent Tajogaite eruption
occurred in 2021 in the Cumbre Vieja rift zone. This area is the most active volcanic
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system on La Palma, characterized by frequent fissure eruptions involving multiple vents
aligned along kilometers-long fractures, producing silica-undersaturated basanite and
alkali basalts [33,38,39].

The 2021 Tajogaite eruption started on 19 September at 14:00 local time (LT) in the
Cabeza de Vaca area, on the western side of the Cumbre Vieja ridge (Figure 1a), and lasted
85 days [40,41] (Figure 1b,c). The eruption, which involved effusive and explosive activity
from multiple vents distributed along a 500-meter-long NE–SW fissure [40], represents
an example of a cone-forming, long-lasting hybrid eruption associated with a decoupled
magma–gas system [42].

Figure 1. Study area. (a) Geographic location of the Tajogaite volcano on La Palma island;
(b) Landsat 8 True Color image (Red = B04; Green = B03; Blue = B02) of 26 September 2021 at
11:42 UTC; (c) Landsat 8 True Color image of 12 October 2021 at 11:42 UTC. Both images show
the volcanic plume emitted during the 2021 eruption (see the plume dispersing in the NE and E
directions, respectively).

Large amounts of SO2 were emitted and detected as far as the Caribbean and Central
Europe. The eruption was accompanied by diffuse emission of CO2 associated with the
220 km2 Cumbre Vieja volcanic ridge [43]. The most recent estimate of the total SO2
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emission from the eruption was 1.6 (±0.1) Mt, with an upper limit of 1.9 Mt from a
TROPOMI-derived estimate performed using PlumeTraj [44].

2.2. Data
2.2.1. MSG-SEVIRI

The SEVIRI sensor is aboard the MSG satellite platform. The instrument has twelve
spectral channels, from visible to thermal infrared, and acquires full-disk data every 15 min
(Figure 2). Eleven of its channels were acquired at a spatial sampling distance of 3 km at
the nadir, and the high-resolution visible (HRV) channel was acquired at 1 km. Currently,
SEVIRI flies on two main MSG platforms [45]: the Prime service (currently provided by
the Meteosat-10 satellite), which scans the full disk, including Europe, the Atlantic Ocean,
Africa, and locations where the elevation to the satellite is greater than or equal to 10◦;
and the Indian Ocean Data Coverage (IODC) service (presently provided by Meteosat-9).
A third platform (Meteosat-11) also houses the SEVIRI sensor but for the rapid scanning
service, which scans one-third of the Meteosat full disk every five minutes.

 
Figure 2. Full-disk thermal infrared (TIR) image from the SEVIRI at a 10.8 µm wavelength was
acquired at 11:15 UTC on 12 October 2021.

We analyzed a time series of MSG-SEVIRI data acquired at the EUMETCast receiving
station of the University of Basilicata (UNIBAS) in September and October at different time
slots (i.e., 10:00, 12:00, 14:00, and 16:00 UTC) from 2007 to 2022. We extracted and used a
selection of spectral channels (channel 1 (0.6 µm), channel 4 (3.9 µm), channel 7 (8.7 µm),
channel 9 (10.8 µm), and channel 10 (12.0 µm)). Channels 1 and 9 were used to detect
(and then exclude) cloudy radiances, a combination of channels 4, 7, and 9 was used to
detect volcanic SO2 plumes by optimizing the RST configuration first used in [29], and a
combination of channels 7, 9, and 10 was used for the Ash RGB [32].

2.2.2. S5P Product Algorithm Laboratory (S5P-PAL)–L3 Grid Daily SO2CBR

In this work, we analyzed the Sentinel-5P TROPOMI SO2 vertical column density
product obtained using the COvariance-Based Retrieval Algorithm (COBRA), which was
developed for the improved monitoring of the daily spatial and temporal distribution of
this trace gas in the Earth’s atmosphere globally [37]. This product, which merges all daily
data retrieved in a grid file, is available at [46].
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TROPOMI is a hyperspectral sensor aboard the Sentinel-5 Precursor (S5P) polar-
orbiting satellite with a high spatial resolution of 3.5 × 7 km2. It is a nadir-viewing, imag-
ing spectrometer covering wavelength bands between the ultraviolet and the shortwave
infrared, with daily global coverage in daylight [47].

2.3. Methodology

In this work, we investigated the SO2 emissions from the Tajogaite eruption over the
period 19 September–31 October 2021 using a specific configuration of the RST algorithm,
exploiting SEVIRI channel 7 (centered at 8.7 µm), where a well-known SO2 absorption
band is present (see the Introduction section). Here, we focused on 43 days of the eruption,
which had a long time duration (85 days), by analyzing infrared SEVIRI data acquired in
four different time slots in daytime conditions.

2.3.1. The RST-Based Approach for SO2 Plume Detection

The Robust Satellite Technique (RST) [48,49] is a multi-temporal approach to satellite
data analysis that uses the Absolutely Local Index of Change of the Environment (ALICE)
to detect anomalous variations in the signal ascribable to perturbing events:

⊗
V
(x, y, t) =

V(x, y, t)− µV(x, y)
σV(x, y)

(1)

where V(x,y,t) is the signal value measured at time t and place (x,y). µV(x,y) and σV(x,y) are
the temporal mean and standard deviation, respectively; they represent the expected value
and normal variability of the signal V(x,y,t) itself. Here, we refer to these as “reference
fields”. The latter are computed by using a multi-year time series of homogeneous (e.g.,
same time of day, period of year) cloud-free satellite records.

The RST approach has been extensively used to detect and monitor volcanic hotspots
(RSTVOLC, e.g., [50]) and ash plumes (RSTASH, e.g., [51,52]) over several active volcanic
areas, such as Mt. Etna [36,52,53], Agung (Indonesia) [54], Eyjafjallajokull (Iceland) [55],
and Shinmoedake (Japan) [56].

Data from polar (e.g., AVHRR [36,51] and MODIS [57]) and geostationary (e.g., SE-
VIRI/AHI [36,54,55,58]) satellite sensors were used for this purpose, with some limitations
discussed in detail in several previous papers (e.g., [50–56]). A detailed description of the
RST approach for detection of volcanic ash/SO2 can be found in previous studies [36,51–56].

To identify and track volcanic SO2 plumes, a specific RST configuration was proposed
in [36], exploiting the peculiar absorption characteristics of SO2 in specific spectral re-
gions [12,29,36,37] and the SEVIRI bands suited to distinguish ash from meteorological
clouds (e.g., [59,60]):

⊗
BT8.7−BT10.8

(x, y, t) =
(BT8.7(x, y, t)− BT10.8(x, y, t))− µBT8.7−BT10.8(x, y)

σBT8.7−BT10.8(x, y)
(2)

⊗
BT3.9−BT10.8

(x, y, t) =
(BT3.9(x, y, t)− BT10.8(x, y, t))− µBT3.9−BT10.8(x, y)

σBT3.9−BT10.8(x, y)
(3)

where V(x,y,t) in Equation (1) is equal to BT8.7(x,y,t) − BT10.8(x,y,t) (i.e., the difference
between brightness temperatures measured at 8.7 µm (SO2 absorbing band) and 10.8 µm)
and BT3.9(x,y,t) − BT10.8(x,y,t) is the brightness temperature difference in the MIR and TIR
bands. The other terms in Equations (2) and (3) have the same meaning as in Equation (1).

In the presence of a volcanic SO2 plume, negative values of the
⊗

BT8.7−BT10.8(x, y, t)
index are expected due to different absorption features, while positive values of the⊗

BT3.9−BT10.8(x, y, t) index, when used in combination with the former index, should
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reduce the occurrence of false detections in the daytime conditions investigated in this
work [36].

2.3.2. Method Implementation

Starting from the SEVIRI full-disk imagery, we extracted a region of interest centered
over La Palma island (see Figure 3 and the following). Infrared data (i.e., channel 4 (3.9 µm),
channel 7 (8.7 µm), and channel 9 (10.8 µm)) were calibrated in brightness temperature [K],
while the visible ones (channel 1) were calibrated in radiance (mW/m2 sr cm−1).

 

Figure 3. Left panel: EUMETSAT Ash RGB configuration of 24 September 2021 at 12:00 UTC showing,
in bright green, SO2 emissions from the Tajogaite eruption. Right panel: Ash RGB with the SO2-drawn
mask (semi-transparent red color) from the visual inspection used for validation. The mask was
manually drawn using ArcGIS Pro (version 3.5.2). SO2 was identified based on its appearance in the
RGB composite, where it presented a characteristic greenish coloration.

Following the RST rules, we generated a multi-year (2007–2022) dataset of satellite
observations on a monthly basis (September and October) for each considered time slot
(10:00 UTC, 12:00 UTC, 14:00 UTC, and 16:00 UTC). More than 300 satellite records were
used for each dataset, which is significantly higher than the minimum number (at least
80 images) required to generate reliable spectral reference fields [61]. These datasets
were processed to generate the spectral reference fields, i.e., µSO2-TIR(x,y), σSO2-TIR(x,y),
µMIR-TIR(x,y), and σMIR-TIR(x,y), which are required to compute the local variation indices
described by Equations (2) and (3). During the computation, we filtered out the cloudy
radiance pixels using the One-channel Cloudy-radiance-detection Approach (OCA, [62]),
which was applied to the visible (0.6 µm) and infrared (10.8 µm) bands. Hence, only cloud-
free pixels were analyzed in the following processing steps. To detect the SO2 plumes, both
indices in Equations (2) and (3) were computed for all the images acquired in September
and October 2021. In more detail, the following RST configuration tailored to SO2 detection
was used: ⊗

BT8.7−BT10.8

(x, y, t) < − 3 AND
⊗

BT3.9−BT10.8

(x, y, t) > 0 (4)

⊗
BT8.7−BT10.8

(x, y, t) < −2 AND
⊗

BT3.9−BT10.8

(x, y, t) > 0 (5)

This configuration was implemented to detect different SO2 plume regions through an
RST high confidence level (statistically more likely identification; Equation (4)) and an RST
low confidence level (mapping larger plume portions with a possible accuracy reduction;
Equation (5)).
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2.3.3. Validation Method

To assess the RST detections, we compared them with masks drawn from the EUMET-
SAT Ash RGB configuration [32] (Figure 3) generated from the same sensor (SEVIRI) and,
therefore, with the same spatial and temporal resolutions.

The Ash RGB product combines the brightness temperature (BT) of three SEVIRI
TIR channels (Red: BT12.0−BT10.8; Green: BT10.8−BT8.7; Blue: BT10.8 [32]). The channel
combination in the red band is the reverse of the “split window” method [59]; thin volcanic
ash tends to have a strong reddish color, whereas meteorological clouds do not contribute.
The green band channel shows the presence of SO2, comparing the SO2 absorption band at
8.7 µm with the non-absorbing 10.8 µm band. Finally, the 10.8 µm in the blue band provides
a high-contrast background for ash detection and removes the influence of cumulonimbus
clouds. Depending on the concentration, the red pixels indicate the presence of thin volcanic
ash, green pixels indicate the presence of SO2, and yellow pixels indicate mixed regions of
a volcanic cloud containing both ash and SO2. The Ash RGB imagery is subject to certain
constraints, particularly in the accurate identification of ash and SO2 when these elements
are combined with cirrus or ice clouds [33]. Furthermore, a notable constraint is the viewing
angle, as the color representation in SEVIRI Ash RGB images is contingent upon this factor.
When the satellite viewing angle exceeds 65 degrees, distinguishing the components of
the volcanic cloud, especially SO2, becomes challenging. This difficulty arises because
water clouds manifest a green color that closely resembles that of SO2. When the satellite
viewing angle was close to the sub-satellite point, the volcanic cloud components could
be discriminated more easily and accurately than at other angles. However, the main
advantage of using this type of image is the ease of recognition of the different components
of the volcanic cloud owing to its intuitive colors [33]. The pixels of the Ash RGB image
were normalized between 0 and 1.

Using the mask as a base, we performed an evaluation using a confusion matrix [61],
because our output was a binary classification mask. It compares the RST-predicted classifi-
cations against the masks obtained from the labeled ash RGB, identifying the following
possible outcomes:

• True Positive (TP): The number of pixels where SO2 was correctly detected.
• False Positive (FP): The number of pixels where SO2 was incorrectly detected.
• True Negative (TN): The number of pixels correctly identified as not containing SO2.
• False Negative (FN): The number of pixels where SO2 was missed.

These outcomes allowed us to compute the following performance metrics.

• Accuracy is the proportion of correctly classified pixels, both positive and negative,
relative to all evaluated pixels.

TP + TN
TP + FP + TN + FN

(6)

• Precision, that is, the proportion of SO2 detections that are correct.

TP
TP + FP

(7)

• Recall (or sensitivity), that is, the ability of the method to detect all actual SO2 pixels.

TP
TP + FN

(8)

• F1-Score, representing the harmonic mean of precision and recall. It provides a single
measure that balances both false positives and false negatives, which is especially
useful when data are imbalanced.
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2 × (Precision × Recall)
Precision + Recall

=
2 × TP

2 × TP + FP + FN
(9)

• The false-positive rate (FP rate) is the proportion of actual negatives incorrectly pre-
dicted as positive.

FP
FP + TN

(10)

To evaluate the method’s performance across multiple days and images, we applied
three precision, recall, and F1-score averaging strategies [63]:

• Micro average: This aggregates the total TP, FP, and FN across all detections and
computes the metric globally.

• Macro average: Computes the metrics for each image individually and averages
them equally.

• Weighted average: Computes the metrics per image but weights them according to
the number of pixels in each sample.

In instances where the reference data lacked SO2 (i.e., no true positives or false nega-
tives), the recall and F1-score were undefined and consequently omitted from the average
calculations. This approach prevents skewing of the overall evaluation due to the absence of
detectable events. This evaluation ensured a comprehensive and interpretable assessment
of the detection performance across varying plume intensities, background conditions, and
detection thresholds.

3. Results
To evaluate the performance of the RST-SO2 algorithm, a comprehensive validation

was conducted using 168 SEVIRI images collected over 43 days during the September–
October 2021 eruptive phase of the Tajogaite volcano. The validation employed manually
drawn reference masks based on visual inspection of the areas affected by the sulfur dioxide
in the EUMETSAT Ash RGB composite. The masks were used to determine the presence or
absence of volcanic SO2 clouds in each image.

Detection of SO2 was defined as any time step where the reference dataset indicated
the presence of SO2 (i.e., true positives > 0), being able to detect SO2 on 81.40% of the
eruption days. Conversely, on 18.60% of the days, no SO2 was detected in any of the
evaluated time slots (10:00, 12:00, 14:00, or 16:00 UTC). Specifically, SO2 was absent on
8 days, and 5 days also were not detected in the RGB composite (Table 1).

Table 1. Comparison between the RST-SO2 configuration using two confidence levels (second and
third columns) and the Ash RGB product (fourth column). Days with no detection are marked by
“-”, while days with SO2 detection are indicated by “X”. The last column reports the daily SO2

estimations from Esse et al. [44]. The supporting material contains information for all days.

Date RST High
Confidence

RST Low
Confidence Ash RGB SO2 Emission

(kt/day)

22/09/2021 - X X ~60

27/09/2021 - - - ~9

08/10/2021 - - - ~38

14/10/2021 - - X ~10

19/10/2021 - - - ~17

22/10/2021 - - X ~28

23/10/2021 - - - ~9

27/10/2021 - - - ~13
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Table 1. Cont.

Date RST High
Confidence

RST Low
Confidence Ash RGB SO2 Emission

(kt/day)

28/10/2021 - X X ~15

31/10/2021 - - X ~15

Table 1 presents a comparison of the daily SO2 emission estimates from Esse et al. [44]
with RGB-based detection. This comparison confirmed that some detections were missed
when the estimated SO2 mass was low (<15 kt/day), thereby supporting the hypothesis of
weak or obscured plumes.

The pixel-based confusion matrices presented in Figure 4 demonstrate a high level
of agreement with the reference data. For the low-confidence product, TPs accounted
for 0.6% of the total pixels, FPs represented 2.0%, TNs were predominant at 97.0%, and
FNs accounted for 0.4%, being less restrictive having fewer TNs. In contrast, the high-
confidence product exhibited a reduced FP rate of 0.3%, a slightly lower TP rate of 0.5%, a
significantly higher TN rate of 98.7%, and an FN rate of 0.5%, being more restrictive having
more TNs. Hence, the high-confidence product provided a more conservative classification,
prioritizing specificity over sensitivity.

 

Figure 4. Confusion matrix for low-and high-confidence products.

The confusion matrix (Figure 4) shows a class imbalance where the TN rate (back-
ground “No SO2”) is 97% (low-confidence level) to 99% (high-confidence level) of the
pixels, dominating the class and making overall accuracy uninformative. To address this
issue and obtain a more informative evaluation, we conducted a performance evaluation
considering precision, F1-score, and recall. To summarize performance fairly, we report
micro, macro, and weighted averages (Figure 5).

In the analysis of the macro and weighted averages, the more restrictive product
demonstrated superior precision (~79%) and a higher F1-score (~54.6%), although its recall
was lower than that of the low-confidence RST-SO2 product (Figure 5). This observation
underscores the trade-off between detection sensitivity and over-detection. The low-
confidence approach prioritizes recall (minimizing missed detections), whereas the high-
confidence approach emphasizes higher confidence in detection.
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Figure 5. Results of the averaging metric comparison.

To further understand the practical capabilities of the algorithm, we identified four
good-performing days based on the average F1-score across both products (Figure 6). These
days reflect cases where both RST-SO2-based products achieved high precision and recall,
suggesting robust detection across confidence levels. These examples highlight the capacity
of the RST-SO2 approach to achieve excellent performance under favorable plume and
atmospheric conditions. It is also possible to verify that the RST approach was able to
detect emissions as low as 10 kt/day [44] on 29 October at 14:00 UTC, as well as the plume
direction and dispersion.

An examination of the daily false-positive rates identified significant increases coin-
ciding with dust outbreaks, particularly during the periods of 25 September–4 October
and 16–22 October (Figure 7). These dates were also associated with elevated aerosol
optical depth (AOD) values, indicating that Saharan dust may have contributed to spectral
confusion. This was especially evident for the less restrictive product, which exhibited a
temporary increase in false-positive rates of up to 30% during these events. In Figure 6c,
false positives affecting the southwestern part of the analyzed area (yellow pixels) were
probably caused by meteorological clouds.

Comparison Between S5P-PAL SO2 and RST-SO2 Products

To further assess the quality of the RST-SO2 product, we performed a systematic compar-
ison with the TROPOMI-based product by analyzing the SEVIRI data closest to the selected
time slots analyzed in the study (i.e., 14:00 UTC). The SO2 mask from S5P-PAL was obtained
by extracting only pixels with values different from zero of this TROPOMI product for the
same domain as the RST-SO2 product. On 23 September (Figure 8a), the RST detected the SO2

plume northeast of La Palma, which closely coincided with the highest SO2 columns retrieved
by TROPOMI. On 24 September (Figure 8b), RST-SEVIRI detections at a high confidence
level were still consistent with the information provided by TROPOMI, although the latter
captured a broader lower concentration around the main cloud. On 25 September (Figure 8c),
the RST-SEVIRI detections matched with the central part of the TROPOMI plume. However,
unlike TROPOMI, no information was provided regarding the distal region of the plume.
Indeed, as for 29 September (Figure 8d), the RST-SEVIRI product highlighted the densest
zones near and downwind of the volcano, while TROPOMI delineated the full spatial extent
of the plume at lower SO2 concentrations. The general good agreement between the two
different satellite-based products characterized other satellite observations of September 2021
(except for 22 and 27 September; see the Supplementary Materials), although TROPOMI
enabled a more accurate and complete identification of volcanic SO2.
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Figure 6. RST-based SO2 maps from MSG/SEVIRI data. In yellow, the low-detection-confidence
product (⊗SO2-TIR(x,y,t) < -2 AND ⊗MIR-TIR(x,y,t) > 0); in bright green, the high-confidence-level
product (⊗SO2-TIR(x,y,t) < -3 AND ⊗MIR-TIR(x,y,t) > 0). The red marker is the volcano location.
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(a) RST-based SO2 map for 09/10/2021 with an average F1-score of 0.70, (b) RST-based SO2 map for
23/09/2021 with an average F1-score of 0.84, (c) RST-based SO2 map for 20/09/2021 with an average
F1-score of 0.73, and (d) RST-based SO2 map for 29/10/2021 with an average F1-score of 0.61.

 

Figure 7. False-positive rate of the RST-based product compared with the Ash RGB mask. Days
notoriously affected by a dust storm [64] are reported as well.

Figure 8. SO2 detection comparison between the S5P-PAL product from the TROPOMI acquisition
on days 23 (a), 24 (b), 25 (c), and 29 (d) of September 2021 around 14:00 UTC (color bar indicates
an SO2 column, more intense red indicates a higher SO2 column, and white indicates no SO2), and
the RST-SO2 product from SEVIRI data of the same day at 14:00 UTC. TROPOMI detections are
overlapped on the SEVIRI 10.8 µm channel (band 9), image shown in the background.
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Figure 9 shows the results of the comparison for October 2021. On 1 October
(Figure 9a), RST-SEVIRI detections matched information from TROPOMI. In more de-
tail, the latter outlined a broader envelope extending further from the source, while the
volcanic plume was detected by the RST method through SEVIRI data, where the higher
SO2 column value was, as for 2 October (Figure 9b). On 3 October (Figure 9c), both satellite
products still provided similar information about plume shape and direction. On the
other hand, TROPOMI resolved the full spatial footprint, including diffuse areas extending
beyond SEVIRI’s detection limits as for 20 October (Figure 9c).

Figure 9. SO2 detection comparison between the S5P-PAL product from the TROPOMI acquisition
of days 1 (a), 2 (b), 3 (c), and 20 (d) of October 2021 around 14:00 UTC (color bar indicates an SO2

column, more intense red indicates a higher SO2 column, and white no SO2), and the RST-SO2

product from SEVIRI data of the same day at 14:00 UTC. TROPOMI detections are overlapped on the
SEVIRI 10.8 µm channel (band 9), image shown in background.

The consistent spatial correspondence between the RST-SEVIRI product and the infor-
mation provided by TROPOMI across all images (Figures 8 and 9), especially in regions
with higher SO2 concentrations, highlights the effectiveness of the method in a possible
operational context.

Hence, the RST-SEVIRI product detected the plume regions at a higher SO2 concentra-
tion, while it was generally less effective at higher distances from the source, although in
some cases it provided information about the distal regions of the plume, unlike the Ash
RGB product, despite some limitations. For instance, Figure 10 shows that the SO2 plume
detected by TROPOMI on 23 October 2021 at 13:52 UTC was partially detected by the RST
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method using SEVIRI data closest in time (14:00 UTC). The analysis of the SO2 product
from the Atmospheric Infrared Sounder (AIRS) of the Support to Aviation Control Service
(SACS) [65] (Figure 10b) did not reveal, however, any presence of volcanic SO2 over that
region, indicating that a reduction in sensitivity may affect infrared satellite observations.

 

Figure 10. (a) SO2 detection comparison between the S5P-PAL product from the TROPOMI acquisition
on 23 October 2021 at 13:52 UTC with overlap of the RST-SO2 product from MSG/SEVIRI data of the
same day at 14:00 UTC (TROPOMI detections are overlapped on the SEVIRI 10.8 µm channel (band
9), image shown in background) and (b) the SACS AIRS SO2 product on the same day at 14:06 UTC.

It is worth noting that comparison with the S5P-PAL product allowed us to infer
information about the dependence of the method used on plume intensity and/or disper-
sion/dilution. Although a separate analysis was performed for the two confidence levels,
findings regarding the relationship with DUs were quite similar for both RST-SEVIRI detec-
tion products (over all 43 days analyzed, the minimum DU detected was found to be equal
to 0.43 and the maximum was 740.62). In general, the RST method detected the volcanic
SO2 in the proximity of the source, even if the higher sensitivity of the mid/low-confidence
product enabled a more efficient detection at longer distances, up to approximately 1850 km
from the volcano, against ~1700 km of the high-confidence-level product.

It is worth mentioning that, owing to the sensor-dependent limitation, it was not
possible to make a further quantitative comparison between the TROPOMI S5P-PAL and
RST-SEVIRI products. Missed detections, ascribable to the different sensitivities of the
two sensors, would have had a significant impact on the class of “false negatives” and
the resulting metrics. However, a comparison between the two products was carried out
to quantify the false-positive rate affecting RST-SO2 detections. This metric was found to
be very low, averaging 1.7% for the mid/low-confidence RST product and 0.3% for the
high-confidence-level product, over all 43 days analyzed. As already shown, dust clouds
were probably the main source of false detections, as the false-positive rate reached its
highest value (7.5% for the low-level product, 1.8% for the high-level product) during
or immediately after some documented Saharan dust events (see Figure 7). However,
meteorological clouds also affected the SO2 detection, especially since dense/opaque or
ice clouds can mask the underlying volcanic SO2. Overall, the high-confidence RST-SO2

product is more conservative and specific (FP 0.3%, TN 98.7%), yielding higher precision
(~79%) and a higher F1-score (~54.6%) but lower recall and TP (0.5%), guaranteeing reliable
plume detection. The low-confidence product prioritizes sensitivity (TP 0.6%) and higher
recall, detecting weaker and distal regions of the plumes at the expense of a higher FP,
owing to cloud-related artefacts. Operationally, the two products are used jointly to enable
more effective tracking of SO2 plumes.
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4. Discussion
The RST-SO2 method applied to the SEVIRI data demonstrated strong potential for

operational SO2 detection, particularly when leveraging both low- and high-confidence
outputs. Despite the inherent challenges in thermal SO2 detection [30], this approach
yielded a recall of over 60% for the low-confidence and more permissive product and a
precision exceeding 64% for the high-confidence and more conservative product, achieving
a practical balance between the sensitivity and reliability of the results.

These results are consistent with the results of previous applications of TIR-based
SO2 detection. For example, Corradini et al. [22,30] demonstrated the utility of the SEVIRI
sensor for detecting volcanic SO2 in the case of Mt. Etna eruptions, with variable success
depending on emission strength and cloud coverage. Similarly, other studies [8,18] have
shown that ash and dust aerosols interfere with SO2 retrievals, particularly in the 8.7 µm
spectral band of the SEVIRI.

The plume and its evolution were identified for 35 of the 43 days analyzed (Table 1),
and, on five of the eight eruption days when the RST-SO2 products did not provide any
information, the SO2 plume was not evident in the Ash RGB product. To better understand
the possible causes of missing detection, we compared the TROPOMI product (operating
in the UV spectral range) with the SO2 product from SACS based on AIRS measurements
in the infrared spectral range [64], both acquired over La Palma island at approximately
14:06 UTC (Figure 10b). Notably, the AIRS as well as SEVIRI failed to detect the SO2 plume,
despite its higher sensitivity in detecting this type of emission. This analysis suggests
that the missed detections were likely due to spectral limitations, specifically the generally
lower sensitivity of infrared sensors to weak SO2 signals.

In more detail, the SO2 retrieval in the 8.7 µm channel of the SEVIRI is sensitive
to plume height, water vapor, ash concentration, and thermal contrast with the back-
ground [22,31,64]. Our analysis identified scattered false positives and missed detections
during the monitoring period. Nonetheless, the false-positive rate remained notably low
(2%) for the low-confidence RST product, and only 0.3% for the high-confidence product.
In the proximity of the source, a significant impact of volcanic ash was observed, a phe-
nomenon that has been well documented in previous studies [31,59,66]. This interference
was particularly evident between 28 September and October 4, when the undetected por-
tions of the volcanic plume coincided with a higher ash concentration. These findings are
consistent with those of a previous study [44], which showed lower agreement between
satellite and ground-based estimations in the presence of increased ash emissions.

An essential factor in assessing SO2 detection is the inherent class imbalance present
in satellite imagery, in which most pixels represent background conditions. This imbalance
inflates the true negative counts and can distort the effectiveness of the accuracy as a
performance metric. Consequently, the precision, recall, and F1-score, particularly their
macro, micro, and weighted averages, are more appropriate for evaluating detection
proficiency. In our findings, RST-SO2 low-confidence detections achieved a higher recall
(52.3% macro), indicating a preference for sensitivity, whereas RST-SO2 high-confidence
detections demonstrated higher precision (79.3% weighted).

The high temporal resolution of the SEVIRI (15 min intervals) represents a distinct
strength over polar-orbiting platforms such as TROPOMI, despite the relevant information
provided by this instrument (e.g., [67]). Indeed, although UV-based sensors are more
sensitive to volcanic SO2 [37,67], they are limited to daytime conditions, thereby limiting
their utility for continuous monitoring [68], whereas the SEVIRI can be used for the near-
real-time tracking of SO2 dispersion [69].

The RST configuration used in this study relied solely on satellite records without
requiring external data inputs, primarily serving as a detection method rather than a
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quantitative retrieval procedure. Therefore, despite the limitations, especially in terms of
sensitivity, affecting infrared SEVIRI observations, we found that RST detected SO2 plume
column densities as low as ~0.43 DU and successfully detected SO2 on 35 eruption days
when the low confidence level was used (i.e., an ~81% detection rate on a daily basis). The
high-confidence detections revealed the volcanic plume on 33 eruption days, corresponding
to an overall success rate of approximately 80%. Moreover, the high temporal resolution of
the SEVIRI enabled accurate tracking of the plume and the presence of volcanic SO2 on
81% of the eruption days [42,43,70].

5. Conclusions
In this study, we used the RST configuration tailored to volcanic SO2 detection to

monitor the SO2 plume emitted during the 2021 Tajogaite eruption by analyzing infrared
SEVIRI data from 19 September to 31 October.

This configuration was preliminarily tested in [36] by analyzing the Mt. Etna eruption
of December 2015 in two specific time slots (i.e., 05:00 UTC and 08:00 UTC).

Here, we have extensively used this algorithm configuration over a two-month period
across four daily time slots (10:00, 12:00, 14:00, and 16:00 UTC). The results were assessed
by assessing RST detections by means of the well-established and widely used EUMETSAT
Ash RGB product. Despite the impact of atmospheric constituents and sensor limitations
on the identification of SO2 plumes, the RST algorithm had an overall average precision of
~79% and an F1-score of 55%. Indeed, areas affected by SO2 were generally well-identified
in both the proximal and distal regions of the volcanic plumes. The sensitivity of the
algorithm was quantified with an overall detection rate based on high-confidence detection
matches of approximately 81%, confirming the robustness of the method, which can then be
used for automated detection and tracking of volcanic SO2 plumes. The RST configuration
tested in this work could also be extensively used to detect volcanic SO2 from other active
volcanoes (e.g., Etna, Stromboli) covered by the SEVIRI.

Indeed, this instrument, by offering 96 observations per day in the full-disk config-
uration, may contribute significantly to the NRT monitoring of volcanic SO2, which can
be used as a proxy for volcanic ash and is particularly relevant for applications in hazard
assessment and aviation safety.

The Flexible Combined Imager (FCI) aboard Meteosat Third-Generation (MTG) satel-
lites, by providing full-disc imagery every 10 min with a spatial resolution of 2 km in the
infrared bands [71], will further improve the capacity of detecting and tracking volcanic
SO2 in a continuous way from space.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs17193345/s1. Word document (table comparing RST detections
with estimations of SO2 emissions from other studies),and a excel file with an event resume (RST
detections, VAAC and Smithsonian Reports, and PEVOLCA Reports), and all images produced for
each day analyzed for the RST product, TROPOMI, and RST–TROPOMI comparison.
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