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Abstract

Volcanic thermal anomalies are commonly monitored using advanced optical satellite sensors, 
enhancing the detection of renewed volcanic activity. Traditionally, fixed-threshold hotspot detection 
algorithms have been widely applied to identify these anomalies, effectively minimizing false alarms. 
However, the mapping of lava flows and monitoring of volcanic activity, which is essential for hazard 
mitigation and understanding the behavior of active volcanoes, has been further improved through 
the use of Machine Learning techniques. These methods allow for the rapid processing of large 
datasets, making them especially valuable for volcanic studies. Here, a Machine Learning approach 
based on a Random Forest algorithm, designed and implemented on Google Earth Engine, using 
data from the Sentinel-2 multispectral sensor (S2-MSI), is applied to detect and accurately map 
lava flows from the 2023-2024 eruption in Sundhnúkur, Iceland. Despite gaps in satellite coverage 
due to technical issues or adverse weather, the flow maps generated by the algorithm closely align 
with the actual lava flow fields. The results demonstrate that the Random Forest model, despite not 
being trained on this study area, exhibits strong generalization capabilities and high sensitivity to 
subtle volcanic thermal anomalies.

Keywords: Sundhnúkur eruptions; Reykjanes peninsula; Machine Learning; Random Forest; Google 
Earth Engine; Sentinel 2 – MSI

1. Introduction

Lava flows are one of the most visually striking and destructive phenomena produced by volcanic eruptions. They
are formed when molten or partially molten rock is expelled from the Earth’s crust and spread over the surface, 
influenced by the complex interplay of thermal, rheological, and dynamic factors (Griffiths, 2000; Gregg, 2017). 
This interaction dictates the flow’s characteristics, such as its structure, velocity, and the nature of any instabilities 
within the flow front. The behavior of lava flows is primarily determined by the properties of the erupted magma – 
its viscosity, gas content, and temperature – as well as the effusion rate and the topography of the area the 
lava traverses (Griffiths, 2000; Diniega et al., 2013; Gregg, 2017). These flows range from the slow-moving, viscous 
lava characteristic of subduction zones to the more fluid basaltic flows typical of volcanic hotspots.
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Basaltic lava flows are generally dominant in volcanic ‘hotspots’ such as Hawaii and Iceland, where low-viscosity 
lava can travel great distances from the eruption site, producing extensive flow fields (Soule, 2015; Cas et al., 2024). 
These regions are typified by effusive eruptions that produce lava fountains, flows, and spatter cones. In contrast, 
volcanoes situated in active subduction zones – such as those in western North America, Indonesia, Philippines, and 
Japan – tend to produce lava with much higher apparent viscosity and lower temperatures (Manea and Gurnis, 2007; 
Horiuchi and Iwamori, 2016). The higher viscosity of these lavas often results in the formation of lava domes, 
which can collapse to generate block-and-ash flows or, in some cases, lead to explosive pyroclastic flows, as seen 
in volcanoes like Soufrière Hills, Monserrat (Calder et al., 2002).

The destructive power of lava flows is well documented, with recent events like the Cumbre Vieja eruption 
in La Palma (2021) underscoring their ability to devastate everything in their path‑whether by burning, burying, 
or incinerating structures and landscapes (Carracedo  et al., 2022). The hazards increase exponentially when 
lava interacts with other elements of the environment, such as ice or snow, which can trigger far-reaching lahars, 
as was the case with the Eyjafjallajökull eruption in Iceland in 2010 (Gudmundsson et al., 2012). Given their 
significant impact on human settlements and infrastructure, the ability to accurately map and monitor lava flows 
in near real-time is essential for hazard mitigation and risk assessment.

Traditionally, lava flows have been mapped directly in the field, using methods like ground-based surveys 
or observations from Unmanned Aerial Vehicles  (UAVs) (Frazzetta and Romano,  1984; Calvari  et  al.,  1994; 
Spampinato et al., 2011; Del Negro et al., 2016). While effective in certain contexts, these methods are limited by the 
size of flow fields, overlap with previous flows, the presence of dense vegetation, and the general inaccessibility of 
volcanic areas during active eruptions. Consequently, remote sensing techniques have become increasingly common 
for comprehensive analysis of lava flow fields, offering critical insights that are impossible to obtain through 
traditional methods alone (Abrams  et  al.,  1991; Kervyn  et  al.,  2007; Blackett,  2013; Del Negro  et  al.,  2016; 
Corradino et al., 2019, 2022).

One common remote sensing technique is the comparison of pre- and post-eruptive Digital Elevation 
Models (DEMs), which can help identify changes in topography caused by the emplacement of lava (Albino et al., 2015; 
Ganci et al., 2019). However, the efficacy of this approach is often limited by the availability of detailed pre-eruptive 
topography, especially in cases where frequent eruptions occur, or the volcano is poorly monitored. Even where DEMs 
are available, rapid changes in lava flow fields can render this approach inadequate during ongoing effusive crises.

To address these limitations, satellite-based remote sensing offers a powerful alternative for near real-time 
monitoring. Modern space-based sensors capture multispectral data that provide valuable information about the 
thermal, structural, and compositional characteristics of lava flows. For instance, the electromagnetic energy emitted 
or reflected by lava flows can be measured in the visible (VIS), near-infrared (NIR), short-wave infrared (SWIR), 
mid-infrared (MIR), and thermal infrared (TIR) wavelengths, all of which provide distinct signatures for discriminating 
fresh lava from older or cooler surfaces (Harris, 2013). Normalized Hotspot Indices (NHI), which leverage the SWIR 
and NIR bands, have been widely employed to monitor volcanic activity and have proven effective in tracking 
eruptive events globally (Marchese et al., 2019, 2021).

In addition to optical remote sensing, radar satellite data, particularly synthetic aperture radar (SAR), play an 
important role in detecting volcanic activity. SAR-based coherence analysis, which compares images captured 
at different times, can detect low-coherence areas associated with lava flow emplacement (Lu  et  al.,  2004; 
Dietterich et al., 2012; Ferrentino et al., 2023). SAR’s ability to operate under any weather condition (e.g., cloud 
cover), under vegetation cover and at night makes it invaluable for continuous monitoring (Ferrentino et al., 2023). 
A constellation of SAR satellites can collect images of the same region more frequently than the average weekly 
repetition time for ground-based mapping. Finally, non-lava sources have also been mapped with SAR coherence, 
such as pyroclastic flows from Soufrière Hills volcano, Montserrat (Wadge et al., 2002), and the Portuguese Bend 
landslide in California (Calabro et al., 2010). However, the use of SAR images has some limitations, such as the 
uncertainty in interpreting decorrelated regions and the persistence of decorrelation, which can obscure new activity 
(Dietterich et al., 2012). Combining SAR with optical and infrared data can improve accuracy and overcome some 
of these challenges (Lu et al., 2004).

In recent years, the integration of Machine Learning (ML) techniques with satellite data has further revolutionized 
volcanic hazard monitoring (Amato et al., 2023; Cariello et al., 2023; Corradino et al., 2024; Torrisi et al., 2024). 
Advances in cloud computing and open-source platforms, such as Google Earth Engine (GEE), have made it feasible 
to analyze decades-long time series of satellite images over vast regions (Gorelick et al., 2017; Hird et al., 2017). GEE 
provides access to massive archives of multispectral data and offers the computational power necessary to process 
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and analyze these datasets efficiently. Machine Learning algorithms, particularly the Random Forest model, have 
emerged as effective tools for classifying complex features and predicting volcanic hazards based on multispectral 
inputs (Corradino et al., 2022; Amato et al., 2021; Cariello et al., 2023).

The combination of remote sensing data with Machine Learning techniques has enabled the semi-automatic 
mapping of lava flows, significantly reducing the time and labor required for manual mapping (Servadio et al., 2012; 
Kubanek et al., 2015; Marchese et al., 2019). For example, data-driven approaches, such as those developed by 
Corradino et al.  (2022), have demonstrated the ability to detect and map thermal anomalies associated with 
lava flows quickly and with high precision. These advances are crucial for near real-time hazard monitoring, 
particularly in areas where rapid and unpredictable volcanic events pose significant risks.

Here, I applied the Corradino et al.  (2022)’s Random Forest algorithm within Google Earth Engine to map 
lava flows from the Sundhnúkur eruption in Iceland, which occurred from December 2023 to September 2024. Using 
multispectral data from the Sentinel-2 satellite’s Multispectral Imager (MSI), I aimed to accurately detect and map 
the spatial extent of lava flows, by passing the need for fixed-threshold hotspot detection methods and providing 
a more flexible and data-driven approach.

2. Geological background

Iceland is a unique geological environment located at the intersection of the North American and Eurasian 
plates. This hotspot, situated on the Mid-Atlantic Ridge, is marked by a combination of rifting and volcanic 
activity, with the plate boundary in the NE-Atlantic characterized by rift and transform segments. These segments 
generally form well-defined plate boundaries but become increasingly complex as they cross Iceland, due to the 
interaction between the tectonic plates and the underlying mantle plume (Wolfe et al., 1997). Within Iceland, the 
boundary between the plates branches into oblique rift segments and tectonic blocks that move independently, 
forming complex systems of volcanic activity and faulting. This complexity is exemplified by the Reykjanes 
Peninsula Rift  (RPR) in the southwest and the Grímsey Oblique Rift  (GOR) in the north, where divergent and 
transform tectonism occurs in tandem.

The Reykjanes Peninsula, as part of the Reykjanes Ridge, is structurally significant, having undergone several 
rifting episodes over the last 4000 years (Einarsoon, 2008; Sæmundsson et al., 2020). These episodes activated the 
peninsula’s volcanic systems, leading to significant basaltic eruptions every 800-1000 years. The volcanic systems on 
the peninsula – Reykjanes, Svartsengi, Krýsuvík, and Brennisteinsfjöll – have produced notable eruptions throughout 
history, with the most recent rifting cycle initiating a series of eruptions in the Fagradalsfjall area in 2021, 2022, 
and 2023 (Sæmundsson and Sigurgeirsson, 2013). The most recent eruption cycle marked a return to activity in the 
Reykjanes Volcanic Belt after nearly 800 years of dormancy (Bindeman et al., 2022; Fig. 1).

In the northeast of the Reykjanes Peninsula lies the Sundhnúkur volcanic system, which has emerged as a key 
site of interest in recent years. Sundhnúkur, part of the Svartsengi Volcanic Lineament, is located near the town 
of Grindavík and has a history of effusive basaltic eruptions typical of Iceland’s volcanic systems. The 2023-2024 
eruption of Sundhnúkur has been a focal point for scientists, as it is one of the most significant volcanic events 
in the region in recent times. This eruption followed a major tectonic event in the area and resulted in multiple 
lava flows, significantly altering the landscape.

The Sundhnúkur volcanic system reawakened in December 2023, after several decades of quiescence. The eruption 
cycle was characterized by multiple effusive events, with lava flows occurring in December 2023, January and 
February 2024, and more prolonged activity from March to May 2024. Another eruption followed in late May and 
continued until June, with a final event beginning in August and ending in September 2024. These eruptions have 
been characterized by relatively low-viscosity basaltic lava flows, similar to other volcanic systems in Iceland (Iceland 
Meteorological Office – IMO, 2024 – https://en.vedur.is/about-imo/news/; Fig. 1).

The 2023-2024 eruption produced extensive lava fields and significantly impacted the surrounding region. 
Sundhnúkur’s location near key infrastructure, including the town of Grindavík, raised concerns about the potential 
hazards posed by lava flows, volcanic gases, and ashfall. The lava flows themselves, composed of basaltic magma, 
exhibited behavior typical of Icelandic volcanism, with rapid effusion rates and the formation of broad, low-lying 
flow fields (Caracciolo et al., 2024). These flows were monitored closely using advanced satellite remote sensing 
techniques, which provided near real-time data on the extent and progression of the lava.

https://en.vedur.is/about-imo/news/
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Figure 1. �Geological setting of Reykjanes Peninsula lava flows emplaced in the Reykjanes, Svartsengi, Fagradalsjall, Krýsuvík 
and Brennisteinsfjöll volcanic systems from 8th century to 2021. The 2023‑2024 AD Sundhnúkur eruptions area 
is also illustrated (IMO, 2024). Geological data are from Iceland GeoSurvey (ÍSOR) (Sæmundsson et al., 2016). 
Coordinates are in decimal degrees using the WGS84 reference system.

3. Satellite Data

Sentinel-2 is a satellite constellation operated by the European Space Agency (ESA) as part of the Copernicus 
program, designed for high-resolution, multispectral Earth observation. The constellation consists of two identical 
sun-synchronous satellites, Sentinel-2A and Sentinel-2B, which work together to provide global monitoring capabilities. 
With a revisit period of 10 days per satellite, the constellation achieves a combined global coverage of every 5 days. 
This high temporal resolution is essential for dynamic environmental monitoring, including tracking volcanic activity.

Each satellite is equipped with a state-of-the-art Multi-Spectral Instrument (MSI) capable of capturing imagery 
across 13 spectral bands. These bands span the visible  (VIS), near-infrared  (NIR), red-edge, and short-wave 
infrared (SWIR) portions of the electromagnetic spectrum. The MSI provides data at varying spatial resolutions, 
including 10 meters for the visible and near-infrared bands, 20 meters for the red-edge and SWIR bands, and 
60 meters for atmospheric correction bands. This range of resolutions makes Sentinel-2 particularly well-suited for 
detecting and analyzing volcanic phenomena such as lava flows, and surface temperature changes.

Sentinel-2 data are processed and provided at different product levels, most notably Level-1C and Level-2A 
(Gorelick et al., 2017). Level-1C products consist of orthorectified Top-Of-Atmosphere (TOA) reflectance measurements, 
while Level-2A products are atmospherically corrected surface reflectance (SR) data. Both levels are available through 
Google Earth Engine (GEE), where the data can be processed and analyzed for volcanic hazard monitoring.

TOA reflectance values were converted to radiance units  (W m−2 sr−1 µm−1) to facilitate precise analysis. 
Specifically, radiance measurements from seven Sentinel-2 spectral bands were utilized: B2  (492.1 nm for S2B, 
496.6 nm for S2A), B3  (559 nm for S2B, 560 nm for S2A), B4  (665 nm for S2B, 664.5 nm for S2A), B5  (703.8 nm 
for S2B, 703.9 nm for S2A), B8A (864 nm for S2B, 864.8 nm for S2A), B11 (1610.4 nm for S2B, 1613.7 nm for S2A), 
and B12 (2185.7 nm for S2B, 2202.4 nm for S2A). These bands, referred to as L0.4, L0.5, L0.6, L0.7, L0.8, L1.6, and L2.2, 
respectively, were critical for analyzing the spectral properties of the lava flows and other volcanic features during 
the 2023-2024 Sundhnúkur eruption.
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4. Method

The methodology employed in this study is based on a supervised ML algorithm developed within Google Earth 
Engine  (GEE) by Corradino et al.  (2022). This algorithm utilizes spectral data from Sentinel-2’s Multi-Spectral 
Instrument (S2-MSI) to accurately identify and discriminate thermal anomalies (class 1) from background elements 
such as snow and clouds (class 0). The outlines of the anomaly are shown in yellow and the hottest pixels within the 
segmented anomaly in red. The result of the spectral responses of each pixel is analyzed considering that the red 
color indicates the use of bands in the spectrum that allow only very hot bodies to be visualized, while yellow refers 
to bands that are also sensitive to lower temperatures, allowing for the detection of cooling bodies. By leveraging 
the distinct spectral characteristics of these features, the algorithm achieves high performance in detecting volcanic 
thermal anomalies.

Feature Selection
In Corradino et al. (2022), two ML models are trained using two sets of spectral features, Feat1 and Feat2 (Table 1), 

which are designed to enable effective discrimination between thermal anomalies and background elements.
	– Feat1: This set is based on a set of bands already used to successfully recognize anomalies worldwide, 

minimizing false alarms  (Table 1; Genzano  et  al.,  2020). In particular, it focuses on Normalized Hotspot 
Index  (NHI), which is well-suited for identifying mid-intensity thermal anomalies. These indices primarily 
use bands from the near-infrared  (NIR) and shortwave infrared  (SWIR) regions of the spectrum, which are 
sensitive to high-temperature thermal activity. This set minimizes false positives by concentrating on strong 
thermal variations. For volcanic monitoring, three key normalized indices are employed (Eq. (1), (2) and (3); 
Genzano et al., 2020; Marchese et al., 2019):

	•  ; a normalized hotspot index derived from SWIR1 and NIR bands.� (1)

	•  ; an index based on SWIR2 and SWIR1 bands.� (2)

	•  ; a normalized index that combines SWIR2 and NIR bands.  (3)

These indices are particularly effective in isolating areas with significant thermal activity, reducing the 
likelihood of false alarms caused by non-thermal features.

	– Feat2: To enhance the model’s ability to detect less intense thermal anomalies, Feat2 includes additional spectral 
bands from visible (VIS) to SWIR (Table 1). This set helps the algorithm learn the spectral signatures of diverse 
background elements such as snow, clouds, and vegetation, improving the model’s sensitivity to subtle thermal 
variations (Spinetti et al., 2009; Corradino et al., 2019).

Feat1 Feat2

L0.7 L0.4

L1.6 L0.5

L2.2 L0.6

ND L0.8

NHISWNIR L1.6

NHISWIR L2.2

Table 1. Feature sets used for the two models, namely Feat1 and Feat2, from Corradino et al. (2022).
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Data Preprocessing and Model Training
In Corradino et al. (2022), input data for each eruptive event consists of a total of 10 Sentinel-2 MSI images 

from volcanoes such as Etna, Geldingadalir, Cumbre Vieja, Stromboli and Pacaya, which are normalized using 
z-score normalization. This normalization technique ensures that the data are standardized, allowing the model to 
perform effectively across different spectral ranges. The target consists in a binary image in which pixels with value 
1 represent thermal anomalies and those with value 0 correspond to the background. Target images were obtained 
from high spatial resolution data from the S2-MSI sensor, with the positions of hot pixels manually determined by 
experts through visual inspection (Lu et al., 2004). As a result, the target maps have a spatial resolution of 20 m, 
corresponding to the band with the lowest resolution. Because minor thermal anomalies are the most difficult to 
detect, pixels with lower temperatures were included in the training images, with the B12 band having a minimum 
radiance value of 0.68 (W m–2 sr–1 µm–1).

The classification process in Corradino et al. (2022) is based on the Random Forest (RF) algorithm, which is known 
for its robustness and ability to handle complex datasets while minimizing overfitting (Hastie et al., 2009). The RF 
algorithm uses an ensemble of decision trees to improve classification accuracy through bagging, which aggregates 
multiple decision trees to reduce variance and increase generalization.

Two Random Forest models are trained:
	– RF1 is trained with Feat1, which emphasizes the use of NIR and SWIR bands for detecting medium to high-intensity 

thermal anomalies.
	– RF2 incorporates Feat2, which includes visible bands in addition to SWIR and NIR, enhancing the model’s sensitivity 

to weak or subtle thermal anomalies by capturing finer spectral distinctions in the background environment.

These models use 100 decision trees, a number selected to balance classification performance and computational 
efficiency (Ghimire et al., 2012). This configuration proved effective in optimizing both accuracy and speed of 
classification without overfitting to the training data (Corradino et al., 2022).

Model Evaluation
After training, the model is evaluated by Corradino et al. (2022) using standard performance metrics, including 

accuracy, precision, and recall (Bilotta et al., 2019; Corradino et al., 2019). These metrics assess how well the model’s 
predictions align with the actual locations of thermal anomalies. Precision measures the proportion of correctly 
identified thermal anomalies, while recall indicates the model’s ability to detect all true positives.

Corradino et al. (2022)’s results showed that the Random Forest approach outperformed traditional fixed-threshold 
algorithms, particularly in detecting less intense thermal anomalies. The RF2 model, which incorporated visible 
bands, demonstrated superior performance by capturing subtle thermal variations that might have been missed 
by algorithms relying solely on infrared bands. This model also showed a reduction in false negatives, making it 
a valuable tool for early detection of weak volcanic thermal activity (Corradino et al., 2022).

5. Results

The combination of the high spatial, temporal, and spectral resolution provided by Sentinel-2 enabled a detailed 
analysis of the Sundhnúkur eruption, offering valuable insights into the progression of lava flows, surface composition 
changes, and the identification of volcanic hotspots. By utilizing the multi-temporal capabilities of Sentinel-2 
data and Machine Learning techniques, particularly the Random Forest model RF2 developed in Google Earth Engine 
by Corradino et al. (2022), I successfully tracked and mapped the lava flows produced during 2023‑2024 eruptions.

5.1 18-21 December 2023

On the night of December 18, 2023, a volcanic eruption began north of Grindavík on the Reykjanes Peninsula, 
ending on December 21. The eruption occurred near Sundhnúkagígar, approximately four kilometers northeast of 
Grindavík (Fig. 1; IMO, 2024). Unfortunately, no S2-MSI satellite images were available between November 13, 2023, 
and January 17, 2024 (EO Browser). The reconstruction of the lava field was achieved using data from IMO (2024) 
and Willsey and Günzler (2024) (Fig. 2).
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5.2 14-16 January 2024

A new eruption began on the morning of January 14, 2024, with a fracture opening about 900 meters from 
the town of Grindavík (IMO, 2024). Once again, no S2-MSI images were available until January 17. However, as 
shown in Fig. 3a, the Random Forest algorithm by Corradino et al. (2022) successfully identified thermal anomalies 
associated with the cooling lava field during this period. Figure 3b shows the December 2023 and January 2024 
lava field mapping obtained from Willsey and Günzler (2024) and IMO (2024) geological data. It can be seen that 
the thermal anomaly detected in Fig. 3a corresponds to the cooling lava field of January 2024.

Figure 2. �Map of the lava flow field of December 18-21, 2023. Geological data are from Willsey and Günzler (2024) and 
IMO (2024). Coordinates are in decimal degrees using the WGS84 reference system.

(b)(a)

Figure 3. �(a) Thermal anomaly map from S2-MSI of 17 January 2024 near the town of Grindavík. The cooling lava field 
can be observed. All the images were captured via Google Earth Engine. The figure shows the contours of the 
anomaly in yellow and the hottest pixels within the segmented anomaly in red. (b) Map of the lava flow fields 
of December 18-21, 2023, and January 14-16, 2024. Geological data are from Willsey and Günzler (2024) and 
IMO (2024). Coordinates are in decimal degrees using the WGS84 reference system.
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5.3 08-09 February 2024

On February 8, 2024, another eruption occurred at a location close to that of December 18, 2023, which ended 
the next day (IMO, 2024). Figure 4 shows the thermal anomalies for the active lava field on February 8 (Fig. 4a) 
and for the cooling lava field on February 11, 2024 (Fig. 4b). An excellent correspondence can be observed between 
the detected thermal anomaly (Fig. 4a) and the lava field map obtained from the geological data of Willsey and 
Günzler (2024) and IMO (2024).

5.4 16 March – 08 May 2024

A month after the last event, a new eruption began on March 16, 2024, marked by the rapid formation of 
a 2.9-kilometer-long fissure, similar in length and position to that of the February 8, 2024 eruption (IMO, 2024). 
Due to persistent cloud cover, the first available S2-MSI image was taken on March 29, 2024 (Fig. 5a). From April 5 
onward, S2-MSI images confirm only one active vent (Figs. 5c‑e). According to the IMO, on April 27, lava from the 
crater reached the eastern defense wall of Grindavík, eventually crossing it (Fig. 5f; IMO, 2024). This is corroborated 
by S2-MSI satellite images, which identify a thermal anomaly near Grindavík (Fig. 5f). The last cloud-free image was 
captured on April 26, 2024 (Fig. 5f), and the eruption was declared over on May 8. It is possible to observe that the 
algorithm succeeds well in identifying only the hottest thermal anomalies (Figs. 5a‑b‑c‑d‑e‑f), such as the vent and 
lava flows closest to the effusive mouths, while it has difficulty in recognizing the entire advance of the lava field due 
to the rapid cooling of the upper part of the lava flow. Figure 5a shows false positives in the cloud west of Grindavík. 
Figure 5g shows the lava flow fields map of December 18-21, 2023, January 14-16, 2024, February 08-09, 2024, and 
March 16-May 8, 2024 (geological data from Willsey and Günzler, 2024 and IMO, 2024). 

(a) (b)

(c)

Figure 4. �Thermal anomaly map from S2-MSI of (a) 08 February 2024 and (b) 11 February 2024, near the town of Grindavík. 
All the images were captured via Google Earth Engine. The figure shows the contours of the anomaly in yellow 
and the hottest pixels within the segmented anomaly in red. (c) Map of the lava flow fields of December 18-
21, 2023, January 14-16, 2024, and February 08-09, 2024. Geological data are from Willsey and Günzler (2024) 
and IMO (2024). Coordinates are in decimal degrees using the WGS84 reference system.
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Figure 5. �Thermal anomaly map from S2-MSI of (a) 29 March 2024; (b) 01 April 2024; (c) 06 April 2024; (d) 13 April 2024; 
(e) 21 April 2024; (f) 26 April 2024, near the town of Grindavík. All the images were captured via Google Earth 
Engine. The figure shows the contours of the anomaly in yellow and the hottest pixels within the segmented 
anomaly in red. g) Map of the lava flow fields of December 18-21, 2023, January 14-16, 2024, February 08-09, 2024, 
and March 16-May 08, 2024. Geological data are from Willsey and Günzler (2024) and IMO (2024). Coordinates 
are in decimal degrees using the WGS84 reference system.

(a)

(c)

(e)

(g)

(b)

(d)

(f)
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5.5 29 May – 24 June 2024

On May  29,  2024, another eruption occurred along the road to Grindavík, a few kilometers from the 
village (IMO, 2024). The first S2-MSI image was taken on June 2, 2024 (Fig. 6a). The IMO reported a single active crater 
from June 4, which was confirmed by the S2-MSI images and the Random Forest algorithm (Figs. 6b‑e). The eruption 
ended on June 24, 2024  (IMO, 2024). In the following days, satellite images and the Random Forest algorithm 
identified thermal anomalies consistent with cooling lava fields (Fig. 6f). Figure 6g shows the lava flow field map of 
December 18-21, 2023, January 14-16, 2024, February 08-09, 2024, March 16-May 8, 2024, and May 29-June 24, 2024. 
Geological data are taken from Willsey and Günzler (2024) and IMO (2024).

Figure 6. �Thermal anomaly map from S2-MSI of (a) 02 June 2024; (b) 05 June 2024; (c) 07 June; (d) 10 June 2024; 
(e) 15 June 2024; (f) 25 June 2024, near the town of Grindavík. All the images were captured via Google Earth 
Engine. The figure shows the contours of the anomaly in yellow and the hottest pixels within the segmented 
anomaly in red. (g) Map of the lava flow fields of December 18-21, 2023, January 14-16, 2024, February 08-09, 2024, 
March 16‑May 08, 2024, and May 29-June 24, 2024. Geological data are from Willsey and Günzler (2024) and 
IMO (2024). Coordinates are in decimal degrees using the WGS84 reference system.

(a)

(c)

(e)

(g)

(b)

(d)

(f)
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5.6 22 August – 06 September 2024

After nearly two months of quiescence, a new eruptive phase began on August 22, 2024, with the opening of 
a fissure east of Sýlingarfell, initially extending both north and south (IMO, 2024). Due to persistent cloud cover, 
only four S2-MSI satellite images were available during this time (Figs. 7b‑c). Figure 7d depicts the cooling phase 
of the new lava field. Notably, Fig. 7a shows a thermal anomaly detected by the Random Forest algorithm three days 
before the eruption, along the fracture that later produced the August‑September lava field. The eruption officially 
ended on September 06, 2024. Complete mapping of the lava field was obtained from geological data of Willsey and 
Günzler (2024) and IMO (2024) (Fig. 7e).

Figure 7. �Thermal anomaly map from S2-MSI of: (a) 19 August  2024; (b) 26 August  2024; (c) 29 August  2024; 
(d) 10 September 2024, near the town of Grindavík. All the images were captured via Google Earth Engine. The 
figure shows the contours of the anomaly in yellow and the hottest pixels within the segmented anomaly in red. 
(e) Map of the lava flow fields of December 18-21, 2023, January 14-16, 2024, February 08-09, 2024, March 16-
May 08, 2024, May 29-June 24, 2024, and August 22-September 06, 2024. Geological data are from Willsey 
and Günzler (2024) and IMO (2024). Coordinates are in decimal degrees using the WGS84 reference system.

(a)

(c)

(e)

(b)

(d)
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6. Discussion

Efficient mapping of lava flow fields and monitoring volcanic activity are essential for hazard mitigation and for 
understanding the behavior of active volcanoes. Currently, various satellite sensors provide infrared thermal data at 
different spatial and temporal resolutions. The findings of this study confirm the capability of the Random Forest 
algorithm trained by Corradino et al. (2022) to detect thermal anomalies using spectral observations. Notably, the 
RF model demonstrated strong generalization, successfully mapping thermal anomalies from different eruptions 
near Grindavík. Thermal anomalies identified by the algorithm in GEE can be downloaded as typo-KML files, which 
are compatible with QGIS-type platforms. This enables near real-time tracking of lava flow development and the 
creation of geological maps that are continuously updated.

The case study application in Iceland – a geologically complex and challenging island – proved effective for 
detecting and accurately mapping lava flows. However, a few challenges and nuances were observed during the 
evaluations.

In certain cases, lava flow extents were overestimated due to factors such as refractive halos or cloud cover (Fig. 6a). 
These factors may interfere with the algorithm’s ability to accurately distinguish active lava flow areas. Figure 8 
illustrates the difference between the satellite image (Fig. 8a) and the thermal anomalies mapped directly onto the 
visible image (Fig. 8b). This example highlights the overestimation caused by halos in the satellite image. Therefore, 
it is critical to focus on the red-mapped areas and not the yellow ones, because they represent the hottest regions. 
Thus, a more accurate estimate is obtained that likely reflects the true extent of the lava flows. Conversely, slight 
underestimations were noted when the lava had already started cooling, as reduced heat emission from the cooling 
lava makes detection by thermal sensors more difficult  (Figs. 4b and 7d). However, this information is of great 
relevance for detecting lava fields that are cooling and/or no longer active. For hazard mitigation, it is important to 
have information about the state of volcano activity and the progress of the lava flows.

(a) (b)

Figure 8. �Difference between a) the satellite image, and b) the thermal anomalies mapped directly onto the visible image. 
The area mapped in red represents the hottest regions. All the images were captured via Google Earth Engine. The 
figure shows the contours of the anomaly in yellow and the hottest pixels within the segmented anomaly in red.

The algorithm by Corradino et al. (2022), when applied to monitoring the Sundhnúkur eruption, demonstrated 
its ability to accurately map thermal anomalies corresponding to the periods of highest volcanic activity, as shown 
in Fig. 9a. A total of 24 Sentinel-2 MSI images were analyzed. The algorithm performed well, even when applied 
to a volcano not included in the training phase. This is likely due to the Random Forest model being trained on 
large-scale eruptive events from diverse regions worldwide, enabling it to identify key characteristics for correctly 
classifying thermal anomalies, from cooler areas to the most intense, glowing regions, with a low rate of missed 
detections.

However, overestimation caused by halo effects preset in the yellow maps are reduced considering only red maps 
while underestimation in cases of cooling lava highlight the need to account for satellite sensors with thermal bands 
sensitive to lower thermal features and adaptation of monitoring strategies. Additionally, due to the unavailability 
of S2-MSI images between December 2023 and January 2024, and the persistent cloud cover in the region, it was not 
possible to map certain portions of the lava field. This limitation is evident when comparing the thermal anomaly 
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map (Fig. 9a) with the total areal coverage map from December 2023 to September 2024 (Fig. 9b). The algorithm of 
Corradino et al. (2022) proves highly effective in favorable meteorological conditions (see Fig. 4a), allowing near 
real-time monitoring of lava flow development and an excellent tool to use in conjunction with data obtained in the 
field. Notably, the areal extent of the lava field from the February 8‑9, 2024 eruption was calculated, as it was fully 
identified by the algorithm. The analysis indicates an area of 3.38 km2, compared with the actual 3.97 km2 (Willsey 
and Günzler, 2024; IMO 2024). This confirms the algorithm’s excellent ability to detect thermal anomalies associated 
with lava flows. Although, due to missing data and adverse weather conditions, the total lava field area for the entire 
Sundhnúkur eruption could not be estimated, from the thermal anomalies I calculated a lava flow area of 12.14 km2, 
compared with the 38.02 km2 estimated by Willsey and Günzler (2024) and IMO (2024).

Additionally, this case study enabled the identification of a pre-eruptive thermal observation, particularly on 
August 19, 2024 (Fig. 7a), just a few days before the eruptive cycle that occurred from August 22 to September 6, 2024. 
While the most intense volcanic activity occurred further north, weaker activity was observed at the site of the thermal 
anomaly (Figs. 7b‑c; IMO, 2024). In other instances, cloud cover in the days leading up to eruptions prevented similar 
observations. Observations of pre-eruptive thermal anomalies have already been verified by Corradino et al. (2024) 
at other volcanoes using the unsupervised Isolation Forest algorithm. Detection of pre-eruptive thermal anomalies 
from satellites using ML can therefore be used for near real-time monitoring, especially in areas with few or no 
ground-based monitoring systems.

7. Conclusions

This study demonstrates the effectiveness of the Random Forest algorithm (Corradino et al., 2022) in detecting
thermal anomalies during the Sundhnúkur eruption, using high-resolution Sentinel-2 imagery. A key feature of 
this approach is its ability to visualize areas of heightened thermal activity in near real-time, with the hottest regions 
highlighted in red on the generated maps. These red areas correspond to zones with the highest temperatures, 
typically associated with active or recently erupted lava. This method of mapping is particularly valuable for 
tracking the temporal evolution of lava flows, allowing for precise monitoring of lava front propagation and eruption 
intensity, used in conjunction with other methods (e.g. UAVs, field surveys, etc.).

The detailed heat maps produced, which can be exported as typo-KML files and integrated into GIS platforms 
like QGIS, enable researchers and emergency managers to overlay thermal anomaly data on visible satellite imagery. 
This allows for a direct comparison between the heat distribution and the actual ground conditions. By focusing 

Figure 9. �(a) Lava flows mapped from January to September 2024 during the Sundhnúkur eruption in the area near Grindavík 
identified using S2-MSI images and processed by the Random Forest algorithm in GEE (Corradino et al., 2022). The 
images downloaded from GEE in typo-KLM format were imported into QGIS (http://www.qgis.org); (b) Comparison 
with the actual areal of lava fields mapped by Willsey and Günzler (2024) and IMO (2024). Coordinates are in 
decimal degrees using the WGS84 reference system.

(a) (b)

https://www.qgis.org/
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on the red-colored regions – representing the hottest zones – the strategy provides a more accurate representation 
of active lava flow extents, minimizing overestimation caused by halos or reflections present in spectral images.

However, the study also identifies limitations of the RF model, i.e. overestimation of lava flows due to refractive 
halos when using yellow map and cloud cover, as well as limitations of only using S2-MSI data, i.e. underestimation 
in cases of cooling lava due to the absence of thermal bands sensitive to lower temperatures, which results in reduced 
thermal emissions detectable by sensors. A potential solution for persistent cloud cover could involve integrating 
SAR data. These challenges emphasize the need for continuous refinement of monitoring strategies and data fusion 
strategies. Despite these limitations, it was still possible to estimate the areal extent of the lava field from the 
February 8, 2024 eruption with high precision.

Furthermore, the inability to acquire satellite images during key periods – due to cloud cover or missed satellite 
passes – hindered the full mapping of lava flows. Nevertheless, the utility of these heat maps extends beyond tracking 
active eruptions. In certain cases, such as the detection of a pre-eruptive thermal observation on August 19, 2024, 
this method has proven beneficial. This capability is particularly valuable in regions with limited ground-based 
monitoring, where satellite observations can play a critical role in enhancing hazard prevention and response efforts.
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