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Abstract

Geologists seek to understand the relationship between vol-
canic unrest and eruptions by identifying subtle Volcanic
Thermal Features (VTFs) in high-resolution satellite imagery.
This analysis requires the careful curation of large databases
of relevant volcanic thermal information. However, volcanic
unrest is characterized by highly subtle thermal anomalies.
Manual identification on a global scale is highly labor- and
time-intensive. We propose Hotspotter: an end-to-end system
to automatically detect subtle volcanic thermal anomalies in
satellite images and derive relevant thermal statistics. Previ-
ous solutions for automated VTF detection have limited data
size and geographic diversity. To accommodate an unprece-
dentedly large and diverse volcanic dataset, we propose an
automated pipeline combining unsupervised anomaly detec-
tion with supervised classification to filter anomalous regions.
Hotspotter gives 90% anomaly detection accuracy and robust
generalization to new volcanoes. Our automated approach
can accelerate scientists’ search for VTFs to help identify rel-
evant thermal precursors and enable more precise forecasts of
global volcanic eruptions.

Introduction

Volcanic eruptions are hazardous phenomena that negatively
impact human health and livelihoods. Over 800 million peo-
ple live within 100 km of an active volcano and are at risk of
a potential eruption (Brown, Auker, and Sparks 2015). Pre-
dicting volcanic eruptions is a topic of long-standing inter-
est among volcanologists. Eruptions are usually preceded by
subtle Volcanic Thermal Features (VTFs) characterized by
abrupt background temperature fluctuations (Barberi et al.
1984), as is depicted in Figure 1. These pre-eruption un-
rests are usually identified by a combination of ground sen-
sors (Winson et al. 2014). However, in regions where ground
sensors are not viable, unrest may be identified in high-
resolution Thermal InfraRed (TIR) data acquired by satel-
lite sensors. For example, the Advanced Spaceborne Ther-
mal Emission and Reflection Radiometer (ASTER) sensor
is widely used to collect TIR data owing to its accessibility
and high TIR spatial resolution (NASA 2023).

In an attempt to develop a new volcanic database that is
populated with subtle VTFs, Reath et al. (2019) curated
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the ASTER Volcanic Thermal Output Database (AVTOD)
by manually analyzing volcanoes that were active in the
Holocene age (11,700 years ago to present day). In this man-
ual process, investigators identified volcanic regions of in-
terest with geological characteristics indicative of a poten-
tial volcano. These characterizations included regions lack-
ing non-volcanic thermal features and those with a compo-
sition similar to the material surrounding known volcanic
thermal features. After identifying such a region, the analy-
sis involved probing for pixels within that region that were
at least 2 Kelvin warmer than the average temperature of a
surrounding 10x10 pixel area. These anomalous pixels were
classified as thermal unrest and cataloged with related ther-
mal data.

Gomez-Patron et al. (2023) built on the AVTOD method
and created a time series of each VTF on a volcano for
over 200 volcanoes. Carrying out this process for multi-year
high-resolution satellite imagery is a tedious process that re-
quires substantial time and effort. This calls for a simpli-
fied automated approach, that serves two purposes: to as-
sist volcanologists in compiling an ASTER VTF time series
database and to provide a means of verifying manually col-
lected data for analysts.

To our knowledge, there is no existing solution for ther-
mal anomaly detection using a global volcanic database.
However, there have been smaller-scale initiatives focused
on detecting subtle volcanic thermal anomalies. Existing
solutions face several challenges, including: (i) inadequate
data size and diversity, (ii) opaque selection processes for
appropriate algorithms, (iii) reliance on smaller scenes that
may overlook volcanic unrest, and (iv) limited output detail,
often restricted to binary pixel-wise information.

Instead of a fully supervised pipeline which would require
large amounts of labeled VTF examples, we approached
the problem using unsupervised anomaly detection tech-
niques. We used Domain-Agnostic Outlier Ranking Algo-
rithms (DORA) (Kerner et al. 2022) to compare differ-
ent anomaly detection algorithms. We found that the Lo-
cal Reed-Xiaoli algorithm (LRX) (Molero et al. 2013a) most
accurately identified VTFs in our database. LRX generates
continuous pixel-wise anomaly scores instead of simple bi-
nary masks. This helps analysts pinpoint anomalous regions
around volcanic summits more precisely than less granular
methods like image-level classification or binary masks.
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Figure 1: Examples of volcanoes, from left to right, in (i) Chile, (ii) Indonesia, and the (iii) United States with diverse temper-
ature patterns around eruptions. Here, the x-axis represents the year, and the y-axis represents temperature in degrees Kelvin

K).

LRX outputs anomaly scores for each pixel but does not
provide a hard classification of whether an image contains
an anomaly or not. Images could be flagged as anomalous
using a threshold on the anomaly scores in the image, but
determining a single global threshold is difficult due to the
diverse temperature ranges and varying degrees of anoma-
lies across different volcanic zones (Corradino et al. 2022).
Some anomalies detected by LRX may also be “false posi-
tives” that are anomalies in the data but not the VTF anoma-
lies desired by analysts (e.g., clouds). To address this, we im-
plemented a custom Convolutional Neural Network (CNN)
(LeCun, Bengio, and Hinton 2015) to reduce false posi-
tives. The CNN processes the anomaly score image out-
put by LRX and classifies whether the image contains a
true anomaly or a false positive. The output from this two-
stage pipeline (LRX followed by CNN) answers the ques-
tion: “Does this ASTER image contain a volcanic thermal
anomaly?”

Volcanologists require additional thermal information
about anomalies beyond a coarse binary classification of
an anomaly’s presence (Reath et al. 2019). For images
flagged as anomalous by our pipeline, we combined the
LRX anomaly image output with the original ASTER im-
age to extract key thermal statistics about the detected
VTFs including maximum temperature, maximum tempera-
ture above background, mean background temperature, and
standard deviation. This mirrors the metrics recorded by vol-
canologists in our reference expert-curated VTF database.

Related Work

Recent advancements in automated monitoring systems of
volcanic unrest can be characterized by their data acquisi-
tion methods, size and types of data used, and classification
approaches.

The MOUNTS system uses a CNN to detect ground de-
formations in Sentinel-1 Synthetic Aperture Radar (SAR)
interferograms (Valade et al. 2019). Compared to prior
methods, MOUNTS achieved higher accuracy and true pos-
itive and true negative rates (Anantrasirichai et al. 2018).
However, the global applicability of this system is limited
by the difficulty of obtaining SAR interferograms and non-
uniform processing of input data globally.

Corradino et al. (2022) trained a model on optical
Sentinel-2 features to predict binary masks for anomalous
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Figure 2: Plot of distance from VTF centroids recorded in
our database to the volcanic summit. 96.3% of VTFs are
within 100 pixels of the summit.

regions. The study experimented with variations of the ran-
dom forest algorithm, claiming ensembles of decision trees
typically yield highly generalizable performance. However,
decision trees are limited in their ability to exploit spatial
correlations in images, as they assume pixel-wise features
are independent of each other. Moreover, the model was
trained using data from only 5 volcanoes, which restricts its
ability to capture complex topographic and structural differ-
ences across global volcanic zones. Massimetti et al. (2020)
analyzed Sentinel-2 multispectral data using a dataset from
a larger, but still limited, dataset of 8 volcanoes.

Corradino et al. (2023) used a U-Net segmentation model
to detect VTFs in ASTER thermal images. However, the pro-
posed method has significant limitations for global general-
izability and deployment due to a lack of diverse data and a
small sample size. Corradino et al. (2023) trained a U-Net
on 1500 48 x 48-pixel images from 5 VTF occurrences. The
model predicted a binary mask, trained using labels manu-
ally annotated by experts. Given the small data size and lim-
ited diversity, a complex architecture like U-Net may overfit
this small dataset. In addition, the patch size of 48 x 48 pix-
els (4 x 4 km) around volcanic summits is not sufficient to
identify unrest indicators. Figure 2 shows that many thermal
features are more than 4 km away from the volcano summit.

Previous methods for volcanic thermal feature detection
have been limited to a small set of volcanoes and had rel-
atively small sample sizes, resulting in models that are un-
likely to generalize to the diverse temperature patterns in dif-
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Figure 3: Hotspotter pipeline for automated detection of volcanic thermal features (VTFs). Step 1: Analyst specifies a path to
a directory containing ASTER thermal images. Step 2: 200 x 200-pixel patch is cropped from each ASTER image around the
matching volcano coordinates. Step 3: LRX computes pixel-wise anomaly scores. Step 4: CNN classifies whether the anomaly
score image contains a true VTF or a false positive. Step 5: Thermal statistics are computed using the pixel with the highest
anomaly score, for images classified as true anomalies. Step 6: CSV file of VTF detections and thermal statistics is saved.

ferent volcanic zones globally. Figure 1 illustrates how vol- relevant thermal statistics for each volcano as well as the
canic regions worldwide exhibit distinct patterns and tem- date the measurement was recorded. This database extended
peratures in the times surrounding eruptions. This highlights the previous AVTOD methodology (Reath et al. 2019) for
the need for a comprehensive global volcanic dataset that analyzing volcanoes by identifying individual features on
captures the full spectrum of temperature profiles. Consid- each volcano.

ering the limitations identified in recent research within this

field, our objective was to reduce reliance on labeled data Approach

for models detecting VTFs and prioritize high generalizabil-

ity across diverse volcanic zones. Figure 3 illustrates the pipeline of our proposed approach.

An analyst starts by pointing the pipeline to a folder con-
Data taining ASTER images. Hotspotter determines whether (and

where) an image contains a VTF then calculates thermal
Thermal Satellite Data statistics surrounding the VTF. These results and metadata

We used thermal satellite images from the Advanced are then stored in a CSV file.

Spaceborne Thermal Emission and Reflection Radiometer

(ASTER) sensor. ASTER offers the highest spatial resolu- Preprocessing

tion in the thermal infrared (TIR) range among openly acces- The VTFs in ASTER images can be as small as a single pixel
sible TIR satellite data. These images were manually filtered (90 x 90 m). To reduce the search space and possible false
to discard images containing clouds within 100-200 km of positive detections far away from the volcano while preserv-
the volcano summit. We used the atmospherically corrected ing important unrest indicators, we cropped each image to
AST_08 product (kinetic surface temperature), which has a a limited region around the volcano summit. For each vol-
resolution of 90 m/pixel, for our dataset (Reath et al. 2019). cano, we computed the distance from each VTF to the sum-
The ASTER images were mostly 700 x 830 pixels with some mit using coordinates from the GVP Volcanoes of the World
minor variations. These GeoTIFFs contain thermal observa- database (Global Volcanism Program and Venzke 2024). We
tions as well as metadata such as acquisition date, which is found that 96.3% of the VTFs were captured within 100
used to populate our database. Our dataset included a time pixels (9 km) of the summit, with only a few outliers be-
series of thermal images (GeoTIFFs) from 2000 to 2022 for yond this range. Thus we determined that a 200 x 200 pixel
129 global volcanoes. crop would provide a compromise between feature inclusiv-

ity and image processing efficiency.
Volcanic Thermal Features
We used the database from Gomez-Patron et al. (2023) to

validate our results and assign VTF labels to each ASTER After extracting the 200 x 200 pixel patch around the
image. This database contains thermal anomaly and other volcanic summit, we apply an unsupervised algorithm to

Unsupervised Anomaly Detection using LRX
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(a) Performance for anomaly
detection  algorithms  in
DORA (Kerner et al. 2022),
measured by Precision at N.

(b) LRX scores (top) for VTF
in example volcano (Etna)
and the corresponding ther-
mal ASTER image (bottom).

Figure 4: Comparison of anomaly detection algorithms eval-
uated using DORA (a) and example output from Local RX
(LRX), the best performing algorithm (b).

identify anomalous pixels in the image. To select an ap-
propriate algorithm for this specific task, we used the
Domain-agnostic Outlier Ranking Algorithm (DORA) li-
brary (Kerner et al. 2022). DORA (Kerner et al. 2022) is
a versatile API that evaluates multiple outlier detection al-
gorithms in a variety of domains. DORA contains diverse
anomaly scoring methods that employ a variety of factors
to score anomalies: Reconstruction Error (Principal Compo-
nent Analysis), Distance (Reed-Xiaoli, Local Reed-Xiaoli
detectors), Sparsity (Isolation Forest), and Likelihood (Neg-
ative Sampling). An important metric provided by DORA
is “Precision at N”, which calculates the fraction of N se-
lections (samples with highest anomaly scores) made by the
algorithm that are actually known outliers (determined using
our label database) (Campos et al. 2016).

We applied DORA to 10 randomly chosen volcanoes and
evaluated each algorithm using Precision at N, setting N to
the number of known anomalous pixels in each image. We
found that the Local Reed-Xiaoli (LRX) detector had the
highest Precision at N (Figure 4a). Qualitatively, we found
that LRX localized VTF outliers well (Figure 4b). Other al-
gorithms produced poor precision scores or failed to identify
clear outliers in visualizations.

LRX computes local means and covariances using pixels
between inner and outer windows surrounding the pixel be-
ing scored. LRX scores each pixel using the Mahalanobis
distance between the pixel and outer window statistics, us-
ing the inner window to mask the immediate area around
the pixel being scored. We found that a 3 x 3 inner window
and 5 x 5 outer window gave good results since VTFs tend
to be very small. Prior work also used LRX to detect small
anomalies in hyperspectral images (Molero et al. 2013b).

LRX narrowed down the search space for anomalies to
a few pixels. However, LRX uses only the local context
around a pixel to score anomalies and does not consider the
larger context within an image. Some anomalies detected by

LRX may also be “false positives” that are anomalies in the
data but not the VTF anomalies desired by analysts (e.g.,
clouds). We used a CNN to classify whether an LRX detec-
tion is a true VTF anomaly or a false positive, as described
in the next section.

Supervised Anomaly Classification using CNN

To remove false positives and incorporate global context, we
implemented a Convolutional Neural Network (CNN) that
processes the anomaly image output from LRX. CNNs cap-
ture complex relationships within an entire image through
successive convolutions. We experimented with various con-
figurations of CNNs with varying depth, width, and activa-
tion functions using cross-validation. We found that a shal-
low 3-layer CNN performed best, eliminating the need for
deeper networks prone to overfitting and increased compu-
tation.

We trained the model using the binary cross-entropy loss
function, traditionally used for binary classification prob-
lems. We applied batch normalization after each convolu-
tional layer. Batch normalization aids anomaly detection
by clustering normal samples and pushing anomalies away
from the distribution (Li et al. 2023). It also helps in regular-
izing the model, which can reduce the likelihood of over-
fitting to irrelevant features or noise, a common issue in
anomaly detection tasks where the anomalies can be very
subtle and sparse. The max-pooling layers reduce the spatial
dimensions, which not only helps in reducing the computa-
tional load but also ensures that the network focuses on the
most salient features, increasing its ability to detect anoma-
lies.

We balanced the dataset to ensure an equal number of pos-
itive and negative labels. Initially, the dataset contained a
majority of positive samples due to analysts’ tendency to in-
vestigate regions prone to thermal anomalies (which are cor-
rectly identified and considered true positive). To deal with
this imbalance, we augmented the negative class by crop-
ping non-VTF regions from ASTER images. Any thermal
variations in these regions would result from other non-VTF
phenomena.

Deriving Thermal Statistics

Once the CNN eliminates false positives and determines that
the image is anomalous, we extract thermal statistics from
the highest-scoring pixel in the corresponding LRX image.
We compute the following thermal features: (i) maximum
anomalous temperature, (ii)) maximum temperature above
the background, (iii) mean background temperature, and (iv)
standard deviation.

DORA records the highest-scoring LRX pixel along with
the image coordinates of that pixel. We then mapped this
coordinate back to the original GeoTIFF image to determine
the maximum temperature. To capture the background ther-
mal statistics, we analyzed a 10 x 10 pixel patch surround-
ing the highest-scoring LRX pixel, following AVTOD’s
methodology. The maximum temperature above background
was calculated by subtracting the mean of this 10 x 10 patch
from the highest-scoring LRX pixel value.



Model Train-Test Split  Acc. F1
LRX+CNN (ours) Random 0.903 0.901
CNN Random 0.831 0.882
Fixed Threshold Random 0.631 0.770
LRX+CNN (ours) Non-overlapping 0.889 0.884
CNN Non-overlapping 0.637  0.752

Table 1: Performance of our approach using unsupervised
LRX for detecting candidate anomalies followed by a su-
pervised CNN for identifying volcanic anomalies. We com-
pared this approach to using only the supervised CNN with-
out LRX or using a fixed threshold on pixel temperatures.

Results

Our performance evaluation was guided by three key ques-
tions: (1) How well did our pipeline detect VTF anomalies?
(2) Did the inferred thermal statistics match those computed
in the manual database? (3) Did our model generalize well
to unseen volcanoes?

Anomaly Detection

Table 1 summarizes the VTF detection experiment results.
Our labeled dataset comprises 7,968 volcanic data points
from 129 globally distributed volcanoes. We implemented
an 80/10/10% random sample split for training, testing, and
validation, with balanced positive and negative samples. We
trained the CNN for 50 epochs on the LRX score images.
Our LRX+CNN method achieved 90.3% test accuracy and
88.4% F1 score.

Ablation experiment To assess the necessity of LRX
as an intermediate step, we conducted an ablation exper-
iment in which we trained the CNN directly on thermal
images rather than the LRX output. This is comparable
to previous methods that used a CNN approach (such as
MOUNTS (Valade et al. 2019)), however, we could not
compare directly to previous methods due to differences in
datasets and satellite data sources. The CNN-only method
gave 81% test accuracy, approximately 7% lower than train-
ing on LRX scores.

Spatial generalization We performed an experiment to
evaluate the model’s performance across diverse topo-
graphic and thermal conditions that were not seen during
training. We created a new train/test split ensuring each vol-
cano was part of only one split. Despite being a more chal-
lenging task to generalize to completely new volcanoes, our
LRX+CNN approach still achieved an impressive 88.9% ac-
curacy, significantly higher than the CNN-only accuracy of
63.7%.

Baseline We implemented a simple thresholding method
as a baseline for our proposed model’s performance. This
mimics the manual process analysts currently use to find
candidate VTFs. We classified a pixel as anomalous if its
temperature exceeds the mean background temperature by
2 Kelvin. This technique achieved a much lower accuracy
of 63%. This shows that our LRX+CNN pipeline performs
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False
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True
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Figure 5: LRX anomaly scores for a false positive anomaly
(top left) and true VTF anomaly (bottom left) detected at the
Colima volcano. LRX identified both regions as anomalies
based on their thermal values and the CNN correctly filtered
the patches to record only the true anomaly in the database.

significantly better than the thresholding approach used by
analysts today. Moreover, LRX scores provide deeper in-
sights that can help us derive background thermal statistics
and identify subtle precursors.

Colima: A qualitative case study To demonstrate our al-
gorithm’s ability to identify subtle anomalies in the presence
of false positives, we analyzed two distinct snapshots from
Volcan de Colima, one of the most active volcanoes in Mex-
ico and North America (Spica 2017). We examined ASTER
TIR images from two specific dates: March 5, 2003, con-
taining a manually identified volcanic anomaly, and March
9, 2022, labeled as non-anomalous. Figure 5 shows the LRX
outputs for these two images.

The LRX output for the non-anomalous image assigned
high anomaly scores to non-volcanic thermal features in the
upper part of the image. These features likely correspond to
an old volcanic lava flow. Even when inactive, lava can of-
ten exhibit elevated temperatures in thermal imagery due to
residual heat retention. This is an example of a local ther-
mal anomaly in the data that is not the specific VTF thermal
anomaly that analysts seek to catalog. Despite this ambigu-
ity, our CNN correctly classified both images according to
their respective labels. This illustrates how the CNN effec-
tively learned to distinguish true volcanic anomalies from
other thermal features that might be misinterpreted as vol-
canic thermal hotspots by human observers or more naive
algorithmic approaches.

Thermal statistics

To evaluate the accuracy of the thermal statistics derived
from Hotspotter, we calculated the Mean Absolute Error
(MAE) between the ground truth and inferred value for each
statistic. We chose MAE since it has an interpretable unit
of temperature in Kelvin (K), same as the data. For unseen
volcanoes, our inferred statistics had an MAE of 3.23 K for
the maximum temperature pixel, 4.27 K for the mean back-
ground temperature, 11.48 K for the maximum temperature
above the background, and 5.16 K for the standard devia-



400

380

w
*
o

340

Maximum (K)
I~
o

300

280

260

280 300 320 340 360 380 400
Ground_Truth Maximum (K)

300
290
280
270
260
250
240
230

Mean (Background Temperature) (K)

240 260 280 300
Ground Truth Mean (Backaround Temperature) (K)

Figure 6: Scatter plots illustrating the relationship between
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ture (top) and mean background temperature (bottom). The
black dashed diagonal line represents the ideal match where
ground truth equals predicted values.

tion. Figure 6 shows a scatter plot of the ground-truth and
inferred values for maximum temperature and mean back-
ground temperature. These results show a strong correlation
between the ground-truth and Hotspotter’s inferred values.

Sensitivity to train/test split The experiments in Table 1
were performed with a single train/test split and random
seed. To evaluate the sensitivity of Hotspotter’s performance
to a specific train/test split and CNN initialization (con-
trolled by the random seed), we created 24 random train/test
splits with different random seeds and repeated the exper-
iment from row 1 of Table 1. Figure 7 shows box-plots of
the results for each metric (accuracy, F1 score, and MAE of
thermal statistics). These results show slightly higher mean
accuracy and F1 scores than Table 1. They also show that
some performance variation could be expected depending
on the random seed and resulting train/test split. In the de-
ployed Hotspotter application, using all of the available data
for training could help reduce such variability.

Pathway to Deployment

Hotspotter is publicly available on GitHub (https://github.
com/kerner-lab/VTFDetection) and can be run via the com-
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Figure 7: Hotspotter performance across 24 train/test splits
with different random seeds.

mand line. Given input and output directories, Hotspotter
generates LRX anomaly scores for each image, VTF classi-
fications for each image, and thermal statistics for detected
VTFs. In the future, Hotspotter can become the primary
method for populating VTF time series databases with un-
rest indicators and thermal statistics.

Conclusion

Volcanic eruptions have taught us to be wary of important,
yet subtle precursors that could easily escape human obser-
vation. To better understand thermal precursors and develop
more precise forecasts of volcanic eruptions, scientists need
global databases cataloging the occurrences and properties
of volcanic thermal features. Cataloging time series of VTFs
for every volcano in multi-year high-resolution satellite im-
agery is a tedious manual process that requires substantial
time and effort today. An automated pipeline would signifi-
cantly accelerate the scale and speed at which volcanologists
can identify subtle thermal features.

Our proposed Hotspotter pipeline for automated VTF
detection is the first to use a comprehensive global VTF
time series database. Hotspotter accurately detects VTFs in
ASTER thermal satellite images. Thermal statistics of the
detected VTFs correlate strongly with ground-truth values
from the reference VTF database. Our experiments show
that our model generalizes well across diverse volcanic
zones and new volcanoes not seen during training. In ad-
dition to VTF classifications and thermal statistics, Hotspot-
ter’s intermediate LRX pixel-wise scores enable additional
exploration of anomalous features. Hotspotter will acceler-
ate scientists’ search for VIFs and help identify relevant
thermal precursors that will enable more precise forecasts
of global volcanic eruptions.
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