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Automatic Detection of Volcanic Unrest Using Blind
Source Separation With a Minimum Spanning Tree

Based Stability Analysis
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Abstract—Repeated synthetic aperture radar (SAR) acquisitions
can be utilized to produce measurements of ground deformations
and associated geohazards, such as it can be used to detect signs
of volcanic unrest. Existing time series algorithms like permanent
scatterer analysis and small baseline subset are computationally
demanding and cannot be applied in near real time to detect
subtle, transient, and precursory deformations. To overcome this
problem, we have adapted a minimum spanning tree based spatial
independent component analysis method to automatically detect
sources related to volcanic unrest from a time series of differential
interferograms. For a synthetic dataset, we first utilize the algo-
rithm’s capability to isolate signals of geophysical interest from
atmospheric artifacts, topography, and other noise signals, before
monitoring the evolution of these signals through time in order to
detect the onset of a period of volcanic unrest, in near real time. In
this article, we first demonstrate our approach on synthetic datasets
having different signal strengths and temporal complexities. Sec-
ond, we demonstrate our approach on a couple of real datasets, one
acquired in 2017–2019 over the Colima volcano, Mexico, showing
the occurrence of previously unrecognized short-term deformation
events and the other over Mt. Thorbjorn in Iceland acquired over
2020. This shows the strength of the deep learning application
to differential interferometric SAR measurements, and highlights
that deformation events occurring without eruptions, which may
have previously been undetected.

Index Terms—Colima volcano, independent component analysis
(ICA), Iceland, interferometric synthetic aperture radar (InSAR),
Mexico, minimum spanning tree, MtThorbjorn, sentinel-1,
volcano.
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I. INTRODUCTION

SURFACE deformation is one of the key parameters used for
monitoring volcanoes and forecasting eruptions, realized

by ground truthing and satellite remote sensing [1]. Over the
years, various satellites like ERS-1, ERS-2, and Envisat have
been in use for the interferometric capability for a wide range
of geophysical [2]– [4] and environmental [5], [6] applications.
Utilizing these synthetic aperture radar (SAR) acquisitions, re-
peated approximately from the same point in space at different
times, interferometric SAR (InSAR) gives us the differences in
path length in the scale of the carrier wavelength, due to changes
in wavelength [7], [8]. While conventional InSAR suffers from
interference from unwanted signals like variations of scatter-
ing properties of the earth’s surface or atmospheric conditions
through time [9], multitemporal interferometric methods includ-
ing persistent scatter InSAR [10], [11], and small baseline subset
(SBAS) [12] present a specific class of processing that exploits
multiple SAR images acquired over an area to separate the
displacement signal from the unwanted noise. The techniques
are widely used by scientific communities to investigate surface
deformations related to a broad range of geophysical [13]– [15]
and engineering [16], [17] applications. To understand faults,
volcanoes and ground stability, InSAR and time series analysis
have grown from opportunistic science to routine monitoring
techniques [18]. Nevertheless, due to the sheer number of data
and targets, scientists, and operators are commonly focusing
on large-scale and lasting unrest, while short-term deformation
events may remain unexplored, however.

Displacement monitoring using advanced InSAR time series
analysis methods has became standard at many observatories
and potential sites of geohazards in recent years, where even
large-scale products become available nationwide [19]. With
the launches of Sentinel-1A and 1B satellites in 2014 and 2016,
respectively, and the freely downloadable availability of SAR
data from every part of the world, the methods application ex-
amples have been increased many folds. With short revisit times
of 1–6 days, the Sentinel-1 and forthcoming missions provide
an unprecedented wealth of topography monitoring and surface
change data using the InSAR technique. With both Sentinel-1A
and Sentinel-1B in orbit, this mission currently provides more
than 10 TB [20] of products every day. Based on its acquisition
plans, SAR images from the same orbit are acquired every 6 days
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over Europe as well as some hotspots with very rapid changes
like Greenland [19]. In other parts of the world, SAR data are
acquired every 12 or 24 days.

Instrumental data used for monitoring ground deformation
is essential, allowing displacement detection at a millimeter-
to-centimeter scale, but due to the difficult access and cost-
effectiveness remote sensing is becoming an even broader stan-
dard, now covering even more volcanoes than those instrumen-
tally monitored alone (e.g., [21], [22]. This has led to improve-
ments in both, understanding and forecasting of volcanic erup-
tions [23]. InSAR algorithms like permanent scatterer (PS) and
SBAS have proven to be effective in producing measurements of
ground deformations that are easily interpretable to the human
observer. However, one of the main problems while applying
these algorithms for detecting signals of volcanic unrest is
that they are computationally extensive and cannot be applied
in real time to detect precursory deformation and transient
deformations.

Machine learning technologies may contribute to the analysis
of InSAR data, and already have been widely implemented in
the field of computer science, where the computers use statistical
techniques to learn a specific and complex task from given data.
In the earth sciences, machine learning has been employed in
several applications [24], such as predicting earthquake mag-
nitudes [25], land surface classification [26], vegetation in-
dices [27], or landslide susceptibility mapping [28].

Some of the previous works that have dealt with the appli-
cation of machine learning technologies for the identification
and classification of volcanic deformation include convolutional
neural networks to automatically classify volcanic ground de-
formation from InSAR images [29]. The use of blind signal sep-
aration methods with InSAR data was demonstrated to be used
in a simple detection algorithm [30]. The spatial independent
component analysis (sICA) was applied to Sentinel-1 data and
three signals were able to be isolated, which were of geophys-
ical interest. The subsequent work [31] delves deeper into this
method and investigates the reliability of the sources recovered
by the independent component analysis (ICA) algorithm. The
article adapts the ICASSO algorithm by [32] for isolating the
latent sources. ICASSO runs an ICA algorithm several times and
clusters estimated components from all runs based on the abso-
lute value of the correlation between estimates, and then selects
the centrotype of each cluster as the best estimate. However, the
direct use of centrotypes can lead to loss of information, since
more than one type of component may be grouped into the same
cluster, but only one type of component can be selected as the
centrotype, especially when the ICA model order is high [33].
Also, ICASSO can result in different runs selected for different
components, which breaks the connection with the ICA mixing
model.

In this article, to overcome these problems of conventional
InSAR analysis and signal identification, we adapt a minimum
spanning tree (MST) based approach [33] to investigate the sta-
bility of ICA algorithms for the extraction of latent signals from
interferograms. This method is demonstrated for the Colima
volcano in Mexico and Mt. Thorbjorn in Iceland, which are

two of the most active volcanoes on Earth, and allows detecting
previously unrecognized deformation events.

In this article, we first introduce the methods, by providing
details on the developed algorithm and present the approach
that uses a linear assignment problem and MST to solve the
component sorting issue of the ICA algorithm. Then, we show
results of a synthetic simulation test, as well as the results using
real datasets from the Colima volcano in Mexico from 2017
to 2019 and another dataset from Mt. Thorbjorn in 2020. We
discuss the advantages and limits of our approach and possible
implications for volcano monitoring in general and the Colima
volcano and Mt. Thorbjorn volcanoes in specific.

II. METHOD

A. Blind Signal Separation

Our method of automatic detection and extraction of geo-
physical signals from interferograms is following a three-step
logic. The first step II-A1 uses multiple runs of a FastICA
algorithm, inspired by the work by [31] to isolate the signals
from a time series of interferograms. The second step II-A2
utilizes a linear assignment problem to find the best solution of
sorting or ordering the estimated components, learned in the first
stage for multiple runs. The third step II-A3 aims to select the
best run out of the multiple runs, based on statistical significance,
characterized by T-maps. These three steps are discussed in more
details in the following sections.

We initially consider a dataset of interferograms having differ-
ent values of temporal baseline. We then divide it into separate
sections, each having a “daisy-chain” [34] of interferograms
with same temporal baseline for each section.

1) Independent Component Analysis of Interferograms: The
value of the independent component analysis for InSAR data
analysis was recognized before [31]. Interferograms can be
considered as a mixture of signals and with multiple latent
signals combined in unknown quantities in an interferogram,
recovering the original signals can be viewed as a problem of
blind signal separation [30]. The ICA analysis of InSAR data,
based on the prevalent literature [33], can be expressed as X
= A.S where S=[s1,...sN]T is an N-by-V source matrix, N is
the number of sources, V is the number of pixels and si is the
ith underlying component. The mixing matrix A is an M-by-N
matrix where each column ai represents the time course for the
ith source. The goal of the algorithm is to determine the demixing
matrix W such that the sources can be estimated using S’=W.X,
assuming statistical independence of spatial components.

An ICA analysis approach [35] reshapes the interferograms
such that the spatial dimension is treated as a single dimension
and the individual intereferograms are concatenated in time.
Then, a principal component analysis is applied to reduce the
data dimension and then a FastICA decomposition is performed
on the final matrix and individual interferograms are back
reconstructed after this step. The entire algorithm is visually
summarized in the Fig. 1 [33].

2) Linear Assignment Problem: In ICA algorithms, some
components may be estimated inconsistently and slightly dif-
ferent components may be estimated during different runs. So,



GHOSH et al.: AUTOMATIC DETECTION OF VOLCANIC UNREST USING BLIND SOURCE SEPARATION 7773

Fig. 1. Illustration of the MST-based ICA algorithm. (a) Multiple independent ICA runs are aligned and (b) formed into an MST, (c) all sources from other runs
are aligned to the central run of the MST and (d) T-maps are generated for each cluster of components, (e) the final, most stable, is the run with highest average
correlation to the group T-maps. [33].

the aim is to find the best sorting or ordering of the components
for multiple runs.

In this article, we consider this problem as generalized assign-
ment problem as stated in the article [33]. In a linear assignment
problem (LAP) [36], ‘given an equal number of agents and tasks,
the idea is to assign each agent to exactly one task in such a
manner that the overall cost of assignment is minimized.’ The
minimum cost and corresponding assignment for the ICA runs
are obtained by applying Hungarian algorithm [37].

N independent components (ICs) are estimated from each
ICA run. Then, an N-by-N matrix Cmn is calculated, which
is the input cost of the LAP for sorting the mth and nth runs,
where we consider cij = i-d(simsjn) is the ijth entry of Cmn,
sim, and sjn are the ICs from the mth and nth runs, i,j [1,N],
m,n [1,K], and d is the correlation coefficient. The minimum
cost and corresponding assignment for each pair of ICA runs
are obtained by applying the Hungarian algorithm. Then, an
unconnected, undirected graph that includes K nodes (runs) and
weighted edges having the minimum cost of LAP for each pair
of ICA runs as weights. Next, an MST is calculated by finding a
minimum-cost subgraph connecting all nodes [38]. Finally, the
components in each run are reordered according to the central
run in the obtained tree. The central run has the most connections
with other runs and the minimum cost to the connected runs if
there exists several runs having the same number of neighbors.

3) Best Run Selection Based on Statistical Significance: Af-
ter the alignment of all the ICs from all runs is complete, one
sample T-tests for each component estimate across K runs are
performed to investigate the reliability of the ICA algorithm.
Total of N T-maps, representing components across multiple
runs are obtained. The best run is selected as the run with
the highest correlation between estimated components and the
corresponding T-maps. Thus, in this method, the consistently
estimated components are favored when selecting the best run
using T-maps [33].

For a given component, the average correlation, which is
between the T-map and the same components from all runs,
also represents the consistency of this component estimated by
an ICA algorithm. For one run, the average correlation, which is
between T-maps and the corresponding estimated components
from this run, denotes the reliability of this ICA run based on
statistical significance. We select the run having the highest
reliability as the best run to perform subsequent analysis of the
InSAR data.

4) Choice of Optimum Number of Sources to Extract: After
the best run has been selected, the source matrix S, with the
individual sources and the mixing matrix A, with the strengths
of the individual source signals are retrieved. For each row of
A, we can obtain the strength of the corresponding source over
the time series. We can then extract the corresponding sources
for each interferogram by simple dot product of the matrix
A[i].S[i], where i is the ith row of the matrices denoting the ith
interferogram in the dataset. Also, we can reconstruct the entire
interferogram by just multiplying the whole mixing matrix A
with the source matrix S. After all the interferograms have been
reconstructed, the reconstructed and the original inteferograms
are compared and the average root-mean-squared error (RMSE)
is calculated.

As mentioned by earlier workers [31], the choice of the
number of components to recover with ICA when the number of
latent sources is unknown remains a difficult problem. Previous
studies [30] and [31] highlight that the ICASSO algorithm was
set to recover around two sources more than present in the data,
as this ensures that the majority of the signals of interest that
may exist in lower-importance principal components are not
discarded. Similar to the work done in [31], we also first set up
our algorithm to recover around four sources initially. We then
calculate the RMSE between the reconstructed and the original
interferograms, and then repeat this step continually with higher
number of sources to recover. Once we have the RMSE values
for the cases with approximately 7 or 8 recovered sources, we
then compare the RMSE values and choose the case with least
RMSE value as the optimum number of sources to extract.

5) Isolating the Deformation Signal From the Extracted
Sources: The extracted sources may comprise of other signals
like turbulence, strong atmospheric signal, or some topogra-
phy correlated signals along with the deformation signal. For
isolating the deformation signal from the other nonsignificant
signals, first the strengths of all the extracted sources are plotted
in the time series. The cumulative strength of all the extracted
sources are calculated by adding the individual strengths of each
source. Note that only nonconsistent signals, such as turbulence,
should show the signal strength with the opposite sign and cancel
out in the cumulative strength. Thus, the source having the
highest absolute cumulative strength is considered as the major
deformation signal.

In some cases, there may be seasonal displacements that have
the signal strength with opposite sign and cancel out in the
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cumulative strength. In these cases, to verify the occurrence
of the deformation signal, a residual approach is employed
similar to the method explained in [31]. The rms of the residual
between each interferogram and the reconstructed interferogram
is obtained as well as the residual for each pixel at each time step
is also calculated. Then, the RMS of the sum of the residuals
calculated from each pixel is obtained, which is the cumulative
residual. This is used to identify any false positives, which may
be attributed to some strong atmospheric artefacts in a single
acquisition. The interferograms before and after this image will
have the signal strength with opposite sign and, thus, cancel out
in the cumulative residual. The recurring signals, like topogra-
phy correlated signals, are captured in the modeled components.
The deformation signals will show up as a change of rate for
the cumulative residual. For a strong atmospheric signal, there
may be some jumps in the residual but the cumulative residual
of the subsequent acquisition will drop down again. Thus, in
this case, due to the calculation of pixel-based residuals in each
interferogram separately, even seasonal displacement signals
with opposite signs in consecutive acquisitions, can be identified.

III. DATA

We elaborate three datasets, first a suite of synthetic InSAR
data generated to explore, develop, and challenge the methods
we use, second, an InSAR time series developed from high reso-
lution spotlight TerraSAR-X acquisitions over Colima volcano,
Mexico and third, another InSAR time series developed from
Sentinel-1 acquisitions over Mt. Thorbjorn in Iceland.

Many volcanic eruptions are commonly preceded by peri-
ods of inflation resulting from magma chamber pressurization
caused by magma intrusion. After an eruption the magma cham-
ber deflates and ground surface subsides, which is known as the
deflation period. Monitoring inflation and deflation periods pro-
vides important clues about the structure and the state of active
volcanoes. Monitoring typical background surface deformation
at volcanoes also helps to detect the first sign of increase in the
level of volcano activity, seismic precursors, and magma ascent.

For simulation of the surface deformation of volcanoes, syn-
thetic interferograms of volcanoes having different types of
Mogi sources [39] are constructed using ascending SAR ge-
ometry. The Mogi sources are pressure point sources, which can
be used to model the inflation of the magma reservoir to simulate
the levels of volcano activities.

Three categories of Mogi sources were simulated: source with
a constant strength (constant pressure), source with a tempo-
rally increasing strength (increasing with time pressure) and
an episodic source. The constant source has a specific constant
amplitude throughout the entire duration, the amplitude of tem-
porally increasing source increases with time and the episodic
source has a high amplitude for a brief period of time and then
subsides abruptly, as shown in Fig. 2. All the Mogi sources have
a span of 1000 days. The temporal nature of the three types of
Mogi sources considered has been illustrated in the Fig. 3. The
details of the Mogi sources have been described in Table I.

Along with these Mogi sources, a ramp source and a tropo-
spheric noise source were also simulated, as shown in Fig. 4.

Fig. 2. Spatial orientation of three types of Mogi sources considered: (a) a
constant source with a specific constant amplitude throughout entire duration,
(b) a temporally increasing source, the amplitude of which increases with time,
and (c) an episodic source which has a high amplitude for a brief period of time
and then subsides abruptly.

TABLE I
DESCRIPTION OF MOGI SOURCES

The ramp sources were constructed using this equation

ramp = b(1) + b(2) ∗ lon + b(3) ∗ lat + b(4) ∗ lon. ∗ lat

+ b(5) ∗ lon.2 + b(6) ∗ lat.2 (1)

where b(i) are constants defined individually for each interfer-
ogram, lat and lon are latitute and longitude.The tropospheric
phase is constructed assuming it has a linear correlation with
topography with the equations

dem = (dem − min(dem(:)))/(max(dem(:))− min(dem(:)))
(2)

ramp = b(1) ∗ dem (3)

where b(1) is a constant, individually selected for each inter-
ferogram and dem is the digital elevation model. A normally
distributed noise is added to each pixel phase.

Three different signal combinations have been used and three
datasets having a combined total of 380 interferograms, charac-
terized by 11, 22, and 33 days of temporal baseline, have been
generated. In the first case, the interferograms were formed using
only the episodic Mogi source, in the second case, all the Mogi
sources were used and in the third case, all the Mogi sources
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Fig. 3. Temporal nature of three types of Mogi sources considered for time ranges from T1 to T10. OS1, OS2, and OS3 refer to the three types of original Mogi
sources: a constant source with a specific constant amplitude throughout entire duration, a temporally increasing source, the amplitude of which increases with
time and an episodic source, which has a high amplitude for a brief period of time and then subsides abruptly, respectively.

Fig. 4. (a) Ramp source, and (b) a tropospheric noise source.

as well as the ramp and tropospheric signals were combined
together.

1) TerraSAR-X Data and Interferograms Over Colima Vol-
cano: We used 82 SAR images acquired over Colima volcano
by TerraSAR-X in spotlight mode. The data covers the period
between 2017.01.08 and 2019.10.28. The revisit time of data is
11 days. However, it has several gaps. We selected the image
acquired on 2018.05.07 as a reference. All other images are
coregistered and resampled to the reference image. Then, we
generated a network of interferograms with all possible image
pairs. The topographic phase is compensated using a 7 m DEM
generated from Pleiades optical images. An adaptive interfer-
ogram filtering is applied to the interferograms, and then, the
interferograms are unwrapped.

1) Sentinel-1 Data and Interferograms Over Mt. Thorbjorn:
We used 69 SAR images acquired over Mt. Thorbjorn. The data
covers the period between 2019.11.09 and 2020.12.15. The re-
visit time of data is 6 days. However, it also has several gaps. We
generated a network of interferograms with all possible image
pairs. The topographic phase is compensated using ArticDEM
of 2 m space resolution. An adaptive interferogram filtering is
applied to the interferograms, and then, the interferograms are
unwrapped.

IV. RESULTS

A. Application to Synthetic Datasets

The algorithm was separately applied on each of the three
synthetic datasets, having temporal baselines of 11, 22, and 33
days. For the first case, where only a single episodic Mogi source
was considered without any ramp, troposphere or other signals,
only one source was also recovered by the algorithm. The time
series of the strength of the recovered source was plotted for each
baseline in Fig. 5. As can be seen from the Fig. 5, the strength
pattern clearly indicates that the amplitude of the source was
initially close to 0, and then drastically increased to a certain
value, which remained constant for a certain time, and then
suddenly dropped back to near 0. This pattern clearly follows
the episodic nature of the Mogi source that was used to simulate
the interferograms.
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Fig. 5. Strengths of the recovered deformation source for temporal baseline of (a) 11, (b) 22, and (c) 33 days, respectively.

Fig. 6. Mogi source signals OS1, OS2, OS3, the original interferograms, the recovered signals from the algorithm and the reconstructed interferogram from the
recovered signals for 10 different simulated interferograms.

For the second case, where all the Mogi sources were com-
bined together, the algorithm was used to recover three different
sources. The original and recovered sources are plotted in Fig. 6.
The strengths of all the recovered sources were plotted, as shown
in Fig. 8.

For the third case, where all the Mogi sources along with
the ramp and tropospheric signals were combined together,
the algorithm was used to recover four different sources. The
number of sources to recover was based on the lowest MSE
between the original interferogram and the reconstructed one,
from the recovered sources, as mentioned in Section II-A4. The
original and recovered sources are plotted in Fig. 7. The strengths
of all the recovered sources were plotted for 11 days and 33 days
temporal baselines, as shown in Fig. 8. In Fig. 8(b), it can be seen
that, for 11 days, sources 1 and 2 remain constant for the entire
duration of the time period and source 3 remains constant (almost
0) for some period of time, then increases with time and again

stays constant for the rest for the time period, thus emulating
the temporally increasing Mogi source. Source 4 was initially
close to 0, and then increased to certain value, remained the
same for some duration of time, and then finally dropped back
to near 0 after some time, thus, clearly following the episodic
Mogi source. In Fig. 8(c), for 33 days, a similar trend of the
recovered sources are noticed. The results of this simulation,
clearly indicate that the algorithm is able to distinguish between
the different types of Mogi sources, of different strengths and
different temporal nature and is able to recover these signals
fruitfully, even when they are mixed with ramp, troposphere,
and other noise signals.

B. Application to the Volcán De Colima in Mexico

The algorithm was applied on TerraSAR-X interferograms
generated from the Volcán de Colima in Mexico. The considered
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Fig. 7. Figure showing the Mogi source signals OS1, OS2, OS3, the ramp and tropospheric noise signals, the original interferograms, the recovered signals from
the algorithm and the reconstructed interferogram from the recovered signals for 10 different simulated interferograms of temporal baseline 33 days.

Fig. 8. (a) Strengths of the recovered sources for the second case with only the combination of the three Mogi sources, without any noise signal included. (b) and
(c) Strengths of the recovered sources for the third case with the combination of the three Mogi sources as well as the noise signals included for temporal baseline
of 11 and 33 days, respectively.
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Fig. 9. Location map and overflight photograph of Volcán de Colima. The
steep-sloped volcanic cone is approximately 4–6 km wide, and completely
covered by both the ascending and descending TerraSAR-X satellite data (blue
and red boxes in map view). The yellow star marks the seismic station EZV4
described in this article [44].

time period from August 2017 to February 2018 is a intereruptive
period, i.e., the volcano was in a state of relatively quiescence
that was following a high intensity period that lasted from 2015
to 2017 [40].

Colima (19.514 N, 103.62 W, summit elevation 3850 m) (see
Fig. 9 for location) has produced Plinian eruptions, pyroclas-
tic flows, and large sector collapses in the past, and hosts a
crustal reservoir at 12 km depth as well as shallower conduits
or interfingered dykes [41]. The activity is characterized by
a succession of eruptive cycles (dome construction followed
by dome-destruction explosions and episodes of lava and/or
pyroclastic flows) [42]. The volcano is located close to Colima
town, a densely populated area with about 400 000 persons at
risk, which is why understanding and monitoring the directions
of dome growth and pyroclastic density currents is of vital
interest [43]. The volcanic activity has been almost continuous
since 1960 for Colima Volcano. Short-term inflation episodes
precede sudden and explosive eruptions, such as on 6 January
2013, which are detected through synthetic aperture radar data
[44]. The pre-eruptive inflation (updoming) of the summit region
is inverted to a coeruptive deflation (subsidence) that can be
described by a shallow spherical to elliptical pressure models
[44], similar to the synthetic datasets we elaborated as described
previously. Colima is a volcano challenging for ground truthing
due to the hazardeous access to the summit, and challenging
for InSAR studies due to signal decorrelation and geometric
distortion [22].

On a report published in [45], it was mentioned that an eruptive
episode began in January 2013 and continued through March
2017. In late April 2019, increased seismicity related to volcanic
activity began again. This activity, through July 2019, is covered
in [45]. The primary source of information was the Centro
Universitario de Estudios e Investigaciones de Vulcanologia,
Universidad de Colima.

Fig. 10. Average rms error between original and reconstructed interferograms,
for reconstruction based on 3, 4, 5, and 6 extracted sources. The minimum rms
error was calculated for reconstruction with 4 extracted source signals.

Before applying the algorithm, the 200 interferograms were
divided into three sets, of temporal baseline of 11, 33, and 44
days, respectively. The algorithm was applied to the three sets
separately and the optimum number of sources to be recovered
was determined by comparing the average MSE between the
original and the reconstructed interferograms, for different num-
ber of recovered sources, as mentioned previously in Section II-
A4. The optimum number of recovered sources were calculated
to be 4 as outlined in the Fig. 10. Examples of the original and
the reconstructed interferograms and the recovered sources are
plotted in Fig. 11 for the three different baselines. For each of the
three cases, the strengths of the recovered signals were plotted
and as mentioned Section II-A5, the major deformation signals
were isolated from all the recovered signals by calculating the
absolute cumulative strength. Thus, sources 2, 1, and 4 were
identified as the deformation signals for the set of interferograms
having temporal baselines 11, 33, and 44 days, respectively. The
absolute strengths of the deformation signals were then plotted
in Fig. 12. As shown in Fig. 12, in all three cases strengths of
the deformation signals showed a peak from March to April,
November to December in 2017, and February to May in 2018,
and February to July in 2019.

For isolating the periods of deformation from the time series
of the strengths of the recovered deformation signals, a Z-score
based outlier detection was performed for each of the time series
for the different temporal baselines. For each time series, the
Z-score of each point was calculated as the distance of the point
from the mean value, in terms of the standard deviation. If the
distance of the point from the mean was more than three times
the standard deviation, the point was considered as an outlier,
as shown in Fig. 12. The Z-score was calculated separately
for each temporal baseline and, thus, for each time series for
each temporal baseline, a distinct value of the Z-score was
obtained. Taking the common time periods into consideration,
the outliers or the peaks in the deformation signal strengths were
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Fig. 11. Original interferograms, the recovered signals from the algorithm
and the reconstructed interferogram from the recovered signals for 7 different
interferograms of Volcan de Colima of temporal baseline (a) 11, (b) 33, and (c)
44 days.

found to be concentrated between March to April, November to
December in 2017, and February to May in 2018, and February
to July in 2019, as also mentioned previously. These periods of
deformation are also corroborated by the times mentioned in the
report [45], which stated that the seismicity related to volcanic

activity continued around March 2017 and from April to July,
2019.

C. Application to Mt. Thorbjorn in Iceland

To demonstrate our automatic detection algorithm’s ability to
detect signs of volcanic unrest in real data, the algorithm was
also applied on interferograms from Mt. Thorbjorn in Iceland,
for the year 2020 and the results are presented here.

At the end of January 2020, a rapid, large-scale uplift ac-
companied by seismic swarms started to develop on the plate
boundary of the Reykjanes Peninsula, in southwest Iceland (see
Fig. 13, indicating a possible volcanic unrest and triggering a
volcanic crisis in the region. Scientists and experts intensified the
monitoring using ground and remote sensors in order to follow
the evolution of the event. GPS and InSAR measurements, over
the successive six months, detected three uplift episodes, each
followed by light deflations, as shown in the Fig. 14. The center
of the uplift, which remained stationary, was located about 1 km
west of Mt. Thorbjörn. The maximum cumulative uplift was
measured to be 12 cm. With good approximation, the inflation
source was modeled as a Mogi point source.

InSAR time-series of Sentinel-1 data in ascending track has
been processed for the period between November 2019 and
December 2020 using 30 m of pixel size. Different time intervals
have been used to create the interferograms: 6, 12, and 18
days. Specifically the uplift episodes correspond to the ascend-
ing Sentinel-1 data intervals: 20th January–19th February, 8th
March–25th April, and 19th May–18th July.

Before applying the algorithm, the 200 interferograms were
divided into three sets, of temporal baseline 6, 12, and 18 days,
respectively. The algorithm was applied to the three sets sepa-
rately and the optimum number of sources to be recovered was
determined by comparing the average MSE between the original
and the reconstructed interferograms, for different number of
recovered sources, as mentioned in Section II-A4. The optimum
number of recovered sources were calculated to be 4 as outlined
in the Fig. 15. Examples of the original and the reconstructed
interferograms and the recovered sources are plotted in the
Fig. 16 for the three different baselines. For each of the three
cases, the strengths of the recovered signals were plotted, and
as mentioned in Section II-A5, the major deformation signals
were isolated from all the recovered signals by calculating the
absolute cumulative strength. Thus, sources 2, 4, and 3 were
identified as the deformation signals for the set of interferograms
having temporal baselines 6, 12, and 18 days, respectively. The
absolute strengths of the deformation signals were then plotted
in Fig. 17. As shown in Fig. 17, in all three cases, strengths of
the deformation signals showed a peak from January to February
and again from March to April.

For isolating the periods of deformation from the time series
of the strengths of the recovered deformation signals, a Z-score
based outlier detection was performed for each of the time series
for the different temporal baselines, as before. Based on this
analysis, the outliers or the peaks in the deformation signal
strengths were found and highlighted are shown in the Fig. 17.
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Fig. 12. Strengths of the recovered deformation sources for interferograms from the Volcán de Colima in Mexico from 2017 to 2019 with temporal baselines
(a) 11, (b) 33, and (c) 44 days. The deformation periods as measured by the z-scores above the standard deviations have been highlighted. The z-score values are
distinct for each time series with different temporal baseline.

The Z-score was calculated separately for each temporal base-
line and, thus, for each time series for each temporal baseline, a
distinct value of the Z-score was obtained. Taking the common
time periods into consideration, the deformation signal peaks
were found to be concentrated between January to February
and again from March to April, as also mentioned previously.
This is further corroborated if the time series of the strengths

of the recovered deformation signals are compared to the LOS
deformation (see Fig. 14 time series plot in the same region for
the same time period. As shown in the Fig. 17, the uplift during
the period of January to February and from March to April, as
well as the rate of increase during these periods is in line with
the peaks in the time series of the strengths of the recovered
deformation signals during these time periods in the Fig. 14.
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Fig. 13. Interferograms were formed Sentinel-1 SAR acquisitions of Mt.
Thorbjorn in Iceland, covering dates from November 2019 to December 2020.

Fig. 14. GPS and InSAR measurements of Mt. Thorbjorn in Iceland, over the
successive six months. Three uplift episodes were detected, each followed by
light deflations.

Fig. 15. Average rms error between original and reconstructed interferograms,
for reconstruction based on 3, 4, 5, and 6 extracted sources. The minimum rms
error was calculated for reconstruction with 4 extracted source signals.

The algorithm is computationally inexpensive, the interfero-
metric phase data can be converted to a list of spatially indepen-
dent sources and their associated time courses on a desktop or
laptop computer in several minutes. New interferograms can
also be added to this list in a few seconds. Therefore, this

Fig. 16. Original interferograms, the recovered signals from the algorithm
and the reconstructed interferogram from the recovered signals for 7 different
interferograms of Mt. Thorbjorn of temporal baseline (a) 6, (b) 12, and (c) 18
days.

algorithm can be applied to Sentinel-1 data immediately upon
being acquired to begin monitoring of the volcanic activity using
interferograms.

V. DISCUSSION

Volcano monitoring significantly contributes to forecasting
and hazard assessment at active volcanoes. Deformation is a key
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Fig. 17. Strengths of the recovered deformation sources for interferograms from Mt. Thorbjorn for 2020 with temporal baselines (a) 6, (b) 12, and (c) 18 days.
The deformation periods as measured by the z-scores above the standard deviations have been highlighted. The z-score values are distinct for each time series with
different temporal baseline.

parameter, besides seismicity, degassing, and temperature, that
is monitored at volcanoes worldwide [1]. Comprehensive studies
at over 500 volcanoes revealed that satellite remote sensing may
greatly advance the deformation monitoring concept, with a high
proportion of deforming volcanoes that also erupted [23]. A key
challenge is that InSAR is still considered a postevent method
that is mainly used for educational and research purposes applied
for selected eruption periods, while numerous volcanoes show
short deformation events without culminating in eruptions and
remain detailed studies. With the advancement of automatic
data acquisition and processing plans [46] monitoring of a
much larger proportion of the 1500 active volcanoes worldwide
becomes feasible, so that also the detection of noneruptive

deformation events may sharply increase. To properly develop
routines for monitoring and assessing the challenge of short-term
deformation events, machine learning techniques may greatly
contribute [29]–[31], [46].

A. Automatic Signal Detection

The minimum-spanning-tree based ICA algorithm can be ap-
plied to InSAR data for extracting sources of geophysical interest
and for tracing strengths of the recovered deformation signals
through time. In this article, a method for selecting the best ICA
run out of multiple runs has been adapted from the paper [33].
Using assignment algorithm and MST, the sorting problem of
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Fig. 18. Mogi source signals OS1, OS2, OS3, the original interferograms, the recovered signals from the algorithm and the reconstructed interferogram from the
recovered signals a simulated interferogram.

different ICA runs has been addressed. This algorithm provides
a way to select better ICA runs than the ICASSO algorithm
and provides a more objective and better motivated approach
to evaluate results. The utilization of the T-maps also provide
a metric for interpreting the statistical reliability of estimated
components for the given data.

The application of the algorithm on the simulated dataset has
demonstrated its ability to detect changes in the most common
types of Mogi sources, a constant, a temporally increasing and
an episodic source strength, even when the multiple sources
are combined together with noise signals to simulate real in-
terferometric volcanic unrest signals. When the strengths of
the detected deformation sources changes in rate, this is also
detected by the algorithm, which gives us an idea of when
volcanic inflation changes occurred.

The algorithm has proved effective in distinguishing the de-
formation signals from other extracted signals like turbulence,
strong atmospheric signal, or some topography correlated sig-
nals as mentioned in the Section II-A5. Similarly, as mentioned
in [31], false positives generated by strong atmospheric tur-
bulence can be identified as false when the signal reverses in
the subsequent image. Inspection of other acquisitions from a
different geometry or satellite, prior to the subsequent image,
could also be used to rule out deformation.

One of the drawbacks of the algorithm is the appearance of
discrepancies while trying to extract multiple source signals,
which are temporally as well as spatially correlated. In Fig. 18,
it can be seen that, all three of the original Mogi sources OS1,
OS2, and OS3 have considerable amplitude and are prevalent
almost at the same point in time. So, while trying to extract the
three sources separately from the original interferogram, some
residual complimentary versions of one of the sources appear
with the other sources. To illustrate this, in Fig. 18, a compli-
mentary fraction of the Source 3 is prevalent in the recovered
Source 1. The reason can be attributed to the fact that the ICA
algorithm is able to distinguish between different sources based
on the amplitudes. However, this distinction among separate
signals is minimal on a spatial level, i.e., if the signals overlap
on a common spatial position.

In this project, the method employed to mitigate the occur-
rence of these discrepancies is to check if there are complimen-
tary pixel values at the same positions in the separate recovered
sources and eliminate the complimentary versions as much as
possible. This can work as a way to minimize the error occurring
due to spatial overlap, but still in some cases, the residuals remain
to a minimal extent.

Fig. 19. Differential TerraSAR-X interferogram over Volcan de Colima, Mex-
ico for dates (a) 23.11.2017–04.12.2017 and (b) 04.04.2018–05.18.2018.

B. Volcanic Unrest Determination in Volcan De Colima,
Mexico in 2017–2019

The presented algorithm was applied to model the unrest of
Volcan de Colima in Mexico for the period of 2017 to 2019. The
period investigated destruction of a summit lava dome during
the period December 2016 to March 2017 [40]. As recorded by
the local volcano observatory of Colima, only minor activity
followed, the smaller degassing and explosion events during the
years 2017–2018 are mostly monitored by the Red Sismológica
Telemétrica del Estado de Colima of the volcano observatory,
revealing short-term increased seismicity and changes from
long-period to short-period events related to the volcanic activity
[43] and continued until July 2019. For detecting both short and
long term deformations over the period of three years, interfero-
grams of short temporal baseline of 11 days, and interferograms
of longer temporal baselines of 33 and 44 days were investigated.
As shown in our results from the Section IV-B, the algorithm was
able to recover deformation source events in March 2017 and
April 2017, respectively, as well as others in February and July
2019. Besides that, other deformation episodes due to volcanic
unrest were also detected in the periods from November to
December in 2017 and from February to May in 2018. These
unrest episodes were not documented in any literature, but barely
recognized by observers of the volcano observatory (need to add
a figure). While analyzing the interferograms from late 2017
to 2018, the fringes highlighting the deformations are clearly
visible in the interferograms, as shown in the Fig. 19. One
of the reasons that there is no documented version of these
volcanic episodes from the Colima volcano can be attributed to
the fact that these deformations were during a period, where the
rate of seismicity was quite slow. Thus, these signals can only
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Fig. 20. Strengths of the recovered deformation sources for interferograms from Mt. Thorbjorn for 2020 with temporal baselines (a) 24 and (b) 36 days. The
deformation periods as measured by the z-scores above the standard deviations have been highlighted. The z-score values are distinct for each time series with
different temporal baseline.

be detected after analyzing intereferograms of long temporal
baselines of around 44 days.

C. Volcanic Unrest Determination in Mt. Thorbjorn, Iceland
in 2020

This algorithm was applied to model the volcanic unrest de-
termination in Mt. Thorbjorn in Iceland throughout entire 2020.
The volcanic source in this case study, can be approximated to
a Mogi source with a cyclic increment strength. As shown in
Fig. 14, the uplift episodes occurred in the date intervals: 20th
January–19th February, 8th March–25th April, and 19th May–
18th July. The strengths of the recovered deformation sources,
as plotted in Fig. 17, show that the deformation signal strengths
were also significantly high during the period of January to
February and from March to April. Further inspection of the
Fig. 14 showed that rate of uplift was lower in the period from
May to July, compared to January-February and March-April.
Since only the short-term interferograms of 6, 12, and 24 days
were investigated, during the period from May to July the uplift
signal was not strong enough to be well visible in such a short-
term interferograms. For further investigation, the algorithm
was applied to interferograms of the same region for temporal
baselines of 36 and 44 days. The strengths of the deformation
sources for the temporal baselines 36 and 44 days are plotted
in the Fig. 20. As can be seen from the Fig. 20, the strengths
of the deformation sources for both 24 and 36 days temporal
baselines, show significant peaks during the period from May

to July, apart from January-February and March-April. This
validates the idea that the rate of uplift was lower during this
period compared to January to March, and so these peaks are
visible in interferograms of longer temporal baselines like 24
and 36 days.

One interesting part to note is that for both the Colima volcano
as well as Mt. Thorbjorn, the number of components derived in
both cases was four. This can be attributed to the fact that in
both cases, the number of components derived is in agreement
with the number of components in the actual data, which is also
statistically verified when the RMSE is the least in both cases. If
the number of components to be derived is considered higher or
lower than four in both cases, then the derived components do
no fit properly during the inversion. Regarding the geophysical
interpretation, in both cases, the four derived sources comprise of
the deformation source, the atmospheric artefacts, a topography
related source and another source depicting the broad scale trend.
Thus, in both cases, it can be seen, both statistically as well as
geophysically that the optimum number of sources to isolate to
obtain best result for inversion of the interferograms is 4.

VI. CONCLUSION

This article shows that the quality and interpretability of the
extracted sources can be potentially enhanced by leveraging a
more general ICA algorithm in combination with the MST-based
stability analysis. This article has shown that this algorithm can
be used to extract latent deformation sources from InSAR data
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and it is able to detect signs of volcanic unrest due to both a
change in a pre-existing signal as well as due to emergence of a
new signal. It can be used as an automatic application for early
warning of signs of volcanic unrest, when using interferograms
of shorter temporal baselines. Along with that, it can also be used
for long term deformation monitoring when interferograms of
longer temporal baselines are taken into account.

In this article, this algorithm has been applied to a synthetic
dataset of simulated Mogi sources, as well as two real datasets
from Volcan de Colima in Mexico and from Mt. Thorbjorn in Ice-
land. The algorithm proved successful in extracting deformation
events from the interferograms of varying temporal baselines.
The time series of the strengths of the recovered deformation
sources also provided an overview of how the deformation
signals varied through time. The results show that it would have
been possible to promptly and automatically (without the need of
an expert data interpretation) flag a volcano as entering a period
of increased activity when the strengths of the deformation
source increased before an eventual eruption and so could have
provided some warning that the volcano had entered a period of
heightened unrest. Thus, it shows that this algorithm could be
applied globally for any monitoring all types of volcanic unrest.
Moreover, this article shows that deformation events occur at
Colima, that are appearing without any eruption (e.g., add the
dates of these events here). The pattern and strengths of these
deformation events detected by our machine learning approach
are comparable to those deformation events that immediately
preceded explosive eruptions [44]. This bears potential for false
alarms and highlights the need to better understand the episodes
of uplift and subsidence of volcano summits.
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