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Abstract11

The aim of this research is to detect Earth’s deformation from Interferometric Synthetic12

Aperture Radar (InSAR) images through a semi-supervised machine learning algorithm13

called Least-Squares Two-sample Test (LSTT). This algorithm computes the probabil-14

ity distributions of two samples to assess if they belong to the same probability distri-15

bution. At the same time, it gives the divergence of these two samples. Therefore, dis-16

crimination of noise and deformation signals requires comparing the probability distri-17

bution of the samples. Our method is tested with two di!erent datasets obtained from18

the ALOS-2 satellite. One is the deformation of the 2020 Taal volcano, Philippines, erup-19

tion. The other is the deformation due to the gas extraction in the Boso Peninsula, Japan,20

between 2017 and 2018. The first one shows obvious deformation, while the second presents21

a less visible deformation. Our method, tested with the Receiver Operating Character-22

istic curve, mostly detected the deformation correctly as an anomaly, regardless of how23

visually obvious the deformation is. However, our method can sometimes lead to a bi-24

ased prediction when the noise level is high.25

Plain Language Summary26

The goal of this study is to figure out how to objectively detect changes happen-27

ing on Earth’s surface from Synthetic Aperture radar images. To meet this goal, we de-28

veloped a method to detect the surface deformation as an anomaly. To test our method,29

two di!erent events have been studied. The first event is a volcanic eruption in the Philip-30

pines, where the deformation of the Earth is clearly visible. The second is a land sub-31

sidence due to gas extraction in Japan, in which the deformation is less significant. The32

results show that our method accurately detects the deformation as an anomaly, regard-33

less of how obvious the deformation is. We demonstrate the utility of our method to un-34

derstand when and where the Earth’s surface is deformed. However, our method some-35

times does not work well when the noise level in the radar images is high.36

1 Introduction37

Synthetic Aperture Radar (InSAR) has been a fundamental tool for measuring Earth’s38

surface deformation since its emergence in the 1990s (e.g., Burgmann et al., 2000; Simons39

& Rosen, 2015). The deformation has been most traditionally measured through inter-40

ferometry of SAR images (Interferometric Synthetic Aperture Radar; InSAR). InSAR41
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has detected Earth’s surface deformation associated with various phenomena, including42

tectonic (e.g., Weiss et al., 2020), volcanic (e.g., Hooper et al., 2012; Pinel et al., 2014),43

and hydrological (e.g., Morishita, 2021; Shirzaei et al., 2020) activity, with its unprece-44

dented spatial resolution.45

Despite its utility, InSAR has weaknesses, as with every geodetic technique. One46

of them is the higher noise level than other geodetic techniques, such as the Global Nav-47

igation Satellite System (GNSS). The main sources of noise in InSAR images are iono-48

spheric and atmospheric disturbances of microwaves radiated from a SAR satellite. GNSS49

measurements can get rid of the e!ect of ionospheric disturbance because a GNSS satel-50

lite radiates multiple frequencies of microwaves, and the ionospheric e!ect is frequency-51

dependent. On the other hand, InSAR measurements cannot remove the ionospheric dis-52

turbance as the GNSS observations do because a SAR satellite radiates only a single fre-53

quency of microwave. InSAR measurements are also more susceptible to atmospheric dis-54

turbance than GNSS measurements. While the atmospheric disturbance of GNSS mea-55

surements can be evaluated from measurements over time, that of SAR measurements56

needs to be evaluated from instantaneous observations. Therefore, uncertainties of In-57

SAR measurements are generally higher than GNSS measurements; the perturbations58

described above mask small signals in SAR interferograms. The spatial correlation of iono-59

spheric and atmospheric disturbances makes discriminating the deformation signal from60

noise even more challenging.61

If a large number of interferograms is available, removing the ionospheric and at-62

mospheric disturbance is possible through the time-series analysis (e.g., Hooper et al.,63

2012; Morishita et al., 2020; Schmidt & Bürgmann, 2003) by taking advantage that they64

are spatially correlated but temporally uncorrelated. However, temporal smoothing in65

time-series analysis can make small and short-lived deformation signals. This study, in-66

stead, attempts to develop a method to detect deformation signals from a single inter-67

ferogram rather than relying on multiple interferograms.68

To achieve this goal, several studies have taken machine-learning approaches to au-69

tomatically detect deformation signals from a single interferogram. For example, Breng-70

man & Barnhart (2021) and Anantrasirichai et al. (2019) developed a method to detect71

volcano deformation signals with Convolution Neural Network (CNN). As the training72

dataset, they generated interferograms from synthetic pressure sources to compensate73
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for an insu”cient number of observations as the training dataset. Such supervised learn-74

ing with a synthetic dataset can detect only the deformation of known origins. In other75

words, such an approach does not help detect deformation of unknown origin, or discover76

new phenomena. Additionally, Beker et al. (2023) detected subtle volcanic deformations77

applying AI tools, and a CNN trained on synthetically generated deformation data. But78

to mitigate the problem of not having real data and improve the performance, the fine-79

tuning stage is developed with a small real dataset. Popescu et al. (2025) proposed an-80

other study to detect volcanic deformation applying CNN as well as two generative mod-81

els, but in this approach, it avoids the need for labeled training data. However, it still82

involves complex deep architectures and volcano-specific tuning. Gaddes et al. (2024)83

employed 500,000 labeled interferograms as the training dataset. However, this train-84

ing dataset is solely for volcanic deformation. Another dataset is required to train more85

generic deformation patterns.86

To circumvent this problem, we developed a method to detect deformation signals,87

or anomalies, from a single InSAR image. A main assumption of our method is that an88

interferogram is dominated by regions of no deformation anomalies. While some inter-89

ferograms contain deformation signals in the whole image, these images are out of the90

scope of our study because even visual inspection allows us to detect anomalies in such91

images.92

Our method is verified by applying it to two datasets taken from the ALOS-2 satel-93

lite, one associated with the 2020 Taal Volcano, Philippines, eruption, and the other as-94

sociated with land subsidence in the Boso Peninsula, Japan. Because ground deforma-95

tion by the 2020 Taal volcano eruption is visible even with visual inspection (Bato et al.,96

2021), the application of our method to this dataset serves as the validation of it. On97

the other hand, land subsidence in the Boso Peninsula is not necessarily visible from a98

single interferogram because the subsidence there is only up to a few tens of millimeters99

per year (Kinoshita & Furuta, 2024; Nonaka et al., 2020). The application of our method100

to this dataset confirms that it works for detecting deformation signals that are not de-101

tectable by visual inspection.102
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2 Method103

We detect anomalies in an interferogram by examining the probability distribution104

of the data. The first assumption of our method is that the data in a subregion of an105

undeformed interferogram gives similar probability distributions between di!erent sub-106

regions. In other words, we assume a spatially uniform noise structure within an inter-107

ferogram. The second assumption is that anomalies are only in a small fraction of the108

image, if any. Therefore, the ground deformation in a deformed region is detected as a109

probability distribution anomaly from much of the data.110

To meet the two assumptions above, we employed the Least-Squares Two-Sample111

test (LSTT; Sugiyama et al., 2011) to detect an anomaly of deformation signals as an112

anomalous probability distribution of the data. LSTT, a non-parametric method, tests113

if two data samples are drawn from the same underlying probability distribution. Two114

samples without deformation signals give statistically similar probability distributions.115

Otherwise, the two probability distributions are considered to be drawn from two dif-116

ferent underlying probability distributions. LSTT does not require any restrictive para-117

metric assumptions in deriving the density ratio between two probability distributions.118

Specifically, LSTT is based on a divergence density ratio estimation method called un-119

constrained least-squares importance fitting (uLSIF). LSTT employs uLSIF because of120

the enhanced computational e”ciency by processing the data sample only through ker-121

nel functions. The Gaussian kernel function helps to create a linear classifier of a non-122

linear decision boundary dataset.123

The probability density ratio r(x) between two probability distributions p(x) and

p(x→) is represented as r(x) = p(x)/p(x→). uLSIF estimates r(x), with p(x→) → 0. Then,

a kernel

k(x,x→) = exp

(
↑↓x↑ x

→↓
2ω2

)
(1)

is introduced to improve the accuracy of the estimated r(x) (Sugiyama et al., 2011). In124

equation (1), the norm is Euclidean, and ω2 denotes variance representing the charac-125

teristic kernel width. The performance of uLSIF resides in the choice of ω2. See Sugiyama126

et al. (2011) for the method of finding the optimal value of ω to make LSTT a non-parametric127

method.128

The obtained ratio estimation substitutes the initial density ratio in the Pearson

divergence estimator (Equation 2) to obtain the desired estimator for the uLSIF func-
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tion. Next, the elements of the union of the two datasets, x↔x→, are randomly permuted

so that the first N elements consist of a set x̃ and the remaining samples the set x̃→, where

N denotes the length of x. We then shu#ed the union elements, x̃↔ x̃→, and compute

Pearson divergence, PE(x̃||x̃→), 100 times. We finally compare these estimator with those

from the original dataset.

PE(p(x)||p(x→)) =

∫ ↑

↓↑
p(x→) ·

(
p(x)

p(x→)
↑ 1

)2

dx (2)

To test the algorithm described above, four sets of data samples are taken from the129

filtered interferogram. Two of them are associated with areas where the displacement130

is obvious. We use the measure of the p-value for hypothesis testing. When we compare131

two samples, the p-value indicates the probability that these samples are taken from dif-132

ferent probability distributions. In other words, the Pearson divergence between sam-133

ples with clear deformation signals should be significantly greater than zero, while the134

p-value should be close to 0 to reject the null hypothesis. Additionally, the other two sam-135

ples correspond to similar regions with a p-value close to 1. Fig. 1 graphically depicts136

pairs of with p-values close to 0 and 0.9. To summarize, this measure helps us see if the137

apparent di!erence between two datasets is due to random sampling or statistically sig-138

nificant.139

We compared the two probability distributions of the Laplacian of the line-of-sight140

(LOS) distance changes rather than the LOS distance changes themselves. The idea be-141

hind this implementation is that an anomalous interferogram, or an interferogram with142

deformation signals, has di!erent spatial roughness from that without deformation sig-143

nals.144

The Laplacian of the LOS displacements ε is represented as

↗2ε =
ϑ2ε

ϑx2
+

ϑ2ε

ϑy2
(3)

where x and y denote perpendicular directions on the interferogram, e.g., the east and

north directions, respectively. The discretized form of Laplacian is given by

↗2εi,j =
εi+1,j ↑ 2εi,j + εi↓1,j

$x2
+

εi,j+1 ↑ 2εi,j + εi,j↓1

$y2
(4)

where εi,j , $x, and $y denote the LOS change at the (i, j) grid, the spacing of the data

in the x direction, and that in the y direction, respectively. When $x = $y, equation
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(a) Di!erent distributions, p-value → 0.00 (b) Similar distributions, p-value → 0.9

Figure 1: Comparison of normal probability distribution functions (PDFs) generated

with synthetic data. The image (a) depicts two distinct PDFs, while (b) illustrates nearly

identical PDFs. Both images display the distribution of the values that the function takes

along the x-axis and their corresponding probability densities along the y-axis.

(4) is simplified as

↗2εi,j =
↑4εi,j + εi+1,j + εi↓1,j + εi,j+1 + εi,j↓1

$x2
. (5)

The discrete form of the Laplacian, instead of the continuous one, has been used145

because the pixel values of the InSAR images can be identified easily as a discrete grid.146

In addition, if we take as an input two samples, they will be treated as equal although147

they are clearly not. So the use of the discrete Laplace operator as a proxy of spatial smooth-148

ness is the key to make the algorithm correctly interpret the data.149

3 Data150

3.1 InSAR images151

An InSAR image is constructed from two SAR images. A SAR image is a two-dimensional152

record; Each pixel consists of a complex number with amplitude, representing the strength153

of the reflected signal, and phase, representing the distance between the satellite and the154

target (ground). The phase di!erence between the two SAR images reveals ground de-155

formation after appropriate corrections. In a word, it is the phase di!erence that enables156

us to measure the deformation of the Earth’s surface (Burgmann et al., 2000).157
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This study applies our method to two SAR interferograms; one is ground deforma-158

tion associated with the 2020 Taal, Philippines, volcano eruption and the other is asso-159

ciated with ground subsidence in the Boso Peninsula, Japan, between 2017 and 2018,160

both taken from the ALOS-2 satellite. Both interferograms contain deformation signals161

only in a part of the interferogram, and a part of the interferogram is free of deforma-162

tion signals.163

3.1.1 The 2020 eruption of Taal volcano, Philippines164

Taal volcano is one of the most active volcanoes in the Philippines. The most re-165

cent eruption was in 2020 after 43 years of dormancy. The 2020 eruption was a phreatomag-166

matic explosion with an ash column of 16–17 km by an interaction of magma and the167

water of Taal Lake, the caldera lake of Taal volcano (Balangue-Tarriela et al., 2022; Perttu168

et al., 2023).169

The 2020 eruption of Taal volcano generated significant ground deformation. Bato170

et al. (2021) processed ALOS-2 images spanning the eruption to show that the eruption171

generated line-of-sight displacements of up to 2 meters. They explained the observed dis-172

placements by a mass loss from the magma reservoir at a depth of 5 km by ↘ 0.5km3
173

and a lateral dike intrusion by ↘ 0.6km3.174

Fig.2 shows an example of interferogram representing the co-eruptive deformation.175

This interferogram shows the change of line-of-sight distances, which is from the west-176

southwest. the subsidence and east-northeastward displacements correspond to the line-177

of-sight extension while the uplift and west-southwestward displacements correspond to178

the line-of-sight contraction. Consequently, solely this interferogram cannot distinguish179

between the subsidence and east-northeastward displacements or uplift and west-southwestward180

displacements.181

The co-eruptive deformation is concentrated around the vent or the southwestern182

part of Fig.2. Spatial variations of line-of-sight displacements in other regions are due183

mainly to atmospheric disturbance (e.g., Massonnet et al., 1994; Zebker et al., 1997) rather184

than real surface displacements. Also, because InSAR cannot measure surface displace-185

ment o!shore, no measurements are available at Lake Taal and Laguna de Bay (Fig.2).186
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Figure 2: Line-of-sight changes associated with the 2020 eruption of Taal Volcano be-

tween 12 November 2019 and 21 January 2020, spanning the eruption on 12 January

2020. SAR images are taken from the ascending orbit, and the line-of-sight is roughly

from the west-southwest. The interferogram is unwrapped and rewrapped every 100 mm.

3.1.2 Subsidence of the Boso Peninsula, Japan187

Boso Peninsula is located to the east of the Tokyo Metropolitan area. Excessive188

extraction of natural gas has subsided a part of the peninsula by up to 10 mm/yr in the189

past few decades (Furuno et al., 2015; Nonaka et al., 2020). Also, deformation by quasi-190

periodic slow slips (e.g., Fukuda, 2018; Ozawa et al., 2019; Kinoshita & Furuta, 2024)191

can contaminate interferograms in the southeastern Boso Peninsula.192

Fig.3 depicts the deformation between 9 March 2017 and 15 November 2018. Al-193

though the interferogram is dominated by a long-wavelength feature, it shows the line-194

of-sight extension, or subsidence, in the northern tip and the middle of the peninsula.195

In addition, the long-wavelength deformation due to the convergence of the Philippine196

Sea plate from the south and the postseismic deformation of the 2011 Tohoku-oki earth-197

quake (Mw=9.0), whose epicenter is ↘300 km to the north, might contaminate the dis-198
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Figure 3: Line-of-sight changes in Boso Peninsula between 9 March 2017 and 15 Novem-

ber 2015. SAR images are taken from the descending orbit, and the line-of-sight is

roughly from the east-southeast. The interferogram is unwrapped and rewrapped ev-

ery 100 mm.

placement field. Because the strain rate by the plate convergence is on the order of 10↓7
199

(e.g., Kato et al., 1998; Sugiyama et al., 2011; Okazaki et al., 2021), the relative displace-200

ment between both ends of the image separated by ↘50 km is about ↘5 km.201

Also, postseismic deformation of the 2011 Tohoku-oki earthquake (Mw=9.0) and202

a slow-slip transient in June 2018 to the southeast of the Boso Peninsula (e.g., Kinoshita203

and Furuta, 2024)204
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3.2 Data Processing205

The data processing is done by the GMTSAR software (Sandwell et al., 2011). The206

processing follows the standard InSAR processing; the interferogram of co-registered im-207

ages is further processed by removing the orbital and topographic phases to extract ground208

deformation between the two acquisitions. The Digital Elevation Map with a resolution209

of 1 arc seconds, or about 30 meters, from Shuttle Radar Topography Mission 1 (Farr210

et al., 2007) and that with a resolution of 0.4 arc seconds, or about 10 meters, from Geospa-211

tial Information Authority are used to correct the topographic e!ect in the Taal and Boso212

cases, respectively.213

In the Taal case, the SAR images are acquired on 12 November 2019 and 21 Jan-214

uary 2020, spanning the eruption on 12 January 2020. In the Boso case, we processed215

SAR images acquired on 9 March 2017 and 15 November 2018. The obtained displace-216

ments with a coherence greater than 0.1 is considered reliable observations and left for217

the subsequent anomaly detection analysis.218

Once processing is finished, the resulting data (interferogram and coherence file)219

is read and filtered. In order to do this, a Python script (v.3.13.5) was written and ex-220

ecuted through IDLE. The obtained coherence file has the information about the qual-221

ity of the interferogram. Consequently, the InSAR image is filtered using a threshold co-222

herence of 0.1, which means that all values of the interferogram smaller or equal to 0.1223

were discarded and substituted by NaN. The interferogram units are radians so to con-224

verted it to a standard unit (mm), it is mandatory to use the following equation 118/2ϖ≃225

1847 ≃ 1769, where 1847 ≃ 1769 are the dimensions of the Taal interferogram. Simi-226

larly, 6777≃ 6315 are the dimensions of the Boso InSAR image.227

Lastly, the algorithm was implemented in Python (v.3.13.5) and executed in a Jupyter228

Notebook environment. Experiments were conducted on a MacBook Pro equipped with229

an Apple M3 Pro chip (11-core CPU: 5 performance cores and 6 e”ciency cores), 18GB230

of unified memory, and macOS Sequoia 15.5. The implementation relied on Numpy (v.2.3.0)231

and SciPy (v.1.15.3). The code was executed on CPU only, and the average runtime over232

200 runs was 1.8763 seconds with a ± 0.1043 seconds standard deviation, indicating sta-233

ble execution performance. Although the algorithm was tested on two di!erent datasets,234

the average runtime reported refers specifically to the Boso Peninsula data, as the vari-235

ation across datasets was negligible.236
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4 Results237

In the Fig.4, it can be observed that for 100 iterations of the algorithm, the ob-238

tained values for di!erent samples are clearly close to 0, while for similar samples the239

values are more evenly distributed with a mean of 0.4. We understand by similar sam-240

ples those obtained from similar probability distributions, in the same way as we call dif-241

ferent samples those derived from distinct probability distributions.242

(a) Taal InSAR data (b) Boso InSAR data

Figure 4: Histogram showing the comparison of the distribution of p-values generated

after 100 iterations of the LSTT algorithm for di!erent samples (blue) and for similar

samples (orange) for the Taal InSAR image (a) and the Boso InSAR image (b). It show-

case the frequency (on the y-axis) at which specific p-values (on the x-axis) occur.

Furthermore, the true positive (TP), true negative (TN), false positive (FP) and243

false negative (FN) have been computed with a threshold of 0.1, resulting in 99% TP,244

25% FP, 74% TN and 1% FN for the Taal data. Meanwhile, 69% TP, 7% FP, 93% TN245

and 26% FN for the Boso data. Indeed, these values have been employ to plot the re-246

ceiver operating characteristic (ROC) curve that represents the false positive rate (FPR)247

in the x-axis and the true positive rate (TPR) in the y-axis, at the following thresholds248

0, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9. Given a representation of the performance249

of the LSTT tests that have been done.250

In addition, the area under the ROC curve (AUC), Fig.5, can be computed ap-251

proximating the value of the definite integral that defines it, in other words, using the252

Trapezoidal rule (a linear function) or the Simpson rule (a quadratic one). Both raise253
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a value close to 1 for the two sample sets, obtaining an area of 0.874 with the first method254

and 0.892 with the second for the Taal’s data, and 0.9 for the Trapezoidal rule and 0.91255

for the Simpson one using the Boso data.

(a) Taal: ROC=0.892 (b) Boso: ROC=0.91

Figure 5: Receiver operating characteristic (ROC) curves computed using the LSTT out-

puts from the studied data sets. Made with Matplotlib library in Python.

256

5 Discussion257

Because of atmospheric and ionospheric (in particular with L-band SAR images258

such as ALOS-2) disturbances, InSAR images always contain noise even if no real de-259

formation takes place. The noise sometimes amounts to 20–30 mm to mask Earth’s de-260

formation signal if it is tiny. Also, because of the complexity of these error source, the261

error budget of InSAR images is also complex, and it is unlikely to be represented by262

simple statistics (e.g., Simons and Rosen, 2015). Therefore, discrimination of noise and263

deformation signals requires a comparison of the probability distribution of two samples,264

as we have done in this study.265

Open Research Section266

The data inputs used in the algorithm (InSAR filtered images and their correspond-267

ing correlation files), the LSTT code for each demo (Taal eruption and Boso gas extrac-268

tion), and the synthetic data generated as a conceptual demonstration to support the269

interpretation of the model are available at LSTT GitHub Repository.270
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