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SUMMARY5

We assess the potential of blind source separation (BSS) methods to recover signals origi-6

nating from Earth’s interior, using synthetic tests and satellite gravimetry data. Seven BSS7

methods are evaluated in terms of their ability to detect and characterize low-amplitude8

interior signals embedded in dominant noise and climate-induced variability. Our results9

show that detection is generally feasible even when interior signals have small relative10

amplitudes; in this context, classical Principal Component Analysis (PCA) provides the11

most reliable detection performance. However, detailed characterization of the spatial and12

temporal structure of the interior signal proves more challenging. Independent Compo-13

nent Analysis (ICA) offers improved characterization compared to other methods, but14

only when the interior signal’s variability is comparable to that of climate signals. We15

then apply a two-step screening process to GRACE satellite gravity data. First, PCA16

is applied independently at each grid point across Earth’s surface, successfully retriev-17

ing major climate signals previously identified in the literature. Second, we use PCA18

on an earthquake catalog spanning the GRACE observation period and find that earth-19

quakes with magnitudes below 8.5 can be detected. However, the correlation between the20

retrieved components and earthquake-induced gravity signals remains too weak to sup-21

port meaningful geophysical interpretation. These results highlight both the promise and22
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the current limitations of BSS methods for investigating Earth’s internal processes using23

space-based gravimetry.24

Key words: Geodesy, Satellite gravity, Statistical methods.25

1 INTRODUCTION26

Among the various components of the global Earth observation system, geodesy – the science con-27

cerned with measuring the Earth’s shape, gravity field, and spatial orientation – provides observations28

that are directly sensitive to the distribution of mass within the planet. Over several decades, geodetic29

measurements have yielded precise and valuable insights into the Earth system and its temporal evo-30

lution (Rummel, 2010; Sindoni et al., 2016). In particular, geodetic time series capture signals related31

to tectonic motions (Altamimi et al., 2016), glacial isostatic adjustment (GIA) (Métivier et al., 2020),32

and variations in water mass distribution associated with seasonal and climatic fluctuations (Gobron33

et al., 2021; Tapley et al., 2019). Additionally, geodetic data can reveal specific phenomena originating34

in the Earth’s interior, such as co-, pre-, and post-seismic deformations, as well as volcanic activity35

and processes occurring in the core (Mandea et al., 2012; Panet et al., 2022; Saraswati et al., 2023).36

Despite these advances, our knowledge of Earth’s internal dynamics remains limited (Liu & Mao,37

2021). Earthquakes, for example, are routinely detected and analyzed, yet they represent only one part38

of the seismic cycle, while other mass – or density – related processes associated with fault systems39

remain much less constrained (Fabbri et al., 2024). Similarly, geodetic data may contain information40

on a range of other internal processes – such as core flows, magmatic or volcanic activity, or dike41

intrusions – that are still poorly understood due to limited observational evidence (Alpala et al., 2025;42

Jin et al., 2013). The ability to identify and characterize such signals within noisy geodetic datasets is43

therefore of considerable geophysical importance.44

Two broad lines of methodological research have emerged in the analysis of geodetic time series.45

One line emphasizes the detection of transient or anomalous behaviors in the data, often using realistic46

synthetic time series to assess the sensitivity and robustness of detection algorithms. Synthetic pack-47

ages such as Fakenet, developed in the context of the Southern California Earthquake Center geodetic48

transient detection validation exercise, provide network-based simulations that enable systematic eval-49

uation of methods designed to identify slow fault slip from spatially distributed geodetic observations50

(Agnew, 2013; Murray et al., 2013; Riel et al., 2014).51

A second line of research uses geodetic observations from an entire monitoring network to recon-52

struct the underlying, time-dependent fault slip and deformation fields. Rather than merely detecting53

anomalous signals, these methods solve an inverse problem to identify the physical processes respon-54
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sible for the observed surface displacements (Bekaert et al., 2016; Dmitrieva et al., 2015; Segall &55

Matthews, 1997).56

However, these two approaches address fundamentally different questions. Detection-oriented57

studies aim at establishing whether a signal is present at all, whereas source separation methods are of-58

ten implicitly expected to go one step further, namely to separate, reconstruct, and physically interpret59

the underlying sources.60

This separation can be approached through three main methodological frameworks:61

Explicit modeling: When the influence of one or several sources on the geodetic observables is pre-62

cisely known, their effects can be explicitly modeled and subtracted from the data. Typical examples63

include tidal corrections (Van Camp et al., 2017) or the separation of core contributions from atmo-64

spheric effects in length-of-day variations (Holme & de Viron, 2013).65

Joint analysis: When multiple observables respond to the same physical processes – such as changes66

in mass distribution – but with different sensitivities or transfer functions, their joint analysis can67

facilitate the separation of individual effects. For instance, Métivier et al. (2020) and Ziegler et al.68

(2022) combined GNSS with altimetry and gravimetry measurements to distinguish present-day ice69

melting from glacial isostatic adjustment.70

Exploiting spatio-temporal structures: When the spatial and temporal behaviors of the contributing71

processes differ sufficiently, these differences can be exploited to separate their signatures. For exam-72

ple, distinct frequency characteristics allow the use of filtering techniques to isolate sources. Spatially73

distributed measurements of a single geodetic observable can be treated jointly to resolve the evolu-74

tion of deformation or slip on faults using time-dependent network inversion methods (e.g. Dmitrieva75

et al., 2015; Murray et al., 2013; Segall & Matthews, 1997; Bekaert et al., 2016). Moreover, when76

the sources exhibit statistical independence in time, Blind Source Separation (BSS) methods can be77

applied to recover their individual contributions. Those BSS methods will be the focus of the present78

study.79

Among BSS methods, Principal Component Analysis (PCA, (Preisendorfer & Mobley, 1988)) re-80

mains the most widely used in geodesy. It has been employed to reveal geophysical signals embed-81

ded in geodetic time series, including signals related to water mass redistribution (Hanjiang et al.,82

2009; Rangelova et al., 2007; Schmidt et al., 2008), glacial isostatic adjustment (GIA) (Scherneck83

et al., 2001), earthquake-related processes (Chao & Liau, 2019; Kositsky & Avouac, 2010; Munekane,84

2012), and interannual climate variability (de Viron et al., 2006). PCA has also found application in85

noise reduction (Wouters & Schrama, 2007; Schrama et al., 2007), joint analysis of heterogeneous86

geodetic datasets (Crossley et al., 2012; Rangelova & Sideris, 2008; Zerbini et al., 2013), outlier de-87
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tection (Magyar et al., 2022), and reconstruction of gravitational potential variations (Nerem et al.,88

2013).89

Other BSS approaches have been explored in geodetic contexts, though to a lesser extent. For90

example, Independent Component Analysis (ICA, (Hyvärinen & Oja, 1999)) has been applied to syn-91

thetic scenarios (Forootan & Kusche, 2012) and satellite gravity data (Boergens et al., 2014; Forootan92

& Kusche, 2012; Forootan et al., 2012), for denoising purposes (Frappart et al., 2011), or to isolate93

specific signals of interest, such as earthquake signatures (Maubant et al., 2020; Xiong et al., 2024).94

Some studies have shown that ICA may outperform PCA for retrieving certain high-amplitude signals95

(Xiong et al., 2024, for example).96

In practice, most geodetic applications of BSS rely on qualitative validation criteria: extracted97

components are deemed satisfactory because they resemble expected spatial or temporal patterns. Yet,98

in the absence of controlled synthetic tests, such visual agreement cannot guarantee that the separation99

is clean, that source mixing has been effectively removed, or that the reconstructed signal faithfully100

represents the true geophysical process. As a consequence, although BSS methods have demonstrated101

their usefulness as detection tools, their actual performance in terms of source separation and re-102

construction accuracy remains largely unexplored in a systematic manner. This distinction between103

detecting a signal and reliably characterizing it is central to the present study.104

The objective of this paper is to evaluate the capability of BSS methods to recover interior Earth105

signals that are obscured by stronger contributions from climatic processes. It extends the work of106

Forootan & Kusche (2012) by testing a broader range of BSS methods, with particular attention to the107

challenge posed by interannual climate variability, which often masks subtle endogeneous, i.e. Earth108

interior, geophysical signals (de Viron et al., 2008; Valty et al., 2015).109

Specifically, this study aims to determine under which conditions a geophysical signal of inter-110

nal origin – typically weak and masked by dominant climatic variability – can be detected by BSS111

methods, and under which conditions it can be faithfully reconstructed. Here, detection means that a112

recovered mode correlates with the target more strongly than in 95 % of cases where no endogenous113

geophysical signal is present; it is a statement about the null distribution, not about the fidelity of the114

reconstruction, whereas characterization implies a high-fidelity reconstruction, exhibiting strong spa-115

tial and temporal correlation with the true underlying geophysical process and minimal contamination116

from other sources. Importantly, as far as we know, no systematic assessment has yet been carried out117

regarding the precision and reliability of these methods when applied to geodetic data. We address118

this gap with synthetic tests. Unlike in the statistical literature, where analytical results can often be119

derived for idealized models, the diversity of geophysical signals and noise structures makes closed-120

form demonstrations intractable. Simulations, by giving full control over the source signals and their121
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characteristics, allow us instead to span a wide range of scenarios and to quantify the conditions under122

which BSS methods succeed or fail.123

Specifically, this study answers the following questions: (a) What is the minimum endogenous-to-124

climate signal ratio at which interior signals become detectable by BSS methods? And what ratio is125

required for their temporal evolution to be faithfully recovered? (b) Which parameters most influence126

the performance of blind detection and reconstruction? (c) Which BSS methods perform best in terms127

of signal separation? (d) What types of interior signals are most amenable to successful extraction?128

Based on the results from the synthetic tests, Principal Component Analysis (PCA) emerges as129

the most effective method for detecting endogenous signals, while Independent Component Analysis130

(ICA) can, in certain configurations, provide a more accurate reconstruction of the endogenous sig-131

natures. This conclusion holds across a wide range of signal types representative of Earth’s interior132

processes, but the reconstruction quality is found to be not precise enough for geophysical interpre-133

tation, except in simulations where the Earth interior signal to climate signal ratio is larger than one,134

and only if the number of sources is small.135

To test our results on actual data, we applied PCA to the GRACE (Gravity Recovery And Climate136

Experiment) satellite gravity dataset. As with other geodetic observables, gravity data reflect a super-137

position of signals from various sources, including both climatic and solid Earth processes. However,138

since the true underlying geophysical signal is unknown in real data, there is no ground truth against139

which to assess reconstruction fidelity: we can therefore establish detection, but not compare the char-140

acterization performance of ICA relative to PCA in this context.141

In the following sections, we first describe the methodology and synthetic experiment design used142

to evaluate the performance of different BSS methods. We then present and discuss the results of these143

synthetic tests, highlighting the relative strengths of PCA and ICA in various configurations. Finally,144

we demonstrate the application of PCA to real GRACE data to explore its practical utility in detecting145

signals from Earth’s interior. For clarity, we refer hereafter to endogenous signals as those originating146

from the Earth’s interior, in contrast with climate-related signals.147

2 PROBLEM FORMULATION148

In this study, we consider geodetic observations as the superposition of three main contributions:149

endogenous signals, climatic signals, and stochastic observational noise. At station ℓ and time t, the150

observed time series can be written as151

Dℓ(t) =

J∑
j=1

gℓj Gj(t) +

K∑
k=1

cℓk Ck(t) + Nℓ(t), (1)



6 O. de Viron et al.

where Gj(t) represents endogenous sources (e.g., post-seismic transients, tectonic signals), Ck(t)152

denotes external climate-related sources (e.g., hydrology mass distribution change, for example linked153

to climate modes such as ENSO, NAO,...), and Nℓ(t) corresponds to random noise. The coefficients154

gℓj and cℓk are local amplitudes drawn from predefined distributions, reflecting the spatial variability155

of the sources.156

The noise term is modeled as a combination of independent realizations of white and power-law157

processes, consistent with the stochastic properties of geodetic time series. Each realization Nℓ(t) is158

generated independently across stations, so that this noise component is spatially incoherent by con-159

struction. We did not additionally introduce spatially coherent noise, since such a component would be160

statistically indistinguishable, in this framework, from an additional climate source, itself modeled as161

a power-law process with spatially correlated coefficients. The climate sources are taken from normal-162

ized climate indices, assumed to be independent of the endogenous sources. The endogenous signals163

are represented by simple parametric forms (e.g., Heaviside step, exponential decay, sine function),164

which capture the temporal behavior of typical solid Earth processes.165

For simplicity, we assume that noise processes are uncorrelated with endogenous or climate sig-166

nals, and that the sources Gj(t) and Ck(t) are statistically independent. Spatial and temporal de-167

pendencies are therefore separable: spatial correlations are expressed through the station-dependent168

coefficients gℓj and cℓk, while temporal correlations arise from the functional forms of Gj(t) and169

Ck(t).170

Our objective is to recover the endogenous sources Gj(t) and the associated space patterns gℓj171

from the observed mixtures Dℓ(t). Two success criteria are considered:172

• Detection, when the correlation between a retrieved source and the original endogenous signal173

exceeds the 95th percentile of correlations obtained under the null hypothesis (no endogenous signal;174

i.e., in simulations generated from Eq. (1) with gℓj = 0 for all j, meaning no endogenous contribution,175

with climate and noise sources unchanged);176

• Characterization, when the correlation exceeds 0.8, corresponding to the retrieval of at least177

64% of the variance of the original signal.178

This formulation explicitly defines the statistical model underlying our experiments and provides179

the basis for evaluating BSS methods.180

3 BLIND SOURCE SEPARATION METHODS181

BSS methods aim to recover the original source signals from a set of observed time series that are182

assumed to be linear or nonlinear mixtures of these sources. To conduct a comprehensive evaluation183
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of blind source separation (BSS) methods, we tested seven approaches. While only the first three184

– Principal Component Analysis, Independent Component Analysis, specifically Fast Independent185

Component Analysis, and Isometric Feature Mapping – proved effective in practice, we present all of186

them here in this section for completeness, highlighting their methodology, mathematical foundations,187

and applicability to source separation problems.188

3.1 Principal Component Analysis (PCA)189

3.1.1 Methodology190

Principal Component Analysis (PCA), first introduced by Pearson (1901) and applied in a geophys-191

ical context in Savage (1988), is a classical technique for dimensionality reduction. In meteorology192

and oceanography, PCA is also known as Empirical Orthogonal Function (EOF) analysis. PCA trans-193

forms a set of possibly correlated variables into a smaller set of uncorrelated variables called principal194

components (PCs). This implies that the separation criterion is the orthogonality in time between the195

sources, as estimated from the covariance matrix of the time series.196

These components are constructed to capture the directions of maximum variance in the data.197

Given a centered datasetD ∈ Rn×d (with n samples and d variables), the sample covariance198

matrix is199

Σ =
1

n− 1
DTD.

The eigenvectors vi and eigenvalues λi of Σ satisfy200

Σvi = λivi,

or, in the matrix form201

ΣV = VΛ,

with V = [v1, . . . ,vd], orthonormal, and Λ = diag(λ1 ≥ ...λd−. Projecting the data onto these202

directions yields the principal components, or scores, Y = DV. The columns of V, which give the203

weights of the variables in each score, are conventionally called the loadings. The eigenvalues give the204

variance of the corresponding score, varYi = λi , and λi/ (
∑

k λk) defines how much the eigen vector205

vi, and the associated principal component, captures of the total variance of the signal.206

In practice, most of the variance of D is often captured by the first few principal components207

(Fraino, 2023; von Storch & Zwiers, 1999). If the original dataset has d variables, we retain the k208

leading components with k ≪ d and project the data as209

Y = DVk,
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where Vk contains the k leading eigenvectors. The rows of Y are called the scores, i.e. the representa-210

tion of each observation in the new k-dimensional space. This provides a k-dimensional representation211

that preserves a large fraction of the total variance. The proportion of variance captured by this trun-212

cated representation is213

EVR(k) =

∑k
i=1 λi∑d
i=1 λi

.

A key property of PCA is the orthogonality of its components, which ensures decorrelation of the214

transformed variables.215

3.1.2 Application to Source Separation216

PCA can separate sources effectively when: (i) the mixing is approximately orthogonal, (ii) the sources217

are Gaussian (since decorrelation implies independence in that case), or (iii) the goal is to filter out218

low-variance noise, as PCA concentrates the high-variance components that capture the main signal219

on the first few PCs, and discards the rest as noise.220

However, PCA does not guarantee independence, and thus cannot separate sources that are uncor-221

related but statistically dependent. It may also miss meaningful sources with low variance. Covariance222

based, PCA groups computes uncorrelated sources. This approach works well for linear mixtures,223

where sources are indeed independent in the linear sense. However, it fails to separate sources in224

non-linear mixtures, where dependencies are more complex.225

3.2 Independent Component Analysis (ICA)226

3.2.1 Methodology227

Independent Component Analysis (ICA), introduced by Comon (1994) and popularized by Hyvärinen228

& Oja (1999), seeks to recover statistically independent sources from observed mixtures. A detailed229

description can be found in Basak et al. (2004). Unlike PCA, which only decorrelates the data, ICA230

maximizes independence, typically measured through non-Gaussianity.231

Given observed signals D = AS, where S are the unknown sources and A the mixing matrix,232

ICA estimates an unmixing matrix W such that233

Y = WD ≈ S.

FastICA – written FICA here below– is a widely used algorithm for ICA, which proceeds by:234

(i) Centering and whitening the data so its covariance becomes the identity.235

(ii) Iteratively estimating independent components by maximizing a measure of non-Gaussianity,236

based on an estimation of the deviation from Gaussianity robust to outliers.237



Detection and characterization of Earth’s interior signals in geodetic data using BSS 9

3.2.2 Application to Source Separation238

ICA is powerful when sources are statistically independent and non-Gaussian. It has been widely239

applied in signal processing (e.g., EEG, speech separation). However, ICA cannot separate Gaussian240

sources, and is more computationally demanding than PCA.241

3.3 Isometric Feature Mapping (Isomap)242

3.3.1 Methodology243

Isometric Feature Mapping (Isomap), introduced by Tenenbaum et al. (2000) and applied in an hydrol-244

ogy context in Jha et al. (2014), is a nonlinear dimensionality reduction method that extends classical245

Multidimensional Scaling (MDS, Borg & Groenen (2005)). Its goal is to preserve the intrinsic geome-246

try of data lying on a low-dimensional manifold embedded in a high-dimensional space, i.e. to organize247

the data set in a simple, lower-dimensional structure while keeping the true shape and relationships of248

the data.249

The method proceeds in three steps:250

(i) Neighborhood graph construction: Build a graph where nodes are data points and edges con-251

nect nearest neighbors (typically k-nearest neighbors – 20 in our case – or within a fixed radius ϵ).252

(ii) Geodesic distance estimation: Approximate geodesic distances between all pairs of points by253

computing shortest paths in the graph (in the scikit-learn implementation, by the Floyd-Warshall254

algorithm)255

(iii) Low-dimensional embedding: Apply classical MDS to the matrix of estimated geodesic dis-256

tances, yielding a k-dimensional embedding that preserves manifold structure.257

3.3.2 Application to Source Separation258

Isomap is capable of uncovering nonlinear mixing structures that linear methods such as PCA or259

ICA cannot capture. It has been used, for instance, to separate nonlinear mixtures of audio or image260

sources. However, it is computationally expensive for large datasets, sensitive to noise and outliers,261

and its performance depends critically on the choice of neighborhood size k.262

3.4 Varimax-Rotated PCA263

3.4.1 Methodology264

Varimax rotation, introduced by Kaiser (1958) – see Richman (1986) for more details, is a classical265

post-processing step that can be applied to Principal Component Analysis (PCA). It aims to simplify266
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interpretation by rotating the axes defined by the first k principal components, making the structure of267

the data more apparent. Specifically, varimax finds an orthogonal rotation that maximizes the variance268

of squared loadings for each component, so that each component is associated as clearly as possible269

with a subset of variables, without affecting the total explained variance.270

Mathematically, let Vk be the matrix whose columns are the first k eigenvectors of the sample271

covariance matrix of D, and let Λk be the diagonal matrix of the corresponding k largest eigenvalues.272

The (unnormalized) loadings matrix is then defined as273

Lk = VkΛ
1/2
k

Varimax seeks an orthogonal rotation matrix R such that the rotated loadings274

L∗
k = LkR

maximize the varimax criterion:275

Varimax(L∗
k) =

k∑
j=1

1
d

d∑
i=1

(l∗ij)
4 −

(
1

d

d∑
i=1

(l∗ij)
2

)2
 (2)

where l∗ij are elements of the rotated loadings matrix L∗
k, and d is the number of variables of the276

original data set. The orthogonality of R ensures that the rotated components remain uncorrelated.277

The rotated principal components are then obtained as278

Y∗ = DVkR = DV∗
k

3.4.2 Application to Source Separation279

Varimax-rotated PCA is particularly useful when the underlying sources are expected to correspond to280

interpretable groups of variables. By redistributing variance across components, varimax can highlight281

latent factors that may not be evident in the unrotated solution. However, because varimax is based on282

second-order statistics (covariances), it does not guarantee statistical independence of the components,283

and its effectiveness depends on how well the rotated axes align with the true underlying structure284

(Abdi, 2003; Kaiser, 1958)285

3.5 Factor Analysis (FA)286

3.5.1 Methodology287

Factor Analysis (FA), originally developed by Spearman (1904) and applied to geophysical data by288

Reed & Levin (1981), is a statistical method designed to explain the correlations among a set of289

observed variables in terms of a smaller number of unobserved latent variables, called factors. Unlike290
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PCA, which is purely algebraic and variance-maximizing, FA is based on a statistical model that291

explicitly accounts for measurement error.292

Formally, FA assumes that each observation d ∈ Rp can be written as293

d = Λf + ϵ, (3)

where f ∈ Rk is a vector of latent factors, Λ ∈ Rp×k is the loading matrix, and ϵ ∈ Rp is a vector of294

unique errors. The factor loadings Λ describe the linear relationships between the observed variables295

and the latent factors. The unique errors ϵ represent the part of the variance in each observed variable296

that is not explained by the common factors and are assumed to satisfy E[ϵ] = 0 and Cov(ϵ) = Ψ,297

where Ψ is diagonal.298

A standard identification assumption in FA is that the latent factors have zero mean and identity299

covariance, E[f ] = 0 and Cov(f) = Ik, and that f and ϵ are uncorrelated. Under these assumptions,300

the covariance matrix of d implied by the factor model is301

Σ̃ = Cov(d) = ΛΛT +Ψ, (4)

with Ψ diagonal. In what follows, we assume a multivariate normal distribution for the observations,302

d ∼ N (0, Σ̃).303

Let D ∈ Rn×p denote the data matrix, whose n rows are centered observations. The sample304

covariance matrix is defined as305

Σ =
1

n− 1
DTD. (5)

Under the multivariate normal model, the log-likelihood (up to an additive constant) of the parameters306

(Λ,Ψ) can be written as (Lawley & Maxwell, 1971)307

log p(D |Λ,Ψ) = −n

2
log|Σ̃| − n

2
tr
(
ΣΣ̃

−1)
, with Σ̃ = ΛΛT +Ψ. (6)

Maximum likelihood estimation (MLE) consists in choosing Λ and Ψ so that the model-implied308

covariance Σ̃ fits the empirical covariance Σ as closely as possible in this likelihood sense.309

In the scikit-learn implementation of FA (sklearn.decomposition.FactorAnalysis) used310

here, the parameters are estimated by an expectation–maximization (EM) algorithm. At each E-step,311

sufficient statistics for the latent factors f are computed given the current estimates of Λ and Ψ; at312

each M-step, Λ and Ψ are updated to maximize the expected log-likelihood.313

3.5.2 Application to Source Separation314

FA explicitly accounts for measurement error and reveals latent structures,which makes it valuable315

in exploratory analysis and as a probabilistic extension of PCA, especially when measurement errors316
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cannot be ignored. However, assumptions such as linearity and uncorrelated errors may not hold in317

practice. In addition, factors are not guaranteed to be statistically independent, unlike ICA.318

3.6 Empirical Orthogonal Teleconnection (EOT) Analysis319

3.6.1 Methodology320

Empirical Orthogonal Teleconnection (EOT) analysis, introduced by Van Den Dool et al. (2000), is an321

extension of PCA. While PCs maximize captured variance, EOT seeks to identify spatially coherent322

teleconnection patterns, anchored at specific base points.323

The procedure can be summarized as follows:324

(i) Select a candidate base point with time series xb.325

(ii) Regress xb against all spatial time series in the dataset to obtain a regression pattern pb:326

pb =
DTxb

∥xb∥2
.

(iii) Evaluate the residual variance after removing the contribution of pb.327

(iv) Choose the base point that minimizes this residual variance as the first EOT.328

(v) Repeat iteratively on the residuals until a stopping criterion is reached (in our case, a fixed329

number of patterns).330

Unlike PCs, which produce orthogonal modes, EOT components are constructed to maximize331

captured variance associated with localized time series, leading to patterns that are often easier to332

interpret physically.333

3.6.2 Application to Source Separation334

EOT is particularly suited to geosciences, where the sources of variability often correspond to large-335

scale climatic modes (e.g., ENSO, NAO). By anchoring patterns to specific time series, EOT produces336

spatial structures that can be directly related to physical drivers. However, its reliance on linear regres-337

sion and orthogonalization can distort the physical meaning of higher-order modes, and the method338

may overlook weaker sources not well represented by base points.339

3.7 Non-Negative Matrix Factorization (NMF)340

3.7.1 Methodology341

Non-Negative Matrix Factorization (NMF), introduced by Lee & Seung (1999)and applied to sediment342

reflectance spectrum unmixing in Lee et al. (2007), is a parts-based decomposition method for non-343
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negative data. Given a non-negative matrix D ∈ Rn×d
≥0 , NMF seeks two non-negative matrices W ∈344

Rn×k
≥0 and H ∈ Rk×d

≥0 such that345

D ≈WH.

where the columns of W represent basis vectors (or components) and the rows of H are the weights346

(or activations) of each basis vector across the variables.347

The factorization is usually obtained by minimizing a reconstruction error, e.g. the Frobenius348

norm,often solved by multiplicative update rules or alternating least squares:349

min
W,H≥0

∥D−WH∥2F ,

.350

The Frobenius norm is defined as351

∥D−WH∥F =

√∑
i,j

(Di,j − (WH)i,j)
2

The optimization problem is solved using the following iterative algorithm:352

H← H⊙ WTD

WTWH
,

353

W←W ⊙ DHT

WHHT
,

where ⊙ denotes element-wise multiplication.354

3.7.2 Application to Source Separation355

The non-negativity constraint enforces additivity, yielding sparse and interpretable factors. NMF has356

proven effective in applications where signals are naturally non-negative (e.g., spectral unmixing,357

document classification, image processing). Its ability to extract additive, localized features makes it358

attractive for source separation. However, NMF solutions are not unique, depend strongly on initial-359

ization, and require the number of components k to be pre-specified.360

4 SIMULATION SETUP361

The purpose of the simulations is not to reproduce the full complexity of endogenous or climate pro-362

cesses, but to provide a controlled and flexible framework in which the performance of BSS methods363

can be rigorously assessed. To this end, we construct synthetic geodetic datasets that mimic the main364

ingredients of real observations: (i) endogenous signals with simple yet representative temporal be-365

haviors, (ii) climate signals with realistic spectral properties and non-stationarity, and (iii) stochastic366

noise combining white and power-law components.367
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From a statistical time-series perspective, the usual noise/signal contrast is between stationary368

and transient behavior. Here, however, we focus on a multivariate notion of coherence: patterns that369

are shared across several series are referred to as signal, while patterns that differ from one series to370

another are referred to as noise.371

This framework allows us to systematically vary key factors such as the number of stations, the372

number and type of sources, the amplitude of noise, and the relative strength of endogenous versus373

climate contributions. By exploring a broad set of controlled scenarios, we can isolate the conditions374

under which BSS methods succeed or fail, and thereby obtain general insights that would be difficult375

to extract directly from real data.376

4.1 Principle of the simulations377

To evaluate the performance of BSS methods in a controlled environment, we simulate synthetic378

monthly geodetic datasets that span 20 years. Each dataset consists of L geodetic time series (8 ≤379

L ≤ 20), in which endogenous and climatic sources are combined with stochastic noise. The observed380

signal at station ℓ and time t is written, as stated in Eq. (1), as381

Dℓ(t) =
J∑

j=1

gℓj Gj(t) +
K∑
k=1

cℓk Ck(t) + Nℓ(t),

where Gj(t) are the endogenous sources, Ck(t) the climatic sources, and Nℓ(t) the noise. The co-382

efficients gℓj and cℓk encode the spatial mixing of the sources. By construction, all sources are in-383

dependent processes and the noise is not correlated with both endogenous and climatic signals. This384

idealized framework is not meant to reproduce the full complexity of real Earth processes, nor realistic385

geographical patterns, but to provide a rigorous testbed for BSS methods under controlled conditions.386

Indeed, the methods considered (PCA, ICA, Varimax, etc.) rely only on the statistical properties of387

the signals — temporal correlations, (in)dependence, and spectral content — rather than on their ge-388

ographical structure. Accordingly, we use a limited number of synthetic time series with realistic389

temporal variability and frequency content, reflecting the strong redundancy introduced by large-scale390

geophysical structures, which makes the effective number of independent series much smaller than391

the number of stations. Our experiments confirm that increasing the number of series has only a lim-392

ited impact on the results (see Section 5.3), so imposing explicit geographical patterns would mainly393

increase computational cost without changing the evaluation of BSS methods. This controlled environ-394

ment allows us to quantify performance across a wide range of scenarios and to identify the conditions395

under which BSS methods can, or cannot, recover meaningful endogenous signals.396

The spatial structure of the synthetic sources is controlled by the mixing matrix. Each source has397

mixing coefficients assigned across the network, drawn randomly, so that individual sources contribute398
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with varying amplitude to different time series. As a consequence, the ensemble of simulated config-399

urations spans a continuum of effective spatial extents, from sources contributing comparably to most400

of the network to sources whose contribution is concentrated on a small subset of stations. From the401

standpoint of BSS, the spatial extent of a source and its amplitude are not independent controls: what402

governs separability is the fraction of the total variance carried by the source, which is jointly deter-403

mined by its amplitude (parameterised here by the endogenous-to-climate ratio R ) and by the number404

of time series over which it is expressed. Varying the network size L at fixed R therefore probes, in405

effect, the role of the spatial footprint of the signal of interest relative to the analysed network.406

4.2 Definition of the sources407

4.2.1 Endogenous signals408

Endogenous sources are modeled using six simple parametric functions that represent typical temporal409

behaviors observed in deep interior processes of the Earth (Ballu et al., 2019; Bevis & Brown, 2014).410

• a Heaviside function,411

• a linear slope (possibly delayed),412

• a logarithmic transient,413

• a sinusoid with random frequency and phase,414

• an exponential decay (relaxation),415

• a gate function, mimicking time-limited events.416

For each simulation, the parameters (onset times, amplitudes, slopes, frequencies, etc.) are drawn417

independently from uniform distributions, ensuring variability across realizations.418

4.2.2 Climatic signals419

The climatic contribution is simulated from standardized indices representing large-scale modes of cli-420

mate variability: Southern Oscillation Index (SOI), Arctic Oscillation (AO), North Atlantic Oscillation421

(NAO), Pacific Decadal Oscillation (PDO), Atlantic Multidecadal Oscillation (AMO), and Atlantic422

Meridional Mode (AMM). For each simulation, one or two indices are randomly selected and normal-423

ized to zero mean and unit variance. These signals introduce realistic non-stationary variability with424

broad spectral content. The time series of the climate indices are provided by the NOAA Physical425

Sciences Laboratory (2009) on their webpage https://psl.noaa.gov/data/climateindices/426

list/.427

Although the target endogenous signals are intentionally simple, the climate sources — mod-428

eled using autoregressive processes or normalized climate indices — introduce stochastic variability429
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and departures from strict stationarity (i.e., some statistical properties change over time), making the430

source separation problem intrinsically nontrivial.431

4.2.3 Noise432

The noise Nℓ(t) combines independent realizations of white and power-law noise at each station, both433

with variance σ2. Power-law noise has a power spectral density434

P (f) ∝ fκ, (7)

with κ, the spectral index, randomly drawn from a uniform distribution in [−2, 1] (Agnew, 1992;435

Gobron et al., 2021), covering the typical range of GNSS noise processes. White noise corresponds to436

the special case κ = 0. Noise series are generated using the algorithm of Timmer & Koenig (1995),437

as implemented in the colorednoise package (Patzelt, 2023).438

4.3 Organization of the simulations439

We evaluate each BSS method on 1,000 independent simulations for each of 120 configurations, ob-440

tained by combining the parameters listed in Table 1. The experimental design systematically explores:441

• the number of stations L ∈ 8, 12, 16, 20,442

• the number of endogenous (J = 1, 2) and climate (K = 0, 1, 2) sources,443

• the noise amplitude σ ∈ 0.1, 0.25, 0.5, 0.75, 1,444

• the endogenous-to-climate signal ratio R, with 13 values ranging from 0.01 to 2.0.445

All possible combinations are generated exhaustively, without subsampling, to ensure exhaustive cov-446

erage of the parameter space. Within each configuration, randomness is introduced through indepen-447

dent realizations of the stochastic noise, the selection of climate indices, and the selection and param-448

eters of the endogenous functions.449

For clarity, Equation (1) can be rewritten in the explicit simulation form:450

Dℓ(ti) = R

J∑
j=1

gℓjGj(ti) +

K∑
k=1

cℓkCk(ti) + σN ℓ
PowerLaw(ti) + σN ℓ

White(ti) (8)

where the amplitudes gℓj and cℓk are independently drawn from uniform distributions U [0, 1], ensuring451

station-to-station variability.452

An example of simulated data is provided in Figure 1, a pseudo-code algorithm for simulation is453

provided in Appendix A.454
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Figure 1. Example of a single realisation of the synthetic generator. (a) A endogenous source time series (charge

starting end of 2005). (b) A climate-related source, the AO index. (c) Incoherent noise realisation for three

arbitrary stations (arbitrary shift for readability). (d) Resulting mixed time series for six stations of the network,

for a low endogenous-to-climate ratio (R = 0.1) (arbitrary shift for readability), and (e) for a high ratio (R = 2).

(f) Spatial distribution of the mixing coefficients of the endogenous source over the 16-stations network. Units

are arbitrary. This figure illustrates a single configuration among the 120 tested; a full generator is available in

the accompanying repository.

4.4 Evaluation of the methods455

Each BSS method is applied both to the simulated data (8) and to a null data set where the endogenous456

signal is set to zero, providing a baseline for comparison. For every simulation, the five modes that457

capture the largest variance are retained. The endogenous source is identified as the mode that max-458

imizes the correlation with the true source. Performance is quantified by the correlation between the459

retrieved endogenous signals and the simulated space-time endogenous signals. Temporal and spatial460

correlations were also evaluated separately but showed similar results and are not discussed further.461
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L Number of stations 8, 12, 16, 20

J Number of endogenous sources 1, 2

K Number of climate sources 0, 1, 2

Ck(t) Climate indices SOI, AO, NAO, PDO, AMO, AMM

Gj(t) Endogenous signals Heaviside, slope, delayed slope, log. transient,

sinusoid, exponential decay, gate

N ℓ
PowerLaw(t) Local power-law noise indep. per station, κ ∈ [−2, 1]

N ℓ
White(t) Local white noise indep. per station

σ Noise amplitude 0.1, 0.25, 0.5, 0.75, 1

R Endogenous/climate ratio 0.01–2.0 (13 values)

gℓj , cℓk Mixing coefficients U [0, 1]

Table 1. Parameter space explored in the simulations.

5 RESULTS FOR THE SYNTHETIC CASE462

5.1 Performance for detection and separation463

Figure 2 summarizes the empirical distributions of correlations between the retrieved endogenous464

signals and the true (simulated) space-time endogenous signals, across thousands of synthetic realiza-465

tions. For each method and for different values of the internal/external ratio (R), we report the 2.5%,466

25%, 50% (median), 75%, and 97.5% percentiles. This representation illustrates not only the central467

tendency of the results but also their variability. The spread of these distributions provides a direct468

measure of uncertainty, showing in which conditions the methods perform consistently and in which469

cases they yield more variable outcomes.470

Building on these results, Figure 3 and 4 show the proportions of the simulations that exceed471

specified thresholds. The detection threshold is calibrated empirically on a zero-source baseline. For472

each simulation, a companion dataset is generated in which the endogenous source is omitted while473

the climate sources, the spatial patterns and the noise realisation are left unchanged. The same de-474

composition is applied to this baseline, the same maximum over the five leading modes is retained,475

and the 95th percentile of the resulting distribution of correlations defines the threshold above which a476

detection is declared. Selecting the maximum over five modes inflates the resulting correlation relative477

to what a single mode would yield, since the best of several candidates is retained rather than a single478

realization. However, this inflation is common to both the signal-present and signal-absent cases, as479

the same selection rule is applied to each. It therefore affects both distributions in the same way and480

does not bias their comparison. The threshold therefore quantifies what the procedure returns when no481

endogenous source is present, rather than what would be expected from a single uncorrelated pair of482
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Figure 2. Performance of the different source separation methods as a function of the internal/external ratio

(R). For each method, the shaded bands represent the empirical distribution of correlation values between the

retrieved endogenous signals and the real space-time endogenous signals across simulations (2.5%, 25%, 50%,

75%, and 97.5% percentiles), as a function of the amplitude R of the endogenous contribution. This quantifies

the uncertainty of the separation performance under varying conditions. K and J are the number of climatic

and endogenous sources, respectively.

time series. It corresponds to a detection at the 95%-significance level. This stringent criterion ensures483

that detected signals are statistically significant and not due to chance.484

Using this definition, we ranked the space-time correlations between retrieved and original sources485

across all simulations. Figure 3 shows boundaries corresponding to the detection at a 95% significance486

level (black), and iso-correlation contours at 0.5 (red), 0.7 (orange), and 0.8 (green), plotted as func-487

tions of the endogenous-to-climate ratio. The results are categorized by the number of endogenous488

and climate sources present.489

For example, a red line at 60% would indicate that 60% of the simulations yield correlations less490

than or equal to 0.5, whereas a green line at 90% would mean that only 10% of the simulations reach491

or exceed a correlation of 0.8.492

We present results for the three best-performing methods: PCA (solid line), Isomap projection493

(dashed line), and FICA (dotted line). These are the only methods that ever ranked as the best in494

any tested scenario; all other methods consistently underperformed and were never competitive. The495
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background color on each plot reflects the best performance achieved by any tested method under the496

corresponding conditions. For instance, the grey region visible in the lower-left part of each graph497

indicates that no method attained significant correlation in more than 25% of simulations for those498

configurations. Conversely, when the endogenous-to-climate ratio reaches 0.5, detection is possible in499

over 95% of simulations using either PCA or Isomap, even when two climate and two endogenous500

sources coexist, as highlighted by the red and black contours. Changes in the background color con-501

sistently coincide with one of the lines for PCA, FICA, or Isomap, further confirming that these three502

methods dominate the performance rankings.503

Isomap occasionally matches PCA’s performance but is never the sole best-performing method.504

PCA excels particularly when no climate sources are present or when the endogenous-to-climate ratio505

is either very low or very high. FICA surpasses PCA in intermediate ranges of this ratio.506

An intriguing observation is that PCA’s ability to separate the endogenous signal locally dimin-507

ishes as the signal-to-noise ratio increases. The magenta line on the plots shows the fraction of sim-508

ulations where PCA achieves a climate signal separation correlation of 0.7. When the endogenous509

signal is weak and only one climate source exists (middle column), PCA effectively isolates the cli-510

mate signal. However, as the endogenous signal strengthens (for R between 0.5 and 1), separation511

quality decreases because the methods struggle to disentangle overlapping climate and endogenous512

contributions. When the endogenous signal eventually matches or exceeds the climate contribution,513

its separation quality improves, which in turn enhances climate signal retrieval.514

Applied to the present results, the proposed detection criterion, based on comparison with no-515

endogenous-source simulations, shows that the tested BSS methods, particularly PCA, FICA, and516

ISOMAP, can identify weak endogenous signals even amid dominant climate variability, with the517

proportion of successful detections providing a quantitative measure of performance at a controlled518

false-alarm rate. However, this detection does not always guarantee a strong quantitative match be-519

tween the extracted and true sources. In other words, although BSS methods can uncover weak and520

unexpected endogenous signals even in complex datasets, the strength of the correlation is sometimes521

too low to build sound physical interpretations. This highlights a dual aspect of their performance:522

statistical detection is not always synonymous with interpretability.523

To address this, we define an additional reliability threshold: a correlation of 80%, which corre-524

sponds to capturing about two-thirds (64%) of the variance of the original endogenous source. Only525

when this level is exceeded can the retrieved signal be considered a reliable proxy of the true endoge-526

nous process. Below this threshold, interpretations should be made with caution.527

Furthermore, the green regions on the graphs indicate that effective separation requires the ampli-528

tude of the endogenous signal to be at least comparable to that of climate variability. Otherwise, even529
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Figure 3. Proportion of simulations in which the correlation between the retrieved and original endogenous

source exceeds specified thresholds, shown as a function of the numbers of endogenous and climate sources.

Detection thresholds are represented in black and grey; correlations of 0.5, 0.7, and 0.8 are shown in red, orange,

and green, respectively. The magenta line represents the 0.7 correlation threshold for the climate source. The

three top-performing methods — PCA, FICA, and Isomap projection — are highlighted with solid, dotted,

and dashed lines, respectively. The background color indicates, for each configuration, the highest correlation

threshold reached by the best-performing method among the seven tested.

detectable signals may not be sufficiently extracted for meaningful analysis. This challenge becomes530

more pronounced when multiple internal sources coexist.531

5.2 Impact of the type of endogenous source532

To evaluate whether BSS method performance or optimality depends on the type of endogenous signal,533

Figure 4 presents the same statistics disaggregated by signal type. The results show that BSS methods534

perform consistently across different types of endogenous signals. However, for the relaxation process535

– and to a lesser extent the sine signal – FICA outperforms the other methods at intermediate endoge-536

nous-to-climate ratios. For other signal types, FICA and Isomap projection share the best performance537

at medium ratios, while PCA consistently excels at the lowest and highest ratios.538
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Figure 4. Proportion of simulations in which the correlation between the retrieved and original endogenous

source exceeds specified thresholds, shown as a function of the endogenous source type. Detection thresholds are

represented in black and grey; correlations of 0.5, 0.7, and 0.8 are shown in red, orange, and green, respectively.

The three top-performing methods — PCA, FICA, and Isomap projection – are highlighted with solid, dotted,

and dashed lines, respectively. The background color indicates, for each configuration, the highest correlation

threshold reached by the best-performing method among the seven tested.

5.3 Impact of the number of time series and noise level539

To assess the effect of the number of time series on source separation performance, we compared540

configurations differing only in this parameter. For each pair of values (L = 8 vs 12, 8 vs 16, 8 vs541

20, 12 vs 16, 12 vs 20, and 16 vs 20), we computed the difference in mean correlation between the542

retrieved and true sources. We then fitted a least-squares regression model to these differences in543

order to estimate the relative contribution of each L value to overall performance. A constraint was544

applied to ensure that the sum of all contributions equals zero, allowing the resulting coefficients to be545

interpreted as deviations from the average correlation.546

This analysis revealed a monotonic positive relationship between the number of time series and547

the quality of source separation. In particular, configurations with L = 20 showed an average correla-548

tion approximately 0.08 higher than those with L = 8. However, the magnitude of this improvement549
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depended on the endogenous-to-climate signal ratio (R). It was minimal (about 0.02) when R was550

very low, peaked at 0.12 when R ≃0.5, and declined again to 0.08 as R increased to 2. This pattern is551

consistent with the behaviour illustrated in Figure 3, where separation performance is reduced when552

endogenous and climate signals have comparable amplitudes – roughly in the range R = 0.5 to 1.5.553

The influence of station number L also depends on the BSS method: least effective methods (e.g.,554

EOT and Varimax) show minimal improvements (0.053 and 0.056), while PCA and FA benefit most555

(0.101 and 0.102). Intermediate gains are observed for Isomap projection (0.076), NMF (0.083), and556

FICA (0.087). Additionally, source type affects the impact magnitude, from 0.018 for delayed slope557

and charge, up to 0.29 for square functions.558

Using the same approach, we analyzed the effect of incoherent noise level on correlation. We559

focus on the extreme cases σ = 0.1 and σ = 1, which reveal an average correlation decrease of 0.28560

across all scenarios and BSS methods. The impact of noise varies as a function of R: it initially causes561

a modest correlation decrease of 0.02 at R = 0.01 , a regime in which the correlation is nearly zero562

regardless of the noise. The effect reaches its maximum around R = 0.25, with a correlation decrease563

of 0.47, and then gradually diminishes, resulting in a decrease of only 0.08 when R = 2. This pattern564

mirrors that observed for station number: noise most strongly degrades correlation at intermediate565

signal-to-noise ratios, where source separation is possible but challenging.566

Noise impact varies little between BSS methods, except Varimax, which shows a smaller decrease567

(0.15) due to its overall weaker performance. Similarly, the type of endogenous source generally has568

limited effect on noise sensitivity, except for relaxation (0.16 correlation decrease) and the square569

function (0.44 decrease).570

5.4 Why some methods outperform others571

The ranking observed reflects the match, or mismatch, between each method’s assumptions and the572

structure of our generative model: a dense, linear, signed mixture of independent sources plus noise,573

D = AS+N , as expected for geodetic networks. Two factors govern performance: whether a method’s574

structural constraints are compatible with such a mixture, and, among compatible methods, the statis-575

tical cost of its criterion, second-order moments, i.e. variance and covariance, being far more robustly576

estimated than higher-order or locally-defined statistics.577

PCA is optimal in the least-squares sense for dense random mixing vectors, which are nearly578

orthogonal in high dimension, and relies only on second-order statistics with a single free parame-579

ter—hence its robustness at low SNR or short records. Its limitation is the rotational indeterminacy580

among comparable eigenvalues, which caps its performance once SNR improves.581

ICA resolves this indeterminacy using non-Gaussianity, matching the maximum-likelihood es-582
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timator for our strongly non-Gaussian sources, but at the cost of less robust fourth-order statistics,583

explaining why it overtakes PCA when the signal is well-expressed but degrades faster under noise.584

This also explains the apparent reversal at high internal/climate ratios: when endogenous sources dom-585

inate, the eigenvalue spectrum becomes hierarchical and PCA alone identifies the individual sources;586

ICA’s whitening step then discards this useful hierarchy and amplifies noise in poorly-constrained587

directions, adding estimation cost without identification gain.588

Isomap, though nonlinear, degenerates to a PCA-like solution here because the manifold is in fact589

an affine subspace, so its success reflects graceful degeneracy rather than genuine nonlinear struc-590

ture—unlike other nonlinear methods, whose extra parameters only add variance.591

Factor analysis shares PCA’s rotational indeterminacy but must additionally absorb spatially co-592

herent non-endogenous variability into its factors, incurring cost without benefit.593

The remaining three methods fail because they impose structure the mixture lacks: Varimax seeks594

sparse loadings, incompatible with dense mixing vectors; EOT assumes near-pure sources exist at595

some station, which they do not; NMF requires non-negativity (forcing a spurious near-constant shift596

component) and a separability assumption likewise violated here. Unlike the noise-driven errors above,597

these are specification biases that persist regardless of SNR or record length.598

None of this is a criticism of these methods generally, they suit settings where their assumptions599

hold (e.g., EOT and NMF for hyperspectral unmixing with pure endmembers). Rather, the dense,600

signed, approximately linear character of geodetic mixtures simply selects for a specific subset of601

methods.602

5.5 Conclusions from the synthetic tests603

To assess theefficiency of Blind Source Separation (BSS) methods in separating weak endogenous604

signals from dominant climate variability, we conducted synthetic tests with controlled amplitude605

ratios between the two signals. For each test, we applied 7 BSS methods, each producing 5 modes (or606

components). The endogenous signal was considered successfully detected if the highest correlation607

between any of the 5 retrieved modes and the original endogenous signal exceeded the 95th percentile608

of the highest correlations obtained from simulations where no endogenous signal was included. This609

threshold ensures statistical significance in detection, accounting for the best possible match among610

all modes and methods. Our results demonstrate that BSS methods, particularly PCA, FICA, and611

Isomap projection, can effectively detect the endogenous signal even when its amplitude is noticeably612

smaller than that of the climate signal. Detection performance scales with the relative strength of the613

endogenous signal, as illustrated by the following retrieval rates:614

For a endogenous-to-climate amplitude ratio of 1:20, the retrieval rate was 25%. For a ratio of615
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1:6.7 (15%), the retrieval rate increased to 50%. For ratio of 1:3–4 (25–33%), the retrieval rate reached616

75%. Thus, BSS methods can detect endogenous signals despite climate signals being 6 to 20 times617

larger in amplitude, with the detection based on the best-performing mode among the 5 modes for618

each method, and the best-performing method among the 7 tested.619

However, when R is below one, over 40% of simulations show correlations between the retrieved620

and true sources below 0.8, even in the most favorable scenario of a single climate source mixed with621

a endogenous source. This corresponds to capturing less than two-thirds of the true signal variance, a622

level of accuracy insufficient for sound physical characterization of the endogenous process.623

These results caution against using BSS methods for a detailed characterization of endogenous624

sources due to their limited ability to accurately recover source structures. Instead, BSS should pri-625

marily be employed for detecting unexpected signals, which can then be analyzed in depth with less626

blind, more targeted methods to better resolve their space-time characteristics.627

6 COMPARISON WITH A DEEP-LEARNING ALGORITHM628

Recent studies have explored machine learning as an alternative approach to separating endogenous629

signals of different origins, testing a variety of architectures and learning strategies on observational630

datasets (Murtagh, 1991; Kiani Shahvandi et al., 2024a,b), thereby complementing BSS techniques631

and enriching the range of tools available for signal separation in geosciences.632

To compare with the BSS analysis, we implemented a neural network designed to learn source633

separation directly from the data. More precisely, we chose an autoencoder architecture with a dual634

decoder. This is a highly effective structure for source separation or matrix factorization, as it enforces635

a common latent representation before reconstructing two distinct components. The model takes the636

observed time series (a matrix of L series of length N ) and passes them through an encoder that637

embeds the information into a compact latent representation. The encoder aims to represent the data638

efficiently by removing redundancy and/or discarding less important information. From this embed-639

ding, two decoders simultaneously reconstruct (i) the source signals S that can be interpreted as the640

arrangement of K distinct source vectors and (ii) the mixing coefficients A. Training is performed on641

10,000 synthetic mixtures where the true sources are known, allowing the network to learn how to sep-642

arate them. Once trained, the model is evaluated on new test sets. The network architecture is shown643

in Fig. 5.The diagram illustrates the complete data flow, from input D ∈ RL×N to the two predicted644

outputs Apred and Spred.645

To avoid overfitting, the training set was enriched with a broad family of synthetic endogenous646

signals (e.g., sawtooth, noisy square waves, random walks with trend) and with climate surrogates647

generated by phase randomization (Theiler et al., 1992). Without such diversification, the network648
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Input D

(L×N )

Linear

(512 units)
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Dropout 0.5
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ReLU
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Linear (256)

ReLU

Linear (K ×N )

Spred(K ×N )

Linear (256)
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Linear (K × L)

Apred(K × L)

Figure 5. Neural network architecture used for signal separation. The encoder compresses the input data into

a latent representation (embedding), from which two decoders reconstruct the source signals S and the mixing

coefficients A.

simply memorizes the training signals and fails on unseen data. Training optimizes the network using649

the correlation between reconstructed and true observations (ApredSpred vs. AS), with performance650

saturating after approximately 1,000 iterations. Moreover, dropout layers were inserted into the net-651

work as a regularization mechanism: at each training step, a random subset of units is temporarily652

deactivated, which discourages complex co-adaptations and has been shown to reduce overfitting in653

deep neural networks (Srivastava et al., 2014).654

We then compared the neural network with PCA and ICA, the best-performing BSS methods. All655



Detection and characterization of Earth’s interior signals in geodetic data using BSS 27

Figure 6. Comparison between the performance of a neural network (black), PCA (red) and ICA (green) as a

function of the R ratio between endogenous and climate sources. The median correlation (between the space-

time signature of the retrieved source and that of the input sources) is shown as a solid line, whereas the 25th

and 75th percentile lines are shown with dashed line.

methods were evaluated on 10,000 independent test sets for fixed numbers of endogenous (J = 1, 2)656

and climate (K = 0, 1, 2) sources, using the correlation between retrieved and true spatio-temporal657

patterns as the metric (Fig. 6). Results are sorted by the endogenous-to-climate contribution ratio R.658

The comparison shows that the neural network can match or exceed BSS methods when the en-659

dogenous signal is weak (low R). However, correlations remain too low for physical interpretation,660

with a maximum median of 0.81 (just reaching our 0.8 criterion), whereas PCA achieves values above661

0.95 in the same configuration. When the number of endogenous sources increases, the neural net-662

work fails to recover them reliably, while PCA and ICA, although degraded, remain competitive. The663

percentile envelopes also show that neural network predictions are less stable across realizations than664

PCA, especially when multiple sources coexist.665

Overall, this experiment suggests that a simple neural network can rival BSS methods only in very666

noisy conditions, and even then does not provide reconstructions accurate enough for geophysical in-667

terpretation. This comparison is somewhat unfair to BSS methods: unlike neural networks, BSS meth-668

ods do not require training, do not depend on fixed numbers of time series or sources, and can reveal669

unexpected signals. While more sophisticated architectures might alleviate some of these limitations,670
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Table 2. Comparison between BSS methods and recent machine learning (ML/DL) approaches for signal sepa-

ration.

BSS methods (e.g. PCA, ICA) ML/DL methods (e.g. physics-

informed NN, autoencoders)

Prior knowledge Minimal (blind separation; only sta-

tistical assumptions such as inde-

pendence or orthogonality)

Require training data, labels, or

strong priors (e.g. physics con-

straints, known wave modes)

Data requirement Directly applicable to raw observa-

tions, no training set needed

Training phase often requires large

synthetic or observed datasets

Interpretability Clear statistical interpretation (e.g.

variance explained, independence

of components)

Often a black box; interpretation

depends on architecture and train-

ing

Reliability Performance limited when signals

overlap strongly or SNR is low

Can capture nonlinearities and

complex structures if trained ade-

quately

Applicability Suitable when little is known about

the sources (e.g. poorly character-

ized interior signals)

Powerful when prior models exist,

but less transferable if source prop-

erties are uncertain

Examples in geo-

sciences

Extraction of climate and endoge-

nous modes in geodetic data (e.g.

NAO, GIA, earthquakes)

Physics-informed models for polar

motion, seismic mode separation,

or guided autoencoders

our test highlights that in the present context BSS remains competitive with respect to neural networks.671

Table 2 summarizes the main conceptual differences between BSS methods and recent deep-learning672

approaches. While machine learning models can capture nonlinearities and complex structures when673

sufficient prior knowledge and training data are available, they are not blind in the strict sense. In674

contrast, BSS methods operate with minimal assumptions and can be directly applied to observational675

datasets, making them well suited to cases where interior Earth signals remain poorly characterized.676

We therefore view BSS and ML/DL approaches as complementary, rather than competing, and suggest677

that systematic benchmarks between them represent a promising avenue for future work.678
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7 APPLICATION TO GEOPHYSICAL SIGNAL DETECTION IN GRACE TIME SERIES.679

7.1 Context680

Since 2002, the GRACE and GRACE-FO satellite missions have enabled the monitoring of Earth’s681

time-variable gravity field at a global scale, with a data gap of approximately seven months between682

the end of GRACE in June 2017 and the start of GRACE-FO in 2018 (Kornfeld et al., 2019; Yi &683

Sneeuw, 2021). Depending on the processing center and the solution type, gravity field models are684

released at either ten-day or monthly intervals. For simplicity, we refer to both missions collectively685

as GRACE in the remainder of this paper.686

GRACE data have been instrumental in a wide range of applications, including the monitoring of687

groundwater storage variations (Awange et al., 2008; Rodell et al., 2009; Syed et al., 2005), ice mass688

loss (Chen et al., 2007; Matsuo & Heki, 2010; Ramillien et al., 2006), and ocean mass redistribution689

linked to large-scale circulation and sea level changes (Chen et al., 2020; Delforge et al., 2022; Yu690

et al., 2018). In terms of solid Earth processes, GRACE has proven capable of detecting mass redis-691

tribution associated with major earthquakes (Han et al., 2006; Heki & Matsuo, 2010; Wang et al.,692

2012). To date, however, only two types of endogenous signals –glacial isostatic adjustment and large693

earthquakes – have been clearly identified in GRACE data.694

Before presenting the analysis of GRACE observations, it is important to recall the role of the syn-695

thetic experiments discussed in Section 4. These experiments were not intended to reproduce the full696

complexity of endogenous or climate signals, but rather to provide a controlled framework in which697

the performance and limitations of BSS techniques can be systematically assessed. They showed, in698

particular, under which conditions detection and characterization of interior signals is feasible, how699

noise levels affect retrieval, and how the number of sources influences separation quality.700

The analysis of real GRACE data in this section should therefore be read in light of these bench-701

marks: while the true underlying signals are not known, the synthetic tests provide guidance on the702

expected reliability of the methods and on the types of limitations that must be kept in mind when703

interpreting the results.704

We use data from the Gravity Recovery and Climate Experiment (GRACE) and its successor mis-705

sion GRACE Follow-On (GRACE-FO) to evaluate how signals can be detected in geodetic time series706

using PCA. Most GRACE-based studies focus on specific regional or continental – scale phenomena,707

such as major earthquakes, ice sheets, or particular watersheds. Some research extends to global-scale708

phenomena – for instance, Rodell et al. (2018) and Tapley et al. (2019) analyzed linear trends in major709

watersheds and glaciers. However, only a few studies have attempted blind source separation to iden-710
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tify and separate sources without prior assumptions (de Viron et al., 2006; Delforge et al., 2022; Long711

et al., 2017).712

In this work, we screen the entire GRACE dataset globally by applying PCA-based blind source713

separation at each location on the Earth’s surface. Additionally, we examine all earthquakes with714

magnitudes above 6.5 from the ISC catalogue of source mechanisms (International Seismological715

Centre, 2024), analyzing areas centered on the epicenters with the number of time series included716

increasing according to the earthquake magnitude.717

7.2 Data preparation718

We use Equivalent Water Height data from two GRACE products: the JPL Mascon solution (NASA Jet719

Propulsion Laboratory (JPL) Tellus, 2018) and the GRGS gravity field maps (Lemoine et al., 2022).720

Prior to any analysis, we remove trends, as well as seasonal and semi-annual signals.721

The trend and seasonal terms are estimated independently for each time series by least-squares722

adjustment of723

d(t) = α+ β cos(2πt) + γ sin(2πt) + δ cos(4πt) + ϵ sin(4πt) + ζ (t− t̄), (9)

and the analysis is carried out on the residuals. Because the same linear operator is applied to every724

series, this step commutes with the mixing: writing D = AS and denoting by P the projector onto725

the orthogonal complement of the model subspace, the residuals are DP = A(SP), so that the726

mixing matrix, which is the quantity the separation step must recover, is left unchanged. Adjusting the727

coefficients station by station rather than globally also removes the spatial modulation of the periodic728

terms, so that no residual coherent seasonal component survives. Conversely, any part of a target729

signal projecting onto these six functions is removed as well; for a step-like transient this reduces730

the recovered amplitude but preserves the discontinuity itself, which cannot be represented within a731

six-dimensional space spanned by annual harmonics and a ramp.732

The GRACE time series are then interpolated onto a regular polyhedron grid composed of 16,002733

equal-area faces, generated using the icosahedron tool by (Zechmann, 2019). This resampling ensures734

a uniform spatial coverage over the sphere. Using the original regularly gridded data would bias the735

analysis by overrepresenting gravity anomalies near the poles.736

7.3 Data mining using PCA737

For each of the 16,002 vertices on our grid, we identify the 25 nearest vertices, covering an area of738

approximately 900 × 900 km², and apply Principal Component Analysis (PCA) to the corresponding739
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time series. We retain the first five principal components (PCs), each representing a distinct mode of740

variability.741

For each PC (i.e. temporal mode), we fit the six candidate endogenous signals Gj(t) described in742

Section 4.2.1 using the following model:743

Dℓ(t) = α+ βGj(t), j = 1, ..., 5 (10)

We then selected the signal that provided the best least-squares fit, i.e., the smallest sum of residuals744

across the 25 time series. Using this best-fitting signal, we next estimated its spatial amplitude over745

the 25 stations with the same least-squares approach, in order to reconstruct a localized representation746

of the signal.747

We discard a mode if the fitted signal captures less than 50% of the variance of the original 25748

time series. Since endogenous signals are not expected to appear uniformly across the globe, we also749

project the global GRACE dataset onto each PC. We retain a mode only if the median explained750

variance across the 25 local series exceeds the 95th percentile of explained variances obtained when751

projecting the same signal onto random time series from all other locations. This ensures that the752

signal is not only well captured locally, but also statistically significant relative to global variability753

patterns.754

A mode satisfying both criteria is considered significant. Figure 7 displays the grid vertices where755

at least one of the five modes was found significant: blue for the GRGS model, red for JPL, and green756

if significant modes appear in both models.757

The regions identified by this screening correspond to groundwater, ice, and solid Earth mass758

changes. Most of the clusters correspond to signatures already published in previous GRACE data759

analysis studies.760

We then reapply PCA to each cluster identified on the map, i.e. on the set of time series from761

locations that belong to a given cluster. Figure 8 presents the PCA results for the cluster detected in762

Greenland using the GRGS solution. This example illustrates PCA’s capability to separate distinct763

dynamical regimes without prior assumptions about regions with differing ice flow patterns.764

Mode 1 (Figures 8 panels 1.a–1.d) highlights the southeast region, showing a short mass gain in765

2002–2003, followed by a decline from 2004 to 2012 that intensifies around 2012, then a renewed in-766

crease. Since trends and seasonal oscillations were removed and no post-glacial adjustment correction767

was applied, this mode corresponds to the southeast zone described by (Velicogna et al., 2020).768

Mode 2 (Figures 8 panels 2.a–2.d) captures an increase in western Greenland until 2008, followed769

by a gradual decline until 2016. This mode aligns with the northwest and southwest zones identified770

by (Velicogna et al., 2020), with stronger representation in the southwest.771
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Figure 7. Zones where the retrieved signal appears significant according to the selected criteria. In red, using the

GRGS GRACE time series, in blue the Mascon JPL ones, and in green, the zones where both GRACE solutions

agree. Among the clusters found, some correspond to previously published signals: hydrological variations in

the Southern US High Plains and Edwards-Trinity aquifers (Ed) (Scanlon et al., 2021), the Canadian Prairies

(Cp) (Fatolazadeh & Goı̈ta, 2021), Morocco (Mo) (Ouatiki et al., 2022), Lake Victoria (Vi) (Seka et al., 2022), as

well as the Okavango-Zambezi (Ok) (Hassan & Jin, 2016), Australian Great Artesian and Murray-Darling (GA)

(Yan et al., 2017), Paraná (Pa) (Cornero et al., 2021; Ndehedehe & Ferreira, 2020), Ob-Yenisei-Lena (Ob) (Lin

et al., 2022), Tigris-Euphrates (Ti)(Othman et al., 2022; Rateb & Kuo, 2019), and Oder-Vistula (OD) (Sliwińska

et al., 2019) river basins. We also detect ice mass changes in Greenland (Gr), Antarctica (An)(Velicogna et al.,

2020), and Alaska (Al) (Ciracı̀ et al., 2020). Finally, solid Earth signals related to the 2004 Mw 9.2 Sumatra (Su)

(Han et al., 2006), 2011 Mw 9.1 Tohoku-Oki (To) (Han et al., 2014; Wang et al., 2012) megathrust earthquakes,

and the 2012 Mw 8.6 strike-slip Indian Ocean event (In) (Han et al., 2015) are recovered.

Finally, mode 3 (Figures 8 3.a–3.d) reflects dynamics in the southwest and especially northeast772

Greenland, with decreases observed between 2002–2005 and 2012–2014. This mode also captures773

similar patterns in other regions, for instance, in South America.774
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Figure 8. The first, second, and third PCA modes for Greenland in the GRGS GRACE time series. For each

mode: (a) Top-left map shows the cluster on which PCA was performed. (b) Top-right map displays the pro-

jection of the data onto the principal component (PC) within the cluster area. (c) Bottom-left map shows the

global projection of the data onto the same PC. (d) Bottom-right panel presents the time series of the PC. Within

this region, the first, second, and third modes explain 23.3%, 17.5%, and 7.8% of the variance, respectively.

All maps are normalized to a maximum of 1 so that the PC time series fully captures the amplitude. Blue areas

indicate locations evolving in opposition to the PC pattern.
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Figure 9. Same as Figure 8, for the first mode in the Tigris-Euphrates watershed capturing 49.3% of the variance

of the JPL Mascon GRACE data.

Figure 9 illustrates the PCA for the Tigris-Euphrates watershed and recovers the 2008-2019775

drought (Othman et al., 2022).776

As a final example, Figure 10 presents the first two principal components (PCs) identified around777

Sumatra. The first PC captures the co-seismic signal of the 2004 Mw 9.2 Sumatra-Andaman earthquake778

(Han et al., 2006; Panet et al., 2007), while the second isolates the 2012 Mw 8.6 and 8.2 strike-slip779

events in the Indian Ocean (Diament et al., 2020; Han et al., 2015). This second component contrasts780

these events with the larger 2004 Mw 9.2 and 2005 Mw 8.7 Nias earthquakes.781

In conclusion, PCA successfully separated distinct geophysical (both climatic and endogenous)782

signals across different regions of the globe without any prior information. Although no previously783

unknown signatures were identified, these results demonstrate PCA’s capacity to automatically detect784

and isolate meaningful geophysical phenomena. For example, the method differentiated the effects785

of the 2004 and 2012 megathrust and strike-slip earthquakes, as well as spatial patterns of ice mass786

changes in Greenland. The detection test is conditioned by the set of endogenous functions used, which787

was chosen based on established signal models. Alternative or expanded sets could shift detection788

sensitivity or facilitate the recovery of other signal types.789

7.4 Earthquake detection790

As a second test on real data, we applied Principal Component Analysis (PCA) to regions surround-791

ing each earthquake epicenter, using the ISC catalogue of source mechanisms (International Seismo-792

logical Centre, 2024; Lentas, 2017; Lentas et al., 2019). PCA was selected because, except for the793
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Figure 10. Same as figure 8, for the first and second modes in northern Sumatra, capturing 49.1 and 7.6% of

the variance of the GRGS GRACE data. The first mode extracts the signature of the 2004 megathrust Sumatra

earthquake, while the second component shows the effect of the 2012 strike-slip Indian Ocean event.

largest events, earthquake-induced signals contribute far less to the total variance than climate-related794

components. Our analysis included 767 earthquakes occurring between 2004 and 2019, all with mo-795

ment magnitudes (Mw) greater than 6.5 and for which Global Centroid Moment Tensor solutions are796

available. The threshold magnitude of 6.5 was chosen because it corresponds to a rupture surface of797

approximately 200–400 km², which is comparable to the spatial resolution of a single GRACE pixel.798

GRACE JPL data were interpolated onto an icosahedral grid composed of 36,002 points. The size799

of the region used for each PCA was scaled with the earthquake magnitude: from 880× 880 km2 (55800

points) for Mw 6.5 events to 1, 800× 1, 800 km2 (221 points) for Mw 9.0 events.801

For each event, we estimated the theoretical co-seismic change in Equivalent Water Height (EWH)802

by first computing the co-seismic change in gravitational potential using the method of (Okubo, 1992),803

based on both sets of earthquake parameters. The potential change was expanded into spherical har-804

monic coefficients, adjusted with load Love numbers to derive the equivalent surface mass distribu-805

tion, synthesized onto a regular grid, and finally converted to equivalent water height (EWH). While806
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more sophisticated modeling techniques are available (Wang et al., 2006), our goal here was to assess807

whether the observed gravity signature aligns with theoretical expectations from seismic parameters;808

high precision was not required.809

The temporal evolution of the expected signal was modeled using the following function:810

S(t) = a+ bH(t− t0) + c slope(t > t0) + d slope(t < t0)

where H(t− t0) denotes the Heaviside function, equal to 0 for t < t0 and 1 for t ≥ t0; slope(t > t0)811

represents a linear trend starting at 0 when t = t0, while slope(t < t0) denotes a linear trend ending812

at 0 at t = t0.813

We applied PCA – previously identified as the most effective detection method in our synthetic814

experiments – to the GRACE EWH data within each region of interest. Seasonal components and815

linear trends were removed using a least-squares fitting approach.816

Next, we computed the space-time correlation between each of the first five principal components817

(PCs) obtained from the GRACE data and a synthetic signal constructed as the Okubo-modeled spatial818

signature multiplied by the Heaviside temporal component described above. Only modes for which819

the fitted Heaviside function captures at least 25% of the total variance of the associated principal820

component were retained for further analysis.821

To evaluate the statistical significance of each detection, we assume as a null hypothesis H0 that822

there is no endogenous signal related to the earthquake, so that the correlations obtained at locations823

far from the epicenter represent the behavior under H0. We randomly selected 1,000 locations on824

the Earth’s surface, each at least 5,000 km away from the earthquake epicenter, and computed the825

same correlations for the first five PCs at each location. Let Teq denote the maximum correlation in826

the earthquake region and Ti the maximum correlation at the i-th random location. We define the827

detection statistic as the empirical p-value828

p =
1

1000

1000∑
i=1

1
{
Ti ≥ Teq

}
,

that is, the proportion of random locations where the highest correlation equals or exceeds the max-829

imum correlation observed in the earthquake region. This quantity estimates the probability, under830

H0, of obtaining a maximum correlation at least as large as Teq, and therefore provides an empirical831

p-value for the detection.832

The results for the five events with magnitudes greater than 8.6 are presented in Table 3. Only833

the large Nias event exhibits a p-value greater than 5%, indicating that the detection of this event834

was not conclusive. While the other events are formally detected, the correlation between the GRACE835
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Table 3. Results for the earthquakes of magnitude larger than 8.6. The p−value is the proportion of random

locations having a correlation with the reconstructed signal as large or larger than the one of the event.

Location time M Correlation p−value

Sumatra–Andaman 2004/12/26 9.0 0.07 0.035

Nias–Simeulue 2005/03/28 8.6 0.055 0.069

Chile 2010/02/27 8.8 0.086 0.001

Tohoku 2011/03/11 9.0 0.140 0.001

Sumatra/Indian ocean 2012/04/11 8.6 0.162 0.007

signal and the synthetic model remains low – consistent with the results obtained in the synthetic tests.836

However, given the extreme magnitudes of these events, higher correlations could have been expected.837

The first event occurred very early in the GRACE time series, complicating its detection.838

Across the full set of events, we consider an earthquake as detected in the GRACE data if its839

p-value falls below a given threshold – 5% or 1% – corresponding to 95% and 99% confidence lev-840

els, respectively. The detection rate exceeds the expected false detection level: 279 earthquakes (30%)841

are detected with 95% significance, and 83 (8.7%) with 99% significance. However, the correspond-842

ing correlation coefficients remain low. At the 5% threshold, the mean correlation is 0.15 (standard843

deviation: 0.10), and at the 1% threshold, it rises to 0.20 (standard deviation: 0.11). Under the null844

hypothesis, the expected number of detections at the locations tested would be 7.7 at the 99% level,845

against 83 observed. The null expectation accounts for the multiplicity of tested locations and there-846

fore quantifies the number of detections attributable to the selection procedure alone; the observed847

excess cannot be explained on this basis).848

To assess which earthquake parameters most strongly influence detection, we applied a Gradient849

Boosting Classifier (Friedman, 2002). This ensemble method constructs a series of weak classifiers,850

optimizing them to reduce detection errors at each iteration. One key output is a feature importance851

ranking, which quantifies how much each input variable contributes to the decision process across all852

trees. However, this method does not identify which specific values of a parameter favor detection – it853

only reveals how informative the parameter is in partitioning the data.854

Applied to our dataset, the most influential features for successful detection were the rake, the855

strike, and the gravity signal amplitude estimated using the Okubo approach. These three parameters856

ranked higher than event magnitude, both at the 95% and 99% significance levels. The influence857

of rake and amplitude is expected, since vertical mass displacement is a key factor in generating a858

detectable gravity signal. The importance of strike is consistent with previous findings by (de Viron859
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et al., 2008), who attributed this effect to the anisotropic spatial structure of GRACE noise, particularly860

along meridional stripes.861

To evaluate the quality of the detection process, we randomly split the dataset into training and862

testing subsets. The classifier was trained on the training set using earthquake parameters and their863

detection outcomes, and evaluated on the test set. This procedure was repeated 25,000 times to account864

for variability due to sample partitioning, and a confusion matrix was computed at each iteration. On865

average, when trained on detections at the 99% significance level, the classifier achieved an accuracy866

of 77% (70% for 95%), with a missed detection rate of 13% (14% for 95%) and a false positive rate867

of 33% (45% for 95%).868

These findings suggest that the detection at the 99% significance level is trustworthy. The scores of869

the classification experiment indicate that performance depends primarily on earthquake parameters,870

and the variables identified as most influential by the Gradient Booster Classifier are consistent with871

the underlying physical mechanisms.872

Finally, this analysis based on the ISC catalogue reinforces previous conclusions: blind source sep-873

aration techniques such as PCA are highly effective for identifying subtle signals in complex datasets.874

However, the recovered signals often lack precision, and caution must be exercised before using them875

for detailed geophysical interpretation.876

8 DISCUSSION877

In this study, we assessed the ability of Blind Source Separation (BSS) methods to detect and iso-878

late endogenous signals in space-based gravity observations. Our goal was not to reconstruct precise879

endogenous fields, but to evaluate whether data-driven techniques could autonomously identify mean-880

ingful signals without prior assumptions — a deliberately conservative perspective favouring statistical881

detectability over physical modelling.882

A key outcome is the distinction between detection and interpretability. We defined detection oper-883

ationally: a signal was deemed detected when the maximum correlation between a retrieved mode and884

the true signal exceeded the 95th percentile of the null distribution, providing reasonable confidence885

that it was genuinely captured. This does not, however, guarantee a reliable proxy for the underlying886

process, so we added an interpretability criterion (correlation ≥0.8 ). That many detections fail this887

threshold underscores the risk of over-interpreting significant but poorly reconstructed signals.888

Among the seven methods tested, only PCA, FastICA and Isomap achieved consistently highest889

detection rates. PCA performed best at extreme endogenous-to-climate ratios, FICA in intermediate890

regimes, and Isomap occasionally matched PCA without leading. This ranking reflects the compati-891

bility between each method’s assumptions and the mixture structure: methods imposing localisation,892
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purity or positivity are biased by construction, while among the rest, second-order moments (PCA)893

are more robustly estimated than higher-order or local statistics. The PCA/FICA crossover tracks the894

eigenvalue spectrum separation rather than the signal ratio itself.895

Larger station networks improved separation, especially where endogenous and climate signals896

compete most. Conversely, endogenous signals only affecting a small subset of a large network, con-897

stitute an unfavorable regime, which our study do not sample in details. Incoherent noise degraded898

performance most severely in these same regimes (losses up to 0.47 at R0.25 ) — precisely where899

realistic, heterogeneous noise makes BSS most fragile.900

The synthetic sources (steps, relaxations, oscillations) were kept simple, but since BSS relies901

on spatio-temporal correlations rather than functional form, added complexity would likely reinforce902

rather than change our conclusions, given that separation is already difficult under tested conditions.903

A more fundamental assumption is spatial stationarity (D = AS , with time-independent mixing904

matrix A). Propagating sources fall outside this framework and are instead decomposed into station-905

ary components (typically quadrature pairs), preserving the signal but losing its one-to-one correspon-906

dence with a physical source — acceptable for temporally stable internal sources, questionable for907

propagating surface processes. Convolutive extensions are left to future work.908

Missing data and heterogeneous station geometry introduce no new failure modes: no tested909

method uses station coordinates or temporal ordering, so what matters is each source’s variance frac-910

tion, already probed via network size and mixing. Common gaps (as in GRACE) simply shorten the911

record; uneven gaps require infilling, which can itself introduce a spurious coherent component, a912

pre-processing artefact reinforcing the need for independent validation of any detection.913

A complementary deep-learning experiment showed that a simple network can match or exceed914

BSS in very noisy, weak-signal regimes, but fails to give stable, interpretable results with multiple915

sources, losing efficiency relative to PCA/ICA as their number grows. The two approaches appear916

complementary, with systematic benchmarking a promising avenue.917

Applying PCA to real GRACE data, after removing trends and seasonal terms (a deterministic918

step distinct from blind separation, since these dominant signals have known origins), a global anal-919

ysis recovered most previously identified regions, confirming PCA’s value as a fast, assumption-free920

screening tool. Applied to Equivalent Water Height series for 767 earthquakes ( M6.5 ), it detected921

a significant fraction of events (nearly 30% at 95% significance level, 9% at 99%), including several922

well below M8.5 — challenging the view that GRACE detects only the largest earthquakes, and illus-923

trating BSS’s value for rapid candidate screening ahead of detailed modelling. Nevertheless, even for924

largest earthquakes, correlation between retrieved and modeled gravity signatures remains low.925

Future work could combine BSS with physical modelling, extend to multi-sensor datasets, exploit926
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longer time series, and pursue systematic integration of BSS and machine learning with rigorous927

uncertainty quantification to bridge data-driven and physically grounded interpretation.928

9 CONCLUSION929

We have investigated the ability of Blind Source Separation (BSS) methods to detect and isolate en-930

dogenous signals in satellite gravity data, through an extensive set of synthetic experiments spanning931

signal-to-noise ratios, source types, mixing conditions, and network sizes. Our results establish a clear932

distinction between statistical detectability and geophysical interpretability: while PCA, FastICA and933

Isomap can reliably detect weak signals even in the presence of stronger climate-related components,934

confident physical interpretation demands a high standard of reconstruction fidelity, one often not met935

even when detection is statistically significant.936

Applications to real GRACE data confirm the practical value of this approach: a global PCA analy-937

sis recovered most previously identified regions of coherent mass change, and a systematic search over938

767 earthquakes ( M≥6.5 ) revealed statistically significant gravity signals for a substantial fraction of939

events, including several well below magnitude 8.5.940

These findings support the use of BSS, and PCA in particular, as a fast, assumption-free screening941

tool for identifying candidate endogenous signals in complex geodetic datasets — one that should be942

paired with physically based modelling and independent validation rather than used as a standalone943

interpretive method. Extending this framework to longer time series, multi-sensor datasets, and hy-944

brid BSS/machine-learning approaches offers a promising path toward more reliable and interpretable945

detection of subtle endogenous signals.946

10 DATA AND SOFTWARE AVAILABILITY947

The GRACE data are public domain on https://podaac.jpl.nasa.gov/ for the JPL mascon948

solution, and on https://grace.obs-mip.fr/ for the GRGS solution. The climate indices time949

series are public domains on the Physical Sciences Laboratory https://psl.noaa.gov/data/950

climateindices/list/. To ensure reproducibility and facilitate further research, we provide four951

Python-based tools developed for this study:952

• A source separation library implementing the seven blind source separation (BSS) methods eval-953

uated in this work, including their mathematical foundations and preprocessing steps.954

• A synthetic time-series generator reproducing the simulated data used in our experiments, with955

customizable parameters for source characteristics and noise levels.956
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• A neural network framework for source separation, including the trained model architecture and957

a testing pipeline on benchmark datasets.958

• A gravity effect computation module based on Okubo’s approach, enabling the calculation of959

seismic-induced gravity changes for synthetic or real datasets.960

All codes are publicly available under open-source licenses at https://github.com/odeviron/961

BSS.962
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for L in [8,12,16,20] do ▷ loop on the number of series

for K in [0,1,2] do ▷ loop on the number of climate sources

for J in [1,2] do ▷ loop on the number of endogenous sources

for σ in [0.1 , 0.25, 0.5,0.75, 1] do ▷ loop on the noise standard deviation

for lr in range(1000) do

Patterns=random(L,K+J) ▷ Geometry patterns of sources

Geophys=GenerateGeophys(J,len(t)) ▷ Select type and Generate J random ...

▷ ... endogenous-like time series

Climate=SelectClimate(K,len(t)) ▷ Select K climate time series

for R in [0.01,0.05,...,2] do ▷ loop on the endogenous to climate ratio

PowerLawIndex=random*3-2 ▷ Index ∈ [-2,1]

WhiteNoise=Normal(Mean=0,Var=σ2,len(t))

PowerLawNoise=σ×PowerLaw(PowerLawIndex,len(t))

Simul=zeros(len(t),L)

Simul0=zeros(len(t),L) ▷ with no endogenous source

for k in range(K) do ▷ Climate signals

D=D+Patterns[:,k]×Climate[k,:]

Db=Db+Patterns[:,k]×Climate[k,:]

Sources[:,k]=Patterns[:,k]×Climate[k,:]

end for

for j in range(J) do ▷ Endogenous signal)

D=D+Patterns[:,K+j]×Geophys[j,:]

▷ No endogenous signal

Sources[:,K+j]=Patterns[:,k]×Geophys[j,:]

end for

D=D+PowerLawNoise+WhiteNoise

Db=Db+PowerLawNoise+WhiteNoise

for method in [PCA,Varimax,...,Isomap] do

u,pc,w=method(D,nmode=5) ▷ BSS

ub,pcb,wb=method(Db,nmode=5)

for j in range(J) do

for mode in range(5) do

Results=Correlation(u[:,mode]× pc[mode,:],Sources[:,K+j])

Resultsb=Correlation(u[:,mode]× pc[mode,:],Sources[:,K+j])

▷ Simulation parameters and results are saved

end for

... ▷ All the loops are closed


