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Volcanic and Seismic source Modeling (VSM) is an open-source Python tool to model ground deformation. VSM allows the user to choose one or more deformation sources of various shapes as a forward model among sphere, spheroid, ellipsoid, rectangular dislocation, and sill. It supports multiple datasets from most satellite and terrestrial geodetic techniques: Interferometric SAR, GNSS, leveling, Electronic Distance Measurements, tiltmeters, and strainmeters. Two sampling algorithms are available: one is a global optimization algorithm based on the Voronoi cells and yields the best-fitting solution and the second follows a probabilistic approach to parameters estimation based on the Bayes theorem and the Markov chain Monte Carlo method. VSM can be executed as Python script, in Jupyter Notebook environments, or by its Graphical User Interface. Its broad applications range from high-level research to teaching, from single studies to near real-time hazard estimates. Potential users range from early-career scientists to experts. It is freely available on GitHub (https://github.com/EliTras/VSM) and is accompanied by step-by-step documentation in Jupyter Notebooks. This study presents the functionalities of VSM and test cases to describe its use and comparisons among possible settings.
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HIGHLIGHTS

- Volcanic and seismic source modeling (VSM) is a Python tool to model geodetic data
- VSM supports deformation data detected by satellite and terrestrial techniques
- VSM performs data inversion by global optimization or Bayesian inference
- VSM can be used for near real-time applications and high-level scientific research
- VSM is open-source. Code, GUI, and notebooks are freely available at github.com/EliTras/VSM
1 INTRODUCTION
Natural processes and anthropogenic activities often generate changes in the stress state of the crust and, consequently, measurable surface deformation. Natural processes such as volcanic activity produce surface displacements due to many phenomena, including magma recharge/deployment and migration, fluid flow, and other internal processes related to magma crystallization and degassing. Volcano geodesy is crucial to define the state of volcanoes (Poland and de Zeeuw-van Dalfsen, 2021) and for eruptive hazard assessment (Sparks et al., 2012; Biggs et al., 2014). The accurate measurement of surface deformation is one of the most relevant parameters to estimate tectonic stress accumulation and release (DeMets et al., 1990) for studying the seismic cycle (Wright et al., 2004; Weston et al., 2011) and the intraplate coupling (Hashimoto et al., 2009). Improved monitoring capabilities also capture surface deformations related to coastal erosion and its connection to climate change (Shirzaei and Bürgmann, 2018), slope failures, landslides, and deep-seated gravitational slopes (Colesanti and Wasowski, 2006; Saroli et al., 2021) and other hydrogeological disasters (Galloway and Hoffmann, 2007). In addition, anthropogenic activity such as mining and water pumping causes measurable ground displacement (Chen et al., 2020).
Earth’s surface deformations are measured by means of remote sensing and terrestrial techniques, reaching sub-millimeter accuracy. Synthetic Aperture Radar (SAR) satellites have been quickly developing in the last decades in terms of cost lowering, improvement of processing algorithms, and (near) real-time data availability (Biggs and Wright, 2020). European Space Agency’s (ESA) satellites Sentinel 1A-B provide open-access data for the whole solid Earth surface every 6 or 12 days. Interferometric SAR (InSAR) analysis produces high-quality, coherent data covering wide areas along the satellite’s Line of Sight (LOS). GNSS data allow mapping of nearly 3D deformation patterns, but often the network consists of few benchmarks. Leveling is a branch of classic surveying that measures the orthometric height difference between the benchmarks of a network. It is used to measure the vertical displacement with high accuracy. Electronic Distance Measurement (EDM) is another terrestrial technique measuring the distance between two benchmarks through electromagnetic waves. Borehole observations such as dilatometers provide measurements of the volumetric strain (i.e., the unit change in volume), whereas tiltmeters record the inclination to the vertical or horizontal (Agnew, 1986). Tilt and strain can detect the slightest change of the deformation field amounting to parts per million (ppm).
Theoretical models of deformation sources are commonly employed to investigate the surface displacements observed, for example, in volcanic areas or related to a seismic event (Segall, 2010). A volcanic source can be represented by a confined part of crust with a certain shape (e.g., sphere, spheroid, and penny-shaped crack) inflating/deflating because of a change in the internal magma/gas pressure (Figure 1). Similarly, the static seismic source is ideally represented by a tabular discontinuity in the crust undergoing relative movement on both sides. Furthermore, deformations of anthropogenic and natural—not geophysical—origins, such as gas reservoir exploitation, water pumping, and soil consolidation, can be represented using the same models. Analytical deformation models usually approximate the local crust as homogeneous and isotropic half-spaces. Catalogs of the most common analytical deformation models are presented by Lisowski (2007) and Battaglia et al. (2013b). The source models shown in Figure 1 provide different boundary conditions for the elastic equations in the medium and therefore lead to surface displacement fields that differ in terms of pattern, spatial extension, and gradient. Moreover, the ratio between vertical and horizontal maximum displacement components varies. Because the specific surface pattern can be considered a signature of the model itself, in theory, it is possible to choose the most appropriate deformation source based on the observed deformation. With real data, this choice carries a high level of epistemic uncertainty, depending on the resolving power of geodetic ground networks and satellite coverage. Furthermore, the limitations of assuming the crust as a flat, isotropic, homogeneous, and elastic half-space are well known (Trasatti et al., 2003; Masterlark, 2007 and references therein). Regardless, analytical models of deformation sources still provide a rapid, powerful, and computationally cheap method to estimate significant parameters—at least of first order—related to volcanic and seismic activity from monitoring data.
[image: Figure 1]FIGURE 1 | Formulation of the non-linear inverse problem of ground deformations due to volcanic and seismic sources. (A) A change in the conditions in the deep reservoir causes a variation in the distribution of stress in the local crust and surface deformation. (B) Similarly, the sudden slip on the seismic fault during an earthquake causes permanent deformation. The ground deformation is detectable by geodetic surveys (in situ, blue triangles and remote sensing). (C) It is possible to model the observed data using a theoretical representation of the volcanic or seismic source. The inversion procedure is aimed at retrieving the parameters of the model implemented. The forward models available in VSM are, from left to right, isotropic point-source (Mogi, 1958), finite volume sphere (McTigue, 1987), penny-shaped crack (Fialko et al., 2001), arbitrarily oriented prolate spheroid (Yang et al., 1988), moment tensor point-source (Davis, 1986), and rectangular dislocation (Okada, 1985).
Geodetic data inversions are commonly performed to constrain source parameters and their associated uncertainties. Several geodetic inversion packages have been developed and published in the last years (Battaglia et al., 2013a; Bagnardi and Hooper, 2018; Cannavò, 2019). They are all MATLAB® based and differ in terms of the forward models and their possible combination, considered datasets, or adopted non-linear inversion method. In particular, dModels (Battaglia et al., 2013a) provides functions to model sources among sphere, spheroid, penny-shaped crack, and rectangular dislocation, using a dataset from InSAR, GNSS, tilt, and strain data. GBIS (Bagnardi and Hooper, 2018) implements a Bayesian approach for the inversion of InSAR and GNSS data using, among others, analytical routines from dModels. GAME (Cannavò, 2019) provides a user interface. Because it is designed for station-based measurements, besides GNSS data, it supports EDM data but not InSAR. Modeling of volcanic and seismic sources is included in the interferometric module of the commercial software for SAR data processing SARscape® (SARmap). It supports various SAR products (e.g., LOS and offset tracking) and GNSS data. Finally, Pyrocko (Heimann et al., 2019) is a Python framework designed for seismic source problems. Among others, it performs modeling of InSAR, GNSS data, and dynamic waveforms. As the most common volumetric sources are not supported, application to volcanic areas is not straightforward (e.g., BEAT for Bayesian parameters estimation of Okada-like and moment tensor sources, Vasyura-Bathke et al., 2020). Furthermore, the KITE toolkit from Pyrocko can be used for InSAR post-processing.
This study presents the open-source Python tool Volcanic and Seismic source Modeling (VSM) in all its components. This software package collects the most common and versatile analytical sources as the forward models and supports remote sensing and terrestrial geodetic datasets, single or in combination. The present version of VSM has been tested in all its modules against the original and stable Fortran code (executable in Trasatti, 2019) and has been incrementally updated with 1) a second sampling algorithm, 2) additional forward models, 3) many data categories supported, 4) a Graphical User Interface (GUI), 5) Jupyter Notebook technology and several other aspects. VSM implements two sampling algorithms: a global optimization algorithm based on Voronoi tessellation of the parameter space and a probabilistic approach to parameters estimation based on the Bayes theorem. The tool runs from Python script, GUI, and Jupyter Notebooks. It is freely available at https://github.com/EliTras/VSM. With respect to the software mentioned above, VSM is the only one designed with a portfolio of analytical models (single or in combination), data from the most common geodetic techniques (single dataset or in combination with weights), two different sampling algorithms for cross-checking, and completely open with large portability. The open-access and modular structure of VSM allows for diffusion and personalization with, for example, additional data types and forward models. Its broad applications range from high-level research to teaching and from single studies to near real-time hazard estimates. Potential users range from early-career scientists to experts. This study presents the functionalities of VSM and its practical use. The last sections are dedicated to applying to the 2011–2013 unrest at Campi Flegrei caldera (Italy), with comparisons among 22 tests using different settings, freely available at https://github.com/EliTras/VSM_test.
2 VSM FUNCTIONALITIES
VSM is designed to estimate source parameters of the most common analytical sources of deformation by using geodetic data (Figure 1). It is structured as a typical overdetermined non-linear inverse problem (Tarantola, 1987), in which data are known whereas the parameters of the source(s) that generated the observed data are unknown. The scheme of VSM is reported in Figure 2. The first block is the VSM input, consisting of the collection of geodetic observations, the selection of one or more deformation sources as the forward model (with a related search range for each parameter), and the selection of the sampling algorithm (with a few setting parameters). The data inversion block is the VSM execution based on the chosen algorithm. The last block is the VSM output. It consists of several products such as the sampled parameter space, the parameters distributions, the optimal parameters, and synthetic data. Each part of the scheme in Figure 2 is discussed in the following sections.
[image: Figure 2]FIGURE 2 | Scheme of the VSM. The input of VSM consists of at least one dataset. The forward model is one or more analytical sources among those reported in Figure 1. One of the two available sampling algorithms can be selected. Several products are generated as output.
2.1 Data Input
VSM supports the following types of data: InSAR (may include multiple files from different sensors and/or orbits), GNSS, leveling, EDM, tilt, and strain. Data units can be either displacements (measured in meters) or mean velocities (if annual rates, m/yr). The parameters related to the source intensity (discussed in Section 2.2) are measured accordingly (i.e., if the input data are expressed in meters, the resulting estimation of volume variation is expressed in cubic meters, and if the input data are m/yr, the volume variation is the annual rate is m3/yr). Tilt and strain are non-dimensional, and the units are microradians and microstrains (ppm or 10−6), respectively. The layout of the data files accepted by VSM is shown in Table 1. VSM supports the following data formats—plain text, comma-separated values files (both with or without header), and ESRI® Shapefiles—which are automatically identified by the system.
TABLE 1 | Structure of the supported data files. “Easting” and “northing” are the geographical coordinates projected in meters.
[image: Table 1]InSAR results typically consist of hundreds of thousands of points. This type of data should be pre-processed with downsampling algorithms. The treatment of InSAR data has a non-negligible impact on the balance among keeping the features of the deformation, maintaining the resolving power of the source parameters, and being computationally affordable at the same time. The general indication is to achieve denser sampling in near-field regions and coarser at a greater distance. More sophisticated downsampling techniques based on InSAR covariance have been developed (Lohman and Simons, 2005). The LOS unit vector components must be specified at each data point (Table 1) and can be computed considering variable radar incidence ϑ and heading ϕ angles:
[image: image]
where E, N, and Z are the east, north, and vertical components. For most SAR sensors, ϑ ranges from 23° to more than 40° from the vertical, whereas ϕ is around −10°/−15° for ascending satellite passes (flight direction NNW) and around −165°/−170° for descending passes (flight direction SSW). The combination of multiple InSAR datasets with different imaging geometries helps overcome the limitation of the radar single look. Moreover, using other techniques such as offset tracking allows estimating displacements in the azimuth direction, in addition to the slant range. Datasets derived from these techniques are all accepted by VSM by providing suitable unit vectors accompanying the data.
In the case of multiple datasets from different techniques, a joint inversion can be performed. In this case, weights for each dataset should be assigned by the user. The weight can be any decimal or integer number. Otherwise, it is considered equal to 1 if the related dataset is supplied without a specified weight or 0 if that data type is not present. In any case, all weights provided are scaled to 1 in total because VSM considers the relative weight of each dataset. In the case of multiple InSAR datasets, they are accounted for with a single weight. In this case, the relative weight among different satellites and/or orbits is given by the balance between the number of data points and the uncertainty associated with each InSAR dataset. The weights among data from different techniques are somehow arbitrary and combine with the number of data points and with the relative signal-to-noise ratio of each dataset. Weights can be chosen after several tests, checking the trend of improvement/worsening of the misfit of each dataset and the total one (Trasatti et al., 2015).
2.2 Forward Model
The forward analytical models available in VSM are listed in Figure 1, whereas their free parameters are shown in Table 2. For all these models, the medium is an isotropic, homogeneous, and elastic half-space.
TABLE 2 | Forward analytical sources available in VSM and their associated free parameters.
[image: Table 2]The simplest model to represent the expansion of a magma chamber at depth is a point dilatation source, which is considered a fair approximation of a spherical overpressure source (Mogi, 1958). Approximate analytical solutions for a finite volume sphere were developed by McTigue (1987), useful when the depth is comparable with the source radius. The prolate spheroid is a cavity with a 3D orientation in the half-space (Yang et al., 1988), usually employed to represent vertically or along-dip elongated batches of magma uprising in the crust besides pressurized reservoirs. While the spherical source represents axisymmetric extended reservoirs, spheroidal volumes are more versatile and may approximate magma bodies and conduits with arbitrary orientation. The most common model for deformation due to earthquakes or aseismic slip is the “Okada” model (Okada, 1985). It provides static elastic solutions due to constant slip applied on a rectangular dislocation. It may also represent sill-like tabular reservoirs, dikes, and hydro-fractures with thickness much smaller than the other dimensions. Similarly, the penny-shaped crack (Fialko et al., 2001) is a model for horizontal sills and hydro-fractures. A further and very general category of deformation models is described in terms of the combination of forces. The moment tensor source is a point source composed of dipoles and double couples and implicitly defines a large variety of sources (Mindlin, 1936; Eshelby, 1957; Davis, 1986). It may be used if the source shape is unknown, although its geometrical interpretation is not straightforward and not always unique (Trasatti et al., 2011; Amoruso and Crescentini, 2013). The first step for the interpretation is the diagonalization of the moment tensor. Based on the combination of the principal values of the moment tensor (the matrix eigenvalues), a subset of solutions may represent a sphere (if the principal moments are equal), a shear dislocation (the moment tensor is a double couple), an ellipsoid arbitrary oriented in space, all with point-source approximation (Davis, 1986; Trasatti et al., 2011). Therefore, from the ratios between the principal values of the moment tensor, it is possible to look at Table 1 by Davis (1986) or approach the formal analytical inversion to retrieve, if they exist, the ellipsoid axes ratios.
VSM requires the definition of the range of search of each parameter. The parameter is fixed a priori if the minimum and maximum are equal. Units are meters for spatial coordinates. Source intensity parameters are volume variation, overpressure versus shear modulus (ΔP/μ), tensor components, dislocation slip, and opening. They scale linearly with data and are expressed in units accordingly with data (absolute values or annual rates).
2.3 Data Inversion
VSM performs non-linear inversions and implements two different sampling algorithms that can be chosen by the user. The first is a global optimization algorithm based on the neighborhood algorithm (NA, Sambridge, 1999a), and the second follows a probabilistic approach to parameter estimation based on the Bayes theorem (here called Bayesian inference, BI). Several Python libraries for global optimization and Bayesian inference have been tested (e.g., SciPy Optimize and other packages from GitHub and PyPI), but as the number of unknowns or data points increases, the performance becomes unsatisfactory in terms of computational effort and sampling of the parameter space.
2.3.1 Neighborhood Algorithm
The NA is a derivative-free search method that uses Voronoi cells to sample the multi-dimensional parameter space (Sambridge, 1999a). The Voronoi cells are multi-dimensional regions in which the parameter space is subdivided (Voronoï, 1908; Figure 2). These convex polyhedral cells are defined as nearest neighbors under a predefined norm (usually l2-norm). The purpose is to find points (models) with acceptable values of the supplied objective function. A uniform random walk by a Gibbs sampler (Geman and Geman, 1984) is restricted to each Voronoi cell, while the conditional probability density function outside the cell is set to zero. Asymptotically, the samples produced by this walk will be uniformly distributed inside the cell regardless of its shape (Sambridge, 1999a). The direct search is basically independent of the initial sampling, self-adaptative, and driven by the models with the lowest objective function. Formerly implemented in receiver function studies to define the crustal seismic structure (Reading et al., 2003; Bianchi et al., 2008), the NA has been applied in other branches of geophysical non-linear inverse problems (Kennett et al., 2000; Snoke, 2002; Trasatti et al., 2015).
The objective function of the NA in VSM is the reduced chi-square, a l2-norm. For each set of parameters m, the synthetic surface displacements of the chosen forward model are computed dsyn(m). The objective function is defined as the measure of the discrepancy between observed data d and predictions dsyn as follows:
[image: image]
where σ is the uncertainty associated with data and N the number of data points of the given dataset. In the following, the data covariance matrix is considered diagonal, so it is assumed that the data points are independent and accompanied by their variance. Because more than one forward source can be considered, the total forward model dsyn(m) is the sum of the contribution of each source to the surface displacement field. In case of multiple data types, specific weights should be assigned (InSAR, wsar; GNSS, wgps; leveling, wlev; EDM, wedm; tilt, wtlt; strain, wsrn) as discussed in Section 2.1. The objective function [image: image] accounting for each misfit and relative weight is
[image: image]
where [image: image] is the objective function in Eq. 1 defined for each dataset and wset the corresponding weight (set = sar, gps, lev, edm, tlt, srn). VSM also computes the null reduced chi-square of each dataset, corresponding to Eq. 1 in the hypothesis of dsyn = 0:
[image: image]
[image: image] is a measure of the ratio between the signal and associated uncertainty, and it is indicative of the goodness of fit when Eq. 1 is calculated.
The NA requires a few parameters ruling the inversion: the number of samples (Voronoi cells) for each iteration (p1), the number of cells to be re-sampled among those providing the lowest misfit (p2), and the total number of iterations (p3). In VSM, the NA search module is taken from the PyPI package (https://pypi.org/project/neighborhood/). The NA original routine has been modified to manage parameters that are fixed a priori.
2.3.2 Bayesian Inference
The Bayesian approach relies on the Bayes theorem to determine the posterior probability density of the model output, given a known prior probability distribution on the unknown parameters. The Bayesian inference is a probabilistic approach often used to solve non-linear and non-unique inverse problems (Tarantola, 1987). Typically, Markov chain Monte Carlo (MCMC) simulations are adopted to approximate the distribution of posterior parameters (Mosegaard and Tarantola, 1995). The prior distribution p(m) accounts for previous knowledge about the parameters m before the collection of the experimental data. It may come from independent geophysical data, and it is typically a uniform distribution between the minimum and maximum values for a given parameter (the distribution is assumed as 1 within the range of search defined for each parameter and 0 outside). The likelihood function summarizes in probabilistic terms the distance between the experimental data d and the simulated solutions for a given set of parameters m, as p(d|m), and it is usually expressed in logarithmic terms as log-likelihood:
[image: image]
where [image: image] is defined in Eq. 1.
Furthermore, in this case, the total likelihood is the sum of that of each dataset. Following the NA approach, the likelihood is first computed for each dataset, and then the results are combined with their respective weights to obtain the total likelihood [image: image]:
[image: image]
where [image: image] is the same as in Eq. 4 for each dataset and wset is the corresponding weight (set = sar, gps, lev, edm, tlt, srn). Finally, based on the Bayes theorem, the posterior probability function [image: image] is simply given by
[image: image]
where log p(m) is the logarithm of the prior distribution.
The BI algorithm in VSM has been written ad hoc to deal with multiple probabilities deriving from each dataset. It uses the MCMC sampler Python library emcee (Foreman-Mackey et al., 2013), available at https://emcee.readthedocs.io, which is based on the affine invariant method (Goodman and Weare, 2010). The sampler in BI requires the definition of the number of random walks (p1) and the number of steps (p2).
2.4 Output of VSM
The output of VSM is listed in Table 3, including details on filenames and formats. Both inversion algorithms have in common the generation of 1) a log file containing the details about the specific run (setup of VSM, list of datasets with misfit associated, list of the forward models with a search range of each parameter, optimal parameters, etc.); 2) synthetic datasets computed in the same input data points; 3) generated an ensemble of models; 4) optimal parameters; 5) 1D and 6) 2D parameters marginal distributions; plots of 7) 1D and 2D distributions; and 8) the parameters’ sampling. Note that “optimal parameters” is a generic term referring to the best fit for NA and the mean values for BI.
TABLE 3 | Output of VSM based on the sampling algorithm selected.
[image: Table 3]3 USE OF VSM
3.1 Modules of VSM
The VSM package is composed of several modules (Figure 3). Necessary files are VSM.py, VSM_search.py, and VSM_forward.py. The core of VSM is VSM.py. It reads the setting of the current run, reads the data, sets up the sampling algorithm, performs the BI, and writes the output listed in Table 3. The NA inversion is performed by the module VSM_search.py. It is not included in the VSM.py main script to keep it as close to the original as possible. The forward models available are collected in VSM_forward.py.
[image: Figure 3]FIGURE 3 | Scheme of the VSM modules. VSM.py is the main module for input, computation, and output. It interfaces with VSM_forward.py and VSM_search.py. VSM can be launched by the GUI, by the terminal or any script (e.g., VSM_test.py), and by a Jupyter Notebook script (e.g., VSM_writeinput.ipynb). Post-processing routines are provided in VSM_utilities.py and VSM_utilities.ipynb.
The user can interact with the GUI, VSM_GUI.py. It has been developed based on the Tkinter package (a standard Python interface to the Tk GUI toolkit). Both Tk and Tkinter are available on most Unix platforms and Windows systems. Furthermore, the use of the Tkinter.ttk module provided access to a wider range of Tk-themed widgets, maintaining portability. VSM_writeinput.ipynb is a step-by-step guide to setup the inversion with VSM with explanations and instructions in the Jupyter environment. Finally, an additional file (VSM_utilities.py) is provided to perform post-processing. It contains code to compute the volume variation of a point-source sill-like source (Amoruso and Crescentini, 2013), volume variation of a finite volume sphere and spheroid (Battaglia et al., 2013b), dislocation vertices, and trace coordinates to plot parameter marginals (using a different number of burn-in models or different file formats, e.g., vectorial) and comparisons among observed, calculated, and residual data. Similarly, VSM_utilities.ipynb provides instructions and code to perform such post-processing analysis in the Jupyter environment.
3.2 Detailed Input of VSM
VSM requires a simple text file to run, reporting all the information needed in the correct order. The text is read line-by-line, and Figure 4 reports the screenshot of a typical VSM input file. The first 17 lines are standard, whereas the rest is based on specific choices. The input consists basically of three parts, as shown in the first block of Figure 2: geodetic data input details, forward model setting, and inversion setting.
[image: Figure 4]FIGURE 4 | Screenshot of a typical VSM text input file with side descriptions. See the list in the main text for detailed explanations.
The structure of the input file for VSM is as follows:
- 1st line: path to the output folder: the input text file is strongly suggested to be located in the same folder.
- 2nd–7th lines: name with a path of each geodetic data file. The order of the six geodetic data types is InSAR, GNSS, leveling, EDM, tilt, and strain data. Lines for lacking data types should report “None.” As VSM supports multiple SAR data files, they should be listed in the same line separated by a space. See Section 2.1 and Table 1 for details on formats and units.
- 8th–13th lines: weights assigned to each dataset (the same order as data files).
- 14th–15th lines: elastic constants of the medium, shear modulus μ (unit is Pa), and Poisson’s coefficient ν, respectively.
- 16th line: number of sources composing the forward model.
- 17th line: source identifier of the (first) chosen analytical source. See details in Section 2.2 and Table 2.
- 18th line and following: minimum and maximum values of the chosen source’s parameters, in the correct order (see Table 2 and documentation). A third column of text can be added to report the parameters’ name; this is not read by VSM.
- If more than one source is chosen at line 16, additional lines define the source identifier (as in line 17) followed by the related parameters’ ranges (similar to line 18 and following).
- After the forward model setting, a new line defines the choice of the sampling algorithm: 0 for NA or 1 for BI.
- The following two lines define the sampling parameters (Figure 2 and details in Section 2.3). The first line reports the number of samples and the re-sampling for each iteration of NA (p1 and p2), or the number of random walks for BI (p1); the second line identifies the number of iterations for NA (p3), or the number of steps for each random walk for BI (p2).
- The last line defines the number of burn-in samples for the output plots (Table 3 and Section 2.4). This value is arbitrary and aimed at excluding the first part of the search from the plots. Default is 2000; no plots are provided if this value is set to −1. The plot can be re-drawn using the VSM utilities.
This text file can be written by the user in a plain text file or created following the procedure in VSM_writeinput.ipynb (Figure 3) or using the GUI, whose screenshots are shown in Figure 5. After the main window (a), three tabs guide the user to input data (b), forward models (c), and inversion setup (d). Additional pop-ups appear to insert specific information based on the user’s choice.
[image: Figure 5]FIGURE 5 | (A) Screenshot of the initial window of the GUI and the menu windows for (B) data input, (C) forward models setup, (D) inversion setup.
3.3 How to Launch VSM
There are three ways to launch VSM (Figures 3–5), with or without the input text file described in Section 3.2:
- From a script (e.g., running VSM_test.py) with an input text file.
- By the GUI, launching VSM_GUI.py from a terminal (Figure 5). In this case, VSM can either read an input text file or ingest the setup from the windows.
- By a Jupyter Notebook. There are two notebooks provided. VSM_writeinput.ipynb that writes the VSM input file and launches the VSM. The other, VSM_utilities.ipynb, contains instructions to simply run the code provided that the input file has been already created.
VSM is launched in two steps: the first, using the module VSM.read_VSM_settings(), reads the input text file if this mode is used, and the second launches VSM once the input has been ingested using the module VSM.iVSM(). These instructions are implicit while running the GUI. Regardless of how the input was created and VSM launched, at the end of the run, the log file VSM.log reports in its final lines the VSM-style input text file such as that shown in Figure 4. Furthermore, the VSM setting inserted from the GUI or a Jupyter Notebook is stored in a VSM input text file in the same output folder.
4 CASE STUDY AND COMPARISONS
Extensive testing of VSM is performed on the Campi Flegrei (CF) (Italy) caldera 2011–2013 unrest using all the forward models available. The performance of VSM is tested using a multi-technique dataset consisting of two-orbits InSAR and GPS data, and changing the forward model, the number of unknowns, and the inversion method. All the tests are stored in https://github.com/EliTras/VSM_test and summarized in Table 4. In addition, an application of VSM to the 2011 Van earthquake (Turkey) M7.1 can be found in Trasatti and Tolomei (2022). Further testing on other volcanic areas of the world is collected in Trasatti (2022).
TABLE 4 | Details on the tests performed (available at https://github.com/EliTras/VSM_test). The description of the model parameters is reported in Table 2.
[image: Table 4]Campi Flegrei caldera (Italy) is a volcanic district nearby the city of Naples (Rosi and Sbrana, 1987; Orsi, 2022). Spectacular ground level variations are reported at CF across the centuries, up to tens of meters (Di Vito et al., 2016; Isaia et al., 2019). A large unrest episode occurred during 1982–1984, accompanied by a 1.8 m vertical uplift in Pozzuoli, in the caldera center (Orsi et al., 1996). A slow deflation phase began in 1985, interrupted by minor uplift episodes of a few centimeters, seismic swarms, and degassing episodes. Since 2005, CF has been uplifting again. An increase in the ground velocity occurred during 2011–2013, showing up to 9 cm/yr in 2012 in the caldera center (Amoruso et al., 2014b; D’Auria et al., 2015; Trasatti et al., 2015). We consider the surface deformation obtained by two-orbits datasets of COSMO-SkyMed satellite images (from ASI, the Italian Space Agency) and GPS data from the Neapolitan Volcanoes Continuous GPS (NeVoCGPS) network managed by INGV-Naples related to 2011–2013 (Figure 6). Details about the data analysis are reported in Trasatti et al. (2015). Before using VSM, the InSAR data have been downsampled, consisting of 2,713 and 2,817 data points in the ascending and descending components, respectively. GPS data consist of 3D measurements on 14 benchmarks.
[image: Figure 6]FIGURE 6 | LOS cumulative displacements in (A) ascending and (B) descending orbits from the COSMO-SkyMed archive between 31 May 2011 and 5 May 2013 at CF. Horizontal and vertical GPS components are reported in (A) and (B), respectively. In panel a, the outer/inner rims of the CF caldera are shown with open/full triangles. The GPS stations are listed in (B). WGS-84 UTM projection, zone 33.
The data collected are preliminarily inverted by VSM using a Mogi source. The medium is characterized by μ = 5 GPa and ν = 0.25. An issue arising since the first test is the weight to be assigned to the multi-technique datasets, considering that [image: image] = 30.2 for the InSAR datasets and [image: image] 933.8 for GPS data. This 30-fold difference is not surprising because data from GNSS networks have a very low error associated and, therefore, high null chi-square, whereas InSAR data consist of many data points with 1D geometry (LOS) and lower accuracy. The NA inversion, running without a specific weight between InSAR and GPS, provides misfits of 5.1 and 13.7, respectively, with a reduction of misfit of 83.1% for InSAR and 98.6% for GPS (test “mogi1NA”). The likelihood estimation of BI (Eq. 4 and following) differs from the objective function of NA (Eqs 1, 2). This leads to a different misfit computed for the mean set of parameters of BI (test “mogi2BI”), equal to 4.8 for InSAR (84.1% reduction) and 26.6 for GPS (98.5% reduction). In order to obtain a better fit with GPS data, the weights are set to 1 for InSAR and 5 for GPS during the BI (“mogi1BI”), achieving a misfit of 5.0 for InSAR and 15.0 for GPS, similarly to the test with NA. These weights for the BI are kept constant in all the following tests. However, because this choice is arbitrary, other weights among the datasets may be acceptable.
The following data inversions have been performed adopting a sill-like source, according to previous findings at CF (Amoruso et al., 2014a; D’Auria et al., 2015; Trasatti et al., 2015). The tests performed with both NA and BI show similar performance to the samplings (Figure 7). The BI parameter marginal distributions are less scattered with respect to NA. Both samplings reveal a hyperbolic trade-off between the radius and ΔP/μ. The corresponding tests are “sill1NA” and “sill1BI.” Data cannot constrain these parameters univocally because the marginal distributions evidence their nearly hyperbolic relationship. Values within the 2D high-density area provide a statistically equivalent data fit. Consequently, because this area is in the range of 600–1,400 m for the radius, the radius is fixed at 1 km. The tests running with the remaining four free parameters of the sill are set with 12 iterations and 1,000 samplings (and 300 re-samplings) for NA, and 8 random walks and 8,000 steps for BI. Therefore, a total of 12,000 and 64,000 models are generated by NA and BI, respectively. These tests (“sill2NA” and “sill2BI”) are also accompanied by Jupyter Notebooks (available at https://github.com/EliTras/VSM_test/tree/main/USECASE/sill2NA and https://github.com/EliTras/VSM_test/tree/main/USECASE/sill2BI). The resulting reduced chi-square misfits amount to 5.8 for InSAR and 34.7 for GPS (20.2 in total) for NA, and 4.5 for InSAR and 43.7 for GPS (37.1 in total) for BI. The BI provides a higher misfit, but the reduced chi-square is computed a posteriori as an indicator of goodness of fit, and it is not actually ruling the sampling. The results are reported in Figure 8 and Table 5. The uncertainty associated with each best-fit parameter for the NA inversion has been computed from the half-width of the frequency density (e.g., Sambridge, 1999b; Trasatti et al., 2015), whereas mean values and standard deviations are a result supplied by the BI.
[image: Figure 7]FIGURE 7 | Summary of the 1D and 2D parameter marginal distributions for NA (red lines, best-fit dashed lines) and BI (black lines, mean parameters dashed lines) for the sill-like source (Fialko et al., 2001) with all the five parameters estimated. Corresponding tests are “sill1NA” and “sill1BI.”
[image: Figure 8]FIGURE 8 | Summary of the VSM results for NA [group (A)] and BI [group (B)]. 1D and 2D parameter marginal distributions and comparisons with data. The maps show the residuals (data minus optimal model) with the InSAR data, whereas GPS data and model are reported with black and red arrows, respectively. The sill-like source is reported with an in-scale grey circle on the maps.
TABLE 5 | Results of the VSM inversions of the sill-like source at CF using NA and BI.
[image: Table 5]Both inversions retrieve a sill located beneath Pozzuoli, at slightly less than 4 km depth. The inverted parameters are compatible with their uncertainty. In particular, sill centers are almost coincident, whereas a larger relative uncertainty affects the ΔP/μ estimate. Similarly, the volume variation amounts to ΔV = 7.6 ± 0.8 106 m3 for NA and 6.6 ± 0.2 106 m3 for BI. These results are compatible with previous findings for the same period (Amoruso et al., 2014a; D’Auria et al., 2015; Trasatti et al., 2015). Figure 8 shows the 1D and 2D parameter marginals obtained by NA and BI. The 1D parameter distributions are characterized by single-density maximum and the presence of a limited trade-off with positive trending between depth and ΔP/μ. The BI inversion retrieves distributions much more concentrated on the global minimum than the NA, as reported in Figure 7. Therefore, the BI inversion is very focused, and the associated standard deviation is lower than the uncertainty retrieved by NA. As a result, the parameters retrieved by the two inversions show uncertainties scaling by even one order of magnitude (Table 5). The standard deviations are actually very small, amounting to a few tens of meters for the source center position. From one side, it means that the MCMC sampling method converges faster to the global minimum zone than the direct search of the Voronoi cells. On the contrary, in the case of a higher number of parameters, a lack of exploration of BI cannot be excluded, with potential trapping in local minima of the parameter space.
Figure 8 shows comparisons between observed and synthetic data. NA and BI similarly fit the data. The ascending dataset shows a better fit in average than the descending one because positive and negative residuals are present. However, the descending orbit data are mainly overestimated, with a predominance of blue in the residuals. The GPS measurements are reproduced with similar performances.
4.1 Performance of VSM
The performance of VSM is tested with a total of 22 runs implementing the six forward models available and different settings, using both NA and BI (Table 4). All the runs are performed using an Apple iMac (processor 4 GHz Intel core i7, memory 16 GB DDR3 1,600 MHz). Inversions are set up to avoid as much as possible to trap into one of the potentially multiple local minima. The tests are performed considering a conservative number of total samples generated to evidence the similarities and differences between the NA and BI. To perform a fruitful search of the parameter space, in some inversions, the number of free parameters has been lowered or their range narrowed.
Figure 9 reports the results of the inversion in terms of performance, considering the number of parameters, the type of the forward model, and the misfit for each type of data for NA and BI. The execution time (Figure 9A) is very low for simplified analytical formulations such as the point-source sphere, the finite volume sphere, and the moment tensor. However, it increases for forward models with more complex analytical formulations such as dislocation and spheroid, with the largest computational time required by the penny-shaped crack involving numerical integration. In general, for the same forward model, if one or more parameters are fixed, the execution time reduces. Furthermore, the NA inversion systematically requires a longer execution than the BI; even if to obtain acceptable parameter marginals, the NA needs fewer samplings. In the tests discussed, the ratio between the total samples for similar tests generated by BI versus NA is between 3.5 and 8. Figure 9B shows that the misfit of GPS data (open squares and diamonds) is systematically worse than with InSAR (full squares and diamonds), not surprising due to the null test discussed above, evidencing the higher signal-to-noise ratio of the GPS dataset. BI inversions also provide misfits with GPS systematically worse than NA (open diamonds and open squares, respectively), evidencing the need for weight among GPS and InSAR and suggesting that weights even higher than five may have been associated with GPS. This feature is not so evident for InSAR data because the misfits are quite low and range between 3.8 and 6.0.
[image: Figure 9]FIGURE 9 | Comparisons among different forward models using the NA and BI. (A) Execution time for 1,000 samples versus the number of parameters. The same forward model is used with some parameters fixed. (B) Comparisons among misfits from NA and BI considering InSAR and GPS data. Colors for the sources are as in (A).
Figure 10 gathers the optimal parameters from most of the inversions. The volume variation is derived using the VSM utilities for all the sources except for Mogi because it is one of the inverted parameters. The uncertainty is computed from those associated with the parameters involved by error propagation. For the dislocation model, the center and its uncertainty are derived from its top-left corner and dimensions. The results from the moment tensor source require further analysis to retrieve the principal moment values and obtain the volume variation of the equivalent ellipsoid (Amoruso and Crescentini, 2013). The parameters and the volume variation are affected by large uncertainties. Therefore, only the tests with Easting and Northing fixed are shown. In Figure 10, the retrieved geographical locations of all the sources are compatible within the confidence interval included in a range of variability of 160 and 360 m, respectively. For all the models presented, depth and volume variation show larger fluctuations. The depth ranges from 2,600 to 2,700 m (spherical sources), 2,900 m of the spheroidal source, and 3,000–3,500 m for the moment tensor (the latter with large uncertainty) to about 3,900 m for sill and dislocation based on the different settings. The shallower depths retrieved by the isotropic finite volume or point sources with respect to other model geometries are already known (Trasatti et al., 2011). Accordingly, a similar variability can be observed for the volume variation. Sources such as sill and dislocation, being deeper, have larger volume variation associated with respect to the spherical and spheroidal sources. The difference in the retrieved volume variations is outside the parameter uncertainty associated and amounts to 30%–40%. The derived volume variations for the equivalent ellipsoid are within the values retrieved by the other sources, although affected by large uncertainties. As a last comment, the different sampling methods do not show biases in the retrieved optimal parameters. Results obtained with the same forward model and parameters setting performed by NA or BI are compatible. It is confirmed that BI retrieves much smaller confidence ranges with respect to NA, as already pointed out in Figures 7, 8.
[image: Figure 10]FIGURE 10 | Retrieval of the (A) east and (B) north coordinates of the source center, (C) depth, and (D) volume variation by NA and BI, based on different forward models and setting (the labels in the abscissa refer to the test names). Details in Table 4.
4.2 Choice of the Inversion Method
The choice of using NA or BI and its specific setting is made by the user. Nevertheless, the suggested best practice is to perform several runs with both, comparing and cross-checking the results. For approximately the same number of models generated, NA offers a wider search of the parameter space and a shorter execution time. On the other side, it may reach the global minimum more slowly. Generally, the BI should be set up with a number of walks greater than twice the number of free parameters. Nevertheless, the execution time of BI is usually longer than NA because the sampling requires many walks and many steps, amounting to several times the samples generated by a reasonably good NA inversion, considering the same data and forward model settings. These comments are very general because each dataset, number of data points, and signal-to-noise ratio rule the inversion process in a different and nearly unpredictable way. Furthermore, the global minimum may be very or poorly attractive, or there may be several minima equally fitting the data, or there may be a wide range of models with similar significance in terms of data fitting. Akaike’s information criterion (AIC) can compare the quality of a set of statistical models to each other (Akaike, 1974). It may address the significance of improvement/worsening of data fit using a different number of parameters or different forward sources among those available in VSM.
The combination of multiple datasets and arbitrary weights has different impacts on the NA and BI due to the intrinsic difference in the approach and sampling algorithm. The case study has shown that different weights between InSAR and GPS in NA and BI were required to achieve a similar level of data fitting. In general, after enough attempts, the results of both methods should converge to compatible global minima, as shown in Figure 10, if the runs are adequately set up. The comparison among chi-squares obtained with different setups and with the null chi-square (see Section 2.3.1 and Table 4) is another indicator of the suitability of the chosen setting for the inversions. Because the null chi-square is a measure of the signal-to-noise ratio of each given dataset, it may help select the relative weights in the case of multiple datasets, as discussed in the application at CF for InSAR and GPS data. Leveling data are often characterized by low uncertainty associated and, therefore, a high [image: image], requiring a careful choice of the weight if adopted in combination with other datasets. First-derivative data such as borehole tilt and strain are very sensitive to source migration. Usually, they are treated with particular care and not in conjunction with other geodetic data or with continuous GPS data at the most (Aloisi et al., 2020).
5 DISCUSSION AND CONCLUSION
VSM is an open-source Python tool to model ground deformations detected by many satellites and ground geodetic techniques, implementing the most common analytical source models used for this purpose. VSM provides geophysical scientists a user-friendly and practical toolkit to perform geophysical inversion modeling using Python scripts, the Jupyter Notebooks environment, or its GUI. VSM is available on GitHub (https://github.com/EliTras/VSM).
Recently, data assimilation techniques have been applied to InSAR data of volcanic and seismic areas (Bato et al., 2017; Rouet-Leduc et al., 2021). The huge amount of information from InSAR data is suitable for sequential data assimilation to disclose the temporal evolution of the deformation signal in areas characterized by natural hazards. The VSM tool is ready for data-driven applications, and its routines can be implemented in machine learning algorithms. Other planned future developments of the VSM code include the implementation of pre-processing routines for semi-automatic InSAR data downsampling, incorporation of Digital Elevation Models to account for topography, improvement of the GUI, and setup for near real-time applications. A possible further development may include linear inversions of slip distributions on faults and other deformation source models, such as the Compound Dislocation Model, composed of three mutually orthogonal rectangular dislocations with full rotational degrees of freedom (Nikkhoo et al., 2017). Finally, deformation and gravity changes are expected to correlate (e.g., magma/fluid intrusion or deployment causes surface gravity changes). VSM may be extended to account for additional forward analytical deformation models and gravity data by adding the related few analytical sources available (Trasatti and Bonafede, 2008; Nikkhoo and Rivalta, 2022).
The data covariance matrix is assumed as diagonal in VSM. This assumption may be an over-simplification for InSAR deformation data, which are typically affected by correlated errors. Neglecting these can impact the source parameter estimates (Sudhaus and Jónsson, 2009) because they affect the normalization of the likelihoods. In VSM, the weights among datasets and, therefore, the likelihood normalization are defined by the user. A planned development of VSM includes the implementation of hierarchical Bayesian inference to assess formal dataset weight determination (Bodin et al., 2012). This would avoid the definition of weights among datasets by the user. Moreover, the treatment of data covariance is one of the planned developments.
Surface deformations may originate from several phenomena occurring in the same area or region (e.g., volcanic and tectonic activity). Therefore, data inversion should consider any potential sources of deformation and model them accordingly, or, conversely, other signals not reproducible by the available forward models (e.g., a tectonic trend known by other studies) may be removed from the input data before the inversions (Silverii et al., 2021). Furthermore, local effects such as lava flow cooling (usually giving coherent patterns with InSAR) should be masked out. Geophysical prospecting and seismic tomography disclose structural heterogeneities of the crust that are not accounted for in the analytical models implemented in tools such as VSM. Nevertheless, this information can be considered in the model setup to fix the position and/or depth of the deformation source or shrink the parameter range. Indications from geophysical, volcanological, and geochemical studies may help define the position and/or shape of the source. Consequently, the inversions based on geodetic data may not retrieve the absolute minimum misfit because some parameters are constrained by independent data, but the results will be compatible with a priori knowledge of the area. In this way, analytical models are still largely used because they are easy to run and provide fast results that may be used in operative frameworks. Indeed, in the case of an earthquake, forward models may be generated from the first information available, for example, from the focal mechanism and using standard relationships (Wells and Coppersmith, 1994) to define the fault parameters. As soon as geodetic data are available, fast or preliminary data inversion may help localize the trace of the fault. The same applies to volcanic areas using continuous GNSS or borehole monitoring data to track magma intrusion (Cannavò et al., 2015; Beauducel et al., 2020).
To conclude, any emergency, being related to geohazards such as volcanic eruptions and earthquakes, or the global sanitary emergency started in 2020, prove that the need for open science is a matter of fact. Similarly, more transparency on how scientific knowledge is created, especially when science should guide crucial decisions affecting thousands to millions of people should be common practice. The FAIR (Findable, Accessible, Interoperable, Reusable, Wilkinson et al., 2016) principles have become reference criteria for scientific data management, also in the field of Earth Science. These criteria apply to a certain extent to any aspect of the scientific research cycle (Garcia-Silva et al., 2019; Bailo et al., 2020). Service resources such as open tools for scientific purposes and for operative frameworks with near real-time implementation are part of this ecosystem. VSM is inspired and compliant to these principles. The massive availability of remote sensing data, especially those open access (e.g., ESA’s Sentinel missions) or provided in the framework of global initiatives such as GEO-GSNL (Geohazard Supersites and National Laboratories https://geo-gsnl.org/), gave rise to a growing number of services for data analysis (e.g., the Alaskan Facility Service, the Geohazard Exploitation Platform or the LiCSBAS, Morishita et al., 2020). The future must embrace routine data exploitation, developing analysis capabilities of larger communities and sustaining the flow with international cooperation (Fernández et al., 2017). Modelling tools such as VSM are services to fully exploit these scientific products in many domains of Earth Science, from advanced scientific research to outreach, from implementation of near real-time monitoring data to under-monitored high-risk volcanic and seismic areas of the world.
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