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EXECUTIVE SUMMARY

The Vector Geology repository is an open-source platform that integrates various tools and
workflows for 3D geological modeling. It serves as a central hub for accessing and utilizing
geophysical, geological, and remote sensing data. The repository is designed to be flexible,
allowing seamless integration of diverse tools, which promotes collaboration and
customization for varied geoscientific applications. Developed collaboratively, the
repository includes well-established packages ensuring compatibility and fostering
community contributions.

The report covers key aspects of the Vector Geology Toolbox, including updates to
workflows since the previous deliverable, the development of new machine learning and
deep learning methods for data analysis, and advancements in dependencies like GemPy
and Subsurface. The outlook and conclusion sections summarize the project's progress and
future directions.

Introduction

The Vector project is a collaborative initiative aimed at advancing geoscientific research by
developing innovative tools and methodologies. A key component of this effort, Work
Package 4 (WP4), and one of its main objectives is to create an open-source platform that
facilitates geological modeling, offering researchers a unified space to store, analyze, and
interpret multisource data from other work packages. Task 4.1: Common Earth Models and
machine learning data fusion (TER, CSIC, HZDR, GFZ) centers on developing an integrative
system for handling the geological, geochemical, and geophysical data generated in WP2.
The goal is to produce reproducible scripts that contribute to the construction of "common
earth models," which provide a unified representation of subsurface structures and
properties based on diverse data sources. These models are essential for improving our
understanding of complex geological environments.

Open-source tools are central to the Vector project, aligning with Europe's FAIR objectives
of Findability, Accessibility, Interoperability, and Reusability. By making these tools freely
available, we promote open science, enhance collaboration, and increase the societal
impact of our work. This commitment extends beyond the Vector consortium, inviting
contributions from the broader geoscientific community and fostering an iterative cycle of
improvement.

To facilitate open access, all software packages within the toolbox are licensed under one of
three well-established open-source licenses: the European Union Public License (EUPL),
Apache License 2.0, or MIT License. These licenses were selected to balance openness with
necessary protections, ensuring compatibility with European initiatives while encouraging
reuse and community contributions. By adopting an open-source approach, we aim to
create a robust and extensible foundation for geological research, ultimately contributing
to a more collaborative and transparent scientific ecosystem.
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However, the development of this toolbox has faced certain challenges. Data licensing has
emerged as a significant issue, limiting the ability to share some datasets openly.
Additionally, some workflows in the Vector project rely on proprietary software, which
cannot be included in the open-source repository. These limitations have created barriers
to fully embracing open science principles and underscore the need for a stronger
commitment to open data standards in future work.

Despite these challenges, the Vector project remains committed to its mission of advancing
geoscientific research through collaboration and innovation. The progress made so far has
laid a solid foundation, and with continued collective effort, we are confident that the
project will make a lasting positive impact on the scientific community and contribute
significantly to our understanding of the Earth's complex subsurface systems.

Vector Geology Toolbox
Url: https://vector-raw-materials.github.io/vector-geology/

The Vector Geology repository is a comprehensive, open-source platform developed during
the Horizon Europe project, Vector, as a core component of Work Package 4 (WP4). It
integrates various software tools and data processing workflows to facilitate 3D geological
modeling by unifying multisource data. The repository ensures that all necessary
workflows are accessible within a cohesive framework for researchers interested in the
project's developments.
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Figure 1 A gallery of thumbnails showcasing a subset of examples developed as part of the Vector Geology Toolbox.
For the complete set, please visit the website and explore the full range of examples.

Serving as a central hub for geological exploration and research, Vector Geology brings
together a diverse set of geophysical and remote sensing data processing tools developed
by the consortium. It provides an environment for accessing, understanding, and utilizing a
broad suite of software packages, covering functionalities from data ingestion to advanced
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geophysical modeling and inversion. Designed more as an integration hub than a
standalone package, the toolbox supports seamless integration of various geoscientific
tools and workflows. Specific auxiliary functions used by each workflow are placed close to
the examples themselves, as they are not intended to be general-purpose. However, the
design aims to maintain a level of flexibility, allowing these tools to be adapted and
integrated into varied contexts as needed. This approach facilitates customization and
broader applicability across different scientific domains.

Developed collaboratively by multiple partners, each contributing their expertise, the
repository integrates diverse software packages while maintaining compatibility and
cohesive user experience. TER coordinates these efforts by maintaining the repository,
setting up the documentation framework, and standardizing partners' examples into a
consistent format. The collaborative nature of the project presented challenges, as each
partner had its own software stack and workflows. The framework allows each partner to
decide how much of their work to share and how to share it. We believe we have gathered
sufficient resources to represent a significant portion of the work developed in WP4 and
are confident that more examples and datasets will be added as results and published
before the project's conclusion.

The toolbox leverages both existing and newly developed software packages to create a
comprehensive geoscientific stack. Notable components include gempy for geological
modeling and probabilistic analysis, Subsurface for handling borehole data, and HyLiTE,
HKLearn, and HyCore for geophysical modeling. Using these open-source technologies
ensures compatibility with the broader geoscientific community and allows for future
extensions and contributions. By relying on well-established packages, we hope the code
will continue to be maintained by the community after the project's conclusion.

The toolbox's data workflow is designed to be flexible and user-friendly, beginning with the
ingestion of raw geological, geophysical, or geochemical datasets. Specialized readers and
parsers import these datasets into Python data structures compatible with subsequent
modeling steps. After ingestion, the data is processed and prepared for modeling through
data cleaning, interpolation, and transformation, depending on the data type and modeling
requirements.

The processed data is then used to construct 3D geological models representing subsurface
structures and properties of interest. Tools like GemPy allow users to define geological
units, faults, and other features based on available data. The toolbox supports geophysical
forward modeling and inversion, enabling users to simulate geophysical responses based
on their geological models and adjust the models to better match observed data.

Visualization tools like PyVista are used throughout the workflow to help users
understand the data, evaluate models, and communicate results effectively. Some
workflows conclude with data visualization, while others proceed to advanced analysis or
the construction of 3D models through interpolation or inversion.

The repository's examples and case studies are based on anonymized legacy datasets,
"Model 1" and "Model 2," to comply with data licensing agreements and protect sensitive
information. This approach demonstrates the toolbox's capabilities while respecting
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confidentiality requirements. The platform also offers tutorials guiding users through
various stages of data modeling—from initial data input to sophisticated inversion
techniques—using specialized tools like SImPEG and GemPy (Cockett, Kang, Heagy,
Pidlisecky, & Oldenburg, 2015). The structural modeling section helps users translate raw
data into detailed geological models, bridging geophysical measurements and subsurface
visualizations.

The documentation for Vector Geology has been developed using Sphinx and Sphinx-
Gallery (nyelvek, 2010), directly generating example galleries from the project
documentation. This ensures that the documentation remains current and aligned with the
latest software updates. It allows for the integration of linked examples from other libraries
and provides a comprehensive view of the tools available within the Vector consortium.

The toolbox offers several key workflows, each contributing specific functionalities:

e Readers and Parsers (TER): Responsible for importing datasets provided by
different partners, including OMF files and CSV datasets, ensuring all data is
correctly formatted for subsequent modeling workflows. TER has contributed
significantly to this module, ensuring compatibility of diverse datasets.

e Machine Learning Methods for Geophysical Data (CSIC): Focuses on analyzing
petrophysical data using advanced machine learning techniques to process raw
data, identify patterns, and derive insights for constructing common earth models.
CSIC developed methods to understand petrophysical properties, identify and
address anomalies, fill data gaps, and extrapolate properties across various wells.

e Structural Modeling (TER): Allows users to build models from raw data or modify
existing structural models using GemPy. This module provides capabilities for
constructing detailed 3D subsurface representations, supporting both new model
creation and modifications. TER developed initial examples using a Bayesian
framework for data integration.

i

Figure 2 Example of a structural model built in GemPy after importing borehole data from WP2 using Subsurface. For
the complete tutorial, visit the this link.

|

o Visualization Tools (TER): Integrates tools like PyVista to help users visualize and
understand analysis results effectively. Visualization is crucial for interpreting
complex data and communicating results to stakeholders. TER developed
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visualization workflows to ensure generated models are accessible and
comprehensible.

o Geophysical Modeling (TER, HZDR): The geophysical modeling module
encompasses both forward modeling and inversion workflows, providing a
comprehensive set of tools for simulating geophysical responses and adjusting
geological models to match observed data. This module includes contributions from
various partners, including TER and HZDR, and supports different modeling
approaches to enhance the interpretation of geophysical datasets. HZDR has
contributed examples of gravity inversions, which serve as a reference for other
partners. The toolbox also provides several geophysical inversion workflows,
contributed by different partners, serving as templates to help users engage with
the inversion process in a transparent manner. One notable example is the
Petrophysically and Geologically guided Inversion (PGI), used to invert subsurface
density models from Full Tensor Gradiometry Gravity (FTG-G) data. This approach
demonstrates how petrophysical models can inform the inversion process, leading
to more accurate representations of subsurface structures.

e Deep Learning for Hyperspectral Data (HZDR): HZDR developed deep learning
methods for interpreting hyperspectral data, transforming it into petrophysical
properties that enhance geological models, thereby improving the quality of
common earth models.

e Probabilistic Modeling (TER): Introduces novel approaches for integrating
different data sources into geological models by incorporating uncertainty into the
modeling process. TER played a key role in developing Bayesian methods for this

purpose.
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Figure 3 Example of probabilistic modeling for structural models. The figure shows multiple possible realizations of a
synthetic model, assuming uncertainty in one of the points. For the complete tutorial, click here.

To ensure compliance with open-source policies and facilitate broad usage of the toolbox,
all software packages included in the Vector Geology repository are licensed under one
of three open-source licenses: EUPL, Apache License 2.0, or MIT License. Each of these
licenses has been chosen to provide an appropriate balance between openness and
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protection for both developers and users. The EUPL is particularly suitable for projects
aligned with European open science initiatives, while the Apache and MIT licenses offer
additional flexibility for reuse and contributions from the wider community. Steps have
been taken to ensure that all contributions comply with the chosen licensing models,
including regular reviews of the codebase and collaboration with legal experts to address
any potential issues. By adhering to these open-source licenses, the Vector project ensures
that the toolbox remains accessible, reusable, and adaptable for future research efforts.

Updates in workflows from previous deliverable (D.4.2)

Since the previous deliverable, the toolbox has undergone significant updates to expand its
capabilities. In this chapter, we introduce two new workflows that have been integrated
into the toolbox, aimed at enhancing our approach to petrophysical data analysis and
prediction focusing into these new methodologies, detailing their development,
implementation, and some insights gained from their application.

Modeling and Propagation of Petrophysical Data for Mining Exploration
[CSIC]

The dispersion and scarcity of petrophysical data are well-known challenges in the mining
sector. These challenges extend across all stages of mineral exploration and resource
development, affecting the ability to characterize subsurface properties accurately. These
issues are primarily driven by economic factors, but also by geological considerations (such
as sedimentary cover, weathering, erosion, or the depth of targets), geotechnical aspects
(e.g., slope or borehole stability), and even technical limitations or data availability. While
some of these technical limitations have been resolved in other industries (for instance,
sonic logs are commonly used in oil and gas), they remain absent in mining.

To address the challenge of sparse and incomplete petrophysical data in the mining sector
we have developed three workflows that tackle these issues through a suite of open-source
Python tools. These tools support researchers in the initial exploration, visualization and
integration of data from diverse sources, filling gaps caused by technical limitations, and
ultimately enabling the complete modeling of missing properties (through standard and
more advanced machine learning-based models). We applied these tools to both, recently
acquired and legacy petrophysical data of two cores northwest of Collinstown (County
Westmeath, Province of Leinster), Ireland, located 26 km west-northwest of the Navan
mine. This case study demonstrates the flexibility and applicability of these tools, which
can be adapted to various geological settings and types of mining data from any location.

The first task was the Exploratory Data Analysis (EDA) of new petrophysical data resulting
from measurements conducted on cores from two mining boreholes (TC-1319-008 and TC-
3660-005) at Collinstown. This EDA also involved the integration of new petrophysical
with legacy data (whole rock geochemistry, XRF, magnetic susceptibility, and GR) and other
newly data (stratigraphic logging and Vs from passive seismic survey), all of which are
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crucial in understanding the true nature of the anomalies found in the petrophysical data.
The main specific findings or observations of this first task are:

e The observed density (Den) anomalies (> 5 g/cm3) are not real, they result from the
inability to cut the cores during the measurement, causing them not to fit in the
water container of the Explorer EX1103 device, which generated abnormal densities
in the longer cores.

Correlation Matrix

1.00
- 0.75
= =
§--0.

-0.12 | -0.2 -0.093 -0.012 -0.072
0.50

gj—-O.Zl 0.46 0.046 -0.15 -0.1 -0.16 0.089

1

-0.093 -0.1 —0.0330.0039.—0‘042

70 012 -0.16 -0.089 .ﬁ
-0.75

ﬁ -0.072 0.089 -0 042ﬁ-
- —1.00

From en Res

0.25

-0.00

--0.25

—0.50

Ip

Figure 4 Correlation matrix of the petrophysical variables. The low correlation in Den-Vp affects further calculation.

e Compressional velocity (Vp) and shear velocity (Vs): low anomalous values in these
properties (below 3000 and 1000 m/s, respectively), and their location, are
associated with the presence of fractures in the cores.

e Magnetic Susceptibility (Mag): the very high anomaly (93.9) in this property must
be deleted because this value is above the range of the KT-20 measuring equipment.

e Resistivity (Res) and Ip (Induced polarization): we see no reasons to discard
outliers of these properties.

A more general observation is related to the low correlations among the petrophysical
variables (Fig. 4). The highest correlation (0.46) is found between of the Den-Len (density-
length) pair, and the lowest (-0.66) is between the Res-Ip pair. The low correlation between
the Den-Vp pair is noteworthy, affecting subsequent operations with these properties.

After completing the Exploratory Data Analysis (EDA) and integration of data from
Collinstown, the next major task was to identify and eliminate any anomalies in the dataset.
Following this, all gaps (both the original and those created by removing anomalies) were
filled using various methods, including imputation techniques, empirical formulas, and
basic machine learning models such as linear and nonlinear models. Each approach was
evaluated, and the best-performing method was used to fill the gaps, providing a corrected
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and complete set of petrophysical data for further analysis. Some of the observations that
emerged from this phase are:

Anomalies represent 0.5% (18) of the original data, and after removing them the
total proportion of gaps increases to 4.3% (142).

The metrics of the general imputers - those that fill gaps of all variables at the same
time - favor the Normalized Interactive imputer (nii). However, K-Mean Neighbors
imputer (knn), Interactive imputer (ii), and Normalized K-Mean Neighbors imputer
(nknn) provided similar results. In the end, the gaps or NaNs in the dataset
(features2) were filled with the nii (features3) because it proved to be the best
option (Table 1).

The poor correlation (Fig. 4) or low covariance between density (Den) and velocity
(Vp) is evident as a vertical trend in the Den vs. Vp plot (Fig. 5). This lack of
correlation impacted calculations involving these variables, such as Gardner's
empirical equation for Vp (VpG) from Den (another alternative to impute Vp), which
yielded a negative R? value (Table 1), even after filtering out data points that did not
follow the increasing trend of Den and Vp.

Filtering the Den and Vp values that deviate from the increasing trend allows us to
obtain positive but very small R? for the Linear Regression (LR) and the Non-Linear
Fit (NLF) machine learning (ML) algorithms, which use all variables for the
estimation of the missing Vp values.
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Figure 5 Den vs. Vp plot in both boreholes, without anomalies. The vertical trend can be seen around 2.7 g/cm3
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Table 1 Metrics of different filling methods. Other imputers are Mean (mean) and Normalized Mean (nmean).
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METHOD TYPE NORM. SUM OF RESIDUAL MAE MSE RMSE R?
MEAN Imputer No 1780 395 256363 506 -0.005
II Imputer No -1106 309 163029 404 0.361
KNN Imputer No -491 310 168360 410 0.340
NMEAN Imputer Yes 1780 395 256363 506 -0.005
NII Imputer Yes -646 296 160690 401 0.370
NKNN Imputer Yes -924 299 166131 408 0.349
VPG Empirical No -25590 296 162331 403 0.094
LR Simple ML No -664 321 152577 391 0.003
NLF Simple ML No -672 321 152447 390 0.004

After filling the gaps in the petrophysical dataset of Collinstown, the third major task
focuses on modeling entire missing variables, such as the Gamma Ray (GR) legacy
measurement, by ML algorithms. This variable is available in only one of the available
boreholes. The aim is to use the available GR data to train a ML model and then predict and
extrapolate the GR to other borehole where this measurement is missing.

e This objective first involves merging or the legacy GR of the borehole TC-3660-008
with its corresponding petrophysical data, which was archived by combining a
Butterwort filter and a down sampling function. This step ensures that all relevant
variables are integrated into a comprehensive dataset, providing a complete set of
input features for the ML models.

e With the data already merged, we proceeded to split the data for training and
testing the nine regression models, from the simplest linear regression to the
complex Extreme Gradient Boosting. After applying cross-validation to ensure
consistency, Linear Regression (LR) emerged as the top-performing model with an
R? of 0.265, followed by Ridge Regression (R) with an R? of 0.256, and Lasso

Regression (L) with an R? of 0.247 (Table 2).

e The legacy GR data and major formation tops from borehole TC-3660-008 provide a
reference for comparing the new ML-generated GR in borehole TC-1319-005. While
the Linear Regression (LR) model achieved a higher R? score, the GR predictions
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generated by the XGB model (with an R? of only 0.170) more closely follow the
patterns observed in the reference borehole TC-3660-008 (Figure 6).

e More complex models, such as Extreme Gradient Boosting, provided higher
predictive accuracy following the pattern of the reference GR, but simpler models
like Linear Regression offered better interpretability. This trade-off between
accuracy and interpretability is a crucial consideration for practical applications in
mining data analysis.

e The coefficients in the Linear Regression model (Table 3) indicated that variables
such as Den and Mag significantly impact the target variable (GR), demonstrating
strong correlation and critical roles. In contrast, Vp and Res were less important,
contributing minimally to the model's predictions.

GR and Formations in Boreholes
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Figure 6 : GR, filtered GR (trackl) and major formation tops (track 2) in reference TC-3660-008 borehole. ML
generated Gamma Rays (track 3) and major formation tops (track 4) in TC-1319-005 borehole. LR: GR generated by
Linear Regression. XGB + 40: GR generated

The analysis of the petrophysical dataset from Collinstown highlights challenges related to
data dispersion and scarcity, as well as the potential of ML tools to enhance the value of
mining data.

VECTOR - Deliverable 4-3 -Open-source toolbox for 3D modeling of multisource data
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Data dispersion, particularly in Den and Vp, complicates the generation of accurate models
and reflects the inherent heterogeneity of the subsurface. Variations across boreholes and
core samples, along with some false anomalies from measurement issues, must be
addressed to ensure data integrity and reliable modeling. Low correlation (or low
covariance) in the dataset, resulting from fractures and methodological limitations, leads to
models with low R? values.

ML algorithms and Python-based tools have proven valuable for integrating legacy data
with new sources, thereby improving dataset quality. Techniques such as imputation and
regression modeling help fill gaps and enhance the resolution of petrophysical properties.
Overall, ML tools present significant opportunities to improve legacy data and support its
integration with new datasets, leading to more accurate mining models.

This analysis demonstrates the effective use of open-source Python tools and ML models to
address incomplete and sparse petrophysical data in mining exploration. This adaptable
workflow can be applied across various geological contexts, benefiting other mining
projects as well.

Multiphysics property prediction from hyperspectral data using deep
learning [HZDR]

This chapter describes a systematic workflow designed to predict petrophysical
properties—slowness, density, and gamma-ray counts—from hyperspectral drill core data
using deep learning. The process integrates hyperspectral imaging, data preprocessing, co-
registration, and a convolutional neural network (CNN) architecture for high-resolution
subsurface predictions.
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Figure 7 Hyperspectral pre-processing pipeline. The images on the left show an example set of core scans, with the
long-wave infrared being shown at the top as a false color composite. The red rectangle is an example window
measuring 100 pixels wide by 50 pixels tall, centered along the core. The spectra within this window are averaged
(using a median), and hull-corrected to give the spectrum on the right.

Hyperspectral data are captured across three spectral ranges: VNIR-SWIR (380-2500 nm),
MWIR (2700-5300 nm), and LWIR (7700-12300 nm), providing mineralogical and textural
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information. Petrophysical data (slowness, density, and gamma-ray counts) are obtained
via geophysical well logging. Preprocessing (Figure 7) involves:

Noise Removal: Eliminating unreliable spectral bands.
Hull Correction: Enhancing absorption features and reducing artifacts.

Resampling: Aggregating spectral data to match the spatial resolution of the
petrophysical logs.

Given the disparity in resolution between hyperspectral and petrophysical data, co-
registration ensures alignment:

Density (g.cm~®)

Resampling Petrophysical Data: Interpolating logs to match the finer resolution of
hyperspectral data.

Variance Filtering: Removing high-variance regions to reduce noise (Figure 8B).

Data balancing: Data balancing is achieved using the HDBSCAN clustering
algorithm to stratify data and prevent bias from overrepresented lithologies during
model training (Figure 8C).
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Figure 8 Preprocessing of the training dataset. Slowness-density scatter plots of A) original dataset, B) filtered
dataset with high standard deviation points removed, and C) the clustered dataset with HDBSCAN class labels. N
refers to the number of points in the dataset at the current stage of processing, and Nc refers to the number of
clusters defined by the HDBSCAN algorithm (excluding the noisy cluster).

A multi-headed 1D CNN (Figure 9) is employed, with separate heads for each spectral
range to independently extract features. The architecture ensures that spectral differences
across VNIR-SWIR, MWIR, and LWIR are captured effectively. Key components include:
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e Tailored Convolutional Kernels: Specific to each spectral range for optimal

feature extraction.

e Weighted Loss Function: Adjusts for data imbalance across lithologies.

e Penalty Term: Ensures that predictions remain within valid, non-negative ranges.

SWIR Head (413 Features)

MWIR Head (289 Features)

LWIR Head (84 Features)
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Figure 9 Multi-Headed Convolutional Neural Network (CNN). The model separates the input spectra into three
spectral ranges VNIR-SWIR, MWIR and LWIR, which have convolutional kernels tailored according to the different
spectral sampling resolutions of the data, which produces feature maps that are then concatenated to get a combined
feature map which is passed through a series of full connected layers to produce three outputs; the slowness, density
and gamma-ray value for the input spectrum.

VECTOR - Deliverable 4-3 -Open-source toolbox for 3D modeling of multisource data
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The model is evaluated on training, validation, and independent test sets. It achieves high
predictive accuracy, with R? scores above 0.9 for density and gamma-ray counts, and 0.7
for slowness on the test set. Shapley value analysis identifies the MWIR and LWIR bands as
most influential for property predictions, with the net contributions from SWIR bands
being the least out of the three spectral ranges.
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Figure 10 Pixel-scale petrophysical property predictions for an example core-scan. A) RGB image (derived from the
RGB bands of the VNIR-SWIR sensor), B) Slowness, C) Density and D) Gamma-Ray

This workflow provides an efficient method for predicting petrophysical properties from
hyperspectral data. The multi-headed CNN architecture allows for accurate, high-resolution
predictions by leveraging the spectral sensitivity of different wavelength ranges. While
validated on a specific dataset, this method is adaptable to other geological contexts,
providing a scalable solution for subsurface property prediction.

For an in-depth study into the details of the model performance, as well as results from the
Shapley value analysis of the model (Kamath, Thiele, Kirsch, & Gloaguen, 2024, In
preparation).

Vector Geology Dependencies developments

The Vector Geology toolbox relies on a suite of open-source software packages
developed by various consortium partners, which form the backbone of its geoscientific
capabilities. These dependencies include both well-established libraries and newly
developed tools that have been enhanced or created during the Vector project. For each
package, we have included a section detailing the changes made since the last deliverable
(D4.2).

GemPy [Development]
Url: https://github.com/cgre-aachen/gempy

GemPy (Varga, Schaaf, & Wellmann, GemPy 1.0: open-source stochastic geological
modeling and inversion, 2019), a library primarily developed by partners within the
consortium, has been extensively integrated into Vector Geology for use in geological

VECTOR - Deliverable 4-3 -Open-source toolbox for 3D modeling of multisource data
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modeling and geophysical data inversion. The integration with other Vector libraries is
more advanced for GemPy, with more detailed examples and capabilities for seamless data

fusion.

GemPy

has undergone significant development as part of this deliverable, focusing on

refactoring and modernizing its codebase. This effort included:

Tensor Backends: GemPy now supports multiple tensor backends, including NumPy,
PyTorch, and PyKeops. PyTorch makes designing complex probabilistic models
easier, while PyKeops provides efficient reduction operations with minimal
memory usage, allowing for larger models.

Stateless, Procedural Design: The new version of GemPy is designed in a stateless,
procedural manner, making it easier to extend and reuse in different environments.
This new architecture allows for more flexibility, including:

External Implicit Functions: Users can inject custom functions for core
interpolation tasks, enabling modeling of geological features like dykes and fault
planes that are challenging for Gaussian Process Regression.

Fault Zones: Faults can now be modeled with a defined thickness, creating an
additional domain within the geological model for simulating dynamic processes
sensitive to fault zones.

Nugget Effect Optimization: Using the PyTorch framework and ADAM
optimization, the nugget effect parameters can now be dynamically adjusted,
providing more accurate interpolation and allowing for better handling of areas
with inconsistent data (von Harten, de la Varga, Hillier, & Wellmann, 2021).

Optimized Dependency Management: GemPy has been modularized into distinct
packages, such as gempy, gempy_engine, gempy probability, gempy_viewer,
and gempy_plugins. This modularization ensures stability, flexibility, and easier
maintenance of the codebase.

Since the last deliverable, the following key updates have been made to GemPy:

Improved octree testing to eliminate holes in the mesh.

Experiments with preconditioners to enhance the consistency of interpolation
across complex geometries.

Use of rotated regular grids (e.g., Northwest to Southeast) for optimal interpolation
in regions where Spremberg boreholes are located.

Enhanced integration with Subsurface for extracting GemPy input directly from
borehole data.
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¢ Implementation of the LiquidEarth API to export GemPy models into the
visualization app being developed for D4.5, the 3D visualization engine for desktop,
mobile, and mixed reality platforms.

GemPy Probability [New Package]
Url: https://github.com/gempy-project/gempy_probability
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Figure 11 Example of a structural model constructed by combining Vector tools. To enable the construction of this
model, nugget effect optimization was developed in GemPy for automatic detection of outlier data. Find the complete
tutorial here.

GemPy Probability (Wellmann, Varga, Murdie, Gessner, & Jessell, 2017) is a new
package designed to facilitate probabilistic modeling in geosciences. By integrating
GemPy's functionalities with Pyro, a probabilistic programming language, the package
allows for sophisticated probabilistic modeling. Most parameters within a GemPy model are
treated as random variables, and the goal is to learn their posterior distribution using given
observations. This approach has proven useful in understanding and predicting geological
phenomena with greater accuracy.

Subsurface [Development]

Url: https://github.com/terranigma-solutions/subsurface

The Subsurface package serves as a data hub for geoscientific data, aiming to unify
geometric data into standardized data objects and provide tools for interactions, such as
read/write operations, categorized metadata handling, and visualization tools. The
capabilities of the Subsurface module have been significantly expanded to handle the data
provided by Vector partners, making it more useful for the consortium. Since the last
deliverable, new features include:

e Overhauled borehole data importing, with different interpolation methods for
assays into trajectories.

VECTOR - Deliverable 4-3 -Open-source toolbox for 3D modeling of multisource data
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e Added test categories to manage the multiple dependencies of the package

Hyperspectral Packages hylite, hklearn and hycore [New Packages]

Url: https://github.com/hifexplo/hylite
Url: https://github.com/hifexplo/hycore

Three new packages—hylite, hklearn, and hycore—were developed in the context of
the Vector project to process hyperspectral images and derive petrophysical properties for
geophysical inversions. Hycore (Thiele Samuel T., 2024) helps categorize and store
hyperspectral data, while hklearn, built on scikit-learn, organizes spectral libraries and
integrates data from multiple sensors. These packages provide tools for data hull
correction, PCA, and validation of machine learning models, making the process of
hyperspectral analysis more accessible and reliable.

Outlook and Conclusion

The Vector Geology toolbox has been applied to several real-world geological modeling
problems, including case studies in Stonepark, Collinston, and Spremberg. To avoid
unnecessary intellectual property issues, the data used in these case studies has been
slightly anonymized. These demonstrations showcase the capabilities of the toolbox in
structural modeling, geophysical inversion, and probabilistic modeling.

By making the Vector Geology toolbox open source, we aim to have a significant impact
on the geoscientific community. Early feedback from users and partners has been positive,
highlighting the collaborative and evolving nature of the repository. The availability of
these tools is expected to facilitate new research opportunities, foster collaboration, and
contribute to a more open and transparent scientific ecosystem.

Future work on the Vector Geology toolbox will focus on enhancing machine learning
algorithms for better data fusion, expanding the toolbox to include more geophysical data
types, and improving user guides and documentation. We also aim to address current
challenges related to data licensing and accessibility, ensuring that the toolbox remains a
valuable resource for the geoscientific community. Opportunities for collaboration and
community involvement will be actively pursued to encourage contributions to the
repository.

Deliverable 4.3 represents a significant step forward in the development of open-source
tools for geological modeling. The Vector Geology toolbox provides a comprehensive
platform for integrating multisource data, facilitating the construction of 3D models of the
subsurface. By adhering to open science principles, we aim to contribute to a more
collaborative and transparent geoscientific research environment, aligning with the
broader goals of Horizon Europe.
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Annex I:

Table 2 Metrics of the Modeling Algorithms. LR: Linear Regression, L: Lasso, R: Ridge, SVR: Support Vector
Regression, KNR: K-Neighbors Regressor, GB: Gradient Boosting, DTR: Decision Tree Regressor, RFR: Random
Forest Regressor, XGB: Extreme Gradient Boosting.

MODEL MAE MSE RMSE R2

LR 7.14054 92.216 9.5146 0.264725
L 7.33408 94.3886 9.63268 0.247173
R 7.26184 93.3481 9.57621 0.255695
SVR 7.8715 122.659 11.0377 0.0433031
KNR 7.96856 112.353 10.5427 0.116723
GB 7.22251 106.201 10.1957 0.164374
DTR 9.05761 158.384 12.4983 -0.246821
RFR 7.22666 95.74 9.70749 0.245556
XGB 7.17289 103.428 10.0799 0.170472
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Table 3 Linear Regressor (LR) Coefficients

Vector Deliverable 4.3

FEATURE COEFFICIENT
FROM 0.0229068
DEN -37.1554

VP 0.00483634
VS -0.0124373
MAG 12.5506

IP 0.0687942
RES 9.18632e-05
INTERCEPTO 134.629




