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Abstract. Artificial intelligence (AI) is increasingly used in hydrogeological analysis for forecasting groundwater levels 
and properties, discovering hydrochemical facies and anomalies, and modelling spatio-temporal signals. Current practice 
emphasizes spatio-temporal validation, interpretability, and uncertainty quantification, while generative AI (GenAI) is 
emerging to accelerate data curation, documentation, augmentation, and code prototyping. This report summarizes rep-
resentative applications of AI and machine learning (ML) in hydrogeology and describes an open, reproducible course 
developed for university students and professional hydrogeologists. This continuously updated online course is one of the 
outcomes of the GRANDE-U “Groundwater Resilience Assessment through Integrated Data Exploration for Ukraine” 
project. It covers Python fundamentals, environment setup, data engineering, and documented case studies in time-series 
and spatio-temporal modelling. Application examples are drawn from recent teaching materials and GRANDE-U and re-
lated studies and include predicting terrestrial water-storage anomalies, groundwater-level forecasting, isotope estimation 
from routine chemistry, risk or prospectivity mapping, and automated lineament/facies mapping.
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INTRODUCTION

Hydrogeological investigations increasingly re-
quire the fusion of heterogeneous observations  – 
borehole logs, pumping tests, hydrochemistry, geo-
physics, remote sensing, and climatic data  – into 
decision-ready products. 

Machine learning (ML), a subfield of artificial 
intelligence (AI), is particularly amenable to integra-
tion tasks through both supervised and unsupervised 
paradigms, with deep learning (DL) extending these 
capabilities to complex spatial grids and temporal se-
quences. In supervised learning, models are trained 
on input–output pairs to approximate a mapping from 
features to a specified target. This formulation en-
compasses classification, where the target is categori-

cal (e.g., assigning an observation to a discrete class), 
and regression, where the target is continuous (e.g., 
predicting a numerical value). Model training pro-
ceeds by minimizing a loss function that quantifies 
discrepancy between predictions and ground-truth 
labels, with performance commonly assessed using 
accuracy, F1, AUC, and other metrics for classifica-
tion, or the coefficient of determination (R2), mean 
absolute error (MAE), and root mean square error 
(RMSE) for regression. Supervised methods are ap-
propriate when clearly defined prediction goals and 
reliable labelled datasets are available.

By contrast, unsupervised learning seeks to char-
acterize latent structure in data without recourse to 
labelled outcomes. Key tasks include clustering, 
which partitions observations into internally coherent 

mailto:vytautas.samalavicius@chgf.vu.lt
mailto:vytautas.samalavicius@chgf.vu.lt


38

groups; dimensionality reduction, which projects data 
into lower-dimensional manifolds while preserving 
salient geometric or statistical properties; and anom-
aly (or novelty) detection, which identifies instances 
that deviate from learned regularities. Evaluation in 
this setting relies on internal validity indices, stability 
analyses, and downstream utility – namely, whether 
the discovered structure improves subsequent super-
vised modelling or supports expert interpretation  – 
rather than on direct label-based metrics.

Deep learning provides a flexible function-approx-
imation framework applicable to both supervised and 
unsupervised settings. Convolutional architectures 
are effective for signals with local spatial correlations 
(e.g., images, geospatial rasters), while recurrent and 
transformer-based architectures capture long-range 
dependencies in sequences and time series.

Generative AI (GenAI) refers to models that learn 
an approximation of the data-generating distribution 
and can thus synthesize new, high-fidelity samples 
that resemble the training data.

In teaching and practice, the recommended pipe-
line comprises problem definition, data collection, 
exploratory analysis, preprocessing, algorithm selec-
tion, cross-validated training, evaluation, hyper-pa-
rameter tuning, interpretation, and deployment, with 
documentation at each stage. 

The purpose of this brief report is to summarize 
current applications of artificial intelligence and 
machine learning in hydrogeology, with an empha-
sis on methods for analyzing spatial, temporal, and 
spatio-temporal data. It outlines key supervised, un-
supervised, deep learning, and emerging generative 
AI approaches, highlighting representative use cases, 
validation practices, and interpretability considera-
tions relevant to groundwater research and practice.

In addition, the report documents an open, repro-
ducible machine-learning course developed for hy-
drogeologists. By linking methodological concepts to 
documented case studies and browser-based instruc-
tional materials, the report aims to support education 
and capacity building and to promote the rigorous, 
transparent, and reproducible use of AI methods in 
hydrogeological studies.

AI applications in hydrogeology: current practice 
and emerging roles for generative AI

In supervised classification, typical targets include 
groundwater potential, vulnerability, and risk classes. 
Predictors commonly include terrain attributes, li-
thology, land cover, climatic indices, and distances 
to hydrologic features. Various ML models (e.g., 
random forests) serve as strong baselines for tabu-
lar predictors and can be calibrated to produce prob-
ability maps. In regression, common targets include 

hydraulic properties (e.g., hydraulic conductivity and 
storage), recharge, groundwater heads, and isotope 
geochemistry. 

The models trained with spatially blocked cross-
validation often outperform single-equation formu-
las and quantify the marginal value of key predictors 
such as grain-size percentiles (Araya, Ghezzehei 
2019; Rehman et al. 2022; Samalavičius et al. 2024).  
Isotope content from routine chemistry augmented 
with coordinates and depth has demonstrated high 
predictive skill when evaluated on held-out regions 
or even entire basins, providing the reconnaissance 
of recharge patterns at moderate cost and supporting 
spatial gap-filling by predicting values in unsam-
pled areas (Cemek et al. 2022; Samalavičius et al. 
2025). 

Time-series and spatio-temporal modelling are 
key use cases in hydrogeology. The feature-based 
pipelines that use lagged meteorological drivers (e.g., 
precipitation and evapotranspiration), seasonal en-
codings, groundwater abstraction records, and river 
stage data provide reproducible baselines for ground-
water-level forecasting. With sufficiently long and in-
formation-rich records, ML and DL algorithms often 
outperform traditional approaches under standard er-
ror metrics (Feng et al. 2024). Remote sensing-based 
fusion (Solovey et al. 2025a, b) extends these ideas to 
GRACE (Gravity Recovery and Climate Experiment)-
derived terrestrial and groundwater waters to rage 
anomalies, where monthly precipitation, evapotran-
spiration, and soil-moisture proxies act as predictors. 
To avoid overly optimistic performance estimates, 
evaluation should use rigorous spatial and temporal 
block splits that keep training and testing separated in 
both space and time. This setup also makes it easier to 
interpret which predictors matter most (for example, 
through feature importance analysis) and to identify 
dominant hydro-climate controls. These approaches 
show strong potential for estimating groundwater 
storage from GRACE-type gravity observations, in-
cluding AI-based downscaling that translates coarse 
monthly signals into higher-resolution maps by com-
bining satellite products with hydro-climate and land 
surface predictors.

Generative AI (GenAI) constitutes the next prag-
matic step in this toolkit. Large language models can 
accelerate code authoring, documentation, and unit-
test generation; model-card drafts and plain-language 
summaries can improve reproducibility and commu-
nication. In data engineering, GenAI can assist with 
harmonizing variable names and units, writing parsers 
for heterogeneous spreadsheets or PDFs, and anno-
tating coordinate reference systems and provenance. 
Generative models (for example, diffusion and trans-
former-based approaches) can support gap-filling and 
super-resolution for gridded datasets and controlled 
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scenario augmentation for rare events, provided syn-
thetic outputs are clearly labelled, traceable, and ex-
cluded from validation sets to prevent leakage. 

ML course for hydrogeologists

To demonstrate these practices and encourage 
their adoption, an open, continually updated course 
has been assembled for senior undergraduates, gradu-
ate students, and professionals. Materials are hosted 
as Google Colab notebooks to minimize setup burden 
and ensure reproducibility through pinned environ-
ments and seeded runs. Each module includes runna-
ble examples designed to be adapted to local datasets. 
The syllabus comprises: (a) introduction to Python 
programming with scientific Python idioms; (b) en-
vironment setup, including Colab configuration, 
package pinning, and lightweight version control; (c) 
data engineering, covering ingestion and validation 
of tabular, raster and time-series sources, reconcil-
ing coordinate reference systems and units, perform-
ing raster-vector joins, feature engineering (lags, 
encodings, distances), and quality assurance/quality 
control (QA/QC); and (d) documented case studies. 
Case studies include multivariate groundwater-level 
forecasting with baseline and deep sequence models, 
spatio-temporal prediction of GRACE-derived water-
storage anomalies from climate and land-surface driv-
ers, isotope modelling using routine ions plus spatial 
context, and sinkhole formation risk assessment.

The course is designed as a reproducible, brows-
er-based laboratory where students can modify pa-
rameters, rerun models, and explore interpretability 
methods without requiring local installation. The ped-
agogical design of this course draws on recent devel-
opments in spatial data science and GeoAI education, 
emphasizing project-based, reproducible workflows 
for geospatial analysis.

Spatial Data Science integrates geographic infor-
mation systems, statistics, and machine learning to 
extract knowledge from location-referenced data. It 
explicitly accounts for spatial relationships, autocor-
relation, coordinate systems, and geovisualization, 
which are essential elements in environmental and 
hydrogeological modelling. Spatial data are inher-
ently interdependent, requiring models and validation 
strategies that respect geographic structure and scale 
(Vierø, Szell 2024). Robust experimental design  – 
such as spatially blocked or temporally stratified 
cross-validation, or leave-location-out sampling  – 
reduces spatial and temporal leakage and provides 
more reliable performance estimates for environmen-
tal prediction.

Pedagogical approaches to spatial data science 
and GeoAI emphasize project-based, practice-driven 
integration of geospatial and computational methods 

(Gao et al. 2023; Zaslavsky, Kudinov 2021). Many 
university courses now combine Python, GIS, and 
ML through open digital environments such as Colab 
or Jupyter, interactive maps, and reproducible work-
flows. Incorporating GeoAI pedagogy into hydrogeo-
logical education ensures that students not only learn 
model architecture and evaluation metrics but also 
acquire spatial thinking, validation discipline, and 
the ability to implement robust spatial analysis work-
flows, which are critical competencies for responsible 
AI use in Earth and environmental sciences.

The course is continuously updated: notebooks are 
versioned and periodic release snapshots are archived 
for stable citation and teaching, and new modules 
are added as additional studies are completed, with 
consolidated links and webinar resources available 
at https://www.grande-u.org/tasks/task-3-ai-modeling. 
The course was developed as one of the GRANDE-U 
(“Groundwater Resilience Assessment through Inte-
grated Data Exploration for Ukraine”) project tasks 
and is maintained by the Department of Hydrogeol-
ogy and Engineering Geology, Vilnius University, 
Lithuania, and the San Diego Supercomputer Center 
at the University of California San Diego, USA.

CONCLUSIONS

AI supports many hydrogeological tasks: map-
ping, forecasting, risk assessment, hydrochemical 
interpretation, and image-based delineation. Deep 
models address complex spatio-temporal structure; 
generative AI is poised to act as a productivity and 
data-quality multiplier when deployed under rigorous 
validation and governance. The open, dynamic course 
outlined here lowers the entry barrier by providing 
documented, browser-based notebooks that convert 
these concepts into reproducible practice. 
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