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ABSTRACT

Deep geothermal energy, known for its stable base load power and resilience to environmental fluctuations, is increasingly recognized as an important renewable
energy source. Yet, its development is constrained by subsurface variability, high exploration costs, and operational inefficiencies. Artificial intelligence (AI) can
analyze complex data, reveal patterns, and support predictive modeling to lower costs, shorten timelines, and improve efficiency. This review aims to evaluate how
Al can address these barriers by systematically synthesizing its applications in deep geothermal research. A structured Web of Science search and multi-stage
screening yielded 183 peer-reviewed journal papers, classified across eight research areas: reservoir characterization, exploration and resource identification, sys-
tem optimization, seismic monitoring and risk assessment, drilling optimization, hybrid energy systems, environmental impact and sustainability, and techno-
economic analysis. Our analysis shows that since 2020, AI applications in geothermal energy have expanded exponentially, surpassing overall Al growth rates.
China and the United States dominate research output, followed by Germany, Turkey, Canada, and India. Advanced algorithms are increasingly preferred: con-
volutional neural networks for spatial modeling and image interpretation, recurrent neural networks for time-series forecasting, physics-informed Al, Bayesian
frameworks, and autoencoders advance uncertainty quantification and data reconstruction. The novelty of this review lies in its comprehensive cross-domain
synthesis of Al applications in deep geothermal energy, using a unified algorithm-input-output—performance lens. This structured mapping enables comparisons
not possible in earlier overviews, reveals methodological strengths, identifies effective approaches for different geothermal tasks, and uncovers underexplored areas

such as environmental assessment and techno-economic analysis.

Introduction

The global transition towards renewable energy is motivated by the
need to address climate change and reduce dependency on fossil fuels.
Among the renewable options, geothermal energy offers a unique
advantage: it provides a stable, continuous source of energy that does
not rely on external conditions like sunlight or wind, making it partic-
ularly valuable for base-load power and long-term grid stability[1].
However, despite its potential, geothermal energy has yet to achieve the
same growth and scalability as solar and wind, largely due to higher
initial costs, geographical limitations, and technical complexities. As
shown in Fig. 1, the global installed capacity of renewable electricity has
experienced remarkable growth since 2000, with the total capacity
reaching approximately 4,000 thousand MW by 2023. This surge reflects
advancements in renewable energy technologies and increasing global
efforts to transition to low-carbon energy systems. Among these tech-
nologies, wind, solar, and hydropower have dominated the expansion.
However, geothermal energy represents a relatively small share, with its
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installed capacity increasing from around 8 thousand MW in 2000 to
approximately 15 thousand MW in 2023, as highlighted in the inset of
Fig. 1. This growth corresponds to an average annual increase of about
300 MW, underscoring its stable but modest contribution to the
renewable energy mix. The disparity between geothermal and other
renewable energy sources reflects persistent challenges. High up-front
costs, site-specific limitations, and the slow pace of technological
innovation have constrained geothermal energy’s scalability. Despite
these hurdles, geothermal energy’s stable output makes it an attractive
complement to intermittent renewables, such as wind and solar, rein-
forcing the case for innovations to overcome its existing limitations [2].
This quantitative context highlights the critical need for advanced so-
lutions to accelerate geothermal energy development. The integration of
artificial iIntelligence (AI) presents a promising pathway to address
geothermal energy’s unique challenges. Al-driven approaches can
enhance site identification, optimize reservoir management, and
improve operational efficiency, ultimately reducing costs and boosting
scalability. These advancements could bridge the gap between
geothermal energy and other renewables, unlocking its untapped
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Nomenclature ROM Reduced order modeling
GBM Gradient boosting machine

Al Artificial intelligence GEP Gene expression programming
ANFIS  Adaptive neuro-fuzzy inference system GLM Generalized linear model
ANN Artificial neural network GHP Geothermal heat pump
AOSMA Adaptive opposition slime mould algorithm GMDH  Group method of data handling
AdaBoost Adaptive boosting GMM Gaussian mixture model
CART Classification and regression trees GPR Gaussian process regression
CNN Convolutional neural network GRNN  Generalized regression neural network
CatBoost Categorical boosting GRU Gated recurrent unit
DDPG  Deep deterministic policy gradient GTM Generative topographic mapping
DNN Deep neural network HCA Hierarchical clustering analysis
DPMM  Dirichlet process mixture model INN Inversion neural network
DL Deep learning IoU Intersection over Union
DNLS-MFA Deep neural least squares with modified firefly KNN K-nearest neighbors

algorithm KSOM  Kohonen'’s self-organizing map
DRL Deep reinforcement learning LDA Linear discriminant analysis
DT Decision tree LSTM Long short-term memory
DBSCAN Density-based spatial clustering LightGBM Light gradient boosting machine
EGS Enhanced geothermal systems LR Linear regression
ELM Extreme learning machine LST Land surface temperature
ERT Extremely randomized trees MARS  Multivariate adaptive regression splines
ESOM  Emergent self-organizing maps MAXENT Maximum entropy classifier
GAN Generative adversarial network RF Random forest
ML Machine learning RL Reinforcement learning
MLR Multiple linear regression RMSE  Root mean squared error
MW Megawatt RNN Recurrent neural network
NNMF  Non-negative matrix factorization SLLES  Surrogate-assisted level-based learning Evolutionary
ORCs Organic rankine cycles Search
PCA Principal component analysis SLR Single linear regression
PGSSNet Progressive global-semantic segmentation network STL-LSTM LSTM with seasonal-trend decomposition
PIML Physics-informed machine learning SVM Support vector machine
PINNs  Physics-informed neural networks TIRS Thermal infrared sensor
PNN Probabilistic neural network TFT Temporal fusion transformer
RBFNN Radial basis function neural network XGBoost Extreme gradient boosting
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Fig. 1. Growth of global renewable electricity capacity, including the cumulative installed geothermal capacity International Renewable Energy Agency (IRENA) [4]
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potential as a reliable and sustainable energy source [3].

The Role of Al in advancing geothermal energy

The rapid growth in Al research across diverse fields highlights its
expanding role and potential in addressing complex challenges. The
number of Al-related publications worldwide has increased sharply from
2010 to 2022, and increasing at an accelerated rate of between 15% and
25% in the last few years indicating the widespread adoption of Al
technologies across various sectors, including healthcare, finance,
transportation, and energy [5]. This surge underscores the versatility
and relevance of Al in solving intricate problems, including those
encountered in renewable energy systems.

In the context of geothermal energy, Al offers tools that can
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significantly enhance exploration, operational efficiency, and sustain-
ability. Geothermal systems face unique challenges such as site-specific
variability, high initial costs, and complex geological conditions. Al can
address these issues by enabling advanced data analysis, predictive
modeling, and real-time optimization, which are crucial for improving
efficiency and reducing costs [6]. The substantial growth in Al publi-
cations across all fields, as shown in Fig. 4, reflects AI's expanding in-
fluence and applicability. This general trend supports the case for
integrating Al into geothermal energy operations, where its advanced
capabilities can help overcome specific operational and economic bar-
riers [5]. The application of AI represents a transformative shift in
managing the complexities of geothermal energy systems. Al can
improve every phase of geothermal energy development, from explo-
ration and resource assessment to operational efficiency and
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Fig. 2. The diverse range of geothermal energy applications GeoVision: Harnessing the Heat beneath Our Feet [8]
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maintenance. By leveraging Al, geothermal projects can overcome many
of the traditional barriers associated with this energy source, enhancing
both performance and economic viability. Al-driven models allow for
real-time data analysis and predictive insights, making it possible to
optimize system performance in dynamic and unpredictable environ-
ments. AI’'s potential to enhance geothermal energy is further under-
scored by the diversity of geothermal applications illustrated in Fig. 2.
Geothermal resources span a wide temperature range, supporting not
only high-temperature power generation but also direct uses such as
heating, industrial processes, and agriculture. Each application has
specific operational requirements that AI can help optimize. For
instance, machine learning (ML) algorithms can adaptively control
temperature and pressure levels across applications, enhancing effi-
ciency and reducing waste. This versatility highlights the potential of the
geothermal energy to support various industries, further reinforcing the
importance of advanced Al solutions to maximize its utilization and
adaptability [7].

The necessity of Al in optimizing geothermal systems

In geothermal systems, traditional methods often struggle with the
complexity of resource variability and unpredictable geological condi-
tions. However, Al-based models offer predictive capabilities that are
essential for efficient resource management. For instance, Al can accu-
rately forecast production and injection well flow rates, which are
critical for maintaining operational efficiency and ensuring the
longevity of geothermal reservoirs. This predictive ability is particularly
beneficial in hybrid geothermal systems that integrate multiple energy
sources, allowing for optimized energy generation and load balancing
[9]. By transforming geothermal operations with real-time data analysis,
Al can also enable the development of digital twins, geospatially enabled
virtual models of geothermal plants that mirror real-world components,
associated information of various types, operations. These digital twins
allow for continuous monitoring and adjustments, ensuring that
geothermal systems remain efficient and cost-effective over time. As
geothermal projects grow in complexity, Al's role becomes indispens-
able in helping to address the technical, logistical, and economic chal-
lenges associated with scaling geothermal energy [10]. While
geothermal energy presents a reliable and versatile option within the
renewable energy landscape, it faces unique challenges that have
limited its growth and scalability. The integration of Al offers a prom-
ising path to overcome these barriers, providing tools for enhanced
exploration, efficient resource management, and optimized operations
as detailed later in this article. By addressing the challenges inherent to
geothermal systems, artificial intelligence not only enhances geothermal
energy’s viability as a renewable energy source, but also positions it as a
key contributor to a sustainable and resilient energy future by enabling
optimized resource utilization, improved system efficiency, and reduced
environmental impact.

Objective of the review

The significance of this review is rooted in the rapid progress and
widespread adoption of Al technologies, especially in fields requiring
complex data analysis and predictive modeling, such as geothermal
energy. Due to the swift progress and evolving trends in Al, a compre-
hensive, up-to-date review of Al applications in geothermal systems is
essential. To achieve this, a structured search and screening process was
conducted, leading to a curated dataset of 183 peer-reviewed studies
that form the analytical basis of this review. Given the potential of Al to
reduce costs, improve operational efficiency, and address environmental
challenges in geothermal energy, this review provides a timely synthesis
of recent literature, trends, and regional advancements. It highlights
emerging Al techniques like ML and deep learning (DL), mapping their
integration into geothermal research and identifying areas where AI has
significantly impacted efficiency and scalability. The main objective of
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this review is to provide a comprehensive and structured synthesis of Al
applications in deep geothermal energy by categorizing 183 peer-
reviewed studies across eight major research domains and subgroups,
systematically mapping algorithms to their inputs, outputs, and per-
formance in order to identify prevailing trends, highlight methodolog-
ical strengths and weaknesses, and expose critical research gaps that
must be addressed to advance geothermal science and practice. In
contrast to previous reviews that have mainly focused on specific do-
mains (e.g., exploration, reservoir characterization, or HDR systems)
([11-13],), this study provides a comprehensive categorization across
eight domains using a structured framework. Accordingly, the literature
gaps identified in prior studies directly motivate the five research
questions (RQ1-RQ5) that structure this review.

Methodology

This section outlines the search strategy and classification frame-
work used in this review. The study aims to address the following key
questions:

RQ1: What are the key global and reginal trends in AI applications
for geothermal energy?

RQ2: How has the adoption of AI evolved over time across different
geothermal research areas?

RQ3: Which AI algorithms are most commonly used, and what are
their strengths and limitations in handling geothermal datasets?

RQ4: Which regions and geothermal fields have been most studied
using Al, and where are the research gaps?

RQ5: What emerging Al techniques show the greatest potential for
advancing geothermal exploration, system optimization, and sustain-
ability? By systematically analyzing Al applications across different
geothermal research areas, this review provides a comprehensive
perspective on current advancements and future directions in the field

Search strategy

To evaluate the integration of Al techniques into deep geothermal
energy research, a structured and transparent screening process was
applied to literature from the Web of Science Core Collection. An initial
keyword-based query combining geothermal and Al-related terms yiel-
ded 437 records (as of September 9, 2024). The selection process
involved several levels of refinement to ensure technical relevance and
methodological consistency. First, title-based filtering was performed to
eliminate duplicate entries, non-research articles (e.g. editorials, book
chapters) and gray literature, reducing the set to 312 articles. Next, an
abstract-level screening was performed to exclude studies in which Al or
geothermal topics were mentioned only superficially, leaving 226 arti-
cles. In the final phase, the assessment of the full texts focused on
identifying studies that explicitly applied Al methods in the context of
deep geothermal systems. This rigorous process resulted in a curated
dataset of 183 peer-reviewed journal articles, which formed the
analytical basis for this review.

Classification framework

In this study, we categorized the application of Al in deep geothermal
energy into key areas, including reservoir characterization, exploration
and resource identification, geothermal energy system optimization,
seismic monitoring and risk assessment, drilling optimization, hybrid
energy systems, environmental impact and sustainability, and techno-
economic analysis (Fig. 3).

Reservoir characterization focuses on methods, such as geophysical
methods, that describe the subsurface properties that affect geothermal
reservoirs, while seismic monitoring also assesses the risks associated
with induced seismicity (i.e., Giustiniani et al. [14]). Geothermal energy
system optimization covers Al-driven methods to enhance energy output
and resource management. Exploration and resource identification
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Fig. 3. Research areas in Al applications for geothermal energy

include AI techniques for predicting geothermal potential, and drilling
optimization applies Al to improve drilling efficiency and reduce costs.
Hybrid energy systems involve integrating geothermal energy with
other renewable sources, and environmental impact and sustainability
examine how Al helps mitigate environmental risks. Finally, techno-

economic analysis evaluates the economic viability of geothermal pro-
jects using Al tools. This categorization allowed for a detailed analysis of
the current state of Al applications in geothermal energy research. In
summary, while prior studies have demonstrated the value of Al for
specific geothermal challenges, the literature remains fragmented, with
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limited cross-domain synthesis, uneven regional focus, and insufficient
comparative evaluation of methods. These observations directly shape
our guiding research questions (RQ1-RQ5), which ask where and how
Al has been applied, which algorithms perform best for different
geothermal data, which regions remain underexplored, and what
emerging methods hold the greatest promise for advancing geothermal
science and practice.

Results and discussions on AI applications in geothermal energy

This section presents a comprehensive analysis of the application of
Al in geothermal energy research. Based on the reviewed literature, we
examine overarching trends, regional variations, and cumulative pat-
terns in Al applications within the field of geothermal energy. Further-
more, a detailed exploration of publication trends by research areas and
commonly used Al algorithms provides insights into the evolution and
potential future directions of Al-driven geothermal energy studies.

Trends in Al publications

The application of Al in geothermal energy research has experienced
substantial growth in recent years, as depicted in Fig. 4. Between 2005
and 2017, publications in this domain remained minimal, with only
sporadic contributions. A noticeable shift occurred between 2018 and
2020, as geothermal Al research began gaining traction, rising from 3
publications in 2018 to 12 in 2020. This period marks the initial phase of
Al adoption, aligning with a broader increase in global Al research,
which saw an expansion from approximately 144,000 to 201,000 pub-
lications within the same timeframe. A sharp surge followed from 2021
onward, with publications more than doubling from 19 in 2021 to 45 in
2023, reflecting the sector’s increasing reliance on Al-driven approaches
for reservoir characterization, geothermal system optimization, and
predictive maintenance. As of 2024, the number of geothermal AI
publications has already reached 50, underscoring its sustained mo-
mentum. When compared to global Al trends, geothermal energy ap-
plications initially lagged behind, with minimal research activity until
2018, whereas Al publications across all domains had already exceeded
100,000 annually by 2015. However, geothermal Al research has since
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grown at an average annual rate of nearly 75% from 2019 onward,
significantly outpacing the general Al field’s 20% growth rate. This
delayed but rapid expansion highlights the geothermal sector’s
increasing recognition of AI's potential, demonstrating how advance-
ments in ML, DL, and predictive modeling are now pivotal in over-
coming geothermal exploration and operational challenges.

The global distribution in Al applications

The global distribution of publications on AI applications in
geothermal energy, as shown in Fig. 5, highlights concentrated research
efforts in key countries. China 49 and the USA 43 lead the field,
demonstrating their strong role in Al-driven geothermal advancements.
Germany 13, Turkey 12, Canada 11, and India 11 follow, reflecting
significant contributions. Saudi Arabia 10, Iran 8, and Italy 8 also show
notable research activity. European contributions are led by Switzerland
6, France 6, and the UK 5, alongside efforts from Iceland 5, Denmark 5,
and the Netherlands 4. In Asia, South Korea 6, Japan 6, Pakistan 4, and
Indonesia 2 have engaged in Al-based geothermal research. Mexico 6
represents key contribution from the Americas, while Australia 5 and
New Zealand 3 highlight research in the Pacific region. Scandinavian
countries such as Norway 2, Sweden 2, and Finland 2 show interest
aligned with their geothermal potential. Additional contributions come
from Austria 3, Iraq 2, Egypt 2, and Oman 2. Although some nations,
including UAE, Poland, and Qatar 1 each, have fewer publications, their
involvement indicates expanding global participation. This distribution
underscores a diverse international effort, spanning both economically
advanced and developing countries, to advance geothermal energy with
Al technologies.

Fig. 6 illustrates the global distribution of research publications by
the region of geothermal energy research. The USA 44 publications and
China 32 publications continue to lead the field, highlighting their
strong research focus on geothermal energy. Turkey follows with 13
publications, demonstrating significant engagement. Japan 8 and Ger-
many 7 also contribute notably, indicating active research participation.
Other countries, including Italy 6, India 6, and Iran 5, maintain steady
contributions, while Switzerland 4, New Zealand 4, South Korea 4,
Canada 4, Iceland 4, and Denmark 4 also show research activity in this
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Fig. 5. Global distribution of publications on Al applications in geothermal energy based on affiliation of authors
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Fig. 6. Global distribution of publications on Al applications in geothermal energy based on region of interest

domain. Scandinavian countries, such as Norway 3, continue to
contribute to the field, reflecting their geothermal resource potential.
France 3, Mexico 3, Spain 3, and Saudi Arabia 3 also contribute to the
global research landscape. Although contributions from some countries,
including Greenland 2 and Pakistan 2, are lower, they still signify a
broadening international interest. A few nations, such as the UAE 1,
Morocco 1, Kenya 1, and Indonesia 1, have emerging research activities.
The presence of publications from Antarctica 1 suggests ongoing ex-
plorations and modeling efforts. While the level of engagement varies
across countries, the data underscores a diverse international commit-
ment to geothermal energy research, fostering a more comprehensive
understanding of its potential and challenges worldwide.

AlI applications in geothermal energy: Publication trends by research area
Understanding the cumulative trends in Al applications across

different geothermal research areas is essential for assessing how AI has
evolved to address key challenges in the sector. Fig. 7 illustrates the

cumulative publication trends from 2005 to September 2024, revealing
a clear acceleration in Al adoption across multiple domains. Tracking
these trends is crucial as it provides insights into how Al-driven in-
novations have matured over time, enabling more efficient geothermal
exploration, resource management, and operational optimization.

Early phase (2005-2019): Limited growth

Between 2005 and 2019, AI applications in geothermal energy were
limited, with only gradual growth. The primary focus during this period
was reservoir characterization, which accumulated seven studies by
2019, reflecting the early use of Al in subsurface modeling and resource
estimation. Another key research area was geothermal energy system
optimization, which saw a steady rise, reaching five studies by 2019.
This phase marked an initial exploration of AI's potential in geothermal
applications, but adoption remained relatively slow due to limited
computational resources and geothermal-specific datasets.
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Breakthrough period (2019-2020): Al adoption expands rapidly

A significant turning point occurred between 2019 and 2020, when
Al applications in geothermal energy doubled across multiple research
areas. For instance, the cumulative number of publications jumped from
7 to 13 in reservoir characterization. This surge coincided with ad-
vancements in ML methodologies, increased availability of geothermal
datasets, and a broader global push toward renewable energy technol-
ogies. Al tools became more accessible, enabling researchers to apply
predictive models to optimize geothermal resource management.

Rapid growth phase (2020-2024): AI becomes integral to geothermal
research

Since 2020, Al applications have expanded across all geothermal
research domains at an unprecedented rate. The most significant growth
is observed in reservoir characterization, which has grown from 13
studies in 2020 to 66 in 2024, highlighting its critical role in reducing
exploration risks and improving subsurface analysis. Similarly, explo-
ration and resource identification has seen exponential growth, rising
from 5 studies in 2020 to 46 in 2024. AI’s ability to analyze geological,
geophysical, and geochemical data has significantly improved site se-
lection accuracy and reduced exploration costs. Geothermal energy
system optimization has followed a similar trajectory, reaching 28
studies in 2024, demonstrating the increasing reliance on Al-driven
models for improving power plant efficiency, predictive maintenance,
and operational stability.

AT’s application in drilling optimization has expanded from 4 studies
in 2020 to 12 in 2024, reflecting its role in enhancing precision drilling,
optimizing the rate of penetration (ROP), and minimizing risks associ-
ated with wellbore instability. Similarly, seismic monitoring and risk
assessment has become a critical area, growing from 3 studies in 2020 to
15 in 2024. Al-driven seismic data analysis now plays a key role in
mitigating induced seismicity risks, ensuring compliance, and
improving real-time event detection. While AI's impact has been most
pronounced in geothermal energy production and subsurface charac-
terization, hybrid energy systems have also gained momentum, rising
from one study in 2020 to eight in 2024. Al is now being applied to
optimize hybrid geothermal-solar and geothermal-hydrogen systems,
improving their integration and energy efficiency. Additionally, envi-
ronmental impact and sustainability applications have experienced
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moderate but steady growth, increasing from two studies in 2020 to five
in 2024. Al is now being used to assess geothermal emissions, manage
water quality, and enhance sustainable resource management. The rise
of techno-economic analysis in 2024, with three reported studies, in-
dicates the increasing role of Al in economic feasibility assessments,
financial risk modeling, and investment planning.

A shift toward Al-driven geothermal optimization

The cumulative trends in AI applications for geothermal energy un-
derscore a paradigm shift toward data-driven decision-making across
the industry. The rapid growth observed since 2020 highlights AI's
increasing role in optimizing geothermal resource utilization, improving
energy efficiency, and reducing environmental impacts. Reservoir
characterization and exploration have led the adoption curve, followed
closely by energy system optimization and drilling advancements.

Trends in Al algorithms for geothermal energy

Understanding trends in AI algorithms for geothermal energy is
crucial for identifying emerging methodologies, optimizing resource
exploration, and improving predictive accuracy in geothermal systems.
As geothermal datasets grow in complexity and availability, analyzing
algorithmic trends provides insights into the most effective Al ap-
proaches, guiding future research and industry applications. The inte-
gration of Al in geothermal energy research has undergone a significant
transformation, evolving from early ML models to more sophisticated DL
architectures (Fig. 8). This transition is driven by increasing data
availability, computational advancements, and the need for more pre-
cise predictive modeling. Early studies predominantly relied on artificial
neural networks (ANNs), which continue to be the most widely applied
Al approach, appearing in 71 publications since 2005. ANNs have
played a fundamental role in temperature prediction, reservoir charac-
terization, and geothermal system optimization. However, as
geothermal datasets have expanded, more advanced Al techniques have
gained traction. Since 2018, algorithmic diversity has significantly
increased, with a notable rise in ensemble-based methods such as
random forests (RF), gradient boosting models (GBMs), extreme
gradient boosting (XGBoost), and AdaBoost. Collectively, these tree-
based approaches have been applied in 66 studies, demonstrating
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their effectiveness in handling complex, nonlinear geothermal data.
Convolutional neural networks (CNNs) have also seen remarkable
growth, increasing sharply from 2020 onward, reaching 40 occurrences
in 2024. Their ability to extract spatial patterns has made them partic-
ularly effective for subsurface imaging, seismic interpretation, and
geothermal anomaly detection. Support vector machines (SVMs) have
maintained a steady presence with 30 applications, primarily in classi-
fication and regression tasks, highlighting their continued relevance in
geothermal research. Meanwhile, long short-term memory networks
(LSTMs) have gained traction in recent years, with 15 occurrences,
indicating a growing emphasis on time-series forecasting in geothermal
system monitoring, heat flow modeling, and production optimization.
The adoption of physics-informed neural networks (PINNs) remains in
its early stages, with three reported applications, but represents a
promising direction where domain-specific knowledge is integrated into
Al models to enhance physical consistency. The increasing use of
Bayesian models (eight applications) underscores a shift toward prob-
abilistic modeling and uncertainty quantification, particularly in cases
of sparse geothermal data. Autoencoders (four applications) have also
been applied for missing data reconstruction and feature extraction. The
growing presence of reinforcement learning (RL), generative adversarial
networks (GANs), and hybrid models suggests an expanding research
landscape focused on improving Al-driven geothermal exploration and
operational efficiency.

A striking trend in the graph is the exponential increase in Al-based
geothermal studies from 2018 onward, with a sharp surge in publica-
tions after 2020. This reflects the accelerated adoption of Al techniques
in geothermal research, driven by advancements in computational
power, increased data availability, and the demand for more accurate
and interpretable models. As geothermal AI research continues to
evolve, future studies are expected to integrate DL, hybrid learning, and
physics-informed frameworks, further enhancing predictive capabilities
and advancing sustainable geothermal energy utilization on a global
scale.

AlI algorithm trends by research area

Al applications in geothermal energy differ by research area, with

48
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specific algorithms excelling in distinct domains. This section examines
the most utilized AI techniques by research area, highlighting their
impact and adoption trends.

Reservoir characterization

Reservoir characterization is crucial for optimizing geothermal en-
ergy extraction, as it provides insights into subsurface properties such as
temperature, permeability, and porosity, which directly impact resource
sustainability and production efficiency. Al applications in geothermal
reservoir characterization have increasingly incorporated DL and
ensemble methods for temperature prediction, permeability estimation,
and reservoir characterization (Fig. 9). ANN remains the most widely
used approach, with 25 studies leveraging its capabilities for nonlinear
regression tasks, such as geothermal temperature estimation and
permeability modeling. CNN usage has expanded, increasing from a
single publication in 2020 to seven in 2023, reflecting its role in spatial
data processing and geophysical imaging. Ensemble models, including
RF (13 publications) and XGBoost (6 publications), have gained traction,
particularly in geothermal temperature prediction based on geochem-
ical and petrophysical inputs. Traditional ML models like SVM (13
publications) and k-nearest neighbors (KNN) (9 publications) maintain
steady usage, demonstrating their reliability in classification tasks such
as geothermal temperature categorization and permeability clustering.
Bayesian models (4 publications) and clustering techniques like K-
means (3 publications) are emerging in uncertainty quantification and
unsupervised geothermal resource classification. PINNs and physics-
informed machine learning (PIML) have recently been applied to inte-
grate domain knowledge with AI models, as seen in geothermal tem-
perature and permeability field predictions. Transfer learning (2
publications) suggests an emerging trend of adapting pre-trained models
to geothermal applications, reducing the need for extensive labeled
datasets. The increasing use of Autoencoders, U-Net, and generative
models in structural and geomechanical characterization highlights AI's
evolving role in data-driven geothermal exploration. These de-
velopments indicate a shift toward hybrid approaches, combining data-
driven ML, DL, and physics-based modeling to enhance geothermal
resource assessment and energy production forecasting.

Evaluating studies on AI applications in geothermal reservoir
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BB Transfer Icarning B ROM
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Fig. 9. Annual trend in publications by Al algorithm in geothermal reservoir characterization
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Table 1

Summary of application of Al in geothermal reservoir characterization

Renewable Energy Focus 56 (2026) 100781

Application area

Reference

AI Algorithms

Input

Output

Temperature
prediction in
geothermal
reservoirs

Porkhial et al.
[15]

Ishitsuka & Lin
[16]

Degen et al. [17]

Haklidir &
Haklidir [18]

Yan et al. [19]

Sheini Dashtgoli
et al. [20]

Ibrahim et al.
[21]

Shi et al. [22]

Acevedo-
Anicasio et al.
[23]

Al-Fakih & Kaka
[24]

Yang et al. [25]

Gurgenc et al.
[26]

Altay et al. [27]

GMDH

PINNs

Physics-based ML (Reduced
basis method)

DNN, SVM, LR

PIML, CNN

XGBoost, DT, GRNN, RBFNN,
ERT, Elastic Net

NGB, ELM, GMDH, GRNN,
BPNN

XGBoost, Bayesian Ridge
Regression, DT, Light
gradient-boosting machine
(LightGBM)

ANN

ANN- Fuzzy logic, KNN, RF

ANN

AOSMA-ANN

Naive Bayes, ANN, KNN, LDA,
DT, SVM

Northing, Easting, Depth, Angle, Azimuth

Spatial coordinates, electrical resistivity,
temperature, pressure, permeability

Thermal conductivities, radiogenic heat
production, boundary conditions

PH, electrical conductivity, Cl", potassium K™,
B, Na', SiO,

Fracture permeability field, injection mass
rate, injected water temperature, production
well bottom-hole pressure, time step

Depth, pH, electrical conductivity, total
dissolved solids, bicarbonate, magnesium,
calcium, sodium, chloride, sulfate,
ammonium, nitrate, iron

Electrical conductivity, pH, Cl-, K*, B, Na™,
SiO,

Hydrogeochemical parameters including pH,
EC, K*, Na*, B, SiO, and CI-

Gas-phase compositions (CO,, H2S, CHy, Hy)
from geothermal wells

Bottomhole temperature, mud inlet
temperature, mud outlet temperature, shut-in
time

Chemical geothermometers (Na-K, Na-K-Ca,
K-Mg, Si02), Water-rock interaction data

pH, EG, CI', K', B, Na¥, SiO,

EC, pH, CI', K', B, Na*, SiO,
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Geothermal reservoir temperature prediction at
different depths in Sabalan geothermal, NW Iran
(prediction error +2-3 °C; dataset: 947 training
and 469 testing samples)

Geothermal reservoir temperature, pressure, and
permeability distribution using PINNs
(temperature error 1.9 °C interpolation and 5.8
°C extrapolation in 1 km x 1 km model; reduced
extrapolation error by ~50% vs NN in 6 km x 3
km model; permeability error reduced to 1.5%
with resistivity model)

Optimization and calibration of a basin-scale
conductive heat flow model for geothermal
reservoir temperature prediction using Reduced
Basis surrogate ML (forward runs accelerated 44
min — 3 ms; calibration reduced to <7
evaluations; temperature misfit improved 29 °C
— 17 °C)

Prediction of geothermal reservoir temperature
in Western Anatolia, Turkey (DNN outperformed
SVM and LR with RMSE = 8.29 °C, MAE = 6.45
°C on test set)

Prediction of geothermal reservoir temperature
distribution and produced fluid temperature in
EGS using PIML (forward model error 0.53 +
0.46% for Tprod, 0.60 + 0.74% for energy;
surrogate 2.0x10%x faster than simulation;
optimization improved total energy +53.7% and
ran 5465x faster than DE)

Prediction of geothermal reservoir temperature
in a carbonate geothermal system (lower Friulian
Plain, NE Italy) using multiple ML models;
XGBoost performed best (R = 0.993, RMSE =
0.788, MAE = 0.587 on test set), with sensitivity
analysis highlighting HCO3, Mg, EC, and depth,
and Monte Carlo uncertainty showing P10 = 25.4
°C, P50 = 33.6 °C, P90 = 38.4 °C

Prediction of geothermal reservoir temperature
in Western Anatolia, Turkey using
hydrogeochemical data with NGB (R? = 0.996,
RMSE = 4.59 °C, MAE = 3.97 °C on test set);
SHAP analysis highlighted SiO, as dominant
predictor, with K, B, and Na also influencing
reservoir temperature

Prediction of reservoir temperature in
geothermal systems in Western Anatolia, Turkey;
XGBoost performed best (R = 0.973, RMSE ~
9-10 °C, MAE ~ 6-7 °C; external validation R =
0.997, RMSE = 0.328 °C), outperforming
traditional geothermometers (MAE > 30 °C)
Prediction of geothermal reservoir temperatures
for liquid-dominated and vapor-dominated
reservoirs. ANNs achieved RMSE ~ 7-10 °C, MAE
~ 5-8 °C, r = 0.97-0.99, consistently
outperforming 25 classical geothermometers
Prediction of static formation temperature in
geothermal and petroleum wells; RF performed
best (R? = 0.996-0.999, RMSE ~ 0.98 °C, MAE =
0.78 °C, AAPE < 1%), with KNN and Fuzzy logic
also accurate, while ANN showed lower accuracy
(R* ~ 0.95)

Reservoir temperature prediction, Lindian
geothermal field, China, (avg. error ~ 9 °C; 55%
of predictions within 5 °C, outperforming
chalcedony and IMG geothermometers)
Prediction of geothermal reservoir temperature
in Anatolia using AOSMA-ANN (R2 = 0.851,
RMSE = 26.8 °C, MAE = 21.5 °C), outperforming
ANN (RMSE = 36.9 °C) and other metaheuristic
ANNs (RMSE ~ 30-33 °C)

Classification of geothermal reservoir
temperature in Anatolia into <100 °C (direct use)
and >100 °C (electricity generation) using
hydrogeochemical data; hybrid GWO-MLP

(continued on next page)
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Table 1 (continued)

Application area Reference Al Algorithms Input Output

achieved highest accuracy (91.8%, sensitivity
84.2%, specificity 96.7%), outperforming ANN
(79.6%) and other ML classifiers (71-82%)

Permeability and Jiang et al. [28] 3D Autoencoder neural Borehole temperature, flow rate from single- Estimation of heterogeneous permeability
porosity prediction network combined with well injection-withdrawal tests distribution in enhanced geothermal reservoirs,
Bayesian inversion using autoencoder compressed 262,144 parameters
Markov chain Monte Carlo into 20 features with negligible reconstruction

error (MSE < 0.001, SSIM > 0.9). Bayesian
inversion on this reduced space matched data
error (RMSE = 0.1) and predicted permeability
with mean error <0.2 mD and maximum error

~0.9 mD
Yan et al. [29] INN, CNN, Transfer learning Transient pressure derivative data from well Prediction of heterogeneous permeability fields
tests, spatial distance to extraction well in geothermal reservoirs; INN achieved high

accuracy (RMSE ~ 1.1 mD, R? = 1.0) for simple
reservoirs and up to R? =0.991 (RMSE = 18 mD)
for complex heterogeneous cases; transfer

learning improved sparse 5x5 grids (R* = 0.749)

Fathi et al. [30] KNN, GBM Travel time, rate of penetration, revolutions Prediction of natural fracture intensity in
per minute, vibration in x-direction, shock in geothermal and unconventional reservoirs using
x-direction, gamma ray. AutoML; KNN achieved CV score = 0.9225 (MSE

= 0.0017) for regression and >98% accuracy
(precision/recall ~ 99%) for classification,
reducing image log interpretation time by ~10x
with only 10-15% labeled data

Ntibahanana DNN, RF, DT, KNN, SVM, GBM  Acoustic impedance, lithofacies Prediction of reservoir porosity using weighted

et al. [31] ensemble DNN; achieved MAE = 0.80, MSE =
1.10, R = 0.935, outperforming RF (MAE = 1.25,
MSE = 2.57, R = 0.845) and GBM/KNN/SVM,
with porosity maps closely matching historical

data
Suzuki et al. [32] RF, SVM, ANN, GBM, KNN, Pressure measurements, spatial coordinates, Prediction of permeability distribution in
Ridge regression, Lasso permeability field from reservoir simulation geothermal reservoirs; RF performed best (Train
regression R?=0.979, Test R? = 0.789), generalizing across

different flow rates (R? ~ 0.72-0.77) and
partially under source/sink shifts, outperforming
linear and SVR/MLP models

Zhang & Wu [33] DBN optimized with Improved  Acoustic, spontaneous potential, gamma ray, Prediction of permeability in the Lizhai
Quantum-Behaved Particle compensated neutron log, caliper, density, Geothermal Field, Zhangye Basin (Northern
Swarm Optimization (IQPSO) medium induction logging resistivity, deep China); using DBN optimized with IQPSO;
induction logging resistivity achieved RMSE = 0.05-0.08, outperforming

QPSO-DBN (=0.25) and XGBoost (~0.12), with
faster runtime (~30-59 s)

Song et al. [34] RF, DNN Seismic attributes derived from well-log and Prediction of porosity distribution for subsurface
seismic data, including acoustic impedance, reservoir characterization; DNN achieved R* =
density, P-wave velocity, and frequency 0.943 and r = 0.973, with field test in North Sea
components showing r = 0.9743 and porosity 27-35% (close

to reference 20-33%), outperforming single and
standard ensemble models
Pal et al. [35] ANN with backpropagation Fine-scale permeability realizations Upscaling permeability in porous media using
ANN; achieved R ~ 0.98-0.99, matched
analytical solutions in layered cases, and
reproduced numerical upscaling in
heterogeneous media with error <107
Zou et al. [36] RF Selected seismic attributes (variance, Vp/Vs, Predicted porosity distribution with quantified
P-impedance, first peak amplitude, arc length,  uncertainty; achieved test RMSE = 0.018-0.024
skewness, energy half-time, instant weighted and R? ~ 0.71-0.81
frequency, first peak frequency)

Yasin et al. [37] XGBoost, MLP, RF, SVR Well-log data including gamma-ray, density, Prediction of fracture density in geothermal
neutron porosity, P-wave sonic, deep carbonate reservoirs; XGBoost with Q-learning
resistivity, shallow resistivity, uranium, and optimization performed best (R? = 0.93, RMSE =
caliper 0.02, ~95% accuracy)

Hawkins et al. PCA, Genetic Algorithm Inert tracer breakthrough curves, interwell Prediction of fracture aperture/permeability

[38] frictional pressure loss, permeability field distribution and advective heat transfer;

dimensionality reduced 7,196 — 200 parameters,
with GA inversion predicting breakthrough in
26-40 h (measured 7 h) and production T =
23-26 °C (measured 29 °C)

Reservoir flow and Li et al. [39] K-Means Production rate, drawdown, tank capacitance, Geothermal reservoir drawdown clustering under
pressure conductance between tanks different production conditions; best 6-cluster
distribution model gave validation error = 3.97 m and

training error = 5.71 m, outperforming models
with more clusters (e.g., 8 clusters, error 4.40 m)
Starikov et al. Similarity-based unsupervised = Pressure transient responses, Bourdet Flow regime recognition in geothermal reservoirs
[40] classification derivatives, flow regime characteristics using similarity-based unsupervised classification
of pressure transient responses and Bourdet

(continued on next page)
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Table 1 (continued)
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Application area

Reference

Al Algorithms

Input

Output

Structural and
geological
characterization

Yan et al. [41]

Maldonado-Cruz
& Pyrez [42]

Dashti et al. [43]

Bassam et al.
[44]

Gudala &
Govindarajan
[45]

Yang et al. [46]

Duplyakin et al.

[47]

Ullah et al. [48]

Jiang et al. [49]

Singh et al. [50]

Singh et al. [51]

Zhou et al. [52]

Physics-constrained DL model

(U-Net)

U-Net (CNN)

DT, RF, GBM

ANN using Levenberg-

Marquardt optimization

DNN, ARIMA

1D-CNN

Curve-based Neural Networks

LSTM, GRU

CNN, recurrent neural
network (RNN)

ANN

ANN

U-Net (CNN)

Permeability, porosity, injection well controls,
time step

Porosity, permeability, well position, non-
dimensional time

Fracture geometry parameters (position,
depth, dip angle), reservoir structural
variations.

Wellbore depth, inclination angle, wellbore
diameter, mass flow rate, bottom-hole
temperature, bottom-hole pressure

Injection rate, initial fracture aperture,
reservoir temperature, fracture length, matrix
porosity, matrix permeability, Biot-Willis
coefficient, coefficient of thermal expansion,
injection temperature.

Injection temperature, reservoir temperature,
reservoir permeability, injection rate, well
spacing.

Time-series geothermal well production data,
injection rates, enthalpy, pressure,
temperature, steam fraction, and flow rates

Injection flow rates at injectors, tracer
concentration data at producers

Historical well control parameters (e.g., motor
speed of well pumps, injection rates,
production rates, bottom-hole pressure,
enthalpy) and their corresponding production
response data from geothermal fields

Apparent resistivity values from Vertical
Electrical Sounding data

Apparent resistivity values from vertical
electrical sounding data

Gravity anomaly data, spatial coordinates,
geological model labels

12

derivatives; model reached weighted F1 = 0.91
on synthetic and field data

Prediction of pressure, saturation, and water
production in 3D reservoirs using physics-
constrained U-Net; achieved 1460 x speedup,
with temporal errors ~0.27% (pressure) and
0.099% (saturation), and water rate predicted
within 4.2% error

Prediction of pressure, saturation, and recovery
factor using U-Net surrogate; achieved test MSE
= 0.0011 and MSSIM = 0.848, with uncertainty
model goodness = 0.95 and Pearson r = 0.98,
while reducing runtime to 13-42% of numerical
simulation

Tracer breakthrough prediction under structural
uncertainty in EGS using DT, RF, and chain GBR;
chain GBR performed best (test RMSE = 0.05
ppm), balancing accuracy and robustness, while
reducing runtime by six orders of magnitude to
allow 2,000 structural scenarios

Prediction of flowing pressure gradients in
geothermal wells; ANN achieved R? = 0.987 with
<2.3% error (RMSE = 0.5-3.8 bar),
outperforming ANN1 and GEOWELLS simulator,
with bottom-hole pressure/temperature as key
inputs

Prediction of geothermal reservoir production
temperature under coupled thermo-hydro-
geomechanical conditions; DNN achieved R% =
0.994 with RMSE ~ 2.7-3.8 °C, while ARIMA
provided long-term forecasts with R* = 0.9989
and RMSE ~ 0.31 °C

Prediction of geothermal reservoir production
temperature over time in a three-well system;
achieved MAE = 0.36-0.43, RMSE = 0.34-0.40,
max error 1.82 °C

Prediction of long-term geothermal well
performance and production sustainability; NN
achieved errors of 0.13-3.7% (pressure),
0.17-4.8% (temperature), and <4.1%
(cumulative energy), delivering 20-year forecasts
in 0.9 s versus 4 h for full simulations
Prediction of thermal breakthrough and reservoir
behavior for sustainable geothermal energy
management; GRU performed best (R? up to 0.98
with target feedback, 0.95 for unified model),
outperforming LSTM (R? = 0.83-0.93) with
shorter training time and better generalization
Short- and long-term prediction of geothermal
reservoir performance using CNN-RNN with data
gap labeling; achieved accurate short-term
enthalpy/BHP forecasts, and long-term BHP
stability, with 20-year enthalpy predictions
improved by adding simulated data (RMSE
convergence with ~5-10 training sequences)
Geothermal subsurface resistivity structure
prediction; ANN with LMA achieved R? ~ 0.995
in synthetic tests (SSE = 0.00035 in 24 epochs),
outperforming ABP (SSE = 0.0019), and resolved
conductive layers (2-12 Q-m) with <1% borehole
error

Subsurface resistivity and reservoir thickness
prediction in Puga Valley from VES data; ANN
with Levenberg-Marquardt achieved best results,
converging in 4 epochs and resolving 24-80 m
conductive layers (3-28 Q-m) consistent with
boreholes, outperforming Backpropagation and
Adaptive Backpropagation

3D density model inversion for geothermal
reservoir characterization in Gonghe Basin,
Qinghai Province; U-Net achieved ~25-35%
lower RMSE than standard DL (e.g., Model I Em
reduced 10.27-7.25, Ed 98.9—-34.1) and
delineated 3-10 km geothermal reservoirs
consistent with geophysical surveys

(continued on next page)
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Table 1 (continued)
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Application area

Reference

Al Algorithms

Input

Output

Rock and
mineralogical
properties

Liu & Misra [53]

Siler et al. [54]

Jiao et al. [55]

Collard et al. [56]

Pang et al. [57]

Ullah et al. [58]

Boiger et al. [59]

Hu et al. [60]

Bauer et al. [61]

Feng [62]

Chopraetal. [63]

Ullah et al. [64]

Buono et al. [65]

Adaboost, KNN, GBM, SVM,
RF, Bayesian ridge regression

NNMF, K-means

U-Net (CNN)

ANN, RF, GBM, Adaboost,
SVM

CNN, RF, SVM

SVM, BPNN, RBFNN, PCA,
LDA

CNN with Transfer Learning

CNN, XGBoost

Self-Organizing Maps

Hybrid ANN - Hidden Markov
Model

Generative topographic
mapping, Bayesian model
RF, SVM, ANN, XGBoost, MLP

U-Net, GANs

Full-waveform data from compressional and
shear wave transmission measurements

3D geologic factors including faults, fracture
density, dilation tendency, stratigraphic
thickness, and temperature

Gravity and magnetic anomaly data from
geophysical surveys

Temperature, pH, NaCl, Ca, Mg, C
concentrations

Primary-wave velocity, density, shallow
lateral resistivity, compensated neutron log,
density, gamma rays, spontaneous potential,
acoustic transit time.

Gamma-ray, heat production, thermal
conductivity, heat flow, spectral gamma-ray,
potassium, uranium, thorium , resistivity logs,
compensated neutron log, bulk density,
photoelectric absorption capture, P-wave
velocit, spontaneous potential

Drill core images from borehole samples

Gamma ray, sonic transit time, deep
resistivity, bulk density, neutron porosity,
photoelectric factor, mineralogical data from
X-ray diffraction analysis and geochemical
logging tool, and well data from the Horn
River Basin

Seismic P-wave velocity, vertical P-wave
velocity gradient, electrical resistivity

Gamma ray, resistivity, neutron-density
porosity difference, average neutron-density
porosity , photoelectric effect, Acoustic
Impedance, P-wave to S-wave velocity ratio

Well-log data, prestack seismic data,
geological information

Gamma ray, resistivity, density, neutron
porosity, acoustic, and photoelectric factor
logs.

Low-resolution and high-resolution X-ray,
microtomography scans of microporous
volcanic tuff. Corresponding paired volumes
of real low resolution and hight resolution
images. 3D microstructural images of volcanic
rocks.
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Detection and localization of fractures from full-
waveform data; AdaBoost with KNN base learner
achieved best performance (R? ~ 0.96),
outperforming KNN and SVR (R? = 0.93-0.95)
and showing robustness to noise with >0.9
accuracy under reduced sensor setups
Identification of geological factors controlling
geothermal fluid flow and production potential in
the Brady geothermal field, Nevada; NMFk 4-
cluster solution grouped 6/9 production wells
with high fault density and dilation, confirming
faults and step-over zone as main controls
Prediction of density and magnetic susceptibility
distribution in Gonghe Basin using U-Net; model
achieved sharper boundary recovery and
remained robust under 6% noise, consistent with
drilling validation

Prediction of dolomite and calcite precipitation/
dissolution under hydrothermal dolomitization;
ANN achieved best accuracy (R? > 0.997, RMSE
~0.007-0.008 mol, APE < 0.3%), ~1000x faster
than geochemical simulator, outperforming
GBM, SVM, RF, and AdaBoost

Prediction of rock thermal conductivity in
geothermal reservoirs; RF achieved best accuracy
(R? > 0.86, RMSE ~ 8%), outperforming CNN (R?
= 0.79) and SVR (R? = 0.69), with strong
robustness across lithologies

Mineral classification and geothermal anomaly
detection in the Yingxiu-Beichuan fault zone
(Sichuan Basin); BPNN with LDA achieved best
accuracy (86.3%), outperforming SVM (78%)
and RBFNN (77%), and identified anomalies at
1550 m (GR 350 API, HP 5.5 pW/m?, TC 0.28 W/
mK)

Mineral content and lithology prediction from
drill core images using CNN with transfer
learning (ResNet152); achieved 96.7% lithology
classification accuracy and mineral regression
with R? = 0.81 (clay), 0.71 (silicate), and 0.61
(carbonate), validated against XRD
Mineralogical composition prediction in Horn
River Basin using CNN + XGBoost (ConvXGB);
six-log model achieved RZ up to 0.93 (carbonate,
clay, QFM) and 0.75 (pyrite), validated against
XRD and GLT, enabling spatial mineralogical
mapping for geothermal reservoir evaluation
Lithological classification for geothermal
reservoir characterization in the Gro8
Schonebeck geothermal site; identified 8 classes
down to 5 km depth, resolving Jurassic shales
(0.1-10 Q-m, low P-gradient) and Zechstein
evaporites (0.01-1 Q-m, 4.6-5 km/s), consistent
with borehole and seismic horizons

Lithofacies classification for geothermal and
hydrocarbon reservoirs; ANN-HMM; achieved
best accuracy with MCC up to 0.62 in a Danish
geothermal well, outperforming standalone ANN
(0.56), HMM (0.43), and SVM (0.41)

Facies classification, reservoir property
predictions, enhanced spatial subdivision

Facies classification in the Sawan field (Lower
Indus Basin) using well logs; MLP achieved best
accuracy, classifying sand facies at 87-94%, shale
70-85%, and siltstone 65-79%, outperforming
RF, SVM, ANN, and XGB

Super-resolution of Campanian Ignimbrite tuff
micro-CT scans using U-Net and pix2pix;
achieved Peak Signal-to-Noise Ratio (PSNR) up to
28.8 dB and Structural Similarity Index Measure
(SSIM) of 0.82, with porosity/permeability
estimates consistent with lab measurements,
improving digital rock physics for geothermal
application.

(continued on next page)
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Table 1 (continued)
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Application area

Reference

Al Algorithms

Input

Output

Geomechanical and
elastic properties

Simulation and
model
optimization

Additional
geothermal
processes

Chen & Zhang
[66]

Ali et al. [67]

Li & Misra [68]

Feng [69]

Gao et al. [70]

Suzuki et al. [71]

Degen et al. [72]

Wang et al. [73]

Taherdangkoo
et al. [74]

Yin et al. [75]

Jin et al. [76]

Bruss et al. [77]

Physics-constrained LSTM

RF, K-means

MARS, ANN, Ordinary least
squares

Unsupervised CNN

CNN, XGboost

LightGBM, Logestic

regression, RF, KNN

Physics-based ML (Reduced
basis method)

CNN

Least-squares boosting
ensemble combined with
Bayesian optimization

SVM, LDA, KNN, Naive Bayes,
CART, Logestic regression

Sequential threshold ridge
regression

ANN, KNN

Gamma ray, deep resistivity, bulk density,
neutron porosity, sonic logs (if available), well
depth, and geological formation data from the
North Dakota Williston Basin.

Standard well logs (gamma ray, neutron
porosity, bulk density, deep resistivity) and
elastic logs (compressional and shear velocity)
from wells in the Lower Indus Basin, Pakistan

Conventional well logs (gamma ray, density
porosity, neutron porosity, photoelectric
factor, bulk density, lithology type, and
laterolog resistivity logs) from two wells

Pre-stack seismic gathers, wavelets, prior low-
frequency models (Acoustic Impedance, Vp/
Vs), smoothed density model

Seismic data from clastic reservoirs with class-
imbalanced lithofluid distributions

Reservoir temperature, pressure,
permeability, heat source/sink conditions
(position, size, flow rate, enthalpy)

Crustal-scale geothermal model parameters
including thermal conductivity, heat
production rate, boundary conditions

Porous media geometry, Euclidean Distance
Transform, flow boundary conditions.

Young’s modulus, Poisson’s ratio, overburden
thickness, maximum swelling pressure, initial
volumetric water content

Groundwater chemistry (ion concentrations:
NOs3, CI5, Kt, Mg?", Na*, Ca%*, SO%), spatial
location, geological setting

Temperature values at different spatial and
temporal points.

Temperature sensor readings from a wellbore
to detect and localize thermal defects.

Prediction of geomechanical logs in the Williston
Basin using physics-constrained LSTM; achieved
12.5% lower MSE than standard LSTM with MAE
~ 3.7% across 10 parameters, enabling accurate
3D geomechanical field modeling

Predicted elastic logs (compressional and shear
velocity) for subsurface reservoir
characterization; achieved R? = 0.92-0.98 in
blind wells with RMSE ~ 0.95, demonstrating
robust sonic log prediction for subsurface
reservoir characterization

Predicted compressional and shear travel time
logs (DTC and DTS) for subsurface
geomechanical characterization; MARS achieved
best accuracy with R? up to 0.80 (DTC) and 0.77
(DTS) in well #1, and 0.63 (DTC) and 0.59 (DTS)
in cross-well testing, with relative errors mostly
<5%

Elastic property prediction (acoustic impedance
and Vp/Vs ratio) for geothermal reservoir
characterization in the Copenhagen area;
accurately recovered acoustic impedance and
Vp/Vs in synthetic tests, with field application
showing reasonable but lower accuracy due to
well-seismic offset (~600 m)

Predicted lithofluid classifications;
BalanceCascade improved gas-sandstone F1 by
~15% and outperformed ResNet and XGBoost in
blind tests

Automated estimation of geothermal reservoir
parameters (permeability, heat source/sink
conditions) using LightGBM; achieved near-
perfect classification of source/sink positions
(Accuracy, F1, MCC = 1.0) and regression with
R? = 0.998 (enthalpy), 0.968 (flow rate), and
0.868 (permeability), enabling accurate 3D
reservoir simulations

Prediction of temperature distribution and
sensitivity analysis of boundary conditions in
geothermal simulations; achieved orders-of-
magnitude faster simulations with FEM-level
accuracy, showing boundary condition errors up
to £50 °C at 6 km depth

Prediction of steady-state velocity fields and
permeability in porous media using CNN;
permeability estimated with >90% accuracy in
most cases

Prediction of swelling-induced heave in clay-
sulfate rocks using LSBoost with Bayesian
optimization; model achieved R2 = 0.98 and
RMSE = 0.239 on synthetic hydro-mechanical
datasets, ranking maximum swelling pressure
and Young’s modulus as the most influential
parameters

Groundwater source discrimination and
geothermal evolution mechanism in the Xiluodu
high-arch dam impoundment area; the bagging-
based ensemble achieved the best performance
with F1 = 0.979, reliably separating limestone vs.
basalt groundwater contributions to explain
temperature rise phenomena

Coefficients and terms of partial differential
equations describing transient heat transfer;
achieved correct recovery of governing terms
with coefficient errors <0.15%, robust to sparse
and noisy data

Predicted location and orientation of thermal
defects in the wellbore; ANN achieved 100%
correct classification of defect orientation, while
centroid-guided kNN localization reached an
average RMS error of 1.49 in. in lab-scale tests
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characterization, we identified seven key areas, including temperature
prediction, permeability and porosity modeling, flow and pressure
forecasting, structural characterization, mineralogical assessments,
geomechanical modeling, and Al-driven simulation and optimization, as
summarized in Table 1.

Exploration and resource identification

Geothermal exploration and resource identification are critical for
assessing subsurface thermal potential and optimizing site selection for
drilling (Fig. 10). Since 2021, the application of Al techniques in this
domain has increased significantly, reflecting a growing reliance on ML
and DL for geothermal heat flow estimation, temperature prediction,
and resource favorability mapping. ANN (11 publications) is the most
frequently used method, particularly in geothermal potential classifi-
cation and subsurface temperature prediction. CNN applications have
also increased, with five studies utilizing its spatial feature extraction
capabilities for geothermal site identification and structural mapping.
Ensemble learning models such as RF (8 publications) and XGBoost (7
publications) are widely applied for heat flow modeling and geothermal
gradient estimation, leveraging multiple geological and geophysical
parameters. Clustering approaches, including K-means (7 publications)
and non-negative matrix factorization (NNMF) (3 publications), have
gained traction in unsupervised geothermal prospectivity classification.
Bayesian models (4 publications) and logistic regression (3 publications)
remain relevant for geothermal favorability assessments, particularly in
probabilistic modeling of geothermal site potential. Emerging trends
include the use of PINNs and generalized linear models (GLMs),
reflecting a shift toward integrating physical laws into Al-driven
geothermal exploration. The adoption of advanced Al techniques un-
derscores the transition from conventional mapping approaches to data-
driven, physics-aware methodologies, improving geothermal resource
identification and reducing exploration uncertainties. A detailed over-
view of Al applications in this category is presented in Table 2.

Geothermal energy system optimization

Geothermal energy system optimization has seen a growing inte-
gration of AI techniques, particularly since 2019, with ML and DL
models being applied to improve power generation efficiency, reservoir

Renewable Energy Focus 56 (2026) 100781

heat extraction, and system integration (Fig. 11). ANN (17 publications)
remains the most frequently used approach, playing a key role in opti-
mizing geothermal power plant performance and thermodynamic cycle
efficiency. The adoption of LSTM (7 publications) and gated recurrent
unit (GRU) with 3 publications have grown, particularly in time-series
forecasting for geothermal energy management and predictive mainte-
nance. Ensemble models, including XGBoost (4 publications) and RF (3
publications), have been utilized in predictive modeling for energy
output estimation and fault detection in geothermal systems. RL and
probabilistic models are emerging for real-time decision-making and
uncertainty quantification in geothermal operations. The introduction
of PIML and PINNSs suggests an increasing interest in integrating physics-
based constraints for more accurate geothermal system modeling.
Generative models, such as GANs, and advanced architectures like
Transformers indicate early exploration into Al-driven energy system
simulations. The expanding role of AI in geothermal optimization
highlights a shift from traditional control strategies to data-driven,
adaptive methodologies, enhancing operational efficiency and long-
term sustainability. Table 3 presents a comprehensive overview of Al
applications in this category .

Seismic monitoring and risk assessment

Seismic monitoring and risk assessment are critical for ensuring the
safe and sustainable operation of geothermal energy projects, particu-
larly in regions prone to induced seismicity. Al applications in this field
have expanded significantly, with increasing adoption of DL and prob-
abilistic models for event detection, hazard assessment, and subsurface
imaging. Since 2018, CNN-based approaches (11 publications) have
gained traction, particularly in seismic waveform analysis and fault
detection, growing from a single occurrence in 2020 to five in 2024
(Fig. 12). ANN (3 publications) has been used in seismic hazard pre-
diction and ground motion estimation, while SVM and logistic regres-
sion (1 publication each) remain relevant for traditional classification
tasks. Probabilistic models and clustering techniques, including GMM
and K-means, have been applied for seismic event clustering and spectral
analysis. The emergence of autoregressive models, GANs, and RNN-
based approaches indicates growing interest in leveraging sequential
and generative models for seismic forecasting and microseismic event
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Fig. 10. Annual trend in publications by AI algorithm in exploration and resource identification
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Table 2

Summary of application of Al in geothermal exploration and resource identification
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Application area

Reference

AI Algorithms

Input

Output

Geothermal heat
flow and
temperature
prediction

Chen et al. [78]

Rezaei et al. [79]

Mejia-Fragoso [80]

Colgan et al. [81]

Zhang & Ritzwoller

[82]

He et al. [83]

Ishitsuka et al. [84]

Chen et al. [85]

Shahdi et al. [86]

Loesing & Ebbing
[87]

Mirfallah Lialestani

et al. [88]

Bai et al. [89]

Algahtani et al. [90]

Aljubran & Horne
[91]

HCA, K-Means

RF

XGBoost

XGBoost

RF, DT, LR

DNN, GBM, SVM, GLM

Bayesian Estimation, ANN

Cross-scale (CS) diffusion

model, Super resolution, CNN

XGBoost, RF, DNN

GBM

Hybrid adaptive multitask
Deep Neural Least Squares with
Modified Firefly Algorithm
(DNLS-MFA)

DNN

XGBoost, RF

Interpolative physics-informed
graph neural network

Ground Surface Temperature (GST) data from
temperature loggers

Geothermal gradient data (107 deep oil, gas,
and water wells), hot spring geothermometry,
geological attributes (fault zones, hot spots,
lithology), thermal conductivity values
Geological, geophysical, thermal, and
geothermal gradient data

419 geothermal heat flow measurements,
Moho depth, Curie depth, lithospheric
thickness, magnetic anomaly, gravity data,
topographic correction factors

Seismic structural variables (uppermost mantle
shear wave speed, crustal shear wave speed,
Moho depth), direct heat flow observations
from the United States and Europe, global heat
flow database, geophysical proxies (magnetic
Curie depth, surface topography)

Geological features, geothermal heat flow data

Electrical resistivity data, geological
boundaries, microseismic observations

Land surface temperature retrieval images
from satellite remote sensing

Bottom-hole temperature, stratigraphic
information

Geothermal heat flow measurements,
geological and tectonic features

Geolocation data, Geothermal borehole
temperature data

heat flow data points, geological and
geophysical parameters

Borehole temperature, magnetic data, land
surface temperature

Bottomhole temperature, depth, elevation,
sediment thickness, magnetic anomaly, gravity
anomaly, seismicity, electrical conductivity

16

Geothermal heat flux, geothermal anomalies;
K-Means best highlighted subsurface regimes,
detecting anomalies of 0.27-0.63 °C above
background with 11-25 fewer snow-curtain
days

Heat flow map; RF with 100 trees achieved
R2 = 0.91 and MSE = 0.004, providing the
most accurate gradient predictions for
constructing Iran’s heat flow map
Geothermal gradient prediction; achieved R?
= 0.83 (train) and 0.55 (test) with RMSE =
2.14 and 3.58, giving ~12% accuracy against
independent datasets

Modeled geothermal heat flow across
Greenland; achieved residuals generally <20
mW,/m? for continental areas, predicting
mean onshore heat flow of 44-48 mW/m?
Geothermal heat flow extrapolation; DT
achieved R ~ 0.62 (US) and 0.50 (Europe)
with RMSE ~ 8 and 13 mW/m?, while RF
showed higher training fit (R? ~ 0.95) but
poorer validation (R? ~ 0.67), highlighting
DT as the most balanced model

Geothermal heat flow prediction in the Bohai
Bay Basin, China; the hybrid SVM-DNN
achieved the best results with R? = 0.62, N-
RMSE = 0.122, and MAE = 5.58, surpassing
DNN (R? = 0.57) and SVM (R? = 0.55)
Deep subsurface temperature estimation;
Bayesian achieved ~11-14% error (RMSE ~
49-57 °C) at 3000-3700 m, while ANN
performed better at shallow depths but less
reliable for deep targets

Super-resolution geothermal anomaly
images; CS-Diffusion with attention achieved
PSNR = 33.02 and SSIM = 0.889 (4x),
outperforming CNN- and GAN-based
baselines

Subsurface temperature prediction,
geothermal gradient estimation; XGBoost
achieved the best performance with MAE =
3.21 °C, RMSE = 4.94 °C, and MAPE =
9.22%, slightly outperforming RF (MAE =
3.25 °C, RMSE = 5.01 °C) and DNN (MAE =
3.39 °C, RMSE = 5.08 °C)

Geothermal heat flow map for Antarctica; the
GBM model achieved R? = 0.44 on the test set
with normalized RMSE ~ 29%, producing a
continental map with values 35-156 mW,/m?
and improved reliability compared to
previous models

3D geothermal subsurface temperature
mapping; DNLS-MFA achieved R? = 0.92 (50
m) / 0.91 (150 m) with RMSE = 0.37 / 0.79
and CCR = 86.5-90.7%, outperforming base
DNLS

Terrestrial heat flow map; the DNN predicted
values in the Songliao Basin ranged 38-85
mW/m? with an average of 67.1 mW/m?,
achieving ~10.6% error against 20 in-situ
measurements, showing reliable regional
heat flow reconstruction

Bottom hole temperature, Geothermal
gradient maps; XGBoost achieved the best
BHT performance with R? = 0.999 (train) and
0.997 (test), MAE = 0.007-0.015 and RMSE
=0.012-0.031, then used to generate reliable
gradient maps

Subsurface temperature, surface heat flow,
rock thermal conductivity; The model
achieved MAE = 6.4 °C for temperature, 6.9
mW,/m? for heat flow, and 0.04 W/mK for
conductivity

(continued on next page)



D. Sheini Dashtgoli et al.

Table 2 (continued)
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Application area

Reference

AI Algorithms

Input

Output

Geothermal resource
potential and
favorability
mapping

Previati & Crosta
[92]

Moraga et al. [93]

Cheng et al. [94]

Yalcin et al. [95]

Mordensky et al.
[96]

Smith et al. [97]

Holmes & Fournier
[98]

Assouline et al. [99]

Demir et al. [100]

Yadav et al. [101]

Sang et al. [102]

Ahmmed &
Vesselinov [103]

ANN, gaussian process
regression (GPR), SVM

CNN, KSOM, K-mean

Bayesian model, SVM, ANN,
DT, Bagging, Logistic
regression

Maximum Entropy (MaxEnt)
Method

Logistic Regression, XGBoost,
SVM, ANN

BNN, PCA, K-means

Logistic regression, DT,
XGBoost, ANN, Bayesian neural
network

RF

CNN, K-means

ANN

CNN

NNMF, K-means

Aquifer thickness, saturation, porosity,
groundwater flow velocity

Mineral markers, surface temperature, faults,
deformation

Geothermal gradient, Curie depth, Moho
depth, lithospheric thickness, heat flow
measurements, gravity anomalies, magnetic
field data, crustal age, tectonic setting

Land Surface Temperature anomaly, proximity
to fault lines, drainage density, slope,
geological indicators, remote sensing (Landsat
thermal infrared bands).

Heat flow, distance to Quaternary fault,
seismic event density, maximum horizontal
stress, distance to magmatic activity,
geological resource assessment data from the
2008 USGS geothermal resource assessment.

Geologic and geophysical features (fault
density, earthquake density, heat flow, strain
rate, gravity gradient, permeability indicators),
remote sensing data, geothermal well data
(temperature, flow rate), structural setting
classification

25 geothermal attributes, including heat flow,
fault density, geodetic strain rate, gravity
anomaly, magnetic anomaly, geothermometry
data, precipitation, and water-table depth.

Topographic, weather, and surface layer/soil
data

Geothermal indicators (mineral markers, LST,
faults, subsurface structural data)

Gravity data, magnetic susceptibility,
magnetotelluric resistivity data, seismic
refraction survey results, geological attributes
from six profile lines in Gandhar, Gujarat,
India.

Geological observation data, gravity
anomalies, remote sensing (Landsat 8), digital
elevation model, fault structures, river
network, Bouguer gravity, lithology maps, hot
spring locations.

Shallow groundwater chemistry (14,341 sites,
18 attributes: major cations/anions, trace
elements, isotopes, geothermometers, pH,
TDS)

17

Geothermal potential estimation; ANN
achieved the best potential prediction with R?
> 0.999 and RMSE ~ 0.002, outperforming
GPR (RMSE = 0.017-0.0035) and SVM
(RMSE ~ 0.13)

Geothermal potential estimation; the CNN-
based Geothermal Al achieved 95.5%
accuracy at Brady and 92.3% at Desert Peak,
with cross-site tests yielding 72-76%
accuracy, showing robustness even at blind
sites

Geothermal potential classification maps;
Bagging (ensemble) achieved the best
performance with ACC = 92.6%, F1 = 0.93,
and AUC = 0.95, outperforming BPNN, DT,
LR, SVM, and Bayes

Geothermal favorability mapping; MaxEnt
achieved AUC = 0.916 (train) and 0.852
(test), showing higher sensitivity to
geological factors than AHP and more precise
targeting of geothermal areas in the Biiyiik
Menderes Graben

Geothermal favorability mapping; all models
showed very low predictive skill (median F1
< 0.04), with logistic regression performing
slightly better than XGBoost, SVM, and ANN,
underscoring the limitations of the input
features

Geothermal potential mapping; the Bayesian
Neural Network achieved the best results
with ACC = 0.91, AUC = 0.94, and PR-AUC =
0.95 on the test set, outperforming
deterministic ANN designs, while PCA-K-
means clustering highlighted structural and
geophysical controls

Geothermal site favorability assessment; the
weighted ensemble of ML models achieved
the best performance with ACC = 0.955 and
AUC = 0.997, outperforming individual
models (ANN AUC = 0.992, XGB AUC =
0.993, LR AUC = 0.890)

Geothermal potential mapping; RF achieved
RMSE = 0.07-0.08 (cm®/cm®) and NRMSE =
19-27% for soil moisture prediction, with
OOB scores ~ 0.82-0.87, enabling accurate
mapping of ground temperature,
conductivity, and diffusivity at 200 x 200 m
resolution

Geothermal site prediction and
transferability; CNN-based geothermal Al
achieved up to 92% accuracy and AUC =
0.953 at Desert Peak, 82% accuracy and AUC
= 0.914 at Coso, and 75% accuracy and AUC
= 0.828 at Brady, demonstrating strong cross-
site transferability between Coso and Desert
Peak but limited generalization to Brady
Geothermal sweet spots; a feedforward ANN
joint inversion identified subsurface
anomalies with hybrid training errors of 0.1
(gravity), 0.0055 (magnetic), and 0.15 (MT),
delineating geothermal targets at 200-300 m
depth

Hot spring locations and geothermal
potential; CNN with full preprocessing
achieved 95.4% accuracy and AUC = 0.882,
improving by +11.9 p.p. and +0.086 over
unprocessed data

Geothermal prospectivity classification and
geochemical reconstructions; NMFk with K-
means extracted five hidden geothermal
signatures distinguishing low- vs. medium-
temperature systems, with optimal k = 5
based on silhouette scores and minimized
reconstruction error, enabling robust
probability and prospectivity maps.

(continued on next page)
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Table 2 (continued)
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Application area

Reference

AI Algorithms

Input

Output

Structural and
geological
modeling for
exploration

Geophysical and
resistivity-based
exploration

Geochemical and
remote sensing
approaches

Martin-Martin et al.
[104]

Hu et al. [105]

Kaftan et al. [106]

Yao et al. [107]

Xiong et al. [108]

Engle et al. [109]

Tamburello et al.
[110]

Jevinani et al. [111]

Xuetal [112]

Rezvanbehbahani

etal. [113]

He et al. [114]

Ouzzaouit et al.
[115]

Vesselinov et al.
[116]

Santamaria-Bonfil
etal [117]

Lietal [118]

KNN

U-Net (CNN)

MLP, RNFNN

RF

GoogLeNet (CNN-based DL
model), SVM, DT, KNN

Emergent Self-Organizing Maps
(ESOM)

RF

Variational Autoencoder,

ResNet, U-Net

CNN with self-attention

mechanism

GBM

Progressive Global-Semantic
Segmentation Network
(PGSSNet, CNN-based)

ANN, SVM, KNN, DT

NNMF, K-means

KNN, DT, SVM, RF

Bidirectional LSTM

Borehole grain-size data, geological and
hydrogeological datasets, seismic reflection
survey results

Airborne magnetic data, gravity gradient data,
susceptibility models, density models,
geophysical structure classifications

Bouguer gravity data from the Seferihisar
geothermal area, synthetic gravity models,
noise-added gravity anomalies, structural
parameters (depth, density contrast, location)

High-precision magnetic data

Geothermal surface manifestation images

Geothermal and produced water chemistry

Global geothermal spring dataset
(temperature, flow rate, dissolved solids)

Magnetotelluric data

Magnetotelluric survey data, resistivity
models, geoelectric structure samples

Global geothermal heat flux measurements,
geological and tectonic features

Landsat-8 Thermal Infrared Sensor (TIRS)
images, Land Surface Temperature (LST)
retrieval, geological/climatic data

Geothermal flow, geothermal gradient,
Bouguer gravity, aero-magnetic field, tectonic
fracture density, proximity to faults, thermal
spring data, earthquake data

18 geothermal attributes, including
geochemical (Boron, Lithium), geophysical
(gravity anomaly, magnetic intensity),
geological (fault density, crustal thickness),
and hydrogeological (hydraulic gradient,
precipitation) data from 44 locations in
Southwest New Mexico

Geochemical data (fluid chemistry from
geothermal wells)

Hourly weather data (temperature, dew point,
relative humidity, wind speed, solar radiation),
soil temperature at 5, 10, 20, 50, and 100 cm
depth, time-based parameters (month, day,
hour)

18

3D geological model, spatial distribution of
grain-size classes, syn-sedimentary fault
detection; KNN achieved up to 90%
confidence near dense boreholes, with K =1
best for heterogeneity and K ~ 25 for
basement geometry

Enhanced subsurface geological inversion; U-
Net achieved RMSE (data) = 0.012, RMSE
(model) = 0.025, and SSIM = 0.92,
outperforming conventional inversions
Depth, density contrast, structure location;
both models retrieved parameters close to
true values, with RBFNN slightly more
accurate and faster (e.g., density contrast
~0.27 g/cm®, depth ~1.8 km) and robust up
to 10% noise

3D basin basement relief model; RF achieved
misfit = 0.0186 (model) and 0.0084 (data) in
synthetic tests, staying robust under noise,
and reduced misfit to 0.0485 in the Datong
Basin case vs. 0.0564 for conventional
inversion

Recognition of geothermal surface features;
GoogLeNet with transfer learning achieved
OA = 93.5% (validation) and 88.8% (test)
with F1 & 0.89-0.94, clearly outperforming
SVM (OA =~ 49-54%), DT (26%), and KNN
(20%)

Rare earth element potential prediction;
ESOM reproduced rare earth element
concentrations within an order of magnitude,
with slight underestimation for some
elements

Global geothermal spring distribution maps;
RF identified heat flow, topography,
volcanism, and tectonics as key controls,
validated through 500-run variable
importance tests

1-D geothermal resistivity inversion; U-Net
performed best with validation loss ~ 0.0022
and R up to 0.99, achieving lower RMSE
ranges

2D resistivity inversion; the self-attention
CNN achieved lower MSE and faster
convergence than conventional CNNs.
Predicted GHF map for Greenland; GBM
achieved normalized RMSE ~ 0.15 (~15%
relative error) with R2 ~ 0.75 in cross-
validation, clearly outperforming linear
regression (RMSE = 0.21, R2 = 0.40)
Geothermal radiation source segmentation
and reservoir mapping; PGSSNet achieved
Intersection over Union (IoU) = 89.1, Dice =
89.9, and Pixel Accuracy = 94.5,
outperforming U-Net (IoU = 72.8)
Geothermal flow prediction; ANN performed
best with MAE = 5.97, MSE = 75.6, RMSE =
8.69, outperforming KNN, SVM, and DT, and
was used to map geothermal flow in northern
Morocco

Hidden geothermal resource signatures;
NMFk extracted five hydrothermal signatures
distinguishing low (<90 °C) and medium
(90-150 °C) systems, with optimal k =5
determined by reconstruction error and
silhouette width (S > 0.5), enabling mapping
of favorable zones

Reconstructed missing geochemical data;
KNN and DT performed best with minimum
equivalence interval< 0.2-0.3 and up to 17%
charge balance error improvement

Hourly soil temperature prediction;
integrated BiLSTM achieved accuracy with
RMSE = 1.53 °C, MAE = 1.22 °C, R? = 0.923

(continued on next page)
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Table 2 (continued)
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Application area

Reference

AI Algorithms

Input

Output

Mudunuru et al.

[119]

NNMF, K-means

Temperature at 2m depth, heat flow, NaK-
Giggenbach geothermometer, K-Mg
geothermometer, NaK-Fournier
geothermometer, silica geothermometer,
gravity, fault distance, Quaternary fault
density, lithium concentration

Geothermal resource signatures; NMFk
identified four signatures, with A and B
showing strong prospectivity, validated by
low reconstruction error and silhouette width
> 0.25, consistent with Tularosa Basin play
fairway analysis
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Fig. 11. Annual trend in publications by AI algorithm in geothermal energy system optimization

characterization. The integration of Al into seismic risk assessment
highlights a shift toward real-time monitoring, automated classification,
and physics-informed modeling, improving the accuracy of hazard
predictions and subsurface fault characterization in geothermal envi-
ronments. A thorough summary of Al applications in this category is
shown in Table 4.

Drilling optimization

While drilling optimization has seen relatively limited Al adoption,
recent years have brought increased algorithmic diversification
(Fig. 13). ANNs have appeared intermittently, while RF and gradient
boosting have gained traction since 2022, highlighting their predictive
capabilities in drilling efficiency and parameter optimization. The re-
emergence of fuzzy logic suggests its continued relevance in handling
uncertain and nonlinear drilling conditions. More recently, ensemble
techniques such as XGBoost, LightGBM, and AdaBoost have been
incorporated, emphasizing the role of robust decision-making models in
real-time drilling performance assessment. The appearance of extreme
randomized tree (ERT) and LSTM networks in 2024 signals a shift to-
ward time-series forecasting for drill bit wear prediction and adaptive
drilling control. Drilling optimization in geothermal energy has
increasingly integrated AI methodologies to enhance ROP prediction,
wellbore stability, and drilling automation. As shown in (Fig. 14), since
2017, the use of Al models has gained momentum, with ANN (7 publi-
cations) being the most applied approach for predicting ROP and opti-
mizing drilling performance. The adoption of ensemble learning
techniques, including RF (6 publications), XGBoost (3 publications), and
LightGBM (2 publications), has grown, particularly for real-time drilling
parameter optimization. Fuzzy logic (2 publications) remains relevant

19

for expert-driven wellbore stability assessments, while LSTM (1 publi-
cation) and GRU (1 publication) have been introduced for time-series
forecasting of drilling conditions. The increasing use of principal
component analysis (PCA) and logistic regression (1 publication each)
highlights ongoing efforts to improve feature selection and classification
in wellbore integrity assessments. Recent applications of CNN-based
models for cement isolation evaluation signal a shift toward auto-
mated well integrity analysis. As Al-driven approaches continue to
evolve, a growing emphasis on hybrid models combining ML with
physics-based constraints is emerging, aiming to enhance drilling effi-
ciency while mitigating risks in geothermal well construction.

Table 5 highlights key AI advancements in geothermal drilling
optimization, covering predictive modeling for rate of penetration
(ROP), wellbore stability, drilling automation and fault detection.

Hybrid energy systems

Hybrid energy systems integrating geothermal energy with other
renewable sources have seen a gradual increase in Al applications, with
a notable rise in publications since 2020. As shown in (Fig. 14), ANN (5
publications) has been the dominant approach, widely applied for
optimizing geothermal-based power generation, heating, and hydrogen
production systems. The introduction of DNN, GPR, and gene expression
profiling (GEP) (1 publication each) in 2024 suggests growing interest in
advanced machine learning techniques for system performance fore-
casting and energy efficiency improvements. While SVM and linear
regression (LR) have not yet gained traction in this domain, emerging
Al-driven methodologies indicate a shift towards predictive modeling
for hybrid system design, including geothermal-solar and geothermal-
hydrogen integrations. The optimization of thermal energy storage,
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Table 3

Summary of application of Al in geothermal energy system optimization
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Application area Reference

AI Algorithms

Input

Output

Geothermal power Xue et al. [120]

generation and
efficiency
optimization

Podlasek et al.
[121]

Buster et al. [6]

Langiu et al. [122]

Hai et al. [123]

Khanmohammadi
et al. [124]

Abrasaldo et al.
[125]

Energy system Khosravi et al. [9]

integration and
optimization

Huster et al. [126]

Ding et al. [127]

Yilmaz et al. [128]

KNN, SVM, XGBoost, ANN

ANN, RL, LSTM

Multi-linear regression, ANN

ANN, SVM, GPR, DT

RF, LightGBM

ANN, ANFIS

ANN

LSTM with Seasonal-Trend
Decomposition (STL-LSTM)

ANN

Injection rate, injection temperature, hydraulic
fracture number, hydraulic fracture half-length,
well spacing

Solar irradiance, geothermal temperature,
ambient temperature, mass flow rate, working
fluid pressure, turbine inlet temperature

Geothermal fluid temperature, pressure, mass
flow rate, separator/flasher pressures, condenser
pressure, power efficiency, heat sink
temperature, turbine performance data, plant
sensor data

Brine temperature, pressure, enthalpy, mass flow
rate, turbine parameters, heat exchanger
properties, ambient temperature

Geothermal brine temperature, mass flow rate,
turbine inlet pressure, ammonia-water ratio,
ORC working fluid properties, Kalina cycle
evaporator temperature, condenser pressure,
economic parameters

Operational parameters including injection rate,
injection temperature, hydraulic fracture half-
length, hydraulic fracture number, and well
spacing

Wellhead pressure, header pressure, steam flow
data from real-time sensors

Solar irradiance, geothermal temperature,
working fluid mass flow rate, turbine outlet
pressure, surface area of the solar collector,
preheater inlet pressure

Working fluid composition, temperature,
pressure, enthalpy, vapor fraction

Monthly electricity generation data, decomposed
trend, seasonal, and remainder components from
renewable sources

Geothermal fluid temperature, geothermal fluid
mass flow rate, electricity consumption, system
thermodynamic parameters

20

Predicted geothermal electricity production;
; ANN performed best with R? = 0.998 and
RMSE ~ 62-86 kW, clearly outperforming
XGBoost (R* = 0.996, RMSE ~ 95-128 kW),
SVM (R? = 0.996, RMSE ~ 84-146 kW), and
KNN (R* = 0.948, RMSE ~ 630 kW)
Predicted optimal operational parameters
and electricity generation; RL achieved the
best result with 4993.4 MWh annually,
10-17% higher than baseline sequential
quadratic programming models

Predicted steam mass flow and power
outputs in geothermal plants; regression
models achieved relative MAE ~ 5% and
mean bias error~ —4% for system power,
outperforming simplified Willans Line
models (MAE 8.6%)

Surrogate predictions of turbine efficiency
and heat exchanger effectiveness for
geothermal ORC optimization; ANN-based
surrogate models enabled tractable global
optimization, achieving improved net power
and total annualized return across multiple
operating scenarios

Predicted net power output, Kalina cycle and
ORC efficiencies, exergy destruction, and
thermoeconomic performance; ANN-GA
optimization achieved hybrid cycle
efficiency of 48.57% vs. 44.21% for Kalina
alone, with levelized cost of electricity
reduced to $0.04898/kWh

Predicted geothermal power generation and
thermal energy output for enhanced
geothermal system (EGS) optimization; ANN
with Bayesian regularization achieved the
best performance with R? = 0.9999, RMSE ~
0.0001, and MAE = 0.0001, followed by GPR
(R? = 0.99, RMSE = 0.30, MAE = 0.15)
Predicted probability of low discharge
pressure events in geothermal wells;
LightGBM achieved the best performance
with matthews correlation coefficient = 0.66
on validation, correctly predicting 28 of 33
events

Predicted net power output, energy and
exergy efficiencies, and levelized cost of
energy (LCOE) for a geothermal-solar ORC;
ANFIS-PSO performed best with R? up to
0.9999 and RMSE ~ 12 kW (power),
3.6x10~ (energy efficiency), 3.3x107*
(exergy efficiency), and 1.3x10°* ($/kWh
for LCOE), surpassing ANN-PSO accuracy
Predicted optimal working fluid mixture for
geothermal Organic ORC and Kalina cycles;
ANN-hybrid optimization identified globally
optimal isobutane-isopentane mixtures
increasing net power output by 17% and
ammonia-water mixtures boosting Kalina
cycle output by 6%

Predicted monthly electricity generation for
geothermal and other renewable energy
sources; STL-LSTM clearly outperformed
benchmarks with MAPE as low as 2.02%
(Canada hydropower case) and generally
below 9% for geothermal and other
renewables, versus >16% for pure LSTM and
>30% for SVR

Predicted net electricity, hydrogen
production rate, exergy efficiency, and
hydrogen cost; ANN modeling achieved
RMSE as low as 3.4x107® (electricity) and
4.4x107 (hydrogen), with hydrogen cost ~
$1.09/kg and payback period ~ 4.1 years,
confirming high predictive accuracy

(continued on next page)
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Table 3 (continued)

Application area Reference AI Algorithms Input Output
Lietal. [129] LR, polynomial regression Rankine pressure ratio, mass flow rate, Predicted freshwater production, power
geothermal temperature, turbine pressure ratio. generation capacity, heating capacity, and

overall system efficiency for geothermal tri-
generation systems; regression models
achieved R? > 0.96 overall, with freshwater,
heating, and efficiency predictions
exceeding R? = 0.99, yielding outputs of
7.88 kg/s freshwater, 1283 kW power, 30.8
kg/s heating, and 24.98% efficiency under
optimal conditions

Reservoir and heat Yang et al. [130] Coupled generative adversarial Permeability distribution, injection rate, well Predicted reservoir temperature and
extraction network (Co-GAN) spacing, fracture geometry, thermal and pressure  pressure distributions for enhanced
optimization properties geothermal systems; Co-GAN proxy model

achieved high accuracy in reproducing
thermo-hydro-mechanical-chemical (THMC)
simulation results, enabling optimized
injection—production strategies with ~50%
higher energy extraction and 8 MPa lower
pressure differentials compared to baseline

Zhang & Li [131] PINNs Wellhead pressure, reservoir temperature, Predicted reservoir temperature and heat
geothermal gradient, heat transfer coefficient, extraction in closed-loop geothermal
porous media properties systems; PINNs converged closely to exact

partial differential equation solutions with
relative L? error <0.06 and interface loss
<0.005, demonstrating stable accuracy in
multi-physics

Chen et al. [132] Probabilistic Neural Network Well control variables (injection/production Optimized well-control for EGS; PNN-SLLES
(PNN) surrogate combined with rates), fracture network characteristics, outperformed Differential Evolution (DE),
Surrogate-assisted Level-based temperature, pressure, and permeability Level-based Search (LS), and other
Learning Evolutionary Search surrogates, achieving higher cumulative heat
(SLLES) extraction and Net Present Value with faster
convergence
Akin et al. [133] ANN Injection flow rate, injection temperature, Predicted reservoir pressure and
injection location (X, Y, Z coordinates), reservoir ~ temperature distributions for reinjection
pressure, reservoir temperature. optimization; the best ANN design achieved

correlation coefficients of R = 0.91
(temperature) and 0.89 (pressure) against
simulator outputs, supporting identification
of optimal well placement in Kizildere field

Yang et al. [134] DBN + LSTM Reservoir thickness, reservoir temperature, Predicted flow rate, outlet temperature, heat

reservoir permeability, exploitation time. generation power, and thermal

breakthrough distance for regional
geothermal production potential assessment;
DBN + LSTM achieved R® > 0.99 with
absolute errors <15 m®/d (flow), <2.2 °C
(temperature), <0.03 MW (power), and <20
m (breakthrough)

Wang et al. [135] LSTM, CNN Permeability field, well control sequences Predicted production rate, production
(injection rate, bottom-hole pressure), time-series ~ temperature, bottom-hole pressure for
production data geothermal reservoir optimization; ;

surrogate predictions closely matched
simulator results (R? ~ 0.98 for rate, 0.97 for
temperature, 0.96 for pressure), enabling
closed-loop optimization with higher Net
Present Value than random well-control

strategies
Jiang et al. [136] Auto-regressive, RNN, LSTM Wellhead pressure, production flow rate, Predicted production enthalpy decline,
injection flow rate, brine enthalpy, reservoir reservoir pressure response, , and energy
temperature, and control parameters (pumping output; the proposed multiscale RNN (with
speed and reinjection temperature) LSTM + FCNN) outperformed AR and

standard RNN, achieving lowest RMSE and
robust long-term forecasts under noisy field

data.
Fault detection and Zulkarnain et al. ANN, SVM, XGBoost, K-means Electrical currents, electrical resistance, pressure, Predicted machine condition state (normal
condition [137] and heat from geothermal power plant cooling or alert) for fault detection in geothermal
monitoring systems power plant cooling systems; SVM achieved

the best accuracy at 96.28% with RMSE =
21.04%, slightly outperforming ANN
(95.45%, RMSE = 21.12%), while XGBoost
overfit with only 78.51% test accuracy

Abrasaldo et al. GBM, SVM, RF Pump power, pump speed, system pressure, Predicted abnormal feed pump operation in
[138] temperature, vibration, and fluid level data from  geothermal binary plants; GBM performed
real-time sensors best with MCC = 0.733, outperforming RF

(0.656) and SVM (0.616) in detecting
cavitation-related anomalies

(continued on next page)
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Application area

Reference

AI Algorithms

Input

Output

Thermal
performance and
borehole heat
exchange

Matsuzaki et al.
[139]

Yan et al. [19]

Cetin et al. [140]

Bourhis et al. [141]

Sias et al. [142]

Xiao et al. [143]

Temporal fusion transformer
(TFT)

PIML, Deep reinforcement
learning, DNN

SVM, KNN, CART, RF, XGBoost,

LightGBM, Catboost

XGBoost

Single linear regression (SLR),
Multiple linear regression
(MLR)

LSTM-based Recurrent
Autoencode

Wellhead valve operations, wellhead pressure,
steam enthalpy, turbine inlet pressure, weather
data

Rock thermal conductivity, fracture aperture,

initial reservoir T/P, interwell distance, injection

T/flow, production wellbottom-hole pressure

Tank and pipe temperature/pressure data from
geothermal-thermoelectric hybrid setup

Borehole location, depth, diameter, rock type,
lithology, hydrogeological characteristics

Daily energy production data (geothermal, coal,

wind, hydro, biomass, oil, gas, etc.)

Injection rates, well control sequences, history

production data (oil/water/gas rate, bottom-hole

pressure)

Predicted steam enthalpy response to valve
operations and detection of subsurface
instability before sudden pressure drops; TFT
successfully anticipated sudden enthalpy
drops up to 25 h in advance, supporting
valve control strategies to prevent well
pressure collapse

Predicted produced geothermal fluid
temperature over time; PIML achieved error
~0.53 + 0.46% for temperature and 0.60 +
0.74% for energy, while delivering ~5465x
faster optimization than differential
evolution with comparable recovery gains
Predicted hot and cold water flow rates;
LightGBM achieved the best accuracy with
R? = 0.987, RMSE ~ 29.9, and MAE ~ 6194,
clearly outperforming other models
Predicted undisturbed ground temperature,
predicted ground effective thermal
conductivity, predicted undisturbed ground
temperature, effective thermal conductivity,
and borehole thermal resistance from 174
TRTs; achieved site-specific MAE ~ 0.66 °C
(temperature), 0.19 W/m-K (conductivity),
0.016 m-K/W (resistance), with slightly
higher errors at regional scale (MAE 0.78 °C,
0.26 W/m-K)

Predicted daily electricity consumption;
MLR performed better with RMSE = 13,043
MWh and MAE = 10,662 MWh, slightly
improving over SLR (RMSE = 13,459 MWh,
MAE = 10,887 MWh)

Predicted net present value for geothermal
reservoir optimization; achieved R? ~ 0.95
with median relative error reduced to 4-7%
across synthetic 2D/3D reservoir
benchmarks
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Fig. 12. Annual trend in publications by AI algorithm in seismic monitoring and risk assessment
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Summary of application of Al in seismic monitoring and risk assessment
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Application area

Reference

AI Algorithms

Input

Output

Seismic event detection and
classification

Seismic hazard and risk
assessment

Subsurface imaging and
fault characterization

Deformation monitoring
and seismic source
parameter estimation

Picozzi &
ITaccarino
[144]

Chien et al.
[145]

Herrmann
et al. [146]

Gauntlett
etal. [147]

Cheng et al.
[148]

Yin et al.
[149]

Prezioso et al.
[150]

Holtzman

etal. [151]

Tary et al.

[152]

Jreij et al.
[153]

Lou et al.
[154]

Gao et al.
[155]

Yazbeck &

Rundle [156]

Nooshiri et al.
[157]

RNN, GRU

Convolutional Autoencoder,
GMM

SVM, RF, ANN, logestic
regression, GBM

CNN (transfer learning) with
uncertainty-aware generalized
phase detection (U-GPD)

Dilated convolution net
(DCNet), CNN based

PhaseNet (CNN), GMM

ANN

NNMF, Hidden Markov models
(Probabilistic models), K-
means

Autoregressive Model

U-Net (CNN)

Multiscale attention-based

CNN

GAN

CNN, LSTM

CNN

Seismic event catalogs from The
Geysers geothermal field

Spectrograms of seismic signals
(FORGE EGS site)

Seismic waveforms

Seismic waveforms, event metadata,
phase arrivals.

Seismic ambient noise data, time-
frequency representations, surface
wave dispersion curves

Seismic event data, hydraulic
fracturing parameters, fault
parameters

Seismic waveform data from 212
earthquakes in The Geysers
geothermal field

Seismic waveform data

Seismic waveforms, injection
parameters (slurry flow, nitrogen
rate), resonance signal properties

Migrated seismic profies (from
distributed acoustic sensing (DAS)
and geophones)

Seismic reflection data, synthetic
seismic images, fault attributes

Seismic waveforms, denoised
seismic data, velocity models,
anisotropic parameters, and seismic
images.

InSAR images, geothermal injection
rates, seismic activity data

Seismic waveforms

23

Forecasting preparatory phase of M~4 induced
earthquakes; RNN1 achieved MCC up to 0.74 in
identifying preparatory sequences, while GRU-based
RNNs consistently detected several hours—days of
precursory activity, demonstrating reliable
discrimination of preparatory vs. aftershock phases
Seismic event classification; GMM clustering produced
7 classes with silhouette coefficients up to 0.35 and
average SNR ~ 7.7 (classes 4 & 6), showing reliable
separation of signal types though with weak correlation
to injection activity

High-resolution seismic event catalog for induced
seismicity monitoring in the Basel EGS project;
classifier ensemble achieved >97% accuracy with
reservoir event classification yielding precision =
0.987, recall = 0.993, and F1 ~ 0.99

3D seismic velocity models for Nabro volcano, Eritrea,
identifying magma storage regions and geothermal
potential ; U-GPD phase picker achieved RMS residuals
of 0.038 s (P) and 0.053 s (S), reducing inversion
residuals by ~30-37% and variance by ~50-60%,
enabling robust identification of magma storage zones
and geothermal potential

3D S-wave velocity structure estimation in geothermal
reservoir imaging; DCNet achieved 95.3% agreement
with manual dispersion picks, enabling reliable
inversion and identification of low-velocity anomalies
(—1% to —4%) linked to fractured, fluid-saturated
zones

Maximum induced earthquake magnitude forecasting
(Seismic risk assessment in EGS); the best hybrid model
achieved ~95% classification rate with MAE ~0.78
Predicted ground motion parameters (PGA, PGV,
spectral acceleration) for seismic hazard assessment in
The Geysers geothermal field; ANN outperformed
empirical models with R? up to 0.88 and ~2-5% lower
total deviation, giving ~3% better accuracy in seismic
hazard prediction

Clustered seismic events by spectral properties;
revealed cyclic annual patterns correlated with
reservoir fluid injection, showing changes in faulting
processes without clear spatial clustering.

Peak frequencies, quality factors, amplitude variations,
resonance classification in geothermal reservoir
monitoring; identified resonance frequencies (17-51
Hz) with Q factors ranging from ~40 to 650, showing
strong correlation with slurry flow and nitrogen
injection rate

Fault detection and subsurface imaging for geothermal
reservoir characterization at Brady Hot Springs; U-Net
achieved F1 ~ 0.919 with DAS and ~ 0.877 with
geophones, confirming DAS provided higher fault
detection accuracy

Seismic fault probability maps and fault segmentation
in geothermal fault detection for induced seismicity
analysis; Multiscale attention-based CNN outperformed
coherence, holistically-sested edge detection, and U-
Net with lower MSE, higher peak signal-to-noise ratio,
and higher structural similarity index measure on
synthetic and field data

Fault detection and seismic velocity models for
geothermal reservoir characterization at the Blue
Mountain geothermal field; GAN-based denoising
reduced inversion misfits and produced clearer seismic
images, improving fault continuity and anisotropy
estimation compared to conventional processing
Predicted future deformation maps for geothermal
subsidence forecasting at The Geysers; CNN-LSTM with
geothermal data outperformed linear baseline with
lower MSE

Full seismic moment tensor and hypocenter spatial
location for microseismic events in Hengill geothermal
field; predictions matched manual inversions with
location errors of only a few hundred meters and 95%

(continued on next page)
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Application area Reference AI Algorithms Input Output
of moment-tensor distances below 0.1, enabling near
real-time inversion
Okamoto CNN Continuous microseismic waveform Microseismic event detection and hypocenter

et al. [158]

data from geothermal fields (P- and
S-wave arrivals, noise records).

relocation; the fine-tuned CNN achieved 74% accuracy
for P-waves and 78% for S-waves with precision
~100% and recall up to 86%, yielding 482 located
events with RMS residual ~0.07 s, comparable to
manual picks.
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Fig. 13. Annual trend in publications by AI algorithm in drilling optimization

exergy efficiency, and operational constraints highlights AI’s role in
maximizing the economic and technical feasibility of hybrid geothermal
energy systems. Future trends point toward expanding Al applications in
multi-energy system coordination and real-time optimization to
enhance sustainability and resource utilization.

Table 6 summerizes recent advancements in hybrid energy systems
demonstrate promising innovations, integrating geothermal energy with
various renewable sources to enhance sustainability and efficiency.

Environmental impact and sustainability

Al applications in environmental impact and sustainability within
geothermal energy have gradually emerged, with an increase in studies
since 2018 (Fig. 15) . ANN (2 publications) has been the primary method
for predicting geothermal water quality and contamination, particularly
for scale deposition and boron contamination assessments. The inte-
gration of RF (2 publications) and LSTM (1 publication) in recent years
highlights the growing role of machine learning in climate impact
modeling and geothermal heat flow analysis. The use of DT, SVM, and
KNN (1 publication each in 2024) for infrastructure durability and
corrosion mitigation suggests expanding Al-driven approaches for long-
term geothermal system sustainability. While early research focused on
water chemistry and contamination, more recent applications are
incorporating Al for predictive monitoring of geothermal heat loss,
subsurface temperature variations, and material degradation. The trend
indicates an increasing reliance on Al to enhance geothermal system
resilience, optimize resource management, and mitigate environmental
risks associated with geothermal energy production. Table 7 provides a
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detailed summary of Al applications in this category .

Techno-Economic analysis

The category shows limited activity, with a couple of publications
appearing only in 2024 (Fig. 8). This reflects that Al-driven techno-
economic analysis is still a nascent field in geothermal energy, but its
emergence suggests an increasing recognition of the importance of
economic modeling to make geothermal projects more feasible and
profitable.

Starting from 2024, studies in the realm of techno-economic analysis
have increasingly employed Al-driven methodologies to assess and
optimize geothermal systems, highlighting their potential for both cost
efficiency and energy integration. Clemens et al. [182] applied RL to
optimize geothermal field development planning. Using geothermal
reservoir parameters (porosity, permeability, temperature, pressure),
economic factors, and data acquisition strategies as inputs, the study
generated an optimized geothermal field development plan. This
included data acquisition strategies, well placement, and decision-
making under uncertainty, showcasing AI's ability to enhance stra-
tegic planning and investment decisions in geothermal energy projects.
In the realm of techno-economic analysis, recent studies have employed
Al-driven methodologies to assess and optimize geothermal systems,
highlighting their potential for both cost efficiency and energy inte-
gration. Zeng et al. [183] analyzed the extreme linkages and time-
frequency co-movements between AI and clean energy indices,
including geothermal. By applying frequency-domain and Granger
causality analyses, the study found that the NASDAQ OMX Geothermal
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Fig. 14. Annual trend in publications by AI algorithm in hybrid energy systems

Index acted as a key sender of shocks under extreme market conditions,
revealing significant co-movements with Al across various frequency
domains. This study emphasized AI's predictive power in identifying
market interdependencies, which is crucial for informed investment in
clean energy sectors. Ramachandran et al. [184] conducted a techno-
economic analysis and optimization of a binary geothermal combined
district heating and power plant in Puga Valley, India. Using a neural
network-assisted optimization approach, the study achieved optimal
system efficiencies by identifying design parameters that maximized
exergy and minimized cost. This analysis provided a practical frame-
work for enhancing the viability of geothermal systems, particularly in
regions with high geothermal potential such as Puga Valley.

Al algorithm trends in geothermal energy research reveal evolving
preferences (Fig. 16). ANNs dominate with 797 citations, reinforcing
their role in regression and prediction. RF (228) and CNNs (215) follow,
with CNNs excelling in spatial data interpretation for geothermal map-
ping. Gradient boosting (192) and XGBoost (120) highlight a shift to-
ward models optimized for complex data patterns. K-means clustering
(141) and LSTM (138) are gaining traction, reflecting the industry’s
embrace of time-series forecasting and unsupervised learning. SVM
(199) remains essential in classification tasks, while Bayesian models
(42) and probabilistic approaches signal a growing interest in uncer-
tainty quantification. DNN (109), NNMF (90), and KNN (75) are
emerging for specialized applications. Meanwhile, traditional models
like LR (124) and GPR (72) persist but are increasingly supplemented by
data-driven AL The trend suggests a future focused on high-
performance, adaptable Al for geothermal exploration and optimiza-
tion. While these pioneering studies demonstrate the potential of Al for
techno-economic assessments, most research still emphasizes technical
optimization, with limited integration of full economic viability or en-
ergy balance analyses. Expanding this dimension would provide a more
holistic understanding of the practical feasibility and long-term sus-
tainability of geothermal systems.

Limitations and Future Directions

While this review provides a comprehensive and structured synthesis
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of AI applications in deep geothermal energy, its scope is naturally
defined by several boundaries. The analysis is limited to peer-reviewed
journal articles, which ensures quality and reliability but may not cap-
ture the very latest insights available in preprints, conference pro-
ceedings, or industry reports. In addition, the categorization into eight
domains, although broad and inclusive, reflects the structure of current
research and will need refinement as the field evolves and new interdis-
ciplinary directions emerge. The algorithm-input-output-performance
framework offers a useful lens for comparison, but future work could
complement this approach by incorporating additional dimensions such
as computational cost, interpretability, and practical deployment
challenges.

Looking ahead, further studies should expand the dataset to include
grey literature and open repositories, allowing a more diverse repre-
sentation of ongoing work. Developing benchmark geothermal datasets
for cross-comparison of Al models would also strengthen the reliability
of performance assessments. Particular opportunities exist in the
underexplored areas of environmental impact assessment and techno-
economic analysis, where Al applications remain sparse. Finally, as
interpretability and physics-informed AI methods continue to advance,
future research should explore their integration to enhance both scien-
tific insight and trust in real-world geothermal deployment.

Conclusion

This review provides a comprehensive assessment of Al applications
in deep geothermal energy analyzing research methods, publication
trends, global distribution, and algorithmic advances. A systematic
search of the Web of Science Core Collection identified 183 journal ar-
ticles categorized under eight major research areas: Reservoir charac-
terization, exploration and resource identification, geothermal system
optimization, seismic monitoring and risk assessment, drilling optimi-
zation, hybrid energy systems, environmental impact and sustainability,
and techno-economic analysis. These classifications provide valuable
insights into the role of Al in advancing geothermal research. The key
findings of this study are summarized below:
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Application area

Reference

AI Algorithms

Input

Output

ROP prediction and

Wellbore stability

Drilling automation

Diaz et al. [159]
drilling
performance

Yehia et al. [160]

Feng et al. [161]

Ben Aoun &

Madarasz [162]

Seo et al. [163]

Laureano-Cruces &
Espinosa-Paredes
[164]

and temperature
estimation

Wang et al. [165]

Khaled et al. [166]

Abdollahian et al.
[167]

Kiran et al. [168]
and fault
detection

Chhantyal et al.
[169]

ANN, Multiple regression

ERT, LightGBM, RF, GBM, ANN,
SVM, KNN

CatBoost, RF, GBM, ADAboost,
XGBoost, LightGBM

RF, ANN

GRU

Fuzzy Logic

Multiple linear regression

LSTM, DNN, SVR, RF, XGBoost,
Stacked Ensemble

Pre-trained CNN models (Xception,
VGG16, MobileNetV2, ResNet50),
PCA, KNN, Logestic regression,
SVM, DT, RF

KNN, RF, DT, GBM, ANN

Fuzzy Logic, ANN, SVM

Drilling parameters, including depth,
pore pressure gradient, mud density,
weight on bit, rotary speed, tooth wear,
Reynolds number

Drilling parameters (ROP, depth,
torque, weight on bit (WOB))

Drilling parameters (Temperature,
pressure, flow rate, RPM, WOB, Surface
torque)

Drilling parameters (ROP, WOB, rotary
speed, pump pressure, flow rate,
temperature)

Drilling parameters (previous and
current ROP values)

Logged temperatures, expert decisions,
wellbore geometry, drilling fluid
properties, flow rate, geothermal
gradient

Wellbore depth, geothermal gradient,
casing size, hole size, flow rate

Drilling parameters, thermo-hydraulic
data

Variable density log converted into
images using continuous wavelet
transform

Surface drilling parameters ROP , WOB,

pump pressure, torque, rotary speed)

Ultrasonic level measurements (LT-1,
LT-2, LT-3)

ROP prediction for geothermal drilling
optimization at the Pohang EGS site in South
Korea; ANN achieved the lowest prediction error of
39.7% using adjacent well data arrangements,
outperforming other setups with errors up to
85.3%.

ROP prediction for geothermal drilling
optimization at the FORGE site in Utah, USA; ERT,
LightGBM, RF, and GBM performed best with MAE
~ 3.5-4.5 and R = 0.90-0.95, while ANN and
SVM lagged with higher errors (MAE 4.7-6.3, R =
0.85-0.91)

ROP prediction for geothermal drilling
optimization at the UTAH FORGE site, USA;
CatBoost gave the best results with R? = 0.98,
RMSE = 0.14, and MAE = 0.11, clearly
outperforming RF and other ensemble methods
ROP prediction for geothermal drilling
optimization at the Utah FORGE site, USA; RF
performed best with MAE = 2.46 and R* = 0.84,
while ANN gave MAE = 3.98 and R? = 0.73

ROP prediction for geothermal drilling
optimization in the Pohang EGS, South Korea; the
GRU achieved MAPE < 3% immediately below
training data and 5-10% when trained on
adjacent-well data, while errors rose above 20%
for multi-step forecasts

Estimated static formation temperature for
geothermal well; fuzzy model achieved
convergence within +5 °C of logged values

Predicted hot spot temperature and corresponding
well depth for geothermal well cementing; model
matched CFD with errors of 1.6-9.3% for
temperature and 1.2-15.9% for depth
Bottom-hole circulating temperature prediction
for geothermal drilling optimization at the Utah
FORGE site, USA; LSTM achieved the best
performance with MAE = 0.9-1.3 °C and RMSE ~
4.2-4.3

Cement isolation classification (good, medium,
bad) for wellbore integrity evaluation in
geothermal well; ; Xception + RF achieved the best
accuracy at 97.5%.

Lost circulation classification for geothermal
drilling risk mitigation at FORGE site in Utah, USA;
RF performed best with accuracy up to 87.3%,
outperforming GBM (82.7%) and ANN (80.1%)
Drilling fluid flow rate estimation for geothermal
drilling fluid monitoring; ANN achieved best
performance with R? ~ 0.99 and RMSE ~ 0.002
m®/s, outperforming fuzzy logic and SVM

Publication growth: Al research in the field of geothermal energy has
increased significantly since 2018, with an average annual growth
rate of 75%, well above the 20% growth rate of global Al publica-
tions. This underlines the increasing importance of Al for geothermal
exploration, modeling and optimization.

Geographic distribution: Output is dominated by China and the
United States, followed by Germany, Turkey, Canada, and India,
with new contributions from Saudi Arabia, Iran, Mexico, and Scan-
dinavia indicating a widening global engagement.

Domain coverage: Strong progress has been made in reservoir
characterization and resource identification, while hybrid systems,
environmental assessment, and techno-economic analysis remain
comparatively underexplored.

Algorithm usage: ANNs remain the most widely applied for predic-
tion, reservoir modeling, and system optimization, while tree-
boosting methods (RF, GBM, XGBoost) have gained popularity for
nonlinear geothermal datasets.
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e Advanced modeling: CNNs are increasingly employed for spatial
modeling and seismic interpretation, whereas LSTMs are applied to
time-series forecasting in monitoring and heat flow prediction.
Recent advances: Physics-informed Al, Bayesian approaches, and
autoencoders are expanding capabilities in uncertainty quantifica-
tion, data reconstruction, and integration of physics-based
constraints.

Emerging trends: Self-supervised learning and reinforcement
learning are beginning to provide novel opportunities for leveraging
limited datasets and enabling real-time decision-making in
geothermal operations.

The increasing use of Al in various research areas of geothermal
energy underscores its transformative potential in improving resource
exploration, system optimization and sustainable energy production.
Continued advances in AI methodologies will play a critical role in
addressing geothermal challenges and accelerating the global shift to-
wards Al-driven energy solutions. The novelty of this review lies in its



D. Sheini Dashtgoli et al.

Renewable Energy Focus 56 (2026) 100781

Table 6
Summary of application of Al for hybrid energy systems in geothermal energy

Application area Reference AI Algorithms Input Output

Geothermal-based Ling et al. ANN Geothermal system parameters (temperature, Optimized geothermal CCHP system efficiency, reduced payback
power and [170] pressure, mass flow), Organic rankine cycle period, maximized net power output; ANN reduced payback by
heating systems (ORC) working fluid properties, operational 21%, raised net power by 14%, improved cooling by 12%, with

variables for combined cooling, heating, and outputs of 655.8 kW (power), 578.3 kW (cooling), 3042 kW
power (CCHP) system (heat), and LCOE =~ 0.05 $/kWh
Nourpour & ANN Geothermal system parameters (temperature, Optimized geothermal cogeneration system efficiency; ANN-GP
Manesh pressure, mass flow), ORC working fluid optimization increased power output by ~60% and improved
[171] properties, operational variables for CCHP energy and exergy efficiencies by 12.8% and 10.8%, respectively,
with availability reaching 87.3%

Geothermal- Almutairi ANN Geothermal well parameters (mass flow rate, Optimized geothermal-hydrogen—desalination integration; ANN
hydrogen and [172] temperature, pressure), desalination process predictions achieved R? = 0.9999 with outputs of 5.15 MW
desalination variables, hydrogen production efficiency power, 127.3 m®/h freshwater, 91.4 kg/h hydrogen, cooling load
integration 2.92 MW, LCOE ~ 0.017 $/kWh, LCOW = 0.25 $/m>, and LCOH

~ 1.77 $/kg
Barogh & ANN Design parameters of the solar-geothermal Optimized system parameters (hydrogen production rate, net
Moghimi energy system, including thermal energy storage, = power output, round-trip efficiency, cost rate); ANN-GA
[173] compressed air energy storage, and operational optimization achieved 46% round-trip efficiency, 6.96 kg/day Hy
constraints. (+44%), with only +2.8% cost increase

Geothermal-solar Khosravi & ANN Solar irradiance, cooling water temperature Predicted net power output, COP of absorption refrigeration

hybrid systems Syri [174] difference, ambient temperature, pinch-point system, heat exchanger area, and cycle thermal efficiency in a
temperature, evaporating and condensing hybrid geothermal-solar system; ANN achieved R train =
temperatures 0.9965, R? test = 0.9944, RMSE train ~ 1.58 kW, RMSE test ~
2.24 kW for power prediction, and COP prediction with RMSE <
0.0023
Jakhar et al. ANN, LR, SVM, Nanofluid concentration, Reynolds number, Predicted PV panel temperature (32.1-36.5 °C), outlet
[175] DT time, PV/T inlet temperature, and temperature, thermal efficiency (72.1-75.7%), and electrical
environmental conditions related to geothermal efficiency (10.51-10.66%); MLP achieved ~98% accuracy,
cooling outperforming LR, SVM, and DT
Mun et al. Gene expression Temperature, humidity, ventilation rate, Predicted electricity consumption for geothermal-solar heating
[176] programming ammonia concentration, CO2 concentration, efficiency in livestock farming; achieving R? = 0.97, RMSE =

heating load by pig’s weight, and PM2.5
concentration in a geothermal-solar hybrid
system

3.37, MAE = 0.28 (training) and R? = 0.94, RMSE = 3.89, MAE =
1.19 (testing), with 31.6% lower electricity use and reduced CO>
emissions.
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Fig. 15. Annual trend in publications by Al algorithm in environmental impact sustainability
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Table 7

Summary of application of Al in environmental impact sustainability

Renewable Energy Focus 56 (2026) 100781

Application area Reference Al Algorithms Input Output
Geothermal water Milicevicetal.  ANN, LR Hydrochemical properties of geothermal water Predicted scale deposition rate and hardness
quality and [177] (temperature, pH, hardness, ion concentrations), reduction; ANN achieved R? up to 0.998 with MSE ~
contamination hydromechanical parameters (flow rate, turbulence, 10.8, outperforming linear regression (R? ~ 0.997,
pressure) from geothermal water sources MSE ~ 14.2-18.9)
Haklidir & ANN, SVM, LR Geothermal water chemistry (B, pH, Na, K, Ca, Mg, Predicted boron contamination; ANN achieved

Haklidir [178]

Giannoulis
et al. [179]

Geothermal heat flow
and climate impact

Li et al. [180]

LSTM networks with
attention

mechanisms

(DITAN)

RF

Cl, SO4, HCO3), geological/hydrogeological features
(rock formations, faults, reservoir depth)

Time-series surface temperature data from
geothermal sites (Vulcano’s Fossa crater),
Meteorological data (air pressure, wind speed,
rainfall, temperature)

Geological and geophysical data (oceanic crust age,
lithospheric density, crustal thickness, seismic wave
velocities, gravity anomalies, Moho depth, LAB
depth, distance to ridges and volcanoes).

lowest error with RMSE = 5.13 and MAE = 3.95 on
test data, outperforming linear regression (RMSE =
8.58) and SVM (RMSE = 6.98)

Anomaly detection in geothermal surface
temperature; DITAN identified 1,737 anomalies
(~25% of 2020 records), mainly linked to low-
pressure systems, with precision-recall validated
against expert rules

Predicted global marine heat flow; best RF model
achieved normalized RMSE = 0.13, normalized
MAE = 0.07, and R? = 0.96, robustly mapping
oceanic heat loss patterns

Geothermal Bohane et al. DT, LR, SVM, KNN, Geothermal corrosion factors, material properties, Corrosion rate prediction for geothermal
infrastructure [181] RF exposure conditions infrastructure; DT achieved best results with R? =
durability and 0.90/0.78 (uniform/pitting), improving to 0.96/
corrosion mitigation 0.83 after feature selection, outperforming RF

(0.88/0.74) and KNN (0.58/0.69)
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Fig. 16. Number of citations for different Al algorithms used in geothermal energy research.

comprehensive coverage of Al applications in deep geothermal energy,
where 183 studies were systematically collected, categorized into eight
domains and subgroups, and analyzed through a unified algo-
rithm-input-output-performance framework. By combining this struc-
tured synthesis with trend and distribution analyses, the review not only
benchmarks existing methods but also reveals critical gaps, particularly
in environmental and techno-economic research.
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