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Abstract

In recent years, artificial intelligence has gained significant traction in Earth sciences, driv-
ing a shift from qualitative approaches to quantitative, data-driven methodologies. In
geomorphology, artificial intelligence techniques are now applied at multiple scales and
for diverse purposes, leveraging a wide spectrum of methods including supervised and
unsupervised machine learning, regression algorithms, classification models, clustering
techniques, neural networks, and dimensionality reduction. This study presents a struc-
tured bibliometric analysis of the scientific literature indexed in Scopus, analyzing over
2000 articles published between 1990 and 2024. Through a bibliometric approach, we ex-
plore temporal trends, the most commonly used artificial intelligence techniques, thematic
domains, geographic patterns, and associated keywords. Results reveal the pervasive
use of artificial intelligence in key geomorphological areas, particularly in fluvial, coastal,
and erosional contexts, alongside the adoption of a rich variety of algorithms. The study
also highlights the wide range of AI techniques applied in geomorphological research,
spanning from traditional machine learning models to advanced neural architectures. This
review provides a critical overview of the current landscape and outlines future directions
to support more transparent, equitable, and integrated adoption of artificial intelligence
in geomorphological research. The findings of this study are relevant to a wide range of
stakeholders. Researchers and Ph.D. candidates can use the results to identify dominant
thematic and methodological trajectories and detect underexplored areas. Data scientists
and AI specialists may benefit from the mapped applications to implement advanced tech-
niques in geomorphological contexts. The analysis also offers useful insights for funding
agencies aiming to support strategic and equitable research development, particularly in
underrepresented regions. Finally, journal editors and publishers may use emerging trends
to inform the design of thematic issues and research priorities.

Keywords: geomorphology; artificial intelligence; machine learning; data-driven analysis;
bibliometric review
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1. Introduction
In recent decades, artificial intelligence (AI) has profoundly transformed scientific

research by providing powerful tools for processing complex data, developing predictive
models, and automating decision-making processes [1,2]. AI broadly refers to computa-
tional techniques designed to emulate human cognitive functions such as learning, rea-
soning, and decision-making. Within environmental and geoscientific research, the most
commonly applied subset of AI is machine learning (ML), a family of algorithms that
learn patterns from data to perform tasks such as classification, regression, or clustering.
A further subset, known as deep learning (DL), relies on artificial neural networks with
multiple layers (e.g., convolutional or recurrent layers), and is particularly well suited for
analyzing large, high-dimensional datasets such as remote sensing imagery, time series,
and digital elevation models.

Following the success of deep neural networks in image analysis, natural language
processing, and biomedicine, the adoption of AI techniques has rapidly expanded into the
Earth sciences [3]. In particular, the growing availability of high-resolution geospatial and
environmental data coupled with the increased availability of affordable computational
power, made possible by the evolution of GPUs and the expansion of cloud-based resources,
has enabled the integration of machine learning algorithms with remote sensing observa-
tions to address long-standing scientific questions [3]. This digital shift has contributed to
the broader transformation of geosciences from traditionally qualitative and descriptive
approaches toward quantitative, data-driven methodologies. Geomorphology, in particular,
has historically relied on field surveys, visual interpretation, empirical or deterministic
models, and approaches rooted in process geomorphology, which emphasize the physical
mechanisms driving landscape evolution. Today, it is increasingly embracing AI-based
approaches capable of handling large volumes of heterogeneous data, uncovering nonlinear
relationships among environmental variables, and supporting tasks ranging from landform
classification to process modeling.

Machine learning, deep learning, unsupervised clustering, and kernel-based regression
techniques are now used to analyze a wide range of geomorphic phenomena: from the
automatic detection of coastal changes and gully erosion to landslide susceptibility mapping
and the segmentation of fluvial or karstic features from satellite imagery [4–6]. The diffusion
of open-source libraries (e.g., TensorFlow, PyTorch) [7,8], cloud computing platforms (e.g.,
Google Earth Engine) [9], and pre-trained models (e.g., U-Net) has further accelerated the
adoption of these techniques, lowering technical barriers and allowing a broader research
community to experiment with AI-based workflows [10].

Bibliometric analysis is a quantitative method for evaluating the structure, trends,
and evolution of scientific research through the statistical analysis of publications. Unlike
systematic reviews, which follow protocols such as PRISMA and rely on detailed content
appraisal, bibliometric studies focus on metadata (e.g., keywords, citations, affiliations,
authorship, co-occurrence patterns). Bibliometric approaches are widely used in Earth
sciences to map the evolution of disciplines and emerging research frontiers (e.g., [2,3]).

In this context, a comprehensive bibliometric review is needed to evaluate how AI
has been integrated into geomorphological research so far. Specifically, this article aims to:
(i) quantify the temporal evolution of publications applying AI in geomorphology; (ii) iden-
tify the most commonly used techniques and their distribution across geomorphological
domains; (iii) analyze key keywords and application areas; and (iv) assess emerging trends
and major methodological gaps.

To achieve these goals, we conducted a structured and quantitative review of the liter-
ature indexed in the Scopus database. Using a curated corpus of over 2000 articles selected
for thematic relevance, we examine publication trends, explore the connections between AI
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techniques and geomorphological subfields, and the global distribution of research efforts.
The article concludes with a critical reflection on future perspectives, highlighting the op-
portunities AI offers for advancing geomorphological sciences and the ongoing challenges
related to methodological transparency, global equity, and interdisciplinary integration.

2. Materials and Methods
This bibliometric analysis is based on a structured process of retrieval, classification,

and analysis of scientific literature indexed in the Scopus database.
Scopus is one of the largest multidisciplinary citation indexes, covering a broad range

of peer-reviewed journals across science, technology, medicine, and the social sciences.
Compared to alternatives such as Web of Science, Scopus provides wider coverage of
geoscience-related journals and includes more extensive metadata fields, which are essential
for bibliometric analyses focusing on keyword co-occurrence, author affiliations, and
subject area classification. Its API also facilitates automated querying and processing of
large datasets, making it particularly suitable for the objectives of this study [11,12].

The dataset was built through a multi-step pipeline combining API queries, keyword
filtering, and content classification functions. Queries were formulated using an extensive
list of terms related to geomorphology and artificial intelligence (Table 1), applied to the
title, abstract, and author keywords fields. The search strategy was based on Boolean
combinations of predefined terms from the domains of geomorphology and artificial
intelligence (Table 1). Each query was structured as follows:

Table 1. Category and keywords used for the systematic research in Scopus database.

Domain Category Term

Artificial Intelligence

Dimensionality Reduction
dimensionality reduction, discrete orthogonal transformation, linear
discriminant analysis, non-negative matrix factorization, principal
component analysis, t-distributed stochastic neighbor embedding

General Ai artificial intelligence, data mining, deep learning, machine learning,
predictive modeling, supervised learning, unsupervised learning

Neural Networks

artificial neural network, Bayesian neural network, convolutional neural
network, deep neural network, generative adversarial network, long
short-term memory, multilayer perceptron, multipath convolutional neural
network, neural network, recurrent neural network

Object Detection
DeepLab, U-Net, YOLO, feature pyramid network, instance segmentation,
mask region-based convolutional network, semantic segmentation, you
only look once

Semi Reinforcement
Learning

Q-learning, deep Q-network, policy gradient method, positive-unlabeled
learning, reinforcement learning

Svm And Regression

gaussian naive bayes, gaussian process regression, least squares support
vector machine, linear regression, logistic regression, multivariate adaptive
regression splines, polynomial kernel regression, stepwise linear
regression, support vector machine, support vector regression

Trees And Ensembles

adaptive boosting, cubist regression model, decision tree, deep cascade
forest, extra-trees algorithm, extreme gradient boosting, extremely
randomized trees, gradient boosting, random forest, random
undersampling boosting

Unsupervised Clustering
cluster analysis, density-based spatial clustering, hierarchical clustering,
iterative self-organizing data analysis technique, k-means clustering,
nearest centroid classifier

Geomorphology

Anthropogenic anthropogenic landform, human-modified terrain, infrastructure-induced
geomorphic change, quarry landforms, urban geomorphology

Coastal

barrier island migration, barrier islands, beach ridge, coastal cliff retreat,
coastal erosion, coastal progradation, dune-beach interaction, marine
terraces, shoreline change, spit formation, tidal flat accretion, wave-cut
platform
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Table 2. Cont.

Domain Category Term

Geomorphology

Eolian
aeolian landforms, barchan dune, deflation surface, desert pavement, dune
morphology, linear dunes, parabolic dunes, wind erosion, yardang
formation

Fluvial

alluvial fans, alluvial rivers, bank erosion, bedload transport, braided
rivers, channel incision, channel morphology, cutoff meander, floodplain
dynamics, fluvial geomorphology, gravel-bed rivers, meandering rivers,
point bar, river avulsion, river terraces, suspended sediment transport

Geoheritage geomorphological heritage site, geomorphosite, geosite with geomorphic
relevance, landform of scientific interest, morphostructural viewpoint

Glacial
cirque morphology, glacial erosion, glacial landforms, glacial retreat,
glacial trough, ice-contact deposits, kame terrace, kettle hole, moraine
morphology, outwash plain, proglacial lake

Karst
cave passage morphology, doline, karst depression, karst landforms, karst
spring, karstification, polje, ponor, sinkhole collapse, solution features,
speleogenesis, tufa deposition, uvala

Paleogeomorphology
buried landform, exhumed landform, fossil floodplain, fossil valleys,
paleo-drainage, paleo-landscape reconstruction, paleosurface, relict
features, relict landform

Process Based
chemical denudation, chemical weathering, colluvial processes, fluvial
incision, gully erosion, mechanical weathering, rill erosion, sheet erosion,
sheetwash, soil piping, weathering pit, weathering rinds

Hillslope
debris flow fan, earthflow, gullied slope, hillslope evolution, hillslope
processes, landslide scar, landslips, mass wasting, rock avalanche, rockfall
talus, rockfalls, slope retreat, soil creep

Tectonic

active fault trace, fault scarp, fault scarps, fault-block mountain,
fold-controlled drainage, rift escarpment, river offset by fault, tectonic
geomorphology, tectonic uplift, terrace uplift, tilted blocks, tilting of
landforms, warped terrace

Volcanic ignimbrite plateau, lava flow morphology, pyroclastic landforms, volcanic
cone degradation, volcanic geomorphology, volcanic landforms

TITLE-ABS-KEY(“term1” OR “term2” OR . . . OR “termN”) AND TITLE-ABS-
KEY(“termA” OR “termB” OR . . . OR “termZ”).

The first group corresponds to geomorphological keywords (e.g., “fluvial geomorphol-
ogy”, “coastal erosion”) and the second group to AI-related terms (e.g., “machine learning”,
“support vector machine”).

For instance, one example query used for the year 2020 is:
TITLE-ABS-KEY(“fluvial geomorphology” OR “channel morphology” OR “meander-

ing rivers” OR . . .) AND TITLE-ABS-KEY(“machine learning” OR “neural network” OR
“random forest” OR . . .) AND PUBYEAR IS 2020.

The research covered the time span from 1990 to 2024. This time frame was deliberately
selected by the authors to ensure a sufficiently broad temporal window for capturing the
emergence, diffusion, and evolution of artificial intelligence applications in geomorphology.
While it is acknowledged that several AI techniques, such as deep learning or random
forests, were developed or popularized after the early 1990s, starting the analysis from
1990 allows us to detect early precursors, monitor longitudinal trends, and identify tran-
sitional phases in the adoption of AI across the geosciences. This extended time horizon
is particularly useful for highlighting inflection points and understanding how adoption
patterns have changed over time. No restrictions were applied to document type: the
dataset includes all publication types indexed in Scopus (e.g., research articles, reviews,
conference papers), provided they matched the keyword and thematic criteria. Only docu-
ments written in English were considered, to ensure consistency in metadata analysis and
keyword-based classification.
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It is important to acknowledge that keyword-based searches inherently entail limi-
tations, including the risk of omitting relevant papers using alternative terminology and
including non-relevant ones due to ambiguous or generic terms. Additionally, manual filter-
ing, while essential for refining the dataset, introduces a degree of subjectivity, potentially
affecting consistency and reproducibility.

The retrieved articles were processed and converted into structured records, with
metadata such as title, year, journal, author affiliation, keywords, and abstract extracted. A
classification function assigned each article to one or more macro-categories within artificial
intelligence and geomorphology, based on the co-occurrence of predefined tags within titles,
abstracts, and keywords. A schematic overview of the data collection workflow is presented
in Figure 1. The diagram outlines the main steps of the process: the design of domain-
specific keywords for both geomorphology and artificial intelligence; the execution of
yearly queries from 1990 to 2024; the filtering and classification of retrieved articles through
automated parsing routines; and the compilation of a final dataset for analysis. The figure
lists the key metadata extracted from each record, including bibliographic information,
author country, and AI/geomorphological keywords grouped by thematic category.

Figure 1. Workflow adopted for the retrieval and classification of scientific literature from Scopus.
The process starts with the design of controlled keyword sets for both geomorphology and artificial
intelligence (AI), organized by thematic category. Queries are iteratively executed for each year
from 1990 to 2024, targeting titles, abstracts, and keywords. Each record is parsed to extract key
metadata and assigned to both AI and geomorphological macro-categories. The resulting records are
then merged into a final structured dataset. Extracted metadata include bibliographic information
(title, year, authors, journal, abstract), author country, and thematically assigned keywords for
both domains.

Among geoscience fields, AI represents the broadest domain, encompassing compu-
tational systems designed to perform tasks that typically require human intelligence [13].
Machine Learning (ML), a subset of AI, refers to a field of statistical research focused on
training algorithms to split, sort, and transform data, optimizing their ability to classify,
predict, cluster, or discover patterns in target datasets. Within ML, Deep Learning (DL)
employs artificial neural networks with multiple layers (e.g., convolutional or recurrent
neural networks) to model complex, high-dimensional data [14].

The AI classification scheme includes methods such as neural networks, regression,
decision trees and ensemble methods, unsupervised clustering, reinforcement learning,
dimensionality reduction, and object detection techniques. The geomorphological schema
encompasses domains such as fluvial, coastal, karst, glacial, eolian, hillslope, tectonic,
volcanic, anthropogenic, and process-based geomorphology (Table 1).
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A manual post-processing step was applied to exclude articles not relevant to geo-
morphology or published in journals outside the geoscientific domain. Since subject area
metadata are not available through the Scopus search API, journal names were used as a
proxy to filter out non-geoscientific content. This approach ensured thematic consistency
while maintaining scalability of the retrieval process.

All analyses were conducted using Python (v.3.11), employing a set of reproducible
routines based on the ‘pandas’, ‘matplotlib’, ‘seaborn’, and ‘numpy’ libraries. Data parsing
and metadata extraction were performed using custom functions, while keyword classi-
fication was based on the co-occurrence of predefined terms from the controlled AI and
geomorphology vocabularies (Table 1). Each article was assigned to one or more thematic
categories depending on keyword matches in the title, abstract, and author keywords.

Temporal trends (1990–2024) were assessed by calculating the annual frequency of
publications per AI technique and geomorphological category. These were visualized
through bar charts and time series plots. Keyword co-occurrence matrices were computed
for both domains and normalized by row and column to capture relative importance
across categories. Keyword frequency and usage trends were also explored using temporal
heatmaps and ranked bar charts.

Geographical analysis of research production was conducted by extracting and stan-
dardizing the country of the first author’s affiliation. The spatial distribution of publications
was then aggregated by country and mapped globally. A Mann–Kendall trend test was
applied to assess the statistical significance of temporal changes in publication volume for
each country, with a significance level of α = 0.05. The test was implemented using the
‘pyMannKendall’ Python package.

The methodology ensures transparency and reproducibility, allowing for a struc-
tured and replicable reconstruction of how artificial intelligence has evolved within the
geomorphological research domain.

3. Results and Discussion
The extraction procedure from Scopus initially identified a total of 2180 articles. Subse-

quently, a careful cleaning and filtering phase was carried out, during which the following
were removed the articles published in journals not related to the geosciences. After this
selection, the corpus was reduced to 2166 articles considered relevant. It is important to
emphasize that highly restrictive keywords were used during the search in order to ensure
thematic relevance to the field of interest and to minimize false positives.

To assess the scientific relevance of the retrieved corpus, a citation-based analysis
was performed. Citation counts were extracted for all documents using the Scopus API,
and the distribution of citation frequencies was analyzed. Among the selected articles,
62 manuscripts received more than 100 citations, indicating substantial academic im-
pact and recognition. An additional 146 articles had between 50 and 100 citations, and
406 articles received between 20 and 50 citations. These values reflect the presence of a
significant subset of high-impact publications within the dataset.

Considering that citation rates naturally accumulate over time, we also examined the
subset of papers published in the last 10 years (2014–2024, 1716 publications) to evaluate
the influence of more recent contributions. Even within this restricted window, 35 articles
surpassed the 100-citation threshold, and a notable number of articles (127) reached or
exceeded 50 citations, suggesting that the dataset includes not only foundational works but
also emerging, high-relevance research.

This analysis confirms that the retrieval and filtering strategy successfully captured a
core of thematically coherent and scientifically impactful literature at the intersection of
artificial intelligence and geomorphology.
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3.1. Trends in Geomorphological Scientific Literature Involving AI

Figure 2 provides a comprehensive and detailed overview of the evolution of sci-
entific publications applying AI techniques to geomorphological research, based on the
2166 contributions selected from Scopus database. The uppermost panel shows the tempo-
ral trend of publications from 1990 to 2024. A limited growth is observed until 2015, fol-
lowed by a marked acceleration from 2018 onwards, with a peak in the 2023–2024 biennium.
At the same time, the number of journals involved also increases, indicating a broadening
of the scientific community interested in adopting AI in geomorphological studies.

Indeed, the selected articles span a total of 778 scientific journals. Figure 3 shows the
distribution of articles by journal, focusing on the top 30 journals by number of contri-
butions. The journal Geomorphology is by far the most represented, with over 100 articles,
followed by Remote Sensing and Catena with a long tail of journals publishing between 10
and 30 articles. This distribution reflects the deeply interdisciplinary nature of AI appli-
cations in geomorphology, which intersect geosciences, environmental science, computer
science, and engineering. On one side, core journals in geomorphology and Earth surface
processes testify to the thematic relevance of the studies; on the other, the presence of
journals specializing in remote sensing, geoinformatics, spatial analysis, environmental
monitoring, and computational modeling demonstrates the integration of methods and
perspectives from technical and data-intensive disciplines.

This disciplinary convergence has practical implications: the application of machine
learning and deep learning techniques in geomorphological research often requires the
joint use of remote sensing platforms, digital elevation models, spatiotemporal datasets,
and open-source software libraries. The variety of publication venues thus mirrors the
diversity of tools and data sources employed, as well as the collaborative nature of this
evolving research field. The presence of contributions in both domain-specific and method-
oriented journals supports the view that this interdisciplinarity is not incidental, but rather
a structural and growing component of the AI–geomorphology nexus.

The second panel of Figure 2 also shows the distribution of articles according to the
macro-categories of AI techniques used, as defined during the Scopus query (see Table 1).
The most frequently encountered technologies are those classified as SVM (Support Vector
Machine) and Regression, followed by Generale AI and neural networks (Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory
networks (LSTMs)). These techniques vary in complexity and purpose. For instance,
Support Vector Machines are supervised learning models used for classification tasks,
while Convolutional Neural Networks are particularly suited for image data. Recurrent
and Long Short-Term Memory networks are designed to handle sequential data, such as
time series.

The third panel in Figure 2 shows the frequency of publications across the main geo-
morphological macro-categories. The most prevalent themes are coastal geomorphology,
process-based studies, and fluvial geomorphology. These are followed, with lower frequen-
cies, by hillslope, eolian, karst, and glacial, while volcanic, anthropogenic, and geoheritage
categories are still underrepresented.
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Figure 2. Evolution of the application of AI in geomorphological studies. From top: annual trends in
publications (bar chart) and journals (line plot); distribution of main AI and geomorphological (GEO)
macro-categories; temporal evolution of GEO and AI macro-categories.



Geosciences 2025, 15, 331 9 of 26

 

Figure 3. Number of AI-based geomorphological studies published in the top 30 most frequent journals.

The bottom panels of Figure 2 illustrate the temporal evolution of both the geomorpho-
logical and AI technique categories. In the first case, a significant increase in contributions
related to fluvial, coastal, and process-based geomorphology is observed after 2015. The
remaining categories show more stable or emerging trends. In the second case, there is a
progressive consolidation of techniques such as neural networks, dimensionality reduction,
and regression models, along with a growing interest in more advanced and specialized
methods, which has emerged over the past five years.

The marked rise in publications applying AI techniques to geomorphology, which
began around 2015 and intensified after 2018, can be attributed to a combination of con-
verging factors, including the evolution of computational tools and a changing scientific
and disciplinary context. This expansion is the result of a broader technological maturation
process and the progressive integration between the knowledge base of Earth sciences and
methodologies from the field of artificial intelligence.

3.1.1. Technological Advancements and the Increasing Accessibility of AI Frameworks

A key enabling factor has been the availability, since the mid-2010s, of user-friendly
open-source frameworks for implementing deep learning models. The introduction of
TensorFlow [7], Keras [15], and subsequently PyTorch [8] significantly lowered the technical
barriers that had previously hindered the adoption of complex neural networks in non-
computer science fields. These tools made AI accessible to a broader audience of researchers,
including geologists, geomorphologists, and environmental engineers.

Another enabling aspect was the increased availability of affordable computational
power, made possible by the evolution of GPUs (e.g., CUDA technology), the expansion of
cloud-based resources (such as Google Colab, AWS EC2, and Microsoft Azure), and the
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growing efficiency of AI models. The combination of open-source software and accessible
hardware allowed small- and medium-sized research groups to independently train and
validate deep learning models, overcoming their former dependence on high-performance
computing infrastructure.

Pre-trained models are neural networks that have been previously trained on large
datasets and can be adapted to new tasks with minimal effort, making them especially
useful when labeled data are limited. The diffusion of pre-trained models (e.g., ResNet,
U-Net) facilitated the application of deep architectures to moderate-sized datasets, which
are common in environmental sciences [16–18]. For instance, the U-Net architecture [19],
originally developed for biomedical image segmentation, has been widely adapted to
address geomorphological tasks such as soil erosion assessment [4,20], landslide map-
ping [6,21], coastal change detection [5,16,22,23], and the delineation of glacial [24,25] and
karstic landforms [26].

3.1.2. Increasing Availability of Geospatial and Environmental Data

The second enabling factor is the significant growth in the availability of high-
resolution geospatial and environmental data, both in spatial and temporal dimensions.
This expansion has played a crucial role in supporting the application of data-driven AI
models in Earth surface sciences.

In particular, the launch and operational continuity of the Sentinel missions within the
Copernicus Programme has provided open-access satellite imagery with high temporal
frequency (e.g., Sentinel-1 with radar data, Sentinel-2 with multispectral optical imagery),
enabling detailed monitoring of dynamic geomorphic processes such as coastal erosion,
river migration, and landslides [27–32].

Similarly, the long-term consistency of the Landsat program (dating back to 1972)
offers unique opportunities for multidecadal analyses of surface change, which are essential
for training deep learning models on temporal sequences [33–35].

Alongside optical imagery, the availability of global Digital Elevation Models
(DEMs) [36–39] such as TanDEM-X has significantly enhanced the ability to quantify
topographic attributes relevant to geomorphology, such as slope, curvature, and roughness,
which are often used as inputs to machine learning models for landform classification or
hazard mapping (e.g., landslide susceptibility).

Moreover, platforms such as Google Earth Engine (GEE) have revolutionized access
to massive geospatial archives, allowing researchers to run remote sensing and machine
learning workflows directly in the cloud, without the need to download or store large
volumes of data locally [40–43]. This has lowered the technical barriers to entry and enabled
broader experimentation across spatial and temporal scales.

In addition to remote sensing data, numerous repositories now provide climate re-
analysis products (e.g., ERA5, MERRA-2) and environmental datasets (e.g., soil maps,
land cover, hydrological variables), which can be integrated with AI models to support
tasks such as flood prediction [44–47], soil erosion modeling [48], and vegetation dynamics
assessment [49].

Furthermore, the rapid adoption of unmanned aerial vehicles (UAVs) has significantly
expanded the volume and quality of geospatial data available to researchers. Drones
equipped with high-resolution RGB, multispectral, LiDAR, and thermal sensors now enable
centimeter-level imagery and elevation models, bridging the gap between satellite-level and
traditional field survey resolution. These platforms offer unparalleled flexibility: they can
be swiftly deployed over specific areas, even in challenging or remote terrains, delivering
real-time data with temporal frequency unachievable by conventional methods [50].
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A further contribution has come from the growing standardization of data formats
(e.g., GeoTIFF, NetCDF) and the development of automated preprocessing pipelines, which
ensure reproducibility and interoperability across platforms. Libraries such as rasterio,
xarray, and geemap have enabled seamless integration between geospatial data and deep
learning frameworks, particularly in Python-based environments [51–53].

Taken together, these developments have made high-quality geospatial and envi-
ronmental data more accessible, interpretable, and ready for integration into AI-based
workflows. This convergence has greatly accelerated the uptake of machine learning and
deep learning techniques in geomorphological applications, particularly in areas where
field data are sparse or difficult to acquire.

3.2. Spatial Analysis

Figure 4 presents a cartographic representation of the spatial analysis of published
contributions at the global scale. The top-left panel shows the distribution of the total
number of articles per country. Publications are heavily concentrated in a few countries:
the China leads with 339 articles, followed by United States (280), India (204), Iran (108),
Italy (85), Australia (71), United Kingdom (71), Canada (66), Germany (63), and Brazil (55).
The map thus highlights a marked polarization toward well-established academic and
institutional contexts, particularly in North America, Europe, and East Asia.

Figure 4. Geographical distribution of scientific publications over time: total number of papers
(top left), earliest year of occurrence (top right), Theil–Sen slopes (bottom left), and corresponding
p-values (bottom right) of the Mann–Kendall Test. In the p-value map, countries are colored based
on the statistical significance of the trend: green for p < 0.05 (statistically significant), blue for
0.05 ≤ p < 0.10 (marginally significant), red for p ≥ 0.10 (not significant), and light gray for countries
with missing data.
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The top-right panel displays the earliest year of publication for each country. Some
countries show early involvement (1990s) [54,55], while others have started contributing
more recently. The bottom panels report the results of the Mann–Kendall test for the
temporal trend in the number of articles published per country: the left panel shows
the trend values (in articles/year), and the right panel the corresponding p-values. The
Mann–Kendall test is a non-parametric method commonly used to detect monotonic
trends in time series data without assuming any specific distribution. It is particularly
suitable for bibliometric data, where annual publication counts may be irregular and
non-normally distributed. In this study, the test was applied to each country’s annual
publication count from 1990 to 2024. The resulting p-values indicate whether the trend is
statistically significant (at α = 0.05), while the sign and magnitude of the trend statistic
reflect its direction and intensity. This approach enables the identification of countries where
interest in AI applications in geomorphology is growing over time in a statistically robust
manner. The trends are especially positive and statistically significant for countries such
as the United States, China, India, and Iran, suggesting a growing role in the landscape of
publications on the application of AI in geomorphology (such as [56–61]). Other countries
show positive but non-significant trends, or greater variability due to the still limited
number of annual contributions.

These results reveal a strong geographical concentration of scientific production on
the application of artificial intelligence in geomorphology. The dominance of certain
countries can be attributed to the presence of consolidated academic infrastructures, greater
research funding, and an early integration of AI technologies into scientific programs [62,63].
However, this polarization also entails an uneven distribution of studied geomorphological
contexts, with the risk that physical environments located in underrepresented countries
remain marginal in the scientific discourse.

The analysis of the first year of publication shows that the adoption of AI in geomor-
phology has not occurred uniformly over time: some countries started contributing as early
as the 1990s, while others entered the field only recently. This temporal diversification re-
flects different scientific trajectories, influenced by factors such as access to geospatial data,
availability of interdisciplinary expertise, and national research priorities [64]. Countries
with earlier adoption have had the opportunity to consolidate more robust methodological
approaches over time, while late adopters are now experiencing rapid growth.

These spatial and temporal patterns cannot be attributed solely to scientific interest or
disciplinary maturity. Rather, they reflect broader structural drivers, such as the availability
of national and international funding schemes focused on digital and environmental
innovation, the inclusion of AI-related goals in research policy agendas, and the presence
of institutions capable of sustaining interdisciplinary programs. For instance, countries like
India and Iran, where significant positive trends are observed, have recently invested in AI
and Earth observation research through national development plans, disaster risk reduction
frameworks, and strategic collaborations (e.g., [65,66]). Conversely, countries with limited
access to computational infrastructure or fewer interdisciplinary training programs tend to
show weak or statistically non-significant publication trends.

The Theil–Sen slopes support this interpretation, showing that several countries are
gaining increasing relevance. In particular, the significant increase observed in India and
Iran suggests that emerging scientific communities are actively investing in this field, con-
tributing to a broader geographical diversification of AI-based geomorphological research.
In contrast, other countries exhibit more uncertain or non-significant trends, often due to
the small number of annual publications, which makes it difficult to identify clear patterns.

These findings point to a broader issue linked to the political economy of scientific
production in the field of geomorphology. The observed imbalances in publication output
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and research capacity are not merely technical or disciplinary in nature, but are also
shaped by structural inequalities in research funding, access to geospatial infrastructure,
and national science and innovation policies. Overall, the emerging picture is that of a
highly unbalanced scientific community, both in terms of output and access to analytical
tools. To reduce this imbalance and foster a more equitable development of computational
geomorphology, it is crucial to encourage more balanced international collaborations,
promote open access to datasets and AI tools [62], and support interdisciplinary training
programs in countries that are currently underrepresented. In doing so, it will be possible to
expand the diversity of geomorphological contexts investigated and build a more inclusive
global community, capable of responding more representatively and innovatively to the
challenges of contemporary geomorphological research.

3.3. AI Techniques Across Geomorphological Domains

Figures 5 and 6 provide a complementary overview of the evolution and use of
artificial intelligence (AI) techniques in geomorphological research. Figure 5 explores the
relationship between various thematic macro-categories in geomorphology and the main
families of AI techniques, while Figure 6 analyzes the most commonly used keywords in
the selected literature and how their use has evolved over time.

Figure 5 presents a frequency matrix normalized by geomorphological category, where
each row represents a domain (e.g., fluvial, coastal, karst), and the columns represent
the various AI macro-categories (such as General AI, Neural Networks, Dimensionality
Reduction, etc.). The color of each cell indicates the relative percentage of each technique’s
application within a given domain.

Figure 5. Percentage of use of different AI macro-categories within each geomorphological (GEO)
category. Values are normalized by GEO category and show which AI techniques are most commonly
used in each field.

The most evident pattern is the clear predominance of the ‘General AI’ category, which
aggregates generic references to machine learning or deep learning, often used as umbrella
terms (e.g., [67,68]). In Anthropogenic [69,70] and Geoheritage categories these techniques
account for over 50% of cases due to the limit number of articles founded, reaching up to
83% in the anthropogenic domain. However, this suggests that, in the analyzed literature,
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researchers often resort to general terms rather than specifying the exact algorithm or
technique used, likely reflecting an early or generalist phase in methodological integration.

Figure 6. Summary of the number of articles by AI and GEO categories. The top charts show the
overall frequency of each AI technique (left) and each geomorphological topic (right). The bottom
charts show how the use of AI methods (left) and GEO categories (right) has changed over time,
with a clear increase in publications after 2015.

Neural networks are well represented in categories such as Volcanic (31%) [71,72],
Fluvial (18%) [73–75], and Coastal (12%) [76–78], where the availability of high-resolution
geospatial data (e.g., satellite imagery, LiDAR) makes these techniques highly effective for
segmentation, classification, or predictive analysis. However, applications of AI-driven
Earth Observation techniques require large amounts of data, which are sometimes supple-
mented through augmentation techniques [79].

Dimensionality reduction techniques, such as PCA, are particularly used in process-
based [80–82], glacial [83,84], and tectonic domains [85–87], where complex and multivari-
ate datasets are common. In contrast, these techniques are virtually absent in the Geoher-
itage and Anthropogenic contexts, where more descriptive or qualitative approaches likely
prevail. These advanced techniques serve different purposes: dimensionality reduction
(e.g., PCA) simplifies complex datasets by extracting their most informative components;
object detection identifies and locates specific features within an image; reinforcement
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learning involves decision-making based on trial-and-error interactions; and unsupervised
clustering groups data without predefined labels.

More advanced or niche techniques, such as object detection, reinforcement learning,
or unsupervised clustering, appear only marginally. Even the visible peaks (e.g., 26% of
clustering in the tectonic category) derive from a small number of studies and should be
interpreted with caution.

Moving to Figure 6, we find a dual representation of emerging topics in the literature.
At the top, two bar charts show the absolute frequency of the most common keywords
associated with AI and geomorphology. At the bottom, two time series plots track their
evolution from 1990 to 2024.

On the AI side, there is a clear explosion in the use of terms such as machine learning,
linear regression, random forest, and neural network, especially after 2015. This reflects
the growing adoption of open-source libraries like TensorFlow and PyTorch, as well as the
increasing availability of accessible datasets, which have promoted the use of automated
techniques even in traditionally less digitalized disciplines like geomorphology.

On the geomorphological front, the most frequent keywords refer to erosional processes
and coastal dynamics, such as shoreline change and coastal erosion [88–90], but also include
gully erosion [91–93], chemical weathering [94,95], and channel morphology [96–98]. Here
again, we observe a marked acceleration over the past 10–15 years, reflecting growing
interest in both the automatic quantification of morphogenetic processes and the application
of predictive models based on remote observations.

Overall, the two figures outline a coherent picture: the adoption of AI techniques in
geomorphology is increasing, but remains heavily concentrated in a few thematic areas and
on relatively generic techniques. However, there is a clear evolution underway, with the
gradual introduction of more sophisticated methods and the emergence of new application
fields, such as the analysis of volcanic landforms, hillslopes, or coastal margins.

This analysis helps to identify both well-established domains, where AI is regularly
applied (e.g., fluvial and coastal environments), and underexplored sectors, which represent
real opportunities for the future development of more targeted and integrated approaches.

3.4. Keyword Trends in Geomorphological Research

The analysis of author-provided keywords in the selected scientific literature offers
valuable insights into emerging thematic trends and the methodological evolution of geo-
morphology in the age of artificial intelligence. Figures 7 and 8 summarize this information
by illustrating the frequency, temporal distribution, and thematic categorization of the most
frequently used keywords. An analysis of the number of keywords per article over time
shows no substantial trend or variation. The annual mean number of keywords remains
relatively stable across the study period, generally oscillating between 4 and 6 keywords
per article. This indicates that the keyword-based trend analyses are not affected by tempo-
ral variation in the number of keywords assigned per article, and thus reflect consistent
patterns of thematic development.

As shown in Figure 7, the ten most frequent keywords reveal a significant evolution
over time. Starting around 2015, and especially in the last five years, there has been an accel-
erated increase in the number of articles employing terms associated with machine learning
techniques, such as machine learning, random forest (an ensemble learning method based
on decision trees), and deep learning (a family of algorithms based on multi-layered neural
networks). These keywords have gradually overtaken more traditional geomorphological
terms, such as coastal erosion [99–101], erosion [102–104], and gully erosion [105–107],
suggesting a rapid adoption of computational approaches across the discipline. At the
same time, well-established tools like remote sensing [108,109] and GIS [110–112] remain
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steadily represented, serving as a bridge between traditional approaches and modern
analytical techniques.

Figure 7. Temporal and thematic analysis of the most frequent author-provided keywords in the
selected literature. The top panel shows the annual number of publications in which each keyword
appears (1995–2024). The central heatmap illustrates the co-occurrence of these keywords with major
artificial intelligence categories. The bottom panel ranks the 30 most frequent keywords overall.
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Figure 8. Top 10 most frequent keywords within each of the main six geomorphological macro-
categories identified in the literature: Coastal, Eolian, Fluvial, Karst, Process-based, and Hillslope.
The numbers in square brackets indicate the total number of papers assigned to each category.

The intersection matrix between keywords and artificial intelligence macro-categories
(central panel of Figure 7) confirms the widespread diffusion of machine learning tech-
niques. Notably, the keyword machine learning is associated with nearly all the method-
ological categories considered, with particular emphasis on neural networks [113,114],
ensemble methods (trees and ensembles) [115–117], SVM and regression [118–120]. Deep
learning, as expected, is strongly associated with the neural networks category, while
remote sensing and GIS are linked to a wide variety of AI approaches, highlighting their
versatility in automated spatial analysis. Overall, this heatmap reflects a rapidly expand-
ing methodological landscape, in which predictive models [120–122] and classification
tools [123,124] are increasingly integrated into geomorphological research.
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The bar chart at the bottom of Figure 7 provides a broader perspective by displaying
the 30 most frequent keywords across the literature. In addition to the prevalence of ar-
tificial intelligence, related terms, there is a strong presence of classic geomorphological
concepts such as gully erosion, coastal erosion, soil erosion, climate change [125,126], and
wind erosion [127,128]. Also noteworthy is the recurrence of methodological keywords
such as principal component analysis [129,130], logistic regression [131,132], and cluster
analysis [133–135], indicating the systematic adoption of statistical and data mining tech-
niques. These methods serve distinct yet complementary purposes: PCA is used to reduce
the dimensionality of complex datasets while retaining the most informative components;
logistic regression is commonly applied for binary classification tasks; and cluster analysis
is employed to group data based on similarity without predefined labels.

The integration between geomorphological content and advanced analytical tools
appears to be deep and structural, shaping both the applied and conceptual aspects of
the field.

This transformation is reflected consistently in the thematic classification by geomor-
phological macro-category (Figure 8). In the coastal domain, for instance, the predominant
presence of DSAS (Digital Shoreline Analysis System) [136–138], shoreline change, and
coastal erosion underscores the focus on quantifying shoreline dynamics, often supported
by remote sensing [139–141] and machine learning for monitoring and forecasting pur-
poses. In the eolian category, terms such as wind erosion and soil erosion are frequently
combined with classification techniques like random forest [142,143], as well as themes
like desertification and artificial neural network [144], indicating applications aimed at
mapping vulnerability.

In the fluvial domain, machine learning is the most frequent keyword, followed
by topics related to channel morphology, sediment transport [145,146], and quantitative
analysis methods such as PCA [147,148] and cluster analysis. This suggests a growing
informatization of sediment budget assessments, river hydraulics, and morphological
dynamics. In karst environments, the keyword karst is naturally central, but it is frequently
accompanied by techniques like deep learning and by keywords related to hydrological
responses, such as springs, groundwater, and hydrochemistry, reflecting the increasing
complexity of hydro-geomorphological modeling in subterranean systems [149,150]. The
‘process-based’ and ‘hillslope’ categories also clearly show the integration of traditional
content (gully erosion, landslide, rockfall) with advanced computational techniques, with
a high frequency of machine learning and specific techniques such as random forest or
logistic regression [151–154].

Overall, the keyword analysis reveals a profound and cross-cutting transformation in
quantitative geomorphology, marked by the extensive penetration of artificial intelligence
methods and strong interdisciplinary connections. Traditional themes in the discipline
have not disappeared but have instead been enriched by tools that enhance capabilities
in observation, modeling, and forecasting. This trend has become especially evident over
the past decade, signaling the entry of geomorphology into a new epistemological phase,
strongly shaped by data-driven approaches and advanced computation.

4. Limitations
This study offers a comprehensive overview of the integration of artificial intelligence

into geomorphological research, yet several limitations should be considered. The anal-
ysis is based on a keyword-driven bibliometric approach, which, despite being carefully
designed, may omit relevant studies that use alternative terminology or include papers
that match keywords but are not fully aligned with the research scope.
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The dataset includes only publications indexed in Scopus and written in English. This
choice, while necessary for consistency in metadata parsing, may lead to the underrepre-
sentation of research produced in other languages or published in non-indexed journals,
particularly those from less represented regions.

Another limitation concerns the classification of research domains. Due to the structure
of the Scopus Search API, subject area metadata could not be retrieved directly. As a
workaround, journal titles were used to infer thematic relevance. Although effective,
this strategy may have excluded multidisciplinary studies or introduced classification
uncertainty in borderline cases.

Finally, this study focuses on patterns in publication output, thematic evolution, and
keyword distribution. It does not evaluate the scientific quality or technical performance
of the AI methods applied in the underlying studies, which would require a different
analytical approach based on content review and methodological assessment.

5. Conclusions and Future Perspectives
This study provides a comprehensive overview of the rapid and increasingly

widespread integration of AI techniques in geomorphological techniques in geomorpho-
logical research over the past three decades. The analysis of 2166 scientific articles indexed
in Scopus reveals a marked increase in scientific output starting in 2015, driven by both
technological advances and the growing availability of environmental data. This expansion
has been accompanied by a diversification of AI techniques used, ranging from traditional
regression models and decision trees to more advanced methods such as convolutional
neural networks, clustering algorithms, and dimensionality reduction techniques.

The application of AI has proven particularly effective in addressing classic geomor-
phological problems, such as shoreline change detection, soil erosion mapping, landslide
susceptibility assessment, and river morphology classification, enhancing analytical capa-
bilities and automating traditionally complex, subjective, and time-consuming processes.
These methods are especially powerful when combined with high-resolution remote sens-
ing data and digital elevation models, enabling the development of predictive, scalable,
and reproducible workflows.

However, the analysis also highlights several limitations and uneven development
areas. A significant portion of the literature still refers to AI in generic terms, without
specifying the models or architectures used evidence of a still maturing methodological
framework. Moreover, the application of AI is concentrated in a few thematic areas, mainly
fluvial, coastal, and process-based geomorphology, while other domains—such as geoher-
itage, anthropogenic landforms, and volcanic geomorphology—remain underexplored.
Additionally, the geographical distribution of studies is highly polarized, with most con-
tributions coming from a small number of countries, raising concerns about a distorted
representation of global geomorphic diversity. This issue is further compounded by un-
equal access to high-resolution datasets and computational resources, which continues to
limit the adoption of AI-based methods in many regions of the world.

Looking ahead, it will be essential to improve methodological transparency, extend AI
applications to underexplored geomorphological contexts, and promote more generalizable
approaches through techniques such as transfer learning. Equally important will be the
integration of heterogeneous data sources into unified modeling frameworks and the
promotion of equitable access to tools and datasets through open science policies and
training initiatives in underrepresented countries. Additionally, this bibliometric analysis
shows that several advanced AI techniques, such as reinforcement learning, object detection,
and unsupervised clustering, remain marginal across the current literature, suggesting
significant untapped potential for future geomorphological research.
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In conclusion, the integration of artificial intelligence in geomorphology is not only
a methodological evolution but also an epistemological transformation. It opens new
possibilities for understanding Earth surface processes at previously unimaginable scales
and resolutions, while also posing new challenges in terms of ethics, equity, and interdisci-
plinarity. Facing this transition consciously will be essential to ensure that AI becomes a
tool for advancing both scientific knowledge and global research equity.
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