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Abstract

Geohazards such as landslides, earthquakes, debris flows, and floods are governed by
complex interactions among geological, hydrological, and human processes. Traditional
data-driven models have improved hazard prediction but often lack interpretability and
adaptability. This review examines the evolution of knowledge-guided approaches in
geohazard research, highlighting how knowledge representation and artificial intelligence
have progressively converged to enhance understanding, reasoning, and model trans-
parency. A bibliometric analysis of 1410 publications indexed in the Web of Science reveals
an evolution from early ontology-based knowledge engineering for expert reasoning to
knowledge graphs (KG), frameworks enabling multi-source data integration and rela-
tional inference, and more recently, to large language model (LLM), augmented systems
for automated knowledge extraction and cognitive geoscience. This review synthesizes
advances in knowledge representation, knowledge graphs, and LLM-based reasoning,
demonstrating how hybrid models that embed physical laws and expert knowledge can
improve the interpretability and generalization of machine learning. These developments
enable new forms of knowledge-driven geohazard intelligence and support applications
in hazard monitoring, early warning, and risk communication. There are challenges we
still face, including semantic fragmentation, limited causal reasoning, and sparse data for
extreme events. Future directions require unified knowledge–data–mechanism architec-
tures, causality-aware modeling, and interoperable standards to advance trustworthy and
explainable geohazard intelligence.

Keywords: geohazard intelligence; knowledge graph; ontology; large language model;
knowledge-enhanced modeling; generative reasoning

1. Introduction
Geohazards such as landslides, earthquakes, debris flows, and floods rank among the

most destructive natural phenomena affecting human settlements and critical infrastructure
globally. These events arise from complex interactions among geological structures, hydro-
logical processes, and anthropogenic activities, rendering their prediction and mitigation
persistent challenges in Earth system science [1–4]. Conventional empirical and physical
models provide valuable process understanding yet often fail to capture the full spectrum
of multi-scale and cascading hazard processes, particularly under accelerating climate
change and land-use transformation [5,6].
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Over the past two decades, the rapid growth in multi-source geospatial data, includ-
ing satellite imagery, sensor networks, and geological surveys, has enabled the develop-
ment of data-driven methods for hazard mapping, susceptibility assessment, and early
warning [2,3,7]. Machine learning (ML) and data mining approaches have achieved notable
predictive performance across diverse hazard contexts [8–10]. However, most such models
rely on statistical correlations without an explicit representation of underlying causal mech-
anisms, limiting interpretability and transferability across regions and hazard types [11,12].
This “black box” nature constitutes a recognized obstacle to the operational adoption of
artificial intelligence in geosciences [3,13,14].

In geoscientific reasoning, symbolic knowledge is particularly important because
hazard interpretation depends not only on statistical associations, but also on explicit
process chains, threshold effects, stratigraphic context, and expert-defined causal relations.
Ontologies and rule-based representations therefore do more than organize terminology:
they externalize domain assumptions in a form that is transparent, shareable, and au-
ditable across datasets and applications. This is especially valuable for geohazard systems,
where sparse observations, spatial heterogeneity, and multi-factor interactions often require
interpretable reasoning rather than pattern recognition alone [15–17].

The knowledge-guided paradigm has emerged as a promising pathway to address
these limitations by integrating domain expertise, physical laws, and semantic knowl-
edge into computational models [17,18]. Within this paradigm, ontologies and knowledge
graphs (KGs) provide formal structures to represent entities, processes, and relationships in
geohazard systems [16]. These semantic representations enable interoperability among het-
erogeneous datasets and support reasoning about hazard causation and propagation [15,19].
Research on geohazard ontologies, landslide knowledge graphs, and multi-hazard knowl-
edge integration demonstrates the potential of this approach for interpretable geohazard
intelligence [20,21].

The advent of large language models (LLMs), including general-purpose models such
as GPT (generative pre-trained transformer) and LLaMA (Large Language Model Meta
Artificial Intelligence), creates new opportunities for knowledge extraction and reasoning
from unstructured text sources such as field reports, scientific publications, and disaster
bulletins. General-purpose LLMs are pretrained on broad web-scale corpora and offer
flexible language understanding, but they are not optimized for geoscientific terminology,
hazard taxonomies, or physically grounded interpretation. By contrast, domain-adapted
models are further aligned through geoscience corpora, task-specific instruction tuning,
retrieval over validated repositories, or coupling with ontologies and knowledge graphs,
enabling more reliable use in geohazard contexts. These models exhibit semantic under-
standing and contextual reasoning capabilities; when combined with KGs, they can support
automatic knowledge extraction, summarization, and multimodal data fusion [22–24]. The
coupling of structured and unstructured knowledge represents a conceptual shift from de-
scriptive representation toward knowledge-enhanced reasoning for geohazard prediction
and decision support [25].

Despite this progress, current studies remain fragmented by hazard type, data source,
and computational paradigm. Some efforts focus on ontology construction, others address
knowledge-guided ML- or LLM-based reasoning, often without integrative frameworks.
A systematic synthesis is needed to clarify the intellectual evolution, methodological ad-
vances, and emerging convergence between symbolic and neural approaches in geohazard
research. Existing reviews have examined related aspects of this topic from different per-
spectives, including artificial intelligence in geoscience more broadly, knowledge graph
construction and application in geosciences, and the emerging use of large language mod-
els in environmental science [24,26,27]. These studies provide important methodological
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overviews, but they usually address semantic representation, knowledge-guided model-
ing, and language-based reasoning as separate strands. By contrast, the present review
focuses specifically on geohazard intelligence and treats ontologies, knowledge graphs,
knowledge-guided machine learning, and LLM-based reasoning as successive and increas-
ingly integrated stages in the evolution of hazard-oriented knowledge systems. The aim is
therefore not to duplicate broader reviews, but to provide a geohazard-centered synthesis
of their emerging convergence. Accordingly, this review has three primary objectives:

1. To trace the historical evolution of knowledge-guided geohazard research from early
expert systems to contemporary KG- and LLM-based frameworks;

2. To synthesize how ontologies and knowledge graphs structure, represent, and
operationalize geohazard knowledge, supporting semantic interoperability and
causal reasoning;

3. To analyze how machine learning and large language models integrate with domain
knowledge to enhance interpretability, adaptability, and decision-making in geohazard
modeling.

This paper is organized as follows. Section 2 presents bibliometric and thematic
evolution analysis. Section 3 focuses on knowledge representation approaches, including
ontology design and KG construction. Sections 4 and 5 discuss the integration of knowledge-
guided and LLM-based reasoning, respectively. Section 6 summarizes challenges and future
directions toward unified, interpretable, and adaptive geohazard intelligence systems.

2. Bibliometric Analysis of Knowledge-Guided Approaches to Geohazards
2.1. Search Strategy and Literature Selection

To quantitatively characterize the development of knowledge-guided geohazard re-
search, a comprehensive bibliometric analysis was conducted using publications indexed
in the Web of Science Core Collection databases between 1 January 1990 and 20 April
2025. The search aimed to capture publications at the intersection of geohazards and
knowledge-centered or language-centered computational approaches. The following query
was used:

TS = ( 
(“knowledge graph*” OR “knowledge base*” OR ontology* OR “semantic web” OR 

“knowledge representation” OR “knowledge reasoning” OR “graph reasoning” OR “large lan-
guage model*” OR “foundation model*” OR “language model*” OR “transformer model*” OR 
“generative AI” OR GPT OR BERT OR “natural language processing”) 

AND (“geohazard*” OR “geo hazard*” OR “landslide*” OR “earthquake*” OR “tsunami*” 
OR “flood*” OR “volcanic eruption*” OR “natural disaster*” OR “natural hazard*”) 

) 

The Web of Science Core Collection was selected as the primary data source because it
provides comparatively standardized bibliographic metadata, controlled author keywords,
citation links, and subject classifications, which support reproducible bibliometric analysis.
Scopus offers broad journal coverage and is also widely used in bibliometric studies,
but its source indexing and keyword normalization are relatively more heterogeneous
across disciplines [28]. Google Scholar has even broader coverage and often captures more
citations than either Web of Science or Scopus, but its indexing rules are less transparent,
and its metadata are less standardized for systematic bibliometric workflows [29]. We
therefore used Web of Science to prioritize consistency, comparability, and reproducibility
in bibliometric analysis, while acknowledging that this choice may underrepresent some
regional, non-English, or non-journal literature.
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The retrieved records were screened in four steps. First, records were retrieved from
the Web of Science Core Collection using the search query above. Second, duplicate records
were removed during export and verified manually. Third, titles, abstracts, and keywords
were screened for relevance to geohazard processes and knowledge-based or AI-related
methods. Fourth, records such as editorials, corrections, news items, and studies unrelated
to geohazards were excluded. The remaining records were then cleaned and standardized
for bibliometric analysis. All indexed publication types were retained except book chapters,
editorial materials, corrections, and non-indexed preprints.

After screening, the bibliographic records were further cleaned and standardized. Pub-
lication year and citation counts were converted into numeric variables, and keywords were
normalized through lowercasing and synonym merging to reduce semantic inconsistencies
across the dataset.

2.2. Bibliometric Analysis Results
2.2.1. Publication Trends and Evolution

Figure 1 illustrates a clear upward trajectory in publications related to knowledge-
guided approaches to geohazards between 1990 and 2024. During the 1990s and early
2000s, the number of papers remained very limited, typically fewer than ten publications
per year. Research at that time was exploratory and largely based on expert knowledge
and symbolic reasoning. Typical efforts involved the development of rule-based expert
systems and ontology frameworks to formalize the understanding of landslide mechanisms,
triggering factors, and geomorphological classifications. Although these studies were
often qualitative and case-specific, they laid the conceptual groundwork for representing
geohazard knowledge in a structured, machine-interpretable form.

Figure 1. The number of publications from 1990 to 2024.

From the mid-2000s onward, a gradual increase in publication activity reflected the
growing influence of data-driven analysis in geohazard research. The rapid expansion of
remote sensing (RS) and monitoring technologies, such as optical imagery, LiDAR (Light
Detection and Ranging), InSAR (Interferometric Synthetic Aperture Radar), and rainfall
sensor networks, provided massive datasets for quantitative modeling. Statistical and
machine learning methods, including logistic regression, support vector machines, and
random forests, have been increasingly applied to regional landslide susceptibility mapping,
debris-flow prediction, and seismic hazard assessment. These techniques substantially

https://doi.org/10.3390/geohazards7020040

https://doi.org/10.3390/geohazards7020040


GeoHazards 2026, 7, 40 5 of 27

improved predictive accuracy and efficiency, although their “black-box” nature limited
interpretability and knowledge transparency.

After 2015, the publication curve steepened noticeably, indicating a new phase in which
knowledge-based frameworks began to be combined with advanced artificial intelligence.
The introduction of knowledge graphs, semantic web standards, and ontology-based data
integration promoted the fusion of physical reasoning with deep learning (DL) models.
In practical applications, this enabled multi-source information fusion, automated hazard
database construction, and explainable susceptibility mapping, linking geological semantics
to data-driven inference. This integration marked a methodological shift from empirical
learning to hybrid and knowledge-guided intelligence.

Since 2021, the field has experienced a rapid expansion, with publication output peak-
ing at 239 papers in 2023. This surge coincides with the emergence of LLMs and generative
artificial intelligence, which have shown potential to support automated knowledge ex-
traction, semantic reasoning, and intelligent hazard interpretation from heterogeneous
geoscientific data. Recent studies have explored their use in geohazard knowledge graph
construction, multi-modal monitoring analysis, and report generation for disaster early
warning. Because the data for 2025 only covers publications up to April and therefore
represent an incomplete year, the 2025 data were excluded from the figure to avoid potential
misinterpretation of the publication trend.

Overall, knowledge-guided geohazard research has evolved from symbolic represen-
tation and expert reasoning toward data-intensive modeling and, more recently, toward
knowledge-enhanced and generative intelligence that integrates geological understanding,
physical constraints, and cognitive computation within a unified analytical framework.

2.2.2. Thematic Evolution and Research Focus

To further interpret the knowledge development process, a thematic analysis was
performed based on the evolution of author keywords from 1990 to 2025. For this purpose,
the study period was divided into four stages: Emergence (1990–2004), Early Growth
(2005–2014), Acceleration (2015–2020), and Exponential Growth (2021–present), following
both the publication trend and the observed inflection points in annual output (Figure 1).

Keyword data were extracted from bibliographic records and standardized through
lemmatization and synonym merging. Keyword statistics and thematic visualizations
were implemented using Python-based (Python 3.9) data analysis workflows. Word clouds
were then generated based on keyword frequency statistics. Phase-specific word clouds
(Figure 2) were generated to visualize the most frequent and co-occurring terms, while a
keyword-phase heatmap (Figure 3) was constructed to quantify the relative importance of
major research topics over time.

As shown in Figure 2, the thematic landscape of knowledge-guided geohazard re-
search has undergone significant transformation. During the early period (1990–2004), the
most frequent terms, such as expert system, knowledge base, ontology, neural networks
and earthquake, indicate the initial emphasis on symbolic representation and conceptual
frameworks. Studies mainly focused on the development of rule-based systems and domain
ontologies to organize geohazard knowledge, reflecting the formative stage of knowledge
engineering in this field.

In the following decade (2005–2014), terms like ontology, model, flood, earthquake,
and GIS (Geographic Information System) became dominant. This shift suggests the
early integration of spatial information systems and modeling techniques with semantic
frameworks. Research began to focus on hazard mapping, vulnerability assessment, and
the management of multi-source geospatial data, marking a transition from conceptual
modeling toward practical implementation.
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Figure 2. Cloud words in different phases.

Figure 3. Keyword-phase heatmap. (a) Absolute keyword frequencies. (b) Relative keyword
frequencies normalized within each phase, calculated as the proportion of keyword occurrences
relative to the total keyword count in that phase.

Between 2015 and 2020, the vocabulary expanded notably. Keywords such as disaster
management, ontology, model, and natural language processing emerged, indicating the
increasing application of data-driven methods and text-based information extraction. This
period corresponds to the acceleration phase identified in publication trends, when hybrid
frameworks combining semantic representation, machine learning, and remote sensing
data became prevalent in disaster monitoring and early warning.

In the most recent period (2021–present), the thematic scope broadened further, as
evidenced by the dense, diverse clusters in Figure 2 and the distribution patterns in
Figure 3. While the absolute heatmap reflects the rapid increase in publication volume,
the normalized heatmap highlights the relative prominence of emerging research themes
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across phases. High-frequency terms such as deep learning, transformer, knowledge graph,
social media, and climate change become increasingly prominent, reflecting the growing
integration of data-intensive methods, large language models, and multimodal information
sources in geohazard research. These developments indicate an increasing emphasis on
combining artificial intelligence techniques with heterogeneous data sources to support
more comprehensive hazard assessment, early warning, and risk communication.

As illustrated in Figure 3, ontology, model, and disaster remain core themes through-
out the entire timeline in both the absolute and normalized representations, highlighting
the enduring importance of structured knowledge representation in geoscientific rea-
soning. Meanwhile, the increased relative prominence of terms such as deep learning,
knowledge graph, and natural language processing in the latest phase indicates a shift
towards intelligent and knowledge-enhanced geohazard systems. Overall, the thematic
evolution suggests a transition from early symbolic knowledge structures and ontology
engineering toward data-intensive and generative paradigms. This transition corresponds
closely with the publication growth pattern discussed in Section 2.2.1, suggesting that
advances in artificial intelligence, knowledge representation, and data technologies have
progressively reshaped the conceptual foundations and methodological orientation of
geohazard research.

3. Knowledge Representation in Geohazard
Knowledge representation (KR) provides the conceptual and semantic foundation

for organizing, reasoning, and communicating geohazard information. Building upon the
evolutionary trends identified in Section 2, this section reviews how geohazard knowledge
representation has evolved from symbolic expert systems to ontology-based semantic
frameworks and knowledge graphs and explains how these representations support dy-
namic reasoning and multi-source data integration. It further distinguishes the main classes
of ontologies used in geohazard intelligence and examines how ontology-grounded knowl-
edge graphs extend these semantic structures toward dynamic reasoning and multi-source
data integration.

3.1. Evolution of Knowledge Representation in Geohazard Research

Early geohazard research attempted to formalize expert reasoning into symbolic struc-
tures, translating tacit understanding into explicit rules. Rule-based and expert systems
encoded deterministic statements such as “if rainfall intensity exceeds threshold X, slope
instability increases by factor Y,” allowing for transparent reasoning about hazard pro-
cesses [30,31]. These systems proved useful for codifying domain expertise, yet scope
remained limited: knowledge was static, site-specific, and difficult to adapt to new geomor-
phological contexts.

As digital elevation model (DEM), RS, and GIS technologies became widespread in the
early 2000s, researchers sought more structured approaches to link conceptual knowledge
with spatial data. Ontology engineering emerged to define geohazard-related entities (such
as landslides, slopes, materials, and triggering conditions) along with their causal and
spatial relationships in a machine-interpretable form [15,32,33].

In geohazard intelligence, ontology frameworks can be differentiated according to
their semantic role. Upper- or mid-level semantic foundations provide general categories
such as object, event, process, time, and space; in Earth science, the SWEET (Semantic
Web for Earth and Environmental Terminology) ontology suite is often used as a broader
semantic foundation for domain extension [34,35]. Domain ontologies specialize these
abstractions into geoscientific concepts, such as lithology, slope unit, fault, hydrological trig-
ger, and monitoring indicator. Hazard- or event-oriented ontologies focus more explicitly
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on process chains, for example, trigger–movement–impact–response or precursor–failure
relations, and are therefore particularly relevant for geohazard reasoning, warning logic,
and disaster-chain representation. By contrast, data and metadata models primarily sup-
port interoperability and exchange. GeoSciML, a representative of this role, it provides a
logical model and GML (Geography Markup Language)/XML (Extensible Markup Lan-
guage) encoding rules for geological map data, boreholes, geological time scales, and
related metadata, but it does not by itself constitute a complete event-centric reasoning
framework [19]. Representative geohazard examples illustrate these different roles. The
Landslip Ontology was developed to support landslide early warning by linking landslide
hazards with warning signs, Earth-observation data, urban data sources, and time-series
discovery workflows [36]. More recently, a multilevel geohazard domain ontology has
been proposed for landslide applications, organizing knowledge hierarchically to support
knowledge sharing, reuse, and semantic consistency across geological hazard contexts [37].
Together, these ontology layers form a semantic foundation through which heterogeneous
geohazard observations can be described, aligned, and interpreted more consistently.

The introduction of KGs extended these semantic foundations by linking concep-
tual entities to observations and events through explicit relationships. Unlike ontologies,
which emphasize hierarchical organization, KGs incorporate instance-level data, such
as rainfall events, monitoring time series, and mapped landslide occurrences, enabling
more flexible reasoning across heterogeneous sources [38]. In geohazard applications, this
shift facilitated causal and spatiotemporal inference within unified frameworks [39,40],
marking a transition from abstract representations toward knowledge contextualized by
real-world evidence.

This developmental trajectory reflects a cumulative logic rather than a sequence of
replacements. Similar patterns are evident in related geoscience domains. In ore-deposit
exploration, geological ontologies have gradually expanded into mineralization knowledge
graphs capable of integrating structural, geochemical, and remote sensing indicators [3,41].
In contaminated-site management, soil and pollution ontologies have been extended into
KGs that support reasoning about pollutant sources, migration pathways, and remediation
strategies [42,43]. Landslide susceptibility studies likewise build upon expert classifications
and geomorphological ontologies as semantic scaffolds for KG-based hazard identification
and deep-learning models [44]. As illustrated in Figure 4, successive paradigms, rule-based
systems, ontologies, knowledge graphs, and now cognitive AI, have accumulated into
layered representational frameworks, each expanding the conceptual depth and analytical
reach of geohazard knowledge.

Figure 4. Evolution of geohazard knowledge representation.
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3.2. Comparative Review: Ontologies vs. Knowledge Graphs

Ontologies and knowledge graphs represent two related yet functionally distinct ap-
proaches to geohazard knowledge representation. Ontologies emphasize formal semantics
and logical consistency, defining concepts such as “landslide,” “slope,” “trigger,” and “ma-
terial,” together with relations including has_cause, occurs_on, located_in (Guarino, 1998 [33]).
Ontologies emphasize formal semantics and logical consistency, defining concepts and
relations in a controlled manner. In geohazard research, this semantic rigor is essential for
interoperability and consistent domain communication. Knowledge graphs, by contrast,
prioritize connectivity, contextualization, and instance-level reasoning across heteroge-
neous data sources. They are better suited to representing evolving event relationships,
cross-source evidence, and complex geohazard interactions that extend beyond predefined
taxonomic structures.

Knowledge graphs, in contrast, prioritize connectivity and scalability. They extend
ontological schemas by linking real-world instances (hazard events, monitoring records,
environmental conditions) into relational networks capable of supporting causal reasoning
and retrieval across heterogeneous data sources. Recent studies have shown that integrating
landslide inventories, rainfall time series, and terrain attributes into KG-based structures
improves spatiotemporal inference and enhances interpretability [45]. At larger scales,
disaster-oriented KGs that fuse geological, hydrological, meteorological and remote-sensing
observations have demonstrated their value in contextual variable retrieval and early-
warning applications [46–48].

Table 1 compares ontology-based and KG-based frameworks in geohazard research in
terms of conceptual focus, representational scale, update mechanism, reasoning capacity,
and representative projects. Ontologies provide logical rigor and controlled vocabularies
but remain static and difficult to update. Knowledge graphs offer richer instance-level
representation and flexible graph reasoning, though they can suffer from inconsistent
semantics if not grounded in robust ontological principles. As a result, ontology-driven KG
construction, where formal semantics guide large-scale graph instantiation, has emerged as
a major research trend in geohazard informatics [38,49,50]. This hybridization illustrates
an increasing recognition that neither approach alone is sufficient: each complements the
other in building coherent and operational geohazard knowledge systems.

Table 1. Comparison between ontology-based and KG-based knowledge representation in
geohazard research.

Ontology-Based Approaches Knowledge Graph-Based Approaches

Conceptual focus Formal domain semantics
and taxonomy Entity-relation networks with data instances

Strengths Logical consistency, interpretability,
semantic interoperability Scalability, data integration, graph reasoning

Limitations Static, difficult to update, limited
instance coverage Weaker formal semantics, inconsistent schemas

Representative works [15,19,34,36,39,51] [20,41,46,47,52,53]

In practice, geohazard knowledge graphs are populated through several complemen-
tary workflows. Manual ontology-first construction is typically used when experts first
define the schema, entity classes, and relation types for relatively stable knowledge re-
sources; the multilevel landslide ontology proposed by Wen et al. [37] is representative of
this knowledge-first strategy. Semi-automated extraction workflows combine ontology-
guided extraction, natural language processing, and human validation to populate graphs
from hazard reports, inventories, and scientific texts; examples include ontology-based
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BERT extraction from geological hazard reports [51] and geohazard-chain KG construc-
tion for emergency response [45]. Literature-driven KG construction has also become
increasingly prominent in landslide studies, where models such as XLNet-BiLSTM-CRF are
used to extract entities and relations from geoscience literature and then populate domain-
specific graphs [54]. Emerging human-in-the-loop LLM-assisted workflows can further
support concept expansion and ontology refinement, as illustrated by a semi-automated
flood ontology framework designed for risk communication [55]. From a representational
perspective, some geohazard KGs are primarily entity-centric, emphasizing slope units,
lithology, faults, sensors, and infrastructure, whereas others are event-centric, focusing on
hazard episodes, trigger chains, impacts, and emergency-response relations; the geohazard-
chain method [20] is especially useful as an event-centric example.

3.3. Advances in Knowledge Reasoning and Fusion

Recent research has moved beyond static representations toward dynamic reasoning
and multi-source knowledge fusion. This shift reflects ongoing efforts to connect symbolic
geoscientific understanding with data-driven learning and simulation processes, particu-
larly for processes that evolve over time and vary across spatial scales. A key challenge
lies in representing how rainfall infiltration, lithology, slope structure, and human distur-
bance interact to shape hazard development, and in enabling models to reason over these
evolving relationships.

Some studies have explored temporal and dynamic knowledge graphs (TKGs) for rep-
resenting evolving hazard systems. Unlike traditional ontologies, which primarily encode
static semantics, TKGs incorporate temporal attributes, event sequences and processes,
allowing model reason the process evolution and precursor–trigger–failure chains. To better
capture the order and recency of hazard-related events, time-parameterized edges have
also been proposed so that sequential relations can be learned explicitly in the graph [56].
Studies by Gottschalk and Demidova [57] and Bordogna et al. [58] have demonstrated how
temporal triples and time-dependent spatial relations support near-real-time updates and
the prediction of event progression.

Another direction addresses uncertainty-aware and probabilistic representations. Be-
cause geohazards involve substantial variability in both measurement and causality, deter-
ministic semantics often fall short. Probabilistic ontologies and uncertainty-aware knowl-
edge graphs therefore introduce confidence weights for relationships, for example, quanti-
fying the likelihood that rainfall triggered a particular failure, integrating evidence from
sensors, reports, and simulations [59,60]. These probabilistic structures help character-
ize epistemic and aleatory uncertainties, improving the reliability of early-warning and
decision-support frameworks.

Furthermore, the developing direction involving the fusion of symbolic structures
with machine learning model knowledge represents a key research focus. By aligning
ontology-defined entities such as slope_unit, geological_material, and triggering_rainfall with
ML feature representations, hybrid models can incorporate domain constraints directly
into the predictive process. This integration enhances interpretability and supports more
robust susceptibility mapping and cross-hazard inference, particularly where observational
data are limited or spatially heterogeneous [13].

These developments are also important for multi-hazard integration. Ontology-
grounded and KG-based frameworks make it possible to align landslides, earthquakes,
floods, debris flows, and related disaster-chain processes within shared trigger-process-
impact schemas, thereby supporting the representation of cascading hazards and cross-
hazard dependencies. For example, ontology-based multi-hazard coupling systems have
been developed to simulate earthquake-induced disaster chains and related cascading
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effects in complex infrastructure settings [61]. At the same time, representing event evolu-
tion and uncertainty remains challenging, because geohazard systems involve incomplete
observations, competing causal hypotheses, and variable temporal granularity. From a
data-infrastructure perspective, ontology-grounded KGs also support FAIR (Findable,
Accessible, Interoperable, and Reusable) principles by improving semantic interoperabil-
ity, provenance tracking, controlled vocabularies, and machine-readable metadata across
heterogeneous geohazard datasets.

In general, these developments show that successive knowledge-representation
paradigms extend rather than replace one another, forming a cumulative architecture
for increasingly relational and evidence-linked geohazard reasoning.

4. Knowledge-Guided and Hybrid Modeling Approaches in Geohazards
While Section 3 focused on the formal representation of geohazard knowledge through

ontologies and knowledge graphs, Section 4 examines how such structured knowledge
can be operationalized within predictive models. More specifically, knowledge-guided
modeling integrates three methodological traditions: physical laws encode mechanistic con-
straints, ontologies and KGs provide structured semantics, and machine learning extracts
nonlinear patterns from complex data. Figure 5 illustrates this tri-layered architecture,
linking multi-source geospatial data with a knowledge layer and an application layer
for hazard detection, risk mapping, and decision support. In this framework, structured
knowledge mediates between raw observations and high-level inference, enabling geohaz-
ard models that are more interpretable, physically consistent, and adaptable than purely
empirical approaches.

 
Figure 5. Conceptual framework of knowledge-enhanced geohazard modeling. The framework
integrates three layers: (1) multi-source geohazard data, (2) knowledge representation and injection,
and (3) predictive modeling and geohazard applications. Knowledge enters predictive models
through two major pathways: constraint-based injection, including physics-informed and ontology-
/rule-constrained learning, and structure-/reasoning-based priors, including knowledge graphs
and graph-informed model structures. The framework shows how structured knowledge mediates
between raw observations and interpretable geohazard prediction.
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4.1. Evolution from Data-Driven to Knowledge-Guided Modeling

Modeling approaches in geohazard research have evolved from empirical correlation
toward knowledge-embedded inference. Early studies [62,63] mainly identified relation-
ships between slope, lithology, and rainfall thresholds but lacked generalizability. With the
development of ML, nonlinear models improved predictive performance [64–66]. However,
these models often remained weakly constrained by physical processes, and their predic-
tions could violate mechanistic expectations or overfit local conditions, thereby limiting
interpretability and transferability [13].

In recent years, knowledge-guided modeling has emerged as a unifying paradigm
that integrates data-driven inference with explicit domain reasoning. On the one hand,
spatio-temporal geohazard KGs have been directly exploited for landslide prediction by
aligning multi-source remote sensing, geological, and monitoring data into instance-level
graphs that enable causal reasoning and temporal pattern discovery [40,46,52,53,67]. On
the other hand, physics-guided ML incorporates physical equations or geomechanical rules
as modeling priors, ensuring predictions remain scientifically consistent and physically
plausible [68–71]. In both cases, expert knowledge is no longer used merely to interpret
outputs after prediction; instead, it is embedded directly into the inference process itself.

This conceptual shift has led to several model classes for knowledge-enhanced geohaz-
ard intelligence. These approaches can be differentiated according to two dimensions: the
source of prior knowledge and the mechanism through which that knowledge is injected
into learning. In this review, four model classes are particularly useful for organizing the
literature: physics-guided ML, theory-guided ML, KG-regularized ML, and graph-based
spatiotemporal models (Table 2). At a higher level, however, these classes can be grouped
into two broader families. The first family injects knowledge mainly as constraints on learn-
ing, including physics-guided and theory-guided approaches. The second family injects
knowledge mainly as structural, relational, or reasoning priors, including KG-regularized
ML, graph-based spatiotemporal models, and more tightly coupled symbolic–subsymbolic
hybrids. This grouping clarifies the internal logic of Section 4: the present section focuses
on predictive modeling and knowledge injection, whereas LLM-based generative and
reasoning systems are discussed separately in Section 5.

Table 2. Taxonomy of knowledge-enhanced modeling approaches in geohazard studies.

Model Class Main Knowledge
Source

Injection
Mechanism

Representative
Geohazard Tasks Main Strengths Main Limitations Representative

References

Physics-
guided ML

Physical laws and
governing equations,
including Darcy’s
law, Mohr-Colomb
criteria, PDEs, and
geomechanical
constraints

Physics-based loss
functions, residual
penalties, constrained
optimization, hybrid
PINN frameworks,
knowledge-guided
model initialization

Rainfall-induced
landslide prediction,
slope stability
assessment,
debris-flow
forecasting,
geomechanically
constrained
susceptibility
mapping

Mechanistic interpretability;
physically consistent
predictions under sparse
data; stronger numerical
consistency; improved
generalization under
process-informed constraints

Difficult to encode
qualitative or
symbolic knowledge;
computationally
expensive for
PDE-based settings;
performance may
depend on simplified
process assumptions

[43,68–71]

Theory-
guided ML

Expert rules,
geotechnical
heuristics, threshold
logic, symbolic rules,
and process-based
prior knowledge

Rule-based feature
construction,
knowledge-guided
loss terms, logic
constraints, semantic
consistency
regularization,
knowledge-based
initialization

Slope-stability
prediction, warning
classification, hazard
screening,
semantically
constrained
susceptibility
assessment

Useful when knowledge is
qualitative or heuristic rather
than fully equation-based;
improves interpretability;
preserves causal
transparency; easier to
implement than full
physics-informed models

Domain rules may be
incomplete or
context-specific;
difficult to formalize
consistently; may lack
numerical grounding

[11,17,67,72]
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Table 2. Cont.

Model Class Main Knowledge
Source

Injection
Mechanism

Representative
Geohazard Tasks Main Strengths Main Limitations Representative

References

KG-
regularized
ML

Ontologies,
knowledge graphs,
semantic relations,
graph embeddings,
hazard-event-factor
networks

KG embeddings,
semantic
regularization, relation
constraints,
ontology-guided
feature fusion,
rule/KG-supported
inference

KG-supported risk
assessment, hazard
classification,
semantic fusion of
remote-sensing and
geological data,
multi-source
geohazard
monitoring

Maintains semantic
alignment across
heterogeneous data;
supports explainable
reasoning, causal
transparency, and
interoperability; useful for
multi-hazard contexts

Depends on KG
quality and schema
consistency;
knowledge coverage
may be uneven; many
systems remain
project-specific and
only semi-automated

[45–47,52,54]

Graph-based
spatiotempo-
ral models

Spatial adjacency,
environmental
similarity,
monitoring-
network topology,
temporal
dependencies,
instance-level
relational graphs

Graph neural
networks, graph
convolutions,
attention/transformer
modules,
spatiotemporal graph
learning,
knowledge-informed
graph priors

Landslide
displacement
prediction, landslide
susceptibility
mapping, dynamic
hazard monitoring,
multi-factor-
induced landslide
forecasting

Captures nonlocal
dependencies and structured
spatial–temporal
interactions; supports trend
and fluctuation modeling;
effective for dynamic hazard
processes

Performance depends
on graph construction
quality; may remain
weakly interpretable
without explicit
semantic or physical
constraints

[55,73–76]

Across these model classes, the overall direction of methodological development is
consistent: knowledge is no longer treated as a passive background resource but as an
active component of model construction. Whether encoded as physical equations, heuristic
rules, semantic relations, or graph structure, prior knowledge increasingly constrains
what a model is allowed to learn, how predictions are regularized, and how outputs are
interpreted in relation to geohazard processes.

4.2. Constraint-Based Knowledge Injection: Physics- and Rule-Constrained Learning

Physical modeling remains the cornerstone of geohazard simulation because it pro-
vides mechanistic insight into slope stability, pore-pressure evolution, and deformation
processes. Deterministic approaches such as limit-equilibrium analysis and finite-element
modeling are therefore essential for understanding geohazard dynamics [77,78]. How-
ever, their practical use is often limited by the need for detailed boundary conditions,
constitutive parameters, and site-specific calibration. To bridge this gap between physical
rigor and computational adaptability, recent studies increasingly embed prior knowledge
directly into learning algorithms. In geohazard modeling, the most representative forms
of such constraint-based knowledge injection are physics-informed machine learning and
ontology-/rule-constrained learning.

PHYSICS-INFORMED MACHINE LEARNING (PIML): PIML introduces governing
equations, such as Darcy’s law or Mohr–Coulomb failure criteria, into neural architec-
tures as soft constraints or auxiliary loss terms [68,69]. In practice, this knowledge can
be embedded at multiple levels: as residual penalties in the loss function, as physically
meaningful feasibility constraints on the output space, or as surrogate physical modules
within the model architecture. This ensures physical plausibility even when observa-
tional data are sparse. In rainfall-induced landslide modeling, embedding physics-based
rainfall-infiltration or slope-stability constraints has improved generalization and reduced
overfitting [79]. More explicitly, physics-guided landslide models have incorporated ge-
omechanical formulations to preserve stability-consistent behavior during learning [70].
Recent physics-informed neural network studies have integrated Newmark slope-stability
mechanics or hydro-mechanical formulations so that predictions remain constrained by
physically meaningful deformation or factor-of-safety behavior [80]. The major strength
of PIML lies in its continuity with process-based understanding, allowing the network to
approximate partial–differential systems under noisy or incomplete forcing. However, it re-
mains limited in representing qualitative or symbolic knowledge (e.g., lithological categories
or expert rules), which constrains its interpretability for complex multi-hazard scenarios.
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ONTOLOGY- AND RULE-CONSTRAINED LEARNING: Whereas PIML injects
knowledge through mechanistic equations, ontology- and rule-constrained learning injects
knowledge through semantic and logical structure. Ontologies and knowledge graphs
complement PIML by embedding qualitative semantics into learning. Relationships such
as “saturated soils have reduced shear strength” or “cumulative rainfall increases instabil-
ity probability” can be formalized as logic constraints or regularizes during training [47].
These symbolic priors inject causal reasoning into statistical learning, improving inter-
pretability and transferability across regions and hazard types. Methodologically, such
prior knowledge may enter the model through rule-based feature construction, semantic
consistency constraints, knowledge-guided initialization, or graph-based relation regular-
ization. This makes ontology-guided approaches particularly valuable when the available
prior knowledge is relational, heuristic, or categorical rather than fully expressible as gov-
erning equations. However, its performance is usually unsatisfactory, particularly due to
its reliance on the integrity, consistency, and extensibility of underlying models, especially
in scenarios requiring the integration of dynamic or multi-source data.

In summary, these two paradigms are better understood as complementary rather than
competing. Physics-informed models primarily constrain learning through physical process
knowledge, whereas ontology- and rule-constrained approaches constrain learning through
semantic and logical structure. Their strengths are therefore orthogonal: one improves
mechanistic consistency and numerical plausibility, while the other improves semantic
alignment and causal transparency. Importantly, this complementarity also reveals the
limitation of treating them in isolation. Recent studies suggest that integrating physics-
based and semantic constraints into hybrid frameworks may help bridge process-aware
modeling and knowledge-guided reasoning [43,67]. Similar hybrid schemes have also
been used in landslide displacement forecasting, where machine-learning predictors are
coupled with computational models to capture both long-term trends and short-term
fluctuations [81]. This observation naturally leads to the next level of development: hybrid
symbolic–subsymbolic frameworks in which physical, semantic, and relational knowledge
are optimized more jointly rather than injected separately.

4.3. Structure- and Reasoning-Based Hybrid Frameworks

This subsection focuses on how knowledge, conversely, shapes the very structure and
reasoning mechanisms of the model itself. Recent geohazard studies increasingly move
in this direction by integrating symbolic reasoning with subsymbolic learning, thereby
constructing hybrid frameworks that combine structured domain knowledge with adaptive
data-driven inference [13]. Such integration extends the role of knowledge beyond simple
regularization: models are expected not only to predict hazard occurrence, but also to
preserve the causal and semantic structures that underlie geohazard processes. Figure 6
captures this idea as a cyclic interaction among symbolic knowledge, hybrid models, and
geohazard applications.

Graph-Based Hybrid Architectures A first route toward hybridization is to inject
knowledge directly into model architecture through graph structure. In this context,
knowledge graphs do not serve as external databases; rather, they serve as structural
priors that represent spatial, geological, and causal relations among entities such as slope
units, lithology, hydrological triggers, and historical failures. When these structures are
coupled with graph neural networks or related spatiotemporal graph models, they help
guide the learning process and reveal dependencies that may otherwise remain obscured
in noisy or incomplete datasets. In geohazard applications, recent studies have shown that
knowledge-informed graph convolutions can improve both the stability and interpretability
of multi-hazard mapping, especially under sparse observational conditions [45,76,82,83].

https://doi.org/10.3390/geohazards7020040

https://doi.org/10.3390/geohazards7020040


GeoHazards 2026, 7, 40 15 of 27

In other words, graph-based models become genuinely hybrid only when their graph
structure is itself knowledge-derived rather than purely data-constructed.

 

Figure 6. Hybrid symbolic–subsymbolic framework for knowledge-guided geohazard modeling.

Symbolic-Neural Co-Reasoning: A second route emphasizes the joint operation of
symbolic rules and neural learning objectives. This strategy focuses on embedding explicit
rules or semantic relations within learning objectives. Logical statements, such as the
reduction in shear strength under saturation or the increased likelihood of failure with
cumulative rainfall, can be translated into differentiable or probabilistic constraints that reg-
ularize neural models. Xue et al. [84] demonstrated how such neuro-symbolic formulations
help maintain causal consistency in explanatory visual question answering. In geohaz-
ard applications, related ideas have been explored through ontology-guided frameworks
in which knowledge graphs impose semantic coherence on machine-learning outputs,
ensuring that predictions remain compatible with geo mechanical understanding [47].
Despite significant variations in implementation, these approaches share the common
objective of aligning model behavior with domain logic, rather than relying simply upon
statistical correlations.

Joint Optimization of Data, Physics, and Semantics: From a methodological stand-
point, many hybrid frameworks can be interpreted as jointly optimizing empirical fit,
physical consistency, and semantic validity. A generic formulation can be written as

Ltotal = Ldata + λ1Lphysics + λ2Lsemantic (1)

where Ldata minimizes empirical errors (e.g., root mean squared error or cross-entropy),
Lphysics enforces mechanistic consistency (e.g., residuals from governing equations), and
Lsemantic penalizes violations of ontological or logical rules. The coefficients λ1 and λ2 bal-
ance predictive accuracy and knowledge fidelity. This formulation operationalizes domain
understanding as a learnable constraint, not merely an external reference, allowing adap-
tive harmonization among data, physics, and semantics. Hadid et al. [85] demonstrated
that such hybrid optimization substantially improves the stability and interpretability of
multi-hazard early warning models.

Overall, hybrid symbol–subsymbol frameworks mark a methodological shift in geo-
hazard modeling. They no longer treat knowledge as static background information, but
as a dynamic component that interacts continuously with model training and inference.
Through iterative feedback, neural models may refine the associations encoded within
knowledge graphs, expose inconsistencies in ontologies, and even suggest new relations
for expert validation. This also means that hybrid frameworks move geohazard analysis
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from loosely knowledge-aware prediction toward more tightly constrained, interpretable,
and adaptive intelligent systems [25,82,86].

5. Cognitive and Generative Knowledge Systems in Geohazard
Although hybrid modeling approaches have improved predictive accuracy and inter-

pretability, they still treat knowledge largely as a static resource. In most existing systems,
knowledge provides structure, constraints, or explanatory context, but it does not itself
evolve during reasoning. Recent developments in cognitive AI and LLMs suggest a fur-
ther shift: knowledge systems can increasingly participate in interpretation, hypothesis
generation, and iterative refinement. Against this background, Section 5 examines how
cognitive and generative technologies extend knowledge-guided geohazard modeling
toward adaptive knowledge evolution.

The significance of this shift lies not simply in the introduction of new tools, but
in the changing role of knowledge itself. The knowledge-guided paradigm built on on-
tologies, knowledge graphs, and hybrid models, has markedly improved interpretability
and data integration [26,27,43,67]. However, its current limitation is that knowledge is
still used primarily as a fixed support for modeling. The next challenge is therefore not
only how to use knowledge more effectively, but how to enable knowledge to evolve
through reasoning, language, and generative cognition. Recent studies show that com-
bining symbolic knowledge representations with generative AI and LLMs can transform
geohazard systems into adaptive cognitive frameworks capable of learning, explaining, and
hypothesizing [82,86,87]. The following subsections develop this transition from cognitive
transformation to LLM-enabled reasoning, and finally to integrated systems of adaptive
knowledge evolution.

5.1. Cognitive Transformation of Geohazard Knowledge

In traditional geohazard models, knowledge has mainly played a supporting role: it
provides definitions, taxonomies, and well-established causal links that guide data selection
or model interpretation. Cognitive approaches assign a more active role to knowledge:
knowledge becomes an active participant in reasoning, validation, and hypothesis forma-
tion [26,38,67]. Rather than remaining in the background, knowledge becomes a participant
in reasoning, validation, and hypothesis formation, directly interacting with both data and
model logic during inference. This marks a conceptual shift from knowledge as descriptive
context to knowledge as an active component of geohazard intelligence. This transforma-
tion has introduced several qualitative changes. First, knowledge moves from description
to interpretation: models are expected not only to quantify hazard-related relationships but
also to explain why those relationships may hold [11,13,17]. Second, reasoning modules
can identify missing links latent dependencies, or alternative causal pathways that are
not immediately evident from observational data alone [20,57,59,67]. Third, cognitive
implementations facilitate across-scale integration: allowing micro-scale properties such as
soil characteristics to be connected with meso-scale geomorphic patterns through semantic
abstraction and structured representation [19,34,37,87]. In this context, cognition does
not simply enrich existing models; it changes the epistemic role of knowledge within the
modeling process itself.

As these components interact, geohazard research is gradually forming a knowledge
ecosystem in which data, models and domain semantics co-evolve. Similar developments
have emerged in climate and ecological modeling, where reasoning frameworks contribute
to domain ontologies construction and inform simulation priors [13,17]. To operationalize
this shift, however, heterogeneous observations must first be translated into forms that can
be reasoned over. Table 3 shows how remote-sensing imagery, terrain models, monitoring
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streams, geological maps, and textual reports can be mapped into structured knowledge
representations. Across these data types, ontologies and knowledge graphs provide the
semantic scaffolding through which observations are interpreted, linked, and incorporated
into inference and decision-making.

Table 3. Mapping geohazard data types into structured knowledge representations for cognitive
geohazard intelligence.

Data Type Typical Source Structured Knowledge
Representation

Role in
Grounded Cognitive Reasoning

Representative
References

Remote sensing
imagery

Sentinel-1/2, Landsat,
UAV/aerial imagery,
LiDAR-derived slope

units

Geomorphology/land-cover
ontology; image entity/event

graph linking scar, runout, water
extent, damaged assets, time,

and location

Ontology-aligned labeling and KG
grounding transform visual

observations into interpretable
hazard entities; support

cross-source alignment with
reports and geospatial metadata,
and improve spatially coherent

explanation

[45,88,89]

Topographic/terrain
data

SRTM, ASTER, ALOS
PALSAR, national DEMs,

slope-unit maps

Geomorphologic ontology and
terrain rule schema; geospatial

KG linking slope units,
adjacency, elevation, drainage,

and exposure

Terrain semantics and expert rules
act as interpretable priors for

susceptibility screening, spatial
retrieval, and rule-constrained

reasoning; they also contextualize
remote-sensing and monitoring

evidence within physically
meaningful terrain units

[46,78,90]

Monitoring/time-
series data

InSAR, GNSS, rainfall
gauges, hydrological
stations, IoT sensors

Temporal ontology or
trigger–event–impact KG;

provenance-linked observation
graph

Temporal relations support event
tracking, threshold reasoning, alert
propagation, and evidence-linked
updating instead of isolated point

prediction

[46,55,73,86]

Geological/soil/
lithology maps

Field surveys,
OneGeology, USGS

databases, soil maps, fault
inventories

Lithology/fault/soil ontology;
geospatial KG linking material

units, properties, hydrology, and
hazard history

Semantic harmonization across
heterogeneous geological

vocabularies and map layers
supports explainable zoning,

concept alignment, and crosswalks
between geological descriptions

and model inputs

[19,34,37,90]

Textual and
literature data

Scientific articles, hazard
bulletins, disaster reports,

social media, agency
documents

Hazard ontology, event schema,
provenance-linked concept

graph/document graph

LLMs and NLP extract entities,
relations, and event arguments;
KG/RAG grounding supports

evidence attribution,
summarization, causal QA,

consistency checking, and expert
validation

[51,54,82,87,91,92]

Multi-
source/multimodal

evidence

Combined imagery, GIS
layers, sensors, text

reports, prior
simulations/models

Multimodal KG/ontology +
neural embeddings +

provenance graph

Cross-modal grounding aligns
visual, textual, and numerical
evidence; supports hypothesis

generation, scenario comparison,
and validated knowledge

updating across reasoning cycles

[46,86,88,90,93]

5.2. Large Language Models and Generative Cognition in Geological Reasoning

LLMs provide a new linguistic and analytical layer for geohazard research, particularly
in tasks that require connecting observations with conceptual understanding. Unlike
domain-specific tools that strictly adhere to predefined patterns, general-purpose large
language models can organize scientific information in a more flexible manner, linking
empirical descriptions to theoretical contexts through natural language reasoning [41,94].
Their value becomes increasingly apparent when these models are employed in conjunction
with domain knowledge rather than in isolation.

With retrieval-augmented generation (RAG), structured prompting, and other ground-
ing techniques, LLMs can integrate information from the scientific literature, sensor obser-
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vations, and prior models to support interpretation and hypothesis generation in geoscience
applications [85,93,95]. Wang et al. [93] showed that an LLM-based workflow can integrate
crowdsourced post-earthquake messages into an enhanced Bayesian updating framework
for near-real-time estimation of earthquake-induced fatalities. Similarly, Zhu et al. [82]
demonstrated that constraining an LLM with a flood-specific knowledge graph within a
GIS environment enables the model to produce spatially coherent flood-risk explanations.
Together, these studies indicate that well-grounded LLMs can relate observational patterns
to domain knowledge and hazard-relevant contextual information in a way that is more
consistent with established process understanding, rather than replacing expert judgment.

Some published studies further illustrate the range of LLM applications in hazard-
sensitive contexts. LLM-based text-mining pipelines have been used to identify tropical-
cyclone-related flash floods and extract contributing factors from hazard narratives at scale,
showing the potential of language models for structured event extraction from disaster
records [92]. Human-in-the-loop LLM-assisted workflows have also been applied to semi-
automated flood ontology construction from authoritative sources, demonstrating how
language models can support structured knowledge population for risk communication
rather than only free-text summarization [87]. In related landslide-focused work, multi-
modal LLM-based approaches have begun to support expert-level landslide image analysis,
suggesting a pathway for integrating remote sensing and text within future geohazard
reasoning systems [89].

Domain-adapted LLMs developed for geoscience tasks also show promise for multi-
source summarization, knowledge-aligned reasoning, and interactive querying. Recent
work demonstrates that such models can reconcile textual reports, sensor measurements,
and structured vocabularies to build more coherent interpretations of hazardous events.
When adapted to geospatial contexts, LLMs can help surface under-recognized patterns by
cross-referencing heterogeneous evidence and providing context-aware reasoning [85,95].
Importantly, these systems complement rather than substitute expert knowledge. Their
principal function is to help geoscientists incorporate ontology- and KG-based information
into reasoning workflows, assess the internal consistency of emerging explanations, and
iteratively refine conceptual models of hazard processes.

In addition, the use of LLMs in geohazard contexts raises specific risks for hazard
communication, because factual inconsistencies and hallucinations can undermine the trust-
worthiness of geoscientific knowledge extraction and disaster decision support [96–98].
In hazard-sensitive settings, such errors may take the form of unsupported hazard facts
or causal links, or of apparently plausible statements being attached to the wrong loca-
tion, event, or evidence source, which is especially problematic when fast interpretation
is required under evolving disaster conditions [96,97]. For this reason, KG grounding,
RAG, provenance-linked outputs, and expert validation remain essential, especially in
warning and risk-communication settings; recent flood-oriented FKG-RAG systems explic-
itly combine verified sources, reasoning traces, and mandatory expert approval layers for
high-stakes outputs [99]. Practical deployment is also constrained by model size, mem-
ory footprint, inference latency, and energy cost. Recent studies on edge-efficient LLM
deployment show that compression and quantization are often necessary for resource-
constrained settings, while geoscience-oriented lightweight RAG frameworks are being
explored precisely to reduce performance–cost trade-offs in domain applications [98,100].
Even so, edge-deployable execution can remain energy-intensive: an empirical CAIN 2025
study found that fetching LLM-generated content from a remote server used 3.5–8.9 times
less client-side energy than edge-deployable generation, suggesting that cloud–local hy-
brid workflows may be more realistic than fully local deployment for many operational
geohazard systems [101].
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5.3. Toward Adaptive Knowledge Evolution and Integrated Cognitive Systems

Generative cognition extends knowledge-guided modeling into a knowledge-evolving
paradigm. In this view, knowledge is neither static nor predefined but dynamically updated
through continuous interaction between reasoning, data, and simulation. The process can
be formalized as an adaptive mapping:

Kt+1 = f (Kt, Dt, Rt, Gt) (2)

where Kt is the current knowledge base, Dt the observational data, Rt the reasoning process,
and Gt the generative inference produced by models or experts.

For geohazard applications, such adaptive frameworks can generate knowledge from
anomalies or previously unrecognized patterns. When unfamiliar forms of compound
slope failure or hydrological–geomechanical interactions are detected, the system may
not only help identify potential explanatory hypotheses but also estimate their likelihood.
Through iterative validation and symbolic updating, can be progressively refined, especially
when LLM-assisted workflows are coupled with continuously updated geo-knowledge
graphs [85,90]. This integration redefines the understanding of geohazards: geohazard in-
telligence shifts from analyzing isolated events to modeling how knowledge itself behaves,
and how it accumulates, reorganizes, and acquires explanatory value under uncertainty.

This perspective also connects naturally with broader developments in hybrid physical-
data modeling. Physics-informed learning has already shown that mechanistic constraints
and observational evidence can jointly refine evolving model states [69]. By analogy,
similar principles may guide the evolution of symbolic, semantic, and linguistic knowledge
structures. As cognitive and generative systems continue to mature, the boundaries among
physical models, knowledge bases, and natural-language reasoning are likely to become
progressively less distinct, forming more integrated cognitive infrastructures for hazard
monitoring, prediction, and decision support. Even so, adaptive knowledge evolution
must remain controlled: newly generated hypotheses and relations still require provenance
tracking, uncertainty assessment, and expert validation before they are incorporated into
geohazard knowledge systems.

Overall, cognitive and generative systems extend geohazard research from knowl-
edge description to knowledge evolution. By embedding reasoning and language within
structured knowledge frameworks, geoscientific intelligence becomes more adaptive, in-
terpretable, and reflective, supporting not only hazard prediction but also the iterative
refinement of geoscientific understanding itself.

6. Conclusions and Future Perspectives
The integration of knowledge-guided paradigms, physics-informed modeling and

LLM-based reasoning represents a significant advance in geohazard research. Recent stud-
ies show how knowledge representation, machine learning, and multimodal data analysis
can be combined to improve hazard understanding and prediction. At the same time,
this transition reveals several unresolved gaps and practical constraints. To conclude, this
section summarizes the main current gaps in the field, highlights near-term opportunities
for methodological advances, outlines a longer-term vision for geohazard intelligence, and
clarifies the limitations and ethical considerations of this review.

6.1. Current Gaps

Despite rapid progress in knowledge-driven and AI-based geohazard research, several
important gaps remain. These gaps arise from semantic inconsistencies across data sources,
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the limited causal interpretability of machine learning models, computational constraints
in large-scale systems, and the scarcity of reliable observations for extreme events.

SEMANTIC FRAGMENTATION AND ONTOLOGY COMPATIBILITY: Geohazard
research integrates data from remote sensing, geological surveys, in situ monitoring, and
social media, each using different vocabularies and metadata structures. This heterogeneity
creates semantic inconsistencies that complicate data integration [19,34,37]. Large language
models, when used without explicit domain grounding, also struggle to align textual
descriptions with physical processes such as slope failure or seismic rupture. Existing
ontologies provide useful foundations [34,35,39]. However, many remain hazard-agnostic
and insufficiently harmonized. Divergent classification schemes, such as contrasting land-
slide typologies [77,102], further complicate interoperability. Ontology-driven knowledge
graphs offer a promising direction, but widely accepted standards are still lacking. A
related challenge is that many current ontologies and KGs remain hazard-specific, making
multi-hazard integration difficult. Representing event evolution, hazard cascades, and
uncertainty propagation across linked events remains methodologically demanding, es-
pecially when observations are incomplete or temporally uneven. Similar issues arise for
probabilistic LLM outputs, whose confidence signals do not necessarily correspond to
geoscientific validity.

MODEL INTERPRETABILITY AND CAUSAL UNDERSTANDING: LLMs and
other machine learning methods are effective at identifying statistical patterns, but their rea-
soning remains largely correlation-based rather than mechanistic. This limitation is critical
for applications such as landslide or debris-flow warning systems, where understanding
the causes of predictions is as important as the predictions themselves [11,13]. Interpretabil-
ity tools such as attention maps or saliency analysis can identify influential inputs but
do not fully explain the physical processes linking them to hazard events [103]. Recent
attempts to incorporate physical constraints into neural architectures, such as physics-
inspired neural networks, can improve the scientific coherence of model output. Yet these
methods inevitably involve trade-offs: enforcing physical consistency often competes with
empirical accuracy and comes with considerable computational cost. Symbolic approaches,
including ontology-based frameworks and knowledge graphs, make domain relationships
explicit [37,38,67]. However, when these structures are absorbed into high-dimensional
embeddings, much of their semantic transparency is lost. For LLM-based systems, this
challenge is not only algorithmic but also infrastructural: model size, deployment envi-
ronment, and energy cost directly affect whether such systems can be used in operational
monitoring. In practice, smaller task-specific models, edge-deployable deployment, or
cloud–local hybrid workflows may therefore be more feasible than frontier-scale models
for many geohazard agencies [100,101].

COMPUTATIONAL SCALABILITY AND REAL-TIME INFERENCE: Integrating
multiple knowledge sources with high-resolution spatial data and physics-based simu-
lations brings substantial computational costs. LLMs and physics-informed neural net-
works further increase this burden, limiting their use in real-time hazard monitoring
systems [85,104]. To improve efficiency, researchers often simplify models or reduce spatial
resolutions. Neural operators and surrogate models have shown promise in reducing
computational cost compared with traditional numerical solvers. For example, Fourier
Neural Operators have been used to approximate dynamic landslide and debris-flow
processes with high efficiency while preserving physical consistency [53,104]. Even so,
it remains a major challenge to strike a viable balance between computational efficiency
and physical fidelity, particularly when continuous data assimilation and iterative model
updates introduce additional overhead.
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DATA SCARCITY IN EXTREME EVENTS: Many geohazards, including extreme
landslides, significant earthquakes, and catastrophic floods, occur infrequently and yield
limited data, resulting in sparse observational records for model training and validation.
Spatial variability further complicates this problem, as models trained in one region may
perform poorly in another due to differences in geology, climate, or topography. Historical
records vary widely in quality and completeness, with many regions lacking systematic
monitoring. Social media offers real-time crowdsourced information during disasters,
but extracting reliable insights from noisy, unstructured content requires sophisticated
processing [93,97]. Synthetic data, transfer learning, and physics-based approaches partially
address data limitations, but validating performance for rare events remains problematic.
Recent work demonstrates that large language models can extract knowledge from diverse
sources and support rapid impact assessment [85,92,93,97]. However, robust validation
frameworks for data-scarce conditions require further development.

6.2. Near-Term Opportunities

In the near term, research will mainly focus on improving the integration of knowledge,
physical processes, and data-driven learning. Advances in hybrid modeling frameworks
and causal inference methods provide practical pathways to enhance the reliability and
interpretability of geohazard intelligence systems.

HYBRID ARCHITECTURES FOR KNOWLEDGE-PHYSICS-DATA INTEGRA-
TION: Future geohazard intelligence systems will pursue a closer integration of symbolic
knowledge, physical laws and data-driven learning. Rather than linking separate mod-
ules, new frameworks may embed physical constraints directly into neural architectures
while preserving explicit symbolic reasoning. Physics-informed ML frameworks applied to
geotechnical problems have shown improved robustness and accuracy [43,70]. Multimodal
large language models that combine text, imagery and sensor data promise comprehen-
sive disaster awareness [89]. Knowledge-graph-constrained approaches retain semantic
coherence while extracting evolving event entities [83,86].

CAUSAL DISCOVERY AND MECHANISTIC UNDERSTANDING: Another key di-
rection is the development of causal reasoning frameworks for geohazard systems. Current
AI applications often emphasize pattern recognition, while causal relationships between en-
vironmental drivers and hazard events remain less explored. Future research may develop
automated causal-discovery methods that respect physical constraints, counter-factual
reasoning architectures for mitigation scenario testing, and explicit uncertainty quantifica-
tion distinguishing aleatory and epistemic sources. Such advances would shift geohazard
intelligence from reactive prediction toward proactive understanding and intervention.

6.3. Long-Term Vision

In the long term, geological hazard intelligence is expected to evolve from isolated
predictive models into integrated, knowledge-rich decision-making systems. These sys-
tems will integrate heterogeneous observational data, physical understanding and machine
reasoning to support reliable hazard monitoring and risk management. Achieving this
vision requires enhanced interoperability and standardized knowledge frameworks. Uni-
fied data formats, extensible ontologies, and interoperable model interfaces are crucial
for reproducible research and cross-regional comparisons. In this context, knowledge
graphs can serve not only as reasoning structures but also as FAIR-oriented data infrastruc-
tures. By linking persistent identifiers, controlled vocabularies, provenance-aware meta-
data, and machine-readable relations across heterogeneous hazard datasets, KGs can im-
prove findability, interoperability, and reuse while supporting reproducible cross-regional
geohazard research.
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Furthermore, future systems will emphasize human-centered design. Human–AI
collaboration frameworks can integrate expert knowledge with automated analysis, en-
abling scientists and decision-makers to interact with AI systems more transparently
and effectively.

6.4. Limitations and Ethical Considerations

LIMITATIONS OF THIS REVIEW: Although this review aims to synthesize recent
advances in knowledge-enhanced geohazard intelligence, several limitations should be ac-
knowledged. First, the scope focuses primarily on artificial-intelligence-driven approaches,
including ontologies, knowledge graphs, hybrid modeling frameworks, and large language
models. Other perspectives, such as traditional expert systems, GIS-based decision-support
tools, and cognitive or behavioral studies of hazard perception, are not discussed in detail.
Second, the bibliometric analysis is based mainly on publications indexed in the Web of
Science Core Collection. While this database provides consistent citation metadata, it may
underrepresent relevant studies published in regional journals or the non-English literature.
Finally, the rapid development of generative AI and LLM-based systems means that the
field is evolving quickly, and some emerging approaches may not yet be fully reflected in
the literature reviewed here.

ETHICAL CONSIDERATIONS IN AI-BASED GEOHAZARD SYSTEMS: The in-
creasing use of LLMs and automated analytics in geohazard raises important ethical
questions. First, global geoscience datasets are unevenly distributed. Monitoring networks
are concentrated in economically developed regions, while many hazard-prone areas have
limited observational data. This imbalance may lead to models that perform poorly in
regions with the highest risk. Second, the complexity of modern AI systems may reduce
transparency in automated hazard assessments. When AI models influence early warning
decisions or disaster response planning, their reasoning processes must remain understand-
able to scientists and emergency managers. Third, risk communication remains a critical
challenge. AI-generated summaries or predictions must be carefully designed to avoid
misinterpretation, particularly when communicating hazard information to vulnerable
populations with limited access to scientific resources. Ensuring transparency, fairness,
and the responsible use of AI will therefore be essential for the future development of
geohazard intelligence systems.
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