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Abstract Original Research Article

Uncertainty is a defining feature of environmental and climate systems, arising from natural variability,
incomplete observations, and imperfect model representations. Accurately characterizing and propagating this
uncertainty remains a central challenge for reliable prediction and decision-making. Bayesian approaches offer
a principled probabilistic framework that enables the integration of prior knowledge with observational data,
providing a coherent mechanism for uncertainty quantification across complex and multiscale systems. This
review synthesizes recent advances in Bayesian methods for environmental and climate modeling, with a focus
on their role in handling uncertainty. Key methodological developments, including parameter estimation,
hierarchical and spatial modeling, data assimilation, and modern computational techniques, are examined
alongside their applications in climate model calibration, hydrology, air quality assessment, and extreme event
prediction. Particular attention is given to how Bayesian frameworks facilitate the propagation of uncertainty
from data to model outputs, thereby supporting more robust and transparent inference. The review further
discusses current challenges, including computational scalability, prior specification, data limitations, and the
communication of probabilistic results to policymakers. By integrating methodological perspectives with
applied insights, this work provides a coherent synthesis that bridges fragmented literature and highlights
emerging directions such as hybrid physics-informed models and Bayesian machine learning. Overall, the
paper underscores the critical role of Bayesian approaches in advancing uncertainty-aware environmental
modeling and supporting evidence-based decision-making in the context of global change.
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1. Introduction

Environmental and climate systems are inherently
complex, characterized by nonlinear dynamics,
multiscale interactions, and strong coupling between
physical, biological, and human processes. Models
developed to represent these systems, ranging from
global climate models to regional hydrological and
air quality models, must integrate heterogeneous data
sources and imperfect process
understanding(Akabueze, 2025; Pan et al., 2025). As
a result, uncertainty is not a peripheral issue but a
defining feature of environmental and climate
modeling.

Uncertainty in these systems arises from multiple
sources. Observational data are often sparse, noisy,
and unevenly distributed across space and time,
particularly in data-limited regions. Model structures
themselves are approximations of reality, embedding
simplifications and assumptions that introduce
structural uncertainty(Cha et al., 2024). In addition,
parameter values governing key processes are
frequently unknown or poorly constrained, while
future projections depend on uncertain socio-
economic and emissions scenarios. These layers of
uncertainty interact in complex ways, making it
difficult to quantify confidence in model outputs
using conventional approaches(Lempert et al.,
2024).

Traditional deterministic and frequentist frameworks
have provided important tools for environmental
analysis, but exhibit limitations when applied to such
complex systems. Deterministic models typically
yield single best estimates without explicitly
characterizing uncertainty, which can lead to
overconfident or misleading conclusions(Mengistu
et al., 2026). Frequentist methods, while grounded in
statistical rigor, often rely on fixed parameter
assumptions and asymptotic properties that may not
hold in high-dimensional, nonlinear, or data-sparse
contexts. Moreover, these approaches generally lack
a coherent mechanism for incorporating prior
knowledge, expert judgment, or information from
multiple sources in a unified manner(Pérez-Millan et
al., 2022).

Bayesian inference offers a fundamentally different
paradigm that is particularly well-suited to

addressing these challenges. By treating unknown
quantities as probabilistic variables and updating
beliefs in light of new evidence, Bayesian methods
provide a coherent framework for integrating data,
prior knowledge, and model structure. This
probabilistic perspective  enables  explicit
quantification and propagation of uncertainty
throughout the modeling process, from parameter
estimation to prediction and decision-making.
Importantly, Bayesian approaches facilitate the
combination of diverse data sources and allow for
flexible model formulations that can capture
hierarchical, spatial, and temporal dependencies
common in environmental systems(Coventry &
Bartlett, 2024; Etz & Vandekerckhove, 2018).

In recent years, advances in computational methods
and probabilistic modeling have significantly
expanded the applicability of Bayesian approaches in
environmental and climate science. Techniques such
as hierarchical modeling, data assimilation, and
advanced sampling algorithms have enabled
researchers to tackle increasingly complex problems,
including  high-dimensional  climate  model
calibration, real-time forecasting, and uncertainty-
aware risk assessment. At the same time, the growing
availability of environmental data and increased
computational power have further accelerated the
adoption of Bayesian frameworks across multiple
subfields(Haddad, 2025a; Waqas et al., 2025).

Despite these developments, the literature remains
fragmented, with methodological advances often
disconnected from their practical applications and
from broader discussions of uncertainty handling.
This review addresses this gap by providing an
integrated synthesis of Bayesian methods for
environmental and climate modeling, with a
particular focus on how these approaches enable
systematic treatment of uncertainty in complex
systems.  Specifically, the review unifies
methodological ~ foundations, key  modeling
strategies, and application domains, while critically
examining current challenges and emerging
directions(Dong et al., 2025; Nemati Aghdam &
Dixit, 2026). By doing so, it aims to offer a coherent
perspective that can guide both methodological
development and applied research in the field.
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2. Bayesian Foundations for Environmental
Modeling

Bayesian  inference provides a principled
probabilistic framework for reasoning under
uncertainty, making it particularly well-suited to
environmental and climate modeling, where
incomplete knowledge and data limitations are
pervasive(Haddad, 2025a). At its core, the Bayesian
paradigm treats unknown quantities such as model
parameters, latent states, or even model structures as
random variables characterized by probability
distributions(Arhonditsis et al., 2018). This
perspective contrasts with approaches that regard
parameters as fixed but unknown, and it enables a
more flexible and transparent representation of
uncertainty.

The fundamental components of Bayesian inference
are the prior distribution, the likelihood function, and
the posterior distribution. The prior encodes existing
knowledge or assumptions about a parameter before
observing data. In environmental contexts, priors
may be informed by previous studies, physical
constraints, expert judgment, or outputs from
process-based models(Culka, 2018). The likelihood
represents the probability of the observed data given
a set of parameter values and reflects both the model
structure and assumptions about observational
error(Coventry & Bartlett, 2024). The posterior
distribution, obtained by combining the prior and
likelihood, represents the updated state of knowledge
after accounting for the observed data.

This updating process is formally expressed through
Bayes’ theorem:

P(D|6) P(6)

P(O| D) =

where Adenotes the set of unknown parameters and
D represents the observed data. The denominator,
often referred to as the marginal likelihood or
evidence, ensures that the posterior distribution is
properly normalized. In practice, this quantity can be
computationally challenging to evaluate, particularly
in  high-dimensional  environmental  models,
motivating the wuse of advanced numerical
methods(Metodiev et al., 2024).

In environmental and climate systems, the Bayesian
framework offers a natural interpretation of
uncertainty that aligns closely with the realities of
modeling complex processes. For example,

P(D)

uncertainty in precipitation measurements, land-
surface parameters, or emission inventories can be
explicitly  represented  through  probability
distributions rather than single-point estimates. As
new observations become available, such as satellite
data or sensor measurements, these uncertainties can
be systematically updated, yielding refined posterior
estimates. This iterative learning process is
especially valuable in dynamic systems where
conditions  evolve, and new information
continuously emerges(Haddad, 2025a).

A key strength of the Bayesian approach lies in its
ability to propagate uncertainty throughout the
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modeling chain. Rather than producing deterministic
outputs, Bayesian models generate predictive
distributions that quantify the range and likelihood of
possible outcomes. This is particularly important in
climate projections and environmental risk
assessments, where decision-making depends not
only on expected values but also on the associated
uncertainty and potential extremes. Furthermore,
Bayesian methods provide a coherent framework for
integrating multiple sources of information,
including heterogeneous datasets and expert
knowledge, which are common features of
environmental studies(Hassan & Ismail, 2025; Li et
al., 2025).

Another important advantage is the flexibility of
Bayesian modeling in representing hierarchical and
spatial structures. Environmental processes often
operate across multiple scales, from local
measurements to global patterns, and Bayesian
hierarchical models allow these dependencies to be
explicitly modeled. This capability enhances both
inference and prediction by borrowing strength
across related observations and reducing overfitting
in data-sparse settings(Magzumov & Kumral, 2025).

In contrast, frequentist approaches typically rely on
point estimates and confidence intervals derived
under repeated sampling assumptions. While these
methods have been widely applied and remain
valuable, they can be less effective in situations
involving small sample sizes, complex model
structures, or the need to incorporate prior
information. Moreover, the interpretation of
uncertainty differs fundamentally: confidence
intervals do not provide direct probabilistic
statements about parameters, whereas Bayesian
credible intervals do(Mathur, n.d.). A concise
comparison of these paradigms, including their
implications for environmental modeling, is
provided in Table 1.

Overall, Bayesian inference offers a coherent and
adaptable foundation for environmental and climate
modeling, enabling rigorous uncertainty
quantification and integration of diverse information
sources. As environmental challenges become
increasingly complex and data-driven, this
probabilistic framework provides essential tools for
both scientific understanding and informed decision-
making.

Table 1. Bayesian vs Frequentist Paradigms in Environmental Modeling

Aspect Bayesian Approach

Frequentist
Approach

Implication

Treatment of Parameters are random Parameters are fixed Bayesian methods directly quantify

parameters variables with  but

probability distributions = constants

unknown parameter uncertainty(Linden et al.,

2022)

Use of prior Explicitly incorporates Does notincorporate Enables integration of expert knowledge

information prior knowledge

prior knowledge (in and previous studies(Abubakar et al.,

standard form) 2019)

Interpretation of Probabilistic statements Based on long-run Bayesian outputs are more intuitive for

uncertainty
predictions

about parameters and frequency properties decision-making(Haddad, 2025b)
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Output of Posterior distributions Point estimates and The Bayesian approach provides richer

analysis and
distributions

predictive = confidence intervals = uncertainty

characterization(Aquino-
Lopez et al., 2026)

Handling of Naturally Often requires Bayesian methods are more flexible for
complex models  accommodates simplifying complex environmental
hierarchical and assumptions systems(Magzumov & Kumral, 2025)

nonlinear models

Data limitations

priors

3. Sources of Uncertainty in Climate and
Environmental Systems

Uncertainty is an intrinsic and unavoidable
characteristic of environmental and climate systems,
arising from both the stochastic nature of natural
processes and limitations in scientific knowledge. A
clear classification of uncertainty is essential for
effective modeling, particularly within probabilistic
frameworks where uncertainty must be explicitly
quantified and propagated(Bevan, 2022).

A fundamental distinction is commonly made
between aleatoric and epistemic uncertainty.
Aleatoric uncertainty reflects the inherent variability
of natural systems, such as fluctuations in
atmospheric conditions, hydrological processes, and
ecological dynamics. This form of uncertainty is
irreducible, as it originates from the stochastic
behavior of the system itself. In contrast, epistemic
uncertainty arises from incomplete knowledge,
including limited observations, imperfect model
representations, and poorly constrained parameters.
Unlike aleatoric uncertainty, epistemic uncertainty
can, in principle, be reduced through improved data
collection and model refinement(Araujo et al., 2024).

Measurement and  data-related  uncertainties
constitute a major source of epistemic uncertainty in
environmental modeling. Observational datasets are
frequently affected by noise, bias, and incomplete
spatial or temporal coverage. For example, in situ
measurements may suffer from instrumentation

Performs well with Can struggle with The Bayesian framework is robust in
sparse or noisy data via small sample sizes

data-scarce contexts(Haddad, 2025b)

errors, while remotely sensed data can introduce
retrieval uncertainties. These limitations directly
influence model inputs and, consequently, affect
parameter estimation and predictive
reliability(Scaravaglione & Melby, 2026).

Model structural uncertainty represents another
critical ~ dimension.  Environmental = models
necessarily simplify complex processes, often
relying on parameterizations to represent unresolved
phenomena such as cloud microphysics or land-
atmosphere interactions. Differences in model
structure, assumptions, or numerical schemes can
lead to divergent outputs even under identical input
conditions. This source of uncertainty is particularly
pronounced in climate projections, where multiple
models may vyield substantially different future
scenarios(Morrison et al., 2020).

In addition, scenario uncertainty plays a central role
in long-term environmental assessments. Future
projections depend on external drivers such as
greenhouse gas emissions, land-use change, and
socio-economic development pathways, all of which
are inherently uncertain. As a result, uncertainty in
projections is not solely a function of model
performance but also of the assumptions regarding
future system evolution(Manzan et al., 2025).

These sources of uncertainty are interconnected and
propagate through the modeling workflow, from data
acquisition to model formulation and ultimately to
prediction. Uncertainty in observations influences
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parameter estimation, which interacts with structural
assumptions to shape model outputs, while scenario
choices determine the envelope of possible future
outcomes. This cascading structure underscores the
need for integrated frameworks that explicitly track
and quantify uncertainty across all stages of the

modeling process(Martin & White, 2024). Figure 1
provides a conceptual representation of this flow of
uncertainty, illustrating how different sources arise
and propagate across the stages of environmental
modeling.

Sources and Flow of Uncertainty in
Environmental Modeling

atll Data
Aleatoric Epistemic
Uncertainty Uncertainty
Model
e Natural P . e Measurement
variability arameterLineertainty uncertainty
Structural Uncertainty
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Figure 1. Sources and Flow of Uncertainty in Environmental Modeling.

A layered conceptual diagram illustrating the
propagation of uncertainty across three core stages of
environmental modeling: data, model, and
prediction. The figure highlights how measurement
and sampling uncertainties originate at the data level,
how parameter and structural uncertainties emerge
within the modeling stage, and how predictive and
scenario uncertainties manifest in model outputs.
The diagram further distinguishes between aleatoric
uncertainty (associated with inherent system

variability) and epistemic uncertainty (arising from
limited knowledge), showing how both types interact
and propagate through the modeling workflow.

4. Bayesian Methods for Handling Uncertainty

Bayesian approaches provide a coherent and flexible
framework for representing, quantifying, and
propagating uncertainty in environmental and
climate models. Rather than treating uncertainty as
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an auxiliary component, these methods embed it
directly within the modeling process, allowing for
probabilistic inference that integrates data, prior
knowledge, and model structure. This section
highlights key Bayesian methodologies that have
proven particularly effective in environmental
applications, focusing on their roles in uncertainty
handling rather than providing an exhaustive
survey(Haddad, 2025b; Martin & White, 2024).

4.1 Parameter Estimation and Calibration

Parameter estimation is central to environmental
modeling, where many governing processes depend
on quantities that are not directly observable. Within
the Bayesian framework, parameter estimation is
formulated as the derivation of posterior
distributions that combine prior information with
observational data. This approach enables not only
the identification of plausible parameter values but
also the quantification of associated
uncertainty(Aljeddani & Mohammed, 2023).

In climate modeling, parameter calibration is
especially critical due to the presence of poorly
constrained processes such as cloud dynamics, land—
surface interactions, and biogeochemical feedbacks.
Bayesian calibration methods allow these parameters
to be inferred in a statistically rigorous manner,
accounting for observational error and model
discrepancy. Importantly, posterior distributions
provide a range of plausible parameter values rather
than a single optimal estimate, thereby supporting
more realistic uncertainty propagation in subsequent
simulations(Aljeddani & Mohammed, 2023; Shao et
al., 2025).

4.2 Hierarchical and Spatial Models

Environmental systems are inherently multiscale,
with processes operating across spatial and temporal
levels. Bayesian hierarchical models offer a natural
mechanism for representing such complexity by
structuring models into multiple levels, where
parameters at one level depend on those at another.
This framework is particularly useful when dealing
with heterogeneous datasets or nested processes,

such as regional climate variations embedded within
global dynamics(Wang et al., 2026).

Spatial dependence is another defining characteristic
of environmental data. Bayesian spatial models,
including Gaussian process formulations, enable the
explicit representation of spatial correlation and
variability. By borrowing strength across locations,
these models improve inference in data-sparse
regions and reduce uncertainty in predictions. The
hierarchical structure further allows for the
integration of multiple data sources, such as
combining satellite observations with ground-based
measurements, within a unified probabilistic
framework(Alahmadi & Moraga, 2025).

4.3 Data Assimilation

Bayesian data assimilation plays a pivotal role in
dynamically updating environmental models as new
information becomes available. This approach
combines model predictions with observational data
to produce improved estimates of system states and
parameters in real time. It is widely used in weather
forecasting, ocean modeling, and hydrological
prediction, where timely updates are essential.

The Bayesian formulation of data assimilation treats
both model outputs and observations as uncertain
quantities, integrating them through probabilistic
updating. Techniques such as sequential Monte Carlo
methods and ensemble-based filters enable the
continuous refinement of predictions as new data
streams are incorporated. This capacity for real-time
learning is particularly valuable in rapidly evolving
systems, where static models may quickly become
outdated(Daza-Torres et al., 2022).

4.4 Computational Methods

The practical implementation of Bayesian methods
in environmental modeling relies heavily on
advanced computational techniques. Among these,
Markov Chain Monte Carlo methods are widely used
to approximate posterior distributions, particularly in
high-dimensional or nonlinear models where
analytical solutions are intractable. By generating
samples from the posterior distribution, MCMC
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methods enable detailed characterization of
uncertainty, albeit at high  computational
cost(Vlachou et al., 2023).

To address scalability challenges, alternative
approaches such as variational inference have gained
increasing attention. These methods approximate the
posterior distribution through optimization rather
than sampling, offering substantial computational
efficiency gains. While typically less precise than
sampling-based approaches, variational methods are
well-suited to large-scale environmental models and
real-time  applications  where  speed IS
critical(Shapovalova, 2021).

The selection of an appropriate computational
strategy depends on the complexity of the model, the
dimensionality of the parameter space, and the
availability of computational resources. In practice,
a balance must often be struck between
computational feasibility and the fidelity of
uncertainty representation(Serani & Diez, 2026).

Collectively, these Bayesian methods provide a
versatile toolkit for handling uncertainty across
diverse environmental and climate modeling
contexts. Their integration enables the systematic
treatment of uncertainty from parameter estimation
to prediction, supporting more robust inference and
decision-making.

Table 2. Core Bayesian Methods in Environmental Modeling

Method Purpose Strength Limitation Typical Use
Parameter Infer Incorporates Sensitive to Climate  model
Estimation model prior prior tuning;
(Bayesian parameter knowledge; specificatio hydrological
Calibration) S and provides full n; parameter
quantify posterior computation estimation(Kach
uncertaint distributions al cost abi et al., 2025)
y
Hierarch Represent Captures Model Regional climate
ical multileve complex complexity; modeling;
Bayesian I and dependencie computation ecological
Models nested s; integrates ally systems(Gelfand,
processes multiple data intensive 2012)
sources
Spatial Model Handles Scalability Climate field
Models spatial spatial issues  for reconstruction;
(e.9., dependen correlation; large air quality
Gaussian ce and improves datasets mapping(Ma et
Processes variabilit predictions al., 2024)
) y in sparse
regions
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Bayesian Update Real-time Computatio Weather

Data model updating; nal forecasting;

Assimilat states integrates demands; ocean and

ion with new model and model hydrological
observati data assumptions systems(Yuan et
ons uncertainty al., 2025)

Markov Sample Accurate High Complex

Chain from uncertainty computation environmental

Monte posterior quantificatio al cost; models;

Carlo distributi n; flexible convergence parameter

(MCMC) ons Issues inference(Lykke

gaard et al.,
2021)

Variation Approxi Computation Approximat Large-scale

al mate ally fast; ion  error; climate models;

Inference posterior scalable to less precise real-time
distributi large uncertainty applications(Huo
ons problems estimates etal., 2023)
efficientl
y

5. Applications in Climate and Environmental
Systems

Bayesian approaches have become increasingly
central to environmental and climate science, not
merely as statistical tools but as integrative
frameworks for addressing uncertainty across
diverse application domains. Their strength lies in
the ability to unify data, models, and prior knowledge
within a probabilistic structure, enabling more robust
inference and  decision-making in  systems
characterized by complexity and limited
observability(Canepa & Dima, 2026; Haddad,
2025b).

One of the most prominent applications is in climate
model calibration and emulation. Comprehensive
climate models are computationally expensive and

involve numerous uncertain parameters governing
processes such as cloud formation, ocean circulation,
and land-atmosphere interactions.  Bayesian
calibration provides a systematic means of
constraining these parameters using observational
data, while explicitly accounting for model
discrepancy and measurement error(Krasnopolsky,
2024). This results in posterior distributions that
reflect both parameter uncertainty and structural
limitations. In parallel, Bayesian emulation
techniques, often based on surrogate models such as
Gaussian processes, are used to approximate the
behavior of complex climate models at a fraction of
the computational cost. These emulators enable
efficient exploration of parameter spaces, uncertainty
quantification, and sensitivity analysis, thereby
facilitating tasks that would otherwise be
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computationally prohibitive(Palmer & Stevens,
2019).

In hydrology and water resource systems, Bayesian
methods have proven particularly valuable due to the
strong influence of spatial heterogeneity and data
scarcity. River flow, groundwater dynamics, and
rainfall-runoff relationships are governed by
processes that are both nonlinear and highly variable
across scales(ElImotawakkil et al., 2025). Bayesian
frameworks allow for the integration of diverse data
sources, including streamflow measurements,
remote sensing observations, and hydrological
model outputs, while accounting for their respective
uncertainties. This capability is especially important
in regions with limited monitoring infrastructure,
where prior information and hierarchical modeling
can help compensate for sparse data(Chen et al.,
n.d.). Moreover, Bayesian approaches support
probabilistic forecasting of hydrological extremes,
such as floods and droughts, which is critical for risk
management and infrastructure planning.

Air quality and pollution modeling represent another
domain where Bayesian methods have demonstrated
a significant impact. Atmospheric  pollutant
concentrations are influenced by complex
interactions among emission sources, meteorological
conditions, and chemical transformations(Vitolo et
al., n.d.). Observational data are often incomplete or
unevenly distributed, particularly in rapidly
urbanizing regions. Bayesian models provide a
flexible framework for combining ground-based
measurements, satellite data, and chemical transport
models, enabling improved estimation of pollutant
distributions and their associated uncertainties.
Importantly, Bayesian inference allows for the
quantification of uncertainty in emission inventories
and model parameters, which is essential for
designing effective mitigation strategies and
informing public health policies(Haddad, 2025c).

The prediction and assessment of extreme events
further highlight the advantages of Bayesian
approaches. Events such as heatwaves, storms,
floods, and droughts are inherently rare and often
occur outside the range of historical observations,

making them difficult to model using traditional
methods. Bayesian frameworks enable the
incorporation of prior knowledge about extreme
behavior, such as physical constraints or expert
judgment, while updating this knowledge with
available data. This results in probabilistic estimates
of event likelihood and magnitude that are more
informative  than  deterministic  predictions.
Additionally, Bayesian hierarchical models can
capture spatial and temporal dependencies in
extreme events, improving the reliability of risk
assessments across regions(Alvre et al., 2024).

Across these application areas, a common theme is
the capacity of Bayesian methods to manage
uncertainty coherently and transparently. Rather than
treating uncertainty as a secondary consideration,
these approaches integrate it directly into model
formulation, inference, and prediction. This is
particularly important in environmental decision-
making contexts, where policies must often be
formulated under conditions of deep uncertainty. By
providing probabilistic outputs and explicitly
characterizing confidence in model predictions,
Bayesian methods support more informed and
resilient decision processes(Ruberg et al., 2023).

At the same time, the application of Bayesian
techniques in environmental systems underscores the
importance of balancing model complexity with
computational feasibility. While advanced models
can capture intricate system dynamics, their practical
utility depends on the ability to perform efficient
inference and generate timely predictions. The
growing use of emulation, approximate inference,
and hybrid modeling approaches reflects an ongoing
effort to address this challenge(Lynda et al., 2025).

Overall, Bayesian approaches have transformed the
way uncertainty is handled in climate and
environmental modeling, enabling a more nuanced
understanding and improved predictive capability
across a wide range of applications. Their continued
development and integration with emerging data
sources and computational tools are likely to play a
critical role in advancing environmental science and
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supporting evidence-based policy in the face of
global change.

6. Challenges and Future Directions

Despite their conceptual and practical advantages,
Bayesian approaches to environmental and climate
modeling face several important challenges that
constrain their broader adoption and effectiveness.
At the same time, ongoing methodological and
computational advances are opening new directions
that promise to further enhance their applicability in
complex, data-intensive settings.

A primary challenge lies in computational
scalability. Environmental models are often high-
dimensional, nonlinear, and computationally
expensive, particularly in climate science, where
simulations may require substantial resources.
Bayesian inference, especially when implemented
through sampling-based methods, can become
prohibitively costly in such contexts. Although
approximate techniques and surrogate modeling
approaches have improved efficiency, there remains
a fundamental trade-off between computational
feasibility and the fidelity of uncertainty
representation. Addressing this challenge requires
continued development of scalable algorithms
capable of handling large datasets and complex
model structures without compromising inferential
rigor(Najafi et al., 2026; Tsattalios et al., 2023).

Another persistent issue concerns the selection and
specification of prior distributions. While the ability
to incorporate prior knowledge is a defining strength
of the Bayesian framework, it also introduces
subjectivity. In environmental applications, where
prior information may be incomplete or uncertain,
inappropriate prior choices can influence posterior
estimates and potentially bias results. This challenge
is particularly acute in data-sparse settings, where
priors may dominate the inference. Developing
principled approaches for prior elicitation, sensitivity
analysis, and robust Bayesian inference remains an
active area of research(Canepa & Dima, 2026;
Siddique & Aghabazaz, 2023).

Data scarcity and uneven data availability further
complicate environmental modeling, especially in

developing regions where monitoring infrastructure
is limited. Sparse observational networks,
inconsistent data quality, and gaps in long-term
records hinder reliable inference and model
validation. Bayesian hierarchical models partially
address this issue by borrowing strength across space
and time, but their effectiveness ultimately depends
on the availability of at least some informative data.
Expanding observational capacity and integrating
alternative data sources, such as remote sensing and
citizen science, will be critical for improving model
reliability in these contexts(Gacu et al., 2025; Perra
et al., 2026).

A less technical but equally significant challenge is
the communication of uncertainty to policymakers
and stakeholders. Bayesian models produce
probabilistic outputs that can be difficult to interpret
for non-specialist audiences. Translating these
outputs into actionable insights requires careful
consideration of how uncertainty is represented and
conveyed. Misinterpretation or oversimplification of
probabilistic information can undermine decision-
making processes, particularly in high-stakes
contexts such as climate adaptation and disaster risk
management.  Developing clear visualization
strategies and decision-support frameworks is
therefore essential(Dhungana et al., 2025).

Looking forward, several emerging directions are
poised to reshape the role of Bayesian methods in
environmental science. One key trend is the
integration of Bayesian inference with machine
learning techniques, enabling the development of
models that combine statistical rigor with the
flexibility and scalability of modern data-driven
approaches. Bayesian deep learning, for example,
offers a pathway for incorporating uncertainty
guantification into neural network-based models,
which are increasingly used in climate and
environmental applications(Haddad, 2025d).

Another promising direction involves hybrid
physics-informed Bayesian models, which embed
physical laws and process-based understanding
within probabilistic frameworks. These approaches
seek to overcome the limitations of purely data-
driven models by ensuring consistency with known
system dynamics, while still allowing for uncertainty
guantification and data assimilation. Such hybrid
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models are particularly relevant for complex Earth
system processes where both theory and data play

illustrating how data sources, prior knowledge, and
computational methods interact within a Bayesian

critical roles(Annu§ & Kmet’, 2025).

Figure 2 presents an integrated conceptual
framework that synthesizes these elements,

inference pipeline to produce uncertainty-aware
predictions and support decision-making.

Integrated Bayesian Framework for

Environmental and Climate Modeling
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Figure 2. Integrated Bayesian Framework for Environmental and Climate Modeling.

A conceptual framework illustrating the end-to-end
Bayesian modeling pipeline for environmental and
climate systems. The figure integrates multiple
components, including diverse data sources (e.g.,
observations, remote sensing, model outputs), prior
knowledge (e.g., expert judgment, physical
constraints), and a central Bayesian inference engine
that combines these inputs to generate posterior
distributions. The framework further highlights
uncertainty quantification and propagation, leading

to probabilistic predictions that inform decision-
making and policy. Feedback loops indicate iterative
updating as new data become available, emphasizing
the dynamic and adaptive nature of Bayesian
environmental modeling.

Overall, addressing these challenges while
leveraging emerging methodological advances will
be essential for realizing the full potential of
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Bayesian approaches in environmental and climate
science.

7. Conclusion

Bayesian approaches provide a coherent and
versatile framework for addressing the pervasive
uncertainty that characterizes environmental and
climate systems. By integrating prior knowledge
with observational data and explicitly representing
uncertainty through probability distributions, these
methods enable a more realistic and transparent
understanding of complex processes. ACross
applications from climate model calibration and
hydrological forecasting to air quality assessment
and extreme event prediction, Bayesian techniques
facilitate improved inference, robust prediction, and
informed decision-making under uncertainty.

A key strength of the Bayesian paradigm lies in its
ability to unify diverse sources of information within
a single probabilistic framework. This is particularly
important in environmental contexts, where data are
often sparse, heterogeneous, and uncertain. Through
hierarchical modeling, data assimilation, and
advanced computational methods, Bayesian
approaches allow for the systematic propagation of
uncertainty across all stages of the modeling process,
thereby enhancing both scientific insight and
predictive reliability.

Despite these advantages, challenges related to
computational scalability, prior specification, and
communication of probabilistic results remain
significant. However, ongoing advances in
computational algorithms, the integration of machine
learning techniques, and the development of hybrid
physics-informed models are rapidly expanding the
scope and feasibility of Bayesian methods. These
developments are likely to play a critical role in
addressing increasingly complex environmental
problems in a data-rich yet uncertain world.

Looking forward, the continued evolution of
Bayesian approaches will be essential for advancing
environmental and climate science, particularly in
the context of global change and policy-relevant
decision-making. By enabling rigorous uncertainty
guantification and adaptive learning, Bayesian
methods offer a powerful foundation for developing

resilient, evidence-based strategies to manage
environmental risks and support sustainable futures.
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