
EGU25-17783, updated on 10 Mar 2026

https://doi.org/10.5194/egusphere-egu25-17783

EGU General Assembly 2025

© Author(s) 2026. This work is distributed under

the Creative Commons Attribution 4.0 License.

Valid Prediction Intervals for Weather Forecasting with Conformal
Prediction

Thomas Mortier1

, Cas Decancq

1

, Yusuf Sale

2

, Alireza Javanmardi

2

, Willem Waegeman

1

, Eyke

Hüllermeier

2

, and Diego G. Miralles

1

1

Ghent University, Ghent, Belgium

2

University of Munich (LMU), Munich, Germany

In recent years, machine learning has emerged as a promising alternative to numerical weather

prediction models, offering the potential for cost-effective and accurate forecasts. However, a

significant limitation of current machine learning methods for weather forecasting is the lack of

principled and efficient uncertainty quantification—a key element given the complexity of the

Earth's climate system and the challenges in modeling its processes and feedback mechanisms.

Inadequate uncertainty quantification and reporting undermines trust in and the practical use of

current weather forecasting methods (Eyring et al., 2024).

Uncertainty quantification methods for weather forecasting typically use prediction intervals and

can be categorized into Bayesian and frequentist approaches. Bayesian methods, while

theoretically appealing, often involve restrictive assumptions and do not scale well to the

complexity of spatio-temporal data. Frequentist approaches, such as ensemble-based methods,

are widely used in weather forecasting and include techniques like perturbing initial states with

noise (Bi et al., 2023; Scher et al., 2021), varying neural network parameters (Graubner et al., 2022),

or training generative models (Price et al., 2023). However, most frequentist methods provide only

asymptotically valid prediction intervals, which may not suffice in all weather forecasting

applications.

Conformal prediction (CP) is a promising uncertainty quantification framework that delivers valid

and efficient prediction intervals for any learning algorithm, without requiring assumptions about

the underlying data distribution (Vovk et al., 2005). Despite its growing popularity in the machine

learning and statistics communities, traditional CP methods are not tailored to spatio-temporal

data in weather forecasting. This is due to challenges arising from spatial and temporal

dependencies—such as spatial autocorrelation and temporal dynamics—that violate the

exchangeability assumption underlying standard CP methods. Several recent studies attempted to

address these challenges by introducing new CP algorithms specifically designed for various types

of non-exchangeability (Oliveira et al., 2024). However, these adaptations face several limitations,

including high computational complexity, asymptotic guarantees, and/or the need for recalibration

of prediction intervals.

In this presentation, we will evaluate CP methods in the context of weather forecasting and



discuss several limitations. In addition, we will highlight recent advances and discuss potential

future directions that could address challenges underlying the use of CP in weather forecasting.
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