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Abstract

Accurate uncertainty quantification in spatio-temporal forecasting is fundamentally challenged by
the tension between marginal validity and conditional adaptivity. Conformal prediction provides
distribution-free finite-sample coverage guarantees, yet standard split-conformal methods applied to
gridded spatio-temporal fields produce prediction bands of constant spatial width that ignore the sub-
stantial geographic heterogeneity in forecast difficulty. This paper introduces the Spectral-Wavelet
Adaptive Nonconformity (SWAN) score, a principled nonconformity function designed specifically for
spatio-temporal fields on the sphere. Drawing on the insight that predictability is inherently scale-de-
pendent, SWAN decomposes forecast residuals via spherical harmonic transforms into J power-
law spaced frequency bands, computes locally smoothed per-band energy through Gaussian spatial
smoothing, and aggregates these band-wise energy fields through learnable weights optimized for
bandwidth efficiency. The SWAN-CP method integrates the SWAN score with an ensemble of Spher-
ical Fourier Neural Operators (SFNOs) within a split conformal calibration framework, augmented
by a weighted conformal correction to address the temporal non-exchangeability of climate time
series. Theoretical analysis establishes approximate marginal validity under f-mixing conditions
and conditional coverage approximation guarantees within the class of band-structured noncon-
formity scores. Comprehensive evaluation on ERA5 reanalysis data (2010~2024, 128 x 256 grid, 6-
hourly resolution) benchmarks SWAN-CP against six baselines: persistence, climatology, vanilla con-
formal prediction, Mondrian conformal prediction, Conformalized Quantile Regression (CQR), and
temporal-weighted conformal prediction. SWAN-CP with J =4 frequency bands achieves the nar-
rowest average prediction bands among all model-based methods, while the J =8 configuration
attains the best overall Winkler interval score (0.828) with 86.3% empirical coverage. Cross-latitude
conditional coverage variation is reduced from 8.5 percentage points to 1.5 percentage points, a 5.7-
fold improvement in uniformity. Ablation experiments confirm that spectral decomposition is the
primary driver of performance gains, with learnable band weights contributing an additional 4.4%
efficiency improvement. The computational overhead remains modest and acceptable for operational
deployment. These results demonstrate that frequency-domain decomposition achieves the best band-
width efficiency and overall scoring performance among the six baselines compared, advancing con-
formal inference for field-structured and functional data.
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Figure 1. SWAN spectral band component maps
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Figure 2. Spatial distribution of prediction band widths
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