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Diffusion-based relative radiometric normalization for

multi-temporal remote sensing imagery

SONG Liyao', LIU Chunyan', LI Haiwei”

(1. School of Computer Science and Engineering, Xi'an Technological University, Xi'an 710021, China;
2. Xi'an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences, Xi'an 710119, China)

Abstract: Relative radiometric normalization is a fundamental technique in multi-temporal remote sensing
analysis, yet traditional methods often face limitations when dealing with nonlinear distortions, outlier
interference, and heterogeneous land-cover conditions. To address these challenges, this paper proposes a
diffusion-based probabilistic framework that models radiometric inconsistency as a combination of
deterministic residuals and stochastic perturbations. Within this framework, the forward process simulates
the multi-source characteristics of radiometric distortions through the superposition of structured and
random noise, while the reverse process relies on a dual-objective variational optimization strategy to
reconstruct radiometric consistency while preserving the detailed features of the original imagery, thereby
achieving refined modeling of complex radiometric distortions at the mathematical level. Its core design is
a spatial-spectral attention network, which integrates spatial and spectral attention modules to dynamically
enhance key spectral band responses and local texture structures during feature extraction, enabling
efficient capture of cross-band dependencies and multi-scale spatial context. To further improve the
model’s adaptability in complex scenes, a preprocessing strategy based on the structural similarity index
(SSIM) is designed. By automatically selecting stable pseudo-invariant regions to guide model training, it
effectively reduces interference from land-cover changes and enhances the representativeness of training
samples and the stability of model convergence. Comprehensive experiments on multi-temporal Sentinel-2
datasets demonstrate that the proposed method consistently outperforms existing comparative approaches
in quantitative evaluation metrics. It not only achieves higher radiometric correction accuracy and spectral
fidelity but also exhibits significant advantages in vegetation index consistency and texture detail
preservation. In summary, this diffusion-driven network provides a practically adaptable solution for large-
scale relative radiometric normalization of remote sensing imagery and can be further extended to
applications such as multi-sensor fusion and time series analysis in the future.

Key words: relative radiometric normalization; diffusion model; attention mechanism; deep learning
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