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Introduction

In recent years, data-driven approaches have emerged as powerful alternatives to traditional physics-based retrievals. These methods take advantage of machine learning techniques such as learnable

pseudoinverse or deep learning architectures to extract relations and patterns hidden in the observed data. In this work, a deep learning architecture, based on latent twin approach (originally introduced

in theoretical works as Chung et al., 2025), is applied to IASI spectra, with the goal to assess the robustness of this method for retrieving atmospheric profiles, including temperature, water vapor, ozone,

surface emissivity, and surface temperature, in real-world clear-sky conditions. The algorithm is first applied on synthetic radiances derived from the NWP SAF database using the fast radiative transfer code

sigma-IASI/F2N (Masiello et al, 2024). The algorithm is then applied to IASI Level 1C observations, along with their corresponding Level 2 products which serve as reference to evaluate the reconstruction

accuracy of the autoencoder-based retrieval.

1. Architecture

2. Dataset and Preprocessing

3. Results

3.1. Application to synthetic data

3.2. Application to measured data and comparison with IASI L2 data

The framework provides a viable basis for retrieving atmospheric properties under clear-sky conditions. In particular, it allows the retrieval of temperature, water vapor, ozone, surface temperature, 
and surface emissivity. The retrieved profiles yield low chi-square values ( 𝜒2 ≅ 1.7), indicating good radiance consistency. A key strength of the proposed approach is its computational efficiency. 
Once trained, the latent twin model can perform around 440’000 retrievals per minute on a standard laptop. Several important extensions remain for future work, such as the introduction of aerosol 
scattering layers or the retrieval of trace gases. The possibility of retrieving water and ice clouds is explored in Sgattoni et al. (2025).

Conclusion

Physics-awareness stems from restricting solutions to a learned physically plausible manifold and

from additional model-consistency corrections.

During the training phase all components are jointly optimized by minimizing a weighted

combination of reconstruction and surrogate losses.
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The Latent twin architecture is a data-driven yet physics-aware approach introduced by Chung et

al. (2025), optimized to solve a given inverse problem. The main architecture is presented here:

𝒙

𝒙

𝑫𝑨𝑬 𝑨𝑬

𝒆𝒙𝒆𝒚

𝒅𝒚 𝒅𝒙

𝒔𝒚𝒙

𝒔𝒙𝒚

min
𝜽

𝟏

𝑵
෍

𝒊

𝜶𝒙𝑫𝒙(𝒅𝒙 ∘ 𝒆𝒙 𝒙𝒊 , 𝒙𝒊) + 𝜶𝒚𝑫𝒚(𝒅𝒚 ∘ 𝒆𝒚 𝒚𝒊 , 𝑭(𝒙𝒊)) +

𝒙

Where θ collects all trainable parameters, and D is a distance metric.

A fine-tuning procedure is performed to achieve better score in the surface temperature and

humidity reconstruction.

+𝜶𝒙𝒚𝑫𝒙𝒚(𝒅𝒚 ∘ 𝒔𝒙𝒚 ∘ 𝒆𝒙 𝒙𝒊 , 𝑭(𝒙𝒊)) + 𝜶𝒚𝒙𝑫𝒚𝒙(𝒅𝒙 ∘ 𝒔𝒚𝒙 ∘ 𝒆𝒚 𝒚𝒊 , 𝒙𝒊)
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The training, validation and test sets are generated starting from the NWP SAF atmospheric

database using the sigma fast radiative transfer model (Masiello et al., 2024), for a total of 25’000

clear sky scenarios.

The state vector contains the atmospheric state, where the profiles are stretched to maintain a

total of 60 layers per profile.

On the other hand, the measurement vector is created starting from a channel selection of the

IASI acquisition and auxiliary data such as the geolocation, the pressure grid and surface pressure.

𝒙 = [𝑻,𝑯𝟐𝑶,𝑶𝟑, 𝑬𝑴, 𝑻𝑺] ∈ ℝ𝟐𝟑𝟏

𝒚 = [𝑰𝒄𝒉, 𝒍𝒂𝒕, 𝒍𝒐𝒏,𝑴𝒐𝒏𝒕𝒉, 𝑷𝑺, 𝑷] ∈ ℝ𝟖𝟔𝟒

Min-Max normalization is applied for each independent physical quantity. Humidity and ozone

profiles are transformed using the soft-max inverse transformation.

The residuals between the predicted profiles and the target profiles are computed for the entire

test set. The Mean Bias Error (MBE) and RMSE are shown in the figures.

Residuals between the predicted and IASI L2 profiles are computed for different orbits for a total

of almost 20’000 acquisitions (nadir-like). The MBE and RMSE are shown here for acquisitions over

the sea (since L2 emissivity is not retrieved over the ocean, the Latent Twin retrieval is shown

instead).

Biases with respect to IASI L2 retrievals in humidity and ozone profiles can be related with

different assumptions in the spectroscopic database.
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