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Abstract. The FORUM (Far-infrared Outgoing Radiation Understanding and Monitor-

ing) mission will provide, for the first time, systematic far-infrared spectral measurements of

Earth’s outgoing radiation, enabling improved understanding of atmospheric processes and

the radiation budget. Retrieving atmospheric states from these observations constitutes a

high-dimensional, ill-posed inverse problem, particularly under cloudy-sky conditions where

multiple-scattering effects are present. In this work, we develop a data-driven, physics-

aware inversion framework for FORUM all-sky retrievals based on latent twins: coupled

autoencoders for atmospheric states and spectra, combined with bidirectional latent-space

mappings. A lightweight model-consistency correction ensures physically plausible cloud

variable reconstructions. The resulting framework demonstrates potential for retrievals of

atmospheric, cloud and surface variables, providing information that can serve as a prior,

initial guess, or surrogate for computationally expensive full-physics inversion methods. It

also enables robust scene classification and near-instantaneous inference, making it suitable

for operational near-real-time applications. We demonstrate its performance on synthetic

FORUM-like data and discuss implications for future data assimilation and climate studies.
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1. Introduction and Background

FORUM (Far-infrared Outgoing Radiation Understanding and Monitoring) [43] is the ninth

Earth Explorer mission selected by the European Space Agency in 2019 and scheduled to

launch in 2028. The mission will employ a Fourier Transform Spectrometer to measure

Earth’s outgoing spectral radiances over the spectral range from 100 to 1600 cm−1. This will

provide, for the first time, systematic and spectrally resolved observations in the far-infrared

(FIR) region (100-667 cm−1) from space [20]. FORUM’s primary objective is to improve

our understanding of Earth’s infrared radiation budget and to characterize the role of FIR

radiation in shaping the climate system.

Different components of the Earth system, including the surface, atmospheric gases,

aerosols, and clouds, interact with electromagnetic radiation, producing distinct spectral

signatures in the outgoing radiance. In the FIR, water vapor exhibits particularly

strong absorption features, making FORUM measurements highly valuable for constraining

atmospheric humidity and related climate processes [40]. In regions of low humidity,

reduced water vapor absorption enables the retrieval of FIR surface emissivity from satellite

observations [6]. FIR radiances are also strongly influenced by clouds and show greater

sensitivity to ice particle scattering than those in the mid-infrared [32, 46, 72]. FORUM

measurements will therefore help to characterize the impact of clouds on the Earth’s radiation

budget, with a particular focus on high-level ice clouds.

The propagation and interaction of electromagnetic radiation through the atmosphere

are described by the radiative transfer equation. Analytic solutions exist only for idealized,

homogeneous, non-scattering media. In the real atmosphere, which exhibits strong vertical

variability in temperature, composition, and cloud properties, radiative transfer must be

solved numerically [18].

In general, let x ∈ Rn denote the atmospheric state, and let y ∈ Rq denote the

corresponding radiance then,

y = F→(x) + ε, (1)

where F→ : Rn → Rq represents the composition of the radiative transfer calculations and

instrumental effects, and ε ∈ Rq denotes additive measurement noise. This is known as direct

or forward problem. In this work, we are primarily interested in the inverse, or retrieval,

problem, namely, reconstructing the atmospheric state x ∈ Rn from measurements y ∈ Rq.

Numerical inversion techniques, such as those based on Optimal Estimation (OE), are

well established and widely used [45, 48, 49, 63]. In a variational setting, the optimal state

is obtained by minimizing a cost functional that balances data fidelity and regularization,

min
x∈X

D
(
F→(x),y

)
+R(x), (2)

where D measures the discrepancy between the observations y and the model prediction

F→(x), and R is a regularization term that penalizes implausible solutions [16, 62]. The
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forward operator can be expressed as the composition F→ = p ◦ m, where m denotes the

solution operator of the underlying physical model and p a projection onto the measurement

space Y .

While classical inversion techniques remain powerful and widely used, they are often

hindered by several limitations, mainly related to the need for careful hyperparameter

tuning, sensitivity to problem setup, intrinsic ill-posedness, curse of dimensionality, and

the substantial computational cost associated with repeated forward simulations [10, 24].

In remote sensing retrievals, these challenges become particularly severe due to the high

dimensionality of the problem and time-consuming radiative transfer models. For example,

with the FORUM spectrometer expected to produce over 10,000 spectra daily, and each

full-physics forward simulation requiring several minutes, brute-force inversion is infeasible

for near-real-time (NRT) applications as required for weather and climate prediction [9].

Current approaches aim to mitigate these limitations by accelerating the forward model.

Notable examples include fast radiative transfer codes such as σ-IASI/F2N (Far-to-Near

Infrared) [3, 35, 37], RTTOV [41, 47] or PCRTM [29].

In response to these limitations, data-driven approaches have emerged as powerful

alternatives. Rather than relying exclusively on explicit forward models, these methods

take advantage of large-scale simulated and curated datasets to directly learn the mappings

between measurements and unknown states. Deep neural networks, in particular, have

demonstrated the ability to approximate highly nonlinear inverse operators and to accelerate

retrieval by orders of magnitude compared with iterative variational schemes [4, 28]. For

instance, autoencoders and related latent-variable models can be used to capture low-

dimensional structure within high-dimensional data, providing surrogates that constrain

reconstructions to physically plausible manifolds [5, 27].

In previous work, we developed a data-driven inversion approach restricted to clear-

sky conditions, combining a pseudoinverse with weighted regularization implemented via

neural networks [50]. While effective as a proof of concept, the approach did not fully

exploit the expressive power of modern nonlinear deep learning models, nor did it address

the additional challenges posed by cloudy-sky conditions, where multiple scattering and

radiative degeneracies make inversion particularly difficult.

In this work, we tackle these challenges by developing a data-driven atmospheric retrieval

framework based on latent twins [14], designed for fully all-sky applicability and practical

use across the FORUM mission. Building on recent advances in latent twins and paired

autoencoders for inverse problems [12, 13, 21], we construct a data-driven yet physics-

aware surrogate inversion framework for FORUM all-sky observations. The key idea is to

learn coupled autoencoders for atmospheric states and spectra, together with (bi)-directional

mappings between their latent spaces, so that the latent coupling acts as a surrogate forward

and inverse operator, effectively creating a latent twin of the original forward and/or inverse

map. On top of this latent surrogate, we introduce a lightweight model-consistency correction
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targeted at cloud-related variables, enforcing physically meaningful relationships among

cloud microphysical properties. The resulting framework shows potential for the retrieval

of atmospheric, cloud, and surface variables, providing information that can be used as a

prior, initial guess, or surrogate for computationally expensive full-physics inversion methods.

It also enables robust scene classification and, once trained, near-instantaneous inference,

making it a promising candidate for operational near-real-time applications and future data

assimilation efforts.

This paper is organized as follows. Section 2 presents the latent twins framework,

detailing the coupled autoencoders, latent-space mappings, and the model-consistency

corrections for cloud variables. In Section 3, we describe the construction of the training

dataset, while Section 4 details the organization of the atmospheric state and observation

vectors. Numerical results and computational costs are presented in Section 5. In particular,

Section 5.1 describes technical details of the models, including network architectures,

hyperparameters, and loss functions. Section 5.2 examines retrieval performance on

atmospheric variables. Section 5.3 covers scene classification, including clear, cloudy, and

cloud-type identification, as well as the localization of cloud layers. Finally, Section 5.4

assesses the impact of the retrievals on reconstructed radiances via the forward model,

including an additional correction for clear-sky cases. We conclude with a discussion of

implications and future directions in Section 6. Two appendices are also included. In

Appendix A, we review the radiative transfer model, including the treatment of multiple

scattering, and describe the σ-IASI/F2N forward model used to generate training data.

Appendix B describes the preprocessing of selected variables and how their transformation

influences the reconstruction of radiances from the retrieved quantities. A Supplementary

Material document is also provided. The first section presents a detailed analysis of the

performance of the two autoencoder components of the proposed architecture, the second

section compares the proposed latent-twins framework with a simpler baseline architecture,

and the third section reports retrieval results for cloud-related variables before the application

of the correction models.

2. Latent Twin Radiative Transfer Inversion

Data-driven inversion techniques replace or augment classical iterative solvers by learning

components of the inverse process directly from data. One class of methods trains a

neural network to approximate the reconstruction operator y 7→ x from paired training

data {(y,x)}, enabling fast inference but often requiring additional mechanisms to ensure

robustness and data consistency [4]. A second class, commonly referred to as unrolled

(or algorithm-unfolded) methods, derives neural architectures by unrolling and truncating

classical iterative schemes and learning iteration-dependent parameters or proximal

operators, thereby combining interpretability with state-of-the-art performance [1, 19].
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Alternative approaches focus on prior learning. Plug-and-play methods incorporate powerful

learned denoisers as implicit regularizers within model-based optimization frameworks

[2, 65], while generative models provide explicit low-dimensional priors by restricting

reconstructions to the range of a trained generator [7]. More recently, diffusion and score-

based generative models have emerged as flexible learned priors that can be combined with

known measurement operators at test time, enabling sampling-based reconstructions and

principled uncertainty quantification [58].

Latent twins framework. A promising recent direction in data-driven inversion is the

development of latent twins as surrogate models for forward and inverse operators. Realized

as paired autoencoders, latent twins learn forward and inverse mappings through coupled

latent representations, thereby improving stability and interpretability in ill-posed problems;

see, for example, likelihood-free estimation [13], Bayes-risk minimization [21], and the

unifying perspective in Good Things Come in Pairs [12].

In this work, we adopt the latent twins framework as a data-driven yet physics-aware

approach to atmospheric retrieval. Here, physics-awareness stems from restricting solutions

to a learned physically plausible manifold and from additional model-consistency corrections

introduced below. The central idea is to represent both the atmospheric state and the

observed spectrum in low-dimensional latent spaces and to learn the forward and inverse

relationships directly between these representations; see Figure 1. Let X ⊆ Rn denote the

space of atmospheric states and Y ⊆ Rq the space of radiance spectra. We define two

autoencoders: an atmospheric-state autoencoder ax = dx ◦ex, mapping X to itself through a

latent space Zx, and a spectral autoencoder ay = dy ◦ ey, mapping Y through a latent space

Zy. The key component of latent twins is the introduction of trainable mappings between

Zx and Zy. A latent forward map s→ : Zx → Zy approximates the action of the radiative

transfer operator in reduced coordinates, while a latent inverse map s← : Zy → Zx serves

as a latent retrieval operator. Combined with the encoders and decoders, these mappings

define surrogate forward and inverse operators,

f→(x) = (dy ◦ s→ ◦ ex)(x), f←(y) = (dx ◦ s← ◦ ey)(y), (3)

which aim to approximate the true forward and inverse mappings on the data manifold, i.e.,

f→ ≈ F→ and f← ≈ F←. In this work, our primary interest lies in retrieval, namely the

construction of an accurate surrogate inverse operator f←.

This separation between representation learning (autoencoders) and operator learning

(latent mappings) is a distinguishing feature of latent twins, providing a transparent

interpretation of how observations and states are related while yielding improved stability

over direct surrogate inversion networks in ill-posed settings [12, 13, 21].

It is useful to contrast this construction with a direct inversion network that learns a

single map y 7→ x. Since neural networks are universal approximators, such a model can in
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Figure 1. Schematic of the Latent Twin (paired autoencoder) architecture for inverse

problems. Two autoencoders are trained on the parameter space X and the observation

space Y, producing low-dimensional latent representations zx and zy, respectively. The

inverse operator is learned directly in latent space through a trainable mapping s← : zy 7→
zx, which is composed with the observation encoder and state decoder to form the full

inverse surrogate/ latent twin f← = dx◦s←◦ey. By learning the inverse transformation in a

shared latent coordinate system, the framework enables efficient and stable recovery of high-

dimensional atmospheric states from observations, while preserving consistency between the

data and model representations.

principle approximate the inverse map when the training data are sufficiently representative

and the test samples remain in distribution. The purpose of the latent-twin formulation is

therefore not to claim that a direct network cannot learn the retrieval map, but rather to

impose additional structure that is valuable for ill-posed inverse problems. In a direct y 7→ x

model, the inverse map is represented by one end-to-end transformation from radiances

to atmospheric variables. By contrast, latent twins separate the task into interpretable

components: ey encodes the spectrum into a latent variable zy, s
← : Zy → Zx represents

the inverse radiative-transfer relation in latent space, and dx decodes the atmospheric latent

variable zx back to physical variables. Thus, zy and zx represent compressed spectral and

atmospheric states, while s← is the surrogate inverse operator between them. Moreover,

unlike a direct likelihood-free inversion network, the paired-autoencoder structure provides

reconstruction and latent-consistency diagnostics that can help identify faulty or out-of-

distribution observations through autoencoder reconstruction errors and latent mismatch

measures [13, 14, 21].

An additional advantage of the latent twin construction is that it naturally induces a

low-dimensional constraint on the inverse problem. In particular, f←(y) may be interpreted
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not only as a direct retrieval operator, but also as defining an implicit prior or admissible

manifold for atmospheric states. By restricting reconstructions to the form dx(zx) with

zx ∈ Zx, the inversion is restricted to states representable by the learned atmospheric latent

space, thus discouraging nonphysical solutions that lie off the data manifold. From an

inverse-problem perspective, the latent twin model may therefore be used as a standalone

surrogate inversion, as a rapid initializer for physics-based retrieval, or as a regularizing

reference; for example, in Equation (2) one may incorporate the penalty

R(x) = λ ∥x− f←(y)∥22, λ ≥ 0. (4)

To further assess the benefit of the proposed formulation, we also consider a direct spectrum-

to-state baseline model learning the mapping y 7→ x without latent decomposition, whose

performance is reported in the Supplementary Material. The direct model generally yields

higher reconstruction errors, physical inconsistency and less stable performance compared

to the proposed latent-twin approach, as detailed therein.

To support stable and accurate inversion, the training objective must jointly promote

faithful reconstruction within each domain and consistent, well-aligned mappings between

the corresponding latent spaces. The latent mapping may be trained in the forward

direction, the inverse direction, or jointly in both directions, as adopted here. Reconstruction

accuracy is explicitly assessed for both autoencoders by comparing decoded outputs with

the corresponding original inputs. Results, reported in the Supplementary Material, show

reconstruction errors significantly smaller than the intrinsic variability of the dataset across

all considered variables, supporting the assumption of stable latent representations.

Latent Twin training. Given representative parameter–observation pairs {(xj,yj)}Jj=1, the

autoencoders are trained using reconstruction losses

1
J

J∑
j=1

Jx

(
(dx ◦ ex)(xj),xj

)
, and 1

J

J∑
j=1

Jy

(
(dy ◦ ey)(yj),yj

)
, (5)

where Jx and Jy denote suitable discrepancy measures on the parameter and observation

spaces, respectively.

For the latent mappings, a variety of loss formulations may be employed, including

losses defined directly in latent space or full surrogate losses composed with the encoders

and decoders [13]. In this work, we adopt the latter and train the latent mappings using full

surrogate objectives,

1
J

J∑
j=1

Jxy

(
f→(xj),yj

)
and 1

J

J∑
j=1

Jyx

(
f←(yj),xj

)
, (6)
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which enforce consistency between atmospheric states and observations through the learned

forward and inverse surrogate operators. Jyx and Jyx are some other discrepancy measures

on the observation and parameter spaces, respectively.

We optimize all components jointly by minimizing a weighted combination of

reconstruction and surrogate losses,

min
θ

1

J

J∑
j=1

(
αx Jx

(
(dx ◦ ex)(xj),xj

)
+ αy Jy

(
(dy ◦ ey)(yj),yj

)
+ αxy Jxy

(
f→(xj),yj

)
+ αyxJyx

(
f←(yj),xj

))
, (7)

where θ collects all trainable parameters of the encoders, decoders, and latent mappings, and

αx, αy, αxy, αyx > 0 balance the individual loss terms. If only a forward or inverse surrogate

is required, the corresponding mapping term may be omitted.

Empirically, we observe that joint optimization leads to better-aligned latent

representations and simplifies the latent mappings, often allowing accurate surrogate

operators to be represented by relatively low-complexity networks. In contrast to two-

stage approaches that first train the autoencoders independently and then learn latent-space

maps, joint training encourages the latent spaces to organize in a manner that is inherently

compatible with the desired forward and/or inverse operator [12, 13, 21].

Model-consistent inversion with latent twins. Due to the lack of rigid physical constraints,

latent-twin architecture can in some cases deviate from physical consistency, particularly

for cloud-related variables, which are among the most challenging atmospheric quantities to

retrieve and are prone to cross-variable inconsistencies. To address this while retaining a

fully data-driven workflow, we augment the latent twin framework with targeted consistency

correction models that operate directly in physical variable space. For each variable requiring

correction, an auxiliary neural network is trained independently on the same dataset as the

latent twin and applied selectively during inference only when inconsistencies are detected,

thereby avoiding the cost of a full-physics-based inversion while preserving efficiency and

interpretability.

Formally, we introduce corrective maps of the form g : X → X , trained as

min
θg

1

J

J∑
j=1

(
γinc Jcorr

(
minc ⊙

(
g
(
f←(yj)

)
,xj

))
+ γcon Jcorr

(
mcon ⊙

(
g
(
f←(yj)

)
,xj

))

+ Jp

(
g
(
f←(yj)

)))
, (8)

where, θg collects all trainable parameters of the map g, Jcorr measures discrepancies

between corrected predictions and reference states over complementary subsets of the
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state components. These subsets are defined through binary masks minc and mcon, with

minc ∈ {0, 1}n and mcon = 1 − minc, identifying physically inconsistent and consistent

elements, respectively. minc and mcon are computed from the first-stage model outputs

via deterministic thresholding operations and are treated as fixed gating variables during

backpropagation. Therefore, they are not trainable and do not participate in gradient

computation. The functional Jp is a consistency metric measuring mismatches between

paired state variables. The positive weights γinc, γcon > 0 balance the contributions of the

different loss terms.

3. Dataset generation

A dataset for the inversion problem is composed by a set of J pairs {xj,yj}Jj=1. In our

application, the vector xj represents the atmospheric state, including atmospheric gases,

surface properties such as Earth surface temperature and spectral emissivity, and cloud

microphysical variables such as cloud mass content and cloud particle effective radius. The

vector yj denotes the simulated spectrum generated from xj by applying the radiative

transfer model, the convolution with the Instrument Spectral Response Function (ISRF),

and the addition of noise according to the instrument variance-covariance matrix. This

vector may also include ancillary information such as geolocation, acquisition time, and

the atmospheric pressure of the layers. Details of the underlying physical formulation of

the radiative transfer model are provided in Appendix A, along with relevant references,

including [11, 37, 61].

Meteorological data for this study were sourced from the ERA5 reanalysis dataset

provided by ECMWF [22]. Additional concentrations of atmospheric gases, including CO2,

CO, CH4, NO2, HNO3, and SO2, were retrieved from the Copernicus Atmosphere Monitoring

Service (CAMS) global Greenhouse Gas reanalysis dataset [15]. The remaining gas data were

drawn from the Initial Guess 2 (IG2) database [44]. Surface emissivity was obtained from

the Huang dataset [23] using a tailored approach that matches emissivity spectra, expressed

as a function of wavenumber, to specific times and locations [56], exploiting the Combined

ASTER MODIS Emissivity over Land (CAMEL) database [8, 17]. The CAMEL data is

available over land. On the sea, to provide some variability anyway to the emissivity profile,

we applied the Masuda emissivity modification [39] due to wind, using the Cross-Calibrated

Multi-Platform Wind Vector Analysis Product [67]. While the modification is minimal for

nadir observations, it still prevents the generation of a large number of sample points with

a constant emissivity profile, which could be easily detected by data-driven approaches.

In the left panel of Figure 2, we show the average January emissivity profile over water,

with the shaded region indicating the corresponding standard deviation. For comparison,

the right panel displays the emissivity profiles for points whose fields of view are dominated

by deciduous land cover. In this case, the variability reflects the application of the method
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Figure 2. Average January emissivity profiles with standard deviation (shaded) for ocean

(WAT) points (left panel) and land points dominated by deciduous (DEC) land cover (right

panel).

proposed by [56].

For cloudy-sky scenes, the cloud ice and liquid water contents are taken from the

ECMWF database. The average particle dimensions required for the multiple-scattering

calculations are modeled using the Wyser model [69] for ice particles and the Martin

model [34] for liquid water droplets.

We define a scene to be cloudy if the total optical depth due to clouds at 900 cm−1

exceeds 0.03, a threshold consistent with minimal cloud detectability, as supported by prior

studies [51, 55].

We restrict our analysis to homogeneous fields of view. The ECMWF database provides

cloud fraction at each atmospheric pressure level, corresponding to the fraction of the scene

covered by clouds within a given grid cell. In this work, we treat each grid cell as homogeneous

and characterize clouds directly using the cloud contents from the ECMWF dataset. While

this assumption neglects sub-pixel cloud fraction, it preserves a realistic representation of

the vertical cloud structure and associated optical properties.

Given the large volume of data required, a full-physics forward model such as the CLouds

and Atmospheric Inversion Model (CLAIM), an advanced version of the inversion module of

the FORUM End-to-End Simulator [54, 55, 66], is computationally prohibitive. In particular,

cloudy-sky forward simulations using the accelerated DIScrete Ordinate Radiative Transfer

(DISORT) solver [53] can require several hours per case, depending on the cloud’s geometrical

thickness and the characteristic particle size. Instead, we employ the σ-IASI/F2N code [3,

33, 35, 36], an extension of the σ-IASI framework that supports spectrometers operating

across the infrared spectrum. The σ-IASI/F2N code parameterizes optical depths using

low-order polynomials as functions of temperature and gas concentration. Under cloudy-sky

conditions, multiple-scattering effects are incorporated via the Chou scaling method [11].

Finally, a tailored preprocessing code, hereafter referred to as ERA5 Code, assembles the
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surface and atmospheric data and interpolates them onto the grids required for the forward

simulations.

Figure 3. Workflow of the algorithm for the generation of the dataset. Atmospheric input

data are retrieved from source databases (yellow, left) and processed through models and

preprocessing codes (blue and purple) before being ingested by the forward model (green).

The resulting high-resolution spectra are then convolved and corrupted with noise (red) to

generate the final simulated spectral database (yellow, right).

The CLAIM code is used to perform the spectral convolution and to add instrument

noise. For FORUM, we adopt a spectral resolution of 0.36 cm−1, the Norton–Beer strong

ISRF [42], and Noise-Equivalent Spectral Radiance (NESR) levels taken from one of the

PhaseA instrument studies [55]. The overall procedure used to generate the dataset is

summarized in Figure 3.

4. Data organization

We define an atmospheric state (or scenario) as a vector x ∈ Rn, with n = 722,

collecting parameters that describe atmospheric gas constituents, surface properties, and

cloud characteristics, and that fully determine the simulated radiance spectra. In the

proposed framework, x serves as both the input and the reconstruction target of the first

autoencoder. The subset of variables actively varied in this study is defined as

x =
[
T 0 T wvap o ε cliq rliq cice rice

]⊤
, (9)

where each component corresponds to one of the key physical quantities listed in Table

1. All remaining parameters are fixed by the scene configuration and are not treated as

retrieval variables in the neural network. Among the variables, Earth’s surface temperature
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is a scalar, T 0 ∈ R, whereas the surface spectral emissivity is a wavenumber-dependent

vector, ε ∈ R301, defined over the spectral interval from 100 to 1,600 cm−1, and represented

via linear interpolation on a regular grid with spacing 5 cm−1. The remaining variables are

vertical profiles defined on atmospheric pressure layers. While the vertical grid is fixed across

the dataset, the lowest layer may be truncated to account for variations in surface altitude

across geolocations. Consequently, the number of vertical layers may vary across samples,

complicating the construction of a uniformly dimensioned input matrix. To address this issue,

we adopt the approach of [50], which can be interpreted as a form of vertical stretching.

Specifically, starting from the forward model pressure grid, each atmospheric column is

first re-parameterized onto a normalized vertical coordinate t ∈ [0, 1] (associating 0 to the

top of the atmosphere level and 1 to the surface level), and then interpolated in 60 layers

uniformly spaced in the same unit interval. This process is performed for all the atmospheric

vertical profiles given to the the machine learning architecture. This ensures a consistent

dimensionality across samples, such that T, wvap, o, cliq, rliq, cice, and rice ∈ R60. The water

vapor and ozone profiles are represented in a transformed space, as detailed in Appendix

B, where the motivation and precise formulation are provided. The cloud-related variables

cliq, rliq,cice, and rice are identically zero under clear-sky conditions or in atmospheric layers

without clouds. For completeness, Table 1 also reports two additional quantities, namely

the liquid and ice cloud optical depths, τliq and τice, defined at 900 cm−1.These are not

included as inputs or outputs of the neural network, but are diagnostically derived from the

retrieved profiles. Specifically, they are computed from the pairs (cliq, rliq) and (cice, rice)

using standard formulations [70, 71]. For ice clouds, the optical depth is given by

τice =
3

2

∑
i

Qi
ext c

i
ice ρair

riice ρice
∆zi, (10)

where ciice and riice denote the cloud ice water content and cloud ice particle effective radius

in the i-th atmospheric layer, respectively; ρair and ρice are the air and ice densities; ∆zi is

the geometric thickness of layer i; and Qi
ext is the extinction efficiency [59, 64]. The latter

depends on the cloud particle effective radius riice, the assumed cloud microphysical properties

and the target wavenumber (here 900 cm−1). An analogous expression is used to compute

the liquid cloud optical depth τliq. The quantities τliq and τice provide integrated measures

of the optical thickness of liquid and ice clouds, respectively. Their sum, τ = τliq + τice, is

used, for example, to support scene classification into clear- or cloudy-sky conditions.

The radiance-related variables are collected in the vector y ∈ Rq, with q=4233, and are

detailed in Tables 2 and 3. The vector is defined as

y =
[
ylon ylat dloc hloc p s

]⊤
. (11)

This vector includes the geolocation of the observation, given by longitude (ylon ∈ R)
and latitude (ylat ∈ R); the time of acquisition, expressed as month (dloc ∈ N) and local
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solar time (hloc ∈ R); the pressure of the layers p ∈ R60; and the simulated FORUM

noisy radiance spectrum s ∈ R4,169. All measurements are assumed to be acquired at

the same UTC time. Consequently, the local solar time, expressed in decimal hours, is

fully determined by the longitude and can be computed as hloc = 12 + 12
180

ylon. In our

model configuration, the pressure grid comprises 60 atmospheric layers. Since the surface

pressure p0 ∈ R is provided, we replace the lowest pressure layer p1 with p0 and interpolate

all remaining variables accordingly. The spectra are provided across 4,169 spectral points

within the wavenumbers range from 100 cm−1 to 1,600.48 cm−1 with steps of 0.36 cm−1

and are generated using the code architecture described in Section 3 giving as an input

the corresponding atmospheric scenarios. In the proposed framework, y serves as both

the input and the reconstruction target of the second autoencoder. All its components

are processed jointly within the architecture; however, since the radiance spectrum s is

the primary quantity of interest, results and discussion are reported in terms of s only.

Accordingly, when referring to y, we implicitly focus on its spectral component, unless

otherwise stated. In Tables 1, 2, and 3, a detailed and comprehensive description of all the

variables involved is provided, categorized into atmospheric scenario variables, measurement

variables, and location description variables, respectively. For each variable, we report the

notation, description, unit of measurement, and the range of values spanned by the entire

dataset. The values of p,T,wvap and o, vary significantly across layers, so their ranges are

shown in Figure 4.

Variable Description Unit Range

T 0 Earth surface temperature K [206.55, 338.32]

T i air temperature at layer i K Figure 4

wi
vap water vapor concentration at layer i g/kg Figure 4

oi ozone concentration at layer i ppv Figure 4

εk surface spectral emissivity at wavenumber k 1 [0.84, 1]

ciliq cloud liquid water content in layer i kg/kg [0, 9× 10−4]

ciice cloud ice water content in layer i kg/kg [0, 5× 10−4]

riliq cloud liquid particle effective radius in layer i µm [0, 10.32]

riice cloud ice particle effective radius in layer i µm [0, 249.8]

τliq liquid cloud optical depth 1 ≥ 0

τice ice cloud optical depth 1 ≥ 0

Table 1. Variables associated with the atmospheric scenarios, presented with their notation,

description, unit of measurement and corresponding value ranges.

For our analysis, we collect atmospheric scenario data from January and July 2021 at

12:00 UTC, covering the entire globe using a grid with 2◦ increments in both latitude and

longitude for a total amount of Jall = 31,862 cases.
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Variable Description Unit Range

sk radiance at wavenumber k W/(m2· sr · cm−1) ≥ 0

Table 2. Variables associated with the measurements, presented with their notation,

description and unit of measurement and corresponding value ranges.

Variable Description Unit Range

p0 Earth surface pressure hPa [519.98, 1038.52]

pi air pressure at layer i hPa Figure 4

ylon longitudinal position degrees (◦) −178 to 178 in steps of 2

ylat latitudinal position degrees (◦) −88 to 88 in steps of 2

dloc month 1 {1,7}
hloc local time 1 [0.1, 23.9].

Table 3. Variables related to the measurement locations, including their notation,

description and unit of measurement and corresponding value ranges.

Figure 4. Variables associated with atmospheric scenarios, presented with their ranges

across the layers. The lines indicate the minimum and maximum values in the database,

while the shaded area shows the variability between them.

To train and evaluate the models, the dataset is partitioned into training and test sets.

Of the total Jall = 31,862 cases, Jtrain = 27,000 are randomly assigned to the training set

(approximately 85%), while the remaining Jtest = 4,862 cases (approximately 15%) form the
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test set. Prior to training, all features are normalized using min–max scaling to map their

values to the interval [0, 1]. To avoid data leakage, the test set is normalized using the same

minimum and maximum values computed from the training set, ensuring that the model is

evaluated on previously unseen data. Some test samples may therefore fall slightly outside

the interval [0, 1] after normalization; however, this minor overflow is naturally handled by

the network’s activation functions.

5. Numerical results

5.1. Latent twin design

Network architecture. For simplicity, we employ standard multilayer perceptron (MLP)

architectures for all neural network components of the latent twin. Both autoencoders

employ fully connected symmetric encoder-decoder structures with ReLU (Rectified Linear

Unit) activation functions and latent dimensions nlatent = 512 and qlatent = 512 for the state

and observations spaces, respectively. The encoder architectures are n → (n + nlatent)/2 =

617 → 512 for x and q → (q + qlatent) = 2372 → 512 for y. In both cases, each decoder

first maps the latent representation through a linear layer of the same dimensionality and

then mirrors the encoder structure. An additional ReLU activation is applied after the final

decoder layer to enforce non-negativity of the reconstructions.

Trainable linear mappings are introduced between the latent spaces of the two

autoencoders to model the forward (s→ : zx 7→ zy) and inverse (s← : zy 7→ zx)

relationships. The choice of using linear latent mappings is consistent with related latent-

coordinate approaches, including Koopman-based representations, where nonlinear mappings

are represented through simpler transformations in learned coordinates [26, 30]. These

mappings are implemented as single fully connected layers without activation functions.

They enable the propagation of latent representations between the two domains, yielding

surrogate latent representations f→ and f← for both the forward and inverse processes.

Training of the latent twin. The latent twin architecture is trained jointly by minimizing

a composite loss function consisting of four terms, as defined in Equation (7). Each term is

formulated using the mean-squared error (MSE),

J (a,b) = ∥a− b∥22, (12)

and measures either reconstruction fidelity or cross-domain consistency in latent space.

Specifically, the loss comprises: (i) reconstruction losses for the atmospheric-state and

radiance autoencoders; (ii) a forward surrogate loss comparing decoded radiances obtained

by mapping atmospheric latent variables into the radiance latent space; and (iii) an inverse

surrogate loss comparing decoded atmospheric states obtained by mapping radiance latent
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variables into the atmospheric latent space. The individual loss terms are combined linearly

with weights

αx = αy = αyx = 1, αxy = 0.05, (13)

reflecting our primary emphasis on accurate inversion from radiance observations to

atmospheric states rather than on forward radiance prediction. This asymmetric weighting

encourages faithful reconstruction of atmospheric variables while maintaining sufficient

coupling between the two latent spaces to ensure stable and physically meaningful

representations. The value αxy = 0.05 was selected empirically to keep the forward radiance-

prediction term sufficiently small so that it does not dominate the optimization, while

retaining a nonzero forward coupling that helps align the atmospheric and spectral latent

spaces.

All models are implemented in PyTorch and trained using mini-batch optimization

with a batch size of 512. Training is conducted over 10,000 epochs, where each epoch

corresponds to a full pass through the training dataset. Network parameters are optimized

using the Adam optimizer with an initial learning rate of ℓr = 10−3. A step-based learning

rate scheduler is applied, reducing the learning rate by a factor of 0.75 every 500 training

iterations. Training data are randomly shuffled at the beginning of each epoch to improve

generalization and prevent the network from learning spurious correlations induced by sample

ordering, while test data are processed without shuffling to ensure reproducibility. Training

is carried out on a GPU-enabled Apple MacBook Pro with an M1 processor and 16GB of

memory with training times of about 12 hours.

Additional training Despite promoting a physically plausible latent manifold, residual

inconsistencies may still arise, particularly for cloud-related variables.

In some retrievals, for example, the inferred cloud particle effective radius is non-zero

in atmospheric layers where the corresponding cloud content is zero, or vice versa, which is

physically inconsistent. Although this behavior occurs only in a limited subset of cases, it

motivates the introduction of an additional correction stage, as anticipated in Section 2. This

correction is intentionally focused on cloud-related inconsistencies, while other possible forms

of physical inconsistency (e.g., dynamically unstable temperature profiles or other unrealistic

atmospheric states) are not explicitly addressed in this work and remain open directions for

future research. In the following, we describe the configuration of this post-processing stage,

including the network architecture, loss formulation, and training procedure.

We use two corrective maps g (see Equation (8)), implemented as two small, independent

multilayer perceptrons: one for liquid-phase variables (cloud liquid water content and cloud

liquid particle effective radius) and one for ice-phase variables (cloud ice water content and

cloud ice particle effective radius). Each network consists of three fully connected hidden

layers with 4, 3, and 2 neurons, respectively, and employs Softplus activation functions

throughout. The input to each network comprises five predictors: the preliminary retrievals
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of cloud content and cloud particle effective radius, the retrieved temperature and water

vapor, and the true atmospheric pressure. These predictors are chosen because cloud content

and particle size are primarily controlled by local thermodynamic conditions and humidity.

The networks output corrected, physically consistent estimates of the cloud microphysical

variables.

The corrective networks are trained independently, while all parameters of the main

autoencoders and latent mapping networks are kept frozen. Training is performed on the

full training set. During inference, the corrective models are applied only to atmospheric

layers in which physical inconsistencies are detected after the first-stage retrieval, leaving

already consistent layers unchanged. Thus, the correction stage should be interpreted as a

targeted consistency-enforcement step for cloud variables rather than as a general retrieval-

improvement step, since applying it to already consistent layers may unnecessarily perturb

physically plausible “first-stage” estimates.

The training is performed by minimizing a composite loss function, as defined in

Equation (8). The first two terms are based on the MSE between predicted and reference

values,

Jcorr(a,b) = ∥a− b∥22, (14)

measuring the reconstruction accuracy separately over atmospheric layers identified as

physically inconsistent and consistent after the first-stage retrieval. These terms are weighted

by coefficients γinc and γcon, respectively, allowing differential emphasis on correcting

inconsistent retrievals while preserving already consistent ones.

In addition, a consistency metric is defined as the number of inconsistencies between

the zero/non-zero states of cloud content and cloud particle effective radius:

Jp(a) =
∥∥1{aIc=0} − 1{aIr=0}

∥∥
1
, (15)

where Ic and Ir denote subsets of indices corresponding to the variables describing cloud

content and particle size, respectively, within the same atmospheric state vector.

Due to its dependence on binary indicator functions, Jp is non-differentiable with

respect to the model parameters and does not contribute to gradient-based optimization.

It is therefore used exclusively as a diagnostic measure to monitor physically inconsistent

configurations during training. Overall, only the weighted regression terms based on Jcorr

drive the optimization of the corrective networks.

Training is carried out using mini-batches of size 512 and the Adam optimizer, with

an initial learning rate of 10−4 and a weight decay of 10−5 for regularization. A learning

rate scheduler reduces the learning rate by a factor of 0.5 when the validation loss does not

improve for five consecutive epochs. The networks are trained for 500 epochs with γcon = 1

and γinc = 5, thereby emphasizing the correction of physically inconsistent predictions. In

the subsequent 500 epochs, the weighting scheme is inverted by swapping the coefficients,
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i.e., γcon = 5 and γinc = 1, in order to reinforce accuracy on physically consistent layers while

preserving overall physical coherence. At initialization, the training set contains 409,705

inconsistent layers, with 71,822 inconsistencies in the test set. After training, all such

inconsistencies are fully resolved. The total loss decreases from 5.41 at initialization to 0.04

at convergence. Owing to the small size of the corrective networks, this post-processing stage

is computationally inexpensive and can be efficiently executed on standard CPU hardware.

5.2. Retrieval errors on atmospheric variables

Given a test sample yj with corresponding reference atmospheric state xj and its prediction

x̂j = f←(yj), we define the residual vector as

ξj = f←(yj)− xj. (16)

Over the full test set, we evaluate two error metrics: the mean bias error (MBE), which

captures systematic over- or underestimation, and the mean absolute error (MAE), which

quantifies the average magnitude of deviations irrespective of sign,

MBE =
1

Jtest

Jtest∑
j=1

ξj, MAE =
1

Jtest

Jtest∑
j=1

|ξj|. (17)

For the results presented in this section, and to enable consistent aggregation across the

entire test set, all atmospheric profiles are interpolated onto a common linear pressure grid

consisting of 100 levels, spanning pressures from 1,054 hPa to 1 hPa. This interpolation is

used exclusively for computing and visualizing the MBE and MAE profiles. Individual-case

plots, however, retain the original 60-layer pressure grids, which vary between cases.

Figure 5 illustrates the retrieval results for selected atmospheric state variables:

temperature (top-left), water vapor (top-right), ozone (bottom-left), and surface spectral

emissivity (bottom-right). In each panel, the blue solid line denotes the MBE, while the

blue dashed lines indicate the interval defined by MBE ± MAE. The red dashed lines

represent the intrinsic variability of the true atmospheric state, quantified as ±MAD, where

the mean absolute deviation (MAD) is defined as

MAD =
1

Jtest

Jtest∑
j=1

|xj − x̄|, (18)

and x̄ denotes the mean atmospheric state computed over all test samples. Results for the

surface temperature are reported separately in the figure caption.

Figure 6 presents the same analysis for the cloud-related parameters: cloud liquid water

content (top-left), cloud ice water content (top-right), cloud liquid particle effective radius

(bottom-left), and cloud ice particle effective radius (bottom-right). As before, solid lines
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Figure 5. Retrieval results for atmospheric state variables: temperature (top-left), water

vapor (top-right), ozone (bottom-left), and spectral emissivity (bottom-right). The blue

solid line shows the MBE, while the blue and red dashed lines indicate MBE±MAE and

±MAD, respectively. For surface temperature, the mean bias error is 0.035 K, the mean

absolute error is 2.649 K, and the mean absolute deviation of the scenes is 17.413 K.

correspond to the MBE, while blue and red dashed lines indicate MBE ± MAE and

±MAD, respectively. This representation simultaneously conveys the retrieval bias and an

envelope of the expected absolute error across the test set, relative to the intrinsic variability

of the atmospheric state.

In addition, Figures 7, 8, 9, and 10 present the retrieval results for a randomly selected

test case (case number 3,102). In Figures 7, 9, and 10, the first row shows the retrieved

profiles (blue) alongside the corresponding reference profiles (orange), while the second row

displays the associated residuals (black) with opposite sign with respect to Equation 16.

Figure 7 reports, in order, temperature, water vapor, and ozone profiles, with the surface

temperature indicated in the caption. Figures 9 and 10 show cloud liquid and ice water

content, and cloud liquid and ice particle effective radius, respectively. Finally, Figure 8

presents the retrieved spectral emissivity (dashed blue line) together with the reference profile

(orange).

Figures 6, 9 and 10 describe the final retrieval results. For completeness, the

corresponding figures showing the results before the cloud model correction are reported

in the Supplementary Material.

Once trained, the latent twin plus correction is able to invert the spectra for the entire

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Figure 6. Retrieval results for cloud-related parameters: cloud liquid water content (top-

left), cloud ice water content (top-right), cloud liquid particle effective radius (bottom-left),

and cloud ice particle effective radius (bottom-right). The solid lines represent the MBE,

while the dashed blue and red lines indicate MBE±MAE and ±MAD, respectively.

test set in under 2.18 seconds on a standard laptop, corresponding to an average of 0.22

seconds per batch. This remarkable speed highlights the suitability of the method for large-

scale applications and near-real-time processing scenarios.

5.3. Scene Classification Performance

As an additional validation of the retrieval performance, we analyze the reference total cloud

optical depth τ , computed at 900 cm−1. This quantity, introduced in Section 3 and defined

in Section 4, serves as an effective discriminator between clear- and cloudy-sky scenes. In

this study, as already mentioned, a threshold value of τ = 0.03 is adopted to classify scenes

as clear (τ ≤ 0.03) or cloudy (τ > 0.03). FORUM simulations [55] indicate that clouds with

optical depths below this threshold are generally undetectable.

Using this criterion, we examine the composition of the training and test datasets. In

the training set, 3,743 cases out of 27,000 (approximately 13.86%) are classified as clear-

sky. Similarly, in the test set, 685 cases out of 4,862 (approximately 14.09%) are clear-sky,

indicating a consistent proportion between the two datasets. The fraction of clear-sky scenes

is lower than the global average of approximately 33% [25]. This discrepancy arises because,

as discussed previously, cloud fraction information is not explicitly used in our framework,
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Figure 7. Retrieved atmospheric profiles for a randomly selected test case (case

number 3102). The first row shows the retrieved profiles (blue) compared to the reference

profiles (orange), while the second row displays the corresponding residuals (black). For

surface temperature, the predicted value is 299 K and the reference value is 301 K.

Figure 8. Retrieved spectral emissivity for the same randomly selected test case (case

number 3102). The retrieved values are shown as a dashed blue line, while the reference

values are shown in orange. The apparent small “arrow-like” feature visible on the dashed

line on the top right is a visual artifact due to local numerical fluctuations and rendering

effects.
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Figure 9. Retrieved vertical profiles for cloud contents for the same randomly selected

case (case number 3,102) after the additional model correction. The top row shows the

true profiles (orange) and the retrieved profiles (blue) for cloud specific liquid and ice water

contents, while the bottom row displays the corresponding residual errors (black).

and each ERA5 tile is instead characterized by its cloudiest atmospheric column.

Focusing on the test set and excluding clear-sky cases, the distribution of cloudy scenes

is shown in the histogram in Figure 11.

We next compare these reference values with the retrieved ones. The retrieved total

cloud optical depth, denoted by τpred, is not a direct output of the retrieval architecture.

Instead, it is analytically derived a posteriori from the retrieved cloud variables using the

formulation in (10), by summing the contributions from the liquid and ice components, as

described in Section 4.

Figure 12 shows the distribution of the residuals τpred−τ . The distribution is represented

using a kernel density estimate, which provides a smooth approximation of the residual

frequency. A vertical dashed line at zero indicates the ideal unbiased case, enabling a visual

assessment of potential systematic deviations. This analysis provides complementary insight

into the reliability and consistency of the retrievals across a wide range of total cloud optical

depths.

Using the same metrics introduced above, we obtain on the entire test set an MBE = 3.10

and an MAE = 17.17. The scatterplot in Figure 13 illustrates the overall agreement between

retrieved and reference values across the test set. Total cloud optical depth values are shown
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Figure 10. Retrieved vertical profiles for cloud particle effective radii for the same randomly

selected case (case number3,102) after the additional model correction. The top row shows

the true profiles (orange) and the retrieved profiles (blue) for cloud liquid and ice particle

effective radii, while the bottom row displays the corresponding residual errors (black).

on a logarithmic scale to better visualize the full dynamic range. For visualization purposes,

cases with zero optical depth (either retrieved, reference, or both) were excluded from the

scatterplot. Colors highlight regions where points are more densely clustered.

As shown in Figure 12, the retrieval of the total cloud optical depth is not exact.

In particular, the performance degrades for optically thin clouds. As the optical depth

decreases, the radiance perturbation induced by the cloud becomes progressively less

distinguishable from instrument noise, leading to a loss of sensitivity in the retrieval

architecture. Consequently, the correlation between retrieved and reference optical depth

weakens for thin clouds, with noticeable degradation already appearing for τ < 1. This

behavior is physically expected and also affects classical Optimal Estimation retrieval

schemes. In the present machine-learning approach, the effect is amplified by the absence of

an explicit physics-based constraint linking the atmospheric state to the observed radiance.

As a result, the latent twin architecture is often able to identify the presence of a thin cloud,

while still struggling to accurately estimate its exact optical depth. Conversely, for optically

thick clouds (τ ≳ 10), further increases in optical depth have only a marginal impact on

the observed spectrum, since such clouds effectively block the radiance originating from

below the cloud top. As a result, pointwise errors in the retrieved optical depth are not
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Figure 11. Distribution of cloudy cases in the test set as a function of the total cloud

optical depth. The inset highlights the low–optical-depth range from 0.03 (the threshold

used to define clear-sky conditions) to 1, providing a detailed view of the thin-cloud regime

in the test set.

unexpected in these regimes, and the residual distribution should be interpreted with this

inherent saturation behavior in mind.

Despite these limitations, the Spearman rank correlation coefficient computed over the

test set reaches 0.84, indicating that the retrieval reliably captures the monotonic relationship

between predicted and reference optical depth values, even when absolute deviations are

present.

When used to discriminate between clear and cloudy scenes, the proposed architecture

achieves an overall accuracy of 97.37% on the test set. The corresponding confusion matrix

is shown in Figure 14, where the dominant diagonal entries indicate the high fraction of

correctly classified cases. In particular, 98.2% of clear-sky scenes and 97.2% of cloudy scenes

are correctly identified.

To the best of our knowledge, there are no directly comparable studies on scene

classification based on FORUM-simulated measurements using deep learning approaches.

While the cloud detection algorithm embedded in the FORUM End-to-End simulator [31,

55] showed promising results, it was evaluated on a relatively limited test set and does not

rely on a deep learning framework. Another important infrared interferometer is the Infrared

Atmospheric Sounding Interferometer (IASI) [57]. In this context, Whitburn et al. [68]

reported an agreement of 87% between a supervised neural network and the operational
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Figure 12. Distribution of residuals τpred−τ in the test set, shown through a kernel density

estimate. The vertical dashed red line at zero represents the ideal case of no bias.

IASI Level 2 cloud product using a subset of 45 spectral channels. Higher agreement rates

have been achieved for IASI measurements by restricting the analysis to specific geographical

regions; for example, Mastro et al. [38] reported a 93% agreement over Eastern Europe and

tropical regions. In comparison, the results presented here demonstrate that the proposed

latent twin framework can achieve competitive, and in some cases superior, classification

performance using FORUM-like broadband spectral information over a global dataset.

Furthermore, if we refine the classification into three categories, clear-sky (τ ≤ 0.03),

thin clouds (0.03 < τ ≤ 1), and thick clouds (τ > 1), the percentage of correctly recognized

cases in the test set is 87.70%.

Finally, to assess whether the reconstructed profiles preserve the vertical structure of the

clouds, we perform a Fourier sine decomposition of both the true profiles cliq, cice, rliq, rice and

the corresponding predicted ones, denoted with an asterisk. The goal is not to analyze the

content per se, but to verify whether the model captures the same spatial vertical variability

patterns as the reference data. Given a profile cliq, defined in N layers, the coefficients of

the sine series, representing the contribution of each harmonic to the profile structure, are

computed as

bk ≈
2

pN − p1

N∑
i=1

ωiciliq sin

(
kπ(pi − p1)

pN − p1

)
, (19)
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Figure 13. Scatterplot of retrieved versus reference total cloud optical depth for the entire

test set. Each dot represents a single scene, while the dashed line corresponds to the ideal

one-to-one relationship. Values are shown on a logarithmic scale and the color indicates the

density of points, as represented by the colorbar on the right.

where k = 1, . . . , K is the harmonic index, ωi are trapezoidal integration weights

ωi =


1
2
(p2 − p1), for i = 1,

1
2
(pi+1 − pi−1), for i = 2, . . . , N − 1,

1
2
(pN − pN−1), for i = N.

(20)

To remove the amplitude dependence and highlight the similarity in the vertical structure

of the profiles, the Fourier coefficients are normalized by their maximum absolute value:

b = [b1, . . . , bK ], b̃ =
b

maxi |bi|
. (21)

Similarly, we compute the Fourier coefficients b∗ for the predicted variable c∗liq.

Finally, for each test case, we compute the cosine similarity between the true and

reconstructed coefficient vectors b and b∗ as:

cossim β =
(b̃∗)⊤ · b̃
∥b̃∗∥ · ∥b̃∥

(22)
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Figure 14. Confusion matrix for the classification of clear and cloudy scenes in the test

set. Rows correspond to the true classes and columns to the predicted classes. Overall,

the classifier correctly identifies 97.37% of the cases. Class-wise accuracies are 98.2% for

clear-sky scenes and 97.2% for cloudy scenes.

This metric quantifies the degree of alignment between the spectral representations of the

true and predicted profiles, with values close to 0 indicating no similarity and values close to

1 denoting an identical structural shape. The same analysis is carried out for the remaining

three variables.

Across the test dataset, the cosine similarity averages around 0.75 for water-cloud

variables and 0.67 for ice-cloud variables, indicating that the model correctly reproduces

the vertical position and general structure of cloud layers, even when the amplitude of the

retrieved profiles is not perfectly reconstructed.

5.4. Radiance Reconstruction

To assess radiance consistency, we apply the radiative transfer to the reconstructed profiles

in order to evaluate the resulting radiance error. We use the reduced χ2
r statistics, defined

as:

χ2
r =

1

q

(
y − F→(x)

)⊤
S−1y

(
y − F→(x)

)
(23)

where q denotes the number of degrees of freedom of the system and Sy ∈ Rq×q is the

covariance matrix of the measurements. As explained in Section 3, this symmetric positive-

definite matrix depends on the instrumental NESR and the apodization kernel used, and can

be computed explicitly. The expected value of χ2
r for a spectrum that is compatible with the

instrumental noise is 1. For all points in the dataset, applying the forward model to the true
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atmospheric state produces spectra with χ2
r ≡ 1 when evaluated against the noisy spectra.

In order to improve the agreement between the model and reconstructed spectra for

cases classified as clear, we applied a simple post-processing step. Specifically, we set the

reconstructed surface temperature T 0 as the solution of the equation s900 = ϵ900B(T 0),

where B is the Planck function, s900 is the radiance at 900 cm−1, and ϵ900 is the

reconstructed emissivity at the same wavenumber. This approach assumes negligible

atmospheric absorption at 900 cm−1, which lies within the atmospheric window. This simple

procedure significantly improves the agreement of the reconstructed spectra.

First of all, in our results we observe that the χ2
r error is strongly influenced by the

stretching procedure described in Section 4. To illustrate this effect, Figure 15 shows the χ2
r

obtained by applying only the stretching and de-stretching procedure to the true dataset,

demonstrating that this operation alone already introduces a deviation from the expected

value discussed above.

Figure 15. χ2
r obtained by applying the stretching and de-stretching procedure to the true

atmospheric states over the entire test set. Clear-sky cases are shown in blue, while cloudy

cases are shown in red. The median value and the corresponding standard deviation are

reported in the figure title.

In Figure 16 we show the results of the reconstruction, which therefore also include

the error introduced by the stretching procedure discussed above. In the top row, we

present the results for the cases recognized as clear by the system: the left panel shows

the reconstruction without the postprocessor, and the right panel shows the reconstruction

with the postprocessor. In the bottom row, the left panel displays the results for the cases

recognized as cloudy, while the right panel shows the combined histogram for all cases in the

test set.

It is evident that for most cases the χ2
r is not satisfactory for a real retrieval, still the

values obtained are not a bad estimate to be used as an initial guess or an a priori for a

refinement retrieval. For comparison, in Figure 17 we show the combined χ2
r distribution
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Figure 16. χ2
r obtained after reconstruction. The top row displays clear-sky cases, without

(left) and with (right) the postprocessor, while the bottom-left panel shows cloudy cases

only, and the bottom-right panel shows the combined histogram for all test cases. All

quantitative information, including the median value and its standard deviation, is reported

in the figure title. In the bottom-right panel, clear-sky cases are shown in blue and cloudy

cases in red. In the other panels, red only highlights higher χ2
r values.

obtained perturbing the atmospheric state according to atmospheric variability, obtained

from the IG2 estimates for clear sky variables, and determined from the dataset itself for the

cloud variables. Overall, these results show that our reconstruction provides a significantly

better starting point than simply using the climatological a priori.

6. Conclusion

In this work, we introduced a data-driven, physics-correcting retrieval method for FORUM

all-sky observations based on the latent twins framework. By coupling paired autoencoders

for atmospheric states and radiance spectra through trainable latent-space mappings, the

proposed approach learns a surrogate inverse operator that is both computationally efficient

and constrained to a physically plausible manifold. This design has the potential to enable

fast, stable retrievals for a highly ill-posed and high-dimensional inverse problem, while

retaining a clear interpretation in terms of forward and inverse radiative transfer surrogates.
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Figure 17. χ2
r obtained using climatological a priori for the full test set. All quantitative

information, including the median and its standard deviation, is reported in the figure title.

Clear-sky cases are shown in blue and cloudy cases in red.

The proposed framework shows promise along two main directions. First, it

demonstrates strong performance in distinguishing clear-sky from cloudy conditions,

achieving an overall classification accuracy of 97.37% over a global dataset. The results

are consistent with, and complementary to, previous studies based on FORUM-simulated

measurements, such as Maestri et al. [31], one of the few available references using FORUM

simulations. Second, the framework provides a viable basis for the retrieval of atmospheric

properties under all-sky conditions. In particular, it enables the retrieval of temperature,

water vapor, ozone, and surface emissivity profiles with minimal bias relative to their natural

variability. Retrieval of cloud-related variables remains inherently more challenging; however,

the method captures key cloud features, including the vertical location of cloud layers and

their phase, and provides informative estimates of cloud ice and liquid water content as

well as cloud particle effective radius. These results indicate that the framework offers a

promising basis for future improvements in cloud property retrieval. Moreover, the model-

consistency correction introduced for cloud variables resolves physically inconsistent states,

such as non-zero cloud particle effective radii in cloud-free layers.

A key strength of the proposed approach is its computational efficiency. Once trained,

the latent twin model performs retrievals orders of magnitude faster than full-physics

variational inversion methods, enabling near-real-time inference on standard hardware.

Radiance reconstruction experiments further show that the retrieved atmospheric states

provide substantially improved spectral consistency compared with climatological priors,

making them well suited as initial guesses, adaptive priors, or proposal states for downstream

physics-based refinement and data assimilation workflows.

Several important extensions remain for future work. These include training on more

diverse seasonal and diurnal conditions, incorporating additional trace gases, and integrating
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the latent twin retrieval into hybrid inversion schemes that combine learned surrogates with

iterative physics-based solvers. Extending the framework to explicitly quantify uncertainty,

for example through Bayesian latent twins or ensemble-based formulations, is another

promising direction. Further investigation of broader forms of physical inconsistency beyond

the specific cloud-variable mismatches currently considered may also be valuable. A more

comprehensive analysis of latent-space interpretability remains an additional important

direction, since the present results primarily demonstrate a structured latent-space inversion

framework. Finally, application to real observations from current infrared sounders

and, ultimately, to FORUM flight data will be essential to fully assess robustness and

generalization.

Taken together, these results demonstrate that the proposed methodology provides

a computationally efficient, physically consistent, and flexible framework that lays the

foundation for the inversion of complex remote-sensing observations, while enabling the

exploitation of large and heterogeneous datasets and ensuring robust generalization across

diverse cloudy conditions. By combining modern machine learning with radiative transfer

physics, the approach opens new perspectives for operational retrievals, large-scale data

exploitation, and future assimilation of far-infrared observations into weather and climate

models.
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Appendix A. Forward Model

The forward mapping F→(x) represents a combination of the radiative transfer equation and

the instrumental effects. Assuming a horizontal and azimuthal symmetry for the problem,

the radiative transfer equation can be written as the following initial value problem:{
µdI(τ,µ)

dτ
= I(τ, µ)− ω(τ)

2

∫ 1

−1 P (τ, µ, µ′)I(τ, µ′)dµ′ − [1− ω(τ)]B(τ),

I(τ0, µ) = I0(µ),
(A.1)

where µ denotes the cosine of the zenith angle, τ the integrated total cloud optical

depth from the top of the atmosphere to the layer of interest, ω the single scattering

albedo of the layer at level τ , B the Planck function, and P (τ, µ, µ′) the azimuthally

averaged scattering phase function that describes scattering events for radiation entering

the layer at angle µ′ and exiting at µ. The integral term in equation A.1, describing

the multiple-scattering interactions, substantially increases the computational cost of the

solution. This is mainly due to the increased dimensionality of the problem in solvers such

as the DIScrete Ordinate Radiative Transfer (DISORT) method [53, 59, 60]. A possible

solution for mitigating the computational burden is to avoid the direct calculation of the

multiple scattering term by scaling the absorption optical depth of the cloud. The fast

radiative transfer code σ-IASI/F2N [37] exploits scaling methodologies to accelerate radiative

transfer calculations while maintaining solution accuracy. Specifically, the code implements

the Chou approximation [11] and the Tang adjustment routine [61]. In this work, to generate

the training and test sets, the Chou solution is considered. This scaling methodology allows

considering an apparent absorption optical depth τ̃ , defined as

τ̃ = τ
(
(1− ω) + ωb

)
(A.2)

where b is called back-scattering coefficient and describes the mean fraction of radiation

back-scattered from the medium. After this scaling, the radiative transfer equation can be

written as a Schwarzschild-like form, and the radiative transfer problem becomes{
µdI(τ̃ ,µ)

dτ̃
= I(τ̃ , µ)− [1− ω(τ̃)]B(τ̃),

I(τ̃0, µ) = I0(µ),
(A.3)

Finally, instrumental effects are modeled by convolving the pseudo-monochromatic

radiances produced by σ-IASI/F2N with the strong Norton-Beer apodized kernel, followed

by the addition of NESR according to the expected FORUM noise level.

Appendix B. Input Preprocessing for Radiance Reconstruction

Studying how radiance responds to perturbations in atmospheric profiles provides valuable

insight into the most appropriate pre-processing to apply to the input variables of the
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inversion model. Figure B1 shows the derivatives of the forward model with respect to the

water vapor concentration ∂s
∂wvap

, and ozone concentration ∂s
∂o
, respectively. These quantities

are directly computed by σ-IASI/F2N considering the US standard atmosphere as input

scenario.

Figure B1. σ-IASI/F2N Jacobians with respect to the water vapor concentration (left

panel) and ozone concentration (right panel). These quantities are calculated considering

the US standard atmosphere and successively convolved to FORUM resolution.

The radiance shows a strong sensitivity to water vapor variations across the whole

vertical profile, with a similar behavior observed for the ozone channels. Accurately

reconstructing the vertical distributions of water vapor and ozone throughout the atmosphere

is therefore essential to ensure consistency between the measured spectrum and the radiance

simulated from the retrieved quantities.

In this work, the vertical concentration of water vapor and ozone are transformed using the

inverse softplus function. Specifically:

x̃ = ln(ex·c − 1) (B.1)

where x is the quantity of interest and c is a scaling constant, which is set to be c = 1 for

water vapor and c = 106 for ozone. This transformation behaves approximately linearly for

x >> 1 and approximately logarithmically for x << 1. This reduces the range of magnitudes

spanned by the physical quantities and helps the model, during training, to give sufficient

importance to regions where the concentration profile is very low, such as stratospheric water

vapor and tropospheric ozone.
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