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ABSTRACT

Studying climate change requires reducing uncertainties in CO2 and CH4 emis-
sion estimates to better distinguish anthropogenic from natural sources, which mo-
tivates spaceborne measurements with improved revisit frequency and spatial cov-
erage. In this context, the Horizon Europe SCARBOn project assesses a low-cost
satellite constellation featuring the NanoCarb imaging interferometer as its core
sensor for monitoring CO2 and CH4 emissions in the atmosphere. However, esti-
mating CO2 and CH4 concentrations from NanoCarb measurements poses signifi-
cant challenges: full-physics retrieval algorithms commonly used rely on repeated
high-resolution radiative transfer (RT) simulations, which are computationally ex-
pensive when using line-by-line RT models. As an alternative, we propose in this
study a feedforward multilayer perceptron (MLP) surrogate designed to accurately
and efficiently predict top-of-atmosphere radiances in the CO2 weak band, using a
combined mean absolute error (MAE) loss on radiances and RT Jacobians to pre-
serve both spectral accuracy and sensitivity to geophysical parameters. Coupling
the MLP-based RT surrogate with the NanoCarb instrumental response yields an
efficient and precise forward model for NanoCarb measurements, which shows
promising results for CO2 concentration retrievals.

1 INTRODUCTION

Carbon dioxide (CO2) and methane (CH4) are major anthropogenic greenhouse gases (GHGs)
whose emissions require accurate spatio-temporal monitoring, thereby supporting the mitigation
efforts essential to achieving the Paris Agreement’s goal (Naser & Pearce, 2022). In practice, while
most current and planned satellite missions dedicated to GHGs monitoring achieve high sensitivity
to GHG emissions, their spatial resolution and revisit frequency are still insufficient to detect and
quantify anthropogenic emissions with required precision (Gousset et al., 2019).
Advancing these goals is one key motivation for the the Horizon Europe SCARBOn project, which
assesses a low-cost satellite constellation featuring the miniature GHG sensor NanoCarb as its core
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sensor for monitoring CO2 and CH4 emissions in the atmosphere (Gousset et al., 2019). Estimat-
ing GHGs concentrations from NanoCarb measurements then relies on the so-called full-physics
retrieval (or inverse) algorithm, in which high-resolution radiative transfer (RT) calculations must
be performed over the sensor response domain for each instrument channel to simulate the measure-
ment according to the sensor’s response function. However, commonly used line-by-line radiative
transfer models (Clough & Iacono, 1995) are highly computationally intensive, posing significant
challenges in operational contexts, especially for the NanoCarb concept, where the satellite constel-
lation will generate vastly more data to process.
To overcome the computational limits of physics-based radiative transfer codes in retrieval algo-
rithms, several studies have explored deep neural networks to emulate sensor measurements directly
(Gao et al., 2021; Nanda et al., 2019; Stegmann et al., 2022; Liu & Liang, 2023); however, few
address high spectral resolution RT in key GHG spectral bands (Le et al., 2020), and these meth-
ods have not yet been evaluated for GHG concentration retrievals. Other authors have used neural
networks to solve the inverse problem directly (David et al., 2021; Reuter et al., 2025), but this ap-
proach lacks flexibility across varying instruments and observation conditions. Therefore, efficient
atmospheric radiative transfer models capable of high-resolution calculations and adaptable to di-
verse instruments remain critically needed.
This paper presents a fast and accurate neural-network forward model for high-resolution CO2 radi-
ances simulations at the top of the atmosphere, describing its training and architecture. The proposed
model is then applied in an inverse retrieval framework for CO2 total column and surface albedo
estimation from synthetic NanoCarb data, highlighting its potential as a computationally efficient
alternative to conventional radiative transfer models.

2 FORWARD AND INVERSE MODELS FOR CO2 ESTIMATION FROM
NANOCARB MEASUREMENTS

The NanoCarb sensor (Gousset et al., 2017) is a static Fourier-transform imaging spectrometer us-
ing a low-finesse Fabry–Perot (FP) array for partial interferometric sampling, enabling wide-swath,
high-resolution snapshot measurements. The analytical model (Gousset et al., 2019) expresses the
focal-plane intensity from the FP transmission function, defined for monochromatic radiation as:

TFP ≈ 1

1 +M sin2
(
φ
2

) , (1)

where M is the finesse and φ = 2πσδ the phase shift for wavenumber σ and optical path dif-
ference δ. By adjusting their mechanical thicknesses εi, the FP interferometers are tuned to
match the absorption lines of key greenhouse gases (CO2, CH4, O2), while the OPD variation
δ(σ, i, θ, T ) = 2n(σ, T )εi cos θr accounts for dependencies on refractive index, temperature, and
incidence angle. This allows each NanoCarb pixel to record a partial interferogram I-with 81 FP
thicknesses (channels) for the CO2 airborne prototype used in this study—highly sensitive to the
targeted GHG concentration, but also to surface albedo and possibly other atmospheric parameters
(such as water vapor, aerosols, etc.). Integration of the FP-transmitted terrestrial radiance over the
considered spectral band ∆σ allows to derive the interferogram as a function of the OPD as :

Iδ = η

∫
∆σ

(
1

hcσ

)
TσTFPLσdσ, [e/frame/pixel], (2)

where Lσ is the spectral radiance, Tσ the instrument transmission, and η = ΩStexpTopt the opti-
cal–radiometric efficiency. Simulating NanoCarb measurements therefore requires computing high-
resolution spectral radiances using a line-by-line radiative transfer model.
The retrieval process then estimates the gas concentration and other parameters by minimizing the
difference between measured and simulated interferograms, as described in the well known optimal
estimation method (Rodgers, 2000) implemented in this study.

3 NEURAL NETWORK FORWARD MODEL

3.1 TRAINING DATA

To train our NN RT model, we generated synthetic training data by sampling key atmospheric pa-
rameters contributing to the radiance formation in the CO2 weak band at 3 km altitude (airborne
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sensor height), neglecting aerosols. Simulations were performed with the 4AOP radiative trans-
fer code Scott & Chedin (1981); Scott (1974) using the HITRAN spectroscopic database Rothman
et al. (2009). Inputs include CO2 total-column, surface properties (albedo, altitude, pressure), so-
lar–sensor geometry (solar and viewing zenith angles), and vertical profiles of temperature and water
vapour from the TIGR database Rothman et al. (2009). RT simulations use full profiles, while NN
training employs a reduced representation: a total-column scaling for CO2 concentration, and tem-
perature/water vapour projected onto a low-dimensional PCA basis. Using the distributions in Ta-
ble 1 (see appendix), we generated 70,000 scenarios and computed their radiances (6175–6250 cm−1

at 0.01 cm−1 resolution 7,499 channels) and Jacobians w.r.t. all inputs parameters.
To evaluate the NN forward model, an independent test set of ≈ 6, 000 cases was generated by
randomly selecting 200 temperature and H2O profiles from TIGR (excluded from training) and
sampling the remaining parameters as in Table 1, except for albedo, which was varied between 0.05
and 0.7. For this set, both high-resolution radiances and corresponding NanoCarb interferograms
were simulated for an end-to-end assessment of NN performance.
By sampling key atmospheric and surface parameters over broad intervals, together with using tem-
perature and water vapour profiles from the TIGR database (measured across different regions and
seasons), this dataset covers a wide range of realistic atmospheric and surface conditions, providing
good geospatial representativity.

3.2 NEURAL NETWORK ARCHITECTURE AND TRAINING

Our NN radiative transfer surrogate is a feedforward multilayer perceptron (MLP). All inputs are
concatenated into a single feature vector x (nf = dim(x) = 20; Table 1), and the network outputs
the full high-resolution radiance spectrum with nσ = 7,499 channels, one per output neuron. Train-
ing optimizes the MLP parameters θ (weights and biases) by minimizing a joint loss on radiances
and Jacobians. Inputs and outputs are normalized for stability: cj denotes the raw input for scenario
j, with xj its normalized form; Lσ(cj) is the RT-computed radiance spectrum, and yF (xj) its nor-
malized counterpart. The NN then predicts a normalized radiance spectrum yθ(xj) ∈ Rnσ , with the
loss defined as:

L(θ) = 1

N nσ

N∑
j=1

nσ∑
t=1

∣∣∣y(t)θ (x(j))− y
(t)
F (x(j))

∣∣∣+ LJac(θ), (3)

where N is the number of training samples and nσ = 7,499 the number of spectral channels. The
use of a Jacobian loss term, already introduced by Liu & Liang (2023), enforces physical consistent
sensitivities to input parameters and also regularizes training:

LJac(θ) =

nf∑
i=1

αi
1

N nσ

N∑
j=1

nσ∑
t=1

∣∣∣J (t,i)
θ (x(j))− J

(t,i)
F (x(j))

∣∣∣ , (4)

where J
(t,i)
X (x(j)) =

∂y
(t)
X (x(j))

∂x
(j)
i

are the Jacobians, computed using finite differences for JF and

forward-mode automatic differentiation Baydin et al. (2018); PyTorch Team (2023) for Jθ, and the
weights αi balance the contribution of each input parameter xi, defined from the mean radiance
sensitivities to input parameters, as αi ∝ ymean/|J (i)

mean| (with ymean the mean radiance and J
(i)
mean the

mean Jacobian magnitude w.r.t. xi).
For the network architecture, multiple configurations were explored, leading to the selection of an
MLP with three hidden layers of 100, 500, and 3,500 neurons and ELU activations, offering the best
trade-off between accuracy and computational efficiency.

4 RESULTS

We first evaluate the performance of the trained NN RT model together with the NN-based NanoCarb
forward model, which combines the NanoCarb instrumental model and the NN RT model as ex-
pressed in equation 2. The assessment is carried out using the ≈ 6, 000 specially simulated test
examples. Results summarized in Figure 1 indicate that the models reproduce the radiances and par-
tial interferograms with very high accuracy, achieving an overall mean absolute relative error below
0.04% across all channels. Errors approach 0.1% only for the albedo 0.05 cases, while for an albedo
of 0.2, similar accuracy is maintained across all channels (FP thicknesses) for interferogram, with
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just a few wavelengths reaching 0.1% for radiance.
The NN-based NanoCarb forward model is integrated into the retrieval algorithm (Sect. 2) to es-
timate the CO2 total column (XCO2

) and surface albedo, with remaining parameters treated as
known.

(a1) (a2) (b)

Figure 1: Panels (a1) and (a2) compare the averaged neural network predictions with the averaged
radiative transfer (RT) simulations (ground truth) for an albedo of 0.2, with lower plots showing the
corresponding averaged absolute relative errors across channels for Radiance and Interferograms.
Panel (b) displays the mean absolute relative error for Radiance (orange) and Interferograms (blue)
predictions over all test cases as a function of albedo.

(a) (b)

Figure 2: Density histograms summarizing the CO2 total column retrievals (a) and associated errors
(b) estimated from NanoCarb interferometric measurements simulated with the 4AOP RT model
and inverted using our neural network–based forward model.

The algorithm, applied to ≈ 6,000 noise-free simulated NanoCarb measurements, isolates the im-
pact of the NN approximation on retrieval accuracy. As shown in Fig. 2, retrieved XCO2

and albedo
exhibit very low uncertainties—below 0.5% and 0.025%, respectively—with largest deviations ob-
served for low-albedo cases. The approach achieves significant computational gains, running up to
150× faster on CPU and over 400× faster on GPU compared to the reference implementation.

5 CONCLUSIONS AND FUTURE WORK

The proposed NN-based radiative transfer and NanoCarb forward models accurately reproduce radi-
ances and interferograms, with mean relative errors below 0.04% and up to 0.1% only at low albedo.
When applied in the retrieval algorithm, they yield CO2 and albedo uncertainties below 0.5% and
0.025%, respectively, while accelerating computations by over two orders of magnitude—making
the approach suitable for operational use as an initial guess in NanoCarb retrieval processing. The
proposed methodology can also be extended to other SWIR GHG bands and sensors, with future
work addressing aerosol effects and integration into more advanced inversion schemes.
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A APPENDIX

Table 1: Parameters used to generate the synthetic training dataset for the neural network radiative
transfer model (aerosols not included).

Parameter Unit Min Max Sampling strategy Dim.

CO2total column (XCO2 ) ppm 390 650 N (µ = 423, σ = 0.15µ) 1
Surface albedo (A) – 10−3 1 log10(A) ∼ N (µ = log10(0.3), σ = 0.7|µ|) 1
Viewing zenith angle (VZA) deg 0 15 U(0, 20), step 1◦ 1
Solar zenith angle (SZA) deg 0 80 U(0, 80), step 2◦ 1
Surface altitude (Hsurf ) m 0 1200 N (µ = 300, σ = 300) 1
Surface pressure (Psurf ) hPa 940 1060 U(940, 1060), step 1 hPa 1
Temperature profile (T (z)) K – – 2311 TIGR profiles + PCA 8
Water vapour profile (XH2O(z)) g/g – – 2311 TIGR profiles + PCA 6
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