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FORUM MISSION RETRIEVAL: classical method LATENT TWINS FRAMEWORK AND TRAINING

@ FORUM (Far-infrared Outgoing Radiation Understanding and @ Find the atmospheric parameters x (surface tempera’.cur.e,. o an ‘A‘y X R
Monitoring) is a Fourier Transform Spectrometer selected as the temperature, water vapor, ozone, surface spectral emissivity, liquid { \ : : \ fT(y) = (dgxos™ oey)(y)
ninth Earth Explorer mission by the European Space Agency in and ice water content, liquid and ice particle radius) that best
2019 reconstruct the measured spectrum y. ¥ g a: [722]5[617] +[512]>[512] >[617] »[722]
@ It will provide interferometric measurements in the Far-InfraRed I l l
) . . . - Encoder
(FIR) spectrum (100-1600 cm region), constituting 50% of o VERYILL-CONDITIONED PROBLEM \ Eneoder / \ - / a,: [4233]>[2372] »[512]>[512] > [2372] > [4233]
~ Earth’s outgoing longwave flux. @ l 1 1 1 1 1 1
: Formulated as a Bayesian inference problem and solved usin
@ Accurate Top Of the Atmosphere measurements in the FIR are Y P 5 . > Linear + Rl U*
crucial for improving climate models. the OPTIMAL ESTIMATION METHOD: il s+ zy
_ . ) 2 4 l l s, st [512] > [512]
| — - 2 Decod
x= argmin? [Ly(y - @)} + 2 LG - x)I13 [ el i
o l l Linear
s — — . * ReLU (Rectified Linear Unit) function: f(x) = max(0,x)
Radiative Transfer where S = LyL, and S;! = L}L, are the inverses of the » - > It Intraduces non lnearity

Variance-Covariance Matrices of the measurements y and the a

(Direct problem) e _ _
priori information x,, respectively.

@ Joint learning on GPU, Batch learning (batch_size = 512), Epochs (10k), ADAM Optimization, Learning
rate: 1073+ scheduler.

Loss 1: Ly, = milz,-‘illlldx(ex(X)) — Xj”z
2
dy (e,) —v|,

dy (s(ex(x))) —y, Hz

@ Minimization carried out using Gauss Newton + Levenberg-

min ||y — F(x)|| Marquardt technique. Loss 2: Ly, = milz,“_‘ll

Retrieval OBJECTIVE Loss 3: Lyy = izlrr:lll

(Inverse problem)

~90km

~55km

@ Innovative data-driven techniques for fast, near real-time analysis, 1 wmy + 2
. T . . Loss 4: Lyx — _Z'=1 dy|s (ey(x)) —Yj
overcoming the limitations of full-physics methods and exploiting m; =) 2
large data. TOTALLOSS: L = yyxLxx + VyyLlyy + Vxylxy + VyxLyx, With gy = ¥yy = ¥yx = 1 and yxy = 0.5
CORRECTION: ADDITIONAL TRAINING AVERAGE RESULTS
® Retrieved ¢}y, Cice, g, Fice are not physically consistent > second training phase! Independent, autoencoder & latent , ] ,
networksfrloien. i PRI © P ® Data collected at 12:00 UTC, covering entire globe on a 2°x2° |lat-lon grid, January and July 2021.
® 4 Feedforward neural networks (MLP, fully-connected): [4] - [16] > [8] > [1] STotal cases: m = 31,862 = Training set: m; = 27,000 (~85%), uniformly sampled from {1 ... m}.

l | } | - Test set: m, = 4,862 (~15%), complementary subset.
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with i layer, p,ir and pjce air and ice density, respectively, Az' geometric thickness and QL. The same for Tlig-
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COMPUTATIONAL TIME SCENE CLASSIFICATION PERFORMANCE

®Training the first 4 models = it depends on the epochs and laptops = some hours
®Training the last 4 networks = it depends on the epochs and laptops = some minutes
®Testing — Total time taken for all predictions (4862): 2.06 seconds

Average time per batch (512): 0.21 seconds

T = Tjiq T Tice Used to assess the scene classification between clear and cloudy conditions.

CATEGORY DEFINITION ACCURACY

Binary: Clear / Cloudy Clearif T < 0.03, Cloudyif T > 0.03 94.82 %

® Latent-twin architecture successfully reconstructs atmospheric profiles and cloud properties.
® Additional neural networks and physical constraints improve the cloud-property retrieval.

Three classes: Clear / Thin / Thick Clear:7 < 0.03 ¢Thin: 0.03 <7< 1eThickit>1 82.91%
® Optical depth retrieval enables accurate scene recognition.
® Retrievals are instantaneous, suitable for real-time applications but still require further improvement.
® Ongoing work aims to apply this architecture to clear-sky retrievals using real IASI measurements and to perform a comprehensive error and robustness

analysis of the method.
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