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observation operator for sea ice, cross-track scanning sensor
originally trained with radiances from
AMSR2, which is a conical scanning
sensor
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Figure 1: Detailed architecture of the hybrid ML observation operator for sea ice sky, all-sky bias corrected)

Running the model
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Preliminary results

(L 94/2024 Experiment 1

The first major objective was to successfully
run the hybrid ML model with AMSU-A
inputs and obtain physically realistic outputs.

Even  without @ AMSU-A-specific
Il% tuning or explicit scan-angle
> dependency, good agreement is

achieved at low frequencies.

At higher frequencies, increased
biases and missing spatial structures
are observed
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Impact of model
parameter tuning
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Annual mean Obs-Sim differences

II\'ll are reduced by 91-99% in
Experiment 3 relative to Experiment
1 (channels 31V, 50V and 53V).

150 200 250 150 200 250 225 250 '/ Parameter tuning plays a key role in
Experiment 4 .3 improving model performance

Figure 2: AMSU-A brightness temperatures (K), observed (top row) and simulated for Experiments
1, 3, and 4 (subsequent rows) over the Arctic on 1 Apr 2024, channels 23V, 31V, 50V, and 53V.
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Conclusions and future work

This study demonstrates the feasibility of extending ECMWF’s hybrid empirical-physical ML Our next steps inc
observation operator to AMSU-A over Arctic sea ice. N

Even without AMSU-A-specific tuning or scan-angle dependence, the model reproduces "
reasonably well observed BT patterns and magnitudes for the most surface-sensitive channels Incorporate Extend the

(23V, 31V). zenith angle || approach to
AMSU-A-specific tuning significantly improves performance. For the first time, scan-angle- dsan the Southern
dependent polarization mixing based on instrument geometry is considered, leading to modest additional Hemisphere

but systematic improvements, particularly at large viewing angles. predictor
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Figure 3: Distribution of AMSU-A observations per
scan position over training period for channel 23V

Broader overview of the hybrid ML model:
example on 1 April 2024 for AMSU-A onboard Metop-B, Channel 1 (23V)
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Figure 4: Observed (a) and simulated
(b) brightness temperature from AMSU-
A onboard MetOp-B (ch. 23V); (c) sea
ice concentration; (d—f) empirical sea
ice properties. Panels (b—f) from Hybrid
ML Experiment 4 (01/04/2024)
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