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Study Area and Data

Figure 1: The study area: Baltic Sea (light blue).

❼ The study area was the Baltic Sea and the study period Dec 2018 – May 2019.

❼ Sentinel-1 (S-1) Ground Range Detected Meduim-resolution (GRDM) Extra Wide Swath (EW) mode with HH/HV polarization, swath
width 400 km, spatial resolution 20 x 40 m. EW HH/HV data were acquired by S-1B over the Baltic Sea during the studu period.

❼ Dataset: 638 (120+124+103+124+105+62) S1B EW HH/HV images acquired during the study period. 200 randomly selected images
were used for training and the rest of the images for testing.

Figure 2: S-1 EW mode SAR processing chain.

Methodology
❼ A neural network (modified U-net) was used for SIC estimation. The inputs were derived from the SAR data and AMSR2 microwave
radiomater data.

❼ AMSR2 gradient and polarization ratios computed from the six AMSR2 frequancies and two polarizations (H and V) used as MWR
features, totally 36 features:

PR(f ) =
TB(f, V )− TB(f,H)

TB(f, V ) + TB(f,H)
(1)

and

GR(f1, f2, p) =
TB(f1, p)− TB(f2, p)

TB(f1, p) + TB(f2, p)
. (2)

❼ All the six polarization rations and 30 gradient rations are used. Partial Least Squares (PLS) algorithm is applied to reduce the
dimension to three.

❼ PLS is an iterative algorithm for finding a reduced set of vectors best explaining the outputs y and the inputs X (n x p), i.e. finding
optimal Z (n x k, k<p) such that X and y can be expressed as decompositions:
X = ZV T + E and y = Zb + e

PLS can be considered as a combination of PCA and linear regression.

❼ SAR imagery is processed to three-channel images with HH σ0, HV σ0 and HH/HV channel cross-correlation as the three components.

❼ Resolution of 500 m used in this study.

❼ Because of hardware limitations (GPU VRAM) the training was performed in slightly overlapping 256 x 256 pixel blocks.

❼ SIC was trained in 11 categories representing tenths from 0/10 to 10/10. The background (land and no data) was the 12th class.

❼ The training data were balanced between the 11 SIC categories.

Figure 3: Structure of the neural network used in this study.

❼ Loss function is a linear combination of catgorical cross-entopy, absolute loss and distribution entropy.

❼ The U-net model has a self-attention layer at the bottleneck to capture long-range spatial dependencies between pixels across the image
feature map.

Estimation results

❼ The results were compared with ice chart SIC, SIC derived from Sentinel-2 and MODIS data over cloudless areas. SIC was estimated
by counting pixels automatically classified to open water or sea ice within the polygons defined in the ice charts. This approach provides
a fair comparison with the ice charts (but not with the other SIC estimates).

❼ Also the University of Hamburg ASI algorithm SIC, derived from AMSR2 data, was included in the comparisons.

❼ The polygon-wise SIC estimates based on MODIS and S-2 deviate from each other and the ice charts SIC.

Figure 4: A classification example (mosaic) for 15 March 2019: the SAR image converted to a three-channel RGB image, three AMSR2
PLS components presented as an RGB image, the daily ice chart SIC, SIC estimation result, and uncertainty of the SIC estimate.

Figure 5: An example of SIC for the ice chart polygons (corresponding to S-1B image of 30 March 2019 at 15:56:24 UTC): ice chart SIC,
MODIS SIC and Sentinel-2 SIC. Typically MODIS SIC is closer (based on visual comparison) to the ice chart SIC.

Table 1: Compparison results for Sentinel-2 and MODIS derived SIC.

SIC datasets Bias L1D RMSD Correlation

IC / S2 3.41 3.52 16.15 0.98
IC / ASI -0.76 4.56 15.47 0.98

S-1+AMSR2 / IC -0.73 1.46 9.63 0.99
S-1+AMSR2 / ASI -1.48 4.28 15.16 0.98
S-1+AMSR2 / S2 2.68 2.88 14.92 0.99

IC / MODIS 1.18 3.26 11.90 0.98
S-1+AMSR2 / MODIS 0.47 3.51 12.27 0.98

Figure 6: Categorical (SIC in tenths) comparison between SAR/AMS2 SIC, IC SIC and MODIS SIT.

Conclusions
❼ Training in a reasonable time requires one or preferable more GPU’s with a sufficent amount (¿=8GB) of VRAM memory.

❼ Estimation can be run on CPU in a reasonable time (suitable operational use in the current operational hardware).

❼ Too few samples of mid-range SIC in the ice charts. One solution could be to generate synthetic input data.

❼ Not enough MODIS or S-2 SIC data for training (yet). They could possible be used together in the training with ice chart SIC data.

❼ Future plans (under construction):

– An additional U-net layer

–More advanced loss function

– Larger block size, 512 x 512 tested for training on the current HW (NVIDIA Tesla M10 with 32GB RAM)

–Moving to 250 m reasolution (using 512 x 512 or larger block size)
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