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Simulation of ridged ice thickness by neXtSIM

neXtSIM: The next generation sea ice model 
(Rampal et al., 2019)

Rheology (ice mechanics): Brittle Bingham-
Maxwell (Olason et al., 2022)

Numerics: Lagrangian triangular mesh

Ridged ice thickness:
Thickness due to 
ice dynamics alone



Comparison of neXtSIM ridged ice thickness with ICESat-2

ICESat-2 Ridging intensity = frequency of ridge sails * sail height

(Duncan and Farrel, 2022)  

Sea ice roughness (SIR) ≈ Ridging intensity ≈ Ridged ice thickness

neXtSIM realistically simulates SIR at large scales. SIR is related to drag coefficient.

Coverage of ICESat-2 SIR is not sufficient.



Collocation of Sentinel-1 SAR and ICESat-2 SIR

• Good agreement of S1 SAR image and IS2 SIR
• Raw IS2 SIR is noisy. Smoothing using a sliding window clears the signal
• ~1000 collocations of S1 SAR and IS2 SIR in January 2020 (t < 100 min) 
• ~200 000 IS2 SIR observations

Major problem: very little data for U-net training.



Computation of Haralic texture features on SAR images

The texture features are computed in a stepping window (step = 16 pixels)
A. Compute Grey Levels Co-Occurrence matrix (GLCM) at several spatial scales
B. Compute texture features using simple algebraic formulas

2 x 10000 x 10000 ➔ 192 x 625 x 625
“Deterministic convolutional layer”



Regional extrapolation of IS2 SIR

1. SAR texture features are processed with cluster analysis
• 192 input layers (2 bands x 4 windows sizes x 4 

distances x 6 texture descriptors)
• Principal component analysis ➔ 5 PCs
• K-means cluster analysis ➔ 15 clusters
• Labeling individual segments ➔ ~ 6000 segments
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Regional extrapolation of IS2 SIR

1. SAR texture features are processed with cluster analysis
• 192 input layers (2 bands x 4 windows sizes x 4 

distances x 6 texture descriptors)
• Principal component analysis ➔ 5 PCs
• K-means cluster analysis ➔ 15 clusters
• Labeling individual segments ➔ ~ 6000 segments

2. Extrapolation of IS2 SIR to segments
• Segments overlapping with IS2 track are found
• Average value of IS2 SIR is computed for each segment
• The entire segment is assigned the average value



Extrapolation of IS2 SIR using linear regression

• Linear regression model f
• Input: SAR texture features
• Target: IS2 SIR

SIR = f(TF)

• Relatively high accuracy of SIR prediction @ 30 km
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Extrapolation of IS2 SIR using linear regression

• Linear regression model f
• Input: SAR texture features
• Target: IS2 SIR

SIR = f(TF)

• Relatively high accuracy of SIR prediction @ 30 km
• Derived SIR ≠ 𝜎0

The model was applied to images with texture 
features to produce maps of TF-SIR.



Training a U-net for deriving SIR from S1 SAR

Inputs Targets

• HH and HV bands of S1 EW GRD
• 18.7 and 36.5 bands from AMSR2
• Resolution: 160 m
• Patch size: 256

• Averaged IS2 SIR in segments (SEG-SIR)
• Maps of SIR derived from texture 

features (TF-SIR)
• Resolution: 1 km

ML model
• U-net
• 4 layers
• Regression
• Loss: MSE
• Weights: 

• SEG-SIR: 1
• TF-SIR: 0.1

• Augmentation:
• Flipping
• Rotation



Inference of SIR from S1 SAR

• Pixel-by-pixel comparison of CNN and IS2 SIR
• Evaluation on independent test data
• IS2 Averaging window size  - 30 km (4000 ms)



The SAR2SIR algorithm overview



Sea ice roughness, January 2020

Sentinel-1 ICESat-2

5 days-averaging



Sea ice roughness, January 2021

Sentinel-1 ICESat-2

5 days-averaging



Summary

The ICESat-2 ice ridging intensity is proportional to the ridged ice thickness simulated with neXtSIM

An ML-based algorithm is developed to derive sea ice roughness from Sentinel-1 SAR and AMSR2 data:

• Complex preprocessing for extrapolation of along-track IS2 SIR (SAR texture features, cluster analysis, linear regression)

• U-net

• High accuracy (r = 0.87)

Continuous pan-Arctic sea ice roughness product at 5 km resolution for Jan 2020 and 2021

Next steps:

• Derive full season of SIR and implement the model in Copernicus Marine Services

• Relate SIR to form drag coefficient and assimilate in neXTSIM
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