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• Motivation for sea ice forecasting/data assimilation (DA)
• Thoughts on differences between sea ice DA and ocean DA
• What observations are using for ice concentration estimation? 
• How can we assess/verify our sea ice concentration analyses?
• Future work

Outline



Text or images here...

Motivation for Sea Ice Forecasting

Environment monitoringOff shore engineering

Climate/Weather forecasting Shipping/Navigation



Features of sea ice
• Sea ice exhibits properties of both a continuous medium 

(eg. fluid) and a discontinuous medium (brittle solid)
• Sea ice is strongly boundary driven
• Location of cracks and ice edge are important for correct 

fluxes to and/from the atmosphere and ocean



• Specified
• Analysis carried out by minimizing a cost function (3D-Var)
• Coupled ice-ocean model used for forecasts

Assimilation of passive microwave data on 
the Canadian East Coast

• We need to choose
• An observation vector (y)
• Forward model, H(x)
• A state vector (x)
• Background error covariance matrix (B)
• Observation error covariance matrix (R)



Electromagnetic Spectrum



Choosing our observations

ice water

Passive microwave (PM)

Synthetic aperture radar (SAR)

Visual/Reflectance



• Which channels 
should I use?

Passive microwave observations



Weather''
Effects!'

6.9GHz 
coarse resolution

36.5GHz
higher resolution

Brightness temperature data



Sea ice concentration from passive microwave: 
challenges due to weather

Ice edge from
Image 
analysis chart

• Sea ice concentration retrievals sensitive to atmosphere (windspeed, moisture)
• Weather filters used to remove spurious ice – reduces ice concentration in MIZ

Liu et al. 2016

Ivanova et al. 2015

• A significant number of points with SIC≠ 0
can be flagged as weather



Ice concentration retrievals

Markus et al. 2009

• Ice concentration retrieval algorithms 
generally use either linear or non-
linear interpolation between ice and 
water tie points

• Tie points can be fixed or seasonally 
varying

• Either weather filters are used or a 
correction is made

• There are many algorithms! (Ivanova 
2014, Lavergne 2019, Andersen 2006, 2007…)

Lu et al. 2018



Data assimilation methodology

For assimilation of ice 
concentration
• Y is the ice concentration
• H is a linear interpolation 

operator

For direct assimilation of 
brightness temperatures
• Y is the observed brightness 

temperature
• H is a radiative transfer 

model (Wentz, 2000)



TB = TBU + τ (Ciceε iceTice + (1− Cice) εowTow +Ω( ))

• TB is the brightness temperature
• t is the atmospheric transmissivity
• Cice is the ice concentration
• Tice, Tow is the ice temperature and sea surface temperature
• eice, eow are the ice and open water emissivity
• W is the scattering integral (function of windspeed)

• Low frequency, 100% ice cover: TB=eiceTice

Forward model: TB=H(x)



Ice concentration retrievals

• Reduction in spurious ice due to weather effects

Scott et al. MWR 2012

Result from assimilation of ice
Concentration observations

Result from assimilation of 
brightness temperatures



Sea ice concentration from passive microwave: 
challenges due to thin ice

Ice concentration 
from PM

Ivanova et al. 2013
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• Sea ice concentration is 
significantly underestimated 
when ice is thin 

SAR image during 
freeze-up



• As forecasting systems go to higher resolution – assimilation 
of high resolution data becomes more important

Other data sources: SAR



Estimating ice concentration from SAR?

• A CNN consists of multiple layers 
• Each layer has 3 operations:
• Convolution filter
• Nonlinear activation
• Subsampling (averaging)

• We have used convolutional neural networks to learn ice 
concentration from SAR (Wang, 2016)



Sea ice concentration from SAR

HH

CNN
ASI

new ice

Image analysis

CNNPM 



Assessing SIC estimates
• Most SIC products are from PM data and may have similar errors
• Usually a manual analysis is used as the ‘truth’ (ice chart, IMS)

Source: CIS



Assessing SIC estimates

• Threshold is applied to ice concentration from DA to produce 
ice/water

• Contingency tables are used to calculate scores for ice and 
water (Smith et al. 2016, Buehner et al. 2015)

Ice in verification Water in verification

Ice in forecast Hit ice False alarm

Water in forecast Miss Hit water

• Proportion correct ice = #$% $&'
#$% $&'()$**

• Proportion correct water= #$% ,-%'.
#$% ,-%'.(/-0*' -0-.)



Another way to assess SIC estimates?

• It is hard to find a data set that can represent the ‘truth’
• Instead of relying on a true sea ice concentration, we rank the 

datasets using triple collocation (McColl et al. 2016)
• Using three datasets, define the vector 

• Dataset with highest v value has strongest correlation with the 
other two

• One piece of information is used to make one estimate:            
rank datasets



Assessing SIC estimates
• It can also be shown (Parisi, 2014, Jaffe 2015) if we have three pieces of 

information (mean, second and third order correlation), we can 
estimate three items:
• Proportion correct ice
• Proportion correct water
• Dataset imbalance (relative number of zeros and ones)

• Provides another way to compare datasets without needing to 
define a `truth’

• Here we test this using three data sets in the Gulf of Saint Lawrence
• Passive microwave retrieval 
• Ice ocean model output
• SAR-sea ice concentration (using CNN)



Gulf of Saint Lawrence: Freeze up 2014
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Assessing SIC estimates
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Assessing proportion correct ice
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Assessing proportion correct water
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Future work

• Assessment of triple collocation in the Arctic
• Work toward improved SIC retrievals in marginal ice zones
• Assimilation and verification of other sea ice parameters

– Ice thickness and velocity 
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