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Background

Current practices of operational ice centers rely heavily on human interpretation and analysis of data.  Ice analysts require extensive experience and specialized knowledge of ice physics, climatology and image/data interpretation.  The analyst mentally assimilates large volumes of satellite and other data including previous ice charts, weather and ocean information ice observations and numerical model guidance.  Satellite data interpretation is particularly labour intensive and subjective due to the volume and variety of data and because required physical quantities must be indirectly inferred.  This subjectivity and variable data coverage can lead to inconsistencies in analysis products.  Following the example of numerical weather prediction, increasing the role of numerical ice models offers the opportunity to overcome some of these limitations.  At the meeting of the International Ice Charting Working Group (IICWG) held in Tromso, Norway in November 2001, a consensus was reached to investigate the feasibility of transitioning from an “observation-based” to a “model-based” approach for the production of sea ice analyses.  Because of mutual interest and continued focus on international collaboration, the IICWG provides an ideal forum for discussion and serves as the nexus towards future ice model development.  

Rationale

The ever-increasing volume and availability of objective data offers the potential for increased accuracy and detail within ice charts. Under current practices, the large volume of data greatly increases the human analysis effort in the chart production process.  Visible, infrared and passive microwave sensors, synthetic aperture radar and scatterometers all provide sea ice information from space.  Derived geophysical ice products provide some guidance to the analyst, but because of the ambiguous nature of the data, this is limited to motion fields, automated image segmentation and ice concentrations.  Based on their knowledge and experience, the human analyst sifts through all of the data in order to develop a “mental model” that describes the characteristics of the sea ice. The analyst mentally assimilates and interprets new data, then makes decisions on how to progress the data to fit a specific time and classify the ice.  The analyst must complete the ice chart within operational time constraints and may be overwhelmed by the quantity of information.  Ice analyses are therefore somewhat subjective and specific details may differ from one analyst to the next.  Resulting ice forecasts may be even more subjective. Additional pressures arise from decreasing resources and use of ice information for non-traditional applications such as climate monitoring.

These problems have also been encountered in weather forecasting despite the availability of more directly measured atmospheric variables. Numerical weather prediction has helped resolve some of these issues and is an integral part of the weather analysis and forecast process.  Numerical models offer increased efficiency and accuracy, by using computers to combine large volumes of observed data in an objective, optimal framework that is constrained by model physics.   This enables the human analyst to devote more time to critical operational areas and to the higher-level skills of model interpretation, which is crucial under the constraint of limited human and financial resources.  For sea ice, the use of data assimilation and numerical models is envisioned to provide an initial “first guess” field as guidance for the human analyst to build upon.  Human experience and knowledge are used to interpret the model output and make corrections in preparation of the final analysis.  By utilizing numerical guidance as a first step, some of the subjective decisions on how to weigh and use various data will be replaced by numerical schemes resulting in more consistent and objective analyses.

Applying this approach to sea ice reveals two conditions that must be satisfied in order to predict the future state of sea ice: the present state of the sea ice must be characterized as accurately as possible; and the physical laws that describe the state and evolution of sea ice must be known.  In order to address the conditions above, the problem may be divided into three components (Daley, 1989):

1) The observation component – data is required that resolves phenomena of interest.

2) The prognostic component – the governing equations are used to predict future states.

3) The diagnostic or analysis component – observations are analyzed to produce a consistent spatial representation of the dependant variables at a fixed time.

Although the three components are broken out individually, they are inexorably tied together.  A model analysis is not made from observations alone.  The observations are used to make small corrections to a short-range forecast in order to make the analysis.  This analysis is then subjected to dynamic constraints and marched forward by the prognostic equations to provide a forecast.  The short-range forecast is then used in the next cycle with observations to create a new analysis. Additional difficulties arise for the sea ice application because: a) as pointed out above, important physical characteristics are not routinely measured in situ and satellite data provides limited, indirect and ambiguous measurements of desired ice information; b) ocean influences are important and satellite data provides mostly surface information away from ice areas; and c) the ice community and resources are much smaller than the weather equivalent.

State of the Art Review 

As indicated above, a more automated ice analysis and prediction system depends on three critical components: 1) data; 2) models; and 3) data assimilation. There are many variables that we would desire to analyze in such as system including: ice concentration, thickness, roughness, strength, pressure, temperature, salinity and snow cover. A thorough review of the current state of the art for each component is beyond the scope of this paper. A short summary is provided below in order to stimulate discussion and to gather consensus. In addition, national inventories of data sources, models, data assimilation and NWP ice representation are presented in Appendix A: National Inventories.

Data

Sea ice information comes from many sources and each Ice Center has its own unique observation suite.  For resource optimization, they piggyback on data that is collected for purposes other than operational ice monitoring such as climate change detection, process studies and weather monitoring. While in situ measurements and human observations provide valuable information, the focus here will mainly be on generally available satellite data because of its wider application and more general applicability to routine automated analysis. However, only a few of the required variables may be derived from the available less direct measurements. 

Passive microwave brightness temperatures are available from the DMSP series of operational satellites. The SSM/I sensor provides data at resolutions of 15 to 50 km in a variety of frequency ranges and polarizations, with two operational satellites and a swath of 1500 km. A variety of algorithms have been employed to extract ice concentration from this data. These tend to be less accurate under summer melt conditions and in marginal ice zones. Some algorithms also provide information on ice type but this tends to be much less reliable. A higher resolution sensor, AMSR, will be available soon but operational availability is still in doubt. AMSR has additional microwave channel information that might provide an indication of ice surface temperature.

Scatterometers provide microwave surface roughness information. The current research satellite, Quikscat, has an 8-10 km resolution with a swath of 1800 km. Ice concentration extraction algorithms have been developed but these have not been validated nor are they used operationally yet.

Synthetic aperture radars also provide microwave surface roughness information but typically at much higher resolution but smaller swaths. Information extraction algorithms have been plagued by ambiguities arising from surface melt and wind roughened seas. Radarsat, Envisat and ERS satellites have SAR sensors with about 50m resolutions at swaths ranging from 50 to 500 km. There is hope that some of these ambiguities may be resolved with newer sensors that provide additional polarization information.

Polar orbiting and even geostationary weather satellites provide data in the visual and infrared bands. Two operational NOAA AVHRR satellites provide resolutions of about 1 km with swaths of 1400 km. Geostationary satellites provide information with about 4 km resolution and global coverage at 15 minute intervals. These weather satellites provide information on ice albedo and sea surface temperature but significant problems exist with cloud masking. Newer research satellites with hyperspectral optical range sensors, e.g. MODIS, overcome some of the difficulties of weather satellites but still cannot provide information below cloud-covered areas. 

Other satellites and sensors, such as Cryosat, IceSat and ERS altimeters, more directly measure ice thickness for climate change purposes but these have very limited operational potential due to resolution, coverage and other limitations. 

Ice motion is one of the few directly measured ice quantities that could be provided routinely. Many of the above sensors provide information that may be reliably tracked, subject to limitations imposed by sensor resolution, repeat coverage and atmospheric influence.

Data Issues

· Automated information extraction algorithms have focused on support to manual ice analysis and are probably overly complex. We should revisit algorithm development within the context of objective, automated use.

· Knowledge of error characteristics is essential and not just mean error, but spatial and temporal variability of errors are important.

·  A variety of data sources is optimal because errors can offset each other, and higher resolution data is better although data management then becomes an issue.

· A mix of derived fields and direct satellite measurements may provide the most useful combination of information.

Models

Sea ice model availability and use varies greatly amongst Ice Centers and there has been little collaboration other than through journal publications. Most models have been designed for either large-scale climate models or very fine scale engineering design studies. Ice Center requirements are between these scales and introduce the needs for realistic initialization. Models can produce all of the desired fields but reliability is uncertain due to a paucity of observations. Within the context of this paper, models can range from regional to global scale with resolutions ranging from a few to tens of kilometers.  Typical forecast periods range from a few days up to several weeks.  The components of a suitable model for this application follow:

· Ice drift: this should include the effect of wind and ocean drag and internal ice resistance as a minimum.  Tidal effects and waves may also be important in some areas. The main ice dynamics equations may be solved using eulerian, lagrangian or hybrid semi-lagrangian frameworks.

· Ice thickness distribution: some representation of level ice types and even deformed ice types is desirable in order to produce automated ice charts. Typical methods are either through discrete probability density functions or through discrete particles. 

· Ice strength and rheology: the material behaviour of ice is usually parameterized as viscous-plastic or elastic-viscous-plastic. Other more efficient approaches such as cavitating fluid may not be suitable for operational needs. 

· Ice thermodynamics: atmospheric forcing through sensible and latent heat and radiative balance are crucial but oceanic heat fluxes are important in many areas. The effects of snow cover and melt or flood water freezing may also be included. The inclusion of ice salinity and brine cell evolution is important for ice strength parameterizations. ‘Zero’ layer models are most efficient but a few ice and snow layers may be required for more general purposes. It is also possible to solve the thermodynamic equations in an eulerian or a lagrangian framework.

· Ice thickness redistribution: ice thickness evolves due to thermodynamic and deformation processes. Popular approaches to the latter effect introduce some physically unrealistic phenomena but newer methods involving mixing theory may resolve these issues

Model Issues

· less direct coordination/cooperation has occurred in model development amongst ice centres

· most models have been designed for climate change and process studies or engineering design

· operational ice forecasting is more of an initial value problem

· many complex processes have been modelled but very few ice characteristics are observed

· perhaps we should focus on assimilative models – models with assimilation framework “built in”

· alternatively we might use a model with relatively simple physics that incorporates a large number of observations and is strongly constrained by the data.  The advantage of the latter approach is that it is not as computationally expensive.  The operational use of ice models to create ice charts requires that the models only need to be stable over short periods of hours to days.  This offers the possibility to run models with simple physics, whereas, the more complex models used in meteorology and oceanography must be inherently robust and stable over longer time scales that are not as important to ice chart preparation.

· one might also take the approach of incremental data assimilation, where a simpler model may be used as part of a 4D assimilation procedure. The resulting analysis increment is used to correct the full state of a more sophisticated model that is used to produce the forecasts, as is done in 4d-var for NWP.

· model skill is highly dependent on accuracy of forcing fields

Data Assimilation

Data assimilation combines observed data with model in a statistically optimal manner, constrained by model physics. It takes into account relative errors of observations and model. Assimilation constrains models to physical reality overcoming problems resulting from uncertainties in forcing, parameterizations and finite spatial and temporal scale.  It improves on data by filling observation gaps, combining disparate data into coherent products and adds temporal consistency. This differs from data fusion, which refers to the combination of data sets, not incorporating a physical model nor use of information across the temporal domain.

Data assimilation may be split into two parts: analysis and model initialization.  The simplest technique is to accept observations from individual sources as truth and interpolate or average the data onto a grid. To combine observations from different sources, statistical analysis or optimal interpolation methods are employed. These make use of the error variances of each of the data sources. Model forecasts may be used as complete background fields with their own applicable error statistics. 

The simplest way to initialize a model with analysis fields is by insertion or replacing model fields but this can cause numerical instabilities. Nudging techniques reduce these problems by inserting data in an asymptotic process over a number of model timesteps. NWP has moved far beyond this with variational techniques or Ensemble Kalman filters. A more detailed review is presented in Appendix C: Detailed Review of Data Assimilation.

A robust data assimilation provides the framework for development of numerical model sea-ice products and offers the following benefits as an overall strategy to the production of ice charts (Partington et al, 1998):

· It provides a single, conceptual framework for development of products;

· It can make use of all available data and knowledge;

· It fills in data gaps;

· It makes use of forward modeling rather than inverse modeling, which is conceptually simpler;

· It supports incremental advances in techniques;

· It can provide estimated errors along with the product;

· It supports filtering of diverse data;

· It supports optimal interpolation of data;

· It can provide products that are not directly observed.

Although the meteorology and oceanography communities have long used data assimilation techniques, several unique aspects are inherent in the use of data assimilation for operational ice chart production.  First, there is a lack of in-situ observations in the polar regions, especially compared to synoptic meteorology.  This results in a menagerie of incomplete and inconsistent data sets.  Second, the air/sea/ice interface is a dynamic region that involves complex interactions and combines forcing and fluxes from the different regimes.   The atmosphere and ocean are also physically responsive at different spatial and temporal scales.  Atmospheric phenomena occur at larger spatial scales and shorter time scales, and the ocean vice versa.  Sea ice combines atmospheric and oceanic scales.  It responds to short-term temporal changes in winds and temperatures, but is influenced by the earth’s rotation at smaller spatial scales.  Ice is a non-continuous medium, where internal stresses can deform the medium, requiring a description of ice rheology within ice models.

Generally the NWP analysis is an interpolation and filtering process for which the key is the analysis weights which determine the relative contribution from the various observations and the model first guess. The traditional problem is few observations compared to the degrees of freedom in the models, and variations in scales between what is resolved by the models and what is actually observed. The weights are defined in terms of the expected errors variances and error correlations of the model first guess and the observations. The horizontal error correlations are assumed to be smooth, isotropic and homogenous and the multivariate error correlations are defined by assuming balanced constraints on the synoptic scale (e.g. geostrophy).

For the data analysis-assimilation problem in sea ice models, the assumption of isotropy and homogeneity in the error variance fields is probably less valid, except maybe for very coarse resolution and large scales. However, concerning use of satellite data, which is the dominant data source, the need for horizontal interpolation and filtering of the observations in the model grid might not be that crucial. In a large scale sea ice model we will use satellite data, e.g. SSM/I and scatterometer, with similar coverage and resolution as the model. Going to regional and local scales we will try to overcome the increased need for observation coverage by other data sources e.g. SAR data, IR or optical satellite data or by applying resolution enhancement techniques on the data.  Alternatively we will initialize the model on a larger scale and leave to the model dynamics and physics to develop the smaller scales dependent on forcing fields (similar to what is done for most of the operational high resolution NWP models).

However, the multivariate aspect is indeed important. In a coupled atmosphere-ocean-ice system we need to update the total model fields on basis of the ice analysis. To a certain extent we can leave the job to the physics and dynamics of the models (especially maybe if we chose a nudging type of assimilation technique). The calculations of surface fluxes (upward and downward) from the ice will adjust to the new analysed ice field. But if the immediate changes are too large this might lead to imbalances and errors. We therefore probably need a multivariate treatment e.g. analysing temperature consistent with ice extent.

Further the problem of relating a satellite measured quantity to the model variables is a challenge also for sea ice data assimilation. The concept of the variational method for assimilation of indirect measured quantities and ambiguous observations, as handled by 3D-var NWP data assimilation for example, is a powerful tool. The key is the algorithm or observation operator that relates model variables to quantities observed by satellites. The method makes it possible to exploit a quantity, such as radiances, directly in the assimilation and thereby avoid making uncertain assumptions to compensate for ambiguities in derived fields.

The quality of the sea ice model forecast is very dependent on the quality of the forcing fields given in the coupled system of weather and ocean forecast model. The errors in the sea ice field are dependent on errors in the total atmosphere-ocean-ice model system. An equivalent to the advanced analysis system of NWP or ocean circulation models like 4-DVAR will therefore need to incorporate the full coupled model system, and will indeed be very complex. This is probably not the obvious first approach in developing a suitable operational system.

Data Assimilation Issues

· lack of in-situ observations and incomplete and inconsistent data sets complicates matters

· additional difficulties arise because we’re dealing with the air/sea/ice interface

· the boundary interactions are complex

· ice is subject to the time and space scales that dominate atmosphere and ocean behaviour

· ice is a discontinuous, deformable medium and assumption of isotropy and homogeneity in the error variance fields is less valid

· a multivariate treatment is important e.g. sea temperature consistent with ice extent

· observation operator that relates model variables to quantities observed by satellites is key 

· complex methods may be too computationally expensive, especially for sophisticated operational models (may change with increased computational efficiency)

Research and Development Steps

Requirements Definition

· fields: ice concentration, thickness, roughness, strength, pressure, floe size, temperature, salinity, albedo and snow cover

· accuracy (see Appendix B: National Operational Ice Information Requirements, source for Canada’s input Scheuchl et al, 2004):

· scale and frequency:

· local to regional scale: 0.5 to 5 km resolution analysis 1 to several times daily dependent on availability of satellite passes followed by forecasts up to 48 hours.

· global scale: 10 to 25 km resolution daily analysis is needed as initial fields for up to 1 week forecast (forecast length is limited by NWP).

Data

· development or collaboration with developers of better passive microwave based ice concentration algorithms. Important to use digital ice chart based validation and tuning in conjunction with more detailed location and time specific datasets (e.g. Agnew et al, 2003)

· development of forward and inverse algorithms to mesh direct observations (eg. radiance) with model predictions

· development of simpler information extraction algorithms for SAR data

· for all of the above, it is essential to characterize the errors in a manner suitable for data assimilation

Models

· development of adequate or modification of existing models for a data assimilation system. This includes investigating the appropriate level of model complexity

· characterization of model errors

Data Assimilation

· determination of the best techniques for automated analysis of ice data

· determination of best techniques for incorporating automated and manual analysis fields into models

· determination of most useful data to be used within a sea ice data assimilation system

Other Issues

· the expertise for all of the above does not exist at individual Ice Centers and may not exist within the entire operational ice community

· resources: this work will reduce the workload of analysts in the future but where do the resources come from to develop such systems?

· what is the best way to engage the entire ice community in a collaborative effort?

· how do we engage other expertise particularly in the NWP, oceanography and climate change communities?

Strategies

· information exchange

· joint research (project based)

· operational model and/or data exchange

· ice integrated in national NWP programs

· common system approach (regional, hemispheric)

· others

Next Steps

· IICWG science meeting on modelling/data assimilation

· IICWG approved/funded workshops on data assimilation

· identification of national leads

Longer Term

· Coordinated “working groups”?

· Data Group - develop data products and assess data errors

· Model Group - assemble model components

· Assimilation Group - develop and test assimilation approaches

· Evaluation Group – obtain comparison data for models, data, and assimilated products; implement and test operationally

· Coordinate to share data, models, assimilation algorithms, and results

· Consistent grids for models, data, forcing

· Interchangeable modular components

· Follow example of model intercomparison projects
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Appendix A: National Inventories

Canada

Near Real-time Data Acquisition Suitable for Assimilation

· Current

· SSM/I ice concentrations (AES/York University algorithm)

· Ice drift derived from up to 4000 Radarsat 1 ScanSAR wide scenes/year

· Human ice analysis of Radarsat imagery

· Human composite ice analysis (incorporating all available data sources)

· Ice drift from between 5 and 10 ice beacons/year

· Planned (within next year or two)

· Envisat ASAR derived products

Sea Ice Models

· Current

· coupled multicategory ice-ocean dyanmic thermodynamic model for Canada’s east coast and the Gulf of St Lawrence

· multicategory ice dynamics models for other areas in Canada

· Planned (within next year or two)  

· semi-lagrangian ice models coupled to ocean models

Data Assimilation Techniques 

· Current

· nudging human ice analyses

· Planned (within next year or two) 

· objective ice analysis combining model forecasts with human ice analysis of SAR imagery

· objective SST analysis combining AVHRR derived SST with model forecasts and assimilating using nudging techniques

NWP Ice Analyses

· Current

· Objective ice thickness and concentration analysis based on CIS ice charts and SSM/I ice concentrations used a lower boundary condition

· Planned (within next year or two)

· Coupled atmosphere-ice and possibly ocean models in the CMC global model

Denmark

Near Real-time Data Acquisition Suitable for Assimilation

· Current

· SSM/I and QuikSCAT fused ice concentrations, ice edge and ice cover type using EUMETSAT SAF-OI  algorithms

· Human ice analysis of Radarsat and NOAA-AVHRR imagery

· Human composite ice analysis (incorporating all available data sources) – weekly ice charts

· Planned (within next year)

· Envisat ASAR derived products

Sea Ice Models

· Current

· High resolution (~2 km) ice drift model (DMI – VO) using ocean currents, surface winds and previous ice charts for southern Greenland  ≤ 62º N, valid for 12 – 24 hours

· Planned (within next year or two)

· Extension of the above model to higher latitudes including the possible inclusion of thermodynamics and longer forecasts

Data Assimilation Techniques  – NONE 

NWP Ice Analyses – NONE 
Norway
Near Real-time Data Acquisition Suitable for Assimilation

· Current

· SSM/I data, on BUFR format, ftp from UK Met Office

· QuikScat data , on BUFRformat,  ftp from NASA

· O&SI SAF, operational products gridded: edge, concentration, type

· Planned (within next year or two) 
· Envisat ASAR derived products

Sea Ice Models

· Current

· Dynamic-thermodynamic sea ice model. Elastic-Viscous-Plastic rheology, 3 thermodynamic ice and snow layers, fractional ice-concentration. 

· Planned (within next year or two)  

· Implementation of a rhelolgy more suitable for high resolution ice motion. 

Data Assimilation Techniques 

· Current
· nudging of O&SI SAF  ice concentration analyses

· objective SST analysis combining AVHRR derived SST with model forecasts and assimilating using nudging techniques

· Planned (within next year or two)

· Further developed ice analysis using satellite data including SAR

NWP Ice Analyses

· Current

· Objective ice edge analysis based on met.no’s sea ice service charts

· Planned (within next year or two)

· Coupled atmosphere-ice and possibly ocean models in the global model 

Appendix B: National Operational Ice Information Requirements

Canada[image: image1.wmf]Spatial resolution*

Temporal resolution*

Ice information

requirement

Strategic

Tactical

Strategic

Tactical

Description

1°

Ice/water

boundary or

Ice edge

5 km

<1 km

daily

6 hours

In case of a diffuse ice edge, the

CIS defines the ice/water

boundary as  10% ice

concentration

1°

Ice

concentration

+/- 10%

requires

resolution

<100m

+/- 5%

requires

resolution

<25m

daily

6 hours

Percentage of ice covered area.

Ice concentration is a key

parameter in the WMO egg code

(reference).

1°

Stage of

development

(e.g. new,

thin, first-year,

and multi-year

ice)

50-100 m

<20 m

daily

6 hours

Ice classes are defined by WMO

(reference).

1°

Iceberg

detection

<50m

<5 m

daily

hourly

Detection and tracking, possibly

classification of type (reference).

2°

Presence and

location of

leads (open

water)

50-100 m

similar to ice

conc.

<20 m

daily

6 hours

Leads and 

polynyas

2°

Ice thickness

5 km for

average

thickness

over an area

to +/- 20% of

total

thickness

<100m to

determine

average and

maximum

thickness

(including

rafting) over

an area  to

+/- 10% of

total

thickness

2x/week

daily

Important for navigation and/or

loads on structures

2°

Ice

topography

and

roughness

<50m to

determine

extent of

ridging; need

average

ridge heights

to within +/-

20%

<10m to

determine

mean and

maximum

ridge heights

to within +/-

10%

daily

6 hours

Presence, location and height of

ridges.

Roughness indicated by

concentration of ridges (in % or in

number per unit area) plus

average height (or total

thickness) of ridges

2°

Ice decay

state (or, more

specifically,

Ice strength)

20  km for

average

strength over

an area to

+/- 20% of

total strength

5  km for

average

strength over

an area to

+/- 10% of

total strength

weekly

daily

Identification of melt onset and

ponding

2°

Snow

properties

(e.g.

thickness,

wetness/densi

ty)

5 km for

average

snow depth

to +/- 20%

and density

to ???%

1 km for

average

snow depth

to +/- 10%

and density

to ???%

weekly

daily

To determine hull friction for ship

resistance – also important for ice

strength

* Note: The terms "Strategic" and "Tactical" and their associated spatial and temporal resolutions can vary over a

spectrum of scales, depending on the use of the term for a particular situation or application.  For the purposes of this

table, Strategic refers to the level of detail and information required for the preparation of a Canadian Ice Service Daily Ice

Analysis Chart.  Tactical refers to the level of detail and information required 

to support daily ship operations and

navigation in ice.  As an example of use of Strategic and 

Tactical levels of information, the CIS deploys Ice Service

Specialist (ISS) field personnel onboard the Canadian Coast Guard icebreakers. The ISS may use the Daily Ice Analysis

Chart to assist the Captain in making Strategic level route planning decisions, while in-ice operations and reconnaissance

(e.g. helicopter flight) are done at (or even fine than) the Tactical level noted in the table above.


Appendix C: Detailed Review of Data Assimilation

The origins of data assimilation techniques derive from the 1950s. Optimal interpolation techniques were developed first (see Eliassen, 1954, reprinted 1981) and by 1980 much of the data assimilation methodology for current numerical weather prediction was in place (see Bengtsson et al., 1981). Numerical weather prediction as an application of data assimilation is closely analogous to sea-ice monitoring and the data assimilation techniques developed by that community represent a valuable resource waiting to be exploited by the sea-ice monitoring community. 

In this section, a brief review of the technique is given, based on the introduction to data assimilation provided by Errico (1997).

Data Assimilation: A Simple Case

Data assimilation is a methodology for ingesting diverse data sets and providing output which, in some “optimum” manner, both filters and interpolates from the input observations, and provides information on parameters not sampled directly by the observation network. The technique requires models for these three functions and information on error statistics of observations in order to arrive at a judgment regarding how to deal with the input data. Consider, as an example, an observation of a geophysical parameter and a model prediction of the parameter provided for the same location and time. One simple assimilation scheme is the maximum likelihood technique, which makes use of error statistics associated with the observation (O) and the prediction (P), such that:

E = P + (O-P){p2 / (p2+ o2 )}





(1)

where E is the estimated state and p2 and o2 represent the error variances associated with the predicted and observed states, respectively. It can be seen that if the prediction error is much larger than the observation error, then the estimate tends towards the observed state. If, conversely, the prediction error is much larger than the observation error, then the estimate tends towards the prediction. Thus, the quality of the estimate depends strongly on errors in both the predictions (which may be model-driven) and observations (which may be sensor-driven) and is basically a weighted mean of the two. 

A range of estimation methods are available with which to determine how to make use of error statistics, beyond that of maximum likelihood. A Bayesian approach is conceptually useful, but rather impractical in the sense that it requires probability density error functions for all input data. A variational approach does not demand such complete error statistics but does demand some sort of prior knowledge of the data characteristics to support its use. A simple example of a variational approach would be to model the data as a linear function of some measurement parameter, so that the estimate can be obtained by a straight-line fit which allows interpolation to the measurement parameter of interest. A variational procedure can be extended to include other types of information through a weighting procedure (weighted sum of squares), based on relative error statistics. In the case where the error statistics are not distributed normally, there are estimation procedures more suited. An example is the case where the observations are contaminated by a relatively small number of points that have extremely large errors, thus skewing the distribution. The choice of estimation procedure therefore depends strongly on the depth of knowledge of error statistics (including co-variance of different parameters) and the extent to which the functional relationships of different parameters are known. The success of any of these techniques can be seen to depend critically on the accuracy with which error statistics are represented in the assimilation scheme, and specification of errors is therefore a most critical area of research for data assimilation.

Data Assimilation: More Sophisticated Approaches

As we move from a simple scalar system to a complex 4 dimensional system (with the temporal domain as the fourth dimension), the data assimilation scheme needs to become progressively more sophisticated. The difficulties of this more complicated scenario include the following:

· the observation and model points are not co-located (optimal interpolation may be required);

· the number of variables are large (scalar-to-vector generalization required);

· the observed parameters are different from the modeled parameters (physical model required).

Non co-location of points requires some sort of interpolation. The first generation of numerical weather prediction schemes, introduced after the second world war, were designed to deal with this requirement through interpolating observed data to a regular network of grid-points. Since then, the advent of non-synoptic data has made the procedure more complicated. Linear interpolation can make use of the radial distance to a measurement location plus some weight which reflects the quality of each point. There are also non-linear schemes, many of which are reviewed by Gustafsson (1981). With more than one variable, a multi-variate statistical interpolation scheme is required, and in their design these can make use of cross-correlations between the different variables. When the observed and modeled parameters are different, it is necessary to use physical modeling and a data assimilation scheme can typically include models relating observed parameters to model input parameters as well as a model for the general system behavior. An example of this would be radiative transfer modeling.

However, when assimilating point observations (such as from a buoy) it is likely necessary to spread the information spatially over many gridpoints in order to have any kind of positive impact on the subsequent forecast.  In NWP, the models almost completely ignore changes to the initial conditions that occur at only a single grid point.  Even for high-resolution satellite data, this spatial spreading (even when co-located with the model grid) can make better use of the observations by filtering some of the measurement error (if the error is spatially uncorrelated). We also know in NWP, that if the information is spread spatially and to the other model variables (e.g. through a geostrophic balance) that the model reacts in a better way to the analysis when supplied as the initial conditions.  A good assimilation procedure reduces the need for initialization procedures (such as a digital filter or gradually forcing the model towards the analysis).

The Kalman filter represents one practical approach for assimilating data, and one which has been applied to assimilation of data in sea-ice studies (e.g. Thomas and Rothrock, 1993).  The Kalman filter, as in any data assimilation scheme, can provide an estimate of the error in the estimated state of the system, as well as providing the estimate itself.  However, the value of the technique depends sensitively on the assumptions and knowledge regarding error terms and the physical model.  In general, the error associated with the model is less easy to determine than the measurement error, as models are notoriously difficult to evaluate.  The Kalman filter has similarities, in the limit, to the simple Maximum Likelihood scheme described earlier, and all data assimilation methods basically weight the use of data in inverse proportion to their relative errors.  

Much important initial work in applying data assimilation techniques to sea-ice studies has been carried out by Rothrock and Thomas (1992), which incorporated both SMMR observations and buoy data into a sea-ice model using the discrete Kalman filter (Thomas and Rothrock, 1989). This was an early example of data assimilation applied to the problem of realistic modeling of sea-ice behavior, building from earlier work by Thorndike (1988).   

Thomas and Rothrock (1993) extended their work to apply data assimilation to the problem of determining the mass balance of the Arctic Ocean, using 7 years of buoy-derived ice motion fields and satellite passive microwave observations. They use 7 cells in the Arctic Ocean in order to account for regional variations in climatology and dynamics / thermodynamics. Their transition matrix accounts for ice melt and growth, as before. Their transition matrix is extended, however, to account for ice convergence (which will reduce the concentration of first-year ice) and general advection based on buoy data. The advection and convergence observations are determined via an optimal interpolation procedure, weighted between the buoy observations and free drift based on geostrophic winds (modified by a seasonal drag factor and turning angle). Where the error in the buoy interpolation is estimated to be large, the free drift estimates are used.  Thomas and Rothrock (1992) used this technique to evaluate regional differences in climatology and dynamics and significant sources of error. SSM/I-derived ice concentrations were identified as a major source of uncertainty in interpretation of the results. Thomas et al. (1996), who looked at ice thickness distributions across the Arctic, applied the same technique further.

Optimal interpolation (OI) is a simplified version of the Kalman filter that has been used to assimilate ice motion (Meier, et al., 2000).  Instead of allowing the autocovariances to evolve in time as in the Kalman filter, they are considered constant.  This simplification decreases accuracy, but increases computational efficiency.   OI combines available measurements such that true error is minimized in a statistical sense, where the weights are determined through a least squares minimization of the error variance of the assimilated value as compared to the statistical true value.   SSM/I derived ice motion were assimilated into an ice model using OI and was shown to substantially reduce the error standard deviation and improve the correlation of the simulated ice motion to buoy observations (Meier, et al., 2000).  The observation error is assumed unbiased, random and constant over the interpolated area, which may not necessarily be valid assumptions.

Previous Sea Ice Assimilation

Preller and Posey (NRL)

· Initialize operational PIPS (U.S. Polar Ice Prediction System) model with SSM/I ice extent

· Adjust model ice concentration and ocean mixed-layer to match observations

Thomas and Rothrock (Univ. of Washington)

· Kalman Filter for ice concentration/thickness, ice mass balance

· Coarse spatial resolution (7 cells over Arctic)

Meier and Maslanik (Univ. of Colorado)

· SSM/I ice motion into 2-category moderate resolution (80 km) model

· Seasonal and regional error statistics and effects during synoptic-scale events

Current Sea Ice Assimilation: Ice Drift

D. Stark (U.S. Naval Postgraduate School)

· Assimilation of ice motion into high-resolution, coupled ice/ocean model (PIPS3)

R. Lindsay (Univ. Washington)

· Assimilation of buoy and SSM/I motions (also some comparisons of effect of assimilation on ice thickness)

Arbetter and Meier (Univ. Colorado, US Naval Academy)

· Investigation of quality of ice dynamics and observations on assimilation
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Ice information

requirement

Strategic

Tactical

Strategic

Tactical

Description

1°

Ice/water

boundary or

Ice edge

5 km

<1 km

daily

6 hours

In case of a diffuse ice edge, the

CIS defines the ice/water

boundary as  10% ice

concentration

1°

Ice

concentration

+/- 10%

requires

resolution

<100m

+/- 5%

requires

resolution

<25m

daily

6 hours

Percentage of ice covered area.

Ice concentration is a key

parameter in the WMO egg code

(reference).

1°

Stage of

development

(e.g. new,

thin, first-year,

and multi-year

ice)

50-100 m

<20 m

daily

6 hours

Ice classes are defined by WMO

(reference).

1°

Iceberg

detection

<50m

<5 m

daily

hourly

Detection and tracking, possibly

classification of type (reference).

2°

Presence and

location of

leads (open

water)

50-100 m

similar to ice

conc.

<20 m

daily

6 hours

Leads and 

polynyas

2°

Ice thickness

5 km for

average

thickness

over an area

to +/- 20% of

total

thickness

<100m to

determine

average and

maximum

thickness

(including

rafting) over

an area  to

+/- 10% of

total

thickness

2x/week

daily

Important for navigation and/or

loads on structures

2°

Ice

topography

and

roughness

<50m to

determine

extent of

ridging; need

average

ridge heights

to within +/-

20%

<10m to

determine

mean and

maximum

ridge heights

to within +/-

10%

daily

6 hours

Presence, location and height of

ridges.

Roughness indicated by

concentration of ridges (in % or in

number per unit area) plus

average height (or total

thickness) of ridges

2°

Ice decay

state (or, more

specifically,

Ice strength)

20  km for

average

strength over

an area to

+/- 20% of

total strength

5  km for

average

strength over

an area to

+/- 10% of

total strength

weekly

daily

Identification of melt onset and

ponding

2°

Snow

properties

(e.g.

thickness,

wetness/densi

ty)

5 km for

average

snow depth

to +/- 20%

and density

to ???%

1 km for

average

snow depth

to +/- 10%

and density

to ???%

weekly

daily

To determine hull friction for ship

resistance – also important for ice

strength

* Note: The terms "Strategic" and "Tactical" and their associated spatial and temporal resolutions can vary over a

spectrum of scales, depending on the use of the term for a particular situation or application.  For the purposes of this

table, Strategic refers to the level of detail and information required for the preparation of a Canadian Ice Service Daily Ice

Analysis Chart.  Tactical refers to the level of detail and information required 

to support daily ship operations and

navigation in ice.  As an example of use of Strategic and 

Tactical levels of information, the CIS deploys Ice Service

Specialist (ISS) field personnel onboard the Canadian Coast Guard icebreakers. The ISS may use the Daily Ice Analysis

Chart to assist the Captain in making Strategic level route planning decisions, while in-ice operations and reconnaissance

(e.g. helicopter flight) are done at (or even fine than) the Tactical level noted in the table above.
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Spatial resolution*

Temporal resolution*

Description





Strategic

Tactical

Strategic

Tactical





1°

Ice/water boundary or Ice edge

5 km

<1 km

daily

6 hours

In case of a diffuse ice edge, the CIS defines the ice/water boundary as  10% ice concentration



1°

Ice concentration

+/- 10%


requires resolution <100m

+/- 5% requires


resolution <25m




daily

6 hours

Percentage of ice covered area. Ice concentration is a key parameter in the WMO egg code (reference).



1°

Stage of development (e.g. new, thin, first-year, and multi-year ice)

50-100 m

<20 m

daily

6 hours

Ice classes are defined by WMO (reference).



1°

Iceberg detection

<50m

<5 m

daily

hourly

Detection and tracking, possibly classification of type (reference).



2°

Presence and location of leads (open water)

50-100 m


similar to ice conc.

<20 m

daily

6 hours

Leads and polynyas



2°

Ice thickness

5 km for average thickness over an area to +/- 20% of total thickness

<100m to determine average and maximum thickness (including rafting) over an area  to +/- 10% of total thickness 

2x/week

daily

Important for navigation and/or loads on structures



2°

Ice topography and roughness

<50m to determine extent of ridging; need average ridge heights to within +/- 20% 

<10m to determine mean and maximum ridge heights to within +/- 10%

daily

6 hours

Presence, location and height of ridges.


Roughness indicated by concentration of ridges (in % or in number per unit area) plus average height (or total thickness) of ridges 



2°

Ice decay state (or, more specifically, Ice strength)

20  km for average strength over an area to +/- 20% of total strength

5  km for average strength over an area to +/- 10% of total strength

weekly

daily

Identification of melt onset and ponding



2°

Snow properties (e.g. thickness, wetness/density)

5 km for average snow depth to +/- 20% and density to ???%

1 km for average snow depth to +/- 10% and density to ???%

weekly

daily

To determine hull friction for ship resistance – also important for ice strength



* Note: The terms "Strategic" and "Tactical" and their associated spatial and temporal resolutions can vary over a spectrum of scales, depending on the use of the term for a particular situation or application.  For the purposes of this table, Strategic refers to the level of detail and information required for the preparation of a Canadian Ice Service Daily Ice Analysis Chart.  Tactical refers to the level of detail and information required to support daily ship operations and navigation in ice.  As an example of use of Strategic and Tactical levels of information, the CIS deploys Ice Service Specialist (ISS) field personnel onboard the Canadian Coast Guard icebreakers. The ISS may use the Daily Ice Analysis Chart to assist the Captain in making Strategic level route planning decisions, while in-ice operations and reconnaissance (e.g. helicopter flight) are done at (or even fine than) the Tactical level noted in the table above.



