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ABSTRACT

In this paper, the assimilation of binary observations calculated from synthetic aperture radar (SAR) images of

sea ice is investigated. Ice and water observations are obtained from a set of SAR images by thresholding ice

and water probabilities calculated using a supervised maximum likelihood estimator (MLE). These ice and

water observations are then assimilated in combination with ice concentration from passive microwave

imagery for the purpose of estimating sea ice concentration. Due to the fact that the observations are binary,

consisting of zeros and ones, while the state vector is a continuous variable (ice concentration), the forward

model used to map the state vector to the observation space requires special consideration. Both linear and

non-linear forward models were investigated. In both cases, the assimilation of SAR data was able to produce

ice concentration analyses in closer agreement with image analysis charts than when assimilating passive

microwave data only. When both passive microwave and SAR data are assimilated, the bias between the ice

concentration analyses and the ice concentration from ice charts is 19.78%, as compared to 26.72% when only

passive microwave data are assimilated. The method presented here for the assimilation of SAR data could be

applied to other binary observations, such as ice/water information from visual/infrared sensors.
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1. Introduction

Synthetic aperture radar (SAR) data are widely used for sea

ice monitoring. This is due to the ability of SAR sensors

to provide useful information over a range of weather and

illumination conditions, and the relatively high resolu-

tion of the data (nominal pixel spacing :50m for a wide

swath RADARSAT 2 image). Visual interpretation of SAR

imagery by trained analysts provides a key contribution to

operational ice charts (Carrieres et al., 1996). These ice

charts provide information regarding the ice concentration

and stage of development (e.g. new ice, grey ice, grey-white

ice, first-year ice, multi-year ice and fast ice) over a given

region valid at a specific time. Ice concentration data from

ice charts are currently assimilated in the operational

ice forecasting system at Environment Canada (Buehner

et al., 2013) in combination with data from passive micro-

wave sensors and scatterometers (Buehner et al., 2014).

To improve the efficiency and consistency of information from

SAR imagery entering the assimilation system, methods

are being developed to assimilate information from SAR

images without first visually interpreting the images. This is

challenging because it is difficult to retrieve the parameters

of interest (ice concentration, ice thickness, ice type) from

SAR images automatically, and in a robust manner.

Several approaches have been proposed in the literature

for classification of SAR sea ice imagery into ice and open

water classes, and to estimate sea ice concentration from

SAR imagery (Karvonen et al., 2005; Berg and Eriksson,

2012; Karvonen, 2012, 2014; Leigh et al., 2014). Berg and

Eriksson (2012) used image backscatter autocorrelation

as input to a neural network to separate ice and open

water in SAR imagery. Spatial averaging was applied to

the classification result to calculate sea ice concentration.

Comparison of the ice concentration with that from oper-

ational ice charts found differences that could be either

due to variability in surface characteristics unrelated to

ice concentration, or details not captured by the ice charts.

Karvonen et al. (2005) used a Gaussian mixture model
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(GMM) of image backscatter autocorrelation calculated

for homogeneous segments in an algorithm to estimate ice

concentration for each segment. The sea ice concentration

was one minus the mixture fraction of the open water class

in the GMM. The classified images were found to have an

accuracy of approximately 80% in comparison with oper-

ational ice charts. More sophisticated methods from the

computer vision community are also under development

(Ochilov and Clausi, 2012; Leigh et al., 2014). An overall

classification accuracy of 96% has been found in a recent

study combining a pixel level support-vector machine with

image contextual information to classify the image into ice

and water regions (Leigh et al., 2014).

Assimilating image data in which the image has been

segmented into homogeneous regions would require a

different approach than that taken for continuous data,

due to the segmented nature of the observations. An alter-

native to assimilating ice concentration or ice/water classes

retrieved from the image would be to assimilate the back-

scatter values directly. Such an approach has been used to

directly assimilate brightness temperatures from a passive

microwave radiometer over sea ice (Scott et al., 2012) and

SAR observations of snow over land (Phan et al., 2013).

However, assimilating SAR backscatter directly over sea

ice would require a physical model for the interaction of the

SAR signal with the ice surface. Such a model would be a

complex function of poorly known surface conditions, such

as the sea ice salinity, snow cover and surface temperature.

An alternative approach is used here to assimilate data

from SAR imagery. The method begins with classifying

groups of pixels over windows in the image as either ice or

water. The resulting binary ice/water observations are then

assimilated in a system to improve estimates of ice con-

centration, together with ice concentration observations

from a passive microwave sensor.

To the best of the author’s knowledge, there are few

previous studies on assimilating binary data directly into

continuous fields. Theoretical foundations regarding this

problem have been developed in Storto and Tveter (2009),

in which a Bayesian formulation is used to describe the

probability of the (continuous) true state given a binary

observation and the continuous background field. This

theory is then applied to the problem of assimilating cloud

cover observations. In application of the theory (Storto

and Tveter, 2009), binary cloud/no cloud observations are

combined to form a cloud fraction observation, similar

to the concept of averaging ice/water points to develop

an ice concentration. A method to map the cloud fraction

observation to the state variable (humidity) was then devel-

oped for assimilation. Other studies on the use of binary

snow cover observations (snow on/off) similarly often aver-

age points to develop a snow cover fraction (Pullen et al.,

2011), or use the snow cover information in a rule-based

assimilation method (Rodell and Houser, 2004; Fletcher

et al., 2012). The present study develops a novel approach,

in which a mapping is developed between the continuous

ice concentration state and the binary observation space to

assimilate the binary observations directly.

The remainder of the paper is organised as follows; the

data used in this study are described in Section 2, the

method used to process observations from SAR imagery is

described in Section 3, and the method used to assimilate

these observations is described in Section 4. The experi-

mental set-up and results are given in Sections 5 and 6,

respectively, and conclusions are given in Section 7.

2. Data

2.1. SAR imagery

The sea ice imagery used in this study was acquired from

RADARSAT 2, which obtains measurements at 5.3GHz

(C band). The data were acquired in ScanSAR wide mode,

with a swath range of 500 km and a nominal pixel spacing

of 50m. For the results presented here, both HH-polarised

images (horizontal transmit-horizontal receive) and HV-

polarised images (horizontal transmit�vertical receive) were
used. The dataset consists of 23 images, acquired from

January 17th 2014 to February 10th 2014. All images were

acquired over the Gulf of St. Lawrence, on the east coast of

Canada. The chosen time period corresponds to freeze-up

and ice growth in the Gulf of St. Lawrence.

2.2. Ice concentration from the ARTIST Sea Ice

algorithm

Ice concentration calculated using the ARTIST Sea Ice

(ASI) algorithm (Spreen et al., 2008) was assimilated either

alone, or with the observations from SAR. The ice concen-

tration data were downloaded from www.icdc.zmaw.de/

seaiceconcentration_asi_amsre.html. The ice concentration

in the ASI algorithm is calculated using data from the

89GHz channels of the AMSR2 sensor and is available

once per day on a polar stereographic grid with a spatial

resolution of 3.125 km (Beitsch and Kern, 2014). It should

be noted that actual spatial resolution of the data is limited

by the instrument field of view for 89GHz on the AMSR2

sensor, which is 3 km�5 km. The ASI ice concentration

was also used as a source of training data to obtain the

ice and water observations. ASI ice concentration has been

compared with ice concentration derived independently

from ship-based observations (Spreen et al., 2008) and

from Landsat images (Wiebe et al., 2009). The correlation

with ship-based ice concentration was 0.80, with the lowest

correlations being in areas of low ice concentration. In the

comparison against Landsat data, it was found the errors
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depended on the ice type, and were highest for new ice, with

ASI underpredicting the ice concentration as compared

to Landsat for this case. An extensive study of various

algorithms for the calculation of ice concentration from

passive microwave sensors found that an underestimate of

ice concentration in regions of thin ice (thickness less than

30 cm) is common feature of these algorithms (Ivanova

et al., 2013). The underestimation is, however, lower for

algorithms using the high frequency channels, such as the

ASI algorithm. The ASI algorithm was found to under-

estimate the ice concentration only for ice less than 20 cm

in thickness. Ice concentration calculated using ASI was

chosen for this study because the region considered con-

tains large quantities of thin ice; hence, any improvement

from using SAR in addition to ASI, compared with assi-

milating ASI data alone, will not be biased due to the

choice of ice concentration data. In addition, the study

region is enclosed by land and also contains several islands.

This means that, due to proximity to coastlines, data need

to be discarded due to land spillover. Since higher fre-

quency channels on passive microwave sensors correspond

to data at higher spatial resolution, this effect is minimised

by choosing an ice concentration calculated using the

89GHz channel.

2.3. Image analysis charts from the Canadian Ice

Service

Image analysis charts prepared manually by expert analysts

at the Canadian Ice Services are used to assess the quality

of the assimilation, and are also used as an alternate source

of training data. These charts represent a manual inter-

pretation of the SAR imagery, and hence are not indepen-

dent of the SAR imagery used in this study. In preparation

of an image analysis chart, the analyst draws polygons

indicating areas where the ice conditions appear to be

either homogeneous, or to contain a mixture of up to three

different ice types. The preparation of image analyses is

subjective, and small-scale features, such as cracks in the ice

cover, are typically not part of such an analysis. Errors in

the ice concentration may also arise due to converting

continuous image data to discrete categories.

3. Calculation of observations from SAR

imagery

3.1. Demonstration with a toy model

To motivate the method used to generate the ice and water

observations from the SAR imagery, a simple example is

presented in this section. A true sea ice state is generated

that consists of binary values, zero and one. This can be

thought of as a very high resolution representation of

sea ice concentration, in which the pixels are small enough

to contain pure samples of ice and water. The true sea ice

state is designed such that the locations of ones and zeros in

a specified interval (20 points) are chosen randomly, but

the concentration of ones in each interval increases linearly.

In this way, an ice concentration can be generated by

averaging the true state over the interval, which will be

referred to as a spatial average. The true state, ICtrue, is

shown in Fig. 1a.

The true state is then used to simulate high-resolution

training data. For this purpose, observations are sampled

from the true state according to

y ¼ 10þ Eobs; if ICtrue ¼ 0

20þ Eobs; if ICtrue ¼ 1

�
(1)

The observation error, eobs, is chosen to follow a Gaussian

distribution N(0, 2.52). A random set of these observations

is shown in Fig. 1b. The chosen Gaussian parameterisation

leads to the probability density functions (PDFs) shown in

Fig. 1c, which represent the likelihood of observing a given

value, knowing that the point is either ice or water. The

likelihoods are then used to calculate the probability of ice

or water given an observed value using Bayes theorem.

Assuming two classes, A1, A2 (ice and water), and a uni-

form prior for each class, the probability of a class given

the observed value, B, using Bayes theorem is

PðAnjBÞ ¼
PðAnÞPðBjAnÞP

j PðAjÞPðBjAjÞ
: (2)

Note that because there are only two classes, and these two

classes are mutually exclusive (it is assumed a point cannot

be covered by both ice and water), the probabilities of ice

and water must sum to 1.

Probabilities of ice and water are then calculated for

two sets of observations. The first set consists of perturba-

tions of the true state, following eq. (1), and they were left

at the resolution of the true state. These observations

will be referred to as the high-resolution observations. For

this case, even when using only a single set of observations,

the probability of ice, P(ice), tends to be high where ICtrue

indicates ice, and lowwhere ICtrue indicates water (see Fig. 1d).

Applying a threshold to these probabilities, such that

points with P(ice)�0.9�1 and points where P(ice)B0.1�0

generates a binary ice/water state, very similar to true state.

If the desired observation for assimilation was ice concen-

tration, a spatial averaging operator could be applied to

this estimated ice/water state, with the fraction of points

corresponding to ice within the support of the operator,

divided by the total, corresponding to the ice concentra-

tion. Carrying this out for a single set of observations yields

the ice concentration shown as the solid line in Fig. 1e.
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Note that to generate this ice concentration, points for

which the probability of ice is between 0.1 and 0.9 are

not included in the spatial averaging operation, with the

support of the averaging operation adjusted accordingly.

Averaging results over many sets of observations yields

a smoother ice concentration, shown as the dashed line

in Fig. 1e, which corresponds very closely to the true ice

concentration, shown as the thick grey line. These results

are expected because the training data and the high-

resolution observations were generated using the same

sampling procedure and are at the same resolution, and

the spatial averaging to obtain ice concentration was carried

out over the same interval of 20 points that was used to

design the true state. The purpose is to show that given

high-resolution observations and training data, a binary

ice/water state can be recovered that can subsequently be
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spatially averaged to obtain an ice concentration represen-

tative of the true ice concentration.

The second set of observations was generated to more

closely represent the present situation, in which the obser-

vations from the SAR image are not of sufficiently high

resolution to represent pure pixels of ice and water. These

observations are generated by first sampling the true state

according to eq. (1) and then spatially averaging these

observations over intervals of 20 points that follow those

used to design the true state. These observations will be

referred to as the low-resolution observations. A single

set of these observations is shown in Fig. 2a, with the

corresponding probability of ice for this set shown as the

solid line in Fig. 2c. The likelihood functions used to

calculate the probability of ice are the same as those used

for the high-resolution observations (i.e. the same training

data are used), and are shown in Fig. 2b to guide the

interpretation of Fig. 2c.

The probability of ice in Fig. 2c is high over a range

of points in the true state that correspond to a high ice

concentration. If the true state were to be spatially averaged

to generate an ice concentration, it would be found that

the probability of ice is 1 when this true ice concentration

is greater than 0.8. Applying a threshold to the probability

of ice, such that the points where P(ice)�0.9 correspond

to 1, and points where P(ice)B0.1 correspond to 0, would

generate a binary ice/water state, with missing values

reflecting the locations where the probability of ice has

intermediate values between 0.1 and 0.9. However, a value

of 1 in this state can only indicate that the given point has

a high probability of having a high ice concentration.

Calculating an ice concentration from these ice/water points

would not make sense. This situation represents the present

case, in which the observations generated from the SAR

imagery have a resolution of 2.1 km and an observation

with high probability of ice cannot be interpreted as having

an ice concentration of 100%. For this reason, the obser-

vations assimilated consist of binary values (0 and 1) and

are not averaged to generate an ice concentration before

assimilation. Note that reducing the observation error

standard deviation from 2.5 to 1 does not alter this

conclusion. With a reduced observation error, there is less

overlap between the ice and water PDFs, shown in Fig. 2d,

resulting in a sharper transition in the probability of ice,

shown in Fig. 2e.

The toy model uses a true state consisting of zero and

ones that are averaged over intervals containing 20 points.

To relate this model to the real situation, the typical floe

size in the region is compared with the spatial scale used

to calculate the SAR image features. Inspection of the

polygon information in the CIS daily ice charts for the

period January 17th�February 10th indicates that a typical

floe size is 100m. Averaging over 20 points corresponds to

an average over a spatial distance of 2 km, which is appro-

ximately the same as the distance over which the SAR

image backscatter is taken into account in the calculation

of the image features (mean HV backscatter and HH

correlation), as discussed in Section 3.2.

3.2. Selection and calculation of image features

Visual inspection of a SAR image reveals changes in image

tone and texture that are related to changes in the surface

conditions and imaging geometry. For example, the tone of

the HH backscatter over open water changes with incidence

angle, and texture features are sometimes visible over open

water due to wind roughening that can be similar to what is

seen over ice. Consequently, the tone from an HH SAR

image cannot be used to discriminate between ice types or

ice and water without additional information. HV imagery

has been found to be more useful toward discriminating

between ice and water (Leigh et al., 2014). However,

the HV signal is close to the noise floor, and should be

combined with additional information for a more robust

result. In this study, HV backscatter is combined with

a texture feature from the HH image. Texture features

were calculated using the grey level co-occurrence matrix

(GLCM) (Soh and Tsatsoulis, 1999). Before calculating the

texture features, image backscatter values are averaged in

2�2 blocks to reduce speckle noise. In the calculation of

the texture features, a window size of 21�21 pixels was

used. In combination with the 2�2 block averaging, this

means that each pixel of the resulting image corresponds

to 42�42 pixels in the original image. This results in a

nominal spatial resolution of 2.1 km. The GLCM is cal-

culated using 32 quantisation levels, a displacement of 1

and results using different orientations are averaged together

to produce an isotropic representation of the texture in the

GLCM window. Discussion of the roles of quantisation,

displacement and orientation in the calculation of GLCM

texture features can be found in Clausi (2002); Shokr

(1991); Soh and Tsatsoulis (1999). While various texture

features were investigated, such as contrast, entropy and

correlation, it was decided to use only one HH texture

feature in combination with HV mean backscatter, aver-

aged over the 2.1-km window, to maintain simplicity. The

chosen HH texture was the GLCM correlation, because

it visually led to reasonable ice/water separation. Results

were not significantly altered when a different texture

feature was chosen.

3.3. Generation of probabilities

Ice and water observations are calculated from the SAR

imagery using a simple Bayesian maximum likelihood esti-

mator (MLE). The likelihood of a class (e.g. ice or water)
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given an image feature (e.g. backscatter, texture) is found

using a supervised method. The pixels in each image are

binned according to the ice concentration in the training

data to form two sets of image features, one corresponding

to ice and one corresponding to water.

From this binned data the joint pdf that represents the

likelihood function for the image features given the class is

calculated. The probability of the class given the image

features is then given by

PðAnjB1 \ B2Þ ¼
PðAnÞPðB1 \ B2jAnÞP

j PðAjÞPðB1 \ B2jAjÞ
; (3)

where An refers to the class (ice, water) and Bi refers to

different features calculated from the SAR imagery (here
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this is the GLCM correlation from the HH image and

mean backscatter from the HV image). The prior prob-

ability of each class is assumed to be equal, that is, P(A1)�
P(A2), which leads to a MLE. For the results shown in this

paper, a non-parametric Parzen window method was used

to represent the likelihood functions (Botev et al., 2010).

Two different sets of data were tested to bin the image

pixels into ice or water, for computing P(B1SB2jAn).

The first set used was the ASI ice concentration, while

the second set was the ice concentration from the image

analysis. In both cases, all 23 available SAR images are

used in training. The purpose of training is to identify

image features representative of ice and water, respectively.

To this end, points in the training data that correspond to

ice and water need to be identified. For the ASI data, if the

ice concentration at the pixel location is greater than 0.98,

the pixel is considered to be ice, and if the ice concentration

is less than 0.02, the pixel is considered to be open water.

For the image analysis charts, pixels contained in polygons

with ice concentration 9� are considered to be ice, while

those in polygons labelled as water are considered to be

open water. In both cases, points in the training data that

do not meet these criteria are not used.

Due to the fact that ASI tends to underestimate the

ice concentration in areas of thin ice (Wiebe et al., 2009;

Ivanova et al., 2013), thin ice regions have a low ice

concentration and do not meet the criteria to be included in

the ice training data. For example, the ASI ice concentra-

tion and the daily ice chart indicating the stages of devel-

opment for January 24th are shown in Fig. 3a and b,

respectively. The new ice (defined as ice with thickness less

than 0.1m) corresponds to the light pink regions in the

ice chart that have concentrations generally near 0.9 (as

indicated by the top number in the corresponding ‘egg’

code given in units of tenths). These regions typically have

very low ice concentration in ASI, and at times may be

included instead in the open water training data. This is

reflected in the PDF for the water class, shown in Fig. 4b.

The tail of the PDF, which is associated with low values

of HV backscatter and moderate values of HH GLCM

correlation (around 0.4), represents the thin ice that is

being included in the open water training data. The

probability of ice for the SAR image acquired at 10:23

UTC on January 24, 2014, is shown in Fig. 5a. It can be

seen that the areas of thin ice that are not captured in the

ASI data, are associated with a low probability of ice, as

expected. In comparing Fig. 5b with 9f, it can be seen that

when the ice charts are used for training, there is a strong

correspondence between locations with a high probability

of ice, and the occurrence of ice in the ice charts, as

expected.

In contrast, the PDFs for the ice and water classes are

shown in Fig. 4c and d when image analyses are used as the

training data. It can be seen that the water PDF no longer

has the tail corresponding to thin ice. The ice PDF is now

shifted to lower values of HV backscatter, and higher

values of correlation. This shift reflects the large portion of

thin ice in the training data. The probability of ice for the

image on January 24th is shown in Fig. 5b for the case

when the charts are used as the training data. It can be seen

that the probability of ice is now relatively high over both

the thin ice and the thicker ice, because both types of ice are

included in the training data.

3.4. Generation of observations from probability maps

The water observations were chosen to be those pixels

for which the probability of water is greater than 0.98. For

the ice observations, two different thresholds were tested,

corresponding to pixels where the probability of ice is

greater than 0.90 and 0.98, respectively. Observations cor-

responding to these conditions for the image acquired at

10:23 UTC on January 24th 2014 are shown in Fig. 5c and

e for the case when ASI data are used for training and in

Fig. 5d and f for the case when the image analysis charts

are used for training. It can be seen that there are more

observations when the image analysis charts are used for

training, in particular in the areas where there is thin ice. It

should be noted that this day is not typical, in that quantity

of SAR observations available is larger than usual. The

number of SAR observations available on each day is

shown in Fig. 6. It can be seen that the number of SAR

observations increases substantially when the probability

threshold is lowered from 0.98 to 0.90.

4. Assimilation method

The data assimilation method is based on finding the

analysis that corresponds to the minimum of a cost

function that measures the difference between the analysis

and the background, weighted by the inverse of the

background error covariance matrix, B, and the difference

between the analysis and the observations, weighted by the

inverse of the observation error covariance matrix, R. This

cost function is written as

JðxÞ ¼ 1

2
ðx � xbÞ

T
B�1ðx � xbÞ

þ 1

2
y �HðxÞð ÞTR�1 y �HðxÞð Þ;

where x is the analysis state that is being determined, xb
is the background state, y is the vector of observations

and H is the observation operator (also referred to as the

forward model) that maps the state vector to the observa-

tion space. The cost function is minimised iteratively, with

the final analysis state denoted as xa, and the analysis

ICE AND WATER OBSERVATIONS FROM SAR IMAGERY 7
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Fig. 3. Ice concentration on January 24th 2014. Panel (a) is the ice chart from the Canadian Ice Service, with colour coding

corresponding to stage of development of the ice. The light pink colour corresponds to new ice (ice of thickness less than 10 cm). Panel (b) is

the ASI ice concentration for January 24th 2014.
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increment denoted as xa�xb. To allow a clear examination

of the impact of the observations, the background and

observation error covariance matrices were assumed diag-

onal, with equal error variances, r2
o ¼ r2

b. In this way,

each observation can only impact the location where it is

assimilated, i.e. the usual spreading of observation infor-

mation to neighbouring locations by the spatial correla-

tions within the background error covariance matrix is not

included.

Due to the fact that the spatial resolution of the SAR

observations, 2.1 km, is higher than that of the background

state, 3.125 km, in some cases there is more than one SAR

observation at a given point in state space. When this

occurs a majority vote rule is applied to determine if the

SAR observation assimilated is a zero or a one. In the case

that the number of ones at the given point in state space

is equal to the number of zeros, no SAR observation is

assimilated due to the fact that the analysis increment from

assimilating a one would cancel with that from assimilating

a zero.

4.1. Assimilation of ice and water observations

In order to assimilate the ice and water observations, a

forward model, denoted as H(x), that maps the state

vector, x, consisting of ice concentration, to the observa-

tion space, y, consisting of zeros and ones, is needed. Due

to the binary nature of the observations, a different

forward model is used depending on whether the observa-

tion is ice (one) or water (zero).

For the case when the observation is ice, a forward

model is desired such that when the ice concentration from

the background state is high, the observation will have little

or no impact on the final analysis state, whereas when the

ice concentration from the background state is low, the

observation can lead to an increase in the ice concentration

relative to the background state. This behaviour is desired

because an ice observation does not provide information

on the exact details of how high the ice concentration is,

only that the pixel is most likely ice covered (see Section

3.1). When the ice concentration in the background state is

already relatively high, and the observation is ice, the two
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Fig. 4. Joint PDF of the probability of (a, c) ice and (b, d) water given HV mean backscatter and HH GLCM correlation over a 2.1-km

window, calculated using ASI training data (a, b) and training data from image analysis charts (c, d).
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are considered to be in agreement, and the assimilation of

the SAR ice observation should not change the background

state. Similarly, when the observation is water, the forward

model should be chosen such that it cannot remove ice

when the ice concentration in the background state is

already low.

4.1.1. Non-linear forward models. The first forward

model considered that has the desired properties is shown

in Fig. 7a. It should be noted that the slope of H(x) is one

for low ice concentration, which will allow a non-zero

cost function gradient to generate an ice concentration

increment. At higher ice concentration the slope of H(x)

approaches zero, which means the cost function has no

gradient, and hence no ice increment can be generated. The

forward model for the open water observations is designed

following a similar logic, and is shown in Fig. 7b. The

functions chosen for the forward models shown in Fig. 7

are given in Appendix.

The behaviour of the forward model can be seen more

clearly by examining the analysis state as a function of the
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Fig. 5. Probabilities of ice for January 24th 2014 when (a) ASI data are used for training; and (b) when image analysis charts are used for

training. Observations generated from the probabilities when (c, e) ASI data are used as the training data, and (d, f) when image analysis

charts are used as the training data. Panels (c, d) correspond to a threshold of 0.98 and panels (e, f) correspond to a threshold of 0.90.
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background state for the case when an ice observation is

assimilated, and for the case when a water observation is

assimilated at each point in the state space. This is shown in

Fig. 8a for the forward models in Fig. 7. When the obser-

vation is ice, and the background state is water (xb�0), the

ice concentration analysis is 0.5. As the background state

ice concentration increases, the analysis increases smoothly

to approach the background state, reflecting the fact that

an ice observation has diminishing impact. Similarly, when

the observation is water, and the background state is ice

(xb�1), assimilation of the observation reduces the ice

concentration to 0.5. Again, the impact of the observation

decreases smoothly to allow the analysis to approach the

background state, this time with decreasing ice concentra-

tion. Note that there is no impact from assimilating ice

observations for background ice concentrations above

approximately 0.8, and similarly no impact from assimilat-

ing water observations for background ice concentrations

below approximately 0.2.

4.1.2. Linear forward models. A benefit to using a linear

forward model is that it leads to a cost function that is

quadratic. The linear forward models used in this study

correspond to H(x)�x. The first linear forward model that

was used simply treats the ice and water observations as

though they corresponded to ice concentration values of

0 and 1. The analysis for this forward model is shown

in Fig. 8a for the case when an ice (water) observation

is assimilated, shown as the solid red(blue) lines. It can

be seen that the analysis increments (difference between

coloured lines and dotted black line) are larger than those

from using the non-linear model.

The problem with the previous approach is that it naively

treats the observations as though they corresponded to ice

concentration values, which means that even when the ice

concentration in the background state is already high, the

ice observation can still add ice to the state, in spite of the

fact that it is not known if the ice observation corresponds

to an ice concentration value greater than that in the back-

ground state. To assimilate ice and water observations

using a simple linear forward model while still maintaining

the desired behaviour of having no analysis increment

above a certain saturation value, the approach tested here

is to assimilate an observed value equal to the saturation

value. For example, if it is desired that the non-linear ice

observation operator saturates (has zero slope) at a value

of 0.7, the ice observation is assigned a value of 0.7. This

observation is assimilated using the linear forward model

H(x)�x if the background state is less than 0.7, and is not

assimilated if the background state is greater than 0.7. An

analogous situation occurs for a water observation, with

the difference being that the observation assimilated is 0.3.

The analyses for these cases are shown as the lines with

open circles in Fig. 8b. It can be seen that for the case when

an ice observation is assimilated, and the background state

indicates water (xb�0) the ice concentration analysis is
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0.35, which is less than that from when an observed value

of 1 is assimilated. To also investigate a case that will have

higher increments over regions where the background state

indicates water and ice observations are assimilated, ob-

served values of 0.9 and 0.1 were also tested for ice and

water, respectively. Analysis increments for this case are

also shown in Fig. 8b.

5. Experimental set-up

Each data assimilation experiment was initialised with the

ASI ice concentration retrieval on January 16th, 2014. A

sea ice model was not incorporated in the data assimilation

cycle. Instead, persistence was used, which means that the

analysis from the previous cycle provided the background

state for the next assimilation cycle. Assimilation cycles

with a prognostic sea ice model will be carried out in a

future study. Observations were assimilated once per day,

using a 24-hour assimilation window centred at 12 UTC.

On each day, there is one set of ASI observations assi-

milated in combination with the observations from the

SAR imagery available for the given day. The number of

SAR images available on a daily basis ranges from 0 to 2,

and the number of SAR observations available for each

day is given in Fig. 6.

The observation vector is formed each day from the

available ice/water observations from SAR, and ice con-

centration observations from ASI. Thus, for a day when

both observation types are available, the observation

vector contains entries consisting of 1’s and 0’s for ice/

water observations from SAR, and ice concentration obser-

vations from ASI (continuous values between 0 and 1). The

background state, consisting of ice concentration, is inter-

polated to each observation location using a nearest neigh-

bour method. This approach, in combination with the

assumption of diagonal background and observation error

covariance matrices, means the ice concentration estimated

by the 3D-Var analysis at each location is the weighted

average of the ASI ice concentration, the SAR observation

(0 or 1) and the background ice concentration. The relative

weight for each depends on the forward model used for

each, and relative accuracy of each, where the relative

accuracy is defined by the inverse of the respective error

variance (Bouttier and Courtier, 1999). On a day for which

only ASI observations are available, the analysis at each

location is the weighted average of the ASI ice concentra-

tion and the background ice concentration, where again the

relative weight is given by the inverse of their respective

error variances.

Several experiments were conducted in which the source

of training data and the forward model H(x) were varied.

The experiments for which results are presented are de-

scribed in Table 1. The forwardmodels linear07 and linear09

correspond to assimilating observations with a value of

0.7/0.3 for ice/water and 0.9/0.1 for ice/water, respectively.

Experiments were also carried out using a threshold of 0.98

on the probability of ice to select ice observations, but the

impact of assimilating SAR data was not as significant for

these cases as compared to using a threshold of 0.90.

6. Results

6.1. Ice concentration analyses

Results from assimilating ice and water observations

are shown in Fig. 9 for January 24th, 2014. The analysis

increments for the case when ASI data are used as training,

and when the image analysis charts are used as train-

ing with the non-linear forward model (EXP2 and EXP3)

are shown in Fig. 9a and b, respectively. The analysis
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Fig. 8. Background state and analysis state for the case where water observations are assimilated (blue) and for the case where ice

observations are assimilated (red). In panel (a), the solid lines correspond the linear forward model assimilating observed values of 0 and 1,

and the lines with circles correspond to the non-linear forward model. In panel (b), all models used are linear, solid lines correspond to

assimilating observed values of 0 and 1, closed circles correspond to assimilating observed values of 0.9 and 0.1, and open circles

correspond to assimilating observed values of 0.7 and 0.3. For both figures, so�0.1. and sb�0.1.
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increment is larger in both magnitude and area covered for

the case when the charts are used for training, due to the

fact that there are more ice observations, and that many of

these ice observations are in areas where the background

state and the ASI data indicate a low ice concentration.

Hence, both the slope of the observation operator, H, and

the difference between the observation and H(xb), are

relatively large, leading to a large analysis increment. The

analyses for each of these cases is shown in Fig. 9c and d.

It can be seen that the analysis for the case when charts

are used for training is closer to the verification data

(Fig. 9f) than the case when ASI data are used as training.
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Fig. 9. Results for January 24th. Analysis increments (a, b) and analyses (c, d). Panels (a, c), ASI data used for training (EXP2) (b, d);

image analysis charts used for training (EXP3) (e) analysis when only ASI data are assimilated (EXP1) (f) image analysis chart.

Table 1. Description of experiments carried out

Experiment Observations assimilated Training data Threshold for ice observations H(x)

EXP 1 ASI None N/A Linear

EXP 2 ASI�SAR ASI 0.90 Non-linear

EXP 3 ASI�SAR Charts 0.90 Non-linear

EXP 4 ASI�SAR Charts 0.90 Linear1

EXP 5 ASI�SAR Charts 0.90 Linear07

EXP 6 ASI�SAR Charts 0.90 Linear09
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Both cases that assimilate SAR data are in closer agree-

ment with the verification data than the case that assim-

ilates only ASI data (EXP1) shown in Fig. 9e. The ice

concentration analysis shown in Fig. 9e has less ice than the

ASI observations (Fig. 3b) for this day due to the fact that

the background state does not contain enough ice. This is

because the experiment takes place during freeze-up, and

large-scale areas of ice cover only begin to appear in the

ASI ice concentration on January 22nd, 2014. This under-

estimation in ice concentration is still seen in the back-

ground state for EXP1 on January 24th.

6.2. Analysis increments

Analysis increments are shown in Fig. 10 for January 24th,

2014, for the different observation operators. For this

figure, the training data used was image analysis charts.

January 24th was chosen because prior to this day the

assimilation of SAR data had little impact on the back-

ground state, hence the background states for each case

are almost identical. A representative background state is

shown in Fig. 10e. It can be seen in Fig. 10a that when the

non-linear forward model is used there are significant posi-

tive analysis increments over a large portion of the domain.

When this is compared with a linear model (Fig. 10b),

the linear model produces slightly higher increments over

those areas where the background state has a high ice

concentration. Comparing these analysis increments with

those found when observations of 0.7 and 0.3 are assimi-

lated with a linear forward model, shown in Fig. 10c, it can

be seen that for the latter case the analysis increments are

smaller, in particular over the portions of the background

state where the ice concentration is zero but a SAR ice

observation is present. This is due to the fact that an ice

observation of 0.7 has a smaller value for y�H(xb) than an

ice observation of 1, and is consistent with what is seen in

Fig. 7. Modifying the value of the observations assimilated

to 0.9 and 0.1 for ice and water, respectively, leads to the

analysis increments shown in Fig. 10d, which are similar to

those in Fig. 10b.

6.3. Verification against image analysis charts

The ice concentration analyses and background states from

each data assimilation experiment are compared quantita-

tively against the ice concentration from the image analysis

charts. The bias and standard deviation of each of the

experiments are given in Table 2. When ASI data are used

for training, it can be seen that there is a small positive

impact from assimilating the SAR data. This is reflected in

that fact that the ice concentration in both the background

state and the analysis are closer to the ice charts than for

the case when only the ASI data are assimilated. For the

case when image analysis charts are used for training, it can

be seen that the positive impact of assimilating the SAR

data is larger, and the differences with image analysis

charts are lower than for the case when ASI data are used

as training, as expected. In comparing the linear model

with the non-linear model, the results are very similar. The

main potential drawback of using the linear model is that it
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could yield an analysis increment that is too high when an

ice observation is assimilated, or too low when a water

observation is assimilated. However, for this study there

were very few water observations, meaning that the latter

case would not likely be seen in the analysis. For the former

case, it may be difficult to detect if the ice concentration

analysis is too high due to the nature of the verification

data, which does not contain the small-scale details of the

ice cover (e.g. openings in the ice) over a given polygon.

In Fig. 11, the difference between ice concentration from

the image analysis charts and that from the analyses is

shown for each day of the experimental period. It can be

seen that both the bias and the standard deviation of the

difference between the analysis from the assimilation and

the image analysis are reduced for the experiments assim-

ilating the SAR data (EXP2, EXP3 and EXP4) relative to

the one that does not assimilate the SAR data (EXP1), and

that this is the case for each day in the experimental period.

The differences may be larger toward the latter part of the

experimental period as the Gulf of St. Lawrence became

increasingly ice covered.

7. Concluding remarks

Results presented in this study demonstrate a positive

impact associated with assimilating ice and water observa-

tions from SAR imagery. The bias between the ice con-

centration analyses and the ice concentration from ice

charts is 19.78% when assimilating SAR observations

with passive microwave ice concentration, as compared to

26.72% when assimilating only passive microwave ice

concentration. The method used to obtain and assimilate

the SAR observations is simple and scalable and does not

require significant computing resources. The impact of

the assimilation was greater when image analysis charts

were used as the training data due to the fact that these

Table 2. Summary of bias (bias-b) and standard deviation (std-b) between background ice concentration and ice concentration from

image analyses (values given are in%) over the study period, and bias (bias-a) and standard deviation (std-a) between ice concentration

analysis and ice concentration from image analyses over the study period

Experiment bias-b bias-a std-b std-a Total number of SAR observations

EXP 1 �27.69 �26.72 27.75 26.69 ¥

EXP 2 �27.20 �25.07 27.75 26.06 24194

EXP 3 �25.73 �20.64 26.58 22.82 82344

EXP 4 �25.59 �19.78 26.61 23.01 82344

EXP 5 �26.43 �23.07 27.01 23.95 82344

EXP 6 �25.88 �20.98 26.73 23.22 82344
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Fig. 11. Differences between ice concentration from the background state and that from image analyses, (a) bias � background state; (b)
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charts contain large areas of high concentration thin ice

that appear as ice of very low concentration in ASI data.

However, even in the case when the ASI data are used for

training, there is a positive impact of the assimilation of

SAR data when evaluated with data from image analysis

charts. It should be kept in mind that both the image

analysis charts and the assimilated results are based on

SAR imagery, although the assimilated results also contain

information from ASI ice concentration.

The assimilation of SAR data was tested using both

linear and non-linear forward models. It was found that

it is possible to approximate the saturation behaviour of

the non-linear forward model by changing the value of the

observation assimilated to the saturation value, and apply-

ing a linear model when the background state is less than

the saturation value. While this method reduces the anal-

ysis increments at locations where there is a large difference

between the state and the ice or water observation, it can be

viewed as a more conservative approach than representing

the ice and water observations as corresponding to ice

concentrations of 100 and 0%, respectively, and applying a

linear model over the entire range of state space.

The SAR observations are available at a spatial resolu-

tion of 50m. In this study, the observations assimilated

from SAR use GLCM texture and hence consider infor-

mation over a spatial window, which is 2.1 km. While it

may be advantageous to assimilate SAR observations at a

higher resolution, the calculation of texture allows the data

from the HH channel to be used without an incidence angle

correction. Using the data at the full resolution of 50m

would not allow texture features to be calculated and the

data from the HH channel would need to be dealt with

much more carefully to account for the large across-swath

variation in HH backscatter over open water, and in some

cases, over ice.

The impact of assimilating SAR data in an assimilation

system with a sea-ice or ice-ocean model will be assessed

in a future study. In addition, the assimilation of SAR data

in different geographic regions and for different seasons

should be investigated. Due to the fact that SAR back-

scatter from sea ice is very sensitive to the ice conditions,

the training would likely need to be carried out separately

for different geographic regions. In addition, the perfor-

mance of passive microwave retrieval algorithms varies

with ice conditions. In the Gulf of St. Lawrence, the main

disadvantage associated with ice concentration from pas-

sive microwave imagery may be an under prediction of ice

concentration in areas covered with thin ice. For a future

study, a region in which the quantity of open water is

consistently under predicted by either passive microwave

data or models may be used to more clearly evaluate the

impact of the open water observations from SAR.
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9. Appendix

To map the state space, x, to the binary observation space a

pair of functions were chosen for H(x) as modified recti-

linear functions. For the case when the observation is ice,

the chosen function has the form

HðxÞ ¼ 0:5� ð1=AÞlog Bþ exp �Aðx � 0:5Þð Þð Þ: (A1)

For the case when the observation is water, the chosen

function has the form

HðxÞ ¼ 0:5þ ð1=AÞlog Bþ exp A x � 0:5ð Þð Þð Þ: (A2)

For both cases, A�21 and B�0.02 were used.
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