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Abstract. An algorithm for computing ice drift from pairs of information source for SAR-based sea ice classification al-
synthetic aperture radar (SAR) images covering a commorgorithms. The data used in the FMI Baltic Sea ice drift es-
area has been developed at FMI. The algorithm has been déimation are from both Radarsat-2 and Envisat ASAR in-
veloped based on the C-band SAR data over the Baltic Sea. Btruments. Since April 2012, after the breakdown of EN-
is based on phase correlation in two scales (coarse and fin&JISAT, only RADARSAT data have been used. These in-
with some additional constraints. The algorithm has beenstruments operate at C-band (wavelength about 5cm). The
running operationally in the Baltic Sea from the beginning ice drift fields for the Baltic Sea are computed for each over-
of 2011, using Radarsat-1 ScanSAR wide mode and Envisatapping SAR image pair with a temporal distance less than or
ASAR wide swath mode data. The resulting ice drift fields equal to two days. The resulting ice drift or ice displacement
are publicly available as part of the MyOcean EC project. vector fields are delivered in NetCDF format, and are freely
The SAR-based ice drift vectors have been compared to thavailable for all registered MyOcean users (for the product
drift vectors from drifter buoys in the Baltic Sea during the catalogue, seeMyOcean product catalogu2012).
first operational season, and also these validation results are Motion estimation methods between two co-registered im-
shown in this paper. Also some navigationally useful sea iceages can be based on block matching (the similarity is typ-
quantities, which can be derived from ice drift vector fields, ically measured by different variations of cross-correlation,
are presented. such as phase correlation applied in our algorithm), algo-
rithms estimating optical flow from differential equations
based on partial derivatives of the image signal, such as pre-
sented irHorn and Schunckl981), and feature-based meth-
ods. In feature-based algorithms, first some local features are
L . . . . computed and these are then matched based on some crite-
Ipe motion Is a very important ice parame‘ger for ice naviga- i, (e.g. feature correlations) instead of direct block match-
tion. It can be used to locate the areas of dlvergence_and_corihg_ Correlation (cross-correlation) methods have been uti-
vergence, and al_so be_ used to locate compressive ice f'eldﬁZed in estimation of ice drift, e.g. irHly , 1987, where ice
In addmon to the Ice df'“ up to the current moment, .the fore- y1ift was estimated from SAR image pairs using correlation
pasyng of the ice drift is very useful information for ice nav- in multiple resolutions. Other examples of correlation-based
gation. . . .ice drift estimation from SAR are the Radarsat Geophysical
We at FMI_have de_velc_Jped a SAR-based sea ice drift eStprocessor System (RGP&wok , 1998 and the Arctic and
mat|0n_algor|thm, Whlc_h is based on phase co_rrelat|0n at tWOAntarctic MyOcean SAR ice drift productdlyOcean prod-
resolutions. The algquthm is now run operationally as p{;lrtuct catalogug2012 by Danish Technical University (DTU).
of the MyOcean, which is a part of the European Comm|s-|n the RGPS, the correlation approach has been coupled with

ss;ion (I.EC) GMES (G_I_Iﬁ baSI AI\ARor;)itorir;g for dE'PvironLnent acr;cfi a feature-based approach. Correlation-based ice drift estima-
ecurity) program. The -based ice drift can be use O%ion methods have also been studied for the Baltic Sea earlier,

validating ice models making forecasts of ice drift based One.g. inSun(1994. In this approach also the rotation is esti-

numerlca_l "_Ve?‘heT predlct|_on data. It can also be ut|||z_e_d 'n‘nated by correlating the power spectra, i.e. in this sense this
data assimilation into the ice models, and as an additional

1 Introduction
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474 J. Karvonen: Operational Baltic Sea ice drift monitoring

algorithm can be considered as a combination of a featuredeeper within the ice cover than at C- and X-bands. C- and
based and a correlation method. Optical flow-based ice drifiX-bands mostly represent surface scattering only.

estimation has been studied, for example for the Baltic Sea

in Sun(1996. A multiresolution phase correlation algorithm

for sea ice drift estimation was presentedTinomas et al. 2 SAR Preprocessing

(2004 2008, and this algorithm has also been tested in the ) )
Bay of Bothnia. These experiments were reported®arg ~ We use both Radarsat—Z and Enwsay ASAR data for the Baltic
and Eriksson(2010). Ice drift estimation based on passive S€@ iceé monitoring. We use the wide swath mode (WSM)
microwave instruments has been studied, e.pitirand Cav- ~ data from Envisat ASAR and ScanSAR wide (SCW) mode
alieri (1998; Haarpaintne(2006); the previous is an exam- data from Radarsat-2. These modes assemble \_Nlde_ SAR_ im-
ple of a correlation method, and the latter is a more sophisti-29€s from several narrower SAR beams, resulting in an im-
cated approach based on a wavelet decomposition, i.e. anaf9€ Width of 400-500km, which is a suitable size for oper-
ysis of wavelet coefficients in multiple resolutions. Passiveational sea ice monitoring at the Baltic Sea scale. The SAR
microwave instruments typically have a large coverage, buf€solution in these modes is still 100-150m. In the ice drift
their resolutions are coarse, typically several kilometers, an@Stimation, only the horizontally transmitted and horizon-
only low- or medium-resolution ice drift can be measured tally received (HH) pqlarlzatlon c_hannel is used. Rad_arsat—z
by these instruments. SAR instruments instead have a mucfl!SC has a dual-polarized mode in ScanSAR mode, i.e. also
higher spatial resolution. In ScanSAR mode, which com-HV (horizontally transmitted, vertically received) channel is
bines multiple SAR beams into one wide swath, with a width available. Envisat ASAR does not have this possibility, how-
up to 400-500 km (ENVISAT ASAR and RADARSAT-1/2), €Vver. Thg typical tempqral coverage, i.e. a SAR image acqui-
SAR instruments also have a good spatial cover, with a higrﬁmon using these two instruments over the same area in the
resolution of about 100 m. Baltic Sea, ranges from a few hours to three days.

Our algorithm is based on computing phase correlation in "€ SAR images are first calibrated to get the logarith-
two resolutions: in a coarse resolution to estimate the largeMic backscattering coefficient values, which are presented
scale drift; and in a fine resolution to refine the coarse-scaldn decibels. The backscattering coefficient, describes the
estimates. Because phase correlation is a correlation betwedlioperties of the target area producing the backscatter of each
phase information, it is sensitive to edges in the image, and®AR pixel. Theao_values are then linearly scaled to eight bits
phase correlation methods are robust against gray level varid2€r Pixel (8 bpp) images; the scaling interval is from —35dB
tion, e.g. due to different incidence angles in the two images© 0dB. The general calibration equations are
compared to the common cross-correlation. Phase correla- B
tion is also more robust against noise than common crossz0 _ A—sin(a) = isin(a), (1)
correlation. Using multiple resolutions enables detecting of K
larger ice drift in a high resolution defined by the the fine
resolution. The main differences between the earlier phase
correlation algorithm inThomas et al(2004 2008 and our  ¢%(dB) = 10 logo(c ). 2
new operational algorithm are (1) our algorithm uses only
two resolutions (coarse and fine); (2) our algorithm per- K is a SAR calibration coefficient, and typically given in the
forms the motion estimation only for areas containing someSAR metadatas is the SAR amplitude value, antl= A2
SAR features defined by existence of edges; (3) our algois the SAR intensity valuex is the SAR incidence angle,
rithm uses a quality measure to measure the reliability of awhich increases from the near range to far range, and typi-
drift estimate instead of the correlation value; (4) our algo- cally varies about in the range of 20-50 degrees.
rithm selects the final motion from multiple motion candi- The 8 bpp SAR images are then rectified to Mercator pro-
dates defined by multiple correlation maxima; and (5) ourjection, which is the projection used in nautical charts in the
algorithm applies the vector median filteringstola et al, Baltic Sea. The rectification is performed using a fixed ref-
1990 to refine the estimation (to produce more coherent vec-erence latitudeyg (latitude of true scale) of 61 degrees for
tor fields). According to our experience, the SAR frequency40 min. This parameter has been selected for the compatibil-
band does not play a major role in ice drift estimation. Theity with the FMI ice charting applications and software on-
same features (edges) are visible in L- (FMI has used ALOSboard Finnish ice breakers. After rectification, a land mask-
PALSAR C-band data), C- (RADARSAT, ENVISAT ASAR) ing to mask off all the land areas is applied.
and X-bands (COSMO-SkyMed, TerraSAR-X). In some ar- For some other purposes, such as ice type classification,
eas, there can be some features at L-band, which are not visve also apply an incidence angle correctidakynen et al.
ible at X- or C-bands, and in these cases ice drift detectior2002), which is based on an empirical linear relationship be-
is possible only at L-band. These features are due to the between mean sea ice backscattering and incidence angle value.
ter penetration capability of L-band and thus ability to seeThis correction is, however, not necessary for the ice drift es-

timation.
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For the ice drift application, the two images are co-

. e . Image I1 Image 12
registered. This is performed using the georeferenced data
of the rectified images. After co-registration, the common ar-
eas of the two images are cut, and these two cut images are |pownsample Downsample
the inputs of the ice drift algorithm. by scale =2" by scale =2"

”\}/'ZL Downscaled
3 Algorithm Images

Windowing W1 = |1 L(r,c)

The algorithm is based on phase correlation computed in two (WxW) W2 < |2 L(r,c)

resolutions. In our approach, the phase correlation computa-

tion is performed for edged areas only, because these typ- Y

ically are the areas, where reasonable correlations can be Phase

computed. In smooth or random areas, the correlations are correlation

too low for reliable drift detection. PG array for
The edges are here detected using the Canny edge detec Y each window

tion algorithm Canny, 1986, but in practice most of the

edge detection algorithms produce similar results. Typically, Locate

. . . . . M maxima
the edge detection is based on gradient magnitude in the M maxima and the
images. After edge detection, we perform a filtering of the Y corresponding displacements
edges, filtering out small edge segments. An edge segment is (drdc) L
here defined as a set of connected edge pixels, in the sense E,’:‘{pjr?f?
of the pixel's 8-neighborhood. All the edge segments smaller candidates
than a given size (an mteger numbe_r of pixels) are removed M revised LR maxima and the
from the edge image. A suitable size threshold for a full- corresponding displacements
resolution SAR edge image is five. The small edge segments (dr,dc) L
are typically due to speckle and do not describe any actual
SAR features.

The ice motion is determined for sampled data windowsFig. 1. The low-resolution part of the algorithm. The processing
from the two images using phase correlation. The windowafter down-sampling is shown only for one window pair in the dia-
size isW x W: we have use® = 16. The detection of the ice  9ram. In the algorithm, this is performed for each window pair with
drift at each resolution is based on the phase correlation. T& 9rd step of (W/2,W/2) low-resolution pixels.
compute the phase correlation, the 2-dimensional fast Fourier
transform (2-D FFT) is applied to the data windows sam-

pled from the two co-registered images at the same IocationI'ow—resolution (LR) data are used to locate the large-scale
Then FFT-coefficients of the two image windows are nor- motion; then fine- or high-resolution (HR) data are %sed to
malized by their magnitudes, and the FFT-coefficients of the ' 9

two image windows are multiplied, and the inverse 2-D FFT refine the motion estimation. Simplified flow diagrams of the

is applied. The phase correlation array is computed from thealgorlthm for the low-resolution and high-resolution parts are

the normalized cross power spectrum. The best matching diss_hown in the Figsl and_2. . .
For the low resolution, the two co-registered images

lacement in a Cartesian (X,y) coordinate system is defined . ) )
P 0y) y re first down-sampled to the given resolution. The down-

by the maximum of the phase correlation, here denoted b@ampling rate is a power of two, sa¥s — 2. We have

Two resolutions are used in this approach: first, coarse- or

Pe: usedn =5, corresponding to a down-samplings = 16.
(dx,dy) = argmax, ) {PClx, y)} @) The two low-resolution images are generated by succes-
- —1 [ (X1* (kD) X2 (k,1)) i i 3 ; : ;

= argmay, [FFT (W)] , sively applying a half-band low-pass FIR filter designed for

multi-resolution image processingi@zzi et al, 1998. Af-
Because the FFT assumes the data to be periodic, a Gauger down-sampling to the low resolution, we go through the
sian window is applied to the data windows before the transimage in steps of¥/2 in both row and column directions,
formation. The drift is estimated in the row-column coordi- and for each of the sampled locations, we make the two
nate system in whole pixels at two resolutions. The displaceW x W sample windows, and locat® phase correlation
ment vector in the row and column coordinates is denotednaxima. We have used the parameter vallie= 12 here.

by (dr,dc). In practice, there often occur several correlation If the zero motion casédr, dc) = (0,0) is not included in
maxima which can be close to each other, and it is reasonablthe M low-resolution drift values indicated by the maxima,
to use more than just one drift candidate for one window pair,it is included and the drift candidate with the lowest phase
and make the final decision only at the fine resolution level. correlation is excluded. In the same way, the low-resolution
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L ing the final drift candidate. Some geophysical restrictions
) can additionally be used, e.g. not allowing too high local con-
Image 11 Image 12 vergence values, which can be adjusted by a threshold value.

Finally, a vector median filteringAstola et al, 1990 is
performed with a given radius to obtain the final motion es-
timate. The size of the filtering is dependent on a quality in-
dex, and is varied from &5 to 11x 11 points in the fine-

(dr,dc

Windowing W1 = 11(r.c) L L
(WxW) W2 < |2(r+scale*dr -, c+scale*dc™)
for M LR values (dr,dc) -

Y resolution motion grid. The algorithm can actually use either
Phase phase correlation or cross-correlation (this can be selected
correlation | FOF M window pairs by the user), but we have used only phase correlation in the

studies presented here and in the operational algorithm.

V N motion candidates and
— PCs for each LR candidate 3.1 Quality Measures
N maxima
NxM motion candidates The cross-correlations or the phase correlations are not very
Y and PCs good measures of the quality of the estimates. This is due to
Find the fact that there often also exist other high correlation val-
maximum ues at different locations between two data windows. And if
Drift candidate (dr,dc), there are more than one correlation peak, it is difficult to de-
Y PC and quality termine which of these peaks corresponds to the actual mo-
Vector | Size dependent on the tion and which are due to similarities spatially apart from
) qf“a”“g"g';’eﬂ y each other in the images. Different quality indexes instead of
+ (from x5 to 11x11) phase or cross-correlation, taking into account the possible
existence of multiple correlation peaks, have been studied at
Ice drift (dr,dc), PC, and quality for each location FMI. Here are some quality measures, which can be used.

The sub-indexes of the phase correlation (PC) refer to the

_ ) _ ) .~ sorted (largest first, starting from one) phase correlation val-
Fig. 2. The high-resolution part of the algorithm. The processing ues for one SAR window pair:

is shown here only for one window pair. In the algorithm, this is

performed for each window pair with a grid step of (W/2,W/2) high- U =To n

resolution pixels. 01=PC(1- Z —Dy) =PG — Z PG Di (4)
= PG =2

drift candidates with the highest phase correlations from the .

neighboring low-resolution motion grid locations are copied g, — 1 — ED,( (5)

to the list of M candidates, if they are not included. This = PG

revised list of drift candidates and corresponding phase cor-

relations for each image location is then delivered to the fine-

resolution processing. 03=PG —-PG (6)
At the fine-resolution level, all the displacements from

the low-resolution level, scaled up by the down-sampling

factor, are considered as potential low-resolution ice drift

candidates, and the windows are sampled W& x W/2

pixel grid from the full-scale first image (i.e. the step res-

olution is 800m for 100 m resolution images). The sam-

pling locations from the second image are defined byihe Qs =PC;/N,, (8)

scaled displacements from the low resolution. For each high-

resolution window pair, we also locate multiple drift candi-

dates corresponding W highest maxima, thus resulting in PC, — PG

M x N drift candidate values for each fine-scale location in @6 =1.0— (PG/PG) = —pC 9)

the W/2 x W /2 grid. In the current version of the algorithm, 1

the drift candidate with the highest phase correlation at theD; are the pairwise distances of the lowértl)) maxima

fine-resolution level is selected as the final ice drift candidate from the first maximum. In the quality measures not utiliz-

In another algorithm version, we have also performed soméng the distance of the maxima, the maxima in the neigh-

spatial filtering within a given spatial neighborhood among borhood of the first maximum are excluded, because typi-

all the M x N candidates at each grid location before select-cally the phase- or cross-correlation is also high and near the

04=PC x (PG —PG) (7)
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peaks, but this only indicates the same peak valjgis the are shortly presented here. First, the mean ice drift veloc-
number of PC peaks higher than or equaftdC;. We have ity between a SAR image pair can be computed by dividing
typically usedf, = 0.7. This kind of quality index is much by the SAR acquisition time difference. Mean velocity is a
better criterion for including or excluding data than the phaseuseful value, for example, in ice model validation and assim-
or cross-correlation. Our current algorithm by default com-ilation. The mean ice velocity can be computed from the ice
putes the quality measurés and Qg. model ice drift velocities by means of numerical integration.
Other useful quantities are divergence, curl and shear, and
. quantities derived from these. DivergenbéF) of a vector
4 Operational products field F = (dr,dc) is defined as

The products are computed using a window size ok 16 D(F)=V-F. (12)
pixels in the Mercator projection, and the computation step

size is 8 pixels in both row and column direction, correspond-4r anddc are the motion in row and column directions. A
ing to about 800 m for 100 m resolution images. Also, the simple discrete estimate for divergenbeat location (, j) is
nominal product resolution is 800 m. The values used in the

products are the row- and column components of the mo-

tion, phase correlation and the quality valugs at each ~ D(F)=3ldr(i +1,j) —dr(i —1, j)+ (13)
800 m grid cell. In the operational products delivered to My- dc(i,j +1) —dc(i, j = D].

Ocean MyOcean product gatalogumla, the drift compPo” * The divergence (blue) and convergence (red) for the ice mo-
nents and the scaled quality value are re-sampled to latitude-

; . : L ; . tion example in Fig4 are also shown in the vector field part

longitude coordinate system with a similar resolution as in :
. o . . of the figure.
the Mercator coordinates. Bilinear interpolation for the vec- ' .
. : . . Curl C of a vector fieldF is
tor components is used in the re-sampling. The values in
the final product are given as U- (from west to east) and V'C(F) —VxF. (14)
coordinates (from south to north) in meters, i.e. the motion
in pixels is multiplied by the local resolution. The local res- And the corresponding discrete estimate for curk at)(is
olution Ry, in the Mercator projection, is computed as
cosien) C(F) = lde(i +1, j) —de(i — 1, j)—
| = 0 (10)  dr(.j+D+drG,j— D]

cos¢)
The direction of the curl vector is the direction of the nor-

Ro is the true resolution ato — in ourcase 100m. mal of the vector field, and the sign of the curl indicates the
As a measure of product quality, we have used a scaled

i . . : direction (clockwise or counter-clockwise).
version of the quality measu@s in the operational product. Shears for a vectorF field is
This value is delivered as part of the ice drift product for each

(15)

grid point. 2 >
The quality measur@s is converted to a scaled quality in- S(F) = \/(% - %> + <% - %) . (16)
dex Q; ranging from one to five using the following thresh- de ar ar de
olds: In a discrete estimate, we replace the partial derivatives in
05<1°-50,=0 (11) Eqg. 16 as follows:
-5 -3 = ad 1
19<05<17°—> 0, =1 S = 5ldeli = 1) —de(i,j + 1) (17)
13<05<01— Q,=2 E)dcr :
01<Q05<02— Q0,=3 sz[dr(i—l,j)—dr(i—i—l,j)] (18)
02<Q05<04— Q;,=4 dde 1
— =—[dc(i—1,j)—dc(i+1,j 19
0s>04— 0,=5 oy = pldel—1.j)—de(+1,))] (19)
odr 1 . -
The final product is converted into a NetCDF file, with geo- -~ = 5[dr(i.j =1 —dr(i.j+ D]. (20)

referencing for the common area of each overlapping SAR

image pair within a mutual temporal distance of two days. After computing the discrete estimates for divergence and

shear, the total deformation can then be computed as

5 Applications Dr(F)=+/ 82+ D2, (21)

We also compute some derived quantities from the ice drift; One practical application utilizing the ice drift estimation
the most important quantities for modeling and navigationis locating fast ice. This can be done by finding the areas
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Fig. 3.SAR images from 3 April 2011 at 09:17:34 UTC (Envisat ASAR, ©ESA, left) and 3 April 2011 at 16:12:42 UTC (Radarsat-2, ©MDA,
right) over the Gulf of Bothnia.

where practically no ice motion has occurred within a rela-a certain time period, e.g. one week or two weeks. The sum
tively long time period. In the Baltic Sea, a suitable period in the numerator is the sum of all the drift magnitudes during
for fast ice detection is two weeks or longer. An example of the time period, and the sum in the denominator is the abso-
a two-week cumulative ice motion magnitude in the Baltic lute value of the cumulative motioR,, is typically higher
Sea can be seen in Fif. Fast ice areas can be distinguished in the areas of thicker ice and lower in the areas of thinner
from this by applying a threshold, and labeling all the areasice. This can be explained such that, in the areas where this
with a cumulative ice motion magnitude below the thresholdratio is higher, the motion has not been in a certain direction,
as fast ice. but the motion direction has been oscillating, and in the ar-
Some of the areas where ice compression occurs can alseas of low ratio the motion has been more in one direction.
be estimated based on ice deformation indicators based oim the fast ice areas (black areas in Faj.the ice thickness
SAR ice motion, and these indicators are very useful in thecan quite accurately be estimated based on a thermodynamic
validation of ice models trying to forecast ice compressionice model Launiainen and Chend 998, and if we also get
for ice navigation. a reliable ice thickness distribution from an ice model, we
Some statistics of the measures based on estimated ice mthien can give some ice thickness estimates over the drift ice
tion can also be used to get at least some qualitative inforareas based on the drift statistics described. The deficiency
mation on the ice thickness. From the total ice deformationof utilization of this kind of statistics is that it requires data
computed over e.g. a period of two weeks, we can locate th@ver a time period of some weeks, and thus cannot take into
areas of high deformation, which typically include thicker ice account faster temporal ice dynamics. This information can,

than areas of lower deformation. for example, be used to improve the initial ice thickness fields
One feature derived from the ice drift is the ice drift ratio, in an ice thickness estimation algorithm based on thermody-
denoted byR,, at each grid position: namic ice model and SAR dat&drvonen et al.20083ab).
In Fig. 6, the total ice deformation, ice drift ratif,,;, and
n In the mean level ice thickness (from FMI ice chart based on
Ry(r,c) = Xt: [fi (r,0)1/] Zfi(rv ol @2)  jce analysis from multiple data sources) for 17 March 2011
1=lo 1=lo

as an example is given. The thinner ice areas roughly corre-

In the equationf; (r, ¢) is the ice motion vector at location spond to the areas where the total deformation and the drift

(r, ¢) at the moment. In practice, the moment describes the ratio are smaller, excluding th? fast icg areas. )
drift between two adjacent SAR images. The sums are com- The main uses for the Baltic Sea ice drift estimates will
puted over the motion vectors from SAR image pairs duringbe the ice classification algorithms (ice thickness, ice type

Ocean Sci., 8, 473483 2012 Www.ocean-sci.net/8/473/2012/
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Fig. 4. The SAR images of Fig3 after co-registration and land masking (ASAR ©ESA, upper left, and Radarsat-2 ©MDA, upper middle),

and the located edges indicating the edged areas (edges shown in black, upper right). Ice motion vector field between the SAR acquisitions
on 3 April 2011 at 09:17:34UTC and 3 April 2011 at 16:12:42 UTC over the Gulf of Bothnia (lower left). For better visibility, the motion
vectors are shown in a coarser grid than the nominal resolution and their lengths are scaled. The longest vector corresponds to a motion o
2.83 km; the maximum motion in both row and column directions was 21 100 m pixels. The scaled phase correlation (brighter tone indicates
higher values, lower middle), and the scaled quality in@exbrighter tone indicates higher values, right).

classification), validation of ice models, and data assimila-500 m) and 40 measurements as long drift category (the rest
tion into ice models. of the data). The buoy trajectories during the test period are
shown in Fig.7.

The buoy locations were transmitted only once an hour,
and the temporally nearest buoy locations to the SAR acqui-
sition times were used in the comparison. This temporal in-
accuracy naturally produced some inaccuracies. The scaled

During the 2011 validation period, i.e. from 1 March to , X
26 April 2011, a total of 209 SAR-based ice motion es'[imatesquallty Q for all the long drift data was two. For the short
' drift data, Q, varied in the interval 2—4. For the short drift

computed for the common areas of SAR image pairs with ad v th ) itud | d b .
temporal difference were used in the validation. 169 of these ﬁta, only the motion m:?]gnlst'L&Re was evaluated, because, in
were classified as short drift category (buoy motion less tharp ot motion estimates, the registration errors can cause

6 Validation
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Table 1. Long motion error statistics: the magnitude errors (except
the RMSE) are in meters.

Quantity Llerrr MSE RMSE bias

Magnitude 847 1333 0.15  -470
Angle 15.8 213 - -

Table 2. Short motion magnitude error statistics (the errors are in
meters).

Quality s Samples Llerr. MSE bias

2 139 842 1320 790
3 24 144 178 130
4 6 326 368 320

We also computed thé&q error and mean square error
(MSE) for the long motion magnitude and angle, and for
the short motion magnitude for each of the detected quality
classes. In the long motion case, there was only one qual-
ity class Q; =2). We also computed the bias (estimated
magnitude—buoy magnitude), and it can be seen that the long
magnitudes are underestimated and the short magnitudes are
_ _ _ ) overestimated by the algorithm. The relative mean square er-
Fig. 5. Mean ice motion magnitude for two weeks before . R\SE) for the long motion magnitude was 0.15 and
5 March 2010 based on our SAR ice drift algorithm. Bright tones ¢, o sort motion magnitude 0.49. The direction in the
represent larger motion. The fast ice areas can be derived from thege . . .
data. The bright areas in the southern parts of the Baltic Sea are op ”9 mot|.on case V\./as eStlmated. rather W.e”' In Companson
water. Open water has been masked off using the method presentéﬂ visual |nterpretat|9n for some image pairs, the motlon' es-
in Karvonen et al(2009 and set white in the figure. _tlmated by_ the algorithm seemed to correspond to the visual

interpretation.

For the small drift data, the magnitude mean absolute error

was 842 m for the data with the scaled quality = 2 (139
large relative errors and defining the direction can becomesamples), 144 m for the data with; = 3 (24 samples), and
ambiguous. Also for short motion when computing motion 326 m for the data witlQ, = 4 (6 samples). It seems based
in pixels, the direction is highly quantized increasing the er-on this small data set that the estimates are beftehigher
ror. For example, if the estimated drift is one pixel, it can be than 2 gives better estimates, but the amount of data is still
only in four directions (left, right, up, down) and thus the di- too small to make final conclusions on this. In general, the
rection is quantized into four angles. For the long drift data, products show that the SAR-based ice drift estimates give
both the magnitude and direction were combined. The vali-useful estimates of the ice drift; especially the direction of
dation results are shown in Figs-10. the drift is estimated well. However, there exist some rela-

The coefficient of determinationg?, for the long drift  tively large errors. We have not yet studied the locations of
data magnitude was 0.55 (with one obvious outlier removedthe erroneous measurements, but we assume them to be lo-
the outlier buoy motion is more than theoretically possible cated close to edges of large drift and small drift areas. It can
to detect using the applied algorithm parameters, i.e. aboualso be expected that the errors for the short drift data are
18.1 km in diagonal direction), and the mean absolute direchigher, because the relative errors, due to e.g. image pair reg-
tion difference was 15.8 degrees. For the short drift data, westration and the direction quantization, become larger. This
computed the number of cases where the buoy motion wasan be seen especially in the value of the RMSE. Because
over 1000 m, i.e. the magnitude error is already rather largehe long drift directions are estimated rather well, and also it
(over 500 m) and the estimated motion is short (i.e. less thaiis rather well estimated whether the drift magnitude is short
500 m). This number was 11 of the 168 samples, i.e. 6.5%or long, these ice drift estimates are useful in validating ice
The mean absolute direction difference for the short motionmodels, especially after a visual inspection of the drift es-
was 75.8 degrees. Some computed error measures for the twmnate data and the SAR images in parallel before the vali-
cases are tabulated in Tabteand?2. dation process, and leaving out the data that possibly do not
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Fig. 6. Ice total deformation (left), ice motion ratio (middle), and the mean level ice thickness on 17 March 2011. The total deformation and
ice motion ratio are computed over two weeks before 17 March, and the brighter tones indicate higher values.
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Fig. 7. Buoy tracks shown with different colors for each buoy.

) ] ] Fig. 8. Magnitude of the buoy motion and estimated motion for the
correspond to the visual interpretation. We have also showong drift data in meters. One outlier with a buoy motion larger than
that this kind of data can successfully be used in improvingthe maximum algorithm detecting capability is located outside of
SAR-based ice classification algorithms (locating fast ice andhe illustrated range.
getting information on the degree of deformation).

against some buoy measurements. The algorithm had been
in test use already in the previous ice season 2009-2010.
We have developed an operational SAR-based sea ice driftal- The algorithm produces reasonable values compared to the
gorithm, product generation and delivery chain at FMI. The validation data from buoys. However, the validation data are
products have been generated and delivered operationallgurrently only for the Gulf of Bothnia area, and no validation
during one Baltic Sea ice season, and also been validatedata for the Gulf of Finland exist. The ice drift direction is

7 Conclusions
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Fig. 10. Magnitude of the buoy drift and estimated ice drift for the
hort drift data in meters. The different quality classes are indicated
y colors Qs =2 — red, Qs =3 — green,Q; =4 — blue).

Fig. 9. Direction of the buoy motion and the estimated motion in
degrees. The values correspond very well to each other. The higﬁ
values of SAR drift directions for the low buoy drift directions are

actually quite close to the buoy drift directions, because the direc-

tion O degrees (to north) corresponds to the value 360 degrees. ) ) ) )
lowed temporal differences between a SAR image pair acqui-

sitions are required. However, the temporal difference cannot

be increased very much, because with long temporal differ-
relatively well estimated for the long ice motion case; the ac-ences, more ice deformation occurs and the correlating fea-
curacy in the magnitude is worse. For the short motion casetures are lost.
the estimated motion is also rather short, but the relative er- Future improvements for the algorithm will be better tak-
rors are rather high. The algorithm also reliably locates theing into account ice rotations. In our coastal radar ice track-
areas where the ice is moving and the areas of static iceing algorithm Karvonen 2012, which is based on a similar
These data can be used selectively in ice model validationphase correlation approach in two resolutions, we have taken
The data have not been used in data assimilation yet, but thighis into account by computing the correlation for windows
is one potential application for the data. According to our ex-slightly rotated with respect to each other to the two direc-
perience, one very fruitful application for these data is SARtions in the low resolution, and using these rotations in the
algorithms estimating the degree of ice deformation and lo-high-resolution motion candidates, i.e. it is not necessary to
cating fast ice, based on ice drift statistics for a period rang-compute multiple correlations for different rotations in the
ing from one week to a few weeks. The algorithm works well high resolution. We are also going to adapt some image fil-
for SAR data in cold weather conditions. In the melting sea-tering techniques we have found useful in the coastal radar
son, the ice cover gets wet and SAR backscattering is attentuimage ice tracking. Such techniques are computing the mo-
ated by the wet snow cover, and the sea ice feature detectiotion estimates only for locations with enough corner points,
becomes more difficult. This leads to poorer ice drift estima-and removing small details by spatial edge preserving filter-
tion algorithm performance in the wet snow conditions. ing techniques. Requiring corners reduces the errors caused

One restriction of the algorithm is related to the im- by similarities along linear edges, and filtering of small de-

age size and resolution. Because the pixel size in the lowails reduces the errors caused by these small features, which
resolution is 1.6km and the window size is 286 pix- can be either SAR noise or actual small-scale ice features.
els, it is not possible to correctly estimate motions largerSmall-scale ice features can cause errors, because it is more
than about 12.8km in row or column directions, ay@ x likely that there exist multiple such features, and small-scale
128km = 18.1km in diagonal directions. In practice, this features also typically change faster than larger ones as the
limitis even smaller, because, at the window edges, the Gausee moves. We are also studying ways how these features can
sian window multiplication reduces the signal information be taken into account in quality factor values. Currently, we
content. This parametrization restricts the maximal allowedcan say that the quality is increased as a function of increased
temporal difference between the two SAR images in the im-number of corner points, and decreased as a function of in-
age pair. However, the window sizes and resolution are als@reased small-scale details.
user-defined parameters and easy to change, if e.g. longer al-
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