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Abstract

The accuracy of sea-ice motion products provided by the National Snow and Ice Data Center
(NSIDC) and the Ocean and Sea Ice Satellite Application Facility (OSI-SAF) was validated
with data collected by ice drifters that were deployed in the western Arctic Ocean in 2014
and 2016. Data from both NSIDC and OSI-SAF products exhibited statistically significant
( p < 0.001) correlation with drifter data. The OSI-SAF product tended to overestimate ice
speed, while underestimation was demonstrated for the NSIDC product, especially for the melt
season and the marginal ice zone. Monthly Lagrangian trajectories of ice floes were reconstructed
using the products. Larger spatial variability in the deviation between NSIDC and drifter trajec-
tories was observed than that of OSI-SAF, and seasonal variability in the deviation for NSIDC
was observed. Furthermore, trajectories reconstructed using the NSIDC product were sensitive
to variations in sea-ice concentration. The feasibility of using remote-sensing products to char-
acterize sea-ice deformation was assessed by evaluating the distance between two arbitrary posi-
tions as estimated by the products. Compared with the OSI-SAF product, relative errors are lower
(<11.6%), and spatial-temporal resolutions are higher in the NSIDC product, which makes it
more suitable for estimating sea-ice deformation.

Introduction

Satellite sensors provide images at various resolutions from which sea-ice motion can be
retrieved. Microwave radiometers, e.g. Advanced Microwave Scanning Radiometer Earth
Observing System (AMSR-E, succeeded by AMSR2 since 2012), Scanning Multichannel
Microwave Radiometer (SMMR, available from 1978 to 1987) and Special Sensor
Microwave/Imager (SSM/I, succeeded by SSMIS since 2007), and scatterometers,
e.g. Advanced Scatterometer (ASCAT, available from 2007 to present), have relatively coarse
resolutions of ∼6–75 km; the Synthetic Aperture Radar (SAR) and the Advanced Very High
Resolution Radiometer (AVHRR) have resolutions of 0.1–4.0 km and their images contain
more details; however, their spatial coverage is small. Satellite-derived sea-ice motion products
are widely used in data assimilation and optimization of model parameterization (Nguyen and
others, 2011). Products from the National Snow and Ice Data Center (NSIDC), Centre ERS
d’Archivage et de Traitement (CERSAT) and the Ocean and Sea Ice Satellite Application
Facility (OSI-SAF) are commonly used because of their spatial coverage and continuity over
time. Using in situ measurements from acoustic Doppler current profilers, Rozman and others
validated sea-ice motion products obtained over the Laptev Sea (Rozman and others, 2011);
with a correlation coefficient (R) of 0.86 between the CERSAT product and in situ measure-
ments, which is higher than the correlation between the OSI-SAF product and in situ measure-
ments (R = 0.63). Hwang (2013) compared position data from six different satellite ice motion
products with measurements by ice-tethered profilers; with a mean deviation of drift speed of
0.22 ± 2.47 km d−1, errors in the OSI-SAF product are lower than those in the CERSAT prod-
uct. Sumata and others (2014) conducted a comprehensive evaluation of uncertainties in
sea-ice motion products, and calculated Eulerian-based temporal and spatial uncertainty esti-
mates in their intercomparison of monthly-mean drifts from four sea-ice motion products:
OSI-SAF, CERSAT, NSIDC and that from Kimura and others (2013); uncertainties in
OSI-SAF and NSIDC are smaller than those in the other two products especially in regions
with higher ice concentration and lower ice drift speed. However, because of the limited spatial
coverage of buoy data for one given year, seasonal and regional variations in the accuracy of
sea-ice motion products remain unknown. When sea-ice motion products are assimilated into
numerical models, it is essential to understand variations of the accuracy of the products to
quantify errors in model output (Rollenhagen and others, 2009).

In this study, we estimated errors in the NSIDC and OSI-SAF sea-ice motion products
because of their higher spatial and temporal resolutions and frequency of use compared with
other products (Sumata and others, 2014). The NSIDC data over the entire year are available
since 1979 and OSI-SAF data for the freezing season are available since 2006. They were
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validated against position data collected by ice drifters deployed in
the western Arctic Ocean during the Chinese National Arctic
Research Expedition (CHINARE) in the summers of 2014 and
2016. Drifter data cover two entire ice seasons, extend over a
large area from the marginal ice zone (MIZ) to the perennial ice
zone (PIZ), and are independent data that have not been used to
construct the ice motion products. Sea ice in summer 2014 was
highly compact and deformed in the western Arctic Ocean (Lei
and others, 2017), while that in summer 2016 was anomalously
low in compactness relative to 2000–2015 climatology (Petty and
others, 2018). As a result, this dataset can be used to assess seasonal
and regional variations in the accuracy of sea-ice motion products,
as well as the influence of ice conditions on product accuracy.

Sea-ice drift trajectories could be used to identify destination or
source areas of sea-ice advection or ice-borne contaminants in the
Arctic Ocean (e.g. Krumpen and others, 2016; Peeken and others,
2018; Lei and others, 2020). The ability of remote-sensing products
to reconstruct sea-ice drift is essential in the validation of high-

resolution Lagrangian sea-ice dynamical models (e.g. Rampal and
others, 2016) or estimation of ice advection or flux for a specified
section using ice motion products (e.g. Kwok, 2009). Moreover,
strain rate of the icefield can be retrieved from Lagrangian trajector-
ies, and can be used to study ice mechanics (Kwok, 2010). Here, we
compared ice trajectories reconstructed from remote-sensing pro-
ducts with trajectories of ice drifters; seasonal variability was quan-
tified using the distance between reconstructed and drifter
trajectories over the monthly temporal window. Using correlation
analysis, the influence of sea-ice concentration and ice drift speed
on the accuracy of sea-ice motion products was quantified; the
feasibility of using sea-ice motion products to characterize sea-ice
deformation was also assessed.

Data and methods

Sea-ice drift product OSI-405-c from OSI-SAF is derived from
aggregated maps of passive microwave (SSM/I, SSMIS and

Fig. 1. Trajectories of ice drifters deployed in (a) 2014/15 and (b) 2016/17.
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AMSR2) and scatterometer (ASCAT) sensors. It is available for
October to April since 2006 with spatial and temporal resolutions
of 62.5 km and 2 d on a Polar Stereographic Grid (Lavergne and
others, 2010). The Polar Pathfinder Daily 25 km EASE-Grid Sea
Ice Motion Vectors Version 4 dataset from NSIDC is derived
from a wide variety of sensors (AVHRR, AMSR-E, SMMR,
SSM/I, SSMIS) and data from the International Arctic Buoy
Program (IABP), and surface winds from NCEP/NCAR
Reanalysis. It is a year-round sea-ice motion dataset available
from 25 October 1978 to 31 December 2018 with spatial and tem-
poral resolutions of 25 km and 1 d (Tschudi and others, 2019).
We also used sea-ice concentration derived from the Advanced
Microwave Scanning Radiometer 2 (AMSR2) using the Arctic
Radiation and Turbulence Interaction STudy (ARTIST) sea-ice
(ASI) algorithm (Spreen and others, 2008) to determine ice con-
ditions in the vicinity of ice drifters.

During the CHINARE-2014 in summer 2014 and
CHINARE-2016 in summer 2016, 23 and 29 ice drifters equipped
with Global Position Systems were deployed on ice floes (Fig. 1).
Data from these drifters have not yet been assimilated into any ice
motion products, allowing objective validation of satellite-derived
products. Drifters included Ice Mass Balance Buoys (IMBs;
Richter-Menge and others, 2006), Ice Surface Velocity Program
(iSVP) buoys manufactured by the Canadian company
MetOcean and Snow and Ice Mass Balance Arrays (SIMBAs)
manufactured by the Scottish Association for Marine Science
(Jackson and others, 2013). Sampling interval was half-hourly
for SIMBAs and hourly for other drifters, and positioning error
was <10 m. To evaluate the accuracy of sea-ice motion products
over a full annual cycle, data from 1 September of the year of
deployment to 31 August of the following year were used. In
the narrow channel of the Amundsen Gulf, the influence of the
coastal constraint resulted in an absence of remote-sensing data;
therefore, the data when the ice drifters drifting into this region

were excluded from the study. Nine drifters operated through
the entire annual cycle of 2014/15 while seven operated through
2016/17. Fifteen ice drifters (or more than 50%) that were
deployed in 2016 survived into the melt season of 2017. In
2014/15, drifters traveled approximately clockwise, indicating an
anticyclonic circulation that is in line with climatological mean
circulation (Rigor and others, 2002). A different scenario was
observed in 2016/17, especially after March 2017, with north-
eastward flow dominating north of 80°N, indicating cyclonic
circulation.

Sea-ice motion vectors of each product were bilinearly interpo-
lated on to the daily mean positions of the drifters. To be consist-
ent with NSIDC and OSI-SAF, drifter speed at successive
positions was calculated as the quotient of displacement along
the x- and y-axis of projected coordinates and the time taken to
make the displacement (Eqns (1) and (2)). Zonal (u) and merid-
ional (v) components of ice velocity were obtained by projecting
velocity components on to the coordinates. Sea-ice drift speed (S)
was calculated following Eqn (3):

u(Xi+1, Ti+1) = xi+1 − xi
ti+1 − ti

(i = 1, 2, 3 . . . . . .), (1)

v(Yi+1, Ti+1) = yi+1 − yi
ti+1 − ti

(i = 1, 2, 3 . . . . . .), (2)

Si =
��������
u2i + v2i

√
(i = 1, 2, 3 . . . . . .). (3)

Ice drift derived from remote-sensing products was compared
with that from drifter measurements to estimate the accuracy of

Fig. 2. Correlation between sea-ice drift speed derived from
sea-ice motion products and drifter data in (a and c) 2014/15
and (b and d) 2016/17. Subplot in the bottom-right corner of
each panel is the frequency distribution of the error of ice
speed with the red line denoting normal distribution.
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remote-sensing products:

dS = |Sbuoy − Ssat|
du = |ubuoy − usat|
dv = |vbuoy − vsat|

⎧⎨
⎩ , (4)

DES =
Ssat − Sbuoy

Sbuoy
, (5)

Ru =
∑

usat · ubuoy∑ |usat||ubuoy|
Rv =

∑
vsat · vbuoy∑ |vsat||vbuoy|

RS =
∑

Ssat · Sbuoy∑ |Ssat||Sbuoy|

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

, (6)

where ds is the absolute error of ice speed, du and dv are the abso-
lute errors of zonal and meridional components of ice velocity,
ΔEs is the relative error of speed, Rs is the correlation coefficient
between speeds from sea-ice products and drifter measurements,
Ru and Rv are the correlation coefficient between zonal and
meridional components of ice velocity from sea-ice products
and drifter measurements. Statistical significance of correlation
coefficients was evaluated using the t-test.

Lagrangian trajectories over a temporal window of 1 month
were reconstructed from drifter positions on the first day of
each month using ice motion products. Validity of the trajectories
was evaluated by calculating the Euclidean distance, De, between
the position estimated from remote-sensing products and that
measured by drifters:

De =
����������������������������
(xi+1 − xi)

2 + (yi+1 − yi)
2

√
(i = 1, 2, 3 . . . . . .). (7)

The geometrical similarity of the trajectories, which accounts for
the orientation of ice trajectories (Magdy and others, 2015), was
also assessed. Different from De, the cosine distance, Dc, was cal-
culated from the coordinate vector of the positions estimated by
remote-sensing products (Qsat

Q

) and that of the positions measured
by drifters (Qbuoy

Q

) using Eqn (8):

Dc = 1− Qsat

Q

· Qbuoy

Q

‖ Qsat

Q

‖‖ Qbuoy

Q

‖
, (8)

where Qsat

Q = (xsat(i), ysat(i)) (i = 1, 2, 3 . . . . . . ) and
Qbuoy

Q = (xbuoy(i), ybuoy(i)) (i = 1, 2, 3 . . . . . . ) denote the vector
sequence of positions estimated from remote-sensing products
and that from drifter measurements, respectively. The ratio of
the dot product of Qsat

Q

and Qbuoy

Q

to the norm of Qsat

Q

and
Qbuoy

Q

represents the cosine similarity of two vectors. The geomet-
rical similarity of ice trajectories increases as the cosine distance
approaches zero.

The Euclidean distance between the positions of paired track-
ing points estimated by sea-ice motion products within 1 month
from the location of two arbitrary drifters was calculated, and the
relative error, relative to the distance between the positions of drif-
ters, can be obtained. Thus, the accuracy in tracking the distance
between ice floes, which is fundamental for the computation of
sea-ice deformation rate (e.g. Lei and others, 2020), can be eval-
uated. This relative error was used to assess the ability of sea-ice
motion products to characterize sea-ice deformation.

Fig. 3. Cumulative probabilities of sea-ice drift speed (V ) derived from sea-ice motion
products and drifter data with different sampling intervals for (a and b) 2014/15 and
(c and d) 2016/17 in different seasons. Numbers at the bottom-right corner of each
panel indicate mean values and std dev. of ice speed.

Table 1. Error statistics of sea-ice drift speed derived from sea-ice motion products relative to drifter measurements

ds (m s−1) ΔEs du (m s−1) dv (m s−1) Ru Rv

NSDIC 2014, freezing season 0.019 (0.018) −2% (47%) 0.02 (0.02) 0.019 (0.019) 0.93 0.93
NSDIC 2014, melt season 0.027 (0.021) −10% (45%) 0.026 (0.022) 0.024(0.019) 0.93 0.92
NSIDC 2016, freezing season 0.028 (0.033) −0.6% (66%) 0.027(0.032) 0.026(0.027) 0.86 0.88
NSIDC 2016, melt season 0.038 (0.042) −7.2% (69%) 0.034(0.04) 0.031(0.031) 0.82 0.88
OSI-SAF 2014, freezing season 0.02 (0.017) 12% (70%) 0.019 (0.018) 0.021 (0.019) 0.91 0.9
OSI-SAF 2016, freezing season 0.027 (0.026) 4% (57%) 0.024 (0.021) 0.022 (0.026) 0.9 0.86

Numbers in parentheses denote std dev.
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Results

Overall comparison

To compare sea-ice drift speeds derived from sea-ice motion pro-
ducts with those from drifters, drifter data were downsampled to
1 d to be consistent with NSIDC and 2 d for OSI-SAF.
Correlations between ice drift speeds derived from drifter and
NSIDC or OSI-SAF in 2014/15 and 2016/17 are shown in
Figure 2. Generally, both products demonstrated statistically sig-
nificant high correlations with drifter data. Correlation coefficient
(R) for NSIDC through the whole ice season in 2014/15 was 0.88,
which is statistically significant at the 99.9% level ( p < 0.001); root
mean square error (RMSE) was 0.029 m s−1. For the freezing
season (October to April), R was 0.91 ( p < 0.001), which was
0.89 ( p < 0.001) for the melt season (May to September).
During the freezing season of 2014/15, R for OSI-SAF was 0.86
( p < 0.001) with RMSE of 0.026 m s−1. Correlation coefficients
were lower in 2016/17 than in 2014/15. For collocated pairs of
data points, overall R between NSIDC and drifter data was 0.78

( p < 0.001) with RMSE of 0.042 m s−1; R in the melt season was
0.76 ( p < 0.001), and was 0.78 ( p < 0.001) in the freezing season,
which were both smaller than R of OSI-SAF in the freezing season
(0.82), which implies the NSIDC product is more sensitive to
changes in ice conditions. Our results are comparable with
those from Sumata (2014) obtained by comparing monthly
mean sea-ice drift speeds with data collected by IABP buoys.
Error distribution of NSIDC drift speed was wider and had a
smaller kurtosis in 2016 than in 2014, indicating larger uncertain-
ties in sea-ice drift speed under conditions of lower sea-ice
concentration.

Downsampling smooths over details in sea-ice drift measured by
ice drifters, e.g. the semidiurnal inertial ice meander due to the
Coriolis force (Lei and others, 2016). Thus, ice drift speed could
be underestimated by Eqns (1) and (2), especially for the
OSI-SAF because of its coarser temporal resolution. Cumulative
probabilities of drift speed derived from drifter data with different
sampling intervals are shown in Figure 3. Mean ice speed decreased
with increasing sampling interval during both seasons of 2014/15

Fig. 4. (a and b) Monthly mean absolute error of sea-ice drift speed derived from ice motion products relative to drifter measurements for (a) 2014/15 and (b) 2016/
17; std dev. is indicated by error bars; squares denote monthly sea-ice concentration in the vicinity of drifters; color of square denotes std dev.. (c and d) Relative
error (solid line) and correlation coefficient (dashed line) of monthly mean sea-ice drift speed from sea-ice motion products with respect to drifter measurements
for (c) 2014/15 and (d) 2016/17; std dev. is indicated by error bars.
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and 2016/17. Compared with mean ice speed from drifter data at 12
h resolution, both NSIDC and OSI-SAF speeds are lower by 25 and
30%, respectively. Absolute errors (ds) of sea-ice motion products
indicate small deviations from drifter measurements (Table 1),
and mean absolute error was larger in 2016 than in 2014 for both
products. Mean absolute error was larger in NSIDC than in
OSI-SAF for the freezing season of both years. Relative errors
(ΔEs) show that, for the same temporal resolution, NSIDC tended
to underestimate drift speed, especially in the melt season.
Relative errors of NSIDC were −2 and −0.6% for the freezing sea-
sons of 2014 and 2016, and −10 and −7.2% for the melt seasons
of 2014 and 2016. The OSI-SAF product tended to overestimate
drift speed, and relative errors were 12 and 4% for the freezing sea-
sons of 2014 and 2016, respectively. Variations of zonal and merid-
ional components of sea-ice drift coincided almost exactly for
NSIDC and OSI-SAF during our study periods, and the difference
between mean absolute errors of zonal (du) and meridional (dv)
components ranged from 0.01 to 0.03m s−1.

Temporal and spatial variations in the accuracy of ice motion
products

For both 2014/15 and 2016/17, monthly absolute errors of NSIDC
ice speed (Fig. 4) decreased over autumn (SON) and then stayed at
relatively low levels with low std dev. in winter (DJF) and spring
(MAM). There was considerable seasonal variation in monthly
mean sea-ice concentration in the vicinity of drifters, especially
in 2016/17. Minima in absolute error were recorded in March
2015 (0.015m s−1) and April 2017 (0.0154m s−1) when Arctic
sea-ice thickness approached its annual maximum (e.g. Tilling
and others, 2018). Because fracture of ice cover before melt onset

leads to an increase in sea-ice drift speed (Olason and Notz,
2014), remote-sensing estimates of sea-ice drift are more accurate
in winter than in summer when sea-ice mobility is enhanced,
and surface melt increases the difficulty in sea-ice identification.
As summer (JJA) approached, absolute error, as well as its std
dev., started to increase. Increased std dev. indicates an increase
in the spatial difference of error because of the enhanced spatial
heterogeneity of ice conditions. In 2014/15, the maximum absolute
error of NSIDC was 0.043m s−1 and was recorded in August 2015;
in 2016/17, the maximum value of 0.056m s−1 was recorded in
September 2016, which exceeded twice of the value recorded in
September 2014 (0.025m s−1). This may be attributed to the anom-
alously low ice concentration in the vicinity of drifters; in
September 2014, average ice concentration in the vicinity of drifters
was 98.9%, which was considerably larger than that in September
2016 (89.8%). For the freezing season, the performance of
OSI-SAF was highly consistent with that of NSIDC, and monthly
mean absolute errors of sea-ice drift speed were 0.016–0.024m
s−1 in 2014/15 and 0.017–0.028m s−1 in 2016/17.

In 2014/15, the monthly mean relative error of NSIDC drift
speed estimates remained small and stable until April 2015, and
then increased, indicating enhanced underestimation of sea-ice
drift speed as melt season approached. In contrast, OSI-SAF
tended to overestimate drift speed through the entire freezing sea-
son, and absolute deviations were larger than those of NSIDC. For
autumn and winter 2016/17, NSIDC and OSI-SAF exhibited simi-
lar variations in relative error. However, both products estimated a
decrease in drift speed from February to March, and underesti-
mated drift speed in March with relative errors of −10%
(NSIDC) and −13% (OSI-SAF). After March, both products uni-
formly overestimated drift speed with relative errors of 9%

Fig. 5. Spatial distribution of monthly absolute error of ice speed derived (a–d and e–h) from NSIDC and (i–k and l–n) from OSI-SAF relative to drifter data. Gray
shading indicates monthly sea-ice concentration from daily AMSR-2 product for (a) September 2014, (d) August 2015, (e) September 2016, (h) August 2017,
(i) October 2014 and (l) October 2016.
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(NSIDC) and 19% (OSI-SAF). This phenomenon might be asso-
ciated with the low-pressure center that developed over the
Barents Sea and extended into the western Arctic between
January and March 2017, which enhanced sea-ice drift and
deformation rate (Moore and others, 2018). It implies that the
ice motion products would underestimate ice speed when ice
motion accelerates under storm forcing.

Variation of the monthly correlation coefficient (R) of sea-ice
motion products relative to drifter measurements (dashed lines in
Figs 4c, d) was generally higher in 2014/15 than in 2016/17.
Correlation between OSI-SAF and drifter measurements
remained stable with R ranging from 0.69 to 0.88 in the freezing
seasons of 2014/15 and 2016/17. For the freezing season of 2014/
15, R of NSIDC (>0.87) was generally higher than that of
OSI-SAF. In summer, R decreased when sea ice started to melt,
however R remained >0.75 and statistically significant at the
99.9% level even in August 2015. For NSIDC, the minimum
value of R (0.51) was recorded in September 2016; R subsequently
increased to 0.8 in October 2016; it remained stable from autumn
to spring in both years, and decreased considerably from April to
July as summer approached. From July to August 2017, an
increase in relative error was accompanied by an increase in cor-
relation coefficient. This could be attributed to the drift speed
being uniformly underestimated with similar amplitude.

Spatial variability of errors was evaluated by calculating the
monthly mean absolute error of sea-ice drift speed (Fig. 5).

Generally, influences of ice conditions on error distribution domi-
nated during melt seasons, while other factors such as wind forcing
and coastal constraint could have more influence during freezing sea-
sons. In 2014/15 (Figs 5a–d, 5i–k), drifters were mostly in the region
of 75°N–82°N and 135°W–165°W. For NSIDC, a larger error was
identified near the MIZ in September 2014 (0.031m s−1), and
where sea-ice concentration was below 60% in August 2015 (0.045
m s−1). In the freezing season of 2014/15, drifters were in areas of
compact ice as the ice edge extended to lower latitudes; the absolute
error ofNSIDC ranged from0.004 to 0.036m s−1, whichwas compar-
able with that of OSI-SAF (0.004–0.026m s−1).

Similar to 2014, drifter arrays were located north of 80°N in
September 2016. However, the mean latitude of the ice edge, defined
as the ice concentration threshold of 15% for the study region at the
time of interest, retreated to 78.9°N, in contrast with that extended
to 74.5°N in September 2014. Because of lower sea-ice concentration,
errors in NSIDC near the MIZ were larger in September 2016 than in
September 2014. Mean absolute error in NSIDC in September 2016
was 0.033m s−1, which exceeded twice that in September 2014
(0.016m s−1). There were large differences in absolute error near
Banks Island in winter 2016/17 between NSIDC and OSI-SAF esti-
mates (Figs 5f,m), which implies that differences in the temporal reso-
lution of remote-sensing products result in differences in the influence
of coastal constraint on ice motion product. Error in NSIDC for
December 2016 was 0.041m s−1, which exceeded twice that in
OSI-SAF (0.019m s−1); error in NSIDC increased to 0.056m s−1 in

Fig. 6. Spatial distribution of monthly Euclidean distance between positions of drifters and positions estimated from NSIDC. Triangles denote drifters in 2014/15,
and circles denote drifters in 2016/17.
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January 2017, andwas ten times larger than that inOSI-SAF (0.005m
s−1), possibly indicating larger uncertainties in NSIDC estimates close
to the shore. Shear deformation of sea ice becomes stronger in coastal
areas, and this effect weakens with an increase in temporal and spatial
scales. Thus, the influence of sea-ice shear deformation in coastal
regions could be reduced in OSI-SAF product because of its lower
temporal and spatial resolutions.

The ability of sea-ice motion products to reconstruct sea-ice
trajectory

Using sea-ice motion products, we reconstructed monthly trajec-
tories of sea-ice drift from drifter positions at the beginning of
each month. Euclidean distance between final positions of recon-
structed trajectories and corresponding drifter trajectories is
shown at the final position of each drifter for different months
in Figure 6. In 2014/15, distance between drifter position and
position from NSIDC reconstructed trajectories varied seasonally.
Mean value of monthly Euclidean distance decreased from 11.5 ±
5.4 km in autumn to 5.4 ± 1.8 km in winter, and can be ascribed
to decrease in sea-ice mobility. Because OSI-SAF only covers
freezing seasons, there were no detectable seasonal variations in
monthly Euclidean distance, which was 14.0 ± 7.6 km in autumn
(ON), 14.9 ± 7.4 km in winter (DJF) and 12.8 ± 5.6 km in spring
(MA). In 2016/17, mean Euclidean distance for NSIDC was 24.0
± 15.7 km, which exceeded twice that in autumn 2014.

Spatial variability of Euclidean distance in NSIDC was larger
in melt seasons than in freezing seasons (Fig. 6), which might
be attributed to the increased spatial heterogeneity of ice condi-
tions in summer. Euclidean distance was larger in the southern
MIZ than in the northern PIZ. In 2014, mean Euclidean distances
were 15.6 ± 0.7 and 5.9 ± 1.9 km north of 80°N in September and
October, which increased to 28.2 ± 13 and 19.2 ± 8.2 km south of
80°N. Anomalously large values of Euclidean distance were iden-
tified in the MIZ, where spatial heterogeneity was more marked in

autumn 2016 than in autumn 2014. Euclidean distances >100 km
were recorded south of 82°N in September 2016 and south of 80°
N in October 2016. Mean Euclidean distances for the freezing sea-
sons of 2014 and 2016 were 12.6 ± 8.9 and 18.3 ± 22 km, and were
without considerable spatial variability. When sea ice started to
melt in summer, Euclidean distance increased generally, especially
at lower latitudes, which is consistent with seasonal variations of
the uncertainty of sea-ice velocity.

Euclidean distance between drifter positions and OSI-SAF esti-
mates also demonstrated relatively high spatial variability in
autumn (Fig. 7). Mean Euclidean distances in the regions north
and south of 80°N were 17.7 ± 1.7 and 32.6 ± 18.6 km in
October 2014, and 15.6 ± 9.5 and 27.2 ± 13.2 km in 2016. Mean
Euclidean distances were 19.2 ± 13.0 and 17.0 ± 12.7 km for the
freezing seasons of 2014 and 2016, and variability are comparable
with those obtained from the NSIDC product for the same period.

Unlike the Euclidean distance, which characterizes the magnitude
of position deviation (Pfirman and others, 1997; Lindsay and Stern,
2003), the cosine distance evaluates geometrical similarity between
drifter trajectories and trajectories reconstructed from icemotion pro-
ducts (Nakamura and others, 2013). For NSIDC, seasonal variation of
cosine distance in 2014 was similar to that of Euclidean distance.
However, there was large variability in the cosine distance of
NSIDC in 2016/17, which ranged from a mean value of (6.0 ±
5.1) × 10−4 in September 2016 to (4.2 ± 3.0) × 10−4 in August 2017.
Cosine distance for OSI-SAF was stable without obvious differences
between 2 years; maximum and mean values were 2.3 × 10−4 and
(6.2 ± 5.7) × 10−5 in 2014/15, and 2.1 × 10−4 and (3.3 ± 3.3) × 10−5

in the freezing season of 2016/17.
In September 2014 and 2016, cosine distances in NSIDC in

low latitudes and the MIZ were one order of magnitude greater
than those from other locations (Fig. 8). In September 2014,
mean cosine distance was (3.6 ± 4.2) × 10−4 south of 80°N and
(13 ± 1.1) × 10−5 north of 80°N. In October, the magnitude of
cosine distance in 2014 was comparable with that in 2016 except

Fig. 7. Same as Figure 6, but for OSI-SAF.
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Fig. 8. Spatial distribution of monthly cosine distance between positions of drifters and positions estimated from NSIDC. Triangles denote drifters in 2014/15, and
circles denote drifters in 2016/17.

Fig. 9. Same as Figure 8, but for OSI-SAF.
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for locations near Banks Island. In summer 2016, the spatial var-
iations of Euclidean distance were moderate (Figs 6j–l); however,
there were large variations in cosine distance (Figs 8j–l), especially
for the two drifters north of 80°N. After long-distance poleward
drift, their cosine distance was two orders of magnitude larger
than that of drifters at lower latitudes, indicating that despite rea-
sonable estimates of drift distance, estimated drift orientation
could deviate from or even be opposite to sea-ice drift orientation
in the field. Similar to Euclidean distance, variation of cosine dis-
tance in OSI-SAF was relatively small and uniform (Fig. 9).

To evaluate the accuracy of reconstructed trajectories over per-
iods exceeding 1 month, we reconstructed annual trajectories (from
1 September to 31 August of the subsequent year) using NSIDC
data in 2014/15 and 2016/17 (Figs 10, 11). In 2014/15, recon-
structed trajectories matched well with trajectories of drifters 13
and 16 (Figs 10e, f) with maximum Euclidean distances of 57
and 47 km in the zonal and meridional directions. For drifters 4,
22 and 29, the NSIDC product could reconstruct a near-realistic
spatial relationship (Figs 10c, g, i) with maximum Euclidean

distances of 95, 171 and 141 km, respectively. Zonal displacements
reconstructed from NSIDC deviated considerably from those of
drifters 3, 5 and 28 (Figs 10b, d, h); net reconstructed zonal dis-
placement was larger than net reconstructed meridional displace-
ment, indicating considerable underestimation of zonal drift
speed. Drifters 3, 5 and 28 encountered ice concentrations of
<83% during the first few days of September, while the other drif-
ters encountered sea-ice concentration of larger than 95% through-
out September. As a result, we infer that initial sea-ice conditions
might have an impact on the estimation of sea-ice drift, and
NSIDC is able to reconstruct trajectories that are dominated by
meridional drift with less meander (e.g. drifters 13 and 16).

The situation was different in 2016/17 (Fig. 11). There was
poor agreement between reconstructed and drifter trajectories.
Reconstructed trajectories only narrowly approximated trajectories
of drifters 19 and 22 (Figs 11d, e) withmaximumEuclidean distances
of 314 and 302 km, which exceeded twice the maximum Euclidean
distances of drifters 3, 5 and 28 in 2014/15. Except for drifters 19
and 22, mean sea-ice concentration in September along drifter

Fig. 10. (a–i) Drifter trajectories (black line) and reconstructed trajectories from NSIDC (red line) during 2014/15. Subplots show Euclidean distance between NSIDC
and drifter trajectories in zonal (red line) and meridional (blue line) directions, and time series of sea-ice concentration (gray line) along drifter trajectories.

816 Dawei Gui and others

https://doi.org/10.1017/jog.2020.49 Published online by Cambridge University Press

https://doi.org/10.1017/jog.2020.49


trajectories was <80%, and drifters 2 and 35 even traveled close to
open water for a few days. Even though meridional drift was reason-
ably reconstructed by NSIDC, low ice concentration renders estima-
tion of sea-ice drift even more difficult because ice motion in NSIDC
product is valid only for areas where ice concentration exceeds 15%.
Variability of the distance between reconstructed and drifter trajector-
ies in 2014/15 and 2016/17 indicates that uncertainties caused by the
sea-ice conditions in September influence the accuracy of recon-
structed trajectories at the beginning of the trajectories; this influence
dominates in the subsequent months; error accumulates over time,
resulting in very large distances between the final positions in
reconstructed and drifter trajectories.

Feasibility of using sea-ice motion products to characterize
sea-ice deformation

Sea-ice deformation could be quantified by estimating the differen-
tial kinematic properties of ice motion (e.g. Hutchings and Hibler,

2008; Rampal and others, 2008; Lukovich and others, 2011).
Therefore, it is essential to determine the distance between ice-floe
pairs accurately for the estimation of ice deformation rate. Here, we
calculated relative error of the distance between two arbitrary posi-
tions as estimated from sea-ice motion products relative to drifter
data for different sampling intervals. Spatial scaling characteristics
of the error were then obtained from the paired points for different
distances (Fig. 12). For the data from 2014/15 and 2016/17, we
found notable seasonal variation and scale dependence in the rela-
tive errors of both NSIDC and OSI-SAF products. Mean relative
error decreases with increasing spatial scale, especially in warmer
seasons. For distances estimated at different time intervals, relative
errors are similar and accuracies tend to be comparable. The smal-
lest relative errors were found at scales larger than 1000 km, and
relative errors ranged from 0.2 to 3.9% for NSIDC and 0.6 to
2.3% for OSI-SAF. This indicates that the NSIDC and OSI-SAF
products are more adapted to provide estimates of sea-ice deform-
ation at coarser spatial resolution than at small scales.

Fig. 11. Same as Figure 10, but for 2016/17.
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For NSIDC, at the scale <100 km, relative errors at different
time intervals show large seasonal variations. However, compared
with distance estimated at other intervals, distance estimated at 1
d interval is always the most accurate and has smaller variations.
Maximum relative error at the 1 d interval is 11.6% (±17.6%) in
summer at the scale of 10–15 km. Minimum relative error at
the 1 d interval is identified in winter; it ranges from 0.36 to
3.9% for different spatial scales. At the scale of 10–15 km, min-
imum relative errors of distance estimated from NSIDC are
5.3% (±9.7%), 3.8% (±7.8%), 5.5% (±7.6%) and 11.6% (±17.6%)
for autumn, winter, spring and summer, respectively. When the
scale increases to 15–25 km, relative error decreases accordingly
to 3.3% (±5.0%) in autumn, 2.8% (±4.7%) in winter, 4.3%
(±5.5%) in spring and 9.5% (±12.1%) in summer. At the scale
of 25–62.5 km, which is just larger than one pixel of the NSIDC

product, relative errors in autumn, winter, spring and summer
are 2.3% (±3.7%), 2.3% (±3.6%), 2.0% (±2.5%) and 3.8%
(±4.6%), respectively. This indicates that std dev. and seasonal
variabilities of distance estimates at the sub-pixel scale are larger
than those at the scale of over 25 km.

Since OSI-SAF operates during freezing seasons, there is mod-
erate variation in relative error with time interval. As expected,
compared with distances estimated at 4 and 6 d intervals, distance
estimated at 2 d interval is the most accurate. At the scale of 25–
62.5 km, relative error at the 2 d interval is 3.7% (±4.4%), 4.4%
(±5.1%) and 3.5% (±4.6%) in autumn, winter and spring, respect-
ively. In comparison, relative errors at the 2 d interval of the
NSIDC product are smaller; they are 3.2% (±3.8%) in autumn,
3.1% (±4.3%) in winter and 2.9% (±4.2%) in spring. At the
scale of 62.5–100 km, relative errors in OSI-SAF are larger than

Fig. 12. Mean and std dev. of relative error of Euclidean distance between two arbitrary points as estimated (a–d) from the NSIDC product and (e–g) from the
OSI-SAF product relative to drifter data for different sampling intervals and seasons.
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those in NSIDC; autumn, winter and spring values of OSI-SAF
are 2.6% (±2.6%), 2.1% (±2.3%) and 2.0% (±2.5%), and are
1.9% (±2.8%), 1.5% (±2.4%) and 1.8% (±2.1%) for NSIDC. The
performance of OSI-SAF in distance estimation is lower than
that of NSIDC. The ability of sea-ice motion products to charac-
terize sea-ice deformation has been verified by the performance of
sea-ice products to estimate distances between ice-floe pairs, and
could be used to fulfill the needs of sea-ice deformation observa-
tions at meso- and even larger scales, especially for quantifying
long-term changes because of the long-time series for both
NSIDC and OSI-SAF products. However, there are relatively
large uncertainties in both the NSIDC and OSI-SAF products at
sub-pixel scales. Therefore, it is still necessary to derive sea-ice
motion products from high-resolution remote-sensing data such
as high-resolution SAR (e.g. Kwok, 2006). Remote-sensing ice
motion products are also unable to capture high-frequency intra-
day sea-ice deformations, which dominate over the ice deform-
ation spectrum because of the intermittency of ice dynamics
(e.g. Lei and others, 2020).

Discussion

There were extreme differences in summer sea-ice conditions in our
study area between 2014 and 2016 (Lei and others, 2020). We quan-
tified the influence of sea-ice concentration on the absolute error of
sea-ice drift speed derived from ice motion products (Figs 13a, b).
To ensure sufficient samples under different sea-ice conditions, we
divided sea-ice concentrations into five bins from 50 to 100% for
the NSIDC product, and five bins from 90 to 100% for the
OSI-SAF product. Statistically significant results from linear regres-
sion analysis verify the relationship between absolute error and ice

concentration at daily and monthly (e.g. Sumata and others, 2014)
scales for both NSIDC and OSI-SAF. With sea-ice concentrations
of 50–100%, the absolute error of the NSIDC product ranged
from 0.018 to 0.027m s−1. With ice concentrations of over 90%,
the absolute error of the OSI-SAF product ranged from 0.016 to
0.029m s−1, but correlation coefficient was relatively low, which is
related to insufficient samples in bins at low concentrations.

A similar analysis was performed to quantify the influence of
ice drift speed on the absolute error of ice drift speed derived from
sea-ice motion products (Figs 13c, d). Five bins of ice drift speed
were defined, and linear regression was conducted between ice
drift speed and mean absolute error of sea-ice speed for different
bins. Absolute errors of sea-ice speed from NSIDC and OSI-SAF
products both demonstrated statistically significant ( p< 0.001)
linear relationships with ice drift speed, and their correlation coef-
ficients (R) both exceeded 0.9. This indicates the absolute errors of
sea-ice speed from both products have a strong dependence on
the magnitude of ice drift speed. When ice drift speed ranges
from 0 to 0.25 m s−1, the absolute error of ice speed from
NSIDC ranges from 0.01 to 0.047 m s−1, and the corresponding
absolute error of ice speed from OSI-SAF ranges from 0.012 to
0.036 m s−1. Compared with OSI-SAF product, NSIDC could bet-
ter estimate sea-ice drift speed with the magnitude of speed lower
than 0.1 m s−1. However, the absolute error of ice speed
from NSIDC increases 10–40% when ice drift speed increases to
0.1–0.25m s−1, which is larger than that from OSI-SAF. This
implies that the accuracy of sea-ice speed estimation for NSIDC
product is lower for high-speed sea ice.

Active cyclones were observed in September 2016, and enhanced
wind speed in the vicinity of the drifters as well as the speed of sea
ice (Lei and others, 2020). Combined with lower compactness of the

Fig. 13. Scatterplots between (a and b) sea-ice concentra-
tion and absolute error of sea-ice drift speed (ds) derived
from NSIDC and OSI-SAF, and between (c and d) ice drift
speed and absolute error of sea-ice drift speed (ds) derived
from NSIDC and OSI-SAF. Red crosses denote mean absolute
errors for different bins of sea-ice concentration and ice drift
speed, and blue line denotes the result of linear regression
analysis.
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sea-ice cover, the remarkably enhanced ice drift speed in September
2016 leads to a partial increase in the uncertainty for the NSIDC ice
motion product compared to that in September 2014.

Conclusions

In this study, two widely used sea-ice motion products from
NSIDC and OSI-SAF were validated with data collected by ice
drifters that were deployed during CHINARE cruises in the sum-
mers of 2014 and 2016 in the western Arctic Ocean. The 2-year-
long dataset allowed us to quantify seasonal and regional varia-
tions of the accuracy of sea-ice motion products. For sea-ice
drift speed, estimates from both NSIDC and OSI-SAF products
exhibited good agreement with drifter data. The NSIDC product
underestimated daily sea-ice drift speed with relative errors of −2
and −0.6% for the freezing seasons of 2014/15 and 2016/17,
respectively; relative errors increased to −10% (2014/15) and
−7.2% (2016/17) for the melt seasons. In contrast, OSI-SAF over-
estimated sea-ice drift at 2 d sampling interval with relative errors
of 12% (2014/15) and 4% (2016/17). However, compared with
sea-ice drift speed obtained from sub-daily drifter positions, ice
speed estimates from NSIDC and OSI-SAF are underestimated.
Monthly mean absolute error of ice speed from NSIDC varied
spatially, with larger values in the MIZ than in the PIZ.

We reconstructed Lagrangian trajectories over a temporal win-
dow of 1 month using the NSIDC and OSI-SAF products, and
calculated Euclidean distance and cosine distance between recon-
structed and drifter trajectories to quantify the magnitude of devi-
ation and geometrical similarity between trajectories. There was
larger seasonal variability in the Euclidean distance between
NSIDC and drifter trajectories than that of OSI-SAF. Spatial vari-
ability of Euclidean distance and cosine distance was generally lar-
ger at lower latitudes, which indicated spatial heterogeneity in
NSIDC sea-ice drift estimates. Initial ice conditions influence
the accuracy of reconstructed trajectories at the initial stage;
error accumulates over time, resulting in large uncertainties in
NSIDC drift speed estimates over 1 month. Nevertheless, the
OSI-SAF and NSIDC products are still adequate for reconstruct-
ing sea-ice advection at a monthly scale. However, the influence of
sea-ice concentration, coastal constraint and seasonality need to
be taken into consideration.

The feasibility of using the NSIDC and OSI-SAF products to
characterize sea-ice deformation was assessed by evaluating the
relative error of the distance between two arbitrary positions as
estimated by sea-ice motion products relative to drifter data for
different sampling intervals, and its variation with spatial scale.
Relative error decreases with increased distance imply that ice
deformation estimates from remote-sensing products are accept-
able at coarser scales. As a result of better spatial resolution, dis-
tances estimated from NSIDC are more accurate than those from
OSI-SAF for the same time interval and period. The NSIDC and
OSI-SAF products can be used for data assimilation or verifica-
tion of numerical model output. However, their ability to charac-
terize sea-ice deformation is limited by their coarse temporal and
spatial resolutions because of the intermittency and localization of
sea-ice dynamics.
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