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Improvement of Sea Ice Drift Extraction Based on
Feature Tracking from C-SAR/01 Imagery

Yanli Yang , Tao Xie , Chengzhi Sun, Chao Wang , Jian Li , and Xuehong Zhang

Abstract—In this study, the extraction of sea ice drift from
imagery captured by the 1-meter C-SAR 01 satellite (C-SAR/01)
was facilitated utilizing the oriented fast and rotated brief al-
gorithm within the feature tracking procedure, thus addressing
the previously unexplored area of sea ice drift extraction using
C-SAR/01 imagery. The retained keypoints and nearest neighbor
distance ratio test for sea ice drift extracted from C-SAR/01 im-
agery were compared, indicating high reliability with 300 000 and
0.75, respectively. In addition, the local outlier factor algorithm is
proposed in this article, which can effectively remove erroneous
sea ice drift vectors. The sea ice drift extracted from C-SAR/01
was validated against manually extracted sea ice drift, revealing
an uncertainty of 0.271 cm/s in speed and 8.331° in direction.
Furthermore, the sea ice drift obtained from the algorithm in this
study, when compared with sea ice drift from IABP buoys, exhibits
high accuracy, reflecting the robustness of the algorithm.

Index Terms—1-meter C-SAR 01(C-SAR/01), Arctic, feature
tracking (FT), oriented fast and rotated brief (ORB), sea ice drift,
synthetic aperture radar (SAR).

I. INTRODUCTION

ACCORDING to the Arctic Climate Report 2022, extreme
warming events in the Arctic are occurring more fre-

quently, accompanied by accelerated melting of the Greenland
ice sheet and an overall decrease in the extent of Arctic sea
ice [1]. Sea ice movement serves as an indicator of Arctic
Sea ice variability and is an important influencing factor in the
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overall balance of Arctic Sea ice mass [2], [3]. As for the newly
opened shipping routes in the Arctic ice region due to global
warming in recent years, enhancing real-time monitoring and
numerical forecasting capabilities of sea ice movement is of
utmost importance. Therefore, research on sea ice drift plays
a prominent role in Arctic climate and environmental studies,
Arctic shipping safety, and marine economic activities.

Sea ice movement refers to the complex motion of sea ice
driven by various factors such as wind, tides, and ocean currents
[4], [5]. The main typical methods used in sea ice drift research
include numerical simulations [6], [7], buoy observations [8],
satellite remote sensing [9], radar imagery [10], and digital
image monitoring [11]. Currently, obtaining wide-ranging sea
ice movement data using satellite information has become the
primary method due to the advantages of broad observation
coverage, rapid imaging, and periodic observations. Satellite
sensors that provide sea ice movement research data mainly
include passive microwave [12], [13], [14], optical [15], [16],
[17], and synthetic aperture radar (SAR) [18], [19], [20], [21],
[22], [23], [24] imagery. Currently, the main sea ice movement
products published by leading international institutions include
National Snow and Ice Data Center (NSIDC), Ocean and Sea Ice
Satellite Application Facility, and French Research Institute for
the Exploitation of the Seas. However, their spatial resolutions
are generally low (6.25–25 km), with average errors ranging
from 1–2 km/day and average drift direction errors at 15°–20°
[25]. The advantage of microwave radiometers is their broad
coverage, allowing for the stitching of data over the entire polar
region on a daily basis. However, the disadvantage is their low
spatial resolution, typically ranging from a few kilometers to
tens of kilometers. In fact, the resolution of remote sensing
data is a major factor affecting sea ice information extraction
[26]. In comparison, SAR imaging is not affected by weather
and illumination conditions, and it has high spatial resolution
ranging from a few meters to several hundred meters. Under
fine modes, the resolution can reach as high as 1 m. Backscatter
coefficients from different polarimetric images exhibit some
differences. Studies have shown that the extraction of sea ice
drift vectors from HV-polarized images provides more infor-
mation compared to HH-polarized images [27], [28]. However,
HH-polarized images can provide more information on small-
scale sea ice variations, yielding more corner features, while
HV-polarized images can reflect large-scale ice conditions [29].
China’s first civilian C-band high-resolution SAR satellite, GF-3
(Gaofen-3), is equipped with 12 imaging modes [30], [31]. The
sea ice drift vectors derived from GF-3 imagery demonstrated a
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high level of accuracy, with uncertainties in speed ranging from
0.119 to 0.287 cm/s, and in direction ranging from 4.119° to
5.930° [32]. The launch of C-SAR/01, a pivotal component of
China’s SAR satellite network, Launched on November 23rd,
2021. C-SAR/01, as the premier successor to GF-3, has been
strategically engineered to advance China’s sea and land surveil-
lance capabilities through the establishment of a C-band SAR
satellite constellation. So far, there have been no reports on using
C-SAR/01 imagery to obtain sea ice drift vectors.

The methods for extracting sea ice drift vectors based on
remote sensing image matching mainly include the pattern
matching algorithm and the feature tracking (FT) algorithm.
The pattern-matching algorithm is simple in principle, has high
accuracy, but lacks robustness against rotated sea ice, is sensitive
to image noise, and has low computational efficiency [33]. The
sea ice drift products mentioned earlier, are all based on the
pattern-matching algorithm [34], [35], [36], [37]. FT involves
detecting feature points in both the primary and secondary
images, such as edge points, corner points, and region extrema.
Compared to the pattern matching algorithm, FT algorithms
are more computationally efficient, robust against rotated sea
ice, but have a higher matching error rate [25]. Typical FT
algorithms include scale invariant feature transform, speeded
up robust features, accelerated-KAZE, and oriented fast and
rotated brief (ORB) [38]. Among them, research has shown
that the ORB algorithm exhibits good robustness in sea ice
drift vector calculations among several typical algorithms [13].
The ORB algorithm has improved computational efficiency and
time complexity. It generates a low-resolution image through
the down-sampling method to build an image pyramid for scale
invariance and uses a simple and fast algorithm to mark feature
points in the image [39]. Muckenhuber et al. [27] applied the
ORB operator to extract sea ice drift vectors from Sentinel-1
SAR imagery and improved computational efficiency. Li et al.
[32] improved the uniformity of feature points extracted by
ORB compared to ORB by adding a Quadtree retrieval method;
they eliminated the concentration of feature points extracted by
ORB on ice ridges, leads, and coastlines, providing favorable
conditions for the subsequent feature point matching calculation.
Furthermore, some studies have focused on improving error
filtering methods after calculating sea ice drift vectors using the
ORB operator [40], [41]. With the increase in remote sensing
data sources and high spatial resolution, most researchers have
shifted their focus to FT methods.

This article aims to address the issue of uneven spatial dis-
tribution in sea ice drift vector calculations using the ORB FT
algorithm, utilizing domestically developed SAR satellites, and
improving the matching accuracy to some extent. In this study,
the ORB method is applied to the C-SAR/01 series images,
and the performance of ORB algorithm factors is compared to
determine the most suitable algorithm for extracting sea ice drift
vectors. Furthermore, we compared NRCS and PR features to
find the optimal features to retrieve high-density sea ice drift
vectors. To validate the robustness and effectiveness of sea
ice drift extraction based on the ORB FT algorithm proposed
in this article, both C-SAR/01 data and Sentinel-1 EW data,
which exhibits similar performance to C-SAR/01 SAR data,

Fig. 1. Geographical positions and the extent of the imagery analyzed in this
research. For the C-SAR/01 imagery, Pairs Ⅰ are denoted by the red rectangle,
Pairs Ⅱ are denoted by the black rectangle, Pairs Ⅲ are denoted by the green
rectangle; for the Sentinel-1 imagery, Pairs Ⅳ are denoted by the light-blue
rectangle, and Pairs Ⅴ are indicated with a tan rectangle; and blue dots orange
dots on the map serve as markers for the IABP buoy positions and manually
extracted sea ice drift used in the study, respectively.

were employed for extracting sea ice drift vectors. The resulting
sea ice drift vectors extracted from SAR images were validated
against sea ice drift extracted by manually chosen and IABP
buoy data.

II. DATA

A. C-SAR/01 Images

China’s space infrastructure strategy includes the C-SAR/01
satellite, which utilizes a C-band SAR system with a central
frequency of 5.4 GHz. This system is versatile, featuring 12
distinct imaging modes including strip, scan, spotlight, and wave
imaging mode [42]. Capable of capturing SAR imagery with
resolutions ranging from 1 to 500 m and a coverage swath
from 10 to 650 km, the satellite supports configurations from
single to full polarization. Terrain observation with progressive
scanSAR (TOPSAR) is a novel wide-swath imaging mode for
SAR systems. Hence, level-2 images acquired in TOP wide
swath (TOPW) mode were selected as data sources for sea ice
drift extraction. These images had a resolution of 100 m, a swath
width of 500 km, and selective dual-polarization. Considering
that the time interval between image pairs used for sea ice drift
vector extraction and the speed of motion of sea ice in the covered
area affect the results of sea ice drift vector extraction, C-SAR/01
image pairs were selected that were acquired for different time
intervals, regions, and seasons. The location and acquisition time
of the selected C-SAR/01 images are shown in Table I and Fig. 1.

B. Sentinel-1 Images

The Sentinel-1 constellation contains Sentinel-1A and
Sentinel-1B, C-band SAR satellites. The satellite operates in
near-polar and sun-synchronous orbits, with the revisit period
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TABLE I
DETAIL INFORMATION FOR IMAGES

in the high-latitude Arctic region can be shortened to 1–2 days,
which is conducive to the monitoring of sea ice drift in the
Arctic region. This study utilized ground range images obtained
from Sentinel-1 in the extra wide swath (EW) mode, possessing
a spatial resolution of 40 m. The EW SAR data utilized the
TOPSAR imaging technique to provide extensive area coverage.
Table I and Fig. 1 provide the information and locations of the
Sentinel-1 images. The Sentinel-1 data can be readily accessed
online.1

C. IABP Buoy Data

The buoy, affixed to the ice surface and moving synchronously
with the drifting ice. The buoy data utilized in this study orig-
inate from the International Arctic Buoy Program (IABP). The
program has systematically deployed ice-based buoys on the
Arctic Sea ice in Arctic ocean, establishing a comprehensive
observational grid for Arctic Sea ice buoys. The buoy positioning
methods encompass both the Argos and GPS systems, render-
ing respective geographic accuracies of 300 and 100 m [43].
Leveraging the specified onset and termination timestamps, the
average speed of the sea ice represented by the buoy is derived
through the computation of its relative displacement. The IABP
buoy data can be readily accessed online.2

D. Manually Reference Data

The processing steps for making the reference data are as
follows. First, load the C-SAR/01 pairs imagery into the ArcGIS
software and then project the images to the WGS 84/NSIDC Sea
Ice Polar Stereographic North (EPSG:3413) coordinate system.
Visually interpret and identify distinct corresponding points on
the sea ice in both images, recording their respective x and
y coordinates and calculate sea ice drift vectors (7) and (8).
We control the difference between start points of image 1 and

1[Online]. Available at: https://search.asf.alaska.edu/.
2[Online]. Available at: https://iabp.apl.uw.edu/index.html.

image 2 to be within 10 km, ensuring the quality of the matched
corresponding points.

III. METHODS

The procedure for sea ice drift extraction is included as
follows.

1) SAR preprocessing.
2) Comparison of NRCS and PR features.
3) Sea ice drift vector extracting.
4) Removal of erroneous drift vectors.
5) Accuracy assessment.

A. SAR Preprocessing

1) C-SAR/01: The SAR is first radiometrically corrected, the
original image is corrected to the backscatter coefficient and
obtain the normalized radar cross section (NRCS) images for
C-SAR/01 as follows:

σC−SAR01 = 10log10

(
P I ∗

(
QualifyValue

65535

)2
)

−KdB (1)

where σC−SAR01 is the backscattering values in the linear units
for C-SAR/01 image, QualifyValue andKdB are the quality value
and calibration constant, and P I = DN2 is the magnitude of
C-SAR/01 image, respectively.

Subsequently, multilooking processing and Lee filtering are
applied. The spatial sampling window size was determined
based on the radiation-corrected image to mitigate speckle noise,
resulting in an average size of 7 × 7; in addition, traditional Lee
filtering was performed on the multilooking images to further
diminish the effects of speckle noise. Finally, based on its ratio-
nal polynomial coefficient, the image was reprojected to WGS
84/NSIDC Sea Ice Polar Stereographic North (EPSG:3413)
projection system with an encoded resolution of 250 m × 250 m
in x and y displacement.

https://search.asf.alaska.edu/
https://iabp.apl.uw.edu/index.html
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2) Sentinel-1: Formula (2) was utilized for conducting ra-
diometric calibration on the Sentinel-1 data

σSentinel−1 =
DN2

A2
(2)

where σSentinel−1 is the backscattering values in the linear units
for Sentinel-1 image, DN is the digital number provided in the
TIFF file, and A is the value of the normalization coefficient
from the accompanying calibration metadata.

The subsequent processing steps are the same as those for
C-SAR/01, but during the projection, the georeferencing is based
on the GDAL data model, where georeference information is
stored as ground control points (GCPs). Originally, GCPs con-
sisted of pairs of latitude/longitude and corresponding pixel/line
coordinates.

B. Comparison of NRCS and PR Features

Sea ice drift vector research has focused on using NRCS,
other different polarizations are ignored, such as polarization
ratio (PR), polarization difference, and so on. The optimal
sea ice change detection factors were screened, and the rapid
identification mechanism of sea ice change detection factors was
proposed. Research indicates that, in comparison with the anal-
ysis approach that utilizes SAR intensity imagery, the GLCM
stands out as the optimal texture feature for these evaluations
[44]. In this study, the relationship between NRCS and PR in the
SAR images before and after the same sea ice target module was
studied, and the rapid identification mechanism of sea ice change
detection factors was proposed to find the optimal characteristics

PR =
NRCSHV

NRCSHH
(3)

where NRCSHV means the NRCS for HV polarization, NRCSHH

means the NRCS for HH polarization.
To better understand NRCS and PR features how to get more

sea ice drift vectors, Std GLCM information are used to measure
the richness of grayscale information for two features. The
GLCM, denoted G(i, j), gives the co-occurrence probability
between gray levels i and j, and is defined as

S (i, j) =
G (i, j,)∑K

i,j=1 G (i, j)
. (4)

And Std texture information can be calculated [45]

Std =

√(∑K

i,j=1
G (i, j) ∗ (i− μx)

)2

(5)

whereG(i, j,) represents the number of occurrences of gray lev-
els, i, j denote different pixels. And K and μx are the quantized
number of gray levels and mean value of rows, respectively. In
this study, the sliding window is 5 × 5, the statistical direction
is over four directions (0°, 45°, 90°, 135°), the displacement is
1, and the gray level is 8.

C. Sea Ice Drift Vector Extraction

ORB is a feature-tracking algorithm developed by Rublee
et al., improving upon the FAST keypoint detector and the binary

BRIEF descriptor by incorporating numerous modifications to
enhance its overall performance [39].

1) Before the FT algorithm can be applied, the images have to
be transformed into the intensity I range of 0 and 255. The
transformation is done by using the following equation:

i = 255 ∗ σ0 − σ0
min

σ0
max − σ0

min
(6)

where σ0
min and σ0

max represent the 0.5th and 100th per-
centiles of σ0, respectively. And when utilizing the NRCS
image, σ0 = NRCS, when using the PR image, σ0 = PR.

2) The earlier image in the image pair is selected as the refer-
ence image (Image 1), whereas the later image is consid-
ered as the target image (Image 2). ORB feature operators
are employed to extract feature points and matched using
a brute-force matching method to obtain pairs of matching
points. Please refer to [38] for the detailed procedures of
ORB.

The nearest neighbor distance ratio (NNDR) test is commonly
used in the FT algorithm to retain correct matching point pairs
and filter out erroneous ones. The sea ice drift similarity of
matching point pairs is measured by the matcher based on
the Hamming distance between the feature point descriptors.
By setting the threshold for NNDR test, matching point pairs
with distance ratio values greater than the NNDR threshold
were filtered out as erroneous matches. Empirically, when this
distance ratio is below 0.8, around 90% of the matched points are
incorrect [46]. However, it is challenging to use a fixed threshold
for filtering out correct matching point pairs due to variations in
different image characteristics.

3) After obtaining the matched point pairs, the geographical
coordinates are obtained based on the image coordinates.
Combined with the imaging time interval, the sea ice drift
vectors can be derived for both x (7) and y (8) displace-
ment. We calculate the sea ice drift velocity vectors by
combining the retained matching point pairs with their
geographical coordinates.

νx =
Δx

Δt
(7)

νy =
Δy

Δt
(8)

where νx and νy mean sea ice drift for x displacement and y
displacement, Δt is the time interval between the two images,
and Δx = x2 − x1 and Δy = y2 − y1 are sea ice drift for x and
y displacement, respectively.

The maximum threshold for sea ice drift velocity is set to 50
cm/s, and any sea ice drift velocity vectors exceeding 50 cm/s
are considered erroneous and subsequently removed.

D. Removal of Erroneous Sea Ice Drift Vectors

The FT algorithm has a higher computational efficiency
compared to template matching. However, it tends to produce
error-prone matching point pairs during the matching process,
leading to erroneous sea ice drift vectors. Therefore, the error
vector filtering method for sea ice drift based on FT algorithms
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is continually being proposed and improved [47], [48], [49].
However, the focus should not be on error correction in sea ice
drift results, but rather on targeted improvements to the sea ice
drift inversion method to enhance the accuracy of sea ice drift
inversion results.

Thus, based on the optimal feature SAR imagery, the FT
method improves the sea ice drift extracted results by employ-
ing a local outlier factor (LOF) method to remove erroneous
variables. The LOF algorithm first calculates the local reacha-
bility density of each data point and then compares this point’s
local reachability density with that of its neighboring points to
derive the LOF for that point. This LOF indicates the degree of
abnormality of the point relative to its neighboring points, with
a larger value indicating a higher degree of abnormality. By
computing the LOF for each data point, the LOF algorithm is
able to identify data points with density abnormalities relative to
their surrounding data points, thus recognizing outliers within
the entire dataset. In this context, the number of neighboring
points to consider for local reachability density is set to 160,
which leads to more accurate density estimation.

E. Accuracy Assessment

The R2, mean absolute error (MAE), error ratio, and root
mean square error (RMSE) of the velocity are used as metrics
of the accuracy of the algorithms.

1) For C-SAR/01, references for verifying the accuracy of
automatically extracted sea ice drift vectors from each algorithm
include manually extracted sea ice drift vectors (using FT in
ArcGIS software) and buoy drift vectors. For sea ice drift vectors
manually extracted, distance between the start point of the man-
ually extracted vector and that of sea ice drift vector extracted
from the C-SAR/01 images were the nearest possible and did not
exceed 10 km [40]. This verification utilizes C-SAR/01 Pairs Ⅰ
and Ⅱ to assess the accuracy of the algorithms.

In the case of IABP buoy data, the distance between the start
point of IABP buoy data and that of the sea ice drift vector ex-
tracted from the C-SAR/01 images were the nearest possible and
did not exceed 10 km. In addition, the time difference between
the IABP starting point and starting point of the algorithm’s
automatically extracted vector from C-SAR/01 imagery should
not exceed 15 min. This verification uses C-SAR/01 Pairs Ⅲ to
assess the accuracy of the algorithms with IABP buoy data.

2) For Sentinel-1, the start positions of the IABP buoy drift
vectors and the vectors extracted from the Sentinel-1 images are
different and must be matched. The nearest neighbor method
was used for pairing. The distance between the start point of
IABP buoy data and that of sea ice drift vector extracted from
the Sentinel-1 images was the nearest possible and did not
exceed 10 km. In addition, the time difference between the IABP
starting point and starting point of the algorithm’s automatically
extracted vector from Sentinel-1 should not exceed 15 min.

IV. RESUITS

A. Find Optimal Parameter

The effectiveness of the number of retained keypoints on the
sea ice drift vectors field depends on the selected threshold,

Fig. 2. Effect of the number of retained keypoints of ORB on the expended
time and total matching pairs for C-SAR/01 images acquired in TOPW mode.

which must be adjusted based on the acquired images. In order
to better select a suitable threshold, the algorithm described
in this article is used to extract sea ice drift velocity vectors
for different number of maximum retained features, which is
depicted in Fig. 2. However, the number of retained keypoints
for the feature matching operator is mostly set to 100 000.
Here, we set the number of retained keypoints for the ORB
operator to be 100 000, 200 000, 300 000, 400 000, 500 000,
and 600 000, respectively (see Fig. 2). It can be observed that
the change trend of the two images is basically consistent. With
the increase of the maximum retained keypoints, the time for
feature matching and the number of matching keypoints pairs
reach their maximum at 400 000. When the number of retained
keypoints is 100 000, the extracted matching keypoints pairs are
only half of the 400 000, while the time spent is only 11–13 s
longer. It is due to the high computational efficiency of the ORB
operator. When the number of retained keypoints is set to a value
greater than 400 000, the number of matching pairs and the time
spent are basically the same as when the number of retained
keypoints is 400 000. At the number of retained keypoints of
400 000, the number of matching pairs and the matching time of
sea ice drift were comparable to those at 300 000, with slightly
more matching pairs at 400 000. Nevertheless, it remains uncer-
tain whether the additional matching pairs represent correct or
incorrect variables. Consequently, a further comparison of these
two thresholds will be conducted to ascertain a more fitting the
number of retained keypoints for the inversion of sea ice drift
vectors.

Fig. 3. further demonstrates the impact of different numbers
of retained keypoints (300 000 and 400 000) on the extraction
of sea ice drift vectors. It can be observed that when the number
of retained keypoints is 400 000, the inconsistent vector data
noticeably increases, while the consistent vectors do not show a
significant increase. This suggests that the additional matching
point pairs in Fig. 2, compared to 300 000, may predominantly
consist of inconsistent pairs. It seems that when the number of
retained keypoints is set to 300 000, it is optimal for the ORB
operator to extract sea ice drift vectors. Therefore, the number
of retained keypoints for the algorithm described in this article
is set to 300 000.
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Fig. 3. Sea ice drift vectors derived with different features for C-SAR/01 images. The vectors derived from the Pairs Ⅰ are shown as (a) 300 000; (c) 400 000; the
vectors derived from the Pairs Ⅱ are shown as (b) 300 000; (d) 400 000.

To select an appropriate NNDR ratio threshold, sea ice drift
velocity vectors were extracted using different NNDR ratios
based on C-SAR/01 image pairs. The results, as shown in Fig. 4
were evaluated using the number of matching pairs and the
matching time of sea ice drift. It was observed that for NNDR
ratios of 0.6, 0.7, 0.8, 0.9, and 1.0, both the number of matching
points and the time of sea ice drift vectors from the sea ice drift
vectors exhibited an increasing trend. While the highest number
of image matching pairs were obtained at an NNDR ratio of
1.0 (Pairs Ⅰ: 40 291, Pairs Ⅱ: 63 960), the matching time of
sea ice drift also reached its maximum (Pairs Ⅰ: 14.8, Pairs Ⅱ:
16.8), indicating the greatest data instability. This phenomenon
is attributed to the inherent drawback of feature matching, which

tends to generate numerous erroneous matching pairs. Even
with error variable filtration, a significant number of erroneous
variables are retained. Conversely, at an NNDR ratio of 0.6,
both the number of matching pairs and the matching time of
sea ice drift reached their minimum. However, this reduction
also led to the exclusion of a substantial number of accurate
sea ice drift variables. At an NNDR ratio of 0.7, the number of
matching pairs and the matching time of sea ice drift velocity
were comparable to those at 0.8, with slightly more matching
pairs at 0.8. Nevertheless, it remains uncertain whether the ad-
ditional matching pairs represent correct or incorrect variables.
Consequently, a further comparison of these three thresholds
(NNDR of 0.7, 0.75, and 0.8) will be conducted to ascertain a
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Fig. 4. Effect of the NNDR ratio on the expended time and total matching
Points for HV-polarized C-SAR/01 images acquired in TOPW mode.

more fitting NNDR ratio value for the inversion of sea ice drift
vectors.

Fig. 5 further demonstrates the influence of different NNDRs
on the extraction of sea ice drift. Initially, for SAR Pairs Ⅰ
and Pairs Ⅱ imagery, as NNDR increases, the number of in-
consistent sea ice drift vectors gradually rises, peaking when
NNDR reaches 0.8. In the case of Pairs Ⅰ, the increase in NNDR
leads to a relatively smaller growth in inconsistent sea ice drift
vectors. However, for PairsⅡ, there is a significant increase in the
number of sea ice drift vectors as NNDR increases. This may
be attributed to the limitation imposed by setting the number
of retained keypoints to 30 000, while the correct sea ice drift
quantity for PairsⅡ is relatively low. Pairs Ⅰ and PairsⅡ represent
two scenarios of sea ice drift vector extraction. Pairs Ⅰ signifies a
situation where the correct sea ice drift vector data is consistent
with the maximum retention quantity, whereas PairsⅡ represents
a scenario where there is a significant disparity between the
correct sea ice drift vectors and the maximum retention quantity.
In both cases, when NNDR equals 0.75, it better preserves the
correct sea ice drift vectors and also helps in removing some
incorrect vectors, laying a solid foundation for filtering out
erroneous sea ice drift vectors in subsequent steps. Therefore, the
NNDR for the algorithm described in this article is set to 0.75.
The number of retained keypoints of 300 000 and NNDR of 0.75
were used to sea ice drift vectors extracting for the following
study.

B. Comparison of the Result Yielded With Two Features

Based on the mentioned findings, this study opted to extract
sea ice drift vectors from C-SAR/01 images at a resolution of
250 m under the TOPW mode, setting the number of retained
keypoints at 300 000 and NNDR at 0.75. Fig. 6 presents the dis-
tribution of sea ice drift vectors obtained by matching different
features (NRCS and PR) from two pairs of image pairs. While
the patterns of drift vectors are highly sea ice drift similar at
corresponding locations between the two sets of image pairs,
the extracted data volume of drift vectors exhibits significant
discrepancies. The sorting of data points obtained from the two
sets of image pairs reveals that NRCS yields a greater data

volume than PR. Examining the sea ice drift vector fields from
the two sets of image pairs, all two feature types demonstrate
notable similarities in both magnitude and direction. However,
the NRCS inversion yields a greater number of sea ice drift
vectors. This may be related to the richness of the GLCM
information for each feature.

All sea ice drift vector results underwent testing using the
algorithm proposed in this article. Table II provides the fea-
ture point counts and sea ice drift vectors obtained after sea
ice drift vectors extraction from different features. Significant
differences exist in the number of feature points extracted by
different feature matching operators in the images. In both Pairs
Ⅰ and Pairs Ⅱ, NRCS generate more feature points comparing
to PR features imagery, consequently resulting in more drift
vectors. The consistent spatial distribution of these feature points
indicates that the number of extracted feature points determines
the spatial distribution of the sea ice drift velocity vector field.
Therefore, to achieve a more uniform distribution of sea ice
drift vector fields in subsequent analyses, it may be necessary to
enhance the image features.

Fig. 7 displays the Std GLCM information extracted from the
NRCS image and the PR image over four directions (0°, 45°,
90°, 135°). The results indicate that the Std GLCM information
extracted from the PR image is higher than the NRCS image
with pairs Ⅰ and pairs Ⅱ over four directions, which indicates
the direction does not influence obtaining the number of feature
points. With the increase of the Std GLCM, the number of feature
point pairs is relatively low (see Table II). This may be due to
the fact that STD represents the variation in image grayscale.
When STD is large, the grayscale variation in the image is large,
and the feature points are concentrated in the pixels with large
grayscale variation. However, the grayscale variation over sea
ice is not large, thus neglecting many detailed feature points. For
the NRCS image, the relationship between Std GLCM and the
number of feature points is not entirely inverse. This may be due
to the fact that the PR feature represents the dielectric coefficient,
which reflects large-scale sea ice information more effectively,
while the NRCS feature represents sea surface roughness, which
is more indicative of small-scale sea ice information.

C. Results of Sea Ice Drift Vectors Filtering

The NNDR test relies on the correlation properties be-
tween the descriptors of the feature points, which are unrelated
to the characteristics of sea ice drift. Therefore, the results of
the NNDR test will still retain a certain number of erroneous
vectors, as can also be observed from Fig. 6. Therefore, this
article proposes the LOF method to remove erroneous sea ice
drift vectors. To be compared, Fig. 8 illustrates the results of
the common Confidence interval algorithm and LOF algorithm
in filtering using Pairs Ⅰ and Pairs Ⅱ C-SAR/01 NRCS imagery.
The sea ice drift vector extracted method proposed integrates a
supplementary filtering algorithm based on Confidence interval
algorithms and LOF algorithm, respectively. It is observed that
in both Pairs Ⅰ and Pairs Ⅱ, the confidence interval method can
remove right vectors with Confidence interval algorithms [see
Fig. 8(a)], meanwhile, erroneous vectors still persist Confidence
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Fig. 5. Sea ice drift vectors derived with different Features for C-SAR/01 images. The vectors derived from the Pairs Ⅰ are shown as (a) 0.7; (c) 0.75; (e) 0.8. The
vectors derived from the Pairs Ⅱ are shown as (b) 0.7; (d) 0.75; (f) 0.8.
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Fig. 6. Sea ice drift vectors derived with different features for C-SAR/01 images with NNDR of 0.7. The vectors derived from the Pairs Ⅰ are shown as (a) NRCS;
(c) PR; the vectors derived from the Pairs Ⅱ are shown as (b) NRCS; (d) PR.

TABLE II
MATCHING RESULTS OF DIFFERENT FEATURES

interval algorithms [see Fig. 8(b)]. Because the distribution
of these sea ice drift vectors does not strictly follow a total
normal distribution, thus making it ineffective in computing
confidence intervals and selecting the correct vectors. However,
the LOF algorithm establishes a model for determining outliers,
thereby avoiding the removal of correct sea ice drift vectors.

The LOF algorithm effectively retains a significant number
of correct sea ice drift vectors while eliminating erroneous
ones.

Fig. 9 illustrates the component distribution histograms after
Confidence interval and LOF algorithms filtering for Pair Ⅰ
imagery as an example, separated into the x and y directions.
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Fig. 7. Std GLCM information from C-SAR/01 images. (a) Direction=0°. (b) Direction=45°. (c) Direction=90°. (d) Direction=135°.

When filtering with Confidence interval algorithm, this step
has already retained a large number of extreme big erroneous
values, which further disperses the data, thereby exacerbating
the difficulty of confidence interval filtering. However, the LOF
algorithm can remove most of the unusually large values, which
makes the x and y component distribution in accordance with
the value of confidence interval distribution. In conclusion, the
LOF algorithm proposed in this study leverages the feature dis-
tribution of vector components, enabling effective computation
of confidence intervals and selection of the correct vectors.

From the above-mentioned analysis, it can be concluded that
it is feasible to extract sea ice drift vectors using the ORB FT
algorithm with C-SAR/01 SAR NRCS imagery. Specifically,
setting NNDR to 0.75, the maximum retainable quantity to
300 000, and utilizing the LOF algorithm for filtering. In order
to further authenticate the robustness of sea ice drift vectors

extracted from SAR data presented in this article, experiments
were carried out to compare the precision of sea ice drift vector
speed and direction obtained from Sentinel-1 SAR images. The
results are depicted in Fig. 10, it can be observed that the use of
the confidence interval exclusion algorithm leads to a noticeable
gap in the top-right corner [see Fig. 10(a)] and the lower-left
corner [see Fig. 10(b)] of the image, which is attributed to the
nonconformity of the vector component distribution to a normal
distribution. Despite the minimal rotation in the drift field, the
confidence interval algorithm erroneously filters out the edges.
The algorithm proposed in this article utilizes the LOF algorithm
to effectively retain the correct drift vectors while removing erro-
neous ones, significantly improving accuracy. This demonstrates
the accuracy and robustness of the LOF algorithm proposed in
this article for extracting sea ice drift vectors from SAR data
again.
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Fig. 8. Sea ice drift vectors derived for C-SAR/01 Pairs Ⅰ images. (a) Confidence interval filtering. (c) LOF algorithm; sea ice drift vectors derived for C-SAR/01
Pairs Ⅱ images. (b) Confidence interval filtering. (d) LOF algorithm.

Fig. 9. Histograms of x and y components of sea ice drift vectors for Pairs Ⅰ.
(a) Confidence interval algorithms. (b) LOF algorithm.

D. Accuracy and Effectiveness

The accuracy of the extracted sea ice drift vectors was assessed
by the method described in Section III-E using sea ice drift data
manually extracted from C-SAR/01 images and IABP buoy data.
We did not directly assess the sea ice drift vectors extracted
from C-SAR/01 imagery using currently released sea ice drift
products because the temporal resolution of these products does
not match that of the sea ice drift data extracted from C-SAR/01.
In addition, we selected the IABP buoy extracted from SAR
images to assess the sea ice drift vectors extracted from Sentinel-
1 images to ensure their reliability as reference data.

1) This study assesses the precision of sea ice drift vector
speed and direction derived from C-SAR/01 SAR Pairs
Ⅰ and Pairs II imagery, comparing them with reference
data manually extracted. Fig. 11 illustrates the findings,
showing a substantial level of concordance between the
proposed method and the reference buoy, which the R2

of speed value and direction are 0.980 and 0.998, respec-
tively. In addition, the comparison between the sea ice
drift results extracted from the C-SAR/01 SAR imagery
(Pairs III) and the IABP buoy data for ID of 900 128 yields
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Fig. 10. Sea ice drift vectors derived for Sentinel-1 with Pairs Ⅳ images. (a) Confidence interval method. (c) LOF algorithm; sea ice drift vectors derived for
Sentinel-1 with Pairs Ⅴ images. (b) Confidence interval method. (d) LOF algorithm.

Fig. 11. Sea ice drift vectors derived from C-SAR/01 validation to manually
extracted reference data.

respective sea ice drift speeds of 0.76 and 0.49, with direc-
tions of 283.4° and 299.4°. The differences in speed and
direction are 0.27 and 16°, respectively. It indicates strong
coherence between the sea ice drift vectors extracted via

improvement of ORB feature matching algorithms in this
study.

2) In order to further authenticate the robustness of the sea
ice drift velocity field extracted from Sentinel-1 SAR data
presented in this article, experiments were carried out to
compare the precision of sea ice drift vector speed and
direction obtained from Sentinel-1 SAR PairsⅣ and Pairs
Ⅴ imagery with reference data derived from IABP buoy
records. The results are depicted in Fig. 12 with the R2 of
speed and direction are 0.913 and 0.942, respectively, ex-
hibit a significant level of agreement between the proposed
method and the IABP buoy data. In conclusion, with the
R2 higher than 0.9, it further authenticates the robustness
of sea ice drift velocity field extracted from SAR data
presented in this article.

In Table III, detailed accuracy information is provided in
terms of the speed and direction of the sea ice drift vector
distribution extracted from the CSAR/01 and Sentinel-1 SAR
data corresponding to Figs. 11 and 12. In the case of C-SAR/01,
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TABLE III
VALIDATION RESULTS OF DIFFERENT SAR DATA IN SPEED AND DIRECTION

Fig. 12. Sea ice drift vectors derived from Sentinel-1 validation to IABP buoy
data.

the RMSE for speed and direction stands at approximately
0.273 cm/s and 7.794°, respectively. Meanwhile, the MAE for
speed and direction resides at approximately 0.226 cm/s and
5.332°, respectively. Notably, the error ratio for both speed
and direction are 3.12% and 2.61%. This suggests a high level
of reliability in extracting sea ice drift vectors using the SAR
NRCS imagery within the C-SAR/01 TOPW mode. In the case
of Sentinel-1, the RMSE of speed and direction is approximately
1.339 cm/s and 3.921°; While the MAE of speed and direction
is approximately 1.180 cm/s and 2.208°; the error ratio of speed
and direction is approximately 7.91% and 1.10%. This also
implies a substantial degree of dependability in the derivation
of sea ice drift vectors through the utilization of SAR NRCS
imagery within the Sentinel-1 EW mode. Generally, it is clear
that the algorithm demonstrates universality for two different
satellite SAR data, thereby proving the effective applicability of
this method for sea ice drift vector extracting.

V. CONCLUSION

This article presents the process of extracting sea ice drift
vectors from C-SAR/01 images using the improved ORB FT
algorithm. The comparison of the retained keypoints number
and NNDR on the extraction of sea ice drift vectors using the
ORB FT algorithm is discussed. In addition, the differences
in the results and efficiency of sea ice drift vector extraction
from C-SAR/01 images using the NRCS and PR features are
compared and obtain the optimal features. Furthermore, the ac-
curacy of extracted sea ice drift vectors from C-SAR/01 images
is evaluated. The study applies the LOF algorithm to effec-
tively eliminate incorrectly extracted sea ice drift vectors while

retaining the correct vectors, thereby enhancing the removal of
erroneously extracted sea ice drift vectors by an improved ORB
FT algorithm.

1) By comparing the time taken to obtain sea ice drift vectors
from C-SAR/01 images with different retained keypoints
numbers, it was observed that as the number of retained
keypoints increased, the number of feature matching point
pairs reached its peak at 300 000. Thus, when the number
of retained keypoints was set to 300 000, it was considered
to be the best value for extracting sea ice drift vectors
using the ORB operator. The NNDR also influences the
reliability of extracted sea ice drift vectors. an NNDR
of 0.75 resulted in the extraction of a high-density sea
ice drift vector field, while simultaneously removing a
significant number of erroneous vectors. In addition, this
article proposes an LOF algorithm, which can effectively
assist in identifying and removing erroneous values within
the sea ice drift vectors.

2) The study compared the effectiveness of two commonly
used features, NRCS and PR, in extracting sea ice drift
vectors from C-SAR/01 TOPW mode imagery. From the
sea ice drift vector extracted from image pairs, two features
exhibited significant similarities in terms of speed and
direction. The NRCS image provided a more densely
distributed sea ice drift vector. The number of sea ice drift
vectors extracted from the NRCS imagery was comparable
to that from the PR imagery; however, the NRCS image
produced almost twice the number of matching point pairs
as the PR image.

3) The accuracy of extracted sea ice drift vectors from C-
SAR/01 images were evaluated using manually extracted
sea ice drift vectors as reference data. The study also used
IABP buoy data to evaluate the extracted sea ice drift
vectors from Sentinel-1 images. The R2 and error ratio of
speed value and direction are over 0.90 and lower than 8%.
This indicates the accuracy and reliability of the algorithm
that sea ice drift vector fields extracted from different SAR
satellite imagery in this article.

In conclusion, the analysis mentioned above mainly illustrates
that by utilizing C-SAR/01 images, along with the improved
ORB FT method, and by conducting appropriate erroneous
matching removal, it is possible to efficiently and rapidly gener-
ate high-resolution Arctic Sea ice drift fields. With the expansion
of C-SAR/01 satellite coverage in the Arctic region, future
research will utilize C-SAR/01 satellite images in more areas
for sea ice drift vectors studies, providing precise and detailed
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data support for environmental and climate studies in the Arctic
region and offering data services for Arctic shipping safety.
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