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Abstract: The general topic here is the application of very high-resolution satellite imagery to the
study of ocean phenomena having horizontal spatial scales of the order of 1 kilometer, which is the
realm of the ocean submesoscale. The focus of the present study is the use of WorldView-2 along-track
stereo imagery to probe a submesoscale feature in the Baltic Sea that consists of an apparent inward
spiraling of surface aggregations of algae. In this case, a single pair of images is analyzed using an
optical-flow velocity algorithm. Because such image data generally have a much lower dynamic
range than in land applications, the impact of residual instrument noise (e.g., data striping) is more
severe and requires attention; we use a simple scheme to reduce the impact of such noise. The results
show that the spiral feature has at its core a cyclonic vortex, about 1 km in radius and having a vertical
vorticity of about three times the Coriolis frequency. Analysis also reveals that an individual algal
aggregation corresponds to a velocity front having both horizontal shear and convergence, while
wind-accelerated clumps of surface algae can introduce fine-scale signatures into the velocity field.
Overall, the analysis supports the interpretation of algal spirals as evidence of a submesoscale eddy
and of algal aggregations as indicating areas of surface convergence.
Keywords: High-resolution satellite imagery; submesoscale; spiral eddy; cyanobacteria; surface
convergence; western Baltic Sea

1. Introduction
High spatial resolution imagery from satellites capable of along-track stereo, or from satellites that
follow each other closely in time on similar orbits, can be exploited for target motion given appropriate
time lags between the image acquisitions [1–9]. In the ocean, targets take the form of spatial gradients
and other features in ocean color and surface temperature, suspended material, surface films, and (as in
this work) algae. Ocean currents can be deduced from time-lagged images by using various techniques
such as maximum cross-correlation [2,4,8] and optical flow [4–9]. Particularly exciting is the possibility
of using high-resolution time-lagged imagery to explore the realm of the ocean submesoscale, in which
strong surface convergences and downwelling become associated with horizontal density fronts and
cyclonic vortices e.g., References [10,11].
In this letter, a single pair of along-track stereo images from the WorldView-2 satellite
(DigitalGlobe, Inc., Westminster, CO, USA; pixel sizes of ~1 m) is used to examine aspects of small-scale
dynamical features as revealed through an algal bloom in the western Baltic Sea. A large-scale view of
the study area is provided by a Sentinel-3 satellite image (Figure 1a). The numerous green filaments
and spiral patterns in the imagery are caused by buoyant cyanobacteria (blue-green algae), which
commonly form summer blooms, often toxic, on the surface of the Baltic Sea under relatively low
wind conditions [12,13]. An understanding of and an ability to predict concentrations of cyanobacteria
are of practical importance and interdisciplinary interest. The WorldView imagery captures a small
algal spiral pattern (Figure 1b) that provides the focus of this study. High-resolution stereo views of
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submesoscale phenomena are rare in the Baltic Sea and other areas as well; and in the present case,
may provide insight into how the various algal patterns arise and what might be learned from them.
For instance, the relationship of the spiral pattern to ocean dynamics remains unclear. It is reasonable
to suppose that a spiral pattern derives from the action of an underlying eddy, but to our knowledge
this has never been confirmed directly. Assuming an eddy, then how does the spiral pattern arise?
Is it from kinematic distortion (i.e., from a differential angular velocity of the fluid) of any initial
distribution of algae material [14], or is it from the dynamics of the fluid, in which the cyanobacteria,
like any other surface floating material, become concentrated along frontal convergence zones that are
being swept into the eddy [10]?
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Figure 1. (a) Conditions in the Western Baltic Sea on 1 July 2018 as measured by the OLCI sensor
aboard the Sentinel-3 satellite (https://s3view.oceandatalab.com/). Red-filled circle shows location
of research platform FINO-2 (winds and in-water data); yellow-filled circle (just south of study site)
indicates a land-based weather station. (b) WorldView-2 RGB image of the area of the red rectangle in
panel a, showing the spiral pattern that is the focus of this study.

In order to address such questions, the WorldView stereo data are analyzed here using an
optical-flow algorithm to deduce the velocity field. There are, however, a variety of noise sources—
such as signal processing, data collection configuration, and environmental factors—that can
contaminate the results. A scheme for ameliorating the effect of one processing artifact (“striping”)
is described and used in this work. As will be shown, the analysis does indeed reveal a vortex at
the center of the algal spiral, which supports the interpretation of such algal spirals as evidence of a
submesoscale eddy, and that an individual algal aggregation corresponds to a velocity front having
both horizontal shear and convergence (and hence, downward transport).
2. Materials and Methods
2.1. Dataset
The WorldView-2 data were acquired on 1 July 2018, at 10:14:35 UTC (time t1 ; shown in Figure 1b)
and 10:15:52 UTC (time t2 ); the time interval between data collections being ∆t = t2 − t1 = 77 s.
While only a segment of the imagery is examined in this study, browser versions of the full image
strips can be accessed at https://discover.digitalglobe.com/; select “Area of Interest”; then “Search
by image ID”, where the identification numbers for the t1 and t2 images are 10300100803F8400 and
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10300100819E2800. The t1 and t2 collections had similar off-nadir angles (25◦ and 31◦ ), but necessarily
different target azimuth angles (261◦ and 333◦ ). Solar elevation and azimuth angles were 57◦ and 155◦ .
After geo-referencing and resampling to a uniform UTM map grid, spatial resolution is ∆x = 2 m for
the eight color and near-infrared bands and ∆x = 0.5 m for the panchromatic band. A further step
of image-to-image registration using a simple translation and ground control points, results in rms
displacement errors of about 1 pixel. High spatial resolution combined with relatively large image
time difference yields a velocity detection threshold ∆x/∆t of 0.01 to 0.03 m s−1 .
Wind data are available from the German research platform FINO-2 (55.007◦ N, 13.154◦ E), and a
close-by land station (54.443◦ N, 12.558◦ E). (See Figure 1a for locations; see Figure S1 for time series).
During the 48-h period prior to acquisition of the WorldView imagery, the mean 10-m wind speed
at FINO-2 was 3.3 m s− 1 (s.d. = 1.3 m s− 1 ). For the hour immediately preceding image acquisition,
the mean wind speed was 4.2 m s− 1 at FINO-2 and 2.2 m s− 1 at the land station, and the mean wind
directions were 41.1◦ and 22.5◦ . In-water temperature and salinity measurements are also available
from FINO-2, and profile and time series plots are shown in Figures S2 and S3. Stratification is
dominated by temperature; the water column is weakly stratified in the upper 10 m, and becomes
increasingly stratified toward the bottom. The stratification changes little over time, suggesting that
horizontal spatial gradients are relatively weak.
2.2. Selection of Wavelength Bands to Analyze
An optimal signal would have a large dynamic range or image contrast and it would represent
radiation backscattered from features at the sea surface, so that the derived velocity field could be
ascribed to a fixed depth. The latter is an issue because the algae, in addition to forming accumulations
at or very near the sea surface, will be dispersed by wind-induced shear and Langmuir circulation,
and thus will have some vertical distribution. A dynamic range for an individual wavelength band
can be defined as the rms signal in areas having real ocean structure minus that in areas where the
signal is near the noise level. Values for the various WorldView bands were thus found to be as
follows: highest (6.1 and 5.3 counts) for green and yellow wavelengths (bands 3 and 4); lowest (0.5 to
1.5 counts) for the shortest and the near-infrared wavelengths (bands 1, 2, 7, and 8); and intermediate
(about 3 counts) for the red and red-edge wavelengths (bands 5 and 6). As the green wavelength
band (band 3; 510 to 580 nm) had the best dynamic range, it was chosen for analysis. A segment of
panchromatic data (dynamic range of 5.8 counts) will also be examined; although those data overall
have a large percentage of signal near near-noise level, they do capture the finest-scale variations in
the algal distributions.
As to the issue of what depth to associate with the derived velocity field, we can note that algal
features were found to be highly coherent across bands 3 through 6. Band 6 (wavelengths of 706
to 746 nm) has a penetration depth of 0.75 m, based on the inverse attenuation coefficient for pure
water; in the midst of an algal bloom, that depth is likely less. This suggests that, even though the
algae may be mixed vertically downward several meters (see Section 3.2), the backscattered signal will
be weighted toward the upper meter or so; hence, we assume the velocity field derived using band
3 represents the flow over the upper 1 to 2 meters of the water column.
2.3. Treatment of Noise Stripes
A push-broom instrument such as WorldView-2 uses a linear array of detectors arranged
perpendicular to the flight direction of the spacecraft; different areas of the Earth’s surface are then
imaged as the spacecraft flies forward. As different electronic amplifiers are used to process sequential
sub-arrays of detector elements, small residual errors inevitably arise across the array [15]. Such errors
give rise to a pattern of prominent vertical stripes in imagery having a small dynamic range, which
is often the case for imagery of the ocean. Such stripes are clearly visible, for example, in Figure 1b,
which combines data from red, green, and blue wavelengths (bands 5, 3, and 2, respectively). Striping
occurs in every wavelength band, including the panchromatic band, but to a varying degree; and,
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after geo-referencing data from any wavelength band, a particular stripe will appear in a different
geographic location in the t1 and t2 images. The stripe—particularly the abrupt transition, or a jump
from one stripe to another—can then be falsely interpreted as an ocean feature that has moved, and
this will introduce noise into an image-derived velocity field. An initial de-striping of the data is thus
an important step.
Approaches described in the literature [16,17] are based on deriving a polynomial to describe the
detector variations across the entire image; this typically results in different corrective adjustments
or offsets for every pixel across the push broom. Our approach differs in that it attempts to correct
for only the effects of the most significant jumps, which often are regularly spaced across the image
and readily identified. The approach consists of the following steps, all of which are done prior to
geo-referencing the image data. First (step 1), the position of each jump and its height are determined
through examination of an otherwise locally homogeneous part of the image. Second (step 2), the
heights are applied uniformly and cumulatively within each stripe to create a one-dimensional array
or row of offset values. (A minor complication arises because of a small overlap in the sub-array
processing; as a consequence, a jump from one stripe to the next occurs over a range of pixels—about
7 pixels in this dataset.) Lastly (step 3), the offsets are used to de-stripe the data image.
We found it convenient to do both steps 1 and 3 within the image-processing environment of
ImageJ [18]. For step 1, we use the ImageJ “Plot Profile” tool in areas of the image where the real ocean
signal variation is weak compared to the jump. (To increase the precision to which the jump heights
are determined, all data values are first multiplied by one hundred.) For step 3, the imported row
of offsets is replicated sufficiently to make an image of the same size as the data image, and is then
subtracted from it using ImageJ’s “Image Calculator”. Figure S4 shows the data both before and after
the de-striping.
2.4. Method for Calculating Currents
Optical-flow methods estimate the velocity field by assuming conservation of a passive tracer; i.e.,
the total (Lagrangian) derivative of the tracer is equal to zero for a suitably short time interval. This
condition is represented as an exact integral of the nonlinear tracer-conservation equation
I(r + u ∆t, t2 ) = I(r, t1 )

(1)

where I is tracer intensity, ∆t is the time difference between the two images, and r and u are the position
and velocity vectors for a particular image pixel. For the present application, we use a nonlinear
optical-flow method called the Global Optimal Solution [5–7]. In this approach, the image is partitioned
into a number of square sub-domains (called tiles), n pixels on a side. The velocity field within each
tile is modeled by a bilinear function. Velocity vectors at the tile nodes are derived through minimizing
a cost function that is the sum of errors arising from the use of equation (1) at every pixel; an iterative
technique is used that employs Gauss-Newton and Levenberg-Marquardt methods. Choice of tile
size depends on the correlation length scale and noise level of the image data [7]. Our procedure at
present is to try a range of tile sizes, then choose the one that is small enough to capture the features of
interest without excessive noise. In this study, a value of n = 300 pixels with the band-3 data yielded a
satisfactory result (see later Section 3.1); a value of n = 50 pixels was used with the panchromatic data.
A problem with any optical-flow method as applied to ocean imagery is sensitivity to intensity
value changes that do not result from local surface currents; this is always a potential source of
noise in the calculation [4]. An example would be changes in reflectance as the result of changes in
viewing angles; another is contamination by non-ocean features such as clouds. To help mitigate
such problems, two pre-processing steps are taken. The first is normalizing the images to have the
same overall standard deviation and mean intensity levels. The second is creation of an image mask.
In the present case, the elements of the mask include small clouds (and their shadows) that occur
in the northwest corner of the image scene, an aircraft in the center-left part of the t2 image, and an
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underway boat near the top edge. The mask of that boat includes the part of the boat’s turbulent
wake that formed between the t1 and t2 views, as this is a case where the tracer (the wake segment) is
clearly not conserved between the two images. We did not, however, mask boat-generated internal
waves that extend across the upper-middle part of the scene. (These are visible probably because of
variations in reflected sky radiation resulting from internal wave-induced modulation of sea-surface
roughness.) As internal waves propagate relative to the ambient fluid, they may contaminate estimates
of the ambient water velocity.
After computing the velocity field, the vertical component of vorticity and horizontal divergence
are calculated. These have their usual definitions: vorticity ζ = ∂v/∂x − ∂u/∂y, and horizontal
divergence δ = ∂u/∂x + ∂v/∂y, where (u, v) are the (x, y) components of horizontal flow.
3. Results
3.1. Spiral Pattern (Band 3 Data)
Results from analysis of the spiral pattern using band 3 data are shown in Figure 2. To help
distinguish any circulation pattern associated with the spiral, the velocity field (Figure 2a) was
computed after first spatially translating the t2 image to compensate for a 17-m southwestward drift of
the spiral pattern between the t1 and t2 views. The dominant feature in the velocity field is an area of
cyclonic (counter-clockwise) swirling flow that overlies what seems to be, based on the algae pattern,
the visual center of the spiral pattern. This oval-shaped vortex is the central feature in the vorticity
field (Figure 2b), though other features occur that may not all represent real dynamical features of the
flow; see next section. In order to derive some properties of the vortex, we chose a contour level of
2.2 × 10−4 s−1 (e−1 times the maximum vorticity) to delineate a core region of the vortex. The objective
here is to capture as much of the core vorticity as possible without including a possible errant signal, as
represented by the lower-level contours that deviate from the overall oval shape. The area of the core
was then used to estimate an approximate radius R = 1.1 km, and a mean vorticity ζcore = 3.8 × 10−4 s−1
(s.d.=1.0 × 10−4 s−1 ); equivalently, ζcore = 3.2 f, where f = 1.19 × 10−4 s−1 is the local Coriolis frequency.
As could be expected, the core radius and vorticity do vary with computational scale (i.e., tile size n):
At lower resolution (n = 400), the radius is larger (1.37 km) and mean vorticity smaller (2.7 × 10−4 s−1 );
at higher resolution (n = 200), the radius is smaller (0.91 km) and mean vorticity larger (4.1 × 10−4 s−1 ).
The divergence field (not shown), when averaged over the core area, yields values not significantly
different from the background.
The character of the vortex core is of course just a part of a description of the eddy’s
hydrodynamics, as the spiraling arms of cyanobacteria accumulations extend over a much larger
area. In synthetic aperture radar (SAR) imagery, at wind speeds of 0.2 to 5.6 m s− 1 , the spiral arms
would appear as relative dark streaks because of the wave-damping effect of algae-derived surface
films. Sub-mesoscale eddies are thus manifested in SAR imagery as “black” spirals [19]. In the Baltic
Sea, such black eddies have a mean diameter D = 6.4 km (s.d. = 4.0 km) [20], where D is measured
between the most remote edges of the spiral pattern. One way spiral eddies can form is through
ageostrophic baroclinic instability associated with a background horizontal density gradient; and
theoretical studies [21] show such eddies to have cyclonic vorticity and a spiral diameter D = 2 Rd ,
where Rd = (g ∆ρ/ρ H) 1/2 / f is the baroclinic deformation radius. Analysis of SAR spirals in the
Baltic, Black, and Caspian seas shows that nearly all the spirals have a morphology consistent with
cyclonic vorticity [19,20], a diameter proportional to Rd [20], and are statistically associated with
lateral density gradients [20]. Our analysis explicitly reveals the cyclonic vorticity, and based on the
available measurements of water stratification, we estimate a value of Rd ~ 3.7 km, which is close
to a climatological value of 3.9 km near the study site [22]. These values of Rd can be compared
with D/2 ~ 3 km, where D ~ 6 km is the distance between the farthest spiral arms in Figure 2. Our
estimate of ~1.1 km for the radius of the vortex core is smaller than both D/2 and Rd , thus making
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the vortex itself a submesoscale feature. Other studies [10,23] support the notion of a relatively small
submesoscale vortex core and convergence bands at larger radius that spiral inwards toward the core.
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Figure 2. Results for area of the spiral pattern using data from band 3 (510 to 580 nm): (a) Velocity field;
(b) Vorticity field. The largest vector in (a) has a magnitude of 0.21 m s−1 . Contours in (b) are shown at
an interval of 5 × 10−5 s−1 , but only where the vorticity magnitude exceeds 1.5 × 10−4 s−1 . A subset
area (yellow rectangle; a) is examined in the next figure.

3.2. Algal Aggregations (Panchromatic Data)
As an example of panchromatic data, we zoom into a representative area (Figure 3) within the
spiral that shows two classes of algal features: windrows (the numerous bright streaks) and a long,
individual algal aggregation that extends from the x axis toward the northeast, which we examine first.
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Figure 3. Example of algal aggregations in panchromatic data: (a) Vorticity; (b) Horizontal divergence.
Contours are shown at an interval of 5 × 10−5 s−1 , but only where the vorticity or divergence magnitude
exceeds 1.5 × 10−4 s−1 . Dashed lines and labeled features (A, B) are discussed in the text.

The dashed line in Figure 3a highlights a band of positive vorticity (horizontal shear) that lies
to one side but parallels the aggregation. Spatially averaging in a 20-m wide strip along the dashed
line yields a cyclonic vorticity of 4.81 × 10−4 s−1 (s.d. = 1.07 × 10−4 s−1 ). The dashed line in
Figure 3b connects areas of negative divergence that overlay the aggregation. The mean divergence is
−2.9 × 10−4 s−1 (s.d. = 1.42 × 10−4 s−1 ), and hence indicates surface convergence. These bands of
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vorticity and convergence indicate a velocity front. This supports an assumption made in the literature
that such algal aggregations are frontal convergence zones and thus mark the locations of downwelling,
i.e., that submesoscale convergence occurs within specific structures in the flow field [10]. Drifter
measurements made in such structures show convergences of 2 to 6 f [10]; our value yields 2.4 f.
The windrows in Figure 3 are likely algae accumulations resulting from surface convergence
created by Langmuir circulation cells [24,25]. Evidence for this is that the windrows are approximately
aligned with the wind, i.e., they have an orientation of about 30◦ , which is within about 10◦ of the
wind direction in the hour preceding image acquisition (Section 2.1). The spacing of the windrows in
these data is in the range of 5 to 8 m, which would imply a mixing layer of 2.5 to 4 m depth. Amongst
the windrows are a variety of relatively weak vorticity and divergence features, but an adjacent pair
of negative and positive vorticity and divergence features (A and B in Figure 3a,b) stands out. These
features can be accounted for as follows. Figure 4 shows an enlarged view of the area at times t1 and t2 .
The two views have been aligned using the windrow patterns; and, by referencing to a common set of
grid lines, one can see that windrows patterns are indeed approximately stationary. On the other hand,
numerous bright pixels near the middle of the scene, and associated with individual windrows, do
move between views—by about 5 m, which corresponds to a relative speed of 0.06 m s−1 , or about 1%
of the wind speed. Bright pixels such as in this figure have an enhanced response in the WorldView
near-infrared bands, and that response is characteristic of surface cyanobacteria [26]. The bright pixels
are thus assumed to correspond to small clumps of floating algae, and these clumps are likely to be
affected by both the wind-drift layer and wind drag on parts of the clumps that extend above the sea
surface. The enhanced speed of the clumps is detected by the optical-flow analysis and gives rise to the
dipolar vortices (A, B) in Figure 3a, and areas of divergence (A) and convergence (B) in Figure 3b as the
flow first accelerates upwind of the clumps and then slows downwind. These fine-scale (~100 m) flow
variations might, if desired, be suppressed by using the near-infrared response of the algae clumps to
mask them prior to the velocity computation.
12.59°E

12.59°E

(a)

54.60°N

(b)

N

20 m

N

20 m

Figure 4. Enlargement of area near features A and B at times t1 (a) and t2 (b). The images shown
here have been aligned using the windrow patterns. A common set of grid lines (spaced 20 m apart)
helps illustrate how the brightest pixels (clumps of surface algae) move relative to the approximately
stationary windrows. An example is circled in red and shows movement of about 5 m towards
the south-southwest.

Remote Sens. 2019, 11, 865

8 of 9

4. Conclusions
Very high-resolution, time-lagged satellite imagery has been used to examine aspects of small-scale
ocean dynamical features as revealed through a cyanobacteria bloom in the western Baltic Sea. In this
case, a single pair of along-track stereo WorldView images was analyzed using an optical-flow
algorithm to derive fields of velocity, vertical vorticity, and horizontal divergence. The results show
(we believe for the first time) that an algal spiral pattern has at its center a cyclonic vortex, and that
an individual algal aggregation corresponds to a velocity front having both horizontal shear and
convergence (and hence, downward transport). While some sources of processing and environment
noise have been identified, further attention is needed for identifying and quantifying noise in the
derived flow field. Despite these shortcomings, the approach examined here is generally applicable,
as previous studies using WorldView imagery analyzed with the same optical-flow algorithm have
shown it provides a new way to quantify spatially complex phenomena and to assess the fidelity of
high-resolution coastal circulation models [8,9].
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/7/865/
s1.
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