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A BSTRACT
When analyzing and interpreting results of an ocean simulation,
the prevalent method in oceanography is to visualize the complete
dataset. However, this can lead to data being missed or misinterpreted due to the distraction caused by the extraneous data of the
simulation. Furthermore, when the data stretches over many layers in
depth or over numerous time-steps, the ability to track attributes such
as ocean currents becomes difficult due to the complexity of the data.
We propose an image processing approach to simulation preprocessing for visualization purposes, which offers automation of ocean
current tracking within a simulation and ocean current segmentation
from the rest of the simulation data. Using the proposed approach, it
is possible to automatically identify the most scientifically-relevant
streams, extract them from the rest of the simulation and correlate
their behavior with other simulation parameters.
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1 I NTRODUCTION
A thorough understanding of ocean current behavior is vital for many
aspects of ocean science. For instance, currents adjacent to a coastline (known as boundary currents) have a complex interaction with
the thermodynamics of the ocean as well as the atmosphere near the
land they are adjacent to [6]. These currents transport heat, salinity
and biological life over long distances and can even influence the
fishing trades of a region. In a recent paper, Lozier [8] highlighted
the value of ocean currents and eddies for the meridional overturning
circulation. When examining current behavior in a region and over
time, it is important to identify the regions an ocean current occupies
to assess how this influences surrounding regions. However, because
currents are continuous and directed meandering corridors of water
in the ocean, driven by wind, water density differences and tides, set
within a turbulent ocean, such identification is not always easy.
We present an ocean current segmentation technique to separate
regions corresponding to major currents from the remainder of the
oceanic data. We demonstrate the value of our technique by applying the segmentation algorithm to data derived from an ocean
simulation. We use the Model for Prediction Across Scales-Ocean
(MPAS-Ocean) simulation, the oceanic component of the larger
MPAS simulation [11] which determines interactions between land,
ocean, atmosphere and sea-ice. The simulation is composed of an
unstructured Voronoi mesh-grid, which can be varied to produce a
higher resolution in certain areas and a lower resolution in others.
Our segmentation algorithm focuses on the kinetic energy values
derived from this ocean simulation, where high values indicate
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Figure 1: Color mapped MPAS-Ocean simulation visualization for
different parameters; kinetic energy at surface (a), kinetic energy at
250 meters depth (b), temperature at surface (c).

62

2018 IEEE Scientific Visualization Conference (SciVis)
21-26 October 2018, Berlin, Germany
978-1-5386-6882-5/18/$31.00 ©2018 IEEE

presence of ocean currents. Currents have high translational energy
and are most prominently detected in the kinetic energy parameter
of the simulation. Ocean currents are present at all depths. To
explore how data at different depths affect the results, we focus on
the kinetic energy at the surface of the ocean, where currents are
strongest, and at 250 meters, for comparison. The kinetic energy
parameter is traditionally viewed on a logarithmic scale, between
the range of 1e − 2 to 2m2 /s2 , to maximize the values in the data.
MPAS-Ocean is an ensemble simulation that provides various other
parameters such as temperature, salinity, zonal and meridial velocity,
etc. We analyze the data by projecting the global simulated data to a
plane using the Mercator projection. Our data consists of 287 single
channel images, each image five days apart in the MPAS-Ocean
simulation. The resolution of each image is 2548x1310 pixels and
each pixel value is a projection of the data value of the simulation
(within the above mentioned range) at a particular location in space.
Our segmentation technique is applied to this raw data values, and
the results are rendered at the end of the workflow to ensure accuracy.
As mentioned, it is to this set of projected data images that we
apply our segmentation technique. To extract and determine the
network of currents in a region, we apply image processing techniques combined with principal component analysis (PCA) to find
the corridors through which the strongest currents flow, excluding
the noise in the dataset. We can tune this corridor identification
algorithm to include only the strongest currents or include a combination of currents at various strengths, depending on the user’s
requirements. We define corridors as areas encompassing the flow
of an ocean current. Once we have identified these corridors, we
map our results to temperature at sea surface, to find correlations,
and showcase examples where the scientist can use an initial set of
results for in-depth exploration. This unique capability provided
through our framework has been difficult to assess using traditional
techniques [10], and has proven useful to the ocean scientist.
Related work in image segmentation and region correlation with
applications to climate sciences is expansive. Sukharev et al. [12]
implemented clustering algorithms to find correlations and patterns
in climate data sets. Results from the segmentation are then compared to other parameters of the climate simulation. While this is
a more generalized approach, our algorithm is optimized for ocean
current extraction. Chen et al. [2] presented techniques to identify
correlations in time-varying data, but sample the dataset to reduce
the time and effort required for correlation. Liebmann et al. [7]
presented a hierarchical correlation clustering method for various
2D scalar fields. Our algorithm differs from these methods as we
use image-based pixel information to derive our results.
In image processing, noise is considered to be a random variation
of brightness. In our case the noise is the non-random data representing local turbulence, which we are not interested in when examining
ocean currents. We are interested in strong ocean flows contributing
to the global scale circulation and how this influences surrounding
regions. By following the highest kinetic energy components in the
simulation, it is possible to identify the aforementioned current flow
corridors. The main aim of this work is to present a proof-of-concept
on a new approach to ocean simulation parameter visualization, in
order to explore its usefulness, and without optimization for in-situ
analysis. It is certainly possible to apply it in-situ with future work.
Furthermore, no error analysis is made since the presented tool is
qualitative.
2 C URRENT S EGMENTATION M ETHOD
Since ocean currents are continuous directional movement of water,
and they are passing through different regions of the ocean, we are
proposing a segmentation method capable of ocean current corridor
identification. The proposed current segmentation method is applied
to a set of images, each a Mercator projection of the MPAS-Ocean
simulation to a 2D plane. The dataset is a sequence of images,
where each image corresponds to kinetic energy values at a given

Figure 2: Kinetic energy in each time step is changing due to the
movement of the currents. here, the movement is illustrated by computing and overlaying contours of the high kinetic energy areas for 15
sequential time-steps. The movement is the most apparent for eddies
due to the consistent general direction of their trajectory.

time-step, as can be seen from Fig. 2. Our simulation is comprised
of 8km grid resolution at the equator, 18km resolution at the poles,
and a gradual transition in-between. As a 15km resolution is often
considered sufficient to identify most major features in an MPASOcean simulation, these specifications satisfied our needs. All of
the processing steps required for the segmentation are done for a
single time frame, thus accessing the overall kinetic energy range
relative to the highest and lowest values within the frame. When
evaluating the results, we must also take into account that the values
around the poles are distorted and further reduced due to the globe
unwrapping process. We apply our technique to 2D images over the
3D simulation due to the ease of use a 402 MB database of images
provides to the user over a 12 GB simulation. Ocean scientists most
often focus on a particular region of the ocean for analysis because
looking at an entire ocean simulation in detail is often impossible
due to simulation size constraints. Image databases of simulations
have proven to be effective for fast and efficient analysis [1]. By
applying our technique to a set of images rather than a simulation,
we expedited the analysis process while maintaining familiarity of
the data to the scientist’s typical workflow.
2.1 Current Corridor Indicator Extraction
Kinetic energy (grey level) values are split into 4 classes using multilevel thresholding, where the thresholds are chosen to maximize
the mutual information between the original pixel values and the
pixel labels in the resulting image [9]. The new labels represent
the strongest, medium and weak currents atop of the background.
The most relevant information for the current flow tracking is stored
within the strongest and medium current labels, and also big patches
of weak currents. Therefore, we discard all of the small weak components. The remaining currents are used further as the foreground of
a binary mask, on which is performed morphological (with a kernel
size of 9x9) closing followed by opening (kernel size of 3x3) in order
to connect smaller current components which are close by, as well
as to remove the remaining currents which were left unconnected.
2.2 Current Component Orientation Estimation
Extraction of the biggest components results in a binary image containing corridor path indicators – a set of components which, when
connected, would form significant current flows. The components
are first labeled using the connected component labeling (CCL) algorithm [3], assigning every component a unique value and storing
both its centroid and area.
After uniquely identifying the components, the next step is to connect them in a logical way. Decision on which components belong
together and should be connected is a known and frequent problem
in image processing. For an observer it may be obvious what belongs
together, however when connections need to be described formally,
the complexity of the problem arises. We decided to connect the
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components using orientation measure obtained from a principal
component analysis (PCA) method [5].
PCA is a statistical method providing dimensionality reduction
and is conducted in four steps: centering the data, calculating the covariance matrix, computing the eigen-decomposition and projecting
the data. For the purpose of orientation measure, ontly the first three
steps are utilized. Every labeled component is considered to be a set
of 2D points, which are first centered by calculating and subtracting
the mean for both axis. Further calculated covariance matrix, reveals
the extent to which corresponding elements move in the same direction and it is geometrically interpreted using eigen-decomposition
into eigenpairs (~v, λ ) i.e. eigenvectors ~v and their corresponding
eigenvalues λ . Eigenpairs emphasize the direction of highest and
lowest movement of the elements being analyzed, because of which
we use the maximum eigenpair as a description of label orientation.
The decision to use the component orientation as the connection
metric is based on the nature of the data. When looking at the overall
kinetic simulation and discussing it with domain scientist, we defined
two patterns: currents and eddies. Currents exhibit linear direction
tendencies, have direction consistency and emphasize ridges with
smaller streams branching from them. Eddies emphasize rotational
components, have consistent origins and move in circular motion,
thus forming the clear donut shape in the visualization and exhibiting
no directionality as an extracted component. Motion of currents and
eddies is correlated, as all the eddies originate from a current by
breaking off from the stream and continuing to drift across the
ocean in general direction influenced at origin. Considering such
current behavior, connection of neighbouring component of similar
orientation is a logical next step, with a search neighborhood for
each label being an elliptical approximation defined by radii a and
2
2
b as ax2 + by2 = 1. The radii are assigned values of label width
corresponding to the direction of eigenvectors, making sure the
neighborhood search prefers components lying in the direction of
the evaluated label. A label is considered to be in the neighborhood
if a part of it lies within the elliptical search area.
Discovered neighborhood labels are further evaluated by comparing the difference in their orientation to the central label. If the
orientation difference is less than 45°, the labels are connected by a
straight line, making sure that the next CCL pass will identify them
as a single connected component.
2.3 Corridor Formation
We use a skeleton-based approach to corridor estimation; the main
flow is approximated by a thin line and then creates the corridor by
expanding the line. The resulting image after connecting the components of similar orientation introduced inhomogeneity into path
components (holes), which would represent a problem if we were to
try and find the corridor skeleton directly from it. Therefore, a convex hull is calculated for each of the components first. Convex hull
algorithm is constructing, developing, articulating, circumscribing or
encompassing a given set of points in plane by a polygonal capsule
called convex polygon [4], thus neutralizing the inhomogeneities
and providing strong indicators of the area of interest. The hulls are
again connected by performing morphological closing with a kernel
of size 51x51. Size of the kernel was determined heuristically, and
its scale is to be expected since the operations are no longer based
on the scope of a single current but on the greater parts of the flow.
Morphological merging of convex hulls results in several connected components along the current flows, which are irregular in
shape and size but all equally important. To store the information
about the path, while discarding the size irregularities, skeleton is
obtained. Finally, the flow corridor is obtained by morphological
dilation of the skeleton, with a kernel of size 51x51, creating a
uniformly wide corridor, indicating the most important currents.
Component connection step has a significant effect on the end
result. The current method connects label centroids by a straight line,
which may result in a corridor shift, when relatively big components
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Figure 3: Cartesian projection of the kinetic energy data on the surface
layer, enhanced by a logarithmic transform for improved visibility.

are compared because the centroids are not necessarily close to
the component edges which should be connected ideally. In order
to minimize the potential corridor shift effect and make sure to
visualize the ocean current behavior around the most interesting
components; the obtained corridor is merged with the binary mask
covering the strongest and medium components
3 R ESULTS AND D ISCUSSION
Using the approach elaborated in Section 2, we have successfully
extracted the main ocean current flows out of the global kinetic
energy data (Fig. 3), extended this to understand the behavior of the
ocean temperature at sea surface height and kinetic energy at 250
meters ocean depth and visualized over time-steps in a video (for all
videos, see additional material).
3.1 Current Segmentation
The corridor estimation approach was tested on two potential sets
of corridor indicators, after multi-level thresholding results. First
set contained only the strongest currents, whereas the second one
contained biggest components obtained after the combination of
strongest, medium and weakest currents.
The proposed method assumes uniform spatial resolution over
the entire dataset, which is not the case with this particular dataset.
Furthermore, due to the Cartesian projection, the kinetic energies of
the poles are distorted and therefore weakened, rendering the data
invisible for extraction using our approach. Because of that, we can
notice results fading out toward the poles. Such behavior is to be
expected and is not considered a problem since the provided results
serve to be a proof-of-concept and the method will be further used
on the data with uniform resolution.
Using only the strongest components as corridor indicators, the
method will fail to identify the Equatorial current, flowing between
South America and Africa, as can be seen from Fig. 4(a), because it
is relatively weaker than other currents, e.g. Agulhas Current (Cape
of Good Hope). However, it is possible to overcome the problem
by using the biggest components, as can be noted in Fig. 4(b). The
corridor is computed for each frame and has successfully identified
regions of interest within which we expect the ocean movement
strong currents as well as the consequent weaker currents.
The results confirm the possibility of the corridor shift stated in
Section 2.3, which can be noticed in Fig. 4(b), along the eastern coast
of Africa (Agulhas Current). Success of the solution for the corridor
shift impact minimization is also confirmed since the current is still
visible after segmentation. With total run time of approximately 10
s/image, the proposed method in its current form is computationally
expensive because the optimization was not the main focus during
the implementation, but we focused to explore the results yielded by
this approach. In order to reduce the possibility of a corridor shift
and enhance the overall approach, we propose the following to be
considered in the future work:

parameters, or compare the kinetic energy at different depths.
3.3 Domain Scientist Feedback

(a)

Our domain scientist collaborators were excited about the exploratory nature of this tool. One scientist noted that “Novel methods of analysis for ocean simulation data are extremely important.
Computer science and image processing techniques are particularly
relevant. I am interested in this application of segmentation to ocean
modeling because velocity fields naturally parse into regions of energetic currents like the Gulf Stream, and slower return flows such as
North Atlantic deep water.” Another stated that “It is often hard to
identify and understand key information in the entire global dataset
without an approach or algorithm to focus exploration in local regions. For example, previous Lagrangian methods for identification
of currents failed to provide any identification of the most important
currents and furthermore failed to incorporate a multivariate analysis
view of the flow, (e.g., they did not consider temperature or other
scalar anomalies as in the present algorithm). The present method is
unique and a great advancement because it provides an algorithmic
and objective technique to identify the major ocean currents, which
to my knowledge has not been previously accomplished to produced
without use of individual ‘expert knowledge’. The applications of
this approach for future ocean currents in climate simulations is profound as expert knowledge (which may not exist for future climates)
is not needed as the algorithm identifies major currents as opposed
to heuristic identification by ‘hand’.”
4

(b)
Figure 4: Application of the corridor computed using (a)only the
strongest currents and (b) biggest components after combination of
strongest, medium and weakest currents.

Figure 5: Overlay of the kinetic energy at 250 meters (orange) over
kinetic energy on the surface layer (blue).

1) identification of the prominent edges in the label which should
be connected, 2) evaluate and compare the local orientation of the
discovered disconnected edges, 3) explore the possibility of using
B-splines for corridor skeleton estimation and convex hull corners
as their control points, 4) achieve temporal coherence by inter frame
corridor skeleton interpolation.
Correlation of Currents to Kinetic Energy at Depth
and Temperature
Using the proposed approach on the kinetic data, we have offered
a possibility for spatial comparison of the surface currents to the
currents at 250 meter depth, as shown in Fig. 5. The temperature
in Fig. 6 has been extracted using the corridor obtained from the
surface kinetic energy. Looking at the Fig. 1(c) it is possible to give
global conclusions about the ocean temperature, but it is hard to say
anything more about its exact correlation with the current flow. By
extracting the current flow corridor and applying it onto the other
simulation parameters such as temperature in Fig. 6 or kinetic energy
at depth we offered a new possibility to observe other ocean current

C ONCLUSION

The proposed segmentation approach using the biggest components
of current intensities as corridor indicators confirmed the possibility
to identify ocean current corridors enclosing the interesting currents
as well as their context - surrounding weaker currents. The main
advantage of such approach to current visualization is that, except
for the morphological operation kernel size, we did not introduce
any parameters which would have to be provided a priori. Further
more, the domain scientist can focus only on the corridors as regions
of interest when making an observation, without being distracted
by weaker currents. The corridor extraction showed promising and
useful results when applied to other simulation parameters such as
temperature or depth. By using this frame-by-frame approach, it
is possible to produce a video which provides the insight into the
change of the observed parameters through time. The usefulness of
2D results points to the conclusion that, if the approach was to be
conducted over depth, it can bring interesting new insights into the
overturning circulation behavior for the domain scientists.
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3.2

Figure 6: Visualization of the surface temperature parameter using
corridors obtained from the surface kinetic energy.
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