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Abstract
In this paper, we present our progress in spatiotemporal data mining for tracking and
predicting the movement of ocean objects. We found that the spatial density filtering
algorithm shows promising in preprocessing the image data. The correlation model is able
to track the target based on the spatial similarity over time, when the shape is coherent.
With a confined environment and enough training data, the machine learning model
potentially is capable of predicting a short-term spatial dynamics. The challenge ahead is
how to combine data mining models with multi-physics models.
1. Problems and Objectives
Detecting, tracking and predicting ocean objects are important to ecological and oceanographic
studies as well as applications. Remote sensing database, such as SeaWiFS and MODIS, have
been as means of monitoring of the spatiotemporal dynamics of ocean objects, such as harmful
algal blooms (HAB) and river plumes in the presence of coastal areas. However, the current
HAB computational models are limited as off-line analyses that have not been seamlessly
integrated into the day-to-day field applications yet. There is a need for advanced computing
techniques that could be applied to automatic detection or tracking of harmful objects, as well as
the physiological status or taxonomic classification of bloom organisms, in near-shore coastal
environments, as well as in the open ocean. Evaluating bloom detection techniques has a critical
dependence at some level of visual analysis (Tomlinson et al., 2004). To determine chlorophyll
or other cardinal property, multiple samples and parametric statistics are appropriate. For
nominal properties, such as bloom type, each bloom must be treated as a single unit, regardless
of the number of samples for validation. This is non-parametric problem cannot use simple pixel
statistics as it requires identifying contiguous blooms.
The spatiotemporal data mining here is equivalent to object tracking and modeling, which
extracts patterns from the information stream from multi-spectrum satellite images, in-situ cell
counts, weather data, and qualitative and quantitative models. The problems in this study include
1) multi-resolution sensory fusion for satellite images and cell counts, 2) interaction of external
forces such as wind and coastal lines with intrinsic properties such as shape and concentration, 3)
multi-physics modeling that fuses biological, chemical and fluid dynamics. In this paper, we
present the progress in our new project (AIST-QRS-04-3031) “Spatiotemporal Data Mining for
Monitoring and Tracking Ocean Objects,” sponsored by NASA-ESTO program. The objectives
of the project include: 1) tracking the movement of identified targets from the satellite images,
frame by frame automatically; 3) predicating conditions favorable for an anomalous event to
occur where the targets have not been observed. We use SeaWiFS images from NASA, the cell
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counts and wind data from NOAA. We focus on US Gulf of Mexico and southeast, with
examples from Cape Canaveral, Florida, both for chlorophyll and sediment (backscatter). Wind,
surface temperature and coastal water circulation databases will also be used (Walker, 1996;
Stumpf, et al., 1993).
2. Work-in-Progress
We have developed the particle filter and correlation based object tracking algorithms and tested
for tracking the HAB objects (Cai, et al, 2005a). Spatial density filter, cellular automata are also
developed to model the HAB dynamics (Cai and Joen, 2005b). The preliminary results are
presented in the online links 1.
2.1 Shape clustering. We have developed a data filter and grouping algorithm that can remove
noises while keeping the principal shapes. The images from the anomaly channel often contain
significant sparse noises in the images. In addition, many small anomaly algae are not harmful
blooms. To remove the sparse noises and small artifacts, we developed a Spatial Interaction
Filter, which includes spatial density filtering (SDF) and shape grouping algorithms. SDF model
clusters the data points based on the spatial density, for example, the data points that are packed
within a predefined distance are classified as one group, while the data points that are sparse
outside of the neighborhood distances are classified as another group. We found that it is better
than Binary Morphology method because it preserves the shape better. Figure 1 shows a sample
of the output. To group the ‘pixels’ into ‘objects’, we have developed a computational shape
grouping algorithm, called ‘snake algorithm’, because it mimics the sideways movement like a
snake. A snake outline deforms itself from a box to the tight fit of the outline of the targeted area.
The image on the right of Figure 1 is a sample of the output. Unfortunately, the current ‘snake’
model is pretty slow because it uses incremental step iterations. We need to improve its speed in
next phase by applying multiple resolution iterative process.

Figure 1 Original image (left), after Spatial Density Filter (middle) and after the shape grouping (right)

2.2 Tracking model. Tracking the identified HAB object is important to the HAB monitoring
and analysis. We have developed a shape-based tracking algorithm that can track the predefined
target in a sequence of images. The tracking algorithm is based on the Correlation Filter, which
1 Presentations about the current NASA project AIST-QRS-04-3031:
http://www.esto.nasa.gov/conferences/estc2005/papers/a3p4.pdf
http://www.esto.nasa.gov/conferences/estc2005/Presentations/A3P4.pdf
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analyzes the similarities between the previous shape and the input shapes. It uses the phase
correlation of a shape to track the target. The output highlights the outline of the tracked shape:
Shape Correlation = IFFT(FFT(a).* conj(FFT(b))),
where, a is the test image; b is the reference object in the previous image to be tracked. FFT(x)
represent Discrete Fast Fourier Transform IFFT(x) is Inverse Discrete Fast Fourier Transform.

Figure 2. Tracking HAB with Correlation Filter within 4 day interval

Our initial test case shows the algorithm can track the coherent target from most of frames (79
out of total 79 frames). However, this algorithm is not yet robust in all cases. For example, it
doesn’t work very well when a target is split into several pieces, although is not very common in
HABs. To improve the algorithm, we investigated Particle Filter algorithm, which performs
better in tracking the splitting targets. However, it can only generate a box outline, rather than an
accurate shape contour. See Figure 2.
2.3 Prediction model. We are currently developing the spatiotemporal data mining model that
serves two functions: 1) to reduce the spatial data space, 2) to learn the dynamic logic from the
historical data. At the current stage, we incorporate the artificial neural networks to model the
spatiotemporal dynamics. The basic problem is to discover how and what extent the ocean object
change of each cell i at time t+1 is determined by the neighboring condition (CA assumption) or
by the external forces (e.g. wind, ocean current, surface temperature, region, etc.) where holding
at the previous time t. The neural network consists of two components: Self Organizing Maps
(SOM, Kohonen, 1995) and the Supervised Neural Network (Radial Basis Function, RBF,
Mathworks, 2004). SOM clusters the raw data in an image to the defined low-resolution points,
which can significantly reduce the computational load in order of magnitudes. The RBF is used
to learn two things: 1) the frame transition rules and 2) the correlations of the external forces.
The overall structure is illustrated as Figure 3.

Figure 3. Spatiotemporal Learning Model
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Unlike conventional methods of training frame transition rules using the Cartesian plane, frame
transition rules are trained using the cylindrical plane, in which r and theta points to the same
cluster in a following frame. Cylindrical coordinates provide two advantages: 1) the RBF can fit
the data more smoothly without a large spread and 2) the prediction requires fewer frames in the
training set.
The SOM network can reduce the data size in orders of magnitude. It is an n-dimensional
network, where n is the number of inputs. The network is trained by presenting it with cluster
points (the blue dots in Figure 5). We assume to have the sample data of the object at time t and t
= t - 1, then the RBF learns the transition logic between the two or more images and the external
variables. The output of the RBF is the prediction at the time t = t + 1, and beyond. The
following is an example of our test case (Figure 4). We trained the model with four images,
where the red crosses represent the location of algae blooms and the blue circle is the center of
the cluster. The SOM was trained with 20 epochs with 50 clustering blue points. The target
image has 5876 pixels and the clustering with the blue outline missed approximately 300 pixels,
yielding a 5.1% error.

Figure 4. The first 3 images are input shapes (zero wind speed) and the last image is the predicted shape
overlaid on top of the ground truth. The blue dots are the clustered data points that represent the shape.

3. Future Work
First, we would build the anomaly detection model: To date, the anomalous areas are empirically
determined by the average concentration level of chlorophyll in 60 days. To give more accurate
estimation, we are going to apply the statistical estimation methods, such as the spatial anomaly
detection method from multiple databases. Instead of using one parameter, we would use
multiple variables from multiple channels (e.g. chlorophyll and anomaly) and historical
databases. We would focus on what we expect to see and then determine which regions deviate
significantly from our expectations (Neil & Moore, 2005). Secondly, we would develop a
decision model, for example, using Decision Tree, we can combine the scientist’s heuristics and
math model together. Finally, we would build the evolvable hybrid modeling interface: Our
initial prediction model is based on the spatiotemporal data mining, or so-called machinelearning methods, which heavily depends on the data quality and quantity. To make a more
robust detection, tracking and prediction, we need to incorporate with multi-physics models,
such as the circulation models, surface temperature models, and HAB development and transport
models, etc. Integration of those models has been a challenging task. At the current stage, we
have a wind model and cellular automata based biological diffusion model. We expected that
there will be many useful multiple physics models available in future. Our ultimate goal here is
to build an interface that integrates machine-learning models with incremental multi-physics
models as the system evolves.
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