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Figure 1: Longhurst’s geographic distribution of provinces (From
Ducklow, 2003).

What has been difficult to assess is the spatial
and| temporal variability in the provinces, which
are known to be important on both short term
(days to weeks) and long term (Pacific Decadal
Oscillation [PDO], North Atlantic Oscillation
[NAQ]) time scales. The temporal variability of
province distribution and interaction remains one
of the most vexing issues in/ discriminating
between secular changes (i.e., anthropogenically
induced trends) and decadal cycles in the ocean
system (i.e., natural variability). In the time since
the first CZCS image was processed,
atmospheric CO, levels have risen ~ 40/ ppm,
globall chlorophyll concentrations have increased
by 22% (Antione et al 2005). Furthermore, global
nitrate available at the ocean surface has
decreased significantly in the last century
(Kamykowski' and Zentara 2005). While oceanic
biogeochemical provinces oscillate seasonally,
there appears to be a secular change in
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Tio_accomplishi these goals,” wer must! pushithe;
province modellbeyond static climaiologies.

Approach

There) are two major obstacles'to circumvent if we
are ta achieve our.geals:

1. Identify data sets with synoptic coverage. that

contain the same information as Longhurst
used.

2. Determine _a way to objectively classi

provinces in'a dynamic way.

Solution to Obstacle 2: Use bioinformatic
locate provinces in

T

relative™  means,, i)
data are projected into
multidimensionallparameter; space: and clustered
by an| ensemble of: clustering algorithms, 1) a;
Figure of Merit isi calculated|which determines the
likely: number' water: masses/provinces; W)l surface.
water mass/province: boundariessare mapped, vi)
the) relative; strengths) of" thie' boundaries are
assessed  through' multidimensional  gradient
analysis (Figure 2; Oliver et al. 2003).

Figure 2: Flow diagramof this analysis. The following case study of
the Mid-Atlantic Bight'will detail the method.

Case Study,
Miid= Atlantlc quht

Longitude

Along with climatological chlerophyll values
from the CZCS sensor and ship-based
measurements, the Longhurst approach to
province specification includes glabal climatologies
of mixed layer depth, Brunt-Vaisala frequencies,
Rossby radius of deformation, photic zone depth,
and surface nutrient fields. While all of these

Figure 3: Temperature and reflectance maps. on 8/02 2002 in this
analysis.

Principal components analysis indicated SST,
R 590y and R 555 Were the largest contributors to
the variance in the data set (96%).

Data were standardized by subtracting their
respective mean and dividing by their respective

parameters, are relevant (to varying deg ) to
upper ocean biogeochemistry, there is a high
degree of autocomrelation between these

provinces, the underlying causes of which we
know little about. A clearer understanding of the
praocesses that control the distribution of oceanic
provinces requires an objective method tfo
resolve these water masses in a time-dependent
manner (Platt and' Sathyendranath) 1999). We
propose to develop and implement a
biogeochemical _classification scheme _that
overcomes the technical difficulties of fixed
boundary province classification in_order to
objectively elucidate the time and space
dependent distribution of provinces.

For le, mixed layer depth,
Brunt Vaisala, frequency, Rossby radius of
deformation and nutrient fields are all significantly
correlated to sea surface temperature on a global
scale. Furthermore, water column integrated
chlorophyll concentrations, photic depth and
nutrient fields are significantly correlated to ocean
color. Therefore, the global time series of satellite
ocean color and sea surface temperature provide
a_significant amount of discrimination power in
determining the locations of biogeochemical
provinces (Esaias et al 2000). Through the use of
satellite data, we gain the temporal resolution
required to infer the dynamics of the boundaries of
biogeochemical provinces on seasonal, annual
and inter-annual time scales.
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Clustering Aigorithm Description
Data e hierarchically proupedfrom 1 o 1 clusters.
Agglomerstive Data are grouped from closest to furthest based on
Complefe Linkepe | Euclidian distance in predictor spece, The distance
(AcL) between is measured based on the maximum
distance between cluster edges in predictor epace.
| Data are Hlerarohically grouped from o 1 clusters,
Agglomerative Ward's | pata are grouped at each step to minimize the.
Linkaga (AWL) variance of the clusters,
Data are divided from 1 to X clusters whers X Is the.
number of clusters requested by the user. To form &
K-Means , K cluster canters are randomiy Intialzed In
pradictor space. Data are then assimilated Into cluster
centers as to minimize the within cluster sum of
squares.
Simlar to K-means, except this algorthm  clusters
Fuzzy C-Means Iitial cluster centrokds through compelitive learning.
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Figure 4: Figure of Merit (FOM), Average Slope Function (ASF) and
Threshold|of Acceptable Flatness, (TAF), calculation for each of; the
four days with the results of each of the clustering algorithms. A
large FOM indicates that the variance within each cluster is
comparatively Jarge and that the cluster centroid is a generally poor
predictor: of the other data points within each cluster. A small FOM
indicates that the cluster centroid better predicts the other members
of its cluster, and that the variance with inj the: cluster: is
comparatively small, ASF is the average percent change of the four
clustering algorithms compared to the maximum FOM, TAF was
defined when the average change in the ASF was less than 1% for:
more. than, three clusters, and represents the maximum possible
number of different water types,

«In this study, an average slope function (ASF) was used
fo dslermine what the average decrease. in. the FOM was
as clusters were added.

- A Threshold of Acceptable Flatness (7AF) was
defined at the smallest cluster xwhere < 0.01 (<
1% decrease in relative to the maximum ) for
three or more. consecutive clusters.

* The use of the ASF and TAF established an
upper bound for what we believed fo be
reasonable__cluster numbers _or water fype
assjgnments by the suite of clustering algorithms.
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Figure 5: A) An example of provinces /water masses objectively.
classified in the Mid-Atlantic Bight. Boundaries show the presence of
a near-shore upwelling region and the shelf-break front. B) The
horizontal branch lengths between classified regions in the
relatedness tree are proportional to the difference in oceancolor and
SST between regions. C) The magnitude of parameter space gradient
indicates how! different provinces are across a boundary. The
strongest gradients are between regions 2 and 5, indicating the waters
on either side of: the boundary, are very different; as opposed to the
shelf break front boundary between regions 5 and 7, which is weak in
comparison

an indEpendent

Contamnatonror I

This analysis indicates that
nitrate Ievelsiin the “bulge™
arenvery high while on' the
othier side. of the. bulge
boundary: they are typical
of open ocean values, B) In|
addition; there are
relatively: high values ofi
silicate present in an old
river: plume. that is being
advected offshore.

Conclusions

our regional analysis described above, we
believe that we have a solution for the major
obstacles that must be resolved before a
dynamic, objective elucidation of
biogeochemical provinces can be employed by:
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