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Abstract

In its typical use for the study of large scale and relatively slow variability of phytoplankton biomass, ocean-color

imagery is often binned in space and in time, and variability within the bin is discarded as noise. Since small- to

mesoscale processes at time scales as short as a day may play a significant role in global cycles of carbon and nutrients,

characterizing variability at these scales is necessary. With the first four years of nearly continuous daily imagery from

the SeaWiFS instrument, we investigated patterns of variability at the mesoscales, operationally defined as that within a

2� 2-degree neighborhood. We show that mesoscale variability of chlorophyll concentration (Chl) is high near the

coasts, in dynamically active areas, and at the oligotrophic centers of subtropical gyres. High apparent variability over

the oligotrophic ocean is a surprising contrast to the low variability in composite imagery at the same locations and may

be due to increased relative noise at low mean Chl. Low correlation between pairs of images as little as 1 day apart in

the oligotrophic ocean is consistent with a noise artifact, or alternatively may indicate that the observed variability is

due to high-frequency phenomena. Spatial patterns of variability observed when data are binned into narrow ranges of

mean Chl, suggest oceanographic origins. Patterns of variability in Chl and in sea-surface height have little correlation,

suggesting that eddy pumping or turbulent diffusion along temporarily slanted isopycnal surfaces are not the major

sources of Chl variability. The correlation between mesoscale anomalies of Chl and sea-surface temperature is not

always negative as would have been the case if anomalies were produced mainly by the entrainment of colder, nutrient-

rich thermocline waters into the euphotic layer. Instead, we find roughly zonal bands of alternating negative and

positive correlations determined by the relative directions of the background gradients of Chl and SST. Thus the most

obvious influence of mesoscale motion on the distribution of Chl is advection of the existing gradients. Both long-term

means and local anomalies of scatterometric winds from QuikSCAT are also correlated with mean Chl. Much of this

correlation appears to be due to changes in the relationship between surface roughness and wind speed, brought on by

factors like surface films, thermal stability of the air column, and surface currents. Our analyses show the feasibility of

using ocean-color imagery to study mesoscale variability but also identify areas where there is room for major
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improvements. Minimization of speckling due to imperfect atmospheric correction, in particular, would significantly

enhance the utility of SeaWiFS data at mesoscales.

r 2004 Elsevier Ltd. All rights reserved.
1. Introduction

The large-scale distribution of chlorophyll con-
centration in the ocean and its main patterns of
variability are rather well-known. They have been
studied with data from ship transects, moorings
and time-series stations and, in the last two
decades, with satellite ocean-color imagery. For
global- or basin-scale studies, ocean-color imagery
is typically binned in space and time so as to
reduce the data volume analyzed. Variability
within the bin, which may be as large as 1 or 2
degrees in space and 30 days in time, is often
discarded as noise. While much of that variability
is due to noise, there are also important phenom-
ena at those scales that are significant for primary
production (Dickey et al., 2001) as well as the
export of biogenic material to deeper layers (Antia
et al., 2001). Since real variability must have some
spatial and spectral structure to its distribution, it
should be possible to reduce the effect of random
noise by judicious filtering and ensemble averaging
over a large data set. It must be noted that in
multivariate systems, there may be more than one
way to implement ensemble averaging and the
proper choice to resolve certain processes may
require understanding the relationships between
control variables. With more than four years of
nearly continuous global daily imagery from the
SeaWiFS sensor, we begin to characterize the
mesoscale variability of near-surface chlorophyll
concentrations (Chl) in the ocean.
We do not have a large enough in situ data set

with the spatial–temporal coverage necessary to
analyze the noise figure of SeaWiFS imagery.
Instead we simply divide the apparent variability
into two parts: noise that does not ensemble
average into an oceanographic pattern and sys-
tematic variability that needs to be explained.
Here, we first characterize the apparent mesos-

cale variability of SeaWiFS chlorophyll in space
and in time. We then relate patterns in variability
to those of other remotely sensed physical
variables. Some of the physical variables such as
winds and sea-surface height (SSH) may be
envisioned as inputs to a blackbox whose output
is the observed chlorophyll variability. Others like
sea-surface temperature (SST) may be considered
tracers influenced by the same water movements
which advect chlorophyll. And finally there is the
possibility of interactions between physical vari-
ables and Chl, both due to real coupling between
biological and physical variables as well as
artifacts, such as biases in remote sensing.
We treat spatial and temporal scales of varia-

bility separately. Since the ocean is always
in motion and we make no attempt to resolve
temporal variability in a motion-following (La-
grangian) sense, spatial and temporal variability
are closely related. Nevertheless it is practical to
characterize them separately so that we may
determine noise thresholds for spatial and tempor-
al analyses of SeaWiFS ocean-color imagery.
2. Data sets

We used level-2 Global Area coverage (GAC)
SeaWiFS chlorophyll (Chl) images provided by
NASA GSFC DAAC. This is a nominal 4 km
resolution product processed with the OC4 algo-
rithm (SeaWiFS re-processing 3). We mapped
these images to a 1

16
degree cylindrical projection

between 501S and 501N latitudes using standard
SeaDAS software and reduced resolution to 1

8

degree with a 4-pixel median filter. We then
combined the individual swaths on each calender
day into global daily composite images.
Because Chl varies spatially by over three orders

of magnitude and displays a log-normal distribu-
tion (Campbell, 1995), all Chl data were log-
transformed before any linear operations were
performed. This is true even where Chl is
presented in linear units. For example, when mean
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Fig. 1. Standard deviation of log-transformed SeaWiFS

chlorophyll concentration (A) calculated spatially within

2� 2-degree neighborhoods of 1
8
-degree resolution individual

daily mapped images, and (B) calculated temporally with 1-

degree resolution mapped images over 30-day periods. Both

cases have been ensemble averaged over the first four years of

the mission (September 1997–2001).
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Chl is plotted in units of mgm�3; it has been
calculated by averaging log[Chl] and then trans-
forming back to linear units.
SST used in this study were multi-channel SST

(MCSST) fields, processed by the University of
Miami, Rosenstiel School of Marine and Atmo-
spheric Sciences (UM/RSMAS) and distributed by
NASA PO.DAAC. This product has weekly
composites of daytime and nighttime S-ST at 45/
256 degree spatial resolution (5.69 pixels per
degree). There is also an interpolated product in
which values missing due to cloud cover and other
reasons have been filled with interpolation. Both
the original and interpolated data sets have been
used in this study as identified in the discussion of
individual analyses.
Wind data are from QuikSCAT mission at

spatial and temporal resolutions of 1
4 degree and

1
2
days, respectively. The data were provided by

NASA PO.DAAC.
SSH data are AVISO Topex/Poseidon and

ERS2 merged gridded sea-level anomalies at
0:25� 0:25 degree, 10-day resolution produced
by the CLS Space Oceanography Division.
3. Results and discussion

3.1. Spatial variability in individual scenes

Nearly instantaneous measurement of two-
dimensional fields is one of the strengths of remote
sensing. Thus, we first investigated the variability
within small areas of individual ocean-color
images. We calculated the standard deviation
(s hereafter) of log-transformed chlorophyll con-
centration (log[Chl]) within a 2� 2-degree box at
each node point of a 1-degree grid on 1

8
-degree

resolution global daily Chl images. We ensemble
averaged s over 1443 available mapped-images
(between September, 1997 and August, 2001). The
result is a map-view of mesoscale chlorophyll
variability over the global ocean (Fig. 1A).

s is greater than 0.1 almost everywhere, and
greater than 0.2 in most places. Since s’s were
calculated with log-transformed data, these values
correspond to variations of 25 and 60% of the
mean value, respectively. In many places, higher
variability is seen near the coast than immediately
offshore. This is likely because coastal and off-
shore waters with markedly different optical
properties are found in close proximity at these
places producing some of the highest s values seen.
In the open ocean, enhanced mesoscale variability
is associated with one of two conditions: strong
frontal activity (as in Agulhas retroflection,
Amazon plume, off Argentina etc.) and oligotro-
phy (interior of subtropical gyres). The two areas
of increased variability in the Pacific ocean include
some of the lowest mean Chl levels observed
(Fig. 2). Even though we are not explicitly dividing
the variability by the mean, the logarithmic
transformation has a similar effect of amplifying
the variability where the mean is low. In other
words, apparent variability expressed as a fraction
of the mean measurement is high at low Chl.
Some or most of the apparent variability is due

to random noise in the imagery. If the random
noise is relatively constant over the Chl range, it
would be most significant where the mean is low.
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Fig. 3. Standard deviation of log[Chl] within 2� 2-degree

neighborhoods whose mean log[Chl] was between �1:1 and

�0:9 (0.08 o Chl o 0.13). Calculations were done over

individual daily SeaWiFS images and then ensemble averaged

over four years.

Fig. 2. Mean log[Chl] from daily SeaWiFS imagery averaged

over four years.
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Instrument noise for the SeaWiFS radiometer is
well characterized; however, converting instru-
ment characteristics to an error figure for the Chl
estimate is not straightforward. Conversion from
radiometric units to Chl involves accounting for
large contributions from atmospheric and water-
surface reflection, followed by a non-linear algo-
rithm using a variable combination of wavelengths
(O’Reilly et al., 1998). The accuracy goals of the
SeaWiFS mission are 5% for water leaving
radiances and 35% for Chl in optically simple
off-shore waters (McClain et al., 1998). These are
nominal values and do not necessarily remain
constant throughout the observed Chl range.
Atmospheric correction applied on a pixel-by-
pixel basis remains as the weakest link and can
cause up to 60% error at individual pixels and
speckling of the imagery with 2–3 fold differences
between adjacent pixels (Hu et al., 2000).
Instead of trying to estimate the relative noise as

a function of mean Chl, we stratified the data by
mean Chl as follows. We calculated mean log[Chl]
and s over 2� 2-degree segments centered on
the node points of a 1� 1-degree grid for each
available daily mapped-image. We defined 10
log[Chl] bins, and for each bin and each node,
we averaged s from those days when the mean
log[Chl] for the node was within the bin. Thus we
created 10 ensemble-averaged map-views of s; one
for each narrow Chl range. Since each bin
represented a grouping of the data by the mean
Chl only, one node may have data mostly from the
least productive season while another location
within the same map-view may have data from the
most productive season. Chl varies over a larger
range spatially than it typically does over time at a
given location. As a result not all bins are
populated at each image pixel.
Within any given bin, since all data everywhere

are within a very narrow range of mean log[Chl],
the variations of the noise figure by mean Chl
should not result in a spatial pattern and any
patterns observed must be due to other reasons.
There was not enough difference between the bins
to show all of them. There was a general similarity
between groupings by mean Chl and by Chl
variability: for example the lowest mean Chl bin
had enough realizations for statistics only in the
subtropical gyres where enhanced variability is
also seen. This is consistent with the hypothesis
that enhanced apparent variability in oligotrophic
ocean is a noise bias. However, there was a
consistent trend in the tropical/subtropical ocean
repeated in several Chl ranges (Fig. 3 is given as an
example) of increasing variability toward the
equator and toward the western edge of the basins.
This is the direction of shallowing nutricline. Over
shallower nutricline, mesoscale upwelling and
mixing will create a greater surface nutrient
anomaly, resulting in a larger Chl anomaly.
Nutricline depth is also related to deep chloro-
phyll-maximum (DCM) depth. Fluctuations due
to internal waves of the depth of a shallower DCM
would have a greater impact on water leaving
radiances. If some of the observed variability is
due to tidally generated internal waves, it would
also explain the pronounced difference between
the variability in the oceans and in the Mediterra-
nean Sea, which has very small tidal amplitudes.
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Fig. 4. The number of pairs of SeaWiFS images that were

separated by one day and which had more than 30% of their

pixels free of cloud-cover, sun-glint and other problems in both

images.
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We also calculated the standard deviation of
SeaWiFS chlorophyll over time (Fig. 1B) with
results very similar to that over space. The highest
variability in the open ocean was in the most
oligotrophic areas of the Pacific ocean. If this
variability is mostly due to imperfect atmospheric
correction, it must be caused by random noise
such as discretization error, and not by the
variability in aerosol composition like the fraction
of absorbing aerosols. Aerosols with the largest
variability in composition and optical thickness
should be found immediately downwind of North
America and Asia, and not in the interior of the
gyres, away from aeolian and anthropogenic
sources where the largest small-scale Chl varia-
bility is found.

3.2. Chl auto-correlation

Two images of the same area of the ocean,
separated by a short time lag will share much of
the same patterns of Chl contrast. As the time lag
increases, local change of chlorophyll concentra-
tion, distortion of features by non-uniform hor-
izontal advection and the relative displacement of
features by mean advection all contribute to
decorrelating successive images. Biomass doubling
period of phytoplankton can be less than a day
under favorable conditions; however, it is the
spatial difference of the growth rates that would
decorrelate the imagery. Thus local growth is not
likely to change the observed chlorophyll features
very much over a day except during unusual events
(such as a localized upwelling). In much of the
open ocean mean current velocities are smaller
than 9 km per day (0.1m/s) and thus advection
shifts features by no more than 1

8
degree per day at

mid-latitudes. Unless variability is dominated by
the smallest scales resolved, such a displacement
would not result in a large decorrelation. One
would therefore expect a relatively high correlation
at a lag of one day and a steady decline thereafter.
To calculate decorrelation timescales of Sea-

WiFS imagery, we assembled daily sequences
of 2� 2-degree subsegments of GAC imagery
mapped to 1

8
-degree resolution at each node

point of a 1 degree grid. We then calculated
the correlation between pairs of these image
subsegments separated by a variable time lag. We
ensemble averaged over time through the whole
length of the time series (1443 days) allowing no
more than 50% overlap between successive reali-
zations. In other words, if the first lag pair was
from DOY N to N þ L; the next pair started no
sooner than N þ L=2: Any subsegment pairs with
less than 30% of the ocean cloud-free in both
images were excluded from the ensemble average.
The number of averages made at each node
point and at each time lag depended on the
availability of cloud-free pixels in the imagery
(Fig. 4). Ensemble averaged correlations were
calculated only for nodes and lags with more than
20 realizations available to ensure statistical
convergence.
The correlation at one day lag was less than 0.1

over much of the off-shore ocean (Fig. 5). Our
definition of the correlation allows for negative
values, though only a few physical processes
(which are wavelike in nature) would create such
values. Therefore negative autocorrelations are
more than likely non-physical. Our analysis
resulted in very few negative values (all of which
were close to zero). There were large areas of the
ocean with correlations between 0 and 0.1. Even at
these places the correlation estimate was rather
robust and decreased smoothly with increasing lag
time (Fig. 6), which is an indication that we have
enough data for statistical convergence. A more
formal procedure to determine the statistical
significance of correlation coefficients is to first
transform them into the standard normal variable
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Zr which is defined as

Zr ¼
1
2
½logð1þ rÞ � logð1� rÞ� ð1Þ
Fig. 5. Autocorrelation of SeaWiFS log[Chl] images separated

by a time lag of 1 day (A) and 8 days (B). Mean autocorrelation

as a function of lag time is shown in Fig. 6 for the four boxes

enumerated in the top panel.

Fig. 6. Mean autocorrelation of SeaWiFS log[Chl] images as a funct

Fig. 5 to mark the boundaries of the averaging areas.
and has the standard error

sz ¼
1

ðN � 3Þ1=2
; ð2Þ

where N is the number of degrees of freedom
(Emery and Thomson, 1998). The appropriate
confidence interval is

Zr � Za=2szoZoZr þ Za=2sz: ð3Þ

For 95% confidence, Za=2 is 1.96. The number of
degrees of freedom can be estimated from Fig. 4,
which shows that more than 50 pairs of mapped
image segments have been used for the correlation
at most places. Since each pair has at least 77 (30%
of 256) valid pixels, a conservative estimate for
N is 3850. When inserted into the above formulae
and transformed back, this results in 95%
confidence ranges of 0.018–0.081, 0.069–0.13, and
0.37–0.43 for correlation estimates of 0.05, 0.1 and
0.4, respectively. Our correlation estimate is
statistically significant even when below 0.05.
The highest correlations were found in regions

where the ocean circulation creates strong mesos-
cale variability and large ocean-color contrasts.
Places where topography or river discharge creates
persistent ocean-color gradients also had very
high coherences. These were mostly limited to
ion of lag time. Panel numbers correspond to boxes drawn on
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the coastal zone, and their correlations did not
decrease rapidly with increasing lag time. In two of
the four areas for which we show the correlation as
a function of time lag, the correlation starts to
increase after 20 days. Both of these areas include
strong boundary currents and eddies. The increase
in the correlation is likely because instabilities of
the currents or the eddy field has a quasi-periodic
nature and at 20 days time lag we are starting to
pick up correlations with the next period.
The finding of very low correlations at a lag of

1 day is contrary to the few previous studies of
which we are aware; however, all of those studies
were done closer to the shore, in much more
productive waters. Denman and Abbott (1988)
made spectral analysis of time-lagged pairs of
individual coastal zone color scanner (CZCS)
images in a relatively dynamic region near the
NE boundary of the Pacific Ocean. They found
significant coherence at a time lag of 1 day at all
scales and all locations. The time scale of
decorrelation was generally shorter at smaller
scales and closer to the shore. At the smallest
length scale of 12.5–25 km and in the study area
closest to the shore the coherence was marginal
after 1 day. At the same spatial scale but further
off-shore decorrelation took 5–7 days. They
estimated the decorrelation time for off-shore
features larger than 50 km as 8–10 days. The
areas they studied were all within 2–3 degrees of
the coast and our correlation estimates at the same
locations are also high, between 0.55 and 0.7.
In a later paper Denman and Abbott (1994)

revisited the problem and performed similar
analysis, this time with the addition of SST images
from AVHRR at 3 areas roughly 10 degrees south
of the location in their original paper (Denman
and Abbott, 1988). They found that Chl and SST
had similar patterns of variability. Coherence in
the 12.5–25 km length scale was not significant,
and larger scales had decorrelation time scales of
7–20 days depending on the size of the features
and the dynamics they were in.
Abbott and Letelier (1998) studied the decorr-

elation time-scale using Chl and temperature time
series from bio-optical drifters also in the Califor-
nia Current system. Their correlations at 1-day lag
period were about 0.3, higher than ours but still
relatively low. Auto-correlations of SST were
significantly higher, perhaps because their SST
measurements had a smaller noise figure. Decorr-
elation time-scales were a few days for Chl, about
twice as long for SST and shorter near the coast
and longer off-shore for both variables. Differ-
ences in the nature of the data make it hard to
compare their results to ours. They use one-
dimensional time-series, and their autocorrelation
function had multiple zero-crossings. They used
the time to the first zero-crossing as the decorrela-
tion scale. In our case, we are correlating a series
of two-dimensional images. We have a larger
number of degrees of freedom averaged into each
correlation estimate, and thus resolve low correla-
tions better. It is extremely rare for our auto-
correlation function to make a zero-crossing;
instead they asymptote to zero with increasing
lag distance. Another difference is in that Abbott
and Letelier used drogued drifters that followed
water motion in a somewhat Lagrangian sense.
Their drifters did show changes in SST and Chl,
and it is not clear how much of these were due to
local changes (i.e. phytoplankton growth/mortal-
ity for Chl, local heating/cooling for SST) and
mixing and how much were due to drogues
slipping and effectively sampling across features
such as filaments around eddies. Nevertheless their
results show high levels of small-scale variability.
Dickey et al. (2001) used data from the Bermuda

Testbed Mooring to calculate similar decorrelation
scales. Their Chl autocorrelations at 1 day lag were
above 0.7, significantly higher than that of Abbott
and Letelier. They calculated decorrelation time-
scales between 5 and 15 days for key physical and
biological variables. The decorrelation timescales
varied with depth and between different variables.
The physical meaning of such differences and what
processes are associated with the decorrelation
timescales are not clear. Once again their results
are difficult to compare with ours because they
measured variables at constant depths, mostly
below the mixed layer. As baroclinic features
passed near the mooring, instruments at constant
depth were exposed to different density layers. The
strong auto- and cross-correlations they saw may
have been mostly because of the depth dependence
of the measured properties. In fact instruments
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within the mixed layer did not record the same
variability.
In the absence of comparable in situ data, the

unexpectedly low Chl auto-correlations we find in
most of the open ocean may be explained by either
one of the following hypotheses:
1.
 Processes at timescales of a day or less are the
dominant source of mesoscale variability in the
oligotrophic ocean.
2.
 The noise in SeaWiFS imagery (and atmo-
spheric and whitecap corrections) is large
enough to obscure mesoscale variability except
in very active areas with large contrasts.

3.3. Variability versus mean

Assuming that similar physical processes (of
mixing and upwelling) drive the observed ocean-
color variability everywhere, we would expect the
variability to decrease like the mean going from
productive subpolar waters to the oligotrophic
subtropical gyres. At some point, measurement
noise may become comparable to the real varia-
bility. From that point on, the apparent variability
would not decrease as fast but become more and
more dominated by measurement noise. The mean
Chl level at which this transition happens is of
great practical significance as it gives a sense of the
minimum detectable Chl contrast at that particu-
lar level of statistical averaging. In order to
estimate this threshold, we used daily global
imagery subsampled to a 1� 1-degree grid at five
different levels of ensemble averaging starting with
none (by picking one pixel off the 1

8
-degree image),

and progressing to the median of all valid pixels
within 0.25, 0.5, 1.0 and 2.0-degree neighborhoods
(4, 16, 64 and 256 pixels respectively). The actual
number of pixels used depended on cloud cover.
At each node point of the 1-degree grid, we then
had a daily time series of Chl estimates with
different levels of ensemble averaging. We took
each 11-day segment, calculated its mean and then
fitted a second degree polynomial. We calculated
the standard error of the fit and plotted it against
the mean. The probability distribution of this
scatter plot is shown in Fig. 7A. It is the scatter of
the log[Chl] around a fitted smooth curve. If we
assume that the fitted curve represents the real
variability within the 10-day period, the scatter
may be considered as measurement noise. Note
that this term may contain real high-frequency
variability. At a mean Chl level of 0.08mgm�3; the
standard error is about 0.2 in logarithmic units.
This means that a 60% deviation from the smooth
curve is approximately one standard deviation.
Therefore, we cannot be confident that a factor of
2 change observed between two consecutive daily
images with no ensemble averaging will persist in
the subsequent imagery.
A recent global analysis of mesoscale variability

in SeaWiFS imagery (Doney et al., 2003) using the
semivariogram method also found a large fraction
of unresolved variability in oligotrophic waters.
This method is based on the change of correlation
with lag distance between measurement points in
individual images. The smallest possible lag
distance is determined by the spatial resolution
and was equal to 9 km in that study. Thus the
unresolved variability included sub-mesoscale pro-
cesses as well as measurement noise. The authors
concluded that noise, such as speckling due to
atmospheric artifacts, was the likely cause. Their
plot of the unresolved variability versus the mean
(Doney et al., 2003, Fig. 8B) clearly shows
increasing variability with decreasing mean Chl,
much like we find in this study. They found that
variability does not vary with mean Chl at values
greater than 0.2mgm�3: As a result they suggested
that SeaWiFS data can be modeled as a combina-
tion of a constant noise component and a signal
which is proportional to the mean Chl. Our
analysis shows a more complex dependence of
the variability on the mean, with a minimum
variability at a mean of 0.2mgm�3 increasing in
either direction. This is especially obvious after
spatial averaging (Fig. 7B). It must be noted that
most of the high-Chl data points in the Doney et
al. study were from latitudes greater than 60
degrees and thus not directly comparable to our
study. If these high latitude values are excluded, a
hint of a variability minimum at 0.2mgm�3 mean
Chl can also be seen in their data.
The minimum apparent variability at

0.2mgm�3 is likely caused by the algorithms being
least sensitive to noise at this level, but reduced
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(A) (B)

Fig. 7. Standard deviation of log[Chl] versus mean log[Chl] (expressed in linear units for convenience): (A) temporal standard

deviation over 11 days, (B) similar to (A) but using data averaged over a 2� 2-degree neighborhood (256 1
8
-degree pixels) on each day

and (C) spatial standard deviation of 1
8
degree pixels within 2� 2-degree segments of individual mapped images. All three cases have

been ensemble averaged over 4 years of imagery.
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variability due to ecological reasons at this Chl
concentration or at places where this concentra-
tion is commonly found also could induce the
same result.
Esaias et al. (2000) used the relationship

between the RMS variability of pigment concen-
tration and its mean as the basis of an ocean
province classification using coastal zone color
scanner (CZCS) data. They reported low RMS
variability at the oligotrophic ocean; however,
their definition of variability was that between
monthly composite images. Their results are not
comparable to ours because of the disparity of
temporal scales and also because the smoothing
over time inherent in their treatment. Since we are
focusing on shorter time-scales in this study, we



ARTICLE IN PRESS

B.M. Uz, J.A. Yoder / Deep-Sea Research II 51 (2004) 1001–10171010
cannot do much smoothing over time. However
averaging over space does let us assess how
smoothing effects our results and shows that the
variability is significantly reduced as seen in
Fig. 7B. This figure has up to 256 times as many
pixels averaged as Fig. 7A. The reduction in the
variability clearly does not scale as the square root
of the number averaged, but decreases much more
slowly. Neither is the reduction constant over the
range of mean Chl. Variability at the low Chl end
of the range has decreased much more dramati-
cally than that at the local minimum at
0.2mgm�3: It appears that variability at the low
Chl end is at a smaller scale such that neighboring
pixels are more independent of each other than in
the middle Chl range.
Most of the radiance measured at the satellite,

approximately 90 percent over blue water, is light
backscattered by the atmosphere. This component
must be accurately modeled and subtracted from
the measured signal so as to estimate the water
leaving radiance. A relatively small error in this
large component will result in a far greater relative
error in ocean-color products. Variability in
aerosols, sky reflections, and whitecapping
may induce additional apparent variability on
(A)

Fig. 8. Spatial standard deviation within 2� 2-degree segments of 1
8
-

log[Chl] (expressed in linear units for convenience) in (A) the Mediterr

been ensemble avereaged over 4 years of imagery.
ocean-color imagery. Fortunately none of these
factors are likely to change very much over a small
spatial area, so they would not contribute much to
small scale variability. Atmospheric correction is
currently done at a pixel by pixel basis. If this
procedure fails in a non-systematic way, for
example by quantization error at the near-IR
bands, neighboring pixels may have significantly
different corrections. However this should not
result in congruent spatial patterns as observed in
Fig. 3.
Regional differences in how variability and

mean Chl are related also suggest that the high-
frequency variability is not entirely a noise artifact.
Temporal s is plotted against mean log[Chl]
(similar to Fig. 7A) for the Mediterranean Sea
and a similarly sized area of the North Atlantic
ocean (between 30–421N and 25–601W) in Fig. 8.
Mean log[Chl] spans a wider range of values in the
North Atlantic than it does in the Mediterranean
Sea, which very rarely displays Chl less than
0.07mgm�3: Because of this, panel (b) displays a
dramatic tail of increasing variability with decreas-
ing mean Chl which is absent in (a). This feature
could be explained by a dependence of the noise
level on the mean. However, the mode (i.e. the
(B)

degree resolution daily mapped images of log[Chl] versus mean

anean Sea and (B) in the North Atlantic Ocean. Both cases have
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value with the highest probability) of mean Chl
in both cases is a little over 0.1mgm�3 and
the spatial s at the mode is near 0.6 in the
Mediterranean and between 0.8 and 0.9 in the
North Atlantic. Also at any mean Chl value
frequently found in both regions, s in the North
Atlantic spans higher values than in the Mediter-
ranean. The same plot for other oceans (not
shown) looks similar to the North Atlantic and
unlike the Mediterranean. It is clear that the
Mediterranean has less apparent spatial variability
than the oceans.
Ensemble averaging over space improves the

error figure significantly, as would averaging over
time. There is a trade off between spatial and
temporal resolution: With extensive averaging
over space, it is possible to detect small changes
over time. The converse is also true but perhaps
not as practical. It is hard to imagine an
application where all averaging is done over time,
keeping full spatial resolution. When smoothing
over time one also should smooth over space at the
appropriate scales since advection results in spatial
smearing anyway. Generation of composite images
is rather complex, requires a number of choices,
and can be optimized only with a priori knowledge
of the variances and correlation functions of the
signal and sampling errors (Chelton and Schlax,
1991), which are unknown over most of the ocean.
It must be noted that variances and correlations

reported above would likely have changed if 1 km
local area coverage (LAC) data had been used
instead of the 4 km GAC data. This is because
LAC data would have provided four times more
averaging for the same final resolution. However
the patterns would have remained largely un-
changed.

3.4. Chl and SSH variability

Correlation between SSH and Chl has been well
established at the spatial scales from that of ocean
basins (Signorini et al., 1999; Murtugudde et al.,
1999; Wilson and Adamec, 2002b) to Rossby
waves (Cipollini et al., 2001; Uz et al., 2001;
Wilson and Adamec, 2002a). The smaller meso-
scales present problems for both variables: meso-
scale ocean-color imagery has a large component
of random noise or high-frequency variability as
discussed earlier in this manuscript. SSH is
accurate enough to capture along-track mesoscale
variability over most of the ocean, but its coarse
cross-track separation and relatively low repeat
frequency hinder the accuracy of objectively
analyzed 2D fields. Because of these potential
complications we refrain from seeking a direct
correlation between SSH and Chl, and instead
compare the spatial patterns in their variances. If
the primary means of nutrient supply to the upper
ocean is from below through physical processes
like spin-up of eddies and eddy diffusion along
slanted isopycnals, enhanced mesoscale Chl varia-
bility should be found in areas of high SSH
variability. In this section, instead of assessing
correlations, we seek a similarity between the
geographical distribution of the mesoscale var-
iances of Chl and SSH.
We considered two measures of dynamic varia-

bility using SSH anomalies: s of SSHA within
two-degree neighborhoods (Fig. 9) and RMS
variability of SSHA (not shown). The difference
between the two is that the latter contains features,
which may be large spatially and change over time,
while the former excludes anything larger than the
2-degree box at each time step. There is very little
difference between the patterns of the two. With
either definition, the highest values are associated
with western boundary currents, especially down-
stream of detachment from topography. There is
also slightly increased variability on the western
half of the major ocean basins.
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SSH variability turns out to be a poor predictor
of Chl variability as the two display very different
patterns. The WBC’s, which are very prominent in
SSH, are hardly evident in Chl. The lack of
correlation is even more obvious by comparison to
SST variability (Fig. 10) which is much better
correlated with SSH. (This should hardly be
surprising since SST is a dynamic variable which
directly influences SSH.) High apparent Chl
variability at the oligotrophic ocean contributes
to the dissimilarity but it is not the only reason. It
appears that mesoscale processes that manifest
themselves in the SSH record are not the dominant
sources of Chl variability at these scales.

3.5. Chl-SST correlation

Where mesoscale events bring up nutrients,
enhanced variability should be seen in SST
because of the cold anomaly of the upwelled
water, and in Chl because of increased phyto-
plankton productivity. Mesoscale water motion
could also distort the large-scale background
gradients of chlorophyll and SST and increase
mesoscale variability.
Since a major source of nutrients to the mixed

layer is the upwelling and diffusion of cold,
nutrient-rich waters from below, an inverse
relationship is generally expected between SST
and nutrient availability, and hence between SST
and Chl. Several studies have shown negative
correlations both with one-dimensional time series
(Dickey et al., 2001; Abbott and Letelier, 1998)
and with remote sensing in a local area (Abbott
and Letelier, 1998; Denman and Abbott, 1994;
McGillucuddy et al., 2001; Smith et al., 1988;
Yoder et al., 2002). Most of these studies were
done in geographical locations of similar nature.
Only one was done in the oligotrophic ocean in the
Sargasso Sea (McGillucuddy et al., 2001), and
even there proximity to the Gulf Stream is a
potential source of complication. To our knowl-
edge, no global studies of Chl-SST correlation
have been published. A global analysis of the
correlation between Chl and SST is much easier to
interpret than a regional one since one can observe
how the correlation changes across different large
scale patterns of Chl and SST. Processes that
involve the entrainment of nutrient-rich deeper
waters into the surface mixed layer produce low-
SST, high-Chl anomalies and thus create negative
correlations between Chl and SST. Another
mechanism that could generate mesoscale anoma-
lies is advection of the existing gradients by the
horizontal currents associated with the baroclinic
disturbance. This process has long been observed
in SST (Halliwell et al., 1991; Voorhis et al., 1976).
Since advection would distort background gradi-
ents of Chl and SST similarly, the correlation
between the anomalies it creates would depend on
the relationship between the background gradi-
ents. Where the background gradients of SST and
Chl oppose each other (when Chl is increasing
going toward lower SST) advection would create
negative correlations; positive correlations would
result where the gradients are in the same
direction. Since the latter case cannot be created
by vertical mixing, observations of positive corre-
lation would unambiguously indicate that hor-
izontal advection rather than vertical mixing is
dominant.
The mean background gradients of both SST

and Chl are mostly in the meridional direction
in the off-shore ocean but near the continental
shelves zonal components are often comparable
to meridional ones. We calculated vector gradients
using the composite mean of images from
September 1997 to September 2001 and defined
co-gradient as the dot product of the two gradients
(Fig. 11A). Positive co-gradients are found where
the two gradients are mostly in the same direction
and negative values mean that the gradients
oppose each other.
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Fig. 11. The dot product of the vector gradients of 4-year mean

log[Chl] and SST (A) and unlagged cross-correlation between

SST and Chl anomalies over the same period (B). At each pixel,

correlation was calculated from 1
4
-degree resolution weekly

mapped composite images over 2� 2-degree subsections

detrended in zonal and meridional directions.
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We calculated the unlagged cross-correlation
between SST and Chl at each node point of a
1-degree grid (Fig. 11b). We took 2� 2-degree
segments of weekly mapped composite images of
Chl and SST at 1

4
-degree resolution and removed

the local background gradients from each segment
by subtracting the mean slopes determined by least
square fit to the segment first in the zonal and then
in the meridional direction. Thus the correlation
between two detrended image segments does not
have a contribution from the large-scale back-
ground gradients. Our analysis shows that the
negative correlation previously reported between
SST and Chl is not a universal relationship. There
are large areas with positive correlations as well.
The correlation displays alternating zonal bands of
negative and positive correlations (Fig. 11B),
which is nearly identical to the banding of the
co-gradient (Fig. 11A). As stated above, positive
correlation is never generated by the supply of
deep water and must be due to horizontal
advection. Even though the generating mechanism
is ambiguous in the case of negative correlation,
the occurrence of the positive and negative bands
as predicted by the co-gradient strongly suggests
that mesoscale anomalies are mostly produced
when existing gradients are distorted by water
motion. The most obvious influence of eddies on
the ocean-color variability is advecting the existing
gradients. This was also the conclusion reached by
Denman and Abbott (1994) in a study using SST
and Chl, but with completely different methods
from ours. They observed that the coherence
between SST and Chl was maximum near zero
time lag. This indicated that the two properties
were acting as passive tracers since changes due to
phytoplankton growth would have required a
measurable time lag.
The confidence intervals for Chl-SST correlation

may be estimated using Eqs. (1)–(3). We used 206
pairs of weekly mapped images. At each node
point, 16� 16 pixels were used in the correlation.
Even a worst-case estimate of 10% for valid,
cloud-free data results in confidence limits of
0.022–0.078 for an apparent correlation of 0.05.
Therefore even the low correlations plotted in Fig.
11B are statistically significant. The same conclu-
sion also can be reached from the spatial
coherence of the patterns seen in the figure. Values
within close proximity to each other may be
considered as independent realizations of the same
correlation estimate. The scatter, or pixelization,
within small areas then gives an indication of the
statistical accuracy of the estimate in analogy to
the bootstrap method. A poor estimate (i.e.
averaged over insufficient degrees of freedom)
would have resulted in a completely speckled
pattern.
This finding does not necessarily mean that the

eddy pumping mechanism is insignificant. Pump-
ing takes place only when eddies are spinning up
or down, while advection is a continuous process.
Since the lifetime of a typical eddy is longer than
its spin-up time, there are simply more eddies
which are primarily advecting water. As a result
the apparent effect of eddies on the variability
observed at a fixed location is advection. Advec-
tion has no net effect on nutrient dynamics; thus a
secondary effect of pumping may have a first-order
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effect on productivity. Remote sensing methods
are not very effective in assessing such impacts on
productivity and this problem should perhaps be
studied with Lagrangian drifters.

3.6. Chl and wind variability

If the high-frequency Chl variability observed in
the oligotrophic ocean is real, could it be directly
wind-forced? Here, we make no hypothesis or
assumptions about possible causal mechanisms
beyond a matching of scales. As a first step in
assessing the likelihood of a causal link, we seek
shared patterns of mesoscale variability between
wind forcing and Chl.
We defined the mesoscale wind variability

simply as the magnitude of the vector difference
between the local wind and the mean over a 2� 2-
degree neighborhood. Daily images of mesoscale
wind variability are dominated by the edges of
synoptic scale atmospheric disturbances. These
disturbances propagate as atmospheric Rossby
waves with an Eastward group speed. Their
propagation is very clearly visible in an animation
of the daily mesoscale wind imagery. Despite the
rapid propagation of atmospheric fronts, the mean
distribution of mesoscale wind variability over the
ocean is by no means uniform. A 2-year average of
mesoscale variability (Fig. 12) shows that sub-
tropical gyres, especially in the eastern side of the
basins, have very little wind variability. Areas near
western boundary currents (WBC) show high
variability. Islands, most notably Hawaii, Mar-
quesas, Azores and Eastern Pacific islands, also
cause high variability.
Fig. 12. Root mean square variance of vector winds within

2� 2-degree neighborhoods from daily imagery averaged over

two years.
Winds display little mesoscale variability over
the deep interior of subtropical gyres where the
variability of Chl is high. The mean scalar wind
speed (Fig. 13) is also relatively low in these
regions. It is therefore very unlikely that the
observed variability is induced by local wind
forcing.
There is an interesting correlation between mean

wind speed and mean Chl. Some of this correlation
is due to direct influence of wind forcing on
biology. For example, along the Pacific shore of
Central America, a strip of low mean winds is
broken by two patches of higher wind speeds,
which are also visible as low SST and high Chl
anomalies. These two patches are well-known
upwelling cells caused by strong winds near breaks
in mountain topography. Correlations is not
always due to wind’s influence on biology. West
of Galapagos, there is a low wind anomaly which
looks like an island lee, but it is far too long to be a
simple lee effect. It is most likely because of a bias
in scatterometer winds. Scatterometers estimate
wind speed from surface roughness caused by
short surface waves. The intensity of short surface
waves are more directly coupled to the wind stress
than to wind speed (Uz et al., 2002). Surface
conditions then reduce the wind stress at a given
wind speed cause wind speed to be underestimated
by scatterometers. West of Galapagos, a number
of such conditions are found: cold SST due to
upwelling, a mean current generally aligned with
the winds and probably surface films produced by
abundant plankton. Cold SST leads to a stable air
column and reduces wind stress. This effect is most
strikingly evidenced by the low wind speeds over
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the cold- and high winds over the warm western
boundary currents in Fig. 13. At such large scales,
part of the difference between winds over warm
and cold water is due to atmospheric dynamics
and part is an artifact: the same patterns are also
observed in NCEP winds but not as strongly.
Visco-elastic damping by natural surface films,
which are commonly found over productive
waters, suppresses surface waves. Thus the pre-
sence of films leads to an underestimation of
scatterometer winds. Over the Agulhas retroflec-
tion, mean winds decrease by as much as 3m s�1

over productive waters. The SST anomaly is
positive here, so thermal stratification does not
contribute to this apparent underestimation. There
is a mean current in the same direction as the
prevalent winds, but it is unlikely to account for
all of the 3m s�1 wind anomaly. More detailed
analysis of a potentially significant surface
film bias on Quickscat winds and a possible
correction using SST and Chl imagery seems
necessary.
4. Summary and conclusion

Over most of the off-shore ocean, the correla-
tion is low between Chl images as little as 1 day
apart. Correlations greater than 0.2 are only seen
in areas where there is a strong mesoscale dynamic
variability and moderately high mean Chl values
leading to high ocean-color contrasts. This
indicates a high-frequency component of ocean-
color variability with an unexpectedly high
magnitude. This component may simply be a
manifestation of increased relative noise where the
mean is low; however, even within narrow ranges
of Chl, the variability displays patterns that
suggest oceanographic origins. One possible me-
chanism is the fluctuations in the depth of a
subsurface chlorophyll maximum.
The generation of mesoscale chlorophyll

anomalies does not seem to happen through
vertical supply of nutrients by advection and
turbulent mixing along isopycnals slanted by
mesoscale features, because high SSH variability
does not induce high Chl variability while it does
increase SST variability.
Negative correlation between Chl and SST is by
no means a universal rule in the open ocean. The
correlation displays alternating zonal bands of
positive and negative mean values. Everywhere
where it is possible to distinguish horizontal
advection of background gradients from vertical
supply of cold, nutrient-bearing water, the ob-
servations indicate horizontal advection. Thus
correlation between Chl and SST at scales between
1
8 and 2 degrees appears to be due to advection of
the background gradients of Chl and SST, and not
through vertical fluxes. This does not directly
mean that eddy pumping is insignificant since
advection has little influence on productivity.
However, stirring by eddies works to diminish
the gradients and the existence of strong gradients
implies that other processes (which create and
maintain the gradients) have a much more
profound influence on productivity.
Wind speeds from scatterometers are correlated

with both SST and Chl images; however, much of
this correlation seems to come from surface wave
and turbulence dynamics and probably not from a
direct mesoscale link between Chl and wind
variability. Mesoscale (defined as less than two
degrees) variability of the wind vectors is minimal
at the interior of the subtropical gyres, which
means eddy generation is less likely to happen in
these places. This would limit nutrient supply
through the spin-up of baroclinic eddies.
Satellite imagery of ocean color is proving very

useful as a source of biological data for inter-
disciplinary studies at a global scale. Strong
synergy exists between ocean color and other
satellite measurements of physical parameters such
as SST, SSH, vector winds, rainfall and possibly
sea-surface salinity in the near future. This paper is
a simple example of how this synergy can be used
to study interactions between physical and biolo-
gical variables on a global scale. It also shows that
variability observed with individual daily images
can be markedly different from that observed in
composite imagery. Since synergy between two
sensors is maximized when their effective temporal
and spatial resolutions are matched, there is strong
incentives to improve ocean color imagery at least
to match SST from the advanced very high
resolution radiometer series. Even though the
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ocean-color data are available at the equivalent
spatial/temporal resolution, noise and/or inherent
high-frequency variability require smoothing and
thus reduces the effective resolution. Correction of
problems like speckling which are more serious on
individual high-resolution images than on compo-
site averages would be a major improvement. So
would simultaneous operation of multiple, inter-
calibrated ocean color sensors to minimize cloud
cover. It should also be a high priority to maintain
for the long term at least one proven satellite
sensor for the continuity of ocean-color record.
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