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[1] Six years of daily satellite data are used to quantify and map intraseasonal variability
of chlorophyll and sea surface temperature (SST) in the California Current. We define
intraseasonal variability as temporal variation remaining after removal of interannual
variability and stationary seasonal cycles. Semivariograms are used to quantify the
temporal structure of residual time series. Empirical orthogonal function (EOF) analyses
of semivariograms calculated across the region isolate dominant scales and corresponding
spatial patterns of intraseasonal variability. The mode 1 EOFs for both chlorophyll and
SST semivariograms indicate a dominant timescale of �60 days. Spatial amplitudes and
patterns of intraseasonal variance derived from mode 1 suggest dominant forcing of
intraseasonal variability through distortion of large scale chlorophyll and SST gradients by
mesoscale circulation. Intraseasonal SST variance is greatest off southern Baja and
along southern Oregon and northern California. Chlorophyll variance is greatest over the
shelf and slope, with elevated values closely confined to the Baja shelf and extending
farthest from shore off California and the Pacific Northwest. Intraseasonal contributions to
total SST variability are strongest near upwelling centers off southern Oregon and northern
California, where seasonal contributions are weak. Intraseasonal variability accounts for
the majority of total chlorophyll variance in most inshore areas save for southern Baja,
where seasonal cycles dominate. Contributions of higher EOF modes to semivariogram
structure indicate the degree to which intraseasonal variability is shifted to shorter
timescales in certain areas. Comparisons of satellite-derived SST semivariograms to those
calculated from co-located and concurrent buoy SST time series show similar features.
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1. Introduction

[2] The California Current System (CCS) extends along
the west coast of North America from Vancouver Island to
the tip of Baja, California. Typical of major eastern bound-
ary current systems, coastal upwelling driven by persistent
equatorward wind fuels high productivity of plankton and
pelagic fish. Physical and biological processes are closely
coupled and vary over a wide range of time and space scales
[see Hutchings et al., 1995; Smith, 1995; Hickey, 1998;
Mackas et al., 2006]. Basin-scale oceanic and atmospheric
processes alter patterns of physical forcing and biological
response over interannual and decadal scales. Large-scale
wind systems force latitudinally dependent seasonal cycles,
including the seasonally recurrent formation of an energetic
system of mesoscale jets and eddies. At smaller scales,
wind-forcing and biological response fluctuate over periods
of days to weeks, even at locations of seasonally sustained
upwelling. Satellite remote sensing offers the sole means by
which concurrent patterns of physical and biological

variability can be synoptically viewed and systematically
quantified across the entire region. Legaard and Thomas
[2006] describe spatial patterns of seasonal and interannual
variability across the CCS (Figure 1) using nearly six
years (1997–2003) of daily sea surface temperature (SST)
and chlorophyll imagery. Here we quantify dominant
patterns of intraseasonal variability derived from the same
data, defining intraseasonal variability as temporal varia-
tion remaining after removal of the mean seasonal cycle
and interannual variability.
[3] Winds in the CCS are generally downwelling-favor-

able at higher latitudes (>36�N) in winter but are equator-
ward and upwelling-favorable along the entire coastline
through late-spring and summer [Halliwell and Allen,
1987; Dorman and Winant, 1995]. The spring transition
to strong and persistent equatorward winds induces a drop
in coastal sea level as relatively cool, saline water is
upwelled over the shelf and upper slope [Strub et al.,
1987; Strub and James, 1988]. A coastal upwelling front
and surface-intensified geostrophic jet develop, reversing
inshore poleward flow along the U.S. coast and reversing
poleward flow or reinforcing equatorward flow along the
Baja coast [Lynn and Simpson, 1987; Strub et al., 1987;
Strub and James, 2000]. The upwelling jet remains over the
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shelf and slope of the Pacific Northwest but is quickly
displaced seaward south of Cape Blanco, Oregon (42.8�N)
(Figure 1) as the high-velocity core of the California
Current [Barth et al., 2000; Strub and James, 2000].
Instability processes produce meanders that develop into
cyclonic and anticyclonic eddies to either side of the current
core [Marchesiello et al., 2003]. By late summer, equator-
ward winds weaken, coastal sea levels rise, and an inshore
poleward countercurrent develops along south-central Cal-
ifornia and parts of Baja [Lynn and Simpson, 1987; Strub
and James, 2000]. Poleward coastal currents strengthen and
extend northward, displacing the upwelling jet from the
shelves of the Pacific Northwest. The entire jet and eddy
system migrates westward and gradually decays through the
fall and winter [Strub and James, 2000].
[4] Multiyear time series of satellite-derived SST and

chlorophyll have contributed greatly to our understanding
of spatial and temporal patterns of near-surface physical and
biological variability across the CCS [e.g., Strub et al.,
1990; Abbott and Barksdale, 1991; Thomas and Strub,
2001; Thomas et al., 2001; Legaard and Thomas, 2006].
A typically diffuse bloom follows the spring transition to
strong and sustained equatorward winds. Shortly thereafter,

cool and chlorophyll-rich filaments extend from local up-
welling centers from southern Oregon to the Baja Peninsula.
Offshore waters become increasingly stratified and nutrient
depleted. The outer boundary of productive waters develops
a scalloped appearance by early to midsummer as the
upwelling front and jet meander offshore of the continental
margin. Chlorophyll concentrations off the coasts of Cal-
ifornia and Oregon peak at about this time, in phase with
maximum equatorward winds and upwelling. Vigorous jet
and eddy activity promotes the exchange of shelf and open
ocean waters, and provides a local source of enrichment to
offshore waters through geostrophic adjustment [Chavez et
al., 1991; Strub et al., 1991]. Coastal surface concentrations
drop in mid to late summer as winds weaken and temper-
atures climb toward their seasonal maxima. Following the
offshore displacement of the summer circulation structure,
concentrations subside to low winter levels across most of
the region.
[5] Synoptic quantitative analyses of intraseasonal or

mesoscale SST and chlorophyll variability have generally
been limited to narrow space/time windows defined by
relatively cloud-free imagery, typically of summer condi-
tions. Off northern California, Kelly [1985] identifies co-
herent patterns of SST variability associated with local
variations in wind-forcing, superimposed over a large-scale
seasonal warming trend. SST imagery off central California
and the Baja Peninsula demonstrate seasonally recurrent
mesoscale patterns in close association with coastal topog-
raphy and/or spatial variations in wind-forcing [Lagerloef,
1992; Gallaudet and Simpson, 1994; Armstrong, 2000].
Coastal Zone Color Scanner (CZCS) imagery off central
California show rapid changes (on the order of days) of
phytoplankton pigment patterns following changes in wind-
forcing, superimposed over persistent and seasonally recur-
rent structure associated with upwelling filaments and
eddies [Abbott and Barksdale, 1991]. Isotropic spatial
power spectra calculated from CZCS images indicate that
a larger proportion of total pigment variance acts over
longer (shorter) wavelengths offshore (inshore), consistent
with a transition from the dominance of geostrophic circu-
lation offshore to wind-driven processes inshore [Denman
and Abbott, 1988; Smith et al., 1988]. Temporal decorrela-
tion scales vary with spatial scale and are substantially
reduced within areas just offshore of active upwelling
centers [Denman and Abbott, 1994]. Spectral statistics of
pigment and SST imagery suggest that over timescales of
days to several weeks, phytoplankton behave largely as
passive tracers of mesoscale circulation, with growth, death,
and sinking affecting near-surface pigment distributions
only minimally [Smith et al., 1988; Denman and Abbott,
1994].
[6] Our goal is to quantify and compare physical and

biological variability across the CCS (Figure 1) using
concurrent time series of satellite-derived SST and chloro-
phyll, mapping the spatial dependence of dominant patterns
of temporal variability. In a companion paper [Legaard and
Thomas, 2006] we quantify and describe mean seasonal
cycles and interannual variability. Off north-central Califor-
nia, seasonality is determined largely by coastal upwelling,
and mean seasonal cycles of SST and chlorophyll constitute
a small fraction of total variance inshore. Seasonal cycles
differ at higher latitudes and in the midlatitude Southern

Figure 1. Map of the California Current study region,
showing the area of interest (shaded) and the locations of
time series data discussed within the text (a-g). Time series
locations and their approximate water depths are as follows:
(a) Heceta Bank, 200 m; (b) northern California offshore,
>3000 m; (c) Pt. Arena, 600 m; (d) central California
offshore, >3000 m; (e) Pt. Conception, 300 m; (f) eastern
Southern California Bight, 600 m; (g) southern Baja
offshore, >3000 m; (h) southern Baja inshore, <100 m.
Locations C and E coincide with NOAA NDBC stations
46014 and 46023, respectively. Also included are 100 and
500 m isobaths.
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California Bight (SCB) (Figure 1), where upwelling winds
are less vigorous and/or persistent. Strong seasonal cycles
along south-central Baja appear to be driven by processes
other than coastal upwelling, despite year-round upwelling-
favorable winds. Patterns of interannual SST and chloro-
phyll variability are consistent with dominant forcing by El
Niño and La Niña. Interannual SST variability is greatest
along south-central Baja, but constitutes a greater fraction of
total variance inshore along southern Oregon and much of
California. Interannual chlorophyll variability is greatest
inshore over the shelf and slope, but constitutes a greater
fraction of total variance offshore. Spatial patterns of
seasonal and interannual variability show considerable
mesoscale structure, demonstrating seasonal recurrence of
mesoscale features and suggesting that basin-scale forcing
acting over interannual timescales imposes itself in many
areas through changes in mesoscale pattern [Legaard and
Thomas, 2006].
[7] Here we quantify, map, and compare dominant patterns

of intraseasonal SST and chlorophyll variability. We extract
intraseasonal signals from multiyear time series of daily
SST and chlorophyll imagery and employ the semivario-
gram (or structure function) as a measure of temporal
variation. Semivariograms are traditionally used to derive
formal statistical models of spatial or temporal dependence
suitable for optimal interpolation [e.g., Denman and
Freeland, 1985]. Semivariograms have also been used
to describe patterns of spatial and temporal variability of
oceanographic data including satellite-derived SST and
chlorophyll [e.g., Denman and Freeland, 1985; Yoder et
al., 1987, 2001; Thomas and Emery, 1988; Fuentes et al.,
2001; Doney et al., 2003]. The semivariogram is subject to
less restrictive assumptions than the covariance function or
power spectrum and may provide a more stable measure of
spatial or temporal dependence for many data sets. The
semivariogram does not require interpolation at times or
locations of missing observations and is capable of detect-
ing and quantifying both periodic and aperiodic variation.
[8] A brief overview of the semivariogram and a detailed

description of its use in this study follow in section 2. In
section 3, we present dominant scales and corresponding
spatial patterns of intraseasonal variation of SST and chlo-
rophyll. In section 4, we discuss the possible origins of
identified patterns, compare our results to past research, and
discuss apparent limitations of our approach and of semi-
variogram analysis more generally. Conclusions follow in
section 5.

2. Data and Methods

[9] Daily SeaWiFS Level 3 Standard Mapped Images of
chlorophyll concentration from the fourth SeaWiFS
reprocessing [O’Reilly et al., 2000] were obtained for
4 September 1997 through 5 July 2003 from the NASA
Goddard Space Flight Center Distributed Active Archive
Center and subset to the CCS study area (Figure 1). These
data have a nominal resolution of 9 km. Following Campbell
[1995], we assume chlorophyll data to be approximately
lognormal. To reduce the size of the data set used in
subsequent calculations, chlorophyll fields were spatially
averaged to geometric means within non-overlapping
18 km � 18 km boxes. Time series were assembled at each

grid location from log-transformed chlorophyll concentra-
tions. Immediately adjacent to the coastline, particularly at
certain locations (e.g., the mouth of the Columbia River and
the Gulf of the Farallones (Figure 1)), chlorophyll retrievals
may be suspect owing to the effects of colored dissolved
organic matter and light-scattering inorganic particulates.
Such biases are reduced by our use of 18 km averages and
are assumed to have minimal effect on our interpretation of
broad-scale patterns in the CCS.
[10] Daily time series of sea surface temperature concur-

rent with SeaWiFS data were assembled from the NOAA/
NASA AVHRR Oceans Pathfinder equal-angle, 9 km best-
SST data product [Vazquez et al., 1998; Kilpatrick et al.,
2001] provided by the NASA Physical Oceanography
Distributed Active Archive Center at the Jet Propulsion
Laboratory. SST estimates were derived from the Pathfinder
Version 4.1 (4 September 1997 to 31 December 1999) and
Interim Version 4.1 (1 January 2000 to 5 July 2003)
algorithms using data from ascending passes. SST data
were spatially averaged to the arithmetic mean of pixels
lying within non-overlapping 18 km � 18 km boxes, and
time series were assembled at each grid location.
[11] Depending on location, cloud cover and satellite

orbital geometry limited the number of SST and chlorophyll
observations available to �15–55% of the 2131 days within
our study period. Overall patterns of data availability
[Legaard and Thomas, 2006] reflect predominant patterns
of cloud cover [Nelson and Husby, 1983]. Cloud cover
increases and data density decreases offshore and across the
northern CCS. Observations are most frequent within the
SCB and along the southern Baja coast.
[12] We define intraseasonal variability as temporal var-

iation remaining after removal of large-scale trend from
each time series. Large-scale trend, or first order variation,
was calculated as the sum of a regular seasonal cycle and an
irregular component of interannual variation. Seasonal
cycles were modeled as the sum of annual and semiannual
harmonics plus a constant offset (the climatological mean).
Interannual variation was estimated by smoothing non-
seasonal residual time series with a 365-day Gaussian
kernel. Details of these methods and descriptions of sea-
sonal and interannual variability are presented in a compan-
ion paper [Legaard and Thomas, 2006]. Following the
removal of mean seasonality and interannual variation,
residual time series include variability acting over intra-
seasonal timescales, observation error, and any seasonal-
scale variation not captured by stationary annual and
semiannual harmonics.
[13] Figure 2 illustrates the application of our approach to

time series of SST and log-transformed chlorophyll from
one sample location off central Oregon (Figure 1). Trend
lines (Figures 2a and 2b) represent the combined contribu-
tions of seasonal and interannual variation, accounting for
81% and 36% of the total temporal variance of SST and
chlorophyll, respectively. Residual time series of SST and
chlorophyll (Figures 2c and 2d) display considerable year-
to-year variation. Note for example that large-scale trend
overestimates temperatures during the transition from El
Niño to La Niña conditions in early 1999. Such indications
of nonstationarity over long timescales motivate our use of
the semivariogram as a quantitative descriptor of intra-
seasonal variation.
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Figure 2
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[14] A thorough review of the semivariogram and its
properties may be found in any number of geostatistics
texts [e.g., Goovaerts, 1997; Webster and Oliver, 2001].
Here we present a brief overview. Consider a residual time
series Z(t) as a random function composed of a set of
random variables Z(ti) corresponding to the N observations
available at that location. The covariance C between any
two random variables Z(ti) and Z(tj) constitutes a measure of
the similarity between the two and is defined as

C Z tið Þ; Z tj
� �� �

¼ E Z tið Þ � m tið Þ½ � 	 Z tj
� �

� m tj
� �� �� �

ð1Þ

where m(ti) and m(tj) are the means of Z(ti) and Z(tj), and
where E(	) is the expectation function. Use of the covariance
function as a measure of temporal dependence for the time
series Z(t) requires the assumption of a constant mean for all
Z(ti) and a finite covariance that depends only on the time
lag h = tj � ti. These assumptions constitute second order or
weak stationarity and imply the absence of any first order
variation of the mean. Where annual and semiannual
harmonics fail to capture year-to-year changes in the timing
or magnitude of the seasonal cycle, significant seasonal-
scale variability may remain, and residual time series may
display modest departures from weak stationarity. If
however the local mean of the residual series remains
constant over short time lags, we can assume that

E Z tð Þ � Z t þ hð Þ½ � ¼ 0 ð2Þ

for small h. If we assume weak stationarity of the
increments [Z(ti) � Z(tj)] rather than the random variables
themselves, the variance of the difference [Z(t) � Z(t + h)]
can be used as an alternative measure of temporal
dependence:

g hð Þ ¼ 1

2
var Z tð Þ � Z t þ hð Þ½ � ð3Þ

The quantity g(h) for a given time lag h is referred to as
semivariance and constitutes a measure of the average
dissimilarity between data values separated by the lag h.
The function g(h) is the semivariogram. Equations (2) and
(3) constitute intrinsic stationarity, a form of stationarity in
which only local homogeneity is assumed. The semivario-
gram g(h) provides a valid description of spatial or temporal
dependence in many cases where departures from weak
stationarity follow from the incomplete removal of large-
scale trend. This wider range of validity makes the
semivariogram more useful than the covariance function
for a variety of applications.
[15] For an autocorrelated and weakly stationary time

series, the semivariogram is a mirror image of the covariance
function. The semivariogram climbs from small values at
shorter lags to large values at longer lags, attaining or

asymptotically approaching an upper bound referred to as
the sill, equal to the overall variance of the process. The
range is defined as the lag at which semivariance attains (or
closely approaches) the sill. Covariance drops to zero at the
range so that observations separated by greater lag times are
no longer correlated. Regular repetition or periodicity
causes a peak in semivariance at a time lag equal to one-
half of the dominant period. Peak semivariance corresponds
to negative correlation between data pairs, and generally
exceeds the overall variance. Multiple scales of variability
may lead to multiple, irregularly spaced peaks or sills. The
time lag of a prominent peak corresponds to a dominant
scale of variability and the value of peak semivariance
corresponds to the magnitude of variability (mean data
dissimilarity) acting at that scale.
[16] Histograms compiled from residual time series at our

sample location (Figures 2e and 2f) show that although SST
residuals are near-normal, chlorophyll residuals are some-
what skewed. Chlorophyll residuals are moderately skewed
at nearly all locations and residual distributions of both
variables typically display thicker tails than expected for a
normal process. We therefore employ an estimator of
empirical semivariance derived by Cressie and Hawkins
[1980] for similar distributions:

�̂ hð Þ ¼

1
2

1
n hð Þ

P
n hð Þ

Z tið Þ � Z ti þ hð Þj j
1
2

 !4

0:457þ 0:494
n hð Þ


 � ð4Þ

where n(h) is the number of pairs of observations separated
by the time lag h. Semivariance was estimated to a
maximum time lag of 100 days, below which most (of the
residual) temporal structure of interest occurred. The
analytical derivation of confidence limits for estimates of
semivariance is complicated by nonrandom sampling of the
underlying process, correlations between estimates, and use
of the same data in multiple estimates [Webster and Oliver,
2001]. For practical applications, the assessment of what
constitutes a statistically sufficient number of data pairs to
estimate semivariance at a given lag is somewhat subjective.
We considered an estimate of semivariance to be valid if at
least 30 data pairs were used in its calculation, a criterion
previously employed for the estimation of spatial semivar-
iograms from SeaWiFS data [Fuentes et al., 2001; Doney et
al., 2003]. Only valid estimates were included in subsequent
analyses.
[17] Empirical estimates of semivariance are subject to

error arising primarily from incomplete sampling of the
underlying process. Here, intermittent cloud cover contrib-
uted scatter to all semivariograms. Nevertheless, SST and
chlorophyll semivariograms calculated at our sample loca-
tion (Figures 2g and 2h) show clear trends suggesting peak

Figure 2. Time series of (a) Pathfinder SST and (b) SeaWiFS chlorophyll assembled at 44.1�N, 124.8�W (location shown
in Figure 1). Thick solid lines represent large-scale trends composed of seasonal cycles and an irregular component of
interannual variation. Residual time series of (c) SST and (d) chlorophyll calculated by subtracting large-scale trend from
the original time series. Histograms of (e) SST and (f) chlorophyll residual time series. Empirical semivariograms estimated
from (g) SST and (h) chlorophyll residual time series.
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values at �40–50 days, corresponding to dominant periods
of �80–100 days. As lag time decreases toward zero,
empirical estimates of semivariance typically appear to
approach a positive value referred to as nugget semivariance.
The nugget arises from measurement error and unresolved
variation acting over timescales shorter than the sampling
interval. Both sample semivariograms indicate a nugget
effect. Residual time series are therefore composed of a
temporally correlated component of variability superim-
posed over an uncorrelated, random component whose
contribution is given by the nugget. At this sample location,
nugget values lie within the accepted error variance of the
SST (http://podaac.jpl.nasa.gov/sst/) and chlorophyll data
[O’Reilly et al., 2000], suggesting that instrument and
algorithm error are a major component of the nugget.
[18] In order to objectively discriminate coherent struc-

tural features from empirical semivariograms, an Empirical
Orthogonal Function (EOF) analysis was performed on the
SST and chlorophyll semivariance data sets. Prior to anal-
ysis, empirical semivariograms were centered and normal-
ized so that EOF modes were not biased by semivariograms
computed from high-variance time series. EOF analysis
decomposed the spatially distributed sets of semivariograms
into a set of orthogonal functions describing characteristic
patterns of semivariance and a set of spatial amplitude
functions describing the relative contribution of each EOF
to the (normalized) empirical semivariogram calculated at
each grid location. Each EOF mode was assumed statisti-
cally significant provided it explained a greater amount of
structure than did 95% of the corresponding modes derived
from analyses of 100 random data sets of the same size
[Overland and Priesendorfer, 1982]. The mode 1 EOF
describes the semivariogram shape most representative of
empirical semivariograms calculated throughout the region.
The combined structure assigned to significant higher
modes describes coherent structural deviations from the
mode 1 semivariogram. We present all spatial amplitude
maps after smoothing with a 5 � 5 moving average to
reduce speckling and emphasize large-scale patterns of
interest.

3. Results

3.1. Empirical Semivariograms

[19] Eight grid locations (Figure 1) were selected to
illustrate empirical semivariograms. Locations were chosen
to reflect the range of seasonal, interannual, and intra-
seasonal behavior evident in the regional SST and chloro-
phyll data. Empirical semivariograms calculated from
residual time series at these locations (Figure 3) show that
despite considerable scatter, consistent structural variations
are apparent between locations. At inshore locations off
Oregon and California (Figures 3a, 3c, and 3e), semivar-
iance increases sharply over the first �10–20 days, attain-
ing maximum or near-maximum values by �20–40 days.
At offshore locations (Figures 3b, 3d, and 3g), semivario-
grams show a more gradual increase to an apparent sill at
�40–60 days. A rapid rise over short lags at nearshore
locations indicates a rapid loss of correlation with increasing
separation time, consistent with a large amount of variation
acting over short timescales. In contrast, a more gradual rise
to maximum semivariance at longer lags indicates greater

temporal continuity offshore. Also note that small sills and
large nuggets (relative to the size of the sill) indicate lower
levels of resolved intraseasonal variation offshore. Scatter
between empirical estimates of semivariance is least pro-
nounced and semivariogram structure most clearly defined
at inshore locations where data density is the greatest
[Legaard and Thomas, 2006], most notably off southern
California and the Baja coast (e.g., Figures 3f and 3h).
Semivariogram structure is more poorly defined far from
shore (e.g., Figure 3g) where SST and chlorophyll variabil-
ity is weak and data density reduced. The shapes of
chlorophyll and SST semivariograms are very similar at
some locations (e.g., off central Oregon, Figure 3a) and very
dissimilar at others (e.g., off southern California, Figure 3e).

3.2. Dominant Semivariogram Structure and Spatial
Patterns

[20] EOF analyses summarize dominant structure of SST
and chlorophyll semivariograms across the study region.
Mode 1 explains 62% and 48% of SST and chlorophyll
semivariance structure. Mode 2 explains 4% of the semi-
variance structure of both variables. Modes 3 and 4 are
marginally significant, collectively explaining 3% and 4% of
SST and chlorophyll semivariance structure. Structure not
explained by the first four modes (31% and 44% for SST and
chlorophyll) is distributed more or less evenly across the
remaining insignificant modes, reflecting the considerable
scatter within individual semivariograms (Figure 3).
[21] Dominant shapes of both SST and chlorophyll semi-

variograms (mode 1 EOFs, Figures 4a and 4b) follow an
inverse negative exponential curve approaching an asymp-
totic upper bound at 50–60 days. The chlorophyll mode 1
function increases smoothly; the SST function displays a
well-defined 8–10 day oscillation superimposed over the
general curve. Similar though less coherent oscillations are
often apparent in empirical SST semivariograms (Figure 3)
and appear to reflect a tendency for observations to be
systematically grouped at this sampling interval. Walker and
Wilkin [1998] describe a similar tendency in Pathfinder SST
data over the Indo-Australian region and suggest satellite
orbital characteristics as its cause. We discuss the sampling
structure of SST time series further in section 4.3. We do not
identify a specific decorrelation scale from the mode 1 EOF.
While EOF analysis defines dominant semivariogram struc-
ture common to large areas, locally important structure can
be relegated to statistically insignificant higher modes.
Location-specific decorrelation scales are sensitive to small
changes in semivariogram shape and are generally more
spatially variable than the patterns revealed by EOF anal-
ysis. We attempted various means of defining decorrelation
scales or dominant scales of variability from individual
semivariograms [e.g., Yoder et al., 1987, 2001; Fuentes et
al., 2001] but found no approach that provided a consistent
and reliable means of delineating regional patterns of
variability.
[22] Spatial amplitude functions (Figures 4c and 4d)

describe the relative contributions of the mode 1 semivario-
grams at each grid location. Small values reflect either a
structural dissimilarity between the mode 1 EOF and local
semivariogram shape or increased scatter between empirical
semivariance estimates. SST amplitudes (Figure 4c) are
greatest within several hundred kilometers of the Baja

C09006 LEGAARD AND THOMAS: CHLOROPHYLL/SST VARIABILITY IN THE CCS

6 of 19

C09006



Figure 3. (a-h) Empirical semivariograms calculated from residual time series of Pathfinder SST (.)
and SeaWiFS chlorophyll (�) assembled at the eight locations shown in Figure 1. SST and chlorophyll
axes are plotted to the left and right, respectively.

C09006 LEGAARD AND THOMAS: CHLOROPHYLL/SST VARIABILITY IN THE CCS

7 of 19

C09006



Peninsula and Southern California. Nearshore amplitudes
gradually decrease to the north but remain broadly elevated
(>1.0) within a band extending �400–500 km offshore,
from the southern limit of our study region to �40�N. North
of Cape Mendocino (40.4�N) (Figure 1), the width of this
band tapers toward the coastline of central Oregon. SST
semivariograms at locations north of �45�N or more than
�500 km offshore are generally poorly represented by
mode 1, compared to semivariograms at more southerly
and inshore locations. As with SST, chlorophyll amplitudes
(Figure 4d) are elevated within 400–500 km of the coastline
south of northern California (�42�N), with maximum
values off southern Baja. Elevated amplitudes also extend
into the northern portion of our study region where mode 1
SST amplitudes are relatively low. Maximum chlorophyll
amplitudes are separated from the coast by a narrow band
(�100 km) of low amplitude extending from Vancouver
Island south to Point Conception (34.4�N) (Figure 1),
widest north of Cape Blanco (�43�N) and off south-central
California (centered at �35�N).
[23] Mode 2 EOFs and spatial amplitude functions de-

scribe the most coherent deviation from the dominant
structure defined by mode 1. For SST (Figure 5a), the mode

2 EOF reduces semivariance at short lags (<10 days) and
long lags (>60 days) and increases semivariance over a
broad interval centered at �40 days. The space pattern
(Figure 5c) shows an irregular band of positive amplitude
within �200 km of the Pacific Northwest, extending south-
westward from southern Oregon and northern California to
the outer boundary of the study region. Relative to the
structure defined by mode 1, SST semivariograms in this
band tend to show a sharper rise over shorter lags and a shift
in peak semivariance to �40 days, often followed by a
modest drop at longer lags (e.g., Figure 3a). The weak
negative amplitudes found elsewhere in the study region
define a slight increase in semivariance at shorter and longer
lags and a decrease at intermediate lags. Stronger negative
values offshore of Baja indicate a greater flattening of the
mode 1 pattern (e.g., Figure 3g). The weak negative mode 2
contributions and modes 3 and 4 (not shown) do not bear a
substantial or widespread influence on dominant semivario-
gram structure. The mode 2 chlorophyll EOF (Figure 5b) is
similar to that of SST, negative at short lags and gradually
increasing to a broad peak centered at �40 days. Strong
positive amplitudes (Figure 5d) are concentrated within
100–200 km of the coast off north-central California

Figure 4. Mode 1 EOF for semivariograms calculated from (a) Pathfinder SST and (b) SeaWiFS
chlorophyll. Mode 1 spatial amplitude functions for semivariograms calculated from (c) SST and
(d) chlorophyll.
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(centered at �39�N), north of Cape Blanco (�43�N), and
immediately seaward of the shelf off Vancouver Island,
indicating a sharper rise over short lags (e.g., Figures 3a and
3c). Strong negative amplitudes off southern Baja indicate a
weaker initial rise and flattening of the mode 1 structure.
Modes 3 and 4 (not shown) are strongest in a localized area
within �100 km of the California coast south of Monterey
Bay (�37�N) (Figure 1), shifting peak semivariance to�25–
30 days (e.g., Figures 3e and 3f). Contributions of modes 3
and 4 are much less spatially extensive than that of mode 2.

3.3. Variance Estimation

[24] Variance attributable to dominant intraseasonal struc-
ture and coherent deviations from dominant structure is
quantified and compared by reconstructing semivariograms
from mode 1 and modes 2–4, respectively (Figure 6). The
product of the mode 1 EOF and spatial amplitude estimate
provides a reasonable approximation to the original empir-
ical semivariogram calculated at most locations, once
rescaled and recombined with the mean of the original.

The mode 1 reconstruction of semivariance is approximated
by an exponential model:

g hð Þ ¼ 0 h ¼ 0

c0 þ s2 � c0ð Þ 1� e�3h=r
� �

h 6¼ 0

� 

ð5Þ

where c0, s2, and r are the nugget, sill, and range
parameters, respectively. Where the mode 1 EOF is fully
representative of semivariogram shape (i.e., where the
contributions of modes 2–4 are weak), sill and nugget
parameters estimate the overall variance and unresolved
variance of the residual time series. The range is implicitly
defined as the lag at which semivariance has increased to
95% of the asymptotic sill. Nugget, range and sill parameter
estimates were obtained at each grid location through a
nonlinear least squares fit of the exponential model to each
mode 1 reconstruction. Range estimates for SST (chlor-
ophyll) were typically about 65 days (56 days), equivalent
to an e-folding scale of 22 days (19 days). Because model

Figure 5. Mode 2 EOF for semivariograms calculated from (a) Pathfinder SST and (b) SeaWiFS
chlorophyll. For comparison with mode 1 EOFs, y-axes retain the scaling of Figure 4. Mode 2 spatial
amplitude functions for semivariograms calculated from (c) SST and (d) chlorophyll. To highlight spatial
patterns, data scaling differs from the mode 1 spatial amplitude functions of Figure 4.
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