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a b s t r a c t
Photosynthetic production of organic matter by microscopic oceanic phytoplankton fuels ocean ecosystems
and contributes roughly half of the Earth's net primary production. For 13 years, the Sea-viewing Wide
Field-of-view Sensor (SeaWiFS) mission provided the ﬁrst consistent, synoptic observations of global ocean
ecosystems. Changes in the surface chlorophyll concentration, the primary biological property retrieved
from SeaWiFS, have traditionally been used as a metric for phytoplankton abundance and its distribution
largely reﬂects patterns in vertical nutrient transport. On regional to global scales, chlorophyll concentrations covary with sea surface temperature (SST) because SST changes reﬂect light and nutrient conditions. However, the
ocean may be too complex to be well characterized using a single index such as the chlorophyll concentration. A
semi-analytical bio-optical algorithm is used to help interpret regional to global SeaWiFS chlorophyll observations from using three independent, well-validated ocean color data products; the chlorophyll a concentration,
absorption by CDM and particulate backscattering. First, we show that observed long-term, global-scale trends
in standard chlorophyll retrievals are likely compromised by coincident changes in CDM. Second, we partition
the chlorophyll signal into a component due to phytoplankton biomass changes and a component caused by
physiological adjustments in intracellular chlorophyll concentrations to changes in mixed layer light levels.
We show that biomass changes dominate chlorophyll signals for the high latitude seas and where persistent
vertical upwelling is known to occur, while physiological processes dominate chlorophyll variability over
much of the tropical and subtropical oceans. The SeaWiFS data set demonstrates complexity in the interpretation
of changes in regional to global phytoplankton distributions and illustrates limitations for the assessment of
phytoplankton dynamics using chlorophyll retrievals alone.
© 2013 Elsevier Inc. All rights reserved.

1. Introduction
The open ocean accounts for nearly 70% of the Earth's surface and
phytoplankton dominate the autotrophic production of the marine
ecosystems, accounting for roughly half of the Earth's annual net primary production (e.g., Behrenfeld et al., 2001; Field et al., 1998). This
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conversion of CO2 into organic matter fuels the metabolic demands of
marine ecosystems and drives ocean biogeochemical cycles. Global phytoplankton production depends on the availability of sunlight and nutrients (e.g., nitrogen, phosphorous, iron), and thus is sensitive to changes
in the physical processes regulating these resources (e.g., Behrenfeld et
al., 2001, 2006; Boyce et al., 2010; Martinez et al., 2009; Vantrepotte &
Mélin, 2009; Yoder & Kennelly, 2003).
The response of phytoplankton to environmental changes can be
rapid. Under light- and nutrient-replete growth conditions, phytoplankton abundances can double within a single day, leading to
intense blooms. These rapid increases in phytoplankton standing
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stocks are often followed by rapid declines, as resources are exhausted
and grazers and other export processes consume phytoplankton.
This balance between phytoplankton growth and loss processes controls
the magnitude of the response of phytoplankton populations to environmental changes on seasonal to decadal time scales (e.g., Behrenfeld,
2010; Behrenfeld et al., 2006, 2008; Falkowski et al., 1998; Martinez et
al., 2009; Polovina et al., 2008; Siegel et al., 2002a).
Observing changes in global phytoplankton distributions is challenging at best. Research vessels travel at roughly the speed of a bicycle,
have limited geographic range, and are costly to operate, making them
impractical for long-term, sustained, global surveying. Autonomous
sampling platforms equipped with sensors capable of measuring relevant ocean ecosystem parameters have been developed (e.g., Bishop
et al., 2002; Johnson et al., 2009) but these advances are relatively recent and appropriate data over the global ocean are not yet available.
Global observations of phytoplankton dynamics have resulted largely
from satellite ocean color sensors that sample the entire Earth surface
in just a few days (McClain, 2009).
The longest and most complete satellite ocean color record stems
from the Sea viewing Wide-Field of view Sensor (SeaWiFS), which
was launched on August 1, 1997 and operated until December 14,
2010. A key objective for the SeaWiFS mission was the determination
of surface layer phytoplankton chlorophyll a concentration (hereafter
referred to simply as chlorophyll). The standard SeaWiFS chlorophyll
product is based on an empirical band-ratio algorithm (O'Reilly et al.,
1998). The basic principle of the algorithm is that ocean remote sensing
reﬂectance at blue wavelengths decreases relative to the green wavelengths, as phytoplankton concentrations increase, due to absorption
by chlorophyll and other constituents. The ratio between these two
bands is used to quantify the chlorophyll concentration.
An underlying assumption in the band ratio approach is that
changes in ocean color can be described using a single index — the
chlorophyll concentration (Morel, 1988; Smith & Baker, 1978). This
presumes that all optically active materials covary with the chlorophyll
concentration, which may not hold under all situations or for future
oceans (Dierssen, 2010; Lee et al., 2002, 2010; Morel et al., 2010; Sauer
et al., 2012; Siegel et al., 2002b, 2005a; Szeto et al., 2011). Non-living materials, such as Colored Dissolved Organic Matter (CDOM) and nonviable,
detrital particulate materials, dominate ocean color signals for some
wavelengths and these materials can vary independently from changes
in chlorophyll concentration (Bricaud et al., 2011; Morel et al., 2010;
Nelson & Siegel, 2013; Siegel et al., 2005a, 2005b). An example of the contributions made by different optical components to the mean total absorption spectrum is shown in Fig. 1 where the component absorption
spectrum observations are from a consistent, open ocean, in situ data
set that spans the upper layers (≤30 m) from all of the major ocean basins (N = 371; data from Nelson et al., 1998, 2007, 2010; Swan et al.,
2009; Nelson & Siegel, 2013). The gray envelopes in Fig. 1 represent the
95% conﬁdence interval for each mean estimate. For wavelengths less
than 490 nm, CDOM is by far the most important factor contributing to
total absorption in the open ocean and, on the average, 60% of the total
light absorption at 400 nm is due to CDOM (Fig. 1). Phytoplankton absorption never dominates the mean spectral light absorption budget
and only for wavelengths greater than 490 nm does its contribution approach that of CDOM. Throughout the visible spectrum, the contribution
of CDOM is also much greater than the absorption by inanimate, detrital
particulates, which make a much smaller contribution throughout the visible spectrum (detrital absorption is b10% of the total absorption
coefﬁcient). Thus, nonliving optical signals are an important consideration
in the assessment of phytoplankton dynamics from global ocean color
observations.
Phytoplankton optical properties are also functions of their size,
shape, cellular pigment composition and concentration, which are in
turn regulated by the assemblage of phytoplankton species present and
their physiological state (e.g., Behrenfeld et al., 2005, 2008; Bricaud et
al., 2004; Ciotti et al., 2002; Dierssen, 2010; Falkowski, 1984; Kirk, 1994;
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Fig. 1. Global mean fractional contributions made by phytoplankton (a ph(λ); red),
colored dissolved organic matter (CDOM; a g (λ); blue), detrital particulates
(a det(λ); blue), and seawater (aw(λ); light blue) to the total absorption
(atot(λ) = adet(λ) + aph(λ) + ag(λ) + aw(λ)) at that same wavelength. The gray envelopes are 95% conﬁdence intervals for the mean spectra. A total of 371 coincident observations of adet(λ), aph(λ) and ag(λ) from the upper 30 m are used to develop the global, open
ocean composite of fractional contributions to spectral light absorption. Absorption spectra are compiled from the Atlantic, Paciﬁc, Indian and Southern Oceans (CLIVAR cruises
A20, A22, P16N, P16S, P18 and I8S, the African Monsoon Multidisciplinary Analyses
(AMMA) cruise to the equatorial Atlantic and the Bermuda Atlantic Time Series Study
(BATS)). Methods and further details are presented in Nelson et al. (1998), Nelson et al.
(2007), Nelson et al. (2010), Swan et al. (2009) and Nelson and Siegel (2013).

Morel & Bricaud, 1981; Stramski et al., 2004). In particular, phytoplankton
can adjust their intracellular chlorophyll content in response to light and
nutrients (e.g., Behrenfeld et al., 2005; Laws & Bannister, 1980). When
growth irradiance decreases and nutrients remain replete, phytoplankton
increase their chlorophyll content to more efﬁciently capture light. When
nutrients become scarce, they reduce their chlorophyll in direct proportion to their nutrient-deﬁned growth rate (e.g., Halsey et al., 2010; Laws
& Bannister, 1980). Together these physiological adjustments can introduce more than a ten-fold variation in phytoplankton chlorophyll to carbon ratios, which will hinder our ability to interpret changes in
phytoplankton biomass from observations of chlorophyll concentrations.
Here we present a synthesis of SeaWiFS observations focused on
documenting and interpreting regional- to global-scale change in ocean
phytoplankton distributions. We summarize how the SeaWiFS mission
achieved a climate-quality record of ocean remote sensing reﬂectance
spectra (referred to as ‘ocean color’) and how ocean color observations
are used to retrieve phytoplankton chlorophyll concentrations. We
discuss changes in the ocean biosphere indicated by the standard
SeaWiFS chlorophyll algorithm product and show that spurious interpretations may result from not assessing other important bio-optical signals. Our analyses highlight the spatial heterogeneity of phytoplankton
responses to ocean climate variations, demonstrate the importance of
non-phytoplankton absorption in ocean color signals and illustrate the
relative importance of physiology and biomass changes on observed
chlorophyll concentrations and the interpretation of phytoplankton
dynamics from ocean color observations. We conclude with a discussion
of steps to ensure continued observation and future paths for new discoveries of the ocean biosphere.
2. Data and methods
2.1. SeaWiFS observations of remote sensing reﬂectance
SeaWiFS was a polar-orbiting, sun-synchronous, crosstrack-scanning
instrument with six visible “ocean color” wavebands and two near-
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infrared (NIR) “atmospheric correction” bands (McClain et al., 2004).
SeaWiFS collected imagery at a nominal 1-km spatial resolution (globally
subsampled to 4 km) and achieved near-complete global measurement
coverage every 2 days. Accurate ocean color retrievals are among the
most difﬁcult Earth-system satellite data to acquire, in part because
only ~10% of the signal measured by the satellite sensor at the topof-atmosphere originates from the ocean (the remaining ~90% comes
from the atmosphere and surface reﬂectance). SeaWiFS's NIR bands
provide critical data for removing the atmospheric contribution to radiances measured at the 6 ocean color bands. Sensor calibration and characterization (pre- and post-launch) and corrections to remove the
effects of scattering and absorption by the atmosphere and reﬂection
from the ocean surface have proven crucial for creating high quality
determinations of the spectral reﬂectance emanating from the ocean.
The SeaWiFS mission pioneered two system calibration procedures that helped it achieve the accuracy and stability required for climate science (McClain, 2009; McClain et al., 2004; National Research
Council, 2011). First, relative changes of the SeaWiFS's calibration
were monitored by monthly viewing of the moon at constant phase
and each spectral band was characterized to ~ 0.1% over the mission's
lifetime (Eplee et al., 2011). Second, absolute system calibration
factors were determined through a vicarious calibration (Franz et al.,
2007), which compares satellite observations to high-quality ﬁeld
measurements of ocean remote sensing reﬂectance propagated to the
top of the atmosphere. Following this approach, uncertainties in absolute calibration factors are within 0.3% for all visible bands and resultant
retrievals of ocean remote sensing reﬂectance have uncertainties of ~3%
for conditions similar to the ﬁeld calibration site (see Supplementary
Information section).
2.2. The SeaWiFS chlorophyll algorithm (OC4v6)
The ‘standard’ SeaWiFS chlorophyll product, ChlOC4, is based on an
empirical, maximal band-ratio algorithm (O'Reilly et al., 1998) using
remote sensing reﬂectance measurements at 443, 490, 510 and
555 nm. This algorithm, OC4v6, empirically relates the maximum of
three remote sensing reﬂectance band-ratios, 443/555, 490/555 and
510/555, to the chlorophyll concentration (see http://oceancolor.
gsfc.nasa.gov/REPROCESSING/R2009/ocv6/). For low chlorophyll waters, the 443/555 ratio will be the maximum ratio used, whereas for
eutrophic waters the 510/555 ratios will be selected. The maximum
band-ratio approach proved to be very effective for accurately retrieving chlorophyll concentrations over a very large dynamic range
(e.g., O'Reilly et al., 1998). Nearly 2000 paired observations of ocean remote sensing reﬂectance and chlorophyll concentration from version 2
of the NASA bio-Optical Marine Data set (NOMADv2) archive of biooptical ﬁeld measurements (Werdell & Bailey, 2005) were used to derive
the OC4v6 algorithm.
Performance of the OC4v6 algorithm is excellent (Table 1) when
applied to the NOMADv2 data set of ocean remote sensing reﬂectance
spectra and compared with the in situ chlorophyll measurements
(http://seabass.gsfc.nasa.gov/seabasscgi/nomad.cgi). This in situ data
comparison can be thought of as measuring the inherent variability
in the OC4v6 algorithm, as the NOMADv2 observations comprised
nearly all of the data used to determine the OC4v6 model coefﬁcients.
SeaWiFS remote sensing reﬂectance spectra can be also used to assess the performance of the OC4v6 algorithm. A matchup data set of
SeaWiFS remote sensing reﬂectance spectra and in situ observations
(largely from NOMADv2) is constructed using the single level-3
pixel (~ 9 km) containing the in situ observation for that day. The performance of the ChlOC4 algorithm is again excellent (Table 1); with an
R 2 value of 0.795, slopes approaching unity, and a log-transformed
intercept near zero. Similar validation results for ChlOC4 are found in
the analyses conducted by the NASA Ocean Biology Processing
Group following procedures laid out by Bailey & Werdell, 2006.
Thus, the SeaWiFS band ratio chlorophyll algorithm (OC4v6) has
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Table 1
Validation for bio-optical models using in situ and SeaWiFS satellite remote sensing
reﬂectance observations.
Parameter

N

Intercept

Slope

R2

RMS deviation

Bias

Validation using in situ remote sensing reﬂectance observations
2687
−0.008
0.975
0.859
0.275
ChlOC4
ChlGSM
2528
−0.058
1.040
0.850
0.292
CDM
878
0.097
1.115
0.850
0.256
BBP
314
0.424
1.160
0.632
0.197

−0.005
−0.063
−0.032
0.014

Validation using SeaWiFS remote sensing reﬂectance observations
ChlOC4
1543
−0.011
0.981
0.795
0.310
ChlGSM
1380
−0.175
0.958
0.774
0.363
CDM
484
0.239
1.170
0.566
0.336
BBP
201
0.047
1.048
0.531
0.210

−0.008
−0.165
0.014
−0.071

All comparisons are made comparing log10-transformed variables. In situ validation is done
using ocean remote sensing reﬂectance determinations from an updated version of the
NOMAD data set (NOMADv2; following Werdell & Bailey, 2005) Matchups with satellite
remote sensing reﬂectance values are calculated using the single level-3 (9 km) pixel
containing the observation for that day and the NOMADv2 ﬁeld observations.

excellent performance when compared with the NOMADv2 in situ
chlorophyll data, both using in situ reﬂectance determinations and
SeaWiFS reﬂectances.
2.3. The Garver–Siegel–Maritorena ocean color algorithm and
its interpretation
Advances in ocean optics modeling have yielded tools to decompose satellite ocean color signals into multiple, speciﬁc optical contributions (e.g., IOCCG, 2006). Here, the Garver–Siegel–Maritorena
algorithm (GSM; Maritorena et al., 2002, 2010) is applied to SeaWiFS
ocean reﬂectance data to estimate chlorophyll concentration (ChlGSM),
the combined absorption at 443 nm by CDOM and detrital particulates
(CDM), and the particulate backscattering coefﬁcient at 443 nm (BBP).
The GSM model retrieves ChlGSM, CDM and BBP simultaneously by
performing a non-linear least-squares minimization between the satellite and modeled reﬂectance for all available visible bands. Model parameters were evaluated through a constrained optimization using observed
remote sensing reﬂectance, chlorophyll, CDM and BBP determinations
mostly from open ocean, non-polar environments (Maritorena et al.,
2002). Our goal in applying the GSM model is to elucidate phytoplankton
chlorophyll changes independently from CDM (Siegel et al., 2005a),
while providing a proxy for phytoplankton carbon biomass using BBP
(Behrenfeld et al., 2005).
The performance of the GSM algorithm can be evaluated using
both in situ and satellite data. Using the NOMADv2 in situ reﬂectance
spectra, the GSM retrievals of chlorophyll concentrations are excellent, with performance metrics that are nearly equivalent to those
of the operational SeaWiFS algorithm (Table 1). This is a noteworthy
accomplishment considering that the GSM parameters are optimized
to simultaneously retrieve values of ChlGSM, BBP and CDM, not just
chlorophyll concentration (Maritorena et al., 2002). Further, very
few of the observations used by Maritorena et al. (2002) to optimize
the GSM model are contained in the NOMADv2 data set (44 of 1024).
The GSM algorithm also performs very well in terms of CDM retrievals based on the NOMADv2 data set, while uncertainties are
somewhat greater for the BBP product (although there are also far
fewer ﬁeld BBP data available; Table 1).
End-to-end performance of the ChlGSM retrievals for SeaWiFS
(R 2 = 0.774) is nearly as good as the OC4v6 retrievals although a
small bias is observed (Table 1). However, GSM model performance
with the satellite matchup data for the two other data products is
not as good as found using in situ data. Differences in performance
between the OC4v6 and the GSM model are expected because the
GSM model works on absolute reﬂectance values, while OC4v6 algorithm uses ratios of reﬂectance determinations. Hence, GSM retrievals
will be more sensitive to noise in the reﬂectance retrievals than
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band-ratio based algorithms. Satellite spectral reﬂectance data are
generally noisier than in situ measurements, particularly in areas
where atmospheric correction is problematic (e.g., Gordon, 1997) or
in the open ocean where the selection of digitization levels of the
NIR bands for SeaWiFS creates noise in open ocean chlorophyll retrievals (Hu et al., 2001). These issues clearly affect the quality of GSM
retrievals. Overall the GSM model applied to the SeaWiFS reﬂectance
observations performs well when compared with the NOMADv2
matchup data set, particularly for ChlGSM (Table 1).
Retrievals of colored dissolved and detrital organic material
(CDM) are dominated by the dissolved fraction (CDOM) in open
ocean waters (Fig. 1; Siegel et al., 2002b; Nelson et al., 2010; Nelson
& Siegel, 2013). The mean value for the ratio of the detrital particulate
absorption coefﬁcient at 443 nm to CDM from the global, open ocean,
in situ data shown in Fig. 1 is 16.5% (std. dev. = 13.1%; N = 371).
Hence variations in retrieved CDM values will be dominated by
changes in the CDOM concentration.
The particulate backscattering coefﬁcient (BBP) is used as a proxy
for changes in phytoplankton carbon biomass as there are very few
direct measurements of phytoplankton carbon concentrations that
can be used to derive empirical algorithms (e.g., Behrenfeld et al.,
2005; Westberry et al., 2008). Several observations support the application of the BBP proxy for phytoplankton carbon biomass. First, a
related optical property, the particulate beam attenuation coefﬁcient
at 660 nm (cp) is most sensitive to particles in the size range
~ 0.5–20 μm (Stramski & Kiefer, 1991), a window which overlaps
most phytoplankton found in the open ocean. Changes in cp have repeatedly been shown to track phytoplankton growth and abundance
over diel cycles (Durand & Olson, 1996; Gernez et al., 2011; Green et al.,
2003; Siegel et al., 1989) and values of the chlorophyll normalized cp
(cp:Chl) are strongly correlated with phytoplankton photosynthetic
indices (Behrenfeld & Boss, 2003, 2006). Thus, there is a strong body
of evidence linking changes in cp and phytoplankton biomass. More recently, regional observations have shown relationships between cp and
BBP (Antoine et al., 2011; Dall'Olmo et al., 2009, 2011; Westberry et al.,
2010). Thus, changes in BBP in the open ocean should be strongly linked
to changes in phytoplankton biomass (see also Behrenfeld et al., 2005;
Westberry et al., 2008; Huot et al., 2008). Such relationships will not
necessarily apply in coastal regions where there is substantial inputs
of terrigenous material or for regions of the world ocean where particulate backscattering is inﬂuenced by coccolithophore abundances
(e.g., Balch et al., 2011). However for much of the world ocean, BBP
will be a useful proxy for phytoplankton biomass.
2.4. Speciﬁc data and analyses employed
Monthly level-3 imagery (~ 9 km) from the SeaWiFS mission is
used for this analysis (version 2010.0; http://oceancolor.gsfc.nasa.
gov). Monthly images are used from October 1997 to November
2010, although after January 2008 there are several months of missing observations due to various spacecraft and communication issues.
Data products include ocean remote sensing reﬂectance at 412, 443,
490, 510, 555 and 670 nm, the operational chlorophyll concentration
(ChlOC4), and the daily incident ﬂux of photosynthetically available
radiation (PAR). Sea surface temperature (SST) ﬁelds were available
from the Advanced Very High Resolution Radiometer (AVHRR) Pathﬁnder version 5.2 at a 4 km spatial resolution. Only nighttime SST
imagery is used to minimize effects of diurnal heating.
All ocean color satellite data were also mapped and averaged into
1° by 1° latitude/longitude bins prior to analysis deﬁning the regional
bins used in this analysis. All algorithms were applied to the level-3
binned ocean remote sensing reﬂectance spectra before mapping
and averaging into 1° regional bins. Values of ChlOC4, ChlGSM, and
CDM were log-transformed before averaging following Campbell
(1995). Estimates of median mixed layer growth irradiance, Ig, are
determined as PAR exp(− KPAR MLD/2), where KPAR follows Morel

et al. (2007) and MLD determinations are from the Fleet Numerical
Oceanography Center model output (Clancy & Sadler, 1992). Monthly
anomalies were calculated as the difference between monthly mean
values for each regional bin and the mission-long monthly mean for
that bin. Global aggregate anomalies for the warm/cool oceans,
based upon the locations of the mission mean 15 °C SST isotherm,
were calculated from the regional binned anomalies after accounting
for differences in the latitudes of the regional bins (Behrenfeld et al.,
2006). All trend calculations were made by type 1 linear regression
and only signiﬁcant (by the 95% c.i.) trends are shown. Trends in
log-transformed variables are presented in % per year, noting that
the change in a natural log transformed variable is equivalent to the
normalized rate of change (Campbell, 1995).

3. Results
3.1. Observations using the SeaWiFS operational chlorophyll products
The mean band ratio chlorophyll concentration (ChlOC4) for the
SeaWiFS mission illustrates several important features of the global
ocean biosphere (Fig. 2). First, the spatial distribution of chlorophyll
largely reﬂects broad-scale patterns in wind-driven vertical transports
of nutrients (e.g., McClain, 2009; Sverdrup, 1955; Yoder et al., 1993).
Prominent regions of low chlorophyll are found in the subtropical
gyres, where downwelling Ekman pumping prevails. In contrast, regions of deep seasonal mixing (e.g., high latitudes) or persistent upwelling (e.g., along equator, Arabian Sea, eastern boundary currents) exhibit
elevated chlorophyll levels (Fig. 2). Second, spatial differences in mean
ChlOC4 values span nearly 2 orders of magnitude — from 0.03 to
>1 mg m −3 with a near log-normal distribution. Third, the 15 °C SST
mean isotherm (black line in Fig. 2) effectively delineates the productive, high-chlorophyll sub-polar and polar regions from the nutrientimpoverished, low-chlorophyll regions of the tropics and subtropics
(as in Behrenfeld et al., 2006).
SeaWiFS was launched during the peak of a strong El Niño and the
relaxation to the cooler, La Niña phase was the primary driver for
observed global increases in surface chlorophyll during the early
years of the mission (e.g., Behrenfeld et al., 2001; Yoder & Kennelly,
2003). Following the La Niña, mean ocean temperatures oscillated
between minor warming and cooling periods, while chlorophyll
levels tracked ﬂuctuations in SST (e.g., Behrenfeld et al., 2006;
Gregg et al., 2005; Martinez et al., 2009). Relationships between SST
and ChlOC4 are easily seen in the monthly anomalies for the three
global aggregates: the cool northern hemisphere (NH) region (mean
SST b 15 °C; Fig. 3a), the warm, permanently-stratiﬁed ocean (mean
SST > 15 °C; Fig. 3b), and the cool southern hemisphere (SH)
(mean SST b 15 °C; Fig. 3c). Note that the SST axis for each panel in
Fig. 3 is inverted to illustrate the correspondence between ChlOC4
and -SST monthly anomalies. All three global aggregates exhibit
strong interannual patterns, with the 1998–99 El Niño–La Niña transition from warm to cool SST values (and from low to high ChlOC4 retrievals) being most clearly seen in the warm ocean aggregate. In fact
for all three global aggregate regions, monthly anomalies for ChlOC4
are signiﬁcantly correlated with changes in SST, where an inverse
relationship is found for the warm and cool NH oceans but a positive
relationship is found for the cool SH ocean (Table 2). Note that SST is
considered here as a proxy for changes in physical ocean conditions,
where anomalously warm SST's are associated with decreasing mixed
layer depth, suppressed surface nutrient input, and higher average
light exposure for the near-surface mixed layer.
Highly signiﬁcant, increasing linear trends in SST are found for all
three global aggregates, varying from 0.015 to 0.035 °C per year and with
the greatest increases occurring in the cool NH ocean (Fig. 3; Table 3). At
the same time, statistically signiﬁcant decreasing trends in ChlOC4 are
found only over the warm ocean aggregate (−0.18% year−1) while
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Fig. 2. Mission mean chlorophyll concentration from SeaWiFS from August 1, 1997 to December 14, 2010. The OC4v6 band-ratio Chl algorithm (ChlOC4) is used. Mean values of
log(ChlOC4) are calculated for 1° bins in latitude and longitude over the global ocean. Units are log10(mg m−3). The location of the mean SST = 15 °C isotherm is shown as the
black lines. This is an update of ﬁgure 3.36a from Siegel et al. (2011) using the 2010.0 version of the SeaWiFS data set.

increasing trends are observed in the cool SH (trend = 0.83% year−1)
and insigniﬁcant trends for the cool NH aggregate (Table 3).
The global aggregates (Fig. 3) provide an integrated view of net relationships between ocean biology and physical ocean conditions, but
they do not illustrate these processes on regional scales (here deﬁned
as 1° bins in latitude and longitude). The correlation between ChlOC4
and SST regional scale anomalies shows extensive regions of both
negative and positive correlations (Fig. 4a). The dominant pattern in
the warm stratiﬁed ocean is an inverse correlation between ChlOC4
and SST anomalies (blue in Fig. 4a), with only small regions of positive correlation (red regions in Fig. 4a; e.g., west of Central America,
between Madagascar and Western Australia). In contrast, the cool
NH and SH waters show coherent regions of both positive and negative correlations, although much of the two cool global ocean aggregates show no signiﬁcant correlation. Again, the 15 °C SST isotherm
(black lines in Fig. 4a) approximately delineates the warm ocean
where predominantly inverse correlations are found from the rest
of the oceans.
Regional temporal trends of log(ChlOC4) over the 13 years of the
SeaWiFS record show large areas of both increasing (red areas in
Fig. 4b) and decreasing (blue areas) values. These regional trend patterns show some resemblance with the spatial distribution of SST
trends (Fig. 4c) and are consistent with those analyzed by Vantrepotte
& Mélin, 2009 using the ﬁrst 10 years of the SeaWiFS data record
(their Fig. 6b). The two trend estimates show a weak signiﬁcant, inverse
correlation from the warm ocean aggregate (R2 = 0.077, p b 0.001),
but this relationship explains a very small amount of variability. For
the two cool ocean basins, correspondence between the regional scale
trends is even more tenuous. Clearly, the aggregate trends of Fig. 3
have many underlying regional nuances, with magnitudes ten-fold
greater than the global summaries. These regional areas of large decadal
trends in ChlOC4 (absolute values > 30% over a decade; Fig. 4b) are likely caused by migration of boundaries between bio-optical provinces in
response to regional changes in physical ocean climate. Clearly, the spatial variability in regional scale trends in ChlOC4 (Fig. 4b) demonstrates
the challenges in assessing global ocean biosphere changes from a
sparse array of observational assets.
3.2. CDM and the remote sensing of chlorophyll
The SeaWiFS operational chlorophyll products provide a ﬁrst-order
view of phytoplankton dynamics on regional to global scales. However,
the SeaWiFS algorithm assumes a ﬁxed relationship among optical
properties, which may not hold in all conditions (e.g., Dierssen, 2010;
Siegel et al., 2002b, 2005b; Szeto et al., 2011). To evaluate the importance of independence among optical properties, we use the GSM

ocean color algorithm, which enables phytoplankton chlorophyll
changes to be quantiﬁed separately from absorption due to CDOM and
detrital particles, while providing an independent measure of phytoplankton carbon biomass via the particulate backscattering coefﬁcient.
The GSM data products are presented here to provide greater insights
into the processes regulating phytoplankton dynamics.
The signiﬁcance of variable CDM absorption on global chlorophyll
retrievals can be illustrated using the normalized difference between the
band ratio and the GSM-derived chlorophyll concentrations, ΔChlnorm
(Fig. 5a; after Siegel et al., 2005b). The mean ΔChlnorm distribution
shows that ChlOC4 retrievals are ~20% lower than ChlGSM within the
subtropical gyres, while ChlOC4 retrievals are considerably higher than
ChlGSM values in the subpolar oceans, with differences of more than
60% occurring in the northern hemisphere. Again, the 15 °C SST isotherm
effectively delineates these two regions (black lines in Fig. 5a).
Many of the differences between the chlorophyll retrievals can be
explained by the presence of CDM as retrieved by the GSM model. The
mean distribution of the fraction of non-water light absorption at
443 nm regulated by CDM (%CDM) varies from ~ 40 to more than
70% (Fig. 5b). As demonstrated previously, values of %CDM are low
in the subtropical gyres and higher at higher latitudes (Siegel et al.,
2002b, 2005b). Importantly, the mean spatial distribution of ΔChlnorm
looks very similar to the mean %CDM distribution, with their correspondence being particularly dramatic at high northern latitudes
and the correlation between the two mean spatial patterns is highly
signiﬁcant (R = + 0.738; p b 0.001). On a regional scale, temporal
changes in ΔChlnorm are also highly correlated with changes in
%CDM, revealing a strong positive correlation throughout the warm
ocean (where mean SST > 15 °C; Fig. 5c). Correlations between regional changes in %CDM and ΔChlnorm are not as strong in either of
the cool ocean domains. Together, these data conﬁrm the need to account for CDM inﬂuences on assessments of phytoplankton dynamics
from satellite ocean color observations (e.g., Sauer et al., 2012; Siegel
et al., 2005b; Szeto et al., 2011).
3.3. Global to regional scale variability of CDM-partitioned chlorophyll
The GSM model provides chlorophyll determinations independent
from the competing inﬂuences of CDM. The correspondence between
interannual trends in monthly anomalies in ChlGSM and CDM and sea
surface temperature (SST) are shown for the cool NH aggregate
(Fig. 6a, b), the warm, permanently-stratiﬁed ocean (Fig. 6c, d), and
the cool SH ocean (Fig. 6e, f). As before, all three global aggregates
exhibit strong interannual patterns, with the 1998–99 El Niño–La
Niña transition from warm to cool SST values (and from low to high
ChlGSM retrievals) being most clearly seen in the warm ocean aggregate.
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Table 2
Correlations coefﬁcients (R) between time series of monthly anomalies of SST and
SeaWiFS retrievals for the three global aggregates.
ChlOC4

ChlGSM

CDM

Region

R

p-Value

R

p-Value

R

p-Value

SST b 15 °C NH
SST > 15 °C
SST b 15 °C SH

−0.2496
−0.5539
+0.3013

0.0019
b0.0001
0.0002

+0.0566
−0.5427
+0.3772

0.4879
b0.0001
b0.0001

−0.2967
−0.7620
+0.0480

0.0002
b0.0001
0.5599

Correlation values are bolded for p values less than 0.05.

b

c

Fig. 3. Time series of ChlOC4 and sea surface temperature (SST) monthly standardized
anomalies (z-scores) for three global regions delineated by the mean SST isotherm
for a) the cool (mean SST b 15 °C) northern hemisphere (NH) aggregate, b) the warm,
permanently-stratiﬁed ocean aggregate (mean SST > 15 °C) and c) the cool southern
hemisphere (SH) (mean SST b 15 °C). Anomalies are constructed by ﬁrst removing the
monthly mean value for each 1 degree bin of each property and then aggregating the regional, monthly anomalies into global aggregates. Statistics of the correlations between
log(ChlOC4) and SST monthly anomalies are given in Table 2 and mission length trend analyses are presented in Table 3. This is an update of ﬁgure 3.37 from Siegel et al. (2011) using
the 2010.0 version of the SeaWiFS data set and the AVHRR Pathﬁnder v5.2 data set.

Further, changes in both ChlGSM and CDM show correspondence with
changes in SST for the other two global aggregates (Fig. 6).
The covariation of both ChlGSM and CDM with SST is not unexpected
(e.g., Behrenfeld et al., 2005, 2008; Nelson & Siegel, 2013; Siegel et al.,
2005a; Swan et al., 2009). As the physical ocean decreases mixed
layer depth and inhibits vertical mixing (leading to elevated SST), subsurface nutrient ﬂuxes are suppressed and average light levels for the
near-surface mixed layer increases. These factors will reduce retrievals
of both ChlGSM and CDM through the processes of phytoplankton
physiological acclimation and photobleaching of CDOM, respectively
(e.g., Nelson & Siegel, 2013; Siegel et al., 2005a). When the mixed
layer depth increases and vertical mixing intensiﬁes (leading to reductions in SST), new nutrients and CDOM are transported into the euphotic zone leading to strong increases of both ChlGSM and CDM.
The correlations found between interannual anomalies in CDM and
SST for the permanently stratiﬁed oceans (R = −0.762; p b 0.001;

Fig. 6d) are the strongest found in this study (Table 2). Strong negative
correlations are also found between CDM and SST for the cool NH region
(R = −0.297; p b 0.001; Fig. 6b). In both cases, warming is associated
with decreasing CDM and cooling with increasing CDM. This is consistent with greater photobleaching of CDOM in shallower mixed layers
due to enhanced average light levels (e.g., Nelson & Siegel, 2013;
Siegel et al., 2002b, 2005a; Swan et al., 2009, 2012). The strongest relationships between SST and ChlGSM anomalies are found for the permanently stratiﬁed oceans (R = −0.543; p b 0.001; Fig. 6c) and the cool
SH region (R = +0.377; p b 0.001; Fig. 6e). In the warm ocean aggregate, ChlGSM and SST changes are again inversely related, which is consistent with physiological responses of phytoplankton to increasing
light and decreasing nutrients (Behrenfeld et al., 2008). In the cool SH,
chlorophyll anomalies are positively correlated with SST changes, indicating that a warming surface layer is associated with improved conditions for biomass accumulation (either reﬂecting increased availability
of a limiting resource for growth or ecosystem-level changes in phytoplankton growth-loss relationships; Doney, 2006; Behrenfeld, 2010).
As shown previously, highly signiﬁcant, increasing SST trends
are observed for all three global aggregates over the SeaWiFS era
(Table 3). Statistically signiﬁcant increases in ChlGSM are observed in
the cool NH (trend = 0.80% year −1; Fig. 6a) and the cool SH oceans
(trend = 1.10% year −1; Fig. 6e), while long-term trends for ChlGSM
over the warm ocean aggregate were statistically insigniﬁcant
(Fig. 6c; Table 3). Conversely, CDM trends over the SeaWiFS era
decreased within both the warm ocean (− 0.31% year −1; Fig. 6d)
and the cool NH ocean region (− 0.56% year −1; Fig. 6f), while the
trends in CDM over time were insigniﬁcant for the cool SH aggregate
(Table 3).
Again, regional-scale correlations between ChlGSM and SST anomalies
show large regions of both negative and positive correlations (Fig. 7a)
and look very similar (although slightly muted) to linear correlation

Table 3
Trends in the three SeaWiFS retrievals and SST vs. time over the SeaWiFS mission.
Region

Slope

95% conﬁdence
interval for Slope

R2

p-Value

SST (slope units = °C/year)
SST b 15 °C NH
0.0352
SST > 15 °C
0.0152
SST b 15 °C SH
0.0288

0.0229
0.0101
0.0234

0.0476
0.0202
0.0341

0.1684
0.1824
0.4165

b0.0001
b0.0001
b0.0001

ChlOC4 (slope units = %/year)
SST b 15 °C NH
0.0373
SST > 15 °C
−0.1758
SST b 15 °C SH
0.8300

−0.2702
−0.3061
0.6217

0.3449
−0.0455
1.0383

0.0004
0.0453
0.2924

0.8107
0.0085
b0.0001

ChlGSM (slope units = %/year)
SST b 15 °C NH
0.7960
SST > 15 °C
−0.0803
SST b 15 °C SH
1.0981

0.4605
−0.1696
0.8771

1.1314
0.0089
1.3192

0.1278
0.0206
0.3911

b0.0001
0.0774
b0.0001

CDM (slope units = %/year)
SST b 15 °C NH
−0.5587
SST > 15 °C
−0.3136
SST b 15 °C SH
−0.0428

−0.8689
−0.4190
−0.1800

−0.2484
−0.2082
0.0945

0.0778
0.1871
0.0025

0.0005
b0.0001
0.5391

Correlation values are bolded for p values less than 0.01.
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Fig. 4. Regional-scale spatial patterns in the relationship between log(ChlOC4) and SST and their trends over time. a) Values of the regression coefﬁcient (R) between log(ChlOC4) and
SST, b) linear ln(ChlOC4) trend (in % year−1) and c) linear SST trend (in °C year−1). Trends are calculated over the entire SeaWiFS mission duration. Statistics calculated for each 1°
latitude-longitude bin. Only signiﬁcant (at the 95% c.i.) correlation or trend determinations are plotted. The mean SST = 15 °C isotherm is shown as the black lines in each panel.
This is an update of ﬁgure 3.38 from Siegel et al. (2011) using the 2010.0 version of the SeaWiFS data set and the AVHRR Pathﬁnder v5.2 data set.

patterns seen between ChlOC4 and SST (Fig. 4a). The dominant pattern in
the warm stratiﬁed ocean is an extensive inverse correlation between
ChlGSM and SST anomalies particularly in the tropical oceans and for
the northern boundary of the subtropical gyres while correlation values
are much less coherent in for the cool NH and SH waters (Fig. 7a). As
with ChlOC4, linear trends of log(ChlGSM) over the SeaWiFS record show
large areas of both increasing (red areas in Fig. 7b) and decreasing
(blue areas) values.
The distribution of the mission-long temporal trends for log(CDM)
(Fig. 7c) shows many of the same spatial patterns as seen for
log(ChlOC4) and log(ChlGSM) (Figs. 4b and 7b). However the spatial
patterns for log(CDM) trends show more extensive regions of decreasing values compared with both chlorophyll indices supporting
the global scale aggregate results (Table 3). The correlations between
the log(ChlGSM) and log(CDM) regional trends are very strong over
the entire domain (R 2 = 0.650; p b 0.001).

3.4. Roles of physiology vs. biomass accumulation in regulating
chlorophyll variability
The large-scale distribution of phytoplankton chlorophyll concentration reﬂects largely patterns in nutrient supply and thereby differences in phytoplankton abundances (Fig. 1). Phytoplankton can also
adjust their intracellular chlorophyll concentrations in response to
their light and nutrient environs (e.g., Behrenfeld et al., 2002, 2005;
Laws & Bannister, 1980). An important question is how much of the
phytoplankton chlorophyll variability (Fig. 8a) is reﬂective of changes
in phytoplankton biomass versus cellular chlorophyll changes in response to light (e.g., Behrenfeld et al., 2002, 2005, 2008; Siegel et al.,
2005a; Westberry et al., 2008). To address this question, we statistically
partition the variability in the GSM retrieved chlorophyll concentrations
(Fig. 8a) using remote sensing proxies for phytoplankton biomass and
the chlorophyll to carbon ratio. The GSM-retrieved BBP estimate is
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Fig. 5. The importance of CDM on retrieval phytoplankton chlorophyll retrievals from satellite ocean color observations. a) The mission mean normalized chlorophyll concentration
anomaly, ΔChlnorm. Values of ΔChlnorm are calculated as the normalized difference between ChlOC4 and ChlGSM (ΔChlnorm = 100 ∗ (ChlOC4 − ChlGSM) / ChlGSM; Siegel et al., 2005b).
b) The mission mean fraction of non-water light absorption at 443 nm that can be attributed to CDM, %CDM (Siegel et al., 2005b). Values of %CDM are calculated as
100 ∗ CDM / (CDM + aph(440;ChlGSM)) where aph(440;ChlGSM) = 0.0378 (ChlGSM)0.627 (Bricaud et al., 1998). The Bricaud et al. (1998) aph(440) model is used in the %CDM deﬁnition
because the GSM model was constructed to estimate values of ChlGSM and not aph(440) (Maritorena et al., 2002). c) The regional-scale distribution of the correlation coefﬁcient (R) for
the relationship between ΔChlnorm and %CDM. Only signiﬁcant (at the 95% c.i.) correlation values are plotted. The mean SST = 15 °C isotherm is shown as the black lines. This updates
ﬁgures from Siegel et al. (2005a) and Siegel et al. (2005b) using the 2010.0 version of the SeaWiFS data set.

used to account for changes in phytoplankton biomass (Section 2.3).
Changes in the regional chlorophyll to carbon ratios due to changing
light conditions are modeled as exp(−3 Ig), where Ig is the median
growth irradiance of the mixed layer (Section 2.4). The photoacclimation
term used (exp(−3 Ig)) was originally derived from ﬁeld measurements
from the Atlantic Ocean (Behrenfeld et al., 2002). It was later shown
by Behrenfeld et al. (2005) to effectively account for satellite-observed
regional relationships between Ig and chlorophyll to carbon ratios. Further, Westberry et al. (2008) reported the same photoacclimation
response for nutrient-replete phytoplankton populations using global
satellite data. These ﬁndings support this parameterization of the
photoacclimation response, but further validation is needed and will
require routine ﬁeld measurements of phytoplankton carbon and chlorophyll (e.g., Graff et al., 2012). The impact of the photoacclimation

response on chlorophyll concentrations is therefore the product of
exp(−3 Ig) and BBP and the variability in ChlGSM can be modeled as


ChlGSM ¼ f bio BBP þ f phys BBP exp −3 Ig

ð1Þ

where fbio and fphys are regression coefﬁcients that quantify the relative
importance of biomass and photoacclimation changes on variations of
the satellite sensed chlorophyll concentration. All terms in Eq. (1) are
standardized (i.e., zero mean, unit variance) so the derived linear regression coefﬁcient values provide, for each regional (1°) bin, a quantiﬁcation
of the relative contributions made by the two processes.
The global distribution of fbio (Fig. 8b) shows dominance (i.e., elevated
values ≥ 0.7) throughout the high latitude oceans (poleward of the 15 °C
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Fig. 6. Relationships between ChlGSM and CDM standardized monthly anomalies (z-scores) with changes in sea surface temperature (SST) for three global regions delineated by the
mean SST isotherm. The top panels show the cool (mean SST b 15 °C) northern hemisphere (NH) aggregate for a) log(ChlGSM) and b) log(CDOM). The middle panels show the
warm, permanently-stratiﬁed ocean aggregate (mean SST > 15 °C) for c) log(ChlGSM) and d) log(CDOM). The lower panels show the cool southern hemisphere (SH) (mean
SST b 15 °C for e) log(ChlGSM) and f) log(CDOM). Anomalies are constructed by ﬁrst removing the monthly mean value for each 1 degree bin of each property and then aggregating
the regional, monthly anomalies into global aggregates. Statistics of the correlations between the log(ChlGSM) and log(CDOM) anomalies and the SST anomalies are given in Table 2
and mission length trend analyses are presented in Table 3.

SST isotherm) and in areas of large-scale, persistent or seasonal upwelling
(e.g., eastern equatorial Paciﬁc, eastern boundary currents, Arabian Sea,
etc.). These are the ocean regions where phytoplankton biomass changes
covary with chlorophyll variability. For these regions changes in remote
sensed chlorophyll concentrations will be a good proxy for assessing
changes in phytoplankton biomass. However throughout much of the
subtropical ocean, fphys dominates chlorophyll variability (Fig. 8c). High
values of fphys are also found in the central tropical Paciﬁc Ocean and in
the Mediterranean Sea. These broad red areas in Fig. 8c correspond to regions where phytoplankton physiological responses to seasonal changes
in light are the dominant cause of surface chlorophyll variability. In
some areas where fphys is dominant (>0.5), retrieved values of fbio are
negative (blue areas in Fig. 8b; e.g., western north Paciﬁc and South
Atlantic and South Paciﬁc Subtropical Gyres). An inverse relationship
between ChlGSM and phytoplankton biomass was also found in many
of the same regions of the world's oceans (see ﬁgure 2 of Behrenfeld
et al., 2005). There are also broad regions of the ocean where the regression coefﬁcients are not signiﬁcantly different from zero (white areas in
Figs. 8b and 8c). These regions largely coincide in regions where there is

little variability in chlorophyll concentrations (Fig. 8a). The proxies for
phytoplankton carbon concentration and the chlorophyll to carbon
ratio used in this analysis are at a nascent stage of development. Yet
they demonstrate that satellite-retrieved chlorophyll concentrations
contain information about changes in both phytoplankton biomass and
its physiological state and that chlorophyll concentrations alone are
often an inappropriate proxy for phytoplankton abundance variations.
4. Discussion and conclusions
Our analysis of regional- to global-scale phytoplankton dynamics
using SeaWiFS ocean color observations illustrates several important
results about the interpretation of changes in phytoplankton properties
assessed from satellite ocean color observations. First, the global ocean
biosphere is too complex to be described by a single index, such as chlorophyll concentration. Second, this complexity has important bearings
on how climate-relevant trends in the ocean biosphere are assessed.
Third, the simple comparison of global and regional scale trends illustrates the difﬁculty in extrapolating from the time series sampling of a
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Fig. 7. Regional-scale spatial patterns in the relationship between log(ChlGSM) and SST and the trends in log(ChlGSM) over time. a) Values of the regression coefﬁcient (R) between
log(ChlGSM) and SST, b) linear log(ChlGSM) trend (in % year−1) and c) linear log(CDM) trend (in % year−1). Trends are calculated over the entire SeaWiFS mission duration. Statistics
calculated for each 1° latitude-longitude bin. Only signiﬁcant (at the 95% c.i.) correlation or trend determinations are plotted. The mean SST = 15 °C isotherm is shown as the black
lines in each panel.

relatively few locations to estimate global trends. Last, the SeaWiFS mission provided a stable and traceable source of ocean remote sensing reﬂectance spectra, which were critical for correctly analyzing temporal
changes in global phytoplankton dynamics presented here. In the
following, we discuss 1) the temporal trends in the ocean biosphere
found on regional to global scales from the SeaWiFS mission and their
implications for the assessment of trends on decadal to centennial time
scales, 2) future approaches to the remote sensing of phytoplankton
dynamics in a complex ocean, and 3) reﬂections for how the SeaWiFS
mission provides a path for addressing these challenges in the future.
4.1. Global ocean biosphere trends over the SeaWiFS era and beyond
The present ﬁndings highlight several important points concerning
the assessment of long-term trends from satellite ocean color observations. First, variability in the three global aggregates was dominated

by ocean climate variations on interannual time scales and not by
long-term trends over the 13-year lifespan of SeaWiFS. The strong correspondence between monthly anomalies in SST and ChlOC4 (and other
properties) demonstrates the close interrelationship between ocean
biology and climate variations (Table 2; Figs. 3 & 6). In addition to
these dominant seasonal-to-interannual variations, signiﬁcant 13-year
linear trends are found (Table 3). These long-term trends, however,
explain very little of the total observed variations. For example, the
most signiﬁcant statistically linear trend found for the warm ocean aggregate explained only ~19% of the observed variance (for log(CDOM);
Fig. 6d; Table 3). It seems likely that a linear trend applied over a single
satellite mission will be too short to properly assess long-term temporal
trends in the global ocean biosphere (e.g., Henson et al., 2010;
Vantrepotte & Mélin, 2011).
The present results also provide information about the spatial
scales for decadal trends in the global biosphere. A comparison of
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Fig. 8. Chlorophyll variability and its relation to biomass and light-induced physiological changes. a) Standard deviation in log(ChlGSM) estimated over the SeaWiFS mission. b) Standardized
regression slopes for predicting ChlGSM as function of changes in biomass (fbio in Eq. 1) and c) and for changes in rates of photoacclimation (fphys). Values of the standardized regression slopes
near one indicate the dominance of that process on ChlGSM variability. Details of model conﬁguration are provided in the text. Only statistically signiﬁcant (95% c.i.) slope values are shown. The
mean SST = 15 °C isotherm is shown as the black lines in each panel.

the global (Fig. 3) and regional scale trends (Figs. 4b) illustrates the
difﬁculty in extrapolating from in situ sampling of a relatively few locations to estimate global scale trends. Fixed-location time-series measurement programs, such as the Bermuda Atlantic Time series Station (BATS)
and the Hawaii Ocean Time-series (HOT), are critical observatories of the
processes driving changes in ocean biosphere. However, long-term
trends derived from them provide at best a single-point in a map like
Fig. 4b. Clearly, data from many long-term monitoring sites – sampling
both areas of increasing and decreasing trends – are needed to create a
global assessment of change.
The trends diagnosed here show both similarities and differences
with previous studies of temporal trends found using SeaWiFS observations. For example, Gregg et al. (2005) ﬁnd a ~ 4% increase in global
chlorophyll concentrations over the ﬁrst six years of the SeaWiFS record (1998 to 2003), with the highest increases in coastal environments. Contrasting this, Behrenfeld and Boss (2006) ﬁnd decreasing

levels of global chlorophyll concentrations and rates of net primary
production (NPP; from 1999 to 2005) that follow strong increases in
both ChlOC4 and NPP during the transition in 1998 from El Niño to La
Nina conditions. Vantrepotte and Mélin (2009) examine the ﬁrst ten
years of the SeaWiFS record and ﬁnd trends for biogeochemical provinces consistent with the present analysis, which is expected considering the similarity in the periods studied. Methodology is likely to be
important as well. The present study log-transforms the chlorophyll
observations before global scale anomalies are calculated while the
Gregg et al. (2005) study does not. Not assuming log-normality will
likely amplify the inﬂuence of the fewer, highly productive sites in global summaries. Thus, record length, time period and assumptions in data
analysis will all have important roles in quantifying trends.
Evaluating changes on time scales longer than a single mission requires the merging of data across multiple satellite platforms and/or
the inclusion of historical ﬁeld observations. Several researchers
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have link data from the Coastal Zone Color Scanner (CZCS) (1978–1985)
with the SeaWiFS data record (e.g., Antoine et al., 2005; Gregg et al.,
2003; Martinez et al., 2009). Gregg et al., 2003 ﬁnd a global decline of
NPP of more than 6% between CZCS observations in the early 1980s
and the ﬁrst ﬁve years of the SeaWiFS record, with most of the decreases
occurring at high latitudes. Contrasting these results, Antoine et al.
(2005) ﬁnd a ~22% increase in global chlorophyll concentrations,
where most of these increases are due to changes at low latitudes.
These two analyses are based on fundamentally different satellite data
processing approaches and underscore the importance of consistency
of data processing and radiometric calibration standards across multiple
missions (McClain, 2009; National Research Council, 2011; Siegel &
Franz, 2010).
Only ﬁeld observations can currently be used to examine trends of
global chlorophyll concentrations on longer time scales. Recently
Boyce et al. (2010) created a centennial-scale time series of ocean
chlorophyll concentrations using both discrete measurements of nearsurface chlorophyll concentrations and Secchi disk depth (a measure
of water clarity). Using this synthesized data set, Boyce et al. (2010)
found an overall chlorophyll decrease over the past century of ~1%
per year (and decreasing trends were found for 6 of their 8 global subregions). This implies that over the past 100 years there has been a
~63% decrease in global chlorophyll concentrations, which we deem
unlikely. The present analysis shows a signiﬁcant decrease in ChlOC4
only for the warm ocean aggregate and decrease was a factor of ﬁve
smaller than the Boyce et al.'s result (Table 3). Further, signiﬁcant
increases in ChlOC4 are found for the two cold ocean aggregates. The
satellite data sets discussed here and the Boyce et al.'s (2010) analysis
are based on very different methods and do not evaluate the same period of time. However the estimation of a 1% annual global decrease in
chlorophyll concentrations is also inconsistent with the fact that the
rate of global SST warming has been greater over the past three decades
than earlier in the past century (Rayner et al., 2003; Xue et al., 2011).
Resolution of the validity of Boyce et al.'s, (2010) conclusions is beyond the scope of this contribution, although the present discussion
provides some useful insights. We note that in response to published
comments on their original paper, Boyce et al. (2011) state that “…
our statistical models reproduced with high ﬁdelity the well-known
seasonal cycles of Chl in different regions and demonstrated clear
coherence between Chl and leading climate indicators.” Existing satellite
ocean color observations have proven quite capable to assess seasonal
variations (e.g., Siegel et al., 2002a; Yoder et al., 1993) and responses to
climate oscillations (e.g., Behrenfeld et al., 2006; Martinez et al., 2009).
However the robust quantiﬁcation of multi-decadal trends from these
data sets has proven to be difﬁcult at best as demonstrated by the strikingly different conclusions drawn by different analysts using the exact
same data (e.g., Antoine et al., 2005; Gregg et al., 2003). We speculate
that similar issues may be affecting the Boyce et al.'s (2010) analysis
where their trends may be retrieved improperly due to the dominance
of the larger seasonal and climate oscillation signals and inherent noise
in their synthesized data set. A likely source of noise in the Boyce et
al.'s (2010) data set is the lack of uniformity (and statistical independence) of available historic observations of the global ocean (see Fig. 1
of Boyce et al., 2010) as compared to the expected spatial scales of
long-term trends (Figs. 4b & 7b). Further research is needed to better understand the role of sampling on the centennial-scale trends estimated
by Boyce et al. (2010).
This discussion raises several important points about the quantiﬁcation of long-term trends of the global biosphere. A thirteen-year mission is a short amount of time to detect and quantify trends in the
global ocean biological properties and small details in periods chosen
and/or analysis periods can impact the trends diagnosed. Longer time
series require multiple satellite missions and the creation and maintenance of a multi-satellite ocean color time series will require the careful
bridging between existing and planned missions, including the tracking
of appropriate reﬂectance targets such as the moon and the multiple

reprocessing of available data sets (e.g., McClain, 2009; National
Research Council, 2011; Siegel & Franz, 2010). The development of
a multi-satellite ocean color time series remains the most feasible
approach for documenting regional- to global-scale variability of the
ocean biosphere (National Research Council, 2011). The present analysis also provides context for evaluating the suitability of historical observations for detecting long-term trends in the global biosphere.

4.2. Remote sensing of an optically complex ocean
A major point of this paper is to show that the dynamics of the
open ocean ecosystems are simply too complex to be described by a
single index, such as chlorophyll concentration. Understanding this
complexity requires quantifying the variability in relevant ocean color
constituents, such as chlorophyll, phytoplankton carbon and CDOM,
and their responses to perturbations in the physical ocean environment.
Further additional factors not considered here, such as the phytoplankton community composition and particle size distribution, need to be
assessed in the future to understand the role of phytoplankton dynamics
in regulating important biogeochemical factors, including carbon export
and net community production.
The optically complex ocean has implications for the interpretation
of long-term trends in global phytoplankton chlorophyll observations.
For example, the warm ocean aggregate trends for CDM and ChlOC4 decrease signiﬁcantly over time while the linear trend for ChlGSM vs. time
is statistically insigniﬁcant (Table 3). Also as shown previously, there is
a strong correspondence between CDM and ChlOC4 where increases in
%CDM create an overestimate of band-ratio retrieved values of chlorophyll concentrations (Fig. 5c). Both lines of evidence indicate that the
observed trend in ChlOC4 for the warm aggregate ocean is likely due to
changes in CDOM, which dominates the CDM signal, and not phytoplankton chlorophyll concentrations.
This uncertainty in the assessment of long-term trends in ocean
biosphere points to the importance of understanding the cycling of
open ocean CDOM (e.g., Nelson & Siegel, 2002, 2013). The seasonal
dynamics of surface CDOM are thought to be controlled by the same
physical forcings that regulate chlorophyll concentrations; namely the
seasonal mixing of subsurface CDOM stocks and net CDOM production
during the spring phytoplankton bloom followed by photobleaching
of mixed layer CDOM stocks in the summer and a regeneration of
CDOM in the lower euphotic zone (e.g., Nelson & Siegel, 2013; Nelson
et al., 1998; Siegel et al., 2002b). However CDOM is comprised of a
suite of chromophores and changes in CDOM will occur on a multitude
of time scales from the time course of an uptake experiment in the laboratory to the multi-decadal time scale of cycling in the deep ocean
(e.g., Kitidis et al., 2006; Nelson & Siegel, 2002, 2013; Nelson et al.,
2004, 2010; Swan et al., 2009, 2012; Yamashita & Tanoue, 2009). A
quantitative description of CDOM dynamics is sorely needed, but this
has yet to be developed. CDOM is important in its own rights, as it has
a dominant role in solar light absorption (Fig. 1) and its variability
helps regulate many biogeochemical processes (e.g., Millet et al.,
2010; Toole et al., 2008; Zepp et al., 2007).
There are also physiological complexities to the global ocean
biosphere. We have shown that in highly productive regions where
blooms are common, changes in chlorophyll concentration are dominated by changes in phytoplankton biomass. However throughout
much of the subtropical oceans, chlorophyll variations provide information primarily on physiological responses to light (and nutrients)
and not changes to biomass (Fig. 8c). This means that remote sensing
retrievals of chlorophyll are not always a good proxy for phytoplankton
concentrations. The present analysis of biomass variability is based on
BBP determinations (Behrenfeld et al., 2005, 2008; Westberry et al.,
2008). Improvements to this method require global in situ observations
of phytoplankton biomass, which are presently lacking. Clearly, routine
determinations of phytoplankton carbon concentration are the ﬁrst step
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towards developing better methods for assessing phytoplankton carbon
from satellite observations (e.g., Graff et al., 2012).
Advances are also needed to assess changes in phytoplankton
community structure from satellite observations (e.g., Dierssen, 2010).
Assessments of phytoplankton community structure have been made
by either diagnosing phytoplankton functional type or phytoplankton
size class (e.g., Alvain et al., 2005; Brewin et al., 2011; Bricaud et al.,
2012; Kostadinov et al., 2010; Mouw & Yoder, 2010). Again, available
ﬁeld data sets remain a major limitation and currently only chemotaxonomic analysis of phytoplankton pigment concentrations or particle
size distribution determinations are used as “ground truth”. Both
approaches are limited in their ability to diagnose phytoplankton
community structure information (e.g., Higgins et al., 2011; Kostadinov
et al., 2010) and this is another area where advances in ﬁeld methodologies are needed.
Progress in understanding the optically complex ocean requires
improvements and expansion of ﬁeld data sets to develop and test
bio-optical algorithms as well as advancements in space technology. All
ocean color algorithms are empirical and the availability of high quality
observations that span the application space for these algorithms is
central for these developments. Many suggestions for improvements in
ﬁeld data needed for bio-optical model development have been made
already. One important suggestion is reﬁning the quality of existing
data sets, such as NOMADv2, which will enable researchers to choose
the highest quality or most extensive observations to develop and test
their models.
Improvements in space hardware are also needed to best account
for the complex ocean environment. Successful atmospheric correction is
a critical part of satellite ocean color remote sensing (see Section 2.1).
This gets harder as several important oceanic and atmospheric constituents, such as CDOM and absorbing aerosol concentrations, have similar
optical signatures yet they need to be eliminated to prevent spurious interpretations of phytoplankton dynamics (e.g., Gordon, 1997). Additional
ocean color bands in the near-ultraviolet portion of the spectrum would
help separate CDOM from phytoplankton absorption and will assist in
characterizing absorbing aerosol loads, as both of these optical properties
strongly absorb in the near-UV. Another area where improvements in
space-based hardware could be useful is the assessment of phytoplankton community structure. High spectral resolution satellite observations
(~5 nm) are a very promising technique that can be used to distinguish
the contributions of individual phytoplankton pigment concentrations
(e.g., Bidigare et al., 1989; Bracher et al., 2009; Torrecilla et al., 2011).
Many of these suggestions have been incorporated in the planning document for the Pre-Aerosol, Clouds, and ocean Ecosystem (PACE) Mission
Science Deﬁnition Team (PACE SDT, 2012) as well as several other international satellite ocean color mission plans.
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can only be evaluated knowing the quality of the underlying data set.
This requires a vicarious calibration capability including appropriate
ﬁeld sampling and an independent assessment of satellite instrument
stability, such as would be available from lunar viewing. This will enable
the setting of satellite gains and characteristics as a function of time. It is
important that this capability be in place beyond the planned mission
lifetime so records from multiple missions can be stitched together to
make the multi-decadal data sets needed.
This discussion bears consideration of what is meant by a “satellite
mission”, which should be more than just the hardware and software
required to make a measurement from space. Many of the points
made in the discussion so far, such as the need for vicarious calibration, ﬁeld data for model development, and sequential reprocessing
of the data stream beyond the lifetime of a mission, suggest that an
integrated approach is required. Furthermore many of the questions
and problems, including the assessments of phytoplankton physiological state, carbon export, net community production, air-sea CO2
exchanges, all require the integration of satellite observations with
Earth system models and the use of detailed laboratory investigations
that guide the development of these models. Hence, we suggest that
the development of a “satellite mission” includes all aspects of the
mission required to answer the science questions that motivated its
implementation in orbit.
SeaWiFS was unique as it created a blueprint for how ocean biosphere observations should be made on decadal time scales (National
Research Council, 2011). As reported here, analysis of the SeaWiFS
observations also provides directions for future satellite ocean color
observations. These advanced observational tools will likely enable
new discoveries of the structure and functioning of ocean ecosystems,
which will in turn lead to improved understanding of our oceans and
their wise stewardship.
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4.3. SeaWiFS legacy and its use as a periscope to the future
The SeaWiFS mission provided the ﬁrst consistent, long-term,
well-sampled and stable estimates of ocean remote sensing reﬂectance spectra and these observations were central for the analysis of
temporal changes in regional to global phytoplankton dynamics
presented here. The loss of the SeaWiFS data stream marks the end
of an observational time-series largely free of instrument artifacts
and a critical record against which other satellite ocean color sensors
have been made useful (e.g., Jeong et al., 2011; Kwiatkowska et al.,
2008; Meister et al., 2012). Establishing a quality replacement for
SeaWiFS that will sustain, as well as advance, the ocean color time
series is of paramount importance (National Research Council, 2011;
Siegel & Franz, 2010).
Results of the present study also provide unique insights for future
satellite ocean color mission capabilities. First as concluded above,
measurements of ocean remote sensing reﬂectance spectra need to be
sustained over a long time (>10 years) and be traceable to known standards. Temporal changes of the ocean biosphere, particularly trends,
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