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Abstract—The global ocean net primary production (NPP) was
estimated from satellite-derived information using a phytoplankton
pigment absorption ( )-based model. Satellite-derived spectral-
averaged was used as the key predictor of phytoplankton
photosynthetic efficiency in the model. The -based model yields
an annual integrated NPP of approximately for
the global oceans over the period 2003–2010. The accuracy of the
model was validated by comparing it with in situ NPP at three sites,
and the logarithmic root-mean-square error of the model was
approximately 0.18. The model performance was also compared
with two existing NPP models (chlorophyll-based model and car-
bon-based model) in terms of spatial distribution, seasonal cycles,
and accuracy. The comparison results indicated that the -based
model has improved accuracy in describing NPP variation for
monthly timescales compared with the other two models. We were
surprised to find that the spatial distribution of global ocean NPP
provided by the -based model is more similar to the carbon-
based model than the chlorophyll-based model. Although many
additional studies need to be conducted, the performance of the

-based model in this work may encourage us to estimate ocean
NPP from satellite-derived phytoplankton pigment absorption.

Index Terms—Net primary production (NPP), phytoplankton,
pigment absorption, remote sensing.

I. INTRODUCTION

M ARINE net primary productivity (NPP) estimation plays
a fundamental role in understanding global biogeochem-

ical cycling as nearly half of global photosynthetically fixed
carbon derives from ocean phytoplankton [1], [2]. Therefore,
understanding the large-scale spatial and temporal dynamics of
primary productivity is essential to studies of global climate
processes [3].However, traditional ship-basedNPPmeasurements
cannot provide observations over large scales and are time con-
suming and expensive [4], [5]. Fortunately, satellite-borne ocean
color sensors routinely provide observations of various seawater
biophysical variables such as chlorophyll-a concentration (Chl),
phytoplankton pigment absorption ( ), sea surface temperature
(SST), and photosynthetically available radiation (PAR) over
large areas [6]–[9]. Using these satellite-derived data in a suitable
model, global NPP can be estimated quickly and efficiently.

In fact, many satellite-based NPP models have been proposed
in recent years. Initially, simple statistical models were proposed
to estimate primary production from sea surface Chl [10], [11].
These empirical algorithms are only applicable to describe
production variability at annual timescales [12]. Then, more
complicated NPP models were proposed by combining Chl with
other remotely sensed variables. These models estimate NPP by
describing the photosynthetic response of phytoplankton to light,
temperature, and other environmental variables within the eu-
photic layer or mixed layer [13]–[20]. These models are better
than empirical models in quantifying photosynthetic processes
[21]–[24]. In these models, Chl is used as a major indicator of
pigment biomass to estimate NPP. However, recent studies have
demonstrated that variations in productivity are more related to
phytoplankton absorption than to Chl [25]–[27]. Lee et al. also
demonstrated that the absorption by phytoplankton pigments
was more important for the calculation of NPP than pigment
biomass [28]. Hirawake et al. noted that performed better
than SST in representing the photosynthetic rate in the vertically
generalized production model (VGPM) [29]. These field mea-
surement works have verified the advantages of as a predictor
to estimate ocean NPP.

Currently, global gridded data are operationally calculated
from satellite remote sensing data using the generalized inherent
optical properties (GIOP) algorithm, and improvement in the
accuracy of the data has been reported by the NASA GIOP
workshop [30]. The availability of operational production
and previous field investigations have encouraged us to apply
these satellite-derived data to estimate NPP for the global ocean.
Based on the experiments of Lee et al. [28], this study made an
attempt to apply an -based model (AbPM) built from field
surveys to calculate global ocean NPP from satellite-derived
products. The results of this model are compared with the results
derived from two other models (i.e., a Chl-based model and
carbon-based model [16], [20]) to investigate the advantages
and disadvantages of AbPM. The details of AbPM are discussed
in Section II. Comparisons and validations of model-derived
results are performed in Section III. Finally, a discussion and
conclusion are provided in Section IV.

II. METHODOLOGY

A. Data

To estimate NPP, several specific input datasets were acquired.
The global monthly products of PAR, diffuse attenuation at
490 nm ( (490)), euphotic zone depth ( ), and phytoplank-
ton pigment absorption ( ) (at 412, 443, 488, 531, 547, and
667 nm) distributed by the NASA ocean color group were
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downloaded (from website: http://oceancolor.gsfc.nasa.gov/).
These data were generated from the Moderate Resolution Imag-
ing Spectroradiometer (MODIS) images for the period January
2003–December 2010. The and products have a
spatial resolution of 9 km, whereas the spatial resolution of other
products is 18 km. Here, was calculated using the inherent
optical property (IOP)-centered approach [31] and was
modeled with the GIOP algorithm. Nitracline depths ( ) were
calculated from monthly climatological nutrient data reported in
the World Ocean Atlas and defined as the depth where

first exceeded [32].
Approximately, 350 valid samples of over the 400–

700 nm spectral region were downloaded from the SeaWiFS
Bio-optical Archive and Storage System (SeaBASS). These field
data were measured from collected water samples using the GF/F
filter-pad transmission technique [27]. The in situ NPP data used
for validation were collected from time-series programs of the
Pacific [subtropical gyre station ALOHA of Hawaii Ocean Time
series (HOT), California Cooperative Oceanic Fisheries Investi-
gations (CALCOFI), and Atlantic (Bermuda Atlantic Time-series
Study (BATS))]. NPP data from these three sites were based on
dawn-to-dark in situ incubations from the surface to 1% light
level with various depth intervals. At the three sites, NPP was
measured monthly (HOT and BATS) or quarterly (CALCOFI).
The trapezoidal method was applied to integrate daily NPP in the
euphotic zone for all stations. The locations of all in situmeasure-
ment stations are shown in Fig. 1.

B. Pigment Absorption and Primary Production Model

Fig. 2 shows the procedures of the -based algorithm for
estimating ocean NPP from satellite-derived PAR, (490), ,
and . The used in this paper is the product derived
from remote sensing reflectance with the GIOP algorithm
[30]. The GIOP algorithm is the standard algorithm for the
operational products of NASA, and the products have been
reported as having an approximately 20%–40% error [30]. The
theoretical basis of the GIOP algorithm is briefly described by
(1)–(3) as follows [30]:

where varies with the illumination conditions,
is the total backscattering coefficient ( ), and is the
total absorption coefficient ( ). The subscripts w, ph, and
dg indicate the absorption by water, phytoplankton, and
other absorbing components (e.g., nonalgal particles and colored
dissolved organic matter), respectively. The subscripts bw and bp
indicate backscattering by water and particles, respectively.

According to the photosynthesis theory of phytoplankton,
NPP at the depth z can be expressed by as [28], [33]

where is the quantum yield of phytoplankton photosynthesis
( ) and is the quantum scalar
irradiance ( ) at the depth z. Equation (4) cannot
be applied to satellite data directly, as is not a remote
sensing product. However, the PAR, which is the integration
of over the 400–700 nm wavelength range
( ), can be derived from satellite data. Thus, a
spectrally averaged absorption coefficient over 400–700 nm
( ) is defined as [29]

Then, based on thefieldwork of Lee et al., (4) is parameterized
as [28]

where is a photoinhibition parameter and is given by a constant
of 0.01 based on Platt et al. [34]. According
to Kiefer and Mitchell [35], in (6) is expressed as

Fig. 1. Sample locations of the in situNPPmeasurements (blue dots) and spectral
phytoplankton pigment absorption data (green dots).

Fig. 2. Framework of the -based approach for calculating ocean NPP.
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where is the value for maximum quantum yield.
is the irradiance when and is typically
given as [35]. Theoretically, can reach

. However, nonperfect energy
transfer and limited nitrogen source assimilation typically make
it less than [36]–[38]. According
to Cleveland et al. [39]–[41], it has been widely accepted that

increases with decreasing nitrogen stress. is defined as
follows using the Nitracline depths to roughly describe the
variability in depth:

The integration of irradiance in (6) can be calculated [20]
as follows:

where is the cloud-corrected surface PAR, which is
decomposed spectrally using themethod ofRicchiazzi et al. [42].

was the spectral diffuse attenuation across the visible
spectrum and calculated from (490) using themodel ofAustin
and Petzold [43].

C. Validation Method

The overall performance of the proposedmodel was evaluated
in terms of both bias and variability following the method of
Friedrichs et al. [23]. The log normalized bias (B), root-mean-
square difference (RMSD), and signed unbiased RMSD
(uRMSD) were calculated as follows:

where is the number of samples at each site, is the
modeled NPP, represents in situ data at each site, and

Fig. 3. Depth-integrated NPP ( ) from threemodels (AbPM, CbPM, andVGPM) for the boreal summer andwinter. Values are climatological means
calculated for periods from 2003 to 2010.
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and are the standard deviation of and
, respectively.

III. RESULTS AND VALIDATION

Ocean water column productivity is the integrated values of
within euphotic zone ( ). Monthly averaged NPP

over the period from 2003 to 2010 was calculated with a
spatial resolution. The boreal summer and

winter depth-integrated NPP derived from AbPM are shown
in Fig. 3(a) and (b). The maximum NPP values are approxi-
mately and distributed mainly over the
productive continental shelf areas and classical upwelling
regions, such as coastal water of China, Peru, and California.
Approximately a sustained is found
throughout most of the tropic oceans. The oligotrophic gyres
(lower than ) distribute to the subtropical
high-pressure belt. Some small-scale heterogeneity in the

Fig. 4. Seasonal cycles in NPP for the nine ocean basins (identified in Fig. 1). Open circles denote NPP calculated from phytoplankton pigment absorption (AbPM).
Solid circles denote NPP calculated from satellite phytoplankton carbon (CbPM). Solid rhombuses denote NPP calculated from chlorophyll-based model (VGPM).
Seasonal cycles are based on monthly averages for the 2003–2010 period. Data were combined for all bins with each ocean basin.
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results can be traced to artifacts in nutrient products. The NPP
seasonal cycles derived from theAbPM in nine ocean basins are
shown in Fig. 4. The results indicated that convex or dished
curves for north and south ocean basins and tiny variations in
NPP were found in the tropic basins. The annual total global
ocean productivity calculated by the AbPM for the period
2003–2010 is approximately ( ),
which is similar to other reported results (listed in Table I).

The NPP calculated from AbPM was compared with the
results generated by two other existing models, a Chl-based
model—VGPM and a carbon-based model—the updated
carbon-based production model (CbPM). The annual total
global ocean productivity averaged NPP values over 2003–
2010 period calculated with the AbPM, VGPM, and CbPM are
close to each other (55, 51, and , respectively).
However, striking spatial and seasonal differences in NPP take
place in thesemodels [shown in Fig. 3(a)–(f)]. It is interesting to
note that the AbPM displayed a better agreement with CbPM
than that with VGPM, especially in the northern and tropic
ocean basins. Obviously, the greatest differences between the
AbPM and the VGPM are in the so-called oligotrophic and
eutrophic oceans, which are also reported by Marra et al. [44].
In the Southern Ocean (see Fig. 1 for regional boundaries), the
three models displayed significant differences, particularly in
the boreal winter months [shown in Fig. 3(b), (d), (f)]. In this
ocean basin, the results of AbPM are 40% higher than that of
CbPM and VGPM.

It is not surprising that the three models yielded different
seasonal cycles in NPP as examined by ocean basin [shown in
Fig. 4(a)–(i)]. For all the ocean basins, the general shape of the
seasonal cycles depicted by the three models is consistent, but
there are many differences in details. In the North Atlantic and
North Pacific regions, the AbPM and the CbPM provided similar
weaker seasonal cycles than the VGPM. In contrast, in the South
Atlantic and South Pacific, the AbPM and VGPM indicated
similar stronger seasonal cycles than the CbPM for July–
December. In the Central Atlantic and Central Pacific, the
magnitude of NPP estimated by AbPMwas persistently between
the values estimated by other models with no obviously seasonal
variations. The AbPM kept pace with the CbPM and displayed
nearly 50% higher values than the VGPM in the North Indian
region. In the South Indian region, the AbPM provided almost
the same values as the CbPM at the beginning of the year but
displayed higher values after summer. The AbPM provided
approximately 0.1–0.4 Pg C higher values than the other two
models in the Southern Ocean, especially for the boreal winter.

The accuracy of the three models was validated by compar-
ing them with the in situ data at three sites: HOT, BATS, and
CALCOFI. The statistic parameters were calculated following
(10)–(12), and the validation results are listed in Table II. Using
these statistical parameters, a target diagram was plotted that
allows easy visualization of whether a model over or under-
estimates the mean and variability of NPP (shown in Fig. 5).
The target diagrams break down RMSD to show multiple
statistics on a single plot: total RMSD as the distance from
the origin, bias on the -axis, and the uRMSD on the -axis.
Based on these statistical results, the overall performance of
the AbPM was best among these models although it produced

underestimations at each site (shown in Fig. 5 and Table II). The
average RMSD of AbPM for all samples is as low as 0.18,
which is a great improvement compared to the VGPM and
CbPM at the same sites.

The NPP seasonal cycles estimated by the three models were
also compared versus the in situ measurements at each site
(shown in Fig. 6). At the HOT site, both AbPM and CbPM can

TABLE I
MEAN ANNUAL GLOBAL NPP ESTIMATED FROM VARIOUS MODEL SOURCES

intNPP, depth-integrated NPP; DI, depth integrated; DR, depth resolved; WI,
wavelength integrated; and WR, wavelength resolved.

TABLE II
SUMMARY STATISTICS FOR NPP MODELS AT HOT, BATS, AND CALCOFI

AbPM is the approach described in this work, CbPM refers to the carbon-based
productivity model presented by Westberry et al. [20], VGPM refers to
Behrenfeld and Falkowski’s [16] vertically generalized production model.

for Hawaii Ocean Time-series program (HOT), for Bermuda
Atlantic Time-series Study (BATS), and for California Cooperative
Oceanic Fisheries Investigations (CALCOFI).

Fig. 5. Target diagrams representing model ability at HOT, BATS, and CAL-
COFI for three approaches. The solid circle is the averaged standard deviation of
the observed data ( ) at the three sites. The distance from the origin to each
model’s symbol is the total RMSD, which was also tagged in color.
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estimate the average values of NPP, whereas obvious underesti-
mation occurs with the VGPM which has also been reported by
Ondrusek et al. [17]. The summer blooms at the HOT station can
be modeled best by the AbPM with a weaker magnitude, and it
displayed the best agreement with the in situ data among these
models in seasonal cycles. For the BATS site, seasonal differ-
ences in NPP are larger than that at HOT. None of the three
models could describe the winter/spring blooms exactly. How-
ever, the AbPM andVGPM could estimate the spring blooms for
the years 2003, 2005, 2006, 2009, and 2010 at BATS. TheAbPM
displayed the best performance in describing the seasonal cycles
at the CALCOFI site among these models, and the performance
of the CbPM was the second best. The VGPM at the CALCOFI
site totally failed to detect the summer blooms. In general, the
AbPM can best describe the seasonal variability of NPP among
the three models at the sites examined in this work.

IV. DISCUSSION AND CONCLUSION

Our attempt to apply satellite-derived to model global
ocean NPP demonstrated many improvements over two other
existing models. The annual total global ocean productivity-
averaged NPP calculated by the three models is close to each
other. Especially for the AbPM and CbPM, similar spatial
distribution of NPP displayed by them also occurs for most of
the global oceans [shown in Fig. 3(a)–(d)]. These similarities
imply that these models have similar performances in describing
annual average value of marine NPP. However, when viewed by
ocean basin, these models yield significantly different seasonal
cycles inNPP.At the three sites, theAbPMperformed betterwith
seasonal cycles than the CbPM and VGPM. The results indicate

that the AbPM is more sensitive in detecting NPP in seasonal
cycles than the CbPM and VGPM, especially for light-limited
ocean basins. For the CbPM and VGPM, photosynthesis effi-
ciency is determined by standing biomass of phytoplankton, and
the perturbations of the growth conditions in short timescales are
neglected [18], whereas the AbPM can directly reflect the
photosynthesis variations to the environments [27]. At the
CALCOFI site, the coastal waters of California, the VGPM
displayed limited success in estimating NPP. In comparison,
the AbPM results were consistent with in situ data, which
indicate the possibility of estimating NPP over coastal turbid
water using an AbPM [25], [45]. Although further validation is
needed, the results in this work confirm the importance of
to marine NPP estimates from space. The advantages of AbPM
in estimating NPP will also promote the improvement of IOP
algorithms.

Nevertheless, several model components in the AbPM require
further refinements and validation. For example, understanding
of the influence of nutrients on maximum photosynthesis quan-
tum yield should be further studied. In this paper, a roughly
simple equation based onCleveland et al.was applied to describe
the influence of the nutrients on , but this modification had a
fairly limited influence on the NPP results. This type of rough
descriptions of quantum yield was responsible for the major
errors in the AbPM, which resulted in the overestimates in the
Southern Ocean (the here was reported as low as 0.01) [46],
[47]. Unfortunately, the role of nutrients on maximum quantum
yield remains unclear, and nearly all relevant laboratory and field
studies just simplify it as a single constant [25], [28], [44]. The
requirements for deriving nutrient concentrations over global
ocean and modeling the influence of them on phytoplankton

Fig. 6. Time-series comparisons of model-derived depth-integrated NPP versus in situ measurements of NPP at the HOT, BATS, and CALCOFI sites.
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photosynthesis progress also present a challenge for other satel-
lite NPP models [18], [20]. Hence, all the models in this paper
failed to detect the nutrient-dominated spring blooms at the
BATS site [48]. The accuracy of satellite-derived is
another source of the error in the NPP estimates. It is well known
that the from satellites is an optical depth-averaged value
of the upper water column ignoring the vertical variation of

, which causes errors for NPP estimates [49], [50]. In the
SouthernOcean, the deviation of reaches higher than 50%
[51], which produced great error in the AbPM. The assumption
of spectrally averaged also results in errors. Compared with
the in situ data, the mean logarithm error of the spectrally
averaged is approximately 0.07 (shown in Fig. 7), which
produced a nearly 10% deviation in NPP estimates. Further
studies are in progress to determine the sensitivity of the AbPM
to the accuracy of . Another error related to is the pigment
“package” effect. The satellite-derived pigment absorption is the
overall absorption in the cell, including the photosynthetic
pigments and nonphotosynthetic pigments [52]. The package
effect refers to the decrease in absorption resulting from phyto-
plankton pigments being packagedwithin chloroplasts instead of
being dissolved. Although importance of the package effect in
phytoplankton photosynthetic is not clear, unanimous arguments
insist that the package effect would increase with increasing size
of phytoplankton and affect the accuracy of the -based NPP
models [44]. Therefore, the development of satellite-based ap-
proaches to obtain phytoplankton size and types may help
improve the reliability of the AbPM in this work [53].
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