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a b s t r a c t
Net primary productivity (NPP) ﬁelds, derived from satellite observations of ocean color, are commonly
published without relevant information on uncertainties. In this study, we assessed the uncertainty in NPP
estimates of the Vertically Generalized Productivity Model using a Monte Carlo approach. We did not consider
the uncertainty stemming from the basic model formulation, but restricted the uncertainty analysis to input
terms, which were generated by, or related to, remote sensing. The study was based on global monthly remote
sensing data from 2005. We found that the typical distribution of uncertainty around the model output could
be approximated by a lognormal probability density function. On average, NPP value in a grid cell was
overestimated by 6%, relative to the mean of the corresponding uncertainty distribution. The random
component of uncertainty in NPP, expressed as the coefﬁcient of variation, amounted to an average of 108%.
The systematic positive errors in individual grid cells built up to an overestimate of 2.5 Pg C in the annual
global NPP of 46.1 Pg C. The largest individual contributor to the random uncertainty in NPP was the input
term that describes the physiological state of phytoplankton. However, the biggest contribution to the
systematic uncertainty in the model output came from the parameter that represents changes in the rate of
chlorophyll-normalized photosynthesis with depth. Therefore, improvements in the accuracy of these two
terms would have the largest potential to decrease the input-related uncertainty in the model NPP estimates.
© 2011 Elsevier Inc. All rights reserved.

1. Introduction
Primary productivity, the biological conversion of carbon dioxide
into energy-rich organic carbon compounds, is a process central to the
sustainment of all life on Earth. In marine ecosystems, the greatest
part of organic carbon stems ultimately from the photosynthetic
activity of phytoplankton, mostly unicellular organisms aﬂoat in the
sun-lit layer of the water column. Phytoplankton use only a part of the
photosynthetically produced organic matter to meet their own energy
requirements. The surplus of organic carbon, called net primary
productivity (NPP), is available as fuel and building material to
primary consumers (i.e. grazers) and, via them, to more remote
consumers (Lindeman, 1942). NPP is, therefore, an indispensable
diagnostic of the state and development of ecosystems and biogeochemical cycles, which are intimately connected with climate
processes (Arrigo, 2005; Charlson et al., 1987; Falkowski et al.,
1998; Frouin & Iacobellis, 2002; Montes-Hugo et al., 2009).
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Traditionally, oceanic NPP has been measured from ships, but the
duration and cost of the shipboard measurements severely restrict their
geographic and temporal coverage (Carr et al., 2006). Fortunately, for
more than a decade, satellite-borne ocean color sensors have routinely
provided large-scale observations of the world oceans. These instruments measure spectral characteristics of water-leaving optical
signal, which are inﬂuenced by the type and concentration of seawater
components that interact with light, such as phytoplankton (Kirk,
1994). The properties of phytoplankton, notably chlorophyll concentration, can thus be inferred from ocean color remote sensing (O'Reilly
et al., 1998) and employed in mathematical models in combination with
other remotely sensed quantities, such as sea surface temperature and
photosynthetically available radiation, to estimate NPP (Behrenfeld &
Falkowski, 1997a). NPP estimates based on remote sensing make for
much more reliable quantiﬁcation of spatial and temporal variability in
phytoplankton productivity than would be possible by interpolating
among the sporadic in situ measurements (Friedrichs et al., 2009).
Nevertheless, model assessments of NPP derived from remote
sensing observations are subject to uncertainty, just as is any other
sort of measurement (Bureau International des Poids et Mesures
(BIPM) et al., 2009). Uncertainty related to a measurement function,
as in the case of NPP models, stems partly from imperfections in our
understanding of the measured phenomenon and the approximations
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or simpliﬁcations employed in the function to make the measurement
feasible (Curran, 2002). This part of uncertainty is inherent in the
models and indicates the level of success in modeling the reality. A
number of studies have assessed this intrinsic uncertainty in NPP
models by comparison with shipboard measurements of NPP, such as
14
C uptake (e.g. Campbell et al., 2002; Friedrichs et al., 2009; Saba
et al., 2010; Saba et al., 2011).
Another important part of uncertainty in satellite-based estimates of
NPP is the one resulting from uncertainties in model input terms. Carr
et al. (2006) documented a range of responses to successive wideinterval perturbations of a few input terms for 24 NPP models at 11
locations in one selected month. Covering a broader spatial and temporal
scope, but focusing on the sensitivity of one NPP model to perturbations
of mixed layer depth (MLD) input only, Milutinović et al. (2009) found
that varying the MLD input ﬁelds, generated by different ocean models,
gave rise to less than 10% difference in global annual NPP estimates,
while the maximum analogous difference over two North Atlantic
regions was 20–30%. However, neither of the two studies provided a
measure of uncertainty in the strict sense of the term, as the perturbation
bounds were chosen either arbitrarily (Carr et al., 2006) or based on the
range of estimates from the selected ocean models (Milutinović et al.,
2009). Friedrichs et al. (2009) examined how input uncertainties
affected NPP estimates from 21 models in the tropical Paciﬁc during a
multiyear period, by perturbing input variables with simple addition or
subtraction of a given assumed typical uncertainty value. They found that
uncertainties in all input values and in situ NPP data together explained
more than a half of the mismatch between the model estimates and ﬁeld
observations. Similarly, using a comparable methodology and the same
number of models in 10 ocean regions around the world, Saba et al.
(2011) found that 50% of the model-observation disagreement was due
to the simultaneous effect of input uncertainties. While each of these
studies showed that uncertainties in input variables contributed
considerably to NPP model uncertainties, they did not provide
information on what probability distribution or level of conﬁdence the
uncertainty bounds were related to, nor did they distinguish between
different components of uncertainty (e.g. systematic and random).
In this study, we propagated input uncertainties through the
Vertically Generalized Productivity Model (VGPM) of Behrenfeld and
Falkowski (1997b), one of the most widely used oceanic NPP models
(Friedrichs et al., 2009). We associated each of the input terms in the
VGPM with a particular uncertainty, either by performing comparisons with reference data sets or using already published evaluations.
The input uncertainties were represented by probability distributions
and propagated through the VGPM using a Monte Carlo method
(BIPM et al., 2008a), i.e. random values were repeatedly drawn from
the input distributions and introduced into the VGPM, yielding an
output frequency distribution that described the uncertainty in the
modeled NPP. Our approach distinguished between bias and
uncertainty related to natural variability. We quantiﬁed not only the
simultaneous impact of all input uncertainties, but also evaluated
individual uncertainty contributions. This enabled identiﬁcation of
those steps in the NPP estimation that, if improved, have the largest
potential to reduce the overall output uncertainty.

In this study, all input quantities to the VGPM, except daylength,
were produced by, or related to, satellite remote sensing. We used three
types of coincident global monthly Level-3 binned data products from
2005, provided by the NASA Ocean Biology Processing Group (http://
oceancolor.gsfc.nasa.gov), namely Chl, photosynthetically available
radiation at the sea surface (PAR [mol photons m− 2 day− 1]) and
daytime sea surface temperature (SST [°C]). The choice of the temporal
coverage is explained in Section 5. Chl and PAR were generated in the
reprocessing 5.1 of observations from the Sea-viewing Wide Field-ofview Sensor (SeaWiFS). SST resulted from the reprocessing 1.1 of the
data set acquired by the Moderate Resolution Imaging Spectroradiometer (MODIS) aboard the Aqua platform. MODIS SST ﬁelds were
originally provided at twice the longitude and latitude resolution of
SeaWiFS Chl and PAR ﬁelds, and were thus subsampled to ﬁt the
SeaWiFS equal-area grid with the bin size of about 9.28 km× 9.28 km.
We did not apply correction for missing data to avoid introducing
additional biases to the input ﬁelds.
Besides being a direct input variable for the VGPM, Chl was also used
to determine Zeu, based on a two-step procedure originally developed by
Morel and Berthon (1989). First, total chlorophyll content within the
productive water column (Chltot) was determined as
0:459

Chltot = 40:6 × Chl

b

NPP = Chl × Zeu × DL × Popt × F

ð1Þ

ð2Þ

Secondly, Zeu was calculated from Chltot. The latter step was revised
by Morel and Maritorena (2001) and hence we used their fourth-order
polynomial that relates common logarithms of Zeu and Chltot:
log10 ðZeu Þ = 2:1236 + 0:932468log10 ðChltot Þ−1:4264½ log10 ðChltot Þ2
+ 0:52776½log10 ðChltot Þ3 −0:07617½log10 ðChltot Þ4
ð3Þ
This polynomial is reliable when it yields Zeu between 5 m and
180 m (Morel & Maritorena, 2001). Thus, in a few cases when Zeu
values were not in that range, they were excluded from further
calculations. Inference of Zeu from Chl is compromised when other
optically active seawater components (colored dissolved organic
matter and suspended particles) cannot be functionally related to Chl,
i.e. when Case-1 assumption does not hold (Lee et al., 2007). As a
simple way for omitting Case-2 waters, we disregarded regions
shallower than 200 m (continental shelf). The implications of
omitting these regions are addressed in Section 5.
Daylength was computed as a function of latitude and day number
(Kirk, 1994). It was adjusted to the temporal resolution of the rest of
the input ﬁelds by ﬁnding the mean daylength value for a particular
bin (i.e. grid cell) in a given month.
SST was employed in an empirically derived seventh-order
polynomial function (Behrenfeld & Falkowski, 1997b) to compute P bopt:
b
Popt
= 1:2956 + 0:2749SST + 0:0617SST2 −0:0205SST3

+ 2:462 × 10−3 SST4 −1:348 × 10−4 SST5 + 3:4132 × 10−6 SST6
−3:27 × 10−8 SST7 :

2. Primary productivity model and input data
The Vertically Generalized Productivity Model (VGPM) (Behrenfeld
& Falkowski, 1997b) computes integral water-column net primary
productivity (NPP [mg C m− 2 day− 1]) as the product of surface
phytoplankton chlorophyll concentration (Chl [mg Chl m− 3]), depth
of the euphotic layer (Zeu [m]), daylength (DL [h]), maximum
chlorophyll-speciﬁc carbon ﬁxation rate in a water column (P bopt [mg
C (mg Chl)− 1 h− 1]) and a parameter representing relative vertical
proﬁle of photosynthesis (F; unitless):

1907

ð4Þ

This function is valid in the SST range from −1 °C to 28.5 °C. For
SSTb −1 °C, it is prescribed that P bopt = 1.13 mg C (mg Chl)− 1 h− 1,
while for SST N 28.5 °C the P bopt value of 4.00 mg C (mg Chl)− 1 h− 1 is
speciﬁed.
Daily downward surface irradiance in the photosynthetic waveband (400–700 nm), or PAR, was required as input to the function
accounting for relative changes in photosynthetic rates due to the
vertical decline of light (Behrenfeld & Falkowski, 1997b):
F=

0:66125 × PAR
PAR + 4:1

ð5Þ
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Uncertainty associated with the output of a model can be
evaluated by ﬁnding theoretical probability distributions that best
describe contributing uncertainties in input quantities and propagating those distributions through the model (BIPM et al., 2009). In the
next two sections, we present the assignment of the input uncertainty
distributions and their propagation through the VGPM by a Monte
Carlo approach.

accurate and only considered that part of Zeu uncertainty which was
implied in Chl uncertainty.
In comparison to other input data, daylength estimates were
deemed to have sufﬁciently high accuracy for this kind of application
and were therefore treated as having no uncertainty.

3. Evaluation of uncertainties in input quantities

To estimate uncertainty of P bopt (Eq. 4), we applied the already
described statistical approach (see also Appendix A) using ﬁeld data
available at http://www.science.oregonstate.edu/ocean.productivity/
ﬁeld.data.c14.online.php. More particularly, in situ measured SST was
introduced into Eq. (4) and the outcome was compared with
measurements of P bopt, which served as reference values. Field
estimates of P bopt N 20 mg C (mg Chl)− 1 h− 1 were disregarded, since,
due to physiological limitations of photosynthesis, values higher than
that are rarely achievable (Behrenfeld et al., 2002a) and might be an
artifact caused by erroneous Chl data (Behrenfeld & Falkowski,
1997b). Thereafter, 1823 simultaneous ﬁeld measurements of P bopt
and SST remained. A map in Fig. 1 shows geographical distribution of
the measurement stations.
Although the focus of this section is on the performance of the P bopt
model by Behrenfeld and Falkowski (1997b) (see Eq. 4), we also
provide a brief comparison with three other models that relate Pbopt to
temperature, which were respectively published by Megard (1972),
Balch et al. (1992) and Antoine et al. (1996). The last-mentioned
model is a transform of Eppley's (1972) expression for maximum
phytoplankton growth rates. The corresponding equations can be
found in the work of Behrenfeld and Falkowski (1997a, p. 1489).
Estimates of Pbopt from Eq. (4) are compared with reference P bopt
values in Figs. 2 and 3. Frequency distributions of the two sets of
values are markedly different (Fig. 2). The scattering of points around
the line of perfect agreement in Fig. 3 is considerable, especially for
the upper half of the model P bopt range. Correlation coefﬁcient of 0.29
is slightly above that reported by Behrenfeld and Falkowski (1997a)
(r = 0.24, n = 1041) and even higher than what Behrenfeld et al.
(2002a) found using an appreciably smaller data set (r = 0.1;
n = 199). In the latter study, the P bopt model of Behrenfeld and
Falkowski (1997b) performed less well than the three remaining
temperature-dependent functions, but in our analysis it was the best
performing model. Nevertheless, our results agreed with the ﬁnding
of Behrenfeld et al. (2002a) that none of the four P bopt models could
explain more than 9% of variability in observations (the respective
correlation coefﬁcients for the P bopt models of Megard (1972), Balch
et al. (1992) and Antoine et al. (1996) were 0.21, –0.26 and 0.14).
Such poor predictive capabilities indicate that temperature alone is
not enough to achieve adequate P bopt estimates (Behrenfeld et al.,
2002b). This issue is discussed in Section 5.
To evaluate the P bopt model of Behrenfeld and Falkowski (1997b),
we determined δREL(P bopt) as shown by Eq. (A2) in Appendix A. Mean,
median, standard deviation and semi-interquartile range of δREL(P bopt)
were 0.69 (69%), 0.13 (13%), 2.23 (223%) and 0.58 (58%), respectively.
Regional weighting of these statistics would be preferable, because
data stations were neither selected randomly, nor was the sampling
uniform and sufﬁciently dense to be regarded as globally representative (see Fig. 1). However, while there were two large clusters of
data points in the north-western Atlantic (849 observations) and the
north-eastern Paciﬁc (633 observations), considerably fewer data
were available in the rest of the ocean (341 observations). The
inhomogeneity of the spatial distribution is reﬂected in a particularly
poor coverage in certain classes of SST by the rest-of-the-ocean subset
of data (Fig. S1, Supplementary Material). Hence, a meaningful
partition into oceanic regions, which would result in reliable
regionally weighted statistics, was not possible.
The frequency distribution of δREL(P bopt) is strongly skewed to the
right (Fig. S2, Supplementary Material). Following recommendation

There is more than one way to classify the uncertainty of a
measurement (or a model estimate). For example, we can distinguish
between an uncertainty component stemming from model imperfection and a component originating from an inexact knowledge of input
values. Although the VGPM, as any other model, is not perfect (e.g. it
rests on a simplistic assumption of a vertical homogeneity of
chlorophyll concentration), for the purpose of this study we assumed
that the VGPM itself was ﬂawless, and that uncertainties in the model
input were the only source of uncertainty in the output. We
distinguished between two components of the input uncertainty,
one describing a tendency to make estimates of a given variable
consistently too high or too low (known as bias), and the other related
to success (or lack thereof) in reproducing natural variability.
We quantiﬁed both portions of uncertainty, associated with an
estimate of a particular quantity derived from a given functional
relationship, using simultaneous co-located in situ observations of the
same quantity as reference values. To that end, we determined
discrepancy (δ) between a model result and the coincident reference
value, assembled all individual discrepancies and found their
frequency distribution, which we regarded as the uncertainty
distribution. Its mean represented the bias (B), while its standard
deviation served as a measure of the remaining uncertainty
component. The latter statistic is equivalent to the centered-pattern
(or zero-centered) root mean square difference (see the work of
Taylor, 2001 and Eq. 2 therein), which we denote by RMSD0. A
detailed explanation of this methodological approach with accompanying notation and equations can be found in Appendix A.
3.1. Uncertainty in estimates of Chl
An approach similar to that described above has already been used
by Gregg et al. (2009) to evaluate the uncertainty of a standard
SeaWiFS Chl product. In this study, we used weighted uncertainty
statistics that they reported for the open ocean, since the methodology of acquiring Zeu estimates limited our study to Case-1 waters. As
Chl values tend to be lognormally distributed (Campbell, 1995),
normal probability density function is a suitable model for frequency
distribution of δLOG(Chl) (deﬁnitions of δLOG and the corresponding
statistics are given in Appendix A). We therefore worked with the Chl
uncertainty statistics that Gregg et al. (2009, Fig. 6) expressed on log10
scale: bias (BLOG(Chl)) of 0.077 and root mean square log10 difference
(RMSDLOG(Chl)) r
ofﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
0.249. From RMSDLOG(Chl),
we computed
ﬃ
h
i2
2
LOG
LOG
LOG
RMSD ðChlÞ −½B ðChlÞ , which is 0.237.
RMSD0 (Chl) as
3.2. Uncertainty in estimates of Zeu and DL
A preliminary analysis (not shown) of uncertainty associated with
the basic skill of the Zeu model (Eqs. 2 and 3) yielded BREL(Zeu) of 9%
and RMSDREL
0 (Zeu) of 22% (the reason for choosing the relative scale –
denoted by the superscript ‘REL’ and deﬁned in Appendix A – to
express the Zeu uncertainty was a good ﬁt of the underlying frequency
distribution to normality). When subsequently compared to uncertainties in the remaining input terms, these values were found to
be relatively small. Thus, to simplify the Monte Carlo simulations and
the following analysis of results, we regarded the Zeu model as entirely

3.3. Uncertainty in estimates of P bopt
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Fig. 1. Locations of the in situ data used to determine the respective predictive uncertainties of the P bopt model (both black and red dots) and the function of PAR (black dots only).

of Sokal and Rohlf (1995), we made it more symmetrical by
logarithmic transformation, using Eq. (A3) (Appendix A). Besides
simplifying the simulation of uncertainty, this ensured that no
negative (i.e. physically impossible) values were obtained after
transforming logarithms back to linear scale, prior to uncertainty
propagation. Frequency distribution of δLOG(P bopt) resembles a normal
distribution (shown by thick full black line in Fig. 4) with mean (i.e.
b
BLOG(P bopt)) 0.08 and standard deviation (i.e. RMSDLOG
0 (P opt)) 0.33. A
graphical test of normality (Fig. S3, Supplementary Material)
conﬁrmed that the distribution of log10 uncertainties in Pbopt resulting
from Eq. (4) could be reasonably well approximated by the normal
distribution having the same mean and standard deviation.
For comparative purposes, we determined uncertainties associated with Pbopt estimates from the rest of temperature-dependent
functions, too. Their respective δREL(P bopt) frequency distributions
were also positively skewed. We thus performed the logarithmic

transformation, which yielded more symmetrical distributions, displayed in Fig. 4. As opposed to what was found for the P bopt model of
Behrenfeld and Falkowski (1997b), the results for these three
functions indicate negative bias. Absolute values of BLOG(P bopt) and
b
RMSDLOG
0 (P opt) for the models of Megard (1972) and Antoine et al.
(1996) are comparable to those for Eq. (4), but those for the model of
Balch et al. (1992) are substantially larger (Fig. 4). The abovementioned graphical test supported the assumption of normality for
the uncertainty distributions associated with the equations of Megard
(1972) and Antoine et al. (1996). However, we found that such an
assumption would be less sound for the equation of Balch et al.
(1992), due to pronounced platykurtosis.
3.4. Uncertainty in estimates of F
The irradiance-dependent function devised by Behrenfeld and
Falkowski (1997b) (Eq. 5) was evaluated using the statistical procedure
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Fig. 2. Relative frequency polygons for observations and model estimates (from Eq. 4)
of maximum Chl-normalized carbon ﬁxation rate in a vertical proﬁle (Pbopt). The highest
possible model Pbopt (6.63 mg C (mg Chl)− 1 h− 1) is relatively low, compared to the in
situ data, because Eq. (4) was constructed as a ﬁt to the median values of otherwise
highly dispersed training data set (see Fig. 7 in the work of Behrenfeld and Falkowski,
1997b).
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Fig. 3. Estimates of maximum Chl-speciﬁc carbon ﬁxation rate in a water column (Pbopt)
from the temperature-dependent function of Behrenfeld and Falkowski (1997b),
compared with observations. The line indicates one-to-one relationship between the
model and reference values. Correlation coefﬁcient (r) and the number of data points
(n) are included.
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the productive layer of the water column (Fig. S4, Supplementary
Material). Subsequently, the integral value (IPb) was found for the
vertical proﬁle of Pb on the interval of optical depths (ζ) between zero
and 4.6 (which is equivalent to the euphotic zone):

Megard
250

4:6
b

b

IP = ∫ P dζ

Balch et al.
Antoine et al.

200

frequency

ð6Þ

ζ=0

Finally, REF(F) was calculated as:

150

REFðF Þ =

IPb
b
Popt
× 4:6

ð7Þ

100

0.0

0.4

0.8

1.2

1.6

2.0

LOG

δ

b
(Popt
)

Fig. 4. Frequency distributions of difference between common logarithms of model
b
b
estimates and matching observed values of P opt
(δLOG(P opt
)) for the models of:
Behrenfeld and Falkowski (1997b), i.e. B&F (mean = 0.08, standard deviation = 0.33),
Megard (1972) (mean = − 0.14, standard deviation = 0.34), Balch et al. (1992)
(mean = − 0.26, standard deviation = 0.54) and Antoine et al. (1996) (mean =
− 0.08, standard deviation = 0.35). Vertical line marks the ideal case of no difference
between the model estimates and in situ observations. For easier interpretation, log10
values (presented at the bottom of the ﬁgure) are accompanied by the corresponding
antilogarithms (at the top).

described at the beginning of Section 3 (see also Appendix A). The role of
this function is linked to the fact that the VGPM belongs to the simplest
category in the classiﬁcation system of Behrenfeld and Falkowski
(1997a), that of the depth-integrated models (DIMs). As their name
suggests, DIMs cannot explicitly resolve changes in the rate of
photosynthesis with depth, which are, to a large extent, governed by
the vertical attenuation of irradiance (Behrenfeld et al., 2002b). The
depth-dependent variability in photosynthesis thus has to be represented in a DIM by the parameter F. To grasp its meaning, we may
consider a strictly hypothetical situation of irradiance not being
attenuated with depth, but remaining at a photosynthetically saturating
level for the largest part of the day throughout the entire euphotic zone.
In such a case, primary productivity normalized to the phytoplankton
chlorophyll content ‘b’ at any given depth in the euphotic layer (P b [mg C
(mg Chl)− 1 h− 1]) would be identical to P bopt, i.e. the maximum P b value
achievable for the particular irradiance under prevailing nutrient and
temperature conditions. In reality, however, light does diminish with
depth and so only a portion of the hypothetical maximum integral
water-column chlorophyll-normalized productivity is realized. F represents the dimensionless ratio of the actual integral chlorophyll-speciﬁc
productivity to that hypothetical maximum. It can be modeled as a
function of surface irradiance, such as that given by Eq. (5).
We assessed the uncertainty associated with this function by
using 973 in situ measurements of PAR from the afore-mentioned
online database, together with accompanying reference estimates of
F (REF(F)) (Fig. 1). REF(F) values were based on ﬁeld estimates of Pb at
a number of depths within the upper water column. To avoid potential
errors due to extrapolation, only those Pb data spanning the entire
euphotic zone were considered. Also, the batches of Pb estimates
containing P bopt N 20 mg C (mg Chl)− 1 h− 1 were omitted for the
reason already stated. It must be emphasized that a considerable
number of the data employed here, as well as in the uncertainty
analysis of P bopt, had been used to devise the VGPM.
To determine REF(F), we estimated a vertical proﬁle of Pb by
interpolating between the Pb values measured at discrete depths in
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Fig. 5. Relative frequency polygons of reference values and model estimates of F derived
from Eq. (5).

0.7
0.6
0.5

model F

50

Figs. 5 and 6 illustrate how values resulting from the irradiancedependent function of Behrenfeld and Falkowski (1997b) (see Eq. 5)
relate to coincident reference values of the parameter F. The reference
data seem to follow a normal distribution, but the frequency
distribution of the model results is skewed to the left (Fig. 5). The
relatively modest linear correlation (r = 0.37; see Fig. 6) may partly be
due to the effect of methodological inconsistencies among the in situ
data (such as variable sample incubation periods and different
techniques for measuring chlorophyll (Behrenfeld & Falkowski,
1997b)) on the reference values derived from them.
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Fig. 6. Estimates of F yielded from Eq. (5), plotted against reference values. The line
denotes perfect agreement between the two groups of values. Coefﬁcient of linear
correlation (r) and the number of data points (n) are inserted.
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While many of the published functions that estimate F exhibit a
similar shape, their discrepancies stem from choosing whether or not
to take into account losses in productivity due to photoinhibition and,
to a smaller degree, from the assumed kinetics of photosynthesis at
subsaturating light intensities (see the work of Behrenfeld and
Falkowski (1997a) and Fig. 2 therein). For reasons of comparison,
we selected another irradiance-dependent function, that of Talling
(1957), as an alternative to the function presented by Eq. (5). The
performance of Talling's (1957) empirically derived function can also
indicate the capabilities of the equivalent function of Platt and
Sathyendranath (1993), who found the former was the best
approximation to their analytical approach. Following the reformulation of Talling's (1957) depth-integrated productivity model by
Behrenfeld and Falkowski (1997a), we arrived at this expression:

F = 0:22 × ln

PAR
0:046 × PAR + 0:68


+ 0:15

ð8Þ

which generates realistic, non-negative results for PAR ≥ ~ 0.4 mol
photons m− 2 day− 1.
We do not show a scatterplot of the output of Eq. (8) against
matching reference values, because its shape was not distinguishable
from that in Fig. 6, which was reﬂected in the same magnitude of
linear correlation (r = 0.37). However, compared with Fig. 6, the cloud
of points related to Eq. (8) appeared geometrically translated by a
distance of ~ +0.15, whereby an overwhelming majority of the points
moved above the one-to-one line. This result suggests that Eq. (8) is
much more prone to overestimation than Eq. (5). That is possibly
because the former, unlike the latter, assumes no photoinhibition.
We quantiﬁed uncertainties in the outcome of the two irradiancedependent functions by determining δ(F), as described by Eq. (A1) in
Appendix A (the reason for using δ(F) rather than δREL(F) or δLOG(F)
lies in a good compliance of the underlying frequency distribution
with normality, as shown below). Note that the absolute uncertainties
presented here have no units, because F is a dimensionless quantity.
Frequency distribution of δ(F) for Eq. (5) appears normal, indicates a
positive bias (B(F) = 0.06) and RMSD0(F) of 0.12 (Fig. 7). In
comparison, frequency distribution of δ(F) related to Eq. (8) had a
very similar shape and identical standard deviation (i.e. RMSD0), but a
larger positive bias (0.22). Normal probability plot in Fig. S5
(Supplementary Material) conﬁrms that the normal distribution
with mean equal to B(F) and standard deviation equal to RMSD0(F)
is a suitable model of the uncertainty distribution for Eq. (5).
Analogous assumption holds for Eq. (8).
Due to the uneven and very sparse in situ data coverage (see
Fig. 1), weighting of the statistics that describe the uncertainty in
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model estimates of F would be desirable. This requires dense global
observations of F values from which population benchmarks could be
derived. Such observations, however, are not available. Therefore, we
decided to use the unweighted uncertainty statistics in further work.
4. Propagation of uncertainties through the VGPM
4.1. Monte Carlo approach
A variety of approaches can be taken to propagate uncertainties
through a model (BIPM et al., 2009). Among them, Monte Carlo
method has the widest domain of validity (BIPM et al., 2008a). The
core of the method is random sampling from uncertainty distributions
previously assigned to the input quantities. The model calculations are
repeated a number of times with each set of the random input values,
to obtain uncertainty distribution for the output quantity.
The quality (i.e. statistical precision) of results obtained from the
Monte Carlo method increases with the number of randomly drawn
values (BIPM et al., 2008a), because the shape of the underlying
probability density function gets increasingly better approximated. To
achieve a compromise between sufﬁcient quality and required
computer processing time, we used 1500 realizations.
In any given bin (i.e. grid cell), bias was subtracted from the
nominal value of each input quantity. This enabled us to quantify bias
in nominal NPP, at a later stage. The remaining uncertainty (due to
random effects) was simulated as a frequency distribution of 1500
random values that followed the earlier identiﬁed normal probability
distribution, having mean equal to the bias-corrected nominal value
and standard deviation equal to the zero-centered RMSD. When the
results of uncertainty analysis led us to assume normal uncertainty
distribution on log10 scale (as was done for Chl and Pbopt — see
Sections 3.1 and 3.3), common logarithm of the nominal value was the
simulation starting point. In this case, simulated frequency distribution had to be transformed to the original, linear scale by ﬁnding
antilogarithms. Assuming normal uncertainty distribution on the
linear scale, which was the case for F (see Section 3.4), meant that
negative values could arise in the simulation. Being physically
impossible, those values were discarded, but such occasions were
rare, taking place only at high latitudes in winter hemisphere, where
light availability was very limited. Even then, the number of
acceptable values hardly ever fell below 1425 (i.e. 95% of the initial
number of items). Also, unrealistically high values of F (N1) could be
yielded in the simulation only very infrequently. Thus, while we made
all such values equal one, it had a negligible impact on the consequent
frequency distribution. Similarly, the limited validity of the polynomial by Morel and Maritorena (2001) (Eq. 3) was accommodated by
removing unreliable Zeu values (b5 m or N180 m). Only a small
minority of all bins that contained data had N5% of Zeu values rejected.
Most of those bins were in the South Paciﬁc subtropical gyre. As
daylength was assumed to carry no uncertainty, its nominal value was
reused in each model rerun. For each individual set of randomly
generated input values, NPP was computed by the VGPM, resulting in
an ensemble of up to 1500 NPP values in every bin. Their frequency
distribution represented the uncertainty associated with the nominal
NPP value in the same bin. Because rejection of a large portion of
invalid items from a frequency distribution can be misleading, as it can
greatly affect descriptive statistics, the bins where b1425 (i.e. b95%)
values remained after the rejection were omitted from the analysis. Of
the entire 2005 collection of bins (not counting in the bins over land,
shelf and cloudy areas), 1.4% was disregarded. A summary of this
method is presented using mathematical notation in Appendix B.

−0.37 −0.28 −0.19 −0.11 −0.02 0.07 0.15 0.24 0.33 0.41

δ(F)
Fig. 7. Histogram of discrepancies between model estimates from Eq. (5) and matching
reference values of F (δ(F)).

4.2. Uncertainty in NPP estimates by the VGPM
Table 1 presents a summary of uncertainties in input terms,
namely Chl, P bopt (Eq. 4) and F (Eq. 5). The simultaneous propagation
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Table 1
Summary of uncertainties in input quantities that were propagated through the VGPMa.
Input quantity

Chl
Pbopt
F

Scale

Logarithmic
Logarithmic
Linear

Component of input uncertainty
Bias

Zero-centered RMSD

0.077
0.08
0.06

0.237
0.33
0.12

a
Section 3 and Appendix A contain the relevant deﬁnitions and describe the
methodology used to quantify the bias and the zero-centered RMSD. Note that
uncertainties in F, although expressed on the linear scale, have no units because F is a
dimensionless quantity.

of these uncertainties through the VGPM resulted in a frequency
distribution that represented uncertainty in the model NPP estimate
in any given bin in a given month. The properties of the distribution in
a particular bin were summarized using the mean, the coefﬁcient of
variation (i.e. the standard deviation stated as percentage of the
mean), skewness (g1) and kurtosis (g2). The coefﬁcients of variation,
g1 and g2 were determined as explained by Sokal and Rohlf (1995, see
their Eq. (4.8) and Box 6.2, respectively). The statistics were mapped
and juxtaposed with the corresponding maps of NPP estimates, which
were obtained by driving the VGPM with nominal values of input
quantities (i.e. the input values that were not corrected for bias).
Fig. 8a and b shows maps of NPP for January and July 2005,
illustrating typical ﬁndings for boreal winter/austral summer and
boreal summer/austral winter, respectively. In broad terms, both
months were characterized by high NPP in the coastal upwelling
regions at the eastern boundaries of the Paciﬁc and Atlantic Oceans
and in the Arabian Sea, while low NPP persisted in the subtropical
gyres of all ocean basins. In contrast, the largest seasonal amplitude
was observed between winter NPP minima and summer NPP maxima
at temperate and subpolar latitudes in both hemispheres.
The NPP uncertainty distributions in every bin and month were
skewed to the right (annual average g1 = 4) and leptokurtic (annual
average g2 = 32), i.e. they had lognormal-like shape. We do not

present the maps of g1 and g2 here, because they had a uniform
appearance across the global ocean throughout the year.
Although it may be argued that the mean is not a robust statistic of
location for skewed distributions, we use it because it incorporates the
inﬂuence of large errors that would not be accounted for by other
estimators of central tendency. Furthermore, the mean is a logical
complement to the standard deviation, which is commonly used to
describe dispersion of errors (BIPM et al., 2008b; Taylor, 1997).
When maps of the mean values for uncertainty distributions of
NPP (hereafter labeled NPPMC , where MC signiﬁes the Monte Carlo
method) were generated, they were visually indistinguishable from
the corresponding maps of NPP (Fig. 8a and b). To establish whether
the two quantities differed at all and, if so, to what extent, we
mapped the difference between NPP and the associated NPPMC
(Δ [mg C m− 2 day− 1]) (Fig. 8c and d). Note that NPP was calculated
from input values that were not corrected for bias, whereas NPPMC
represents the value that NPP would adopt if there were no bias in
the input quantities, because Chl, P bopt and F had been corrected for
bias before the Monte Carlo simulations were carried out. In other
words, NPP incorporates the effects of bias in input quantities,
whereas NPPMC does not. Therefore, the sign and magnitude of Δ
indicate by how much, if at all, NPP is over- or underestimated.
Fig. 8c and d suggests that, overall, NPP is overestimated and the
magnitude of this generally positive bias in NPP is proportional to
NPP itself (see Fig. 8a and b). Underestimates occurred too, but just
sporadically, which can only be spotted when the maps of Δ are
magniﬁed to the extent that makes the individual pixels clearly
distinguishable. Fig. 9a and b presents scatterplots of NPP against the
matching NPPMC values in the two representative months. To
complement the information contained in Figs. 8a–d and 9a and b,
we expressed the bias in NPP estimates as percentage of NPPMC , i.e.
we divided the values of Δ by the related values of NPPMC and
multiplied the resulting quotient by 100. Not only in January and
July, but in other months too, the bulk of percentage bias values
spanned between ~ −3% and ~ + 15%. Maps of the percentage bias
look mostly invariant in time and space (Fig. S6a and b,

Fig. 8. Top: Net primary productivity (NPP [mg C m− 2 day− 1]) estimated using the Vertically Generalized Productivity Model (VGPM) for (a) January and (b) July 2005. Bottom:
Difference between nominal NPP values (presented above in (a) and (b), respectively) and the mean values of corresponding NPP uncertainty distributions (Δ [mg C m− 2 day− 1])
for (c) January and (d) July 2005. Note that the nominal NPP values were computed from input data that had not been corrected for bias, while the uncertainty distributions were
simulated using bias-corrected input. Gray color represents locations with no available remote sensing observations, continental shelf (b200 m) and bins with unreliable statistics.
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Fig. 9. Nominal NPP [g C m− 2 day− 1] plotted against the mean of associated NPP uncertainty distribution [g C m− 2 day− 1] in (a) January and (b) July 2005 (gray dots). The black line
in each scatterplot represents perfect agreement between the two sets of values.

Supplementary Material). High values of the percentage bias were
somewhat more frequent at the weakly illuminated high latitudes in
winter, because the bias of F in the Monte Carlo simulations was
held ﬁxed, rather than proportional to a given F value, and was thus
relatively large for low F, which coincided with low irradiance. Because
this situation was rare and occurred only where NPP was extremely
low, its effect on the conclusions of the analysis is negligible. The
average percentage bias in any given month was ~ 6%, which, after
spatial and temporal integration, compounded to an overestimate of
2.5 Pg C in the global annual NPP of 46.1 Pg C (Pg = petagram = 1015 g)
for 2005. It should not be forgotten that cloudy areas, shelf regions and
bins with unreliable statistics did not contribute to this ﬁgure. The
average percentage bias would be larger if deﬁned relative to a more
robust statistic of central tendency, rather than the mean. We found
that replacing the mean by the median of the NPP uncertainty
distributions in this sense yielded, on average, a nearly 10 times larger
percentage bias. However, we regard the mean (i.e. NPPMC ) as a more
appropriate statistic in this context because, beside representing the
most frequent values in NPP uncertainty distributions, it takes into
account those that are less frequent but important nevertheless.
Since the standard deviation for uncertainty distributions of NPP
varied in proportion to the mean, it is more informative and
convenient to present the random uncertainty of NPP estimates in
relative terms, i.e. by the coefﬁcient of variation (CV). In any month of
2005, the vast majority of the CV values spanned between ~ 90% and
~ 125%, yielding an annual average of 108%. Maps of the CV showed
little geographic and temporal variability and are thus not displayed
here.
As the mean (i.e. NPPMC ) and standard deviation of NPP
uncertainty distributions (i.e. random uncertainty of NPP, RU(NPP))
were linearly related to the nominal NPP (Figs. S7 and S8,
Supplementary Material), we used the least-squares linear regression
to devise equations that describe the observed relationships:
NPPMC = −1:67 × 10
RUðNPPÞ = 6:01 × 10

−3

−3

gC m

−2

−2

gC m

−1

d

−1

d

+ 0:95 × NPP
+ NPP

ð9Þ
ð10Þ

These equations may enable approximate but fast evaluations of
bias and random uncertainty in the VGPM NPP estimates derived from
remote sensing. However, we advise some caution related to this,
because the limitations of our in situ data set compelled us to assume
that the input uncertainties were not variable in time and space, which
may be too simplistic (as will be discussed in Section 5). For example,
Siegel et al. (2001) found a similar bias (4%) for the VGPM when

evaluating its output against a global in situ NPP data set, but the bias
was much more pronounced (−38%) when only a subset of the data
corresponding to low chlorophyll concentrations was considered.
To assess the respective individual contributions of Chl, Pbopt and F
to the overall uncertainty in NPP estimates, we used the Monte Carlo
method in a manner that allowed the input quantities to vary
randomly one at a time, following the predetermined probability
density functions. While uncertainty in a particular input quantity
was simulated as explained in Section 4.1, all the remaining input
terms were kept ﬁxed at their nominal values for each repeat
calculation of NPP. This way, for a given bin in a given month, we
arrived at a frequency distribution that illustrated the component of
the overall uncertainty (i.e. the partial uncertainty) in NPP stemming
from the uncertainty in that input quantity only. This frequency
distribution was described by the mean and CV and, in turn, the mean
was used to compute (as explained above) the percentage bias in NPP
estimates that was solely due to the bias in the particular input
quantity. Table 2 lists the annual averages of NPP uncertainty
components (partial percentage bias and partial CV) originating
from uncertainties in (i) Chl, (ii) the product of Chl and Zeu, (iii) P bopt
and (iv) F. The annual averages are generally very similar to the
analogous monthly averages throughout 2005.
When only uncertainty in Chl was considered, Zeu was held ﬁxed at
the value computed from the nominal value of Chl. The outcoming
partial CV would constitute the contribution of Chl to the random part
of uncertainty in NPP if there were no correlation between Chl and Zeu.
The two, however, tend to be inversely related. In our study, an
explicit mathematical description of this relationship was employed
in NPP calculations (see Eqs. 2 and 3). From this description, it follows
Table 2
Overall and individual contributions of uncertainties in input quantities to the
uncertainty in NPP, expressed as global annual averages for 2005a.
Input quantity

Component of NPP uncertainty
Total percentage bias

Total coefﬁcient of variation

All

6%

108%

Chl
Chl × Zeu
b
P opt
F

Partial percentage bias

Partial coefﬁcient of variation

3%
6%
− 10%
12%

59%
37%
90%
23%

a
The component of uncertainty due to systematic effects is represented as
percentage bias, while coefﬁcient of variation represents the uncertainty component
originating from random effects. Explanation on how these components were
determined is given in the text (Section 4.2).
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that an overestimate in Chl leads to an underestimate in Zeu, and vice
versa. Therefore, when Zeu was allowed to follow the randomly
varying Chl in Monte Carlo simulations, it counteracted the impact of
Chl uncertainty, i.e. partial CV resulting from the random uncertainty
in the product Chl × Zeu was smaller than that due to Chl alone.
However, no counteracting effect was found for the partial percentage
bias. In fact, the bias was larger when Zeu was allowed to vary than
when it was ﬁxed (Table 2). Possible reasons for this may be the
nonlinearity of the function describing the relationship between Chl
and Zeu, as well as the nonlinear nature of multiplication between the
two variables.
Another counterintuitive ﬁnding is that negative partial percentage bias in NPP originated from a positive bias in P bopt. This is explained
by the fact that uncertainty in P bopt was simulated using the
assumption of normality on log10 scale, but the normal distribution
had to be antilogarithmically transformed to enable the VGPM
calculations. The mean of the normally distributed log10 values was
determined by subtracting BLOG(P bopt) from the logarithm of the
nominal P bopt value (see Eqs. A9 and A12 in Appendices A and B,
respectively). However, this correction for bias in P bopt was outweighed by the impact of the antilogarithmic transformation on the
mean of the resulting lognormal distribution. This statistic is deﬁned
not only by the mean, but also by the standard deviation, of the
corresponding normal distribution (Thöni, 1969). Generally, if the
mean and standard deviation of a normal distribution are respectively
symbolized as x and s, and the logarithm base equals 10, then the
mean of the analogous lognormal distribution (y) is given by the
2
relation y = 10 x + 0:5 lnð10Þs . Since s (i.e. RMSDLOG
0 ; see Eq. A6 in
Appendix A) of the normal distribution that described the uncertainty
in P bopt was rather large (0.33), the term 0.5 ln(10)s2 exceeded the
correction for bias BLOG. Therefore, y surpassed the nominal value of
P bopt and, in turn, the mean of NPP uncertainty distribution was greater
than the associated nominal NPP value. Whereas the same method
was used to simulate and propagate the uncertainty in Chl, in that case
s (or RMSDLOG
0 ) was appreciably smaller and thus able to only partially
offset (but not outbalance) the effect of bias correction.
5. Discussion and conclusions
We restricted our analysis of uncertainty propagation through the
VGPM to one arbitrarily chosen calendar year, due to substantial
computational demands of the Monte Carlo simulations. Nevertheless, we do not expect that multiannual simulations would bring any
signiﬁcant changes to our results, because the relative measures of
NPP bias and random uncertainty, as well as the statistics describing
the shape of NPP uncertainty distributions, were generally uniform
both in time and space.
The analysis showed that an output value of the VGPM was
typically overestimated by 6%, whereas the representative measure of
its random uncertainty was 108%. These values apply to a period of
1 month and 9 km × 9 km bin size. Considering greater spatial/
temporal scales would reduce the random uncertainty. However,
there is no analogous possibility of reducing the bias. We thus found
that the systematic positive errors in the individual NPP estimates
accumulated to yield an overestimate of 2.5 Pg C in the annual global
NPP for 2005. This ﬁgure could have been even larger if we had
performed cloud correction and taken into account the continental
shelf, whose relative contribution to global marine NPP exceeds the
associated share in global ocean surface area (Ducklow & McCallister,
2005; Wollast, 1998). Besides, shallow waters generally present an
additional challenge to both NPP algorithms (Saba et al., 2011) and
ocean color remote sensing (e.g. Gregg et al., 2009 found a larger bias
in SeaWiFS Chl over the coastal ocean).
While a number of NPP algorithms were shown to be substantially
biased (e.g. Campbell et al., 2002; Friedrichs et al., 2009; Saba et al.,
2010; Saba et al., 2011), the relatively low average bias of 6%, which

we found for the VGPM, is in good agreement with the ﬁndings of a
few previous studies for this model. Siegel et al. (2001) compared the
VGPM NPP estimates with the global in situ NPP data set used in the
model development, and reported a mean bias of 4%. Friedrichs et al.
(2009), who evaluated the skill of several VGPM variants using ~ 1000
in situ NPP measurements in the tropical Paciﬁc, found that the
variant apparently analogous to the one used in our study was
associated with the median bias of 6% (i.e. the median of the ratio
between the modeled and in situ NPP values equalled 1.06).
The adverse effect of bias in NPP estimates derived from remote
sensing on, for example, ensuing estimates of the anthropogenic carbon
uptake by ocean biota or assessments of export production, is obvious. It
is, therefore, of particular importance to identify and neutralize the
sources of such a bias. Campbell et al. (2002) suggested that bias in
satellite-based NPP ﬁelds may be removed by blending them with in situ
data, following a method used by Gregg and Conkright (2001).
Nevertheless, it should be noted that in situ NPP assessments
themselves are not entirely free from uncertainties (e.g. Falkowski &
Raven, 2007; Maestrini et al., 1993; Pemberton et al., 2006).
The common shape of uncertainty distribution around the VGPM
output resembled a lognormal probability density function. This result
supports the implicit assumption of lognormality in the studies of
Campbell et al. (2002), Friedrichs et al. (2009), Saba et al. (2010) and
Saba et al. (2011), which evaluated the performance of a group of NPP
models by comparing log10 transforms of coincident modeled and in
situ NPP values.
P bopt, which encapsulates the limitative effects of environment on
phytoplankton's physiological capacity to ﬁx carbon, contributed the
most to the random uncertainty in the VGPM NPP estimates. This
result is not unexpected, as several studies have indicated that P bopt is
the least well accounted for among the input terms in any depthintegrated model of NPP (Behrenfeld & Falkowski, 1997a; Behrenfeld
et al., 2002a; Siegel et al., 2001). The reasons for this were discussed in
detail by Behrenfeld et al. (2002b). In short, it is common to model
P bopt as a function of sea surface temperature (SST) alone, since this is
the only environmental determinant of phytoplankton's physiological
state that is measured routinely and synoptically. Yet, the potential of
temperature to directly limit algal photosynthetic capacity is far
weaker compared to the analogous physiological effects of light- and
nutrient availability. At the same time, SST can generally be related to
the availability of light and nutrients for photosynthesis. Thus, SST in
P bopt models acts primarily as a proxy for the other two environmental
factors. For instance, warm, permanently stratiﬁed ocean regions are
usually associated with plenty of light and nutrient scarcity, while the
opposite is largely true for cooler areas. Consequently, the success of a
temperature-dependent P bopt function hinges on how well it correlates
with the effect of the main photosynthesis-limiting factor in a given
moment and location.
Recently, efforts have been made to improve the description of
phytoplankton physiology in NPP algorithms by taking a more direct
approach to the modeling of the light- and nutrient-limitation effects
(Behrenfeld et al., 2005; Behrenfeld et al., 2002a; Westberry et al.,
2008). This approach, however, is not free from uncertainties either,
not least because it lacks appropriate observations and instead must
rely on climatological ﬁelds and products of ocean modeling (i.e.
mixed layer depth) to respectively determine nutrient- and lightstress conditions. For example, Milutinović et al. (2009) showed that
uncertainties in mixed layer depth input may considerably affect
assessment of photoacclimation and, in turn, quantiﬁcation of NPP. Saba
et al. (2010) also suggested the sensitivity to inaccuracies in mixed layer
depth as a likely reason for a reduced skill of this NPP modeling
approach, which they observed at the location of Bermuda Atlantic
Time-series Study, relative to the site of Hawaii Ocean Time-series.
Nevertheless, abandoning the temperature-only approach represents
an important step forward, with potential for improvements as
sustained autonomous proﬁling of oceanic nutrient concentrations,
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temperature and salinity (Dickey et al., 2009; Roemmich et al., 2009)
becomes available with sufﬁcient temporal and spatial coverage, and as
the modeling of ocean mixing advances.
The average contribution of Chl to the random uncertainty in NPP
estimates was two thirds of that from P bopt. We must mention that the
uncertainty metrics ascribed to the monthly Level-3 Chl were
evaluated for daily Level-3 values (for details, see the report of
Gregg et al. (2009)). Ideally, a monthly Level-3 value is produced by
averaging 30 daily Level-3 values. This would most probably narrow
the random uncertainty of the monthly average by counterbalancing
of individual errors. In an ideal case of errors being normally
distributed,
pﬃﬃﬃﬃﬃﬃ the reduction in the uncertainty would be proportional
to 1 = 30. Nevertheless, cloudiness often reduces the number of
SeaWiFS ‘reviews’ to appreciably less than 30 (Campbell et al., 2002).
We therefore assume that this counterbalancing effect is relatively
weak.
The Chl-related random uncertainty became smaller when
examined jointly with Zeu, due to the effect known as ‘compensating
errors’ (Taylor, 1997), i.e. some of the uncertainty was canceled by
using Chl as the predictor of Zeu. Sensitivity analyses, respectively
performed by Campbell et al. (2002), Carr et al. (2006) and Friedrichs
et al. (2009) on a suite of NPP models, found that the typical model
response to perturbations in input Chl is less than proportional. This
implies that NPP models in general involve some nonlinear behavior,
which, by and large, dampens the impact of Chl uncertainty.
Predicting Zeu from Chl meant that Zeu uncertainty was implicit in
Chl uncertainty. However, recent progress in inference of water's
inherent optical properties from ocean color remote sensing makes it
possible to relate Zeu directly to absorption and backscattering
coefﬁcients (Lee et al., 2005). Being applicable to both Case-1 and
Case-2 waters, this analytical approach is, in principle, superior to the
empirical, Chl-based methods. Indeed, the results of Lee et al. (2007),
based on a small data set (n = 64), suggest that the new ‘Chlbypassing’ methodology may substantially decrease uncertainties
associated with Zeu estimates. Nonetheless, a much larger number of
globally representative in situ data are needed to assess these
uncertainties with conﬁdence, as well as to estimate the covariance
between Zeu and Chl, before they can be propagated through an NPP
model.
In comparison to other input quantities, F was responsible for the
smallest part of the random uncertainty in NPP. Moreover, the results
of the two F functions we analyzed showed identical RMSD0. These
ﬁndings are in agreement with those of Behrenfeld and Falkowski
(1997a), who tested the effect of various irradiance-dependent
functions by comparing analogous modeled NPP values with
coincident in situ NPP data. They reported the same high correlation
between the modeled and observed NPP (r2 = 0.86) for nearly all of
the F functions, including those considered in our study. However,
while correlation analysis does indicate, albeit indirectly, RMSD0
related to an F function, it does not carry any information on the
function's bias. Behrenfeld and Falkowski (1997a) did not present any
measure of such a bias, but our results suggest that irradiancedependent functions may differ substantially in their tendency to
overestimate F. This could perhaps be related to the assumptions
about photoinhibition, which are built into those functions. Although,
in comparison to Pbopt and Chl, decreasing the RMSD0 of F promises
just a modest improvement in NPP estimates, our ﬁndings lead us to
expect a considerably larger beneﬁt from reducing bias associated
with F functions.
The ranking order of the input quantities in terms of their
contributions to the bias in NPP differed from the analogous ranking
related to the random uncertainty in NPP (see Table 2). This, in itself,
is not peculiar, because the bias and random uncertainty of a quantity
need not be correlated. However, we observed unintuitive outcomes
in the propagation of bias for the product Chl × Zeu and P bopt,
respectively, that could be related to nonlinear effects involved in
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both the VGPM and our statistical approach. The nonlinearity can
explain, for example, the remarkable difference in the separate
contributions of Chl and P bopt to the NPP bias (3% versus − 10% on
average), a result that could not be foreseen from the similarity in the
respective biases of the two input terms (Table 1). Although Chl alone
was the least prominent source of the NPP bias, its average
contribution to the bias of NPP doubled when regarded together
with Zeu. In that respect, it may prove helpful to replace the standard
SeaWiFS Level-3 Chl with Chl estimated using an approach devised by
Gregg et al. (2009), which, they reported, leads to a great reduction in
Chl bias. The bias of F was not assessed for logarithmic transforms, but
rather for values on a linear scale, and thus cannot be compared with
the individual biases of Chl and P bopt to determine whether it ranks the
same as its contribution to the bias of NPP.
Sources of uncertainty prior to the level of the direct input terms for
the VGPM were not considered, i.e. we regarded PAR and SST as
uncertainty-free. Although this assumption is idealized, some previous
studies lead us to believe that including uncertainties in PAR and SST
would not change our results considerably. For instance, Behrenfeld and
Falkowski (1997a) argued that variability in PAR, in its capacity to
dictate the relative depth of light saturation, has a rather small impact on
changes in NPP. Carr et al. (2006) found an overall minor response of the
VGPM to perturbing PAR at 11 locations representative of all ocean
basins. Similarly, the VGPM was much less sensitive to PAR perturbations than the rest of NPP models analyzed by Friedrichs et al. (2009)
in the tropical Paciﬁc. This is also suggested by our results for
propagation of uncertainty in F, the explicit function of PAR in the
VGPM. The relative insensitivity of the VGPM NPP to PAR can be
explained as follows: The F functions analyzed here (Fig. S9, Supplementary Material), as well as many others (cf. Fig. 2 in the work of
Behrenfeld and Falkowski, 1997a) display a steep, nearly linear increase
at the low end of PAR range, but inﬂect at PAR of ~5 to ~10 mol
photons m− 2 day− 1, after which the rate of increase in F with PAR
gradually approaches a plateau. An inspection of monthly Level-3 PAR
values observed by SeaWiFS during 2005 showed that a major part of
the world ocean receives more than 10 mol photons m− 2 day− 1 of
solar radiation in the photosynthetic waveband. As a consequence, NPP
estimates in most of the ocean are quite robust to ﬂuctuations of PAR on
the order of ±3.3 mol photons m− 2 day− 1, which is the RMSD yielded
in an evaluation of monthly averaged SeaWiFS PAR by Frouin et al.
(2003). In the tropical Paciﬁc, even PAR perturbations as large as
±10 mol photons m− 2 day− 1, to which Friedrichs et al. (2009) exposed
the VGPM, did not change the RMSD between the VGPM and in situ
NPP by more than 5%. The simple sensitivity analysis of Friedrichs et al.
(2009) also involved perturbations of SST by ±1 °C. Again, this had
only a small impact on the VGPM performance in the tropical Paciﬁc,
yielding at most 7% change in the RMSD (although the impact was twice
as large on some VGPM variants). Carr et al. (2006) observed a
larger sensitivity of the VGPM NPP to altering SST at the selected 11
representative points, but their SST alterations were on the order
of several °C and thus appreciably larger than the typical uncertainty in daytime MODIS Aqua SST observations (bias= −0.02 K,
RMSD0 = 0.52 K), estimated by Minnett et al. (2004) in a global
evaluation study (n = 8211).
The statistical approach applied here relies on the selection of
reference data, which imposed constraints on the outcome of our
study. Unfortunately, we did not have access to a sufﬁciently large
number of independent data and so a sizeable portion of the data set
we used consisted of ﬁeld measurements employed in the development of the VGPM. Consequently, our evaluation can be considered to
have placed lower bounds on the uncertainty estimates for the Pbopt
and F functions devised by Behrenfeld and Falkowski (1997b).
Another limitation of the data set was its uneven spatial distribution.
This left us with no possibility to statistically weight the uncertainty
estimates, in order to make them more representative of the entire
ocean. Since the skill of various NPP models has been shown to vary
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regionally (Campbell et al., 2002; Saba et al., 2011), a good data
coverage of all major ocean basins would have also presented us with
an opportunity to look for potential regional patterns of over- and
underestimates. An ideal reference data set would also have enabled
an exploration of possible seasonal biases in NPP estimates. Instead,
we had to assume the uncertainties were not spatially and temporally
autocorrelated. Furthermore, our data set encompassed measurements taken mostly prior to the 1990s. The analysis would have
beneﬁted from a larger number of more recent reference data, since
we would have been able to investigate whether the uncertainties in
P bopt and F changed interdecadally. This is a likely possibility, judging
from the study of Friedrichs et al. (2009), which analyzed the
performance of 21 satellite-based NPP models in the tropical Paciﬁc
and found that none of them was successful in reproducing
interdecadal changes observed in situ. Such data set limitations are
a common problem facing globally oriented studies of the marine
biosphere (Richardson & Poloczanska, 2008). Concerted, dedicated
efforts, such as building of long-term international observational
networks and liberalization of data-sharing policies, are needed to
ameliorate this situation.

expressed either in measurement units of a given quantity (RMSD0),
LOG
in relative terms (RMSDREL
0 ) or on a log10 scale (RMSD0 ), depending
on the selected type of difference between MOD and REF:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 n
RMSD0 =
∑ ðδ −BÞ2
n−1 i = 1 i
REL
RMSD0

LOG
RMSD0

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

1 n  REL
∑ δ −BREL 2
=
n−1 i = 1 i

For the purpose of quantifying uncertainty in a given input term,
we compared a particular input model estimate (MOD) with a
coincident in situ measurement of the same quantity, which served as
reference (REF), by ﬁnding simple difference (δ), relative difference
(δREL) and logarithmic difference (δLOG):
δ = MOD−REF
REL

δ

LOG

δ

MOD−REF
=
REF

ðA1Þ
ðA2Þ





MOD
REL
= log10 δ +1
= log10 ðMODÞ− log10 ðREFÞ = log10
REF
ðA3Þ

All individual differences related to a given variable were collected
and arranged in a frequency distribution, which we treated as the
uncertainty distribution. The properties of the distribution determined what difference (i.e. δ, δREL or δLOG) was selected for further
work. We chose the type of difference whose distribution complied
best with normal probability distribution, because it can be reproduced easily in Monte Carlo simulations. Another advantage of using a
normal distribution is that its standard deviation has a clear meaning
in terms of probability (68% of the discrepancies fall within ±1
standard deviation of the mean discrepancy). The standard deviation
of a particular frequency distribution is, in fact, the zero-centered root
mean square difference. It was used as a measure of the portion of
input uncertainty associated with the natural variability, and

ðA6Þ

where n is the sample size and i the ordinal number of an item within
the sample. B, BREL and BLOG in Eqs. (A4)–(A6) represent the respective
values of bias, i.e. the mean discrepancy between MOD and REF:
B=δ=

1 n
∑ ðMODi −REFi Þ
n i=1


ðA7Þ

MODi −REFi
REFi



REL

= δREL =

1 n
∑
n i=1

LOG

= δLOG =

1 n
∑ ½ log10 ðMODi Þ− log10 ðREFi Þ
n i=1

B

Appendix A. Methodological details of determining uncertainties
in input quantities for the VGPM
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Appendix B. Summary of the Monte Carlo method
The Monte Carlo method, used to propagate input uncertainties
through the VGPM, can be summarized by the following mathematical notation, where random values are indicated in bold type,
nominal values in light type and N symbolizes a particular normal
probability distribution, whose mean and standard deviation are
given in square brackets:
log10 ðChlÞ e N ⌊ log10 ðChlÞ−B

LOG

ðChlÞ; RMSD0 ðChlÞ⌋
LOG

ðA10Þ

Zeu = f ðChlÞ

ðA11Þ



h





i
b
b
LOG
b
LOG
b
Popt ; RMSD0
Popt
log10 Popt e N log10 Popt −B
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F e N ½F−BðF Þ; RMSD0 ðF Þ
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b
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Appendix C. Supplementary data
Supplementary data to this article can be found online at
doi:10.1016/j.rse.2011.03.013.
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