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Abstract

Satellite-derived phytoplankton pigment absorption (aph) has been used as a key predictor of phytoplankton
photosynthetic efficiency to estimate global ocean net primary production (NPP). In this study, an aph-based NPP
model (AbPM) with four input parameters including the photosynthetically available radiation (PAR), diffuse
attenuation at 490 nm (Kd(490)), euphotic zone depth (Zeu) and the phytoplankton pigment absorption coefficient
(aph) is compared with the chlorophyll-based model and carbon-based model. It is found that the AbPM has
significant advantages on the ocean NPP estimation compared with the chlorophyll-based model and carbon-
based model. For example, AbPM greatly outperformed the other two models at most monitoring sites and had
the best accuracy, including the smallest values of RMSD and bias for the NPP estimate, and the best correlation
between the observations and the modeled NPPs. In order to ensure the robustness of the model, the uncertainty
in NPP estimates of the AbPM was assessed using a Monte Carlo simulation. At first, the frequency histograms of
simple difference (δ), and logarithmic difference (δLOG) between model estimates and in situ data confirm that the
two input parameters (Zeu and PAR) approximate the Normal Distribution, and another two input parameters (aph
and Kd(490)) approximate the logarithmic Normal Distribution. Second, the uncertainty in NPP estimates in the
AbPM was assessed by using the Monte Carlo simulation. Here both the PB (percentage bias), defined as the ratio
of ΔNPP to the retrieved NPP, and the CV (coefficient of variation), defined as the ratio of the standard deviation
to the mean are used to indicate the uncertainty in the NPP brought by input parameter to AbPM model. The
uncertainty related to magnitude is denoted by PB and the uncertainty related to scatter range is denoted by CV.
Our investigations demonstrate that PB of NPP uncertainty brought by all parameters with an annual mean of
5.5% covered a range of –5%–15% for the global ocean. The PB uncertainty of AbPM model was mainly caused by
aph; the PB of NPP uncertainty brought by aph had an annual mean of 4.1% for the global ocean. The CV brought
by all the parameters with an annual mean of 105% covered a range of 98%–134% for global ocean. For the coastal
zone of Antarctica with higher productivity, the PB and CV of NPP uncertainty brought by all parameters had
annual means of 7.1% and 121%, respectively, which are significantly larger than those obtained in the global
ocean. This study suggests that the NPPs estimated by AbPM model are more accurate than others, but the
magnitude and scatter range of NPP errors brought by input parameter to AbPM model could not be neglected,
especially in the coastal area with high productivity. So the improving accuracy of satellite retrieval of input
parameters should be necessary. The investigation also confirmed that the SST related correction is effective for
improving the model accuracy in low temperature condition.

Key words: marine net primary production, phytoplankton pigment absorption, satellite remote sensing,
uncertainty analysis, Monte Carlo simulation

Citation: Tao Zui, Ma Sheng, Yang Xiaofeng, Wang Yan. 2017. Assessing the uncertainties of phytoplankton absorption-based model
estimates of marine net primary productivity. Acta Oceanologica Sinica, 36(6): 112–121, doi: 10.1007/s13131-017-1047-8

1  Introduction
Estimation of marine net primary productivity (NPP) is an im-

portant component of global biogeochemical cycling analyses.

Nearly half of the global photosynthetically fixed carbon is de-

rived from ocean phytoplankton (Behrenfeld et al., 2001;

Falkowski et al., 1998; Milutinović et al., 2009). The NPP has

already been studied for many years, and it is closely related to

the study of global climate processes (Bianchi et al., 2005). NPP is

traditionally measured by ships, but the geographic and tempor-

al coverage of a ship is limited by the high cost of shipboard

measurements (Milutinović and Bertino, 2011; Carr et al., 2006;

Saba et al., 2010). Fortunately, with the development of satellite

technology, inversion methods for NPP based on remote sensing

data were gradually developed (Saba et al., 2010; McClain et al.,

1998). These methods would greatly improve the efficiency of

NPP estimation (Friedrichs et al., 2009).  
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Many satellite-based NPP models have been previously pro-
posed (Saba et al., 2011; Friedrichs et al., 2009; Siegel et al., 2001;
Antoine and Morel, 1996; Longhurst et al., 1995; Ondrusek et al.,
2001; Platt and Sathyendranath, 1993; Westberry et al., 2008;
Behrenfeld and Falkowski, 1997). Most of these models are based
on the chlorophyll a concentration (Chl) and the phytoplankton
carbon biomass (C). Recently, many field measurements have
demonstrated that variations in productivity are more closely re-
lated to phytoplankton absorption than to chlorophyll a concen-
tration (John Marra et al., 2003; Medina-Gómez and Herrera-Sil-
veira, 2006; Muller-Karger et al., 2001). Researchers have also in-
dicated that the absorption of phytoplankton can be used to
build more reasonable NPP models (Lee et al., 1996; Hirawake et
al., 2011). Thus, an aph-based NPP model (AbPM) was rapidly de-
veloped and successfully applied to the regional ocean NPP cal-
culations (Ma et al., 2014; Lee et al., 2011).

However, several problems still exist for the global use of the
AbPM model (Ma et al., 2014). Net primary productivity fields,
derived from satellite observations of ocean color, should be
commonly published with relevant information on uncertainties.
Many studies have investigated the precision of the Chl~ and C~
NPP model and the uncertainty of the input parameters (Saba et
al., 2010; Friedrichs et al., 2009). Unfortunately, there is insuffi-
cient research on these issues for the AbPM model. According to our
research, the AbPM model may possibly overestimate NPP in the
coastal zone areas (especially for the coastal zone around Antarc-
tica). The possible reason for this phenomenon is that properties
of phytoplankton may be more complex in these areas. Some
studies also indicate that phytoplankton cell size, iron content,
nutrients and the sea surface temperature may affect the envir-
onmental adaptability of phytoplankton, which would in turn af-
fect the aph based model’s stability (Sunda and Huntsman, 1997;
Kiefer and Cullen, 1991; Marañón et al., 2012). Nevertheless,
these possible reasons should to be examined further.

In this study, we investigated the factors which may affect the
accuracy of the AbPM model. Comparisons and validation of
model outputs versus in situ data were performed for the AbPM
model and other two models. The Monte Carlo simulation was
used to assess the uncertainties of input parameters of the AbPM
model. The overall uncertainty and individual uncertainty of the
input parameters were evaluated and the impact of the input
parameters on the AbPM model was subsequently discussed. Ad-
ditionally, the influence of the sea surface temperature (SST) on
the AbPM model was also be considered. A temperature func-
tion was used to revise the limitation of low temperature in the
model. Then quantitative analysis was used to detect the causes
of errors in the accuracy of the AbPM model, which would be
helpful for the improvement of the model.

2  Data and methods

2.1  Remote sensing data
Moderate Resolution Imaging Spectroradiometer (MODIS)

products were collected as the input datasets, which included
photosynthetically available radiation (PAR), diffuse attenuation
at 490 nm (Kd (490)), euphotic zone depth (Zeu) and the phyto-
plankton pigment absorption coefficient (aph (λ)). All of these
products covered the period from January 2003 to December
2012, and the spatial resolutions were re-sampled to 9 km. In
these products, monthly averaged data were used to calculate the
monthly averaged NPP, and daily data synchronized with in situ
data were used for validation. Nitracline depths (Zno3) were cal-
culated from monthly climatological nutrient data obtained from
the World Ocean Atlas and defined as the depth where nitrate +
nitrite first exceeded 0.5 μmol/L (Garcia, 2010).

2.2  In situ data
Various NPP in situ  data were collected from different

projects during the period between 2003 and 2012. After match-
ing with satellite-derived data, 773 NPP sample sites over six re-
gions (HOT, BATS, CALCOFI, DYFAMED, AMLR and WAP) were
finally chosen (Table 1). These in situ data were measured based
on dawn-to-dark in situ 14C incubations from the surface to the
1% light-level at various depth intervals. At some time-series
monitoring sites (such as HOT, BATS and CALCOFI), NPP meas-
urements were generally conducted monthly (HOT and BATS) or
quarterly (CALCOFI). At several ship monitoring sites (DY-
FAMED, AMLR and WAP), NPP was measured during navigation.
Figure 1 shows the locations of all the NPP in situ measurement
stations. The in situ measurements for four parameters (aph (λ),
PAR, Kd (490) and Zeu) were collected from the website of Sea-
WiFS Bio-optical Archive and Storage System (SeaBASS).
Samples of aph (λ) over the 400–700 nm spectral region were
measured in collected water samples using the GF/F filter-pad
transmission technique (Marra et al., 2007). In this article, in situ
data of four parameters were only used for error detection and
analysis of the MODIS products. Figure 2 shows the locations of
in situ measurement stations for all input parameters.

2.3  AbPM model
The availability of operational aph production and field in-

vestigations has encouraged investigators to apply satellite-de-
rived data to estimate NPP on a global oceanic scale. The follow-
ing is a spectrally integrated formulation for AbPM at depth z (Ma
et al., 2014):

NPP (z) = Ámax
K m

K m+ E (z)
[¹aph (z)£ E (z)£

exp (¡º£ E (z))] ; (1) 

where NPP is net primary productivity, z is depth, and all the
parameters are listed in Table 2. In Eq. (1), E (z) is the integration
of downwelling solar irradiance, which can be calculated as fol-
lows (Ricchiazzi et al., 1998):

Table 1.   Description of each region which was selected as the NPP field data
General region Program Ecosystem type Count Sampling time range (year/month) Spatial coverage NPP method

Northeast Atlantic Ocean BATS subtropical gyre 91 2003/01–2010/12 single station in situ

North Pacific Ocean HOT subtropical zone 78 2003/01–2010/12 single station in situ

California Coast CALCOFI temperate zone 38 2003/01–2012/03 single station in situ

Mediterranean Sea DYFAMED temperate basin 25 2003/03–2007/06 multiple stations on ship

Scotia Sea AMLR polar-continental shelf 171 2004/02–2008/09 multiple stations on ship

Southern Ocean WAP polar-continental shelf 370 2003/01–2011/02 multiple stations on ship
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E (z) =

700Z
400

E d (¸; 0)£ exp (¡K d (¸)£ z)d¸; (2) 

where Kd (λ) is the spectral diffuse irradiance attenuation coeffi-

cient, which can be calculated from Kd (490) using an empirical

model (Austin and Petzold, 1986):

K d (¸) = M (¸) (K d (490)¡ K w (490)) + K w (¸) ; (3) 

where M (λ) is a constant and Kw (λ) is the spectral diffuse irradi-
ance attenuation coefficient of pure water. In Eq. (2), Ed (λ, 0) is
the solar irradiance at the sea surface, which can be obtained
from the cloud-corrected surface PAR via the band decomposi-
tion method (Ricchiazzi et al., 1998):

E d (¸; 0) = PA R (¸; 0) = A £ PA R (0) ; (4) 

where PAR (0) is the sea surface PAR obtained from the MODIS
data, and A is a constant.

¹aph (z)
The phytoplankton pigment absorption coefficient spectrally

averaged over 400 to 700 nm, , is defined as (Lee et al.,
1996):

¹aph (z) =

700R
400

aph (¸; z)E d (¸; z)d¸

700R
400

E d (¸; z)d¸

¼

700R
400

aph (¸; z)d¸

700¡ 400
: (5) 

For satellite data, a rough approximation has been suggested
for use (Ma et al., 2014):

¹aph (z) ¼ aph (0) ; (6) 

where aph (0) is the spectrally averaged phytoplankton pigment
absorption coefficient just below sea surface at depth 0, which
can be calculated from satellite-observed absorption coefficients
at available satellite spectral bands:

aph (0)¼0:952£

5P
i=1

[(aph (¸i+1)+(aph (¸i))£(¸i+1¡¸i) =2]

667¡ 412
;

(7) 

where i is the MODIS band number and wavelength from λ1 to λ5

is 412, 443, 488, 531, 547 and 667 nm, respectively. Here 0.952
was derived from the MODIS remote sensing data in this study by
using the same method given by Ma et al. (2014) and Hirawake et
al. (2011).

The AbPM model was based on Eqs (1)–(3) and the depth-in-
tegrated NPP can be expressed as

NPP =

Z euZ
0

NPP (z)dz; (8) 

where Zeu is the euphotic zone depth, which can be detected by
MODIS. The detailed processing scheme for the input paramet-
ers and the whole framework of the model can be found in previ-
ous studies (Ma et al., 2014; Lee et al., 1996). Based on Eqs
(1)–(4), the AbPM model of NPP can be expressed as

NPP = f (aph (0) ;K d (490) ;Z eu;PA R (0)): (9) 

The error of AbPM-output of the NPP caused by the four in-
put parameters was quantitatively assessed in this study.

2.4  Model performance
The overall performance of AbPM model was evaluated in

terms of both bias and variability following the method of
Friedrichs et al. (2009). The log normalized bias (B), the root
mean square difference (RMSD), and the signed unbiased RMSD
(uRMSD) of NPP were calculated as follows:

Table 2.   List of input parameters
Symbol Definition Unit

λ wavelength nm

z depth m

¹aph(z) phytoplankton pigment absorption
coefficient spectrally averaged over 400–
700 nm at depth z

m-1

aph(0) phytoplankton pigment absorption
coefficient spectrally averaged at
available satellite bands, just below
sea surface at depth 0

m–1

Φ quantum yield of phytoplankton
photosynthesis

mol/mol (carbon:
photons)

Φmax maximum value for quantum yield mol/mol (carbon:
photons)

Km irradiance where Φ reaches the half
of its maximum value

μW/(cm2·nm)

Ed(λ, z) downwelling solar irradiance at depth z
and wavelength λ

μW/(cm2·nm)

E(z) integration of downwelling solar irradi-
ance Ed(λ, z) over wavelength range
400–700 nm at depth z

μW/cm2

ν photoinhibition parameter (μW/cm2)–1

 

Fig. 1.   Locations of the in situ NPP measurements: blue dots for
the long term monitoring sites, red and purple dots for the ship
monitoring sites.

 

Fig. 2.   Locations of the in situ data used to assess the input un-
certainties of aph (λ) (blue dots), PAR (green dots), Kd (490) (red
dots) and Zeu (black dots).
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B = log10 (NPPm)¡ log10 (NPPd) ; (10) 

R MSD =

vuut 1
N

NX
i=1

[log10 (NPPm (i))¡ log10 (NPPd (i))]
2 ; (11) 

uR MSD = sign (¾m¡ ¾d)£
p

R MSD 2 ¡ B 2 ; (12) 

where N is the number of samples at each site, NPPm is the
modeled NPP, and NPPd represents the in situ data at each site.
σm and σd are the standard deviations of log10 (NPPm) and
log10 (NPPd), respectively.

2.5  Uncertainty analysis of input parameters
For the purpose of this section, we assumed that the AbPM

model itself was perfect; therefore, the uncertainties in the mod-
el inputs were the only sources of uncertainty in the output. The
input uncertainties were assessed using statistical methods
which took the simultaneous in situ data as the reference values.
For each input parameter, the discrepancy (δ) between a model
output and the coincident reference value was determined. The
mean value of discrepancy is represented by the bias (B), and the
standard deviations (σm and σd) reflect the remaining uncer-
tainty components. Next, we analyzed the characteristics of each
discrepancy and tried to find an appropriate frequency distribu-
tion as the uncertainty distribution. A detailed explanation of this
methodological approach with accompanying notation and
equations can be found in the work of Milutinović and Bertino
(2011).

Following the method proposed by Milutinović and Bertino
(2011), the simple difference (δ), logarithmic difference (δLOG),
bias (B), logarithmic bias (BLOG), root mean square difference
(RMSD) and logarithmic root mean square difference (RMSDLOG)
of each input parameter were calculated as follows:

B = ¹± =
1
n

nX
i=1

±i =
1
n

nX
i=1

(MOD i ¡ R E F i) ; (13) 

B LOG = ±LOG =
1
n

nX
i=1

[log10 (MOD i)¡ log10 (R E F i)] ; (14) 

R MSD =

vuut 1
n ¡ 1

nX
i=1

(±i ¡ B )2 ; (15) 

R MSD LOG =

vuut 1
n ¡ 1

nX
i=1

¡
±LOG

i ¡ B LOG
¢2
; (16) 

where MOD denotes the satellite observed data for the model
parameter and REF denotes the ship measured data of the cor-
responding parameter.

2.6  Uncertainty distribution of four input parameters and uncer-
tainty of NPP
Following the method proposed by Milutinović and Bertino

(2011), δ, δLOG, B, BLOG, RMSD and RMSDLOG of each input para-
meter were calculated. Our screening indicates that the uncer-
tainty distribution of each parameter follows these rules:

Z eu » N[Z eu¡ B (Z eu) ;R MSD (Z eu)]; (17) 

PA R » N [PA R ¡ B (PA R ) ;R MSD (PA R )] ; (18) 

log10 (aph (0)) » Nor
£

log10 (aph (0))¡ B LOG (aph (0)) ;

R MSD LOG (aph (0))
¤
; (19) 

log10 (K d (490)) » Nor
£

log10 (K d (490))¡ B LOG (K d (490)) ;

R MSD LOG (K d (490))
¤
; (20) 

where Nor is the symbol for the normal probability distribution;
PAR is the cloud-corrected surface photosynthetically available
radiation. Its mean and standard deviation are given in square
brackets. For example, the first item [log10 (aph (0))–BLOG (aph

(0))], in right side of Eq. (19), is the mean; the second item
[RMSDLOG (aph (0)] is the standard deviation. log10 (aph (0)) de-
notes the satellite remote sensing data for the phytoplankton pig-
ment absorption coefficient just below sea surface at depth 0 in a
grid cell, BLOG (aph (0)) denotes the mean value of logarithmic dif-
ference (δLOG), between the satellite observations and the ship
measured in situ data defined by Eq. (14). The standard devi-
ation for each grid cell is approximately replaced by the
[RMSDLOG (aph (0))] obtained from Eq. (16).

The Monte Carlo simulation is the most widely used ap-
proach to evaluate the uncertainties propagated through a mod-
el (Milutinović and Bertino, 2011). The core of the method is the
random sampling from pre-established uncertainty distributions
of the input parameters. The model was calculated repeatedly us-
ing the random input parameters to obtain an uncertainty distri-
bution for the model output. The uncertainty of model output
was related to the number of the random input data (Milutinović
and Bertino, 2011).

In this paper, the uncertainty of input parameters due to ran-
domicity was simulated based on the normal probability distri-
bution (i.e., the pre-established uncertainty distribution), de-
noted by Eq. (17) through Eq. (20). For each bin (i.e., grid cell),
1 200 random data points were simulated as pre-established un-
certainty distribution of the input parameters by using computer
software. During the process of input parameter simulation,
some generated unreliable values (i.e., Zeu<5 m or >180 m) were
removed (Morel and Maritorena, 2001). Because the input para-
meters could not be negative, simulated negative values were
also removed. After this quality control, a bin of each individual
dataset that contained less than 1 140 simulated data points (i.e.,
less than 95%, compared to 1 200 data points) was also aban-
doned. A total of 2.1% of the simulated datasets were disregarded
in this manner.

Based on the Eq. (13) through Eq. (20), the uncertainty of NPP
obtained via AbPM model can be expressed as

¢NPPi = NPP ¡MNPP = NPP ¡

nP
j=1

MNPPij

n
;

i = 1; 2; 3; 4; 5; n = 1 200; (21) 

MNPP
MNPP

where MNPP is calculated from AbPM using the Monte Carlo
simulated random arrays and NPP is retrieved from AbPM using
remote sensing data.  denotes the mean value for uncer-
tainty distributions of MNPP, where  represents the NPP
value without bias in the input quantities, because all four quant-
ities had been corrected for bias before the Monte Carlo simula-
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MNPP
MNPP

tions were carried out. In other words, NPP incorporates the ef-
fects of bias in input quantities, whereas  does not. There-
fore, the difference (ΔNPP) between  and NPP is defined
as the error caused by input parameter uncertainty. Here, i=1, 2,
3, 4 represents one of the four parameters of Eq. (17) through Eq.
(20) involved in one simulation, ΔNPPi (i=1, 2, 3, 4) reflects the
uncertainties brought by single parameter to the AbPM model in-
volved in one simulation, ΔNPP5 reflects the uncertainties
brought by all the parameters to the AbPM model. Therefore,
ΔNPP indicates how greatly the NPP is over- or under-estimated.

The percentage bias is defined as the ratio of ΔNPPi (i=1–5) to
the NPP retrieved by remote sensing data. The magnitude of per-
centage bias reflects the magnitude of the uncertainties brought
by each or all the parameters to the AbPM model compared with
the NPP retrieved via remote sensing. The positive or negative
percentage bias denotes whether this uncertainty increases or
decreases the NPP. The coefficient of variation (CV) is defined as
the ratio of the standard deviation to the mean. The magnitude of
CV reflects the width of the scatter range of the uncertainty
brought by the parameters to AbPM model, compared to the
mean. Both the percentage bias and CV indicate the uncertainty
in the NPP brought by each or all parameters to AbPM model.

2.7  Correction related to SST
According to Eppley (1972) and Kishi et al. (2007), the growth

rate of phytoplankton is related to temperature as follows (Kishi
et al., 2007; Eppley, 1972):

» (T) = a£ exp (kT) ; (22) 

where T is temperature (°C) and a and k are the coefficients de-
rived from the function of Eppley (1972). In this study, this func-
tion was used when the temperature was lower than 10°C, mainly
in the low temperature area in the Southern Ocean region. The
revised NPP model can be expressed as

NPPSST = NPP £ » (T) ; when T < 10±C: (23) 
The calculation result of the revised model was only used to find
out the influence of temperature on the AbPM model. And the
result was not used for validation and uncertainty analysis of
AbPM model.

3  Experimental

3.1  Validation
The NPP calculated via AbPM was compared with those cal-

culated by the other two existing models, Vertically Generalized
Production Model (VGPM) and Carbon-based Production Mod-
el (CbPM) (Westberry et al., 2008; Behrenfeld and Falkowski,
1997). The VGPM model and CBPM model are the commonly
used model for monitoring the primary productivity. Related
products can be downloaded from the following Web site:
http://www.science.oregonstate.edu/ocean.productivity/. The
accuracy of the three models was verified by comparing them
with the in situ data at six sites—HOT, BATS, CALCOFI, DY-
FAMED, AMLR and WAP (Table 1).

A histogram of the statistical parameters used for comparison
among the three models, AbPM, CbPM and VGPM is shown in
Fig. 3, which suggests that the overall performance of the AbPM
was the best at the long-term monitoring sites. As shown in the
figure, AbPM greatly outperformed the other two models at three
long-term monitoring sites (HOT, BATS, and CALCOFI) and had
the best accuracy, including the smallest values for RMSD,
uRMSD and Bias for the NPP estimate, which were obtained from
Eqs (10)–(12), and the best correlation between the observations
and the modeled productivity.

It is noteworthy that all three sites are located in the Northern
Hemisphere. However, at another three ship monitoring sites
(DYFAMED, AMLR and WAP), the three models performed simil-
arly, as shown in Fig. 3. Among the three sites, AMLR and WAP
sites are located in the Southern Ocean. The accuracy of the

 

Fig. 3.   Histogram of statistical parameters RMSD (a), R (b), uRMSD (c), and Bias (d) used for comparison among the three models:
AbPM (black), CbPM (gray) and VGPM (white), respectively. Here RMSD, uRMSD and Bias were obtained from Eqs (10)–(12), and R
denotes the correlation between the modeled NPP and observed NPP.
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model is obviously lower, especially at the AMLR and WAP sites
compared to those at the three sites that had long-term monitor-
ing. The maximum RMSD for the three models at three ship
monitoring sites with long-term monitoring was approximately
0.29, however, the RMSD for AbPM averaged at three long-term
monitoring sites was lower at 0.18.

The monthly averaged NPPs for the three models in January
(summer in the Southern Hemisphere) near the Antarctic Circle
are shown in Fig. 4, which suggests that the NPP derived from the
AbPM model near the Antarctic Circle was obviously higher than
those derived from the other two models. This finding also shows
that some uncertainty factors may lead to instability of the model.

3.2  Uncertainty analysis
A Monte Carlo simulation was used to model the propaga-

tion of uncertainties. First, the accuracy of the input parameters
was assessed by using in situ data. The bias (B) or logarithmic bi-
as (BLOG) and RMSD or logarithmic RMSD (RMSDLOG) for each
parameter are listed in Table 3 and shown in Figs 5a, c, e, and g.
The bias (B) or logarithmic bias (BLOG), and the root mean square
difference (RMSD) or logarithmic root mean square difference
(RMSDLOG) for the input parameters calculated by the method of
Milutinović and Bertino (2011) are shown at the top-left. The fre-
quency histograms of simple difference (δ), and logarithmic dif-
ference (δLOG) between model estimates and matching reference
in situ data confirm that the two input parameters (Zeu and PAR)
approximate the Normal Distribution, as shown in Figs 5d and h,
and another two input parameters (aph and Kd (490)) approxim-
ate the logarithmic Normal Distribution, as shown in Figs 5b and
f. In these figures, the frequency distribution of each variable is
shown as a frequency histogram of the simple difference (δ), or
the logarithmic difference (δLOG).

Based on above experimental method and the global remote
sensing data averaged during 2003–2012, the probability distribu-
tion for each parameter was obtained by using Eqs (17)–(20). The
satellite remote sensed NPP, as denoted by Eq. (8) and the differ-
ence ΔNPP5, as denoted by Eq. (21), were calculated using a ran-
dom dataset and a Monte Carlo simulation. Figures 6a and b
show maps of NPP for January and July, illustrating typical find-
ings for boreal winter/austral summer and boreal summer/aus-
tral winter, respectively. Because ΔNPP5 reflects the uncertain-

ties brought by all parameters to AbPM model, from Figs 6c and d
we can deduce that most of NPPs were overestimated by the
Monte Carlo simulation and underestimates occurred only
sporadically.

Table 4 contains the percentage bias (PB) and coefficient of
variation (CV) of the NPP uncertainty brought by each or all the
parameters to AbPM model for the global ocean and the coastal
zone of Antarctica, respectively. As shown in Table 4, the per-
centage bias (PB) of the NPP uncertainty brought by all paramet-
ers had annual mean of 5.5% for the global ocean. Calculation in-
dicated that, for the global ocean, over 90% of the percentage bi-
as (PB) of the NPP uncertainty brought by all the parameters
covered a range of –2%–9% and the total of the percentage bias
(PB) of the NPP uncertainty brought by all the parameters
covered a range of –5%–15%. As shown in Table 4, the CV brought
by all the parameters had annual mean of 105% for the global
ocean. Calculation indicated that, for global ocean, the total val-
ues of CV brought by all the parameters covered a range of
98%–134%. We also calculated the PB and CV values for the
coastal zone of Antarctica. The annual mean of the percentage
bias (PB) brought by all the parameters in coastal zone of Antarc-
tica was 7.1%, and this percentage bias (PB) reached the highest
value over 7.5% in summer of the southern hemisphere. The CV
brought by all the parameters in the coastal zone of Antarctica
also increased slightly compared to that in the global ocean as
mentioned above. The CV values of coastal zone of Antarctica
had an annual mean of 121% covered a range of 118% to 134%.

After assessing the total contributions of all of the parameters
(Zeu, aph (0), Kd (490) and PAR), the individual contribution of
each input parameter to the uncertainty was also estimated. As
mentioned above, a Monte Carlo simulation was used to gener-
ate random data for an input parameter following a predeter-
mined frequency distribution (Fig. 5), and the other three input
parameters were kept fixed for each repeated calculation. In this
way, partial uncertainties for each input parameter were ob-
tained. The percentage bias and CV caused by each individual
parameter for the global ocean and the coastal zone of Antarc-
tica were calculated and are listed in Table 4.

Table 3.   The uncertainties of input parameters that will be used
for assessing the uncertainties propagated through AbPM

Input parameter Scale Count Bias RMSD

aph logarithmic 319 0.071 0.218

Zeu linear 155 1.927 8.014

Kd(490) logarithmic 444 0.002 4 0.174

PAR linear 342 1.319 4.240

 

Fig. 4.   Depth-integrated NPP (mg/(m2·d), calculated by carbon) from three models (AbPM, CbPM and VGPM) for the Southern
Ocean in January. Values are climatological means for the periods from 2003 to 2012.
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Fig. 5.   Comparison of input parameter obtained from satellite observations with reference in situ data: aph (a), Zeu (c), Kd (490) (e)
and PAR  (g). The bias (B) or logarithmic bias (BLOG), and root mean square difference (RMSD) or logarithmic root mean square
difference (RMSDLOG) of input parameters are shown at the top-left. The frequency histogram of simple difference (δ), and logarithmic
difference (δLOG) between satellite observations and matching reference in situ data: aph (b), Zeu (d), Kd (490) (f) and PAR (h), which
are implying the normal distribution of two input parameters, Zeu and PAR, and the logarithmic normal distribution of another two
input parameters, aph and Kd (490) in AbPM.
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3.3  SST Correction
With the method in Section 2.7, SST was introduced into the

calculation for the coastal zone of Antarctica to revise the influ-
ence of low temperature on the AbPM model. Daily MODIS SST
products were used in the calculation of AbPM model. Then, the
bias and the RMSD of modified NPP were obtained to verify the
accuracy. According to our calculation, the RMSD of the SST re-
vised NPP at WAP and AMLR was less than 0.24 while that from
unrevised AbPM model was over 0.29. At the same time, the bias
from revised model also decreased from to 0.18 to 0.13.

4  Discussion
A comprehensive introduction to the AbPM model was previ-

ously given and the accuracy of the AbPM was further verified by
in situ data for many different ocean basins. As shown in Fig. 3,
the bias of NPP estimated by AbPM model is less than those by
the existing models (CbPM, VGPM), and the RMSD is also relat-
ively lower. Compared with the two other models, the AbPM has

an obviously better NPP estimate. Nevertheless, the AbPM mod-
el also has issues in some regions such as in the coastal zone of
Antarctica. During the summer in the southern hemisphere, the
NPP values in the coastal zone of Antarctica estimated by the
AbPM model were higher than those estimated by the other two
models (Fig. 4).

To gain more reliable information regarding the applicability
of AbPM model, further analysis of AbPM model was performed.
A survey on the uncertainty of the four input parameters was
completed based on worldwide field data. The input parameter
uncertainties were assessed using statistical methods and their
bias and RMSD values are listed in Table 3 and shown in Fig. 5.
Figure 5 also shows a comparison of four input parameter values
obtained from satellite observations with reference in situ data,
and a frequency histogram of the simple difference (δ), and the
logarithmic difference (δLOG) between the satellite observations
and matching reference in situ data, which approximates the
Normal Distribution. These frequency histograms confirm that

Table 4.   The percentage bias (PB) and coefficient of variation (CV) of the NPP uncertainty brought by each or all the parameters to
AbPM model for the global ocean (GO) and the coastal zone of Antarctica (CA), respectively. The uncertainty related to magnitude is
denoted by the percentage bias and the uncertainty related to scatter range is denoted by CV

Input parameter
Component of NPP uncertainty

Total PB (GO) Total CV (GO) Total PB (CA) Total CV (CA)

Total 5.5% 105% 7.1% 121%

Input parameter Partial PB (GO) Partial CV (GO) Partial PB (CA) Partial CV (CA)

aph 4.1% 68% 5.5% 86%

Zeu 1.1% 90% 1.2% 85%

Kd(490) –2.1%   73% –1.6%   79%

PAR 2.6% 56% 2.4% 54%

 

Fig. 6.   Satellite remote sensed NPP (mg/(m2·d), calculated by carbon) estimated by the AbPM using MODIS data averaged during
2003–2012 in July (a) and January (b), and the difference ΔNPP5 (mg/(m2·d), calculated by carbon) between MNPP and NPP are
obtained from Eq.  (21)  in  July  (c)  and January  (d).  Here  ΔNPP5  denotes  the error  caused by uncertainty  of  all  the  four  input
parameters. Gray color represents locations with no available remote sensing observations, continent, continental shelf and bins with
unreliable statistics.

  TAO Zui et al. Acta Oceanol. Sin., 2017, Vol. 36, No. 6, P. 112–121 119



aph and Kd (490) are very close to the logarithmic normal distri-
bution, and Zeu and PAR are very close to the normal distribution.
The distribution histograms for each input parameter are shown
in Fig. 5.

Following the predetermined probability density functions,
the quantitative uncertainty of the AbPM model output propag-
ated from the input parameters was calculated using the Monte
Carlo simulation. Table 4 shows that the percentage bias (PB)
had an annual mean of 5.5% for the global ocean which denoted
that the output value of AbPM was slightly overestimated. And
the coefficient of variation (CV) of the model was 105%, which
denoted the scatter range of uncertainty of NPP estimates. These
values apply to a period of one year and 9 km×9 km bin size.
Present NPP algorithms have met challenge when they were used
in the coastal waters (Saba et al., 2011). In this paper, we selected
the coastal zone of Antarctica for experiment. The statistical ap-
proach for coastal zone of Antarctica applied here relies on the
reference data (WAP and AMLR). For the coastal zone of Antarc-
tica, the annual mean of percentage bias (PB) was increased to
7.1%, the annual mean of CV was also increased to 121% signific-
antly. According to the above analysis, the adverse effect of bias
in NPP estimates derived from remote sensing data is obvious.
Therefore, it is importance to identify and neutralize the sources
of such a bias.

Next, the uncertainties of AbPM model from the four input
parameters were separately assessed. According to our calcula-
tion (Table 4), the partial percentage bias of AbPM caused by aph

(0), Zeu, Kd (490) and PAR were 4.1%, 1.1%, –2.1% and 2.6%, re-
spectively. Compared with the other three parameters, aph plays
more important role in the uncertainties of AbPM model. In ad-
dition, partial CV resulting from the uncertainty of Zeu was the
highest. Then, we have assessed the uncertainties caused by the
four input parameters in the coastal zone of Antarctica. Table 4
lists the partial percentage bias (PB) and partial CV originating
from uncertainties in the input parameters. It can be seen that,
partial percentage bias (PB) and partial CV have no obvious
changes for Zeu, Kd (490) and PAR. At the same time, the partial
percentage bias of AbPM caused by aph rose from 4.1% to 5.5%,
and the corresponding CV values also rose from 68% to 86%.
These changes indicated that the increase in the total bias for the
coastal zone of Antarctica was primarily caused by aph, and it also
made a major contribution to the increase of total CV.

¹aph (z)

The above analysis indicates that the accuracy of the aph prin-
cipally affects the bias of the NPP model. Several potential prob-
lems may cause a lower precision of aph. In Eq. (5), the  is
considered to be approximately equal to aph (0), a phytoplankton
pigment absorption coefficient just below sea surface at depth 0,
with ignoring vertical variations. This approximation may result
in errors of the estimated phytoplankton pigment absorption at
different depths (Gordon and Clark, 1980; Lee and Carder, 2004;
Ma et al., 2014). On the other hand, the high CV indicates that the
retrieved NPP was sensitive to the scatter range of the distribu-
tion of input parameters. Because the field data of input para-
meters were selected from a wide range, the corresponding
standard deviation was relatively higher. This property may
cause a higher CV. Therefore, a more reasonable and accurate
aph data should be valuable and corresponding processing meth-
od should be developed. Although the other three input paramet-
ers have less effect on the model than aph, higher quality data are
still needed. At the same time, more field data are necessary to
obtain the mean and standard deviation for the four parameters
in the different oceans. Thus, the randomicity of input paramet-

ers should be known more accurately.
The effect of the input parameters on model has been ana-

lyzed, and the results showed that the model’s accuracy was af-
fected by the uncertainties of input parameters. But, it did not in-
dicate that the model is only affected by the input parameters.
Some researchers found that input uncertainties can explained
more than a half of the mismatch between the model estimates
and field observations (Friedrichs et al., 2009; Saba et al., 2011;
Milutinović and Bertino, 2011). Here, we tried to find out the po-
tential factors that may affect the accuracy of the model. For ex-
ample, the quantum yield of photosynthesis is an important
parameter to AbPM model, but their values are related to the un-
certainties of nitrogen concentration. In fact, the quantum yield
of photosynthesis can be influenced by iron, phytoplankton size
and nutrients (Woźniak et al., 2007; Uitz et al., 2008; Hiscock et
al., 2008). Secondly, during the light-saturation season (summer
in the coastal zone of Antarctica), the low seawater temperature
may also limit phytoplankton photosynthesis (Reay et al., 2001).

To verify our hypothesis, a preliminary experimental study on
the effect of SST on NPP retrieval has been completed. According
to calculation, he RMSD and bias of NPP at WAP and AMLR were
significantly decreased when a correction related to SST was in-
troduced. The investigation confirmed that the SST related cor-
rection is effective for improving the model’s accuracy in low
temperature and light saturated waters.

The uncertainty analysis in Table 4 indicated that the AbPM
model has less accuracy in certain oceans such as the coastal
zone of Antarctica, compared with in the global ocean. This study
was trying to discover the reason. Our study indicated that aph, as
one of four input parameters, played more important role in the
uncertainty of the AbPM model output. Furthermore, we also
found that some other factors, such as the low temperature, may
also be important to the retrieved NPP errors. Future work
should be arranged to improve the AbPM model based on the
results of this study.
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