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Abstract

We examined the spatial and temporal variations in monthly primary productivity (PP; mg C m * day ') in the northern Arabian
Sea from 2015 to 2017 using the PP model (Vertically Generalized Production Model, VGPM) to identify and tag productivity
zones and seasons. The major objective was to validate the existing satellite algorithms and compare them with the regional
parameterization and further define the most accurate model for the region. The models use both in-situ chlorophyll-a (Chl-a),
SST, and euphotic depth (Z,,) (derived from Chl-a), and satellite-retrieved (photosynthetically available radiance, PAR and day
length, DL) variables as input parameters. The measured PP values showed significant intra-annual variations, and the maximum
was during December (3689.2 +505.3 mg C m % day ') and the minimum during August (2207.7 +202.2 mg C m > day ). The
linear regression depicted that the input variables (Chl-a, PAR, Z,,, DL) together explained 48.68% variation in the PP. The
chlorophyll-a showed significant variability in PP, followed by DL, PAR, and Z,,,. We tested three modified models with minor
modifications in input variables of basic VGPM. Among the models validated in the region, the VGPM-KI could explain 38.3%
of the variance with the in-situ PP data, followed by other models (range of variance explained from 18.7 to 38.3%). The average
model precision, as determined by RMSD and the bias, was lowest for the modified model (VGPM-KI, VGPM-BF, and VGPM-
E), but highest in case of models with satellite as a sole source of input variables (VGPM and EVGPM). In the northern Arabian
Sea, VGPM-KI and VGPM-E performed better than the other models. However, VGPM-KI overestimated the PP values when
compared to in-situ estimates. The biogeochemical cycles and ocean processes like coastal upwelling and winter convection by
winds, which are the key determiners for perennial productivity in the region, will also affect PP in the region.
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Introduction

The global oceans account for more than half of the Earth’s
carbon absorbed by photosynthesis and are also known for
their role in carbon sequestration and as an integral part of
the marine food webs. The marine primary productivity is
the proxy to global carbon budget analysis, whose proper
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estimation will give insights in ecosystem productivity at tem-
poral and spatial scales. Primary production (PP), represented
mainly by the marine phytoplankton in the ecosystem, is a
source of energy, which supports biological and fishery pro-
ductivity. The PP in a marine ecosystem are not static, rather
varies both in space and time. The variability in PP is mainly
influenced by environmental conditions like light radiation,
depth, nutrients, mixing processes, and sea surface tempera-
ture (SST). The organic matter synthesis of marine phyto-
plankton through the process of photosynthesis forms the base
of energy flow through trophic chain in the marine ecosystem.
The process of PP not only fuels biological growth and fish
productivity, but also regulates carbon uptake and release by
the ocean (Falkowski 1988). Hence, primary production is the
base of the marine food chain and acts as a vital entity in the
biogeochemical cycles in the ecosystem (Morel and Antoine
2002). The ability to estimate the PP at higher temporal and
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spatial scales has been revolutionized because of the ocean
color remote sensing, besides the data provided by in-situ
techniques (Eppley et al. 1987; Joo et al. 2016). The chloro-
phyll-a concentration could be accurately computed using
ocean color remote sensing satellite, wherein the optical prop-
erties are controlled mostly by phytoplankton and other fac-
tors like color dissolved organic matter (CDOM) and sedi-
ments (Murakami et al. 2006). Primary production can be
determined from the satellite-derived data, i.e., surface chlo-
rophyll, SST, and photosynthetically active radiation (PAR)
(Longhurst et al. 1995). Several models and parameters have
been proposed to estimate vertically integrated primary pro-
duction (Behrenfeld and Falkowski 1997a; Campbell et al.
2002; Carr et al. 2006).

The ocean color data generates many products to under-
stand the dynamics and prediction of primary production for
case 1 and case 2 waters. The standard algorithms engaged in
estimation of water-column primary production using
photosynthesis-irradiance relationships and rely on remotely
sensed chlorophyll-a, light attenuation, and estimated surface
irradiance. In case 1 waters, light attenuation in the water
column was reasonably well acceptable as a function of
chlorophyll-a concentration. In case 2 waters, the computation
of light attenuation was not accurate due to suspended sedi-
ments and dissolved organic matter as well IOCCG 2000).
The case II waters are in the vicinity of the coastal region
(approximately 20-30 m depth) and are more optically com-
plex and dynamic in productivity due to the organic and inor-
ganic constituents in the ecosystem and also for the typical
bio-geochemical processes (Vase et al. 2018). But the case II
waters are known for its productivity in the oceans because of
the shallow depths, light penetration, intense photosynthetic
activity, and proper mixing of nutrients and organic matter.
Attaining reliable PP measurements by satellites is often tricky
in the coastal case II waters due to the complex optical con-
stituents (sediments, CDOM, organic debris, land influences,
etc.). Fortunately, the emerging remote sensing techniques
have enabled long-term and broad-scale monitoring of PP in
the global waters. Various satellite models will yield a range
of results, depending mainly on the input parameters and
range of uncertainties/limitations of the region. Therefore,
the satellite-derived models should consider the peculiarities
of regional ecosystems to get good matchups of PP with in-
situ observations. The surface primary productivity was influ-
enced by low-salinity river water along with the year through
mechanisms associated with the western tropical Atlantic cir-
culation and vertical mixing (Gouveia et al. 2019).

In contemporary literature, a variety of satellite-derived
models like WIDI (wavelength- and depth-integrated), WI
(wavelength-integrated), semi-empirical were proposed for
the estimation of PP in different regions and ecosystems by
considering the variability in photosynthetic efficiency on
hydro-optical and biochemical conditions (Behrenfeld et al.
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2006; Smyth et al. 2005). In general, the ocean color models
differ in both their type (carbon-based versus chlorophyll-
based) and complexity (depth- and wavelength-integrated ver-
sus resolved). The modern method to estimate the large-scale
PP is to use coupled biogeochemical (BG) marine numerical
models, which provide the large-scale daily estimates of PP by
running at appropriate horizontal and vertical resolutions. The
BG models parameterize photosynthesis similar to the satellite
PP algorithms. Still, the fundamental difference between these
two approaches, however, is that satellite algorithms require
satellite estimates of surface chlorophyll and temperature as
input variables (McClain 2009). In contrast, BG models ex-
plicitly compute these fields (Gregg 2008). Recently, the abil-
ities of 36 models were evaluated to estimate the decadal
trends in NPP at two time-series stations in the North subtrop-
ical gyres of the Atlantic and Pacific Oceans (Saba et al.
2010). The Vertically Generalized Production Model
(VGPM) verified by the in-situ primary production data ex-
plained only 40% of the variability in the Sagami Bay, Japan.
The in-situ measurements during cloudy days point out that
the use of satellite data, which is restricted to sunny days,
overestimates primary production (Ishizaka et al. 2007).
Accurate PP estimates are crucial to understand the global
carbon cycles and many of the critical oceanic processes.
However, it is imperative to validate the performance of the
various PP algorithms with in-situ/ship born observations to
explain the reasons underlying the similarities/differences in
model outputs. Many such comparisons were carried out re-
cently as a part of the Primary Productivity Algorithm Round
Robin (PPARR) series funded by NASA (Campbell et al.
2002; Carr et al. 2006; Friedrichs et al. 2009; Saba et al. 2011).

Globally, over twenty models are in use for estimation of
the PP, and most of them use remotely sensed data for the
diverse ocean ecosystems. A few of these models have been
validated to find out their relative or absolute accuracy (Platt
et al. 1991; Behrenfeld and Falkowski 1997b; Campbell et al.
2002; Kameda and Ishizaka 2005; Carr et al. 2006; Friedrichs
et al. 2009; Saba et al. 2010; Saba et al. 2011; Tilstone et al.
2015; Lobanova et al. 2018; Regaudie-de-Gioux et al. 2019)
(Table 1). Usage of satellite-derived model input parameters
(Chl-a, PAR, SST, etc.) may lead to an inaccurate estimation
of PP when compared to the local field measurements
(Campbell et al. 2002). The in-situ values were used as input
parameters in the algorithms to arrive at accurate measure-
ments in the present study. Experimental cruise-based esti-
mates of PP over larger spatial and temporal scale are limited.
As aresult, continuous and long-term PP studies for the north-
ern Arabian Sea are rare. Various researchers studied the sea-
sonal variations in physical and chemical characteristics, nu-
trient dynamics in the network of coastal, and offshore waters
across the country (Mathew and Pillai 1990; Manikannan
et al. 2011; Temkar et al. 2015; Vase et al. 2018). The major
objective of this study was to compare the in-situ PP
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Table 1. Measurement and validation of satellite-based ocean color primary productivity models across the global regions
Ecosystem type Region of study Period of Primary production Model skill Reference
study (mg C m > dayfl) (test statistics)
Subtropical Northwest Atlantic Ocean 1989 978 + 235 RMSD 0.15+0.07  Doney et al., 1996
Temperate Northeast Atlantic Ocean 1993-1999  535+313 RMSD 0.33+0.08 Doney et al., 2007
Subtropical Northwest Atlantic Ocean—Sargasso 1988-2003 460 + 199 RMSD 0.34 +0.09  Saba et al. 2010
Sea
Temperate Black Sea 1992-1999 341 +197 RMSD 0.44 +£0.09 Kara et al., 2005
Temperate Mediterranean Sea 1990-2007 658 + 639 RMSD 0.42+0.06 D’Ortenzio et al., 2005
Tropical Arabian Sea 1995 1075 £ 373 0.22 £0.09 Saba et al. 2011
Subtropical North Pacific Ocean 19892005 489 + 149 RMSD 0.26 + 0.07  Friedrichs et al. 2009
Temperate Japan Sea 1998-2002 191 R?=0.967 Yamada et al. 2005
Tropical-subtropical ~ South China Sea 19982006 300 R?=10.705 Tan and Guang-Yu 2009
rim RMSE = 76.45
Polar Southern Ocean 1996-2006 1274 + 812 RMSD 0.33 Arrigo et al. 2008
Temperate Baltic sea 2008-2011 - R*=038 Malgorzata and Agata
2013
Tropical Sagami Bay, Japan 1999-2003  168-1961 R? = 0.434 Ishizaka et al. 2007
Temperate Northeast Atlantic Ocean 1998-2013  500-1500 r=10.66 Lobanova et al. 2018
RMSE = 0.56
Tropical/subtropical ~Sub-tropical gyre 20102011 125+62t04346+ R*=0.07100.53 Regaudie-de-Gioux et al.

193.5 2019

measurements with the five PP models (two satellite-based
and three modified variants of VGPM). Besides, the study
also proposes the most reliable model to estimate PP in the
region by improving the understanding of the similarities and
differences between the different models. The comparative
results between the models attempted in the present study will
also interest other researchers who aspire to execute satellite
estimates of PP in the region. The in-situ PP measurements
used to validate the modeled output to apply the effect of the
modified model in the northern Arabian Sea.

Methodology
Study area and sampling period

The Arabian Sea is one of the most productive oceans com-
pared to any other ocean in the world (De Sousa et al. 1996)
(Figure la). The region is known for its high nutrient levels,
light intensity, inflow of important nutrients from river runoff
and Aeolian dust, and consistently higher temperature. The
oceanographic processes like coastal upwelling during the
southwest monsoon and convective mixing because of the
surface winds during winter maintain higher productivity in
the study region (Vase et al. 2018). Samples were collected
from four different sampling stations perpendicular to the
coast up to 75 m depth, which comprised both case I and case
IT waters. Vessel-based PP measurements covering two sam-
pling locations, i.e., off Veraval (N = 100) and Okha (N = 104)

coasts along the northern Arabian Sea, were collected
(Figure 1b, 1c, and 1d) for 3 years (2015 to 2017). A total of
204 samples were analyzed from different locations during the
winter monsoon (N = 96) (November—February), spring inter
monsoon (N = 56) (March-May), summer monsoon (N = 28)
(June—September), and fall inter-monsoon (N = 24) (October)
to understand the seasonal variations in PP (DAHDF 2011).
Rough sea conditions during the peak monsoon months
(June—July) prevented sampling during this period.

In-situ sampling

The sea surface temperatures were measured using a mercury
thermometer and CTD probe simultaneously. In order to esti-
mate chlorophyll-a, samples collected from the different sam-
pling stations were allowed for filtration through 47 mm GF/F
filter paper. The filter paper was placed in a 90% acetone
solution and kept in darkness for 24 h in a refrigerator. The
extracted material was separated using a centrifuge (R 24
Research Centrifuge, REMI, India), and its absorbance con-
centration was calculated using a spectrophotometer
(EPOCH2TC Micro-plate reader, Biotech, USA) at different
wavelengths 750 nm, 665 nm, 645 nm, and 630 nm (Vase
et al. 2018).

Historically, several methods such as radiolabeled carbon,
rapid fluorescent-based, and O,/Ar ratio methods (Strickland
and Parsons 1968; Peterson 1980; Boyd et al. 1997; Lobanova
et al. 2018) were used for estimation of PP in marine ecosys-
tems. For the present study, the in-situ primary production was
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Figure 1. Map of the study area, i.e., a the Arabian Sea, b the northern Arabian Sea off Gujarat, ¢ off Okha coast, d off Veraval coast with sample
locations of the 204 in-situ PP measurements among two sampling stations during 2015-2017

measured by the Light and Dark bottle method with 3-h incu-
bations for stations S1, S2, S3, and S4. The water samples
were incubated for a suitable time at controlled illumination
and temperature (providing in-situ conditions). The water
samples (300 ml) for the dissolved oxygen (DO) estimation
were collected from just beneath the sea surface during 09:00
to 14:00 h of the sampling day. The estimates of DO from
replicates were very comparable and robust (SE < 0.05) and
hence found suitable for the estimation of NPP. The changes
in dissolved oxygen levels in the light bottles were expressed
as productivity in g C/unit volume/h and calculated as given
below (Gaarder and Gran 1927; Strickland and Parsons 1968).

(x—z) x 0.536
PO x t

where x is O, of the light bottle after incubation, z is O, of
light bottle initially fixed, PQ is the photosynthetic quotient
(1.25), and “t” is the number of hours of incubation (3 h). The
0.536 is conversion factor, which defines 1 ml O, released by
photosynthesis is equivalent to 0.536 mg C. The above value
should be multiplied by 10000 (assuming ten sunshine hours
affecting photosynthesis in a day) for the expression of

NPP = mg C/1/hr
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productivity in m> day '. Though 14C method is more pre-
ferred, reasonable results can be attained using Light and Dark
bottle method for the estimation of PP validation (Lan et al.
2020).

Satellite data

Remotely sensed PP data (VGPM) from 2015 to 2017 was
used to understand the spatial and temporal variation in the
northern Arabian Sea (20-24°N, 66—72°E). The 8-day com-
posite level 3 satellite data were retrieved from the OC-CCI
(Ocean Colour-Climate Change Initiative) database version 1
(Peters et al. 2019). The database was of chlorophyll-a con-
centration, and the downwelling diffuse attenuation coeffi-
cient at 490 nm was from the SeaWiFS and MODIS. The
PAR (8-day composite and level 3 data) was retrieved from
the Ocean Productivity (NASA’s OceanColor Web) database
(O’Malley 2019). The composite images had a spatial resolu-
tion of 4 x 4 km. For the calculation of Z,,, and the
downwelling diffuse attenuation coefficient at 490 nm (k)
was used. But, the satellite-derived k,; is a highly variable
parameter for the uncertainties in light penetration and reflec-
tion. Instead of %, an in-situ Chl-a data was used in the
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estimation of Z,,, to minimize the error. The day length (DL) is
a synonym of photoperiod (h) and was calculated using an
astronomical algorithm as a function of a latitude and a day
for a year (O’Malley 2019; Thorsen 2019). The euphotic
depth (Z,,) is a function of parameters like %, and surface
chlorophyll, which can be used independently to estimate
the same. The Z,, can be estimated with parameter k&, at
490 nm using the following equation, considering the radia-
tion at euphotic depth as 1% of what is available at the surface
(Morel et al. 2007).

, _Mn(100) 46
eu — kd - kd

where k,; is the downwelling diffuse attenuation coefficient
of solar radiation in water (mfl).

Depth of the euphotic zone (Z,,) is the depth where E,
decreases to 1%, which is estimated by surface chlorophyll
(Chl-ay,,) using the following equation (Morel and Berthon
1989).

c o _[380 (Cyat)™* when Cyu<1.0
tot — 0.507
40.2 (Csar)™™" when Cyy > 1.0
;[ 568.2(Ci1)=0.746 when Z,,<102
=9 200.0 (Cypr)—0.293 when Z,, > 102

where C,,, is the surface chlorophyll (mg m ) and C,,, is
the total chlorophyll (mg m™>).

The third approach used to estimate the Z,,, was by consid-
ering chlorophyll (Chl in mg m ) as an input variable in the
algorithm suggested by Ishizaka et al. (2007).

1
(0.0186 + 0.0072 x Chl)

Zeu =

In the present study, the second and third approaches
yielded similar Z,,, estimates deviating from the first approach,
which was calculated using k,; as an input variable. The Z,,
estimates by chlorophyll as input parameters were more reli-
able, and with minimum variance, hence, adopted in the
VGPM equations.

Primary production models

The PP in the Arabian Sea from 2015 to 2017 was estimated
using five different approaches, namely VGPM (Behrenfeld
and Falkowski 1997a, 1997b), Vertically Generalized
Production Model with Eppley parameterization (EVGPM,
Eppley 1972), and three modified versions of VGPM models.
The estimates from the first two methods are solely based on
satellite-retrieved input parameters, whereas the modified
VGPM models incorporate in-situ estimates of SST, chloro-
phyll a (Chl), and euphotic depth (Z,,). The updated model,
VGPM-BF estimates PBopt (maximum primary production per

unit of chlorophyll in the vertical profile) using function of
Behrenfeld and Falkowski 1997a, 1997b). The modified
models, VGPM-E and VGPM-KI estimates P® opt based on
Eppley (1972) and Kameda and Ishizaka (2005), respectively
(Figure 2). The intake of satellite-derived chlorophyll-a as an
input parameter in the algorithm of optically complex case II
water may lead to erroneous PP estimates (error multiplica-
tion). The in-situ Chl-a was more appropriate as an input data
for the improvement of the algorithm to avoid the poor per-
formance of ocean color models in the region. In the present
study, we also theorized that the integrated primary produc-
tion estimates by ocean color satellite data (VGPM and
EVGPM) with adjusted model parameters (chlorophyll-a)
are better and comparable to in-situ primary production.

PP Model 1: Satellite Vertically Generalized Production Model
(VGPM)

The VGPM, a standard MODIS algorithm, developed by
Behrenfeld and Falkowski 1997a, 1997b) (Campbell et al.
2002), is one of the most widely known and used WIDI
(wavelength- and depth-integrated) PP models. The model
estimates daily primary production in the euphotic layer from
total Chl-a concentration, PAR, day length, euphotic depth,
and the optimum photosynthetic rate (prt ) of phytoplankton
in the water column. In general, the euphotic depth was esti-
mated using K, in most of the algorithms. The VGPM pro-
posed by Behrenfeld and Falkowski (BF) is as follows:

opt

IPP = 0.66125 x P% [ PAR } X Zou X Chl

(PAR +4.1)
X Dirr

where IPP, prt, PAR, Z,,, Chl-a, and D,,, are integrated
primary production (mg C m 2 day '), maximum primary

production per unit of chlorophyll in the vertical profile (mg

Satellite Modified
models models
Model 1 | | Model 3
(VGPM) (VGPM-BF)
Model 2 B Model 4
(EVGPM) (VGPM-E)
| | Model 5
(VGPM-KI)

Figure 2. Schematic diagram of different PP models adopted in the
current study
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Cm 2 h "), photosynthetically active radiation (mol quanta m >
day ™", depth of euphotic zone (m), sea surface chlorophyll (mg
m>), and day length (h), respectively.

prt is expressed by BF as a 7th-order polynomial of tem-
perature (7):

PE =-327x 10877 +3.4132 x 10°7%-1.348

opt
X 10747° +2.462 x 103 7%-0.02057° + 0.061777

+0.2749T + 1.2956

PP Model 2: Vertically Generalized Production Model
with Eppley parameterization of the temperature effect
(EVGPM)

This model estimates prt
water temperature, which is deviating factor from the VGPM
(model 1) (Eppley 1972). The temperature functions are often
used to set the upper limit of phytoplankton growth rates in the
dynamic ecosystem production models. One temperature

function commonly used is that developed by Eppley:

as an exponential function of the

ngt — 0.5960406337"
The Eppley P? opt Was defined in the VGPM equation by
Behrenfeld and Falkowski 1997 as:

PB o 1 54*10(0.0275"‘7*0.07)

opt — 1.

This exponential relationship defines the maximum attain-
able daily growth rate (prt d™") of phytoplankton as a func-
tion of temperature (T, °C) and has the advantage over more

complex functions. The pr; was computed in the present

study was as per equation proposed by Behrenfeld and
Falkowski 1997a, 1997b). Eppley indicated that the data fell
within an upper envelope and drew a line by eye that defines
the maximum expected growth at any given temperature be-
tween 0 and 40 °C (Eppley 1972).

PP Model 3: Modified Vertically Generalized Production
Model (VGPM-BF)

The key input parameters in the VGPM model were replaced
with the in-situ variables to check the skill performance of the
model. The estimation of primary productivity in this model
depends largely on the empirical relationship between SST
and P2

o Tepresented by a seventh-order polynomial function.

Considering the problem, the prt was calculated using in-

situ SST instead of satellite-derived SST. In the case of
VGPM (model 1), the euphotic depth was estimated using
K, which is a highly fluctuating parameter. Hence, to avoid

@ Springer

the error multiplication, in-situ chlorophyll was used in the
calculation of Z,,, (Ishizaka et al. 2007; Morel and Berthon
1989).

PP Model 4: Modified Vertically Generalized Production
Model with Eppley parameterization of the temperature
effect (VGPM-E)

The prt
an exponential function to reduce the error. Euphotic depth
was measured using in-situ chlorophyll instead of %, and the
PAR was retrieved from satellite data. The key productivity

parameter chlorophyll was measured in-situ.

in the algorithm was estimated using in-situ SST as

PP Model 5: Modified Vertically Generalized Production
Model by Kameda and Ishizaka (VGPM-KI)

The prt formulate as a function of SST and Chl-a in this
VGPM variant (Kameda and Ishizaka 2005). The model relies
on the assumption that the chlorophyll-specific productivity is
inversely proportional to phytoplankton size. Kameda and
Ishizaka modified the prt according to the under-given equa-
tion, assuming small and large phytoplankton communities,
both with 3rd-order polynomial temperature dependency.
Besides, the phytoplankton communities (the smaller one)
have constant biomass.

P2, = (0.0177-3.2 x 10°T* + 3.0 x 10°7°) /Chl

opt

+ (1.0 +0.177-2.5 x 107°7°-8.0 x 107°7°)

where Chl-a (chlorophyll-a concentration in mg m °) and
SST used in the equation were in-situ. The daily averaged
surface photosynthetic active radiation at 400—700 nm
(PAR) (E m 2 dayfl) was remotely sensed, and other input
parameters like Z,,, (Ishizaka et al. 2007) used in the algorithm
were measured.

Model performance

Descriptive statistics were calculated for the different input
variables and also for the PP measurements estimated from
the various models. Temporal variations in in-situ chlorophyll
and primary productivity measurements were analyzed to un-
derstand the productivity cycles in the region. The mean ab-
solute percentage error (MPE) was calculated for understand-
ing how close are the model predictions (P,) to the in-situ
observations (O,) using the following formula (Malgorzata
and Agata 2013):

MPE 100l y
= NZ

n=1

P,~0,
OH
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Another precision indicator, RMSD (root mean square dif-
ference), was used to assess model efficiency. The root mean
square difference (statistical error) was estimated to assess
overall model performance in terms of both bias and variabil-
ity in a single statistic. The RMSD assesses model skill such
that models with lower values had higher efficiency (Saba
et al. 2010):

1y 5\
RMSD = (ﬁ El A7) )
where the model-data misfit in log;, space A(7) is defined
as:
A(i) = log(NPP,,(i))—log(NPP,(i))

and NPP,,(7) is modeled NPP, and NPP, (i) represents in-
situ data for each sample '°. In order to assess the model skill
more specifically (whether a model over- or underestimated
NPP), we calculated each model’s bias (B) for each region as:

B = log(NPP,,)—log(NPP,)

One-way analysis of variance (ANOVA) was attempted to
assess the significant differences between the model and in-
situ mean PP values on temporal and spatial scales. Finally,
the scatter diagrams, standard deviation (SD), Pearson’s cor-
relation coefficient, and linear regression (coefficients S and I)
were considered to understand the consistency between
modeled and in-situ PP estimates.

Results

The in-situ primary productivity, PP ranges from 1937.8 to
4863.0 mg C m > day ' (mean PP was 3372.1 + 665.1 mg C
m 2 day ). The higher in-situ PP was estimated in the month
of December (3689.2 + 505.3 mg C m 2 day ', N = 24) and
lower PP was in the month of August (2207.7 +202.2 mg C
m > day ', N = 4). Strong significant temporal variations were
observed in in-situ PP concentrations in the region. The one-
way ANOVA infers the monthly significant difference (at
95% of significance) in PP (F(9,194) = 2.35, P = 0.015).
The distinct grouping was observed in in-situ PP across dif-
ferent months using a Tukey post-hoc test. Significant tempo-
ral variations in model 1 estimate for the region were evident
during 2015 to 2017 period (Fig. 2). Noticeable monthly dif-
ferences were observed in the satellite PP measurements with
the maximum recorded in February (2349 + 231 mg C m >
day ") and the minimum in June (700 + 13 mg C m > day ')
(Figure 3). The ANOVA coefficients and the post-hoc test
revealed significant variations in PP measurements between
the months (F =1 2.43; p < 0.005 and R? = 85.07%) in the
region. The seasonal variations in satellite PP measurements

were observed during different seasons, and the maximum
was during the winter monsoon (1722 + 439 mg C m >
day "), followed by spring inter-monsoon (1265 = 648 mg C
m dayfl), fall inter-monsoon (1197 £425 mg C m dayfl),
and summer monsoon (991 + 277 mg C m 2 day '). The
ANOVA results inferred the significant variations in PP mea-
surements among different seasons (F = 5.28; p < 0.005 and
R? = 33.11%). The Tukey post-hoc test revealed the highest
productivity during the winter, in contrast with the summer
monsoon having the lowest productivity. The moderate pro-
ductivity was observed during fall inter-monsoon and spring
inter-monsoon seasons in the study region. Inter-annual vari-
ation of average primary production was calculated in the
region, and the highest variations were recorded in winter
(32.63%) and spring (25.63%), followed by fall monsoon
(22.81%) and monsoon (18.93%).

In the present study, a key input parameter Z,,, was estimat-
ed using three approaches. The first one using &, gives differ-
ent estimates than the latter two based on chlorophyll. The
chlorophyll-based estimates were found more comparable, re-
liable, and with minimum variance and hence were adopted in
VGPM equations. The ranges of input variables (inclusive of
satellite and in-situ estimates) used in the models were SST
ranged from 22.50 to 28.20 °C (25.74 + 1.26 °C); PAR from
28.48 t0 56.29 Ein m > day ' (43.24 + 7.37 Ein m > day );
DL from 10.45 to 13.10 h (11.47 £ 0.72 h); Z, from 23.96 to
43.12 m (32.44 + 3.70 m); and Chl-a ranged from 0.446 to
2.951 mgm > (1.422 + 0.44 mg m ) (Figure 4a and b). The
mean input variables showed distinct temporal (monthly) var-
iations in the region. A significant positive correlation (r =
0.79) was observed between monthly mean SST and PAR,
whereas a moderate correlation (r = 0.61) was evident be-
tween mean chlorophyll-a and estimated primary productivi-
ty. In-situ PP estimate also showed variation between the sea-
sons, the highest mean PP values were recorded during winter
(3430 mg C m 2 day ), and the lowest were during monsoon
season (3129 mg C m? dayfl) (Figure 5).

Among various estimated PP datasets, the highest mean PP
was from model 3 (8818.0 mg C m 2 dayfl), while the lowest
PP was from model 1 (1183.60 mg C m 2 day '). The max-
imum data spread (interquartile range) was observed with
modeled PP-BF dataset (2734.0 mg C m > day ') and the
minimum for the satellite VGPM (664.5 mg C m 2 day_l)
(Table 2). The MPE values were negative in the case of sat-
ellite data sets (— 51.11 for EVGPM and — 64.88 for VGPM),
but the values were positive for the modified model (ranges
from 56.90 to 166.60). The MPE result indicated that the PP
measurements were underestimated by satellite data (EVGPM
and VGPM) and overestimated by the modified models (with
in-situ data) in the region. The Pearson correlation coefficient
(r) varied from 0.43 to 0.62, when comparing the in-situ PP
with different modeled PP measurements. The in-situ PP es-
timates showed a significant positive correlation with modeled
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PP from model-3 (r = 0.581), model-4 (r = 0.565), and model-
5 (r=0.619). The in-situ PP data showed a fairly significant
positive correlation with PP values of model-1 (r=0.421) and
model-2 (r=0.500) (Figure 6). The RMSD was not consistent
among five different models (ranged from 0.02 to 0.14) in the
study region. Lower ability was shown by the model 1 while
estimating variance of PP due to the high RMSD (0.14). A
significantly better skill performance was observed for the
modified VGPM variants, i.e., VGPM-E (0.02), VGPM-KI
(0.06), and VGPM-BF (0.09). The average RMSD calculated
across the five models for the regions is 0.10.

The model is believed to be efficient in its skill, if it can
reproduce values in proximity of mean of field observations.
The model efficiency (ME) values were — 4.33 in VGPM-E
model, followed by VGPM-KI (- 13.05), EVGPM-E (-
15.25), VGPM-BF (—21.69), and VGPM (- 34.36). The mod-
el efficiency (ME) showed significant variations between the
models, but none of the models did better than the mean mea-
sured data (ME < 0) in the region. The log bias values for the
three VGPM variants were overestimates of in-situ PP
(VGPM-E is 0.19, VGPM-KI is 0.33, and VGPM-BF is
0.42) as compared to the other two models (VGPM model is
—0.33, and EVGPM model is — 0.49) (Figure 7). VGPM-E
was the most accurate in three out of six statistical tests per-
formed because of the parameterization with the input vari-
ables. The PP estimates of VGPM-KI proved better for the
region, supported by two critical statistical tests (r=0.619, p <
0.000, and R? = 0.383) out of six statistical tests. Overall, the
VGPM-E and VGPM-KI models were more accurate in the
northern Arabian Sea with minimal statistical errors. Nearly
38.0% of variation was explained by VGPM-KI (R* = 0.383)
and 34% by VGPM-BF (R? = 0.338) with the in-situ PP mea-
surements (Figure 8d and e). Relatively lower variation was
explained by VGPM-E (R? = 0.319), EVGPM (R* = 0.251),
and VGPM (R2 =0.187) (Figure 8a, 8b, and 8c and Table 3).
The RMSD was as low as 0.02 with VGPM-E with measured
PP values, which performed better compared to the other
models in the region.

Figure 4. Monthly average
variations a SST and PAR, b Chl- 29 -
a and Primary production EI

- N N n N
© - w (&) ~
L L L L

Sea Surface Temperature (°C)
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Discussion

The real-time dynamics of marine ecosystems on a large scale
can be steered in a synoptic manner by using satellite-based
ocean color observations. Quantification of oceanic PP with
in-situ measurements is much harder, expensive, and time-
consuming. Hence, spatial satellite technologies that provide
more extensive coverage with less cost of data collection are
gaining popularity. Ocean color models were used to assess
the contemporary trends in global NPP (Behrenfeld et al.
20006), relationships between sea-ice variability and NPP in
the Southern Ocean (Arrigo et al. 2008), bottom-up forcing
on leatherback turtles (Saba et al. 2008), and fisheries man-
agement (Zainuddin et al. 2006). Though the Arabian Sea is
one of the highly productive and supporting vast biota, studies
on primary productivity estimation, dynamics, and validation
of remotely sensed products are limited (Vase et al. 2018;
Saba et al. 2011).

Significant temporal variations (monthly and seasonal)
were observed in satellite PP data (VGPM) in the region.
The peak primary production was found during winter and
spring, with maximum values recorded in February (2329 +
231 mg C m 2 day "), followed by March (2062 + 484 mg C
m 2 day '). The SST and PAR were found to have a strong
bearing on the temporal variation in observed primary produc-
tivity. The other factors not included in a present study like
nutrients, winter convective mixing by winds, and upwelling
could also have a fair share of influence on primary produc-
tivity (Pesce et al. 2018). Several factors, notably temperature,
solar radiation, and light intensity can delimit the upper bound
of primary production when limiting in marine ecosystems,
even when other factors, especially nutrient concentrations are
conducive (Tan and Guang-Yu 2009). However, the study
region is in the tropics, where solar radiation (PAR 28.48 to
56.29 Ein m > day '), light intensity (average day length
11.47 h), and temperature (22.50-28.20 °C) are on higher side
year-around and are favorable for photosynthesis (Racault
et al. 2012). The wide continental shelf and the existence of
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Figure 5. Seasonal variations in in-situ measured PP (N = 204) during 2015-2017 (no samples were collected during the months of June and July).

Gulf ecosystems, winter convective mixing, and coastal up-
welling are the key determiners for higher productivity in the
region.

Significant differences were observed in the primary pro-
duction measured using satellite data and in-situ data in the
region. The primary production measurements using the sat-
ellite data for longer timescale will lead to an overestimation
of PP as compared to the daily primary production data
(Ishizaka et al. 2007). In a study comparing the ability of
seven algorithms to estimate depth-integrated daily PP (mg
Cm? dayfl) in the Baltic Sea, the modeled and measured
PP agreed with the region specific Development of a satellite
method for Baltic ecosystem monitoring (DESAMBEM) al-
gorithm (Matgorzata and Agata 2013). Overall, the global
remote sensing algorithms significantly overestimated PP in
the Baltic Sea, and the DESAMBEM underestimated PP for
the most significant values of measured PP. The current study
is in agreement with the previous observations that the model
values generally overestimate the PP in comparison with the
measured PP values. The VGPM model typically
overestimated PP in the North Atlantic Drift province

(Tilstone et al. 2009). The optimal photosynthetic rate
(PBOp,) is a function of SST and the uncertainties in the SST
may cause errors while calculating P® op- We estimated P? opt
with the in-situ SST as input variable instead of satellite SST
to address the error while calculating PP through the VGPM
algorithm. Also, the photosynthetic parameter robustly de-
pends on other factors, i.e., nutrient supply, irradiance, and
dominant phytoplankton species (Behrenfeld and Falkowski
1997b).

In the case of VGPM, k,; caused the most significant error
(Lobanova et al. 2018) while calculating the Z,,,. In-situ Chl-a
was used for the calculation of Z,,, to reduce the error associ-
ated with k; (Morel and Berthon 1989; Ishizaka et al. 2007).
Ishizaka and Morel and Berthon observed that Z,,, estimated
by the algorithms incorporating Chl-a as an input variable
were relatively more accurate (35.17 + 3.61; CV = 10.26)
and (32.47+3.66; CV = 11.29), respectively than the k, based
algorithm (29.03 + 17.47 and CV = 60.18) (Morel et al. 2007).
The PB(,,,, with VGPM-KI and integrated primary production
measurements were reasonably accurate in the Japan Sea
(Yamada et al. 2005). Siswanto et al. (2006) also established

Table 2. Descriptive statistics of

Primary production (mg C m™2 Type of dataset ~ Mean StDev  Minimum  Maximum  Ql Q3 IQR Coef Var

day ") measured by in-situ and

various models in the study re- PPy, i 3372.1  665.1 1937.8 4863.0 2870.9  3903.0 1032.1  19.72

gion (N = 204) EVGPM 16459 602.0 659.9 3614.7 1277.0  2030.4 753.4 36.6
VGPM 1183.6 5144 312.6 2669.2 790.2 1454.7 664.5 435
VGPM-KI 7099.9 12952 45459 11029.0 61603  7882.6 17223 182
VGPM-BF 8799.0 1779.0  5355.0 14369.0 7373.0  10060.0 2687.0  20.2
VGPM-E 5181.5  1130.0  2838.1 8713.1 4410.7  5706.1 12954 21.8
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Figure 6. Correlation of PP measurements (mg C m ™2 day ') between in-
situ and various models in the region.

the relation between VGPM-BF and PBopt by Kameda and
Ishizaka (KI) with a data set in the eastern East China Sea.
They observed that PBOP, was underestimated when the tem-
perature was high by both the models. The in-situ chlorophyll
showed an inverse relationship with the PBOP, in the current
study, which was calculated by the KI variant of the VGPM
model (y = —0.101X + 4.296, R? = 0.686). The range of in-
situ temperature was higher, which was taken while estimat-
ing P? opt I the study region. The wider range of SST and
better productivity because of convective mixing in the region
could be the reason for the inverse relationship between P? opt
and in-situ chlorophyll. A similar inverse relationship between
PBOP, and chlorophyll was observed from Sagami Bay and in
open ocean data from the Pacific and Atlantic Ocean (Ishizaka
et al. 2007).

Shang et al. (2010)estimated PP values in the Southern
Ocean as 278 + 187 mg C m 2 d"' using the VGPM model.

symbols represent model PP values. The solid circle is the standard
deviation of the observed data (o) in the region.

They attributed the difference in PP estimates primarily to
the different phytoplankton physiology and the difference
in the input variables. The large deviation between the
satellite-based primary production algorithms was attribut-
ed primarily to the differences in the way they formulate
primary production as a function of temperature. Tan and
Guang-Yu 2009) examined the spatial and temporal vari-
ability of ocean primary productivity along the South China
Sea using satellite primary production models. The maxi-
mum PP observed in the South China Sea was 374 mg C m >
d™! during winter with an overall mean of 308 mg C m >
day'. In the present study region, in-situ PP ranged from
1937.8 to 4863.2 mg C m > d ' (mean 3372.1 mg C m >
d™"). The PP values are comparatively higher than those
reported in the South China Sea. Though both Arabian Sea
and South China Sea are tropical marine ecosystem with
comparable latitudinal expanse, the higher productivity in
the former might be because of the unique physical,

Table 3. Validation statistics for

each model in the region, i.c., In-situ vs r MPE log Bias log RMSD ME Slope  Intercept ~ R?
Pearson correlation coefficient (r), (S) @
MPE, root mean square error
(RMSE), log Bias, Sis the slope,/ ~ EVGPM 0500 4636 0.14 0.02 —4.19 0453 11677 0251
is the intercept of the linear (p<0.000)
regression coefficients, and R*is ~ VGPM 0.421 526 -002  0.02 ~4.05 0334 5634 0.187
ghe coe.fﬁcient of the (p<0.000)
etermmation. VGPM-KI  0.583 54253 0.80 0.32 -81.41 1207 3045 0.383
(p<0.000)
VGPM-BF  0.548 659.55  0.89 0.40 -101.29 1.553 3580 0.338
(p<0.000)
VGPM-E 0.531 367.97 0.66 0.22 - 55.62 0.963 1947 0.319
(p<0.000)
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Figure 8. Scatter plots of log satellite, model and in-situ PP (mg C m ™2 day ) in the northern Arabian Sea (N = 204). a EVGPM, b VGPM, ¢ VGPM-E,
d VGPM-BF, e VGPM-KI. Dotted line is the 1:1 line; the solid line is the linear regression.

biogeochemical environmental processes (nutrients, mon-
soon reversal, upwelling coastal currents, etc.).

The maximum fraction of model skill that may be attribut-
able to uncertainties in both the input variables and in-situ
NPP measurements was nearly 72%. Though the satellite-
derived Chl-a and sea surface temperature adds to the uncer-
tainties to the ocean color models, but is extremely challeng-
ing in the case of regions where typical variation in surface
Chl-a occurs. In ocean color models, water column depth is a
critical parameter and performed better in case I water than the

@ Springer

case Il waters (coastal waters) (Saba et al. 2011). The northern
Arabian Sea is a highly productive ocean, and the study region
is characterized as case II and coastal. In such cases, the ap-
plication of conventional VGPM models are limited owing to
erroneous estimation of P opt and Z,,, by the embedded sub-
models. Nevertheless, the use of in-situ input parameters in
sub-models improves the model efficiency, making it applica-
ble to present study region (Tripathy et al. 2012). The satellite-
derived estimates for these coastal areas were highly errone-
ous, i.e., SST for the calculation of P? oprs Chl-a, k4 to calculate



Arab J Geosci (2021) 14: 1338

Page 130of 15 1338

Ze.» etc. To address these uncertainties in the input variables,
we adopted in-situ values in the algorithms. It was observed
that the input variables (Chl-a, PAR, Z,,, DL) together ex-
plained nearly 50% PP variability in the region. Among all
the variables, chlorophyll-a was the most influential (p =
0.000), followed by DL (p = 0.003), and PAR (p = 0.007).

The average RMSD estimates for 12 ocean color models in
the Northeast Atlantic Ocean region were 0.31 (Campbell
et al. 2002) and 0.14 (Saba et al. 2010). The improvement of
the model might be because of the larger sample size. The
mean RMSD of 21 ocean color models tested in the tropical
Pacific was 0.29 (Friedrichs et al. 2009), which was similar in
skill to the Arabian Sea (0.22) and North Pacific Ocean (0.26).
The average RMSD among the five models applied in the
region was 0.10, which was better than the earlier discussed
models and matching with previous values from Arabian Sea.
Investigations by Campbell on the ocean color models in the
eight regions revealed that the reduced model performance
observed were characterized by High-Nitrate Low-
Chlorophyll (HNLC), in the equatorial Pacific and the
Southern Ocean (Campbell et al. 2002). The RMSD ranged
from 0.02 to 0.10 across the different models attempted in the
study region. The RMSD was low and best for the VGPM-E
(RMSD is 0.02), and the VGPM-KI model (RMSD is 0.06),
but higher values were noticed with satellite VGPM (RMSD
is 0.14). The RMSD values estimated in the present study did
not deviate from the earlier studies in the same region and
other contemporary regions (Saba et al. 2010; Friedrichs
et al. 2009), depicting the better model performance in the
region.

The satellite-derived PP accounted for 50 to 80% of the
variance in the in-situ PP, the rate of variation depending on
the input parameters used in the model (Balch et al. 1992;
Berthon and Morel 1992). The specific regional parameteri-
zation requires the development of various models to estimate
the accurate PP to address the atypical optical and photo-
physiological characteristics from region to region IOCCG
2000). The PP estimates by VGPM-KI model explained the
highest variance of 38.3% in comparison with measured PP,
but the lower variance was noticed with satellite PP data (25%
variance by EVGPM and 19% variance with VGPM). The
more variance in PP was explained by the modified models
than global satellite models due to correction effect of in-situ
input variables in the algorithm. The scatterplot depicted that
the use of in-situ input variables (Chl-a and SST) in the mod-
ified models estimated PP (modeled PP) much higher than
global satellite models (VGPM and EVGPM) and closer to
the observed in-situ values of PP. Among the two satellite
models, EVGPM performed better in the northern Arabian
sea than VGPM. VGPM-KI and VGPM-E among modified
models were found suitable for the studied region, which can
be further improved through complete regional parameteriza-
tion instead of a partial one which is attempted in the present

study. We are in limitation with the estimation of some input
variables (P? opt» Lew» and DL), which are crucial parameters in
the algorithms. The results are in support that a regional ap-
proach should be adopted in interpreting ocean color satellite
data in the Arabian Sea. We plan to strengthen the in-situ PP
database (spatially and temporally) with advance methodolo-
gies to validate the global models, and to develop appropriate
regional algorithms for future development and modelers to
use in the applied research.

Summary and conclusion

The variability (monthly and seasonal) of primary produc-
tion by the VGPM satellite data set was evident in the
northern Arabian Sea (20-24°N, 66-72°E), majorly influ-
enced by the oceanic-climatic parameters like sea surface
temperature, light intensity, radiation which are higher than
the global average. The primary production observed in
the region was significantly higher when compared with
other contemporary regions due to the efficient mixing of
nutrients by convective winds during winter, coastal up-
welling in monsoon season, and also because of the wider
continental shelf. In-situ PP measurements are crucial to
validate the global PP data sets with regional parameteri-
zation. In the present study, we validated global data sets
(VGPM and EVGPM) with in-situ data. We also modified
the existing global algorithms with the input parameteriza-
tion (Chl-a, Z,,, SST, etc.). We observed that the satellite
data underestimated the PP as compared to the measured
PP values, inferring that averaging of input parameters
(SST, PAR, DL, Chl-a, Z,,) at a global level across the
ecosystems (polar to tropical and coastal to deep ocean)
caused lower PP values by satellite equations. The input
parameters explained over 40% variation in the measured
PP, majorly by the Chl-a, SST, PAR, etc., but the com-
plete in-situ parameterization has better explained the var-
iations in measured PP. The modified models (with re-
gional parameterization) performed better than the global
satellite algorithms (VGPM and EVGPM) in the region.
The model performance (RMSD and Bias) and efficiency
values by the modified models in the region were better
than the previous research findings. The modified models
showed a fair correlation (r = 0.565 to 0.619) and regres-
sion (R2 = 0.319 to 0.383) in addition to ME, bias, and
RMSD than the satellite algorithms in the region. We
were constrained to estimate only some input parameters
(PAR, DL and PBopt) and coverage of the onboard sam-
pling area. The complete regional parameterization and
wider coverage during in-situ sampling will further im-
prove the skill of the region based models and also eval-
uate the global algorithms.
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