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Abstract: While forecasts of atmospheric variables, and to a lesser degree ocean circulation, are
relatively common, the forecast of biogeochemical conditions is still in its infancy. Using a dynami-
cal ocean biogeochemical forecast forced by seasonal forecasts of atmospheric and physical ocean
variables, we produce seasonal predictions of chlorophyll concentration at the global scale. Results
show significant Anomaly Correlation Coefficients (ACCs) for the majority of regions (11 out of the
12 regions for the 1-month lead forecast). Root mean square errors are smaller (<0.05 µg chloro-
phyll (chl) L−1) in the Equatorial regions compared to the higher latitudes (range from 0.05 up to
0.13 µg chl L−1). The forecast for all regions except three (North Atlantic, South Pacific and North
Indian) are within the Semi-Interquartile Range of the satellite chlorophyll concentration (Suomi-
National Polar-orbiting Partnership (NPP), 27.9%). This suggests the potential for skillful global
biogeochemical forecasts on seasonal timescales of chlorophyll, primary production and harmful
algal blooms that could support fisheries management and other applications.

Keywords: ocean biogeochemistry; seasonal forecast; ocean color; chlorophyll

1. Introduction

Atmospheric forecast models are routinely used to predict weather patterns up to
14 days in advance. The interactions between atmosphere, ocean and land can influence
climate, contributing to predictability over longer timescales under certain conditions. One
of the challenges of improving sub-seasonal (14 days–2 months) to seasonal (2–9 months)
forecast skills is to identify and characterize sources of predictability, which requires a
forecast system that appropriately represents the diversity of processes involved in the
Earth system. Among the many processes not included in most current forecast systems
are those involved in modulating phytoplankton dynamics. The addition of processes that
drive and/or are impacted by phytoplankton could further improve forecasts and lead to
a variety of novel applications. Phytoplankton concentration and composition is key in
determining the recruitment of higher trophic levels, including fisheries. The collapse of
fisheries during previous El Niño events (as in 1982–1983 and 1997–1998) is a notorious
example. While the use of physical variables such as temperature and currents have been
successfully used as covariates to explain catch rates e.g., [1–4], these relationships can be
weak since the behavior and recruitment of fish relies on changes in their prey concentra-
tion and composition. Park et al. [5] described seasonal to interannual predictability of
ocean chlorophyll concentration and demonstrated a connection with annual fish catch
data, illustrating the feasibility and utility of a prediction for marine ecosystems. A few
efforts have also demonstrated the potential for prediction of up to several months for bio-
geochemical variables such as oxygen [6] and primary production [7] using biogeochemical
prediction. Accurate forecasts of the resources on which fish populations rely could offer
the potential for strategic rather than reactive marine resource management.
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Biogeochemical drivers (e.g., acidity, oxygen, primary production) have also been
shown to have the potential to be more predictable than physical drivers [7]. Seferian et al. [7],
for example, showed that the primary production in tropical regions could be predicted up
to 3 years in advance, which is longer than the predictive skills of sea surface temperature
(~1 year). This was attributed to larger persistence of both phytoplankton and nutrients in
comparison to sea surface temperature that have a weaker persistence due to tight coupling
with the lower atmosphere and the heat exchange between the ocean and atmosphere
that occur at short timescales. The study by Seferian et al. [7] focused on the tropics and
on primary production (and not chlorophyll concentration as in the current paper), but
suggests that the inclusion of ocean biogeochemistry in forecasting systems could provide
a predictor of events, such as the El Niño Southern Oscillation (ENSO), with a longer
effective predictability horizon than the current forecasts that are based on sea surface
temperature.

The addition of dynamical ocean biogeochemistry to forecasting systems could also
have a direct effect on estimates of heat content of oceans. Phytoplankton contain chloro-
phyll, a pigment that allows them to absorb light. The variability in the absorption and
distribution of solar energy into the upper layers of the open ocean is primarily controlled
by these phytoplankton pigments [8]. The effects that this has on the radiant heating is
known to impact global climate, including large-scale climate variability such as ENSO
e.g., [9–13]. Using the coupled ocean general circulation model and an ocean biogeochem-
ical model, Maniza et al. [14], for example, showed that phytoplankton amplified the
seasonal cycle of temperature, mixed-layer depth and ice cover by ~10 %. The results
varied depending on the latitudes with a warming of 0.1–1.5 ◦C in spring/summer and
cooling of 0.1–0.3 ◦C in fall/winter in the mid and high latitudes. In the tropics on the other
hand, phytoplankton indirectly cooled the ocean by 0.3 ◦C due to enhanced upwelling.
The inclusion of biogeochemical conditions and their effects on light properties in the
oceans in forecasting systems could therefore improve forecasts of ocean heat balances and
atmospheric events that depend on the heat balance in the oceans.

Finally, phytoplankton are also responsible for ~25% of the global carbon sink world-
wide [15]. Lovenduski et al. [16] showed the potential to predict the year-to-year variations
in the air–sea fluxes several years in advance. The potential predictability in CO2 fluxes
was largely driven by the predictability in the surface ocean partial pressure of CO2, which
itself was a function of the predictability in dissolved inorganic carbon and alkalinity. The
inclusion of biogeochemistry in forecasting systems could therefore contribute to improv-
ing the skills of future global carbon estimates and the effects these changes will have on
the climate system.

Here, we assess the skills of a seasonal (9-month) forecast of chlorophyll concentration
using a dynamical global biogeochemical model. The forcing data used for these forecasts
comes from the National Aeronautics and Space Administration (NASA) Global Modeling
and Assimilation Office (GMAO) sub-seasonal to seasonal forecast system GEOS-S2S, [17]).
The seasonal forecast timescale is attractive because of the potential to leverage large
ongoing modeling efforts and to, in the future, include ocean biogeochemistry alongside
climate variables. We first characterize the bias and uncertainties of the system. We then
assess the skills of 51 retrospective forecasts of chlorophyll concentration from February
2012 until December 2016 in 12 major oceanographic regions (Figure 1).



Remote Sens. 2021, 13, 1051 3 of 15Remote Sens. 2021, 13, x FOR PEER REVIEW 3 of 15 
 

 

 
Figure 1. Delineation of the 12 oceanographic regions. 

2. Materials and Methods 
The NASA Ocean Biogeochemical Model (NOBM) is a three-dimensional 

biogeochemical model of the global ocean coupled with a circulation and radiative model 
[18]. NOBM has a near-global domain that spans from −84° to 72° latitude at a 1.25° 
resolution in water deeper than 200 m and contains 6 explicit phytoplankton taxonomic 
groups (diatoms, cyanobacteria, chlorophytes, dinoflagellates, Phaeocystis sp. and 
coccolithophores), 3 detritus components (silicate, nitrate/carbon and iron), 4 nutrients 
(nitrate, silicate, iron and ammonium) and one zooplankton group. The growth of 
phytoplankton is dependent on total irradiance, nitrogen (nitrate + ammonium), silicate 
(for diatoms only), iron and temperature see for more details [19]. Surface 
photosynthetically available radiation is derived from the Ocean-Atmosphere Spectral 
Irradiance Model (OASIM) [20]). The circulation model used is the Poseidon model [21], 
a reduced gravity ocean model with 14 layers in quasi-isopycnal coordinates forced by 
wind stress, sea surface temperature and shortwave radiation [18]. The ocean and 
atmospheric forcing files used are from the Modern-Era Retrospective analysis for 
Research and Applications Version 2 from 1979 onward (MERRA-2) [22]. These forcing 
files are hereafter referred to as transient MERRA-2 and include wind speed and stress, 
sea surface temperature, shortwave radiation, relative humidity, sea level pressure and 
sea ice. 

The bias and uncertainties of the system are assessed by comparing the chlorophyll 
concentration from (1) a free-run model (without data assimilation but using transient 
MERRA-2 forcing) to Suomi-National Polar-orbiting Partnership (NPP) ocean color data, 
and (2) the chlorophyll concentration from a run assimilating satellite chlorophyll (using 
transient MERRA-2 forcing, referred to as ‘the assimilation run’) with those from Suomi-
NPP chlorophyll concentration in 12 major oceanographic regions (Figure 1, Table 1). 
Satellite ocean color chlorophyll concentrations are assimilated from the moderate-
resolution imaging spectroradiometer (MODIS-Aqua, 2002–2011) and Suomi-NPP Visible 
Infrared Imaging Radiometer Suite (VIIRS) (2012–onwards) [23]. The assimilation utilizes 
the Conditional Relaxation Analysis Method CRAM, [24]), a sequential methodology that 
adjusts total chlorophyll in the model to satellite data. Individual phytoplankton groups 
are affected by the assimilation according to their relative abundances in the model. 
Nutrient concentrations are affected by the assimilation through changes in the nutrient-

Figure 1. Delineation of the 12 oceanographic regions.

2. Materials and Methods

The NASA Ocean Biogeochemical Model (NOBM) is a three-dimensional biogeo-
chemical model of the global ocean coupled with a circulation and radiative model [18].
NOBM has a near-global domain that spans from −84◦ to 72◦ latitude at a 1.25◦ resolu-
tion in water deeper than 200 m and contains 6 explicit phytoplankton taxonomic groups
(diatoms, cyanobacteria, chlorophytes, dinoflagellates, Phaeocystis sp. and coccolithophores),
3 detritus components (silicate, nitrate/carbon and iron), 4 nutrients (nitrate, silicate, iron
and ammonium) and one zooplankton group. The growth of phytoplankton is depen-
dent on total irradiance, nitrogen (nitrate + ammonium), silicate (for diatoms only), iron
and temperature see for more details [19]. Surface photosynthetically available radiation
is derived from the Ocean-Atmosphere Spectral Irradiance Model (OASIM) [20]). The
circulation model used is the Poseidon model [21], a reduced gravity ocean model with
14 layers in quasi-isopycnal coordinates forced by wind stress, sea surface temperature
and shortwave radiation [18]. The ocean and atmospheric forcing files used are from the
Modern-Era Retrospective analysis for Research and Applications Version 2 from 1979
onward (MERRA-2) [22]. These forcing files are hereafter referred to as transient MERRA-2
and include wind speed and stress, sea surface temperature, shortwave radiation, relative
humidity, sea level pressure and sea ice.

The bias and uncertainties of the system are assessed by comparing the chlorophyll
concentration from (1) a free-run model (without data assimilation but using transient
MERRA-2 forcing) to Suomi-National Polar-orbiting Partnership (NPP) ocean color data,
and (2) the chlorophyll concentration from a run assimilating satellite chlorophyll (using
transient MERRA-2 forcing, referred to as ‘the assimilation run’) with those from Suomi-
NPP chlorophyll concentration in 12 major oceanographic regions (Figure 1, Table 1). Satel-
lite ocean color chlorophyll concentrations are assimilated from the moderate-resolution
imaging spectroradiometer (MODIS-Aqua, 2002–2011) and Suomi-NPP Visible Infrared
Imaging Radiometer Suite (VIIRS) (2012–onwards) [23]. The assimilation utilizes the Condi-
tional Relaxation Analysis Method CRAM, [24]), a sequential methodology that adjusts total
chlorophyll in the model to satellite data. Individual phytoplankton groups are affected
by the assimilation according to their relative abundances in the model. Nutrient concen-
trations are affected by the assimilation through changes in the nutrient-to-chlorophyll
ratios embedded in the model [25]. There are no direct changes to vertical distributions
of chlorophyll, phytoplankton or nutrients by the assimilation, but the changes in surface
conditions affect the physical environment (light penetration, nutrient availability, vertical
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gradients) of deeper layers. The Suomi-NPP chlorophyll concentrations were re-gridded to
match the model resolution prior to any comparison. Bias is quantified by averaging the
monthly percent difference between the chlorophyll concentration from the model (free-run
and assimilating run) and that of Suomi-NPP chlorophyll concentration for the period
2012–2016 for each region. The uncertainty is quantified using a correlation coefficient.
A statistically significant correlation coefficient is defined as one with a p-value smaller
than 0.05.

Table 1. Summary of the various simulations as well as their forcing data and whether ocean color data was assimilated
or not. MERRA-2: Modern-Era Retrospective analysis for Research and Applications, GMAO-S2S: Global Modeling and
Assimilation Office-Subseasonal to Seasonal forecasts.

Purpose Name Forcing Assimilation of Ocean Color
Data?

System Performance
Free run MERRA-2 No

Assimilation run MERRA-2 Yes

Forecast initial conditions Assimilation run MERRA-2 Yes

Forecasts Free run GMAO-S2S forecast No

The initial conditions for the forecasts are produced from a run that uses MERRA-2
forcing and assimilates ocean color chlorophyll concentration. The forcing data used for
the forecasts are from the NASA Global Modeling and Assimilation Office (GMAO) sub-
seasonal to seasonal forecast system (GEOS-S2S) [17] and include zonal and meridional
wind stress, sea surface temperature and shortwave radiation. A total of 51 sets of GMAO
forecast data are used to force the 51 monthly biogeochemical forecasts produced here
(from February 2012 until December 2016). The skill of the forecasts is assessed using three
metrics: (1) the percent difference, (2) the anomaly correlation coefficient (ACC) and (3) the
root mean square error (RMSE) between observations and forecasts. These three metrics are
commonly used to assess forecasting skills and have been used at many places elsewhere,
for example, the Climate Prediction Center (CPC) real-time verification system and World
Meteorological Organization (WMO) Standardized Verification System for Long-Range
Forecasts (http://www.bom.gov.au/wmo/lrfvs/ (accessed on 29 January 2021)). A total
of 51 retrospective forecasts were run, each for a 9-month period. The first forecast started
in February 2012 (initialized in January 2012) and the last forecast started in March 2016.
The three metrics are calculated using monthly area-weighted mean for each of the regions.
Gaps in satellite data resulting from clouds, solar zenith angle, etc., are considered as
‘absent data’ in the calculations. The anomaly correlation coefficient provides information
on the linear association between forecast and observations but is insensitive to biases and
error in variances. It is calculated as:

ACC =
∑(p − p)(o − o)√

∑(p − p)2 ∑(o − o)2
(1)

where p is the model prediction, o is the satellite observation of chlorophyll and p and o
denote the climatological average for those two values. RMSE measures the magnitude of
the error, is sensitive to large values but does not indicate the direction of the error. It is
calculated as:

RMSE =

√
1
N ∑(p − o)2 (2)

http://www.bom.gov.au/wmo/lrfvs/
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The percent difference between the satellite and the forecasted chlorophyll concentra-
tion quantifies the mean error in the forecast. It allows us to assess whether the forecast
has a positive or a negative bias. It is calculated as:

Percent difference =
(p − o)(

p+o
2

) x 100

All 3 metrics are calculated for each of the 12 major oceanographic regions (Figure 1).
Regions are defined as in Conkright et al. [26] with additional equatorial subdivisions in
each major ocean from 10◦ S to 10◦ N, and the Southern Ocean is defined as southward
of 40◦ S. Note that previous ensemble simulations with NOBM showed little variability
on the chlorophyll forecasts between members, therefore only one member was used to
test the forecasting skills of this system. The lack of sensitivity of the systems to various
ensembles may be because chlorophyll is relatively insensitive to ensemble variations or
because, as noted in Molod et al. [17], the ensemble spread in GEOS-S2S is small.

3. Results
3.1. Bias and Uncertainties in the NASA Ocean Biogeochemical Model

Before assessing the skill of the forecasts, we discuss the performance of the NOBM
when forced with reanalysis data. To assess the ability of the system to represent the concen-
tration and variability of chlorophyll in the various regions, we first compared the free-run
and assimilation run to the chlorophyll concentration from Suomi-NPP. Chlorophyll con-
centrations from the free-run were significantly correlated to those from Suomi-NPP in
all regions except in the North Indian (R = 0.19, p = 0.15, Figure 2). In the assimilation
run, the chlorophyll concentrations in all the regions were significantly correlated to the
chlorophyll concentration from Suomi-NPP and were all above or equal to 0.90 (Figure 2).
The only exception to this was in the North Indian, where the correlation coefficient was
significant but only 0.44.
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Out of the 12 regions, the free-run overestimated chlorophyll in 8 of them (6 in
the assimilation run, Figure 2). The regions where the system under- or over-estimated
chlorophyll were generally the same in the free-run and in the assimilation run. The only
exception to this was in the Southern Ocean and Equatorial Atlantic, where the free-run
overestimated whereas the assimilation underestimated the chlorophyll concentration.
The largest difference between the chlorophyll concentration from the free-run and those
from Suomi-NPP was found in the North Indian (61.29%). The assimilation of Suomi-
NPP improved the representation of chlorophyll concentration in 9 out of the 12 regions
(improvement between 4.12% and 45.61%). Using the free-run, chlorophyll concentra-
tions were within the uncertainties of the satellite data (semi-interquartile range of the
Suomi-NPP versus in situ data: 27.9%) in 5 out of the 12 regions analyzed. The assimi-
lation of Suomi-NPP chlorophyll substantially improved this, and all regions except the
North Atlantic were within the uncertainty of the Suomi-NPP chlorophyll concentration
measurements.

A time-series of chlorophyll concentration from the free-run, assimilation run and
Suomi-NPP in each of the regions (Figure 3) further highlights the ability of the free-run to
simulate the right seasonal and interannual variability overall, although the magnitude
of the chlorophyll concentrations’ variability is not always accurately represented. In the
regions identified as overestimating the chlorophyll concentration, the overestimate of
chlorophyll concentration was often associated with an overestimate of the seasonal cycle
amplitude (e.g., North Central Atlantic and Southern Ocean). In some of these regions,
the overestimate was also due to a consistent bias in chlorophyll concentration (e.g., South
Pacific, South Atlantic, South Indian, Equatorial Pacific and North Central Pacific). Note
that while in the majority of cases the model overestimated chlorophyll concentration,
the satellite occasionally observed higher peak values of chlorophyll than the model (e.g.,
North Pacific in May 2012, North Atlantic in May 2015, North Indian in August 2014), but
these were limited to specific events.

Having assessed overall model performance, we can place the performance of fore-
casts in context. Except in the North Indian, the anomaly correlation coefficients (ACCs)
between the chlorophyll concentration from the forecasts and those from Suomi-NPP were
significant for most of the lead months (i.e., number of months predicted ahead of time) in
all regions (Figure 4).
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Figure 3. Chlorophyll concentration for the 12 regions from the assimilation run (assimilating Suomi-NPP, black), free-run
(blue), Suomi-NPP chlorophyll concentration (red) for the period from January 2012 until December 2016.
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3.2. Forecast Skills

The Anomaly Correlation Coefficients (ACCs) were higher for the high-latitude re-
gions compared to the equatorial regions (10◦ S–10◦ N, Figures 4 and 5, Table 2). All the
regions south of 10◦ S as well as in the North Central Pacific and Atlantic had significant



Remote Sens. 2021, 13, 1051 8 of 15

(p < 0.05) ACCs that were always higher than 0.70. This was also true in the North Atlantic
(p < 0.05) and the first 4 lead months in the North Pacific (but all lead months were signifi-
cant). The equatorial regions were characterized by lower ACCs (Figures 4 and 5). Despite
the lower ACCs, the forecasted chlorophyll concentrations in the equatorial regions were
still significantly correlated to those from Suomi-NPP. This was true for all lead months in
the Equatorial Atlantic, all except one month in the Equatorial Indian (lead 4 month) and
6 out of the 9 forecasted months in the Equatorial Pacific. While low-latitude regions had
lower ACC, except for the North Indian Ocean, all basins within 40◦ S–40◦ N had a RMSE
of 0.05 µg chlorophyll (chl) L−1 or less (Table 2). The RMSEs for the basins north and south
of 40◦ (Southern Ocean, North Atlantic and North Pacific) were higher and ranged from
0.05 up to 0.13 µg chl L−1. The RMSEs in the North Indian were among the highest and
ranged from 0.13 up to 0.15 µg chl L−1. A linear regression analysis showed that the ACC
significantly decreased with the lead month in 6 out of the 12 regions (Antarctic, South
Indian, South Pacific, South Atlantic, Equatorial Pacific, North Central Atlantic and North
Pacific; Table 2, Figures 4 and 5). Although not significantly, the ACCs were also decreasing
in 3 additional regions for a total of 9 regions, where the ACCs were decreasing with lead
month.

Figure 5. Correlation coefficient between the average lead 1 (a), lead 5 (b) and lead 9 (c) forecasts and the corresponding
Suomi-NPP chlorophyll concentration (column 1, 5 and 9 in Table 2). Percent difference between the average lead 1 (d),
lead 5 (e) and lead 9 (f) forecasts and the corresponding Suomi-NPP chlorophyll concentration. The white spaces indicate a
non-significant correlation (p > 0.05). Grey space indicates the areas not covered by the model (shallower than 200 m).
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Table 2. Anomaly Correlation Coefficient (ACC) (first line), root mean square error (RMSE) (µg chlorophyll (chl) L−1,
second line) and percent chlorophyll concentration difference between the forecast and Suomi-NPP (third line) for each of
the regions and for the various lead-month (column 1 through 9). ACCs in bold indicate that the results were significant
(p < 0.05).

1 2 3 4 5 6 7 8 9

North Atlantic

0.79 0.83 0.76 0.79 0.79 0.77 0.77 0.77 0.80

0.12 0.09 0.12 0.12 0.12 0.11 0.11 0.11 0.10

−18.40 −26.80 −35.26 −37.19 −36.81 −36.35 −35.94 −35.30 −35.48

North Pacific

0.70 0.72 0.73 0.75 0.61 0.59 0.50 0.48 0.54

0.07 0.06 0.06 0.06 0.05 0.05 0.06 0.07 0.07

−10.36 −12.42 −14.79 −15.72 −15.13 −14.90 −15.56 −16.42 −16.28

North Central Atlantic

0.86 0.80 0.78 0.80 0.80 0.79 0.76 0.74 0.75

0.03 0.02 0.02 0.01 0.01 0.02 0.02 0.03 0.03

7.42 0.86 0.26 1.56 3.24 4.22 5.77 7.70 9.37

North Central Pacific

0.82 0.79 0.78 0.79 0.82 0.84 0.80 0.78 0.80

0.02 0.02 0.01 0.01 0.01 0.01 0.01 0.02 0.02

23.24 20.70 21.75 22.08 23.26 25.45 27.36 29.59 30.34

North Indian

0.11 −0.08 −0.10 −0.08 0.04 0.12 0.09 0.05 0.02

0.15 0.15 0.14 0.14 0.14 0.13 0.14 0.14 0.14

−57.27 −62.13 −61.71 −63.35 −68.02 −70.93 −71.81 −70.27 −68.42

Equatorial Atlantic

0.72 0.67 0.64 0.67 0.72 0.75 0.67 0.65 0.56

0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

26.75 21.02 22.38 25.38 26.60 27.38 28.35 29.50 34.26

Equatorial Pacific

0.46 0.43 0.34 0.32 0.33 0.28 0.24 0.29 0.09

0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.03

30.03 24.59 23.67 23.07 22.65 22.63 23.87 26.62 34.37

Equatorial Indian

0.63 0.38 0.29 0.26 0.44 0.45 0.50 0.52 0.49

0.02 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

−18.89 −26.78 −24.95 −24.45 −26.14 −25.75 −25.43 −21.87 −16.19

South Atlantic

0.88 0.85 0.84 0.83 0.81 0.82 0.79 0.74 0.83

0.02 0.02 0.01 0.01 0.01 0.01 0.02 0.02 0.03

26.56 23.94 25.30 24.81 24.40 23.92 23.94 23.98 30.46

South Pacific

0.93 0.90 0.87 0.86 0.85 0.81 0.75 0.74 0.79

0.03 0.02 0.02 0.01 0.01 0.01 0.02 0.03 0.03

38.38 36.87 36.64 37.00 37.17 36.98 37.24 37.99 44.73

South Indian

0.91 0.88 0.87 0.85 0.85 0.85 0.79 0.80 0.85

0.02 0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.02

21.11 17.30 17.02 16.09 16.08 16.56 16.62 17.95 22.35

Southern Ocean

0.81 0.80 0.78 0.78 0.78 0.76 0.70 0.70 0.78

0.13 0.08 0.07 0.06 0.06 0.06 0.07 0.10 0.10

21.71 10.86 7.19 5.86 6.83 7.36 8.10 9.29 6.45

Overall, most of the forecasted chlorophyll were within the semi-interquartile range
(SIQR) of the satellite chlorophyll (27.9 %). This SIQR is based on the uncertainty of the
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Suomi-NPP chlorophyll measurements. Notable exceptions to this were in the North
Indian (all 9 forecast months), North Atlantic (7 out of the 9 forecast months) and South
Pacific (all 9 forecast months). A few regions exceeded the SIQR occasionally (3 or less of
the forecast lead months): North Central Pacific, Equatorial Atlantic, Equatorial Pacific
and South Atlantic. The time series of the chlorophyll concentrations from the various
forecasts in comparison with the chlorophyll concentration from Suomi-NPP (Figure 6)
highlighted that in a lot of the regions, especially the high latitudes, the seasonal cycle was
too pronounced (e.g., North Central Pacific, South Pacific, Southern Ocean).

Figure 6. Chlorophyll concentration (µg L−1) from the 51 different forecasts (grey lines), and Suomi-NPP chlorophyll (red
triangle). Each of the 51 retrospective forecasts were run for a 9-month period. The first forecast started in February 2012
(initialized in January 2012) and the last forecast started in March 2016.

The percent difference between the chlorophyll concentration from the forecast and
that of Suomi-NPP indicated that the largest difference was found in the North Indian
(between −57.27% and −71.81% depending on the lead month, Table 2). The South Pacific
and North Atlantic also had fairly large differences ranging from 36.64% to 44.73% and
−18.40% down to −37.19% respectively, depending on the lead time (Table 2). The regions
where the forecasts under- and over-estimated the chlorophyll concentration were identical
to those from the comparison between the free-run and from Suomi-NPP (North Atlantic,
North Pacific, North Indian and Equatorial Indian). The timeseries of the percent difference
(Figure 7) highlighted that although the average for each of the lead months (Table 2) might
indicate a consistent over- or under-estimate, the forecasts actually oscillated between over-
and under-estimates with a strong seasonal pattern in some regions. In the North Atlantic
for example, the timeseries showed that every year in March, the forecast overestimated the
chlorophyll concentration by as much as 63.7% and was underestimated in December by as
much as −77.4%, while the average percent difference was between −18.40% and −37.19%
(Table 2). Only one region had a consistent overestimate throughout the timeseries (South
Pacific) and none of the regions had a consistent underestimate.
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4. Discussion

The performance of the system used to generate the forecasts highlighted two impor-
tant findings: (1) the capability of the model to represent the seasonal phasing (as shown
by the high correlation coefficients), although the amplitude is overestimated in several
regions (as shown by the RMSE), and (2) the existence of a positive bias in a number of
regions. The assimilation decreased the bias in all but 3 regions and allowed the estimate
to be within the satellite uncertainties for all regions except the North Atlantic. This is
relevant because it means that the assimilation of chlorophyll concentration improves the
accuracy of the initial conditions used to generate the forecasts. Skillful forecasts require
accurate initialization conditions.

The bias observed was either constant or due to the model simulating a stronger
seasonal cycle than the one observed by Suomi-NPP, or both (Figure 3). This suggests that
some region-dependent bias correction could be applied to improve the forecasting skills.
Model biases are a common characteristic of most seasonal forecasts and can be the result
of an imperfect model, a bias in the forcing data, a parametrization requiring fine-tuning or
simply the lack or misrepresentation of processes that might play key roles in some regions
e.g., [27–29]. This is especially true for global models where assumptions must be made
that can be too general for local applications. The existence of a stronger seasonal cycle in
the model compared to that of satellite data could also be due to the lack of satellite data
during specific seasons (i.e., winter) or under some circumstances (e.g., dust storm, fire,
etc.). In the high-latitude regions (i.e., Southern Ocean, North Atlantic and North Pacific)
for example, the ocean color satellites are known to sample in locations and during periods
of favorable phytoplankton growth, thereby producing an overestimate of chlorophyll
concentration during certain times of the year [30]. Gregg and Casey [30] estimated that
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the chlorophyll concentration in the North Pacific, North Atlantic and Southern Ocean was
overestimated by 12.8%, 21.7% and 18.4%, respectively. The largest biases were a result of
the exclusion of data associated with high solar zenith angle. The bias was lower in the
North Pacific and was attributed to the existence of persistent clouds during this season [30].
The overestimate of chlorophyll concentration due to the solar zenith angle and clouds
could, for example, explain the lower chlorophyll concentration observed every March
in the Southern Ocean, every December–January in the North Atlantic and in summer in
the North Pacific in the free-run and assimilation run (Figure 3). This coincides with the
annual minima in chlorophyll concentration in the Southern Ocean and North Atlantic and
the annual maxima in the North Pacific.

Predictability assesses the ability of observed chlorophyll concentrations to be pre-
dicted by a forecast system. The ACCs indicated that the forecasts had the correct variability
in chlorophyll concentration for most of the regions (Figure 6, Table 2). As is commonly ob-
served in seasonal forecasts, the skill (as measured here by ACC) degraded with increasing
lead month for the majority of regions (9 out of 12, with 6 of them being significant, Table 2,
Figure 4. The forecast for all regions except 3 (North Indian, South Pacific, North Atlantic)
were within the SIQR of Suomi-NPP, which suggests that a skillful seasonal forecast of
chlorophyll at the global scale is possible. The results show that the forecasts rely heavily
on the underlying system’s ability to simulate the seasonal cycle. The higher ACCs in the
high latitudes were indeed a direct result of the ability of the system to forecast the seasonal
cycle rather than the interannual variability. If the ACCs were calculated by removing
a seasonal climatology (thereby removing the seasonal cycle) rather than a climatology
for the whole period of interest, the ACCs were lower in the high latitudes and higher
in the Equatorial regions (Supplementary Table S1). This further demonstrates that the
forecast relies heavily on the system’s ability to forecast the seasonal cycle at high latitudes
and the interannual variability in the Equatorial regions (Equatorial Pacific and Atlantic).
Comparing these forecasts with a model simulation that is forced by a MERRA-2 clima-
tology showed that the ACCs (with seasonality removed, Supplementary Table S1) were
always higher for the forecasts than for the simulation that used a MERRA-2 climatological
forcing, thereby reinforcing the improved skills of the forecasts over a simple ‘persistence’
simulation. The inherent bias of the system in combination with the potential errors in the
predicted forcing conditions contributed to lowering the skills of the forecasting system.
Both can be improved in the future to increase the skill of the forecasts. The assimilation
of chlorophyll data on the other hand was found to improve the initial conditions of the
forecasting system. Finally, the skill of the forecasts was assessed by comparing the chloro-
phyll concentration with those from the satellite ocean color, which, as indicated above,
can have inherent biases related to the existence of clouds, aerosols, high solar zenith angle,
etc. These biases in the satellite data can themselves introduce artifacts in the estimates of
forecast skill.

Regions with some of the highest ACC also had some of the highest RMSE (i.e.,
North Atlantic and Southern Ocean). The North Atlantic and Southern Ocean had the
right phasing (significant ACCs) but appeared to have the wrong amplitude (high RMSE).
The percent difference with the chlorophyll concentration from Suomi-NPP was larger
in the North Atlantic than in the Southern Ocean because the forecast was consistently
underestimating the chlorophyll here. In the Southern Ocean, the forecasted chlorophyll
oscillated between being over- and under-estimated and as a result produced an average
difference that was smaller than in the North Atlantic. Another region where the bias was
considerable was the South Pacific. Here, the ACCs were significant, the RMSE was low
(≤0.03 µg chl L−1) and the percent difference was high (36.64–44.73%). In this region, the
forecast had the right variability (ACC) and magnitude (RMSE), but because the system
was consistently overestimating chlorophyll, it resulted in a relatively high chlorophyll
overestimate. Note that while regions were defined in this study, a spatial distribution
of the correlation and percent difference highlighted the relative consistency in patterns
of highs and lows depending on the lead time of the forecast (Figure 5). Furthermore,
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the percent difference is affected by the concentration of chlorophyll. This explains the
large percent difference observed, for example, in the South Pacific, where chlorophyll
concentrations are relatively low compared to other regions and results in large percentage
difference when compared to Suomi-NPP. Note that the ACCs are not affected by this since
they are based on anomalies.

Finally, the timeseries representing the percent difference between the chlorophyll
from the forecasts versus that of Suomi-NPP further highlights the seasonality of the error
(Figure 7). Depending on the regions, there is a pattern of increasing and decreasing bias in
our forecast, with either an annual (e.g., North Pacific, Figure 7) or bi-annual cycle (e.g.,
South Indian). Chlorophyll concentration were consistently (except for a few instances)
overestimated in only a few regions (South Atlantic, South Pacific, North Central Pacific).
The chlorophyll concentration was not underestimated throughout the entire timeseries in
any of the regions (although the chlorophyll concentrations in the North and Equatorial
Indian are mostly under-estimated).

This study shows the potential to forecast biogeochemical parameters at the global
scale using a dynamical model. The results highlight several potential areas of improve-
ments needed in the system, the most obvious one being to correct the existing bias in
the system. This paper represents the first step towards developing a set of corrections
that could be either region-dependent or applied at the pixel level and that would further
improve the forecasts. The model uncertainty could also be accounted for by using some
stochastic parametrization at the sub-grid level, such as the one used by the European Cen-
tre for Medium-Range Weather Forecasts [31]. This forecasting system could also benefit
from being integrated in a fully coupled system where the forecast of biogeochemistry
can in turn affect other parameters such as the temperature of the oceans. This need to
integrate the various components in forecasting systems (including biogeochemistry) has
already been highlighted by Ford et al. [32]. Finally, the current system does not cover
waters that are shallower than 200 m, and this of course limits the potential applications of
such of forecasting system but can also decrease the apparent skills of the forecasts since
the model does not include the potential lateral transport of high chlorophyll, dissolved
sediments and nutrients from coastal waters. The pelagic pixels adjacent to these coastal
pixels could therefore see an increase in nutrients and chlorophyll concentration once the
model does include coastal waters.

The development of the biogeochemical forecast system described here can improve
our capabilities in assessing the extent of the effects that climate variability, such as ENSO,
have on ocean biogeochemistry and the recruitment of higher trophic levels. In the last
two decades, we have witnessed the development of two major El Niño events that had
considerable impacts on both land and ocean conditions. The 1997–1998 El Niño was
particularly devastating for the ocean resources and led to the collapse of several fisheries
and dramatic socio-economic repercussions for countries such as Peru. If the effects that this
type of event had on fisheries had been predicted, the damages could have been reduced
by adapting fisheries strategies. Assessing the factors that influence the predictability
of ocean biogeochemistry at sub-seasonal and seasonal scales will improve the forecast
capabilities at longer timescales and provide information about the changes in the ocean–
atmosphere carbon cycle. Since phytoplankton and other biogeochemical constituents are
key contributors to ocean heat transfer e.g., [33,34], this effort can potentially also improve
forecasts of ocean physical variability, including the timing and magnitude of ENSO events,
as well as other regions such as the tropical Indian Ocean, the northwest Pacific (e.g.,
the “blob”) and the Arctic, as well as atmospheric events, such as hurricane, that depend
heavily on ocean heat content. A forecast of the biogeochemical conditions could also help
in designing sampling plans, support design simulation experiments where various field
sampling strategies could be tested to improve the efficiency of the field campaigns and
provide a representative sampling of existing conditions. Finally, predicting the dynamic
of the phytoplankton population can also be advantageous for local applications as well.
The increase in frequency of Harmful Algal Blooms (HABs) in specific areas is the subject
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of increasing attention in the last decades as a result of the increase in their frequency
and intensity. While the current system does not include HAB species and is most likely
currently too coarse for such applications, it represents a first step towards the ability to
forecast such HABs at the global scale.

5. Conclusions

This paper showed the skills of a 9-month forecast of chlorophyll concentration at the
global scale. The skills were found to be highly dependent on the ability of the underlying
system to produce the right seasonal variability. Existing biases in this system were
reflected in the forecasting system. The use of ocean color data assimilation to produce
initial conditions provided an improvement to the system. While further fine-tuning to the
system is necessary, the system’s skills show that such a biogeochemical forecasting system
could be integrated in a fully coupled system, where the forecast of biogeochemistry can in
turn affect other parameters, such as the temperature of the oceans. The system presented
here has numerous applications once these improvements are made and could be beneficial
to several societal applications.

Supplementary Materials: The following are available online at https://www.mdpi.com/2072-429
2/13/6/1051/s1, Table S1: Anomaly correlation coefficient with seasonal cycle removed (first line),
Root Mean Square Error (second line) and percent chlorophyll concentration difference between the
forecast and Suomi-NPP (third line) for each of the regions and for the various lead-month (column
1 through 9).
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