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Ocean biogeochemical (BGC) models utilise a large number of poorly-constrained

global parameters to mimic unresolved processes and reproduce the observed complex

spatio-temporal patterns. Large model errors stem primarily from inaccuracies in these

parameters whose optimal values can vary both in space and time. This study aims

to demonstrate the ability of ensemble data assimilation (DA) methods to provide

high-quality and improved BGC parameters within an Earth system model in an idealized

perfect twin experiment framework. We use the Norwegian Climate Prediction Model

(NorCPM), which combines the Norwegian Earth System Model with the Dual-One-Step

ahead smoothing-based Ensemble Kalman Filter (DOSA-EnKF). We aim to estimate five

spatially varying BGC parameters by assimilating salinity and temperature profiles and

surface BGC (Phytoplankton, Nitrate, Phosphate, Silicate, and Oxygen) observations in a

strongly coupled DA framework—i.e., jointly updating ocean and BGC state-parameters

during the assimilation. We show how BGC observations can effectively constrain error

in the ocean physics and vice versa. The method converges quickly (less than a year)

and largely reduces the errors in the BGC parameters. Some parameter error remains,

but the resulting state variable error using the estimated parameters for a free ensemble

run and for a reanalysis performs nearly as well as with true parameter values. Optimal

parameter values can also be recovered by assimilating climatological BGC observations

or sparse observational networks. The findings of this study demonstrate the applicability

of the DA approach for tuning the system in a real framework.

Keywords: parameter estimation, Ensemble Kalman Filter (EnKF), biogeochemical model, Earth system model
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FIGURE 6 | True (row-one) and point wise ensemble mean of the perturbed (row-two) and estimated BGC parameters in December 1990 with assimilation of

time-varying (row-three), climatological (row-four), and very sparse climatological (row-five) BGC surface observations in addition to time varying physics. Column-one

to -five correspond to BKPHY, GRAZRA, BKOPAL, GAMMAP, and WPOC parameters.

have no sensitivity to these parameters and all experiments
perform equivalently.

This conclusion is also verified for others BGC quantities
such as silicate (Figure 8), phosphate (Figure 9), nitrate, and
oxygen (not shown) in which PEs perform nearly as good as
TP, while PP leads to a poor simulation of these variables and a
large underestimate (negative bias) of the nutrient concentration,
specifically during summer seasons, in the euphotic zone. This
is related to the highly enhanced phytoplankton activity in PP,
as seen earlier, which removes the available nutrients from the
euphotic zone. RMSE and bias profile plots suggest that BGC
parameters may strongly control the biogeochemical process in
deeper layers up to roughly 500m depth. Again, the simulated
quality of nutrients and oxygen profiles by PEs and TP are very
similar throughout entire depth.

We can also notice that NorESM_PE and NorESM_PE_SCO
experiments show very comparable accuracy for ecosystem
variables. Results from NorESM_PE_CO is not included to avoid
overlapping lines in the Figures but we found very similar results.
It suggests that BGC surface sparse climatological observations,
and even very sparse climatological observations are somewhat

sufficient to retrieve optimal ecosystem parameters with similar
quality as time-varying observations using the DOSA-EnKF
algorithm. Hence, in our model, the largest contribution to the
error appears to be related to the seasonal cycle representation,
which can be effectively corrected with a monthly climatology
of observations.

We also analyse the impact of the parameters spatially.
Figure 10 shows the RMSE and bias averaged over 100m depth
for the phytoplankton concentration and 500m for the silicate
profile. In general, bloom intensity increases from mid to high
latitudes. It is seen that PP shows a larger overestimation of
phytoplankton concentration, specifically over high latitudes and
over some tropical regions, e.g., the eastern tropical Pacific
Ocean. In all 3 PEs, the biases and RMSEs are reduced. The
RMSE and bias patterns of the PEs closely match that of TP.
In the case of silicate, PP shows a severe underestimation
over the region where increased phytoplankton activities
are seen.

Performance of the PEs is now assessed for an observation that
was not used for tuning the parameters. Hence, we investigate air-
sea CO2 flux and net primary production (NPP) (Figure 11) and
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FIGURE 7 | Panels on the left show the RMSE (solid lines) and bias (dotted lines) of the ensemble mean of NorESM phytoplankton concentration compared to the

TRUTH in the euphotic zone (i.e., from the surface to 100 m) in the northern hemisphere [NH, (A)] and in the southern hemisphere [SH, (B)]. (C) is the globally

averaged vertical error profiles estimated over the 4-year period (1980–1983). The results of the free NorESM simulation using TP are shown in black, PP in red, and

PE using assimilation of time-varying observations in blue and sparse climatological BGC observations in magenta.

found consistent results. Similar to previous results, PEsmaintain
the accuracy closer to TP.

The above results provide strong evidence that the DOSA-
EnKF system can successfully recover the optimal value for
chosen BGC parameters. It also suggests that the remaining
parametric error does not effectively influence the behavior of
the model.

3.4. Reanalysis With Estimated Parameters
This section presents the accuracy of the state variables in the
reanalyses which started in February 1990 and were run until
December 1991 using fixed estimated parameters (REANA_PE).
We compare the performance of REANA_PE with that of
a reanalysis using perturbed parameters REANA_PP (lower
benchmark) and a reanalysis using true parameters REANA_TP
(upper benchmark).

The time evolution of the RMSE and bias over the
euphotic zone is presented in Figure 12. First, we notice that
assimilation improves the accuracy of the ecosystem variables
in all experiments. For instance, the prior distributions of
phytoplankton, oxygen and net primary production (NPP) are
associated with high uncertainty and biases in the months with
maximum bloom activity (January in the southern hemisphere).
After a few assimilation cycles, there is a lower error during
the bloom seasons. This can also be verified by comparing the
phytoplankton free run accuracy shown in Figure 7 with the

analysis accuracy presented here. For instance, the free run with
PP shows RMSE values of roughly 70 µmolC m−3 for the spring
bloom peak over the northern hemisphere (Figure 7), which is
reduced to roughly 40µmolC m−3 after assimilation (Figure 12).

Similar results are found for NPP (time evolution of free run
not shown), for which observations are not being assimilated
in the system (non-observed variable). Thus, the assimilation
system is capable of improving the quality of not only the
observed ecosystem variables (e.g., phytoplankton and Oxygen)
but also of the non-observed variables. However, differences in
the accuracy of reanalyses are clearly visible for the different set
of parameters. REANA_PP shows larger uncertainty and stronger
biases particularly during bloom seasons for phytoplankton,
oxygen and net primary production reanalyses. The differences
between REANA_PP and REANA_TP are more pronounced
in the northern hemisphere than in the southern hemisphere.
This exemplifies that assimilation cannot achieve optimum
performance in the presence of model error.

The quality assessment of reanalysis has been further assessed
in the deeper ocean by estimating the globally averaged RMSE
and bias profiles for the top 1-km (Figure 13). The statistics have
been computed using the July 1990 to December 1991 period.
The first 6 months have been discarded for removing assimilation
spinup that is longer in the deeper ocean. TP and PE show overall
comparable performance for phytoplankton reanalysis whereas
PP leads to degraded performance mostly in the top 150 m.
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FIGURE 8 | Same as Figure 7 but for Silicate.

FIGURE 9 | Same as Figure 7 but for Phosphate.
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FIGURE 10 | RMSE and bias maps estimated over 1980–1983 for phytoplankton and silicate. For phytoplankton, RMSE (column-one) and bias (column-two) are

averaged over euphotic zone (0–100 m), while for silicate, they are averaged over 0–500m depth (column-three and -four, respectively). The error are computed from

free NorESM simulation using TP (first row), PP (row-two), and fixed PE estimated with assimilation of time-varying observation (row-three), time varying physic and

climatological BGC (row-four), and time varying physic and sparse climatological BGC (row-five).

Similar results can be seen for nutrients (e.g., phosphate and
silicate) and oxygen profiles where differences of PP with TP or
PE are more pronounced at inter-mediate depth levels. Still we
can see that the performance of PE is not as efficient for oxygen
and phosphate below 300m. It would have been interesting to test
whether training the parameters with deeper BGC observations
(currently only available at the surface) would have improved
performance there.

4. SUMMARY AND CONCLUSIONS

We have presented the feasibility of optimizing spatially
varying ocean biogeochemical parameters in an Earth system
model using an ensemble-based data assimilation method in

an idealized perfect twin experiment setup. We used the
NorCPM system, which combines the NorESM global model
with the DOSA-EnKF assimilation method. The DOSA-EnKF
applies a smoothing step to the state and parameters before
propagating the model for the analysis step. We estimate
five spatially varying biogeochemical parameters in addition
to ocean physical and biogeochemical state variables. The
parameters characterize the major surface biological processes
such as phytoplankton growth, zooplankton grazing, release
of dissolved organic carbon, sinking of organic matter and
nutrient uptake. We assimilate synthetic monthly ocean physics
profiles (temperature and salinity) and surface BGC observations
(Phytoplankton, Nitrate, Phosphate, Silicate, and Oxygen)
in a strongly coupled framework, where observations are
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FIGURE 11 | Same as Figure 10 but for CO2 flux (column-one and -two) and net primary production (column-three and -four).

used to update ocean and BGC state variables jointly along
with parameters.

Assimilation of different observation networks in a strongly
coupled framework reveals that BGC observations can effectively
constrain errors in the ocean physics and vice versa. It
demonstrates the potential of strongly coupled data assimilation
to constrain the errors in cross component state variables. It
could benefit ocean BGC in real observations setup, where
dense network of physical observations can be used to constrain
the BGC state variables for which measured properties are
under-sampled. In our setup, sole assimilation of BGC surface
observations seems to yield largest error reduction in the top
200 m for both physical and ecosystem variables. Further,
combined assimilation of physical and BGC observations
provides more robust performance and avoid degradation in
deeper layers.

The success of the parameter estimation has been tested by
three state-parameter estimation experiments performed using
different networks of BGC observation on top of physical
observations. One of them assimilating sparse-grid (every 5th
grid cell) time-varying BGC observations and the other two
assimilating climatological BGC observations prepared at sparse
(every 5th grid cell) and very sparse horizontal resolution (every
10th grid cell). All experiments converge quickly within a year
and are able to retrieve the true global mean of estimated
parameters, strongly reducing the error in the perturbed
parameters. Further, the spatial pattern for nutrient uptake and
zooplankton grazing parameters show relatively good agreement
with that of the true values. However, some differences remain
in the estimated values. The success of recovering the true
parameter values in any region depends on the sensitivity of the
model to those parameters. It is possible that the true values are
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FIGURE 12 | Panels on the left show the RMSE (solid lines) and bias (dotted lines) of the ensemble mean of phytoplankton concentration reanalysis compared to the

TRUTH in the euphotic zone in the northern hemisphere [NH, (A)] and southern hemisphere [SH, (B)]. The results of the reanalysis using TP are shown in black, PP in

red, and PE in blue using assimilation of time-varying observations. (C,D) and (E,F) are same as (A,B) but for net primary production and oxygen concentration.

FIGURE 13 | (A) is the globally averaged RMSE (solid lines) and bias (dotted

lines) profiles estimated over the 18-months reanalysis period (July 1990-

December 1991) for phytoplankton concentration generated using TP (black),

PP (red), fixed PE (blue), and assimilating time-varying observations. (B–D) are

same as (A) but for oxygen, phosphate, and silicate, respectively.

not sensitive in many regions. Over such regions, the estimation
of parameters may not work effectively and differences between
estimated and true values are possible.

As a way to test the impact of the parameters on the state
variables, we conducted ensemble free run using estimated
parameter values obtained from three different BGC observation
networks mentioned earlier. The performance of the estimated
values has been compared with upper- and lower benchmark
model ensemble runs conducted using true and perturbed
parameter values, respectively. We found that the accuracy
of simulated ecosystem variables obtained using all three sets
of estimated parameters is as good as those obtained using
true parameters. Perturbed parameters lead to a systematic
overestimation of the phytoplankton and longer spring blooms
compared to the true parameters. Similar results have been
obtained for nutrient and oxygen concentrations throughout
the entire water column. These results suggest that remaining
differences in the estimated and true parameters do not effectively
influence the behavior of the model and estimated values are
optimal. As similar results have been obtained from all three
sets of estimated parameters, we can conclude that very sparse
BGC surface climate observations are sufficient to retrieve
optimal ecosystem parameters with similar quality as time-
varying observations using the DOSA-EnKF algorithm with our
model system. We suspect that this is because the primary source
of error is in the representation of the seasonal cycle that is well
represented by the monthly climatology data.

The performance of reanalyses using fixed estimated
parameters was also assessed. Again, we found that using
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the estimated parameters improves the quality of ecosystem
variables in the reanalyses mode. The accuracy of the reanalysis
with perturbed parameters shows poorer performance than the
one using true and estimated parameters with large biases and
error for observed variables (e.g., phytoplankton, oxygen and
phosphate) as well as for unobserved variables (e.g., net primary
production which was not assimilated). This is expected because
assimilation is not designed to correct model errors (Dee, 2005;
Counillon et al., 2021).

The finding of this study clearly reveals that the DOSA-EnKF
system in a perfect twin experiment can estimate spatially varying
optimal BGC parameters for the NorESM model, even with very
sparse climatological BGC surface observation. It remains to be
confirmed whether the method succeeds in a real framework
(assimilating real observations) as errors may originate from
the other components (atmosphere, ocean physics, sea ice) or
additional structural-related errors.
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