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1. Modelling Ocean Biogeochemistry

2. Uncertainty in the Physical Environment

Earth system models require embedded biogeochemistry
models for monitoring and predicting the role of the marine
carbon cycle and other biogeochemical factors in global
change. They are designed to capture the dominant
responses of complex ecosystems to variability in the physical
environment. Adjustable parameters compensate for unmodelled biological complexity and incomplete knowledge.
HadOCC

Temperature at Bermuda Testbed Mooring (Oct 05 – May 06)

MLD estimates
ΔT = 0.2°C
ΔT = 0.8°C
Data collected by T. Dickey &
the Ocean Physics Lab., U. of
California, Santa Barbara

Important processes like the vertical flux of particulate
organic carbon (the “biological pump”) are associated
with the activity of planktonic organisms, the distributions
of which are largely controlled by the flow field. A typical
model of water column biogeochemistry responds to
light, vertical velocity, turbulent diffusion and
temperature. The mixed layer depth is a key driver
affecting accessibility of light and nutrients (e.g. DIN) to
the phytoplankton. The consequence of uncertainty in
MLD is shown by comparison between two
biogeochemical simulations forced by alternative
estimates.
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Present capabilites for evaluating the fidelity of model
responses to their physical drivers are limited. Co-incident
physical and biogeochemical observations are needed to
calibrate the models and quantify uncertainty in their
predictions. Eulerian time-series from fixed observatories and
quasi-Lagrangian time-series from Argo profiling floats are
essential for constraining model dynamics. Robust
treatments of uncertainties associated with use of point water
column observations are needed if their potential is to be
realized.

Case 1: ΔT = 0.2°C

Case 2: ΔT = 0.8°C

Case 2 – Case 1
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3. Managing Uncertainty in Model Calibration and Assessment
Statistical models of the uncertain environment
can be used to provide input for 1-D ensemble
simulations, enabling us to quantify simulation
uncertainty for a candidate plankton model.
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Satellite ocean colour data allow us to assess
the representativeness of point observations at
the scale of interest and illustrate the
uncertainty arising from advection by the
mesoscale eddy field. Choosing a scale at
which these effects are averaged out can
smooth out plankton blooms, compromising
dynamical information and may lead to
inappropriate posterior values for rate
parameters. Analyses at eddy-resolving scales
are preferable, supported by good statistical
descriptions of the physical environment.

Estimates of expected simulation error (left) have the
potential to significantly improve calibration results over those
obtained with established methods. Our new method
attaches greater significance to model-data residuals where
simulation uncertainty is low than where it is high. Its efficacy
is proved by data assimilation twin experiments in MarMOT*
with synthetic realizations of uncertain environmental inputs
derived from a ¼° NEMO-MEDUSA simulation.

4. Allowing for Horizontal Processes and
Vertical Shear in 1-D Simulations
One method is to apply vertical profiles of advective tracer
tendencies from a 3-D simulation, shown here for Eulerian
time series in an idealized experiment. However, the
tendencies depend on the history of the tracer evolution
that is affected by physical simulation errors at various time
scales. For real-world analyses we seek estimates
consistent with hypothetical runs of the trial model in a
perfect physical simulation, motivating the use of local
physical observations as constraints.
Surface Chlorophyll at 20°W (mg m-3)

Ref: Hemmings J. C. P. & Challenor P. G., 2012, Geosci. Model Dev. 5, 471-498.

5. Physical Data Constraints on
Advective Tendencies

6. Elements of a Potential
Global Testbed Facility

Local currents measured in situ or inferred from satellite
altimetry can be used as a partial constraint. The advective
flux divergence of a tracer depends also on its upstream
gradient, for which statistical models can be derived from
representative 3-D simulations. Where model relationships
between these gradients and gradients in SST can be found,
satellite SST data provide further observational constraints.

Application: Model calibration using Bayesian
or traditional data assimilation methods; skill
assessment & parametric uncertainty analysis
of biogeochemical predictions from ocean and
Earth system models.

Horizontal Flux Divergence Tendencies
Horizontal tracer gradient
v SST gradient

Daily displacement from near-surface
currents measured at the Bermuda
Testbed Mooring close to the BATS site

Derived from Met Office data (OSTIA)
Each grid square is 10 km

Log(Chl) Upstream Gradient

Spatial SST anomaly (°C)

from NEMO-MEDUSA output (19962006) within 50 km of BATS site

Ocean Surface pCO2
JAN-DEC at 40°N 20°W

SST Upstream Gradient

Observational data (left) can be combined with model relationships (right) to constrain
flux divergence p.d.f.s. Colours (right) indicate different months, showing seasonal
variation in the relationship between chlorophyll and temperature gradients.

Primary Component: 1-D biogeochemical
time-series data set with global coverage,
comprising core data from Bio-Argo floats &
Eulerian observatories plus ocean colour time
series selected according to availability of in-situ
physical data (e.g. following Argo float tracks).
Supporting Data Requirements:
 Statistical descriptions of upper ocean physics
local to each site or float track, based on
extrapolations of satellite & in-situ data or 3-D
model output validated against these data for
uncertainty quantification.
 Regional p.d.f.s for upstream gradients of
model tracers, conditioned on observable
physical variables where possible.
 Regional p.d.f.s for initial state, based on
climatologies & representative 3-D simulations.

1° NEMO-MEDUSA
MarMOT-MEDUSA with no lateral fluxes
MarMOT-MEDUSA with advective flux divergences

* Marine Model Optimization Testbed software, developed in the
NCEO Carbon Cycle programme, provides a flexible multi-column
1-D modelling capability for comprehensive plankton model analysis
in a realistic 3-D context. It can also generate training data for the
construction of fast statistical emulators (demonstrated in a U. of
Durham PhD project, Oxlade, 2012) opening the way to rigorous
exploration of plankton models’ large multi-dimensional parameter
spaces.

3-D simulation data are from experiments performed by Andrew Yool using the NEMO ocean model supported by co-workers in the NOC Marine Systems Modelling Group.

