
model–data agreement and thus yielded good solutions even near
the boundaries. No adjustments to boundary conditions occurred
as part of this data assimilation system. In both the forward and
data assimilation cases, the ecosystem model was run as an offline
calculation. The offline algorithm derives from the full ROMS code,
but omits the update of the physical state by ocean dynamics, and
instead linearly interpolates between saved daily snapshots in
time. Model fields other than velocity and sea surface height
are updated according to advection and diffusion using these

time-interpolated physical fields. This approach was desirable
because data assimilation is computationally expensive and in this
study completely independent of the ecosystem model execution.
We found no substantial or qualitative differences in results
between online and our offline implementations. Offline calcula-
tions used radiation boundary conditions and the Multidimen-
sional Positive Definite Advection Transport Algorithm (MPDATA;
Smolarkiewicz and Margolin, 1998) for ecosystem tracer variables
and an upstream 3rd order algorithm for physical variables. Both

Fig. 1. The model domain showing bathymetry (m) and various regions used in the analysis (NO-North Offshore, SO- South Offshore, NC-North Coast, SC-South Coast,
AP-Abyssal Plain, and the CalCOFI cruise area).

Fig. 2. A schematic illustrating the methodology to obtain ecosystem model estimates for the forward (non-data assimilative) and I4D-Var model runs. The bottom-most line
segment refers to the offline ecosystem model runs analyzed in this manuscript using circulation output from the two physics only runs shown as 2 line segments above.
Acronyms: Initial Condition (IC), Boundary Condition (BC), Multidimensional Positive Definite Advection Transport Algorithm (MPDATA), Upstream third order advection
(U3).
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the forward and data assimilation physics-only models were run
first, each using the upstream third-order advection scheme, and
the ecosystem model was run subsequently for both, as offline cal-
culations using the MPDATA advection scheme. This approach
ensures that differences between forward and data assimilative
ecosystem model results presented are not the result of advection
scheme differences.

Model results and comparison with observations

Ecosystem model results

The sum total of modeled phytoplankton biomass, using physi-
cal fields from the forward model and I4D-Var, is compared to
satellite estimates of sea surface chlorophyll. Chlorophyll esti-
mates for the year 2003 were obtained from the monthly Seaview-
ing Wide Field-of-view Sensor (SeaWiFS) products, provided by
NOAA Environmental Research Division. We chose monthly aver-
ages to mitigate missing data due to cloud cover and still resolve
mesoscale variability. The SeaWiFS product used in this paper is
more recent than and differs quantitatively from that used by
Goebel et al. (2010). Specifically, this product shows reduced phy-
toplankton stock on the inner continental shelf.

Fig. 3a and d presents the annually averaged logarithm (base
10) of surface chlorophyll estimates for the year 2003, for the for-
ward model and from SeaWiFS, respectively. The spatial structure
of the surface chlorophyll distribution appears to be largely cap-
tured by the forward model, such as higher phytoplankton stand-
ing stock nearshore resulting from upwelling-induced nutrient
fluxes and reduced standing stock offshore in the vicinity of the
nutrient-depleted oligotropic subtropical gyre. While the location
and distribution of yearly averaged nearshore stock is largely cap-
tured by the ecosystem model, the amplitude of this feature is
smaller than observations. Also visible in the model is a region of
intermediate chlorophyll levels between the higher nearshore phy-
toplankton concentration and lower offshore values.

A nearshore feature observed in the satellite estimate but
absent in the model is the region of high chlorophyll off the coast
of Washington. In nature, high chlorophyll concentration in this
region is thought to be influenced by nutrient input from the Strait
of Juan de Fuca and the Columbia river plume (Hickey and Banas,
2008). The current model does not include freshwater input by
river discharge.

After assimilation, overall surface chlorophyll levels are higher
everywhere compared to the forward model (Fig. 3b). Coastal phy-
toplankton levels are closer to observations than the forward
model; offshore phytoplankton levels following data assimilation

Fig. 3. Annually averaged log10 of surface chlorophyll (mgChlcm!3) for (a) forward model, (b) data assimilation, (c) data assimilation with overlapped assimilation cycles, and
(d) SeaWiFS.
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Bias	(model-data)	and	Correla-ons	

are considerably higher than the forward model and satellite esti-
mates. Fig. 3c presents results from an alternative data assimilation
strategy that will be described in section ‘Mitigation of initializa-
tion shock’.

Fig. 4 quantifies differences between the three model estimates
of surface chlorophyll and satellite observations. Shown are the
annual mean error bias (model minus data, top) and correlation
coefficient (bottom) for the ecosystem model using physical fields
from the forward model (Fig. 4a and d) and data assimilation
(Fig. 4b, e, c, and f) obtained using monthly mean estimates of
modeled surface chlorophyll and monthly satellite composites.
While monthly means include some variation in structure and
amplitude due to changes over such a long period, they mitigate
cloud cover issues that dominate daily and weekly estimates in
this region. For every surface location on the model grid, error bias
is computed each month and then annually averaged. The annual
correlation coefficient was also calculated for each surface grid
location. Only significant correlations are colored with locations
having a p-value greater than 10% shown as white.

The overall increase in phytoplankton standing stock following
data assimilation (Fig. 3b) results in a higher error bias such that
the small negative bias in forward model phytoplankton estimates
is now mostly replaced by a much larger positive bias. Overall lev-
els of correlation, particularly offshore, are generally higher, and
the total area with statistically significant correlation is increased
following data assimilation. Regions of negative correlation in the
middle of the domain and the south offshore region for the forward
model are absent following data assimilation. Correlation along the

coast does not appear to be improved by assimilation of physical
data. Biological fields are not adjusted directly at the start of each
new cycle, and thus we presume that the increase in correlation
coefficient results from the dynamical adjustment of biological
variables to the altered circulation. Assimilation of sea surface
height, sea surface temperature and subsurface hydrography leads
to a more accurate placement of mesoscale physical features.

Table 1 summarizes the statistical evaluation shown in Fig. 4.
Spatial averages of the metrics are computed over various regions,
classified as the entire domain, coast, north coast, south coast, off-
shore, north offshore and south offshore (Fig. 1). Coastal and off-
shore regions are demarcated by the 1000 m isobath, and
latitude 40.5!N divides northern and southern subdomains.1 For-
ward and data assimilative models exhibit different spatially aver-
aged biases in chlorophyll concentrations. In coastal regions, the
forward model exhibits a very large negative bias compared to a
smaller amplitude, negative bias in the data assimilation run. Mod-
eled bias in offshore regions are small and negative in the forward
run, compared to a larger amplitude positive bias in the data assim-
ilative run. Whole domain averages resemble offshore subdomain
averages due to the relative areal extent of the different averaging
zones.

In terms of chlorophyll correlation, data assimilation shows a
marked improvement when averaged over the domain, twice that
of the forward model. This improvement is not uniform in all

Fig. 4. Surface chlorophyll annually averaged error statistics. Model-data error bias (mg Chl cm!3, top) and temporal correlation with SeaWiFS (bottom) for forward model (a)
and (d), data assimilation (b) and (e), and data assimilation with overlapped assimilation cycles (c) and (f). Locations with p-value < 0.1 are shown as white.

1 Columns labeled Forward and DA refer to the two runs discussed in this section;
the column labeled DA-O will be discussed below.
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ward and data assimilative models exhibit different spatially aver-
aged biases in chlorophyll concentrations. In coastal regions, the
forward model exhibits a very large negative bias compared to a
smaller amplitude, negative bias in the data assimilation run. Mod-
eled bias in offshore regions are small and negative in the forward
run, compared to a larger amplitude positive bias in the data assim-
ilative run. Whole domain averages resemble offshore subdomain
averages due to the relative areal extent of the different averaging
zones.

In terms of chlorophyll correlation, data assimilation shows a
marked improvement when averaged over the domain, twice that
of the forward model. This improvement is not uniform in all
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subregions. Along the coast, correlations are higher for the forward
model where wind-driven upwelling is strong and winds are well-
represented by the COAMPS fields. Broquet et al. (2011) found that
corrections to surface forcing result in larger wind stress errors in
data assimilation than COAMPS when compared to QuickScat
satellite estimates, and these corrections likely also influence the
local ecosystem response. The offshore zone is dominated by
intrinsic variability of the mesoscale eddy field, and that is where
the largest improvement in correlation occurs. At this time we
have no explanation for the substantial difference in correlation
between north and south offshore regions.

We conclude this subsection with an evaluation of subsurface
fields. Fig. 5 presents a comparison of modeled subsurface nitrate

and chlorophyll fields and CalCOFI observations averaged over
the year 2003 and along lines 77, 80, 83, 87, 90 and 93, which cover
the Southern and Central California region from about 30–36!N
and 116–124!W. Relative to CalCOFI observations, the forward
model (blue line) underestimates nitrate levels at all depths and
chlorophyll concentrations above about 40 m. Although our mod-
eled chlorophyll following data assimilation is larger on average
than SeaWiFS estimates over the majority of the domain (e.g.
Fig. 4), a negative bias is apparent in the region near Pt. Conception
(35!N) and over nearshore portions of the CalCOFI survey lines,
consistent with the negative bias in surface chlorophyll shown
here. Data assimilation (black line) results in error biases that are
reduced, relative to the forward run, for both nitrate above
100 m and chlorophyll above about 40 m. Correlations in subsur-
face NO3 are made worse in the upper 40 m following assimilation
(not shown).

Biological rectification

As discussed in section ‘Introduction’, higher phytoplankton
standing stock following data assimilation has also been noted in
related studies. Anderson et al. (2000) suggested that a misalign-
ment of physical and biological fields results in an enhanced
cross-frontal advection of nutrients and a corresponding increase
in phytoplankton response. An alternate hypothesis that we inves-
tigate here is that elevated levels of phytoplankton standing stock
result from a net upward nutrient flux deriving from high positive

Table 1
Mean error biases (mg Chl cm!3) and mean statistically significant correlations of
modeled surface chlorophyll compared to satellite estimates for the forward run and
data assimilation without/with a one-week overlap between assimilation cycles.

Bias Correlation

Forward DA DA-O Forward DA DA-O

Domain !0.11 0.25 0.14 0.19 0.42 0.38
Coast !0.59 !0.02 !0.15 0.26 0.14 0.14
N. Coast !0.86 !0.21 !0.39 0.41 0.46 0.45
S. Coast !0.41 !0.17 0.00 0.16 !0.05 !0.05
Offshore !0.06 0.27 0.16 0.19 0.44 0.40
N. Off. !0.10 0.33 0.19 0.40 0.70 0.67
S. Off. !0.05 0.24 0.14 0.08 0.31 0.27

Fig. 5. In-situ profiles for (a) NO3 and (b) chlorophyll concentration for various model configurations, along with CalCOFI measurements averaged over 2003, and covering
lines 77, 80, 83, 87, 90, 93. Model-data error bias for in situ (c) NO3 and (d) chlorophyll concentration relative to CalCOFI. Blue forward model. Black data assimilation. Red
data assimilation with a one-week overlap between assimilation cycles. Green CalCOFI measurements. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

K. Raghukumar et al. / Progress in Oceanography 138 (2015) 546–558 551

model–data agreement and thus yielded good solutions even near
the boundaries. No adjustments to boundary conditions occurred
as part of this data assimilation system. In both the forward and
data assimilation cases, the ecosystem model was run as an offline
calculation. The offline algorithm derives from the full ROMS code,
but omits the update of the physical state by ocean dynamics, and
instead linearly interpolates between saved daily snapshots in
time. Model fields other than velocity and sea surface height
are updated according to advection and diffusion using these

time-interpolated physical fields. This approach was desirable
because data assimilation is computationally expensive and in this
study completely independent of the ecosystem model execution.
We found no substantial or qualitative differences in results
between online and our offline implementations. Offline calcula-
tions used radiation boundary conditions and the Multidimen-
sional Positive Definite Advection Transport Algorithm (MPDATA;
Smolarkiewicz and Margolin, 1998) for ecosystem tracer variables
and an upstream 3rd order algorithm for physical variables. Both

Fig. 1. The model domain showing bathymetry (m) and various regions used in the analysis (NO-North Offshore, SO- South Offshore, NC-North Coast, SC-South Coast,
AP-Abyssal Plain, and the CalCOFI cruise area).

Fig. 2. A schematic illustrating the methodology to obtain ecosystem model estimates for the forward (non-data assimilative) and I4D-Var model runs. The bottom-most line
segment refers to the offline ecosystem model runs analyzed in this manuscript using circulation output from the two physics only runs shown as 2 line segments above.
Acronyms: Initial Condition (IC), Boundary Condition (BC), Multidimensional Positive Definite Advection Transport Algorithm (MPDATA), Upstream third order advection
(U3).
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Causes	of	excess	produc-on:	
(1)	Assimila-on	shocks	

RMS(w)	at	50	m		

and negative vertical velocities. High vertical velocity fluctuations
can be stimulated by data assimilation through initialization shock,
a subject that has been well-known in meteorology (e.g., see
Machenhauer, 1977). Dynamical imbalance in the data assimilative
model between sea surface height, internal density and velocity
fields results in a physical adjustment in the form of gravity waves
that transiently upwell nutrients. At the top of their transient
excursion, fluid parcels experience relatively higher light levels,
stimulating phytoplankton growth. We note that under optimal
conditions, the time-scale for small phytoplankton to grow in this
model is about 1 day with longer time-scales resulting from nutri-
ent limitation or too high or too low light levels (Goebel et al.,
2010). Thus initialization shock may drive a net, upward nutrient
flux and phytoplankton growth, a process we refer to as biological
rectification. Such a physical adjustment was speculated as one of
three possible causes for modeled increases in phytoplankton con-
centrations in the related study of Berline et al. (2007), though they
did not explore this possibility further. Here, we examine the ver-
tical velocity field and perform a nutrient budget analysis to estab-
lish this mechanism as a cause of the observed phytoplankton bias.

One requirement for the biological rectification hypothesis is
that root mean square (RMS) vertical velocity is larger in the data
assimilative model than in the forward model. Fig. 6a and b present
the standard deviation of vertical velocity at 50 m depth, averaged
over the year 2003, for the forward and data assimilation experi-
ments, respectively. Data assimilation leads to substantially higher
RMS velocities over the entire domain, with particularly high
increases in the southwest corner. Similar differences between for-
ward and assimilative model output were found at other depths.

A nutrient budget analysis quantifies the net nutrient fluxes
associated with different driving processes. Generally, a biogeo-
chemical nutrient N belongs to either the biologically available
inorganic pool or to one of several organic compartments (phyto-
plankton, zooplankton, dissolved or particulate organic matter):

½N"total ¼ ½N"inorganic þ ½N"phyto þ ½N"zoo þ ½N"DOM þ ½N"POM ð1Þ

where [N] is the nutrient concentration. In our self-assembling eco-
system model as in many biogeochemical models, nutrient uptake
by phytoplankton transfers nutrients from the inorganic pool to
an organic pool. Unassimilated grazing and phytoplankton and zoo-
plankton mortality export a fraction of material to particulate and
dissolved components, which are then remineralized back into inor-
ganic form.

The budget for inorganic nutrient Ninorganic (after dropping the
subscript) can be expressed in terms of an advection–diffusion
equation with biological sources and sinks as
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where u, v are horizontal velocities, w is the vertical velocity, and KH

and KV represent the coefficients of horizontal and vertical eddy dif-
fusivity, respectively. The first three terms on the right-hand side of
Eq. (2) represent horizontal and vertical advection, with three diffu-
sion terms then following. The last term, S, encompasses biological
sources and sinks of inorganic nutrients such as uptake or
remineralization.

To isolate the influence of higher frequency oscillations, we sep-
arate the mean flux from fluxes associated with variability through
a Reynolds decomposition applied to terms in Eq. (2). Each field
consists of the sum of an annual mean plus perturbations to the
annual mean. For example, vertical velocity can be represented
as w ¼ wþw0, where the overbar indicates a mean. The annually
averaged vertical nutrient flux is then given by wN ¼ wN þw0N0.
In addition to a full budget as given by Eq. (2), we examine also
the eddy flux terms such as w0N0 to better understand the overall
impact of time-varying motion on nutrient transport.

Fig. 7 presents the nutrient budget analysis for inorganic NO3,
applied to the forward and data assimilative runs. The calculation
is made over an abyssal plain region spanning 125–132!W and 31–
36!N, chosen to be relatively free of boundary and coastal circula-
tion effects and shown in Fig. 1. Lines represent the forward model
in blue and data assimilation run in red. Fig. 7a shows the time-
rate of change (solid line, LHS of Eq. (2)) and the sum of advection
and diffusion terms (dashed). The difference between solid and
dashed curves is equal to biological sources and sinks, not shown
as a separate curve. While the time rate of change of NO3 (solid
line) is comparable for either model experiment, the sum of advec-
tion and diffusion in the upper water column is much larger in the
assimilation experiment. Thus the data assimilation run has a sub-
stantially larger biological transfer from the inorganic form
through uptake than the forward model. Fig. 7b shows the total
advective flux divergence of inorganic NO3, which at a depth of
about 30 m shows a sharp increase in the data assimilative run rel-
ative to the forward model output. Further diagnosis reveals that in
the upper water column, the large advective flux divergence in the

Fig. 6. RMS vertical velocity (m day'1) at 50 m depth for (a) the forward model, (b) data assimilation, and (c) data assimilation with overlapped assimilation cycles.
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and negative vertical velocities. High vertical velocity fluctuations
can be stimulated by data assimilation through initialization shock,
a subject that has been well-known in meteorology (e.g., see
Machenhauer, 1977). Dynamical imbalance in the data assimilative
model between sea surface height, internal density and velocity
fields results in a physical adjustment in the form of gravity waves
that transiently upwell nutrients. At the top of their transient
excursion, fluid parcels experience relatively higher light levels,
stimulating phytoplankton growth. We note that under optimal
conditions, the time-scale for small phytoplankton to grow in this
model is about 1 day with longer time-scales resulting from nutri-
ent limitation or too high or too low light levels (Goebel et al.,
2010). Thus initialization shock may drive a net, upward nutrient
flux and phytoplankton growth, a process we refer to as biological
rectification. Such a physical adjustment was speculated as one of
three possible causes for modeled increases in phytoplankton con-
centrations in the related study of Berline et al. (2007), though they
did not explore this possibility further. Here, we examine the ver-
tical velocity field and perform a nutrient budget analysis to estab-
lish this mechanism as a cause of the observed phytoplankton bias.

One requirement for the biological rectification hypothesis is
that root mean square (RMS) vertical velocity is larger in the data
assimilative model than in the forward model. Fig. 6a and b present
the standard deviation of vertical velocity at 50 m depth, averaged
over the year 2003, for the forward and data assimilation experi-
ments, respectively. Data assimilation leads to substantially higher
RMS velocities over the entire domain, with particularly high
increases in the southwest corner. Similar differences between for-
ward and assimilative model output were found at other depths.

A nutrient budget analysis quantifies the net nutrient fluxes
associated with different driving processes. Generally, a biogeo-
chemical nutrient N belongs to either the biologically available
inorganic pool or to one of several organic compartments (phyto-
plankton, zooplankton, dissolved or particulate organic matter):

½N"total ¼ ½N"inorganic þ ½N"phyto þ ½N"zoo þ ½N"DOM þ ½N"POM ð1Þ

where [N] is the nutrient concentration. In our self-assembling eco-
system model as in many biogeochemical models, nutrient uptake
by phytoplankton transfers nutrients from the inorganic pool to
an organic pool. Unassimilated grazing and phytoplankton and zoo-
plankton mortality export a fraction of material to particulate and
dissolved components, which are then remineralized back into inor-
ganic form.

The budget for inorganic nutrient Ninorganic (after dropping the
subscript) can be expressed in terms of an advection–diffusion
equation with biological sources and sinks as
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where u, v are horizontal velocities, w is the vertical velocity, and KH

and KV represent the coefficients of horizontal and vertical eddy dif-
fusivity, respectively. The first three terms on the right-hand side of
Eq. (2) represent horizontal and vertical advection, with three diffu-
sion terms then following. The last term, S, encompasses biological
sources and sinks of inorganic nutrients such as uptake or
remineralization.

To isolate the influence of higher frequency oscillations, we sep-
arate the mean flux from fluxes associated with variability through
a Reynolds decomposition applied to terms in Eq. (2). Each field
consists of the sum of an annual mean plus perturbations to the
annual mean. For example, vertical velocity can be represented
as w ¼ wþw0, where the overbar indicates a mean. The annually
averaged vertical nutrient flux is then given by wN ¼ wN þw0N0.
In addition to a full budget as given by Eq. (2), we examine also
the eddy flux terms such as w0N0 to better understand the overall
impact of time-varying motion on nutrient transport.

Fig. 7 presents the nutrient budget analysis for inorganic NO3,
applied to the forward and data assimilative runs. The calculation
is made over an abyssal plain region spanning 125–132!W and 31–
36!N, chosen to be relatively free of boundary and coastal circula-
tion effects and shown in Fig. 1. Lines represent the forward model
in blue and data assimilation run in red. Fig. 7a shows the time-
rate of change (solid line, LHS of Eq. (2)) and the sum of advection
and diffusion terms (dashed). The difference between solid and
dashed curves is equal to biological sources and sinks, not shown
as a separate curve. While the time rate of change of NO3 (solid
line) is comparable for either model experiment, the sum of advec-
tion and diffusion in the upper water column is much larger in the
assimilation experiment. Thus the data assimilation run has a sub-
stantially larger biological transfer from the inorganic form
through uptake than the forward model. Fig. 7b shows the total
advective flux divergence of inorganic NO3, which at a depth of
about 30 m shows a sharp increase in the data assimilative run rel-
ative to the forward model output. Further diagnosis reveals that in
the upper water column, the large advective flux divergence in the

Fig. 6. RMS vertical velocity (m day'1) at 50 m depth for (a) the forward model, (b) data assimilation, and (c) data assimilation with overlapped assimilation cycles.
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Nitrate	Budget	shows	DA	drives	a	large	ver-cal	
eddy	flux	divergence	(Forward,	DA)	

data assimilative run is dominated by the eddy flux divergence
(Fig. 7d), which is itself dominated by the vertical eddy flux diver-
gence (Fig. 7e). It is clear also that the vertical diffusion of NO3 has
a very different structure in the data assimilative run than in the
forward run (Fig. 7c) and this structure is largely due to the eddy
diffusive flux (representing correlations between the mixing coef-
ficient and deviations of NO3 from the annual mean) (Fig. 7f).

The large vertical advective flux divergence, peaking at about
30 m, in combination with the change in sign of the vertical diffu-
sive flux, negative below about 20 m and positive above, indicate
that in the data assimilation experiment, nutrients are transported
vertically upward by advection in the upper water column and also
significantly mixed by vertical diffusion. Nutrient uptake by phyto-
plankton is substantial in this upper part of the water column, and
the vertical flux divergence of phytoplankton by sinking (not
shown) is large in the assimilation experiment, contributing mean-
ingfully to the overall biological budget. In summary, biological
processes rectify vertical transport variability, resulting in the
excess phytoplankton stock seen in Fig. 3b.

We note that MPDATA, like all tracer advection algorithms,
includes unavoidable, implicit numerical diffusion, and it is possi-
ble that such diffusion impacts the calculated partitioning of
advective and diffusive quantities presented above. Numerical dif-
fusion may result in the incorrect attribution of a portion of the
calculated advective flux divergence to advection when it should

contribute to diffusion; however, because the total budgets close,
the sum of adjective and diffusive flux divergences would be iden-
tical. The budgets presented above offer plausible eddy fluxes that
sensibly explain the ecosystem model results. In addition, numer-
ical diffusion is likely not the cause of the differences between for-
ward and data assimilative results because both ecosystem models
use the same MPDATA advection scheme.

Initialization shock

The cause for the higher RMS vertical velocity following data
assimilation can be identified through analysis of time-series from
stations defined at various locations in the domain. Fig. 8 presents
both time-series and power spectral density (PSD) of vertical veloc-
ity over 8 days at 132! W, 34!N, in the southwest corner of the
domain. The power spectral density is shown using decibels
(10log10ðPowerÞ) as the unit of power. Left-hand panels represent
vertical velocities close to the surface while the right-hand panels
correspond to results at a mean depth of 50 m. The blue line repre-
sents the forward model while the black line represents the results
of data assimilation for one week following adjustment of initial
conditions. The vertical velocity amplitude near the surface has a
maximum of #3.5 m/day, but the plot has been limited to ±0.1 m/
day to better reveal lower amplitude oscillations. The data assimila-
tive run time-series is dominated by the very large amplitude spikes

Fig. 7. Budget for NO3. Blue Forward model, Red Data assimilation. (a) Time rate of change (solid), sum of total advective and diffusive flux divergences (dashed). (b) Total
advective flux divergences. (c) Total diffusive flux divergences. (d) Sum of horizontal and vertical advective eddy flux divergences. (e) Vertical advective eddy flux divergences.
(f) Vertical diffusive eddy flux divergences. Horizontal diffusive flux divergences are not shown because they are small. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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and negative vertical velocities. High vertical velocity fluctuations
can be stimulated by data assimilation through initialization shock,
a subject that has been well-known in meteorology (e.g., see
Machenhauer, 1977). Dynamical imbalance in the data assimilative
model between sea surface height, internal density and velocity
fields results in a physical adjustment in the form of gravity waves
that transiently upwell nutrients. At the top of their transient
excursion, fluid parcels experience relatively higher light levels,
stimulating phytoplankton growth. We note that under optimal
conditions, the time-scale for small phytoplankton to grow in this
model is about 1 day with longer time-scales resulting from nutri-
ent limitation or too high or too low light levels (Goebel et al.,
2010). Thus initialization shock may drive a net, upward nutrient
flux and phytoplankton growth, a process we refer to as biological
rectification. Such a physical adjustment was speculated as one of
three possible causes for modeled increases in phytoplankton con-
centrations in the related study of Berline et al. (2007), though they
did not explore this possibility further. Here, we examine the ver-
tical velocity field and perform a nutrient budget analysis to estab-
lish this mechanism as a cause of the observed phytoplankton bias.

One requirement for the biological rectification hypothesis is
that root mean square (RMS) vertical velocity is larger in the data
assimilative model than in the forward model. Fig. 6a and b present
the standard deviation of vertical velocity at 50 m depth, averaged
over the year 2003, for the forward and data assimilation experi-
ments, respectively. Data assimilation leads to substantially higher
RMS velocities over the entire domain, with particularly high
increases in the southwest corner. Similar differences between for-
ward and assimilative model output were found at other depths.

A nutrient budget analysis quantifies the net nutrient fluxes
associated with different driving processes. Generally, a biogeo-
chemical nutrient N belongs to either the biologically available
inorganic pool or to one of several organic compartments (phyto-
plankton, zooplankton, dissolved or particulate organic matter):

½N"total ¼ ½N"inorganic þ ½N"phyto þ ½N"zoo þ ½N"DOM þ ½N"POM ð1Þ

where [N] is the nutrient concentration. In our self-assembling eco-
system model as in many biogeochemical models, nutrient uptake
by phytoplankton transfers nutrients from the inorganic pool to
an organic pool. Unassimilated grazing and phytoplankton and zoo-
plankton mortality export a fraction of material to particulate and
dissolved components, which are then remineralized back into inor-
ganic form.

The budget for inorganic nutrient Ninorganic (after dropping the
subscript) can be expressed in terms of an advection–diffusion
equation with biological sources and sinks as
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where u, v are horizontal velocities, w is the vertical velocity, and KH

and KV represent the coefficients of horizontal and vertical eddy dif-
fusivity, respectively. The first three terms on the right-hand side of
Eq. (2) represent horizontal and vertical advection, with three diffu-
sion terms then following. The last term, S, encompasses biological
sources and sinks of inorganic nutrients such as uptake or
remineralization.

To isolate the influence of higher frequency oscillations, we sep-
arate the mean flux from fluxes associated with variability through
a Reynolds decomposition applied to terms in Eq. (2). Each field
consists of the sum of an annual mean plus perturbations to the
annual mean. For example, vertical velocity can be represented
as w ¼ wþw0, where the overbar indicates a mean. The annually
averaged vertical nutrient flux is then given by wN ¼ wN þw0N0.
In addition to a full budget as given by Eq. (2), we examine also
the eddy flux terms such as w0N0 to better understand the overall
impact of time-varying motion on nutrient transport.

Fig. 7 presents the nutrient budget analysis for inorganic NO3,
applied to the forward and data assimilative runs. The calculation
is made over an abyssal plain region spanning 125–132!W and 31–
36!N, chosen to be relatively free of boundary and coastal circula-
tion effects and shown in Fig. 1. Lines represent the forward model
in blue and data assimilation run in red. Fig. 7a shows the time-
rate of change (solid line, LHS of Eq. (2)) and the sum of advection
and diffusion terms (dashed). The difference between solid and
dashed curves is equal to biological sources and sinks, not shown
as a separate curve. While the time rate of change of NO3 (solid
line) is comparable for either model experiment, the sum of advec-
tion and diffusion in the upper water column is much larger in the
assimilation experiment. Thus the data assimilation run has a sub-
stantially larger biological transfer from the inorganic form
through uptake than the forward model. Fig. 7b shows the total
advective flux divergence of inorganic NO3, which at a depth of
about 30 m shows a sharp increase in the data assimilative run rel-
ative to the forward model output. Further diagnosis reveals that in
the upper water column, the large advective flux divergence in the

Fig. 6. RMS vertical velocity (m day'1) at 50 m depth for (a) the forward model, (b) data assimilation, and (c) data assimilation with overlapped assimilation cycles.
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can be stimulated by data assimilation through initialization shock,
a subject that has been well-known in meteorology (e.g., see
Machenhauer, 1977). Dynamical imbalance in the data assimilative
model between sea surface height, internal density and velocity
fields results in a physical adjustment in the form of gravity waves
that transiently upwell nutrients. At the top of their transient
excursion, fluid parcels experience relatively higher light levels,
stimulating phytoplankton growth. We note that under optimal
conditions, the time-scale for small phytoplankton to grow in this
model is about 1 day with longer time-scales resulting from nutri-
ent limitation or too high or too low light levels (Goebel et al.,
2010). Thus initialization shock may drive a net, upward nutrient
flux and phytoplankton growth, a process we refer to as biological
rectification. Such a physical adjustment was speculated as one of
three possible causes for modeled increases in phytoplankton con-
centrations in the related study of Berline et al. (2007), though they
did not explore this possibility further. Here, we examine the ver-
tical velocity field and perform a nutrient budget analysis to estab-
lish this mechanism as a cause of the observed phytoplankton bias.

One requirement for the biological rectification hypothesis is
that root mean square (RMS) vertical velocity is larger in the data
assimilative model than in the forward model. Fig. 6a and b present
the standard deviation of vertical velocity at 50 m depth, averaged
over the year 2003, for the forward and data assimilation experi-
ments, respectively. Data assimilation leads to substantially higher
RMS velocities over the entire domain, with particularly high
increases in the southwest corner. Similar differences between for-
ward and assimilative model output were found at other depths.

A nutrient budget analysis quantifies the net nutrient fluxes
associated with different driving processes. Generally, a biogeo-
chemical nutrient N belongs to either the biologically available
inorganic pool or to one of several organic compartments (phyto-
plankton, zooplankton, dissolved or particulate organic matter):

½N"total ¼ ½N"inorganic þ ½N"phyto þ ½N"zoo þ ½N"DOM þ ½N"POM ð1Þ

where [N] is the nutrient concentration. In our self-assembling eco-
system model as in many biogeochemical models, nutrient uptake
by phytoplankton transfers nutrients from the inorganic pool to
an organic pool. Unassimilated grazing and phytoplankton and zoo-
plankton mortality export a fraction of material to particulate and
dissolved components, which are then remineralized back into inor-
ganic form.

The budget for inorganic nutrient Ninorganic (after dropping the
subscript) can be expressed in terms of an advection–diffusion
equation with biological sources and sinks as
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where u, v are horizontal velocities, w is the vertical velocity, and KH

and KV represent the coefficients of horizontal and vertical eddy dif-
fusivity, respectively. The first three terms on the right-hand side of
Eq. (2) represent horizontal and vertical advection, with three diffu-
sion terms then following. The last term, S, encompasses biological
sources and sinks of inorganic nutrients such as uptake or
remineralization.

To isolate the influence of higher frequency oscillations, we sep-
arate the mean flux from fluxes associated with variability through
a Reynolds decomposition applied to terms in Eq. (2). Each field
consists of the sum of an annual mean plus perturbations to the
annual mean. For example, vertical velocity can be represented
as w ¼ wþw0, where the overbar indicates a mean. The annually
averaged vertical nutrient flux is then given by wN ¼ wN þw0N0.
In addition to a full budget as given by Eq. (2), we examine also
the eddy flux terms such as w0N0 to better understand the overall
impact of time-varying motion on nutrient transport.

Fig. 7 presents the nutrient budget analysis for inorganic NO3,
applied to the forward and data assimilative runs. The calculation
is made over an abyssal plain region spanning 125–132!W and 31–
36!N, chosen to be relatively free of boundary and coastal circula-
tion effects and shown in Fig. 1. Lines represent the forward model
in blue and data assimilation run in red. Fig. 7a shows the time-
rate of change (solid line, LHS of Eq. (2)) and the sum of advection
and diffusion terms (dashed). The difference between solid and
dashed curves is equal to biological sources and sinks, not shown
as a separate curve. While the time rate of change of NO3 (solid
line) is comparable for either model experiment, the sum of advec-
tion and diffusion in the upper water column is much larger in the
assimilation experiment. Thus the data assimilation run has a sub-
stantially larger biological transfer from the inorganic form
through uptake than the forward model. Fig. 7b shows the total
advective flux divergence of inorganic NO3, which at a depth of
about 30 m shows a sharp increase in the data assimilative run rel-
ative to the forward model output. Further diagnosis reveals that in
the upper water column, the large advective flux divergence in the

Fig. 6. RMS vertical velocity (m day'1) at 50 m depth for (a) the forward model, (b) data assimilation, and (c) data assimilation with overlapped assimilation cycles.
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Shocks	and	power	in	ver-cal	velocity	
field	at	Surface	and	50	m	depth	

that occur at the start of each cycle. The shocks indicate gravity wave
generation by dynamical imbalance of the assimilation cycle initial
conditions; importantly, near surface shocks dissipate rapidly, hav-
ing large amplitude only a day or two following cycle initialization,
followed by lower frequency oscillations. At 50 m depth, the sus-
tained amplitude of vertical velocity oscillations in both the forward
and data assimilative experiments is much larger than at the surface
owing to buoyancy effects. These oscillations have periods of
approximately 0.7–0.9 days (i.e., near-inertial), depending on the
station chosen. Near the surface, the vertical velocity PSD reveals a
red-spectrum for the forward model, but broadband energy at all
frequencies for the data assimilative run. At depth, the two PSDs
have similar structure, though the data assimilative run shows sub-
stantially higher energy at all frequencies.

Our offline procedure uses daily snapshots of the circulation,
which effectively aliases all frequencies above 2 cycles per day to
lower frequencies. This factor may contribute to quantitatively dif-
ferent overall phytoplankton growth than would occur in an online
procedure. However, separate calculations with online calculations
also show qualitatively similar, high overall levels of phytoplankton.

Mitigation of initialization shock

The rapid decline in near surface amplitude suggests a test of
the hypothesis that vertical velocity fluctuations drive the phyto-

plankton stock increase following assimilation as well as one pos-
sible strategy for mitigation for this effect. In addition to our
standard data assimilation run with sequential 14-day assimilation
cycles, we tested 14-day assimilation cycles that were overlapped
by one week, using only the final 7 days of each cycle to drive the
ecosystem model. This approach allows 7 days for the largest
amplitude shocks to diminish following assimilation cycle initiali-
zation, though at the computational expense of doubling the calcu-
lation of assimilation fields. We refer to this run as DA-O and
results using this approach are presented in several figures.

In Fig. 8, the red lines reveal that the largest shocks are elim-
inated by this strategy, and the overall PSD resembles the for-
ward run much more closely than the DA run. However, at
depth, the energy of the DA-O run is not reduced relative to
DA. These results are representative of general parts of the
domain; RMS vertical velocity at 50 m is reduced from the DA
run but still larger than the forward run (Fig. 6c). This reduction
in vertical velocity variance does have a direct impact on phyto-
plankton standing stock as well. When compared to DA, DA-O
shows reduced phytoplankton concentrations, particularly in the
southwest corner of the domain (Fig. 3c). The spatial structure
in phytoplankton distribution, particularly the gradient along
the edge of the continental shelf is also improved relative to
the original data assimilation case. This approach results in a
reduced chlorophyll error bias at the surface relative to DA

Fig. 8. Time-series (upper) and power spectrum (lower) of vertical velocity near the surface (a) and (c) and 50 m depth (b) and (d) over 8 days. Shown are the curves for the
forward model (Fwd), data assimilation (DA), assimilation with a one-week overlap of two-week cycles (DA-O).
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(Fig. 4c), yet maintains the improvement in correlation to satellite
estimates relative to the forward run (Fig. 4f). Summary statistics
(Table 1) reveal that average error bias of the DA-O run falls
between the other two experiments when averaged over the
whole domain, north coast, and offshore zones. Along the south
coast, the error bias has been reduced to near zero, which is
anomalous relative to both forward and data assimilative runs.
Spatially averaged correlations for DA-O are slightly reduced
but very close to the original DA run. Finally, subsurface biases
are also impacted by the DA-O approach. In Fig. 5, NO3 levels
using the overlapped assimilation scheme are similar to data
assimilation near the surface, with improvements largely con-
fined to depths below 50 m; chlorophyll bias for DA-O is similar
to that for DA, though slightly worsened near 40 m depth. Over-
all, this simple approach to reducing vertical velocity fluctuations
associated with data assimilation initialization results in a mean-
ingful reduction in time-averaged surface phytoplankton concen-
trations in low-amplitude zones, with no major deleterious
effects over the original DA approach, and supports the biological
rectification hypothesis.

Nutrient concentration on density surfaces

Although shock mitigation improves the ecosystem response, it
does not fully reduce elevated phytoplankton concentrations in oli-
gotrophic waters to levels observed or modeled in the forward run.
As a result, we consider an alternate impact of data assimilation
that may affect uptake and phytoplankton concentrations,

specifically how nutrients are distributed on density surfaces.
While assimilation of physical data improves the nitrate bias over
most depths (Fig. 5), it increases nitrate variance. In Fig. 9, scatter-
plots of nitrate and density are presented for in situ CalCOFI
stations and for identical sampling of the forward and data assim-
ilative model runs for the year 2003. In density space, CalCOFI data
show the least scatter about its mean value at each density level,
and the forward model appears only modestly broader in its
spread. In contrast, the data assimilative run reveals considerably
more varied nitrate levels, and all are quantified by the standard
deviations of nitrate as a function of density (Fig. 9d). At most den-
sity levels, nitrate standard deviations in the DA run are about
twice those of nature. Such an outcome is sensible for a system
that adjusts physical variables but leaves ecosystem tracers in
place at cycle initialization. Even if at the end of one cycle, the den-
sity/nutrient relationship is perfect, but isopycnals are at the
wrong depths, the assimilation system for the next cycle adjusts
the isopycnal only, thereby generating nitrate variance on density
surfaces. An increase in nutrient variance in a region of low mean
effectively increases the mean level and will drive biological
dynamics if the fields are unbalanced. In the well-lit upper water
column, the mean nutrient levels are higher in the DA run than
in the forward experiment.

The DA-O experiment revealed nearly identical nitrate variance
on density surfaces to the DA case, even in the least dense waters
(Fig. 9d), indicating that initialization shock is not the primary
cause of the nutrient scatter. We believe that the nutrient scatter
is primarily the result of adjustment by DA of broad isopycanal tilt

Fig. 9. Scatterplots of NO3 and density at CalCOFI stations for (a) CalCOFI data, (b) forward model and (c) data assimilation, and (d) their corresponding standard deviations in
density space.
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Causes	of	excess	produc-on:	
(2)	Increased	nitrate	variance	on	density	surfaces	



Summary	
•  Physical	assimila-on	alone	results	in	both	posi-ve	and	nega-ve	

influences	on	biogeochemical	models	
–  Posi-ve:	Improved	correla-on	of	surface	chlorophyll	rela-ve	to	

satellite	observa-ons	in	areas	where	chlorophyll	is	strongly	linked	to	
slowly	evolving	physical	features.	

–  Nega-ve:	increased	standing	stock	(helpful	in	a	few	places	but	mostly	
deleterious)	

•  At	least	2	mechanisms	iden-fied	
–  Assimila-on	shocks	
–  Increased	nutrient	variance	on	density	surfaces	due	to	updates	to	

density	surfaces	but	not	nutrient	fields	
•  Issue	is	not	biogeochemical	model/dependent,	although	magnitude	

of	effect	is	dependent	on	the	model	(not	shown)	
•  Possible	mi-ga-on:	

–  Avoid	start	of	cycle	(did	not	meaningfully	reduce	bias)	
–  Improve	balance	operator	to	reduce	shocks	
–  Adjust	nitrate	fields	along	with	T/S	

•  Argues	for	fully	coupled	physical/biologeochemical	assimila-on	



Fully	coupled,	strong	constraint	4D-Var	
physical/biogeochemical	assimila-on	

•  1	year	(2000)	SeaWiFS	ocean	color	assimila-on		
•  along	with	SST,	SSH,	in	situ	hydrography	
•  NPZD	model	 Gray color indicates cloud cover 

Song et al. (in press), and P. Mattern’s talk yesterday 

1-Day SeaWiFS 

8-Day SeaWiFS 

Model –No Assimilation 

Model –With Assimilation 



Chl	assimila-on	does	not	fix	the	
subsurface	nitrate	problem	

•  Possible	solu-ons	
–  Balance	operator	
– Mul-variate	error	covariances	
–  Climatological	constraints	
– Nitrate	sensors	



Can	work	with	more	complex	
Ecosystem	Models	

NPZD 
(Powell et al. 2006) 

NEMURO 
(Kishi et al. 2011) 



Example	using	the	NEMURO	model	

1-Day SeaWiFS 

Model –No Assimilation 

Model –With Assimilation 
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Figure 10: The standard deviation of surface P , used to generate the diagonal components

of the model error covariances, in the original linear space (a) and in log-space (b). Smaller

panels show the vertical cross-section at latitudes (37�N, 40�N and 43�N) in linear space

(left column) and in the log-space (right column).
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Poten-al	Issue:	sensi-vity	at	depth	

•  Standard	devia-on	of	P	used	shows	high	
uncertainty	in	log	space	at	depth	

•  May	be	an	issue	in	future	with	subsurface	obs	



subregions. Along the coast, correlations are higher for the forward
model where wind-driven upwelling is strong and winds are well-
represented by the COAMPS fields. Broquet et al. (2011) found that
corrections to surface forcing result in larger wind stress errors in
data assimilation than COAMPS when compared to QuickScat
satellite estimates, and these corrections likely also influence the
local ecosystem response. The offshore zone is dominated by
intrinsic variability of the mesoscale eddy field, and that is where
the largest improvement in correlation occurs. At this time we
have no explanation for the substantial difference in correlation
between north and south offshore regions.

We conclude this subsection with an evaluation of subsurface
fields. Fig. 5 presents a comparison of modeled subsurface nitrate

and chlorophyll fields and CalCOFI observations averaged over
the year 2003 and along lines 77, 80, 83, 87, 90 and 93, which cover
the Southern and Central California region from about 30–36!N
and 116–124!W. Relative to CalCOFI observations, the forward
model (blue line) underestimates nitrate levels at all depths and
chlorophyll concentrations above about 40 m. Although our mod-
eled chlorophyll following data assimilation is larger on average
than SeaWiFS estimates over the majority of the domain (e.g.
Fig. 4), a negative bias is apparent in the region near Pt. Conception
(35!N) and over nearshore portions of the CalCOFI survey lines,
consistent with the negative bias in surface chlorophyll shown
here. Data assimilation (black line) results in error biases that are
reduced, relative to the forward run, for both nitrate above
100 m and chlorophyll above about 40 m. Correlations in subsur-
face NO3 are made worse in the upper 40 m following assimilation
(not shown).

Biological rectification

As discussed in section ‘Introduction’, higher phytoplankton
standing stock following data assimilation has also been noted in
related studies. Anderson et al. (2000) suggested that a misalign-
ment of physical and biological fields results in an enhanced
cross-frontal advection of nutrients and a corresponding increase
in phytoplankton response. An alternate hypothesis that we inves-
tigate here is that elevated levels of phytoplankton standing stock
result from a net upward nutrient flux deriving from high positive

Table 1
Mean error biases (mg Chl cm!3) and mean statistically significant correlations of
modeled surface chlorophyll compared to satellite estimates for the forward run and
data assimilation without/with a one-week overlap between assimilation cycles.

Bias Correlation

Forward DA DA-O Forward DA DA-O

Domain !0.11 0.25 0.14 0.19 0.42 0.38
Coast !0.59 !0.02 !0.15 0.26 0.14 0.14
N. Coast !0.86 !0.21 !0.39 0.41 0.46 0.45
S. Coast !0.41 !0.17 0.00 0.16 !0.05 !0.05
Offshore !0.06 0.27 0.16 0.19 0.44 0.40
N. Off. !0.10 0.33 0.19 0.40 0.70 0.67
S. Off. !0.05 0.24 0.14 0.08 0.31 0.27

Fig. 5. In-situ profiles for (a) NO3 and (b) chlorophyll concentration for various model configurations, along with CalCOFI measurements averaged over 2003, and covering
lines 77, 80, 83, 87, 90, 93. Model-data error bias for in situ (c) NO3 and (d) chlorophyll concentration relative to CalCOFI. Blue forward model. Black data assimilation. Red
data assimilation with a one-week overlap between assimilation cycles. Green CalCOFI measurements. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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Surface	Biogeography	
Diatoms Prochlorococcus-like

and remote forcing are provided in Veneziani et al. (2009a,b).
Additional information relating to how the forward model circulation
changes as a result of regional data assimilation can be found in
Broquet et al. (2009). The primary difference between the physical
implementation in the present study and those previously documen-
ted is the application of a positive definite tracer advection scheme as
opposed to a third-order upstream tracer advection. We use the
Multidimensional Positive Definite Advection Transport Algorithm
(MPDATA; Smolarkiewicz and Margolin, 1998). A positive definite
scheme is particularly helpful for ecosystem model studies to
eliminate negative tracer values associated purely with advection
and diffusion.

The physical model is initialized from a resting state, and run with
climatological surface and side-boundary forcing for a period of
6 years. The physical state following spin-up is then combined with
initial conditions for the ecosystem model to provide complete fields
for the coupled physical/ecosystem model. Initial conditions for
nitrate, silicate, and phosphorus are taken from the winter season
estimates of the 2005World Ocean Atlas (http://www.nodc.noaa.gov/
OC5/WOA05/pubwoa05.html). Initial conditions for all other fields
are set to a very small value (10−5 μmol P l−1 or a related value based
on a Redfield ratio). Lateral boundary conditions for the ecosystem
components are similar to the initial conditions, except that the
nitrate, phosphate and silicate values vary seasonally according to the
seasonal average WOA05 fields. The coupled physical/ecosystem
model is run with realistic forcing for 6 years duration from 1999
through 2004. The first year, 1999, is considered spin-up of the
ecosystem as it adjusts from its initial conditions to a more realistic
state and is discarded from our analysis.

3. Results

3.1. Model evaluation

Since the primary aim of this paper is to investigate biodiversity
and biogeography in the CCS, it is important to quantitatively evaluate
the model performance. In our model, individual phytoplankton
analogswith randomly assignedparameters donot exactly correspond

to particular, observed phytoplankton species. As a result, we do not
focus our model/data evaluation on single phytoplankton analogs, but
rather on the total chlorophyll, which we can compare directly to
estimates from satellite. Chlorophyll estimateswere obtained for years
2000 to 2004 from themonthly SeaviewingWide Field-of-ViewSensor
(SeaWiFS) products using the OC4V4 algorithm (O'Reilly et al., 1998)
and were provided to us by NOAA Environmental Research Division.
Data was reprocessed using a median smoothing algorithm and
regridded to the same resolution as the model output.

Fig. 3 shows the 5 year average chlorophyll from (a) the surface
level of the numerical model or (b) the satellite derived data. The
overall structure of the upwelling system is evident. In both panels,
high biomass standing stock is found nearshore, the result of nutrient
transport into the photic zone by coastal upwelling. The highest levels
found in nature occur in the Gulf of the Farallones (∼38°N), north of
Cape Mendocino (∼41°N), near Heceta Bank (∼44°N), and the
Washington coast (∼46°N). With the exception of the stock off
Washington, modeled alongshore chlorophyll variation has a similar
alongshore structure though at lower amplitude; small local enhance-
ments to the 5-year average concentration are found in the model
output in the Gulf of the Farallones, between Capes Mendocino and
Blanco, and a small increase near Heceta Bank. One reason for the
reduced amplitude in alongshore chlorophyll variation is the limited
representation of nearshore motions due to the model resolution and
associated topographic smoothing, common to all terrain-following
coordinate models (Haidvogel and Beckman, 1999). In addition,
remote sensing observations are biased toward clear days which
during upwelling season exhibit higher chlorophyll levels. The high
levels observed off Washington and British Columbia have multiple
causes, including nutrient supply from the Straits of Juan de Fuca and
Columbia river outflows (Hickey and Banas, 2008), neither of which is
included in the present model. Noteworthy also in the visual
comparison of Fig. 3 is the lower chlorophyll in the southern California
Bight. Though the decrease to the south is larger in amplitude than
found in nature, the model includes a small phytoplankton increase in
the Santa Barbara Channel just south of Pt. Conception as well as a
tongue extending to the southeast over the subsurface Santa Rosa
Ridge (topographic feature notshown).

Fig. 3. The five-year average (2000–2004) chlorophyll concentration (mg m−3) from (a) model surface level and (b) SeaWiFS chlorophyll estimate. Model line along CalCOFI Line 77
is displayed in (a).
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The cross-shore breadth of the high chlorophyll zone is O
(100 km), similar to the observations and other modeling studies
(Plattner et al., 2005), though the chlorophyll decrease with distance
from coast is somewhat more rapid in the model than in the nature.
Offshore levels are consistently low, less than about 0.3 mg chl m−3

and consistent with more oligotrophic subtropical gyre water.
Modeled chlorophyll is too high in the southwestern portion of the
domain, likely the result of a numerical boundary influence.

We quantify model fidelity via a Taylor diagram, which graphically
presents the correlation coefficient (CC), standard deviations nor-
malized to that of the observations (NSD), and normalized, centered
root mean squared error (RMSE) (Taylor, 2001). In this diagram,
radial distance from the origin indicates NSD and the azimuthal
direction represents CC, with a maximum of 1 for an angle of 0. Truth
in our analysis is defined by the observations and is represented by
the point in Fig. 4a labeled SeaWiFS at a value of NSD=CC=1. The
point labeled DOMAIN represents the statistical comparison of panels
in Fig. 3 and is found near the intersection of NSD=0.4 and CC=0.7.
The high value for the correlation coefficient reflects the general
agreement in overall structure of the near and offshore fields. To
better understand the cause of the roughly one half reduction in
variability, we decompose the domain into various subregions, similar
to (Gruber et al., 2006). North and South subdomains are divided by
latitude 40.5°N, and coastal and offshore regions are delineated by the
1000 m isobath. The overall low standard deviation is dominated by
the coastal region and the low-chlorophyll values found nearshore.
The southern offshore region has slightly lower NSD than the
northern region, both relative to their respective observations, and
this low value likely results from the enhanced chlorophyll concen-
trations modeled in the southwest corner, also discussed above. All
subregions exhibit correlation coefficients greater than 0.5. Overall
(data minus model) biases are also presented in the diagram as the
number in parentheses near each point label. The domain average
modeled field has an average bias (B) of −0.13 mg m−3, and this
value represents a weighted average of the small value offshore (B=
−0.059 mg chl m−3) and the considerably larger bias in the coastal
zone (B=−1 mg chl m−3).

The CCS seasonal cycle is reasonably represented as well (Fig. 4b).
Seasons (winter, spring, summer, and fall) are defined as collections
of three calendar months (JFM, AMJ, JAS, OND). All seasons have
correlation coefficients greater than 0.5, with the largest value
(CC=0.75) occurring in springtime (April–June). Spatial variability
in chlorophyll is particularly low (SD∼0.2) in Autumn (Oct–Dec) but
approximately equal to the 5-year average variability in other
seasons. Overall bias is low (|B|b0.26 mg chl m3) in all seasons with
the model usually under-predicting total chlorophyll biomass (i.e.,
Bb0), as in the 5-year average.

3.2. Surface distributions

With good correlation between total phytoplankton chlorophyll
modeled and remotely sensed estimates in various parts of the
domain, we now investigate the magnitude and distributions of the
phytoplankton that make up this total. The 78 independent phyto-
plankton analogs, initially seeded equally at a low level (10−5 μmol
P l−1) and uniformly throughout the domain, self-sort themselves
over time into a hierarchy that can be ordered by total biomass
contained within the full model volume. The 5-year average field
reveals 38 phytoplankton types existing at levels well above the
baseline minimum level maintained in the model for all fields.
However, most of these members' biomass are extremely small
compared to the biomass of the top several contributors. Eight primary
producers that have concentrations exceeding 10% of the maximum,
and six more maintain biomass between 0.3% and 1% of the maximum.
Of these top eight phytoplankton, we find 2 diatoms, 1 LND, 3 PLP, and
2 SNP. In the next grouping of six are 2 diatoms, 2 LND, and 2 PLP. Thus

all functional groups enabled are well represented by the model at
relatively substantial concentrations, and each consists of further
subtypes at various biomass levels. For simplicity, this analysis
concentrates on total distributions for each functional group and the
top several subtypes.

Fig. 4. Taylor diagrams for (a) 5-year average (2000–2004) and (b) seasonal mean
chlorophyll concentrations (mg m−3) of model surface level and SeaWiFS observations.
In (a) calculations for the entire domain (DOMAIN), coastal and offshore regions (Cst
and Off), and Northern and Southern coastal (N Cst and S Cst) and offshore (N Cst and S
Cst) regions. North and South regions are divided by latitude 40.5°N, and coastal and
offshore regions are on either side of the 1000 m isobath. Bias for each comparison is
given in parentheses. In (b), all calculations are for entire domain.
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Chlorophyll Biomass 



• ME: model efficiency; %MB: percentage model bias; PCC: Pearson 
correlation coefficient; RMSE: root mean square error 

• In most regions the reanalysis simulations demonstrated improved skill 
for the assimilated variable(s)  

• For non-assimilated variables the assimilation improved the skill of some 
variables and degraded others. 

A	slide	shamelessly	lijed	from	Emlyn	Jones	
(MEAP-TT	2015)	

	


