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Conclusions. The original equation

dP
— =P (Py—8 —6)
di

can now be expanded by substituting the right hand terms of equations
(56), (6) and (7):
dP I
e =Pl:p > (1l—e*)(1-N)AQ—-V)—ReT— gZ]. (8)
dt kzl
The rate of change of the population is dependent on six ecological
variables: the incident solar radiation, transparency of the water, the
quantity of phosphate, the depth of the mixed layer, the surface tem-

controlling phytopl| perature and the quantity of zooplankton. The results of the applica-
populations on Georges

Bank, J. Mar. Res., 6(1),

54-73.




Performance
of ”Pmb/K”
models

Surface chlorophyli
explained about 6% of the
variability in integral
productivity (n=2595)

P/B=[In(lo/(O. 5Ik*) )(11 /1.33%) P °/Km
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Photoadaptive parameters vary
dramatically and fast!
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Fig. 1. Photosynthesis versus light {(PAR, photosynthetically
available radiation) for Emiliania huxleyi (strain 88E) cells in early
stationary phase. There were two treatments: control with no N0,
addition (triangles) and experimental with 2 pdf NO; (diamonds)
added 4 hours before the experiment. Modified from Figure 4A of
Balch et al. [1992h] with permission from Pergamon Press, see thal
paper citation for experimental details.

Balch, 1992 Cont. Shelf Res. v12; p1353
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A consumer’s guide to phytoplankton primary productivity models
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Department of Applied Science, Oceanographic and Atmospheric Sciences Division, Brookhaven National Laboratory,
Upton, New York 11973-5000

I. Wavelength-resolved models (WRMs)

> PP =f

=400 Jt=sunrise

00 sunsel

Zey
I ®D(A, 1, 2) X PAR(A, 1, 2) X a*(A, 2)
z=0

X Chl(z) dA dtdz — R
II. Wavelength-integrated models (WIMs)

EPP=J

t=sunrise

sunset

ZCLI
J @(t, z) X PAR(, z) X Chl(z) dtdz — R
z- 0

II. Time-integrated models (TIMs)

> PP = j “ P'(z) X PAR(z) X DL X Chl(z) dz

z=0

Ze

IV. Depth-integrated models (DIMs)
> PP = P X f[PAR(0)] X DL X Chl X Z,




Behrenfeld & Falkowski 1997
Key Conclusions

models can be related to a single formulation equating depth-integrated
primary production (Z PP) to surface Chl(C(surf)), a photoadaptive
variable (Pb(opt)), euphotic depth (Z(eu)), an irradiance-dependent
function (F), and daylength (DL).

Primary difference between models is description of F, and irradiance
had a relatively minor effect on variability in Z PP.

Only small fraction of variability in Z PP can be attributed to vertical
variability in phytoplankton biomass or variability in the light-limited
slope for photosynthesis.

differences between or within any model category have the potential to
improve estimates of Z PP by ~10%, so long as equivalent
parameterizations are used for C(surf) and Pb(opt),

differences in estimates of global annual primary production are due
almost entirely to differences in input biomass fields and estimates of
the photoadaptive variable, Pb(opt), not to fundamental differences
between model constructs.
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Comparison of algorithms for estimating ocean primary production
from surface chlorophyll, temperature, and irradiance
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» 12 algorithms tested

» Algorithm input: surface [chlorophyll], SST, PAR, latitude,
longitude, and day of the year.

» Algorithm results compared with IP estimates derived from
14C uptake measurements at 89 stations.

» Four model categories: (WRM) Wavelength-resolved,;
(TIM)Depth-resolved, time-integrated and wavelength
integrated; (DIM) Depth-Integrated Model

» Best-performing algorithms were generally within a factor
of 2 of the **C-derived estimates.

» Algorithm performance and degree of correlation with each
other were independent of the algorithms’ complexity
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Figure 2. Scatterplots of algorithm-derived primary pro-
duction (IP,,, mg C m %) versus production measured in
situ (IP peqs, mg C nfz) for 12 algorithms tested. Solid line
represents perfect agreement, and dashed lines represent
factor-of-2 relative errors. Algorithm category [Behrenfeld
and Falkowski, 1997b] is shown in upper left corner of each

plot.
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Comparing Prim Prod algorithm behavior:
Carr et al. 2006
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A comparison of global estimates of marine primary production
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PPAR 3 Key Conclusions: Carr et al., 2006

Compared global 2PP output from 8 months, 1998-1999 using
common input fields: PAR, SST, MLZ, and [chl]; 24 models. Not
looking at performance but model behavior

Model correlations did not follow model complexity w.r.t. A or z,
though they are related to the manner in which temperature is
used to parameterize photosynthesis.

Global average PP varies by a factor of two between models.
Models diverged most in the Southern Ocean, SST< 10°C, and
[chl]>1mg m™3

GCMs performed as well as ocean color based estimates

Progress in modeling 2PP requires better understanding of the
effect of temp. on photosynthesis & better parameterization of
P

max



PPARR3-model performance
Friedrichs et al., 2009
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Friedrichs et al., 2009
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Fig. 4. Taylor diagram of log(PP). The distance from the origin is the standard
deviation of the modeled productivities. The azimuth angle represents the
correlation between the observations and the modeled productivities, and the
distance between each model symbol and the data (black diamond) is the
RMSD,. Dashed lines are isolines of RMSD,=025 and RMSD,=0.15. Dotted
line represents the standard deviation of the data. Colors as in Fig 3.



PPARR 3 Conclusions- Friedrich et al., 2009

* Goal to compare PP estimates obtained from 30 different
models (21 SatPPMs and 9 BOGCMs) to a tropical Pacific PP
database with~1000 *C measurements spanning more than a
decade (1983-1996)

* Simplest models characterized by significantly less bias than
those that resolved wavelength and depth.

 Skill varied significantly between models, but performance
was not a function of model complexity or type

* Nearly all models underestimated the observed variance of
PP, specifically yielding too few low PP (<0.2 g Cm=2d™1) values

* Interdecadal and global changes will be a significant challenge
for both SatPPMs and BOGCMs
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productivity better using in situ

455 stations across Arctic

Lee et al., 2015; JGR Oceans



Mormalized Standard Deviation

Arctic waters
Lower r?, greater RMSD
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Summary Lee et al., 2015

e 32 net primary productivity (NPP) models by
assessing skills to reproduce integrated NPP in
the Arctic Ocean

* models most sensitive to uncertainties in surface
chlorophyll, generally performing better with in
situ chlorophyll than with satellite-derived values;
much less sensitive to uncertainties in PAR, SST,
and MLD,

* most models significantly underestimated the
variability of NPP, often by more than a factor of
two, regardless of model type or complexity



Inorganic Carbon Production
(Calcification) from Space...
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Inorganic Carbon Production
(Calcification) from Space...
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New calcification algorithm...
Hopkins and Balch 2017

A ﬁ l l Oo ADVANCING
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Journal of Geophysical Research: Biogeosciences

RESEARCH ARTICLE A New Approach to Estimating Coccolithophore
10-1002/2017)6004235 Calcification Rates From Space

Key Points:

+ Estimates of global calcification rate
are essential for understanding the
efficiency of both the alkalinity and

Jason Hopkins' ("' and William M. Balch'

]Bigelow Laboratory for Ocean Sciences, East Boothbay, ME, USA

biological carbon pumps
« A simple model parameterized with
remotely sensed data can be used to
estimate global calcification rates
« Average, global, coccolithophore R IVI S E — O 5 3 m C m _3 d - 1
calcification rate is estimated to be - ° g

1.42 Pg C/year

Hopkins and Balch, 2017; JGR Biogeosciences



Performance of Hopkins & Balch (2018;
JGR Biogeosciences) calcification algorithm

0

20

40

60

80

Depth (m)

20

30 A

40

50

60

70 A

0.00

12/5/2018

100

120 A

0.0 0.1 0.2 0.3 0.4 0.5 0.6

10 4

R? = 0.80

0.05 0.10 0.15 0.20

0.25

0

20

40 A

(b)

R? = 0.81

R? = 0.89

0.00 025 050 0.75 100 125 150 175 200

CaICIflcatlon Rate (mg C m'2 dB;I)h, Bigelow Laboratory; NASA Aquatic

Prim Prod Meeting



