Remote Sensing of Global Ocean Surface Phosphate
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Surface Phosphate (DIP) Variation

Dissolved inorganic phosphate (DIP) is one of the major
bio-limiting nutrients.

o W We lack either autonomous or remote
sensing approaches to consistently estimate
variation in DIP.
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Neural Network with Satellite Predictors

We test which combination of satellite inputs leads to the best prediction
of surface [DIP].
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Number of Inputs to Neural Network

SST alone covered 55% of global variation, but networks with NPP, SSS, and
Dust Deposition captured gyre and equatorial upwelling regional gradients.

Yy
* * * * of Input (0 to 0.25)
‘!—.—V—V__ I ] I ] I I [ ] I I I I I I I I I I
o — — =
—_— Productivity
20 e T— ‘ —
0 = T —— I
)
B 4 ! - — Upwelling
& = —
o
)
o
= -
86 I
s Iron Supply

|
%
1"

Mlu

I

M |
(R

‘ | o — — — — — I
) J—‘—‘—.—‘—LEEE—‘—. e i—i‘ A -
| | | | | | | | | | | | [
A & o o o & o,eo(\ee,q-\ﬂ NS TR I 2P S N ST IR S & & 2 & & £ . . . .
& ¥ T E o 43 L L F O " 9@0 ¢° 'b@ob‘.‘.‘:o"\o r
FEE e e FLF e T F e o & & S R RS
" O O O R R @& 49 ‘\°ooo o RS -
“\é 6@ od w“ob \(‘b \*‘6 2° & @‘s} & & E S 0& [
> T & N R & & & F o
A & N L & K
“ % CAR
T

Artificial neural network models describe complex nonlinear response
Bnd interactions between remote sensing observations and [DIP].
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DIP observations (uM)

Including database of high sensitivity DIP measurements
improves prediction at lowest concentrations.
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Conclusions

. We predict 73% of the variation in surface ocean
phosphate concentration using remote sensing inputs
to a neural network model.
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 The response of predicted phosphate to remote
sensing inputs matches our mechanistic understanding
of phosphate sources and sinks.

. Sea surface salinity and dust deposition improve
accuracy of low phosphate levels among subtropical

gyres.

. The influence of ice melt and land induced circulation
changes may not be well captured in this model.
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