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Results (contd.)

N,0 memento (1970-2014) N,O flux calculated using the three approaches
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Best five ANN configurations and prediction accuracy R ()
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= N,O data in the various regions of the
world ocean is rather sparse.

= Important to evaluate the impact of

n
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greenhouse gases on world climate. 5 . (N,0) .
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*  This motivates us to predict the spatial AL | (e || GmeHits) [Tndian Ocean—_ [IEEPST 0810224 0530121 061+0.152
distribution of N,O in the world ocean, 0.77x 102 0.43£0.007 0350012 0330004
. 0.81x 102 033 +0.002 0.36 +0.006 03240034
based on other parameter values. [
) ) ) i [10085] Global Ocean 317x10% 5.45+0.094 4.57+0.068 5.54+0.074
= Data driven machine learning models HE Atlantic Ocean Indian Ocean
R H [10095] 8.14 0.80 K '
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other studies and research.

Objectives

= An attempt is made to simulate the global ocean N,O distribution using the available
database of N,O observations.

ANN

Oxygen (umol/kg)

Ll

= Carry out estimation of the global distribution of N,O fluxes using well-sampled
environmental variables.

= Use data-driven machine learning models to train the model. i
Meridional section for Atlantic and Indian Oceans

Research Approach

Conclusions
= We explore three alternate machine learning approaches for prediction:

a) Artificial Neural Networks (ANN): Mimics the behavior of brain.

b) Multiple Linear Regression (MLR): Deduces linear relationship among
parameters.

The machine learning models are found to perform satisfactorily, giving the best
correlation of 0.85 and RMSE of + 8.08 nmol/L.

The ANN model is found to give better predictions for all regions except for Southern
Ocean, where GPR model performs better.

¢) Gaussian Process Regression (GPR): Based on Gaussian model training and
estimation.

Depth profile across the global ocean reveals that maximum N,O concentrations occur
in the depth ranges of 250-1550 m (~26.2% of total) and 3300-4800 m respectively
(~27.5% of total).

We project a 5.45 + 0.094, 4.57 + 0.068 and 5.54 + 0.074 Tg Ny'' annual climatology
of sea-to-air N,O flux based on ANN, MLR, and GPR model predictions, which are
within the range set by IPCC fifth assessment report (1.80-9.45 Tg Ny/).

Cooling of upwelled waters at Antarctic divergence create a net atmospheric N,O sink.

= In each approach, we first train the model using available datasets, and then predict
the N,O concentrations for the various ocean regions.

= 70% of the available data are used for training.
= 30% of the data are used to validate the quality of prediction.

= The validated data are used to create an N,O data product (3-D map) for the
global oceans.

= For the ANN-based approach, 50 different network configurations are explored, and
the average of the best 5 is used for the final prediction.

= Analysis of seasonal variability of N,O flux using similar machine learning approach.
o uuW = Estimation of CH, flux using machine learning.

G

Dataset and Methodolog

= Use N,O data product to objectively calibrate dynamic cycling in CESM using inverse
approach.
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= N0 saturation calculated using (Weiss 1970)
o0, T 7

y

=)

where 7 denotes the temperature in °K, and Sal denotes salinity.

N, disequilibrium (ApN,0) is caleulated using (WaninkhofT, 2014):
ApN,O = N,0,,..,,~ (N0, * Sa)

where the value of N,0,,, has been taken from (NOAA ESRL).
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