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● The phytoplankton is driving the marine food chain and plays a crucial role in balancing the oceans, seas and freshwater ecosystems.
● The imbalance of certain biochemical and physical parameters affects phytoplankton growth and these parameters can be obtained from 

remote sensing sensors [1-2].  

● The current ocean colour sensors provide an excellent capability to monitor the global phytoplankton distribution, which helps to 
understand the various physical and biogeochemical, processes at local and global scales.

● Changes in the water colour can be seen from the space and contributing factors can be remotely monitored [3-4]. 

● Several works for remote monitoring of ocean colour have been performed but machine learning (ML) and deep learning (DL) 
techniques are not much explored to derive the phytoplankton levels.

● Since ML and DL based approaches have been widely used in various research fields; hence, these approaches can also be used 
to study the ocean colour of the water bodies [5-6]. 

This study aims:
● i) to develop learning models utilizing the Copernicus Global Ocean Biogeochemistry Hindcast and Physical GLOBAL REANALYSIS 

dataset for 6 different locations and 
● ii) to remotely predict phytoplankton volumes based on other parameters using ML algorithms. We have used 4 algorithms, namely 

Random Forest, Bagging, Extra Trees and Histogram based Gradient Boosting Regressor (HGBR) [7-8]. 
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Motivation Ocean Carbon From Space

● Earlier, several works have been performed to estimate phytoplankton quantities with 
remote sensing utilizing electromagnetic reflectance property for different wavelengths.

● Other process includes in-situ observations but that limits the scalability of the 
observation and also the process is very slow and resource consuming.

● Other process includes threshold-based decision-making systems making the algorithm 
fail to predict when exposed to an uncontrolled environment.

● To best of our knowledge and the literature survey, we found that there is no study 
available to derive the phytoplankton levels using the Copernicus reanalysis datasets 
(Global Ocean Biogeochemistry Hindcast).  

● Therefore, to solve this gap, we have introduced supervised machine learning regression 
algorithms to estimate phytoplankton levels using reanalysis data of oceanographic 
properties.
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MethodologyOcean Carbon From Space

Study Location02
● 22 °N to 28°N and 95°W to 85°W (Gulf of Mexico)
● 5°N to 15°N and 82°E to 92°E (Bay of Bengal)
● 20°N to 30°N and 60°W to 50°W (North Atlantic)
● 30°N to 40°N and 160°W to 150°W (North Pacific)
● 50°S to 40°S and 0°E to 10°E (South Atlantic)
● 20°S to 10°S and 80°E to 90°E (Indian Ocean)

Data Collection01

We have used a widely accepted Copernicus open-
source datasets named Global Ocean 
Biogeochemistry Hindcast GLOBAL REANALYSIS 
BIO 001 029 monthly, which contained biochemical 
records, and Global Re-analysis Phy 001 030 
monthly [16].

Parameters 03
Surface CO2, Dissolved Oxygen, Nitrate, 
Phosphate, Dissolved Silicate, pH, Salinity, 
Dissolved Iron, Temperature, etc.
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Ocean Carbon From Space Methodology

    Performance Comparison

The performance of these regressors 
have been measured by different 
metrics as follows:

● Mean Squared Error (MSE)
● Median Absolute Error (MAE)
● Determinant of Coefficient (R2)
● Explained Variance (EV)
● Max Error (ME)
● Mean Squared Log Error (MSLE)
● Mean Poisson Deviance (MPD)
● Mean Gamma Deviance (MGD)
● Mean Tweedie Deviance (MTD)

Regression

Different supervised machine 
learning algorithm for regression 
have been used:

● Random Forest Regressor 
(RFR)

● Bagging Regressor (BGR)
● Extra Trees Regressor 

(ETR)
● Histogram Based 

Gradient Boosting 
Regressor (HBGBR)

Estimation

Please write the estimation 
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Ocean Carbon From Space Results

Prediction on unseen data

Prediction on seen data
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10Year

AI based autonomous infrastructure is built which will 
be used to identify areas of concern hotspot zones so 
that necessary marine biodiversity programs could be 
conducted which would in turn maintain global 
oxygen and carbon dioxide balance.

1 Year
Extend the validation of the developed 
algorithm and improve seasonal 
understanding of phytoplankton levels in 
different oceanic water bodies. In-situ data 
of particular water bodies can be further 
used to calibrate the model.

5 Year

Collection of in-situ data for oceanic 
phytoplankton can be replaced by satellite 
remote sensing and AI which would help to 
estimate phytoplankton levels in global 
water bodies in real world scenario.

Ocean Carbon From Space Knowledge gap & priorities for next steps
● The study has utilized reanalysis data for training and validating the models, however, 

in-situ data could be used for the further calibration of the models.

● The work have been conducted using biogeochemical data from 6 parts around the 
world and therefore more data could be added for enhancing the model performance.
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● It has been observed that the Extra Trees regressor performed best for remote estimation of 
phytoplankton with an R2 score of 0.963 but took a considerable amount of time to train and 
generate results in 103.4s and 2.42s respectively.

● To understand the effects of variation of biogeochemical distribution pattern worldwide, the trained 
model has been tested with locations whose data have not been used for training and by this 
method, it has been understood that some oceans and sea have almost the same properties 
compared to the remaining world but some seas and oceans have much different biogeochemical 
distribution.

● To make the model adapt to these variations and overcome underfitting, portions of data from 
these locations have been included in the training data which effectively addressed the 
underfitting problem.

● The model would help to understand the depletion of phytoplankton levels where in situ 
measurements are easily not available.

● Based on the identified knowledge gap & priorities for a decade, this study models performance 
could be further improved by calibrating with in-situ data from the various parts of the world.

Ocean Carbon From Space Conclusion
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