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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].

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

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

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

e 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).

e 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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We have used a widely accepted Copernicus open-
source datasets named Global Ocean
O/‘ Data Collection Biogeochemistry Hindcast GLOBAL REANALYSIS

BIO 001 029 monthly, which contained biochemical
records, and Global Re-analysis Phy 001 030
monthly [16].

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)

()7 Study Location

Surface CO,, Dissolved Oxygen, Nitrate,
03 Parameters Phosphate, Dissolved Silicate, pH, Salinity,
Dissolved Iron, Temperature, etc.
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Regression Estimation Performance Comparison

Copernicus global
reanalysis data

Convert to time series

The performance of these regressors
have been measured by different

Different supervised machine
learning algorithm for regression

have been used: I metrics as follows:
' l
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Random Forest

L)
N = 37752
4 R?=0438
RMSE = 0.152
2, W=-1.473 %
S3 |9=7353%
o
2
Q
k<]
5} 2
o
1 /
3 X
0
0 1 2 3 4
Onglnalphyto
Random Forest
5
N = 37752
4 R?=0672
RMSE = 0.157 P
g v=-3.099 % =
53t |1v=6.108% J
° . ’
g e ‘
B 2 .
&
o
1 7 +  Data points
| s —Y=X
—— Y = 0.65972°X +0.46663 |
0
0 1 2 3 4 L)
Ongmalphym

Results

Bagging Extra Trees HGBR
100 5 100 5 100 5 100
N = 37752 N = 37752 N = 37752
v 2 s
- 4 R2=0.406 80 4 R®=0.493 80 4 R®=0.432 80
RMSE =0.161 o RMSE =0.143 RMSE =0.161 23
o) U=1498% . ! g U=-1957 % g U=-1.069 % ol
160 % 3l wprsw Wi il 60 G 3 IW=7.087% ¢ 160 G371 Iv766% 60
| g ) E R 9 5
_§ k3] 3, o *
40 B2 ¥ 40 @ 2 40 g 2 40
& . o &
20 1 P Data points 20 1 ¥ $ Data points | 20 1 +  Data points 20
g —Y=X —Y=X ‘ ==X
——— Y =0.55265°X +0.61795 Y = 0.48815°X +0.706 | =062375°X +0.51984
0 0 0 0 0 00 1 0
0 1 2 3 4 0 1 2 3 4 5
iqi iai Original
Onglnalphym o Orlglnalphyto phyto
Phytoplankton prediction Bay ot Bengal v/s rest of the world
Bagging Extra Trees HGBR
100 5 100 51 100 5 100
N =37752 N =37752 N =37752
= 2 _
80 4| RP=0655 80 4 RE=071 80 4| RE=0706 80
RMSE = 0.162 RMSE =0.19 RMSE =0.148
e w=-3148% . ¥ e U=1.824% 2 w=-2.327 % ¥
> . 4 Ex B o _E- o ,,
60 S3F IV=6357% 60 S 3 1¥=10.337 % _— g el 60 S3 I¥=7121% 60
el ° & o
9} L S W « 2
o L L0 Sie: gien Q &
4 2 40 g2 3 o . 40 g 2 = 40
o o ezt 1T o
20 1 20 1 > +  Data points 20 1 Data points 20
—Y=X —Y=X
——— Y = 0.68413'X +0.43822 —— Y = 057003°X +0.55373 - Y = 0.64853°X +0.46846
0 0 : 0 0 0 0 0
0 1 0 4 5 0 1 2 3 4 5
igi Original Original
Onglnalphyto g phyto 9 phyto 9

Phytoplankton prediction on Gulf of Mexico v/s rest of the world



Ocean Carbon From Space
Random Forest

100
N = 37752
al R? = 0676 # 80
RMSE =0.118 2
o - %
g w=0.829 % i
S3F |V=8077% 160
el
2
L
el L
] ) 40
o
1t Data points 20
—vy=X
i ——— Y = 0.80649"X +0.21467
0 : Y
0 1 2 3 4 5
Ongmalph via
Random Forest
5 100
N = 37752
4 R?=0.824 80
RMSE =0.127
g W= 1769 % 532 i
S3 1¥=8789% o 60
o e L
k9] R
° B
8 2 ws 40
> o
o e
1 Data points 20
o —Y=Xx
| —— Y =0.68658'X +0.33589
0 0
0 1 2 3 4 5
Ongmalphym

Bagging

Results

Extra Trees

HGBR Gesa

100 5 100 5
N =37752 N =37752 N =37752
4| RP=0661 e 80 4l RP=0736 80 4| RE=0726 80
RMSE = 0.121 rs RMSE = 0.103 P RMSE = 0.106 7
3 U= 0653 % 3 3 U= 0576 % 2 W=-0497 % s
S3t |v=8389% w o 60 S3F [W=721% 60 S3 |V=7559% 60
o e o el P
3] / 2 i Q 2
L " Q o £a
o » & e ¥ el L 4
3 2 i 7 40 32 7. 40 g 2 [ 40
o a o
il Data points 20 1 Data points 20 1r Data points 20
—Y=X ——Y=X 7 —Y=X
——— Y = 0.79202"X +0.23202 < ——— Y = 0.73619°X +0.29061 ,r |—— Y = 0.7789° +0.25675
0 i n , 0 0 0 0 0
0 1 2 3 4 8 0 1 2 3 4 0 1 ) 3 4 5
Original Original igi
g phyto g phyto Orlglnalph i
Phytoplankton prediction on Indian Ocean v/s rest of the world
Bagging Extra Trees HGBR
100 5 100 5 100
N =37752 N = 37752 N =37752
- - 2
4| RP=0812 80 4| RP=0857 80 4+ RP=0849 P 80
RMSE =0.127 o RMSE = 0.126 RMSE =0.117 /
2 | wv=14%% - ! g v=2627% B 2 | w=2014% 4
S3f [v=8827% : P 60 53| |v=8669% 60 _ 63 IV=7601% 60
= L J ] . =
Q ) P - Q
o e S °© L2
3 2 ok 40 © ) 36
E .(Q“ e e 2 40 Q ,f
s - o o Y
1 Data points 20 1 Data points 20 1 +  Data points 20
— =X ——Y=X 7 L
——— Y =0.69912°X +0.32531 V= 0.66160°% +0,35352 o Y =0.73356°X +0.2799
0 0 0 . . . R 0 0 0
0 1 2 3 4 5 0 1 2 3 4 0 1 2 3 4 5
igi - Original
Original Original , 9N ohyto 10

Phytoplankton prediction North Atlantic Ocean v/s rest of the world



Ocean Carbon From Space

Random Forest

b 100 5r 100 5 100 5r
N =37752 N = 37752 N = 37752 N = 37752
4 R? =0.901 - 80 4l R? = 0.896 80 4 R? =0.902 80 4| RP=089%9
RMSE = 0.162 o7 i RMSE = 0.164 RMSE = 0.164 RMSE = 0.161
g W=7.056% G g =7.169 % g W=2427% g U=6.094 % A
S3} |v=11702% S 60 S3F 17=11.839% 60 S3} 1W=11442% / 60 S3F IV=11873% 7
o 4 Ee) P o / © .
o i L o 2 / L j
k3] Fa S g S i 5
B2 ral 40 @ 2t 40 P 2 403 2
2 L s o
s . [\B s o
1 +  Data points 20 17 Data points 20 1 Data points 20 L] Data points
—_—Y=X =X Y=X Y=X
3 |— Y =0.74269"X +0.2214 — Y =0.74514"X +0.2181 — Y = 0.64335"X +0.38343 | — Y =0.72479"X +0.25145
0 0 0 0 0 0 0
0 1 2 3 4 5 0 1 2 3 4 ) 0 1 2 3 4 5 0 1 2 3 4
igi riginal igi Original
Onglnalphyto Original o Ongmalphyto ginal 1o
Phytoplankton prediction on North Pacific Ocean v/s rest of the world
Random Forest Bagging Extra Trees HGBR
5 100 100 51 100 5
N = 37752 N = 37752 N = 37752 N = 37752
4 R? =0.663 80 4 R? = 0.664 80 4 R? = 0.689 80 4 R? =0.683
RMSE = 0.18 "l RMSE =0.176 > RMSE =0.17 RMSE = 0.19 -
g W=8.104 % 4 g =7.655% P 9; w=7232% g §, v=9719 % /
£31 |w=9363% 60 S3+ w=9.007% ; 60 53 |v-8348% e 60 3| I=10418%
el ° el z el
L L L e B}
kS S o 7 5 ,
® 2 ek 40 g 2f 40 P 2t 7 40 3 2 :
£ G 2 W L o T 5 Y
o e o o e a
1 % [ Data points 20 1 A Data points 20 1 Z Data points 20 1 o7 Data points
& —vY=X / —v=X 7 —vY=X —vY=X
——— Y = 0.70717°X +0.33411 ——— Y = 0.71756"X +0.32449 ——— Y = 0.68666"X +0.37405 < ——— Y = 0.72123°X +0.29224
0 ; 0 0 0 0 0 0
0 1 2 3 4 5 0 1 2 3 4 0 1 2 3 4 5 0 1 2 3 4
Ongmalphylo Ongmalph i Ongmalphyte Ongmalph -

Results

Bagging

Extra Trees

Phytoplankton prediction on South Atlantic Ocean v/s rest of the world

¢CSa

HGBR

100

80

60

40

20

100

80

60

40

20

11



Ocean Carbon From Space

e The study has utilized reanalysis data for training and validating the models, however,

Knowledge gap & priorities for next steps

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

e 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.

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

\

1 Year

5 Year

Al 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.

10Year

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.

Eesa
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e |t 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.

e 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
8Qrtn%at'ted to the remaining world but some seas and oceans have much different biogeochemical

istribution.

e To make the model adapt to these variations and overcome und_erfittir#;, Portions of data from
these locations have been included in the training data which effectively addressed the
underfitting problem.

e The model would hel_? to understand the depletion of phytoplankton levels where in situ
measurements are easily not available.

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

13
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