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coral reefs are the baromelers of ocean health - when they suffer, the entire
marine ecosystem is at IS/,



coral bleaching

Coral bleaching is a natural process
that occurs when corals expel algae
from their tissues, turning them
white. It's a response to stressiul
conditions like rising water
temperatures, pollution, and
changes in salinity.




effects

Loss of Marine Biodiversity

Corals provide shelter and food for 25% of all marine species. Their decline disrupts
entire ecosystems.

Erosion of Coastal Protection

Coral reefs act as natural barriers against waves and storm surges. Their degradation
leads to increased coastal erosion and flooding.

Decline in Fisheries and Food Security

Many commercial fish species depend on reefs, so coral loss impacts fisheries and
global food supplies.

Economic Damage

Coral reefs generate billions in tourism and fishing revenue. Bleaching events hurt
economies that rely on healthy reefs.




Coral Bleaching in India

The Gulf of Mannar alone hosts approximately 5'0 of India's 2,200 fish species,
underscoring the rich marine life the reefs support.

India has 4 major reefs-
Andaman & Nicobar Islands
Lakshadweep Islands

Gulf of Mannar

Gulf of Kachchh

Reefs act as natural barriers against erosion,
storms, and tsunamis, protecting 1.7 million
coastal residents.
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Using machine learning to develop a global coral bleaching predictor

Model R-Squared RMSE Time Taken (s)
M h l g37 RandomForestRegressor 0.25 7.91 2.08
et Odo O . . ExtraTreesRegressor 0.24 7.96 0.75
The study identified that SST, SSTA, longitude, latitude, and depth were HistGradientBoostingRegressor 022 2.06 113
the features most correlated with coral bleaching events. GBMRegressor 022 307 0.09
XGBRegressor 0.19 8.20 0.34
The final prediction system uses the random forest regressor to input LinearSVR -0.08 9.52 0.08
ocean parameters and calculate both the percentage of coral colonies at PassiveAggressiveRegressor -0.20 10.03 0.02
risk for bleaching at a given location and categorize the risk level as DecisionTreeRegressor -0.21 10.07 0.05
hlgh or low. ExtraTreeRegressor -0.33 10.56 0.02
AdaBoostRegressor -0.44 10.97 0.10
Accuracy
R-squared value of 0.25 e
50
Evaluation :
The model is not as accurate of a classifier as it is trained on global data, Latitude; 8
and would benefit from being trained on local data to help better 5
explain the effect of local parameters. -50

=75

Journal of Emerging Investigators 2023

=150 =100 =50 1] 50 100 150

Serena McCalla, et. al Longitude

Global Map of Coral Reef Bleaching and non-Bleaching Events Included in Dataset
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Spatio-temporal Mapping to Investigate Coral Bleaching in Andaman and
Nicobar Islands, India Using Geoinformatics

TAGIGTE SETATETE  BSITAVISUE SIUATSTE SITATISCE  SITAITUE  SZUA3S0CW BEAOAOCH  WETAVOOE WIS FAFOE  REAT AU MFC4INTE  wifexaetm
i i i L i i i i H s i i

#2010 2019 :
Methodology il | el
Satellite images to map coral reef patterns and bleaching extents H b ) {?-_’*E" = 3 r
between 2010 and 2019 in selected islands of the Andaman and Nicobar d A #$Tﬁ; --*jf—_ﬁ;ii““yg :
archipelago analysed using Maximum Likelihood Classification. : - ,.g "~ %.ﬁ_;k; = E
Accuracy B oo

The classification accuracy of the coral maps was evaluated, yielding

Floating Algae Index map of North reef of India
overall accuracies of 86% (2010) and 84% (2019) for North Reef Island. S48 P

Evaluation oo
The data is specific to the Andaman and Nicobar islands. Furthermore, ‘
it only makes use of satellite images, making it dependent on a single :
data type/source. E
: : : . E
Indian Society of Remote Sensing 2021 el e T T
. . Turbidity in NTU rad L
Arvind Chandra Pandey, et. al NP m——— I Yy
[ | 5.66 - 11.85 17.56 - 23.08 [ 29.62 - 44.53

10.1007/5812524-021-01345-2

Turbidity of North reef of India
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Monitoring Coral Reefs Death Causes with Artificial Intelligence

Methodology

Innovative approach for reef monitoring is proposed based on Machine Learning
methods like Naive Bayes, Decision Tree, KNN, SVM, Random Forest and XGBoost
to automatically classify corals into varying bleaching severities by training on
past bleaching events.

Accuracy
XGBoost- 80.11% , Random Forest- 77.8%

Evaluation

This research paper focuses on Mauritius and does not account for a more
generalised model. Furthermore, it cannot be applied to all areas as it requires
underwater imagery along with other factors, which might require further
infrastructure investment.

IEEE - IST-Africa Conference (IST-Africa) 2021
Nabeelah Pooloo, et. al
10.1109/1CECET52533.2021.9576973



https://ieeexplore.ieee.org/xpl/conhome/9576830/proceeding
https://ieeexplore.ieee.org/author/37089005591

under the sea

Existing models, those based on sea surface temperature (SST) provide some
predictive ability, they typically depend on single-variable thresholds and lack
the capacity to model complex, nonlinear relationships among environmental
factors.

Only a few models incorporate parameters like turbidity or salinity, and even
then, such models are often developed for non-Indian reef systems. These
models are not designed for proactive management they indicate bleaching
likelihood retrospectively or near onset, but rarely support early intervention.

Hence, there is a need for a multivariate, India-specific predictive framework
that can offer more timely and ecologically meaningful insights.




model impact

Environmental Impact

Helps protect marine biodiversity by enabling timely intervention and reef restoration.

Scientific Advancements

Provides researchers with accurate and data-driven insights into coral health and climate
change effects.

Economic Benefits

Preserves industries reliant on coral reefs, such as fisheries and ecotourism, by mitigating
bleaching-related losses.

Global Conservation Efforts

Supports organizations like the United Nations, NOAA, and WWF in their marine
conservation initiatives.



data collection

National Environmental Satellite, National Centers for
Data, and Information Service Environmental Information

MNATIOMAL OCEANIC AND ATMOSPHERIC ADMIMISTRATION

.nc file

Name :
Gulf of Kutch, India

Polygon Middle Longitude:
69.5758

OceanSODA-ETHZ: A global gridded dataset of the surface ocean carbonate
. system for seasonal to decadal studies of ocean acidification (v2023) (NCEI
2. 00 o Accession 0220059)

Averaged Monthly Mean (Jan-Dec):
22.3061 22.4843 23.9364 26.2399 28.3899 29.9468 28.3354 27.4208 27.7638 27.8388 26.4472 24.1583

First Valid DHW Date:

1985 25 @3 1.Time (Tlme)

First Valid BAA Date: ]

PR VRLLa AL G 2. Latitude (lat)

YY¥Y MM DD SST_MIN SST_MAX SST@90th_HS SSTA@9@th_HS 98th_HS5>0 DHW_from_98th_HS>1 BAA_ 7day_max 3. LOHgltllde (IOH)

1985 @1 01 23.9600 24.5600 24.4600 0.2116 ©.0000  ©.0000 0 -

1985 01 02 23.8000 24.4900 24.3200 0.2684 0.0000  ©.0000 @ 4. Surface Partial Pressure of CO;, (DCOZ)
1985 01 @3 23.6500 24.3600 24.2300 0.1594 0.0000  ©.0000 0 ..

1985 @1 B84 23.4800 24.2000 24.0660 0.0377 0.0000  ©.0000 8 5. Standard Deviation of pCO;, (pCOzstd)
1985 @1 @5 21.9900 23.1100 22.75060  -1.0803 ©.0000  ©.0000 ® o

1555 o1 07 215700 22.6900 75,4560 1,632 o.0060  ©.0000 ; 6. Total Alkalinity (TAIk)

1585 01 69 20 4500 21,8500 215080 2.1342  oooo o 0000 o 7.Standard Deviation of Total Alkalinity (TAstd)
1985 @1 10 19.8800 21.5560 21.2408  -2.3503 0.0060  ©.0000 ° - -

1985 @1 11 20.6800 21.6900 21.4908 -2.2261 0.0000  0.0000 ] 8.Dissolved Inorganlc Carbon (DIC)

1985 @1 12 20.2800 21.8900 21.6900  -1.9894 0.0000  ©.0000 °

9 : ; : -1. : :

T e L : 9.pH on Total Scale (pH)

10.Bicarbonate Concentration (HCO3)
11.Aragonite Saturation State (omegaAR)
tXt fil e 12. Calcite Saturation State (omegaCA)
. 13.Sea Water Salinity (Practical Salinity) (salinity)
14.Sea Surface Foundation Temperature (temperature)




data collection

CORAL REEFS IN INDIA

K. Venkataraman
National Biodiversity Authority
Chennai - 600 041
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History of recurrent short and long-term coral bleaching events in Indian coral reefs: a

systematic review of contrasting bleaching patterns, lessons learned, and future directions

Thinesh Thandeural than De'", Sobana MUI'I.JL{.E»:IH Sivagurunathan P*, Riana Peter®,

Ramasamy

Pasiyappazham®, Joseph Selvin', Polpass Arul Jose®, Anthony Bellantuono’

{®items":[{"id" 164444 “x"
{"id™ 164447, "x" 1 "1592, Slb).!‘ﬂ".'

yi"-1.4956621"

ot ["1d": 164450, "x":"1992 . 8I60656", "y": "-1.077333"
- 2 {id" 164452, “x" 1992, B551213", “y"; "-1,099429"
{ et Propulsion Laborator
H':A {=id" 164459, "%~ 1892 . 8934426"  “y=: "-1.082175
4 3 : {=id" 1164462, "x": =1992, 9125683", "y" 1 "-1,107559"
i {*id" 164465, “x" ;1992 931694", “y": -0, 997316",
y e i | | | {"id" 1164468, " "1992,9508197", "y~ "-1,B24861"
{“1d":!G4&?l,"x":_IQQJ.9£§Q45d","y':"-ﬂ.?ﬁﬁ?ﬁ&"*
["id": 164474, "x" : "1592 9880717, "y" : " -0, 485 218"
[“1d" 164477, "x" . "1993.0082192", "y -"-u.a:gaaa",

{"id™: 164480, "x": "1993 . 4273973" "y

“1992.737BLAZ"  “y" -

=1 M9 0367037,

€ BCO-DMO

t: Bleaching and environmental data for global coral reef

5|tes from 1980-2020

.csv file

data on the presence and absence of coral bleaching,
allowing comparative analyses and the determination of
geographical bleaching thresholds, together with site
exposure, distance to land, mean turbidity, cyclone
frequency, and a suite of sea-surface temperature
metrics at the times of survey.
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preprocessing

Data Collection & Cleaning: Final Work:

1. SST: Downloaded, converted to DataFrame/CSV, and combined data from 1. Distribution patterns for environmental variables.
four reefs (58,702 rows). 2.Analyzed correlations and dropped unnecessary features
2. Water Chemistry (Salinity, f{CO,, pCO., pH): Extracted .ne files using 3.Visualisations to identify normal/skewed distributions

netCDF, filtered by reef coordinates, removed missing rows (21,156 rows).
3. Bleaching Instances: Processed Excel data for Indian reefs, classified
bleaching intensity (binary), and merged (55 rows).

4. Genera: Extracted reef-specific genera from literature and exported to
CSV.

5. IOD/ENSO: Processed JSON data with date conversion.

Data Integration & Aggregation:

1. Unified date formats and reef names across datasets.

2. Merged daily data into monthly (averaging salinity, CO,, pH, 10D,
ENSO; computed SST min, max, mean, and DHW).

3. Applied one-hot encoding on the genera; filtered data to 1995-2020
(final dataset: 1,201 rows).
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Yearly Trends of Environmental and Bleaching Metrics
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correlation matrix

.
Correlation Matrix of Numerical Features -
: Year 014 006 002 015 005 004 -0.01
: fco2 ©0.00 -0.23 BLURELN 023 004 002 004 0.75 .
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0.50
SST@90th_HS - 0.25 009 008 022
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- 0.00
SST_MIN - 0.06 0.15 005 0.07 0.11
Salinity - 0.02 0.00
- —0.25
“) DHW _from_90th_HS>1 - 0.15
Y
e ENSO - 0.05 -0.50
IOD - 0.04
~0.75

Bleaching - -0.01 0.06 022 022 028 011 -0.03
i i 1 1 I I ' L i |
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final data

All the four reefs are one-hot encoded and the dataset consists of monthly data (Month/Year) from 1997.

Ocean Temperature Metrics Climate Indices
e SST MIN e |OD - Indian Ocean Dipole index
e SST MAX e ENSO - El Nino/Southern Oscillation index

e SST@ooth HS
e SSTA@wgoth HS

e DHW from ogoth HS>1 Coral Genus (One-Hot)
e Acropora
e Porites
Ocean Chemistry Metrics e etc. (55 columns)
e Salinity
e pH total
e {CO2 Target

Bleaching (0/1))
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Random Forest

Random Forest models combine the
predictions of multiple decision trees
to reach a single result.

e RF models are often used as a
baseline in ecological modeling.

e Used in coral studies including
McClanahan et al. (2007) and
Udomchaipitak et al. (2022).

ml methods

LSTM

LSTM is a type of recurrent neural
network (RNN) that excels at learning
and retaining long-term
dependencies in sequential data.

e L.STM captures cumulative
environmental stress over time,
reflecting the biological reality
that bleaching results from
prolonged exposure to stressors.

e LSTM excels at high recall for
rare event forecasting as it learns
patterns from historical
sequences.

e The model is successfully used in
hydrological and climate
modeling (Kratzert et al., 2019;
Tian et al., 2020).

XGBoost

XGBoost is an ensemble learning
method that builds decision trees
sequentially based on previous trees.

e Known for handling nonlinearity,
class imbalance, and tabular
environmental data efficiently.

e Used by Udomchaipitak et al.
(2022) for coral bleaching on a
global scale.

LightGBM
e Similar to XGBoost, but
optimized for faster convergence
and larger datasets.
e [as not yet been applied to
Indian reef datasets.



eval metrics

imbalanced classes

, Precision, Reecall, F1 Score, F2 Score

Recall

Coral bleaching is a rare but high-
impact event, hence false negatives
(missed bleaching) are more
ecologically damaging than false
positives (false alarms).

Recall quantifies how well the model
identifies actual bleaching events.

K2 Score

F, balances precision and recall
equally, but I, puts more emphasis on
recall, making it better suited for
ecological early-warning systems.

Powers, D. M. (2o11). Evaluation: Precision, Recall, F-measure and
ROC. International Fournal of Machine Learning Technology




A 4 random forest

'n_estimators': 551, max_depth': 19, 'min_samples_leaf": 8, 'pos_weight': 17.25581183509492

fl-score support

8.0 B9 @.938 229 F2 score = 0.909
1.8 5. 8.488 11 F2 score = 0.577

aCCUracy
Malro avg

weighted avg

L SMOTE WaS utilised tO Counter imbalanced ClaSSGS. Trial#5: Recall=-8.651, Precision=8.528, Params={'n_estimators': 844, "max_depth': 9, 'min_samples_leaf': &, "pos_welght': 2.4337

. Trial#8: Recall=0.698, Precision=0.484, Params={'n_estimators": 147, "max_depth': 35, "min_samples_leaf': 6, "pos_weight': 14.45
i : Re =0.721, Precizion=0.463 3 z={"'n_esti] prs": 551, "mar *: 19, "min_sa L af': 8, "pos i ": 17.2595

[ ] Hyperpara[“eter tunlng WaS done through Optuna Tr:.Lal#'El Recall=0.721, FlrELl.lLl.lrl @.463, Params={'n_e tlrratur‘ 551, "max_depth': 19, n11rl'|_ amples_leaf po _we1ght 17
Trial#l@: Recall=0.628, Preclislion=8.548, Params={'n_estimators": 978, "max_depth': 58, "'min_samples leaf": 4, "pos_welghti': 1.1474

S o o O [0 Trial#l8: Recall=0.698, Precision=0.484, Params={"n_estimators"': 854, '"max_depth': 9, "min_samples_leaf': 7, "pos_weight"': 9.8¢
and then ParetO_Optlmal trlals Were ldentlfled tO i 21: Recall=8.581, Precision=8.595, _estimators": 575, "max_depth®: "min_samples_leaf': 18, "pos_weight': 1.2
i 28: Recall=0.698, Precision=08.484, estimators': 356, "max_depth': &, "min_samples_leaf': 'pos_weight":

plck the best model Recall-9.581, Precision=8.595, g

estimators': 592, "max_depth": 'min_samples_leaf': 18, "pos_weight': 1.:
39: Recall=9.744, Precision=8.438,

1: Recall=8.558, Precision=8.615

. The recall and precision plot also helped us to e e e
. . i 9: Recall=0.685, Precision=8.591, n
optimize the threshold.

estimators': 987, "max_depth': 12, "min_samples_leaf': 2, "pos_weight": !

{ estimators': 486, 'max_depth': 6, "min_samples_leaf": *pos_weipght*: 2

i T e B e T e T i B e B |

{ estimators': 389, "max_depth': 6, "min_samples_leaf': "pos_welight": 1.




xghoost

‘subsample': 0.6, 'scale_pos_weight': 21.325581395348838, 'max_depth': 6, learning rate': 0.01,
'colsample bytree': 0.6, n_estimators': 300

precision recall fl-score  support

0.8 . .B78 .93 el L2 score = 0.898
1.8 . 818 .37 11 F2 score = 0.555

aCCUracy

maCro avg

weighted avg

o scale _pos_weight was utilised to counter
imbalanced classes.
o Hyperparameter tuning was done using

HalfingRandomizedSearchCV.
e (Other methods were also utilised, such as the ROC
plot.




lightgbm

precision recall fl-score  support

@.98 .98 .93 238 F2 score = 0.98
0.60 .6 i 18 2 score = 0.60

248

240
weighted aveg .97 L C 248

e classweight = balanced and SMOTE was utilised to
counter imbalanced classes.
. Hyperparameter tuning was done using
RandomizedSearchCV, although the base case
yielded superior results.



Istm

precision recall Fl-score  support

@.99 3. 3.9 Ll ['2 score = 0.958
9. 3. 88 : "9 |2 score = 0.782

aCCUracy

MacCro avg

welpghted avg

name: lstm
¢ The mOdel Was tuned by plOttlng the AUC Curve ;;::Z?bt:o;ﬁ:': 'keras', 'class_name': 'DTypePolicy', 'config': {'name': 'float32'}, 'registered_name': None}
return_sequences: False

and comparing the precision and recall based on

go_backwards: False

difference thresholds. Rl

. o1 . R zero_output_for_mask: False
e [Early stopping was utilised to stop the training units: o4
activation: tanh
. . . . recurrent_activation: sigmoid
when then training and validation sets observed use_bis: True
kernel_initializer: {'module': 'keras.initializers', 'class_name': 'GlorotUniform', ‘'config': {'seed': None}, ‘registered_name': None}
El El recurrent_initializer: {'module': 'keras.initializers', 'class_name': 'Orthogonal', 'config': {'seed': None, 'gain': 1.0}, 'registered_name': None}
g p' bias_initializer: {'module': 'keras.initializers', 'class_name': 'Zeros', 'config': {}, 'registered_name': None}
unit_forget_bias: True

e Another version of the model with class weights kernel_regularizer: None

recurrent_regularizer: None

observed higher recall but at a lower F2 score, g e

making the current model a better predictor. Ren ot e
dropout: 0.0
recurrent_dropout: 0.0




challenges

Lack of an existing region specific
dataset

Dataset curation using imtensive
research and a wide variety of
sources, along with extensive

preprocessing.

Low Recall/F2 Scores

e Hyperparameter tuning
e Handling imbalanced data

Imbalanced Data

e SMOTE

e scale pos weight

e Incorporation of
Australian training data

Computational Time for
Hyperparameter Tuning

e Regularization
e Virtual GPUs on Google Colab



deployment

Plaksha can deploy this coral bleaching prediction solution
as a research project in the fields of marine biology and
environmental monitoring.

This initiative can serve as a foundation for interdisciplinary
projects and over time, Plaksha can collaborate with Indian
government agencies to scale the model and integrate it into
national reef monitoring programs, and contribute to data-
driven marine conservation efforts in India.



scaling challenges

e Data Restrictions - Access to environmental data is
limited.

e Deployment Platform - Needs shift from prototype
(e.e., Colab) to scalable, secure systems.

e ['unding & Maintenance - Continuous support needed
for updates and upkeep.

e Policy Integration — Adoption by government depends
on trust and validation.
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