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Introduction

* Climate change is causing progressive warming, acidification,
and de-oxygenation of oceans [1].

* Phytoplankton monitoring is vital for protecting marine life
and developing climate-resilient economies

* Public phytoplankton image databases have several limitations
that prevent the practical usage of artificial intelligent models.

Proposed Solution and Climate Impact
* Pipeline for integration and standardization of image databases;

* It can be applied for curation of real-world data and training of
scalable Al models (e.g. early detection of HAB outbreaks),
ultimately contributing to climate resilience and adaptation;
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Figure 1 - Target phytoplankton organisms within aquaculture farms of Brazil, South Africa, Argentina, Ireland, South

Africa and Scotland. The information is organized by genus.
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Methodology
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Results and Discussions

Fourteen public phytoplankton
image datasets were identified
from the literature.

Some databases (29%) do not
contain genus-level images for any
target phytoplankton.
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Figure 3 - Images of some phytoplankton species
identified in six different public databases.
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Figure 4 - Coverage (A) and number of images (B) within original and integrated databases. The number of
images is presented as the average and standard deviation of the number of images within covered genus.
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Conclusions W*

* |ntegration pipeline for phytoplankton image-based datasets;
* Unified, benchmark database covering publicly available databases;

* |ncreased coverage from an average of 26% to 89% considering
species in the natural marine environment;

* |Important tool towards versatile machine learning models;
* Planning protection and resilience of marine ecosystems in the face of
climate change;
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