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Introduction

Global aquaculture production is growing rapidly, necessitating precise feeding optimization, biomass estimation and
environmental management.

Traditional aquaculture management relies on farmer’s experience, failing to account for dynamic biological responses.

The integration of machine learning (ML) can help achieve precision aquaculture by simulating real-time farm conditions and
forecasting fish growth and health.

Objectlve

To evaluate the strengths and limitations of mathematical versus ML models in aquaculture.

2. To map out frameworks where hybrid "Grey-Box" modeling successfully integrates biological constraints with machine
learning, including surrogate models, data-driven variable estimation and. physics-informed neural networks (PINNSs).

3. To explore how multi-modal sensor fusion and reinforcement learning (RL) can build closed-loop digital twins for autonomous,
real-life farm management.

1. Evolution of Modelling 4. Hybrid “Grey-Box” Model
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