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Measuring Fish - Observa tion Kernel DES Simulation Events - Forecast Kernel

€@ Why a tank-specific Digital Twin?

Weight dispersion is challenging in tanks of aquaculture of European seabass (D. labrax) and
rainbow trout (O. mykiss) that are key farmed species in Portugal.
|t drives competition, aggression, poor feed efficiency, and unpredictable harvests.

» Corrective grading iIs laborious and stressful. Tanks differ in rearing parameters.
» Digital Twins, virtual models synchronized with physical data, predict future states.
This work develops their two kernels: observation and forecasting.
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Observation kernel e Forecasting kernel
Above-water stereo vision and environmental sensors [1] Discrete Event System (DES) and Machine Learning [2]
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Development and production pipelines: stereo images to length and weight distributions [1]. Production cycle, feed—-fish-water model, and DES-to-ML methodology [2].
- Optimized calibration: validation error < 3.3%; fish length error <4.2%. « DES simulates individual feed intake, growth, dominance, and
« Refraction corrected in two vertical planes; YOLOvVIIx segments the metabolism, plus water chemistry.
water line in border. - Random Forest surrogates, trained on 11,029 simulated days, reproduce
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 Multi-fish YOLOVIIX contours and a 33-point descriptor drive stereo the DES outputs with R? > 0.996.
matching, triangulation, and morphological filtering. « Tank-specific hyperparameters are fitted to the sampled weight
- Reciprocal KNN stereo matching through polar descriptor vector. distributions.
- Gradient Boosting allometry converts length and width to weight. - Rapid what-if evaluation of feeding, grading, and harvesting scenarios.
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100-day seabass and 71-day trout trials; turbidity reached the 200 NTU sensor limit. Validated on 21 European seabass tanks from two feeding trials.

a Kernels as Digital Twin infrastructure
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Each kernel was validated independently; full autonomous integration is the next step.

Non-invasive, population-level state estimation linked to tank-specific predictive modeling provides both computational kernels of a Precision

Fish Farming Digital Twin, supporting proactive feeding, grading, transfer, and harvest decisions.
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