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Fisheries advice based on acoustics
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Fisheries advice based on acoustics

North Sea Herring and Pelagic Ecosystem Survey
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International ecosystem summer survey in the
Nordic Seas
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Acoustic Target Classification (ATC)

=

Echogram §

=

= S

CRIMAC

AAAAAAAAAAAAA



Data for training models

Annotated historical data from ~295 surveys
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Data for training models
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Data for training models
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Data for training models
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PyTorch: Deep learning

Applying calibration, missing NMEA information, logdistance errors,
aligning frequencies, folder structure changing over time, proprietary data
formats changing over time, extracting labels; formats changing over time,
+++
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Data for training models

All annotations and backscatter
data are embedded as a list of
xarray objects!
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2012

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Tlya Sutskever GeolTrey E. Hinton
University of Toronto University of Toronto University of Toronto
krizfics.utoronto.ca ilyafcs.utoronto.ca

hintonffcs.utoronto.ca

FCES Journal of Marine Science (2089), doi: 10, 1093/ icesima/ 057

Contribution to the Themed Section: ‘Applications of machine learning and artificial

intelligence in marine science’
Quo Vadimus

Machine intelligence and the data-driven future of

marine science

Ketil Malde @ 7%, Nils Olav Handegard’, Line Eikvil’, and Amt-Berre Salberg’

"Intitite of Marine Research, Berges, Nevwty
*Department of informatics, University of Bergen, Morway
"Norwegion Computing Center, Osha, Norway
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ICES Journal of Marine Science, 2023, 0, 1-25
DOI: 10.1093/icesjms/fsad100
Review Article

I c E S International Coundil for
the Exploration of the Sea

Machine learning in marine ecology: an overview of
techniques and applications

Artificial intelligence
Knowledge-based Acoustics [172]

Genetic programming engineering e Aciive

Matrix factorisation Plankton [158] Benthos [104] (61]

Machine learning Image/video [398]

Support Vector Machine (SVM Gaussian Mixture mbolic
PP (SVM) Model (GMM) i%’éic
Gradient Boosted Trees (GBT)
. Random Geoloc
Deep learning Forest (RF) Nekton [77] Litter [59] Ecological data | 48]
VNS,
Recurrent Neural Network (RNN) tables [130] (AIS,
. _ . k-Means | Swarm etc.)
Multi-Layer Perceptron (MLP) optimisation
Convolutional Neural Network (CNN) Naive Gridded data [180]
Bayes (NB) Satelite [131] In situ
Long Short-Term Memory (LSTM) [49] Optical
Omics [48] spectra
[28]
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Deep learning: The U-net

Image data Labels Predictions Loss weights

COMPANY SHARED Ronneberger et al. (2015)



Deep learning: The U-net
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Acoustic Target Classification (ATC) -
Supervised learning
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Brautaset et al, 2020




ATC — highly unbalanced data sets

(b) 200 kHz
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ATC — highly unbalanced data sets
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ping time
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Machine learning and deep learning models

Clustering Ground-truth Semi-supervised
structure prediction

‘ CRIMAC

Brautaset et al. (in prep) Choi et al. (2023)
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Acoustic Data in 200 kHz G

Machine learning and deep learning models
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Machine Learning
Engineering for Production

Model-centric view

Take the data you have, and

develop a model that does as well
as possible on it.

Data-centric view

The quality of the data is
paramount. Use tools to improve
the data quality; this will allow
multiple models to do well.
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Machine Learning Engineering for Production

LSSS API

U-net
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Machine Learning Engineering for Production

Not straight forward to run traditional
procesing on the platforms (edge)
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Edge deployment

gocker gocker

Sv (zarr)

Survey Data
RAW RAW

Metadata Metadata
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Model

Edge deployment Training
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“Well, Mr. Frankel, who started this program,
began to suffer from the computer disease that
anybody who works with computers now knows
about. It's a very serious disease and it
interferes completely with the work. The trouble
with computers is you *play* with them. They
are so wonderful.” (Surely You're Joking, Mr.
Feynman!: Adventures of a Curious Character”?)

Funding: CRIMAC, Norwegian Research Council,
under the SFI program
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