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TensorfFlow (TF) and SciPy

inter face for Mochine Learning

Tree based algorithms and Artificial Neural Networks (ANN)

e Basic ML algorithms
e Allows for basic prediction output architectures (single values)
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Recurrent Neural Networks (RNN)

e« They have "memory”

TensorFlow (TF) and SciPy e Suitable for time-series
e« They capture temporal (recumrent) pattems

inter foce for Machine Lear ning « Prophet and NeuralProphet engines have been added

Tree based algorithms and Artificial Neural Networks (ANN)

« Basic ML algorithms Webapps and optimization
e Allows for basic prediction output architectures (single values)

e Interactive webapps fully integrated on iML
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Recurrent Neural Networks (RNN)

They have "memory”

TensorFlow (TF) and SciPy * Suitable for time-series
They capture temporal (recurrent) pattems

Prophet and NeuralProphet engines have been added

inter face for Mochine Learning

IML

Tree based algorithms and Artificial Neural Networks (ANN)

 Basic ML algorithms Webapps and optimization
o Allows for basic prediction output architectures (single values) * R

e Interactive webapps fully integrated on iML
e Interactive plots, web reports, etc
« Hyperparameter and general optimization methods

Convolutional Neural Networks (CNN) Submodules (RT module)
e They capture spatial pattems e iIML can accomodate plugins that add extra features
e Images, maps, heterogeneous fields, etc « The RT module integrates PhreeqC to automatically generate RT datasets

e Extra modules and capabilities can be added
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Aqualearning - ACA
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Flood extension simulations take too
long (6-8 hours) to have a viable
early warning system.

Can we speed up this process using
artificial intelligence?

Aqualearning - Floods
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Flood extension simulations take too
long (6-8 hours) to have a viable

early warning system.

Can we speed up this process using

artificial intelligence?

Aqualearning - Floods

A




Aqualearning - ACA

o

Flood extension simulations take too
long (6-8 hours) to have a viable
early warning system.

Can we speed up this process using
artificial intelligence?

Agqualearning - Floods
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