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About Aquanty Inc.
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Leveraging state -of -the -
art technology for real -

time hydrologic 
forecasting



Aquanty Products and Services

ÅFully integrated, 
hydrological model

ÅEntirely physics -
based

ÅUsed worldwide and 
across Canada
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HydroGeoSphere Canada1WaterHydroClimateSight

ÅWeb -based SaaS 
platform since 2018

ÅOperational 
forecasting services

ÅIncluding 
HydroSphereAI

ÅComprehensive 
modelling framework 
at continental scale

ÅFederally funded

ÅHigh resolution 
datasets available 
today 
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Aquanty's Real -time Forecasting in Canada

Aquanty  has deployed physics -
based  real -time forecasting 
platforms across Canada:

ÅSouth Nation Conservation & 
Southern Ontario

ÅManitoba Forage and 
Grassland Association 
(MFGA)

ÅAlberta Environment and 
Protected Areas (AEPA)

ÅAnd in Barbados! (B1W)
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HydroSphereAI: Product Overview

Continental coverage

ÅEasily scalable to US 
and other regions

ÅPrediction in 
Ungauged Basins
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Cutting edge algorithms
ÅLSTM architecture, 

forced by weather data
ÅFine tuning and custom 

end -points

Forecast integration
ÅBased on numerical 

weather forecasts
ÅShort -range to 

seasonal forecasts

Operational platform
ÅWeb app
ÅAPIs
ÅRobust &

Automated

Machine Learning -based streamflow simulation and forecasting



Some History, sort of...

Å Training ANNs or Random Forests as 
Rainfall -Runoff models is actually an 
old idea and has been tried before

Å However, trained on a single 
watershed, ML models do not 
perform better than existing Rainfall -
runoff models

Å They either over -fit the training data 
or have poor skill
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LSTMs and Large Datasets
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ÅBased on solid, peer -reviewed science
(Kratzert et al. 2018 and more, > 1000 citations)

Two key advances:

ÅUse of LSTMs, utilizing memory cell

ÅTrained on a very large set of watersheds, using 
geographic attributes as predictors

ÅAcademic focus is on 
historical evaluation and 
explainability
 

Ours is on operations

LSTM Schematic

Land -use data from the Canada1Water dataset, aggregated over watersheds.



Why LSTMs?

ÅLSTMs have an internal memory 
cell, which can represent state 
variables

ÅThey learn to track the physical 
state of the watershed, quite 
similar to physical models

o e.g. snowpack or 
groundwater table

o This means we also need a long 
spin -up, like physical models 
(~1 year)

General  architecture of an Long - Short -Term Memory 
(LSTM) network; "C" is the memory cell state.
(Guillaume Chevalier - CC BY-SA 4.0)
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N.B.: Originally LSTMs come out of 
natural language processing, but 
are frequently used for timeseries 
prediction

Å This means the ML models 
actually learn physics  Ṿ not just 
statistical correlations



The Training Data

Å Public datasets in Canada are mainly 
based on ERA5 reanalysis data

o Precipitation is unconstrained!

Å We added our own custom data :
o Full global coverage
o Enhanced for North America
o 45 years of historical data

ÅNote that all inputs for the ML 
models are catchment -averaged : 
essentially an HRU approach

Land -use data
aggregated over 
watersheds from 
the Canada1Water 
dataset.
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Å Primary Datasets:
o AgERA5 & HRDPS
o CaSR + CaPA for precip
o HyDat  for streamflow
o Canada1Water

geographic data


