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Aquanty Products and Services

HydroGeoSphere

HydroClimateSight

« Fully integrated,
hydrological model

« Entirely physics-
based

 Used worldwide and
across Canada
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e HydroSphereAl Modelling ~
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CanadalWater

 Web-based SaaS
platform since 2018

« Operational
forecasting services

* Including
HydroSphereAl

« Comprehensive
modelling framework
at continental scale

* Federally funded

* High resolution
datasets available
today



HydroSphereAl: Product Overview aq&a\nty

Machine Learning-based hydrologic forecasts across Canada and the US

e
> b

Continental coverage Cutting edge algorithms Forecast integration Operational

» Easily scalable to US * Fine tuning SNODAS, CaPA.. « APIs

and other regions « Custom end-points ° Ea”yl’ seasonal, « Robust &
ourly



Some History, sort of... aquanty

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

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

 They either over-fit the training data
or have poor skill




LSTMs and Large Datasets

 Based Kratzert et al. (2018) and follow-on work
(> 1000 citations)

Two key advances:

« Use of LSTMs, utilizing memory cell

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

aquanty
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LSTM Schematic
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Legend:

Excerpt of watershed features from the CAMELS dataset (US)

e Academic focus on
historical evaluation and
Interpretability



Why LSTMs?

 LSTMs have an internal memory
cell, which can represent state

variables

 They learn to track the p
state of the watershed, ¢
similar to physical mode

oe.g. snowpack or
groundwater table

nysical
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o This means we also need a
long spin-up, like physical

models (~1 year)
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General architecture of an Long- Short-Term Memory
(LSTM) network; "C" is the memory cell state.
(Guillaume Chevalier - CC BY-SA 4.0)

N.B.: Originally LSTMs come out
of natural language processing, . |
but are frequently used for '
timeseries prediction



The Training Data

« CAMELS and HYSETS provide
geographic attributes and
meteorology for many
catchments in North America

o In Canada mainly based on
YSETS and ERAS

« We added our own custom data,

based on:
o CaPA & HRDPS
o AgERAS5
o HyDat
o CanadalWater

geographic data
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[ —

150 300 500 750 1500

Maximum leaf area index [-] 0 2 4 6 Sand fraction [%] 0 40 80
[ E— — T — |
15 21 34 45 49 15 25 33 40 50

https://ncar.github.io/hydrology/datasets/CAMELS _attributes =~



Model Inputs & Outputs aquanty

h I Cbservations - ECCC 5th Percentile 10th Percentile [ 25th Percentile [ Median
t
I 75th Percentile 90th Percentile Q5th Percentile
700
NOWY
Ct1
600 :
|
500 |
|
L Q E I
. ° E 400 |
h t1 hilty (PET/P) [1] 02 4 = I
.0.6 07 08 1 1.7 2 300 I
3 |
Xt . :
LSTM 200 |
|
|
100
Watershed , g :
features Maximum leaf area index [-] ) 0246 Sand fraction [%] ) 0 40 80 0 I
15 21 34 45 49 5 o5 33 40 50 Feb 17 Feb 20 Feb 23 Feb 26  Mar 2025 Mar 4 Mar & Mar 11 Mar 15
Time

Daily forecasts at Water Survey of Canada stations

Inputs: geographic data and
daily weather data, averaged
over catchment/HRU

Outputs: daily streamflow

Numerical Weather Prediction (or Al-based)



ML Model Skill (historical evaluation) aquanty

ML models are trained using our
custom dataset:

« Weather data mainly based on AQERAS

* Fine-tuning with CaPA further
iImproves skill (hot shown here)

« Static geographic attributes are derived
fromm CanadalWater

« HYDAT gauge data from WSC

 Models achieve excellent skill In
gauged basins (if catchment was in
training dataset — blue line)

« Skill deteriorates in ungauged basins
(I.,e. unknown), but is still quite good!
(green dashed line)

CDF

1.0

Median NSE

LSTM: ©.730
LSTM ungauged: 0.665

— L5TM

—== LSTM ungauged

0.2 0.4 0.6 0.8
NSE

Historical simulation skill of a 10-

time (LSTM) and over catchments _};,;;:?;’:;
(LSTM ungauged). y



Gauge Data Integration (Assimilation)

ML models are trained using our

custom dataset:

« Weather data mainly based on
* Fine-tuning with CaPA further

iImproves skill (hot shown here)

AGERAS

« Static geographic attributes are derived

from CanadalWater
« HYDAT gauge data from WSC

QLSTM: Data Integration

 QLSTMSs use past streamf
observations as additiona

* Significantly increases ski

oW
predictor

|, If

streamflow observations are

available
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As before, plus skill of a QLSTM with

streamflow data integration 50% of the
time (50% hold-out), evaluated with
train/test split in time only.




Skill Distribution across Canada (QLSTM)

aquanty

QLSTM Skill
Distribution

*Very strong sKkill
IN SNOW-
dominated
catchments

Prairies have
weakest skill
(llke most models)

Southern Ontari
may have too
much human /

R




Gauge Data Integration (Assimilation)

ML models are trained using our

custom dataset:

« Weather data mainly based on

AGERAS

« Fine-tuning with CaPA significantly

improves skill

« Static geographic attributes are derived

from CanadalWater
« HYDAT gauge data from WSC

QLSTM: Data Integration

 QLSTMSs use past streamf
observations as additiona

* Significantly increases ski

oW
predictor

|, If

streamflow observations are

available
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NSE
As before, with skill of a standard

QLSTM with streamflow data
Integration (50% hold-out), and a
QLSTM fine-tuned using CaPA.



HydroSphereAl Features aqu;ﬂty

Integration of real-time observed
streamflow data integration
(data assimilation)

Fine-tuning with augmented,
custom datasets

Custom forecast
end-points and
synthetic gauges

Real-time rain gauges

Flood forecasting with hourly Snowpack forecasts

time steppin : :
PPRING Soil moisture forecasts

High/low flow alerts

(and streamflow)

(Sub-)seasonal
drought forecasting




Example: a Seasonal Simulation with Snow aquanty

05DA009 (Lat:51.963; Lon:-116.859)

1-year historical simulation, —
with observations and N S s e
Nnistorical normals:

- Alpine headwaters .
between Banff & Jasper 21
 Snow accumulation over
. 400 4 — SWE Obs. [mm]
winter, followed by — SwEsim. fmm
runoff peak in spring
(freshet) .
* ML models capture 0
Seasonal behaVior Well ° 2[]21'3—(]1 2[]2;3—(]3 2[]21'3—(]5 Eﬂiﬂ? 2020-09 202;3—11 2[]22'[—(]1

« Forced by historical One year of historical simulation (hindcast) with fféf;i,;
- observed streamflow and snow from ERA5-La nd 7
climate (AgERAS) observed historical range in light blue (o). y
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Example: a Seasonal Simulation with Snow aquanty

1-year historical simulation,
wIith observations and
historical normals:

A watershed in
eastern Quebec

Snow accumulation over
winter, followed by
runoff peak in spring
(freshet)

ML models capture
seasonal behavior well

Forced by historical
climate (AgERAS)

01BF0O04 (Lat:48.354; Lon:-66.53)

175 = Streamflow Obs. [mm/day]
’ —— Streamflow Sim. [mm/day] r

15.0 +

12.5 +
10.0 ~
7.5 1

5.0 4

2.5 4

350 1 —— SWE Obs. [mm]

s SWE Sim. [mm]

300 -
250 A
200
150
100

50 A

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11 2[]21—(]1

One year of historical simulation (hindcast) with
observed streamflow and snow from ERA5-La nd 7
observed historical range in light blue (o). )
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Short-range Hourly Forecasts .

streamflow (m3/s)

D
J’3651 . y365 24 Y365

Captures short-term variability by simulating »Fcfi]:p: :P :Q Q ﬁ jﬁ

mU|t|p|e t|me—Sca|eS (MTS mOde|S) X631 XSe3za  Xiea1  Xiea2e  X3es1  Xies2s

Hourly models achieve performance T e -
comparable to daily (median NSE: 0.71). ; T 'ﬁ T

x{ X362 X363 X364 X365
Useful for extreme events and flood
foreca Sting [ ) nsTMs FCH) Tinecar output layers FCiepy Linear state transfer layers
X2 Daily input variables at day d x&, Hourly input variables at day d, hour h
Can be integrated with real-time rain gauges 92 Daily preciction at day d 8 Housy predicton at day d, hous b
and streamflow data
02EC002 BLACK RIVER NEAR WASHAGO (ON) 02EC019 BLACK RIVER NEAR VANKOUGHNET (ON) Top: Structure of the Multi-Time-
i s NSE: 0.90 5 ] — s | Scale models: an hourly model is
ol "'l initialized from and constrained to
. N a daily parent model
) | g - (Gauch et al. 2021).
i |
. 5 1s- Left: Hourly (MTS) models for
0- "N J\d a catchment in Northern /,,;’%,,,'
N JJ’Q )/ J\‘ Ontario for WY2023/24 (Ieft/)(/af
5 and Apr & May 2024 (rig ht)//f?”
AT S ———— o - Note different gauges /f/
p Nov 2023 Mar May Jul Sep Nov 2024 Mar May Jul Apr 08 15 22 May 08 15 22 Jun
Date Date 2024-Jun y ,7,
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Canada-wide Deployment aquanty

Aquanty is already running forecasts for all HYSETS watersheds
and has static attributes and forcing for all HyDat catchments.

Deployment across Canada will
be very straightforward:

: : N S5
l‘ : ;
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« h ' T
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< | e o $
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« ML Models scale very well —
computational resources are

already available

 Static/geographic attributes
avallable from CanadalWater

* Weather data from y 4
GEPS 9
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Routing for Large Basins ....[]— = weor) | AquUanty

— 5lm
Routing for a large headwater 6000 | |
subbasin of the Peace River. 000 Simulation
= skill of the
Smoky River at Watino (07GJ001), < 4000 routing
~50,000 km? $ /| | model;only
g % showing
.121°W 120°V\iﬂl | 119:°W 118:°W 117;°W 116f°.W | 115;°W o 2000 ) test period
Fas S e S A | (excluding
e aam B 1000 ' calibration
0 | ' 0 A period)
25N - | : w2 2017 2018 2019 2020

Date 7

_______ 55°N

: ; |  The basin is discretized into a complete and
sasn (S ERE ] e non-overlapping set of subbasins

« Each subbasin (<2000 km?) is simulated
using an LSTM

53.50N PRt il N b 1Y T e T Js350N

 LSTM forecasts are connected using a

53°N — Sl."bbasm _';;': ' ';”v'."—::;"-':%‘;"";’""~’;""%""'"“""""":;'""}7"’."'."':? 53°N rOUtI ng mOdel
— River /e NN ' LR
e Stream Gauge - PR TN | —
N T - 50km

| i

121°W 120°W 119°W 118°W 117°W 116°W 115°W
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From Model to Forecast

Meteorological -
forecasts Monitoring data

Expert staff Databases

Numerical

Job schedulers models

ML models

Custom software

Alerting
High mechanisms

performance
computers

User Interfaces

Containerization

awty

Mar 5

Mar 7 Mar 9 Mar 11 Mar 13




Beta-Test with Conservation Ontario

Operational deployment with all
Conservation Authorities in ON

e At all WSC stations <2000 km?
IN 36 Ontario watersheds

Active Participation by CAs

» 19 CAs are participating and
actively using the forecasts

Daily ML-based Forecasts
* Fully automated processing
» 16 day forecasts based on GEPS

Conservation Ontario

Conservation
ONTARIO

Natural Champions




HydroClimateSight
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Satellite Imagery

Current Conditions
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HydroClimateSight
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Hydrologic Forecast
Select forecast type: Start Date: Toggle Flow:
O ML Daily i 2025-03-03

Cumulative

I Cbservations - ECCC 5th Percentile

I 75ih Percentile 90th Percentile 95th Percentile

10th Percentile |l 25th Percentile [N Median

160
NOW
140
120
@ 100
E
% 80
=
& 60
40
20
I ﬁf},
Feb 17 Feb 20 Feb 23 Feb 26 Mar 2025 Mar 4 Mar 8 Mar 11 Mar 15 / //4%3/?}” ,-,:'},,J
7 i
Time //,;f”,;/ { /

Smooth data
Select a context marker to compare against

20-year flood
2-year flood
5-year flood

& Download forecast data
& Download observation data




Forecast Initialization

HRDPA+HRDPS

Hindcast

- 1-year spin-up forced
by CaPA and HRDPS
analysis from ECCC

Forecasts from GEPS
(ensemble), HRDPS,

RRR, NAM and CFSv2
(ensemble) supported

—-

Today

GEPS

Nov 19 Nov 21 Nov 23 Nov 25 Nov 27 Nov 29

Forecast
—)

B Observations

B 75th Percen tile B 90th Percentile

aquanty
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Time

Dec 2024 Dec3

Dec 6

Dec8



From Training to Forecast aquanty

Seamless weather and climate data integration from
calibration, over near-real-time spin-up to actual (ensemble)
forecast

Historical Weather Near-real-time Numerical

& Climate Data — Weather Data — Weather Forecast

@8 e Model training @8 e Model spin-up @8 e Driving
and evaluation e Data hydrological
e Historical Assimilation forecasts

reanalysis e Digital Twin e ...including

 e.g. CanGrid, e e.g. CaPA, ensembles

ERA5(L) HRDPS Analysis * e.g. HRDPS,
GEPS, CFS

o / o J o




Data Ingestion and Processing

aquanty

A generic scheduler automatically launches workflows

P

Robust data downloads
« CaPA

« HRDPS

« CalDAS

« SnoDAS

« ERAS

« WSC

 Kisters

« Custom data sources

&

O

Data transformation

« QA/QC

« Extract variables

* Infilling

 Reprojection

« NetCDF/Zarr conversion
« Cleanup

Storage
« Local SSD for immediate usage
« Local NAS (HDD) for longer
term storage + backups
 Time series database
 Cloud blob storage

i,
¥ iy
L
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Weather Data Processing

Weather forecast data processing is highly
modular, supporting multiple processing
steps (right):

 Long-range forecasts are statistically
downscaled and bias-corrected

» Forcing for physical models is lapse-rate
adjusted using high-res DEM
(critical for snow model)

ML Model forcing is aggregated to HRU
and daily (except hourly models)

 Near-real-time spin-up forcing data
follows the same pipeline

Download

Reprojection

Bias-
correction

aquanty

e Download grib files from ECCC
e Convert/compute variables

J
\
e Clip, reproject & regrid to multiple
areas of interest
J

e Simple statistical bias-correction
e Lapse-rate adjustment using DEM

e Generate, e.g. geotiff or zarr
e Aggregate over polygons
e Resample in time (e.g. daily)




Interoperability and Scalability aquanty

» Clobally scalable using either cloud, or cloud + on premise
resources

 Focus on integrating with the tools that are already being used

 Web API access

Direct Wiski imports (ZRXP) GIS imports Direct data transfer
HEC-RAS format (DSS) Delft FEWS imports Responsive web design
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