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" Al for Downstreaming and Tailoring

Hydrological Forecast Intelligence to final Users
 NEEDS: Energy and Water Management requires forecast for optimal usage of the resource

« A Data Centric approach : Copernicus CDS, EOBS, Forecast Datasets are GROWING

* The Businessas usualWay to Go : Feed complex hydrological Deterministic Models (Eventually adding Al
on top or at the bottom of the CHAIN) with EOBS, ground station data , DTM, Soil .... And forecast

- Time and data consuming (topo, landuse, soil) - Requires the involvement of hydrological modeling expert
- Multiple sites = Multiple Models - Many companies already offer service / software— NO INNOVATION
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Presenter
Presentation Notes

To downstream forecast to final users at very local scale we don’t need necessary  complex models and long modelling  chains 


TRADITIONALLY WITH Physical models 

We need forecast, EOBS data and user data of discharge to tune the model 


Then we setup model adding  many more local data and get forecast 


" Al for Downstreaming and Tailoring

%

Hydrological Forecast Intelligence to final Users

« Al for DATA DRIVEN forecast: Combination Operational Forecast , EOBS, and Data Science (Al and
ML) for ana effective down streaming of forecast intelligence

Democratize the practical use of seasonal-forecast-based climate services

Less time and data requirements— No background in hydraulics requested Only local discharge data needed ( rainfall/
temperature station if available)

Suitable for multiple site applications

And for web applications @
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“Simplicity is the ultimate sophlstlcatlon ge ‘/t'@) 3
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Presenter
Presentation Notes
With Sartrover we exploit powe of fully “DATA” Driven approach 

For the users Data are also coarse scale forecast operationally available from CDS , GLOFS, EFAS Etc..

It’s fast 

We only need  a fraction of the needed data ( forecast / EOBS input  plus user’s history of data of the target variable)  

It can be implemented easily in a operational  web service 





()
Where is the value in forecasting for HP ?

Central Hidroeléctrica
Betania

2000 GWhl/year

Rio Magdalena

Opltahlo

o)
Florencia

Central

Hidroeléctrica

El Guavio

5500 GWhlyear
Locla used data are monthly iucoming disharge to the 2 reservoirs Rio Guavio
recorded in the last 20 years
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Presenter
Presentation Notes
The Smartriver approach  has been developed and made operative for two hydropower energy production sites locate in two different areas in Colombia.
“ Betania” and “ El Guavio”.

Knowing available production in advance lets you take the most advantageous corrective actions on the market (buying or selling energy  if plan to produce more or less than average standard) 


The only used local data is time series of monthly discharge to each reservoir provided by EGP 
No other local data are needed



First application — Hydropower for EGP

%

Where is the value of Al forecasting for HP ?

Problems

CLARA
« Technical : Knowing in advance means planning management of the reservoir to increaC
production

* Financial = Deviation between the scheduled annual production and actually achievable
production requires:
« Corrective sales/ purchase of energy
* If you buy increasing unit costs during the year

« If you sell redundancies have decreasing benefits in the year round.

Objective

 Knowing as early as possible deviation at the year end between budget producibility and
final production to be able to undertake the most advantageous corrective actionsQe% wg) 5
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Selecting most informative FEATURES available operationally
(i.e. P,T Seasonla FORECAST from Copernicus CDS)

Exploiting power of AUTOML

H,0
AutoML

S PN
’3}@
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v VARIABLE IMPORTANCES
o GBM_grid_1_AutoML_2@8198404_203847_model_81 751935.437897656 B67.14
g Tree based DRF_1_AutoML_20190404_203847 812327.5612870641 901.29
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Using Al to get consistently forecast
performances improvements over

benchmarks £
E
(i.e. Climatic average or alternative  °
simple regeressors setup by EGP )
e
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Presenter
Presentation Notes
First we select most informative features to drive forecast  ( i.e. Copernicus CDS season forecast) 
 
Variable importance is determined by calculating the relative influence of each variable and excluding redundant features

Using AI  we explore performances of single Algos and AUTOML  . Checking performance  RMSE metric in a train period  and testing in a following test period versus a Benchmark such as Climatic Average 

To  get consistently better  forecast performances than benchmark



Baseline and Benchmark

5—\ — BASELINE : What you have for free : trivial bench - climatic average

p— BENCHMARK: What you can setup with an excel spreadsheet -
multiregression with same input features - EGP

L Y WAVA /‘\JA\ A DA V&V\ V\ ‘/\/\
OOOOOOO \,\/ ,4\’ /\VA/V\/ \V‘V \/\v’».

OOOOOOO

CLIMATIC AVERAGE  -¢- MULTI-REGRESSION - TARGET
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Presenter
Presentation Notes
In order to assess and quantify the added value of our AI-based Climate Service for Hydropower energy prediction, we need a term of reference, in this case are available a
Baseline – 

- Climatic Average

- Benchmark multi regression model developed internally by EGP



Best Model Results Vs Baselines- RMSE @esa

BETANIA 6 Months | GUAVIO 3 Months
RMSE (1E6 mc) RMSE (1E6 mc)

Cum. Vol 6 Months Cum. Vol 3 Months

Deep Learning (LSTM) 697 116

Climatic Average

Multi-regression
( by EGP)

gefy -
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Presenter
Presentation Notes
RMSE is a standard metric for performance assessment in regression problems, in this case the value refers to cumulated million of cubic meters

NOT the only metric to use anyway 
  
In the next example we will go deeper and show more performance metrics

In this example we focus more on the application for HP

Target variables are cumulate volumes arriving  to the reservoirs in 6 – 3 months 



Translating forecast intelligence into

Operational Cloud-Web CS

Copernicus CDS
Multi Model
Seasonal

d\\\\j Forecast

CDS API [</>| =
< i

LA
m EnelGreen Power ,Il-mmlf’ @ En(j:-rgy Production A web service that shows forecast

Energy Production and performances
Hystorical Data

Pre-processing

DataBase

Prediction

2
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Presenter
Presentation Notes
The operative deployment of AI driven forecast service  consist in an open-source cloud-web-based application where all the previous discussed elements and tools are combined together,

In particular we have the data acquisition of Copernicus Seasonal Forecast trough CDS API, 
upload of historical data from EGP related to target and features variables
Integration of AI and pre-processing algorithms into Cloud Web platform

A graphical web interface for energy production prediction deployment to EGP
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Presenter
Presentation Notes
An example of the Cloud web service transalting  AI driven forecat intelligence into  online  service 





The added value example for HPIS the

orovide intelligence good “Enough”?

NO SEASONAL FORECAST PERFECT FORECAST
Years 2000-2016 100.0% 101.7% 103.1%
Years 2011-2016 106.0% 106.6% 108.3%

A simple test made with EGP :
Simulation of expected benefits on annual producibility for budget
adjustment twice a year, considering actual and perfect forecast

And current management reservoirrules

(*) with low energy price oh 4 $c/Kwh (PRE-COVID market condition... )
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Presenter
Presentation Notes
AI-based CS such As SMARTRIVER can improve seasonal forecast energy production respect the baseline and the available benchmark model


We have quantified better performance between 1,7 and 0,6 %, that if applied to a annual production of 2000 GWh corresponds to a Half Million of USD per year



Second application — Forecast intelligence
for Water distribution

Ridracoli Resevoir
Over 33 Mm3 of capacity
Small 80km2 mountain
catchment
Distributing drinking water to 3
Provinces in Emilia Romagna -

Cesena
Aren Lesennate

allats Budente



Presenter
Presentation Notes
Another application fo water resources in completely different and challenging context  


Second application — Forecast intelligence

%

for Water distribution

Problems @ RA

« Technical : Knowing in advance means planning a mix of water resources to be exploited
efficiently

 Asmall,impulsive and very challenging catchment

Objective

* Reducing uncertainty in the average discharge comingto the reservoir for the next 14
days and the next month and testing operational forecast twice a month.

gefo
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Presenter
Presentation Notes
AI driven forecast service been developed and made operative for two hydropower energy production sites locate in two different areas in Colombia.



" Getting a few Local data for effective downstreaming Lesa
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Presenter
Presentation Notes
We only  need tiem series of  local ground station data and Short term forecast to dive discharge forecast  roughly 20 yeasr 



Testing ECMWF TIGGE forecast dataset Precipitation

and temperature
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Presenter
Presentation Notes
Using only local ground station data and Short term forecast to dive discharge forecast 



*The improved forecast — next 14 days

12.000 Serious improvement
over first generation
—e—True value First generation ML 3 years old —e—Smartriver 2.0 . .
10.000 forecast with simple ML
‘ models
E 8.000 | JFirstgenration ML |SMARTRIVER 2.0
5 L ] 19-21 19-21
< | RMSE 1.42 0.89
104 1
2 cm/s
- 77% 48%
% | MAE 0.95 0.53
g 4 |_NashSut 0.6 0.84
2.000 )

0.000
J-19 A-19 J-19 0-19 F-20 M-20 A-20 D-20 M-21 J-21

Time

ged®d
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Presenter
Presentation Notes
Improvement over previous ML generation is considerable


In next slides we show lumped metrics and indicators of  effective predictive power  



The improved forecast — next month

Serious improvement

12.000
—e—True value first geneartion ML 3 years old over fi I'St ge nel’ation
—e—Smartriver 2.0 Climatic Average bench forecaSt Wlth SImple M L
10.000
models
2 - Firstgen.ML| Climatic SMARZT(I)RIVER
L 2.000 average o
< I 19-21
g — RSEREE 1.73 053
3 Q average
g 6000 cm/sIPRL 2.079 2.079
= 76% 83% 45%
H voo m 0.99 1.07 0.68
E e — Noshou YT 037 0.82
Z
2.000
0.000
J-19 A-19 J-19 0-19 F-20 M-20 A-20 D-20 M-21 J-21

e ge?"@ .
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Predictive power added by SMARTRIVER

Showing predicted the time-differenced data ( next precited time step minus previous recorded
one ) VS recorded time differenced data is a robust indication of the predictive power :

first generation ML

8.000

y=1.1716x+ 0.2301

RZ=0.6717 880 —T—s

4.000
®e

2.000

o| oo

Oﬂﬂg-ﬂ afe @

e 9 %
-6.000 -4.000 & -2.000 . o @000
22000

. -4.000
-6.000

-8.000
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y =1.0318x - 0.0206
R*=0.8625

-6.000 -4.000

Smartriver 2.0
8.000
6.000 Ko
4.000 ..
2.000

0.000r enb—*

e
2000.p°%0800 2000 4000 6000  8.000
o -2:000
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Predictive power added by SMARTRIVER

Showing predicted the time-differenced data ( next precited time step minus previous recorded
one ) VS recorded time differenced data is a robust indication of the predictive power :

Climatic average

10.000 _
y =0.867x + 0.0374 —_— first gen ML
Rz =0.4684 . 10.000
6.000 y = 1.2227x+ 0.4371 2000
4.000 R*=0.5848 ' Smartriver 2.0
6.000
. 2.0%0
2 000 44 4000 =11339x+00093 | 10-000
2
8,000 -6.000  -4.000 zgoq.g@ocp Q.p o o2 N 8.000 .
-4.000 o Qo 008 ..
Py -7.000 -6.000 -5.000 -4.000 -3.090 -2,000-& %¥od
o -6.000 4.000 CR—
4000 o e
-8.000 o 2000  * o-®
SOE Lol -6.000 X T
[ ] »
-8.000 Q.SQ.'
-6.000  -4.000 2 2000y gof 000 2000 4000 6000  8.000
-4.000
S -6.000
-8.000
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The added value example for HP @esa

« SMARTRIVER Al-based forecast can improve water forecast to usable
figures for different target users

* |T’s low time and resource consuming and can be replicated in multiple
sites virtually WORLDWIDE

* No needs of complex hydrological models

» Purely “data” driven

« SMARTIRIVER Al-based forecast realizes effective Downstream Services
from actual global and growing datastores data stores

ge&p} 20
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