Hydro-Québec: Predicting the
Hourly Ontario Energy Price In
the Medium and Long Term
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|. Dataset and Goal

Goal

> Prediction of the Ontario Energy Price

= Medium and long-term Periods (18 months)
= For sales planning

> Ontario Market:
= A Difficult market to predict:

— Many fixed price supply contracts

— 12 % coming from wind-based resources - intermittent

— A lot of uncertainty in demand

https://en.wikipedia.org/wiki/
Electrical_grid
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|. Dataset and Goal

Dataset

Available Data sets:
= Predicted weekly data (18 month predictions): 2015 - 2020

= Historical hourly data: 2017 - 2020

Expected
HOEP  Bruce PD East PD GnPD MGaguaPp 'NovthEmt NortiWest . _pp SoviiWet _  oPD Hydro
PD PD PD
Output
count 1473000000 1746000000 1746000000 1746000000 1746000000 1746000000 1746000000 1746000000 1746000000 1746000000 .. 1737.00000

mean 16.592956 86.197850 1302368587 1197.743535 S87.803402 1275523675 471597209 1228498074 4012024750 7388431608 .. 2409.75806
std 9340326 22.155787 160.801969 167.620619 82616598 177.474115 74.234597 180238151 347982958 843344809 .. 37101938

0300757 = 762932920 385.170000 ,856.255972  279.708361 872306650 3132000000 5652000000 .. 0.00000

Goal: Prediction of 'bri'ésé”?roﬁ%nf;élgecsﬁcted parameters in weekly
data

“*Test:
* Three 18-months prediction files
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I. Machine Learning
Approach

= Classical Machine Learning

= Deep Learning




Il. Machine Learning Approach

(General overview
> Methods:

1. Classical machine learning (CML)

2. Deep learning
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10 Features

Il. Machine Learning Approach
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> Features to be used
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Il. Machine Learning Approach

CML Method: Features
> Features to be used
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Il. Machine Learning Approach

CML Method: Features

> Features to be used

1. Pearson Correlation
2. Mutual information
3. Non-zero coefficients from Lasso Regression (all survived feature with alpha = 0.4)

'‘Bruce PD' 'NorthEast PD' 'NorthWest PD' 'Load Forecast Uncertainty' 'Essa ED'
'NorthEast ED' 'SouthWest ED' "Toronto ED' 'Baseload Generation after Exports and
Nuclear and Wind Dispatch MW.1' 'Lowest Weekly SBG after Exports'

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 11




Il. Machine Learning Approach

CML Method: Features

> Features to be used

1. Pearson Correlation
2. Mutual information
3. Non-zero coefficients from Lasso Regression

= All features grouped together:
* 24 unique features:

Toronto ED', 'SouthWest ED', 'Ontario ED', 'Essa PD', 'Ottawa PD', 'Essa ED', 'Weekly Highest Minimum Demand Ontario',
'Ontario PD', 'Ottawa ED', 'West ED', 'Expected Hydro Output', 'Normal Peak Temperature (°C)', 'Expected Wind Output',
'Available Nuclear and Wind Dispatch', 'SouthWest PD', 'Export Assumption', 'Niagara ED', 'Bruce PD', 'NorthEast PD',
'‘NorthWest PD', 'Load Forecast Uncertainty', 'NorthEast ED', 'Baseload Generation after Exports and Nuclear and Wind
Dispatch MW.1', 'Lowest Weekly SBG after Exports'
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Il. Machine Learning Approach

CML Method: Regression

> Algorithms:

Linear Regression
Lasso
Elastic Net

9
. Neural Network (MLP with two hidden layers)s
. Gradient Boosting A5
2,25
> Validation: .
= 25% of Training data

Linear Reg. Elastic Net

Validation Error

U N W N =

Jo.13 asenbs ueayll 100y

Gradiefit Boosting

Regression Algorithm

7.95 7.98  7.93 8.91

Gradient Boosting
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Il. Machine Learning Approach

CML Results

> Goal: predicting the real price better than the benchmark (FWD HOEP) oredicting real price (18 month

> Best approach based on validation data: Gradient Boosting period)

March 2015 Prediction 13
50
9,75
605 s
37,5 rm
3,25
o # Benchmark
S 5 @ Gradient Boosting 0
a @ Realized Price
Bench mark Linear Reg. Gradient Boosting
12,5
Benchmark |Linear Reg. | Gradient
0 Boosting
juil sept nov janv.  mars  mai juil sept nov janv

rMSE 12.85 4.38
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Il. Machine Learning Approach

CML Results
> Goal: predicting the real price better than the benchmark (FWD HOEP)

Error in predicting real price (18 month

> Best approach based on validation data: Gradient Boosting

period)
March 2018 Prediction 9
30
O
6,75
22,5 4,5 g
m
2,25
o # Benchmark
Q15 @ Gradient Boosting 0
a @ Realized price
Bench mark Linear Reg. Gradient Boosting
7,5

Benchmark |Linear Reg. | Gradient
0 Boosting

avr juin  aolt oct déc févr avr juin  aolt  oct
rMSE 7.27 6.33
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Il. Machine Learning Approach

CML Results
> Goal: predicting the real price better than the benchmark (FWD HOEP)

Error in predicting real price (18 month
> Best approach based on validation data: Gradient Boosting period)

September 2018 prediction

10
40
7,5
30 5 S
m
2,5
o # Benchmark
L 20 @ Gradient Boosting
a @ Realized Price 0
Bench mark Linear Reg. Gradient Boosting
10
Benchmark |Linear Reg. | Gradient
0
oct déc  févr avr juin  aolt  oct déc  févr  avr Boosting
rMSE 9.60 4.65

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 16




Il. Machine Learning Approach

CML Results
> Goal: predicting the real price better than the benchmark (FWD HOEP)

Summary of Error in Predicting Price

- | Goomn

= W Bench mark Mar. 15 12.85 4,38

wn .
rm Linear Reg.
B Gradient Boosting

Mar. 18 7.27 8.04 6.33

Sep. 18 9.6 6.25 4.65

18-month Prediction file

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 17




Il. Machine Learning Approach

Data

- We consider the IESO hourly realized dataset from
2015/01/01 to 2020/07/01 as well as the weekly outlook
dataset provided by Hydro-Quebec.

* From the hourly dataset we aggregate the hourly realized
features to generate a daily realized dataset. We also use
hourly historical data to generate future hourly outlook for
features.

- We use only a few fundamental features that we deem
important behind the pricing process.

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 18




Simple NL model: HOEP = f(Demand)

° TO Captu re the o Ontario Electricty Daily Demand vs Daily Average Electricty Price
relationship between the ..
price and the Ontario

demand we use oo
P, = exp(bg + byDemand,;) § |
£ 60'
« e . $
and minimize the MSE. ;.

Daily Ontario Deman in MWH «10°

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020




Il. Machine Learning Approach

NL Methodology

* To forecast the electricity price we input inside the NLR
model the forecasted demand found in the weekly dataset .

* Since this method is simple, we use the 2015 and 2016
sample as the training sample to estimate the parameters of
the model. The rest of the sample (2017-2020) is the test
sample.

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 20




HOEP RMSE for the Benchmark and
the NL model

Realized vs. Prediction vs.

|| Quartes |enchmark | NLR Model

In-
sampl
e

Out-
of-
sampl

2015-03-01
2015-06-01
2015-09-01
2015-12-01
2016-03-01
2016-06-01
2016-09-01
2016-12-01
2017-03-01
2017-06-01
2017-09-01
2017-12-01
2018-03-01
2018-06-01
2018-09-01
2018-12-01
2019-03-01
2019-06-01
2019-09-01
2019-12-01
2020-03-01
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11.25
13.76
6.15

13.47
10.75
8.35

6.54
6.74
7.18
7.33

6.66
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14.51
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Il. Machine Learning Approach

(General overview
> Methods:

1. Classical machine learning (CML)

2. Deep learning (DL) :v':% %‘\v\‘\ N S

4 WL ~z

‘8 2 N @y
AR ST X

PRD A‘\%f.’\\‘

Deep learning from hourly data

Deep learning from weekly data

https://behavioralscientist.org/
scaling-nudges-machine-learning/
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Il. Machine Learning Approach

Deep Learning Models

* These were experiments to see if we could extract valuable information
from the realized hourly data set, instead of the weekly predicted data
set (less data).

* Models are trained to learn the pricing mechanism:
HOEPhour_T = f(FeatureShour_T rFeatureShour_T—l,-")

* We have trained different deep learning models such as MLP, RNN (vanilla
and stacked) and LSTM (vanilla and stacked) models.

* Hyperparameters were tuned using the Tree-structed Parzen Estimator
Approach.

* The predictions for each scenario needed hourly predicted features, but
the given data was on a weekly basis. How to predict hourly features?

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 23




Outlook-adjusted historical average - 03012018

== Ortaric Demand scaled
e _scaled

=== NUCLEAR scaled

= WDRD_scaled

== WND_scaled

= SOUAR scaled

BOFUEL scaled

W"T I Yﬂ

NPT W

Hourly Predicted
Features

* 1. Nalve approach: repeating the weekly
features for every hour in the week

« 2. Time series approach: tried Vector
Autoregression (VAR) model, etc. Not able to
reasonably predict high frequency (hourly) data
in a long term. Results abandoned.

* 3. Outlook-adjusted historical average: using
average realized hourly historical features
adjusted on the Hydro’s weekly outlook
features.

--> For DL models: the best results were
obtained with LSTMs with the 3rd hourly data
generation approach




DL Model Comparison

* We present two of the most important scenarios as determined by Hydro-Québec:

| Model | RWSE | Model | RWSE
Benchmark 733 Benchmark 934

LSTM 745 LST™M 7.90

M A D S e — ) ———— W A—— b - ——

Realized vs. Benchmark vs. LSTM vs. (2018-03-01 and 2018-09-0—1)
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Il. Machine Learning Approach

(General overview
> Methods:

1. Classical machine learning (CML)

2. Deep learning (DL) :v':% %‘\v\‘\ N S

4 WL ~z

‘8 2 N @y
AR ST X

PRD A‘\%f.’\\‘

Deep learning from hourly data

Deep learning from weekly data

https://behavioralscientist.org/
scaling-nudges-machine-learning/
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Il. Machine Learning Approach

DL Method (LSTM Model): Features

> Features to be used

1. Augmented Dickey Fuller Test - 9 features are non-
stationary but there is weak evidence to reject
null hypothesis. Hence, PCA can be applied.

2. Principal Component Analysis

= 12 unique features that explain 99% of cumulative variance

['Ontario PD', "Toronto PD', 'Expected Self-Scheduling &
Intermittent Output', 'Expected Wind Output', 'Baseload
Generation after Exports and Nuclear and Wind Dispatch MW/,
'Export Assumption', 'Expected Hydro Output’, 'Weekly Median
Minimum Demand Ontario', 'Available Nuclear and Wind
Dispatch', 'Lowest Weekly SBG after Exports', 'Weekly Highest 2 £ 3 = m = = = &
Minimum Demand Ontario', 'Load Forecast Uncertainty'] number of components

cumulative explained variance

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020



Il. Machine Learning Approach

DL Method (LSTM Model): Parameters

> Value of hyperparameters

Learning Rate - 0.01

L2 Regularization - 0.003
Input Sequence Length - 52
Stacked Layers - 2

Gradient Clipping Value - 2.5

U N W IN =
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Il. Machine Learning Approach

DL Result: Stacked LSTM
> Goal: predicting the real price better than the benchmark (FWD HOEP)

March 2018 Prediction

oo [

RMSE 7.33 7.27

@ L DD PP PP EE D PP
AP A A R I . I R\ I\
PP PP PP PP P PP PP

I
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Il. Machine Learning Approach

DL Result: Stacked LSTM
> Goal: predicting the real price better than the benchmark (FWD HOEP)

September 2018 Prediction

oo [

RMSE 9.34 7.49

P A

o N
. A o i o AR AT o e A Y
R - RN - SR RN AR - SN B R - S R A
TPV PPNV YYVYYP
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Il. Modeling Approach

Models
Results




I1l. Modeling Approach

(General overview
> Method:

1. Daily Historical Regression

2.  Weekly Regression

3. Time series method

https://www.dataversity.net/data-
modeling-in-the-machine-learning-
era/
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Il Modeling Approach

Daily Historical Regression

= Model  p, = B, + p,Temp, + B,Demand, + f3sWH, + BySaison,
* P, isthe HOEP at day t
* Temp, is the temperature at day t
* Demand, is Demand at day t
* WH, is whether the day tis a weekend or holiday

* Saison, is whether the day tis a specific saison "winter
"Automn” or "Summer”.

,'spring”,

* Daily data for training the model
* Weekly prevision only need weekly data for Temp,and Demand;

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 33




Il Modeling Approach

Daily Historical Regression : Results

RMSE (Error in prediction price, 18 month ahead)

March 2018 Prediction
35
14
30 12
10
25 8
6
S 20 =g~ Benchmark a
& 15 ~—g— Daily Regression ‘
0
10 e R 5lized Price Benchmark Daily Regression
5
- = = - - I~
FES323BES85EnRESZEE

rMSE 7.33 8.52

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 34




Il Modeling Approach

Daily Historical Regression : Results

RMSE (Error in prediction price, 18 month ahead)

September 2018 Prediction

W
v
"
" O

30 i
=]
25 4
= - =g Benchmark 2
= 0
a . - Daily Regresson Benchmark Daily Regression
e Realized Price
10
5 :
0

rMSE 9.34 5.34

oct
nov
déc
jany
féwr
mars
a
ma
juin
juil
ao(t
sept
oct
nov
déc
jany
féur
mars
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I1l. Modeling Approach

(General overview
> Method:

1. Daily Historical Regression

2. Weekly Regression

3. Time series method

https://www.dataversity.net/data-
modeling-in-the-machine-learning-
era/
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I1l. Modeling Approach

(General overview

- Use weekly data (aggregation from hourly data)
- Stepwise method to select the variables to include in the model

> On historical data
> Training period: 2017, January 2" to 2019 March 31st
> Validation sample: 2019 April 1st to 2020 July 5th

> On forecast data
> Test samples: 2015-06 and 2018-03 and 2018-09

- Get monthly forecast from weekly forecast by averaging (mean) the weekly
forecast for corresponding month

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 37




Il Modeling Approach

Model specification

Coefficients: :

estinate std. Error t value PrG>lt) © meanTempLT are variables
(Intercept) -2.386e+01 1.896e+01 -1.258 0.211274
NUCLEAR_mean -6.918e-03 7.567e-04 -9.142 8.14e-15 #=* created based OI’? average .
WIND_mean -6.514e-03 1.512e-03 -4.308 3.89e-05 ***
‘Temp ('C)_mean” -4.025e-01 2.025e-01 -1.988 0.049610 * temperatlﬁre varl.a:clz.)le to t.ake rl]r.]tO
Nor thwest_max 4.359e-02 3.211e-02 1.358 0.177625
East_max 1.291e-02 6.135e-03  2.104 0.037944 * acgﬁlil_.?]t t e Sp(ejC] 1C (rjglatlonihlp
Toronto_max -2.934e-03 1.454e-03 -2.018 0.046322 * Wi e price depending on the
Nor theast_sum 1.064e-04 6.762e-05 1.573 0.118910 P P S
Nor thwest_sum -5.106e-04 2.15le-04 -2.374 0.019530 * temperature
Ottawa_sum 2.051e-04 5.361e-05  3.825 0.000229 ***
Bruce_sum 2.953e-04 1.272e-04  2.321 0.022330 *
Southwest_sum 2.321e-04 4.200e-05  5.527 2.65e-07 *** o Temp ( ¢)_mean2 the square of
HYDRO_min -8.632e-03 1.308e-03 -6.600 2.06e-09 *#*
‘Temp ('C)_mean2  -9.307e-02 2.679e-02 =-3.474 0.000761 *** the average temperature
meanTempLT11 -2.978e+00 6.363e-01 -4.680 9.1le-06 ***
meanTempLT11_2 2.429e-01 5.688e-02  4.270 4.50e-05 ***
meanTempLTmS 2.078e+00 8.483e-01  2.450 0.016040 *
meanTempLTS7 1.503e+00 3.920e-01  3.833 0.000222 ***

Signif. codes: 0 *‘***' 0.001 ‘**' 0.01 *‘*' 0.05 *." 0.1 * " 1

Residual standard error: 4.307 on 99 degrees of freedom
Multiple R-squared: 0.8415, Adjusted R-squared: 0.8142
F-statistic: 30.91 on 17 and 99 DF, p-value: < 2.2e-16
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Il Modeling Approach
Results - 2015

2015-06
Hydro o del
gy Or0  emgem Obs  ==ge= myModel3 model ur mode

a5 RMSE 12.85 17.39

40
35
30
25
20

15
10

5
0
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Il Modeling Approach
Results - 2018

2018-03 2018-09
= yFO0 e=@gueohs =—g=—myModel3 —gn Y0 emgueODS  wmges myModel3

40 40
35 35
30 30
25 25
20 20
15 15
10 10
> 5
0 0

awr ma juin jull aoltsept ot nov déc jarw féwr mars avr ma juin juil aodt sept oct ot nov d&C jarw févr mas aw ma juin juil 300t sept ot nov déc janw féwr mars awr

________|Hydro model| _Our model __ ________|Hydromodel| __Our model

RMSE 7.27 8.96 RMSE 9.60 9.55
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I1l. Modeling Approach

(General overview
> Method:

1. Daily Historical Regression

2. Weekly Regression

3. Time series method

https://www.dataversity.net/data-
modeling-in-the-machine-learning-
era/
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Il Modeling Approach

Time series method:

> ARMA model Pp=a+pP_; +BP o +--+ Bppt—p T Vi€ T V262 T Va6 g
P,: is the HOEP at time point t

€, is a sequence of white noise
>ARIMA model

times and apply the ARMA model.
>SARIMA model: Consider the ARIMA method with the seasonal effect.
>ARX model: AutoRegressive models with exogenous variables

Ng np
Pry1 = Z aiP_jsq + Z biuy_i4q
=1 =1

P, : is the HOEP at time point t
u,: is a sequence of the input features
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Il Modeling Approach

Time series method:

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020

Savphe AslacoTeat on

Savphe AslacorTeat on

Savple Ausocormelation Function

Sag ke Pantal Asoconeaton
.

Sample Partal Autoc ore lason Fancson

) 0 0 » L) 0
Laa
s - —
y
g6
£y
3
=
T
4
;.
By
22
gl.
-
- Tot, Heen 2 - | eesssssssssssnees
° ‘00‘“-‘ FYoe B3 .c LR 4
) 0 o » # [
Lag

ACF and PACF for
weekly data.
Nonstationary.

No seasonal effect.

ACF and PACF for
monthly data.
Nonstationary.

Have seasonal effect.
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Il Modeling Approach

Time series method:

Monthly Forecast by applying weekly data

2018-12

jarw fhe mEs v mE  jun pal SO0 st X! v Ok v e ™3

— TN R — Rl ec Pree — TR Sy % L O L sared 3 moreh

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020

* We apply the ARIMA (1,1,2)
* Using the rolling method to

compute the 1 month and 3
month's forecast.

14.4 4.88 6.57




Il Modeling Approach

Time series method:

» Weekly forecast with
long prediction
horizon

 Time series will be a
smooth line and fail

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020

40

35+

Weeklg HOEP from 2019 Jan

True Price
TS method with 80 weeks forecast | -

220 230 240 250 260 270 280

Number of week




Il Modeling Approach

Time series method:

Monthly Forecast by applying monthly data
Y Y apPIyIns Y « We apply the SARIMA (3,1,2)

(0,1,1)12 for the monthly data.

2018-09 « Apply the monthly data
" 2015-03 to 2018-09 to train and
35 next 20 months for the forecast.

30
25

° | [Benchmark _|TS monthly

10 RMSE 9.6 8.03
5
0

A, 3 (,_(, 9 O 3 & o 4& ‘7&@
¢ & F ?’ 0\°kc°‘$,°3'<\°6°@ WS
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— GEnchmark s Nonthly forecast

Rezlged Prce

HYDRO QUEBEC PROBLEM IN IPSW WORKSHOP 2020 46




Il Modeling Approach

Time series method:

ARX by applying weekly data : Correlation

0.30 4

0.25
2018-12

0.20 1
60
0.15 1
50
0.10 1
- 0.05 4 IIII
r-w-n
30 0.00 - .llllllll

20 ~0.05 1
-0.10 4 . . .
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0
jarw fé&r mas awv ma jun juil 200t sept ot nov d&c jarw féw mas awr ma jun  juil - Benchmark |ARX with 3 ARX with
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6.83 6.39
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summary

> Goal: Ontario energy price prediction better than benchmark

> Approaches: March 2015 Prediction

50
v Classical Machine Learning 37,5
# Benchmark
‘/ Deep Leal’mng .g 25 @ Realized Price
v Modeling 25
0

juil sept nov janv  mars mai juil sept nov janv
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Thank you
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