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Introduction Kernel Methods Nonlinear Sysid Load Forecasting Conclusion

[ musmma]

Time Series: To Know Something Before it Happens

Time Series Representation
The Goal : a Model for Prediction
Forecasts » Important in many domains and
applications
/\/\N\@Nef@\@ » Economics, Process Industry,
Traffic, Energy, (Bio)Medical,
and many others

Time Series available at the moment of
Model estimation

Magnitude

> Large datasets available

Time when the model is estimated l

Time Index
v
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[un smma)

The Importance of Short-Term Load Forecasting

Important for Generation
» Electricity cannot be efficiently stored
> Forecasts help to manage generation

» Everyday use of short-term forecasts

Important for Energy Markets
» Liberalization

» Energy Market Exchanges

» Market players interaction leads to price setting

A
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Introduction
[2ms_maa]

Using Data from Substations

Off-take point for local distribution

Voltage reduction from transmission grid

>
>
» Datasets from ELIA (Transmission System Operator)
» Long time series (40,000 datapoints)

>

Seasonal Behavior o
&/
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Load Forecasting

Seasonality in the Load Series

Daily, Weekly and Yearly Patterns

Normalized Load _

Sunmer

“Hour IndeX (One Week period)™

» Seasonal patterns are present
» Combined effect at different levels
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The Nonlinear Relation between Weather and Load

Daily Peak Load and Temperature

] » Heating
» Cooling

» Nonlinear function

. Normalized daily peak load _

‘Daily mean temperature”
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Load Forecasting Models

Short-Term Load Forecasting:
» Predict 1 hour (or less) ahead, up to several days
» Accuracy, Interpretability

» Scenario Simulation, weather normalization

Objective of this work

Obtain the best possible predictions given all available information

[Huang, IEEE TPS, 2003] [Hylleberg, 1992] [Hippert et al., IJF, 2005] [Fay et al., Neurocomputing, 2003]
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Kernel Methods for Function Estimation
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[ Sssssssns]

Nonlinear Function Estimation

Using kernel methods
» The data is mapped to a higher dimensional space
» The mapping is computed using kernel functions

Original Inputs Transformed Inputs

S >
Nonlinear Mapping

12

e
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Least-Squares Support Vector Machines

LS-SVM: Optimization Approach to Kernel-Based Modeling

Basic . Prior Knowledge
Model (constraints)

\

Solution in terms of
Equivalent Kernel

» Other kernel methods: gaussian processes, kriging,

regularization networks, RKHS @
%\»‘};
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LS-SVM Regression Formulation

Primal Space

Model Problem ) LN
yi = w @(z;)+b+e; min inw—kvi;@?

w,b,e;

st. yi=wl@(x)+b+e, i=1,...,N

Dual Space
Model N Solution
_ _ ) Q+vy I ‘ 1 x Y
y(w) - OCZK(mlvw)+b =
; [ 1T o[ b 0

Use kernel trick K(x;, ;) = (p(:zzi)T(p(a:j) with positive-definite -
kernel function K &
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Using Kernel Functions

Some common kernel functions
» Radial Basis Function (RBF) with parameter o

—llz;—=;112

K(z;, xj) =e o2

» Polynomial of degree d, with ¢ >0
K(x;, x;) = (:BZ-TiL’j + ¢)¢

» Linear
K(x;, ;) = iBZ-Til:j

More kernels can be defined from existing kernels

[Suykens et al., LS-SVM, 2002] [Vapnik, Statistical Learning Theory, 1998]
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Large Scale Problems and Primal Space

Fixed Size LS-SVM

> Select a subsample of the

training set

» Build finite-dimensional
approximation @ using
Nystréom Methods

» Evaluate @ for all training
set

» Solve the problem in Primal

Space

Advantages
» Practical for Large Scale problems

> Sparse Model representation

N
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LS-SVM: Living in Two Worlds

Primal Space Dual Space
N
y(z) = wlo(x) +b y(@) =) ouK(zs,x)+b
Kernel i=1
Trick

> Parametric Model » Nonparametric Model

> Estimate w € R* Nystrom » Estimate @ € RV
> Large Scale Problems Method » Large Dimensional
Inputs
Prior Knowledge here‘
- ot
\1
%wj
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Imposing Prior Knowledge to Models

Golden Rule

“Do not estimate what you already know”

» Black-Box regression can be too general

» Prior Knowledge is usual in real-life situations

Some forms of prior knowledge
> Symmetry
» Linear Terms
» Autocorrelated Residuals
A
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Imposing Symmetry
» Optimization Problem
1 1<,
min iw w+Y§iZei

who(z;) = wo(—z)

i=1,...,N

{yi =wlo(z;,)+b+e
s.t.

» Final Model y(x) = vazl & Keg(zy, ) + b
» Equivalent Kernel K.y (z;, ) = %[(K(ml, z)+ K(—xz;, x)]
» Also possible for odd functions
[Espinoza et al., IEEE CDC 2005] )
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Partially Linear Model with LS-SVM

A Partially Linear Structure

y=B"z+f(z)
can be estimated with LS-SVM

Final model is given by
N
e z) =BT z+ Z o K(x;, ) + b.
i=1

» Simultaneous estimation of the linear and nonlinear parts

» Model can be estimated in Primal Space

[Espinoza et al., IEEE CDC 2004] ,Té\
i
N
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Imposing Autocorrelated Residuals

Regression with AR(1) Residuals
{ yi = flzi) + &

€ =pe€_1+71;

can be estimated with LS-SVM

The estimated f is obtained as

N
}(wz) = Z (Xj—lKeq(wj: 5137,) +0b
j=2
Equivalent Kernel K. (xj, ;) = K(x;, ;) — pK(xzj—1, x;)
» Extension to general AR(¢) case

[Espinoza et al., SYSID 2006] !é:
A&
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Nonlinear System ldentification with
Structured Kernel Based Modeling

A
\i!i i
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Load Forecasting

Model Structures in System ldentification

System Identification...

...is the discipline of making
mathematical models of systems,
starting from experimental data,
measurements, observations

[Ljung, 1987] [Guidorzi, 2003]
[Sjoberg et al., Automatica, 1995]

Model Structures

Linear

FIR
ARX
AR-ARX
ARMAX
OE

BJ

Marcelo Espinoza Doctoral Presentation

Nonlinear

NFIR

NARX

AR-NARX

NARMAX
NOE

NBJ

R4

June 7th, 2006 21 / 50



Introduction Kernel ods Nonlinear Sysid Load Forecasting

A Modular Approach

Modular Definition of the Model Structure

Structures

NARX  AR-NARX e e

Parameterizations
Black-Box

Partially Linear

Imposing Autocorrelated
Symmetry Residuals

» Model Structure, Parameterization and Estimation 8
%\fé}
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Model Structures to Consider

Using the regression vector
zi = ys—1; -~ VYt—ps Ug; Ug—1, - ;Ut—q]

NARX Structure
ye = glzt) + e
es i.i.d., zero mean and constant variance
AR-NARX Structure
yr = g(z¢) + &
Az Ve =
with A(z~1) a polynomial in the lag operator, r; i.i.d., zero mean
and constant variance ‘
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The Parameterizations for ¢(-)

Black-Box with LS-SVM

g(z)) =wleo(z) + b

Partially Linear LS-SVM

9(zt) =BT zas +who(zpy) +b

with a partition z; = [24¢, 2B

» Final Models can be represented in Primal and Dual forms

» Large Scale implementations using Equivalent Kernels

Marcelo Espinoza Doctoral Presentation June 7th, 2006
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Examples of Model Representations

NARX Model
Primal ;= wT@(z,) +b
Dual @t = vazl OCZ'K(ZZ', Zt) +b

AR(1)-NARX Model
Primal 9 = pyi—1 + wl@(2¢) — pw’ @(2z4—1) + (1 — p)b
Dual @ = pys—1 + h(z) — ph(z4—1)
with
hz) = Yy o1 [K (21, 20) — pK(2im1, 200 + b

PL-NARX Model
Primal % =B z4; +wl@(zps) + 0
Dual @ = BTzA,t + va:l ;K (2B, 2B,t) P’
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Equivalent Kernel Functions

For any given positive-definite kernel function K:

Kggrx = K(Zi, zj)
Ko o = K(zit1,zj41)— pK(2zi 2j41)

—pK(zit1,25) + P’ K (zi, zj)

eq N
Kplfnarx - K(ZB,iv ZB,j)
K v = K(zpiv1,2B541) — 0K(2B,i, 2Bj+1)

—pK(zpit1, 2B;) +0°K(zB,i, 2B,)

®
®
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Example NARX Model

Santa Fe Laser Data > H
yperparameters o, y

determined by
cross-validation

Iterative Predictions

|

=)
. T
time index
» Subsample of 200 e e s
ime index )
datapoints for Fixed-Size [Espinoza et al., IEEE CDC 2003]
LS-SVM
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Load Forecasting

Example of NARX Model with Symmetry

Chaotic Time Series

20 T T T

L L
0 200 400 600

. .
. 800 1000 1200 1400 1600
time steps
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Using Symmetry Improves Forecasting Performance

Test Set Predictions

20

. . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500
time steps

[Espinoza et al., NOLTA 2005]

Marcelo Espinoza Doctoral Presentation

» Actual (thin)
» LS-SVM (dashed)

» LS-SVM+S
(thick)

N
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Nonlinear Sysid Load Forecasting

o
Discrete Sample Index (Input Signal) x10°

Training
o * Discrete Samplée Index éOutput]‘oSignal)]‘2 “014 b : ¥ ; 0 © = “014
» Physical System, benchmark study
» Estimate model with 90,000 datapoints
» Simulate 40,000 test points -
)]
N

[Schoukens et al., Automatica, 2003]
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SilverBox with NARX

Test Set Residuals

0.02 T T T T T T T > Fixed—SiZG LS'SVM,
Subsample of 1000
datapoints
L ows ] » Polynomial kernel of
E " degree d =3
% o] » RMSE=3.2x10~*
] » Best Result in Special
Session NOLCOS '04
oo ‘ ‘ ‘ ‘ ‘ ‘ ‘ [Espinoza et al., NOLCOS 2004]
° ** Discrete 1Ssamplezlndex 2(El'est Sgt) * x10'

N
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Load Forecasting

SilverBox with PL-NARX

» Using prior knowledge about linear regressors

» RMSE=2.7x10"*

Improvement over NARX

0,015 o015

0.005 0,005

Residuals

0,005

Residuals

0,005

001

0,015, 0015

T 1s 2. 25 3
Discrete Time Index x10*

Discrete Time Index x10*

[Espinoza et al., IEEE TAC Special Issue, 2005]
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Load Forecas

Introduction

SilverBox with NARX+Symmetry

» Using prior knowledge on symmetry of the nonlinear function
» RMSE=2.8x10~*

Improvement over NARX

oo1s| oo1s|
001 oot
0005 » 000s]
] I |
=] > "
3 3 L HA\_ i
‘i ] [ [ r['
o k3
O o & oo
001 oot
~001s] ~o01s]
05 115 2 25 3 35 4 h 05 1 15 2. 25 3 35 4
Discrete Time Index x10° Discrete Time Index x10°
®
N
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Short-Term Load Forecasting
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[ SEEEEEEE )

Models Comparison

Load Series

/

Unstructured Models
Structured Models

/N

Linear Nonlinear Linear Nonlinear
ARX NARX Periodic ARX PL-AR-NARX
Explanatory Variables

» Past values of the load

» Calendar Information

» Temperature

o
» Prior knowledge: Seasonal variations @&
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s SEEEEEsEE)

Implementation Issues

Load Series

Training Set of 36,000 datapoints

time

Hyperparameters o y »p
Determined by cross-validation

P
Fixed-Size LS-SVM

Using Equivalent Kernel
from each model structure

N
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[Sn sEEEEsEE)

(N)ARX Models

Load Series

Unstructured Models

LS-SVM in Dual Space
Using the last 2,000 datapoints

Linear Nonlinear
ARX NARX Fixed-Size LS-SVM
Using the entire training set

Models Comparison

1 hour ahead prediction, 24 hours ahead simulation
Test set of 1 week after training data

10 load series

[Espinoza et al., CMS 2006)] I

A
[Espinoza et al., INANN 2005] \ié

Marcelo Espinoza Doctoral Presentation June 7th, 2006 37 / 50



Introduction
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(N)ARX Results for 3 series

Load Forecasting
(S SEEsEsE)

Conclusion

Series Mode Performance LS-SVM FS-LSSVM Linear
Series 1  1-h-ahead MSE 2.2% 0.6% 1.4%
MAPE 2.8% 1.5% 2.5%

24-h-ahead MSE 5.0% 2.7% 9.5%

MAPE 4.3% 3.1% 5.9%

Series 2 1-h-ahead MSE 3.4% 2.3% 3.0%
MAPE 4.3% 3.4% 3.9%

24-h-ahead MSE 20.2% 11.5% 11.9%

MAPE 10.6% 7.4% 7.9%

Series 3 1-h-ahead MSE 9.7% 6.7% 10.2%
MAPE 29.4% 17.7% 24.9%

24-h-ahead MSE 15.1% 9.4% 15.0%

MAPE 30.1% 23.1% 29.7%

Marcelo Espinoza

Doctoral Presentation
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Conclusion

Load Forecasting

sid

)
=

ds

Kernel Metho:

(N)ARX Forecasting Examples

Nonlinear

Linear

= s 22X
- W‘\‘U e == —
%\n 8 =,
e R T
I — o | T
—— e b
— L} Ie———
— Te—————
I —— R =
e T T T
T o) -
—_— T ]
I —— sC
L .
5
)
I

B e s w T )
Hour index— Gne Week

J—
B

e W o e w
Hour index— Gne Week

e w T
Hour index— Gne Week

peoT pazijew.op

1-hour

peoT pazijewlop

24-hours
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[EmEEs sssmm)

Structured Models

Load Series

Periodic ARX Structured Models

System of 24 equations

Very Interpretable

“Typical Daily Profile” \

(Clustering) Linear Nonlinear
Periodic ARX PL-AR-NARX

Models Comparison Fixed-Size LS-SVM /
1 hour ahead, 24 hours ahead Single equation

50 Test set of 1 week each Different variants

4 load series Residuals correlated past 24 hours
[Espinoza et al., IEEE TPS 2005] ’é:
[Espinoza et al., PSCC 2005] N
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Structured Models: Performance Comparison

Predictions 1-h-ahead: Test Set Performance

0017 T B
|
|
0016 |
0.015F
0.014F
0.013F

0.012 1 q

E on test sets

(2]

00111
0.011
0.009 -

0.008 1

0.007

I I | I I I I
PAR NARX PL1 PL2 ARNX PLAR1 PLAR2

®
®
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Structured Models: Performance Comparison

Predictions 1-h-ahead: Test Set Performance

[ — 1
|
|
0o2F | 1
0.02 —
20018} 1
@
3
@ —
Toowsl | | k!
2
c
o
(%) |
= |
0012 [ 1
— o
! -
0.01 ! il - R
] Q
1
i n s L
0.006(- -+ -+ 1
\ \ \ \ \ \ .
PAR NARX PL1 PL2 ARNX PLAR1 PLAR2
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[EEEssEEs wa)

The Benefit of using Structured Models for Simulation

Simulations 24-h-ahead: Test Set Performance

0.14

o

o

N
T

°
e
T

0.08 -

MSE on test sets

=)

o

>
T

0.02 1

I I |
Linear ARX PAR NARX AR-NARX

®
®
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The Benefit of using Structured Models for Simulation

Simulations 24-h-ahead: Test Set Performance

0.09 1

[
0.07f | |
L

=3

=3

>
T
L

o

=)

o
T
L

MSE on test sets
o
o
R
T
.

. . . .
Linear ARX PAR NARX AR-NARX

®
®
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Load Forecasting

e

Clustering using Periodic ARX Models

8 clusters found

» Exploiting the vectorial
representation

Normalized Load
Normalized Load

» Estimate models for 245 load
series

Normalzed Load

Define Typical Daily Profile

Clean from seasonalities and
weather

Normalized Load

» Use the Profile for clustering
[Espinoza et al., IEEE TPS 2005]

W
] &i\‘%‘ ew
b

4
Wi/ M

)8

. Normalized Load

Holir of the Daj—Clusidt 7 "~ Fioli of the DayClustér 8~
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Conclusions and Future Research
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[ mun]

Conclusions

» Extend the LS-SVM regression to incorporate elements of
prior knowledge
» Symmetry
» Partially Linear Structure
» Autocorrelated Residuals

» Use extensions as building blocks for a modular approach to
Nonlinear System ldentification
» (PL)-(AR)-NARX
» Equivalent Kernels are very practical for large scale problems
» Structured models with prior knowledge show better
performance

/s
®
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m_ma]

Conclusions

For the application of Load Forecasting

» |t is good to build a model from a large dataset

» Structured models are preferable over unstructured models for
the series under study

» Linear PAR models
» Nonlinear PL-AR-NARX

» PL-AR-NARX gives accurate predictions and interpretable
coefficients

/s
®
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mn_u}

Future Research

Extend the framework to hypothesis testing
Define new hyperparameters selection procedure
Extend to other model structures (NARMAX, NBJ, NOE)

Compute prediction errors in presence of additional constraints

vV v v v Y

Further applications around and beyond Load Forecasting

/s
®
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