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Abstract—This paper use Gaussian Process : GP to present
about the peak electricity (Peak lead) forecasting for the highest
demand of electricity since 2011 to 2012 of “Electricity
Generating Authority of Thailand” (EGAT) by use the data since
2000 to 2010 as a the training data. The four important variables
are 1) time per month, 2) peak load per month, 3) GDP 4) GNP
and present about how to compute the hyper — parameter &
which is the important variable that cause an efficiency forecast.
The result of experiment has shown that the process which give
few error and has more efficiency than Neural Network (NN).

Index Terms—Gaussian Process, Load Forecasting, Peak
Electricity Demand, Neural Network

1. INTRODUCTION

In each year the demand of electricity in the country tends
to be rapidly increasing, as the development of economy and
industry increases. Electric energy is also a key factor for the
economic system’s propulsion in order not to effect economic
system and public security. The demand of electricity forecast
is usually use to load forecasting. ([11,[2],[3],[4]). It is very
important to plan for the production of electricity system and
electricity storage, trade of electricity and specification of
electricity rate for the present and for the future. So the
“Electricity Generating Authority of Thailand” (EGAT) has
collected and propagated peak load and energy load of each
month in the yearly report [5] continuously since the year in
2000 to 2012 to use for the plan to build the power plant,
transmission line and information for investment of the
prediction for the highest demand and the increase of the net of
electricity every year.

Peak load and energy load has a relation by non — linear
with many variable in Physics and Economic by the way of
Physics such as climate, temperature and by the way of
economic such as the trend of energy used in the past,
population, GNP, GDP, oil price and electricity per unit
(I121,[13]). Where in the forecasting is divided in two parts
(short— term: 15 minutes to 1 week) and (long — term: month,
year or 10 years). Generally the technique for forecasting are
the Autoregressive (ARMA), Neural Network (NN) ([3],[4])
and Support Vector Regression (SVR). Each variabie is use
indifferent ways upon the forecasting. Such as short — term
forecasting for physics factor, oil price and electrical price that
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have affected the estimates, but the long — term forecasting for
economic such as GNP and GDP are progressive [3]. However,
by the methods that have been shown, if there is only few
training data it will cause problems for the local minimum [2]
in finding the answer.

Gaussian Process is Stochastic Process. Now it is accepted
as an efficiency tool to solve problems which are Regression,
classification and Decision. In machine learning can work well
and has efficiency even though it has only a few training data
and the convergence rate is better than ARMA, NN and SVR
by step [7].

This paper presents about how to use Gaussian process to
forecast the long — term of the demand of peak load by using
data since 2000 to 2010 for a training data set containing such
as 1) peak load per month, 2) time (month and year), 3) GDP,
4) GNP and using data since 2011 to 2012 for testing ability of
algorithm and will use only time variable (not use GDP and
GNP). Furthermore it presents about an optimization to
estimate the hyper — parameters (@) that is also a variable key
to increase efficiency of Gaussian process.

I1. GAUSSIAN PROCESS (GP )

A. GP Fundamental

The meaning of Multivariable Gaussian distribution is
defined by probability density function: ~v/(x,x)

1 1 *
NApL) = —————exp| —_(x= x-u 1
Vi) e Ity (1)

Where x-~(xX) is a random variable a vector xeR’
Mean 4 = E[x] e R* and Covariance >, = E [(x—,u)(x—,u)'] eR"™
Gaussian Process (GP ) [7] is Probability density function

(pdf) that distribute by Gaussian on function which is defined
by

f(x,.) ~GP (m(x,) ,k(x, ,xj)) 2)
f:xeR’ > R in theory “d” of ¢p can has more value until
or x=R by value of f(x) randomed that contain the mean:
m(x;) and covariance function: k(x;,x;) [Sometimes k(x;,x;)

is called Kernel Function of f(x)]




m(x;)=E[/(x;)] 3
k(.2 )=ELCS (0 )=m () f (x ) =m(x ;)] (

Vector x; and X, eR’Y has value for example

x; € [x,-‘l,x,,z,...,x,-yd]T for easy to understand by assume
m(x;)=0 and by the way to Kernel function k(x;,x;) in (3) has
limitation in case of 1) number of training data x, and /(x;),
2) sometimes incorrect of information for example y;=1(x;)+¢;
by & is error because measurement cannot estimates the value
of E[] in (3) correctly. So how to solve Kernel function

usually solve indirect and stuck in @ for example squared
exponential [7].

£ Gk =ik )2] )
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By defining the parameter 6=(c% 1 l...1;) is called Hyper-
parameter [parameter in kernel function: k(x;,x;) ]
B. GP Priori

Consider the length of training data system ( N') define by
value of set X and set of function f* that pair with X is

N

Nxd '
XeR = {x,- =[xi,|,xi,2,...,x,-,d] } :
i

feRNXI:[f(xl)’f(xz)""’f(xN)]T . (5)
D={x,f}

By D in (5) is called training data set when GP prior has the
length ( N) of training data define by

PSIX0)=N(0Ky 1) (©)
Value of covariance matrix K, € R"*" can create by

equation (4) by K, ((i.j) is a member of matrix row i

column j of kernel matrix: K ,

K761 HC55,0) &

III. HOW TO MODEL THE PEAK LOAD FORECAST BY GP
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Fig. 1. The demand of peak electricity per month since 2000 to
2012 [5]
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Fig. 2. GDP since 2000 to 2012 [8]
As this paper use peak load data [5] by monthly since 2000
to 2010 so the length of training data is N=11x12=132 that has
shown in fig. 1. (by gathering data for 11 years) define

ie{1,2...,N} by ¢ is time of peak load data storage for example
i=3 is the data of March 2000 [S] so t;=datenum(2000,3,1)
=730546 by the “datenum” command is how to convert the
value [year month time] to time index in MATLAB program so
vector x,-e]R3=[t,-,GDP(t,-),GNP(ti)]T and the peak -electricity:
f(x;) that pair with f :x € R’ — R by the set of training data:
D={X,f} is defined like equation (5) and the GP Prior can
solve by (6),(7) by step

This paper forecast peak load or f (x;) of data since

t; e [20112012]: j € {1,2,..,M} :M = 24 assume by x}=(t;,0,0)

*

. M i b 4 2 .
X = {xj;j:l = [_/(xl 1S (X2 )sees [ (X1 )J so the Joint
Gaussian pdf of latent f and f is

pﬂf’]x,x*,a):/\/ 0, K'Tf o ®)

o Kin Krs

K, jeRVV=k(X,X10).K 1, RV =k(X,X.0) and

K, ;, eRVM =k(X:,X.|0) reference from appendix A in (8)
(S X X 0)=N (m( X4/0),K(X:[0)) )

Or /;iX,Xs,0~N(m(X*}G),K(X*‘ﬂ)) so the forecast of peak
electricity demand of GP is

o~ GP(m( X.[0),K(X(0)) (10)
Mean and covariance (Kernel matrix) of GP in (5) is
T =0T,
m(X.0)=K; (K, f
€3))

T
K(x(0) =K, 1. Ky K 1Ky,
Peak load since 2011 to 2012 is represent by condition mean
T
fueRM =m(Xx§¢9):[m(Xl\6’),m(XlEH),...,/n(Xfllﬁ):‘ and then

write the new equation (6) in format of Kernel linear
combination




* * N *
S (xj) = m(leﬂ) = E} a,-k(x,—,.\'j 0) i
where a e R" = K;?_,f

By vector a:[al,az,...,aN]T and je{1,2,....M}

IV. HOW TO COMPUTE THE HYPER-PARAMETER ¢

The Hyper—parameter 0=(c2./;.,l,...1;) is a variable key in
Kernel function k(x,.,xj\e) in (4) that is the answer of peak

load forecasting f (x;);m(x:-\ﬁ) by using Gaussian Process: GP

in (12) so the efficiency to forecast depend on the correctly of
solving ¢ when has infinite training data. By the way, to
solving @ use information from training data x;and f(x;) by
using the assumption of peak electricity from estimation (from
“EGAT”) [5] has an error from &~N(0,0%) so the training
data of peak load is modeled to
yi=f(X)+e (13)
And give vector ¥ =[y,y,,...yy] if assume as oZ—0
means that the estimating data has high plausibility so we will
find the value of marginal likelihood of variable f in (13) can
modeled to
p(Y:{X,H,o‘Z):[ p(Yg f,X,H,az)p(fiXﬁ,az)df (14)
By using GP Prior in (6) and likelihood function in (13) will
get
p(fTX,e,cﬁ )=p(f\x,9)=/\/(f10,1<f, )
| N (15)
Y rx6.0 )—nl N(Y 1(X)0?)

Bring (15) replace in (14) and integral by using appendix B

p(Y}X,e,az)q\/ (Y 0K/ r+0 1y, ) (16)
So the log marginal likelihood of Hyper-Parameters 6 is
i~ Iogp(Y X,6’,o-2)
(17
L S 2 1 | N
ader Y (Kf.f +o5 DY~ 5 log ‘K.,-’.,-+0'21‘ =5 log 27

Give a negative log likelihood of equation (17) can estimate to
2,. 1 7 2 1
L") =Y (K, +0 I)Y—Elog\K,fraZI{ (18)
We estimate 6 and o by using MAP (Maximum a posterior)
estimation and by Bayes' theorem that will get
{6’,0’2} = argmax p(H,aZ\X,Y)
0,05*
p(Y‘X,H,o’Z )p((?)p(az )

ocarg max log =
p(X.Y)

(19)

oC arg max logp(Y‘X,&,az)p(G)p(o’z)

p(X.Y) has not effected with maximization in (19) so for easy

to understand and be convenient to solve {607} the
maximization problem will equivalent with

{0,02}:argmin L(O,az )—log p(H)—logp(Jz) (20)

So how to solve {6,02} can solve from numerical method by
minimization equation (20) (using “fminsearch” command in
MATLAB) by choosing prior probability {6’,0’2} to Inverse -

Gamma priori

@n
p(6)=p()p(L)

Give =10 ,a=05 use for the initial conditions and priori

probability density function of the

si~/V’(0,0'2) and assume to Inverse-chi-squared distribution

AHG) ()

Give the initial conditions in (22) to #=0.01,a =5 by step

error estimation

(22)

and in this paper we assume o= for decrease the

complexity of minimization for solving the answer in equation
(20)

V. THE RESULT OF EXPERIMENT
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Fig. 3. The result of the demand of peak electricity forecast since 2011 to

2012 by using Gaussian Process
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Fig. 4. The result of peak load forecast by using Neural Network [3]

The result of the demand of peak electricity forecast since
2011 to 2012 (total 24 month) by using Gaussian Process: GP
that include the solving of Hyper-Parameters 6 from equation
(20) that has shown in fig. 3. and the result compare by using
Neural Network: NN that has shown in fig. 4. and use the




training data since 2000 to 2010 contain by four variables for
example time per month, peak load per month, GDP and GNP
by step

V1. CONCLUSION

This paper use Gaussian Process : GP to present about the
peak electricity (Peak load) forecasting for the highest demand
of electricity since 2011 to 2012 of “Electricity Generating
Authority of Thailand” (EGAT) by using the data since 2000 to
2010 as a the training data. So the simulation result that has
shown above is Gaussian Process: GP that is similar to the real
data than Neural Network: NN that increase confident to
choose the forecast data of Gaussian Process: GP .
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APPENDIX A.
Marginal Gaussian Probability

p(xy)= N[[Z};r i] ~p(x)

= N (a+BC7\(y-b),4-BC™'BT)
APPENDIX B.
Product of Gaussian Probability
N(X|a,A)N(X|b.B)>Z'N(X|c,C)

By c:C(A"a+B"b),C:(A“+b.’")_1 and Z~' is a constant

23)

(24)
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