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ELECTRICITY PRICE FORECASTING MODELS

Ab66acos Aai Amap oran,
Aupekrop, Azepbarpxanckur HayuHo-HccaeaoBareabCKHH
u ITpoexrHOo-H3pIckareasckuri HacTuryT SHeprerukxu npu AO "Azepsnepxu’, baky, AzepoanjxaH

MOAEAIITPOTHO3YBAHHS IIIHN HA EAEKTPOEHEPTITIO

New era has begun two decades ago in the most power sectors of the globe. As electricity itself shifted from
being a commodity only fo a competitive trading market instrument, forecasting of powerload and prices started
to be anotherimportant factor. With the introduction ofliberal power markets, independent players like producers,
operalors, traders became an important factors ofliberalized power markets. New era in this secotr also increased
competition among companies and countries. Thus, as new players came info scene, electricity became to be a
tradable product and similar fo another commodities needs to account, forecast plan of electiricity brought new
challenges. With its obstacles, new atmosphere of electiricity repormation brought benefits such as lower price
to end users and more utilized energy systems among the countries. Different forecasting models have been
developed in order to forsee future operations. Moreover, popular modelts from economics, such as game theories,
cournot model, Bertrand model, nash equilibrium plays a big role in electricity price forecasting. Simulation
modelts are another methods heavily used by producers, operators and power traders in market. Additionally,
statistical models, such as moving averages, Root Mean Square Error, Mean Absolute Error, mean Absolute
Percentage FError, Theil's inequality coefficient are frequesntly used to determine price movements of electiricity.
As its broadly used in several different industries, Time Series models using historical information and adding
updated information helps to model future movement of prices. This article discusses the several methods of
Dprice forecasting of electricity in liberal power markets as high volatility of the market raises a big risk for all
participants. Forecasting models explains time series analysis and briefly discusses about autoregressive, moving
average, auloregressive moving average, and seasonal auforegressive moving average models. Moreover, the
article illustrates examples from electricity price and load forecasts and their comparisons with actual results
from trades in Turkish electricity market.

HoBa epa po3modaiacs ABa A€CATHAITTS TOMY B OIABIIOCTI raAy3er eHepreTHKH cBiTy. OCKIABKH caMa eAek-
TPOEHEePrisg NeperIliNg Bij ToBapy AHIIE A0 KOHKYPEHTOCIIPOMOXXHOTO IHCTPYMEHTY TOPIrOBOIo PHHKY, IIPOTHO-
3YBaHHS €eHePpreTHYHOr0 HaBaAHTa )KeHHS Ta I[IH CTAAH IIjeé OAHHM Ba>KAHBHM (PaKTOPOM. 3 BBEAEHHSIM A10€pab-
HHX pHHKIB eHeprii He3ae>xHi rpasiji, TaKi IK BHPOOHHKH, OIIePATOPH, TOPrOBIi, CTaAH BA>KAHBHMH (PaKTOpa-
MH Ai0epaaizoBaHHX PHHKIB eHeprii. HoBa epa B [[bOMY CEKTOPI TAKO X IT0CHAHAA KOHKYPEHIII0 MI)K KOMIIaHi-
M Ta Kpaimamu. TakuM 9HHOM, KOAH HOBI rpaBIji BHAIIAH Ha CEHY, EA€KTPOEHEPTIiT CTaAd TOBapPOM, IJO TOP-
ryerbcs, i, 2K I i’ ToBapH, IKi IoTPpiOHO BpaxoByBaTH, IPOTHO3HHH IAaH eAeKTPOeHeprii MPpHHIC HOBI BUKAH-
K. 3i cBoiMH rTepenIKoAaMu HOBa aTMOC@)epa 3BITHOCTI IIPO eAEKTPOEHEPIIIo IIPHHECAA TaKi IepeBarm, SIK HIDK4a
IjiHa AAS KIHIJeBHX CIIOJKHBAaYiB Ta OiAbIII BHKOPHCTOBYBAaHI eHepreTH4YHi CHCTeMH CePEA KPaiH. AN IIPOrHO3y-
BaHHSA MaHOyTHIX orrepartjiv 6yA0 po3po0AeHO pi3HI MOAeAl MIPOrHo3yBaHHA. biablie Toro, monyAspHi eKOHOMIYHI
MOAeAl, TaKi sIK Teopii irop, moaeas Kyprao, Moaeas beprpaHa, piBHOBAara, mjo BIAITPA€ BAXKAHBY POAB Y IPOTHO-
3yBaHHI IJIH HA eAeKTpoeHeprir. IMitaidHI MoAeAl — e Ije OAHH MEeTOA, IKHH dAKTHBHO BHKOPHCTOBY€ETHCSI
BHPOOHHKAaMH, OIIEPATOPAMHU Td TOProOBIIMH eHepricro Ha puHKY. Kpim roro, crarucTudHi MoAeAl, TaKi IK KOB3HI
CEPEAHI, CEPEAHBOKBAAPATHYIHA TOMHAKA, CEPEAHST dOCONFOTHA ITOMHAKA, CEPEAHST AOCONIOTHA TOXHOKA y BIACOT-
Kax, KoegigieHT HepiBHOCTI TerAa 9acTo BHKOPHCTOBYOThHCSI AASI BH3HAYEHHS PyXy LIH Ha eAeKTPOEeHepriro.
Moaeai yacoBrx psiAiB, IKi IIHPOKO BHKOPHCTOBYIOTHCS B AEKIABKOX I'dAy3sX IIPOMHCAOBOCTI, BHKOPHCTOBY-
OTh icTOpHYHY IHQ)OpMALI0 Ta AOAAFOTh OHOBAEHY IH@QOpMaLifo, o AOIIOMarae MoAEeAOBaTH MaAHOYTHIH pyx
LiH. Y gid cTarri po3rasAarnTbca AeKiAbKa METOAIB IPOTrHO3yBaHHS IJiH HA eAeKTPOEeHePrifo Ha Ai6epaabHHX
DPHHKAaX eAeKTpPO€EeHePrii, OCKIAbKH BHCOKa BOAATHABHICTh DHHKY CTBOPIO€ 3HAYHHH PH3HK AAS BCIX y9dCHHKIB.
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Moaeai nporHo3yBaHHSI MOSICHIOIOTH AHAAI3 Y4aCOBHX PSIAIB Td KOPOTKO 00roBOPIOIOTH ABTOPErPeCHBHI, KOB3HI
cepeAHI, aBToperpecHBHI KOB3HI cepeAHI Ta ce30HHI aBToperpecHBHI KOB3HI cepeAHi moaeAal. Kpim roro, crarrs
INFOCTpYy€ IPHKAGAH IPOTHO3IB I[IH Td HABAHTA)KEHHS Had eAeKTPOEHEPrir Tad IX MOPIBHIHHSI 3 (paKTHYHHMH
Pe3yAbTaTaMu TOPIiB HAa TYPEeHbKOMY PHHKY €AeKTPO€EeHepIril.

Keywords: time series, autoregressive, moving average, autoregressive moving average, seasonal autoregressive

moving average, arvtificial intelligence, simulation models.

Ka10406i ca0ba: wacobi padu, abmopezpecia, xob3na cepedns, abmopezpecubui K063ni cepedni, ce3onni abmopez-
pecubni k083ni cepedni , wimyunuli inmeaexm, iMimayiuni moodeai.

INTRODUCTION

More and more countries have gone through market
liberalization in the last two decades. In modern liberal
power markets, price volatility causes higher risk to market
articipants. Due to a macroeconomic factors such as
inancial instability, economical challenges as well as market
specified challenges, such as weather dependency of
renewable sources, and market couplings create an extra
need for accurate price forecasting. As economies of
different countries warry, their methods in forecasting
power prices also differ. Advancement of new technologies
into production as well as new conceptual changes in this
sector resulted in a separation of what has previously been
a natural monopofy. The overall goal of market
liberalization is to attract investors to a competitive market,
to increase efficiency in production and operation and to
stimulate technological advancements. All these shifts made
price forecasting a vital component in any power related
company'sstrategy. Unlike the traditional cost-based prices,
today's electricity prices are the result of several market
inputs. Challenge to predict prices in the market is growing
and market participants constantly try to find solutions.
Since electricity cannot be stored, it has to be consumed
the time it has produced on an hourly basis. This paper tries
to highlight the main forecasting modeling in electricity

sector and their charactersitics.

ELECTRICITY PRICE FORECASTING MODELS

Before market liberalization took over, the Price
forecasting of electricity is mainly based on the use of Game
Theory, simulations and time series analysis. Based on game
theory models such as Nash equilibrium, Cournot model

and Bertrand model are used by market participants to
models their strategies. Figure 1 and figure 2 shows the
schematic relations of different models.

In aliberal electricity market, market clearing price is
determined by the hourly bid Erice. Marginal pricing is
aﬁ)plied for all suppliers. From the economics we can state
that, if the market is perfectly competitive, the market

Electricity Price
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Figure 1. Electricity pricing models
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Figure 2. Price Forecasting approaches
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Factors Affecting
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Figure 3. Factors affecting electricity price

clearing price would be equal to marginal cost of the last
supplier. However, electricity markets are not perfectly
competitive and customer demand is highly inelastic havin
few suppliers. Price forecasting in electricity can be focuse
onshort-term (STPF), medium-term (MDPF) and long-term
(LTPF). Short-term price forecasting mainly used by
generation and utility companies. Sport markets create
opportunity for short-term trades happen. Medium-term
price forecasting usually measures the prices for several
months in order to determine com{)any strategy. Long-term
price forecasting is very useful for future investment
planning and measures in years [1].

Simulation models that evaluate the physical phenomena
that direct a process, reaches model results by using
algorithms. The main disadvantages of simulation models are
its detailed requirement of information (production unit data,
fuel prices, demand estimates, price bicﬁling strategies, etc.)
and calculation costs. There are major three models based
on timesseries analysis are used in price forecasting: stochastic
models, artificial neural network models, and data mining
models. Autoregressive, moving average, autoregressive
moving average, autoregressive conditional hetero-
scedasticity, generalized autoregressive conditional hete-
roscedasticity models are examples for stochastic models.
These models can be divided into stationary and non-
stationary models. In addition, time series models such as non-
linear models are used based on price fluctuations. Moreover,
by adding other variables that affect the price, such as transfer
function, autoregressive moving average with external
variables also included in stochastic time series models.

According to the studies on price prediction of
electricity, Root Mean Square Error, mean absolute error,
mean absolute percent error, and Theil's inequality
coefficient methods are widely used.

MSE, RMSE, MAE, MAPE are the inputs, n — number
of observations xi= Real values, yi= forecasted values;

2

n

Meansquared error (MSE) = lZ:(yl, - xi)

i=1

Root mean squared error(RMSE) =

Mean absolute error (MAE) = %an]yi - xi|

Mean absolute percentage error
100% | y; — x;
MAPE)=—"23" 12— %
( ) n ; Vi
TIME SERIES MODELS

Time Series analysis is a very important tool used for
forecasting future prices in electricity markets. Auto-

correlation and partial autocorrelation plots are intensively
used in time series analysis and forecasting. Plots express
graphically the comparison of time series observation with
previous time results.

Forecasts based on time series analysis is derived from
historical price behaviors and various external factors.
Forecasting using autoregressive (AR), moving average
(MA), and autoregressive moving average with (ARMA)
processes is known as the Box-Jenkins method. An ARMA
model, or Autoregressive Moving Average model, is used
to describe weakly stationary stoc%lastic time series in terms
of two polynomials. The first of these polynomials is for
autoregression, the second for the moving average.

Box-Jenkins (1976) also indicated the selection criterias.
According to him, the first stage is identification
(determination), the second stage is estimation, and the third
stage is forward forecasting.

In the first stage, autocorelation and partial
autocorrelation functions are examined for ARMA
structuring by variable time graph.

Then the estimation phase is started. By estimating the
coefficients at the estimation stage, the significance o% the
coefficients, the model coefficient of determination (R2),
F-statistics, Akaike and Schwarz the appropriate model is
selected. Finally, pre-reporting with tEe selected model
(forward-looking estimate) is carried out [4].

AUTOREGRESSIVE (AR)

AND MOVING AVERAGE (MA)

Autoregressive moving average (ARMA) modelsis very
important and widely used in the modeling of time series
analysis. Thus, the linear structure of ARMA helps to
conduct linear prediction. ARMA model itself consist of two
models: an autoregressive (AR) and moving average (MA)
model. Autoregressive model predicts the next data point
based on previous results using mathematical formula
similar to linear regression as shown in formula 1. The
advantage of using ARMA model compared to AR or MA
models is its simplicity to use with minimum required
information amfits efficiency in linear prediction.
Autoregressive models in time series a variable such as y
has its own lag values and error terms. The error term is
random, zero mean and has constant variance.The error
term is random, it has zero mean and has constant variance

P
X, =c+) 90X, +¢ (1),
i=1

(f — determines how many previous data points will be
used;

¢ — iscontant

¢ — standard error of noise.

In the formula 2 variable y is expressed with its delayed
values and error term. Autocorrelation function is
calculated sample common variance divided by to sample
variance. Pure AR Models — Depends on the lagged values
of the data you are modeling to make forecasts.
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Table 1. Demand and price forecast of hourly electricity in Turkey Moving average models explains the
relationship of variable y to the random
Our Forecast Official Results movement. Depends. on the errors
45 |GPMW |GP TRY |GP USD 462 |Result MW |Result TRY |Result UsD | (residuals) of the previous forecasts you
0 30633 180 40 0 31083 205 44 made to make current forecasts. N
1 20878 174 39 1 30050 198 43 The moving avgra e model S{D‘eclfles
> 128604 [158 35 3 30233 37 ) that the output variable depends linearly
3 7616 1150 3 3 3333 159 35 on the current and various past values
m 6652 129 = ) 77350 ) 37 of a stochastic (1mper‘fectlﬁ predictable)
5 25315 |148 33 5 [25983 143 31 tefrtrﬂ. lﬁarther tthanriusll)rllgitn N IPaSE Va%uis
R XS X E RN ST 7 B a moving average model uses past
e SosTi%s %) e 9367 T = frcl)égézlzilst errors in a regression-like
2 2139|198 a4 2 31067 193 42 The primary difference between an AR
10 133323 1209 47 10 131850 194 42 and MA model is based on the correlation
11 {34121 (211 47 11 32617 200 43 between time series objects at different
12 133486 |184 41 12 {31833 167 36 time points. The covariance between x (t)
13 33822 [191 42 13 32667 175 38 and x (t-n) is zero for MA models.
14 134577 215 48 14 133650 206 45 However, the correlation of x(t) and x(t-
15 [34311 ]210 47 15 33733 196 42 n) gradually declines with n becoming
16 34068 203 45 16 33850 211 46 ]arger in the AR model.
17 [33353  [181 40 17 33667 208 45 This means that the moving average
18 [32784 181 40 18 [33533 202 44 (MA) model does not uses the past forecasts
19 [32831  [158 35 19 [33733 197 43 to predict the future values whereas it uses
20 [32625 173 38 20 [33283 205 44 the errors from the past forecasts. While,
21 33243 178 40 21 |33967 212 46 the autoregressive model (AR) uses the past
22 33227 179 40 22 33450 188 41 forecasts to predict future values. As
23 32026 156 35 23 32167 172 37 mentioned earlier, the MA model, instead
AVG | 31228 178 39 AVG [31165 182 39 ofdepending on the previous forecasts like
in AR model, depends on the error of
previous forecasts. Hence the noise quickly vanishes with
a) time in MA model [10].
Load Accuracy Yy, =cte +0€e,+0,+.0€ (2),
40000 — g is the order
30000 = o — cisa constant
T~ — epsilon is noise
20000
SEASONAL AUTOREGRESSIVE
10000 —GPMW MOVING AVERAGE (SARMA)
0 Seasonality in a time series analysis is a change that
1357 9111315171921 23 repeats over time period of S. In other words, S is the
number of periods from one change to another one. For
instance, in electricity trading each location has its own
b) specific characteristics, where they have high valuesand low
values tendency in particular times.
TRY accuracy Seasonal specified time series can be modeled with hel
300 of ARMA models. Modeling seasonal data with the ARM
model is no different from modeling non-seasonal data.
200 According to Box, Jenkins and Reinsel, similar to single
:; N seasoned Standard ARMA model, it can be written for
100 seasonality, in multiple seasonal fluctuations [9].
=GP TRY Can be written. In other words, the ARMA model can
0 be written both during the day and during the week including
1357 911131517192123 seasonal fluctuations (Taylor, 2010).
The ARMA model unlike the single seasonal component
include P1 polynomial functions of order. These additional
c) polynomial functions with ARMA models allow to model
intraday fluctuations.
USD accuracy FEATURES OF ELECTRICITY PRICES
60 Today, electricity has become a commonly traded
commodity in markets. The key difference of electricity
40 ‘QAAV-T from other commodities is that it cannot be stored and it
20 has to be traded at the time produced. Due to its non-storage
——GP USD feature, electricity prices express certain specific
0 charactelristlics sucdh asldseasonality, tendency to average
rice, volatility and sudden price increases.
ka5 2L IS ST i) 25 P Figure 3 illustrates the major factors affectring
electricity prices. Changes in weather conditions, such as in
Figure 4. a — Load accuracy; b -TRY accuracy; ¢ — USD temperature, water levels of reservoirs and changes in

accuracy demand directly affect the prices.
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Above mentioned factors determine the price trends in
the market and all needs to be approached for an effective
forecasting. Additionally, currency rates must be projected
as it plays a big role in a country where second currency
involved. Figure 4is an example from our trading electricity
in Turkish market and table 1 shows our demand and price
forecast in Turkish liras, price forecasts in USD as well as
demand forecast and our forecast accuracy.

In above diagrams, daily clearance prices are
determined using marginal costing methods. For example,
EPIAS (Turkish Electricity Market Operator) receive
orders and calculates 34,500 MW buy order. Market
operater lines the sell orders accordingly. 9 the numbers
below are for example purposes only) [%].

1,500 MW for 0 TL — Wind power Plants

| 1,000 MW for 15 TL — Must run (huge thermal) power
plants

4,000 MW for 40 TL — Run of River (they are also must
run types)

14,000 MW for 70 TL — Hydro Power Plants with Dam

6,000 MW for 95 TL — Coal thermal power Plants

| 3,000 MW for 118 TL — Imported coal/ thermal power
plants

5,000 MW for 150 TL — Gas fired power plants.

CONCLUSION

Effective price forecasting of electricity is specific to
each market and it depends on variety factors, such as
production capacity, demand level, seasonal effects, average
production unit cost, weather condition and etc.
Additionally, as electricity is a unique commodity (unlike
other commodities, electricity cannot be stored, has to be
consumed the time it has produced) this adds an extra
volatility in prices. In modern power markets, price
forecasting and its efficiency plays a big role in all market
Farticipants‘ strategy. All works related to power price
orecasting aimed to deliver more reliable information to
business units who are involved in this sector. This article
mainly focused on time series analysis and its models to
enlighten several factors that affect the mode and forecast
and methods to use each model. There are many more
models that currently being used depending on the
characteristics of each market.
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