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ABSTRACT

Although forecasting one-week-ahead average electricity prices is necessary for
decision-making such as evaluating forward contracts, its modeling has not been suf-
ficiently studied. Therefore, to find a suitable forecasting approach, this study con-
structs and compares multiple parsimonious models using widely published weekly
weather forecasts and then applies them to arbitrage trading in the forward market.
In particular, we clarify the following empirical results using the data from Japan
Electric Power Exchange. First, instead of using forecasted temperature directly as
an explanatory variable, the two-step forecasting method using measured temper-
ature as an intermediate variable is more likely to reduce forecast errors. Second,
quantile regression has better density forecast accuracy than the generalized autore-
gressive conditional heteroscedasticity model. Third, the logarithmic conversion for
prices tends to improve forecast accuracy. Fourth, one-week-ahead weather fore-
casts can significantly improve both the price forecast accuracy and the arbitrage
profit. The proposed arbitrage strategy can be used by many participants because
it can be flexibly changed according to the player’s risk tolerance. In addition, our
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2 T. Matsumoto and M. Endo

forecasting/trading method, based on published weather forecasts, has wide applica-
bility in that it can be constructed even in markets where system information is not
sufficiently disclosed.

Keywords: arbitrage trading; electricity spot price forecasting; forward market; quantile regres-
sion; weather forecast.

1 INTRODUCTION

Accurate forecasting of electricity market prices is key for electricity utilities to run
their businesses economically. As shown systematically by Weron (2014), there have
been many previous studies on electricity price forecasting, particularly for dealing
with a short-term forecasting horizon from one hour ahead to a few days ahead.
Electricity prices with a mid- or long-term horizon, on the other hand, are often dealt
with in the context of risk management and derivative pricing, so the literature on
their forecasting methods is relatively limited, but some distinctive studies have been
conducted (Eydeland and Wolyniec 2003; Weron 2014). For long-term price fore-
casting, a typical method uses market equilibrium models that can take into account
structural changes in the market (Bastian et al 1999; Ventosa et al 2005), which are
often based on stylized fundamental assumptions of economic behavior (Green and
Newbery 1992; Barquı́n and Vázquez 2008). For the mid-term horizon, from a few
days to a few months ahead, a hybrid approach (Karakatsani and Bunn 2008; Marcos
et al 2020) that can take into account both fundamental price formation and econo-
metric recalibration has been reported to be effective (Bello et al 2017). However,
for a one-week-ahead horizon, modeling approaches focusing on historical prices are
often preferred (see, for example, Chen et al (2008), who used manifold learning,
and Mandal et al (2006), who used an artificial neural network). Of these, however,
there have been few related studies focusing especially on one-week-ahead average
prices; to the best of our knowledge, such studies only include building univariate
models from historical prices in the Singapore market (Loi and Le Ng 2018) and
using historical prices plus lagged (measured) weather values in the Nord Pool mar-
ket (Torró 2007). In practice, though, weekly average price forecasting is critical for
electric utilities and is needed especially when evaluating prices of weekly electric-
ity delivery contracts (including bilateral and forward contracts). The issue of how
to effectively use week-ahead hedging instruments (futures and forward) is particu-
larly important for (relatively small) retailers, where short-term risk management is a
key management issue. For generators that need to submit weekly power generation
plans to system operators (Suzuki 1991), week-ahead price forecasts can have a sig-
nificant impact on their decisions. In particular, the operation of pumped storage is
usually based on weekly scheduling (Popa et al 2010), and its operation scheduling
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One-week-ahead electricity price forecast and arbitrage 3

has become more important with the recent expansion in renewable energy (Aihara
and Yokoyama 2016). In reality, optimizing such operation scheduling requires gran-
ular forecasting, eg, hourly. However, to improve accuracy or reliability, it is impor-
tant to practically verify forecasted week-ahead hourly prices separately by using the
weekly average value.

Against this background, our paper focuses on the forecasting of one-week-ahead
average prices, which has been relatively rarely studied. To do this effectively, we
use widely published week-ahead weather forecasts, which have also received little
attention in previous studies. Although weather forecasts with a long forecast horizon
are known not to be very accurate (even the latest research says that the “practical
predictability limit” is about 10 days (Zhang et al 2019)), it is nevertheless possible to
improve the forecast accuracy of the one-week-ahead electricity price. Therefore, in
this paper we construct several forecasting models for the one-week-ahead electricity
spot price using published weekly weather forecasts, and explore a desirable model-
ing approach that can leverage the information value of weather forecasts. Further,
in addition to forecasting the weekly average value, we also propose a density fore-
casting method using the quantile regression (QR) (Koenker 2005) and generalized
autoregressive conditional heteroscedasticity (GARCH) models (Bollerslev 1986),
and apply them to strategic arbitrage trading methods for weekly forward products.1

In particular, we tackle the following four problems that are thought to be useful
for constructing accurate forecast models in practice.

(i) Which of the forecasted weather values or the measured (realized) weather
values should be incorporated into the price regression formula?

(ii) Should we perform logarithmic conversion on the price series to be regressed?

(iii) Which of the QR or GARCH models should be used for forecasting the weekly
price density?

(iv) What is the information value of the week-ahead weather forecast in terms of
improving forecast accuracy and arbitrage profit?

These are all open questions regarding week-ahead average price forecasts. The
more detailed motivations for addressing these issues are as follows. First, issue (i)
arises from the hypothesis that constructing a price regression equation using mea-
sured weather may have higher explanatory power and greater forecast accuracy than
using forecasted weather as explanatory variables, considering that the week-ahead

1 This study uses the word “arbitrage” because transactions that profit from price differences
between short-term electricity markets are generally called this in much of the literature, but it
should be noted that the strategies proposed here carry certain risks (ie, they could also be called
“speculative” trading).
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4 T. Matsumoto and M. Endo

weather forecast is inherently not very accurate. The viewpoint of (ii) corresponds
to the problem of whether to use an additive model or a multiplicative model. The
review by Weron (2014) positions them as the “two most important categories”
among statistical forecasting methods but merely states that the additive model is
“far more popular”; there seems to be no previous research focusing on the compar-
ison between these classifications. Problem (iii) is based on the hypothesis that even
if we use the weekly average electricity price, there may still be a distorted density
shape, and the QR that can express an arbitrary density shape may be superior to
GARCH, which assumes a (log)normal distribution in terms of forecast accuracy.
Regarding (iv), previous studies have analyzed the effect of weather forecast infor-
mation on forecasting the daily average (Huurman et al 2012) and hourly (Bigerna
2018) electricity prices, but there are no studies that have verified it using weekly
average prices. Thus, these four problems have not been solved in previous stud-
ies; this study aims to fill those gaps. Considering the above, this study performs
various empirical analyses using actual data from the Japanese market, for which
the past weekly weather forecasts can be obtained in full, to observe useful implica-
tions for solving these open questions. In response to issues (i)–(iv), our results using
out-of-sample-period data reveal that the adoption of a two-step model, a multiplica-
tive model and a QR model, as well as the use of weather forecast information, has
advantages in improving forecast accuracy.

In addition, in order to apply the constructed forecasting method to arbitrage
strategies for the forward market, we build a trading strategy that can be flexibly
changed according to the player’s risk tolerance; the results of simulations demon-
strate the effectiveness of the proposed trading strategy and the existence of consid-
erable arbitrage opportunities in the Japan Electric Power Exchange (JEPX) forward
market. The previous literature that dealt with trading strategies between multiple
electricity markets based on price comparisons includes the following topics: arbi-
trage between the intraday market and the balancing market (Bunn and Kermer 2021;
Just and Weber 2015), day-ahead and real-time prices (Boogert and Dupont 2005),
incorporating storage batteries (Krishnamurthy et al 2017) and proposing a sales
strategy for renewable electricity by comparing the prices of day-ahead and intra-
day markets (Maciejowska et al 2019). However, to the best of our knowledge, our
study is the first attempt to perform an empirical analysis on the trading profit on one-
week-ahead forward products. In addition, the previously proposed trading strategies
that targeted shorter term markets did not consider weather forecasts, so this study
also provides a new perspective in terms of measuring the monetary value of weather
forecasts in the electricity trading market.

This paper is organized as follows. In Section 2, we construct a series of different
types of forecast models for the weekly electricity price. Section 3 formulates the
arbitrage strategies in the forward market. Section 4 validates the forecast accuracy
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of the models and demonstrates the effectiveness of the arbitrage strategies. Lastly,
Section 5 presents our conclusions.

2 CONSTRUCTION OF FORECAST MODELS

In this section, in order to consider the key issues in constructing an effective fore-
cast model for JEPX spot prices, we first review the spot price and weekly weather
forecast data used in our forecast models, and then we build multiple models relating
to the average value forecast and the density forecast.

2.1 Overview of data

2.1.1 Weekly average price distribution

Since several previous studies have shown that hourly or daily average prices have
extremely distorted densities due to price spikes, the price density may still be dis-
torted even if averaged per week. In order to grasp the rough density shape of the
weekly average price, the histograms of the weekly average prices for three areas
in the JEPX spot market (24-hour average base load and weekday 08:00 to 18:00
daytime loads) are shown in Figure 1, on which the fitted normal distribution and
the lognormal distribution are superimposed. The weekly average price has a left-
skewed distribution and is closer to the lognormal distribution than the normal dis-
tribution (the Akaike information criterion (AIC) given in the legend of each graph
also indicates that the lognormal distribution is better fitted).

2.1.2 Weekly temperature forecast

Next, we review the forecast accuracy of the weekly weather forecast, which is the
key factor in the model proposed in this study. Figure 2 shows the R-squared value
when the measured value of temperature is regressed by the forecasted value of the
seven different forecast horizons.2 The next day’s forecast has an explanatory power
of about 77%, but as the forecast horizon becomes longer, the explanatory power
gradually declines, reaching about 18% for seven days ahead.

2.2 Construction of weekly average price forecast model

In this section, we construct the forecast models for the weekly average price. As
previously mentioned, there are several previous studies on statistical forecasting
models for electricity prices using weather forecasts, but usually the weather fore-
cast value is used directly as an explanatory variable. However, in the case of weekly

2 We used historical data in Tokyo for each day in 2019, and the seasonality was removed by
subtracting the climatological normal value. See Appendix A online for the original scatter plot.
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6 T. Matsumoto and M. Endo

FIGURE 1 Weekly average price histogram and fitted density.

(a) (b)

(c) (d)

(e) (f)
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FIGURE 2 Contribution ratio of forecasted temperature to measured value.

FIGURE 3 Conceptual diagram of comparison between direct forecast and two-step
forecast.

Weekly temperature
forecast

Electricity spot
price

Actual (measured)
temperature

Direct 
forecast

Two-step
forecast

weather forecasts, as seen in the previous section, the forecast accuracy deteriorates
significantly when the forecast horizon is long. Therefore, if we adopt a model that
directly uses the forecasted temperature as an explanatory variable (we call it a direct
forecast model), it may be difficult to robustly model the intricate interactions that
should inherently exist between the temperature and the electricity price (such as
nonlinear seasonality and annual change of temperature sensitivity). Therefore, in

www.risk.net/journals Journal of Energy Markets
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this study, we construct a two-step forecasting model using both the forecasted tem-
perature and the measured temperature. First, we estimate the price forecast regres-
sion using the measured temperature as an explanatory variable, and then we (sep-
arately) forecast the conditional probability density of the measured temperature in
which the forecasted temperature is given. Lastly, we combine these two forecasts.
In this manner, we compare the performance of these two approaches. A conceptual
diagram of the comparison of these two models is shown in Figure 3.

Further, this study also compares two models, namely the price series model and
the log-price series model, for each of the above two modeling approaches. The
actual models are constructed in the following sections.

2.2.1 Price series model

Considering that several papers in the literature clarified that the JEPX spot price has
a remarkable seasonal trend and strong correlations with fuel price and temperature
(Matsumoto and Endo 2021; Matsumoto and Yamada 2021), in this study we will
also build a model that can incorporate a seasonal trend and fuel price correlations.
First, the following two types of ordinary least squares (OLSs) are formulated for
the price series models (without logarithmic conversion), where model P1 uses the
forecasted temperature and model P2 uses the measured temperature.

Model P1 W St D ˛St�1 C ˇ.t/Gt C f .t/C g.t/O"t C �t ; (2.1)

Model P2 W St D ˛St�1 C ˇ.t/Gt C f .t/C g.t/"t C �t ; (2.2)

where St is the weekly average spot price in week t , Gt is the spot price of liquid
natural gas (Platts JKM LNG), which is observed as of week t � 1 (the spot price
for LNG cargo that will be delivered in the month following the month in which
the start date of week t belongs), and "t .O"t / is the weekly average measured (fore-
casted) temperature residual (defined as the temperature minus its yearly cyclical
trend, eg, "t WD Tempt � '.t/, for measured temperature; see Appendix B online).
˛ is a fixed coefficient, ˇ.t/, f .t/ and g.t/ are variable coefficients (yearly cyclical
trends) estimated based on the concept of a Fourier series expansion (see Appendix B
online) and �t is a residual term with an average of 0. Note that the forecasted tem-
perature residual used in this study may be expressed as O"t jt�1 because it is observed
in week t � 1, but the notation O"t is used for simplicity.

Here, as can be seen from (B4) in Appendix B online, the point of our model is
that the intersection term – which consists of the periodic trend '4;1.t/, the elapsed
week trend (Periodt ) and the temperature residual (O"t or "t ) – is included in each
price forecast model. This interaction term is included because a characteristic of
the JEPX spot price is that the temperature sensitivity has changed over time due to
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the increase in the photovoltaic power generation capacity in Japan (Matsumoto and
Endo 2021). The estimation result for this term will be detailed in Section 4.1.

The forecasted spot price (of week t forecasted in week t � 1) of the price series
model QSt jt�1 can be obtained by the following equation as the predictor part of both
(2.1) and (2.2):

QSt jt�1 D ˛St�1 C ˇ.t/Gt C f .t/C g.t/O"t : (2.3)

Note that in (2.3), the forecasted temperature residual is used even when the mea-
sured temperature is used (ie, for (2.2)). This is because, when the conditional expec-
tation value is taken for both sides of (2.2), the measured temperature residual, which
is not observed at the time of the forecast, changes into the forecasted (expected) tem-
perature residual. Note also that the price series model is a linear model with respect
to the temperature residual, so when obtaining the forecasted price, there is no need
to consider the conditional variance of the measured temperature residual in which
the forecasted temperature residual is given.

2.2.2 Log-price series model

Next, the following OLSs (models L1 and L2), which are isomorphic to (2.1) and
(2.2), are constructed for the logarithmic series of spot prices.

Model L1 W logS.t/ D .t/C g.t/O"t C �t ; (2.4)

Model L2 W logS.t/ D .t/C g.t/"t C �t ; (2.5)

where .t/ WD ˛ log.St�1/C ˇ.t/ log.Gt /C f .t/.
When these log-price OLSs are used, it is not appropriate to use the predictor parts

of (2.4) and (2.5) by just converting them to the original price (exp..t/Cg.t/O"t /) as
the desired forecast values. This is because this forecast method includes a downward
bias, as the variances of the random variables are not considered (for convenience,
we call this the forecast without bias correction). This fact can be understood by
expanding (2.5) as follows:

OSt jt�1 D EŒSt j Ft�1� D EŒexp..t/C g.t/"t C �t / j Ft�1�

D e.t/EŒexp.g.t/"t / j Ft�1�EŒe�t j Ft�1�

D exp..t/C g.t/O"t C 1
2
f.g.t/�";t /

2
C �2�;tg/; (2.6)

where we assume that the random variables "t and �t follow normal distributions
independent of each other and that time series correlations do not exist for simplic-
ity.3 We assume a complete probability space .˝;F ; P / and finite time horizon

3 Even without making such an assumption of independence, this equation holds approximately;
see Appendix C online.
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10 T. Matsumoto and M. Endo

Œ0; T �. fFt W t 2 Œ0; T �g represents the filtration generated by the price process, and
we assume FT D F . EŒ� j Ft�1� denotes the conditional expected value in week
t � 1 (at this time, the forecasted temperature has already been obtained), and �";t
and ��;t denote the standard deviation of "t � O"t and �t , respectively.

In other words, when using a log-price series model such as (2.5), we need to
forecast separately the standard deviation of the temperature forecast error and the
standard deviation of the residual ��;t of OLS (2.5), respectively, and by substituting
them into (2.6), we can obtain the appropriate price forecast. The forecasted price
obtained in this way is exp.1

2
f.g.t/�";t /

2 C �2�;tg/ times larger than the forecast
without bias correction. The same argument applies to the L1 model (2.4) using the
forecasted temperature value, by setting the variance of the forecast error �";t to 0. In
this study, the forecasted values of �";t and ��;t are obtained by applying (separately)
the GARCH(1,1) model to the series of "t � O"t and �t , respectively, up to week t �1.

2.3 Construction of price density forecast model

In this section, we construct the density forecast model for the week-ahead spot
price using QR, with a view to applying it to an arbitrage strategy in the forward
market. For simplicity we do not consider the abovementioned two-step forecast;
we deal only with the direct forecast method using the forecasted temperature as the
explanatory variable. In order to evaluate the accuracy of the QR model, a model that
combines OLS and GARCH (which we call the OLSC G model) is constructed for
comparison.

For both QR and OLS C G, we construct the price series model as well as the
log-price series model and verify the effect of logarithmic conversion on the forecast
accuracy. In each case, we use regression formulas with exactly the same terms as
(2.1) and (2.4), each of which is applied for QR or OLSCG. In the OLSCG model,
after estimating the OLS, GARCH(1,1) is applied to the residual series to obtain
the probability density forecast of one week ahead. Note that this study uses the R
(version 3.6.3) package fGarch (prediction method by the garchFit.�/ function) for
GARCH, and the package quantreg (lasso penalized QR by the rq.�/ function)
for QR.

3 ARBITRAGE STRATEGY IN THE FORWARD MARKET

The forward product in JEPX is a contract that assumes that electricity will be deliv-
ered within a certain period at the forward price, contracted in advance, but the actual
settlement is financially performed by the difference between the spot price realized
in the future and the forward price (JEPX 2019). JEPX forward contracts are classi-
fied as a 24-hour type (for 24-hour delivery each day) or a daytime type (for delivery
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One-week-ahead electricity price forecast and arbitrage 11

times from 08:00 to 18:00 on weekdays excluding weekends and holidays). Each
type of contract has three different products with delivery periods of one week, one
month and one year, respectively. Because the forward market is conducted in a con-
tinuous session, contracts are executed as soon as the conditions of the seller and the
buyer are met while the market is open. As for the weekly forward products handled
in this study, the contractable period is set from the 20th of the month before the
month of the delivery start date to three days before the delivery start date. Note that
because the delivery start date is every Saturday, every Wednesday is the last tradable
day (JEPX 2020).4

The arbitrage-trading strategies dealt with in this study assume two forecasting
cases, one using OLS-based average forecasting and the other using QR-based den-
sity forecasting. The decision variables for each case Y OLS

t�1 and Y QR.q/
t�1 (ie, variables

of decision-making made in week t � 1 regarding electricity delivered in week t ) are
defined as follows:

Y OLS
t�1 D

8̂̂<̂
:̂
1 if OSt jt�1 > Ft jt�1;

�1 if OSt jt�1 < Ft jt�1;

0 otherwise;

(3.1)

Y
QR.q/
t�1 D

8̂̂<̂
:̂
1 if OS .q/

t jt�1
> Ft jt�1;

�1 if OS .1�q/
t jt�1

< Ft jt�1;

0 otherwise;

(3.2)

where Y D 1 means a long position in forward trading (buying the forward product
that will be settled at the realized spot price after the spot market contract is exe-
cuted), Y D �1 means a short position (the reverse of the above) and Y D 0 means
no deal. OSt jt�1 ( OS .q/

t jt�1
) are the forecasted weekly average spot prices (the quantile

forecasted prices at percentile q 2 f0:05; 0:10; 0:25g), which are forecasted in week
t � 1. Ft jt�1 denotes the forward price for the electricity that will be delivered in
week t observed in week t � 1. At this time, the arbitrage profit �t is calculated by

4 The JEPX forward market also lists monthly products, but for these the final trading day is the
19th of the penultimate month before the delivery month, so the forecast horizon is extremely long
(difficult to predict precisely) for arbitrage trading; hence, it is not dealt with in this study. Note
also that, since JEPX is a market for the purpose of physical electricity trading, it is not permitted
to carry out purely financial arbitrage virtually, as proposed here (JEPX 2020). However, even if
we make a simple assumption that financial trading can be conducted in JEPX, the results obtained
can have significant implications for traders’ strategic forward market trading.
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12 T. Matsumoto and M. Endo

the following formula:

�t D

8̂̂<̂
:̂
St � Ft jt�1 if Yt�1 D 1;

Ft jt�1 � St if Yt�1 D �1;

0 if Yt�1 D 0:

(3.3)

Note that this paper ignores the impact of interest rates due to different trading points
on futures and spots.

4 EMPIRICAL ANALYSIS

This section validates the forecast accuracy of each model and the effectiveness of
the arbitrage strategy using the following empirical data:

(1) the spot price St and forward price Ft (U/kWh) is the JEPX system price,
Tokyo area price and Kansai area price;5

(2) the LNG spot price Gt (U/MMBtu) is the Platts JKM spot price;6

(3) the measured temperature Tempt (ıC) is the maximum temperature measured
by the Japan Meteorological Agency;7 and

(4) the forecasted temperature 1Tempt (ıC) is the maximum temperature forecasted
by the Japan Meteorological Agency.8

All forecasted values are calculated as out-of-sample values, and the weekly aver-
age spot price and the series of explanatory variables observed in the past three years
are used to forecast the weekly average price one week ahead, in a weekly rolling
manner; we thereby obtain the price forecast for the four-year out-of-sample period
from April 1, 2016 to March 31, 2020. The validation of the forecast accuracy per-
formed in Section 4.2 uses all the data from the out-of-sample period, and the evalu-
ation of the forward arbitrage profit in Section 4.3 will only use the sample when the
forward price is observed in the out-of-sample period. That is, we assume the players
can make the arbitrage trading decision, which requires a comparison between the
forecasted spot price and the observed forward price, only when a forward contract
by another player is realized. Note that, due to the extremely low liquidity of the
JEPX forward market, there are many more weeks in which trading contracts are not
executed than there are weeks in which they are executed.

5 URLs: http://jepx.org/market/index.html and http://jepx.org/market/forward.html.
6 Platts, Benchmark Statement for LNG Japan/Korea Spot Crg DES.
7 URL: http://data.jma.go.jp/gmd/risk/obsdl/index.php.
8 URLs: http://weather-transition.gger.jp/ and http://pe-sawaki.com/WeatherForecast/.
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One-week-ahead electricity price forecast and arbitrage 13

FIGURE 4 Time series transition of estimated temperature sensitivity.

Blue line, base load. Orange line, daytime load.

Because the JEPX forward price has not been announced for each contract tim-
ing (ie, Ft jt�1 cannot be obtained), we use the average value of all the contracted
forward prices in week t , Ft WD MeanŒFt j��, which has been published. Regarding
the temperatures needed for forecasting the Tokyo area price (east), the Kansai area
price (west) and the system price, the maximum temperatures of Tokyo, Osaka and
the average values of both cities are used. In addition, when forecasting the following
week’s average price, the weather forecast on Wednesday is used, which is the last
day of the weekly forward trading.

4.1 Estimation result

This section summarizes the estimation results of the forecast model before verifying
the forecast accuracy and analyzing the arbitrage profit. This is because, as we stated
that using exp.1

2
f.g.t/�";t /

2C�2�;tg/ times the bias correction is necessary for the L2
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14 T. Matsumoto and M. Endo

FIGURE 5 Time series transition of estimated .g.t/�";t /2 (green line) and .��;t /2 (blue
line).

model, which is in the explanation of (2.6), we need to understand what time series
data such as .g.t/�";t /2 and .��;t /2 look like.

First, Figure 4 shows the time series transition of the estimated temperature sen-
sitivity.9 This is g.t/ (coefficient of temperature residual "t ) estimated from (2.5),

9 Color figures are available in the online version of this paper.
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which was estimated as a one-period-ahead (one-week-ahead) value and plotted over
all out-of-sample periods in a weekly rolling manner. It can be confirmed that the
temperature sensitivity of the spot price is negative in winter and positive in sum-
mer, and that the absolute value of sensitivity is generally larger on the daytime load
than on the base load. It is interesting to note that its amplitudes have increased sig-
nificantly year by year. This is thought to be mainly due to the recent expansion of
renewable energies (especially photovoltaic power generation in the case of Japan).

Second, Figure 5 shows the time series transition of the estimated .g.t/�";t /2 and
.��;t /

2. As �";t is the standard deviation of the temperature forecast error and ��;t is
the standard deviation of the residual of OLS (2.5), .g.t/�";t /2 and .��;t /2 denote the
variances resulting from the temperature prediction error and those from the others
(residuals of the price model) regarding the forecasted densities of the logarithmic
spot prices. As shown by the plots in Figure 5, both variances tend to expand over
time for each of the six cases, which is probably due to increasing competitiveness
ever since the full liberalization of the electricity retail business in 2016 as well as
to the expansion in renewable energies. Regarding the daytime loads for times when
price spikes are likely to occur, .g.t/�";t /2 is larger than .��;t /2 overall. This reflects
the fact that the price fluctuation risk resulting from spikes that occur probabilisti-
cally (not necessarily linked to the weather) is greater (ie, the predictability of spikes
is lower) than that of the temperature prediction error.

4.2 Validation of forecast model

In this section, we compare the forecast performance of the different average value
forecast and density forecast models defined in Section 2, and we verify the effect
of the weather forecast on reducing the price forecast error. That is, we verify the
forecast accuracy for each of the following comparisons.

Average forecast models:

� direct forecast versus two-step forecast,

� price series versus log-price series,

� model with weather forecast versus model without weather forecast.

Density forecast models:

� price series versus log-price series,

� QR versus OLSC G,

� model with weather forecast versus model without weather forecast.
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FIGURE 6 Comparison of MAE for the different modeling approaches.

4.2.1 Validation of weekly average forecast model

In this section, in order to verify the accuracy of the weekly average forecast model
constructed in Section 2.2, the forecast error is measured by the mean absolute
error (MAE). Figure 6 shows the MAE for the different modeling approach (the
two-step/direct forecast and the price/log-price series). The case without weather
information (Tempt or 1Tempt ) is also considered. In addition, in order to make
the comparison between models easier to understand, the difference in the value
of MAEM=MAEL2 � 1, ie, the ratio of the MAE of each model M (MAEM ) to the
MAE of the log-price two-step forecast model (MAEL2), is calculated for each of the
six cases .3 areas � 2 loads/ and displayed as a bar graph; the line graph shows the
simple average values of the six cases.

First, the log-price series models have smaller MAEs overall than the price series
models (this result corresponds to issue (ii) in Section 1). In addition, the MAEs of
the two-step forecast are smaller than those of the direct forecast as a whole (this
result corresponds to issue (i) in Section 1) and the MAE of the two-step forecast
is 4.2% smaller on average even when comparing highly accurate log-price series
models. We probably get this result because the regression formula using the weekly
weather forecast with low forecast accuracy as the explanatory variable does not suf-

Journal of Energy Markets www.risk.net/journals



One-week-ahead electricity price forecast and arbitrage 17

ficiently express the nonlinearity and the interaction between the variables, and thus
the explanatory power is low. On the other hand, in the two-step forecast approach,
the relationship between the measured weather value and the spot price is expressed
more robustly, so the model could be constructed more flexibly.

In terms of the effect of using the weather forecast information, the log-price
series model confirmed a remarkable MAE improvement of 14.4%, which suggests
that the weekly weather forecast is an important factor for improving the price fore-
cast accuracy. In addition, the modeling approach of the popular additive model (the
price series model) with the direct forecast approach (ie, the P1 model) has a larger
MAE (14.4%) than the L2 model. In other words, the effect of devising the modeling
approach is comparable with using the information of weekly weather forecasts, in
terms of improving the forecast accuracy.

In addition, for the log-price series model of average value forecast, the bias cor-
rection as described in Section 2.2.2 was performed; as a result, it eliminated all
the significant downward bias confirmed in some of the six cases (see Appendix D
online).

4.2.2 Validation of density forecast model

4.2.2.1 Pinball loss comparison between models. The goodness of fit of the den-
sity forecast model was evaluated using the pinball loss (PL) score (see, for exam-
ple, Nowotarski and Weron 2018); we calculated the average PL of 19 percentiles
.q D 0:05; 0:01; : : : ; 0:95/. Figure 7 shows the difference in the ratio of the PL of
each model M to the PL of the model based on the log-price series QR model (the
“LQ model”): PLM=PLLQ � 1.

First, regarding the comparison between QR and OLS C G, the PL was smaller
overall for QR, which can simulate an arbitrary density shape, regardless of whether
logarithmic conversion was performed (this result corresponds to issue (iii) in
Section 1).

Second, the log-price models generally have higher forecast accuracies than the
price series models for both QR and OLS C G (this result corresponds to issue (ii)
in Section 1). This result may be natural for the OLSC G model in light of the fact
that the weekly price distributions are close to the lognormal distributions, as seen in
Figure 1. On the other hand, even for the QR model that can forecast arbitrary density
shapes, the result where logarithmic transformation improved the forecast accuracy
suggests the superiority of the multiplicative model over the additive model.

4.2.2.2 Reduction of PL by weather forecast. Here, in order to help solve issue (iv)
in Section 1, we consider the extent to which incorporating the weekly weather fore-
cast can contribute to reducing the forecast error (PL, in this case) for each season
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FIGURE 7 Comparison of PL in modeling approaches.

(month). Our problem awareness is similar to that in Huurman et al (2012), who
verified this effect using the daily average price. As shown in Figure 8, when the
weather forecast is incorporated (pink line), the forecast error is reduced, especially
in summer (and slightly in winter), compared with when it is not incorporated (blue
line). The reason why the forecast accuracy was hardly improved by the weather
information in spring and autumn may be because the price (demand) has almost no
relation to the temperature.

4.3 Profit by arbitrage

This section verifies the difference in arbitrage profit and loss risk between the
various trading strategies by using the average-forecast-based OLS and quantile-
forecast-based QR methods, each constructed in Section 3. Table 1 summarizes the
profit and loss risk of arbitrage trading for each of the six cases (where OLS uses
the L2 model and QR uses the LQ model, both incorporating the weather forecast).
In Table 1, N is the number of arbitrage opportunities (ie, the number of observed
weekly forward prices during the out-of-sample period), Narb is the number of times
the arbitrage was executed (ie, when Y is nonzero),Nloss is the number of times a loss
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FIGURE 8 PL reduction effect from weather forecast (monthly average).
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FIGURE 9 Difference in average arbitrage profit with and without weather forecast.

was incurred, and Loss is the ratio of Nloss to N . VaR95% means the 95th percentile
value of the distribution of arbitrage profit (loss if minus) and CVaR95% means the
average of the loss that was below the 95th percentile.

As a whole, when the quantile forecast using QR is performed, the risk of loss due
to arbitrage (Nloss, VaR95% and CVaR95%) can be significantly suppressed com-
pared with the OLS case. On the other hand, in terms of the average profit, OLS
generally has a larger profit; thus, there is a trade-off between risk and return. In
arbitrage using OLS, the average arbitrage profit should be maximized because the
decision is made to always take the position where the expected return is positive
regardless of the loss risk; hence, the calculation results obtained here are consis-
tent. In addition, the fact that there are significant arbitrage opportunities of around
1 U/kWh on average (which corresponds to around 10% when viewed as a propor-
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tion of the average spot prices of each load and area during the out-of-sample period)
may reflect the situation such that the JEPX forward market is quite illiquid and that
few market participants will find extreme prices (far from the fair prices) and carry
out arbitrage trading.

Finally, in order to evaluate the effect of using the weekly weather forecast from
the viewpoint of improving the arbitrage profit, we also separately calculated the
arbitrage profit obtained from the forecast model without the weather forecast, and
we summarize the average profits of all the cases in Figure 9. The pink bar graph
matches the value in parentheses for mean profit in Table 1 and the dotted line is a
simple average profit with or without the weather forecast. In all the four cases of
using OLS and QR, the arbitrage profit was significantly improved when the weekly
weather forecast was used. We suggest that improving the accuracy of electricity
price forecasts by incorporating the temperature forecast information could greatly
contribute to more economic market trading.

As described above, it was empirically shown that the proposed arbitrage method
works effectively in the JEPX market and can adjust the balance between risk and
earned profit according to the player’s risk tolerance. In particular, the empirical
analysis revealing that weekly weather forecasts greatly contribute to higher transac-
tion profit clearly indicates the information value of weather forecasts. The increment
in earned profit due to weather forecasts (1.5–3.3 times for each strategy) is a sig-
nificant amount compared with the reduction in forecasting error, which may mean
that even a marginal improvement in forecast accuracy can significantly increase
profitability in market trading.

5 CONCLUSION

In this study, we constructed a model using weekly weather forecasts for forecast-
ing week-ahead average electricity prices, which has hardly been studied in the past,
and we applied it to an arbitrage strategy in the forward market, demonstrating its
effectiveness by using six different cases of market data from JEPX. The empiri-
cal analyses of this research clarified the following new perspectives on unresolved
questions, yielding useful suggestions and ideas for the development and practical
use of the model.

(1) When forecasting the weekly average price, instead of using the weather fore-
cast directly as an explanatory variable, the two-step forecast approach, where
the measured temperature values mediate, is more advantageous in reducing
the forecast error.
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(2) When forecasting the price density, QR, which can directly forecast the per-
centile values of any density shape, has better forecast accuracy than GARCH,
which assumes a lognormal distribution.

(3) Common to both average forecast and density forecast, the multiplicative
model using the logarithmic series tends to have greater forecast accuracy
overall than the additive model using the original price series.

(4) The weekly weather forecast improves the forecast accuracy of the weekly
average electricity price for the following week and plays an important role in
earning profits in forward market trading.

Of these, regarding the case of using a log series in the two-step forecast (point 1
above), we pointed out that an estimation bias may occur if the probability density
of the log price due to meteorological prediction errors and price residuals is not
considered, and we provided a method to correct it, demonstrating its effectiveness.

Weekly weather forecasts are generally thought not to be particularly accurate due
to the long forecast horizon, as also demonstrated in this paper, and so they may
be overlooked by practitioners who forecast electricity prices, as evidenced by the
lack of previous studies. However, the value of such information can be enhanced
by devising modeling methods such as the logarithmic conversion and the two-step
forecast approach proposed in this study. In particular, we showed that using weather
forecasts can increase the arbitrage profit by 1.5–3.3 times.

The proposed arbitrage trading method that can consider the loss risk is likely
to be used by many businesses as the strategy can be flexibly changed to suit the
level of acceptable risk. In addition, our forecasting method using publicly available
weather forecasts has wide applicability in many markets. It can be constructed even
for the (relatively recently liberalized) markets where forecast information such as
demand and renewable energy generation is not available. In future work, we will
further explore whether our price forecasting and trading methods based on weather
forecasts can also be applied to different time granularity or horizons.
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