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Day-Ahead Electricity Price Forecasting Using the
Wavelet Transform and ARIMA Models
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Abstract—This paper proposes a novel technique to forecast
day-ahead electricity prices based on the wavelet transform and
ARIMA models. The historical and usually ill-behaved price
series is decomposed using the wavelet transform in a set of
better-behaved constitutive series. Then, the future values of
these constitutive series are forecast using properly fitted ARIMA
models. In turn, the ARIMA forecasts allow, through the inverse
wavelet transform, reconstructing the future behavior of the price
series and therefore to forecast prices. Results from the electricity
market of mainland Spain in year 2002 are reported.

Index Terms—ARIMA models, electricity market, price fore-
casting, wavelet transform.

NOMENCLATURE

The notation used throughout the paper is provided below for
easy reference.

First constitutive price series (Detail 1).
Second constitutive price series (Detail 2).
Third constitutive price series (Detail 3).
Fourth constitutive price series (Approximation).
Daily error.
Hourly error.
Weekly error.
Price series and price value in hour h.
Estimate of the price in hour h.
True price in hour h.
Estimate of the price in hour h using an ARIMA
model.
Estimate of the price in hour h using the naïve
model.
Estimate of the price in hour h using the proposed
Wavelet-ARIMA model.
True average daily price.
True average weekly price.

T Number of available historical price values used for
prediction.
Wavelet transform.
Inverse wavelet transform.
Daily error variance.
Weekly error variance.
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I. INTRODUCTION

THIS paper frames itself in a pool-based electric energy
market. In such a market, producers submit to the market

operator selling bids consisting in energy blocks and their cor-
responding minimum selling prices, and consumers submit to
the market operator buying bids consisting in energy blocks
and their corresponding maximum buying prices. In turn, the
market operator clear the market using an appropriate market
clearing procedure that results in hourly energy prices and ac-
cepted selling and buying bids.

In the above framework, price forecasting is required by pro-
ducers and consumers. Both producers and consumers use day-
ahead price forecasts to derive their respective bidding strate-
gies to the electricity market. Therefore, accurate price esti-
mates are crucial for producers to maximize their profits and
for consumers to maximize their utilities.

Forecasting electricity prices is difficult because unlike de-
mand series, price series present such characteristics as noncon-
stant mean and variance and significant outliers.

The wavelet transform convert a price series in a set (typi-
cally three to six ) of constitutive series. These series present
a better behavior (more stable variance and no outliers) than
the original price series, and therefore, they can be predicted
more accurately. The reason for the better behavior of the con-
stitutive series is the filtering effect of the wavelet transform.
The procedure explained in this paper, denominated henceforth
Wavelet-ARIMA technique, takes advantage of such behavior.
To forecast the 24 hourly prices of day d, the Wavelet-ARIMA
technique works as follows.

Step 1) Decompose through the wavelet transform the avail-
able historical price series (up to hour 24 of day d-1)
in a set of constitutive series (typically 4).

Step 2) Use a specific ARIMA model fitted to each one of the
constitutive series to forecast its 24 future values for
day d.

Step 3) Use the inverse wavelet transform to forecast the
hourly prices for day d using the estimates for day d
of the constitutive series.

This technique is compared with an ARIMA model used di-
rectly to forecast the original price series. A naïve procedure is
also used for comparison. This naïve procedure establishes just
that the price estimates for a given week are the actual prices of
the previous week, therefore, using a no-change criterion.

This paper shows that the use of the wavelet transform as
a preprocessor of forecasting data improves the predicting
behavior of any technique such as ARIMA, transfer function,
neural network and others. This is way the comparison is
performed with and without the wavelet transform, not across
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techniques. For comparison across techniques, see our previous
works [1] and [2].

For the sake of simplicity and clear comparison, no explica-
tive variables are considered in the ARIMA models used in this
paper. However, we recognize that explicative variables such
as demand, hydro resources, maintenance outages and tempera-
ture, do help to improve predictions. Moreover, ARIMA models
are not significantly affected by explicative variables, but this is
not the case with transfer function or neural network models.
Nevertheless, this paper focuses on the advantages of using a
wavelet preprocessor, and therefore the time series technique
subsequently used is of secondary relevance.

Reported techniques to forecast day-ahead prices include
ARIMA models [1] and [3], dynamic regression models [2],
other time series techniques [4] and [5], neural network pro-
cedures [6]–[13], wavelet transform models [14] and [15],
heuristics [16], Bayesian techniques [17], and simulations and
others [18]–[20]. We believe that the hybrid technique (wavelet
transform plus ARIMA models) proposed in this paper is both
novel and effective.

The fundamental and novel contribution of the paper is to
use the wavelet transform to decompose an ill-behaved price
series into a set of better-behaved constitutive series. The future
behavior of all the constitutive series is then predicted and the
wavelet transform reversed to generate price prediction.

This paper is organized as follows. Section II specifies the
market time-framework used to forecast day-ahead prices. Sec-
tion III provides the details of the proposed forecasting tech-
nique based on the wavelet transform and ARIMA models. Sec-
tion IV contains the error and error variance definitions used
to assess the behavior of the technique proposed. Section V is
a case study based on the day-ahead electric energy market of
mainland Spain. Finally, Section VI provides some relevant con-
clusions. Two appendices provide background information.

II. FORECASTING FRAMEWORK

The time framework to forecast the day-ahead market prices
in most markets is explained below and illustrated in Fig. 1.

The market price forecasts for day d are required on day d-1,
typically at hour (around 10 am). On the other hand, data
concerning results for day d-1 are available on day d-2 at hour

(around noon). Therefore, the actual forecasting of market
prices for day d can take place between hour of day d-2 and
hour of day d-1. Therefore, to forecast prices for day d, price
data up to hour 24 of day d-1 are considered known.

III. FORECASTING USING THE WAVELET TRANSFORM AND

ARIMA MODELS

The available historical price series data to forecast the 24
hourly prices of day d is denoted by

(1)

This series includes historical data up to hour 24 of day d-1.
The value of T ranges usually between 168 (1 week) to 1344 (2
months).

The Wavelet-ARIMA technique works as follows.

Fig. 1. Time framework to forecast market prices for day d.

) Decompose through the wavelet transform the
available historical price series (up to hour 24 of
day d-1) in a set of four constitutive series.

A wavelet function of type Daubechies of order
5 and decomposition level 3 is used in this case
study. This wavelet offers an appropriate tradeoff
between wave-length and smoothness. This results
in an appropriate behavior for price prediction.

The wavelet transform applied to price series
result in 4 series denoted by

, and . Series ,
and are denominated Detail (1,
2, and 3) series, while is denom-
inated the Approximation series. This Approxima-
tion series constitutes the main component of the
transform, while the three details series provides
“small” adjustments. Thus, applying the wavelet
transform to the original prices series results in

(2)

For reader’s convenience, the wavelet transform
[21] is briefly described in Appendix A.

) Use a specific ARIMA model of each one of the
constitutive series to forecast its 24 future values
for day d.

An ARIMA model is then used to forecast hours
to for each one of the constitutive

series , and ; resulting
is estimated series , and

.
For reader’s convenience, the ARIMA tech-

nique [22] is briefly explained in Appendix B.
) Use the inverse wavelet transform to estimate the

hourly prices for day d using the estimates for day
d of the constitutive series.

The inverse wavelet transform is used in turn to
reconstruct the estimate series for prices, i.e.,

(3)

It is crucial to note that the approximation series
consistently presents a more stable variance than the
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Fig. 2. Part of the original and approximation series (November 4–10, 2002)
used to forecast the winter week.

original price series and no outliers. Fig. 2 shows one of the orig-
inal price series used in the case study (part of the data used to
forecast the winter week) and its corresponding approximation
series. The beneficial filtering effect of the wavelet transform is
apparent observing Fig. 2. The rationale above has motivated
the development of the Wavelet-ARIMA technique.

For the sake of comparison, ARIMA and naïve models are
used to forecast directly the prices of hours 1 to 24 of day d,
resulting respectively in estimate price series

(4)

and

(5)

The technique reported in the paper is restricted to predict
the general price trend including no spikes. If the market under
consideration suffers from cyclical occurrence of spikes, spe-
cific procedures to estimate such spikes are required.

IV. PREDICTION ACCURACY

To assess the prediction capacity of the Wavelet-ARIMA
model, in addition to the hourly error, two type of average
prediction errors are computed: the one corresponding to the 24
hours of each day and the one corresponding to the 168 hours
of each week.

The per unit hourly error is computed as

(6)

The per unit daily error is computed as

(7)

where

(8)

The denominator of the right hand side of (7) is the average
daily price to avoid the adverse effect of hourly prices close to
zero.

Analogously to the daily error, the per unit weekly error,
, is computed as

(9)

where

(10)

Again, the denominator of the right hand side of (9) is the
average weekly price to avoid the adverse effect of prices close
to zero.

A measure of the uncertainty of a model is the variability of
what is still unexplained after fitting the model, which can be
measured through the estimation of the variance of the error.
The smaller this variance, the more precise is the prediction of
prices.

Consistent with definitions (7) and (9), daily and weekly error
variances can be estimated as

(11)

(12)

The errors and error variances above are used in the case study
below.

V. CASE STUDY: MARKET OF MAINLAND SPAIN 2002

The day-ahead electricity market of mainland Spain [23] is
considered in this real-world case study. Price forecasting is per-
formed using data of year 2002. Moreover, models similar to
the one reported in this paper (not including the wavelet pre-
processor) are routinely used by the power industry in Spain for
price forecasting. It should be noted that the electricity market
of mainland Spain is a duopoly with a dominant player. This
results in price changes related to the strategic behavior of the
dominant player, which are hard to predict.

To illustrate the behavior of the proposed technique, results
comprising four weeks corresponding to the four seasons of year
2002 are presented. In this manner representative results for the
whole year are provided.

For the sake of a fair comparison the fourth week of Feb-
ruary, May, August, and September (months 2, 5, 8, and 11) are
selected, i.e., weeks with particularly good price behavior are
purposely not sought. This results in an uneven accuracy dis-
tribution throughout the year that reflects reality. It should be
noted that accuracy for the winter and spring weeks is around
5% while for summer and fall weeks is around 10%. We believe
those results are reasonably accurate for a study spanning one
whole year. However, for shorter time horizons accuracy distri-
bution can be improved.
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Fig. 3. Forecasting data for the winter season.

Fig. 4. Winter week: Actual prices and Wavelet-ARIMA estimates in C= per
megawatt hour.

To build the forecasting model for each one of the considered
weeks, the information available includes hourly price historical
data of the 48 days previous to the day of the week whose prices
are to be predicted.

The winter week is February 18 to February 24; historical
data available includes hourly prices from January 1 to February
17. The spring week is May 20 to May 26; historical data in-
cludes prices from April 2 to May 19. The summer week is Au-
gust 19 to August 25; historical data includes prices from July
2 to August 18. The fall week is November 18 to November 24;
historical data include prices from October 1 to November 17.

Fig. 3 provides the forecasting data for the winter season.
Observe the unstable mean and variance presented by this series.
Note that this unstable behavior makes forecasting hard.

For the winter week, Fig. 4 provides actual prices and price
forecasts using the proposed technique. For the weeks of the
other seasons, the corresponding plots are provided in Figs. 5,
6, and 7.

The prediction behavior of the wavelet-ARIMA technique for
the winter week is very appropriate with a weekly error below
4.8%. Weekly error for the ARIMA technique is 6.3%. Only the
mild spike (20% over the usual peak) of Wednesday evening

Fig. 5. Spring week: Actual prices and Wavelet-ARIMA estimates in C= per
megawatt hour.

Fig. 6. Summer week: Actual prices and Wavelet-ARIMA estimates in C= per
megawatt hour.

Fig. 7. Fall week: Actual prices and Wavelet-ARIMA estimates in C= per
megawatt hour.

is not properly reproduced. This spike is properly due to the
strategic behavior of the dominant player of the market.

The performance of the wavelet-ARIMA technique for the
spring week is accurate, with a weekly error below 5.7%.
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Fig. 8. Thursday of the spring week: Hourly percentage errors for (i) Naïve,
(ii) ARIMA, and (iii) Wavelet-ARIMA forecasts, respectively.

Weekly error for the ARIMA technique is 6.4%. The prediction
is more accurate during weekdays (where the bulk of profits
lay) than during the weekend.

For the summer week, the prediction behavior of the wavelet-
ARIMA technique is less accurate than for the winter and spring
weeks. However, it is reasonable accurate with a weekly error
below 10.7%. Weekly error for the ARIMA technique is 13.4%.
Tuesday and Thursday peak are not accurately reproduced due
to significant changes in prices between two consecutive hours
within a day, two consecutive days within the considered week
and with respect to the previous week. Note the significant pre-
diction accuracy for the weekend.

As for the summer week, the performance of the
wavelet-ARIMA technique for the fall week is not as good as
for the winter and spring weeks. Nevertheless, accuracy is rea-
sonable enough with a weekly error below 11.3%. Weekly error
for the ARIMA technique is 13.8%. Observe that this week is
particularly unstable in respect to price behavior, probably due
to the strategic behavior of the dominant player in the market.
The prediction is particular inaccurate for the morning and
evening peaks of Thursday, and for Sunday morning.

In summary, the forecasting behavior of the proposed
wavelet-ARIMA technique, as illustrated in Figs. 4–7, is ap-
propriate. This technique outperforms ARIMA models in all
considered weeks, which shows the usefulness and practical
interest of the wavelet preprocessor proposed in this paper.

The forecasting behavior of the proposed technique, as illus-
trated in Figs. 4–7, is appropriate. Note that it mildly deteriorates
in the summer week. Nevertheless, the proposed technique out-
performs ARIMA models in all weeks.

For the Thursday of the spring week, Fig. 8 provides hourly
percentage errors for the proposed Wavelet-ARIMA technique,
the ARIMA model and the Naïve procedure. Error plots for the
other days of this week and for the weeks of the other seasons
are similar, and they are not plotted for the sake of concise-
ness. However, it should be noted that hourly errors for both
the Wavelet-ARIMA and ARIMA techniques increase during
weekends.

Fig. 9. Daily errors corresponding to Naïve, ARIMA, and Wavelet-ARIMA
models for the weeks analyzed: (a) winter, (b) spring, (c) summer, and (d) fall.

The four plots of Fig. 9 provide daily errors for the considered
four weeks, using the Naïve, ARIMA and the proposed Wavelet-
ARIMA technique, respectively.

Note that the performance of the Wavelet-ARIMA technique
is generally better than the performance of the ARIMA
and Naïve techniques. However, the superiority of the
Wavelet-ARIMA technique is more apparent observing Tables
I and II below.

Finally, Tables I and II provide weekly errors and error vari-
ances for the four weeks analyzed, which correspond to the four
seasons of the year. For the sake of comparison, these errors are
computed for the Naïve procedure, the ARIMA model and the
proposed Wavelet-ARIMA technique.

Note that weekly errors (see Table I) and weekly error vari-
ances (see Table II) are smaller for the Wavelet-ARIMA tech-
nique than for the other techniques in all scenarios.

The CPU time required to forecast the 24 prices of the day-
ahead market is below 5 minutes using a Dell PowerEdge 6600
with 2 processors at 1.60 GHz and 2 Gb of RAM memory.
Although this is a significant amount of time, it is reasonable
within a day-ahead decision-making framework.

Analyzing the different plots represented in Figs. 4–8, and
Tables I and II, it can be concluded that the behavior of the
proposed technique is superior to the behaviors of the ARIMA
and the Naïve procedures. These experimental results confirm
the intuition that the wavelet transform produces constitutive
series that can be predicted more accurately than the original
price series. The superior predicting behavior of the proposed
technique is apparent in all weeks, as can be deducted observing
Tables I and II.

VI. CONCLUSION

If the wavelet transform is applied to an ill-behaved price se-
ries (non constant mean and variance, outliers, and seasonal and
calendar effects), the resulting constitutive series behave in gen-
eral better than the original price series. The approximation se-
ries (main component of the transform) consistently presents a
more stable variance than the original price series and no outliers.
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TABLE I
WEEKLY FORECASTING ERRORS FOR THE FOUR WEEKS ANALYZED

TABLE II
WEEKLY FORECASTING ERROR VARIANCES FOR THE FOUR WEEKS ANALYZED

Therefore, the future values of the constitutive series can be fore-
cast accurately, even using simple procedures such as ARIMA
models. The application of the inverse wavelet transform to the
predictions of the constitutive series allows producing accurate
forecastof theoriginalprice series.The abovehasbeen illustrated
using data of the day-ahead electric energy market of mainland
Spain for year 2002. The functioning of the proposed technique,
whichisbasedonthewavelet transformandARIMAmodels,out-
performs the direct use of ARIMA models.

APPENDIX A
WAVELET TRANSFORM

This appendix describes the wavelet transform that works ba-
sically as follows.

1. Select a typical wavelet function and the origin of the
series to be analyzed. This function is used to project
the price series under analysis.

2. Project the series on the wavelet function and obtain
the decomposition coefficient that provides the de-
gree of similitude of the price series and the wavelet
function.

3. Shift forward the wavelet function and repeat 1 and 2
until the original series has been fully analyzed.

4. Scale appropriately the wavelet function, and repeat
steps 1 to 3. This allows generating a new set of de-
composition coefficients for a lower resolution level.

5. Repeat Step 4 to consider all required levels of
resolution.

The wavelet transform procedure is carried out considering a
finite number of positions and resolution levels (discrete wavelet
transform). Using this technique, the decomposition coefficients
of the wavelet transform of the hourly price series are given by

(13)

where is the selected wavelet function, is the value of
the price at hour t, T is the length of the series, is the decom-
position coefficient corresponding to position n and resolution

level m. Note that if the number of observations, T, is divisible
by , then the number of coefficients at each resolution level is

. To speed up calculations, expression (13) can be treated
as a convolution, and the efficient Fast Fourier Transform used,
as stated in [21].

An efficacious manner to select the wavelet functions is the
multi-resolution technique based on using a father wavelet func-
tion and its complementary, a mother wavelet function. The fa-
ther function allows deriving the low frequency components of
the series, while the mother one allows deriving components
of high frequency. Additionally, it is convenient to choose or-
thogonal wavelet functions due to their appropriate mathemat-
ical properties.

The so-called “approximation series”, ,
and the “detail series”, , are defined as

(14)

and

(15)

where and are the father and mother
wavelet functions, and and are the coefficients
obtained through (13). Note that and

are series, i.e.,
and .

It can be shown, see [21], that the expression of the original
price series can now be reconstructed by

(16)

which is the denominated multiresolution decomposition of the
price series .

In this paper we consider 3 detail series and the resulting ap-
proximation series. That is, , and

.
Some comments are appropriate. First, Daubechies wavelets

are the most commonly used in applications. For these families
of wavelets, the smoothness increases as the order of the func-
tions do; nevertheless, the support intervals also increase, which
may deteriorate the prediction. Therefore, low order wavelet
functions are generally advisable. Second, a long estimation
period may originate inaccuracies because market conditions
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evolve with time. On the other hand, a short estimation period
may originate volatile estimations. Therefore, an appropriate
estimation period should be selected based on trial and error.
Finally, it should be noted that efficient numerical implemen-
tations of the procedure above are readily available (see, e.g.,
[24]).

APPENDIX B
ARIMA FORECASTING

The standard statistical methodology to construct an ARIMA
model includes the following.

Step 0) A class of models is formulated assuming certain
hypotheses.

Step 1) A model is identified for the series considered.
Step 2) The parameters of the model are estimated.
Step 3) If the hypotheses of the model are validated, the

procedure continues in Step 4; otherwise, the pro-
cedure continues in Step 1 to refine the model.

Step 4) The model is used to forecast.
These steps are briefly explained below.
Model Selection (Step 0). The proposed general ARIMA

model has the form

(17)

where is the price at hour h and is the error term. Polyno-
mials and are functions of the back-shift operator B
(observe that ). That is,

, and are polyno-
mial coefficients, and

, and are polynomial coefficients.
The number of terms of the polynomial functions and

and , respectively, depends on the time series under
analysis.

Note that including in the left hand side of expression (17)
factors of the form allows taking into account appro-
priately the seasonality effects. Finally, certain hypotheses on
the error terms, , are needed to ensure the effectiveness of the
predictions.

Model identification (Step 1). The target of this step is to iden-
tify which polynomial parameters should be estimated. The ini-
tial selection is based on the observation of the autocorrelation
and partial autocorrelation plots [22]. Further refinement of the
selection is based on physical knowledge and on engineering
judgment.

Polynomial parameter estimation (Step 2). Once the param-
eters of the polynomials different from 0 have been identified
(through plot observation, physical knowledge and engineering
judgment), these parameters should be estimated. The estima-
tion procedure is based on available historical data. Good esti-
mators are usually found assuming that the data constitute ob-
servations of a stationary time series and maximizing the likeli-
hood function with respect to the polynomial parameters. Good
estimations can be obtained using commercial software, such as
[25].

Validation of model hypotheses (Step 3). In this step, a diag-
nosis check is used to validate the model assumptions. If the es-
timated model is appropriate, then, the residuals (actual prices

minus predicted prices) should behave in a manner consistent
with the model. Residuals must satisfy the requirements of a
white noise process: zero mean, constant variance, uncorrela-
tion and normal distribution. If the hypotheses on the residuals
are validated, then the corresponding model can be used to fore-
cast prices and this step concludes successfully. Otherwise, the
residuals contain a certain structure that should be analyzed to
refine the model, and the procedure continues in Step 1. To re-
fine the model a careful inspection of the autocorrelation and
partial autocorrelation plots of the residuals is advisable.

Actual prediction (Step 4). In this step, the corresponding
model from Step 2 is used to predict future values of prices, typ-
ically 24 hours ahead. It should be noted that prediction quality
deteriorates as the predicted hour increases, i.e., the error of the
estimate of hour 24 is typically greater than the error of the es-
timate of hour 1.
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