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Abstract

This paper proposes a comprehensive model for the adaptive short-term electricity price forecasting using Artificial Neural Networks

(ANN) in the restructured power markets. The model consists: price simulation, price forecasting, and performance analysis. The factors

impacting the electricity price forecasting, including time factors, load factors, reserve factors, and historical price factor are discussed. We

adopted ANN and proposed a new definition for the MAPE using the median to study the relationship between these factors and market price

as well as the performance of the electricity price forecasting. The reserve factors are included to enhance the performance of the forecasting

process. The proposed model handles the price spikes more efficiently due to considering the median instead of the average. The IEEE

118-bus system and California practical system are used to demonstrate the superiority of the proposed model.

q 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

With introduction of deregulation into power industry,

price of electricity has been the key of all activities in the

power market. Accurately and efficiently forecasting

electricity price becomes more and more important. In

this paper, we mainly describe short-term price forecasting

of electricity in the environment of restructured power

market.

In other commodity markets like stock market, agricul-

ture commodity market and supermarket, price forecasting

has always been the focus of studies because of its

importance [1–5]. Simply thinking, for electricity, which

is also a commodity, its price should have been forecasted

along the same lines. However, electricity has its distinct

characteristics from other commodities. For example,

electricity cannot be stored economically and transmission

congestion may prevent free exchange among control areas.

Thus, electricity price movement shows very great, actually

the greatest, volatility among all commodities. So, if we

simply employ forecasting methods used for other com-

modity prices, we can expect low accuracy without surprise.

People in power industry are familiar with load

forecasting. With deregulation, more and more attention

has been paid to price forecasting [6–8]. However, those

methods having been used are either too complex to

implement [6] (simulation method), or too simple to have

enough accuracy [7] (modular time series analysis with

heuristic logic). ANN method is a simple and powerful tool

for forecasting. [8–9] use this method and apply it to

practical system. However, the accuracy is not satisfying.

Besides, the factors, which impact price, they consider are

very limited, just including historical price and system load

([9] also considers reserve information). We know that

many factors are impacting electricity price, in which some

factors are more important than others are. And practically,

we can only consider those more important factors. So, it

will be very useful to study which factors really impact price

and to what extent. In order to do that, an efficient way is

necessary. ANN method, because of its effectiveness and

easy-to-implement, is powerful in fulfilling this task. So, we

will employ ANN method to study which factors impact

price. The factors we will consider include line limit, line
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outage, load pattern, reserve pattern, bidding pattern and

generator outage.

As for forecasting accuracy measure, the most widely

used is Mean Absolute Percentage Error (MAPE). For load

forecasting, it is a reasonable measure. However, when used

for electricity price forecasting, it will cause some problems

due to the properties of electricity price. Electricity price

can rise to tens of or even hundreds of times of its normal

value at some periods. It may drop to zero or even to

negative at other periods. According to traditional definition

of MAPE, in the former case, the Absolute Percentage Error

(APE) is at most 100%, while in the latter case, the APE will

be very large and even go to infinity. So, a more reasonable

measure is needed considering the special properties of

electricity price.

The ANN is analogous to a human expert who can be

trained by adopting the forecasting process and learn by

experience. The proposed process consists of two stages: the

training stage and the forecasting stage. Each stage is an

adaptive process in the sense that it includes a feed back

process which allows the ANN to learn from its mistakes

and correct its output by adjusting its neurons. At the

training stage, we identify the proper training matrix,

identify the proper ANN (number and type of neurons and

layers), and train for price forecasting. The sophistication of

the training stage will depend on the type of application that

is proposed (marketing, generation, etc). The training stage

could get to be a cumbersome process if it is not done right.

For instance, the over-training of neurons can seriously

deteriorate the forecasting results. Furthermore, training the

ANN based on a training matrix that is very different from

the input matrix can also damage the forecasting results and

the performance. At the forecasting stage, we would apply

the proper input matrix to the trained network and obtain the

price forecast.

Fig. 1 depicts the forecasting process. The main

components of the proposed model are explained in the

following: (1) Adaptive Training of ANN: We have used

ANN for adaptive training. Based on our proposed process,

the proposed forecasting module will be trained individually

for each potential application and its training will depend on

the sophistication of training matrix, physical behavior of

the power systems and the proposed use (i.e. marketing,

power production, regulatory issues) of the forecasted price.

In each application, ANN will capture the previous

experience of individual users in price forecasting, and

apply that experience in training the proposed module. The

adaptive training process will enhance the performance of

proposed module as additional training data get to be

available. (2) Training Matrix: The content of the training

matrix that will be used for training ANN will depend on the

type of application that is intended for the proposed module.

We can consider several physical factors in the training

matrix such as, transmission line limits, line outages,

transmission line maintenance schedule, transmission net-

work congestion statistics, load patterns, reserve patterns,

bidding patterns, types of generators, generator outages,

generator capacity, maintenance schedule of generators,

market power and other kinds of unfair competition. In

order to determine the impact of physical factors on price

forecasting, we calculate the sensitivity of electricity price

to these factors and apply the results extensively in

designing the proposed module. (3) Input Matrix: The

content of the input matrix that will be used for calculating

the price forecast will depend on physical factors that are

going to be used as input to the ANN. We test the proposed

module by applying a set of practical input data (represent-

ing the state of the system) to the trained ANN and

comparing the proposed price forecasting results with those

of practical cases.

The performance of price forecasting using the proposed

MAPE utilizing the median and considering reserve factor is

compared with the performance utilizing the average and

without considering reserve factor [10].

2. Electricity price simulation

We study the impact of the market participants’ bidding

strategies and load distribution on prices by simulating the

electricity price. We mimic the actual dispatch with system

operating requirements and constraints. The commercially

known packages for simulation include, MAPS and

UPLAN-E. Simulation methods must know the detailed

model of power systems and the procedure for pricing.

Then, based on the model and the procedure, the simulation

method establishes mathematical models and solves them

for price forecasting.

The following issues must be addressed in the

simulation of electricity price [6]: Transmission model,

Unit commitment, Transmission constrained dispatch,

Transmission security dispatch, Chronological simulation,

Large-scale system simulation capability, and Availability

of the required data which is sampled as follows:

Generating unit data, Transmission data, Transaction

data, Hydro data, load forecasts, load curves, nonconform-

ing loads, spinning reserve requirement, inflation pattern,

and emergency costs.Fig. 1. Price forecasting process.
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The main factors impacting the electricity price are

generator availability and generator bidding strategy on the

generation side. On the transmission side, forecasting the

value of Market Clearing Price (MCP) would not require

any information on the transmission system. However,

Zonal Market Clearing Price (ZMCP) or Locational

Marginal Price (LMP) forecasts we require the transmission

system information. The main transmission information

factors are network configuration and line limit. Line

outages are viewed as changing a network configuration. A

power system is divided into zones in which prices are the

same within a zone.

We use the load and reserve pattern information to

describe loads and reserves respectively. The pattern could

include distribution factors, values and bidding strategies.

Usually, we would have abundant information on the load

and reserve values. However, detailed information on

distribution factors and bidding strategies may not be

available. Similar to generation, bidding strategies of loads

and reserves may be inferred from historical data. We may

use zonal load and reserve to simplify the representation of

load and reserve distribution.

We can simulate electricity prices after simulating a

practical power system based on generation, transmission,

load and reserve. Generally, price simulation is a security

constrained optimal power flow problem (SCOPF), with the

objective of minimizing the cost of generation purchases

subject to the transmission security constraints.

Now, we simulate the price for the IEEE 118-bus system,

depicted in Fig. 2 [10]. Table 1 shows some important inter-

zonal lines which are studied in this example. It is assumed

that the other lines limits in the system will not be violated.

Simulation results would discuss the correlation between

prices and price drivers, including line limits, line outages,

Fig. 2. One-line diagram of 118-bus system [10].

Table 1

Important inter-zonal lines of 118-bus system [10]

Line index From bus To bus R (p.u.) X (p.u.) Line limit (p.u.)

120 75 77 0.0601 0.1999 0.3

128 77 82 0.0298 0.0853 1

148 80 96 0.0356 0.182 0.5

158 98 100 0.0397 0.179 1.5

159 99 100 0.018 0.0813 1
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generator outages, load patterns, reserve patterns and

bidding patterns. These sensitivity analyses will provide

an insight on how simulated prices will be impacted as

system undergoes various outages and changes. The results

of these sensitivity studies will help marketers and GENCO

operators decide on how to operate the system to maximize

the revenues. In the following, some of the sensitivity

results for the example system are discussed.

Fig. 3 shows the simulation results for prices of bus 96

and bus 80 as load is changed for various generator outages.

In this example, we consider generator 116 and 103 are on

outage. From Fig. 3, price behavior (vs. load) of bus 96 is

homogeneous, while that of bus 80 is non-homogeneous.

Consider the price behavior of bus 80 in more detail. The

most upper line represents the base case, where no generator

is on outage. In the base case, price always increases with

increase of system load and reserve. Other lines represent

cases with generator outages. In those cases, price first

increases with increase of system load, but then decreases

with increase of system load.

2.1. Probability distribution of electricity price

In this section, we discuss the calculation of the

probability distribution of electricity price using ANN

Method. In [11], authors indicated that, (a) For price

forecasting, a single point forecast is not enough. Here, a

single point forecast refers to using expected values of input

factors to forecast expected value of output. (b) Probability

distribution of input factors should be considered in order to

calculate a probability distribution of output. (c) Forecasted

of price and its volatility are intrinsically connected.

Based on these observations, we propose an indirect

method for calculating the probability distribution of

electricity price. In [12], mapping from impact factors to

price forecast is implemented by SCOPF. Fig. 4 shows the

mapping from load and reserve forecast to price forecast.

Likewise, if we know the probability distribution of load

and reserve forecasts, using ANN and the Monte Carlo

simulation, we calculate the probability distribution of price

forecast as shown in Fig. 5 [10]. In the proposed paper,

forecasted reserve is considered in the module of the

price forecasting.

First, we use ANN to find the relationship between loads

and reserves for 24 h (and other factors) and prices for 24 h.

Then, with this ANN, for a specific load and reserve sample

(24 h of loads and reserves), we can get a price sample (24 h

of prices) correspondingly. Thus, if we vary the load and

reserve samples (keeping other factors unchanged in this

case), we can get various price samples. In this example, we

vary the load and reserve by uniformly multiplying all 24-h

load and reserve with a factor which follows a normal

distribution (the mean is 1 and the standard deviation is 0.1

for the load and 0.15 for the reserve). So, each factor

corresponds to a load and reserve sample, and thus a price

sample. Each try is called one Monte Carlo simulation.

We make 2000 times of Monte Carlo simulations and

then we make probability analysis for prices at each hour.

The results showed that although the loads and reserves

follow normal distribution, the prices do not necessarily

follow the normal distribution at all hours. At some hours,

Fig. 4. Price forecasting by ANN.

Fig. 5. Probability distribution of price forecast.

Fig. 3. Price at different buses vs. system load with different generator

outages.
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the prices follow the normal distribution; however, the

standard deviation may differ from one hour to another.

3. Electricity price forecasting using ANN

The classical methods for forecasting include regression

and state-space methods. The more modern methods include

expert systems, evolutionary programming, fuzzy system,

ANN and various combinations of these tools. ANN has

gained more attention among the existing tools because of

its clear model, easy implementation and good performance.

We apply ANN to price forecasting in this section and use

MATLAB for training the ANN. ANN provides a very

powerful tool for analyzing factors that could impact

electricity prices.

Using ANN in price forecasting, we identify parameters

that would fit a predefined mathematical formula based on

historical data and use the resulting models to predict future

electricity prices based on actual inputs. The ANN method

is comparatively easy to implement. However, it fails to

capture temporal variations (e.g. congestion and contin-

gency). ANN consists of four layers: input includes time

factor (day of the week and hour of the day), load factor

(system load and bus load), reserve factor (spinning and

non-spinning), and line factor (line status, line limit); ANN

output is the individual bus prices. In [10], the ANN consists

of three layers since the reserve factor was not considered.

For a large-scale system, it may be difficult to include all

bus and line information, since the ANN scale could grow

much and the training time could increase significantly. So,

we must reduce the ANN scale while marinating a

reasonable accuracy, through (a) decreasing the number of

input neurons, or (b) decreasing the number of input vectors,

or (c) both.

The impacts of line limits, line outages and generator

outages on price are homogeneous (if we have enough

historical data, we can employ ANN to find the relationship

between these factors and price). However, the impact of

load and reserve patterns and bidding pattern on price

seemed non-homogeneous. From the SCOPF viewpoint,

there should be some relationships between price and load

pattern as well as reserve pattern. So, if we know load and

reserve distribution, we should be able to find the relation.

There lacks of an index to easily describe the bidding

pattern. One option is to suppose the bidding patterns are

regular and we can identify them based on historical data. If

they are regular for days of the week, we add a ‘day of the

week’ factor to the input data to represent the pattern. For

hours of the day, an ‘hour of day’ factor is added. For both

days of the week and hours of the day, both factors are

added. In other words, we introduce the time factor input in

ANN to represent the regularity of bidding strategy.

The larger the system, the smaller the impact of a

generator outage on market prices. For generator outages

representation, we use a zonal generator outaged capacity.

However, as we see in sensitivity analyses, the location

of generator is also very important. So, we use ‘an

adaptive learning’ to modify the trained ANN for generator

outages.

Congestion could cause differences in price among buses

(zones). Congestion occurs when a transmission line flow

would exceed its limit. So, line flow and line limit

information together could reveal line flow congestion and

its severity. Thus, to find the relationship between conges-

tion and price, we would calculate the relationship between

line flow, line limit and price.

There are two ways for representing this relationship

using ANN. First, we may take line limits and line flows

as direct inputs to ANN, as shown in Fig. 6. The problem

may escalate if we have a large number of lines. Hence,

we may opt to consider major (e.g. inter-zonal) lines

only. Another option would be to define a congestion

index which could include line flow and line limit

information and be able to convey a physical meaning on

system behavior.

Congestion index ¼
X

i

gðLi 2 FiÞ ð1Þ

where, Li is the line limit of line i and Fi is line flow of

line i: The function g is illustrated in Fig. 7.

Fig. 7 shows that when a line flow is close to the line

limit, the possibility of congestion is high; when the line

flow is much less than the line limit, the congestion

possibility would be smaller. This index value may be used

as an input to the ANN as depicted in Fig. 8. The difference

between the two options is that the latter would only have

one input with respect to congestion.

Fig. 6. ANN model for considering congestion explicitly.

Fig. 7. Congestion index.
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One implementation of the function g is as follows

gðxÞ ¼

1 x , 1=e

ln
1

x

� �
1=e # x # 1

0 x . 1

8>>><
>>>:

where

x ¼
Li 2 Fi

Li

3.1. IEEE 118-bus system price forecasting with ANN

Fig. 9 depicts actual bus prices in the 118-bus system.

Here, many bus prices represent a similar behavior as we

consider network alterations (generator line outages, load

fluctuations, etc). So we basically focus our attentions on

zones or buses with non-homogeneous price fluctuations.

For instance, Fig. 3 showed that the price at bus 80 has a

non-homogeneous behavior. Hence, for illustration pur-

poses, we primarily study the price at bus 80.

The process for forecasting bus prices based on ANN is

as follows: (1) Perform the simulation discussed in Section 2

for different 118 bus cases to determine bus prices. (2) Use

the simulation results for training the ANN. (3) Use the

trained ANN for forecasting bus prices.

3.1.1. Price vs line limit

Here we study the relationship between bus prices and

line limits. Two cases are presented. In Case A, the limit of

line 158 is 0.5 and 0.9 in the training set and 0.7 in testing

set. Case B is similar to Case A except more samples are

included in the training set. In other words, in Case B, the

limit of line 158 includes 0.5, 0.6, 0.7, 0.8 and 0.9. The

results can be analysed as follows: (a) Since the difference

between the simulation prices for line limits of 0.9 and 0.5

are large (Case A), we would need to introduce additional

ANN training cases (between 0.8 and 0.6) in order to

forecast bus prices more accurately (Case B). (b) Once we

include additional training sets (i.e. 0.9, 0.8, 0.7, 0.6 and 0.5,

Case B), the price forecasting accuracy improves

significantly.

3.1.2. Price vs outages

For line and generator outages, their impacts on price are

homogeneous, and different line (generator) outage shows

distinct impact. For a large-scale system, to include all line

(generator) statuses to neural network are impractical. The

solution is that, for different outage patterns, we could

employ different ANNs to train historical data and select

relevant ANN to forecast when related outages information

are available. Practically, we only need to train the ANN for

the most frequent and the most important cases.

3.1.3. Price vs load pattern

The ANN results reveal that the more training data we

include, the more accurate the price forecasts will be.

According to the definition of MAPE given in Section 4.2,

we conclude that: (a) If no bus loads are considered in ANN,

the MAPEis1.49%. (b) Ifbus loadsgreater than1.0 (about10)

are included in ANN, the MAPE is 0.98%. (c) If all non-zero

bus loads (about 81) are included in ANN, the MAPE is

0.87%. (d) If the three zonal loads are included in ANN, the

MAPE is 1.15%. Considering data availability and data

accuracy in real cases applications (i.e. individual bus loads

are not easily specified and the bus load information may not

be accurate), considering zonal loads would be a good choice.

3.1.4. Price vs reserve pattern

The ANN results reveal that the more training data we

include, the more accurate the price forecasts will be.

According to the definition of MAPE given in Section 4.2,

we conclude that: (a) If no bus reserves are considered in

ANN, the MAPE is 1.47%. (b) If bus reserves greater than

0.05 (about 0.5) are included in ANN, the MAPE is 0.96%.

(c) If all non-zero bus reserves (about 81) are included in

ANN, the MAPE is 0.84%. (d) If the three zonal reserves are

included in ANN, the MAPE is 1.09%. Considering data

availability and data accuracy in real cases applications (i.e.

individual bus reserves are not easily specified and the bus

reserve information may not be accurate), considering zonal

reserves would be a good choice.

4. Performance evaluation

In order to evaluate performance of the ANN module, we

would compare its forecasts with those of alternative

methods. The alternative methods are given as follows.

Fig. 8. Model for utilizing congestion index.

Fig. 9. Price profile for 118-bus system.
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4.1. Alternative methods

4.1.1. Alternative method 1 (AM1)

Let d be the index of day and h be the index of hour.

Then,

Priceðd; hÞ ¼
Loadðd; hÞ

Loadðd 2 1; hÞ
Priceðd 2 1; hÞ

4.1.2. Alternative method 2 (AM2)

We match the load profile of forecasting day with

historical load profiles of previous days to find N similar

days with matching load profiles. Then,

Priceðd; hÞ ¼
1

N

XN
j¼1

Priceðj; hÞ

4.1.3. Alternative method 3 (AM3)

Using the historical data, establish a price versus load

curve as in Fig. 10. In Fig. 10, if we could express the

analytical relationship for any of the given curves as

Price ¼ f ðLoadÞ; then we would calculate the corresponding

price for a given load value.

4.2. MAPE definition

4.2.1. Traditional MAPE

The percentage error (PE) is defined as

PE ¼ ðVforecasted 2 VactualÞ=Vactual100%

and the APE is

APE ¼ lPEl

then, the MAPE is given as

MAPE ¼
1

N

XN
i¼1

APEi

MAPE is widely used to evaluate the performance of load

forecasting However, in price forecasting, MAPE is not a

reasonable criterion as it may lead to inaccurate

representation.

If the actual value is large and the forecasted value is

small, then APE will be close to 100%. In addition, if the

actual value is small, APE could be very large even if

the difference between actual and forecasted values is small.

For instance, when the actual value is zero, APE could reach

infinity if the forecast is not zero. So, there is a problem with

using APE for price forecasting. It should be noted that this

problem does not arise in load forecasting, since actual

values are rather large, while price could be very small, or

even zero.

4.2.2. Proposed definition of MAPE

The average value for a variable V :

V ¼
1

N

XN
i¼1

Vactual

The average value was used as the basis to avoid the

problem caused by very small or zero prices [10]. In the

proposed definition, we use the median Vmedian since it is

less sensitive than the average to the presence of a few

extreme values such as spikes. Then, we redefine PE, APE

and MAPE as follows:

Percentage error (PE):

PE ¼ ðVf 2 VaÞ=Vmedian100%

APE:

APE ¼ lPEl

MAPE:

MAPE ¼
1

N

XN
i¼1

APEi

Fig. 11 shows price forecast from 05/29 to 06/04. Though

the forecast is not very accurate, half of the forecasts are

acceptable (forecasts of the third day, the fourth day, and

half of the first day are quite accurate; while forecasts of

other days are within þ (2 ) 50% range of the actual values).

So, a reasonable index to measure the quality of the forecast

should be close to 50%.

Using the traditional MAPE definition, the MAPE will

be infinite since the actual prices of some times are zero

Fig. 10. Alternative method 3. Fig. 11. Application of new MAPE definition (05/29–06/04).
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(6:00 AM in 05/29 for example, hour 6 in Fig. 11) or close to

zero (6:00 AM in 06/04 for example, hour 150 in Fig. 11).

Obviously, it is not reasonable. Using the new MAPE

definition, the MAPE is about 45.72%, which is reasonable

since it is close to 50%.

Fig. 12 shows price forecast from 03/01 to 03/07. Using

the MAPE traditional definition, the MAPE is about 9.23%.

Using the new MAPE definition, the MAPE is about 7.83%.

Both values are close to each other. The main difference

comes from hour 101 (45 vs. 18%), hour 126 (67 vs. 23%)

and hour 127 (55 vs. 22%). In these hours, the actual prices

are very small (less than 12 $/MWh) while the forecasted

prices are not very accurate.

5. Case studies

The data for California power market including system

loads and unconstrained MCP, from 1/1/99 to 9/30/99 is

adopted [13]. The load and price curves are given in Figs. 13

and 14, respectively.

5.1. Data pre-processing impact

In this section, we study the impact of data pre-

processing on ANN forecasting and compare the effects of

two pre-processing methods. Fig. 14 shows the actual prices

from 7/1 to 8/4 with spikes in 7/1, 7/12, 7/13, 7/14 and 7/15.

The training period is from 7/1 to 7/28 and the testing is for a

period from 7/29 to 8/4 based on this figure. Without any

pre-processing, the training MAPE is 39.89% and the

testing MAPE is 15.47%.

Two data pre-processing methods for eliminating price

spikes are considered: limiting price spikes and excluding

price spikes. For limiting price spikes, we consider the

following two options: First, we set an upper limit, P; on

price. In other words, in pre-processing, if price is larger

than P; it will be set to P: For example, if the price is larger

than 50 $/MWh, we set it to 50 $/MWh, Accordingly,

the training and testing performances are both improved (i.e.

training MAPE will be 7.66% and testing MAPE will be

13.58%). Second, we set an upper limit of price, P:

However, instead of setting prices higher than P to P; we

offer the following pre-processing scheme:

Ppre ¼

P if P # P

P þ P ln
P

P

� �
if P . P

8><
>: ð2Þ

We also introduce a post-processing scheme for

recovering the original price after curtailing its spikes.

The post-processing scheme for a forecasted price Ppre is as

follows.

Ppost ¼

Ppre if Ppre # P

P exp
Ppre 2 P

P

 !
if Ppre . P

8>><
>>: ð3Þ

where Ppre is the forecasted price and Ppost is the modified

forecasted price (i.e. after post-processing). Accordingly,

both the training and testing performances will be improved,

with MAPEs of 7.98 and 13.7%, respectively.

Fig. 12. Application of new MAPE definition (03/01-03/07).

Fig. 13. Load curve of California power market from 1/1/99 to 9/30/99.

Fig. 14. Price curve of California power market from 1/1/99 to 9/30/99.
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On the other hand, if we exclude days with price spikes

from the training data, training and testing performances

will both be improved more significantly (i.e. training and

testing MAPEs will be 5.12 and 11.05%, respectively). The

improvement in training MAPE is because of the exclusion

of price spikes. However, price spikes are the indicatives of

abnormality in the system, so we do not intend to delete

them from the training process. Consequently, we adhere to

the option of limiting the magnitude of spikes, rather than

eliminating them totally. Note that the performance of price

forecasting using the median is superior over the perform-

ance using the average [10].

5.2. Quantity of training vectors impact

In Table 2, the training period is from 2/1 to 4/4 The

testing period is fixed, from 3/29 to 4/4 (1 week). The

training period could be varying from 1 week to 8 weeks and

‘Case No’ in that table corresponds to the number of

weeks of training. In Case 1, the training period is from

3/22 to 3/28 (1 week). In Case 2, the training period is

from 3/15 to 3/28 (2 weeks). In Case 8, the training period is

from 2/1 to 3/28 (8 weeks). The training periods of Case 3,

4, 5, 6 and 7 are defined similarly. Since the ANN weights

are initialized randomly, every time we train and test ANN,

we could get a somewhat different result. To decrease the

randomness of error, we repeat the ‘training and testing’

procedure ten times for each case with the results shown in

Table 2. According to Table 2, testing MAPEs would first

decrease with an increase in the quantity of training vectors

(from Case 1 to Case 4), then remain flat (from Case 4 to

Case 6), and finally increase as we further increase the

quantity of training vectors (from Case 6 to Case 8).

5.3. Quantity of input factors impact

In this section, we study the forecasting of both MCP and

ZMCP The computation of ZMCP is more complicated than

MCP since ZMCP is related to system congestion. As

described before, it is not easy to consider the impact of

congestion because very little public information on

congestion is available. However, other factors such as the

system reserve may indirectly provide the congestion

information. So, by considering the reserve information

we anticipate to improve the forecasting accuracy of ZMCP.

The ZMCP in our study is that of Zone ‘NP15’, one of the 24

zones of the California market in 1999.

According to the factors considered in Table 3, we

could present three models for studying the impact of

input vectors. The study period is from 3/1 to 4/4. The

training period is from 3/1 to 3/28 (4 weeks). The testing

period is from 3/29 to 4/4 (1 week). Once again, we

repeat the training and testing procedures ten times for

each type of model and present the average MAPE

results. MCP and ZMCP results are shown in Tables 4

and 5, respectively.

From Tables 4 and 5, if we only consider the historical

price as input to ANN (i.e. T1M), we obtain the worst

forecasting performance. If we consider additional load

information (historical and forecasted load) as input to ANN

(i.e. T2M), we obtain a better forecasting performance than

that of T1M. Moreover, if we further consider the reserve

information (historical and forecasted reserve) as input (i.e.

T3M), the forecasting performance improves as compared

Table 2

Impact of quantity of training vectors on forecasting performance

Case

no

Training

vectorsa

Testing

vectorsa

Testing MAPE (%)

Average Minimum Maximum

1 3/22–3/28 (7) 3/29–4/4 (7) 12.54 12.38 12.69

2 3/15–3/28 (14) 12.03 11.49 12.36

3 3/8–3/28 (21) 11.65 11.44 11.97

4 3/1–3/28 (28) 10.99 10.92 11.03

5 2/22–3/28 (35) 11.03 10.95 11.25

6 2/15–3/28 (42) 11.07 10.98 11.34

7 2/8–3/28 (49) 11.41 11.35 11.50

8 2/1–3/28 (56) 11.58 11.39 11.84

a Training vectors and testing vectors (7) means 7 vectors.

Table 3

Factors considered in different types of model

Factors Type 1 (T1M) Type 2 (T2M) Type 3 (T3M)

Time X X X

Historicala MCP X X X

Historical load X X

Forecasted load X X

Historical reserve X

Forecasted reserve X

a Historical information refers to the previous day information.

Table 4

Forecasting performance of different models—MCP case

Type Network structure Testing MAPE (%)

Average Minimum Maximum

T1M 25-40-24a 12.46 12.21 12.95

T2M 73-100-24 11.05 10.97 11.10

T3M 121-150-24 10.93 10.86 10.98

a 25-40-24 means 25 input, 40 hidden and 24 output neurons.

Table 5

Forecasting performance of different models—ZMCP case

Type Network structure Testing MAPE (%)

Average Minimum Maximum

T1M 25-40-24 12.58 12.20 12.97

T2M 73-100-24 11.52 11.21 11.75

T3M 121-150-24 10.68 10.45 10.94
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with that of T2M. In general, the more factors we consider

in training, the better the forecasting performance will

be. Note that the performance of price forecasting using

the median is superior over the performance using the

average [10].

5.4. Adaptive forecasting impact

We can either use the fixed training weights or update the

weights (adaptive forecasting) frequently according to the

testing results In Table 6, a Type 2 model (T2M) is

employed and results are shown for comparing non-adaptive

and adaptive methods. From Table 6, adaptive forecasting

could provide a better accuracy since the adaptive

forecasting takes the newest information into consideration.

Note that the performance of price forecasting using

the median is superior over the performance using the

average [10].

5.5. Comparison between forecasting methods

In this section, we compare the ANN method with

alternative methods described in Section 4.1 and present the

results in Table 7 In this table, the new MAPE definition is

used to compare the different methods. Based on the results

of Sections 5.3 and 5.4, we consider the Type 2 Model (i.e.

previous day MCP, previous day load and forecast load to

forecast MCP). Here four weeks’ history data are used for

training and the data pre-processing technique is used. From

Table 7, the ANN method would provide better results than

alternative methods with appropriate training strategies

(data pre-processing, Type 2 Model, four weeks’ data

training) and appropriate forecasting strategy (adaptive

forecasting). Note that the performance of price forecasting

using the median is superior over the performance using the

average [10].

6. Conclusion

This paper presents a comprehensive model for the

adaptive short-term electricity price forecasting using

ANN in the restructured power market. The factors

impacting electricity price forecasting, including time

factors, load factors, reserve factors, and historical price

factor are discussed. Simulating data studies showed that

line limits, line outages, load patterns, reserve patterns,

bidding patterns and generator outages impacted elec-

tricity price. Practical data study also showed adaptive

forecasting and considering reserve factor could improve

forecasting accuracy. We also proposed a new definition

for the MAPE utilizing the median, which is less

sensitive than the average to the presence of a few

extreme values such as spikes, to avoid the demerits of

traditional methods of evaluating the performance of

electricity price forecasting. The performance of price

forecasting using the median is superior over the

performance using the average. ANN with appropriate

training strategies (data pre-processing, Type 2 Model,

four weeks’ data training, considering reserve) and

appropriate forecasting strategy (adaptive forecasting) is

a good tool for price forecasting compared to other

simple methods in terms of accuracy as well as

convenience.
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