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Abstract— In today’s power system which has beenelectricity load and price forecasting has becomearem

restructured and converted
forecasting of electricity load and price are oframount
importance. They also form the basis for any denisi
making in the Electricity market. Planning of povegstem,
its operation and control
forecasting of power. Also accurate day ahead atgt

into full-fledged market important [2].

Accurate forecasting of electricity demand not omiill
help in optimizing the startup of generating uititslso save
the investment in the construction of required nembf

depends upon short-termpower facilities and help to check the risky operatand

unmet demand, demand of spinning reserve, and

price forecasting is crucial to power producers andvulnerability to failures [3]-[4].

consumers both so as they can develop accuratenigidd
strategies in order to maximize their profit. Inistpaper
Neural network has been applied in short-term |cadl
price day-ahead hourly forecasting of electricityanket.
Also, the forecast of load & price for each daytésting
year 2012 is being computed in ISO New England atark
The historical data used in the forecasting are rhou
temperature, load and natural gas price data. Tharly
data from the 2007 to 2011 has been used to trenANN
and tested was done on out-of-sample data from.2Z04@

Price forecasting provide crucial information foovger
producers and consumers to develop bidding stedeigi
order to maximize profit. It plays an importantaah power
system planning and operation, risk assessmentotet
decision making. Its main objective is to reduce tost of
electricity through competition, and maximize atfiat
generation and consumption of electricity. Becaof¢he
non-storable nature of electricity, all generatdecteicity
must be consumed. Therefore, both producers and
consumers need accurate price forecasts in ordsstablish

results obtained from simulation have shown highlytheir own strategies for benefit or utility maxiration [5].

accurate day-ahead forecasts with very small eimoload
and price forecasting. However load forecast of IN@w
England market is far better than price forecast®® New

In general, electricity demand and price in the lbale
markets are mutually intertwined activities. Shern load
forecasting is mainly affected by weather paranseter

England market. This is because price curves of anidowever, in short-term price forecasting, pricasctlate

electricity market is highly volatile & depends also many
other factors which must also be taken care off.
Keywords— Day ahead electricity price
locational marginal price (LMP), mean absolute
percentage error, neural network, power system, r$ho
term load forecasting.

. INTRODUCTION
With the introduction of deregulation in power irstiy,
many challenges have been faced by the participarttse
emerging electricity market. Forecasting electyicit

forecast,

cyclically in response to the variation of the dechaMany
factors which influence the electricity price, swhhour of
the day, day of the week, month, year, historicalgs and
demand, natural gas price etc. The ISO New England
market is co-ordinated by an independent systennatqre
(ISO). In the ISO New England market, it is obsertieat
daily power demand curves having similar pattewurt, the
daily price curves are volatile. Therefore, foreices of
LMPs become more important as it helps market
participants not only to determine the bidding teigges of
their generators, but also in risk management [5].

parameters such as load and price have become @ mayarious Al techniques used in load and price foséng

issue in deregulated power systems [1]. The fundéahe
objective of electric power industry deregulatisrefficient
generation, consumption of electricity, and recarctin
energy prices. To achieve these goals, accurateffiognt

problem are expert systems, fuzzy inference, furmayral
models, artificial neural network (ANN). Among the
different techniques of forecasting, applicationAMN for

forecasting in power system has received much taitem
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recent years [6]-[9]. The main reason of ANN beamgnéo  input/target pairs are needed to train a network.

popular lies in its ability to learn complex andniinear  Neural networks have been trained to perform comple
relationships that are difficult to model with cemtional functions in various fields, including pattern rgadion,
techniques [10]. identification, classification and speech, visiand control
In this paper, artificial neural network designeding systems. Neural networks can also be trained twesol
MATLAB R12 has been used to compute the short-ternproblems that are difficult for conventional conmgngt or
load and price forecast in ISO New England marBeth  human beings. In fitting problems, neural netwosk i
the hourly temperature and hourly electricity loadtorical mapped between data set of numeric inputs and afset
data have been used in forecasting. The temperatureimeric targets. The neural network fitting toohsists of
variable is included because temperature has adeghee two-layer feed-forward network with sigmoid hidden
of correlation with electricity load. In price far@sting neurons and linear output neurons. It can fit multi
hourly natural gas data has been also considerad agput  dimensional mapping problems arbitrarily well, give
for forecast. The neural network models are traioed consistent data and enough neurons in its hiddgr.ldhe
hourly data from the ISO New England market, frod®2 neural network is trained with Levenberg-marquardtk
to 2011 and tested on out-of-sample data from 20h2.  propagation algorithm.

simulation results obtained have shown that aifineural

network (ANN) is able to make very accurate shertrt For a perfect fit, the data should lie along a £grde
load and price forecast. Box plots [11] of the erro line, where the neural network outputs are equath®
distribution of forecasted load and price have bpletted targets. If the performance on the training segdsd, but

as a function of hour of the day, day of the week. the test set performance is significantly worseictitould
The paper has been organized in five sections.iddetit indicate over fitting, and then by reducing the ivem of
presents the overview of neural network usgection Il neurons can give good results. Regression R Values

discusses the selection of various data and mddaNN measure the correlation between outputs and tarfels

for day-ahead load and price forecasting. Results ovalue is 1 means a close relationship, 0 a random

simulation are presented in Section IV. Sectioni&tusses relationship. If training performance is worse,rthiecrease

the conclusion and future work. the number of neurons. Mean squared error whicthés
average squared difference between outputs ancbtsarg

II. ARTIFICIAL NEURAL NETWORK FOR LOAD indicates the accuracy of forecasting [12]-[13].
AND PRICE FORECASTING

Neural networks are composed of simple elementedal lll.  DATA INPUTS AND ANN MODEL

neuron, operating in parallel. A neuron is an infation = The models are trained on hourly data from the N&v

processing unit that is fundamental to the opemattb a  England market from 2007 to 2011 and tested onobut-

neural network. The three basic elements of therameu sample data from 2012. The data used in the ANNainod

model are- are historical data of both the temperature andrhjou
* A set of weights. electricity load. The relationship between demard a
« An adder for summing the input signals. average temperature is shown in Fig. 1, where aeclo
«  Activation functions for limiting the amplitude ahe  relationship between load and temperature can beroéd.
output of a neuron. Hourly temperature data for location in high demanda

Artificial neural network is inspired by biologicalervous has been considered in this paper.

systems. As in nature, the connections betweenesimm Relationship between LMP and system load in yed226
largely determine the network function. The Figl 3. shown by Fig. 2. It shows that as the system |loatebses
illustrates such a situation. A neural network bantrained ~With LMP and both are highly correlated. Fig. 3 whahe
to perform a particular function by adjusting thelues of  effect of natural gas price on LMP for ISO New Eargl

the connections (weights) between elements. In loafharket and both are interdependent.

forecasting, typically, many input/ target pairs aeeded to The ANN model includes creating a matrix of inptrsm

train a neural network. the historical data, selecting and calibrating dfesen
Typically, neural networks are adjusted, or trajrsaithat a model and then running the model. For the loadcast the
particular input leads to a specific target outfiie Fig. 3.2  inputs include

illustrates such a situation. Here, the networladgusted, *  Dry bulb temperature

based on a comparison of the output and the tangét,the * Dew point temperature

network output matches the target. Typically, maugh * Hour of day (1-24)
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» Day of the week (1-7)

» Holiday/weekend indicator (0 or 1)
* Previous 24-hr average load

e 24-hr lagged load

168+r (previous week) lagged lo

Similarly for price forecast, the inputs inclt

U.'
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Bysten Load in MW __»

Dry bulb temperature

Dew point temperature

Hour of day (1-24)

Day of the week (1-7)

Holiday/weekend indicator (O or

Load on System

Previous day's average load

Load from the same hour the previous

Load from the same hour and same day from
previous week
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Fig. 1. Scatteplot of system load vs. temperature v

quadratic fitting equatiol

Relalionship between LMP and load of IS0 New England in year- 20112
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Fig. 2. Relationship betvea LMPand load in ISO New
England market fothe yeir 2012 with cubic fitting
equation
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Fig. 3. Relationship between LMP and natural gas prict
scatter plot for ISO Ne®ngland markein year 2012 with
cubic fitting equation.

IV. SIMULATION AND RESULTS
In this paper hourly daghead load and price forecasting
been done for sample of eatthy of data of year 2012 using
neural network tool box of MATLAB R12a. The ANNsex
trained with data from 2007 to 2011 of ISO New Emgl
market. The test sets are completely separate fitoa
training sets and are not used for model estimatio
variable selection.
Various plots of the error distribution as a fuootbf hour of
the day, day of the weelre generated. Also, the varic
plots comparing the day ahead hourly actual anectstd
load and price for each ddgr the year 2012 are also
generated.
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MAPE has been taken as a matric as a measureaftel
show the effectiveness of the ANN over an averggs of
time. Most of time ANN is forecasting with minimu
possible error and high absolute error at one oo
instances may occur but ettiveness of ANN remair
good most of the time. These errors may also bekeut
with more modifications in the ANNSimulatior results of
ISO NewEngland market is discussed bel

A. Load Forecashg of 1ISO New England Mart

The ANN'’s accuracy on out-cfample periods is comput
with the Mean Absolute Percent Error (MAPE) metritke
principal statistics used to evaluate the perforreansf thes¢
models, mean absolute percentage error (MAPEgfisetl
in eq. 1 below

MAPE [%) = . Z 100
: (1)

where Ly is the actual |0ad,|:LIS the forecasted load, is
the number of data points.

The ANN model used in the forecasting has inputput
and one hidden layers. Hidden layes % neurons. Inputs
to the neurons are dssted above. After simulation tf
MAPE obtained is 1.9% for load forecasting for the ye
2012, as shown in Fig. 4.

The boxplot of the error distribution of forecasted loala
function of hour of the day is presented in Fig. 5. Itvgh
the percentage error statistics of hour of the mayear
2012. It is also evident that the highest erroioisthe 2.
hour of the day and least error for™Hour of the day it
year 2012. The boglot of the error distribution ¢
forecasted load as a function of day of the weeakvauatec
in Fig. 6 which shows the percentage error statistif day
of the week in year 2012. The highest error is tioe
Monday and least error for Saturday in y2012.

" o
b -
: 0~ TR B -

Fig. 4. Multiple series plot between actual loa
forecasted load by usingNN for year 2012 with MAP
1.59%
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Fig. 5. Boxplot of the error dlstnbution cforecasted load

as a function of hour of the day for year 2(
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Fig. 6. Boxplot of the error distribution for the forecast
load as a function of day of the week in the yédrZ
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B. Price Forecadhg of ISO New England Marlk
For price forecasting the accuracy of forecas
accomplished by MAPE, this is computes in eq. 2 below

N | pi i

MAPE %) = 2 > 'PA—‘Df“' x 100
N & Py

i=1 : (2
Where R and R are the actual and forecasted hourly pri
N is the number of hours, and i is the hour in
The ANN model used in the forecasting has inputpuot
and one hidden layers. Hidden layer has 22 neuThe 14
different inputs to the input layer are same ascifipd
above for price forecast. We were able to obtailV&PE
9.25% for price forecasting in the y 2012, which is
shown in Fig. 8.
The boxplot of the error distribution of forecasted prizg
a function of hour of the day is evaluated in Figlt shows
the percentage error statistics of hour of the mayear
2012. It is clear that the highest error is for " hour of
the day and least error fof* hour of the day in year 201
The boxplot of the error distribution of forecasted prigg
a function of day of the week is evaluated in Fi§. It
shows the percentage error statistics of day oftéek in
year 2012. The highest error is for the Saturday laast
error for Monday in year 2012The Mean Absolut
Percentage Error (MAPE) between the forecastedcaandl
loads and prices for each daff month from September
December, 201has been calculated and presented in
Table |I.
The MAPE between the forecasted & actload, price for
each month has been calculated and presented ifathie
Il for the year 2012From the results obtained from Tal
I, it is clear that highest MAPE (2.10%) is for ©©Ober
month and least MAPE (1.18%) is for the month
February for day ahead hdyitoad forecast from the testit
samples of each month in ye2012.Also from Table I, i
is clear that highest MAPE (12.27%) is for June thaand
least MAPE (6.90%) is for October month for day adh
hourly price forecast from the testing samples ech
month in year-2012.
From the simulation results it is clear that MAPRained
during forecast on 24 December, 2012 is equal 23 66
between actual load & forecasted load & similarffedent
MAPE for load & price of eeh day is discussed in Tabl.
Also there is least error for dajread hourly load forece
on 28 Sep., 2012 from the testing sample of eaghirdthe
year 2012 with MAPE (0.48%) for 1ISO New Engle
market as shown in Fig. 13 & Table I.

50

MAPE: 9.25 %

T 250 Actual & F‘orecasted Price ?f ISO New Engla‘nd Market .
- 200+ b
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Fig. 8. Multiple series plot between aal & forecasted
price by using ANNn the year 2012.

A plot between actual & forecasted price also the fi's
MAPE on 15 Feb., 2012 for d-ahead hourly price forecast
from testing sample of each day in the year 201th
MAPE (3.14%) is shown in Fi(14.

The MAPE for load forecasting varies from 0.9098t87%
and it varies from 5.6% to 19.87% in the case ofg
forecasting for weekly testing sample <
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Fig. 9. Boxplot of the error distribution of forecasted pri
as a function of hour of tl day for year 2012.

Page| 29



International Journal of Advanced Engineering Resezh and Science (IJAERS)

[\-2, Issue-6, June- 2015]
ISSN: 2349-6495

Ravnakikvwn f funeast ponar halishics: by weskaday 8 3 3 8
bl + 14 2.0 13| 1.9
472| 365 10 7.21| 9| 221] 2| 6
15 2.4 13] 1.9
5w ] _ ] 96| 7.62| 562 791| 9| 222 1| 8
z + = g 16 1.9 11] 2.8
p + ro- 8.77| 96| 6.34 54¢| 6| 1.62| 2| 5
3 I S S 17 115 1.0 15[ 1.2
£ % E ; % = ; 791| 823 5|61z 1]075 7| 1
E i ,ﬁl = 18 | 13.1 10.8 1.4
é é é % 6| 64| b5|54¢| 5| 135 19 14
o _ = — = = — 19 12.7 2.6 16| 15
e n
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436| 2| 788|491 2| 267 9| 3
TABLE | 21 132 1.0 12] 14
RESULTS FOR OUT-OBAMPLE DAILY TEST FRO 481] 7]549/ 658 4]18) 5| 6
SEPTEMBERDECEMBER, 201 22 1.4 40| 2.2
6.21| 6.72| 6.08 7.9¢| 4| 154/ 3| 3
Da | MAPE (%) for Each Day of th®onth of Year 201: 23 13 39) 14
y During DayAhead Load & Price Foreciof ISO 9.17] 315 7.19 7.7¢ 3| 0.96 6 7
New England Mark: 24 114 16 21| 6.2
S oo 6.95| 43| 2| e€| 1| 09| 8| 3
Sep.| Oct.| Nov| Dec.| Se| Oct. | No | De 25 111 19.€ 20| 27
' o v | e 3| 525 927 2| 1.8/ 089 5| 1
1 | 16.8] 102 14.2 15| 1.2] | %6 B U L 1';’ - 1';‘ 3'21
5| 8|953 6| 15/134] 8| 5 : : 99 7 :
2 | 116 78] 15 14 21|27 13.7 13 06) 13
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784| 614 4| 527| 15 1.29] 9| o9 402| 783 804 ) 8]|204 4) 1
2 3 sel 121 | 29 12.9 [ 13| 114 14] 14
9.25| 418 834 15 5| 1.64| 7| 3 764) 21913 82] 5| 5| 8] 1
5 136 100 13| 1.8 13.2| 23.4 13) 13
201l 572 4l 1l 17| 136 4| oll30 | 771 183 9| 5| 11| 723 4| 7
6 70| 128] 15 13 20| |3 || | N 4.7
102| 516| 9| 6| 8|194| 8| 8 6.32 98z] - | 259] - 2
7 146| 21.8| 1.3 31| 1.2
858| 731 2| 7| 3|223| 9 a4 TABLE I
124 IR 581 11| RESULTS FOR OUT-OBAMPLE MONTHLY TEST |
5| 449 789 9| 4| 274 8| 8 YEAR 201
9 2.4 15| 1.4
7.26| 378 83 7.92 4| 118 5| 6 S:N. Month _ MAPE (%)
10 116 2.3 20| 13 Price Load
798| 465 993 1| 2|114| 3| 4 1 January 9.21 1.56
11 51 531 1.9 2 February 6.92 1.18 (min)
401| 3.96| 498 7.2 6|137| 3| 5 3 March 9.57 1.69
12 | 111 13.0] 1.6 25| 1.8 4 April 10.78 1.53
9| 963| 657 1| 4|097] 4| 9 5 May 9.00 1.26
13 | 102 536 6.11 448 1441.27| 09| 1.7 6 June 12.27 (max) 1.36
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7 July 10.52 1.51
8 August 7.60 1.51
9 September 8.17 1.62
10 October 6.90 (min) 2.10 (max)
11 November 9.63 1.71
12 December 10.39 2.04
x 10" Actual & Forecasted Load on 28 September, 2012
16 ; ; ;
¢ - - — T
% 141 / \ i
c —- — Actual i
é 2 / —— Model \
3 1 \ 7 i
08 1 1 1
09/28/12-00:00 06:00 12:00 18:00 09/29-00:C
MAPE: 0.48%
¢400
gzoo

_200 1 1 1
09/28/12-00:00 06:00 12:00 18:00 09/29-00:(
Fig. 13. MAPE is least ( 0.48%) for day ahead hpload
forecast on 28 September from the testing samfpleaah

day in year-2012.

Actual & Forecasted Price of ISO New England Market on 15 Feb.,2012

a1
o

LMP in $MWh — >

401} / //\ J
P \\
> /
30r / T~ N
N = -
20 L L L
02/15/12-00:00 06:00 12:00 18:00 02/16-00

—+ — Actual

MAPE: 3.14%
4 T

—>

—— Model

LMP in $/MWh

02/15-7112-00:00 06;00 12;00 18200 02/16-00
Fig. 14. MAPE is 3.14% for day ahead hourly price
forecast on 15 February from the testing sampleaah day
in year 2012.

MAPE for day ahead hourly load & price forecasti®O

New England market in year-2012 has been calculated4]

From these simulation results it is clear that bgh& least
error occurred during the load forecast is on 2%oDer &
28 September with MAPE equal to 11.45% & 0.48%

respectively. Also the highest & least error ocedrduring
the price forecast is on 22 June & 26 Septembdr MAPE
equal to 50.55% & 2.51% respectively. The MAPE |&&d
forecasting are far better than that of price fastng. This
is because price curves of ISO New England poweakenha
is highly volatile & depends on also many othertdes
which must also be taken care off.

V. CONCLUSION AND FUTURE WORK

This paper presented day-ahead short-term elegttimad
and price forecast by using artificial neural netw(ANN)
approach in ISO New England market. In ISO New
England market, the main challenging issue is tiratdaily
market price curves are highly volatile. The sintiola
result produced accurate predictions even in \litjatiases.
The test results also confirm that the power demarttie
most important variable affecting the electricityicp. The
ANN model used has forecasted load and price foh éay

of the year 2012 and results indicates that itgerformed
well in each day even in the case of sudden weather
changes. The forecasting reliabilities of the ANMNdal
were evaluated by computing the MAPE between tlaetex
and predicted electricity load and price valuese MAPE

for load forecasting varies from 0.90% to 3.87% and
varies from 5.6% to 19.87% in the case of pricedasting
for weekly testing sample sets. The average MAP&ionéd

is 1.55% for load forecast and average MAPE focepri
forecast is 9.25% in the year 2012. The resultgesigthat
present ANN model with the developed structure can
perform good prediction with least error.
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