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e, A Study of Load Demand Forecasting Models in Elecic
LQ % Power System Operation and Planning
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Abstract— Load demand forecasting is an essential process in electric power system operation and planning. It
involves the accurate prediction of both magnitudes and geographical locations of electric load over the different
periods of the planning horizon. Many economic implications of power utility such as economic scheduling of
generating capacity, scheduling of fuel purchases, security analysis, planning of power development, maintenance
scheduling and dispatching of generation units are mainly operated based on accurate load forecasting. This paper
presents the survey of electricity demand forecasting for power system management. The introductory section provides
the importance of electricity demand forecasting. Subsequent sections cover recent trends of demand forecasting
techniques development in energy power systems. Several models have been surveyed to identify the demand pattern
and predict the future demand. These techniques would be useful to determine the powerful energy management
strategy so as to meet the required load demand at minimum operating cost.

Keywords— Electricity demand forecasting, Energy model, Powesystem management, Load forecasting, Renewable eggr
Sustainable development.

referred to as the monthly load forecast.
1. INTRODUCTION Long-term electricity demand forecasting is a alci
- . . . part in the electric power system planning, tariff
GIOba.‘I electr|C|ty_ o_iemand IS prol_ected to |n<_:redu;e regulation and energy trading [2]. A long-term foast is
85% in 2040 as living standards rise, economiesiecp required to be valid from 5 to 25 years. This tygfe
and the need for electrification of society coné8yl].  tqrecast is used to deciding on the system geveratid
Electricity demand forecasting plays an import@iéin — ,nsmission expansion plans. A long term foredgst
load allocation and planning for future generation generally known as an annual peak load
facnmt_as and transmission augmentation. Load Wa This paper aims to address the survey of elegtricit
In a given season IS SUbJecF to a range c_>f uncewta demand forecasting for power system management.
including unc_ierlylng. populanon g_rlovvth,.cllm_ate aga Several models have been surveyed to identify the
and economic conditions. In addition, historicaladare  jamand pattern and predict the future demand. These
oflmp((j)rftance m_demandbforde_c%stglg. h _ techniques would be useful to determine the powerfu
Load forecasting can e divided into three categori energy management strategy so as to meet the edquir
short-term forecasts, medium-term forecasts andy lon ;.4 demand at minimum operating cost. The factors

term forecasts. The natures of these forecasts arﬁ\fluencing the ranges of demand forecasting, are
different as well. discussed ’

Short-term forecasts are usually from one hourrte o
week. _They play an _important role in. the day.-to-day 2 EACTOR AFFECTING ELECTRICITY
operations .of a utility such as unit commitment, DEMAND FORECASTING
economic dispatch and load management. A short term
electricity demand forecast is commonly referredsmn  The aims of load forecasting are to predict thedloa
hourly load forecast. pattern. There are several factors that shouldakent
Medium-term forecasts are usually from a few weeksinto consideration for load forecasting, which daa
to a few months and even up to a few years. They ar classified as time factor, economic factor, weather
necessary in planning fuel procurement, schedulimg condition and customer factor [3-5].
maintenance and energy trading and revenue assgssm .
for the utilities. A medium-term forecast is comrpon 2.1 Time factor
Time is the most important factor in load foreaagti
since its impact on consumer load is highest. Xog a
Geng (2012) classified the load influences factdp i
N. Phuangpornpitak (corresponding author) is withe t three types, namely short-term, medium-term and-lon
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ko, Fromes s o o o Shortfem load forecasing. te factors a1
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napaporn.ph@ku.ac.th have not the characteristic of time duration, fearaple
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forecasting periods, and have certain characteristi
time duration, for example seasonal climate chakge.
long-term load forecasting, the influence factaustain

for a long time, usually many forecasting periodsd
have notably the characteristic of time duratioar f
example the change of gross national product aed th
population.

Fahad and Arbab (2014) note that the observing load
curve of different grid stations is periodic [7].h&
periodic of load curve occurs not only in the dddgd,
but also in the weekly, monthly, seasonal and ydadd
curves. By taking the periodic property, load fagtccan
be predicted effectively.

Moreover, load demand reflects the consumer’s daily
lifestyle. The daily load pattern based on dail}ivéttes
of people, i.e. working hours, leisure hours arebging
hours. There are specific patterns of load vaniatiavith
time. The weekend and holiday load in industried an
offices is lesser than week days due to less actand
works. Power load also varies as cyclic time depang
on hour of day basis, day of week basis and timgeaf
basis.

2.2 Economic factor

The load pattern is also function of economic festo
such as industrial development, population growth,
Gross Domestic Product (GDP) and cost of elecgyricit
etc. Long-term load forecasting significantly atfst by
economic factors, however it is also important for
medium-term and short-term forecasting [8]. Accogdi
to the different horizons of forecasting, the diffiet
economic factors could contribute to e.g. time-sé-dor
short-term forecasting, purchasing power for medium
term forecasting, and GDP for long-term forecaséyg

- Industry development: Industrial development in a Among
power humidity are the most commonly used load predictors
minimize the operational cost.

particular area will increase the

consumption.

2.3 Weather condition

Various weather variables could be considered dad |
forecasting are temperature, humidity, wind speed a
cloud cover.

Temperature: Most of activities currently involve
consumption of electricity. Load and temperature
are linked to some level. There is a positive
correlating contribution between temperature and
electric load curve especially in summer season [8]
This is because during summer change in
temperature will affect the people’s feeling of
comfort level requirement. During summer as the
temperature rises, the increased usage of cooling
appliances also increases the load consumption,
whereas the temperature fall in the winter season,
the more usage of heating appliances would
increase the load consumption.

Humidity: Humidity affects short term load
forecasting since it increases the feeling of dgver
of temperature during summer and rainy season.
Thus, load consumption increases during summer
humid day.

Wind speed: Wind speeds effect the electricity load
consumption. During the windy day human body
feels the temperature far below and heating
appliance is required thus increasing the load
consumption.

Cloud cover: The effects of cloud cover on the
usage of electricity depend on the timings of usage
During day time the cloud cover may disturb the
sunlight, results decrease in the temperature and
hence lower the usage of electricity consumption.

these weather factors, temperature and

+ Population growth: High growth rate of population 5 4 cystomer factor

will increase the power consumption. Therefore
there is a constructive correlation
population growth and power consumption.

between The load shape may be different for different comsto
classes.

Most electric utilities serve customers of

20

GDP: It indicates the size of economic activity and different types as residential consumer, commercial
economic conditions. Economic growth and its consumer and industrial consumer. The customeorf&ct

impact on living standard is the primary impetus to of elec;tr|C|ty consumption are pr_lmarlly the numbigpe
. and size of the electrical equipment of the custome
stimulate the power demand.

Cost of electricity: This is also affects the lodthe While the electrical equipment and installationgyva

amount of useless electricity consumption 'ncreasesfrom customer to customer. There are recognizedstyp
u u icity umption | properties. The

h h lectricity b h M of customers which have similar
when the electricity becomes cheaper. MOreover, aqiqential load curve is somewhat different from

petroleum oil price play a significant role as .ommercial and industrial customers.
variation in petroleum price will vary the cost of

ele_ctric_ity ge_neration and thus cost of electricity 3 SURVEY OF ELECTRICITY DEMAND

which finally influence on load curve. FORECASTING

Time of use: Time of use pricing can change the ) o )
duration and the time of occurrence of peak load.” Survey of work done in electricity demand foreioagy
Time of use pricing can also make domestic as We”for power system management during the last deiade

as industrial consumers to adjust their load and th presented in Tablg 1 The table presents detanth_e)f
helps in peak shaving. research characteristics, methodology used, obgeatid

results obtained. Summary of survey in electricity
demand forecasting can be classified accordinghéo t
research characteristics as follows: giving theceph of
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demand forecast as well as pros and cons, a taghiog
load forecasting and its application for the prafblef
load demand forecasting.

4. MATHEMATICAL MODEL

Electricity demand forecasting techniques can be

classified as follows:
« Multiple regression
- Exponential smoothing
- lterative reweighted least-squares
- Adaptive load forecasting
- Stochastic time series
« Neural networks

The mathematical models of these techniques are X

discussed [9-11].
4.1 Multipleregression

Multiple regression of weighted least-squares esion.
Based on this analysis, the statistical relatignshi
between total load and weather conditions as veethe
day type influences can be calculated by using temua

4.3 Iterative reweighted least-squares

This method uses the autocorrelation function drel t
partial autocorrelation function of the resulting
differenced past load data in identifying a subiropt
model of the load dynamics. Equation (3) presehés t
parameter estimation problem involving the linear
measurement [9].

Y= Xb+e 3

where

Y The vector of observations,

The matrix of known coefficients based
on previous load data,
b . The unknown parameters, and

The vector of random errors.

4.4 Adaptive |oad forecasting

The model parameters of adaptive load forecasting

(1). The regression coefficients are computed by amethod are automatically corrected to keep trackhef
weighted least square estimation using the definedchanging load conditions. An adaptive load foreoast

amount of historical data [10].

Yi= v+ g )
where

Y, Measured system total load,

V; . Vector of adapted variables such as time,
temperature, light intensity, wind speed,
humidity and day type (workday or weekend),

a Transposed vector of regression coefficients,

e Model error at time, and

Sampling time.

4.2 Exponential smoothing

Exponential smoothing is the load forecasting metho
based on the previous data to predict the futuesl.lo
Equation (2) shows the loadt) which is modeled using
a fitting function [9].

y(t)=b(®)" f (1) + e(t) @)
where
y(t) The load at timg,
f(t) Fitting function vector of the process,
b(t) Coefficient vector,
e(t) White noise, and
T . Transpose operator.

algorithm has the ability to predict load shapes in
addition to daily peak loads. System operatorsabte to
utilize the predicted load shapes even when the
individual hourly errors are rather large. The lota
historical data set is analyzed to determine tlaest
vector, not only the measured load but also thethvega
data. This mode of operation allows switching betwe
multiple and adapted regression analysis. The model
used is the same as the one utilized in the maeltipl
regression as described by equation (1).

4.5 Stochastic time series

Using the time series approach, the model is deeelo
based on the previous data, and then the futum iba
predicted based on this model.

(a) Autoregressive (AR) mode

If the load is assumed to be a linear combinatibn o
previous loads, then the AR model can be used ttemo
the load profile which given in equation (4).

O m
Lo == ay Ly, + W 4)
i=1
where
|_Dk The predicted load at time
a, The unknown coefficients, and
W, The random load disturbance.
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Table.1. Summary of the survey in electricity demandorecasting for power system management

Research characteristics

Methodology used

ObjeBtemlts obtained

Author name/year

* Present a concept as
well as pros and cons 0
electricity demand
forecasting in the area
of electric power
systems

* Discuss the techniques used in
f electricity demand forecasting fq
efficient energy management ar
better power system planning

* Survey and summarize the
r load demand forecasting
d techniques and its
application:
« Statistical and time series|
based forecasting
technique

- Artificial intelligence base
forecasting technique

Raza, M.Q. and
Khosravi, A., 2015
[12]

Suganthi, L. and

Samuel, A.A. 2012
[13]

* Load forecasting
techniques for power
system management

* Load forecasting techniques ca
be classified as follows:

« Multiple regression,
« Exponential smoothing,

« lterative reweighted least-
squares,

« Adaptive load forecasting,
« Stochastic time series,
« Neural networks

n* Although the times series
approach is still widely used
newer techniques offer a lot
of promise for developing
the methodology used for
load forecasting

* Over the last few years, the
most active research area h
been neural network based
load forecasting

Almeshaiei, E. and
, Soltan, H., 2011 [9]
Alfares, H.K. and
Nazeeruddin, M., 2002
[10]
Soliman, S.A. and
Ahmad, M.A., 2010
afL1]

* Propose a technique fo
short-term load forecast

r* Apply seasonal adjustment
method and regression model tg

* Using the combined models
provides high improvement

5 Wu, J., Wang, J., Lu,
H., Dong, Y. and Lu,

the short-term load forecast in accuracy of short-term | X., 2013 [14]
load forecast Dudek, G., 2015 [15-17]
* Medium-term load * Consider the level suitably of | * Aim to minimize the Bunnoon, P.,

demand forecasting

wavelet and neural network in
load prediction

* Present a medium-term
forecasting technique with semi
parametric model and fluctuatio
feature decomposition
technology

* Investigate the use of seasonal

climate forecasts for electricity
demand

percentage error in load
demand forecasting
* Significant progress in
understanding the
n relationship between
temperature and electricity
demand

Chalermyanont, K. and
Limsakul, C., 2012
(18]

Shao, Z., Gao, F.,
Yang, S.L., Yu, B.G.
and Zhang, Q., 2015
[19-21]

De Felice, M.,
Alessandri, A. and
Catalano, F., 2015 [22]

* Forecasting long-term
electricity demand

* The proposed methodology for
long-term demand forecasting
has three models as follows:

- Demographic,
« Macroeconomic,
« Microeconomic

* Integrate macroeconomic
scenario, demographic
projection, income
distribution and the
appliances ownership in the
long-term forecast for the
electricity consumption.

* The estimated demand
would be useful in designing
such as decentralized
electricity distribution
systems

Pessanha, J.F.M. and
Leon, N., 2015 [2]
Yamagata, Y.,
Murakami, D. and
Seya, H., 2015 [23]
Andersen, F.M.,
Larsen, H.V. and
Boomsma, T.K., 2013
J [24]

* Apply artificial
intelligent technique for
forecasting the energy
demand

* Develop the energy demand
scenario based on gross domes
product (GDP), population,
import and export data

* The proposed model is

ticproved to be a successful
energy demand forecasting
tool

Phuangpornpitak, N.,
Tia, S., Prommee, W.
and Phuangpornpitak,
W., 2010 [25]

Unler, A., 2008 [26]
El-Telbany, M. and EI-
Karmi, F., 2008 [27]
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(b) Autoregressive moving-average (ARMA) model

In the ARMA model the current value of(t) is
expressed linearly in terms of its values at prasio
periods and in terms of previous values of whités@o
Equation (5) presents The ARMA model [10].

yt)=foyt- D+ ..+f yt- p)
+af) qaf- 1 .+qa(-q

()

where
y(t) The current value of the time series,
a(t) The white noise,

p The order of AR component, and

q The order of MA component.

(c) Autoregressive integrated moving-average (ARIMA)
model.

The ARIMA model includes the meteorological data to
predict the load. Equation (6) presents The ARIMA
model [10].

f(B)Oy(t) = 8(B)a(t) (6)

Equation (7) shows the expression of operator

Oy(t) = A-B)y() ()

where
O The operator,
B The parameter of autoregressive,
p The order of AR component,
q The order of MA component, and
d The differenced time.

4.6 Neural networks

Neural networks (NN) have been widely applied siitge
ability to learn the process. The advantage of this
intelligent technique have been applied in eleatric
demand forecasting with a success level [12].
The network is specified as equation (8) and (9).
0y = fj(nety) ®)

pi —

net, = Zk:wjkopk ©)

where

f.

i The difference and nondecreasing function,

W, The weight to be adjusted.

5.  CONCLUSION

Accurate load forecasting is very important forctiie
utilities. In this paper we review some statistieald
artificial intelligence techniques that are useddtectric
load forecasting. We also discussed factors tHattthe
accuracy of the forecasts such as weather data& tim
factors, customer classes, as well as economiorfact
Load forecasting methods use advanced mathematical
modeling. Additional progress in load forecastimgl déts

use in industrial applications can be achieved by
providing short-term load forecasts in the form of
probability distributions rather than the forecdste
numbers; for example the so-called ensemble approac
can be used. The progress in load forecasting lvell
achieved in two directions: (i) basic researchtatistics

and artificial intelligence and (ii) better undenstling of

the load dynamics and its statistical properties to
implement appropriate models. A review of survey in
load demand forecasting techniques for power system
management in recent years indicates the promising
potential of such research characteristics in tteré.

ACKNOWLEDGEMENT

The authors are grateful to the Thailand Reseatotd F
(TRF), the Faculty of Science and Engineering, ksasé
University, Chalermphrakiat Sakonnakhon Province
Campus, the Kasetsart University Research and
Development Institute (KURDI), and the Research and
Development Institute of Chalermphrakiat Sakonnakho
Province Campus for the scholarship support in
conducting this study.

REFERENCES

[1] IEA. World Energy Outlook 2015, International
Energy Agency, Paris, France, 2015.
[2] Pessanha, J.F.M., Leon, N. Forecasting Long-term
Electricity Demand in the Residential Sector.
Procedia Computer Science. 2015, 55, 529-38.
Clements, A.E., Hurn, A.S., Li, Z. Forecasting day-
ahead electricity load using a multiple equationeti
series approach. European Journal of Operational
Research. 2016, 251, 522-30.
Hong, T., Fan, S. Probabilistic electric load
forecasting: A tutorial review. International Joakn
of Forecasting. 2016.
Xiao, L., Shao, W., Liang, T., Wang, C. A combined
model based on multiple seasonal patterns and
modified firefly algorithm for electrical load
forecasting. Applied Energy. 2016, 167, 135-53.
Xue, B., Keng, J. Dynamic transverse correction
method of middle and long term energy forecasting
based on statistic of forecasting errors. Procesdin
of Conference on Power and Energy IPEC. 2012,
253-6.
Fahad, M.U., Arbab, N. Factor Affecting Short
Term Load Forecasting. Journal of Clean Energy
Technologies. 2014, 2, 305-9.

(3]

(4]

(5]

(6]

[7]

23



N. Phuangpornpitak and W. Prommee / GMSARN International Journal 10 (2016) 19 - 24

[8] Khatoon, S., Ibraheem, Sing, A.K., Priti. Effecfs o
various factors on electric load forecasting: An
overview. |EEE Power India International
Conference (PIICON). 2014, 1-5.

[9] Almeshaiei, E., Soltan, H. A methodology for
Electric Power Load Forecasting. Alexandria
Engineering Journal. 2011, 50, 137-44.

[10]Alfares, H.K., Nazeeruddin, M. Electric
forecasting: literature survey and classificatioh o
methods. International Journal of System Science.
2002, 33, 23-34.

[11]Soliman, S.A., Ahmad, M.A. Electrical Load
Forecasting: Modeling and Model Construction,
Elsevier, 2010.

[12]Raza, M.Q., Khosravi, A. A review on artificial
intelligence based load demand forecasting
techniques for smart grid and buildings. Renewable

demand scenarios in Japan for 2050. Applied
Energy. 2015, 158, 255-62.

[24]Andersen, F.M., Larsen, H.V., Boomsma, T.K.

Long-term forecasting of hourly electricity load:
Identification of consumption profiles and
segmentation of customers. Energy Conversion and
Management. 2013, 68, 244-52.

load [25]Phuangpornpitak, N., S. Tia, W. Prommee, and W.

Phuangpornpitak. A Study of Particle Swarm
Technique for Renewable Energy Power Systems.
PEA-AIT International Conference on Energy and
Sustainable Development: Issues and Strategies.
2010.

[26] Unler, A. Improvement of energy demand forecasts

using swarm intelligence: The case of Turkey with
projections to 2025. Energy Policy. 2008, 36, 1937-
44,

and Sustainable Energy Reviews. 2015, 50, 1352-72[27]El-Telbany, M., EI-Karmi, F. Short-term forecasting

[13]Suganthi, L., Samuel, A.A. Energy models for
demand forecasting—A review. Renewable and
Sustainable Energy Reviews. 2012, 16, 1223-40.

[14]Wu, J., Wang, J., Lu, H., Dong, Y., Lu, X. Short
term load forecasting technique based on the
seasonal exponential adjustment method and the
regression model. Energy Conversion and
Management. 2013, 70, 1-9.

[15]Dudek, G. Pattern-based local linear regression
models for short-term load forecasting. Electric
Power Systems Research. 2016, 130, 139-47.

[16]Dudek, G. Pattern similarity-based methods for
short-term load forecasting — Part 1: Principles.
Applied Soft Computing. 2015, 37, 277-87.

[17]Dudek, G. Pattern similarity-based methods for
short-term load forecasting — Part 2: Models.
Applied Soft Computing. 2015, 36, 422-41.

[18]Bunnoon, P., Chalermyanont, K., Limsakul, C. Mid-
Term Load Forecasting: Level Suitably of Wavelet
and Neural Network based on Factor Selection.
Energy Procedia. 2012, 14, 438-44.

[19]Shao, Z., Gao, F., Yang, S.L., Yu, B.G. A new
semiparametric and EEMD based framework for
mid-term electricity demand forecasting in China:
Hidden characteristic extraction and probability
density prediction. Renewable and Sustainable
Energy Reviews. 2015, 52, 876-89.

[20]Shao, Z., Gao, F., Zhang, Q., Yang, S.L.
Multivariate statistical and similarity measure d&és
semiparametric modeling of the probability
distribution: A novel approach to the case study of
mid-long term electricity consumption forecasting i
China. Applied Energy. 2015, 156, 502-18.

[21]Shao, Z., Yang, S.L., Gao, F. Density predictiod an
dimensionality reduction of mid-term electricity
demand in China: A new semiparametric-based
additive  model. Energy Conversion and
Management. 2014, 87, 439-54.

[22] De Felice, M., Alessandri, A., Catalano, F. Seakona
climate forecasts for medium-term electricity
demand forecasting. Applied Energy. 2015, 137,
435-44.

[23]Yamagata, Y.,
comparison of grid-level

Murakami, D., Seya, H. A
residential electricity

24

of Jordanian electricity demand using particle swar
optimization. Electric Power Systems Research.
2008, 78, 425-33.



