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ABSTRACT

Thispaper presentsan improved techniquein load forecasting based on discretewavelet transform (DWT) . TheDWT
splits up load time series into low and high frequency components which improve forecast each components by
adopting the appropriate parameters forecasted components are summed up to produce afinal forecasted load in the
end. In experiment,all datafrom acertain areain Qinghai provinceisusedto verify theload forecasting in oneyear,the
performance of algorithm iscompared with that of real load. The experimental results show that the deviation between
forecasted value and true value is limited in 2% excluding the interference of environment and temperature. The

proposed algorithm can improvethe cal cul ation accuracy.

Keywords: Wavel et Transform;Power System; Short-term Load Forecasting

INTRODUCTION

Power load forecasting isthe basis of power system for
itsvarieties of operation and control work. For along
time,scholars at homeand abroad have beendoing alot
of research on both theory and method of load
forecasting. These methods including Time Series
Method,wavelet transform,combination forecasting
method,etc have beenwidespread so far.

Power systemload sequence hasitsvolatility and a
special periodic.Generally speaking,the obvious
manifestation of load change periodically withthe days
and weeks.But this kind of periodicity also has a
condderable complexity, whichisoftennestedinalarge
cycleof asmall cyde.Fromthe perspectiveof frequency
domain, thisphenomenon meansthat theenergy of power
load seriesisrelatively concentrated in somefrequency
bands.At the same time,the entire load sequence can be
seen as the superposition of multiple frequency
componentswith different frequency components, which
have similar frequency characteristics and consistent
variation rules.We can isolate these sequences and
andyze each component individually in the frequency
domain,then model as well as forecast based on the
characteristics,which can't be completed by the
traditional method of time-frequency.

Wavelet transformisamethod of time domain and
frequency domain analysisin both tend to have good
localization property.According to the frequency of the
signal,adjusting the density of sampling
automatically,which canbefocused to Sgnd any detailsIn
particular, discrete wavelet transformisvery effectivein
dealing with unstable discrete sgnals.It can decompose
load signal interlaced by different frequency into
corresponding frequency bandsindependently so that
the periodic variation of theload sequence can bemore
clearly represented. Wavelet transform has been applied
in many fieldsof power systemat present.Inthis paper,
the idea of wavelet transform is used to readlize the
forecast of power load sequence, and establish the
forecast load modédl. Finally, the completeload forecast
resultscan beobtained through sequence recombination.

SHORT-TERM LOAD FORECASTING

2.1 Division of Power Load

At firgt,It can be divided into long term power load,
medium term power load and short term power load
concentration type. Short-term power load refersto the
load in oneday to oneweek, medium-term power load
coversthetotal load in the next few weeksto several
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months, and long-term power load covers the power
load inthe next year.

Secondly, taking the difference of power
consumption departmentsasthe sandard to dividethe
power load, the power load can bedivided into severd
common types, suchas commercial load, agricultural
load, industrial load and civil load.Among theindustria
power load, the heavy industry power load occupies
the bigger proportion. Commercial load refersto the
power load consumed by air conditioners, machinesand
lighting equipment invarious enterprises, which presents
obvious seasond variation characterigtics. Holidaysand
festivalsbecome the main factorsaffecting commercid
power load. Agricultural load refersto the electrical
energy consumed by agriculturd planting and production,
which has a strong correlation with weather and
precipitation. Civil power load refersto the electrical
energy consumed by rural and urban residents for
household appliancesand hegating inther daily life.

Third, the characterigicsof the power load asabasis
for thedivison, the power load can bedivided into the
highest load, the lowest load, peak load, trough load
concentrationtype.

Fourthly, thepower load can bedivided into several
common forms, suchascommunication eectricity, station
name electricity, eectric heating electricity and power
electricity, etc.

2.2 L oad Forecagting

Only uncertaineventsand random eventsrequire people
to adopt appropriate forecasting technology to infer the
trend of load development and possible situation.Load
forecasting is based on historical data of power load
and its influencing factors,establish relevant models
according to the actua Stuation ,scientific prediction of
electric load in the future.Load forecasting have the
following obvious perspectives.
(1) Conditionity:
All kindsof load forecasting are made under certain
conditions. For the conditions, they canbe divided
into two kinds: necessary conditionsand hypotheticd
conditions.
(2) Timdiness
All kinds of load forecasting have a certain time
range.Because load forecasting belongs to the
category of scientific forecasting, it isnecessary to
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have a more precise concept of quantity and to
specify thetime of forecasting.
Multi-plan:

Because of the inaccuracy and conditionity of
forecagting, load forecasting schemes under different
conditions can sometimes be obtained if theload is
forecasted under various possible development
conditions.Load forecasting is an activity that
predictsor judgesthe future development trend and
gate of eectric power load according to thelaw of
development and change of electric power load.
Therefore, thebasic principleof load forecasting must
be summarized scientifically to guide thework of
load forecagting.

Principleof knowability:

Theat isto say, thelaw of development of the predicted
object, itsfuture development trend and Situation
can be recognized by people, and the objective
world can be recognized. People can not only know
its past and present, but also speculateitsfuture by
summarizing itspast and present.Thisisthebasic
principle of forecasting activities.

Principle of posshility:

Because the development and change of thingsare
carried out under the combined action of internal
and external factors, the changes of internd factors
and external forces will make things develop and
changein avariety of possihilities. Therefore, the
prediction of aspecific index isoften based on the
multiple posshilities of itsdevelopment and change.
Principle of continuity:

Also knownasthe principle of inertia, it meansthat
the development of the predicted object is a
continuous process, and its future development is
the continuation of this process.It emphasizesthat
the predictorsareawaysfromthe past to the present
and thenfromthe present to thefuture. Thereisaso
inertiain the development and change of power
system. For example, some load indicatorswill be
maintained and continued with the original trend and
characterigtics. Therefore, if we understand the past
and present of thingsand grasp their laws, we can
use the continuity principle to predict the future
developmentt.
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(7) Principleof amilarity:

Although the development of variousthingsinthe
objective world is different, there are similarities
between the development of things. Peoplecan use
thisamilarity principleto predict.Inmost cases asa
forecasting object, itscurrent development process
and development situation may be smilar to that of
other thingsinthe past stage. People can predict the
future development process and situation of the
forecasted object according to the known
development processand Situation of thelatter thing,
whichisthesmilarity principle.

Principle of Feedback:

Feedback isto return the output to the input and
then adjust the output.Infact, thefeedback principle
of predictionisto adjust the feedback in order to
continuously improvethe accuracy of prediction.In
the practice of forecasting activities, itisfound that
when thereisagap betweenthe forecasting results
and theactua values obtained through a period of
practice, the gap can be used to adjust the long-
term forecasting values in order to improve the
accuracy of forecasting.
(9) Systematic principle:

Theforecasting object isacomplete system, which
hasitsowninterna system, anditsexterna system
is formed by its connection with external
things. These sysemsareintegrated into acomplete
overall system, which should be considered in
forecasting. That is, the future development of the
forecasting object isthe dynamic development of
the whole system, and the dynamic devel opment of
the whole systemisrelated to theinteraction and
interaction between its various components and
influencing factors.Systematic principle also
emphasizesthat the system asawholeisthe best.
Only when the system as a whole is the best
prediction, can high-quality prediction be achieved
and the best prediction scheme be provided for
decisonmakers.

8)

2.3Influencing Factorsof Power L oad Forecasting

Meteorological conditionsare one of the mainfactors
affecting theaccuracy of power load forecagting. Climatic
conditionsmainly includetemperatureand humidity. With
the popularity of household appliances, thecivil power
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load hasbecomeardatively hightypeof overal power
load. Thetemperature variation has adirect effect on
thetota power load. For example, inwinter, whenthe
temperature is lower, and in summer, when the
temperature is higher, residents need to start air
conditioning for heating and cooling, resulting in an
increase inthetota power load; But inthe spring and
autumn thetemperature suitable season will not appear
the phenomenonwhichthe ectricity useload increases
suddenly.

What's more, The total amount of civil load and
commercial load will show asharp riseand drop trend
in the statutory holidays; The industrial load will be
ggnificantly reduced. Investigateitsreason, during the
holiday, factoriesand enterprisesare mostly on holiday,
and residents in order to celebrate the festival, often
chooseto go out to eat and play, resulting intheincrease
of commercid load. Compared with weekdays, thetotal
civil load on Saturday and Sunday also increased
sgnificantly.

And emergencieswill also lead to anincreasein the
total electricity load to acertain extent. Dueto planned
maintenance, limited power supply and unexpected
accidents, it will forminterferenceto daily power supply.
For example, the sudden failure of thetransmissionline
will lead to theabnorma decline of electricity load, which
also hasaseriousimpact ontheaccuracy of electricity
load predictioninthefuture.

WAVELET TRANSFORM

Beforetheadvent of wavelet analysis, Fourier transform
was the most widely used and most effective analysis
method inthefidld of Sgnd procesang. Fourier transform
isatool to transform each other fromtime domain to
frequency domain. Physicdly speaking, the essence of
Fourier transformisto decompose thiswaveforminto
the superposition and sum of sine waves of different
frequencies. It istheimportant physica significance of
Fourier transformthat determinesitsunique postionin
sgnal analyssand signal processing. Fourier transform
isused inboth directionshave infinite Ssnusoidal waveas
the orthogonal basisfunctions, the periodic functioninto
Fourier series, thegenerative Fourier integra, gperiodic
function by using Fourier transform spectrum analysis
function, reflects the time of the signal spectrum
characterigtics, reveasthe characteristics of stationary
sgna well.
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Asakind of globa change,Fourier transform hasmany
certain limitations, such as not having the capability of
loca analyssand not being ableto andyze non-gaionary
ggnds

Wavelet transform is a new transform analysis
method, which inherits and develops the idea of
locdlization of STFT, and overcomesthe disadvantages
of window size not changing with frequency, and can
provide a “time-frequency” window changing with
frequency. Itisanideal tool for signa time-frequency
andysisand processing. ltsman characterigticisthrough
the transform can fully highlight some aspects of the
problem characterigtics, canintime (space) frequency
locdlization andlysis, throughthetelescopic trandation
operations (functions) of sgnal gradually multi-scale
refinement, ultimately achieve high frequency time
segment, thelow frequency inthefrequency segment,
can automatically adapt to the requirement of time-
frequency Sgna analysis, whichfocusesonthearbitrary
signal details, solved the difficult problem of Fourier
transform, becomethe Fourier transformation sincethe
breakthrough onthe scientific method.

Suppose (1 and g(x) are the square integrable
function.And thefunction g w7, »(wywhicharrcords
withthe FFT transformation of function y()satisfies
following condition:

[ o, .
R

w

Thenit canset up theformula

It called & () asawavelet function, w;_;, asthe
continuouswavelet transform of function ¢, wherea
isascaefactor, bisatrandationfactor. Sothisbecomes
a continuous wavelet transform. The inverse
transformation equation of that is.

F() = 2= flze Wria) Pap(t) 5 db

wherg, ¢, stisfiesthefollowing formula:

da

2 Wrta) Wr(an) —db=Cy(f,h)

Whereb representsthe displacement intimeand a
representsthetimelength. w; . ;;, refersto thewavelet
function componentsof theoriginal signa ¢z atimeb
contains the length of a . It represents the degree of
corrdationbetween 9gna and wavelet function . When

scalefactorsand trandation parameters arediscrete by

binary, whichmeans,. Itsbinary orthogona wavelet is.

Oma(®) =27 927 (t - )

When scaleaislarge, the time domain part of the
time-frequency window iswide, S0 theandlysisfrequency
islow, whichissuitablefor genera observation. Onthe
contrary, when scale issmall, the time domain part of
thewindow isnarrow and the analysisfrequency ishigh,
which is suitable for detailed observation. Using the
performance of wavelet, different information of adjacent
frequency bandscan be extracted.

Because the information in each frequency band is
orthogond to eechother andthereisno redundart informétion,
it avoidsthedifficulty of analysscaused by the corrdation
betweenthewavde trandormresuits Therefore, itispossble
to achieveawiderange of band-passcomponent processng,
S0 asto eadly reved theregularity of theload ssquenceand
obtanamoreaccurateload prediction mode

3.1 Discrete Spectrum of Load Change

Discrete spectrum is only an approximation in

engineering. Consdering that theinput signal isof high

frequency band limitation, thefollowing assumptionscan

be made according to engineering requirements.

(1) Theinput 9gnd conagtsof steady linear, fundamenta
wave and finite harmonic components.

L(t)= A, + Bjt+ iA,. sin(wt+4)
i=1
(2) Theinput 9gnd consgtsof steady linear, fundamenta
wave and integer harmonic components.

The above analysis shows that choosing the
appropriateinput signal andysismodel accordingto the
specific load characterigtics and index requirementsisthe
first step in designing load forecasting. Therefore, the
sequence processing of the origina load data has dways
been an important bags for load forecasting.Before
forecagting, power load is decomposed into trend term,
periodic variable term and stochastic model by some
methematicad means. Then, according to the characteridics
of variousvariables, appropriateforecasting modelsare
selected to extrapolatetime series, and thelr extrapolation
resultsare superimposed to obtain theforecagting results.

3.2 Frequency Domain Characteristics of Load
Change

Power load characteristics can adso bedecomposed and
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analyzed by time-frequency diagnogtic toolsto obtain
the prediction results.According to the actual Situation
of sampledata, short-termload forecasting will involve
awider frequency band, so different band-passfilters
can be selected.At the same time, the harmonic
componentsare usedin load forecasting, so not only the
amplitude-frequency characteristics of the filter are
required, but also the phase-frequency characteristics
of thefilter must be congdered, becausetherelative phase
changes of different load componentswill have agreat
impact ontheforecasting results.For the second case of
continuous spectrum, if the linear component can be
extracted and analyzed, themodel can bechosenasthe
form of discrete spectrum. There will be some
shortcomingsintheusud mathemetica methods. Wavelet
andysisisundoubtedly the best choicefor thisagpplication.

Ontheother hand, inload forecasting calculation,
when thetime series changes, especially when sudden
changesoccur, the prediction results of commonly used
agorithmsarenot ideal, and they can not keep up with
theactua datafor along time, reflecting dowly. Wavelet
andysshasgood locdization propertiesinbothtimeand
frequency domains. Moreover, dueto thegradual fine
step sze of high-frequency componentsintimedomain
and the coarse andysis of low-frequency components,
it can show acertain adaptive ability for such data.

3.3Load Component Decomposition Based on
Discrete Wavelet

The application of wavelet analysisin power systemis
increasing gradually, but its gpplication inload forecasting
isrelatively less. The continuous wavelet transform of
signal x(t) isdefined as

wrs(a )= - jx(f)@["T’jdf

aisthescalefactor.gisWavelet RequiresAdmissibility
Conditions.
r|®(w] . J.u ’Q(“’X V=C,y <+
0w R 17
At thistime, the original signal canberecovered by
the wavelet transform of the signal, and the recovery
formulaisasfollows:

flx)= CLW [ [ wrxlaBa(z-1)

Informulag_ iscomplex conjugate. Thefamily of
functions y (¢} in time-frequency space generated by
integer scaling and trandlation of wavelet function

dadt
a
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condtitutesdiscretewavelet. Let g+ e L? (g bethesigna
to be decomposed, g.,={w(t-n)l.:
andy,, , = {wit —n)},.. be the standard orthogonal

bases of VO and WO, respectively, and then expand
according to thewavelet series.

N-1
1= 70= £+ 3,

Jr €V, cVy,w,,0sJ<N-1

Compared withggvy, f£contains frequency
components below scale J, but does not contain
frequency components between scale J and N,whichis
anideal environment for low-passfiltering. Smilarly, i;
isafrequency component of ¢+ that containsonly scale
J.Because the wavelet components at different scales
are orthogond, this provides agoodtool for band-pass
filtering.

Therefore, different information of adjacent
frequency bands can be extracted by using the frequency
divison performance of wavelet. Becausetheinformation
in each frequency band is orthogonal to each other and
thereisno redundant informetion, thedifficulty of andysis
caused by the correlation between theresults of wavelet
trandformisavoided, so thewider band-pass component
processing can berealized.For High Pass, Low Pass,
notch and other Stuations, only adlight adjustment can
be made.In this way, the spectrum of the linear
component and the high frequency random component
in the load information will show distinct separation
characteristics after thewavelet transform.Because B-
splinefunction hasbetter smoothnessand gpproximetion,
thederivativewavelet of B-splinesmoothing functionis
applied.The results show that it is appropriate to
decomposetheload sgnd with the cubic centra B-pline
function asthewavelet function and the quadratic spline
function asthe scalefunction (the corresponding wavelet
coefficientsarereferred to in reference).

MODEL OF LOAD FORECASTING

At present, according to the forecasting scheme and
forecasting process, themodel samplesinthetechnica
field usually select the historicd coincidenceforecasting
model samples, and forecast the daily coincidence of
themoddl.For short-termelectrical load, thismodd can
combine higtorical datainformationto formarelatively
accurate prediction scheme.Inthemodel, the selection
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of sample content mainly comesfromhigtorical load deta
and similar daily load data samples.Among them, the
historical load data samplesof similar days Precision
Specificity,so theinformation of historical datasamples
isselected to havethe ahility of searching and screening,
s0 asto ensurethat the higtorica load datagenerated by
gmilar dayscanfully represent the power load state of a
certain kind of power activities. Theuniversality of the
stateis studied by the model, and finally the prediction
conclusion of themode isobtained.

In the past theoretical research, researchers
proposed to use artificial neura network to retrieve and
analyze historica datasamples, so asto obtainasimilar
day selection scheme. The gpplication layer of artificia
neural network cantrainalarge number of historicd data
samples, v asto obtainthelaw of power load inhistoricd
dataHowever, the gpplicationof artificid neurd network
in sample monitoring and training can not reflect the
addition of new samples.Therefore, in the analysis of
electrica load forecasting, it isdifficult to analyze the
changes of active new loads and load conditions of
power system caused by climate and environmental
factors.n order to remedy thisshortcoming, the author
chooses a mapping algorithm with application
advantages and experiencewhen choosing the sample
analysis scheme. The mapping agorithm can select the
sample datathrough the mapping agorithm. Themapping
agorithm can completethe comparison between different
days, thus forming the result of feature analysis. The
analysisresults can be used for database statistics by
mapping logic, whichishdpful to the congruction of the
selected intelligent model of wavelet decomposition.

The establishment of the modd isdivided into five
sages.Firs, preprocesstheoriginal data.Second,using
waveet transformon load sequenceto get each branch
seguence.Next,meke use of theformed sequence, utilizing
them asthe input sample and training samples,which
become the basis for the analysis of the forecast
moddl. Then,forecast multi-domainwavelet sequences.

Finally, generate the final forecast results of load
series through the superposition of each sequence’s
result. Figure 1 showsthe establishment of the prediction
modd.

L

Fig. 1.Theshort-term load forecasting model

The load sequence is represented by +{x},N
represents how many days of load data.(Thereisthe
relation: 1<n<N).The mean value E and varianceV of
load in the N day were calculated by the following
formula

Original Wavelet Feature Forecast

load transform extraction analysis

1 n
E=—) x(k).

n

V=10?= %Z [x(k) —E]2.

k=2

In order to accurate representation of the load
changes, Let’sdefineaload deviationrate:

|x(n) —E|
=
When ; = 1.1 ,the load is considered to be in an
abnormal position;otherwise, it'scongdered to beat a
normd point.

4.1 Selection of Wavelet Function

Dueto themultiple periodicity of power load sequences,
itisrequired that the wavelet function used to analyze
thesequencesmugt havegood tight support,which means
that it does well in showing the time-domain
characterigticsof thesgnd. Only infinitetime,thevaue
of wavelet functionisnot zero.In addition, it isrequired
to have good regularity, which is used to describe the
smoothness of thefunction. The higher theregularity is,
the better the smoothness of thefunctionis.

The regularity of wavelet affects the stability of
wavelet coefficient reconstruction.The favourable
regularity of wavelet can realize smooth reconstruction
of signal.Inthisexperiment, Daubechies wavelet with
time-frequency tight support and high regularity was
selected to decompose the previous power load
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sequence.So daubechies4 was used as the mother-
wavelet to decomposethe sequencesinwavdet andysis.
By usngthewavelet andyssthe result of load forecasting
is obtained by the superposition of each coefficient
seguence after reconstruction.|f thedecomposition level
is too low, it is not easy to extract the localization
characterigticsintheload sequence; if the decomposition
level istoo high, it iseasy to lead to the accumulation
error. Therefore, the decompostion scae of wavelet must
be determined reasonably.

Table: 1. The input parameter of series of forecasting value
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4.2 The ExampleAnalysis

For the short-term load forecasting of power system,
the predictorsthat affect the load forecasting formthe
input parametersof thetraining samples. According to
previousresearch condusions|6-7], meteorological data
that havegreat influence on power load include maximum
temperature, minimum temperature, average
temperature, humidity, rainfall, wind speed, etc. Table 1
showsthe selected sampleinputs.

Sequence Samples Forecasting value
D1 D1( -1) -D1(-7),D(1) (-1) -1-DL(-7)-1L (- 1), T (0O) D1( 0)
D2 D2( -1) -D2(-7),D(2)(-1) -1-D2( -7) -1L(- 1), T (0) D2( 0)
D3 D3( -1) -D3(-7),D(3)(-1) -1-D3(-7)-1L (- 1), T (0) D3( 0)
D4 D4( -1) -D4(-7), D(4) (-1) -1 - D4( -7) -1L(- 1), T (0) D4( 0)
D5 D5( -1) -D5( -7), D(5) (-1) -1 -D5( -7) -1L (-1), T (0) D5( 0)
A3 A3( -1) -D3(-7),A(3) (-1) -1-A3(-7)-1L (- 1), T (0) A3( 1)

L(), T(isonbehdlf of theload and to predict theactud
averagetemperature A3,D3,D2,D1 aretheload sequence
after discrete wavelet transform.The marks (0),(-N), (-
N)-1 respectively represent theforecagting time, the same
time of the N day and thelast time of the predicted point
intheN day. Inthispaper, thedataisinanareaof Qingha
Province.lt include load data and temperature data
throughout theday from January 1, 2005 to December
31, 2005.Table 2 showstheactud historical load in 2005.

Tab. 2Therelated informational historic power load in 2005

Month  Daily maximum load  Daily minimum load Daily mean
1 283. 56 717. 41 440. 45
2 136. 25 822. 44 369. 21
3 205. 44 718. 97 442. 87
4 278. 62 583. 07 442. 43
5 262. 28 659. 70 441. 08
6 281. 24 616. 19 457. 25
7 203. 6 637. 26 464. 58
8 303. 98 632. 55 451. 63
9 262. 56 629. 86 456. 21.
10 243. 81 605. 79 452. 21
11 302. 99 627. 45 468. 23
12 354. 23 625. 33 487. 22

Based on the above data, according to wavelet
transform the historical data of power load is
decomposed into low-frequency part (sSimilar part) and
high-frequency part (detailed part).After wavelet
transformation,the low-frequency part has certainyy,
whichissimilar to the actual load curveintrend. The
high frequency part changesviolently and itsfluctuation
rangeissmall.Figure 2 isthe quadratic decomposition

curve according to the daubechies4 wavelet changesin
table 2,which can be seen that the low frequency part of
the signal issimilar to the original signal by using the
guadratic decompostion transormation.
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Fig. 2. The curve of wavelet decomposition

Also, forecasting results datais shown in table 3
andfigure 3.(thesolid linerepresentsthe actua operating
valuewhile the dotted line represents the forecasting
value.) Excluding the influence of temperature,
environment and other factors, thetransformationtrend
of thetwo isbasicaly consstent.

Tab. 3 The comparison resultreal value and forecasting value

Time domain Actual value Forecasting value Error rate
TOO: 00 10091. 95 1 096. 53 0. 42
TOO: 3 1074. 7 1088. 34 1.27
TO1: 00 1058. 73 1 066. 88 0.77
TO1: 30 1011. 99 1 008. 95 -0.30
T02: 00 1 030. 19 1035.5 0. 52
T02: 30 1011. 86 1017. 62 0.57
T03: 00 978. 79 966. 84 -1.22
T03: 30 987. 92 998. 68 1.
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Fig. 3 The comparison result between load forecasting value
andreal valuein 1. 11. 2005.

CONCLUSION

Thispaper proposes ashort-term load forecasting based
onwavelet transform.wavelet transformto extract the
power load time series of fine ingredients, stronger
regularity in the sequence of bifurcation.Besides,
forecasting the analysiswith the actud data, theresults
show that under the premisethat remove theinfluence
of externd factors,forecast resultsare basicaly conastent
withtheactud load results .Fromtheresults of example
anadysis,we can draw thefollowing conclusions.

(1) Wavelet andysiscanfind out thethe characteristics

of the power load variation well.

(2) The signal after wavelet decomposition and
recongtruction can describetheinfluence of various
random disurbancefactorsonload changesindetail.

(3) Different load sequencesare processed with different
forecast models, which can effectively improvethe
forecast accuracy and overcomethe shortcomings
of asingleforecast method.

(4) Wavelet analysis combined prediction method is
simplein principle.lts prediction model is easy to
establish and implement,which can effectively
improvethe accuracy of prediction.What’smore,it
can provide strong support for short-term load
forecasting.

In conclusion, based on thewavelet decomposition
method, the short-term power load is predicted with
high accuracy. It ishelpful to formareference basisfor
the scientific dispatch of power departments, so asto
provide continuouselectric energy for thepublic, improve
the continuity and security of power supply, and meet
the needsof thepublic.
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