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Electricity Price Prediction Based on Semi-Supervised Learning
and Neural Network Algorithms

Hang Seok Kim * Hyun Jung Shin
Department of Industrial Engineering, Ajou University

Predicting monthly electricity price has been a significant factor of decision-making for plant resource manage-
ment, fuel purchase plan, plans to plant, operating plan budget, and so on. In this paper, we propose a sophistica-
ted prediction model in terms of the technique of modeling and the variety of the collected variables. The
proposed model hybridizes the semi-supervised learning and the artificial neural network algorithms. The former
is the most recent and a spotlighted algorithm in data mining and machine learning fields, and the latter is known
as one of the well-established algorithms in the fields. Diverse economic/financial indexes such as the crude oil
prices, LNG prices, exchange rates, composite indexes of representative global stock markets, etc. are collected
and used for the semi-supervised learning which predicts the up-down movement of the price. Whereas various
climatic indexes such as temperature, rainfall, sunlight, air pressure, etc, are used for the artificial neural network
which predicts the real-values of the price. The resulting values are hybridized in the proposed model. The
excellency of the model was empirically verified with the monthly data of electricity price provided by the
Korea Energy Economics Institute.
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Table 1. Category of electricity price prediction by forecasting period
Short-term mid-term long-term
period 24 hours~1 week 3~12 months 2~30 years
Energy management optimization, I’.ower system p.lanning, . Planning of utility
goal o Scheduling for generation companies, .
Bidding strategy i investment
Fuel contracting
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Figure 1. Graph-based semi-supervised learning(SSL)
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Figure 4. An example of the SSL network composed of economic/financial indexes
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Input layer
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Output layer

electricity price
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Figure 6. An example of the ANN network composed of weather

related indexes
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Figure 7. Procedure of generating the final output values from
those of SSL and ANN
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Table 3. Attributes for the hybrid model

b Name Attribute Count
Electricity-related Electricity demand, Electricity price 2
WTI price, LNG price, producer price index, exchange rate, world demand, OECD demand,
USA demand, NonOECD demand, China demand, world produce TOTAL, OPEC
produce TOTAL, SAUDI produce TOTAL, IRAN_TOTAL, IRAQ TOTAL, KUWAIT TOTAL,
Economic/financial | NonOPEC produce TOTAL, USA produce TOTAL, Russia produce TOTAL, OECD commerce 27
stock CRUDE, USA commerce stock TOT, USA commerce stock CRUDE, OPEC surplus
produce, NYMEX OI, Non commercial real purchase short, Non commercial real purchase
long, Commercial volume short, Commercial volume long
Weather-related temperature, evaporation, humidity, wind velocity, sunshine amount, rainfall, cloud amount, air 8
pressure
Table 4. Detailed information for the attributes used in electricity price forecasting
Electricity related Weather-related Economic/financial
attribute attribute attribute
year | month | Electricity Elect.ricity temperature | evaporation air LNG WTI Exchange
demand price pressure price rate
MWh won/kWh Celsius mm hPa $/ton $/barrel unit/won
2000 1 3,844,623 90.1 -2.0223 0.9194 1015.1565| 2245 27.26 96.0647
2 4,088,291 91.48 -1.7062 1.5034 1012.0578 | 237.5 29.37 98.2739
2001 3 4,774,940 78.72 4913 2.883 1004.7577 | 262.9 27.24 107.3166
4 4,608,883 82.3 13.2171 4.6069 1005.2349 | 256.1 27.49 108.4627
2008 1 8,133,650 93.72 -1.6851 1.5913 1015.4504 | 587.9 92.97 73.0565
2 8,428,679 94.8 -1.1769 1.8138 1014.1948 |  603.7 95.39 72.5747
7 5,297,262 105.43 25.1101 3.0839 997.2516 776.7 133.37 70.9195
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Table 5. Setting for comparative experiments between ANNA,

ANNB and hybrid models
Model hybrid
odel | NN | aNNB Y SVR | AR
Input(count) SSL | ANN
Electricity-related
oy ° ° oo
attribute(2)
Economic/financial
attribute(27) o ¢ o ¢
Weather-related
. ( ( e | o o
attribute(8)
Auto-regression
- o o o o o
attribute(12)

ANN, 293} hybrid 232] MAPES ¥l 13) K1, ANN, 7}
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Table A1. Difference in signal prediction for the movement of

electricity price
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Figure A1. Comparison results(SSL label) : MA3 vs. MAS
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Figure A2. Comparison results(MAPE) : MA3 vs. MAS
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Figure A3. Graph fitting during the test period with the forecasted values by the hybrid model using MA3 and MAS

NEINE ESNEE A &3t APF A JSAS =
APEZ YEF® <Figure A2>9} 2T MAPEE v w3) B

M
MA

< 483 sto]HE RHE 383 MASE

483 5

ﬁa 4752 MA3E A 43 slo)BelE Bd 9 o
53Tk <Figure A3>S F B¢ =0
H‘% Fe g 2 A e s RoEn




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


