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Transcription




SEPTEMBER 27, 2019 STURBRIDGE, MALong-Term Load Forecast MethodologyOverviewLoad Forecast CommitteeJon Black and Victoria RojoLOAD FORECASTINGISO-NE PUBLIC
Objectives1. Discuss the methodologies used in the long-term load forecast process, including itsinputs and outputs2. Obtain LFC feedback on methodology and the presentation materials hereinISO-NE PUBLIC
Topics General purpose and intent of the load forecast Behind-the-Meter Photovoltaic (BTM PV) Reconstitution Energy Efficiency (EE) Reconstitution Gross Load Forecast Inputs‒ Economics‒ Weather Modeling and Forecasting‒ Energy modeling and forecasting‒ Peak demand modeling and forecasting Net Load Forecast‒ EE Forecast‒ PV Forecast Reporting and Downstream OutputsISO-NE PUBLIC3
AcronymsARAAnnual reconfiguration ating degree dayCDDCooling degree dayICRInstalled Capacity RequirementCELTCapacity, Energy, Load, and TransmissionITCInvestment tax creditDBDry bulbNELNet energy loadDGDistributed generationNEMNet energy meteringDOEDepartment of EnergyOPOperating procedureDPDew pointPRDPrice-responsive demandEEEnergy efficiencyPVPhotovoltaicEEIEdison Electric InstituteRSPRegional System PlanEEMEnergy Efficiency Measures databaseSBCSystem benefit chargesEIAEnergy Information AdministrationTHITemperature- humidity indexEISAEnergy Independence and Security ActWSWind speedEOREnergy only resourcesWTHIWeighted THIFCMForward Capacity Market4ISO-NE PUBLIC
Purpose of Long-Term Load Forecast“The ISO shall forecast load for the New England Control Area and for each Load Zone within the NewEngland Control Area. The load forecasts shall be based on appropriate models and data inputs. Each year,the load forecasts and underlying methodologies, inputs and assumptions shall be reviewed withGovernance Participants, the state utility regulatory agencies in New England and, as appropriate, otherstate agencies ” Market Rule 1, Section III.12.8 Long-term load forecast is an important factor in:‒‒‒‒Determining region’s resource adequacy requirements for future yearsEvaluating reliability and economic performance of electric power system under various conditionsPlanning needed transmission improvementsCoordinating maintenance and outages of generation and transmission infrastructure assets Annual forecast is reported in Capacity, Energy, Load, and Transmission (CELT) reportISO-NE PUBLIC5
Forecast TimelineThe Load Forecast Committee (LFC) is the primary stakeholder forum through which theISO’s long term load forecast is discussed. Below is an approximate schedule of meetingsand topics used in each forecast cycle.SeptemberNovemberDecemberFebruaryMarch Discuss modelmethodology Introduce newtopics Continue discussionof new topics Macroeconomicupdate Draft EnergyForecast Draftsummer/winterdemand forecasts Final draft grossand net loadforecastsISO-NE PUBLIC6
What is the Load Forecast? ISO’s long-term load forecast is a 10-year projection of gross and net load for states andNew England region‒ Annual gross and net energy‒ Seasonal gross and net peak demand (50/50 and 90/10) Gross peak demand forecast is probabilistic in nature‒ Weekly load forecast distributions are developed for each year of forecast horizon‒ Annual 50/50 and 90/10 seasonal peak values are based on calculated percentiles for the peakweek in appropriate month (July for summer; January for winter)Long-term load forecast is entirely different from the three-day system demand forecastused in ISO System Operations (different models, data inputs, forecast horizon, etc.)ISO-NE PUBLIC7
Data SourcesLong-term load forecast utilizes a variety of data sources to develop estimates of historicaland forecast gross loadData SeriesSource(s)Economic dataMoody’s AnalyticsWeatherVendor suppliedHistorical electricity pricesDepartment of Energy (DOE)/Energy Information Administration (EIA)Load (NEL)ISO internal database (settlements data)Behind-the-meter photovoltaic (BTM PV)Internal/distribution owner/vendor suppliedEnergy efficiency (EE) performanceISO energy efficiency measures database (internal)Price-responsive demand (PRD)ISO internal database (settlements data)Passive distributed generationISO internal database (settlements data)ISO-NE PUBLIC8
Net Energy for Load and Reconstitution of Load DefinitionsNet Energy for Load (NEL)Reconstitution of LoadDetermined by metering, is the net generation, plusnet interchange across external tie lines, less energyrequired for storage at energy storage facilities:NEL Generation NetInterchangeExternal EnergyStorageEnergy storage facilities include pumpedhydro and other energy storage devicesthat participate in wholesale energy marketas dispatchable asset-related demand Performed by adding back historical load reductionsfrom Demand Capacity Resources that participateas supply in Forward Capacity Market (FCM),including: Price-responsive demand (PRD), which is flexible loadthat is dispatched in real-time Passive (non-dispatchable) distributed generation(DG) resources Energy-efficiency (EE) Behind-the-meter photovoltaic (BTM PV)installations that do not participate in wholesalemarkets but reduce metered loadISO-NE PUBLIC9
Net Load and Gross Load DefinitionsNet LoadGross LoadLoad NEL PRDNetLoad Gross NEL PRD EE DG BTMPV All energy and demand forecast modeling uses historical gross load as inputs Reconstitution of PRD, EE, DG, and BTM PV to develop historical gross load is performedat the hourly level, for the region, and each of the six New England statesMethods used for developing the hourly EE and BTM PV reconstitution needed to grossup the historical loads are described in the next two sectionsISO-NE PUBLIC10
Example of Reconstituted Monthly EnergyNew England – 0720082009201020112012201320EE DG1420BTM PVISO-NE PUBLIC1520162017201820PRD11
High-Level Process Flow ChartHistoricalNELHistoricalEconomicsHistoricalBTM PVHistoricalEE DGHistoricalPRD/OP4HistoricalGross LoadGross EnergyModelingForecastEconomicsGross DemandModelingWeatherGross DemandForecast*Gross EnergyForecast*Monthly energy forecastsfor the region and states50/50 and 90/10 seasonal peakforecasts for the region and states* Gross forecasts may also be informed by post model inputsISO-NE PUBLIC12
Energy Efficiency (EE) ReconstitutionISO-NE PUBLIC13
Energy Efficiency ReconstitutionBackground“Any realized Demand Capacity Resource reductions in the historical period that received Forward CapacityMarket payments for these reductions, or Demand Capacity Resource reductions that are expected toreceive Forward Capacity Market payments by participating in the upcoming Forward Capacity Auction orhaving cleared in a previous Forward Capacity Auction, shall be added back into the appropriate historicalloads to ensure that such resources are not reflected as a reduction in the load forecast that will be used todetermine the Installed Capacity Requirement, Local Sourcing Requirements, Maximum Capacity Limits andMarginal Reliability Impact values for the relevant Capacity Commitment Period.”Market Rule 1, Section III.12.8(d)Since EE participates as a supply-side resource in FCM, its corresponding demand reductionsare reconstituted to ensure EE is not double-counted (as both supply and demand)ISO-NE PUBLIC14
Energy Efficiency ReconstitutionBackground, continued For EE measures, load reduction quantity is the difference between estimated energyconsumption of an installed EE technology and what the energy consumption would havebeen had a standard technology been in place (i.e., baseline conditions)‒ What load would have been is counterfactual and cannot be observed directly‒ Measurement and verification studies conducted by EE program administrators (PAs) assume a baselineload in order to quantify the load reduction produced by an EE measure Each PA submits EE performance data to ISO via the energy efficiency measures(EEM) database‒ Monthly MW values reflect load reductions during seasonal performance hours ISO uses these monthly megawatt (MW) values as a starting point to estimate monthly andhourly energy needed for EE reconstitutionISO-NE PUBLIC15
Method for Estimating Energy Efficiency ReconstitutionMonthly Energy Efficiency Energy and Hourly Energy Efficiency PerformanceMonthly Energy Efficiency EnergyHourly Energy Efficiency PerformanceEstimated using a three-year average ofmonthly load factors, monthly average weekdayEE performance, and number of hours in thatmonth as follows:Factors are sorted into four categories:EE Energy ,month EE MW ,month * LoadFactor3 yrAvg * nHoursmonth1. Weekday on-peak (weekdays hours 12-20)2. Weekday off-peak (weekdays hours 5-11, 21-24)3. Weekend on-peak (weekends hours 5-24,weekdays hours 1-4)4. Weekend-off peak (weekends hours 1-4)Monthly energy is estimated by load zone and grossed up by8% to account for transmission and distribution losses.Hourly performance is estimated by multiplying the monthlypeak MW value by appropriate factors for each hourEE performance factors are solved for with multivariate Newton-Raphson using the following assumptions:1. Sum of EE performance across all hours in a month is equal to the monthly energy found in previous step2. Weekday on-peak factor 13. Weekday on-peak weekday off-peak weekend on-peak weekend off-peakISO-NE PUBLIC16
Example of Resulting Energy Efficiency ReconstitutionJune 2018 Monthly EE Performance 2,880 MWHourly EE sWeekend5000Jun 11Jun 12Jun 13Jun 14Jun 15Jun 16Jun 17Jun 182018Weekday on-peak (weekdays hours 12-20)Weekday off-peak (weekdays hours 5-11, 21-24)Weekend on-peak (weekends hours 5-24, weekdays hours 1-4)Weekend-off peak (weekends hours 1-4)ISO-NE PUBLIC17
Behind-the-Meter Photovoltaic (BTM PV) ReconstitutionISO-NE PUBLIC18
Behind-the-Meter Photovoltaic (BTM PV) ReconstitutionBackground BTM PV in the context of the long-term load forecast refers to small scale ( 5MW)distributed PV systems that do not participate in ISO markets‒ Example: residential rooftop PV systems Net load (NEL PRD) reflects embedded load reductions that result from the presence ofBTM PV Gross load is intended to reflect what loads would have occurred absent the impact ofBTM PV‒ Producing a gross load forecast requires that hourly historical loads be reconstituted for the impacts ofBTM PVISO-NE PUBLIC19
Behind-the-Meter Photovoltaic (BTM PV) ReconstitutionBackground, continued The ISO does not have comprehensive visibility into the power and energy production of allBTM PV systems‒ A process of upscaling is applied to performance data obtained from a sample of BTM PV sites locatedthroughout the region to infer aggregate BTM PV behavior Upscaling inputs‒ Town-level PV performance data Aggregated from a sample of PV systems within each town‒ Installed PV capacity data AC nameplate of all operating PV systems in New England Sourced from a tri-annual survey submitted by the Distribution Owners Development of historical estimated BTM PV production‒ Infer hourly BTM PV fleet performance via upscaling by combining normalized profiles with installedcapacity data‒ Hourly production of market-facing PV systems is then subtracted to yield the BTM PV productionISO-NE PUBLIC20
Upscaling Source DataDistribution Owner PV Installed Capacity Distribution Owners provide ISO with detailedPV interconnection data three times eachyear:‒ End of April, August, and December Information consists of nameplate capacity,town location, and in-service date for eachinstallation across the region‒ Nameplate capacity reflects aggregateinverter ratingHeat map illustrates the total PV installednameplate capacity in each town, as of 12/31/18 Dataset enables ISO to monitor amounts andlocations of PV installed across region overtime Installed capacity data is filtered to omit largescale PV systems that are not included in thelong-term PV forecastISO-NE PUBLIC21
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Upscaling Source DataBehind-the-Meter Photovoltaic Performance Data ISO is provided performance data associated with upto 10,000 individual PV systems from a vendor Vendor aggregates and bins the source data at thetown and 5-minute levels and normalizes allperformance values as a fraction of total nameplatecapacity (e.g., a value of 1 would represent that totalPV output is equal to total nameplate capacity) Dataset provides knowledge about how BTM PVperforms across the region at each 5-minute timeincrement of historyHeat map illustrates the data for July 31, 2019 at 2:30 p.m. Colors reflect BTM PV performance as a share of nameplate capacity Source data are unavailable for gray towns Data not requested for blue townsISO-NE PUBLIC22
Fictional Upscaling Example Assume there are five towns in a zone,towns A, B, C, D, and E‒ Towns may have normalized production data‒ All five towns have installed PV Objective: Upscale the normalized30-minute, town-level PV data such thatit reflects the aggregate BTM PVperformanceISO-NE PUBLIC23
Data for Fictional Upscaling ExampleNormalized Photovoltaic Profiles and Installed Capacity Example town-level normalizedproduction data is tabulated to the right‒ No data provided for Town E Total installed nameplate capacity for eachtown is tabulated belowNote: Town E is missing production data, but hasinstalled capacityTown ATown BTown CTown DTown EtotalInstalled Cap. (MW)126816850ISO-NE PUBLICtimeTown ATown BTown CTown .730.660.590.500.370.260.160.100.050.00Town E24
Determine Weights of Town-Level Profiles To estimate the zonal production profile, capacity-weights for town-level profiles arefirst developed‒ Town weights are developed using the ratio of each town’s installed capacity to the sum ofthe installed capacities from towns with corresponding performance data‒ Towns without performance data are excluded from the capacity-weighting process Capacity weight calculations for the five-town zone example are tabulated belowTown ATown BTown CTown DTown EtotalInstalled Cap. (MW)126816null42Calculate Weights12/426/428/4216/42no weightn/aISO-NE PUBLICWeights0.2860.1430.1900.381null1.0025
Weighting and Upscaling Zonal Profiles – Steps Upscaling is last step of data process‒ Zonal normalized profile represents production of all PV systems in zone at each time increment‒ Total power output for zone is calculated by multiplying normalized zonal profile by total zonalinstalled capacity Hourly data can then be derived from sub-hourly datatimeTown ATown BTown CTown wn ECalculate ZonalZonal Norm Profile0.500.286*0.52 0.143*0.48 0.190*0.45 0.381*0.500.49350.00024.6680.530.590.286*0.63 0.143*0.57 0.190*0.53 0.381*0.590.58750.00029.3590.670.630.700.286*0.75 0.143*0.67 0.190*0.63 0.381*0.700.69750.00034.8360.710.660.760.286*0.80 0.143*0.71 0.190*0.66 0.381*0.760.74550.00037.265ISO-NE PUBLICInstalled Capacity Zonal MW Profile26
Upscaling Behind-the-Meter Photovoltaic for New England ISO uses process outlined on previous slides to estimate total PV production (of all PV inlong-term PV forecast) for the region Same process can be applied to various sub-regions‒‒‒‒Dispatch zoneLoad zoneStateRegion BTM PV reconstitution data is calculated by subtracting production from all market-facingPV from total – refer to next slideISO-NE PUBLIC27
Development of Hourly Behind-the-Meter Photovoltaic ReconstitutionJuly 4-10, 2019 ExampleTotal hourly PV energy foreach state calculated viaupscalingHourly PV energy in eachstate settling in ISOwholesale energy marketTotal PV minus wholesalemarket PV yields BTM PVused for hourlyreconstitutionISO-NE PUBLIC28
Load Forecast InputsISO-NE PUBLIC29
Macroeconomic Inputs Moody’s Analytics provides actual and forecast data for a variety of macroeconomicindicators for the New England region and each of the six states, some of which may beused in the load forecast‒ Real gross state product‒ Population‒ Households‒ Unemployment rate Historical electricity prices stem from publically available EIA data (form 861)‒ These data may not be included if they do not pass statistical checks Forecast macroeconomic data provided in the fall of each year is utilized in the followingyear’s long-term load forecastISO-NE PUBLIC30
Electric Energy Intensity of Regional Economy1991-2018 Electric energy intensity of the regional economy has beendeclining for the past few decades, which has resulted in adecreasing influence of macroeconomics on the loadforecast in recent years Graph illustrates the long-term trend in relationshipbetween annual electric gigawatt-hours and real grossstate product‒ Brown line is based on net load energy‒ Blue line is based on gross load energy afterreconstituting for the energy savings from EE and BTM PV Based on difference between blue and brown lines, theeffects of market-facing EE and BTM PV have beenresponsible for most, but not all, of this decline in intensitysince 2006ISO-NE PUBLIC31
WeatherStations, Locations, and WeightsHourly dry bulb (DB), dew point (DP), and wind speed (WS) used in long-term loadforecast are associated with eight weather stations located throughout New EnglandRegional and state weather are derived using station weights shown in table belowWeather Station(City, NHRIVTBoston, MABOS0.2010.214-0.440----Bridgeport, CTBurlington, VTConcord, .000-1.000-Portland, MEProvidence, RIWindsor Locks,CTWorcester, ---ORH0.2140.209----1.0000.270-0.830 0.160-0.130ISO-NE PUBLICLocations of weather stations32
Independent Weather VariablesCreating Input Variables for Modeling Hourly weighted weather concepts are used to create independent variable inputs to energy anddemand models, according to equations listed below Weather is also sometimes coupled with a time trend to capture seasonal load growth patternsWeather VariableTemperature-humidity index3-day weighted THIAbbrev.THIWTHIEquationTHI h 0.5* DBh 0.3* DPh 15WTHI h 10 * THI h 5 * THI h 24 2 * THI h 4817 65 DB EffTemp DB * (WS ) 100 Effective temperatureEffTempHeating degree daysHDD HDD max(65 AvgDBDaily , 0)Cooling degree dayCDDCDD max( AvgDBDaily 65, 0)THI-based CDDCDDTHI max(0.4 * AvgDBDaily 0.4 * AvgDPDaily 15 65, 0)CDD THIISO-NE PUBLIC33
Modeling and ForecastingISO-NE PUBLIC34
Forecast ModelingIntroduction Long-term load forecast consists of monthly energy models and monthly peak demandmodels for the New England region and each of the six states‒ 168 individual models: (7 regions x 12 months x energy and demand)‒ All historical load data used for modeling is gross load‒ Regression-based modeling Models are estimated based on historical gross load, economics, and weather‒ Inputs are updated annually to capture the most recent trends in historical data‒ Model specification may be re-evaluated if forecast performance issues are observedISO-NE PUBLIC35
Forecast ModelingModel Selection Models are selected based on a variety of statisticaltests and performance metrics In-sample statistics characterize how well a modelrepresents data used to estimate modelGraphical representations allow for visual inspection of forecastresults, for example, using comparison of forecast and observed loadsExample scatter plot below illustrates a comparison of out-of-sampleJuly/August 2018 forecast performance from two different modelspecifications considered during 2019 forecast cycle‒ T-Statistics: explanatory power of each regressor‒ Adjusted R-squared Statistic: over all model fit‒ Tests for autocorrelation in error terms Out-of-sample testing characterizes a model’spredictive accuracy on data unseen by model duringmodel estimation process‒ Mean error (ME): average tendency of modelover/under-forecast‒ Mean absolute percent error (MAPE): averagemagnitude of forecast errors irrespective of direction(i.e., over/under)ISO-NE PUBLIC36
Weather for Model Estimation and ForecastsGross monthly energy Models utilize weather aggregated to monthly level‒ Total monthly HDDs and CDDs‒ Typically includes last 27 years of weather encompassing lasthistorical yearProcessYears ofweatherEnergyModeling25-30 yearsEnergyForecasting20 yearsDemandModeling15 yearsDemandForecasting25 years Forecasts utilize normal monthly weather‒ Based on a 20-year historical periodGross peak demand Models utilize weather at the hour of the daily peak‒ WTHI and effective temperature during the hour of each daily peak‒ Daily CDDs and HDDs‒ Rolling 15-year window that includes last historical year Forecasts utilize a weekly weather distribution‒ Based on a 25-year historical periodISO-NE PUBLIC37
Gross Energy ModelingMonthly gross energy models are developed for New England region and each of the six statesDependentVariableHistoricalGross MonthlyEnergyIndependent astEconomicsNormalWeatherEnergy Model(β0, β1, βn)ModelEstimationModels are estimated based onhistorical monthly gross energy, annualeconomics, and weather during monthForecast GrossMonthlyEnergy** Gross forecasts may also be informed by post model inputsISO-NE PUBLIC38
Gross Energy Modeling Gross energy models are regression models of the general form:Energy gross month β 0 β1 * Economy β 2 * Weather β 3Weather * Trend TimeWhere:β0 βnEconomyWeatherTrendTime Regression model coefficientsAnnual economic variable(s)Monthly weather variable(s)Annual linear counter from an initial start year 7 regions x 12 months 84 individual energy models Monthly energy forecast modeling uses normal weather and baseline economic forecasts as inputs Normal weather based on a recent 20-year history and reflects an average monthly degree days(HDDs or CDDs)‒ Period 1996-2015 was used for 2019 CELT forecast‒ Weather constructs used in 2019 CELT include monthly total HDD and CDDTHIISO-NE PUBLIC39
Weather Used in Energy ForecastsMonthly Weather NormalGross energy forecasts are produced by using normal weather as inputs to monthly modelsAverage monthly weather over a 20 year historical period: 1996-2015Average Monthly HDD 1996-2015Average Monthly CDD 200002468102124681012MonthMonthISO-NE PUBLIC40
Gross Peak Demand ForecastMonthly models of daily gross peak demand are developed for New England region and eachof the six statesDependentVariableHistoricalGross DailyPeaksIndependent VariablesHistoricalGross MonthlyEnergyWeekly weatherdistribution from a 25year historical periodFrom GrossEnergy ForecastProcessWeekly WeatherDistributionForecast MonthlyGross EnergyHistoricalWeather &TrendModelEstimationDemand Model(β0, β1, βn)Models are estimated based on historicalmonthly gross energy, gross daily peaks,and weather at the time of the daily peak* Gross forecasts may also be informed by post model inputsISO-NE PUBLICForecast WeeklyDistribution ofGross Daily Peaks*Weekly weather are inputto the model to produce adistribution of daily peaksfor each week of forecast41
Gross Demand Modeling Gross peak demand models are regression models of the general form:PeakDemand gross ,daily β 0 β1 * Energy gross ,month β 2 * Weather β 3 * Weather * Trend Time β 4 * CalendarWhere:β0 βnWeatherCalendarTrendTime Regression model coefficientsWeather variable(s) at the hour of the peakHoliday or Day of Week indicatorsAnnual linear counter from an initial start year 7 regions x 12 months 84 individual models Model estimation period is a rolling 15-year window of historical daily peak demandand weather data‒ Each year, window is rolled forward to capture last historical year Weather constructs used in 2019 load forecast included: WTHI, effective temperature,CDDs, and HDDs‒ Weather pertains to observed conditions at time of daily peakISO-NE PUBLIC42
Weather Used in Probabilistic Demand ForecastsDeveloping Weekly Weather Distributions Probabilistic gross peak demand forecast is created using weekly weatherdistributions that serve as weather scenarios representing a range of possibleweather for each week of the year Weather scenarios consist of the historical weather corresponding to allvariables used in demand forecast models and are derived using a period ofhistorical weather data For each weather variable, the most extreme weather values are selected froma range of typical (gross) peak load hours‒ Winter weeks: hours ending 18-19‒ Summer weeks: hours ending 14-17 Daily weather points are aggregated into weeks as illustrated on next slide‒ Each historical year contributes 25 points per week1991 (year 1) 25 pts1992 (year 2) 25 pts.2015 (year 25) 25 ptsTotal, week n625 ptsMapping of weeks to months is tabulated Winter months/weeks are shaded blue Summer months/weeks are shaded -30831-35936-391040-441145-481249-5243ISO-NE PUBLIC
Weather Selection for Probabilistic Demand ForecastsDeveloping Historical Weekly Weather DistributionsAnnual Distribution Annual Distributionfor Week n 1for Week n(25 pts total)(25 pts total)Year X.Sa Su M T W Th FWeek n-2Sa Su M T W Th F Sa Su M T W Th F Sa Su M T W Th F Sa Su M T W Th FWeek n-1Week nWeek n 2Week n 1Total WTHI Distributionfor week n150Total distributionfor week n:25 pts x 25 years 625 pts.Repeat for each weekand weather concept1005006570758085625 WTHI valuesISO-NE PUBLIC44
Developing Weekly Load DistributionsJuly ExampleWeekly weather distributions are input tomonthly peak models for all weeks of 10-yearforecast horizon (only July is shown)Weekly Weather Distributions150150HDD100Wk 1EffTemp1005050Weekly Load Forecast Distributions004020602004060.CDD100Wk 000July PeakModelWk 28ForecastMW50015,00034,000.Wk 28Forecast is ofnon-holidayweekdays(other calendarvariables setto zero)Wk 29ForecastMW50ForecastMW50015,000Wk 2934,000ForecastMW500015,00015,00034,000100Wk 3034,00010010000ForecastMW50100500Wk 2710050500Wk 52ForecastMW0WTHI1000Wk 3010050150150Wk 29Wk 2700Year 1010050500Wk 28Year 115015034,000100ForecastMW50015,000Wk 0600204060ISO-NE PUBLIC45
Selection of Points in Load Forecast DistributionJuly Example (Weeks 27-30)Calculate load percentilesfor each week of the forecast.Wk 27100ForecastMW50Maximum percentile value acrossall weeks within each month areused as monthly percentile value015,00034,000Wk 28100ForecastMWWk 28100Forecast MW5050/50 July Peak015,0005034,000100ForecastMWWk 295090/10 July Peak015,00034,000015,00034,000100Wk 30ForecastMW 95th percentile, corresponds to 50/50 peak 99th percentile, corresponds to 90/10 peak50.015,00034,000ISO-NE PUBLIC46
Resulting Weekly Gross Demand Forecasts2019 Forecast Example47ISO-NE PUBLIC
Weekly Forecast DistributionStatistical Moments For each week of resulting forecast distribution, these statistical moments are calculated:‒ Mean‒ Standard deviation‒ Skewness Statistical moments are used to convert discreteweekly forecast distributions to a continuousforecast distribution needed for probabilisticMonte Carlo analyses used in ICR calculations‒ Plot to right shows a comparison of weekly forecastdistribution and corresponding continuous forecastdistribution (from 2019 CELT forecast) of the summerpeak week (week 28) of forecast year 2023ISO-NE PUBLIC48
Incorporating Other Trends Into Load Forecasts Consideration of forward-looking electricity consumption trends that are not reflected inthe historical data used in econometric modeling may also be required‒ For example, the recent and projected growth of BTM PV and its impact on energy anddemand Accounting for these anticipated impacts can often be achieved by making forecastadjustments downstream of the forecast modeling‒ For example, expected impacts of federal appliance standards promulgated by the 2007Energy Independence and Security Act (EISA) were reflected as an adjustment to thegross energy forecast starting in CELT 2009 until CELT 2018 Starting in CELT 2020, the development of the gross load energy and demand forecasts willinclude accounting for new exogenous forecast information into the final gross loadforecast‒ Heating and transportation electrification forecasts will be added to the outputs fromgross energy and demand forecast modelsISO-NE PUBLIC49
Net Load ForecastISO-NE PUBLIC50
Net Load Forecast Net load forecasts are developed by subtracting EE and BTM PV forecasts of energy anddemand from respective gross forecasts EE and BTM PV forecasts are developed separately and in parallel to the annual gross loadforecast‒ EE forecast is developed as part of Energy Efficiency Forecast Working Group (EEFWG)stakeholder process‒ BTM PV forecast is developed as part of Distributed Generation Forecast Working Group(DGFWG) stakeholder process A high-level summary of these forecasts is provided on the following slidesISO-NE PUBLIC51
Energy Efficiency Forecast Each year the ISO forecasts long-term savings in peak demand and energy stemming fromstate-sponsored en
Sep 27, 2019 · ISO’s long -term load forecast is a 10-year projection of . gross and net load . for states and New England region ‒Annual gross and net energy ‒Seasonal gross and net peak demand (50/50 and 90/10) Gross peak demand forecast is probabilistic in nature ‒Weekly load forecast distributions are developed for each year of forecast .
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SCP130A SCP160H4 SCP250H4 Forklift Trucks SCP320H4 


turning radius speed drawbar gradeability under mast with load center wheelbase load length minimum outside travel lifting lowering pull-max @ 1 mph (1.6 km/h) with load without load with load without load with load without load with load without load 11.8 in 12.6 in 347 in 201 in 16 mp
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(Hat) Furring (F) Channel - Product Data 


Floor Joist Spans 35 – 47 Floor Joist Bridging and Bracing Requirements 35 Joist Bridging Detail 35 10 psf Dead Load and 20 psf Live Load 36 – 37 10 psf Dead Load and 30 psf Live Load 38 – 39 10 psf Dead Load and 40 psf Live Load 40 – 41 10 psf Dead Load and 50 psf Live Load 42 – 43 15 psf Dead Load and 125 psf Live Load 44 – 45
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La Crosse Technology Page 1 Wireless Forecast Station Model C86371 Instruction Manual Introduction The Wireless Forecast Station with 12 Hour Color Forecast and Snooze Alarm features radio-controlled time, weather forecast, indoor and outdoor temperature/humidity as well as heat index and dew point, on
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The FORECAST Procedure 


of periods to forecast in the PROC FORECAST statement, then list the variables to forecast in a VAR statement. For example, suppose you have monthly data on the sales of some product, in a data set, named PAST, as shown in Figure 12.1, and you want to forecast sales for the next 10 months. Obs date sa
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System Wide Information Management (SWIM) 


related weather information in the Enroute area Vertically Integrated Liquid (VIL) Mosaic (1km resolution) VIL Forecast Contours (Std. Mode) VIL 2-hr. Forecast VIL Forecast Contours (Winter Mode) Echo Tops Mosaic (1 km resolution) Echo Tops Forecast Contours Echo Tops 2-hr. Forecast 
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2nd Grade – Launching with . Voices in the Park by Anthony Browne (lead from the Third Voice) My First Tooth is Gone by student (student authored work from Common Core Student Work Samples) A Chair for my Mother by Vera B. William Moonlight on the River by Robert McCloskey One Morning in Maine by Robert McCloskey, Roach by Kathy (student authored work from www.readingandwritingproject.com .
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Stock closes at an all time low 8.11 Yahoo invested 1Bn in Alibaba Yahoo co-founder & CEO Jerry Yang steps down after 18 months Microsoft and Yahoo agree to search partnership 2008 Yahoo tries to buy Google for 3Bn. Google denied the offer 2009 Yahoo acquires many media companies Microsoft tries to buy Yahoo for 44.6Bn Yahoo denied offer .
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Reviewers Guide – AT&T Yahoo! Go Mobile AT&T Yahoo! Go Mobile gives you access to a wide range of the Yahoo! services you . select download then select attachments to view and download the attachment. 4 . emoticons, audibles, voice IMs and attach photos to IM conversations. To use Yahoo! Messenger, click on Messenger in the Yahoo! Go .
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Chapter 1 The roles of finance function in organisations
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