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Long-Term Hourly Peak Demand and Energy Forecast

May 13, 2008
Executive Summary

The 2008 long-term peak demand and energy forecast for the ERCOT region is presented in this report, including the methodology, assumptions and data upon which this forecast is based.  The 2008 forecast is based on the latest historical hourly loads for the region, adjusted for economic and weather variables (primarily temperatures, heating and cooling degree-days).  The forecast does not account for load reductions under ancillary service programs since those programs are accounted-for in the ERCOT Capacity, Demand and Reserves report as reductions to demand for the purpose of reserve calculations.  
The 2008 summer peak demand forecast of 64,927 MW represents an increase of 4.40% from the 2007 actual peak demand of 62,188 MW, which was set with unusually cool summer temperatures. The ERCOT Long-Term Demand and Energy Forecast (LTDEF) peak demand growth rate for 2008 is 1.80% compared to last year’s (2007 LTDEF) 2.12% forecast growth rate for 2008 to 2018, reflecting a slowdown in the overall economic outlook for the state of Texas, including ERCOT’s territory, and adjustments to the model’s weather sensitivity. 
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Figure 1 – Historical and Base Forecast Hourly Peak Demand
Figure 1 shows the historical peak demands from 1997 to 2007 and forecasts from 2008 until 2018.  The historical compound growth rate for the last ten years (1997-2007) has been approximately 2.17%. The 2008 LTDEF’s average annual growth rate is 1.80% over the next ten years (2008-2018) and 1.59% over the 2008 to 2025 period.
The 2008 long-term hourly peak demand forecast is 0.32% lower in 2008 and declines to 3.31% lower in 2018 when compared to last year’s forecast.  The key factor driving the lower peak demands and energy consumption (MWh) is the overall outlook of the economy, as measured by economic indicators such as the real per capita personal income, population, gross domestic product, and various employment measures including non-farm employment and total employment. The model was also recalibrated to adjust the weather sensitivity and to include the effects of having an additional year of historical load data. 
Also shown in Figure 1 are the forecast scenarios using statistical analysis and extreme weather profiles. The red dash line on the top is a plot of the system peak demand forecasts using temperatures above 90% of the historical temperatures (90th percentile) experienced during the last fourteen years. This extreme forecast is referred to in the figure as the extreme hourly forecast 90-10. The low hourly forecast 10-90 refers to the forecasts obtained by using temperatures above 10% of all temperatures during the last fourteen years.  The forecast for 2008 is 64,927 MW and the preliminary 90% band is 68,285 MW or 5.17% higher than the forecast using normal weather.
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Figure 2 – Historical and Forecast Energy (TWh) Consumption
The 2008 energy consumption forecast of 313,946 GWh represents an increase of 2.0% from the 2007 actual energy consumption of 307,800 GWh. The ERCOT Long-Term Demand and Energy Forecast (2008 LTDEF) energy growth rate for 2008 to 2018 is 1.79% compared to last year’s (2007 LTDEF) 2.09% forecast growth rate for 2008 to 2018. 

The energy forecast for 2008 to 2018 is 1.80% lower in 2008 and 4.40% lower in 2018 than last year’s forecast.  The key factor in the decline in energy consumption is the downturn projected in the economic outlook for Texas as captured by economic indicators such as the real per capita personal income, population, gross domestic product, and various employment measures including non-farm employment and total employment (discussion of economic outlook is presented on page 8). If income is growing at a slower pace than population, the average person will usually experience a lower overall standard of living. A lower standard of living generally means a cutback of overall comfort, in terms of home sizes, thermostat settings, increase in the number of electricity consuming appliances, which in many cases directly translates into a conservation effect and thus lower electricity consumption.  
Similar to Figure 1, the forecast scenarios in Figure 2 show extreme weather profiles for the energy consumption.
Economic and demographic data, including a 20-year forecast at the county level, are obtained on a monthly basis from Moody’s Economy.com.  Fourteen years of weather data are provided by WeatherBank for 20 weather stations in ERCOT. The data provided by these vendors under contract with ERCOT are used as input to the energy and demand forecast models.

Introduction
This report gives a high level overview of the forecasts obtained from the 2008 Long-Term Forecast Model. The methodology is briefly described, highlighting the major aspects involved in producing the forecast, including the data input used in the process. Second, a historical perspective of the load growth in the ERCOT’s territory is provided and final results of the forecast peak demands and energy from 2008 to 2025 are presented in a graphical form and summarized in a table. Third, a discussion of the major drivers of peak demands and energy consumption is included, along with the uncertainties associated with the forecast, and the differences with last year’s forecast. The final hourly load shape forecast is presented in a graphical form giving a perspective or comparison of the actual and forecast trends out into the period 2008 to 2018. Finally, the more detailed econometric forecasting methodology used by ERCOT is described in Appendix 3.
General Background: Forecast Development Description

The 2008 Long-Term Demand and Energy forecast was produced with a set of econometric models that use weather, economic and demographic data and calendar variables to capture and project the long-term trends in the historical load data for the past six years. 

First, a representative hourly load shape by weather zone is forecasted using an average weather profile of temperatures and Cooling Degree Hours (CDH) and Heating Degree Hours (HDH) obtained from historical data to project the load shape into the future. Other factors such as seasonal daily, weekly, monthly and yearly load variations and holidays, in addition to various interactions, such as of weather and weekends and weekdays are also considered. This hourly ERCOT Load Shape only describes the hourly load fluctuations within the year and in itself does not reflect the long-term trend. 
The long-term trend is provided by the energy forecast. The monthly energy forecast models by weather zone use Cooling Degree Days (CDD) and Heating Degree Days (HDD), economic and demographic data, and indicator variables for special events to project the monthly energy for next eighteen years (2008 - 2025).
Data Sources
Economic and demographic data, including a 20-year forecast at the county level, are obtained on a monthly basis from Moody’s Economy.com. These data are used as input to the monthly energy models.

Fourteen years of weather data are available from WeatherBank for 20 weather stations in ERCOT. Data from these weather stations are used to develop weighted hourly weather profiles for each of the eight weather zones. These data are used in ERCOT’s Load Shape models. Monthly CDD and HDD are used in the monthly energy models. 

The economic and demographic, and weather data are provided by the vendors above, and as such, are proprietary data and under contracts which require that these data not be released to the public.

Historical load data are available on an hourly basis from ERCOT’s data aggregation systems since July 31, 2001 when ERCOT began operations under a single control area. Prior to 2001, ERCOT obtained hourly load data from Transmission and Distribution Service Providers (TDSP) going back to 1995. Historical weather zone load data have only been collected from July 31, 2001.
ERCOT’s Historical and Forecasted Peak Demands and Average Load Growth
The Figure 3 (below) compares the ERCOT’s average hourly load with the annual system peak demand. The growth of the average hourly load is considered almost as a fixed amount that can be estimated with a reasonable degree of accuracy. The peak demand growth, however, is a much more volatile variable and more difficult to predict. The many factors affecting peak demand and the high degree of uncertainty in the long run make it a challenging variable, in term of assessing its behavior in the future.
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Figure 3 – ERCOT Historical Average Load versus System Peak Growth
Over the last ten years (from 1997 to 2007), ERCOT’s average hourly load grew 15.30%. On the other hand, ERCOT’s system peak grew 23.47% or 8.17% more than the average hourly load.    The average annual growth rate of the system peak was 2.35% over this period. 
Over the last five years, a similar pattern can be detected. The average load growth rate was 8.00% versus 10.88% for the system peak.  The average growth rate of the system peak demand above the average load growth over the five year period from 2002 to 2007 was 2.88%.
The actual system peak demand from 1997 to 2007 experienced a high growth rate which can be attributed to the specific weather for that period.  The same cannot be said for the growth in system peak demand from 2002 to 2007.  It is not likely that these specific weather patterns will be reproduced in the future, or that the relationship between average load and peak demand growth will be kept the same as in either of these periods. In addition, it is important to note that the point of departure, 1997, was a mild weather year, causing the peak to have a high growth rate from 1997 to 2007. The system peak demand is predominantly determined by weather while the average load growth intrinsically reflects growth associated with other factors such as economic, demographic, infrastructure, etc.  
The 2008 Long-Term peak demand and average load forecast is graphed below in Figure 4. Over the ten year period (2008-2018) the average load is projected to grow 19.69% or at a 1.97% growth rate. The total system peak demand growth over the same period is 19.51%, equivalent to a 1.95% average annual growth rate. The equivalent compounded growth rate equates to 1.80%. 
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Figure 4 – ERCOT Forecast Average Load versus System Forecast Growth
ERCOT’s Peak Demand and Energy Forecasts

The annual historical and forecast peak demands, and the energy consumption, are plot in figure 5 below. The historical peak demand compound growth rate from 1997 to 2007 was 2.12% and the energy growth rate over the same period was 1.95%. By comparison, over the last five years, from 2002 to 2007, the peak and energy grew at 2.09% and 1.85% correspondingly. The 2008 LTDEF peak demand and energy forecast produced compounded growth rates of 1.80% for the peaks from 2008 to 2018 and 1.79% for the energy over the same period.
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Figure 5 – Historical and Forecast Hourly Peak Demands
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Figure 6 – Historical and Forecast Energy Consumption
Economic Outlook and Factors Driving  Peak Demand and Energy
Growth in electricity demand and consumption is closely correlated with three main factors: 1) Weather, 2) Economics, and 3) Demographics. Economic and demographic changes can affect the characteristics of electrical demand in the medium to the long-run. Weather, on the other hand, drives most of the variation in electric demand in the short-run. Thus, since weather also affects the variation in the electric demand in the long-run, long-term forecasting using historical average weather profiles to indicate the future variation in weather.  
In the long-term, Moody’s economic outlook generally has been lowered as compared to last year’s. The key factors driving the lower peak demands and energy consumption forecasts in the long-Term are reflective of the overall state of the economy as captured by economic indicators listed above, such as the real per capita personal income, population, gross domestic product, and various employment measures including non-farm employment and total employment. These are presented in the figures below. Different combinations of these economic variables are used to model economic impacts throughout the eight weather zones that comprise the ERCOT electric grid.
Moody’s assessment of the Texas economy indicates that, although Texas has been affected by the same short-term factors as other states in the U.S., such as the mortgage finance crisis and weak demand for manufacturing output, it is expected to outperform the nation as a whole. The weak manufacturing outlook is driven by the national recession and may eventually have a more substantial effect on the Texas economy. Despite the short-term slowdown, Texas should avoid a major decline itself that would cause it to go into a recession, unless the downturn is much severe than anticipated. High energy prices continue to power the Houston economy. Growth in the non-residential markets is expected to decline mainly because of concerns about the national recession. In the housing market, even though the decline in housing permits is similar to the pattern for the U.S. as a whole,   existing home sales still have remained strong and homes have kept their value better than other areas of the country. 
In the long-term, Texas non-farm employment continues to grow faster than the weak pace of the U.S. Real personal per-capita income is expected to level-off or decline in a slight to medium fashion due to wage rates experiencing modest growth, only slightly faster than inflation, due to lower productivity growth. Another measure of the long-term health of the economy is the gross domestic product (GDP). GDP is an important measure of economic activity in a country or an area, such as the ERCOT territory. The Gross Domestic Product is the synthesis of three sides of the economy: expenditure, output, and income.
There are long-term impacts of this economic outlook discussed above. The 2008 long-term forecast is lower than last year’s forecast (both for system peaks and energy consumption). The reason for the lower peak and energy forecasts is due to the overall net impact of using more pessimistic projections for the economic indicators. This is directly reflected in this year’s system peak demands forecasts, projected to grow at an average annual growth rate of 1.80% (2008-2018). This compares to last year’s 2.12% growth rate (2007-2017). The effects are relatively minor in the short-term (2008-2010).  The system peak demand decline is only 0.40%. The energy decline is 1.85%. 



[image: image8.emf]Real Personal Per-Capita Income

23,000

24,000

25,000

26,000

27,000

28,000

29,000

30,000

31,000

32,000

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Year

$ per Person

Real Personal Per-Capita Income 2007 Real Personal Per-Capita Income 2008



Figure 7- Real Personal Per-Capita Income
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        Figure 8 – Population in the ERCOT Territory
[image: image10.emf]ERCOT Gross Domestic Product (GDP) 

600000

700000

800000

900000

1000000

1100000

1200000

1300000

1400000

1500000

200220042006200820102012201420162018202020222024

Year

Millions $

2007 LTDF 2008 LTDF 4-11


Figure 9 – Gross Domestic Product in the ERCOT territory
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Figure 10 – Total Non-Farm Employment
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Figure 11 – Total Persons Employed

ERCOT’s Peak Demand and Energy Uncertainty
One measure of the uncertainty associated with extreme weather impacts on the peak demands can be obtained by using a more extreme weather profile to obtain the forecasts. ERCOT developed weather profiles that rank at the 90th percentiles of all the temperatures in its hourly temperature database and did the same to develop with the 10th percentile of all temperatures. Strictly speaking these are not confidence bands in the statistical sense, but common use has been to use this term to refer to the results. A more appropriate term would be to use scenarios associated with the 90th percentile temperature distribution or 90th percentile scenario forecasts. ERCOT has also, in the past, run Monte Carlo simulation to assess the extreme temperatures on the peak demands.  
For the 2008 LTFM the 90% Confidence Bands were developed and are depicted in the figures below. The high forecast for 2008 is 5.17% higher than the 2008 forecast with an average weather profile.
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Figure 12 – Historical and Forecast Hourly Peak Demand 

Differences with Last Year’s Forecast
In the near term, this year’s forecast is very similar to last year’s forecast.  Overall, the forecast is lower due to the possible effects of a national recession having an impact on the Texas economy. The forecasting models were recalibrated based on having an additional year of actual data and adjustments to the weather sensitivity of the model.  The figure below shows the two forecasts over the 2008 to 2018 time frame.
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Figure 13- Comparison of 2007 and 2008 Forecast
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Figure 14 - Comparison of 2007 LTDEF and 2008 LTDEF Energy Forecast

ERCOT’s Load Shape Forecast 

The process used to develop ERCOT’s peak demand forecast produces an hourly Load Shape for each weather zone.  The hourly load peak demand forecast also contributes the system peak demands that are used in the resource adequacy assessment, NERC summer and Long-Term assessments, and other reports. The 2008 Long-Term System Hourly Load forecast over the next five years (2008-2013) and the forecast (fitted) results are shown in the figure below.  
Figures 15 and 16 depict the forecast load shapes for 2008 to 2013. Each of these load shapes is derived using an average weather profile. Because of this, the load shapes are basically the same for each forecast year. The upward trend comes from the economic forecasts that drive the energy consumption forecasts. Figure 17 shows one 24 hour day for the peak day in 2008. 
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Figure 15 – Hourly Load Forecast including Historical Fit
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Figure 16 – Hourly Load Forecast and Actual
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Figure 17 – Hourly Peak Loads for July 31, 2008
ERCOT’s Peak Demand and Energy Forecast by Weather Zone
There are eight defined weather zones at ERCOT. The weather zones are: 1) North, 2) North Central, 3) East, 4) Far West, 5) West, 6) South Central, 7) Coastal, and 8) South. The largest MSAs are located in the North Central, South Central and Coastal zones. The Dallas/FW is in the North-Central, Austin and the San Antonio areas are contained within the South-Central and Houston is in the Coastal zone. These three areas have been affected by a non-residential slowdown in the outlook. There are offsetting effects that counter the problems with the manufacturing area, such as the service-producing industries more than offsetting this effect and driven employment gains outpacing the national pace. The Houston area is growing at a fast pace and is booming due to the high energy prices. Thus, the forecasts for these major zones show a mixed scenario in terms of economic growth. The forecasts for the smaller zones show an average or below average trend in growth.  
The annual forecasts data by weather zone are included in Table 2 of appendix 2. 
APPENDIX 1: PEAK DEMANDS AND ENERGY CONSUMPTION DATA
A summary of the 2008 Long-Term Forecast Model (LTFM) results is condensed below. This table includes forecast energy, forecast energy for the load shape, the MWh historical values, the coincident and zonal peaks, the diversity, coincident, and load factors and the diversity in % terms. For reference, historical data for 2002-2007 included. The MW peak is a coincident peak and the zonal peak refers to the aggregate of individual non-coincident peaks. The Energy MWh column, from 2002-2007, contains the forecasted values for that period. The MWh_Hist contains the historical energy consumption for 2002-2007. The following quantities in the table below can be defined as follows (numbers are rounded):


Load Factor: (energy/(peak*number of hours)


Diversity: (Non-Coincident Peak – Coincident Peak)



Diversity Percent: (Diversity Factor/Coincident Peak)



Coincident Factor: (1-Diversity Percent)

	Year
	Forecast Energy MWh
	MWh
	MW Peak
	Zonal Peak
	Diversity
	Coincident Factor
	Diversity %
	Load Factor

	2002
	281,823,706
	280,772,959
	56,086
	57,233
	1,146
	97.96%
	2.04%
	57.1%

	2003
	284,896,519
	284,983,916
	60,037
	60,376
	339
	99.44%
	0.56%
	54.2%

	2004
	287,875,377
	289,140,984
	58,506
	59,316
	810
	98.62%
	1.38%
	56.4%

	2005
	298,641,752
	299,253,971
	60,214
	61,364
	1,150
	98.09%
	1.91%
	56.7%

	2006
	306,747,977
	305,740,287
	62,339
	63,352
	1,013
	98.37%
	1.63%
	56.0%

	2007
	307,785,779
	307,800,159
	62,188
	63,570
	1,382
	97.78%
	2.22%
	56.5%

	2008
	313,946,301
	 
	64,927
	65,629
	702
	98.92%
	1.08%
	55.2%

	2009
	319,355,145
	 
	66,247
	67,016
	769
	98.84%
	1.16%
	55.0%

	2010
	326,256,628
	 
	67,641
	68,423
	783
	98.84%
	1.16%
	55.1%

	2011
	332,937,669
	 
	68,964
	69,760
	796
	98.85%
	1.15%
	55.1%

	2012
	338,981,537
	 
	70,052
	70,859
	807
	98.85%
	1.15%
	55.2%

	2013
	344,811,527
	 
	71,454
	72,218
	764
	98.93%
	1.07%
	55.1%

	2014
	350,225,192
	 
	72,672
	73,508
	836
	98.85%
	1.15%
	55.0%

	2015
	356,415,726
	 
	73,908
	74,756
	848
	98.85%
	1.15%
	55.1%

	2016
	362,896,581
	 
	75,000
	75,858
	857
	98.86%
	1.14%
	55.2%

	2017
	368,987,250
	 
	76,420
	77,272
	851
	98.89%
	1.11%
	55.1%

	2018
	374,740,989
	 
	77,591
	78,491
	899
	98.84%
	1.16%
	55.1%


           Table 1 – Forecast Results of the 2008 Long-Term Forecast Model 
APPENDIX 2: WEATHER ZONE LOAD DATA

	Year
	North
	North Central
	East
	Far West
	West
	South Central
	Coast
	South

	2002
	1,904
	20,527
	2,175
	1,830
	1,595
	9,492
	14,578
	3,985

	2003
	2,070
	22,303
	2,319
	1,805
	1,675
	10,016
	15,823
	4,025

	2004
	2,047
	20,749
	2,265
	1,658
	1,562
	9,619
	16,611
	3,996

	2005
	2,080
	21,975
	2,351
	1,661
	1,542
	10,162
	16,282
	4,159

	2006
	2,361
	22,698
	2,433
	1,599
	1,613
	10,718
	16,728
	4,189

	2007
	2,166
	22,034
	2,248
	1,637
	1,469
	10,419
	18,240
	3,976

	2008
	2,105
	22,987
	2,424
	1,793
	1,748
	11,378
	18,282
	4,210

	2009
	2,145
	23,371
	2,400
	1,814
	1,778
	11,777
	18,686
	4,277

	2010
	2,188
	23,667
	2,450
	1,833
	1,831
	12,171
	19,164
	4,337

	2011
	2,236
	23,925
	2,498
	1,850
	1,890
	12,538
	19,636
	4,390

	2012
	2,270
	24,157
	2,539
	1,858
	1,934
	12,860
	20,004
	4,431

	2013
	2,301
	24,510
	2,664
	1,872
	1,982
	13,207
	20,432
	4,486

	2014
	2,344
	24,841
	2,629
	1,889
	2,028
	13,570
	20,821
	4,549

	2015
	2,380
	25,159
	2,672
	1,902
	2,076
	13,897
	21,223
	4,600

	2016
	2,405
	25,412
	2,710
	1,911
	2,122
	14,200
	21,600
	4,640

	2017
	2,439
	25,813
	2,759
	1,930
	2,175
	14,555
	22,051
	4,697

	2018
	2,456
	26,138
	2,798
	1,943
	2,219
	14,864
	22,430
	4,744


Table 2 – Historical and Forecast Yearly Coincident Peak Demands by 

Weather Zones (MW)   

APPENDIX 3: METHODOLOGY 

A Modified Approach to Long-Term Load And Energy Forecasting: Its Uses In An ISO’s Environment For Resource Adequacy And Transmission Planning

Introduction

The main focus of this paper is the benefits of a modified approach to long-term demand and energy forecasting model in an ISO’s setting. The forecasts that were produced by a regression model are input into several planning processes that are important in the long-term planning of an electrical grid. The development of this forecasting methodology was designed to address the needs for forecasts in several processes. The load forecasting methodology that was adopted is discussed and its results are outlined. The objective of this methodology is to determine a long-term view of the peak demands that ERCOT (total load served in the ERCOT region including exports across DC ties and excluding private use network loads) can expect to face, in order to secure sufficient resources in the next five to ten years. The discussion covers the success experienced in using this methodology and details of the process involved in producing the forecasts. More specifically, this paper details:

· A methodology developed specifically for ERCOT to meet its specific needs.

· How the methodology chosen has been used to successfully meet ERCOT’s planning objectives.

Why it is needed
The development of a long-term trend outlook uses a regression model that forecasts peak demands that are most likely to occur under normal weather conditions to determine the approximate timing for scheduling the building of transmission lines to balance the supply and demand for electric power in the ERCOT electrical grid. The load forecast is an input to the reserve margin calculation. As such, the load forecast is a key component necessary for meeting this objective, which is used to ensure a balanced system.

A resource adequacy assessment begins with the calculation of a reserve margin as,
Reserve margin= (Resources – Firm Load Forecast)/Firm Load Forecast 

This calculation is the foundation of the process for determining the adequacy of the system. The review of resource adequacy is an annual process that ensures that enough resources will be available to meet demand in the medium-to long-term time frame. 

The forecast is also used in the medium-range planning of resources by the outage coordinators to schedule plant outages for the next year.

Another aspect of system adequacy, where the load forecast plays an important role, entails performing a load sensitivity assessment. This assessment is related to the risk associated with the volatility of the load due to weather. The 90% approximate forecast limits due to the volatility associated with forecasting the load, using temperatures at the 90th percentile of the distribution, are calculated for the next ten to fifteen years to assess the risks of extreme weather volatility on the peak demands. These load volatility estimates are an input into the loss-of-load-probability studies (LOLP), which are used to determine the target reserve margin. 

Reviews of the reserve margin to ensure its adequacy are performed every few years through a LOLP study. In this study, expected load, load forecast error, the load volatility due to weather, generation fleet, maintenance schedules, and unit forced outage rates are input into a unit commitment and dispatch model in order to simulate the interrelationships between these variables over a number of replications. This simulation yields an expected un-served energy value. Then, the target reserve margin is obtained by finding the minimum point of the intersection where the LOLP is the ERCOT/NERC standard of one event every ten years.

Load volatility estimates derived from the load forecast are also used by NERC in the summer and winter reliability assessments. These load forecasts feed into the reporting requirements of FERC 714.

The long-term hourly load forecast by weather zones also serves an important function in performing economic analyses. It is an input to the UPLAN software which determines whether or not to undertake transmission projects.

As described above, the load forecast is a major input to several planning processes. The long-term forecast can affect the adequacy of the system grid. Some of the consequences of load forecast errors and their impact on system adequacy can be:

· Building excessive additional generation capacity and/or transmission facilities

· Inadequate levels of resources and generation leading to blackouts and  price spikes

· Sending incorrect signals to the market regarding the value of capacity and energy

Finally, the energy consumption forecast provides the means to determine the annual $/MWh ERCOT fee for the annual budget review, conducted by the Texas PUC.
Availability of methods
There are a wide variety of methods that can be used to forecast system peak and energy consumption. Such methods range from simple trending methods to more complex ones such as end-use forecasting or hybrids end use and econometric techniques, sophisticated Box-Jenkins Transfer function (Dynamic Regression) models and now neural network models that can be adapted to produce long-term forecasts 

For ERCOT, data requirements were a major determinant of which method was feasible and appropriate to implement. There were specific requirements to be met in terms of the end product. The following describes the specific nature of these data needs. 

Forecast Level of Detail

An hourly forecasted load shape by weather zones for the next five to ten years was needed as an input into UPLAN for economic analysis of transmission projects. The hourly loads from the load shape, combined with the results of a monthly energy forecast, were considered a feasible way to produce a system peak forecast for each year in the five-to-ten-year horizon. The system peaks and energy consumption forecasts were thought to be a high priority for this important process as these forecasts could as well be used as inputs into the resource adequacy process. 

Load and Weather Data level of Detail

ERCOT Staff decided to produce long-term forecasts for eight major areas in Texas where weather data was available and coincided with the available data appropriate for load analysis. Thus, from ERCOT‘s standpoint, weather zones were the logical choice. In addition, these zones also coincided with the major areas of interest for the analysis of transmission projects. In summary, the total load by weather zone was chosen as meeting the objective of the forecast needs. These forecasts then could be aggregated to a system level.

Economic, Demographic and Price Data Level of Detail

Besides hourly load, ERCOT also secures weather data, economic and demographic data from outside providers. In regard to prices, which are considered an important driver for inclusion in a demand equation, it is not clear as to whether the wholesale prices that ERCOT collects are really the most relevant for a forecasting application, in terms of being the prices ultimately faced by the consumer. Since the wholesale prices are collected on an hourly basis, and retail prices are better reflected by an average over a longer time period, such as a month, wholesale hourly prices do not capture the correlation with the MWh consumption correctly. Several attempts to include market clearing prices of energy (MCPE s) in the forecasting models were made but were unsuccessful. The models obtained showed price to be insignificant or to indicate a nonsensical relationship regarding the direction of the effect of price (wrong sign on the coefficient) and thus should not be included in a long-term demand equation. To make matters more challenging in this respect, an objective and credible forecast of these prices would represent a major accomplishment in itself. Inclusion of a price variable in the forecasting models could potentially provide a means to calculate an unbiased and credible forecast of the price effect on the long-term load response. 

Method Selection 
There is no single best forecasting method. The choice of a forecasting method in this case was based on the specific circumstances of the situation being faced. Given the requirements at the time, in terms of available data, the capabilities needed of any chosen method, and the intended use of the resulting forecasts, a regression with capabilities of performing a correction for autocorrelated errors was deemed as the most appropriate choice available to meet ERCOT’s objectives. This methodology is unique in that it directly and successfully forecasts an hourly load shape using a regression model estimated by seasons. This methodology could potentially be applied to other entities facing similar requirements. 

Forecast Process --- General Description
The forecast process starts with the development of regression equations from historical data for demand peaks and energy. These use the following input drivers:

Trend Variables
· Population

· Income

· Economic

Calendar Variables 
· Seasonal Variation

· Daily Variation

· Weekly Variation

· Holidays
Weather profiles from actual data that use an average representation of weather not prediction of weather

· Temperature

· Humidity

· Cooling Degree Days (CDD)

· Heating Degree Days (HDD)
The results are forecasts for energy and peak.

The data used to prepare the forecast came from the following sources:

1. Economic Data

· Economic data obtained from Economy.com

· Data includes economic and demographic data (such as income, employment, housing permits, GDP, population and migration patterns) for Texas at the state, county, metropolitan statistical areas (MSAs). Some of these data is also available at the national level 
2. Weather Data

· Ten years of weather data obtained from Weather Bank for 20 weather stations

· The data is first weighted by individual weather stations using ERCOT’s standard factor, and then for the total system using weights proportional to the load in each weather zone
3. Load Data

· Settlement load data available on an hourly basis since July 31, 2001

· Prior to 2001, we have Transmission and Distribution Service Providers (TDSP) hourly data 
The weather data is used in the development of weather normalized profiles by weather zone and is accomplished by calculating the normalized temperature profile by weather zone. The weather profiles use the rank-average method which involves the following steps:
1) Rank the hourly temperatures for each year for each weather zone from highest to lowest

2) Determine the median temperature from all years for every hour

3) Calculate the sum of the absolute values of the difference of the median and the hourly temperatures for all hourly temperatures in each year

4) Determine the year with the minimum summed value and select this year as the typical year profile

5) Use this year’s profile to re-sort the median temperatures

A major issue in the preparation of the long-term forecast relates to the variable selection process. The process in this case generally entails performing the following analyses with the following considerations:

· Multiple regression analysis is used to develop the forecasting equations

· Initial selection of variables comes from a variation of the stepwise procedure using a combination of the Least Absolute Shrinkage and Selection Operator (LASSO) and the Least Angle Regression (LAR)  to determine those that were the most statistically significant

· A methodical process  and pre-specified strategy of selecting a subset of those variables using empirical results and informed judgment

· Variables selected for inclusion had to meet the following: 1) justifiable on a logical basis , 2) historically measurable and 3) must have an available forecast

· Ordinary least squares techniques with models that can selectively include autoregressive error terms, are used to calculate the appropriate coefficients on each variable and to choose the best equations

Load shape and Energy forecasts were developed from monthly energy and hourly load shape equations for each season of the following form:
· The general formulation of the energy equations include the following variables: 

Energy Month i = f {CDD, HDD, Income, Population, Employment, GDP, Monthly Indicators, AR terms}

· The general formulation of the load shape equations include selected variables from  some of the following:

Load hour i =f {Max Temps, Lagged Temps, Heat Index, Non-Linear Temp Components (square and cube), Temp Gains (diff between daily high and low temps), Temp Build-up, Dew Point, Month*Temp Interactions, CDD, HDD, Hour of Day Indicators, Weekday/Weekend, Holidays, AR terms}

Putting it all together 
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The Weather Zone forecasting process flow is as follows:
1. Obtain weather and economic variables by weather zone (historical and forecast)

2. Develop regression equations by weather zone describing the historical actual:

--Monthly Energy 

   
* Using a different equation for each season

-- Hourly Load Shape

   
* Using a different equation for each season or a single model for all seasons
3. Incorporate forecasted values of economic and normalized temperatures for 2008-2025 by weather zone into monthly energy equation to produce forecasted monthly energy

4. Incorporate normalized temperatures for 2008-2025 by weather zone into monthly load shape equation to produce forecasted load shape

5. Produce hourly demand forecast by weather zone by fitting forecasted monthly energy under projected hourly load shape

Hourly Forecast
The calculation of an hourly forecast is a result of the process described above and yields the following results:


· The forecasted hourly shape from the load shape equations is scaled to produce the final hourly forecast

· Each hour’s load is scaled so that the amount of energy under the load shape for a month is equal to the amount of energy projected for that month by the energy forecast from the energy equations

· The percent of a month’s energy that is contained in each hour from the load shape equation is maintained

· The peak forecast is the highest hourly load from this final hourly forecast 

Mathematical/statistical rigor

(A) Derivation:

There are instances in which the models may require  to perform a correction for auto correlated error terms. The mathematical/statistical intricacies of the models are presented below.  The peak demand forecasts are obtained by combining the results of two models: an hourly model that forecasts the load shape and a monthly energy forecast which includes economic and demographic variables to determine the long-term trend.  The hourly load shape model is of the following form:


[image: image21.wmf](

)

p

p

t

i

t

i

i

n

i

t

i

i

n

i

t

i

i

n

i

t

i

i

n

i

s

t

i

i

n

i

t

i

i

i

t

L

L

L

SV

WI

DT

W

HR

Y

F

-

-

F

-

F

-

+

E

+

+

Q

+

W

+

+

+

=

S

S

S

S

S

S

=

=

=

=

-

=

=

...

1

2

2

1

,

,

1

,

1

,

1

,

1

,

1

,

23

1

e

n

d

g

b

a

o



     Where:

· 
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 is a random error term
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 are autocorrelation terms specified with a lag (backshift) operator, 
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This model specified in mathematical form can be generalized as follows:
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Where:
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     εt  = a random error term
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Фj  =  autoregressive coefficients

Lj   =   Lag operator, 
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Thus, the model to be estimated can be derived as follows:

(1) 
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Where the constant term
[image: image38.wmf](

)

o

o

b

a

L

F

=

.

Expanding the expression on the right hand side, 
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and gathering common terms together we obtain 
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Or more succinctly,

(2)
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The expression on the left hand side of the equation is 
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Or more compactly stated,

(3)
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Substituting (2) and (3) into (1) we get,
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or
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Where
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(B) Estimation:


In vector notation 
,
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Where 
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And 
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=
a column vector of regressor variables


β
=
a column vector of structural parameters


The autoregressive parameter vector, φ = (φ1, φ2, …,φρ)’ and its variance  
covariance matrix:
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Since the stepwise-like procedure BACKSTEP is specified for testing the 
statistical significance of the φ’s, the TOEPLITZ matrix is used, with the (i,j)th

element γ 
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Where r = 
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 and ri is the lag i sample autocorrelation.  The matrix [R, r] is 
treated as sum-of-squares cross products matrix coming from a simple regression using 
N-K observations, where K = number of estimated parameters.


This method of estimation is known as the Yule-Walker (YW) method.  It 
alternates the 
estimation of β using generalized least squares (GLS) with the estimation of the φ’s using the YW equations applied to the sample autocorrelation function (SA).

The steps are:

1) Form OLS estimates of β.

2) Estimate φ from the SAC function of the OLS residuals using the YW equations.

3) Estimate U from the estimate of φ and Σ from U and the OLS estimate of σ2.  

The second model forecasts the long-term trends in energy consumption (MWh) utilizing economic, demographic, weather, and season variables and possibly autoregressive terms.  The form of the model is as follows:
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Where: 
Yt  =  Monthly energy consumption (MWh)




CDDn,t = Cooling Degree Days (n terms using different basis)




HDDn,t = Heating Degree Days (n terms using different basis)




E it  =  Economic and Demographic variables




mit  =   Monthly indicator variables
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 is a random error term

This model represented in general form is as follows:
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Where, 
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 is a random error term
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 are autocorrelation terms specified with a lag (backshift) operator, 
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This energy equation is estimated using the Yule-Walker method as described above..


(C)  Allocation of Energy Under Load Shape:


Let 
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Then, the long-term load forecast is obtained as follows:
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Where:


YLSj is the load at hour j, j=1, …,8760


Thus, the annual system peak demand is obtained as, 


Y peak = max 
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Conclusions-- Forecast Performance, Results, Findings and Properties 

Model validation using actual temperatures in the forecast period – To validate the model, it was estimated with data up to December 2005 and a forecast was produced for January 2006 to December 2006 using the actual temperatures. A forecast for the summer season only was also produced using the actual temperatures. The results were very encouraging as the system peak that occurred on August 17, 2006 was forecasted for the year 2006 with a 0.78% error and 0.45% for just the summer. 
The forecasting model can be used to perform weather impact assessments. Forecasting load volatility using the model with an extreme weather profile –The actual system peak load 62339 MW occurred on August 17, 2006. The validation showed that the model would have predicted 62,054 MW with the actual weather profile.
There are strengths and weaknesses associated with the process described in this paper. They are:
ERCOT’s model strengths 

· The methodology is statistical and mathematical in nature, but it still allows for judgment to be incorporated into the results by selecting variables that contribute to the generation of a forecast that passes, not only statistical tests, but common sense criteria.

· This approach was implemented in an automated fashion using macro routines in SAS. With so many models to maintain (8 zones * 3 seasons per zone = 24 models total), it is advantageous to have the ability to make changes and produce normal or extreme weather or any other type of forecasts very quickly. 

· The chosen methodology remains consistent in the face of changes in the structural pattern of new incoming data. This is an indication of the robustness of the approach and the model. 

· ERCOT’s model weaknesses 
· The initial set-up for the infrastructure for using this approach is time consuming and complex.

· The model was developed from a top-down approach analyzing total ERCOT (system) load. Thus, it does not allow analysis at a more disaggregated level such as focusing at the class level, i.e., residential, business commercial, large industrial customers, etc.

An important aspect associated with any forecasting model is the robustness of the forecasts coming out of the model. Another related consideration is whether these forecasts can be considered reliable enough to lend the model some credibility. In this case, there are forecasts produced with a very similar model for 2005, using the same methodology but, with system load data instead of disaggregated data for weather zones. The model presented here aggregates across zones can be used to obtain the system peak. The results produced by the model for 2005 are very similar in terms of the magnitude of the percent forecast errors. The overall error was between 0 and + 0.5%. This pattern of successful forecasting gives this methodology some credibility and shows its robustness.
ERCOT Hourly Load Shape Historical Fit 


(2002- 2007) and Forecasts (2008-2013)





ERCOT Hourly Historical Load Shape 


(2002- 2007) and Forecasts (2008-2013)














� This material comes from the SAS Autoreg Procedure in the ETS manual.





� SAS parametization computes the signs of the autoregressive parameters reversed from what is presented in most of the literature.  The parametization shown here is in agreement with most of the literature.  
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