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C 

Model Estimation Details

This section provides details about the load research databases used in profile model estimation and the methods used to estimate model parameters.  The first part provides an overview of the load research samples available from ERCOT utilities and summary statistics for the customer populations of these utilities.  

C.1   Sample and Population Data

The following table contains data taken from the March 27, 2000 report titled Load Profiling Methodology, developed by the ERCOT Load Profiling Working Group.  As part of this report, a survey of ERCOT utilities was taken to determine sampling methods, sample sizes, and uses of interval data.  The table summarizes rate class groupings, population counts, and sample sizes reported for each utility.  Additional efforts were made to locate other load research data sources, but no additional sources of interval data were identified.

Table C‑1:  Interval Data Inventory – Texas Utilities (TXU)

TXU
Rate Class
Population
Sample


Residential
2,100,000
250


Residential Time of Use
153
50


Gen Service Secondary
326,115
410


Gen Service Primary
6,300
302


Municipal Service Sec'y
15,843
190

Table C‑2:  Interval Data Inventory – Reliant Energy 

Reliant
Rate Class
Population
Sample


Residential
1,417,206
352


Econ. Improvement Rate
10
10


Hourly Variable Pricing
3
3


HLP Own Use/Large Buildings
6
6


Interruptible Svcs. 10 minute notice
34
34


Interruptible Svcs. 30 minute notice
24
24


Interruptible Svcs. Instantaneous
4
4


Interruptible Svcs. Supplemental
8
8


Large Overhead Service (A)
77
77


Large Overhead Service (B)
19
19


Large General Svcs.
1,633
1,633


Misc. Gen. Svcs.
191,565
732


Standby Interruptible Service
10
10


Special Contract Pricing
12
12


State-owned Educational Institutions
5
5


Standby Electric Service
18
18


TX-NM Power Company Contract
2
2

Table C‑3:  Interval Data Inventory – Austin Energy

Austin
Rate Class
Population
Sample


Residential/Low Income
250,000
410


Residential – Churches
454
60


Commercial Non-Demand
22,000
175


Water & Waste Water
150
30


Commercial Demand
6,000
220


Primary Service
23
23


Lg Primary Svs & TOU
12
12


State of TX Non-Demand
85
-


State of Texas Demand
165
-


St of TX Large Primary & TOU
8
8


Schools
203
40

Table C‑4:  Interval Data Inventory – Texas New Mexico Power (TNMP)

TNMP
Rate Class
Population
Sample


Residential
144,803
245


Gen Service (<100 kW)
12,214 
140


LGS (>100 kW)
433 
61


IPS (>2000 kVa)
7 
7

Table C‑5:  Interval Data Inventory – City Public Service (CPS)

City Public Service
Rate Class
Population
Sample


Residential
350,000
150


Residential All Electric
90,000
120


General Service (C<1000)
54,000
100


Large Light & Power (C 50-3000 kW)
1,900
140


Extra Large Power (I – 2000-7000 kW)
100
70


Super Large Power (I > 4500 kW)
30
30

Table C‑6:  Interval Data Inventory – West Texas Utilities (WTU)

AEP – West Texas Utilities
Rate Class
Population
Sample


Residential Basic
98,537
65


Residential Water Heat
10,183
65


Residential Space Heat
6,913
74


Residential All Electric
30,979
65


Gen Service Space Heat
301
40


Comm. Service Space Heat
748
63


Comm. Service TCM
32,008
115


Cotton Gin
61
54


Gen Service Secondary
4,288
99


Gen Service Primary
318
94


Municipal Water Pumping
426
36

Table C‑7:  Interval Data Inventory – Central Power & Light (CPL)

AEP – Central Power & Light
Rate Class
Population
Sample


Residential Regular
300,914
166


Residential Economy
41,493
78


Residential All Electric
184,103
59


General Service
76,270
114


Light & Power Secondary
5,495
82


Light & Power Primary
122
82


Industrial Power Primary
235
64


Commercial Heat
3,524
-


Commercial Water Heat
316
-


Small Irrigation Secondary
606
148


Large Irrigation Secondary
140
148


Large Irrigation Primary
18
148


Cotton Gin
47
47


Petroleum Service Secondary
3721
-


Petroleum Service Primary
94
-


Large Industrial ISB
16
16


Large Industrial 68
24
24

Table C‑8:  Interval Data Inventory – Totals


Rate Class
Population
Sample


Total Residential
5,025,738
2,131


Total Nonresidential
767,796
5,765

Note:  The population totals shown in Table C-8 above include only the utilities and classes covered by the meter inventory.  They do not represent ERCOT population totals.

In addition to these data, information was also presented summarizing the non-residential population distribution by customer size.  Although these data were developed to support the discussion of the size requirement for IDR customers, the data are useful in that they provide a standardized depiction of the population frame for nonresidential customers.

Table C‑9:  Nonresidential Population by kW
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Table C‑10:  Nonresidential Annual GWH by kW
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Table C‑11 and C-12 below provide the time span of the data provided by ERCOT utilities for the profiling modeling effort. 

Table C‑11:  Time Span of Individual Customer Sample Data Provided
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Table C‑12: Time Span of Rate Class Data Provided
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Analysis of Residential Customer Data

As shown above, most utilities were able to provide individual customer data either at the 15-minute interval or hourly level.  These data were used to examine customer usage distributions, including annual use, annual peak, load factors, and seasonal usage patterns.  The analysis showed that residential customer loads are highly similar across service territories, and that weather response plots show a strong cooling side in all service territories, and a strong heating side that is most pronounced in the areas with colder weather or with higher saturation levels for electric heating.  Reflecting the influence of space heating loads, the main differences occur in the winter months.

Based on this analysis, residential customers were split into two categories, based on the level of winter usage relative to usage in swing months.  Customers in the residential samples were assigned to one of the two winter usage categories based on monthly consumption information.  The calculations depend on data for individual months, using the concept of Average Daily Use (ADUse), defined as follows:
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where
ADUsem = Average Daily Use in month m, 


kWhm = Monthly consumption in kilowatthours in billing month m, and


BillingDaysm = Number of billing days in billing month m.

The Winter Ratio is then defined based on the ratio of the peak winter month ADUse value to an estimated base value.  The calculation is:
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where 
ADUsedec = average daily use in the December billing month, 

ADUsejan = average daily use in the January billing month,

ADUsefeb = average daily use in the February billing month,

FallBase is defined as the minimum of ADUse in October and November billing months, and

SpringBase is defined as the minimum of ADUse in March and April billing months.

The assignment of customers to one of the two categories is as follows:

(
High Winter Use:  Winter Ratio > 1.50

(
Low Winter Use:  Winter Ratio <= 1.50

Examples of individual customer data for these two groups are provided in Figure C‑1 to Figure C‑4.  Each page provides two charts, one for a typical week in January and the other for a typical week in August.  Each chart begins on a Sunday and ends on a Saturday.  For each customer, their hourly data are averaged over a four-week period by day of the week and normalized by the 28-day total energy use.  Each customer is represented by a single blue line, and the values for each customer have an average of about 0.15% and sum to 25% over the one-week window.  

This presentation provides a week of profile data shown the way that it gets used in settlements calculations, as a string of fractions that can be applied to monthly energy in kWh.  The heavy line represents the average profile for the customers in the segment.  The data used in the following figures is the average of sample data.  It does not represent data generated from the profile models.

The charts with the raw data are followed by two charts that provide a comparison of the segment average values for the High Winter Ratio and the Low Winter Ratio segments.  The first, Figure C‑5, provides an example of the comparison of average daily usage for the two groups.  As is evident, variations in the daily use from May through October are almost identical.  However, variations in the winter months show a marked divergence, with average daily usage for the High Winter Ratio segment reaching levels well over 100 kWh per day, while average daily usage in the Low Winter Ratio segment remain below 50 kWh per day, even on the coldest days.  

The final chart, Figure C‑6, provides a direct comparison of the average segment loads in kW.  This chart clearly illustrates the strong difference between the two groups in winter months.  The Low Winter Ratio segment has a small morning peak and a more significant evening peak, which is characteristic of residential customers who do not have electric heating.  The High Winter Ratio segment has loads that are significantly higher and that have a strong morning peak, followed by a relatively weak evening peak.  

In the modeling step, the interval data for individual customers are expanded using statistical weights to estimate average hourly consumption in each segment for each utility dataset.  These segment profiles are used in the statistical estimation along with weather data for the corresponding area to estimate the profile models coefficients.  

Figure C‑1:  Example of ResLoWR Sample – January Week
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Figure C‑2:  Example of ResLoWR Sample – August Week
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Figure C‑3:  Example of ResHiWR Sample – January Week
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Figure C‑4:  Example of ResHiWR Sample – August Week
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Figure C‑5:  Example of Comparison of Average Daily Use 
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Figure C‑6:  Example of Comparison of Winter Load Shapes
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Analysis of Business Customer Data

The data from the business customer rate class samples were used to examine customer usage distributions, including annual use, annual peak, load factors, and seasonal usage patterns.  The analysis revealed that business customer loads have some strong common characteristics across service areas.  Specifically, plots of energy use versus weather show a relatively strong response to warm weather for all areas and all but the largest of customers.  Analysis of individual customer data, however, reveal some strong differences in typical usage patterns below the rate class averages.

Based on this analysis, it was recommended to define four business segments (for customers less than or equal to 1,000 kW).  The first is a non-demand segment.  This segment includes a large number of customers (almost two-thirds of the business accounts), but represents less that 2% of business energy use.  Because these customers do not have demand meters, it is not possible to break them down into finer segments based on load factor, and further segmentation would not be warranted given the small amount of energy represented.  For the remaining demand-metered customers, three segments were defined based on average load factor.  

The average load factor (AvgLF) is computed from the twelve months of billing data.  The calculations are based on the value for Average Hourly Use in each month (AHUse) and maximum demand in each month (MaxKW).  Average hourly use for a month is computed as follows:


[image: image13.wmf]24

s

BillingDay

kWh

AHUse

m

m

m

´

=








(3)

where
AHUsem = Average Hourly Use in month m,


kWhm = Monthly consumption in kilowatthours in billing month m, and


BillingDaysm = Number of billing days in billing month m.

The average load factor is defined as a weighted average of the individual monthly load factors, where demand levels are used to define the weights.  
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where 
AvgLF = Average Load Factor,



wm = Weight for month m,



AHUsem = Average Hourly Use in month m as defined above, and



MaxKWm = Maximum Demand in month m.

A mathematically equivalent calculation, which may used in place of (4), uses the following ratio of sums:
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Once the Average Load Factor is computed, the customer is assigned to one of three Profile Types, corresponding to Low, Medium and High Load Factors.  The assignment rule is:

Demand Low LF:  AvgLF <0.40

Demand Med LF:  0.40 <= AvgLF <= 0.60

Demand High LF:  AvgLF > 0.60

Examples of individual customer data for these segments are provided in Figure C‑7 to Figure C‑14.  Each page provides two charts, one for a typical week in January and the other for a typical week in August.  Each chart begins on a Sunday and ends on a Saturday.  For each customer, their hourly data are averaged over a four-week period by day of the week and normalized by the 28-day total energy use.  Each customer is represented by a single blue line, and the values for each customer have an average of about 0.15% and sum to 25% over the one-week window.  This presentation provides a week of profile data shown the way that it gets used in settlements calculations, as a string of fractions that can be applied to monthly energy in kWh.  The heavy line represents the average profile for the customers in the segment.  

The first set of charts is for the non-demand category (BusNoDem).  As discussed in Section 6, this category contains a mixture of small customers, and appears to include a large number of accounts with outside lighting.  This is clear in Figure C‑7 and Figure C‑8, both of which show a significant number of accounts that have strong loads at night and weak loads during the day time.  The segment also includes a variety of customers with day time peaks.  The result in the winter is a relatively flat segment profile.  In the summer, the two sets of customers combine to a shape that has both day time and night time peaks.  

The remaining pages show comparable examples of individual customer data and segment averages for the medium (0.40 to 0.60) and high (>0.60) load factor segments.  

Figure C‑7:  Example of Business Non-Demand Data – January Week
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Figure C‑8:  Example of Business Non-Demand Data – August Week
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Figure C‑9:  Example of Low Load Factor (< 0.40) – January Week
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Figure C‑10:  Example of Low Load Factor (< 0.40) – August Week
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Figure C‑11:  Example of Medium Load Factor (0.40 to 0.60) – January Week
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Figure C‑12:  Example of Medium Load Factor (0.40 to 0.60) – August Week
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Figure C‑13:  Example of High Load Factor (> 0.60) – January Week
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Figure C‑14:  Example of High Load Factor (> 0.60) – August Week
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Estimation Details

Several modeling approaches were considered, including estimation of completely separate models with each utility data set, estimation of combined models with some parameters allowed to vary by utility, and estimation of combined models with some parameters estimated by zone.  Some of the samples were too small to support separate estimation, especially once they were reanalyzed by ERCOT profile segment and weather zone.  As a result, it was decided to use one of the combined approaches.  After comparing results using both approaches, it was decided to use the approach that allows separate estimation of parameters by weather zone rather than by individual utility.  

Because detailed data were not available for all eight ERCOT weather zones, the estimation necessarily involved less than eight sets of slopes.  Table C‑13 provides a summary of the four sets of slopes that were included in the estimation process, indicates the utility data that contributed to the estimation of each set of slopes, and indicates the weather zones to which each set of slopes are assumed to apply.  

Table C‑13:  Slope Names, Utility Data, and ERCOT Weather Zones

Slope Name
Utility Data Included
ERCOT Weather Zones

North Central
TXU East Area Data

TNMP North Area Data
North Central (NCent)

North

East

Coast
Reliant Energy

TNMP South Area Data
Coast

South

South Central
Austin Energy

City Public Service (CPS)
South Central (SCent)

West
West Texas Utilities (WTU)

TXU West Area Data
West

Far West (FWest)

To combine the data from multiple utilities, the following steps were implemented:  

1.
For each utility dataset, expand the load research sample data for cases in each profile segment and area.

2.
Develop scale factors for each utility dataset.  

3.
Develop estimation weights for each utility data set.

4.
Estimate combined model using scaled data and estimation weights.

For the residential sector, scale factors were developed by first estimating separate models with each utility dataset.  Next, these models were simulated for one year with a common set of (Texas-wide) weather inputs.  These simulated annual energy amounts were used to compute a scale factor for each data set.  For the business segments, the profile data for each utility were summed to the annual level, and these sums were used to compute a scale factor for each data set.  

A variety of approaches to weighting were considered.  In the final estimates, each utility data set is weighted according to an average of three factors.  Each factor reflects a specific statistical perspective on the process of combining data.

(
Sample Size.  If the models are estimated with individual customer data, each case would have equal weight in determining the estimation outcome.  As a result, a sample with 100 cases would contribute twice the data as a sample with 50 cases, suggesting a weight of 2 to 1 for the first sample.

(
Sampling Error.  The models are actually estimated with the expansion results for the Profile Segments (which are treated as domains of study from an expansion perspective).  The sampling error for the computed average values will be approximately inversely proportional to the square root of the sample size for the domain.  This suggests weighting each series by the square root of the sample size.

(
Population.  The samples represent service territory populations.  In estimation of Texas-wide parameters, a third perspective suggests weighting each series by the population that is represented.  

The following table summarizes the sources of load research data, the scaling factor applied to each data source, the number of cases available from each source, and the weighting factor used in estimation.  In some cases where sample sizes were very small and where the resulting profile data were highly erratic, a final estimation weight of zero was assigned.  Elements of each table are as follows:

(
Data Scaling Factor.  This factor is a multiplier that is applied to all interval and hourly data from a load research data set.  The purpose of the scaling factor is to adjust all load research data sets to have similar annual usage under comparable conditions.  

(
Data Range in Days.  This factor indicates the number of days covered by each sample each data set.  

(
Average Sample Size.  This is the average number of cases with complete data during the sample period for each load research data set.

(
Case Weight.  This is the weight based strictly on the number of cases in each sample.  The weight is computed as the number of cases for a specific sample divided by the average number of cases across all samples.

(
Inverse Standard Error.  This weight is also based on sample sizes and is intended to approximate the inverse of the relative sampling error that can be expected from the various samples.  It is computed as the square root of the ratio of the sample size for a specific sample divided by the average number of cases across all samples.

(
Population Weight.  This weight is based on the relative size of the populations represented by each sample.  The population sizes are estimated based on class level customer counts.  The weight is computed as the ratio of the population size corresponding to a specific sample divided by the average population size for all samples.

(
Average Weight.  This is the average of the three weighting factors.  It represents the relative weight that the specific sample data set will get in the estimation process.

(
Average Weight Per Case.  This is the average weight for the sample from the preceding row multiplied by an adjustment factor for the number of days in the corresponding data set.  The adjustment multiplier for a specific sample is the ratio of the average data range in days divided by the data range in days for the specific sample.  For example, if the average data range is 500 days, and a specific sample has a data range of 1,000 days, the adjustment multiplier is 0.5 (computed as 500/1000).  The idea is to make individual daily observations less important when the database contains a large number of days and more important when the data base contains a small number of days.  By applying this weight to the daily values from each sample, each sample data set as a whole will receive a weight similar to the Average Weight in the preceding row.

Table C‑14:  Scaling Factors and Estimation Weights for ResHiWR
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Table C‑15:  Scaling Factors and Estimation Weights for ResLoWR
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Table C‑16:  Scaling Factors and Estimation Weights for BusNoDem
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Table C‑17:  Scaling Factors and Estimation Weights for BusLoLF
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Table C‑18:  Scaling Factors and Estimation Weights for BusMedLF
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Table C‑19:  Scaling Factors and Estimation Weights for BusHiLF
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