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Abstract

This report describes several analyses conductasisiociation with a load impact
evaluation of San Diego Gas and Electric Compa(i$BDG&E”) Participating Load

Pilot (“PLP”) Program during the 2009 program yed@hese analyses include estimation
of ex post load impacts for each PLP event, a sumarad description of the 1-minute
telemetry data collected for the two PLP aggregat@nd an assessment of the
performance of the “meter-before/meter-after” biasemethod that is used by the
California ISO (CAISO) to confirm performance dugiavents.

PLP participants may enroll directly or through @art@ilment Service Provider (CSP), or
aggregator. Participants (who may be aggregasoitanit monthly nominations of load
curtailment amounts. PLP load curtailments ararto the CAISCancillary services
market as non-spinning reserves. If the CAISO d&/&lon-Spin capacity, it notifies the
utility, who then notifies PLP participants thaeyhare required to curtail load by the
agreed-upon amounts within 10 minutes (includireggtiime since notification of the
utility by the CAISO). Telemetry data allow CAISO observe participants’ load
curtailments through 1-minute observations on tloeids. However, 15-minute load
data are used for settlement purposes. Prograhréakctions for an event are
calculated relative to participant baseline usagasured as the average load in the 5
minutes prior to the event, which in practice beesrthe average load in the 15 minutes
prior to the event because of data limitations.

Resources Covered

Two program-types were available to customers. Waeavailable for interruption
during any hour of any day, while the other limitaterruptions to 11 a.m. to 7 p.m. on
weekdays. Two aggregators participated in theioh@ybption and one large directly
enrolled customer, who tended to operate only dusirernight and early morning hours,
participated in the 24-hour option, though effeelyvonly in overnight hours. One of the
aggregators signed up two customers, while ther sigaed up eight. Accounting for
multiple meters at some sites, a total of 17 meten® included in the pilot, accounting
for 13.4 MW of maximum demand. Of the twenty-tweets, seven were called during
overnight hours.

Methodology

The PLP ex post load impacts for program-year 2080@ estimated using separate
econometric models.€., regression equations) for each enrolled partitifegg., the two
aggregators and the directly enrolled customegeth@n historical customer load data
for August through December of 2009. The modelsevestimated using 15-minute
interval load data, and assuming that participamisirter-hourly loads are functions of
weather data, time-based variables such as quater-day of week, and month, and
program event informatioreq., the days and quarter-hours in which events walied).

Ex Post Load Impacts

Load impacts were estimated for each quarter-hbaach event, for the directly enrolled
customer and the two aggregators. The overalbaeeestimated load impact for the
directly enrolled customer was 854 kW across thvers@vernight events, while the
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comparable average across the two aggregatorsda@avients in which they participated
was 595 kW (One aggregator participated in 10 evienthe months for which it
nominated load reductions, while the other aggaagadrticipated in all 15 day-time
events).

Descriptive statistics

In general, the telemetry data and the correspgnbtisminute metered data series match
quite closely for both aggregators. The telemdata show greater variability, as
expected, though they follow the same pattern @4 Haminute data. On some days,
however, the telemetry data for one of the aggoegathowed a tendency to oscillate
between very low levels and the level suggestethéynetered data.

Baseline assessment

The final portion of the study involved an asseg#noéthe accuracy of the meter-before/
meter-after” (MBMA) baseline method, which is ugedtalculate load impacts in the
PLP program. That is, the baseline for an eveesiablished by the metered load in the
15-minute interval prior to the event, where easdné was two hours in lengthSince
data for only two PLP aggregators were availabteémducting the baseline study, the
analysis was expanded to include 15-minute intdoaa data for the aggregators that
participated in an analogous short-response progtarday-of option of SDG&E’s
Capacity Bidding Program (CBP). In all, three sksof data were used in the baseline
analysis: 1) CBP-DO aggregator load data for setkevent-type days in June through
September that were not CBP or CPP event dayd;R)yBgregator load data for
selected non-event days; and 3) PLP load datdéoad¢tual PLP events during the period
August through December, 2009.

For the cases involving event-type days, five s&gamo-hour simulated-events were
created over the time period from 10 a.m. to 7 pamd baseline accuracy was assessed
for each type of simulated-event, as well as acatissvents. The three MBMA baseline
analyses produced three generally consistent fiysdin
1. The MBMA baseline can be reasonably accurate foe fperiods in which the
participants’ loads are relatively constant; howeaecuracy falls off
considerably for events (or simulated events) duwhich participants’ loads
would otherwise increase or decrease;
2. The MBMA baseline is more accurate for 15-minuteinwals during the first
hour of an event than during the second hour, iichvtihe quarter-hour intervals
are farther away in time from the meter-before asgand
3. The patterns of baseline errors varied substaytigiithe time period in which the
event was assumed to occur (for event-type dayagtoally occurred. In
particular, in late morning hours in which partiipt loads tend to be increasing,
the MBMA baseline tends tander-state the true baseline, and thus the PLP load
impact, while in late afternoon hours the oppossitiypically the case.

Y In principle, the baseline is set by the averagel lin the 5 minutes prior to the event. Howetes,
average load in the previous 15-minutes is usedmexy due to unavailability of 5-minute data.
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Improvements in baseline methods for PLP would @bbpbe best focused on some type
of day averaging, perhaps with a day-of adjustnfegt, adjusted 10-in10 method), as
with the other baseline-dependent DR programs. SOAd need for immediate feedback
on PLP patrticipant response to an event dispatatd ctill be met by the telemetry data.
However, the CAISO should be aware that the longerthe event that it attempts to use
the MBMA baseline method and telemetry data, te &ccurate will be its estimation of
the participant’s continued performance, partidylduring time periods in which the
participant’s loads are typically rising or falling
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EXECUTIVE SUMMARY

This report describes several analyses conductasisiociation with a load impact
evaluation of San Diego Gas and Electric Compa(i$BDG&E”) Participating Load

Pilot (“PLP”) Program during the 2009 program yed@hese analyses include estimation
of ex post load impacts for each PLP event, a sumarad description of the 1-minute
telemetry data collected for the two PLP aggregat@nd an assessment of the
performance of the “meter-before/meter-after” biasemethod that is used by the
California ISO (CAISO) to confirm performance dgiavents.

ES.1 Background

PLP participants may enroll directly or through @rt@ilment Service Provider (CSP), or
aggregator. Participants (who may be aggregasotshit monthly nominations of load
curtailment amounts. PLP load curtailments ardritial the CAISGancillary services
market as non-spinning reserves. If the CAISO dwalon-Spin capacity, it notifies the
utility, who then notifies PLP participants thaeyhare required to curtail load by the
agreed-upon amounts within 10 minutes (includirggttime since notification of the
utility by the CAISO). Telemetry data allow CAISO observe participants’ load
curtailments through 1-minute observations on tloeids. However, 15-minute load
data are used for settlement purposes due to ¢héhiat the telemetry data are not
provided by a revenue-quality meter. Program l@aflictions for an event are calculated
relative to participant baseline usage measurekeaaverage load in the 5 minutes prior
to the event, which in practice becomes the avd@agkin the 15 minutes prior to the
event because of data limitations.

PLP is designed to test the feasibility of retaihthnd response providing non-spinning
reserve services at very short notice (10 minutesugh bids into the California ISO
ancillary services markets. This application ahded response requires more refined
communication and metering between customers, ggtpes, the utility, and the CAISO
than for DR programs that participateday-ahead andday-of energy markets. In
particular, telemetry capabilities are required tdbbw CAISO to observe the PLP loads
in near real time to confirm that adequate loadsaarilable for curtailment. For the

pilot program, 15-minute data are used for settl@mearposes due to concerns about the
accuracy of the telemetry data. One objectivénisf $tudy is to assess the validity of this
concern by comparing the telemetry data to the irista data.

PLP participants receive capacity-based Load Remtuticentive Payments of
approximately $20 per kW-month for nominated loadailments, which are adjusted
proportionately to account for their load-reducpegformance during events. Up to five
events, each lasting up to two hours were allowdakttcalled each month for the months
of July through December 15. During the pilot pdrievents could be initiated by
CAISO or by SDG&E for test purposes. Twenty-twemts were called in total.

ES.2 Resources Covered

Two program-types were available to customers. Waeeavailable for interruption
during any hour of any day, while the other limitaterruptions to 11 a.m. to 7 p.m. on
weekdays. In practice, two aggregators particgpatehe daytime option and one large
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directly enrolled customer, who tended to operalg during overnight and early
morning hours, participated in the 24-hour optitiough effectively in non-daylight
hours. Of the twenty-two events, seven were callathg overnight hours.

One of the aggregators signed up two customerde e other signed up eight.
Accounting for multiple meters at some sites, altof 17 meters were included in the
pilot, accounting for 13.4 MW of maximum demand.

ES.3 Methodology

The PLP ex post load impacts for program-year 2080@ estimated using separate
econometric models.€., regression equations) for each enrolled partitifegg., the two
aggregators and the directly enrolled customegeth@n historical customer load data
for August through December of 2009. The modelevestimated using 15-minute
interval load data, and assuming that participamisirter-hourly loads are functions of
weather data, time-based variables such as quater-day of week, and month, and
program event informatioreq., the days and quarter-hours in which events walied).

ES.4 Ex Post Load Impact Evaluation

Load impacts were estimated for each quarter-hbaach event, for the directly enrolled
customer and the two aggregators. The estimatetlifopacts compared reasonably
closely to the estimates relative to the MBMA baselas reported in the draft report on
program performance.The overall average estimated load impact fodhectly

enrolled customer was 854 kW across the seven ig¥grevents, while the comparable
average across the two aggregators for the evemtkich they participated was 595 kW
(One aggregator participated in 10 events in thathsfor which it nominated load
reductions, while the other aggregator participateall 15 day-time events).

ES.5 Descriptive Statistics and Baseline Assessment

This portion of the project dealt with summarizihg nature of the 1-minute telemetry
and 15-minute metered load data, and conductirasa@ssment of the performance of
the “meter-before/ meter after” (MBMA) baseline med. It illustrated the nature of the
telemetry data and provided descriptive statigties characterize its patterns and
variability, and compared the telemetry data toltheninute interval load data.

ES.5.1 Descriptive statistics

Figure ES.1 illustrates the telemetry data ancttreesponding 15-minute metered data
(which appear as unconnected dots) for both agtpesydor October 1, 2009, on which a
two-hour event was called for 14:05 through 16:05this case, the two data series
match quite closely for both aggregators. Thenekey data show greater variability, as
expected, though they follow the same pattern @4 Haminute data. On some days,
however, the telemetry data for Aggregator 1 shoaveghdency to oscillate between
very low levels and the level suggested by the redtdata. This phenomenon is
illustrated by Figure ES.2, which shows data fotaDer 5, 2009, a non-event day.

2 SDG&E Participating Load Pilot; 2009 CommissiorpBe, January 26, 2010.
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Figure ES.1: Telemetry and 15-Minute Load Data, byAggregator
(October 1, 2009)
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Figure ES.2: Telemetry and 15-Minute Load Data, byAggregator
(October 5, 2009)
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Overall, for Aggregator 2 in particular, the teldmelata and 15-minute data appear to
represent the same loads reasonably closely, sulggésat the telemetry data could
provide a reasonable indicator of performance duewvents. However, the occasional
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oscillating telemetry loads for Aggregator 1 rats@cerns about the potential for such
inaccurate readings to occur around the time afvaemt.

ES.5.2 Baseline assessment

The final portion of the study involved an asseg#noéthe accuracy of the meter-before/
meter-after” (MBMA) baseline method, which is ugedalculate load impacts in the
PLP program. That is, the baseline for an eveestablished by the metered load in the
15-minute interval prior to the event, each of whicas two hours in length Since data
for only two PLP aggregators were available fordugiing the study, SDG&E suggested
expanding the analysis to also include 15-minuieryal load data for the aggregators
that participated in the day-of option of SDG&E afacity Bidding Program (CBP). As
a result, three classes of data were used in tigg:stl) CBP-DO aggregator load data for
selected event-type days in June through Septetindiewere not CBP or CPP event
days; 2) PLP aggregator load data for selectedevent days; and 3) PLP load data for
the actual PLP events during the period AugustutinadDecember, 2009.

For the cases involving event-type days, five s&gamo-hour simulated-events were
created over the time period from 10 a.m. to 7 pamd baseline accuracy was assessed
for each type of simulated-event, as well as acatissvents. For the case of PLP
simulated events, the overatean of the percent errors in the MBMA baseline is 1.1
percent, with values ranging from a positive valureder-statement) of nearly 7 percent
for events in the mid-morning time period to a nagavalue (over-statement) of nearly
5 percent for events in the late afternoon timeoger

Distributions of percent errors are illustratedrigure ES.3 as percentiles of percent
errors across the different simulated events. @kéhe median percent error is 0.5
percent, with a symmetric distribution around thedmn. However, the distributions of
errors differ substantially from one time periodatwother. For the first two time periods,
the MBMA baselinainder-states the actual load in nearly every observation, with
median errors of nearly 5 percent and 3 percepetwely. The errors are small for the
third event. Then, for the last two event periaassurring later in the afternoon and
early evening, the MBMA baseline largalyer-states the actual load by as much as 13
percent.

% In principle, the baseline is set by the averagel lin the 5 minutes prior to the event. Howetlee,
average load in the previous 15-minutes is usedmexy due to unavailability of 5-minute data.
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Figure ES.3: Percentiles of Percent Baseline Errors PLP Event-Type Days
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In summary, the three MBMA baseline analyses predubree generally consistent
findings:

1. The MBMA baseline can be reasonably accurate fioe fperiods in which the
participants’ loads are relatively constant; howeaecuracy falls off
considerably for events (or simulated events) duwhich participants’ loads
would otherwise increase or decrease;

2. The MBMA baseline is more accurate for 15-minuteivals during the first
hour of an event than during the second hour, iichivtihe quarter-hour intervals
are farther away in time from the meter-before asgand

3. The patterns of baseline errors varied substaytilithe time period in which the
event was assumed to occur (for event-type dayagtoally occurred. In
particular, in late morning hours in which partiip loads tend to be increasing,
the MBMA baseline tends tander-state the true baseline, while in late afternoon
hours the opposite is typically the case.

A final analysis examined patterns of 5-minute ivéloads in an attempt to recommend
improvements to the use of the 15-minute average ilo the period prior to the event as
the baseline. This analysis, combined with thelbas assessment suggests that the
MBMA baseline accuracy issue dominates the questiavhether the 15-minute average
load can be improved. That is, in most cases aajiystments to 15-minute average
loads to better reflect changing loads within thpsgods will be swamped by likely
errors in MBMA baseline approximation of aggregdt@ads during event periods. For
example, 5-minute telemetry data suggested typa@tion within 15-minute intervals
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of less than 0.5 percent. However, typical (medearors of MBMA baselines’
representation of “true” baseline loads during tweax event periods ranged from 0.5 to
5 percent, but with half of the errors falling witlthe range of -7 percent to 10 percent,
depending on when the event is called.

As a result, improvements in baseline methods k& Would probably be best focused
on some type of day averaging, perhaps with a dagljostment€.g., adjusted 10-in10
method), as with the other baseline-dependent @Brams. CAISO needs for
immediate feedback on PLP participant response ®vant dispatch could still be met
by the telemetry data. However, the CAISO shoddWware that the longer into the
event that it attempts to use the MBMA baselinehoétand telemetry data, the less
accurate will be its estimation of the participardbntinued performance, particularly
during time periods in which the participant’s Isaate typically rising or falling.
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1. Introduction and Purpose of the Study

This report describes several analyses conductasisiociation with a load impact
evaluation of San Diego Gas and Electric Compa(i$BDG&E”) Participating Load

Pilot (“PLP”) Program during the 2009 program yed@hese analyses include estimation
of ex post load impacts for each PLP event, a sumarad description of the 1-minute
telemetry data collected for the two PLP aggregat@nd an assessment of the
performance of the “meter-before/meter-after” biasemethod that is used by the
California ISO (CAISO) to confirm performance dgiavents.

PLP participants may enroll directly or through @art@ilment Service Provider (CSP), or
aggregator. Participants (who may be aggregasoitanit monthly nominations of load
curtailment amounts. PLP load curtailments ararto the CAISCancillary services
market as non-spinning reserves. If the CAISO d&/&lon-Spin capacity, it notifies the
utility, who then notifies PLP participants thaeyhare required to curtail load by the
agreed-upon amounts within 10 minutes (includireggtiime since notification of the

utility by the CAISO). Telemetry data allow CAISO observe participants’ load
curtailments through 1-minute observations on tloeids. However, 15-minute load
data are used for settlement purposes due to amabout the accuracy of the telemetry
data. Program load reductions for an event autzdkd relative to participant baseline
usage measured as the average load in the 5 mprnines$o the event, which in practice
becomes the average load in the 15 minutes prithret@vent because of data limitations.

Ex-post load impacts for PLP were estimated usampemetric regression models
applied to historical 15-minute load data for eaggregator and one directly enrolled
customer.

The primary objectives of the study are the follogyi

1. Estimate thexx post load impacts of each PLP event in 2009;

2. Compare the load impacts estimated by the evahiatiegression analysis to
the load impacts for the same events estimatetdyy bgram baseline,
which is customers’ usage during the 5-minutesrgadhe event;

3. Provide descriptive statistics on the 1-minutenteley data, compare the
telemetry data to the 15-minute interval load datel comment on any issues
that may arise from using 1-minute data to verifgad drop;

4. Assess the accuracy of the “meter-before/ meter’dfaseline method; and

5. Investigate possible methods for adjusting theguenat 15-minute interval
load observation, which is used by SDG&E as an@ppration to the 5-
minute load that is nominally called for to represtne baseline.

The report is organized as follows. Section 2 diees the PLP program, the enrolled
customers, and the events called; Section 3 desctit®e methods used in the study;
Section 4 contains the detailed ex post load impsttlts; Section 5 contains a review of
the 15-minute and 1-minute telemetry load dataandnalysis of program baseline
issues; Section 6 contains an assessment of titityalf the study; and Section 7
provides recommendations.
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2. Description of Resources Covered in the Study

2.1 Program Description

PLP is designed to test the feasibility of retaihthnd response providing non-spinning
reserve services at very short notice (10 minutesugh bids into the California ISO
ancillary services markets. This application ahded response requires more refined
communication and metering between customers, ggtpes, the utility, and the CAISO
than for DR programs that participateday-ahead andday-of energy markets. In
particular, telemetry capabilities are required tdbbw CAISO to observe the PLP loads
in near real time to confirm that adequate loadsaarilable for curtailment. For the

pilot program, 15-minute data are used for settl@mearposes due to concerns about the
accuracy of the telemetry ddtaOne objective of this study is to assess thalimglof

this concern by comparing the telemetry data taltheninute data.

PLP participants receive capacity-based Load Remtuticentive Payments of
approximately $20 per kW-month for nominated loadailments, which are adjusted
proportionately to account for their load-reducpegformance during events. Up to five
events, each lasting up to two hours were allowdakttcalled each month for the months
of July through December 15. During the pilot pdrievents could be initiated by
CAISO or by SDG&E for test purposes. Twenty-twemts were called in total.

Two types of programs were available to custom@se was available for interruption
during any hour of any day, while the other limitaterruptions to 11 a.m. to 7 p.m. on
weekdays. In practice, two aggregators particgpatehe daytime option and one large
directly enrolled customer, who tended to operalg during overnight and early
morning hours, participated in the 24-hour optitiough effectively in non-daylight
hours.

2.2 Participant Characteristics

2.2.2 Program Participants

The following tables summarize the characterigticthe participating customer
accounts, including industry type and size. T&bleshows the participant
characteristics by industry group. The majorityhe customer load is spread across
three groups: Wholesale, transportation, and attiities; Offices, hotels, health, and
services; and Government, entertainment, and s#rsices.

* Technically, the CAISO requires the baseline firesent 5-minute interval load. SDG&E used thelloa
represented by 15-minute interval data as an appation to the 5-minute data. One of the taskhef
study was to assess possible methods for adjuting5-minute average data to more accurately septe
5-minute sub-intervals.
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Table 2.1: PLP Enrollees by Industry Type

Industry Type Number | Sum of Sum of [ % of Max | Avg. Size
of Meters| Max kW | Avg. kWh kW (kW)

1. Agriculture, Mining & Construction 0 0 0 0%
2. Manufacturing 0 0 0 0%
3. Wholesale, Transport, other Utilities 2 3,653 451 27% 1,826
4. Retail stores 2 875 489 7% 438
5. Offices, Hotels, Health, Services 6 3,898 2,568 29% 650
6. Schools 0 0 0 0%
7. Government, Entertainment, Other Services 7 4,937 3,244 37% 705
Total 17 13,363 6,752 786

Table 2.2 shows enroliment by aggregator (or dieecbliment). Aggregator 2 had the
largest share of load.

Table 2.2: PLP Enrollees by Aggregator

Adaregator Proaram Type Number of | Sum of Sum of | % of Max| Avg. Size
ggreg g yp Meters Max kW | Avg. kWh kW (kW)
Aggregator 1 Weekday Peak 2 875 489 7% 438
Aggregator 2 Weekday Peak 14 8,843 5,814 66% 632
Directly Enrolled All Hours 1 3,645 449 27% 3,645
Total 17 13,363 6,752 786
2.3 Events

Twenty-two PLP events were called, fifteen during 11 to 7 period and seven during
the overnight hours, as shown in Table 2.3. Th&tshows the time at which each event
was dispatched, as well as the starting time adihgriime. The overnight events are
indicated by shading. All events were two hourdunation, but were not necessarily
called on the hout.

® There was some initial confusion about the aatuaht times. The column labels in the originaleaif
events (which was included in the preliminary vensdf this report) suggested that the Dispatch Tiras
the starting time of the event, and the End Time tha ending time of the event. However, the 2009
Commission Report on the operation of PLP [*SDG&tRipating Load Pilot,” 2009 Commission
Report, January 26, 2010, Version 1.0] clearly idies the Dispatch Time as the time at which
participants weraotified of the event, and the actual start of the evedDasinutes later, and the actual
end time of the events as two hours after that.
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Table 2.3: PLP Events

Nomi-
nated Dispatch
Event Month Date MW Time Start Time End Time Notes

1 Aug 13-Aug 0.30 14:00 14:10 16:10 CAISO Weekly test (Exceptional Dispatch)
2 Aug 20-Aug 0.30 13:55 14:05 16:05 CAISO Weekly test (Exceptional Dispatch)
3 Aug 27-Aug 0.30 13:55 14:05 16:05 CAISO Weekly test (Exceptional Dispatch)
4 Sep 10-Sep 0.60 14:00 14:10 16:10 CAISO Weekly test (Exceptional Dispatch)
5 Sep 17-Sep 0.60 13:55 14:05 16:05 CAISO Weekly test (Exceptional Dispatch)
6 Sep 18-Sep 0.60 15:55 16:20 18:10 CAISO Contingency Dispatch
7 Sep 23-Sep 1.20 23:35 23:45 1:45 APX Test
8 Sep 24-Sep 1.80 13:55 14:05 16:05 CAISO Weekly test (Exceptional Dispatch)
9 Sep 30-Sep 1.20 4:55 5:05 7:05 CAISO Weekly test (Exceptional Dispatch)
10 Oct 1-Oct 0.80 13:55 14:05 16:05 CAISO Weekly test (Exceptional Dispatch)
11 Oct 9-Oct 0.80 11:25 11:35 13:35 CAISO Weekly test (Exceptional Dispatch)
12 Oct 14-Oct 0.80 12:35 12:45 14:45 CAISO Weekly test (Exceptional Dispatch)
13 Oct 15-Oct 1.20 4:55 5:05 7:05 CAISO Weekly test (Exceptional Dispatch)
14 Nov 16-Nov 0.55 15:00 15:10 17:10 APX Test
15 Nov 18-Nov 1.20 1:00 1:10 3:10 APX Test
16 Nov 19-Nov 0.55 12:06 12:20 14:20 APX Test
17 Nov 24-Nov 0.55 15:00 15:10 17:10 APX Test
18 Dec 2-Dec 1.20 4:00 4:10 6:10 APX Test
19 Dec 3-Dec 0.50 14:55 15:05 17:05 CAISO Test (Exceptional Dispatch)
20 Dec 7-Dec 0.50 18:25 18:35 20:35 CAISO Contingency Dispatch
21 Dec 11-Dec 1.20 2:00 2:10 4:10 APX Test
22 Dec 15-Dec 1.20 2:30 2:40 4:40 APX Test

3. Study Methodology

3.1 Overview
Theex post load impact evaluation includes five major actest

1.
2.

ok

Develop estimates db-minute load impacts for each PLP event in 2009;
Compare the load impacts estimated by this evalo'atregression analysis (see
below) to the load impacts for the same eventsnaséid by therogram baseline,
which is nominally customers’ usage during the Buies prior to the event;
Provide descriptive statistics on the 1-minutentedry data, compare the
telemetry data to the 15-minute interval load datel comment on any issues that
could arise from using 1-minute data to verify adarop;

Assess the accuracy of the “meter-before/ meter“dfaseline method; and
Investigate possible methods for adjusting theguent 15-minute interval load
observation, which is used by SDG&E as an approtigndo the 5-minute load
that is nominally called for to represent the biasel

The data to be used in the load impact analysisisbaof integrated 15-minute load data
for the pilot customers, daily observations on appate weather variables (to the extent
that the participating customers are found to bather sensitive), and information on the
timing of events. Load impacts were estimatedhataggregator level (except for the one
directly enrolled customer), after summing the kaftithe individual customers enrolled
by the aggregators as of the event dates. Loaddtapt the program level may be
obtained, where needed, by adding together theeggtpr-level load impacts. Telemetry
data for each participant, in the form of 1-minumtierval load data were also obtained for
purposes of comparing the interval metered datalamtklemetry data. There are
several levels of aggregator and customer datat, Bggregators contract with multiple

13 CA Energy Consulting



“customers,” or companies. Second, some custohass more than one site, or service
account (SA_ID), and some of those have more tihhemeeter.

3.2 Description of methods

3.2.1 Regression Model

Our typicalex post load impact models, after modification to use lisute rather than
hourly load data, estimate load impacts for ea@rter-hour of the event day, and
control for factors such as weather conditionsragtilar daily and monthly usage
patternsi(e., accounting for differences in load levels achossrs of the day, days of the
week, and months of the year). For PLP, the raegras were estimated on 15-minute
data, and thus estimated load impacts for eachifhGtenperiod on the event day.
Separate models were estimated for each aggrggatbihe directly enrolled customer),
with the dependent variable the total load acrbesaggregator's meters. A typical form
for ourex post evaluation model is the following:

E 96 96 96
Q =a+ > > (O xh, xPLR)+> (B xh xCDH,)+>_ (5" xh , x MON,)
i=1 i=2

Evt=1 i=1
96 96 5 12
+> (0 xh xFRI)+Y (" xh )+ > (B°™™ xDTYPE )+ (8™ xMONTH, ) +¢
i=2 i=2 i=2 i=7

In this equationQ; represents demand for an aggregator (or direntlglled customer)

in quarter-hout; theb’s are estimated parametets; is a dummy variable for houy

PLP; is an indicator variable for program event days the number of events in which
the aggregator or customer participat€BH; is cooling degree houfdyION; is a

dummy variable for MondayERI; is a dummy variable for FridalpTYPE;; is a series of
dummy variables for each day of the week; BIONTH; ; is a series of dummy variables
for each month.

The first term with a summation sign is the compured the equation that allows
estimation ofjuarter-hourly load impacts (thebg — coefficients) for each event day.
It does so via the 15-minute indicator varialiiemteracted with the event variables
(indicated byPLP;). The remaining terms in the equation are desigaeontrol for the
effects of weather and other periodic fact&g.( hours, days, and months) that
determine customers’ loads. The interaction of Maynand Friday indicators with the
hourly indicators is designed to account for thadslly different hourly load profiles of
commercial and industrial customers on the first st days of the workweek.

3.2.2 Development of Uncertainty-Adjusted Load Impacts

The Load Impact Protocols require the estimationrafertainty-adjusted load impacts.
In the case oéx post load impacts, the parameters that constituteahe impact
estimates are not estimated with certainty. Tleegfwe base the uncertainty-adjusted
load impacts on the variances associated withghmated load impacts.

® Cooling degree hours (CDH) was defined as MAX[8mperature — 50], where Temperature is the
hourly temperature in degrees Fahrenheit. Cust@metific CDH values are calculated using data from
the most appropriate weather station.
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Specifically, we add the variances of the estim&tad impacts across the
aggregators/customers participating in the eveguestion. The uncertainty-adjusted
scenarios were simulated under the assumptiore#ttdit quarter-hour’s load impact is
normally distributed with the mean equal to the safrthe estimated load impacts and
the standard deviation equal to the square rotiteofum of the variances of the errors
around the estimates of the load impacts. Refarithe 16", 3d", 70", and 98
percentile scenarios are generated from thesebdistms.

4. Detailed Study Findings

This section begins with a summary of estimatestage quarter-hourly load impacts

for each event, with separate tables summariziad impacts by aggregator. Tables of
guarter-hourly load impacts are then presentedarfdrmat required by the Load Impact
Protocols adopted by the California Public Utisti€ommission (CPUC) in Decision
(D.) 08-04-050 (“the Protocols”), including uncentg-adjusted load impacts at different
probability levels, and figures that illustrate P event-day loads and load impacts.

4.1 Average Quarter-Hour Load Impacts
Tables 4.1 through 4.3 summarize estimated aveyageer-hour load impacts by event
and on average across events, for the directlylledroustomer and the two aggregators.
The last three columns provide the following infatron:
* The nominated load for the month in which the eweiurred;
* The estimate average quarter-hour load impact ffemegression analysis; and
* The program estimate of the load impact relativéh&o“meter-before/ meter-
after” baseline, as reported in the draft reportr@operation of the PLP
program.

Table 4.1: Average Quarter-Hourly Load Impacts by Brent
Directly Enrolled Customer

| stan | Mload | Estimated | FIOSET:

Event Date Notify Time End Time Reduction Loadklvn\;pact Baseline
(kw) L (kw)
9/23/2009 23:35 23:45 1:45 1,200 1,714 2,368
9/30/2009 4:55 5:05 7:05 1,200 468 3,008

10/15/2009 4:55 5:05 7:05 1,200 405 10

11/18/2009 1:00 1:10 3:10 1,200 -264 497
12/2/2009 4:00 4:10 6:10 1,200 915 1,343
12/11/2009 2:00 2:10 4:10 1,200 1,450 404
12/15/2009 2:30 2:40 4:40 1,200 1,336 2,042
Average 1,200 861 1,382
Std. Dev. 0 699 1,131

The nominated load reductions for the two aggragatbanged over the period of the
pilot. Aggregator 1 reduced its nominations fron® kW in August, to 100 kW in
October, and dropped to zero during the last twath® due to the holidays. Aggregator
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2 increased nominations along with expanded ensaritsifrom 155 kW in August to 700
kW in October, before reducing them to 550 kW invisimber.

The estimated load impacts (second to last collrasgd on the regression analysis
compare reasonably closely to the estimates relédithe MBMA baseline (last
column), as reported in the 2009 Commission Repbie overall average estimated
load impact in this study for the directly enrolleastomer was 861 kW, while the
comparable average across the two aggregatorsYsae\/s.

Aggregator 1

Table 4.2: Average Quarter-Hourly Load Impacts by Brent

Nominated : Program,
. Start : Load Eeilimaze per
Event Date Notify Ti End Time . Load Impact :
ime Reduction (kW) Baseline
(kW) (kW)
8/13/2009 14:00 14:10 16:10 170 140 163
8/20/2009 13:55 14:05 16:05 170 108 144
8/27/2009 13:55 14:05 16:05 170 180 170
9/10/2009 14:00 14:10 16:10 150 176 205
9/17/2009 13:55 14:05 16:05 150 209 196
9/18/2009 15:55 16:20 18:20 150 -29 42
9/24/2009 13:55 14:05 16:05 150 222 218
10/1/2009 13:55 14:05 16:05 100 210 177
10/9/2009 11:25 11:35 13:35 100 96 72
10/14/2009 12:35 12:45 14:45 100 184 170
Average 141 150 156
Std. Dev. 30 76 57
Table 4.3.: Average Quarter-Hourly Load Impacts byEvent
Aggregator 2
| stan | Molgaa™ | Estimated | FOSET:
Event Date Notify Time End Time Reduction Loadklvr\r;pact Baseline
(kw) L (kw)
8/13/2009 14:00 14:10 16:10 155 134 355
8/20/2009 13:55 14:05 16:05 155 62 163
8/27/2009 13:55 14:05 16:05 155 746 372
9/10/2009 14:00 14:10 16:10 450 290 615
9/17/2009 13:55 14:05 16:05 450 536 360
9/18/2009 15:55 16:20 18:20 450 215 753
9/24/2009 13:55 14:05 16:05 450 1,385 735
10/1/2009 13:55 14:05 16:05 700 699 595
10/9/2009 11:25 11:35 13:35 700 318 216
10/14/2009 12:35 12:45 14:45 700 772 455
11/16/2009 15:00 15:10 17:10 550 520 569
11/19/2009 12:06 12:20 14:20 550 377 365
11/24/2009 15:00 15:10 17:10 550 365 405
12/3/2009 14:55 15:05 17:05 550 287 377
12/7/2009 18:25 18:35 20:35 550 59 169
Average 474 446 434
Std. Dev. 187 350 186
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4.2 Protocol tables

In this section, 24 quarter-hour periods are priesefiom the full Protocol tables,
including the eight periods before the event, tlgbtgoeriods during the event, and the
eight periods after the event. The accompanyigoleol spreadsheet presents all 96
guarter-hour results for each event day, with tteeption of the event beginning at
11:45 p.m. on September 23 for the directly endodlestomer. In that case, the Protocol
table presents 96 quarter-hour results for thee®aiper 23 event starting at 3:45 a.m. on
September 23 and ending at 3:30 a.m. on Septerber 2

Tables presented in the text show results forwleaggregators and the directly enrolled
customer for average event days, where averagesesmsured across the event days that
had common starting event times and a constant auaflparticipating SA IDs.

Table 4.4 presents the quarter-hour values ofshmated reference load, observed load,
estimated load impacts, and uncertainty adjustad impacts for the directly enrolled
customer. The table averages two events withah&mon start time of 5:05 a.m. The
directly enrolled customer had no other repeatad simes.
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Table 4.4: Quarter-Hourly Load Impacts for Average PLP Event, 5:05 Start Time
Directly Enrolled Customer

Quarter Hour Observed Weighted
Ending Estimated Event-Day Estimated Average
(Selected Reference Load Load Impact  Temperature Uncertainty Adjusted Impact (kWh/hr)- Percentiles
Periods) Load (kWhthr) (kWh/hr) (kWh/hr) (°F) 10th%ile ~ 30th%ile  50th%ile  70th%ile  90th%ile
3:15 2,059 3,120 -1,061 62 -2,039 -1,461 -1,061 -661 -84
3:30 1,991 3,202 -1,211 62 -2,188 -1,611 -1,211 -810 -233
3:45 1,922 3,115 -1,193 62 2,171 -1,593 -1,193 -793 215
4:00 1,754 1,829 -75 62 -1,052 -475 -75 326 903
4:15 1,654 1,478 176 62 -802 -224 176 576 1,153
4:30 1,510 1,550 -41 62 -1,019 -441 -41 359 937
4:45 1,368 1,550 -183 62 -1,161 -583 -183 217 795
5:00 1,335 1,397 -62 62 -1,040 -462 62 338 916
5:15 1,267 62 1,204 62 226 804 1,204 1,604 2,182
5:30 975 48 927 62 -51 527 927 1,327 1,905
5:45 768 38 730 62 -248 329 730 1,130 1,707
6:00 325 34 292 62 -686 -108 292 692 1,270
6:15 148 38 109 60 -869 -291 109 509 1,087
6:30 132 43 89 60 -889 -311 89 489 1,067
6:45 110 38 7 60 -906 -329 7 472 1,049
7:00 102 34 68 60 910 -332 68 468 1,046
7:15 76 38 38 63 -940 -362 38 438 1,015
7:30 80 34 46 63 931 -354 46 446 1,023
7:45 78 38 40 63 938 -360 40 439 1,017
8:00 59 34 26 63 -952 -374 26 426 1,003
8:15 34 38 -5 64 -983 -405 -5 395 973
8:30 35 34 2 64 976 -398 2 402 979
8:45 35 48 -13 64 -991 -413 -13 387 965
9:00 35 53 -18 64 -995 -418 -18 382 960

Observed
Reference Event-Day Change in Cooling

Energy Use Energy Use  Energy Use  Degree Hours Uncertainty Adjusted Impact (kWh/hour) - Percentiles
(kWh) (kWh) (kWh) (Base 75 °F) 10th 30th 50th 70th 90th

Daily 55,796 58,762 -2,966 1.0 na | nha na | na | na

Figure 4.1 shows quarter-hour load impacts by efa@rthe directly enrolled customer,
as well as the customer’s nominated load. Basderegression model load impacts,
the directly enrolled customer appears to haveaedlits load by its nominated amount
for the entire event period in 4 of 7 events. Hesvrein other events, initial load
reductions were consistent with nominated load deatined over the event window.
For example, in the September 30 event, the indgad reduction reached its nominated
load level, but the load reduction declined to zmrer the event window. This reduction
in the estimated load impact occurred becauserbpidd reference load decreased
substantially over the event period. That is,éhent was called at a time when the
customer was typically reducing its load to neapznyway’

" As suggested by Table 4.1, at the time the evestaalled the customer’s load was more than twesim
higher than its reference load. That is, in thartgr hour ending 4:45, the customer’s load waS3KW,
compared to its estimated reference load leve|331LkW. By 5:15, the customer’s load was 83 kW.
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Figure 4.1: Quarter-Hourly PLP Load Impacts and Naninated Load by Event
Directly Enrolled Customer
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Table 4.5 presents the quarter-hour values ofstimated reference load, observed load,
estimated load impact, and uncertainty adjusted imgacts for Aggregator 1, averaging
over five events with the common start time of B4(P:05 p.m.). Table 4.6 presents the
average for two days with events beginning at 142100 p.m.y’

8 Note that by convention, when an event startetiwi particular 15-minute interval, we interprethat
interval as part of the event period if at leastiiflutes of the 15 minutes were included in theneyeg.,
an event started at 14:05). In contrast, if onigiButes of the event were includesly(, the event started
at 14:10), then that 15-minute interval was exctuftem the event. Thus, in Table 4.5, the evergs a
considered to begin in quarter-ending 14:15, wrened able 4.6, the events are considered to bagin
guarter-ending 14:30.
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Table 4.5: Quarter-Hourly Load Impacts for Average PLP Event, 14:05 Start Time
Aggregator 1

Quarter Hour Observed Weighted
Ending Estimated Event-Day Estimated Average
(Selected Reference Load Load Impact  Temperature Uncertainty Adjusted Impact (kWh/hr)- Percentiles
Periods) Load (kWhthr) (kWh/hr) (kWh/hr) (°F) 10th%ile ~ 30th%ile  50th%ile  70th%ile  90th%ile

12:15 839 796 43 90 -12 20 43 65 98
12:30 853 779 74 90 19 51 74 96 129
12:45 858 791 66 90 12 44 66 89 121
13:00 858 803 55 90 0 32 55 77 110
13:15 845 829 16 88 -39 6 16 38 71
13:30 843 842 2 88 -53 -21 2 24 56
13:45 845 827 18 88 -37 -4 18 40 73
14:00 842 830 1 88 -43 -1 11 34 66
14:15 840 736 104 87 50 82 104 126 159
14:30 841 614 228 87 173 205 228 250 282
14:45 843 625 218 87 163 196 218 240 273
15:00 833 633 200 87 146 178 200 223 255
15:15 826 635 191 84 136 169 191 213 245
15:30 822 646 176 84 122 154 176 199 231
15:45 820 635 186 84 131 163 186 208 240
16:00 822 639 183 84 128 161 183 205 237
16:15 810 662 148 82 94 126 148 171 203
16:30 803 819 -16 82 -71 -39 -16 6 38
16:45 791 831 -41 82 -95 63 -41 -19 14
17:00 782 808 -26 82 -80 -48 -26 -3 29
17:15 769 795 -26 79 -81 -49 -26 -4 28
17:30 764 783 -19 79 -73 -41 -19 3 35
17:45 753 771 -18 79 -72 -40 -18 5 37
18:00 741 753 -12 79 -66 -34 -12 10 43

Observed
Reference Event-Day Change in Cooling

Energy Use Energy Use  Energy Use  Degree Hours Uncertainty Adjusted Impact (kWh/hour) - Percentiles
(kWh) (kWh) (kWh) (Base 75 °F) 10th 30th 50th 70th 90th

Daily 52,910 51,162 1,749 96.8 n/a n/a n/a n/a n/a
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Table 4.6: Quarter-Hourly Load Impacts for Average PLP Event, 14:10 Start Time
Aggregator 1

Quarter Hour Observed Weighted
Ending Estimated Event-Day Estimated Average
(Selected Reference Load Load Impact  Temperature Uncertainty Adjusted Impact (kWh/hr)- Percentiles
Periods) Load (kWhthr) (kWh/hr) (kWh/hr) (°F) 10th%ile ~ 30th%ile  50th%ile  70th%ile  90th%ile

12:30 788 798 -10 81 -65 -33 -10 12 44
12:45 792 799 -7 81 61 -29 -7 15 47
13:00 793 806 -12 81 -66 -34 -12 10 42
13:15 793 824 -31 81 -85 -53 -31 9 23
13:30 792 829 -36 81 -90 -59 -36 -14 18
13:45 795 817 -22 81 -76 -45 22 0 32
14:00 791 822 -31 81 -85 -53 -31 9 23
14:15 791 778 13 80 -41 9 13 35 67
14:30 793 656 137 80 83 115 137 159 191
14:45 794 661 133 80 79 11 133 155 187
15:00 786 645 142 80 88 120 142 164 196
15:15 796 624 172 79 17 149 172 194 226
15:30 792 620 173 79 118 150 173 195 227
15:45 789 615 175 79 121 153 175 197 229
16:00 790 613 177 79 123 155 177 199 231
16:15 774 616 158 77 103 135 158 180 212
16:30 768 689 79 77 25 57 79 101 133
16:45 764 734 29 77 -25 7 29 51 83
17:00 763 719 44 77 -11 21 44 66 98
17:15 758 751 7 74 -47 -15 7 29 61
17:30 753 774 -21 74 -75 -43 21 1 33
17:45 744 760 -16 74 -70 -38 -16 6 38
18:00 734 749 -15 74 -69 -37 -15 7 39
18:15 733 731 2 72 -52 20 2 24 56

Observed
Reference Event-Day Change in Cooling

Energy Use Energy Use  Energy Use  Degree Hours Uncertainty Adjusted Impact (kWh/hour) - Percentiles
(kWh) (kWh) (kWh) (Base 75 °F) 10th 30th 50th 70th 90th

Daily 51,731 50,330 1,401 315 n/a n/a na | na | na

Figure 4.2 shows quarter-hourly load impacts bynef@ Aggregator 1. Based on
regression model results, Aggregator 1 appearaue bonsistently reduced load by at
least its nominated level for most intervals dunngst events. However, it appears to
have delayed its response by 15 to 30 minutesvierakeevents, and appears not to have
responded at all to the September 18 event.
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Figure 4.2: Quarter-Hourly PLP Load Impacts , by Event and Nominated Load Periods
Aggregator 1
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Table 4.7 presents the Protocol table for Aggragator two August events with the
common start time of 14:05 (2:05 p.m.), when Aggteg2 nominated load from four
SA IDs. Table 4.8 shows similar results for tw@teenber events with the same
common start time of 14:05, though with a largemimated load from seven SA IDs.
Table 4.9 shows results for two November eventh thié common start time of 15:10
(3:10 p.m.), for which the nominated load was frbinSA IDs.

Table 4.7: Quarter-Hourly Load Impacts for AveragePPLP Event, 14:05 Start Time,
August, Aggregator 2

Quarter Hour Observed Weighted
Ending Estimated Event-Day Estimated Average
(Selected Reference Load Load Impact  Temperature Uncertainty Adjusted Impact (kWh/hr)- Percentiles
Periods) Load (kWhhr) (kWhhr) (kWhhr) (°F) 10th%ile  30th%ile  50th%ile  70th%ile  90th%ile

12:15 7,419 7,533 -114 83 -343 -208 -114 -20 115
12:30 7,455 7,500 -45 83 274 -139 -45 49 184
12:45 7,478 7,546 -68 83 -297 -162 -68 26 161
13:00 7,511 7,567 -56 83 -285 -150 -56 37 173
13:15 7,501 7,558 -57 83 -285 -150 -57 37 172
13:30 7,509 7,564 -55 83 -283 -148 -55 39 174
13:45 7,509 7,651 -142 83 -370 -235 -142 -48 87
14:00 7,513 7,544 -31 83 -260 -125 -31 62 197
14:15 7473 7,081 392 82 163 298 392 485 620
14:30 7477 7,040 437 82 208 343 437 530 665
14:45 7,469 6,955 515 82 287 421 515 608 743
15:00 7474 7,026 448 82 219 354 448 541 676
15:15 7,439 7,129 310 80 82 217 310 404 538
15:30 7,390 7,041 349 80 121 255 349 442 577
15:45 7,340 6,946 394 80 166 301 394 488 622
16:00 7,322 6,933 389 80 161 296 389 483 618
16:15 7,297 7,151 146 80 -82 53 146 240 375
16:30 7,313 7,486 -173 80 -402 -267 -173 -79 56
16:45 7,293 7,604 -311 80 -540 -405 -3 217 -82
17:00 7,205 7474 -269 80 -498 -363 -269 -176 -40
17:15 6,897 7,382 -485 77 -713 -578 -485 -391 -257
17:30 6,817 7,268 -452 77 -680 -545 -452 -358 -224
17:45 6,776 7,337 -562 77 -790 -655 -562 -468 -334
18:00 6,709 7,210 -501 77 729 -594 -501 -408 273

Observed
Reference Event-Day Change in Cooling

Energy Use Energy Use  Energy Use  Degree Hours Uncertainty Adjusted Impact (kWh/hour) - Percentiles
(kWh) (kWh) (kWh) (Base 75 °F) 10th 30th 50th 70th 90th

Daily 595,422 596,689 -1,267 62.3 n/a n/a n/a I n/a | n/a
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Table 4.8: Quarter-Hourly Load Impacts for Average PLP Event, 14:05 Start Time,
September, Aggregator 2

Quarter Hour Observed Weighted
Ending Estimated Event-Day Estimated Average
(Selected Reference Load Load Impact  Temperature Uncertainty Adjusted Impact (kWh/hr)- Percentiles
Periods) Load (kWh/hr) (kWhhr) (kWhhr) (°F) 10th%ile ~ 30th%ile  50th%ile ~ 70th%ile  90th%ile

12:15 7,496 7,239 257 86 27 163 257 351 486
12:30 7,533 7,312 220 86 -9 127 220 314 450
12:45 7,557 7,469 88 86 -141 -6 88 182 317
13:00 7,591 7,450 141 86 -88 47 141 235 370
13:15 7,544 6,918 626 84 398 532 626 719 854
13:30 7,553 6,983 571 84 342 477 571 664 799
13:45 7,553 7,016 536 84 308 443 536 630 765
14:00 7,556 7,092 464 84 235 370 464 557 692
14:15 7,497 6,668 829 83 601 736 829 922 1,057
14:30 7,500 6,502 998 83 770 905 998 1,092 1,226
14:45 7,492 6,407 1,085 83 857 992 1,085 1,179 1,314
15:00 7,497 6,392 1,105 83 877 1,012 1,105 1,198 1,333
15:15 7,449 6,519 930 81 702 837 930 1,024 1,158
15:30 7,398 6,498 900 81 673 807 900 994 1,128
15:45 7,347 6,431 917 81 689 823 917 1,010 1,145
16:00 7,330 6,408 922 81 694 829 922 1,015 1,150
16:15 7,289 6,861 428 81 200 335 428 521 656
16:30 7,305 7,079 226 81 -2 133 226 320 454
16:45 7,284 7,197 88 81 -141 -6 88 181 316
17:00 7,193 7,102 91 81 -137 2 91 185 320
17:15 6,856 7,046 -190 77 -417 -283 -190 97 37
17:30 6,776 7,255 -479 77 -706 -572 -479 -386 -252
17:45 6,735 7,196 -461 77 -688 -554 -461 -368 -233
18:00 6,669 7,025 -356 77 -583 -449 -356 -263 -129

Observed
Reference Event-Day Change in Cooling

Energy Use Energy Use  Energy Use  Degree Hours Uncertainty Adjusted Impact (kWh/hour) - Percentiles
(kWh) (kWh) (kWh) (Base 75 °F) 10th 30th 50th 70th 90th

Daily 593,086 582,336 10,750 63.3 n/a n/a n/a n/a n/a

24 CA Energy Consulting



Table 4.9: Quarter-Hourly Load Impacts for Average PLP Event, 15:10 Start Time
Aggregator 2

Quarter Hour Observed Weighted
Ending Estimated Event-Day Estimated Average
(Selected Reference Load Load Impact  Temperature Uncertainty Adjusted Impact (kWh/hr)- Percentiles
Periods) Load (kWh/hr) (kWhhr) (kWhhr) (°F) 10th%ile ~ 30th%ile  50th%ile ~ 70th%ile  90th%ile

13:30 6,275 6,005 270 74 43 177 270 363 497
13:45 6,273 6,051 222 74 -5 129 222 315 449
14:00 6,289 6,052 237 74 10 144 237 330 464
14:15 6,244 6,065 179 73 -48 86 179 272 406
14:30 6,250 6,100 150 73 -7 58 150 243 378
14:45 6,240 6,110 130 73 -97 37 130 223 357
15:00 6,234 6,100 134 73 -93 41 134 227 361
15:15 6,125 5,774 351 70 124 258 351 444 578
15:30 6,101 5,560 541 70 314 448 541 634 768
15:45 6,083 5,549 533 70 306 440 533 626 761
16:00 6,050 5,565 485 70 258 392 485 578 712
16:15 6,010 5,603 408 69 180 315 408 501 635
16:30 5,994 5,582 412 69 184 319 412 504 639
16:45 5,981 5,512 469 69 242 376 469 562 697
17:00 5,970 5,506 464 69 237 37 464 557 691
17:15 5,765 5,536 228 66 1 135 228 321 455
17:30 5,696 5,964 -268 66 -495 -361 -268 -175 -41
17:45 5,637 5,820 -183 66 -411 -276 -183 -90 44
18:00 5,590 5,619 -29 66 -256 -122 -29 64 198
18:15 5,534 5,438 97 63 -131 4 97 190 324
18:30 5,509 5,376 133 63 -94 40 133 226 360
18:45 5,486 5,408 78 63 -149 -15 78 171 305
19:00 5,470 5,322 148 63 -79 55 148 241 376
19:15 5,378 5,335 43 60 -184 -50 43 137 271

Observed
Reference Event-Day Change in Cooling

Energy Use Energy Use  Energy Use  Degree Hours Uncertainty Adjusted Impact (kWh/hour) - Percentiles
(kWh) (kWh) (kWh) (Base 75 °F) 10th 30th 50th 70th 90th

Daily 504,365 496,872 7,493 0.0 n/a n/a n/a n/a n/a

Figure 4.3 presents quarter-hour load impacts leypeand by periods over which
nominated load was constant (though participatindl® may not have been constant).
According to the regression model results, Aggregattypically reduced load by nearly
its nominated load level for most event hours irstevents from August through
October. During events in November and Decemlmvgelrer, Aggregator 2 typically
did not reduce load by its nominated amount.
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Figure 4.3: Quarter-Hourly PLP Load Impacts , by Event and Nominated Load Periods
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5. Data Assessment and Baseline Analysis

This section addresses the last three project iNgs¢ dealing with data description and
baseline accuracy. It first illustrates the natfréhe 1-minute telemetry data and
provides descriptive statistics that charactetz@atterns and variability. It then
compares the telemetry data to the 15-minute iatdoad data, and comments on any
issues that may arise from using 1-minute dateetdya load drop. The third sub-
section contains an assessment of the performdribe tmeter-before/ meter after”
(MBMA) baseline method. Finally, the last sub-g@tiexamines patterns of 5-minute
interval loads in an attempt to recommend improves® the use of the 15-minute load
in the period prior to the event as the baseline.

5.1 Review Telemetry Data

We use a combination of statistics and load pthiaracterize the nature of the 1-
minute telemetry data. The telemetry data wouléxygected to exhibit greater
variability than 15-minute or hourly load data, daghe shorter time interval. One
measure of that variability is tiseandard deviation of theper centage differences

between thaverages of the fifteen 1-minute values during each quahntaur, andeach
1-minute load observation during those periodshose standard deviations are 6.6
percent and 1.9 percent for Aggregators 1 and@ntwely, across hours-ending 11-19,
and all non-event days. The relatively small vdreAggregator 2 in particular
indicates that the 1-minute data do not displagx@remely high degree of volatility. As
seen below, the somewhat larger value for Aggredateas likely caused by apparently
random patterns of unusually low recorded loadsndusome periods on some days
rather than by inherent load volatility.

Figures 5.1 through 5.3 illustrate the telemetrfadand the corresponding 15-minute
metered data (which appear as unconnected doteptbraggregators, for three different
days in October 2009. Figure 5.1 shows the load®¢ttober 1, on which a two-hour
event was called for 14:05 through 16:05. In taise, the two data series match quite
closely for both aggregators. The telemetry datasgreater variability, as expected,
though they follow the same pattern as the 15-reidata.

° We limited calculations to the potential event dom of 10 a.m. to 7 p.m.
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Figure 5.1: Telemetry and 15-Minute Load Data, by Agregator
(October 1, 2009)
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Figure 5.2 shows data for October 5, a non-eveptatawhich the telemetry data for
Aggregator 1 appear to oscillate between the lef/ie 15-minute data and
approximately 100 kW to 500 kW below that levelg(sight vertical axis), until
achieving a more normal pattern by mid-day. Thusilating pattern appears to have
occurred on a number of days during the periodhefpilot.
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Figure 5.2: Telemetry and 15-Minute Load Data, by Agregator
(October 5, 2009)
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Figure 5.3 shows data for October 9, on which anewas called from 11:35 a.m. to
1:35 p.m. The two series of loads for Aggregatap@ear consistent. However, the two
series for Aggregator 1 diverge for some perioasluiding the two event hours.
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Figure 5.3: Telemetry and 15-Minute Load Data, by Agregator
(October 9, 2009)
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5.2 Compare 15-Minute and Telemetry Data

This section provides statistics on comparabilitthe telemetry and 15-minute load
data. Table 5.1 reports comparative statisticbénh aggregators at two levels of detail.
First, the fifteen 1-minute load observations facte quarter hour were averaged, to
produce estimates of average 15-minute intervaldpand then compared to the 15-
minute metered interval load data. The first ttoelemns in the table report the mean
and median % difference anéative root mean square error (RRMSE) between the two
series (Telemetry — Metered), where the RRMSE dbariaes the relative similarity
between the two series of 15-minute load obsemat{bmiting the comparison to the 10
a.m. to 7 p.m. periodf. The two series differ considerably for Aggregatpwith mean
and median percent differences of -7.6% and -1 &8pactively (the negative values
indicate the tendency of the Telemetry loads tobiallow the Metered loads), and an
average difference of 21.5%. The average tendehthe telemetry data to fall below
the interval metered data is presumably due t@ticasional low values and lack of
regularity of the telemetry data. In contrast,tive data series for Aggregator 2 differ by
only 2.4 % on average, and the positive mean ardiangercent errors indicate a
tendency of the Telemetry loads to exceed the Mdtlrads by a very small amount.

Second, to examine the volatility of the telemelaya, the 15-minute average telemetry
load data were compareddach individual 1-minute observation within the relevan
quarter hour. The second and third columns ofdbke report the means and standard

10 see Section 5.3.1 below for a formal definitiorthed RRMSE statistic.

31 CA Energy Consulting



deviations of thgercentage differences between the fifteen-minute values asagh 1-
minute load observation over the event-window periods. Thamealues of those
differences are zero, as expected. The 6.6 pestamilard deviation of the differences
for Aggregator 1 indicates some degree of volgtilidowever, the 2 percent standard
deviation value for Aggregator 2 again attesthtodtability of that series.

Table 5.1: Statistics on Differences between Teletng and 15-Minute Interval Data

15-min vs. Individual 1-
15-min Meter vs. Ave. 15-min min Telemetry
Telemetry Observations
Mean % Median %
Diff. Diff. RRMSE Mean SD
Agg 1 -7.6% -1.56% 21.5% 0% 6.6%
Agg 2 0.17% 0.29% 2.4% 0% 1.9%

For Aggregator 2 in particular, the telemetry datd 15-minute data appear to represent
the same loads reasonably closely, suggestinghteaelemetry data could provide a
reasonable indicator of performance during evehiswever, the occasional oscillating
telemetry loads for Aggregator 1 raise concernstiee potential for inaccurate
readings around the time of a particular event.

5.3 Baseline Analysis

This portion of the study involved an assessmetii@fccuracy of the meter-before/
meter-after” (MBMA) baseline method, which is ugedalculate load impacts in the
PLP program. That is, the baseline for an eveesiablished by the metered load in the
15-minute interval prior to the event, each of whizas two hours in lengt. Since data
for only two PLP aggregators were available fordumiing the study, SDG&E suggested
expanding the analysis to include 15-minute inteload data for the aggregators that
participate in the day-of option of SDG&E’s Capgdtidding Program (CBP). As a
result, three classes of data were used in thg:stud
1. CBP-DO aggregator load data for selected eventdgys in June through
September, which were not CBP or CPP event days;
2. PLP aggregator load data for selected non-evers dagng the same period; and
3. PLP aggregator load data for the actual PLP ewmisag the period August
through December, 2009.

For the cases in which event-type days were ubedadtual observed 15-minute interval
load (in kWh/hour) during “simulated-events” wagdss the true baseline to which the
MBMA baseline was compared. In the case invohantyal PLP events, the “true”
baseline was constructed by adding our estimatedifhbte load impacts to the observed
aggregator loads during each event to produce phedreference load to which the
MBMA baseline was compared. For the cases usiegtetype days, five separate two-
hour simulated-events were created over the timeg&om 10 a.m. to 7 p.m., and

™ In principle, the baseline is set by the averagel lin the 5 minutes prior to the event. Howetres,
average load in the previous 15-minutes is usedmexy due to unavailability of 5-minute data.
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baseline accuracy was assessed for each type oliaset-event, as well as across all
events, as described below.

5.3.1 Measures of baseline performance

Performance of the MBMA baseline method was measpirienarily by two statistics

that have been used in previous baseline studiaselineaccuracywas measured using
therelative root mean square error statistic (RRMSE, sometimes referred to as thel The
U-statistic). This statistic measures the degfabfference, or error, between two data
series, which in this case are the observed loadsgleach event (or the implied
reference loads in the case of PLP events) anMBMA baselines. The differences
were calculated for each quarter-hour for both batfireach event. The RRMSE statistic
is nominally bounded by 0 and 1, with values cldedd indicating greater accuracy.
Since the root-mean squargdors are normalized by the root-mean squdced levels,
the resulting statistic is a normalized, or peragatmeasure of accuracy relative to the
true baseline. For example, a value of 5 percathtates an average 5 percent error in
the MBMA baseline (or difference from the “true”dmdine) relative to the mean value of
the true baseline, across event days, hours, astdmars (see below).

The formula for this statistic is the following:

U-dtatistic = [(1/n) T (e)?]Y2/ [(1/n) S(LA)A Y2,
where in this case

€n = (L% = L),

L™, Is the actual or regression-based baseline Indohe perioch

L% is the MBMA baseline loads,

n is the total number of aggregator event daywenetype days, and 15-

minute periods, and the sum is across event days,deriods, and customers, at
the relevant level of aggregatiomnd., all customers, or by industry type).

Bias was measured using thedian percent error, or difference, where the percent error
is defined as thdifference between the “true” baseline load and the MBMArasate of

the baseline load, divided by thevel of the true baseline, calculated across customers
and event hours, for each industry type. Using tlinvention, positive errors indicate
downward bias (i.e., the true baseline exceeds the estimated basedineénegative errors
indicateupward bias (i.e., the estimated baseline exceeds the true baseline)

While the median statistic serves to indicatetyipecal bias tendency, examining the
distribution of percent errors provides greater insight in®ftlll range of baseline
errors. Thus, we also shqercentiles of the distribution of percent errors (where tide 5
percentile value is the median value of the distidn). Finally, we also report means
and standard deviations of the distributions oteset errors.
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5.3.2 Baseline performance results

CBP-DO Event-Type Days
Fourteen event-type days were selected duringulyed September period on days that
were not CBP or CPP events, but where SDG&E sykiads reached at least moderate
levels. For each event-type day, five pseudo ewerte designated over the 10 a.m. to
7 p.m. time frame, for the following 2-hour periods

HE 11-12

HE 13-14

HE 15-16

HE 17-18

HE 18-19.
Baseline accuracy and bias statistics for the MBb&&eline were calculated across all
events and all hours, as well as for various stb-afeevent-typese(g., by time of the
event) and hours within the evenégy(, during the first or second hour of the event).
The unit of observation was 15-minute loads atathgregator level, for the six CBP-DO
aggregators.

To examine potential differences in baseline penmice by customer type, customers
were classified into two categoriesrdustrial-type customers (which included Industry
groups 1, 2, and 3, as defined below), who arenasduo be not particularly weather
sensitive; andCommercial-type customers (Industry groups 4, 5, 6 and 7), who are
presumed to be weather sensitive. The eight inglgsbups, which have been used in
the DR load impact evaluations, are defined acogrth their applicable two-digit
NAICS codes?

Agriculture, Mining and Oil and Gas, Constructidd;, 21, 23
Manufacturing: 31-33

Wholesale, Transport, other Utilities: 22, 42, 48-4

Retail stores: 44-45

Offices, Hotels, Finance, Services: 51-56, 62, 72
Schools: 61

Entertainment, Other services and Government: 7193
Other or unknown.

N A WNE

Baseline accuracy

Figure 5.4 reports RRMSE values for all event-tgpgs and for each of the 5 time
periods during the events, for aggregations of hadlistrial-type and Commercial-type
customers of the CBP-DO aggregators. The ovenalt ef the MBMA baseline was
about 17 percent for Industrial, and 4 percentommercial. Looking across time
periods, the baseline errors for Industrial weraltast (8%) during the HE 15-16 events
and largest during the following two-hour periodofe than 20%). In contrast, for
Commercial-type customers, baseline errors weratggse(7.5%) in the first event period

12 SCE provided SIC codes in place of NAICS codeke ifidustry groups were therefore defined
according the following SIC codes: 1 = under 2(86; 2000 to 3999; 3 = 4000 to 5199; 4 = 5200 t0%99
5 = 6000 to 8199; 6 = 8200 to 8299; 7 = 8300 agtidni.
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and lowest (less than 3%) in the middle three pisticAdditional insight into the nature
of those errors is provided in the following figarevhich show distributions of the
percent errors, preserving the sign of the eriand,average daily loads by customer

type.

Figure 5.4: Accuracy of MBMA Baseline — CBP-DO EvetiType Days,
by Customer Type
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Tables 5.2 and 5.3 summarize the distributionseoégnt errors for the Industrial-type
and Commercial-type customers respectively, aniddecthe mean and standard
deviation values.

Table 5.2: Distributions of Percent Errors — CBP DOEvent-Type Days
I ndustrial-type Customers

10th 25th 75th 90th

Industrial Pctile Pctile | Median Pctile Pctile Mean SD

All 'Evts' -10.6% -3.0% 0.6% 5.3% 16.7% 3.5% 24.7%
HE 11-12 -3.5% 0.0% 3.7% 9.3% 20.8% 7.6% 21.6%
HE 13-14 -15.9% -4.3% 0.0% 2.8% 6.9% -2.3% 15.8%
HE 15-16 -6.8% -2.6% 0.2% 2.8% 6.6% -0.9% 8.7%
HE 17-18 -6.2% -2.5% 0.8% 6.2% 44.6% 13.0% 39.6%
HE 18-19 -23.8% -6.9% -1.6% 7.9% 22.1% 0.1% 22.6%
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Table 5.3: Distributions of Percent Errors — CBP DOEvent-Type Days
Commercial-type Customers

10th 25th 75th 90th
Commercial Pctile Pctile | Median Pctile Pctile Mean SD
All 'Evts' -4.2% -1.5% 0.1% 2.1% 6.1% 0.9% 7.0%
HE 11-12 0.0% 1.7% 4.9% 12.7% 25.0% 8.7% 9.7%
HE 13-14 -1.5% 0.1% 1.4% 3.2% 5.0% 1.5% 2.7%
HE 15-16 -1.7% -0.8% 0.0% 1.0% 2.0% 0.1% 1.8%
HE 17-18 -3.7% -1.9% -0.6% 0.2% 1.5% -0.9% 2.5%
HE 18-19 -12.8% -6.5% -3.2% -1.3% -0.1% -5.0% 5.8%

Figure 5.5 illustrates the percentiles of percerdrs for Industrial-type customers shown

in Table 5.2, for the different simulated-eventipds. The median value across all

events implies a typical downward bias of less thaercent. However, the errors range

widely around that value, from over-stated bassliofemore than 10 percent to under-
stated baselines of nearly 17 percent, at tffeah@ 98" percentiles. Looking across the
different simulated-event windows, the MBMA baseliends to be biased downward

(positive errors) more than half the time, withuader of the errors 10 percent or greater.

The errors in the next two event periods are nadgtismall, and then turn toward a

strong downward bias in the next period and a rmixpsvard and downward biases in the

last event period.

As shown in Table 5.2, the mean percent error aatb®vent hours is 3.5 percent, with
a sizeable standard deviation of nearly 25 pereemth is reflected in the rather wide
distributions of percent errors.
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Figure 5.5: Percentiles of Percent Errors — CBP-D@&vent-Type Days
I ndustrial-Type Customers
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Figure 5.6 shows comparable distributions of pdreemrs for Commercial-type
customers. In this case, the percent errors dr&tauotially smaller; only in the first event
period is there a strong tendency for downward pias positive values), while there is a
substantial tendency toward upward bias in thedasbd. Percentage errors in the
middle event periods are generally small. As showhable 5.3, the mean of the percent
errors across all event hours is less than oneeperdhe standard deviation is seven
percent, largely driven by the relatively largeoesrin the first and last event period.
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Figure 5.6: Percentiles of Percent Errors — CBP-D@&vent-Type Days
Commercial-Type Customers
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Figure 5.7 provides an indication of the reasordedging the patterns of MBMA
baseline errors for the different event time pesiott shows average daily loads for
Industrial and Commercial-type customers, wherddhds are summed across
aggregators and then averaged across the sim@aézd-days. Also shown are
indications of the beginning and ending periodthefsimulated events (see vertical
lines). The Industrial load is relatively flat,tivia noticeable dip in load between peak
hours of 8 a.m. and 10 p.m. The patterns in emarst be driven by variability in the
loads that underlie the average load shown.

In contrast, the diurnal load pattern of the Conuiakicustomers suggests clear reasons
for the pattern of errors shown in Figure 5.6. &mmmple, the MBMA baseline for the
first event period would be based on a 15-minuteevan the interval just prior to the

first vertical line. Since the load is rising ddégp over the event period, the MBMA
baseline would tend to increasingly under-statddhd over that time period (which is
the result observed in Figure 5.6). This tendemoyld continue until the third event
period, in which the flatter portion of the load @ produce smaller errors for the
MBMA baseline. Finally, as the load curve begin$dil, the MBMA baseline would

tend to over-state the actual load, as indicatethéyargely negative percent errors in the
last two event periods in Figure 5.6.
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Figure 5.7: Average Event-Type Day Loads —
Industrial and Commercial-Type Customers
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Figure 5.8 examines the range of percent errotisartwo individual hours of the
simulated events separately, as well as both fmurdbined. The left panel shows results
for Industrial, while the right panel shows them @mmercial. The first set of bars in
each panel is the same as the first set in Figueand 5.5, covering all events and
hours. However, the next two sets of bars shovdisteibution of percent errors for the
first and second hours of the events. In all cabeslevel and range of errors is smaller
in the first hour than in the second hour. Th®uteis consistent with the finding above
on trends across the events. It is also consisightthe fact that the MBMA baseline
load is established closest in time to the firsirhaf the event.
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Figure 5.8: Percentiles of Percent Errors — CBP-D@&vent-Type Days
by Customer Type and Hour of Event
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PLP Event-Type Days

This section summarizes MBMA baseline performanténenty selected PLP non-
event days between August 12 and December 11, 2008hich the same type of five
simulated two-hour events as for the CBP-DO agdoegavere examined. In this case,
observations included aggregator-level data fotweePLP aggregators combined.
Figure 5.9 shows RRMSE values for all simulatechévand for each of the five
simulated events. Overall MBMA accuracy is chaeazed by RRMSE of less than 4.5
percent. Looking across event periods, accuragyeiatest (less than 2 percent error) in
the middle event, while overall inaccuracy risesnare than 6 percent in the first and
last simulated event.
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Figure 5.9: Accuracy of MBMA Baseline — PLP Event-Tpe Days

8%

7%

6%

5%

4%

RRMSE

3%

2%

1%

0%

All 'Evts' HE 11-12 HE 13-14 HE 15-16 HE 17-18 HE 18-19
Event-type Hours

Table 5.4 summarizes the distributions of percemtrg, and includes the mean and
standard deviation values. The ovenadhn of the percent errors is 1.1 percent, with
values ranging from a positive value (under-statajnaf nearly 7 percent in the first
time period to a negative value (over-statementjeairly 5 percent in the last time
period.

Bias results from Table 5.4 are illustrated in Fegh.10 as percentiles of percent errors
for the different simulated events. Overall, thedian percent error is 0.5 percent, with a
symmetric distribution around the median. Howetse,distributions of errors differ
substantially from one time period to another. therfirst two time periods, the MBMA
baselineunder-states the actual load in nearly every observation, wigdian errors of
nearly 5 percent and 3 percent respectively. Trareare small for the third event.

Then, for the last two event periods, occurringrat the afternoon and early evening,
the MBMA baseline largelpver-states the actual load.

Table 5.4: Distributions of Percent Errors — PLP Eent-Type Days

10th 25th 75th 90th
Event-Type Pctile Pctile | Median | Pctile Pctile Mean SD
All 'Evts' -5.0% -1.9% 0.5% 3.2% 9.0% 1.1% 6.3%
HE 11-12 0.6% 2.4% 4.8% 9.7%  15.6% 6.8% 6.5%
HE 13-14 -0.4% 0.5% 2.7% 7.0% 11.3% 4.5% 5.4%
HE 15-16 -2.1% -0.8% 0.5% 1.5% 2.6% 0.4% 2.1%
HE 17-18 -5.1% -3.3% -1.4% 0.5% 2.0% -1.1% 3.7%
HE 18-19 -13.1% -7.1% -3.6% -1.3% 0.0% -4.9% 5.1%
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Figure 5.10: Percentiles of Percent Errors — PLP Eant-Type Days
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The likely reason for this pattern of baseline exmmay be seen in Figure 5.11, which
shows the average load profile for each aggregater the simulated event days. Both
loads increase over the first few hours of the ewendow, then level off and finally
begin falling. As discussed above, during periotscreasing (decreasing) loads, the
MBMA baseline will tend to under-state (over-state actual pattern of the load that
would have occurred in the absence of an eventy @ming periods when the load is
relatively flat will the MBMA baseline tend to beaurate.
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Figure 5.11: Average PLP Event-Type Day Loads
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Finally, Figure 5.12 illustrates the range of petaarors in the two individual hours of
the simulated events, as well as for both hoursbioed. As for the case of CBP, the
first set of bars is the same as the first seiguaré 5.7, covering all events and hours.
However, the next two sets of bars show the distioin of percent errors for the first and
second hours of the simulated events. In bothscdise levels and ranges of errors are
smaller in the first hour than in the second holinis result is consistent with the finding
above on trends across the event periods. Issainsistent with the fact that the
MBMA baseline load is established closest in timéhie first hour of the event.
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Figure 5.12: Percentiles of Percent Errors — PLP Eent-Type Days
by Hour of Event
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PLP Events

This section provides MBMA baseline performancéistias for the actual day-time PLP
events, where the baseline performance is reltdiexent-period reference loads that are
inferred from the load impact regression coeffitsenObservations consisted of 15-
minute load data for each of the two aggregatorsdweach two-hour event. Figure

5.13 shows RRMSE values for all event hours (bes?) and for the first and second
hours of all events separately (second and third Kaverall relative errors averaged
about 12.5 percent. As in the previous simulateghecases, errors for the first hour of
each event (12.3 percent) were smaller than thasé second hour (12.7 percent),
although the differences between hours were qmtls
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Figure 5.13: Accuracy of MBMA Baseline — PLP EvenDays
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Figure 5.14 reports the percentiles of percentrgriagain for both all event hours and the
first and second event-hour separately. The Higions of errors are noticeably skewed
toward upward bias (negative percent errors) redat the regression-based baselines.
The overall median value of the percent errors +ids8 percent, while the median
percent errors for the first and second event haare about —10.8 and —12.1 percent
respectively. (The corresponding mean and starafarition were —11.3 percent and 16
percent respectively.) These results are consistiéim the fact that most of the events
occurred in late afternoon (twelve of the fifteeaytime PLP events occurred in the
period of approximately HE 17 to 18, or later)irad period for which the previous
simulated-event results suggest is characterizaddMBMA baselinever-stating the

true baseline load (see the largely negative pérreors in the last two sets of error bars
in Figure 5.7). Also consistent with previous fesis the fact that the over-statement is
greater for the second hour of the events thathiofirst hour, though not by a large
amount.
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Figure 5.14: Percentiles of Percent Errors — PLP Eant Days
by Hour of Event
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5.3.3 Baseline conclusions

The three MBMA baseline analyses reported abovdymed three consistent findings:

1. The MBMA baseline can be reasonably accurate fioe fperiods in which the
participants’ loads are relatively constant; howeaecuracy falls off
considerably for events (or simulated events) duwhich participants’ loads
would otherwise increase or decrease during theteeriod;

2. The MBMA baseline is more accurate for 15-minuteivals during the first
hour of an event than during the second hour, iichvtihe quarter-hour intervals
are farther away in time from the meter-before asgand

3. The patterns of baseline errors varied substaytilithe time period in which the
event was assumed to occur (for event-type dayagtoally occurred. In
particular, in late morning hours in which partiip loads tend to be increasing,
the MBMA baseline tends tander-state the true baseline, while in late afternoon
hours, in which participant loads tend to be fgljithe opposite is typically the
case.

These results are logical, since the MBMA baseabrestablished in the 5-minute (in
practice, 15-minute) period prior to the start ¢fl2P event. It is thus most accurate for
cases in which the participants’ load would otheeahave remained at approximately the
same level for the subsequent two hours.
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These results also suggest possible ways of impgoa the 15-minute average load that
currently serves as the basis for the MBMA meth@ée explore one such method in
Section 5.4 below.

5.4 Potential Modifications of 15-Minute Load to Improve MBMA Baseline

The PLP tariff states that the “meter-before” bimgeshould be based on participants’ 5-
minute interval load “prior to a PLP event.” Hoveeycustomers’ loads were only
metered in 15-minute intervals, thus requiring agpnation to the 5-minute pre-event
interval loads by the average load in a correspandlb-minute interval. In addition, the
PLP report on operational issues states that “Bpétiplementation of this baseline
selects the first metered interval endat@r before the time of dispatch from the

CAISO.” For example, if an event were dispatched&a 13:55, implying a start time of
14:05, then the MBMA baseline should be establiaksdg the 15-minute load level in
guarter-ending 13:45, which ends prior to the wdaem which the event was dispatched.

To explore methods for adjusting the available Jbute metered data to better represent
the desired 5-minute sub-intervals, we first exadipatterns of the known telemetry
data averaged to the 5-minute level.

5.4.1 Comparison of 5-minute and 15-minute telemetry data

The analysis summarized in this sub-section usedeflemetry data to examine patterns
of differences between average loads for 15-mimiézvals to the average loads for
each 5-minute period during those intervals. Datee used for the overall 10 a.m. to 7
p.m. time period, as well as three three-hour serdeds, for Aggregator 2 (whose
telemetry data corresponded most closely to theitkie metered data). The average
percent differences between the 5-minute and 1&+@imterval data are shown in
Figure 5.15, wherpositive values indicate that the 5-minute average loaplaater than
the 15-minute average, andgative values indicate the opposite. Several patteras ar
evident, including the following:

» Overall, the average differences are generallyeqgmtall, less than 0.1 percent,
and standard deviations are generally less thapekcent.

» Over the entire period (last panel) there is ansligndency for the 5-minute
average loads to become progressively smaller, thathihe load in the first
interval is larger than the 15-minute average,thnde in the second and third
intervals are smaller.

* Inthe late morning hours (first panel), the opposs true; as the load is generally
rising, the load in the first interval is less ththe 15-minute average load, and
those in the next two intervals are larger;

* Inthe 1 p.m.to 4 p.m. period, the load is rekdinflat, and the three 5-minute
loads take on similar values;

* Finally, in the late afternoon period, the loadénerally falling, such that the
magnitude of differences is the greatest of thedliime periods.

These results suggest that the use of the 15-mimigteral data rather than 5-minute
telemetry loads to approximate usage in 5-minugrvals results in the above relatively
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small magnitude and pattern of errors. We now tarhe situation in which only 15-
minute data are available.

Figure 5.15: Percent Differences Between 5-Minutenal 15-Minute Average
Telemetry Loads,by Time Period
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5.4.2 Comparison of 5-minute telemetry and 15-minute interval data

To assess possible errors in using unadjusted hbtenaverage metered loads to
represent the desired 5-minute load data, we @kulipercentage differences between
the known 5-minute average telemetry loads andagect 5-minute metered loads (both
in units of kWh/hour). In this case, we calculapsdcentiles of the distributions of
differences between the two series, and show tltkamgercent differences in Figure
5.16. The figure shows a similar pattern of thcpet differences to that in Figure 5.15
above, which is to be expected given the similasftthe 15-minute versions of the
telemetry and metered data. However, the largerepé differences reported in Figure
5.16 compared to Figure 5.15 illustrate the findimgable 5.1 that the telemetry loads
were slightly larger than the metered loads (meahraedian differences of 0.17 and
0.29 percent, respectively).
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Figure 5.16: Median Percent Differences Between 54Mute Telemetry and 15-
Minute Average Metered Loads,by Time Period
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5.4.3 Comparison of 5-minute telemetry and adjusted 15-minute interval
data

We then applied a straightforward adjustment apgrabat allocates differences between
two sequential 15-minute loads to infer loads faniBute sub-intervals within the latter
of the two 15-minute intervals. Specifically, waaulated differences between each 15-
minute average load during the potential eveniooeivided the difference into thirds,
and created three 5-minute sub-interval loads bydhowing process: 1) create the first
sub-interval load bgubtracting one-third of the difference from the 15-minute rage
load, 2) create the third sub-interval loaddoging one-third of the difference to the 15-
minute average load, and 3) let the second subvaltad equal the 15-minute average
load. This process has the effect of creaitimgeasing 5-minute sub-interval loads in
cases where the corresponding 15-minute load wgsrléhan the previous 15-minute
load, anddecreasing 5-minute sub-interval loads in the opposite calee approach will
likely have difficulty representing sub-intervablds near inflection points in the 15-
minute loads.

Figure 5.17 shows median percentage differencesceetthe 5-minute average
telemetry loads and tregljusted 5-minute sub-interval loads (both again in units o
kwWh/hour), shown next to the percent differenceglie comparable unadjusted loads, as
shown in Figure 5.16. Note that since no adjustmes made to the second sub-interval
loads, those bars are identical. Overall, thesadjant appears to reduce the differences
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in the first interval, but increase them in thedhnterval. These effects are amplified in
the HE 17-19 period. In addition, differences badw overall RRMSE values for the
unadjusted and adjusted results were negligiblesaall hours at about 2.6 percent.

Figure 5.17: Median Percent Differences Between 5-kute Telemetry and Adjusted
5-Minute Sub-interval Metered Loads,by Time Period
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These results suggest that there could be rooimfaoving on the use of the pre-event
15-minute average metered load as the basis fonéter-before baseline. However, the
straightforward adjustment described in this sectmcreate a pseudo 5-minute load
does not seem to consistently produce improvemnterite estimate of the load implied
by the underlying 5-minute telemetry data. In aage, the differences between the
unadjusted and adjusted load estimates in appraxigidne 5-minute telemetry loads
were quite small.

5.4.4 Summary regarding MBMA baseline analysis

The results in the previous two subsections reggriiBMA baseline performance and
the potential for improving on the use of unadjdst&-minute average metered load data
to represent 5-minute pre-event loads suggestshitbdormer issue dominates the latter
one. That is, in most cases, any adjustments-toihGte average loads to better reflect
changing loadsvithin those periods will be swamped by likely errorMBMA baseline
approximation of aggregator loads during two-hotere periods. For example, 5-
minute telemetry data suggested typical variatitthiv 15-minute intervals of less than
0.5 percent. However, typical (median) errors @NA baselines’ representation of
“true” baseline loads during two-hour event pericaisge from 0.5 to 5 percent, but with
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half of the errors falling within the range of -@rpent to 10 percent depending on when
the event is called.

Thus, improvements in baseline methods for PLP @vpubbably be best focused on
some type of day averaging, perhaps with a dagpfstment €.9., adjusted 10-in10
method), as with the other baseline-dependent @Brams. CAISO’s needs for
immediate feedback on PLP participant response @vant dispatch could still be met
by the telemetry data. However, the CAISO shoddcWware that the longer into the
event that it attempts to use the MBMA baselinehoétand telemetry data, the less
accurate will be its estimation of the participardbntinued performance, particularly
during time periods in which the participant’s Isaate typically rising or falling.

6. Validity Assessment

In this project, we estimated program load impasiag data aggregated to the level of
the two aggregators for the daytime event windotoop and customer-specific data for
the one customer participating in the 24/7 evenidw option (though in practice, just
the overnight hours). Three regressions were agtith—one for the individual customer
that participated in overnight events, and one dacthe two aggregators. The Adjusted
R-Squared value for the individual customer regoeswas 0.49, largely due to a
variable load pattern that included near-zero lahdshg most daytime hours. R-
Squared values for the two aggregator equations @&6 for Aggregator 1 and 0.94 for
Aggregator 2.

Estimated load impacts for the individual custorvere marginally statistically
significant, with typical t-statistics ranging froin5 to 2.0. In contrast, estimated load
impacts for Aggregator 1 were generally stronggngicant, with t-statistics ranging
from 3 to 6 for all but one event. Estimated loagacts for Aggregator 2 were
somewhat more variable across events, being siraimghificant for eight of the fifteen
events in which it participated.

7. Recommendations

On the topic of load impacts, our results demonstizat customers can provide load
reductions in response to 10-minute notice, oraaaeably consistent basis. However,
delayed response by Aggregator 1 on a few occasiaggests a possible need for
assistance in understanding the timing of noticesevents.

On the topic of the meter-before/ meter-after basebur baseline assessment suggests
that the MBMA baseline is likely to understate oerstate customers’ or aggregators’
true baseline during certain periods of the dayrelh@ads are typically increasingd.,
mid-morning) or falling €.9., late afternoon). A more accurate baseline fiinigi
purposes would likely be one that takes into actthacustomers’ or aggregators’
normal load profile, such as averaging their loa€ergrevious days, as with other
demand response programs.
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APPENDIX: PLP Event Plots
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