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NOTICE

This report was prepared Berformance Systems Development (PBOhe course of performing work contracted

for and sponsored by the New YdBkate Energy Research and Depahent Authority (hereafter NYSERDA). The
opinions expressed in this report do not necessarily reflect those of NYSERDA or the State of Neamd ork,

reference to any specific product, service, process, or method does not constitute an implied or expressed
recommendation or endorsement of it. Further, NYSERDA, the State of New York, and the contractor make no
warranties or representations, expresseidnplied, as tdhe fitness for particular purpe or merchantability of any
product, apparatus, or service, or the usefulness, completeness, or accuracy of any processes, methods, or other
information contained, described, disclosed, or referredttusireport. NYSERDA, the State of New York, and the
contractor make no representation that the use of any product, apparatus, process, method, or other information will
not infringe privately owned rights and will assume no liability for any loss, inpurgiamage resultinfjom, or

occurring in connectiowith, the use of information contained, described, disclosed, or referred to in this report.
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Abstract and Keywords

This study, funded by the New York State Energy Research and Development AuthgSigRBA) and
performed by Performance Systems Development, identified the underlying fausesrestimationof
contractofreported energy savings the NYSERDA Home Performance with ENERGY STAR program for the
years of 2007 to 2011 and assessed thentiat impact on savings prediction accuracy of applying the ANSI/BPI
2400 standard for baseline energy model calibration to actual energy usage.

Whole building energy efficiency programs across the country have experienced shortfalls in theacatié of

energy savings relative tmntractofreported savingehen undergoing formal evaluation of savings results. This

ratio ofactualto contractofreported savings s cal | ed t he #Ar e al -RdDGastandarchwas at e 0 .
developed based on best practices to provide energy efficiency incentive programs with a tool for improving the
confidence in energy savings predictions from energy modeling tools wheasipad of incentive approval in

efficiency programs. This study tested gotentialof the ANSI/BP#2400 standard to improve prediction accuracy

by retrospectively appiyg the standard to a group of ove0@0 homes retrofitted in the NYSERDA Home

Peformance with ENERGY STAR program over five years. The study also evaluated a wide range of other factors

that could be contributing to reductionsprojectlevel energy savings realization rat&he study found that:

1 The most significant variable caittuting to the relative accuracy of the savings predictions was the
degree to which the baseline simulationdelwas calibrated to match the actual energy bills in the home.

1 Programmatic application of the ANSI/BR#00 baseline energy model calibrati&tandard willikely
dramatically increasprojectlevel realization rates (energy savings prediction accuracy).

1 Themedians of the contracteeported percentage savings and the actual percentage savings were closely
aligned,with the realization ratereor being driven by a shortfall in the absolute value of the savings
prediction resulting from theverestimatedaselinesimulationmodels.

1 TheTREAT simulation software used by the prograroduced similar percentage savings estimases
compared witlthose fronBEopt, aresearckgrade simulation tool from NREL and Building
Americaprogram.

Other conclusions based on the findings in this sindyide

1 TREAT has been testethdaccredited using thRESNET software verification tesisr existing
residential buildings It is assumed thattherenergysimulation tools passinipjeseRESNETsoftware
tests should produce similar results to the TREAT software when used in conjunction with the application
of the ANSI/BP+2400 standardThis could bevalidated through a future pilot study.
1 The use of modelaibrationfollowing the ANSI/BPF2400 standardllowsreduced detail ithe energy
models that undergo program review, reducing contractor effort and speeding up review time.

These conclusions amdhers in the study are being used to help improve program realization rates, streamline

program operations, and automate incentive approval.

Keywords: NYSERDA, ANSI/BPI-2400, model calibration, realization rate, home performanBeyES,progam

evaluaton, TREAT, Green Buttonautomated desktop review, modeling software approval process
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Glossary of Terms and Acronyms

Normalized Annual Consumption (NAC)1 Thebuilding annual energy consumptiar a given yegrusually
separated by fuel type which the weathedependent portion of the energy consumptiasbeennormalizedto
represent typical weather. This allows an appbespples comparison of the energy consumption from one period

in time to another period as well as making future gynsavings estimates that should be representative on average.

Coefficient of Determination (R?) - Proportionof variability in a regression data shatcanexplainedby the

model.

Non-Program Effectsi Also referred to as ¥ogenousffects. Any actthat changethe energy consumption in a
household that inotdue to the energy saving measures installed through the energy efficiency pr&gram
common examples of thtkat occur after energy retrofit as compared to household before rateofitsidents
changing thermostand/or water heater settingfiange in number of residents, change in quantity of electric
plugloads, remodeling the home, installing other eneetpted upgrades that were not included in the scope of the

retrofit that was prt of energy efficiency program.

Project-Level RealizationRate i This is to distinguish that the realization rates in this study were determined for
each individual project and not across all project as is done for impact evaluations. See the hefgBedtign 3
for a further explanation of the differences in how these prigeel realizations were calculated and the reasons

this was done.

Adjusted Project-Level Realization Rate (AdjPLRR) 1 Recalculating the projedevel realizatiorrates using he
adjusted contracteneported. These adjusted savingiect thehypotheticalkcase where the baseline simulation
modelused for calculating the savings estimatesperfectly calibratedo the weathenormalizedsavingsanalysis

for the particular priect.

Contractor-Reported Savings also referred to aBredicted Savings, Modeled SavingedEstimated Savings
For this study, the contractogported energy savings came from the TREAT software. The savings estimates from

TREAT are weathemormalized to represent savings for typical weather for the project location.

TREAT T The TREAT software is used by the majority of the participants in the NYSERDA Home Performance
with ENERGY STAR program. TREAT runs the SUNREL physics engine for loadlations and provides tools
such as compaons of multiple scenarios, weather normalization of energy usage data, and the ability to align or

fical i br alinendodel witle thebnargyesage data

HPXML 7 Home Performance XML is mationaldata tansfer standard for residential energy audit information.

The TREAT XML exports used in this report were the foundation for this national standard

ANSI/BPI-2400i Thi s standard describes a methodol ogy efd@r ttohe ¢
normalized energy usadpstory of the buildingand includes boundary checks for inputs as well as a methodology

for savings calculation relative to the baseline.
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CFM50 171 A measurement of air leakage in cubic feet per minute using a blower dopreastsure difference of 50
Pascals between the inside and outside.

SIR T Saving to Investment Ratio is a screening tool for savings relative to cost of installation over the life of a

measure.
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1 Executive Summary

1.1 Overview

Many whole building programs are experiencing issues with realization rates, which are defined as the ratio of
actual savings toontractofreported savingsThese adverse results are being determined through program
evaluation and subsequently resulsignificant changes to calculated program -@igtctiveness; often many years
after the installations were completed. This study attempts to uncover the underlying causes of the sawings under
performance and offers program enhancement strategi@pitove savings prediction accuracy. The specific
objectives of the study are:

1 To understand the key factardated to energy savings predictions tt@ttribut to poorprojectlevel
realization rates through the analysis of actual billing and siroolatodel data

1 To assess the impact of applying the ANSI/2R00 standard programmatically to improealization
rates

1 To evaluate how calculation algorithms in TREAT (fredominantmodeling software used in the
NYSERDA Home Performance with ENERGY SR program duringperiod covered by this studyand
other software tools could be affecting realization rates

1 Torecommend improvements to program process and quality assurance thanpooNerealization
rates

Two data sets were analyzed, one fora@67 to 2008 program years and one for the 2009 to gfram

years.The two data sets had similar characteristics and similar results.

Whereagprogram impact evaluations often detemmiprogram savings from a fixedfects regression model
representingroject factors across all projects, this study focuseid@stigating the sources tiferealization rate
error in thecontractofreported savingprocess The unavailablity of a control group for nosprogram effects or on
installation quality and mecs alsoconstrained investigation of broader effectéie studyfocused ordetermiring
projectlevelrealization ratesontrastinghe contractofreported savingagainsthe normalized annual consumption
(NAC) of the associated utility billing data using PRISNlIhisapproach also allowa#sing of the potential per
project accuracy ipacts of the application of the ANSI/BPI 2468ergy model calibratiostandard to the
simulationmodelsdeveloped by participating contractors

NYSERDA Home Performance with ENERGY STAR Realization Rate Attribution Study 1



1.2 Key Findings
The study found that:

1 The most significant variable contributing to the relative accuracy of the savings predictions was the
degree to which the baseline simulation model wabreaéd to match the actual energy bills in the home.

1 Programmatic application of the ANSI/BR#00 baseline energy model calibration standard will likely
dramatically increase projelgvel realization rates (energy savings prediction accuracy).

1 The medans of the contractereported percentage savings and the actual percentage savings were closely
aligned, with the realization rate error being driven by a shortfall in the absolute value of the savings
prediction resulting from the ov@stimated baselesimulation models.

1 TREAT produced similar percentage savings estimates as compared with those from BEopt, a research
grade simulation tool from NREL and Building America program.

Other conclusionselated tathis study:

1 TREAT has been testehd accredited using the RESNET software verification fesexisting
residential buildings It is assumed thatherenergy simulation tools passing these RESNET software
tests should produce similar results to the TREAT software when usedjimction with the application
of the ANSI/BP+2400 standard. This could be validated through a future pilot statlyised reaime
feedback on energy savings across a group of home performance contractors that were randomly assigned
which energy moeling software to use on a given project.

1 The use of model calibration following the ANSI/BP400 standarébrces the user to address
inaccuracies in the baseline energy model regardless of the level of detail entered about the project.
Therefore, modetalibration allows foreduced detail in theaseline modelthat undergo program review
therebyreducing contractor effoand speeding up review time. This energy balance approach is the
process used in modeling commercial buildings. Th#& savingpproach could also be validated as part
of pilot described above.

These conclusions and others in the study are being used to help improve program realization rates, streamline

program operations, and automate incentive approval.

1.1.1 Realization Rate Error A ttribution

The study identified a range of variables that correlated to poor realization rates. The most significant variables that
explained the variation in realization rates are shown in the table below with their relative impact indicated as a
percenage. These key variables and their relative impact came from best fit multivariate linear regnesigian
Eventhoughthe portion ofrealization ratezariance explained by these regression models (one per dataset) are quite
low (e.g. 18% for th0072008natural gas dataset), it should be understood that the listed variables and the
regression models were only able to analyze the savings prediction portion of tretiozatiate variatioms there

was not supporting data on the installation qualégfrmance and no control group to normalize outpagram

factors. Refer to Table 10 in Appendix A for the number of projestsd in all analyses in this study.

NYSERDA Home Performance with ENERGY STAR Realization Rate Attribution Study 2



Table 1. This table first lists the proportion of project-level RR variance explained by the best fit regression model

followed by the relative impact of each listed variable (all variables sum to 100%) on the variance explained.

Dataset Portion of project-level Calibration Infiltration Pre-Retrofit Pre-Retrofit | Cond Floor

RR Variance Variance Reduction | Air Leakage EUI Area

Explained by the

Regression Model
2007-2008 Gas 18% 39% 54% 3% 4% N/A
2009-2011 Gas 11% 56% 30% 2% 12% N/A
2007-2008 Elec 16% 51% 4% 3% 35% 7%
2009-2011 Elec 18% 44% 7% 4% 38% 7%

1.1.2 Model Calibration Addresses Most of the Error

The application of an egost (synthetic) calibration, such as the ANSI/BRDO standard, to the datasets showed

how the realization rates and tbentractofreported savinggould have been adjusted if modalibration had been

a requirement of the program. The results of this application of the standard improved the realization rates

significantly with a corresponding reduction in the reported (predicted) savings for natural gas. This is in line with

the hypothesis that wealibrated models are typically ovpredicting the baseline simulation model and therefore

have ovepredicted associated savings. The followfiggre showshe functional basis of the impact of baseline

energy model calibration accang the ANSI/BP12400 on the energy savings realization rate, shown as the X/Y

ratio in the charts.

Baseline and Post-Retrofit Usage and Model Weather Normalized

Pre-retrofit, Baseline Usage

R Postretrofit Usage

W=  Post-Retrofit Energy Prediction Y
Uncalibrated Baseline Pre-Retrofit Model

Baseline and Post-Retrofit Usage and Model Weather Normalized

Pre-retrofit, Baseline Usage

R Post-retrofit Usage

=== Adj Post-Retrofit Energy Prediction
. Calibrated Baseline Pre-Retrofit Model &

time

time

Figure 1: Energy savings predictions without calibration (left) and with calibration (right).

The table below shows thdte aveage accuracy in savings predictions (i.e. realization rates) across both datasets

was significantly increasedhile also reducing theontractosreported savingas a result of thex-postcalibration

Additionally, there was aignificant redution in the variation in individual savings prediction accuracy.
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Table 2 This table shows the contractor-reported savings and RR from this study along with the adjusted values and
the percent change due to synthetic calibration of the baseline simulation models.

Percent Sum of
Median Change in Sum of Adj Percent Change
Summary Adj Project -Level Contract | Contract in Contractor -
Across All Total Median | project RR Resulting or- or- Reported
Projects in Projects | project- -level Due to Reported | Reported | Savings Due to
Study in Study | level RR RR Calibration Savings Savings Calibration
2007-2008 o 2R
Gas (therms) 903 0.69 1.00 46% 312,366 201,075 36%
20092011 11501 | 063 | 0.6 37% 316,880 | 225585 -29%
Gas (therms)
2007-2008 150 o
Elec (kWh) 482 1.65 1.40 15% 508,190 | 535,295 5%
2009-2011 110 0
Elec (kWh) 572 3.18 2.84 11% 336,673 390,675 16%

1.1.3 TREAT Savings Predictions Algorithms

The TREAT energy simulation algorithms were reviewed as part of the study, focusing on areas that were identified
as contributing to poor realization rates; insulation savings and air sealing savings. These areas of TREAT were in
close alignment with thpredictions from besih-class modeling tools or differences were found to have minimal
impacts. There issue of the accuracy of air sealing savings predictions from energy simulations tools in general has

been identified as requiring further research.

Further illustratinghat the TREAT algorithms predict energy usage and savings wellRBAT percerdge
savings predictions closely aligned with the actual peagmsiavings for the natural gas datas#tiecontractor
reported savingwas 20.5% whilectual savings was 19.4% for th@072008dataset, and 17.9% and 15.6% for
the20092011dataset. The magnitude of tbentractofreported savingwas off from the actual savingpecause

the baseline simulation models were not calibrated to the basekmgy usage.

1.3 Key Recommendations

1.1.4 Gradually Require Model Calibration

Since the application of a bound on etrofit energy use based on the actual energy use of the building is such an
effective method for trapping modeling errors as well as redubiageneral tendency of models to over predict, the
primary recommendation is &pply asimpleenergyenduse calibration, such as ANSI/BR400, to an increasing

range ofprojects Options for gradually increasing the requiremaintalibrationcouldinclude:

1 Projectswith largerprojectcost
1 Projectswith deeper percentage energy savings
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9 Access to accelerated or automated approval for loans

1 Anintroductory requirement, for the first fiywojectsfor example, as a validation of user modeling
ability

1 A remedial measure @pecificcontractors selected for poor performance in some category including,
potentially, actual measured realization rates.

1.1.5 Program Administrator Access to Utility Billing Data

At the same time that calibration is being introduckd,infrastructure for improving access to utility bill data

should be improvedThe Green Button data transfer standard is relatively easy for utility to apply and reduces the
cost of data entryThe Green Button Connect standard improves the abiligyuility customer to pass data

directly to a program and/or contractd®rogram Administrators benefit by enabling immediate verification of the
preretrofit energy used based on the actual energy use of the fidm&sreen Button Connestandard has been
successfully implemented in the California utilities and can help programs achieve other market transformation

goals by better integrating actual energy usage into the retrofit process.

1.1.6 Build in Automated Data Checks

The introduction oanHPXML standardBPI-2100S-2013 Standard for Home PerformasiRelated Data Transfer
developedwith industry input includinggarlier TREAT XML output) has improved the ability to create automated

software data quality verifications for submitted modgliasults.

Data quality checks can loé several types:

9 Data input bounding (e.g. Input Constraints foiméNSI/BPI-2400)
91 Internal cross verificatiore(g.comparing ceiling area to floor area)
1 Data output or results checking

Data checks can occur in teeftware and be reported out as part of the modeling data submission (as in the TREAT
XML)andlordat a checks can occur i n dftdrthe nppodebrgsulta ame submjitédéome nt er 6
the Program Administrator by the model&ata checks ithe software have the advantage of reducing the time to

fix any issues and provide more training feedback to the modekga checks at the time of submission to the

implementation database can include checks not disclosed to the contractor andcecaoiipetire data across

models. Simple extensions to the HPXML standard should s®d=red to support data quality assuraréeme

of data checks recommeed based on this study have already been included in the HPXML standard as a result of

P S D 6 scipatianrintthe working groups. Key data checks recommended in this study include:

Apply Input Constraints (ANSI/BP2400)

Verify the utility billing data quality (ANSI/BRR400)

Verify or report verification of energy eadse calibratiofANSI/BPI-2400)

Check for appropriate geometry

Check eating and cooling equipmefutr appropriate sizing and efficiencies of installed equipment

=A =4 =4 -4 A
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Check SIR inputs

Apply contractofreported savingtresholds

Cap the air sealinBtu savings per CFM50 reduction

Verify testin and tesiout blower door test results are used in the air leakage savings calculation

Verify that the effective assembly-Wlues of the insulation upgrades are used in the savings calculation

=A =4 =4 -4 =4

There is Department of Energy funded research occurriimgpmve the ability to build quality assurance checks

into energy simulationsMuch of this activity is related to the OpenStudio development platform built on top of the
EnergyPlus simulatiorPSD is working with the National Renewable Energy Lab (NR&Ljelp deploy this
technology and is NRELO&6s first national training partn:

1.1.7 Standardize Desktop Review

Software independent standards for the review of submitted energy models should be estalfieteedtandards
should encourage theaisf simplified modeling approacheBor example, simplified modeling approaches exist in
TREAT but are not used widely due partlygarly practices to modag complex home geometries and current
reviewer focuso REAT 6 s wmadelipgldetaitapabiity. Model detail in more complex software tools
should be an option and not a requirement, unless there is a specific @stiptshed need for using that level of

detail. Once standards for model review exist, both modelers and reviewers candukitrénat standard.

1.1.8 Enhance Field QA Process

The study identified key areas where post installation quality assurance could impact realizatiorhestes.

include:

I Establish a grading system for insulation voids to obtain effectiverptsfit assemblyR-values
1 Increase QA of data inputs with greater savings impact, such as air leakage measurements
9 Targeting contractors with historically lower realization rates for greater QA

It is important that the QA process not create feedback on vari@@ween the model and reality that are not
significant tocontractosreported savingsSimplification of the modeling process will create more variation

between the model and the real buildif@A inspectors will need training and perhaps the abiliguickly

remodel the building in a simple tool to be able to determine if a simplified model was simplified successfully or if
the contractor needs feedback on elements of the model that are producing significant savings error.

1.1.9 Software Approval Process Enhancements

As the range of tools diversifies and simplified models are introduced, it will be important to have screening
methods for results as well as minimfmaturerequirement®f the software tools (e.¢lPXML output, supports
calibration) Method for approval of software in programs should be a national effort, similar to the effort

supporting HPXML and for similar reason€oordination with and support of these national efforts will best
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support state and program level needs while allowingvené vendors to focus resources on product imprevem

instead of testing statey-state.

1.1.10 Further Research Leveraging This Study

Considerable effort has been undertaken to process the data sets and put them into a framework that can be readily
qgueried. WHe undertaking this research effort additional research has been identified that could leverage the

existing data sets.

91 Establish cap on air sealing savings predictiodgork with the data to empirically determine a Btu
savings per CFM50 that would reduthe current negative impact of air sealing on the realization rate.

1 Test efficient QA methods suck parametric modeling Test the application of percentage savings from
sample simulations to the actual billing data to produce a quick savings ehtéuk models that are being
reviewed.

1 Air sealing wasletermined to be specific area for calculation improvement identified in the
study. Support for empirical research on improving air sealing calculations is a key to improving the
predictive ability é residential energy modeling softwarkn the interim, methods for limiting predicted
air sealing savings should bersidered.
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2 Background

2.1 What is a realization rate?

Realization rates are typicaltalculated aghe ratio ofthe contractofreported avingsto the determineactual
savings. A realization rate of less thanQl(or less than 100%) means that #titualsavings are less than predicted
this is usually referred to as a savings shortfaltealization rate of greater tharDXmore tharnl00%) means that

the savings are greater than predictBealization rates of greater thaf are not common.

2.1.1 Why study realization rates?

Since the program realization rates are typically calculated by program evaluators several years after the actual
installations were completed, the evaluator adjustments (usually lower) to garéidgions are applied after the
program funds have been spent. Thigest savings adjustment can lead to failed-effsictiveness tests,

increasing the risk of prograocancellation. Realization rates hav@ena major issue for wholbuilding energy
efficiency programs in part because these programs have tended to be leffectise than simpler rebate

programs, often operating at or near esfféctivenesshresholds.

Shifting from wholebuilding energysavingscalculations to deemed savings is one solution to reduce the risk of
savings shortfall at time of evaluation. Deemed savings approaches intrinsically better align savings prediction with
program evalation. But the limitation of deemed savings calculations can have significant impacts on the delivery
of whole-building savings approaches including failure to account for interactivity between measures. Deemed
savings calculation approaches also tenble associated with measure level @ffctiveness screening, increasing

the problems that contractors have in aligning project workscope with the combination of energy-andrggn

benefits sought by their customers.

In order to meet the goal of impving costeffectiveness, it is also important to reduce program operating costs, for
both the program administrator and the participating contrac&implification ofenergymodeling as enabled by
model calibration can reduce contractor costs assatigith program participation. ddlitionally, standardization

of energymodel quality assurance by program administrators can provide significant cost savings as well.

Better understanding of how to improve realization rates in a timely aneffestive manner will have a positive
effect on wholebuilding energy efficiencyrograms nationally. Expedited feedback on realization rates from
proposed tools such as Efficiency Meters will allow wHaldding programs to adjust modeling strategies-mid

streamto costeffectively meet savings goals.
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2.1.2 What is baseline model calibration?

Baseline models amnergy simulatiomodels that represent the actual-ptrofit performance of a
building. These models are then adjusted to represent the installation gudpysovements to energy

use. Predicted savings are the fundameditference betweean improved model andtemseline model

A calibrated baseline modalignsactual preretrofit energy usaith modeledenergy usgas inFigure?2
below. Since most eergy models use standard normalized weather files and not actual weatherréteofite

energy bills are typically normalized to allow the calibration.

Realization rate errors can be thought of consisting of two primary components:

1. The error between thectual preretrofit energy consumption and the baseline energy model
2. The error between the actual postrofit energy consumption and the postrofit performance prediction
from the energy model.

The technique of baseline simulation model calibration focuses on directly improving tlerfystnenand

indirectly improving the secontbmponent

One baseline model calibration approach has beenildedén the ANSI/BP2400 sandard. This approach

requires the user of the energy modeling software tool to produce a baseline simulation model whose performance
does not exceed the disaggregated actual energgaes¢he flow chart in Appendix C for an overview of the

process As part of the energy age normalization process, the usage is split up into components that are responsive
to cold temperatures, to warm temperatuaesl not responsive to temperature at klatching the baseline model

to these end uses is assumed to reduce over predi€Banings. Testing thisassumptions one of the goals of this

study. Figures 2 and 3 belowisually depict thempactthat anuncalibratecbaseline simulation model can have

contractofreported savingandrealization rateompared to a calibrated ahel.

The ANSI/BP12400 standard was originally developed to help support a national tax credit based on saving
predictions. The ANSI/BP12400 standard was designechtddp preventtax fraudby reducing the incidence of
inflated energy savingsThe standard relies on independently verifiable historical energy usage to prevent the

inflation of preretrofit energy usage.
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Baseline Model and Utility Bills Weather Normalized

B Heating m==  Calibrated Baseline Model

- Cooling

energy

time

.~ Baseload ~ Uncalibrated Baseline Model

Figure2: Baseline modetompared talisaggregategre-retrofit utility bills

J_“Baseline and Post-Retrofit Usage and Model Weather Normalized

Pre-retrofit, Baseline Usage Realization y
Rate 4

Post-retrofit Usage
=X/Y

Post-Retrofit Energy Prediction

energy

time

Figure 3: Impact of uncalibrated model on realization rates
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Baseline and Post-Retrofit Usage and Model Weather Normalized

Pre-retrofit, Baseline Usage
#®  Postretrofit Usage
mmm  Adj Post-Retrofit Energy Prediction

Calibrated Baseline Pre-Retrofit Model

energy

time

Figure 4: Impact of calibrated model on realization rates

2.2 Testing the H ypothesis

A range ofhypotheseselated to the modeled savings estimdiege been pubrward toexplain realization rate

shortfalls in wholebuilding retrofit programsThey include

1 Improper use of modeling taISome examples are:

o0 Usersexaggera performance failuresf the existing building components (e.g. waigeredas
uninsulaéd when they actually have some insulation, AFUE of existing furnace emertdiower
thancombustion efficiency because equipment is old)

o Users enter the homeds t her mtesnbstatsetngstintenergyg s
models represert uniform temperature for the entire model zone (typically the wholeshinddome
Performance programs), which is typically not the cagmor performinghomes

0 Users select a surface (e.g. ceiling, wall) from the modeling tool library has the samgtidesas the
nominal insulation they propose to install, howevee, postretrofit insulatedsurfacecondition
describedn the models uniformly insulated and this is often not the casen with a quality
installation.

1 Modeling tool calculation stedardsdo not yield calculations that align with actual performasioenergy
conservation measureBoth examples below can contribute the observation that new construction
modeling predictions tend to be more reliable than predictions feremafit existing buildings.

o Air leakage calculations are not validated and could use additional research

! Appendix A of http://www.nrel.gov/docs/fy110sti/50865.pdf
http://www.resnet.us/blog/wpontent/uploads/2012/08/Houst@mergyEfficiency-Study2009-Final.pdf
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http://www.nrel.gov/docs/fy11osti/50865.pdf
http://www.resnet.us/blog/wp-content/uploads/2012/08/Houston-Energy-Efficiency-Study-2009-Final.pdf

o Insulation performance can be affected by air leakage ingtrefit and postetrofit buildings These
effects may not be accounted for in walvRues assumed by the software or the software user.

1 Deliberate inflation of energy savings to gain acteggrogram incentives
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3 Attribution of Realization Rate Error

There are many reasons for program realization rate erroreafization rates the ratio ofcontractofreported
savinggestimated saving$d determined savings¢tual savings the sourcs of errorin the contractofreported
savingscan include simulation software error, user input error and/or exaggerations to incneaaetosreported
savings field data collection and measurement error. The sources ofretr@determinedsavingscan include

poor retrofit installation quality, poor billing data quality, methods used for weather normalization of the billing

data, and noiprogram effects (e.g. changes in home energy use not due to the retrofit such as change in occupancy).

Whereashird-party program impact evaluations often detemmiprogram savings from a fixedfects regression
model representing project factors across all projects, this study focugsadstigating the sources tfe error in
the contractofreported savingportion of the realization ratél'he lack of aravailable control group for nen
program effects or omstallation quality and metricnstrained investigation of broader effecthis study
determined projedevel realization rateom evaluatinghe contractofreported savingand the normalized annual
consumption (NAC) of the associated utility billing data using PRisbtder to test the per project impacts of the
application of the ANSI/BPI 2400 standard to the simulatmuelsdeveloped by péicipating contractors

The goal otthis studywasto determine the variables that have the biggest impagtajectlevel RR, and to the
extent possible, account for their relative portion ofptft@ectlevel RR error. This sectiodescribes the spiic

effort completed in this study to assé@spact ofthe followingelements

1 Explainhowprojectlevel RRwasdetermined for this study as compared to methods used in program
impact evaluations

1 Explorethedifferences of projectlevel RRamongprogramrelated groupsge.g. assisted home
performanceprojects market ratgrojects etc.)

1 Investigatehekey variables that most significantly account fjoojectlevel RRerror

1 Investigateand crossralidatethe algorithmsn TREAT used for calculating savings related to building
envelope (e.g. insulation and air sealing) upgrades and domestic hot water.

3.1 Differences in How Realization Rate were Determined for this
Study

As this study is focused on explaining sources afrérr the savings predictions, the methods used for determining
the realization rateRR) are different from those used in the program impact evaluatidrtherefore are not
equivalent or comparabldVhile the details of the methodology can be foundppendix A, it is useful to

understand some of major differences in how realization rates were determined for this study.

1 Determination oprojectlevel actual savings anBR were not corrected for ngorogram effect¢no
control groupdata wereavailablg.
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1 Toinvestigate the effect of individusavings predictiofactors(e.g. accuracy of the audit software,
software input errorsetc), this study calculated the actual savings and realization rate for each individual
project Typical impact evaluatisdeterminea realization rate forontractosreported savingacross all
projects using &ixed-effectsregressiormodelof the utility billing data and relevant project factors

1 To give an appleto-apples comparison between actual aodtractosreported avings this study
determined the normalized annual consumption (NACpéih the preand postretrofit utility billing
datausingthe same TMY?2 (typical meteorological year from 1961 through 1990) average weather data
that was assumed to have been usdte simulation models. The weather station selected was based on
zip code as the station name was not part of the model exporT &2 files were usednhstead of the
newer TMY3since most of theimulationmodels were created befof®EAT incorporded the newer
TMY3 weather filesn 2010. In contrast, the impact evaluation of the 2P0U8 NY State Home
Performance program, used the average weather from 2003 through 2009 to determine the weather
normalized actual savings to compare todbetracte-reported saving®r determining the program RR.

The use of 2003 through 2009 weather data instead of the same weather data that the simulation models
used (TMY2)results in a averagé.6% error for 20072008 dataset, whicimeans that even if the

TREAT model predictions were completely without error, the TREAMtractofreported savingsould
stilbe5. 6 % hi gher t lacual savihgs theeebyadduciag treedlizafion rates.

3.2 Initial Significance Testing of Binary Factors

Beforeexaminingwhich variables best account forojectlevel RRerror, it ishelpfulto look at howprojectlevel

RR varies between the different levels of key program factors. For clarification, factors can be thought of as
categories such as heating system equipnyest project location, or field QA inspection. Many factors were
tested for whether or not there was a significant differenceeitianprojectlevel RRbetween the binary state (e.g.
yes/ng of each factor. Only those found to be significantly diffeegetpresented in the tableelow. Because
home performance retrofits tend to be multiple meaandewhole house upgrademne of the factors testedere
isolatedand therefore are not indepentiefthe other factors testedRefer to Table 10 in Appelix A for the

number of projects used in all analyses in this study.

Table 3: Median realization rates by factor with significantly different group values for natural gas in both datasets.

Median Realization Rates by Factor
Binary factors with signrizfiitceasntly different realization Gas 2007-2008 Gas 2009-2011
Yes No Yes No
Assisted Home Performance 54% 79% no data no data
Field QC Inspection 60% 71% no data no data
Pass ANSI/BPI-2400 Calibration Criteria 122% 66% 91% 61%
Model Heating System Size is Sufficient 80% 52% 67% 43%
Project Has Airsealing Improvement 61% 109% 51% 71%
Project Has Insulation Improvement 72% 114% 59% 70%
Project Has Heating Improvement 62% 72% 59% 72%
Project Has Window Improvement 89% 62% 108% 58%
Project Has More Than One Gas Improvement 66% 163% 61% 117%
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These factors do not andof themselves explaiprojectlevel RRerror butmayhelp guide the analysis into the
attribution of error irrealization rateas well as highlight places in the program that may need to be reexamined
such as file review and field QA. Some additional investigation was performed for each of the factors listed in the
table above to try to understand the reason for the differemejectlevel RR The hypotheses for the differences

in projectlevel RRamong factors are listed below for both program yaaraell aglifferences between program
years.

1 Affordable vs Market Rate there are several reasons why pin@jectlevel RRcould be lower for
Affordable Home Performangeojects The most likely reason is the large incentive that requires an SIR
greater than 1.0 tends to bias contractors to model
in order to increase thentractofreported savings Additionally, there may be
(e.g.using more because the owner can now afford to Kestpome warmer, for example) for both
program years as the natural gas prices in NY State have fallen from 20082012, but this is likely
asecondary reason.

1 Field QC Inspectioii it is notfully understood why thprojectlevel RRare significantly better for the
projectsthat did not receive a field QC inspectibut likely due to confoundingpy other factors in the
table above that negatively impactwjectlevel RR Comparing théwo groups, field QC vs. no field
QC, the data showed that the field QC group had a higher pagesnot affordableprojects projectswith
airsealingprojectswith insulation andprojectswith more than onenprovement, all factors that had
lower projectlevel RR

1 Passing the ANSI/BP2400 Calibration Criteri& this clearly shows a very strong correlation between
calibrating the baseline simulation model andiréad theestimated savingsin the20072008dataset
there were 4®rojectswith models that met the calibration criteria ando88jectsin the20092011
dataset. The reason for this large differengerojectlevel RRis because calibrating the baselmodel
greatlyreducesovggr edi cti on of the savings estimates as the
history.

1 Model Heating System Size is Sufficiénthe system size not being sufficidrappens one of two ways,
sometimes as an inpetror leaving off a zero or most often as the result of an uncalibrated baseline model
inputs that result in an inflated heating load too large for the entered heating equipment capacity. The
undersized heating equipment is similar to a threshold ofdhbkseline model calibration. If the model is
uncalibrated far enough that the heating load exceeds the heating equipment capacity, then these models
have a good chance of being some of poorest calibrated models and therefore will have overestimated
savirgs predictions and pogrojectlevel RR

1 Projectswith Insulation Improvemenfs this can likely be attributed tmcorrectly entering the effective
insulation value of the installed insulation into the TREAT model because voids were not accounted for.
This issue has been explored furtheSections 3.4 and 5.2.

1 Projectswith Airsealing Improvements the primary reason is likely due to simulation models (TREAT,
REM/Rate, EnergyPlus, ejmot accounting for the complex and dynamic relationship in bsatdain
between air exchange and that of the surfaces of the conditioned space and interstitia¢ $pausidg of
walls, floor between stories) as well as buffered zones (e.g. attics and unconditioned basements and
crawlspaces). This issue has begplored furthein Sections 3.4 and 5.2.

1 Projecthas Heating Improvemeitthe likely reason for this is not accounting for the real world efficiency
of the new equipment being installed. Most contractors enter the rated AFUE into the TREAT
improvementhowever, these efficiencies are rarely achieved in a retrofit unless the new equipment was
paired with new and properly sized distribution system. The new fumiicein longerresulting in a
drop in actual AFUETf the distribution system was not impexy and supplies/returns are still covered
with furniture. The new condensing boiler wilin longer resulting in a drop in actual AFWHBen
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installed using the existing hydronic distribution that was designed for high temperature water. These
issues led to unintentional ovepredictions of the posetrofit performance and therefore lowspject

level RR

1 ProjectHas Window Improvement &rojectHas More Than One Gas Improvemerthese are listed

together because the data show that they are intexdel&or20072008dataset, 78% of the single gas
measurgrojectswere window installations and this set contains about a third girthectsthat passed

the ANSI/BP12400 calibration criteria. For tf#0092011dataset, 50% of the single gas measure
projectswere window installations. The reason window improvements are showing suqir jiett
level RRis likely because theontractorreported savingom TREAT are being underestimated (more

conservative). One of the possible reasons for thigisthe contractor only entered the improvement to

t he wi nuhlaewérlermahce and did not add an airsealing measure to capture the reduced air
leakage around the old windows. Modeling tools separate out the effects of air sealing which is a whole
building improvement from surface area improvements such as windows and insulation. Window surface

improvements occurring without an accompanying air sealing measaistrongndication that the user

needed trainingRefer to Section 3.4 regardingacaura t esti ng of TREATOSs

savings.

Table 4: Median realization rates by factor with significantly different group values for electricity in both datasets.

Binary factors with significantly different realization

Median Realization Rates by Factor

rates Electricity 2007-2008 Electricity 2009-2011
Yes No Yes No
Assisted Home Performance 117% 210% no data no data
Project Has Cooling Equipment Improvement 227% 153% 411% 245%
Project Has Airsealing Improvement not sig not sig 226% 362%
Project Has Insulation Improvement not sig not sig 236% 363%
Project Has More Than One Electric Improvement 67% 147% not sig not sig
Project Has Lighting Improvement 136% 284% 112% 397%
Project Has Appliance Improvement 120% 182% 110% 440%

al gor it

Almost all of he mediarvalues of the electricitprojectlevel RRshown above are all greater than 100% which is

very different from the prograstevel RRof about 35%determined in thélome Performance with Energy Star

2007-2008Impact Braluation report As stated in Section 3.1, theojectlevel RRwere calculated very differently

than the methods used by impact evaluations and the purpose of reporting the mediprogdHevel RR was

for making comparisonsnd understanding attution of error. For more information on the data cleaning that was

performed and howhis may or may not have impacted the resulting prag@al RR, seé\ppendix Aand Section

4.2.

Even though almost all of the mediprojectlevel RRin the table abee are over 100%, the emphasis here is that

there is still a significant difference between the Yes anad&tegories.

1 Assisted Home Performanédhe reasons for the difference would be the same as listed above for the

natural gas datasets
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1 ProjectHas @oling Equipment Improvemeiitthese improvements tended to double the meuliaject
level RRmeaning that these improvements saved more than was predicted by the TREAT fbidels.
suggests that the TREAT modeled cooling savings were wasienated asompared to the actual
savings. This could be due to the TREAT cooling algorithms and/or model inputs. For instance, it was
found thatabout 25% ofprojectsin the20072008dataset and 50% of thpgojectsin the20092011
dataset that installed new AQupment used SEER 10 or greater as their input for the existing AC
equipment efficiency.These SEERnight be too conservative and were likely based on the nameplate
data not taking into account the actuakitu efficiency of the equipment that would logver (e.g.
improper airflow, refrigerant charge).

1 ProjectHas Airsealing Improvemeiitthe reasons for the difference in 2@092011dataset would be
the same as listed above for the natural gas datasets. The likely reason there is a signifieactdiffe
the20092011but not the2007-2008dataset is because 88% of firejectsmodeled cooling in the
baseline simulation model in ti29092011dataset while 46% in tH2007-2008dataset. Both datasets
only had about 4% gdrojectswith electric heting. Modeled electricity avings from this improvement
only shovedup if electricitywasbeing used for heating and/or cooling.

1 ProjectHas Insulation Improvemeiitsame reasoning as fBrojectHas Airsealing Improvement

1 ProjectHas Lighting Improvemerit the likely reason for the difference is due to user input assumptions
for hours the lights are on and/or the wattage reduction. TREAT does account for the interaction of the
reduced internal heat gains from the lighting wattage reduction on the hexadirogoling systems. See
the Improvement Input Checks portion of the Recommendations section.

1 ProjectHas Appliance Improvemeiitsimilar reasoning as fd?rojectHas Lighting Improvement. The
most common electric appliance upgrade is a new refrigeaatbthe likely source of error is the
assumption of the annual electricity usage of the existing refrigerator.

3.3 Determining Attribution of  Project -Level RR Error

The primary goabf this study waso determine which variable(s) best explain all or some optbgctlevel RR
error. This attribution of errdook the form of a multivariate linear regression modegbiafjectlevel RRas a
function of one or more predictor variables. Once theleggession modetasdetermired and validated, a
technique wasised to apportion the relative amount of varianger@jectlevel RRexplained by each predictor
variable. In the previous section, differencepriojectlevel RRbetween program factors veeexplored and large
differences were founih projectlevel RRbetweerprojectsthat passed the ANSI/BRX00 calibration criteria and
those that did nogndprojectsthat included an airsealing improvement. These relationsingiarther explored in

the section below along with other predictor variables.

3.3.1 Investigate Preliminary Relationships between project -level RR and
Predictor Variables

To help determine which predictor variables are most correlated to the response yaogieevel RRvaridion,
correlation diagramweregenerated, as shown kigures31 through 34n Appendix B The diagrarm indicatethe
sign of the correlation between two variabdesl themagnitude of correlationTo simplify the correlations in the
diagram to focus only on that pfojectlevel RR the correlation values between each predictor variable and

projectlevel RRwerecompiled inbar charts belowThe scope of the study was constrait@@rimarily invesigate
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areas of oveprediction in the simulation models as NYSERDA was interesteapfaining the lowprojectlevel

RR from the impact evaluation reports. The study investigated variables with a significant signal (e.g. Calibration
Var, dACH%). Initid testing found thatontractofreported savingGom AC equipment and windowpgrades
appearedo beunderpredicing because of therojectlevel RR wereover 100% However, there were only a small
number of projects with this finding and the majorifytteem were relatetb only afew specific contractorsRefer

to Table 10 in Appendix A for the number of projects used in all analyses in this study.

Definitionsof variablesin the correlatiorbar chars:

1 Infiltration Reductioni percenageinfiltration reduction as reported in the TREAT model from the base
building blower door number and the reported F@st blower door number

1 PreRetrofit Air Leakagé air changes per hour at 50 pascals pressure differas measured at the Fest
In blower door

1 Heating Equip Efi the seasonal efficiency of the existing primary heating equipment as entered by the
contractor into the TREAT model

9 Calibration Variance, Totdl the calibration variancef @ll enduses (heating, cooling, and baseload) for

the fuel type. Calculated as the difference in the weather normalized annual usage between the baseline

TREAT model and the preetrofit bills divided by that of the preetrofit bills

Calibration Variance, Heatinigthe calibration variance of the heating argkfor the fuel type

Calibration VarianceCooling i the calibration variance of the cooling ense for the fuel type

Calibration Variance, Baseloddthe calibration variance of the baseload-esd for the fuel type

Cond Floor Ared the area of all contioned spaces as entered by the contractor into the TREAT model

YearBuitiyear home was built from the program i mpl emen

PreRetrofit EUIT the preretrofit weather normalized energy usage intensity for the fuel type in units of

kBtu/Sq.Ft

=A =4 =4 -4 -4 -4
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Figure 5: Natural gas correlations of predictor variables to RR

The relationship of the predictor variablegptojectlevel RR was used to test out different multivariate linear
regression models in the next section. TheWihg conclusions were drawn from the correlation matrix for both
20072008and20092011natural gas datasets, differences are noted where they exist.

1 The correlation percentages (bdi®)the two prograndatasetsrevery similar, whichimpliesthat there
areunderlying issuethat are responsible fprojectlevel RR errors beyongrogrammatic changes (e.g
processes/requiremenemd contractor participation.

1 The largest correlation with natural ga®jectlevel RR erroris Total Calibration Vaiance While the
total model calibration variance could be used, the calibration variance by heating and baselsad end
are more useful in the program in order to comply with ANSI/B#00 and ensure that savings
predictions by measure are more actaird=or example, the baseline simulation model could be calibrated
on a total annual usage basis, but this may have been done suppressing the inputs for domestic hot water in
order to shift gas usage from baseload to heatingusatherebymaking the heéing related
improvements more cosffective.

1 The next largest correlation whtiltration Reductiorthough it is larger for the old@0072008dataset
than the20092011dataset. This is likely because 22% of the program reported natural gas $emimg
air sealing improvements the2007%-2008datasetersusl5%in the20092011dataset. Additionally,
other studiedave showrthat modeled aisealirg savings ovepredictactual savings due to dgmic and
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complex heat loss/gain, which further eadpk thdarge and negative correlation. The ACH50 (flest
Blower Door number) is related to this as well.

1 Heating Equip Eftiencyhas a small positive correlation wiphojectlevel RR for the20092011dataset
while it does not exist for th20072008dataset.

1 CondtionedFloor Area has a small negative correlation vpitbjectlevel RR for the20072008dataset
and none for the0092011dataset. Floor area should not impaatjectlevel RR directly, however,
larger homes tend to be more compled Aave more floors and additions and it is possible that the
auditors tried to model all of these complexities when they should have used a single zone/space model.

1 Year Built has a small positive correlationpimjectlevel RR for the20072008datasetind none for the
20092011dataset. In general, the newer homes should behave more like simulation becdetse
things likeexterior wallsarefully insulated as opposed to the mix of uninsulated and partially insulated
walls often found in older home#\nalyzing the distributions of the age of homes between the two
datasets, 15% were built in 1980 or newer in20@7-2008dataset, while th2009-2011dataset had 29%
built in 1980 or newer.

1 PreRetrofit EUI exhibits similar positive correlation wighojectlevel RR for both datasets. The likely
reason for this is that the more energy intensive homes coincidently align better with uncalibrated
simulation models and there is more potential savings in these homes so the savings signhal to annual usage
noise is lower.
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Figure 6: Electricity correlations of predictor variables to RR
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The following conclusions were drawn from the correlation matrix for BO8v-2008and20092011electricity

datasets, differences are noted where they exist.

1 The most significant correlation is that of thetal Calibration Variance and it appears tieéd can
mosty be attributed to th€ooling Calibration Variance. This logical becauseooling savings in a
retrofit scale with the baseline cooling energy consumptidvereassavings from lighting, for example,
does not scale withaseload energy consumptibecause savings are more dependartiours of
operation. One of the only real differ@es between the two datasets in the figure above is that of
Baseload Calibration Varianc&his could be due to modeling practices changed between program years.

1 The second most significant correlation is that of theRRr&ofit EUI, which is positive The more
electricity usage intensive the home is, the more potential there is for savings.

1 The Cond Floor Areads a small positive correlatiowhich is likely explained by the amount of electric
baseloadhat scales with the floor area (lighting is thaimelectricimprovement that scales with floor
areaq.

1 The Year Built has a small positive correlation likely for the same reason as above in the natural gas
datasets; newer homes behave more like simulation models.

1 Both the Infiltration Reduction and RRetrofit Air Leakage variables had little correlation to electricity
projectlevel RR since very few homes had electric heating systems and cooling energy consumption is
low in the climate.

3.3.2 Prediction Model to Explain the  Project -Level RR Error

As discussed in the beginmjrof this section, this study wiscused on exploring the attribution of error in the
savings predictionfom individual projects The figures below showdhelative contribution of each significant
predictor variablen project-level RR erroras the percentage of thé, Rvhich is the proportion of variance

explained by the regression model. As can be seen fronfiiste® at the bottom of each figure, the proportion of
variance irprojectlevel RR explained by these mod&lgsquite low. This is reasonable as this study does not take
non-program effects into account or installation quality. The takeaway is the relative contribution or importance of
each of the predictor variables. The relative contributions should beta$etp guide decisions around which
aspects of the program should be changed. Presented below are fourrakarisout byprogram yeaand fuel

type. Refer to Table 10 in Appendix A for the number of projertsd in all analyses in this study.
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% of R?

R2- 18.29%, metrics are normalized to sum 100%.

Figure 7: Relative impact of 2007-2008 natural gas dataset with 95% confidence intervals shown on the
bars.

% of R?

R%- 12.04%, metrics are normalized to sum 100%.

Figure 8: Relative impact of 2009-2011 natural gas dataset with 95% confidence intervals shown on the
bars.
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% of R?

R* = 19.18%, metrics are normalized to sum 100%.

Figure 9: Relative impact of 2007-2008 electricity dataset with 95% confidence intervals shown on the
bars.
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Figure 10: Relative impact of 2009-2011 electricity dataset with 95% confidence intervals shown on the
bars.
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3.4 Investigating TREATO s S a \Alganithrs s

In an effort to assess whether or ttie TREAT software isa potential source of error in the contraateported

savings, several comparisonen carried out to crosglidate TREADs savi ngs al gorithms. I r
TREAT savings for air leakage reductions, surface insulation, and windows are compared with those from research

grade modeling software. Additionally, the contragtepated savings are compared to the actual savings on a

percentage basis.
3.4.1 Air Leakage Algorithm

Beforetheair leakage algorithmsere tested iTREAT, the pre- and postretrofit infiltration numbers used in the

projectswith airsealing improvementsere investigatetb see if they were reflectiva thereal Testin and Test

Out blower door numbersAn issue with airsealing is thaavings arsometimedb ased on a contract or ¢
guess ohow muchhe/she will be able to reduce thie leakageén ahomewhich is submittecs the CFM50

improvement in TREATThis is usually done by assuming a 20% or 30% reduction of the CFM50 used in the base

model, which should come from the T-ésthumber. TREAT has a section that records the BPI health &etg sa
measurements as well as blower door numbers, but the blower door values are not required so only a small portion

of the modelwith airsealing improvemeitad both a Tedn and TesOut blower numbesrecorded in the

Measurements section of TREAT.

A simple techniquevasused to detect #irsealing improvement savinggrebased on the final TeSut blower
door numbeor thebest guessf a contractar By looking at thgpercenageair leakage reduction valughose
valueswith along string of deitnal places &s would be expected dividing two random numpeese
representative ddirsealing savings based dastOut blower door numbersvhereasalues withthree or less
decimal places (eg 0.30®Bkrerepresentativef airsealig savings based onparcent reductioestimate It was
assumed that contractors didt choose a random blower door number forghgposedirsealing improvement.
With this techniqugeit was determinethat4% of the airsealingrojectshad not updated the best guess value with
TestOut blower door number for the 20@D08 dataset, and 1% for the 260@11 dataset. While all airsealing
savings should be based on the difference betweerTastd TesOut blower door numbers, this smpércentage
does not explain the significant differencepiojectlevel RR that is shown in the Initial Significance Testing of

Binary Factors section above.

Since the testing of blower door inputs above showed only a small percentage of contractadsnehapmtate

their final model submission with the temit blower door value, ovarrediction of savings from airsealing may be

due to the TREAT algorithms for air leakage. The TREAT air leakage algorithms have not changed since 2007 and
TREAT has passktheBuilding Energy Simulation Tests (BESTES#hich parallelsANSI/ASHRAE Standard

140-2001 Standard Method of Test for the Evaluation of Building Energy Analysis Computer Prograese tests

stress théimits of the simulatiormodekto predict heabg and cooling energy for extremely high and low air

leakage ratesTo investigate this furthePSDcrossvalidated thecontractofreported savingBom air leakage
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modelingtool (http://beopt.nrel.gov) whichuns onEnergyPlus (the leadirgimulation engine). The cross

reduction improvements agairBEopt,NREL and B ui | rdsearcigraderesdentiat a
validation test were performed usirggsimple singlestory residential home located in Syracuse, Wt a

standard pitched rooftat and two different foundation type#ll modelstested in TREAT and BEopiad the same
envelope characteristics, internal gains, thermostat set points, and HVAC equipment input. Three different degrees
of air leakage reduction were tested in both ngd&he resultsf the crossvalidation test shown in the tabddelow

produce very similar estimated savings as a perceofafge modeledheating and cooling energy us€hese

results are expected as TREAT pasheBESTESTtest suiteand inall cases, TREAT predicted lss savings than

BEopt.

Table5: Testing of TREATG6s air | eakage algorithms

against BEopt

progr a

Percentage Savings of Heating and Cooling 20% air leakage 40% air leakage 60% air leakage
Energy reduction reduction reduction
Slab-on-grade BEopt 9% 18% 27%
TREAT 7% 14% 22%
Unconditioned BEopt 9% 17% 25%
Basement TREAT 8% 15% 23%

With TREAT air leakage algorithms validated asmpared to other simulation tookhe logical conclusion is that
somesimulation tools are making assumptiahat do not account fully for the heat thatast/gained from air
infiltration/exfiltration. In fact, this is the subject of an ongoing debatie building science communitgndthere

is growing evidence thaupports thisheory The issue is that heat loss due to air leakage is much more complex
and dynamic than even EnergyPlus is accounting for. clifrent hypothesis among industry leadsrhat

infiltrating air into the basement or crawlspacekgi upheat loss in that space (aditt losses if presengnd brings

that into conditioned space. Leaking air to the attic warms the attic which reduces the temperature difference across
the attic floor insulation and therefore reduces the actual heat losse [Besentations at home performance
conferences have suggested that actual savings from airsealing are about 40% less than the predictions from the
simulation models.See Section 5.2.Improving Airsealing Savings Estimatesthe Recommendations sectifor

more discussion on this topic

3.4.2 Surface Conduction Algorithms and Air Films

Since there was a significant difference in RRpmjectsthat includel at least one ingation improvemen(Section
3.2)andassunng thatmostcontractorsnsulatel up tothe value they specifieid the improvement and did not
falsify the starting insulation leveSDdecidedt o TREATOGs
PSDlooked at the air film Rralues that TREAT uses as well as creslidated TREATwith BEopt, described in
the section aboveAgain, it should be noted that both older and newer versions of TREAT have passed the
BESTEST suite which

test sur face heat | oss a

tests the simulation softwareds abi
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The Rvalues of the air fihs used in TREAT have not bemtentlyupdated. RESNET has increased thevBlues
of air films inexistingstandards as evidence shxdhatprevious valuegsame as those in TREAT) are too low. In
TREATO®6s i watuesdtiee samotithedwo)tare ialibWd R keds thanfthe | m R

RESNET values for walls and abowOR3 less for ceilings. The only time these small differencesvalie can

compari son,

make any difference in heat |l oss is for uninsulated sul
values would have, the same simple TREAT model used in the section above was used. Even in the extreme case of
insulating an RL.3 uninsilated ceiling up to B0, adding the extra-B.3 to the before and after surfaces only made

a 2% difference in the heating savings. This is not a significant source of saving prediction error.

Thecross validation tesif surface heat loss algorithmasperformed betweeMREAT and BEoptusing the same
base case homes described in the section abadeestethoth ceiling and wall insulation upgradd@de results in
the table below show that TREAT and BEppbduce very similaestimatedsavings as percentageof the base

model heating and cooling energy usage. These results are expected as TREAT passes BESTEST.

Table 6: Testing of TREAT's surface conduction algorithms against BEopt

Percent Savings of Heating and Uninsulated Uninsulated Uninsulated Wall | Uninsulated Wall
Cooling Energy Ceiling to R-19 Ceiling to R-60 to R-7 to R-19
Insulation BEopt 30% 40% 14% 22%
Upgrade TREAT 31% 39% 12% 23%

With the surface heat loss algorithms validated and assuming most contiresttdhsd what they recommendied

the simulation modekhe last explanation for underperfanteof insulationprojectsis likely due tocontractors not
modelingassumption that thectualimproved surface is actirthe wayit is expected tin the model The

simulation models use theilue for the surface selectby the user.While the simulation models take the

framing factor, the Rralue of different materials, and the air films into account, they do not assume that there are
voidsin the installé insulation (e.g. missing insulation in difficult to access areas, obstructions that prevent uniform
installation) This is really a programmatic question of how to handle effective insulati@ugs for reporting of
savings and from a QA perspectiv@eeSection 5.2.Effective Insulation R/alues in the Recommendations

section for more discussion on this topic.

3.4.3 Domestic Hot Water Algorithms

PSD did a deep revieandmadesome changes f T R Hdmedishot wateHW) algorithmsas part of

T R E A Tedemit RESNEExisting Home Tax Credit Compliance Tostcreditatiod. Thecorrectionanade
pertained to the numbef water heaters in the model ath@ option to entestandby efficiencynstead of energy
factor, both of whichiend toonly apply tomultifamily buildings, not singldamily homes. Terdore it can be

concluded that the DHW algorithmsedin the RESNET accreditatiqurocessare the same dkose in older

2http://www.resnet.us/professionaI/proqrams/taxcredit compliance national
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versions of TREAT used during the evaluapedgram periods in this study. Additidlya during the significance

testing of binary factors (Section 3.2), no significant differanqeojectlevel RR between those projects that

included a water heater replacement and those that did not. This tilmedmgprovement type is not in and tdelf

affecting the projeelevel RR. It should be noted that the inclusion of a water heater replacement occurred in 15%

to 20% of the projects across both datasets and fuel types.

3.4.4 Window Algorithms

From the discussion in Section 3.2, it was condiutthat likely causes for the significant increase in pregeg!

RR was due to amall group ofpecific contractorand the possibility that window savings are being under

reported from the modeling tool from not including the air sealing benefitahalts from new windows. To

narrow down whether the possible undeporting of savings from TREAT is coming from the lack of including the

associated

air seal.

ng benefit

of new windows

or

i s col

algorithms, TREAT was tested against BEopt using the same test models and procedures described in the sections

above. Theestcompaedthe replacement of all windows in thasetest modefrom singlepane wood framed

windowsto ENERGY STAR qualified double pamgndowsand did not include any reduction in building air

leakage due to the new windows. The estimated savings as a percentage of the base model heating and cooling

energy usage wdb%for TREAT versusl3%for BEopt. The small difference between the tvesults suggests

t hat t her e

is ittle

to no

error i n

TREATOs wi

ndow hea:

not a contributing factor to the observed difference in prdg@al RR when windows are included in a project.

3.4.5 Comparison of Percentage Energy Savings Estimates

Thetable shows that except for tA8032011electricity dataset, theeportedpercenagesavings and the actual

percenhgesavings very closely match. This supports the hypothesis that the dominant reason for poor program RR

is the lack of calibrating the baseline simulation model, nosithelationrmo d e | 6 s

accurately.

ability

Table 7: Comparison of sample medians between reported to actual percentage savings estimates

Summary Across All Contractor . Actual Savings
L Reported Savings
Projectsin Study Percenage
Percenaige

2007-2008Gas 20.5% 19.4%

20092011Gas 17.9% 15.6%
2007-2008Eledricity 13.0% 15.2%
20092011 Eledricity 6.6% 16.0%
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4 Potential Impact of Adopting ANSI/BPI-2400 Standard

4.1 Model Calibration

This section provides the fiwhat i f o0 s ceamaatorreported howi ng t |
savingsandrealization ratef the requirements of the ANSI/BRMO00 standard aiacorporatednto program

requirements. The key to the standard is the baseline simulation model calibration. The other sections of the

standard (Billing Data Quality and Input Constraints) are not independent but support the calibration section to

safeguard the baBne simulation model calibration from erroneous in@utd digression frorbilling data. To

show this potential impact, tlentractorreported savingBom the2007-2008and20092011datasets were

synthetically adjusted to represeontractofreportal savingsas if from perfectly calibrated baseline simulation

models. These adjusted savings were then used to calculate the gutjoistetdevel RR.

A visual representation of this adjustment can be seen in thedigei@v. The black dashed lingoresents the

idealrealization ratef 1.0 while the red line is the best linear fit of actuatdaotractofreported savingsWhile the
data contain a lot of variance from the lineartfie takeaway is thaight right-handplot red line approaches the
ideal RR black line and the variance is reduced especially for gimogetswith largecontractofreported savings

(left plot). Refer to Table 10 in Appendix A for the number of projects used in all analyses in this study.
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Figure 11: These two charts of the 2007-2008 natural gas dataset show the difference in project-level RR with model
calibration (right plot), and without (left plot). The black dashed line represents the ideal RR of 1.0 while the red line
is the best linear fit through the data.
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Figure 12: These two charts of the 2009-2011 natural gas dataset show the difference in project-level RR with model
calibration (right plot), and without (left plot). The black dashed line represents the ideal realization rate of 1.0 while
the red line is the best linear fit through the data.

4.2 Potential Impact on Contractor -Reported Savings and RR

The following Table 8shows the potential impact of adopting the ANSI/2R00 standard on progratontractor

reported savingandprojectlevel RR. Again, the numbers come from adjustountractosreported savingsalues

from the cleane@0072008and20092011datasets that have been uimdughout this study. Becauset

adjusted values are a profor thehypothetical casehere allprojectsusedsimulationmodels that had been

calibrated with zero variance from the bills, this is a best case scenario. Also, it is important for interpretation of the
results below that thesaljustmentsre onlyin the savings prediction2rojectinstallation quality and neprogram

factors (e.g. changes resident behavior or occupancy, price of fuel) are not accounted for here.

While theprojectlevel RR and savings values are shown in the table to give dottiexXfocus should be on the
percenagechange aan indication othe potentialmpactof theadoptionof a calibration standardThere is a large
increase irprojectlevel RR for both program years of natural gas data with a corresponding decrdase in t
contractofreported saving&hile the electricity data shows a small decreasprivjectlevel RR and corresponding
increasan thecontractofreported savings The trend seen in the adjustment to the natural gas data is in line with
the hypothesis #t uncalibratedaselinesimulationmodels typically ovepredict the baselinesage from the billing
dataand thereforgthe associated savings estimates teravéwpredictthe actuabavings. However, the opposite

trend is seen in the electricity dathich follows what is seen in the Data Characteristics seictippendix B
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both the actual preetrofit electricityusage and actuelectricitysavings are greater than those from the TREAT
models.

The large improvement in projelgivel RR from synthiically calibrating baseline models may appear to be
incongruent with the small portion ofalization rateerror explained by the calibration variance found in Section
3.3.2butthese are two very differeanalyses. tishould be noted thatelnigh degee ofun-explainedvariationis
expected as the regression model only analyzed variables related to the cergpasted savings estimates since
there were no available data on installation quality or a control dosumn-program effects As identifed in

Figures 5 through 10, total calibration variance had the most significant impact on the variptmectlevel RR.

The synthetic alibrationprocess removeghuchof theoverpredictionbias in thecontractofreported savingand
reduced in th@ariationas seen in Figures 11 and 1I2should be understood that the synthetically adjusted savings
represent the idealized case that every baseline TREAT had been calibrated to zero variance frenetitbfit pre
billing usage dataln implementinghis through the ANSI/BR2400 standard, it would be expected that contractors
would likely only calibrate their baseline models to within 5% bias error minimum requirelRedat.to Table 10 in

Appendix A for the number of projects used in all analysésignstudy.

Table 8: Summary of program contractor-reported savings and project-level RR along with the adjusted values to
show the potential of adopting the ANSI/BPI-2400 standard

Percent age Percent age
Change in Change in
project -level Sum of Sum of Adj Contractor -
Total RR Resulting Contractor | Contractor- Reported
Summary Across Projects | Median | Median | from Due to -Reported Reported Savings Due
All Projects in Study | in Study RR Adj RR Calibration Savings Savings to Calibration
2007-2008 903 0.69 1.00 46% 312,366 201,075 -36%
Gas (therms)
2009-2011
009-20 1,241 0.63 0.86 37% 316,880 225,585 -29%
Gas (therms)
2007-2008 150 o
Electricity (KWh) 482 1.65 1.40 15% 508,190 535,295 5%
2009-2011 140 o
Electricity (KWh) 572 3.18 2.84 11% 336,673 390,675 16%

The likely reason for why theontractofreportedelectricitysavings are lower than the actual savifarsjectlevel
RR greater than 1.03 that the contractor inpuitsto TREAT wereconservative for the dominant electricity
improvementsé.g.lighting, refrigerators, and AC upgraded\.distribution of the actual and contract@ported
savings can be seen in Figures 23 and 24 in Append&dtRough theadjusted (synthetically calibratepoject
level RR for the electricity datasetrelower theun-adjusted projeefevelRR,c al i br ati on of t he mode
usage is still important for the cooling related measures and to keep the internal gains (i.e. heat loss from lighting,
appliances, and plug load) correct so that the heatidgaoling loads are accurat&he difference in the

distributions of preetrofit actual and modeled electricity usage can be seen in Figures 19 and 20 in Appendix B.
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The likely reason for the TREAT models having lower annual electricity usage thacttiag preretrofit billing
data is that the contractdid not account for the countless miscellaneous plug loads that are not part of the
workscope in their model. With model calibration, the user can accurately account for all miscellaneous plug loads

with one input instead of entering individual electric devices and guessing how often they are used.

Although not part of the scope of this project, future analysis could extend this potential impact analysis by
determining the prograsievel realizatiorrate using the evaluated savings from the impact evaluation and the
adjusted contracteneported savings from this study based on the same projects. To give a rough idea of the
outcome, although not using the same cohort of projects, if the percentageareth contractereported savings

from the Gas 20062008 dataset of 36% from the table above is simply applied to the reported natural gas savings
from the 20072008 HPWES Impact Evaluation report, the resulting progeaml realization rate for natalrgas

would be slightly over 100%.

After reviewingthe preliminary result®f this study NYSERDA requested ten additional scenariissed below,
showing the potential impact of model calibrattbrough the implementation of the ANSI/BR400 standardThe

full tabular results of thesadditional scenariosan befound in AppendixC.

1 Summary By Income Typethe Assisted Home Performance (AH®djectsbenefitted more from model
calibration than the Market Rapeojects Assuming the same contractors do both AHP and Market Rate
projectsand their modeling practices are similar for eithejecttype, this difference could be from
lower than expected utility bills due to financial constraints and/or the contractoringptte baseline
simulation model less fi€ient in order to make theredicted improvements save more energy to meet the
SIR criteria.

1 Summary By Top 10 Contractors With Md&tojects

1 Summary By Contractor WitRrojectsANSI/BPI-2400 Calibrated there vas only one contractor, 1D
CY0000000065, who had a medipiojectlevel RR above 1.0, and they did 24% of 2@072008
projects This is in part because thdid about half of therojectsthat met the ANSI/BRR400 calibration
criteria and their modelypically had lower calibration variance than other contractors

1 Summary By ANSI/BPR400 Calibratiori the small fraction oprojectsthat passed the ANSI/BR400

calibration criteria had a median natural gas RR of 1.32 fo2@Bh&2008dataset and 0.8%6r the 2009

2011dataset. This may suggest that qppagram factors independent of resident changes or behavior are

the cause for this large differenceween program years. An examplenonprogram factors across all
residents would banincrease irffuel cost and/or economic downturn affecting patofit usage

patterns.

Summary ByProjectHas Heat Equipment Upgrade

Summary ByProjectHas Only Heat Equipment Upgrade

Summary ByProjectHas Only Insulation Upgrade

Summary ByProjectHas Only Insulatin and Airsealing Upgrades

Summary ByProjectHas At Least Insulation, Airsealing & Heat Equip Upgrades

Summary ByProjectswith and Without Airsealing Upgrade

=A =4 =4 -4 -4 -4
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5 Recommendations (QA and Program Policy)

5.1 Automated Checks and In -Model Feedback

Automating signiicant portions of the file review process greatly reduces staff time, andsétioautomated
incentive approvalsAcceleratingdesktopreview through automation of model review will help provide information
to the contractor and homeowner earlier inghecessandaccording to Program staff, delays in reviewdbeena
barrier to closing more retrofitrojects The following recommendations come from analyzing the dajasets

taken together can provide a comprehensive review of every file submission without costing staff time. The
automated process assumes these data fields are made availableir¥dih compliant file submissions or will

be available in a future versiomf HPXML.

There is Department of Energy funded research occurring to improve the ability to build quality assurance checks
into energy simulations. Much of this activity is related to the OpenStudio development platform built on top of the
EnergyPlus shulation. PSD is working with the National Renewable Energy Lab (NREL) to help deploy this

technol ogy and is NRELO6s first national training partn:

5.1.1 Verification of ANSI/BPI -2400 Standard Compliance

The most important recommendation is tgplement model calibration following the ANSI/BR#00 standard. In

order to do this, the verification of the criteria iststandard needs to be part of the model submission process.

Billing Data Quality Check

Calibration is not relevant if the billijndata usedbr the regression analysi®es not meetome basibilling data
criteria. ANSI/BPI-2400 has a method for testing the quality of the billing dateese data quality metrics can be
automatically checked if thmonthly billing data are madevailable in the output submission file. The current

issues are:

1 For simulation tools that do not have bditbilling regression analysis, there is no way for the simulation
tool to produce this data quality check.

1 Program Alministrators will likely ned to take on the burden of running the billing regression for all
projects for consistency and accuracy.

Baseline Simulation Model Calibration Check

Calibration is an iterative process and the calibration variance from the billing data is very impedhbatketo the
modeler. ldeally, this feedback would be in the simulation tool or at least through a quick online platform that

would determinghe calibration variance for the mode$er they can iterate changes to their model and know when
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it is calibraed before submitting theprojectto the Program Administratdor review. The verification that the

model has met the calibration criteria could be done in one of the following ways:

1 The simulation tool would have to perform the billing analysis regression, calculate the calibration
variance, and export this result as part of the file submission.

1 The raw billing data has to be part of the submission process to the predriim coutl besubmitted
eitherby the modelevia HPXML or via separatsubmission to Program Administrator from utilities as
evaluation function or via utility participation in Green Button or similar proc&ke program would
have to perform the billing analgsiegression, calculate the calibration variance, and determine if the
model passes or fails.

1 TREAT provides both the calibration variance feedback as well as records the variance by fuel type and
enduse in the TREAT Tracker xml output fil&édPXML stardard supports both the reporting of the raw
monthly billing dataand the ANSI/BP2400 calibration metrics.

Significance tests of the mediprojectlevel RR between those models that passed and those that failed the
ANSI/BPI-2400 input constraints weregormed. No significant differencespmojectlevel RR were found for

most of the input constraints except for the minimum ceilingaRe and minimum distribution efficiency, however
in both cases, there were only about 10 observations in the failedsgr Since all but a very small group of models
were not calibrated, the impact of applying the input constraints was not truly tested.

Nonetheless, input constraints are still very important when calibrating the baseline simulation model as they
preventpushing input values too far and should inform the user that they need to check other areas of their model.
When these modeling constraints are used in conjunction with the ANSYEPIbaseline model calibration

criteria, it becomes increasingly difiitt to overpredict energy savings.

The data fields to support these constraint checks are not in the current vet$idxXivf and would have to be

added in order to include these checks in the automated file review.

5.1.2 Standardize Desktop Review

Software hdependent standards for the review of submitted energy models should be establigisedstandards

should encourage the use of simplified modeling approadrasexample, simplified modeling approaches exist in

TREAT but are not used widely due pgrtb early practices to modeling complex home geometries and current

revi ewer focus on TREATO®s cdaug dewikin nmre dognpléx softwaced¢obla i | cap al
should be an option and not a requirement, unless there is a specific @sthplished need for using that level of

detail. Once standards for model review exist, both modelers and reviewdes ttaimed in that standard.

5.1.3 Contractor -Reported Savings Threshold Check

Even after calibrating the baseline simulation model welljrthets to the proposed improvements may not reflect

performance that is possible given the constraints of the home or technology installed. While the last section
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recommends a few improvement types to automatically check, it would be very difficult éougowith automated

checks for all improvement types. An elegant approach to determining if the predicted natural gas savings are
reasonable is to set a threshold between the contnagorted savings and the metrofit natural gas usage

intensity. @ntractorreported savings above this threshold would be flagged for manual review. The threshold for
future program QA should be established based on historic program data of actual natural gas savings intensity to
preretrofit natural gas usage intensitThe threshold line, or slope, could include all projects from the dataset in

this study that met the data cleaning requirements or it could go a little more conservative and remove some portion

of the highest savers such as removing the 95th percdaotilexample.

The series of figures below shows an example of this approach using th@@DAatural gas dataset. Notice how

the threshold, the dashed red line which is the same in all three figures, would flag a huge portion of the projects for
mantal review (Figure 14), but this would be too onerous. However, notice in Figure 15 how few projects would be
flagged for manual review if the program also required that all savings estimates come from models that met the
ANSI/BPI-2400 calibration standardlhe calibration process eliminates most of the -gvedictions. In this

example, the relationship is Threshold = 0.5 * EUS, all in units of kBtu/Sq.Ft. Interestingly, this same threshold

equation works well for the 20e2008 natural gas data.

Figure 13: This plot shows the actual natural gas savings against the pre-retrofit natural gas usage from the 2009-
2011 dataset. This relationship becomes the basis for the threshold on the contractor-reported savings. The dashed
red line represents one possible threshold, which could be made more or less conservative by adjusting the line to
include all or a portion of the projects in the historical dataset.
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