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1 Executive Summary

The Demand Reduction Rebate Program (DRR) is an equipment rebate program that focuses on equipment that tracks the electrical demand in real time.  This equipment alerts the participants when the demand approaches a threshold value; when that occurs, equipment is automatically turned off to limit the size of the resulting ratcheted demand charge.  

There has been modest customer response to the program. In 2004, 21 customers with 31 locations were approved to participate with rebates totaling $106,452.  The total amount of demand reduction is estimated to be 263 kW with associated energy savings of 962 MWh.  All but two installations were completed by a single equipment supplier. 

This evaluation shows that the program has lead to a reduction of energy and maximum demands by the participants.  The analysis has yielded point estimates of savings with estimates of uncertainty. 

A simple pre- and post-Comparison approach was first used, which yielded point estimates of savings.  However, these estimates had a large variability associated with them.  Accordingly, it would be difficult to draw any definitive conclusions regarding savings associated with this approach.

Next, a more sophisticated Regression analysis was conducted, which produced estimates of energy savings that were consistent with the Comparison approach but had much more certainty (i.e., smaller variability).  The Regression approach estimated an average savings at 582 MWh/year (+/- 400 MWh)
 per year.  Compared to the tracking system estimate of savings, this is a 61% realization rate.

Similarly, for maximum demand analysis, the Comparison approach yielded point estimates of savings similar to the Regression approach.  The variability associated with the estimates of savings determined by the Regression analysis was substantially smaller.     The Regression approach estimated an average savings of 112 kW/year (+/- 95 kW) per year.  Compared to the tracking system estimate of savings, this is a 43% realization rate.

As a qualitative check to this impact analysis, a short set of interviews with three selected participants (a dairy processing plant, a city school system, and a regional bank) were conducted to examine levels of satisfaction with the perceived comfort impact and cost savings the equipment provided them.    The dairy plant uses the equipment just as a manual indicator, while the other two participants have lighting and HVAC systems tied into the equipment, which automatically turns down or turns off the equipment when the peak demand threshold nears.  None of the interviewees said that there were alterations made on the original set ups of the demand response systems. 

All of the participants felt that the demand response actions triggered by their systems were effective and caused no any problems to their operations.  The actual physical changes are selectively made for the demand response actions (ex. hallway lights dimmed, unoccupied spaces have air handlers shut off); while participants can observe and recognize these mild changes as they occur, they have received no negative comments from customers, staff, or (for the school system) teachers and students.

All three respondents had favorable viewpoints on the program itself, and felt it matched their expectations.  In particular, the two participants with the active monitoring and control system said that they receive regular savings analysis reports from their equipment providers, and felt they were reaching expected savings forecasts.  

Overall, the results of this study suggest the savings were not as large as had been estimated.
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2 Introduction

In 2003, Connecticut Light and Power (CL&P) introduced the concept of paying an incentive for technologies that helped customers reduce their facility’s electrical demand. The Demand Reduction Rebate Program (DRR) focuses on equipment that tracks the electrical demand in real time.  This equipment alerts the participants when the demand approaches a threshold value.  At that time, equipment is automatically turned off to limit the size of the resulting ratcheted demand charge. The current program offers a rebate of $500 per kW reduced or fifty percent of the installed equipment cost, whichever is less. 

Essentially, the DRR program is an equipment rebate program. Equipment vendors market their products directly to CL&P customers. If the customer agrees to purchase the device or service, they fill out a rebate application form and submit it to the Company for review. After the Company approves the application, verifies the installation of the equipment, and verifies that the equipment is operating, a check is issued for the rebate amount.

The program was initially proposed as part of the ISO-New England’s Demand Response Program.  The CL&P program has evolved over the last four years from a strictly “demand response” program to an “energy and demand reduction” program.  Originally NU intended to provide local real-time meter information, and when demand exceeded a pre-set level, the participant would initiate actions to mitigate the demand.  However, the program was principally promoted by a company that installed devices that reduce both demand and energy.  

Customer response to the program has been modest. In 2004, 21 customers were approved to participate with rebates totaling $106,452. These 21 customers installed equipment at 31 locations.  The total amount of demand reduction is estimated to be 263 kW with associated energy savings of 962 MWh. All but two installations were completed by a single equipment supplier (hereafter referred to as Supplier No. 1). It recruited two large participants into the program; a bank with multiple locations, and a school district with multiple facilities.  The other equipment supplier ( Supplier No. 2) installed equipment at four locations, all owned by one customer.

Supplier 1 supplies equipment that reduces the voltage for certain circuits when the facility is in operation.  Accordingly, these facilities realize energy as well as demand reductions.  These reductions occur year round and are not the type of demand reduction associated with “typical” time-oriented demand response programs.

2.1 Research Design

The experimental design for the evaluation used a time series design.  This design defines the impacts as the change in energy consumption or demand levels from the pre-program to the post program period.  

The primary analysis approach was to use individual customer monthly bills to conduct a billing analysis.  The billing analysis was performed using the participants’ temperature-normalized annual consumption (NAC) or temperature-normalized annual maximum demand (NAD) as the dependent variable.  Impact of the program was determined using regression analyses.  Two approaches were applied: the “Comparison Method” and the “Simple Regression Approach using engineering estimates.”  Detailed descriptions of these methodologies can be found in Appendix I.

The program’s demand impact assessment used the same research design and analytical approach.  The demand impact was determined through the analysis of the maximum on-peak billing demands.    

2.2 Evaluation Methodology

The evaluation methodology used billing data to determine the impact of the program using the maximum number of participants.  This initial analysis determined energy impacts, while minimizing the uncertainty associated with the estimate.  

A systematic and comprehensive approach using billing analysis was used to determine the program energy impacts. The approach consists of a variety of methods ranging from a simplistic comparison approach to more complex regression techniques. 

Specifically, the evaluation consisted of the following three steps:

1) Development of the participant billing information,

2) Temperature normalization of billing information, and

3) The quantification of the energy impacts.

In each of the subsequent sections of this report, the approach and the results of the analysis are presented. 

3 The Participants

Billing analysis requires that sufficient billing information is available to establish consumption trends in both the pre-installation and post-installation periods.  This section presents the development of the participant group consumption analysis.

The program tracking records show that the program consisted of 2 contractors with 21 projects.  For these 21 projects there were 32 facilities.  These 32 facilities were served under 36 account numbers, i.e. some had more than one meter.

Table 1 presents the estimated demand (kW) and energy (kWh) savings as provided in the tracking system.  This table shows that the equipment affected fell into six end-use types.  Lighting, hot water, and vending machines applications occurred in the most facilities.  
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Table 1 Tracking Estimates of Savings, By End Use

The initial step in developing the participant billing information was to examine every individual reading for each of the participants with billing records. 

Of the 36 accounts on the tracking system, billing information was provided for 33 accounts.  These 33 accounts had a total of 1,235 bills.  Of these bills, 2 were duplicates, 97 had non-regular billing codes
, and 134 contained information for multiple rates under the same accounts.  These 374 records were eliminated from the analysis.  In addition, one participant had multiple meters under the same account.  These were aggregated for the analyses.  After these edits, a total of 986 bills for 33 accounts were available for the analysis.  All 33 accounts had tracking system information.

After the individual reads were examined, the participant data was split into pre- and post-installation periods.  The bill that contained the participation date was eliminated.  The pre-participation period had 557 bills and 33 accounts. The post-participation period had 384 bills and 32 accounts.  

All accounts in the pre-participation period had at minimum six bills. The minimum number of days these bills span was 331.  All accounts in the post-participation period had at minimum four bills. The minimum number of days these bills span was 231.    
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Table 2 Average Annualized Energy and Demand
Table 2 shows the average annual energy and demand (not-normalized).  This shows, on the average, usage declined 0.8%, and demand declined 4%.  However, the distribution of consumption is highly skewed.  28 of the 31 customers annualized usage is below the average.  The median usage declined from the pre-participation to the post participation period by 7%.  The median demand declined 11%.  Interestingly, the percentage of accounts that showed a decrease in annualized usage was only 43%.  However, the percentage of accounts that showed a decrease in annual max demand was 63%. 

4 Temperature Normalization of Billing Information

One of the most important steps in the assessment of the effect of the DRR Program is the pre-installation to the post-installation comparison of energy usage.  By controlling for other non-program influences (such as weather) the program's effects can better be isolated and quantified.  This normalization methodology is presented in Appendix I.   This section presents the results of the temperature normalization procedure.

The temperature normalization procedure described in Appendix I presented an enormous computing challenge.  For the electric consumption models, heating degree-days based on reference temperatures from 500F to 750F, and cooling degree-days based on reference temperatures from 600F to 750F were examined. The wide variety of reference temperatures resulted in 1,248 models being considered for each account to determine the optimal models.  Information from the Hartford weather station was used to capture accurate temperatures.

Table 3 shows the distribution of the actual to model predicted usage and maximum demand for the most recent 12 months of data in each period.  The participants predicted mean usage is usually within 1% of the actual mean. The predicted maximum demand is underestimating the actual maximum demand.  This table supports the conclusion that the models are performing well within each period.  
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Table 3 - Distribution of Actual and Predicted Electric Usage and Maximum demand

The normal temperatures used in this analysis are 20-year average daily temperatures. The average normal temperatures are presented in Table 4.
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Table 4 - Average Normal Daily Temperatures

Using normal temperatures, the Normalized Annual Consumption (NAC) and the Normalized Annual Maximum Demand (NAD) were calculated for each period for each group. Table 5 shows the NAC for each period.  The mean consumption and mean maximum demand decreased.   
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Table 5 - Distribution of Electric NACs

5 The Energy Impacts

To fully investigate the effects of the program, different analytical methods were used.  In the evaluation of the DRR Program, the following two different methods were used.  First, the energy and demand impacts were determined using a Comparison Method.  The second approach was a Regression Approach.  Appendix I contains a detailed discussion of the methodologies used to quantify the energy impacts.  This section presents the results of that analysis. 

The analysis was performed on a facility-by-facility basis.  

5.1 The Comparison Approach Results

Energy

The average change per facility in pre-participation to post-participation NAC was 3,423 kWh.    However, examining the ratio of the tracking estimates of savings to the pre-participation NAC shows that two facilities had expected savings larger than their NAC.  This may be a result of an over estimate of savings, or the appropriate accounts not being associated with the facilities.  Eliminating these two facilities yields an average reduction of 4,494 kWh.  

The distribution of savings is skewed.  Only 37% of the facilities showed a decrease in energy use.  The error bound around the estimate of savings is large (±318 MWh).  The difference in the average pre-participation and the post-participation NAC is not “statistically significant”
. 

Maximum Demand

The average change per facility in pre-participation to post-participation NAD was 3.4 kW.  The average tracking system estimate of savings for these facilities was 7.42 kW.  This is a realization rate of 46%. Again, examining the ratio of the tracking estimates of savings to the pre-participation NAD shows that one facility had an extremely large expected savings.  Eliminating this facility yields an average reduction of 3.57 kW. 

As with the energy savings, the distribution of savings is skewed.  Only 43% of the facilities showed a reduction in maximum demands.  The error bound around the estimate of savings is relatively large (±46 kW).  Similar to the energy, the variability of the NAD estimates can lead to the conclusion that the difference in the average pre-participation and the post-participation NAD is not statistically significant. 

Some conclusions can be drawn from the results of this analysis.  First, the tracking system expects an energy savings of 3.8% of the pre-participation NAC, and a 4.1% reduction in the pre-participation maximum demand. The change in the pre- to post-participation normalized consumption and demand indicate that the change is less than the tracking expectations.  Second, the weather normalization procedure demonstrates that temperature changes account for a very small portion of variability in these facilities’ energy and maximum demand.  Accordingly, small changes in operation could easily obfuscate the true program impacts. Third, the programs feature a small number of participants with a wide range of sizes of facilities (i.e., the largest facility is nearly 300 times as large as the smallest facility).  Accordingly, an analysis limited to an examination of the average energy and demand of these facilities will result in a large variability associated with the estimates. 

Figure 1 shows a scatter diagram of the pre- to post-participation NACs.  This figure demonstrates there have been no significant changes in any of the facilities, (i.e., the pre-and post-participation energy and consumption are highly correlated.)   Second, the figure demonstrates the wide range of sizes of facilities.

The second analysis approach (the regression approach) takes advantage of the correlation between the pre- and post-participation energy and demand to reduce the variability of the estimates of savings.  
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Figure 1 – Scatter Diagram of Pre- and Post-Participation NAC

5.2 The Regression Approach Analysis Results 

The regression analysis was implemented using the approach described in Appendix I.  The initial analysis step was to build a simple regression model using total savings and demand.  

One of the fundamental regression assumptions is that the standard error of the error terms (or residuals) has a constant variance across the range of predicted values.  When the residuals are related to the predicted values, the model is said to be heteroscedastic.  Heteroscedasticity is a violation of the basic regression assumptions that could lead to erroneous specification of the mathematical relationships. Specifically, as a result of the residual standard error being related to the size of a customer's usage, heteroscedasticity will erroneously estimate the confidence interval around the estimates. Heteroscedasticity is common in cross sectional models such as the Simple Model.

When heteroscedasticity is present, the ordinary least squares (OLS) regression approach to establishing the relationship between the dependent variable and the independent variables may be inappropriate.  Accordingly, a Weighted Least Squares (WLS) approach was applied to see to what extent, if any, heteroscedasticity was influencing the analysis. The initial WLS analysis was performed using the Simple Model.  Families of weights based on the standardized geometric mean raised to the gamma power were developed.  In order to determine the optimal gamma, the Simple model was calculated for each of the weights. The model that minimized the mean squared error was chosen as the optimal model.

Energy

The analysis was performed on a facility basis.  The model used to estimate energy savings was:

Post-NAC  =(0 + (1 * Pre-NAC+(2 *Tracking Savings +ε

The estimate of the coefficient (2 is interpreted as the “realization rate”.  The realization rate is the proportion of observed savings to the expected savings, as detailed in the tracking system.  

Based on the WLS regression technique, the average savings were estimated.  The realization rate was estimated to be 58% ±38%.  Applying this to the population of all facilities, yields a total savings of 559,850 kWh (17,495 kWh per facility) with a confidence interval of 195,331 to 924,369 kWh.
The variability of the estimated change in energy is much smaller using the Regression approach than the Comparison approach.    

Supplier 1 installed equipment at 30 of the 32 facilities.  A second regression analysis was performed on these facilities.   The realization rate for them was slightly lower than for the population in total.  Supplier 2 savings were estimated by subtraction.  This method yielded Supplier 2’s realization rate of 226%.

	
	Savings
	

	
	Tracking
	Estimated
	Realization Rate

	Supplier #1
	16,425
	37,056
	226%

	Supplier #2
	945,847
	545,196
	58%

	Total
	962,272
	582,252
	61%


Table 6 Savings Energy Estimated by Installer

Maximum Demand

To estimate maximum demand impacts, a similar model structure was used.  Based on the WLS regression technique, the average savings were estimated.  The realization rate was estimated to be 42% ±36%.  Applying this to the population of all facilities yields a total savings of 112 kW (3.50 kW per facility), with a confidence interval of 17 kW to 206.83 kW.  The estimate of savings is consistent with that estimated under the Comparison approach.  However, as with the energy estimate, the variability of the estimates is much smaller using the regression approach.  
Similar to the energy estimate, a second regression analysis was performed on the Supplier 1 facilities.   The realization rate for them was lower than for the population in total.  Supplier 2 savings were estimated by subtracting.  This method yielded a realization rate of 124%;

	
	Savings
	

	
	Tracking
	Estimated
	Realization Rate

	Supplier #1
	35.00
	43.50
	124%

	Supplier #2
	228.11
	68.44
	30%

	Total
	283.11
	111.94
	43%


Table 7 Estimated Demand Savings by Installer

Appendix I: Methodology

Appendix A Temperature Normalization Methodology

The temperature normalization procedure used for this analysis is the Princeton Scorekeeping Model (PRISM) algorithm.  Through years of experience, RLW has taken the fundamental concept of the PRISM methodology and refined it to produce more accurate estimates of normalized annual consumption (NAC).  In addition, the PRISM methodology was adapted to be applied to billing maximum demands 

The PRISM algorithm develops a mathematical model that represents the temperature to energy consumption (or demand) relationship.  The standard, Heating-Only version of this model is shown in Equation 1.


[image: image8.wmf]U

i

 = 

a

 + 

b

 * 

DD

i

(

t

) + e

i

Where;

U

i

 

=  average daily consumption in interval i.

DD

i

(

t

)   =  average degree days in interval i, based on reference temperature 

t

.

a

,

b

 

=  parameters to be estimated to minimize e.

e

 =  a  random error term.


Equation 1 - The PRISM Heating Only Model

The PRISM model reflects that a customer's energy usage is equal to some base level , and a linear function between a reference temperature , and the outside temperature.  The constant proportionality, , represents a customer’s effective heat-loss or heat-gain rate.

PRISM recognizes that each customer has unique space conditioning operating characteristics.  To capture these unique space-conditioning characteristics, PRISM examines a range of heating and cooling reference temperatures.  The model chosen to represent a customer's energy use is the model that best creates a linear relationship between usage and degree-days.  For each customer, an optimal model based on a unique reference temperature ( is identified by the minimum mean squared error (MSE) of the regression.

Once the optimal parameters have been established, normalized annual consumption (or demand) is estimated using Equation 2.
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Equation 2 - Determination of Normalized Annual Consumption (NAC) 

When this model is applied to a home’s heating characteristics, it is referred to as the heating only model (HOM). When this model is applied to a home’s cooling characteristics, it is referred to as the cooling only model (COM).

For the analysis of electric consumption (or demand) data, it was not known whether or not the participants or control group members had significant space conditioning load.  Therefore, the first adaptation of the PRISM methodology was to consider a heating and cooling model (HCM), along with the standard PRISM heating only or cooling only models.  The expansion of the standard PRISM approach to consider heating and cooling loads is calculated using Equation 3.
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Equation 3 - PRISM Heating and Cooling Model
As with the standard PRISM procedure, the optimal heating and cooling model is determined by calculating the regression models assuming various reference temperature values (1 and 2).  Expected annual degree-days are applied to the optimal model to calculate a normalized annual consumption (NAC).  The results of the model can be interpreted as: 

·  o is an estimate of the average base load for a cycle; 

· 1 represents the heating slope, or the increase in electric usage for each incremental increase in heating degree days; and, 

· 2 represent the cooling slope, or the increase in electric usage for each incremental increase in cooling degree-days.

The standard PRISM approach uses usage and degree-day data on a billing cycle basis. However, the data has an inherent variability associated with the varying lengths of billing cycles.  For the estimation of the heating and cooling slopes (1, and 2) the effects of the varying lengths of the billing cycle are mitigated. This is a result of the number of degree-days being directly correlated to the number of days in the cycle.  However, the estimates of base load (o) reflect the average base load per cycle and does not account for the days in the cycle.  In effect, this estimate infers the base load will be o, regardless of the length of the cycle.  Since base load usage is a function of time, this result may introduce a slight bias into the calculation. To eliminate this bias, the augmented PRISM approach uses usage per day as the dependent variable, and expresses the degree days on a per day basis.

Alternative models, with different numbers of independent variables, introduce a challenge to choosing an optimal model.  The standard PRISM approach relies on the maximization of R2 to indicate the optimal model.  However, in building mathematical regression models, the R2 statistic has a tendency to increase as the number of independent variables increases.  Therefore, when comparing models with different numbers of regressors, the maximum R2 criteria may not lead to choosing the optimal model between alternative models. To avoid this possibility, an alternative method to determine the optimal model was used. The minimization of the mean squared error of the residuals (MSE) is a good alternative. The MSE accounts for the decrease in the degrees of freedom when an additional regressor is added to the equation.  Therefore, the model that minimized the MSE was chosen as the optimal model to represent the temperature versus usage relationship.

Lastly, in an effort to obtain the most accurate models possible, a system of re-analyzing poor performing models was developed.  A “poor performing model” is defined as one that produced a low R2 statistic. 

The determination of the optimal model used a four-step approach.  These steps are:

1) The optimal models are determined using all available data.

2) If the optimal model produced in Step 1 has a poor R2, the usage data point with the largest prediction error was omitted.  Using this trimmed and edited data set the models were re-estimated.

3) Choosing the optimal model for each customer from the first two steps, the customers with poor R2 are again identified. For these customers, the usage data was limited to the most recent year of information.  Using this trimmed data set, the models were re-estimated.

4) The models developed for each customer in each of the first three steps are compared.  The optimal model (i.e., the model that minimizes RMSE) was chosen.

Normal temperatures were applied to the optimal models generated by this algorithm. The estimates produced are the Normalized Annual Consumption (NAC) for each period.

Appendix A Energy Impact Analysis Methodology

In the evaluation of the DRR Program, the following two different methods were used.  First, the energy impact was determined using a Comparison Method.  The second approach was a Regression Approach. This section discusses the methodology used to determine the energy impacts of the DRR Program.

Appendix A The Comparison Approach

A comparison approach controls for weather. After the normalization of the participant and control group bills (see Temperature Normalization Methodology), the difference between the pre-program and post-program NACs were used to determine the raw energy savings that can be attributed to the program. The determination of energy savings is calculated using Equation 4.
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Equation 4 - The Comparison Approach Determination of Gross Savings
Appendix A The Regression Approach

The regression approach was performed using a comprehensive and systematic approach.  This approach, presented below, has been applied with great success to the analysis of conservation programs.

The regression approach consisted of four steps that result in the selection of an optimal model that accurately quantifies the program impact. This sub-section describes the four steps of the regression approach.

Step 1: The Simple Model
During this step an initial regression model is developed using ordinary least squares ("OLS").  This simple model determined the effect of one important change variable (i.e., the participation indicator variable status, or the participants engineering estimate of savings) on energy savings while controlling for all other changes.  The basic form of this model is shown in Equation 5. 
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Equation 5 - The Simple Regression Model

Step 2: Regression Diagnostics 
As a result of the residual standard deviation related to the size of the customer's energy usage, one regression assumption most often violated is that the standard deviation of the error terms, (or "residuals") is not constant across the range of predicted values.   When the standard deviation residuals are related to the predicted values, the model is said to be "heteroscedastic."  Heteroscedasticity can often be detected in cross sectional models used to analyze program impacts. During this step, verification that the regression assumptions are valid is performed.  If the initial regression model is found to be "heteroscedastic" further regression analyses are performed.  These analyses are performed using a weighted least squares ("WLS") approach.  

Step 3: Weighted Least Squares 
As discussed above, one of the fundamental regression assumptions is that the standard deviation of the error terms (or residuals) has a constant variance across the range of predicted values.  When the residuals are related to the predicted values, the model is said to be heteroscedastic.  Heteroscedasticity is a violation of one of the basic regression assumptions and could result in the miss-specification of mathematical relationships.  As a result of the residual standard deviation being related to the size of the customer's energy usage, heteroscedasticity is often detected in cross sectional models used to analyze program impact.

When heteroscedasticity is present, an ordinary least squares (OLS) approach to establishing the relationship between the dependent and independent variables may be inappropriate.  An OLS approach that does not correct for the heteroscedastic relationship of its residuals will yield confidence intervals
 that are misleading. More specifically, when heteroscedasticity is present, the OLS regression coefficients are unbiased estimates of the true parameters, but they are subject to greater statistical variation than the appropriate estimates.  Moreover, the standard errors produced by the OLS regression analysis are biased estimates of the true standard deviations of the regression coefficients.  

The use of weighted least squares (WLS) is one approach to correct for heteroscedasticity in regression analysis.  According to econometric theory, the advantages of WLS are:

a) Under a properly specified heteroscedastic model, WLS yields the best linear unbiased estimates of the true parameters and,

b) WLS gives an unbiased estimate of the variance of the estimators, providing appropriate confidence intervals and p-values.  

In other words, WLS provides the most reliable estimate of savings and an accurate measure of the resulting reliability.  The theory of WLS depends on a correct specification of the heteroscedasticity.  The theory assumes that a positive-valued variable can be specified, say z, such that the residual standard deviation is proportional to z.  Usually, z is taken to be some measure of size (for example, the pre-retrofit NAC consumption). 

The benefits of WLS depend on the correct choice of z.  Therefore, it is useful to have a way of comparing alternative candidates for z.  If it can be confirmed that heteroscedasticity is present, the following procedure
 is employed:

1. Postulate a family of possible candidates for z.  In the following analysis, the regression has been estimated assuming that the residual standard deviation is proportional to pre-retrofit NAC dampened by raising this variable to some power between 0 and 1.  This variable will be termed (NACPre), where   0.  Here the exponent, gamma, is an unknown parameter that creates a family of candidate choices of z.

2. For each candidate of z, geometrically standardize z by dividing each value of z by the geometric mean of the n sample values of z.  The geometric mean is the nth root of the product of the n values of z.

3. Fit the regression model using WLS with each geometrically standardized z, and calculate the root mean square error (RMSE) of each regression model.

4. Minimize the RMSE to find the best choice of z and use this particular WLS regression to obtain the best estimate of savings.

During this step, a residual analysis is performed.  If heteroscedasticity is suspected, the models are estimated using WLS.

Step 4: Calculation of Energy Savings
The final step in the analysis estimates the energy savings by using the resultant models. 

Appendix II: Temperature Normalization Results Details

To obtain the most precise models, several models for each customer were developed.  The models, based on editing strategy are shown in Table 8.  
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Table 8 Distribution of Model Types

.

As detailed in the previous Appendix, two variables were considered for the electric models.  Heating and cooling degree-days were considered.  Figure 2 shows that for the participants, models that featured the heating and cooling PRISM models were chosen nearly two thirds of the time.   The distribution of the type of models is fairly consistent from period to period.  
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Figure 2 – Distribution of Model Specification

Table 9 compares the distribution of set points for the degree-day variables.  For the participants, the median demand heating degree-day reference point was 59oF in the pre- and 50oF in the post-installation periods.  The median usage heating degree-day reference point was 51oF in the pre- and 50oF in the post-installation periods. Also, the median demand cooling degree-day reference point was 65oF in the pre- and 63oF in the post-installation periods.  The median usage heating degree-day reference point was 66oF in the pre- and 63oF in the post-installation periods.   The distribution points are generally similar.  This reinforces the conclusion that the models are stable across time.
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Table 9 –Degree-Day Set Points

Table 10 shows a comparison of R2 statistics.  Generally, within fuel, the R2 of the post participation models increased over the R2 of the pre-participation models.    
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Table 10 – Distribution of R-Squared Statistics for the Electric Models

























�  The “+/- 400 MWh” is the confidence bound around the point estimate of savings.  The point estimate is the estimate of the true (unknown) savings that resulted from the analysis.  The confidence bound analysis is a statement of the variability (uncertainty) of the point estimate.  In essence it is saying that since the true savings is not known, there is a high probability that true savings lie within an interval of 182 MWH/year to 982 MWH (or +/- 400 MWh ) per year.


� These include estimated bills, no reads, customer reads, memo bills, and manual bills, cancel bills, and adjusted bills. 


�  Simply put, this means that the variability in the estimates of NAC per customer is large enough that the differences between the pre-installation and the post-installation NACs could very well be a result of  the normal variation in the operation of the facilities.  


�  For a more comprehensive technical discussion of PRISM, see Impact Evaluation of Demand-Side Management Programs, Volume 1: A Guide to Current Practice, EPRI Report CU-7178,V1, pages 5-6.


� Even though it is the best possible estimate given the data, it is unlikely that the point estimate will exactly equal the true, unknown parameter being estimated.  Accordingly, instead of using a single value to estimate the true, unknown value, it is common to use a set of values or a confidence interval. A confidence interval is a range of values between which we can define a statistical probability, based on the estimate variability that the true value will fall.   Generally, the higher the probability, the wider the confidence interval.  Usually, the confidence interval is stated in terms of the probability that the true value will fall within plus or minus the interval around the point estimate.  For example, given a 90% confidence level (the probability), the true mean will fall within ( 5% of the estimated mean.


� The justification for this approach is from the statistical theory of maximum likelihood estimation.  Although the WLS is different, the mathematical derivation of the methodology is the same as used by Box and Cox in their paper An Analysis of Transformations, (Journal of the Royal Statistical Society, Series B, 1964).  A good summary of the approach is given in the text Econometrics, by G.S. Maddala, McGraw-Hill, 1977, pp. 315-317.  J. Kmenta gives a similar methodology in Elements of Econometrics, to deal with autoregression in time series analysis.
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Ui =  +  * DDi() + ei



Where;



Ui 
=  average daily consumption in interval i.



DDi()   =  average degree days in interval i, based on reference temperature .



,
 =  parameters to be estimated to minimize e.



e
 =  a  random error term. 



_981176962.doc

Ui =  0 +  1 * HDDi( 1) +  2 * CDDi( 2) + ei





Where:



Ui
  =
The electric usage during cycle i.



HDDi( 1)=
The heating degree days based on reference temperature  1, during cycle i. 



CDDi( 2)=
The cooling degree days based on reference temperature  2, during cycle i.



 i                  =
The coefficients to be estimated to minimize the error term.



ei                    =
The error in predicting U.
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NACpost,i
= (0 + (1 NACPre,i + (2 Pi + (i








Where:




NACpost,i =  Post Installation Normalized Annualized Consumption for customer i




NACpre,i  = Pre Installation Normalized Annualized Consumption for customer i




Pi              = Participation Indicator Variable or Engineering Estimate of Savings


(i
     =  Prediction error



_962696441.doc
NAC=365*+*DDo()



Where:      



DDo is the number of degree days expected in a typical year.
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Sraw=NACPre-Program - NACPost-Program 



