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Improved Calibration for End-Use Models
This approach is designed to provide a more accurate backcast (and thus forecast) for the residential and commercial end-use models by adjusting estimated totals at the end-use level for the historical period so that the yearly sums better match QFER consumption. These adjustments would then be continued into the forecast period. The example below uses the residential sector.
In order to provide a reasonable adjustment to the end use totals for each year, including the forecast years, we will require:
· Regressions that tie end use totals to QFER consumption over the historical period, with the regression results used to forecast this relationship into the future.
· A way of allocating the yearly differences, both historical and forecasted, between the regression-based estimates and the totals coming from the residential model among the various end uses.
The most obvious candidate for these regressions is the ordinary least-squares approach for each planning area/forecast zone, where the QFER electricity consumption totals would be regressed on all of the individual electric end-use estimates from the Residential Model, or a smaller set where the end uses are aggregated to some degree, as used in this analysis and shown in Table 1.[footnoteRef:1] Unfortunately, high correlation among the end uses, as shown in Table 2 for the PG&E planning area residential sector, precludes use of this simpler approach. Multicollinearity among the independent variables (end uses) severely inflates the coefficient standard errors and yields unreliable “nonsense” coefficients. While the regression provides a good fit for the historical period, projections quickly begin to become unrealistic, even negative in some cases. This means that we need a method to overcome the multicollinearity issue and develop more precise adjustments for the individual end uses. For this purpose, we are using a principal components analysis (PCA). [1:  Aggregation to some degree is required since the total number of electric end uses is higher than the number of observations (2003-2023).] 




Table 1: End-Use Aggregations Used in This Analysis
[image: A table showing the names and descriptions of groups of similar end uses.]

Table 2: End-Use Correlations for 2003-2023, PG&E
[image: A table showing high correlation between many of the end use groups.]

Step 1: Principal Components Analysis
A PCA is designed to reduce the number of dimensions (explanatory variables in our case) to a smaller number of variables that retain most of the original information. In other words, a PCA transforms correlated variables into a smaller set of uncorrelated variables, called principal components.
More specifically, a PCA first computes the eigenvalues and eigenvectors of the covariance matrix of the explanatory variables, with the eigenvalues providing a measure of the variance captured by its corresponding eigenvector, or principal component.
[image: An image of text explaining the definition of eigenvalues and eigenvectors.]
A proper PCA requires many data points (more than the 21 we have for each planning area), so we combine all of the planning areas into the analysis. First, the data for each end use must be standardized, that is, the mean of the planning area subtracted off and this quantity divided by the planning area’s standard deviation. Using STATA, the PCA results look like this (with an “s” added to the end use names to denote standardized):
Table 3: Results of PCA Analysis
[image: An image of text output from Stata showing the results of the PCA.]
The top part of the table shows the eigenvalues of the covariance matrix (one for each variable), along with the proportion of variance attributed to each component, and the bottom part provides the components, or eigenvectors. The typical “rule of thumb” for a PCA is to choose the number of components that correspond to eigenvalues above one, in this case three. 
Step 2: Create Preliminary End-Use Weights
Next, we form three new variables for the three chosen components using the eigenvector values (using the STATA command):
. gen pca1=.3710* coolings+.2320* refridgefreezs`+.2411* furnacefans+.3712* heatings-.3060* lightings+.3614* miscs+.3421* others+.2129* poolhottubs+.2190* tvcompoffs-.2042* washdrys+.3693* waterheats
 . gen pca2=-.0360* coolings+.4195* refridgefreezs+.1258* furnacefans-.1537* heatings+.3495* lightings-.2215*miscs-.0075* others+.4707* poolhottubs+.5* tvcompoffs+.3747* washdrys-.0023* waterheats
. gen pca3=-.0692* coolings-.1747* refridgefreezs-.6770* furnacefans+.1153* heatings-.2596* lightings+.1072*miscs+.2821* others+.1482* poolhottubs+.0331* tvcompoffs+.5451* washdrys+.1205* waterheats
We can now use these constructed variables in a regression (with QFER also in standardized form) to create weights for each end use since we have created orthogonal explanatory values:
Table 4: Correlation Among PCA Constructed Variables and Resulting Regression
[image: An image of text output from Stata showing no correlation between the first three components of the PCA Results.]
Table 5: Regression of PCA Components
[image: An image of text output from Stata showing the results of regressing QFER data on the first three components of the PCA Results.]
Corresponding coefficients, or unadjusted weights, for each end use are calculated by multiplying the coefficients for pca1, pca2, and pca3 by the corresponding principal component term for each end use. For example, the calculated unadjusted weight for coolings is:
0.3041×0.3710 + 0.1394×-.0360 + -0.1306×-.0692 = 0.1168.
Our goal is to develop weights for each end use to apply to the difference between the econometric prediction described below and the sum of the end use totals from the Residential Model by year for each planning area. Therefore, the preliminary end-use weights need to be normalized to one, as shown in the table below.
Table 6: Preliminary PCA Weights by End Use
 [image: A table showing the original and normalized weights for the end use groups.]

Step 3: Use PCA Results to Forecast Adjusted Residential Consumption
Next, we need to develop a forecast for residential consumption upon which to apply to weights from Step 2. We can use the same formulation as shown above for pca1, pca2, and pca3 but substituting the non-standardized (actual) values of the end uses and then regress QFER residential consumption on these newly created variables. That is, regress QFER on the following variables (Using the STATA command):
. gen pca1(ns)=.3710* cooling+.2320* refridgefreez`+.2411* furnacefan+.3712* heating-.3060* lighting+.3614* misc+.3421* other+.2129* poolhottub+.2190* tvcompoff-.2042* washdry+.3693* waterheat
 . gen pca2(ns)=-.0360* cooling+.4195* refridgefreez+.1258* furnacefan-.1537* heating+.3495* lighting-.2215*misc-.0075* other+.4707* poolhottub+.5* tvcompoff+.3747* washdry-.0023* waterheat
. gen pca3(ns)=-.0692* cooling-.1747* refridgefreez-.6770* furnacefan+.1153* heating-.2596* lighting+.1072*misc+.2821* other+.1482* poolhottub+.0331* tvcompoff+.5451* washdry+.1205* waterheat
Here, ns denotes the non-standardized version of pca1, pca2, and pca3.[footnoteRef:2] [2:  Note that these three variables will not be orthogonal as in Table 4, but are not nearly as correlated as for the end uses as shown in Table 2, thus allowing for a reasonable, coherent forecast as we will see below.] 

Table 7 shows the results from this regression for the PG&E planning area, and Figure 1 compares historical QFER residential consumption with the sum of the end uses coming from the Residential Model and the new fitted curve developed from the regression results.
Table 7: Non-Standardized Version of PCA Regression for PG&E
[image: An image of text output from Stata showing the results of regressing QFER data on the non-standardized components of the PCA Results.]
Figure 1: Non-Standardized PCA Regression Results for PG&E
[image: A line chart comparing historical QFER data, the end use model, and the regression results for electricity consumption in the PG&E planning area.]

As Figure 1 shows, the regression predictions bring us much closer to QFER compared to the Residential Model output. To develop the final end-use weights for each planning area or forecast zone, we need to account for the relative sizes of the end uses in each region (given the preliminary weights were developed using standardized variables[footnoteRef:3]) by multiplying the preliminary weights by the ratio of the region’s standard deviation of electricity use for each end use divided by the standard deviation of total regional residential consumption[footnoteRef:4] and then renormalizing the sum to one. Table 8 shows the calculations for the PG&E planning area to derive the final weights. [3:  Without this step, we could end up with negative amounts of some end use that uses little energy.]  [4:  This follows because coefficients estimated using standardized variables can be translated to coefficients for unstandardized data by multiplying the former coefficients by the standard deviation of the appropriate variable (unstandardized) divided by the standard deviation of the dependent variable.] 

Table 8: Final Weights for the PG&E Planning Area
[image: A table showing the final normalized weights for the end use groups.]
 
Step 4: Adjust End Uses for Improved Backcast
Table 9 shows the differences between the regression predictions for PG&E and the Residential Model output for 2003-2023. End-use totals would then be adjusted in each year by multiplying the appropriate final weight by the difference shown in Table 9. Table 10 shows the weight applied to the PG&E cooling end use for 2003-2023, and Figure 2 provides a graph of the results.

Table 9: Regression Predictions, Sum of Modeled End Uses from Residential Model, and Differences for PG&E Planning Area (GWh)
[image: A table comparing the end use model and the regression results for electricity consumption in the PG&E planning area.]

Table 10: Adjustment to PG&E Cooling End Use (GWh)
[image: A table comparing the end use model and the adjustment for a single end use group (cooling) in the PG&E planning area.]
Figure 2: Model Output and Adjusted Cooling End Use, PG&E

Step 5: Develop Adjusted Forecast and Apply End-Use Weights
The process for adjusting the forecast for each planning area is similar, with the forecast equal to the sum of the projected end-use totals from the Residential Model. Figure 3 shows historical QFER residential consumption for PG&E, Residential Model totals for the historical and forecast period, and an adjusted forecast developed from the results in Table 7.
Figure 3: Historical and Projected Residential Consumption, PG&E

The final end-use weights from Table 8 would then be applied to the differences between the forecast Residential Model output and the regression predictions, as in the historical case above.
Note that this example is illustrative in the sense that the actual application of this method will first require the proper adjustments to the QFER data and the Residential Model output (e.g. EV use, efficiency programs, weather adjustments). Also, the adjusted forecast would still require scaling to the last historical year.
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Quick Refresher: Eigenvalues and Eigenvectors   Suppose we have an  n×n   square matrix  A . Then a vector of  n   eigenvalues  λ   is calculated using the formula    Determinant  of A - λ I = |A - λ I| = 0 ,   Where  I   is an identity matrix of order  n   and   λ   is a vector of size  n .   Solving this equation for  λ   gives  n   eigenvalues  λ 1 …λ n .   The  corresponding eigenvectors  v i   are calculated using the equation   ( A - λ i I ) v i   =  0.   Along with PCA, eigenv alues and  eigenvectors have a variety of applications ,   in fi elds like vibration analysis, electric circuits, and  quantum mechanics.  
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Estimated 

Coefficient

Normalized 

Coefficient

coolings 0.1168 0.1293

refridgefreezs 0.1519 0.1681

furnacefan 0.1793 0.1985

heatings 0.0764 0.0846

lightings -0.0104 -0.0115

miscs 0.0650 0.0720

others 0.0662 0.0732

poolhottubs 0.1110 0.1229

tvcompoffs 0.1320 0.1461

washdrys -0.0810 -0.0897

waterheats 0.0963 0.1066

sum of coefficients 0.9033 1.0000
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Figure 1: PG&E Regression Results
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A. Normalized 

Coefficient

B. STDEV End Use / 

STDEV Total 

Consumption A×B

Final 

Normalized 

Weight

cooling 0.1293 0.2088 0.0270 0.1271

refridgefreez 0.1681 0.0951 0.0160 0.0752

furnacefan 0.1985 0.0342 0.0068 0.0320

heating 0.0846 0.2831 0.0239 0.1126

lighting -0.0115 0.7253 -0.0084 -0.0394

misc 0.0720 1.2741 0.0917 0.4315

other 0.0732 0.1450 0.0106 0.0499

poolhottub 0.1229 0.0961 0.0118 0.0556

tvcompoff 0.1461 0.2048 0.0299 0.1408

washdry -0.0897 0.0867 -0.0078 -0.0366

waterheat 0.1066 0.1024 0.0109 0.0513
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Regression Prediction Sum of End Uses Difference

2003 29,897                                 29,169                     728                        

2004 30,397                                 29,719                     677                        

2005 30,942                                 30,349                     593                        

2006 31,444                                 30,969                     475                        

2007 31,864                                 31,471                     393                        

2008 32,200                                 31,862                     337                        

2009 32,469                                 32,168                     301                        

2010 32,413                                 32,210                     204                        

2011 32,295                                 32,205                     90                          

2012 32,098                                 32,023                     76                          

2013 31,996                                 32,065                     (69)                         

2014 31,891                                 32,102                     (211)                      

2015 31,790                                 32,148                     (358)                      

2016 31,692                                 32,201                     (509)                      

2017 31,591                                 32,250                     (659)                      

2018 31,502                                 32,318                     (816)                      

2019 31,423                                 32,405                     (983)                      

2020 34,418                                 35,036                     (618)                      

2021 34,248                                 34,871                     (624)                      

2022 34,079                                 34,731                     (652)                      

2023 33,940                                 34,622                     (682)                      
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Year

Cooling from 

Residential 

Model

Difference (from 

Table 8)

Adjustment 

(weight=0.1271) % Change

2003 2,497                     728 93 3.71%

2004 2,561                     677 86 3.36%

2005 2,624                     593 75 2.87%

2006 2,678                     475 60 2.25%

2007 2,718                     393 50 1.84%

2008 2,745                     337 43 1.56%

2009 2,763                     301 38 1.39%

2010 2,781                     204 26 0.93%

2011 2,792                     90 11 0.41%

2012 2,800                     76 10 0.34%

2013 2,810                     -69 -9 -0.31%

2014 2,819                     -211 -27 -0.95%

2015 2,830                     -358 -46 -1.61%

2016 2,842                     -509 -65 -2.27%

2017 2,855                     -659 -84 -2.93%

2018 2,871                     -816 -104 -3.61%

2019 2,889                     -983 -125 -4.32%

2020 3,310                     -618 -79 -2.37%

2021 3,305                     -624 -79 -2.40%

2022 3,299                     -652 -83 -2.51%

2023 3,293                     -682 -87 -2.63%
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End Use Aggregation Description

cooling all air cooling uses

furnacefan furnace fans

heating all air heating uses

tvcompoff televisions, computers, home office equipment

poolhottub pool and hot tub-related uses

refrigfreez refrigerators, freezers

washdry clothes washers and dryers

waterheat water heating 

lighting all lighting

misc miscellaneous, includes smaller plug loads

other all other end uses, including cooking
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cooling furnacefan heating tvcompoff poolhottub refrigfreez washdry waterheat lighting misc other

cooling 1.0000

furnacefan 0.9054 1.0000

heating 0.9363 0.7171 1.0000

tvcompoff 0.3555 0.3765 0.1467 1.0000

poolhottub 0.0234 0.0683 -0.1693 0.9009 1.0000

refrigfreez 0.4523 0.2511 0.9010 0.8300 1.0000

washdry -0.9007 -0.8405 -0.8977 0.0267 0.3567 -0.0329 1.0000

waterheat 0.9561 0.7729 0.9927 0.1421 -0.1953 0.2588 -0.9223 1.0000

lighting -0.7682 -0.4884 -0.9378 0.1158 0.3888 0.0540 0.8399 -0.9087 1.0000

misc 0.9137 0.7148 0.9886 0.0284 -0.2768 0.1293 -0.9375 0.9829 -0.9555 1.0000

other 0.9130 0.6561 0.9877 0.2255 -0.0623 0.3349 -0.8226 0.9676 -0.9213 0.9597 1.0000


