


 



 

Abstract 

Energy efficient technologies are a major tool for reducing electricity usage as well as 

greenhouse gas emissions.  Nevertheless, serious market barriers impede the diffusion of these 

solutions.  Many utilities offer programs and incentives to surmount these barriers.  However, 

few empirical studies exist that quantitatively document the impacts of such initiatives.  This 

project investigates a utility rebate program aimed at encouraging the adoption of domestic solar 

hot water (DSHW) systems in northeast Florida residences.  Four years of household 

consumption, temperature, and one year of block group level demographic data is analyzed using 

multiple and multilevel, or hierarchical, regression analysis techniques.  Four estimators are 

developed to estimate the causal impact of the program.  The first estimator utilizes a random 

selection of non-participating households within the utility’s service territory and a subset of 

participating households for that year to establish control and treatment groups.   The remaining 

estimators represent a random effects model, a fixed effects model, and a mediating multilevel 

model of the causal effect of the program for the years 2003 through 2006, respectively.  These 

latter models derive control and treatment groups from pre- and post-treatment cohorts of 

program participants.  Each estimator exhibits particular strengths and weaknesses.  In aggregate, 

they provide a bound for the average impact of DSHW technology on monthly household 

electricity consumption.  The results of this analysis indicate a direct causal relationship between 

the adoption of DSHW and energy savings.  In particular, it estimates a statistically significant 

reduction in monthly electricity consumption ranging from 71 to 118 kWh for the average 

household, corresponding to 3-8% of total usage.  Finally, economic and environmental policy 

implications of these results are considered and indicate that financial incentives as well as other 

strategies are necessary to aid the diffusion of DSHW technologies.
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1. Introduction 
 

As demand for energy has recently shown signs of approaching available supply in sectors 

ranging from oil and gas to electricity, prices have increased and reliability has suffered.  

Increasing domestic dependence on energy imports in light of geopolitical instability has 

intensified attention to this trend.  In addition to ongoing imbalances of supply and demand, 

growing concern over the effects of greenhouse gas emissions are calling into question the 

addition of new carbon-intensive energy resources (S. Nadel, Geller, H., 2001).  Such energy 

challenges have yielded renewed interest in demand-side management (DSM) among utilities, 

regulators, and non-governmental organizations (U.S. Department of Energy, 2005b).1  DSM in 

the broadest sense is employed by utilities to control customer consumption of energy (Energy 

Information Administration, 1997).  Its attractiveness, in large part, consists of its positive effect 

on energy efficiency and the benefits it brings, including increased long-term supply of energy, 

diminished dependence on foreign suppliers, and reduced emissions of air pollutants adversely 

impacting health and climate (Loughran, 2004).   

Experience, however, has identified important barriers to successful implementation of energy 

efficiency policies, such as DSM.  The barriers are cross-cutting, affecting consumers, producers, 

as well as third-parties such as financial institutions, governments, and NGOs.  Among energy 

consumers, barriers take the form of lack of knowledge about energy efficiency and its costs and 

benefits, heightened sensitivity to the higher first costs of efficient devices, indifference to 

opportunities to save energy, lack of an easily accessible energy services market, or uncertainty 

about future prices of energy (Reddy, 1990).  Supporters of DSM and other energy efficiency 

policies have long advocated financial incentives to overcome the barriers faced by energy 
                                                 
1 Demand-side management refers to programs deployed by electric utilities to modify the end-use of electricity. 
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consumers.  Loan programs, tax breaks, and rebates are all presently used by governments, from 

Federal to local, as well as by utilities across the United States (Database of State Incentives for 

Renewable Energy [DSIRE], 2006).  Despite widespread use, the relationship between financial 

incentives and DSM, though assumed positive, has not been extensively studied.  Further, such 

incentives, and rebates in particular, have been criticized.  In particular, they may not actually be 

cost-effective and may further exacerbate market barriers (Fairey, 2006; Switzer, 2002).  In light 

of such concerns, a successful DSM or energy efficiency incentive program would lead to energy 

savings and other benefits in excess of investment.   

This paper examines one particular DSM incentive program for residential electricity customers.  

The program, administered by a municipal electricity utility, offered fixed and variable rebates to 

ratepayers installing domestic solar hot water (DSHW) systems in their residences.  The rebate 

was expected to lower the cost of the system to the ratepayer, but was actually paid to local 

contractors, who marketed, installed the system, as a means of encouraging a local market for 

such energy services.  Once installed, the DSHW system was expected to reduce the ratepayers’ 

absolute consumption of electricity.  Thus, the central research question of this analysis is 

whether the solar hot water incentive program reduces kilowatt-hour consumption.   A second 

question, whether or not the incentive actually lowers the cost of the technology or increases 

adoption rates over the long-term, is beyond the scope of this study.  Accordingly, this analysis 

will focus on calculating the impact of the incentive program on electricity consumption.  This 

study employs statistical methods to measure treatment effects by regressing electricity usage on 

program participation, while controlling for the effect of weather and demographic variables.  

The goal of such an analysis is to quantitatively assess the effectiveness of DSHW as a DSM 

technology.  The results will hopefully facilitate utility planning regarding DSM programs 
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involving DSHW.  It will also hopefully shed light on the role of incentives, such as rebates, in 

such programs.   

The remainder of the paper will examine DSM barriers and incentives in general and in light of 

the DSHW program implemented in northeast Florida.  Section 2 discusses the motivations for 

DSM and energy efficiency incentives in particular.  Section 3 reviews previous studies of DSM 

incentives and evaluations of DSHW programs in particular.  Section 4 outlines the incentive 

program implemented by JEA in northeast Florida.  Section 5 introduces the data, while section 

6 describes the methods used in the analysis.  Section 7 documents the results of the analysis 

performed on the data.  Finally, section 8 offers conclusions and explores some policy 

implications of this work.   

 

2. Demand-side Management, Solar Hot Water, and Incentives 
 

Demand-side management refers to programs deployed by electric utilities to modify the end-use 

of electricity.  DSM is attractive to utilities and their stakeholders alike owing to the great 

potential for DSM to reduce energy consumption and pollution.  Estimates of the technical 

potential of DSM to reduce consumption range from 24 to 70% (S. Nadel, 1992).  Present DSM 

policies reduce carbon emission by 231 mmtCO2e annually (Gillingham, 2004).  Further, 

evaluations of Utility DSM programs have tended to show that they cost less than a utility’s 

long-term avoided costs.  As a result, such programs have become cost-effective means for 

energy suppliers to meet the ever-increasing demand for power.  Other rationales for utilities to 

pursue DSM include customer satisfaction and regulatory mandates (S. Nadel, Geller, H., 1996). 
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DSM activities fall into three broad categories, which can overlap.  Conservation programs aim 

for absolute reductions in electricity consumption through the use of energy-efficient 

technologies.  Load management programs focus on reducing demand, or load, during periods of 

peak power consumption using price signals or through direct control of the consumption of end-

users.  Load management may also include programs that increase power demand or shift 

demand, for example, during off-peak times (Energy Information Administration, 1997).  Energy 

information services, finally, provide consumers with education or detailed feedback on energy 

use that is aimed at changing consumption behaviors.  For instance, fact sheets or brochures 

detailing energy-saving techniques may be distributed to end-users, or historical comparisons 

and projections based on present usage patterns may be communicated via monthly bills or 

advanced meters.  Such services are often used to complement conservation and load 

management programs (Darby, 2001). 

Within the category of conservation programs, utilities generally employ a strategy of resource 

acquisition or market transformation.  A utility pursuing resource acquisition provides programs 

that meet demand at a lower cost than adding new generation capacity.  Market transformation, 

on the other hand, attempts to encourage the free market to provide energy-saving services in 

lieu of the utility (Blumstein, 2003).  Under resource acquisition, DSM has traditionally been 

viewed in the context of utility integrated resource planning (IRP) processes in which the energy-

saving programs are viewed as a resource option roughly commensurate with the construction of 

new power plants.  Such an approach is usually accompanied by financial incentives, such as 

loans or rebates in order to boost program participation.  As a result, such a strategy can be 

expensive for utilities.  Market transformation seeks to alter private markets for energy-

efficiency services such that they become the norm over time and ultimately do not require 
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financial incentives.  Under this framework, 100% participation rates are theoretically 

achievable.  Unlike a resource acquisition model, regression to lower levels of efficiency, for 

instance, after the discontinuation of financial incentives, is not a concern.  Such an approach 

also tends broaden the focus of DSM programs beyond end-users to manufacturers and 

distributors, for example.  Market transformation also carries the benefit of low long-term costs 

for the utility (S. Nadel, Geller, H., 1996).   

Whether resource acquisition or market transformation is applied, DSM programs aimed at 

residential energy conservation have generally attempted to encourage the purchase of energy-

saving appliances or products (Energy Information Administration, 1997).  Since water heating 

is the second single greatest source of household energy usage after cooling and heating systems, 

accounting for approximately 13 to 21% of residential electricity use, it is often seen by utilities 

as a major target for efficiency gains (Energy Information Administration, 2002; Masiello, 2000; 

U.S. Department of Energy, 2005a).  Efficiency standards for water heaters were first established 

as recently as 1990.  Minimum standards were raised in 2004.  Presently, the most efficient gas-

fired storage water heaters have an efficiency factor (EF) of about .7, while the most efficient 

electric storage water heaters have an EF of about 1.0.  The EF is a measure of hot water 

produced per unit of fuel consumed, so the higher the EF, the higher the efficiency of the unit.  

The most efficient DSHW systems have an EF of nearly 5 (U.S. Department of Energy, 2005a).   

Yet despite the conservation potential of DSHW and other appliances, underinvestment in 

energy efficiency is endemic due to a variety of market barriers, including the high first cost of 

energy efficient technologies, lack of information on energy saving opportunities and programs, 

and lack of awareness of life-cycle cost differences between technologies (U.S. Department of 
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Energy, 2005b)   Such barriers are intensified in the case of solar technologies.  In general, the 

first cost of solar products is high, applications are often new and less well known, or else “high-

tech” and hard to understand, and the markets supplying solar products are often small and 

immature relative to conventional energy applications.  For instance, approximately 67,000 U.S. 

solar installations were completed in 2005, less than a quarter of which represent DSHW 

installations.  Meanwhile, over 9 million conventional water heaters were shipped during the 

same year (U.S. Department of Energy, 2005a).  The market for grid-connected photovoltaic and 

solar pool heating installations has grown by 52% and 13% since 2001, while the DSHW market 

has shown little growth since 1997.  Growth in the former markets has been attributed to 

financial incentives in the few states that dominate the national market (7 states account for 96% 

of the installed photovoltaic capacity).  Within the DSHW sector, Hawaii accounts for 41% of 

installations and presently offers substantial utility rebates and tax incentives for adoption of this 

technology (Sherwood, 2006).2  Accordingly, as with many other programs encouraging the use 

of energy-efficient products or appliances, financial incentives are employed and may even be 

necessary to increase the adoption of DSHW. 

Financial incentives for DSM program participation range from low-to-zero interest loans, to 

grants, and to rebates.  Rebates are the most common.  In theory, by lowering the first-cost of 

energy-efficiency measures, financial incentives encourage their adoption.  There is also 

speculative evidence that there are non-financial elements of such incentives that can foster 

adoption of a desired technology, including how they are promoted and the trustworthiness of 

the inventive provider (Stern, Berry, & Hirst, 1985).  Despite this, evidence for the 

effectiveness of financial incentives for energy efficiency is not well established (Eto, 1996; 
                                                 
2 Hawaii also has the nations highest electricity prices as of December 2006 (Energy Information Administration, 
2007) 
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S. Nadel, Geller, H., 1996; Stern, Berry, & Hirst, 1985).  Evidence for the effectiveness of 

low-interest loans and even zero-interest loans suggest that these instruments have not been 

very effective.  Evaluations of rebate programs are more mixed with some programs proving 

cost-effective as well as having major impacts on energy consumption.  In other cases, 

programs have struggled to attract participants and achieve measurable savings at a 

reasonable cost.  Performance in the residential sector has been particularly inconclusive 

(Eto, 1996; S. Nadel, Geller, H., 1996).   

Given the importance of encouraging resource acquisition and market transformation in energy 

efficiency programs to utilities and their stakeholders, it is important to evaluate the effectiveness 

of energy efficiency incentive programs.  Since they are widely used by utilities, as well as all 

levels of government, the lack of data on the effectiveness of financial incentives for energy-

efficiency is of particular concern.  Further, with respect to an advanced technology with high 

upfront costs such as DSHW, it is important to know whether an incentive program produces 

cost effective and quantifiable energy savings.   

 

3. Prior Studies of Domestic Solar Hot Water Systems and DSHW Incentive Programs 
 

Evidence for the impact of DSHW incentive programs on consumption and market indicators is 

very limited.  Few empirical evaluations have been completed or made publicly available.  

Anecdotal evidence is also scarce.  This is consistent with a lack of ex-post analyses of 

conservation programs in general (Gillingham, 2004).  One possible reason for the lack of 

research on DSHW programs is the small number of programs that have been conducted on a 
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large scale.  Solar installations are predominately a regional phenomenon concentrated in five 

U.S. states or territories, including Hawaii, Puerto Rico, California, Florida and Arizona, all of 

which have offered incentives.  Accordingly, the number of installations is relatively small.  One 

estimate suggests only 65,000 installations were made between 1998 and 2005 (Sherwood, 

2006). 

A handful of engineering analyses of the technical potential of DSHW to reduce consumption 

have been conducted.  In Florida, estimates of the effect of DSHW on electricity consumption 

may range from reductions of 8 – 10% (Danny Parker, Florida Solar Energy Center, personal 

communication, September 1, 2006).  In a study of 80 single-family residences over a two year 

period, electrical use of DSHW systems was estimated to average 2.7 kWh per day, while electric 

resistance systems averaged 8.3 kWh (Merrigan, 1990).  This is consistent with about a 14% 

decrease in consumption, given the study’s assumption that water heating accounts for 21 of 

residential electricity consumption in Florida.  A large study by Florida Power Corporation (now 

Progress Energy Florida) estimated daily consumption of DSHW units at 3.11 kWh per day and 

electric resistance units at 7.69 kWh day (Bouchelle, 2000).  This is consistent with about an 8% 

decrease, given the assumptions of the study.   

The Solar Weatherization Assistance Program (SWAP), a joint effort of the U.S. Department of 

Energy, the Florida Department of Community Affairs, and the Florida Solar Energy Center 

(FSEC), utilized state grant money to provide DSHW installations to low-income families as a 

means of lowering their monthly expenses.  FSEC installed additional monitoring equipment at 

35 of the participating households to gather pre- and post-installation data.  Utility billing data 

was also analyzed for 275 homes.  Among the 35 directly monitored homes, average energy 
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consumption for the year prior to installation of the DSHW unit was 3200 kWh/system, while 

average energy consumption for the year after installation was 1500 kWh/system.  Average 

savings were 1600 kWh/year-system, or about 4.4 kWh/day-system.  A statistical analysis of 

utility billing data of 275 participating residences estimated a mean savings of 878 kWh/year-

system, or 2.4 kWh/year-system though the variance of the estimates were high both state-wide 

and across regions.  Total residence electricity used to heat water fell from 21% to 11% 

(Harrison, 1998).   

In 1997, Lakeland Electric, a municipal utility in central Florida initiated a solar thermal billing 

program, a variation on utility pricing programs that charge a premium for electricity generated 

from renewable energy.  Instead of using incentives to encourage the purchase of DSHW units, 

the utility installed 29 DSHW units free of charge, but retained ownership rights to the 

equipment.  Participants were then billed for solar-heated water consumed in equivalent kWh per 

day.  Thus, participants received renewably-sourced electricity, without paying a premium.  

Evaluation of the first year of the pilot program estimated that solar energy supplied 55% of 

water heating energy consumed, while 61% was supplied over the course of the second year.  

These results are consistent with about a 6-7% reduction in total home consumption, based on 

program estimates of total home consumption of 57 kWh per day per house (Colon, 2002). 

 

4. The Domestic Solar Hot Water Program in Northeast Florida 
 

JEA, a municipal water, sewer and electric utility in northeast Florida, initiated a solar incentive 

program in 2002 to encourage domestic and commercial use of photovoltaic systems (PV), solar 
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pool heaters, and DSHW.  While the PV and pool heater incentives were eventually phased out, 

the DSHW has continued.  Presently, it is the longest running DSHW incentive program in the 

state and, through October of 2006, has resulted in nearly 300 residential and commercial 

installations of DSHW systems.  Program participation peaked in 2004 when over 100 units were 

installed in JEA’s service territory.  Presently, the program attracts more than 50 participants per 

year.  The solar incentive initially offered a rebate towards the purchase of a DSHW unit based  

Figure 1: Program participation February 2002 through October 2006 

 

on the square footage of the installed solar collectors.  Theoretically, this afforded the incentive 

features of a performance-based incentive, since larger solar collectors can be expected to 

provide more energy from the sun, requiring less electricity use; however the actual energy 

savings of an installation was never measured.  The incentive was later amended in 2005 to a flat 
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rebate of $800.  Thus, the incentive is appropriately considered to be cost-based.  To date, no 

attempt has been made to quantify the energy savings resulting from the program. 

While the program exhibits characteristics of a DSM program aimed at resource acquisition, the 

program also has a strong market transformation component.  This was desirable because DSHW 

can be viewed as an advanced technology carrying a substantially higher price than conventional 

applications.  Accordingly, JEA sought to encourage a local market of DSHW service providers 

to increase the penetration of the technology into its service territory and lower the first cost of 

the technology via market forces.  To accomplish this, the utility developed a list of authorized 

vendors and installers of DSHW systems.  Only these vendors were eligible to participate in the 

program.  Further, unlike typical financial incentive programs, the rebate was offered to the 

approved vendors, rather than ratepayers.  Besides encouraging the local market, this approach 

created an incentive for vendors to perform high-quality work, since the utility could bar poor-

performing vendors from participation in the program.  It was also administratively simpler.  The 

vendors were then expected to pass the value of the rebate on to customers in the form of 

reduced prices.  The program was advertised to the utility’s customers through bill inserts and 

via its website.  It was expected that local vendors would also market the program to potential 

clients.  (Kim Owens, JEA, personal communication, 2006).   

Two types of DSHW systems have dominated installations in the program.  The active indirect 

system (AIS), as its name implies, is considered an “active” system.  It is so named because it 

makes use of an electrical pump that circulates a fluid from the solar collector (where it is 

heated) to a storage tank.  In an “indirect” active system, this fluid is not potable water.  Instead 

the fluid heated by the sun is pumped through a heat exchanger, transferring the heat from the 
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fluid to the potable water housed in the storage tank.  Thus, potable water is heated indirectly.  

These precautions permit DSHW technologies to function in regions at risk of temperatures 

below freezing, as is the case in northeast Florida.  The integral collector and storage (ICS) 

system, the second predominant technology in the program, is considered “passive” because it 

does not require electric pumps to assist the circulation of water through the system.  It can also 

be considered “direct” since potable water heated in the solar collector is used in the household 

and no heat exchange is required.  The thermal mass of the large volume of water housed in the 

solar collector protects against freezing in the ICS unit.  Both systems include safety features that 

can disable the units in response to extremely cold temperatures (Florida Solar Energy Center, 

2007).  Nearly 62% of all installed systems in JEA’s program through October 2006 were of the 

AIS variety, while about 22% were ICS systems.3   

 

5.Data 
 

Program data used in this analysis was obtained from JEA.  JEA maintains a program database 

that tracks the name and address of program participants, DSHW system characteristics, 

including system type, date of installation, cost of the installation, amount of the rebate issued 

and identity of the vendor responsible for the installation.  It does not directly meter (i.e. 

“submeter”) the consumption attributable to the installed DSHW units.  Of course the utility does 

meter monthly electricity consumption at the household level for all of its ratepayers for billing 

purposes, but before this study, such data had not been systematically matched with data from 

the solar incentive program database.  I used the addresses of the solar installations collected in 
                                                 
3 The type of system could not be determined for 16% of installations.  It is very likely that these systems were 
either AIS or ICS systems.   
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the program database and matched them to account numbers using JEA’s billing database.  

Monthly electricity consumption in kilowatt-hours (kWh) was then obtained for the participating 

addresses from JEA’s billing data archives.  Consumption data was available from July 20034 

through October 2006 (the month in which the data was obtained), and was matched to 

participating addresses, creating a longitudinal data set comprised of 9000 observations of 

monthly electricity consumption data for 255 program participants.5  A dummy variable was 

then created to measure the effect of program participation on monthly electricity consumption.  

The variable assumes a value of 1 for the month in which the DSHW unit was installed, as well 

as all months thereafter; it assumes a value of 0 for the periods prior to installation.  A t-test 

comparison of electricity consumption for program participants before and after installation of a 

DSHW unit (Table 1) shows a statistically significant decrease in consumption of 129 kWh at 

less than the 1% level.  However, such a statistical test is merely suggestive.  It does not control 

Table 1: Mean comparison of program participant’s consumption 
 

Variable Pre-treatment Post-treatment Difference t 
     

2052 1923 -129 5 Consumption 
(kWh) (24) (16) (29)   

for other variables that might impact usage.  Accordingly, it is likely to be biased.  A more 

sophisticated statistical analysis, which controls for influential covariates, is required to estimate 

an unbiased treatment effect.   

 In order to investigate and control for the effects of observable variables on monthly electricity 

consumption, a dataset of covariates was assembled.  JEA’s program database does not include 

                                                 
4 Information was not available prior to July 2003 due to corruption of the archived data. 
5 Billing data was not available for each program participant.  For instance, it was not possible in every case to 
match an address to an account number.  Further, in some instances, account numbers did not return any billing data. 
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demographic or environmental variables,6 nor does its billing database.  Further, time and 

resources were not sufficient to conduct a survey of program participants.  Instead, demographic 

data was obtained from the 2000 Decennial U.S. Census.  The lowest level of aggregation 

available for the demographic data obtained from the Census was the block group level.7.  These 

variables include: median household income in 1999, average household size (i.e. the average 

number of household residents), median number of rooms per house, median value of owner-

occupied housing units, median selected monthly housing costs as a percentage of household 

income in 1999, and educational attainment.  Census data were matched to program participants 

by geocoding the address of the installation, available from JEA’s program database.8  Addresses 

were geocoded based on TIGER/Line data made publicly available by the U.S. Census Bureau.  

TIGER/line data files were also obtained for the Census tracts and block groups in JEA’s service 

territory.  Using GIS to process the TIGER/Line data, geocoded addresses were matched to their 

respective census tracts and block groups.  The Census variables described above where then 

obtained and matched to program participants by block group.  Figure 2 maps the spatial 

distribution of participating households within JEA’s service territory  The service territory 

comprises most of Duval County, and small northerly portions of St. Johns and Clay Counties.   

Temperature data for the region was obtained from the National Oceanic and Atmospheric 

Administration’s National Climatic Data Center.  In particular, local climatological data, 

including average dry bulb temperature, heating degree days, and cooling degree days data for 

Jacksonville, Florida from 2002 to 2005 and the first 10 months of 2006, were obtained.   

                                                 
6 JEA is presently conducting a demographic survey of program participants.   
7 Blocks, as opposed to block groups, are the lowest level of aggregation, but the variables of interest were not 
available at this level. 
8 In this instance, “geocoding” refers to the conversion of addresses into latitude and longitude coordinates. 
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Finally, a control data set was obtained from JEA consisting of monthly electricity consumption 

(kWh) values for 2440 randomly selected households.  Unfortunately, this data set only covered 

the 12 months of 2004.9  Comparisons between this group of households and the  

Figure 2: Spatial distribution of participating households, February 2002 through October 
2006 

 

households participating in the solar thermal incentive program in 2004 are summarized in Table 

2.  While the spatial distribution of participating households in JEA’s service territory as 

depicted in Figure 2 appears somewhat even, Table 2 indicates that program participants are 

likely to differ significantly from a random sample of JEA ratepayers.  In particular, households 
                                                 
9 Control data covering a wider time frame were not provided. 
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in the random sample consume an average of 1515 kWh per month, while households 

participating in the solar incentive program in 2004 consume 1962 kWh per month.  Thus, 

households participating in the program in 2004 tend to consume between 396 and 498 more 

kilowatt-hours of electricity per month than the random sample.  These households also tend to 

have a higher income, more education, fewer and older inhabitants and larger and more 

expensive houses than the comparison group.10   

                                                 
10 These results are consistent with the preliminary findings of JEA’s direct survey of program participants.  
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Table 2: Mean comparisons of key variables, 2004 
 

Variable   Participants Non-participants Difference t 
      

 1962 1515 447 17.30 Monthly electricity consumption 
(kWh)  (25.23) (5.46) (25.81)  
      

 55,474.00 46,829.00 8,645.00 15.74 Median household income, 1999 
(USD)  (537.86) (110.66) (549.13)  
      

 18.38 18.49 -0.11 -2.18 Median monthly housing costs as a 
percentage of household income, 
1999 (USD) 

 (0.05) (0.02) (0.05)  

      
Average  household size  2.56 2.60 -0.04 -6.21 
  (0.01) (0.00) (0.01)  
      
Med. number of rooms  5.9 5.7 0.2 9.10 
  (0.02) (0.01) (0.22)  
      

 $125,259 $98,331 $26,928 19.83 Med. value of owner-occupied 
housing unit  (1326.54) (289.18) (1357.69)  
      
Total population  4978 3897 1081 11.91 
  (88.54) (20.17) (90.81)  
      
% pop. 25 years or greater  67.4 65.1 2.3 19.45 
  (0.11) (0.04) (0.12)  
      
% pop. ≥ 25 w/ no education  0.3 0.7 -0.4 -19.44 
  (0.02) (0.01) (0.02)  
      

 12.1 16.5 -4.4 -18.70 % pop. ≥ 25 w/ some education, 
less than high school diploma  (0.23) (0.07) (0.24)  
      
% pop. ≥ 25 w/ high school 
diploma 

 25.4 55.1 -29.7 -133.40 

  (0.22) (0.04) (0.22)  
      
% pop. ≥ 25 w/ some college  23.5 31.3 -7.8 -61.06 
  (0.12) (0.04) (0.13)  
      
% pop. ≥ 25 w/ bachelors degree  20.7 15.4 5.3 20.68 
  (0.25) (0.06) (0.26)  
      
% pop. ≥ 25 w/ advanced degree  9.7 7.0 2.8 16.75 
  (0.16) (0.04) (0.17)  
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6. Methods 
 

This study employs statistical methods to measure treatment effects by regressing electricity 

usage on program participation, while controlling for the effect of weather and demographic 

variables.  As Table 2 indicates, there are observable demographic differences among 

participants and non participants, but these variables may not control for all differences between 

the control and treatment groups or the differences between participants before and after 

treatment.  As Table 2 shows, participants have consistently higher monthly consumption levels 

than non participants.  Table 1 shows that participants have higher consumption levels before 

treatment than after.  Thus, any statistical analysis of these data must control for unobservable 

differences in the levels.  Such a differences-in-differences estimator assumes that in the absence 

of participation and treatment, the trends in outcomes would be the same for both participating 

and non-participating groups and pre- and post-treatment groups.  Given the stability of 

electricity prices and the economy as a whole over the period of the study, this assumption seems 

reasonable.  Finally, since changes in monthly consumption occur over time and consumption in 

one period may be correlated with consumption in the next, the analysis must also control for 

time effects. 

A data set was constructed that was comprised of the randomized control data, which was 

available for 2004, and a subset of the 2004 program data.  Using this data, a differences-in –

differences estimator of the form:  

εδββα ++++= TDmym 21                (1) 

is estimated, where ym is monthly electricity consumption; D is a dummy variable that takes a 

value of 1 if a household participates in the program and 0 otherwise; T is another dummy 
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variable that takes of a value of 1 in month m when a participating household installs a DSHW 

unit and every month thereafter, and 0 otherwise; and m is a factor variable for the 12 months of 

the year.  Differences across years are not controlled for since the data only spans 1 year.  If the 

assumptions of this differences-in-differences estimator are met, then the coefficient δ for the 

treatment variable, T, measures the treatment effect, or the monthly reduction in consumption 

attributable to program participation and installation of a DSHW unit. 

A strength of the above specification is its use of a randomized control group of non-participants.  

Thus, the treatment effect can be interpreted to be valid for JEA’s entire service area.  Both 

observed and unobserved differences are captured by the D term and are “differenced” out.  A 

drawback is that it only measures a treatment effect for 2004.  While this was the most active 

year of the program to date, nothing can be said about effectiveness of the program over its full 

life using this specification.  To get at such an estimate,  a different approach must be taken.  The 

complete set of data for program participants covering 2003 through 2006 tabulates monthly 

electricity consumption both before and after installation of a DSHW unit.  In this case, the set of 

monthly consumption values recorded before installation of the DSHW unit can be used as a 

“control” for the set of monthly consumption values recorded after.  For instance, a model can be 

specified as below:  

εδββα ++++= mymy Tymy 21                (2) 

where  is monthly electricity consumption in year myy y ;  is a dummy variable that takes of a 

value of 1 in month m and year y when a participating household installs a DSHW unit and every 

month thereafter, and zero otherwise; m is a factor variable for the 12 months of the year, and y 

is a factor variable for the year.  Again, if assumptions are met then the coefficient δ for the 

myT
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treatment variable, , measures the treatment effect, or the monthly reduction in consumption 

in year attributable to program participation and installation of a DSHW unit. 

myT

y

This “complete-pooling” model is attractive for its simplicity, but it ignores variation among 

households in monthly consumption levels and estimates only one intercept for the data.  

Another concern may be that it does not control for observed differences.  It is tempting to use 

the demographic data collected at the block level from the U.S. Census, but the consumption data 

is measured at the household level.  As a consequence standard regression techniques will not 

lead to valid causal inferences because the resulting observations will not be identically 

distributed or independent.  Further, there may be unobservable variables for which this 

specification does not control.  Thus, it is possible that it will be biased. 

One method for coping with these problems is to perform a “fixed-effects” regression.  That is, 

each unit is allowed to have its own intercept.  This controls for time-constant differences 

between the units.  In this case, households are aggregated at the census block level and a fixed-

effects difference-in-difference estimator is run:     

εδββ ++++= myijimy TymCy 21][                (3) 

where the coefficients have the same interpretation as above and  is a unique intercept for 

each unit i in block group j.  This “no-pooling” differences-in-differences estimator, however, 

may also insert a subtle bias into the estimate.  For instance, if there are different numbers of 

observations (i.e. households) in each census block group, with some containing only a few 

observations with high variation between them, then the no-pooling analysis may over-fit the 

data.  If so, the estimates from this model may overstate the variation among census block groups 

and make them look more different than they are in reality (Gelman, 2006). 

][ijC
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A fourth specification combines elements of previous “complete-pooling” (i.e. random-effects) 

and “no-pooling” (i.e. fixed-effects) models.  Such a specification can be considered a “partially-

pooled” or multilevel model.  The multilevel model mediates between the extremes of the 

complete-pooling and no-pooling estimators by estimating varying coefficients as a weighted 

average of the no-pooling estimate for each group and the group mean.  In other words, 

multilevel models take variation among groups into account without overstating the variation 

between them.  In general, multilevel models are extensions of classical regression in which data 

are grouped and the estimated coefficients (i.e. the intercept and slope, or slopes) are permitted to 

vary by group.  A notable difference is that these varying coefficients are then themselves 

modeled.  In addition to mediating the potential biases of complete- and no-pooling estimations, 

grouping data and allowing coefficients to vary by groups also permits the use of group-level 

predictor variables (in addition to individual-level predictors) to account for individual- and 

group-level variation.  Also, since the coefficients are themselves modeled, multilevel modeling 

allows analysis of how the treatment effect varies by group (Gelman, 2006).  A multilevel model 

for the data can be set up as follows: 

εδββα ++++= Txxy isisijsi ][2][211][               (4) 

The specification above represents a multilevel model of three levels.  The first level is the level 

of individual measurements of monthly electricity consumption (i.e. the household level).  The 

second level is the level of demographic data (i.e. the Census block group level).  The third level 

is the level of time measurements, here aggregate into four seasons.  A group-level predictor, , 

representing demographic variables from the Census is also added to control for differences 

among block groups.

1x

11  A second group-level predictor,  is also used, representing 2x

                                                 
11 Note that the slope on this variable, 1β  does not vary by groupings. 
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temperature.12  The slope on this predictor, ][2 isβ , is allowed to vary by an additional grouping, 

namely the season of the year.  The season grouping, ,  is defined as “1” for the months 

December through February, “2” for the months March through May, “3” for the months June 

through August, and “4” for the months October through November.  Thus, the effect of 

temperature over time can be controlled.  The effect of treatment variable, which takes a 1 after 

installation of a DSHW unit and 0 before, is estimated by the coefficient 

s

][isδ , and is permitted to 

vary by the season grouping.  Thus, variation in the effect of treatment at different times in the 

year can be identified.  Finally, the intercept, ][ijsα is permitted to vary by the two groups used in 

the model: Census block group and season.   

 

7. Results 
 

Estimations of equations 1-4 are performed.  Results are presented in Tables 3 (models 1-3) and 

4 (model 4).  In each specification, in order to adhere to the assumptions of regression analysis, 

the response variable, , monthly electricity consumption (kWh),  is transformed by taking the 

square root of each value.  In addition,  values greater than 12,500 kWh/month are excluded.

y

y 13  

Following these modifications the distribution of  values approximates a normal distribution.  

This transformation, while essential to the validity of the regression, presents some difficulties 

with respect to the interpretation of model coefficients.  Calculations of coefficients in the 

y

                                                 
12 Note that temperature observations are assumed to be the same for all households.   
13 Monthly consumption in excess of 12,500 kWh represents consumption levels 10 times greater than average in the 
Southeastern United States (Energy Information Administration, 2002).  There were 5 observations in the data 
greater than this value.  It is unknown whether these values are actual or erroneous measurements. 
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original scale using average values are performed and are presented in order to aid in the 

interpretation of model outputs.   

The first model utilizes randomized control data, but only examined treatment effects in 2004.  

The model controls for program participation as well as the month of the year.  As suggested by 

the exploratory data analysis presented in Table 2, the coefficient on participation indicates that 

participants consume monthkWh /02.6  more electricity than program participants.  After 

differencing out the effect of participation, a treatment effect of monthkWh /39.1−  is 

estimated.  This effect carries the expected sign, suggesting that the DSHW unit decreases 

consumption.  It is statistically significant at the 1% level.  In this case, this effect is approximate 

to a monthly reduction in consumption of 118 kWh.  For program participants in 2004, this 

represents about a 6% reduction in household consumption relative to pre-treatment levels.  

Based on the average yearly consumption of the random sample of non-participating utility 

ratepayers in 2004, this represents about a 8% reduction in household consumption.  Importantly, 

this result is suggestive of the types of savings that could be expected by the average JEA 

ratepayer, notwithstanding the evidence that program participants to date are not representative 

of this ratepayer.  In any case, as mentioned earlier, the validity of this model is limited to the 

year 2004.  In order to determine the treatment effect over a broader range of time, models 2 and 

3 were specified. 
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Table 3: Reduced-form models for square root of monthly electricity consumption (kWh) 
 

 Model 
Independent variables  

  (1) (2) (3) 
     
Participation  6.02 -- -- 
  (0.38)   
     
Treatment  -1.39 -1.35 -0.83 
  (0.52) (0.32) (0.28) 
     
Dummy variables for 
month 

 yes yes yes 

     
Dummy variables for year  -- yes yes 
     

 -- no yes Dummy variables for 
Census block groups     
     
Intercept  40.29 45.93 43.82 
    (0.23) (0.58) (0.96) 
     
N  2615 255 255 
Observations  31342 9323 9325 
Residual Standard Error  11.76 12.00 9.40 
Adjusted R2  0.11 0.09 0.43 
F-statistic  293.5 65.7 63.3 
     

Model 2 attempts to characterize the average effect of a DSHW installation on the household 

consumption of program participants during the entire period for which data was available (i.e. 

July 2003 through October 2006).  Importantly, randomized control data was not provided for 

this period, thus the inferences for this model as well as models 3 and 4 are valid for program 

participants only.  Model 2 is specified as a “complete-pooling” or “random-effects” model in 

that no distinction is made between households or census blocks.  The model also attempts to 

control for time effects by including variables for the month of the year and the year.  The 

coefficient on the dummy variable for treatment is indicative of a monthkWh /35.1−  reduction 

in household electricity consumption.  Again the coefficient takes the expected sign.  It is 
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significant at 0.1% level.  Similar to the result from model 1, this is equivalent to a reduction in 

monthly household electricity consumption of 115 kWh, or 6% relative to pre-treatment levels.   

Model 3 also attempts to characterize the average effect of a DSHW installation on household 

consumption of program participants during the entire period for which data was available (i.e. 

July 2003 through October 2006).  Like model 2, it controls for time effects, however, it attempts 

to correct for potential biases in that model.  Model 2 ignores group variation within the data, 

while model 3 takes such variation into account.  This “no-pooling” or “fixed-effects” model 

groups households by Census block group and allows each block group to take its own intercept.  

Results show an estimated coefficient for the treatment variable of monthkWh /83.0− .  The 

sign on the coefficient is negative, as expected.  The effect is significant at the 1% level.  

Because model 3 estimates a distinct intercept, and therefore regression equation, for each block 

group, it is more challenging to translate this treatment effect into the original scale.  However, 

for the average census block, it is equivalent to a reduction in household electricity consumption 

of 71 kWh.  For the maximum and minimum cases this effect translates to 135 kWh and 21 kWh 

respectively.  Of course, a bias expected of this type of model is overstatement of the variation 

between groups.  In this case, between group variation appears to have suppressed the average 

treatment effect relative to model 2.   

The multilevel model (4) is introduced as a compromise between models 2 and 3.  Beyond 

mediating between the two previous models, a further refinement is possible due to the flexibility 

of multilevel modeling.  Model 4, as distinguished from models 1 through 3, makes use of 

group-level predictor variables to account for individual- and group-level variation.  These 

predictors were obtained from the 2000 U.S. Census and the National Climatic Data Center.  In 
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analyzing the demographic data obtained from the Census, it was observed that the educational 

variables were insignificant, while the remaining demographic variables were highly collinear.  

As a consequence, a predictor for the median number of rooms per household was included to 

the exclusion of all other demographic variables.  This choice was made due to the strong 

statistical significance of this predictor, as well as its characteristics, which are reflective of 

household wealth, as well as house size and value.  Average dry bulb temperature for the period 

of July 2003 to October 2006 was chosen as a predictor of temperature.  Both this variable and 

the median number of rooms variable were “centered” by subtracting the mean value of each 

variable from their respective samples.  The mean value of the variable then becomes zero and 

the maximum and minimum values represent the extreme deviations from the average.  This aids 

the interpretation of the model output by forcing the intercept to take meaningful value.  

Otherwise, the intercept could take a value less than zero, which would not make physical sense.  

In effect, the model is calibrated to return the effect for the average household.  In addition, a 

variable is included to controls for time variation.  In this case, the variable takes a value of 1-4 

for the four seasons of the year.  This is acceptable since controlling for year in the previous 

specifications produced no statistically detectible effect.  It also permits examination of the 

treatment effect in different, meaningful time periods.   

The results of the multilevel model are presented in Table 4.  Interpretations of the model 

coefficients in the original scale are presented in Table 5.  Part I of Table 4 reports results for the 

average case.  The estimated treatment effect is monthkWh /00.1− , holding the median 

number of rooms and average temperature constant.  The slope takes the expected negative sign 

and is statistically significant at less than the 5% level.  As Table 5 shows, this is equivalent to an 

85 kWh reduction in average household consumption.  As expected, this estimate falls in 
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between the estimates of the “complete-pooling” and “no-pooling” models 2 and 3.  An addition 

of an additional room to the average median number of rooms (6.2 rooms per household) is 

expected to increase consumption by monthkWh /56.2 , holding average temperature constant, 

while an increase of one degree Fahrenheit from the average dry bulb temperature (70 °F) is 

expected to increase consumption by monthkWh /42.0 , holding the median number of rooms 

constant.  While the coefficient on the median number of rooms is statistically significant, the 

coefficient on average temperature is not.  However, it is assumed that temperature is practically 

significant in modeling electricity consumption.  The average consumption for untreated 

households, holding the median number of rooms and the average temperature constant is 

represented by the intercept: monthkWh /72.41 .  As in model 3, the intercept is permitted to 

vary by block group.  However, in the multilevel model, the intercept is permitted to vary on two 

levels, by block group and by season.  In this case, the standard error for the intercept shows that 

it is highly significant; meanwhile, the standard deviation of the intercept is 8.92 and 6.22 for 

block groups and season, respectively.  Thus, the baseline consumption varies a great deal 

between groups. that is, depending on where a household is located and what season of the year 

it is.   
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Table 4: Multi-level model for square root of  monthly electricity consumption (kWh) 
 

I. Varying Intercepts       
      
Independent Variables   Square root electricity consumption (kWh) 
      
Treatment  -1.00 
  (0.47) 
      

 2.56 Median number of rooms 
 (0.90) 

      
Average temperature  0.42 
  (4.72) 
      
Intercept  41.72 
    (3.29) 
      
Standard Deviations      

Intercept (Block group)  8.92  
Intercept (Season)  6.22  

N  255 
Observations  9323 
Deviance   68759 
      
      
II. Varying Slopes      
      

 Square root electricity consumption (kWh) 
Indepdendent Variables 

  Winter Spring Summer  Fall 
      
Treatment  -1.55 -0.76 -1.23 -0.48 
  (0.35) (0.33) (0.30) (0.31) 
      
Average temperature  0.34 0.08 0.62 0.63 
  (0.10) (0.04) (0.12) (0.03) 
      
Intercept  48 38 40 41 
    (1.76) (0.90) (1.56) (0.89) 
      
Standard Deviations      

Treatment  0.83 
Average Temperature  9.43 
   

Part II of Table 4 summarizes a second feature of the multilevel model, namely the ability to 

vary slopes by group.  In this case, slopes are permitted to vary by season.  In reference to the 

effect of temperature, deviations from the average have the strongest effect in the summer and 
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fall, when average temperatures are relatively high.  The effect is very moderate in the spring, 

when temperatures are mild and somewhat stronger in the winter time.  The effect of deviations 

from the average temperature on average household consumption for treated and non-treated 

households by season is graphed in Figure 3.  As mentioned earlier the average treatment effect 

Table 5:  Multi-level model interpretation 
 

  Mean by season, s Monthly Consumption 
  

Mean 
  Winter Spring Summer Fall 

        

y | T=1 (kWh)  1672  2158 1387 1503 1642 

y | T=0 (kWh)   1757   2304 1444 1600 1681 

        
Δy (kWh)  -85  -146 -57 -97 -39 
        

amounts to monthkWh /00.1− , or 85 kWh per month.  Interestingly, when the effect is 

permitted to vary it is strongest in the winter season, with an estimated coefficient of 

monthkWh /55.1−  followed by –1.23, –0.76, and –0.48 in the summer, spring, and fall, 

respectively.  These slopes correspond to reductions of -146, -57, -97, and -39 kWh per month for 

the average household.  The average value represents a 4% reduction relative to pre-treatment 

levels, while reductions of 7%, 3%, 4%, and 2% are estimated for winter, spring, summer, and 

fall respectively.  The standard deviation of the average treatment effect is 0.83.  This suggests 

that individual slopes vary greatly, with some households saving much less and much more than 

average; however, the slope is negative in all cases.   
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Figure 3: Mean monthly consumption by deviation from average temperature for 
treatment (--) and non-treatment (–) households by season 
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Finally, model 4 is modified slightly to include a individual-level predictor for the type of 

DSHW system installed.  The two dominate options for program participants were an active 

indirect system (AIS) or a passive integrated collector storage system (ICS).  A dummy variable 

is created for system type taking the value of 1 for the AIS and 0 for the ICS.  While the 

coefficient on this variable is negative and significant, indicating that the AIS is more effective, 
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the addition of this variable to the model renders the treatment effect statistically insignificant.  

In any case, the estimated difference between the two systems in this model is small, on the order 

of 5 kWh, depending on the season.   

 

8. Conclusions 
 

This study uses a series of estimators to bound an average impact of solar hot water heating 

technology on monthly household electricity consumption.  As hypothesized, it finds a 

statistically significant reduction in average monthly electricity consumption ranging from 71 to 

118 kWh for the average household.  This effect corresponds to a 3-8% reduction in household 

electricity consumption in this study.  Further, the estimators employed strongly suggest a direct 

causal relationship between the adoption of DSHW and energy savings.   

The estimated effects of the JEA solar incentive program are somewhat lower than expected, 

given the results of past experiments.  However, this result is consistent with the lower bounds of 

FSEC’s study of Lakeland Electric’s DSHW program and the Florida Power Corporation study.  

While the results of this study are believed to be internally valid, having obtained a consistent 

estimated treatment effect using four separate estimators, a strong limitation to this study is use 

of household level consumption data.  As mentioned, water heating accounts for a sizeable 

percentage of household energy use, at 13-21%, but other end uses also play significant roles.  

While addition of a DSHW to a household is estimated to reduce overall household 

consumption, the magnitude of this effect could be masked by increases in other end uses.  

Further, addition of DSHW to a household could result in increased hot water consumption.  
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These changes in other end uses may or may not be correlated with installation of a DSHW unit.  

In general, such factors are not accessible through this study.  Perhaps a superior method of 

ascertaining the impact of DSHW on electricity consumption would be to meter solely the 

electricity consumption attributable to hot water consumption before and after introduction of a 

DSHW unit.  Indeed, this has been the approach of the few engineering studies of DSHW in 

Florida.  Some of these have resulted in higher estimates of the effectiveness of DSHW, 

however, as previously mentioned, the results presented here are consistent with the lower bound 

of at least two of these studies.  However, sub-metering comes as at a large expense.  

Accordingly, the studies that have been performed at this level exhibit small sample sizes 

relative to this study.   

Another limitation to this study was a lack of data.  The program was not designed for 

evaluation, and as a consequence demographic data at the household level was not available.  

Census data was available for the year 2000, but predates the onset of the program by 2 years.  

Inclusion of this data in simpler models of the effect of DSHW on consumption was not 

advisable due to the error associated analyzing data at differing levels of aggregation.  Obtaining 

demographic data from program participants and a randomized control group could permit better 

control of co-varying factors and result in more robust estimations.  Further, before this study, 

electricity consumption data was not systematically associated with program data.  Accordingly 

data was not available for approximately the first 12 months of the program.  While there is no 

reason to believe that this data would not be consistent with the remaining 4 years of 

information, the potential effect of this data on the results is unknown.  Finally, randomized 

control data was not available for the duration of the program.  Instead, such data was only 

available for the year 2004.  Interestingly, the largest treatment effect was estimated using this 
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data.  Thus, further study using a control data set spanning the duration of the program could be 

fruitful.   

Based on the results of this study some suggestive conclusions can be made about the benefits of 

the program.  For instance, based on JEA’s present electric rates, the average program participant 

can expect to save approximately $100 per year.  The average price of a system in the program is 

approximately $4000.  However, the $800 rebate available through the program, in addition to 

recently implemented State rebate and a Federal tax credit, can roughly halve this cost.  

Nevertheless, the simple payback period for such a system is on the order of more than 15 

years.14  Indeed, the net present value for such an investment is only positive given a very low 

discount rate and a long time horizon.  Given the high discount rates held by consumers of 

energy-efficient products as well as their expectation of especially quick payback periods for 

such technologies (Reddy, 1990), additional efforts at reducing the first cost of DSHW would be 

fruitful for increasing adoption.  With local, state and federal incentives operating in concert to 

reduce first costs by approximately 50%, however, additional rebates may not be the answer.  

Instead, market transformation strategies, whereby the absolute of cost of systems is lowered, 

may be more important for the long-term viability of this technology.  Such initiatives might 

include programs, such as marketing or education campaigns, aimed at increasing adoption rates 

and market penetration.  Evidence suggests that there is a synergistic effect between financial 

incentives and outreach or education programs in terms of achieving high adoption rates and 

successful market penetration (S. Nadel, Geller, H., 1996).  Of course, higher levels of adoption 

and greater market penetration can improve economies of scale for existing producers, or else 

                                                 
14 Note that NPV calculations are sensitive to increases in electric rates (and therefore fuel costs and capital costs of 
new generation).  Currently JEA’s electric rates are among the lowest in the country (Energy Information 
Administration, 2007). 
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increase the attractiveness of the market to new entrants.  Either result would be expected to 

lower prices.  Research and development efforts that focus on improving the efficiency, and 

simplifying manufacture and installation of solar hot water heaters should also reduce prices.  

For instance, new coatings and absorbing materials can increase both the durability and the heat-

trapping properties of solar thermal installations, and the expanded use of polymers can displace 

the use of expensive metals such as copper in solar hot water heater manufacture.  Indeed, 

research of this type is currently underway under the auspices of the U.S. Department of 

Energy’s Solar Energy Technologies Program.  The program intends to reduce the cost of solar 

hot water heating technologies by 50% by an unspecified date (National Renewable Energy 

Laboratory, 2006).  In the near term, however, reducing or discontinuing existing rebates would 

likely negatively impact the diffusion of this technology.   

Over its 5 year duration, JEA’s solar incentive program participants continue to grow into an 

energy-saving resource for the utility.  Based on results, the approximately 300 installed DSHW 

system represent about 40 kW of net energy efficiency capacity.  Based on some simplified 

assumptions about fuel costs and the capital costs per kilowatt hour for new generation, this 

capacity represents a range of $30,000 to $80,000 of avoided costs to the utility.  While actual 

avoided costs are likely to be higher than these conservative estimates, it is illustrative to 

compare this range to the utility’s rebate expenditures over the duration of the program.  In 2006 

dollars, this amounts to approximately $460,000.  Under these circumstances, the net present 

value of the utility’s investment is negative regardless of the discount rate chosen or the time 

horizon of the investment.  In general the costs per kilowatt hour for the program would be at 

least an order of magnitude higher than the target for cost effective energy efficiency programs, 

which is usually $0.05 or less (S. Nadel, Geller, H., 1996).  Thus, the program can be fairly 
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characterized as expensive for JEA.  While financial incentives are clearly necessary to promote 

the market penetration of DSHW, the results suggest that the role of utilities in providing a 

portion of this financial support could benefit from reevaluation.  As previously mentioned, 

alternative strategies for supporting DSHW may be warranted.     

The results also allow an estimation of the carbon dioxide savings attributable to the program.  In 

this case, this amounts to about 110 metric tons per year.  Such carbon offsets have intrinsic 

value in light of present day knowledge of the potential risks of anthropogenic interference with 

the planet’s heat balance.  They also have value in today’s voluntary carbon markets and this 

value could grow in a future carbon-constrained regulatory regime.  However, even given liberal 

prices, accounting for CO2 savings would not fundamentally change the cost benefit analysis.  It 

is worth noting that there are other environmental externalities at play, such as air quality and 

health impacts, that, if monetized could affect the estimated benefits.  Other benefits include any 

program impacts on customer satisfaction and the local DSHW market. 

In general, the benefits and costs of this program represent an area for further study.  Other areas 

for further study include estimation of program impacts on market transformation indicators such 

adoption rates and the retail price of DSHW.  Such studies would require surveying local 

vendors for sales volume and pricing data for the period preceding the utility incentive program.  

Results from such studies would be valuable in formulating effective market transformation 

efforts, which are key to the success of the technology.  Of course, the impact of solar hot water 

heating is not limited to conserving energy; it may also impact water usage.  Solar hot water 

heaters are often marketed as offering larger volumes of hot water for consumption.  Thus, 

especially in areas where water conservation is a growing concern, such as Northeast Florida, it 
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is important to know the effect of the technology on water usage.  If installation of DSHW leads 

to greater levels of water usage, this would detract from its energy conservation benefits and 

redefine its importance in resource conservation policies.   

While important questions persist, and much work remains to make DSHW a mainstream 

technology, it is clear that the JEA’s Solar Incentive Program has been successful in conserving 

energy, reducing CO2 emissions and saving money for program participants.  The results of this 

study contribute to the body of knowledge regarding the effectiveness of energy efficiency 

programs.  The importance of energy efficiency as an energy resource is increasingly being 

recognized, and programs can be expected to proliferate.  As a consequence, evaluations of 

pioneering programs such as JEA’s solar incentive, as well as future conservation programs, are 

critical tools for informing the science and policy required to achieve energy efficiency’s 

technical potential. 
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