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2,c)

To promote the installations of solar photovoltaic (PV) systems efficiently, it is
important to quantify the impact of government incentive programs and solar PV
system life-cycle costs on customer adoption. In this paper, a model for commer-
cial solar PV adoption is developed with explanatory variables such as govern-
ment incentive programs and solar PV system installation costs. The adoption
model is built on top of the Generalized Bass diffusion framework. The model is
applied to forecast the commercial solar PV adoption in Southern California.
Asymptotic standard errors of the parameter estimates are calculated to verify the
significance of the explanatory variables. Empirical results show that decreasing
solar PV system installation costs and government incentive programs are the
main forces that drove the growth of commercial solar PV adoption. In the case
of Southern California, we also discover that government incentive programs and
PV system installation costs have a much higher impact on large commercial cus-
tomers than on small commercial customers. Our Generalized Bass diffusion
model of commercial solar PV adoption yields a lower root-mean-square error
than the basic Bass Diffusion model. In addition, the commercial solar PV adop-
tion model predicted that the eventual adoption rate of solar PV systems is higher
for large commercial customers. Published by AIP Publishing.
[http://dx.doi.org/10.1063/1.4979899]

1. INTRODUCTION

Solar energy, including both the solar thermal and photovoltaic, grew rapidly in the United
States from 64 trillion Btu in 2001 to 427 trillion Btu in 2014.*' The U.S. solar energy’s share
of total new electricity generation capacity increased from 10% in 2012 to 32% in 2014." In
particular, the small-scale distributed solar photovoltaic (PV) system, which accounts for 33%
of the total solar generation, has grown significantly in the United States over the past several
years.*> As a vital component of the U.S. renewable energy portfolio, continuing adoption of
solar PV systems is key to both reducing greenhouse gas emissions and building a clean energy
workforce. For example, the solar industry workforce in the United States grew more than 50%
in the past four years and now employs more than 140000 workers.>

To stimulate the growth of the solar PV market, the federal and state governments have
been supporting research and strengthening U.S. solar manufacturing capabilities to drive down
the installation cost of solar PV systems.” In addition, the United States imported a significant
portion of solar equipment from Asia.''?*?* The boom in global solar module production also
led to a precipitous decline in solar PV module prices. In California, the median installed cost
for systems of 10-100kW-dc in size dropped 56% from $10.7/W-dc in 2001 to $4.7/W-dc in
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2013. In addition, the federal and state governments developed many incentive programs to
directly promote the adoption of solar PV systems. At the federal level, the Investment Tax
Credit (ITC) was implemented in 2006, which provides 30% tax credit for solar systems on res-
idential and commercial properties.’® At the state level, California has been leading the way by
implementing an array of incentive programs, including the California Solar Initiative (CSI),
the New Solar Homes Partnership (NSHP), the Self-Generation Incentive Program (SGIP),
etc 810-39

The drop in the solar PV system cost and direct government incentives have contributed to
the rapid growth in the penetration of small-scale distributed solar PV systems in the energy
market. However, there is a lack of rigorous analyses that quantify the impact of government
incentives and solar PV system costs on adoption. Such analyses will provide critical and useful
feedback to government agencies to improve the design of future renewable energy incentive
programs and serve as the basis of forecasting the adoption.

Several diffusion models have been developed to describe the adoption of new products
and technologies. The Bass Model (BM)* is a simple but effective model, which described the
empirical adoption of a wide range of products and services. The BM was extended to the
Generalized Bass Model (GBM),® by including decision variables such as price, marketing
effort, etc. In the BM,* the model parameters were estimated by ordinary least squares (OLS).
A maximum likelihood estimation (MLE) approach was proposed by Schmittlein and
Mahajan,® and it fits better to the observations than OLS and allows for one-step ahead fore-
casts. A nonlinear least squares (NLS) approach was proposed by Srinivasan and Mason,’” and
it corrects the underestimates of standard errors of the estimated parameters in the MLE
approach.

Many researchers have studied the mechanics of residential solar PV adoption using vari-
ous approaches. Rai and McAndrews™ and Schelly?’ analyzed the multiple factors that influ-
ence residential customers’ decisions on solar PV adoption. These factors include government
incentives and solar PV costs. However, these analyses were conducted in the form of surveys
and interviews. Agarwal er al.' used BM without any decision variables to model residential
solar PV adoption. The model parameter estimates were not as robust as the MLE and nonlin-
ear least squares approach. GBM was used by Guidolin and Mortarino'® to model adoption pat-
terns of PV systems in many countries. In the GBM, institutional measures, policies, and gov-
ernment interventions were modeled as perturbations in the form of exponential shocks and
rectangular shocks. The model proposed was helpful in explaining the impact of short-term
interventions, such as a moment of opinion change due to social incidents. However, it did not
clearly explain the effects of long-term interventions such as solar PV incentive programs and
the dropping installation cost of PV systems on adoption.

Since its emergence in 2007, the third-party ownership (TPO) model has earned a signifi-
cant share in the solar PV market.*”> The rapidly growing third-party PV ownership has
prompted a few researchers to study its impact on residential solar PV adoptions'® and found
that the introduction of third-party PV ownership enticed a new demographic to adopt residen-
tial PV systems, which increased the total demand for PV systems. The economics of buying or
leasing a residential PV system is studied in Ref. 26. It is shown that the choice of the contract
type and payment structure have implications for the total cost to residential solar PV customers
over the lifetime of the contract.'?

To the best of our knowledge, this paper is the first to study the adoption of distributed
commercial PV systems. The adoption of commercial PV systems include both purchasing/
owning the solar PV system and deployment of solar PV system through a TPO contract.”’
Note that the drivers and barriers to distributed commercial PV adoption are different from
that of residential adoption. For example, a higher percentage of buildings are leased in the
commercial sector than in the residential sector.’’*® Therefore, the commercial PV adoption
faces bigger challenges in the form of incentive splitting between the building owner and
multiple-tenants. In addition, many limited liability companies (LLC) that own commercial
properties have low credit ratings which make solar financing more difficult. Finally, although
the total number of commercial customers is smaller than that of residential customers, their
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FIG. 1. Average installed PV system size by the customer type in Southern California.

average solar PV size is much larger. Figure 1 shows the number of solar PV system installa-
tions, and Figure 2 shows their average solar PV size each year in Southern California. From
2001 to 2014, the number of commercial installations was only about 3% of the total installa-
tions of all types, but the commercial solar PV capacity was about 40% of the total installed

PV capacity.

Compared with other related works, this paper makes the following unique contributions:

. This paper develops a GBM for commercial PV adoption, which quantifies the impact of solar
PV costs and government incentive programs on the adoption.

. The GBM for commercial PV adoption is also capable of forecasting the eventual commercial
PV adoption rate and quantifying the delayed effect of explanatory variables on adoption.

. The model is applied to fit the empirical commercial PV adoption data in Southern California.
The nonlinear least squares approach is applied to estimate the model parameters and their
asymptotic standard errors. The empirical results show that large commercial customers are
more susceptible to the influence of PV costs and government incentives than small commer-
cial customers.

. By changing the cost and incentive rates fed into the model, adoption curves can be forecasted
under different costs and policy conditions. This can be a useful tool for the government to
evaluate its renewable energy technology incentive policies.
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FIG. 2. Number of solar PV system installations by the customer type in Southern California.
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The rest of the paper is organized as follows: Section II reviews the Bass Model and
Generalized Bass Model. Section III presents the model for commercial PV adoption. In
Section IV, the solar PV adoption model is fitted and validated using historical adoption data.
Section V quantifies the impact of federal and state incentives on California commercial PV
adoption. Section V presents the conclusions and policy implications of the work.

Il. OVERVIEW OF THE BASS MODEL, GENERALIZED BASS MODEL, AND PARAMETER
ESTIMATION APPROACHES
A. Bass model and generalized model

The Bass diffusion model is a well-established model of innovation and technology adop-
tion in the market. It can be described by the following formulation:*

f(1)
1—F(z)

=p+qF(t), (1)

F(?) is the cumulative adoption function. F(r) — 1 as t — oo. f(f) = df]—@ is the adoption rate.
The left hand side of the function describes the conditional adoption rate at time ¢, and it is
controlled by two factors: p and ¢. p is the innovation factor, describing innovative adopters
who are willing to adopt the product themselves, and ¢ is the imitation factor, describing the
adopters who follow other adopters’ use of the product. Both p and ¢ are positive.

The solution of Equation (1) is as follows:*

1 — e~ (Ptay

F(r) = )

n 1 +€e*(P+‘1)f,
P
2
(p +q> ef(p+q)t
fly=—2= : 3)

2
(1 + ge(P+(1)’)
p

To include marketing effort factors in the diffusion model, Bass introduced the generalized
Bass model.® The GBM is described as follows:

== [p+ a0, @)

where x(7) is called “current marketing effort,” reflecting the influence of market factors on the
adoption rate at time ¢ Define the cumulative marketing effort X(r) = féx(r)dr and let
X(0)=0. Then, the solution of (4) is given by

1 — e XO(p+a)
F(r) = 7 xooma
1 4+ L X0(r+a)
p

5)
P+ xiprra)
£6) = x(r) —2L , 6)

2
(1 L4 ex<r><p+q>>
P

x(#) is a function of one or more decision variables. For example, the product price was chosen
as a decision variable by Bass er al.® Under the argument of diminishing returns, x(r) can be
defined as below
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(1) = 14 [(dPr(z) /dr) [ Pr(2)], @)

where Pr(f) is the price at time ¢, and f, is a weight coefficient expected to be negative. Let

@y(t) = In 11,3”(%)) Then,

X(1) = t+ By®o(1). @®)

B. Parameter estimation methods

In this subsection, we describe how to perform parameter estimations for diffusion models.
Let M denotes the total customer population. The eventual cumulative solar adoption denoted
by m is only a portion of M. Define the eventual adoption rate ¢ (0 <c¢ <1) such that m=Mc.
To estimate the parameters, we use the observation of a series of historical adoption s; (i =1, 2,
3,..., N), which is the number of solar PV systems installed in time interval i{. For example, let
s; be the number of adopted solar PV systems in month i and let #;=i. Then, from (1), the fol-
lowing is derived:

mf (1) = mp + (¢ — p) (mF (1)) — (¢/m)(mF (1;))*. ©

In the work by Agarwal et al.! and Bass* mf(t;) was replaced by s;, and mF(t;)) was
replaced by Zj.:l s;. Then, OLS estimation can be applied to (9) to estimate parameters p, g,
and m. The OLS approach has two drawbacks. First, the replacement is not precise because it
uses the aggregated adoption of time intervals to replace instantaneous adoption rates. The dif-
fusion model is time continuous, but it is estimated using discrete time series data. Second, dis-
turbances such as noise and parameter misspecifications were not appropriately modeled®® and
showed that there is bias in such methods.

To overcome these drawbacks, nonlinear least squares estimation was proposed by
Srinivasan and Mason,32 which also yields valid estimation of the standard errors of the estima-
tors. The disturbance is modeled as follows:

s = mlF(t) — F(i-1)] + u, (10)

where F(#;) can be in the form of either (2) or (5). u; is the net disturbance of sampling errors,
the impact of excluded factors, misspecified parameters, etc. Then the parameters in x(¢), p, ¢,
and m can be estimated by the nonlinear least squares (NLS) approach

N
min > {m[F(t;) = F(t;1)] — si}”. (11)
i=1

In this paper, the NLS approach is used to estimate the model parameters.

Ill. COMMERCIAL SOLAR PV ADOPTION MODEL
A. Choice of decision variables

To apply the GBM, appropriate decision variables need to be chosen first. As mentioned in
Section I, two explanatory variables have significant influence on PV adoption: installed PV
system costs and government incentives. The installed PV system costs include the PV module
price and non-module costs such as inverters, mounting hardware, labor and permitting fees,
and installer profit. Government incentives include both the federal level and state level incen-
tive programs. They can be in the form of tax credits like the ITC, rebates like the CSI, etc.

Government incentives have different impacts on different groups of commercial custom-
ers. Based on PV system sizes, the adopters can be divided into 3 groups: 0-10kW-dc,
10-100kW-dc, and 100-1000kW-dc. Figure 3 depicts the percentage of commercial customers
in each group who applied and received California solar PV system installation incentives on
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FIG. 3. Percentage of commercial PV system installations that benefited from the CSI program in 3 size ranges.

an annual basis. From 2007 to 2014, 88.27% of commercial customers in the 100-1000 kW
group received state level incentives, whereas 63.22% of customers in the 10-100kW group
received incentives; only 34.20% of customers in the 0-10kW group received incentives.
Although no information is available on the application rate of the ITC, it can be inferred that
the ITC may also have a higher application rate in the 100—1000kW range than the other two
ranges. A decision variable should describe a factor that impacts most of the PV adopters. If
there is a large portion of adopters who do not apply for incentive programs, then the incentive
may not be a good decision variable. In this case, the incentive can be a suitable decision vari-
able for the 100-1000kW group, probably a suitable decision variable for the 10-100kW-dc
group, and not a good decision variable for the 0—10kW-dc group. Therefore, in the 0—10 kW-
dc group, we use only the cost as the decision variable, while in the 10-100kW-dc group and
the 100-1000 kW-dc group, we use both incentives and the cost. We can verify if the incentive
is a suitable decision variable by checking the significance level of parameter estimates.

One may propose that savings in electricity bills are also important factors. This is true
because customers with solar PV systems consume less electricity from utility companies. This
factor is also related to the government policy. For example, the Net Energy Metering program
(NEM)* is supported by the government in California, and the program allows customers with
solar PV systems to pay their utility bills based on the net energy consumption from the grid. If
the solar PV generates more energy than a customer’s consumption, the energy can be sold to
utility companies at the retail price.

Electricity bill savings are not considered in our model because savings are difficult to esti-
mate for a large group of potential commercial customers. The estimation of savings is difficult
for two reasons. First, the tariff rates of utility companies are hard to forecast. There are many
different types of tariffs for commercial customers, and they change frequently. To make the
issue more complicated, the growth of solar PV adoption can affect the tariff in turn.” The sec-
ond reason is that it is difficult to forecast each customer’s electricity usage pattern in the long
term. The electricity usage patterns of commercial customers depend on a variety of factors
such as their locations, business, and building types.

Overall, in the solar PV adoption model, the installation cost is one general decision vari-
able for all customer groups, and the incentive is another decision variable for the customer
groups that have a high incentive adoption rate.

B. Commercial solar PV adoption model with costs and incentive rates as decision
variables

In this subsection, we address the question of how to map incentives and costs to x(¢) in
the GBM. When the installation cost is the only decision variable, x(#) and X(¢) can be defined
as (7) and (8). When both the incentive and the cost are decision variables, they are mapped to
x(¢) in the following way. Government incentive programs have varying rates, which can be
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transformed into monetary savings. Then, the monetary saving is combined with the solar PV
cost. Let Pr(¢) be the solar PV cost at time ¢, and INC(¢) be the money saved from incentive
programs at time ¢. Both Pr(¢f) and INC(f) have the unit of $/W-dc. Then, we define the net
expense E(f) of installing solar PV systems as follows:

E(t) = Pr(t) — INC(¢). (12)
Similar to (7), with the law of diminishing returns, x(¢) is derived as follows:

(1) = 1+ [(dE(2)/dr) [E(1)] Bo, (13)
where fo is a weight coefficient expected to be negative. Let ®y(7) = In %. Then,
X(t) = t+ ByDo(r). (14)

From (5), the cumulative solar PV adoption function at time ¢ is

1— e—[r+ﬂ0®o(t—d)](p+q)
F(t)

_ . 15
1+gef[z+ﬁ0(bo(r7d)](p+q) (4
p

In (15), a variable d is introduced to represent the effect of time delay. d represents the
time lag between the time when a new incentive program or pricing information is made avail-
able and the time when a PV system is installed using the new information. d includes the deci-
sion making time for commercial customers, the time taken to apply for incentive programs
and acquire necessary permits, time for installation, etc. When fitting the GBM, M is known,
and so ¢ can be estimated directly. The NLS parameter estimation problem (11) can be refor-
mulated as

minz {Mc[F(t;) — F(1;-1)] — 5:}2, (16)

M and s; are exogenous variables. p, g, fo, d, and ¢ are model parameters that need to be esti-
mated by solving the NLS problem. For simplicity in estimation, define b=p + ¢ and a=g¢q/p.
Then, the parameters to be estimated are ¢, d, a, b, and .

IV. CASE STUDY

In this section, a case study is conducted to validate the usefulness of the proposed GBM
in modeling the commercial solar PV adoption. The historical PV adoption data, from 2001 to
2014 in the service territory of Southern California Edison,®" are used in the empirical study.
For California solar PV adopters, the major incentive programs considered include the CSI at
the state level and the ITC at the federal level. The impact of these two incentive programs and
the PV cost is analyzed in this section. The GBM parameter fitting results will be presented
and compared with the BM.

A. Description of datasets

The raw datasets include four parts: (1) commercial customers’ aggregated electrical energy
usage, (2) solar PV adopters’ information, (3) historical installed PV system cost, and (4) his-
torical information about incentive program applications. The details of the datasets are as
follows:

(1) There are about 676 000 commercial electric customers in the SCE’s service territory. These
commercial customers are divided into various groups based on building/business types
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derived from the North American Industry Classification system. In each building type, cus-
tomers are further divided into several subcategories based on their annual electricity usage.
The average annual usage for customers in each subcategory is recorded.

(2) Information on 3000 commercial solar PV adopters was gathered, including their adoption
dates, PV system sizes, annual electricity usages, and building types from 2001 to 2014. The
3000 commercial solar PV adoptions include both purchasing/owning the solar PV and
deployment of solar PV systems through TPO contracts.

(3) The median installed PV system cost in California from 1998 to 2013 (Ref. 3) of three PV size
ranges: 0—10 kW-dc, 10-100 kW-dc, and 100—1000 kW-dc.

(4) Commercial solar PV incentive application data include incentive application dates, proposed
solar PV system sizes, and rebates from the CSI program.’

B. Preprocess of the datasets
1. Forecast the commercial solar PV size of potential adopters

As mentioned in Section IIT A, incentive programs have different impacts on different size
groups. Three Generalized Bass Models will be developed for customers with estimated PV
system sizes of 0-10kW-dc, 10-100kW-dc, and 100-1000kW-dc, respectively. The entire
commercial customer population needs to be divided based on their forecasted PV system size
so that we can obtain M for each size group. We assume that customers of the same building
type have a similar preference in choosing the size of a solar PV system. Intuitively, customers
who use more electricity are likely to adopt larger PV systems. However, it is difficult to find a
deterministic relationship between the PV size and the annual electricity usage. For example, in
Figure 4, there is a large variation in the PV system size for customers who have very similar
annual electricity consumptions.

Nevertheless, given a potential customer’s annual electricity usage and building type, we
can still estimate the probability that the customer will install a solar PV system in a certain
size range. For example, in Figure 4, for customers with an annual usage of 10°-10° kW h,
there are ny, ny, and n3 adoption records in the three size groups. Then, we can estimate that
for any “education-primary” customer with an annual usage of 10>-10°kW h, the probabilities
to adopt a solar PV system of sizes 0-10kW-dc, 10-100 kW-dc, and 100—-1000 kW-dc are n/
(nq 4+ ny+ n3), ny/(ny + ny + n3), and nz/(ny + ny + n3), respectively. The procedure to estimate
these probabilities is carried out for each building type, and the detailed process is as
follows:

Step 1: Divide the adoption records into four groups by their annual electricity usage: <10*
kW h, 10*-10° kW h, 10°-10° kW h, and 2106 kW h. In each electricity usage group, further
divide the records into three groups by the solar PV sizes: 0-10 kW-dc, 10-100 kW-dc, and
100-1000 kW-dc.

10%¢ °
o o o
-‘?J 102 ______________
<
[
N
[ || T I L SN D RS SN S SO S |
> 10
o
5 Solar PV adoption
data points
10° ]
10* 10° 10° 107

Annual Electricity Usage (kWh)

FIG. 4. Adoption records of 297 customers in the group “education-primary,” divided into different PV size groups and
annual electricity usage groups.
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Step 2: In each electricity usage group, calculate probabilities that a customer will adopt a solar
PV system in the three size groups.

Step 3: In each size group of each electricity usage group, calculate the average solar PV size.
This is used to forecast the average solar PV size of potential adopters. If a building type has too
few adoption records, we merge it with other similar building types.

In each building type, by multiplying the probability by the customer population in dataset
1 of the same electricity usage range, we can get the number of potential adopters in each size
group. Assuming that customers’ electricity usage increases by 2% annually, we can repeatedly
estimate M each year, and we replace the constant customer population M in (16) with M(?).
Figure 5 shows the estimated total customer population over time for each PV system size
range. M(#) changes slightly over time since we assume that customers’ electricity usage
increases gradually on an annual basis.

2. Calculation of incentive savings

The incentives received by commercial customers from the CSI program are estimated by
taking the average of each year’s cash rebates of the entire state of California, based on part
(4) of the dataset. This model is a simplification of the actual CSI incentive program, which
has a 10-tier structure with available incentive funds decreasing over time. The federal level
ITC has been in effect since 2006. According to the latest ITC amendment, the incentive credit
for a solar PV system will be 30% of expenditures till 2019. This incentive credit rate is sched-
uled to decrease from 30% in 2019 to 10% in 2022 and beyond.”

C. Estimation of model parameters and standard errors

Model parameter estimation is conducted by using 168 data points of monthly solar PV
system adoption from January 2001 to December 2014. The root-mean-square error (RMSE) of
the estimated adoption is calculated for the same time range. The NLS problem is solved by
the Nelder-Mead simplex algorithm.”* The monthly installed PV system cost and incentive are
calculated by linear interpolation, using the annual installed PV system cost and incentive data.

Before model parameters are estimated, the monthly adoption data series is smoothed using
moving average method with a window of 3, 5, and 7 months. The smoothing process mitigates
the spikes in the historical monthly adoption data. As mentioned in Section IITA, GBM with
both incentives and costs is used for the 10-100kW-dc and the 100-1000kW-dc groups, and
GBM with only costs is used for the 0-10kW-dc group. However, for the size groups
0-10kW-dc and 10-100kW-dc, the asymptotic standard errors are larger than the parameter
estimates of ffo. This means that f5y is insignificant in these two cases. Therefore, instead of
GBM, BM is used in the 0—10kW-dc group, and incentives are removed from the GBM for the
10-100 kW-dc group.

10°
P> —p—>—
S 105+ +-0~10 kW-dc
--10~100 kW-dc
100~1000 kW-dc
104 L L L L L L
2000 2002 2004 2006 2008 2010 2012 2014

Year

FIG. 5. M of different size groups.
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To validate the significance of estimated parameters, asymptotic standard errors are calculated
as follows:'> Assume that N sample points are used in the estimation. Let 6 = [cdab ﬂo]' be the
vector of parameters. Let K be the degree of 0. Based on (16), let i(t;, 0) = Mc[F(t;) — F(t;—1)]-
The variance of disturbance u; is estimated as follows:

[S; — n(t,0)], (17)

1

AZ_
¢ TN_K4

1 N
i=

where 0 is the estimated parameter. Then,

; N (On(1;,00)\ [ Oh(t;, 0o)
0'yv0 2] i
X'x0 =3 :( 50, ) o) (18)

i=1

The estimated covariance matrix of 0 is given by
Est.Asy.Cov[0] = 6*(x"x%)". (19)

The standard errors of p and ¢, as functions of a and b, can be estimated as follows:** Let
g(0) be a function of the parameter vector 0. Then, the standard error of g can be estimated by

SE(g) = (a;;_(;ﬂ) TEst.Asy.Cov[H] (3‘2—?) (20)

By following the steps above, the estimated parameters and their asymptotic standard errors
are calculated and shown in Tables I-III. The fitted PV adoption curves with a smoothing win-
dow of 3 months are shown in Figures 6-8.

D. Interpretations of model fitting results
1. Validity of the parameter estimation and RMSE

As shown in Tables I-III, the estimated parameters are stable across different smoothing
windows, i.e., the estimated parameters under different smoothing windows are very similar.
The estimated standard errors are much smaller than the parameter values. The explanatory var-
iables in all three models are considered to be significant. In the 100—1000kW-dc and the
10-100kW-dc groups, the GBM has lower RMSE than the BM.

2. Interpretations of parameter estimates and effective decision variables

As discussed in Ref. 5, the innovation factor p represents the contribution to the new adoptions
that do not depend on the number of previous adoptions. These adoptions are due to some influence
outside the social system of the customers, and let us call it the external influence. On the other
hand, the imitation factor ¢ represents the contribution to the new adoptions that are due to the prior
adoptions. The probability of these adoptions is proportional to the prior market penetration level.
The new adoptions due to ¢ can be interpreted as an effect of word-of-mouth from customers who
are satisfied with the product. In the case of solar PV adoption, the imitation factor ¢ represents the
effect of solar PV information spread by prior adopters. From Tables I-III, we can observe that the
values of p in the 100-1000kW-dc and the 10-100kW-dc groups are larger than that in the
0-10kW-dc group, while the values of ¢ in the 100-1000kW-dc and the 10-100kW-dc groups are
smaller than that in the 0—10kW-dc group. This shows that larger-sized groups are more likely to
be affected by external influence, compared with smaller-sized groups. The external influence
includes advertisement and direct sales pitch from solar PV developers. This phenomenon is called
the small commercial solar gap.'” In addition, small commercial solar projects often have varying
contract terms, power purchasers without credit ratings, and site-specific project requirements. The



TABLE I. Estimated parameter values and their standard errors (SE), using the GBM with the incentives and cost, 100—1000 kW-dc.

Window d c a b P q Po RMSE BM RMSE

3 Value 17 6.49 x 107 2.10 x 10192 2.89 x 10~ 137 x 107%™ 2.88 x 107 —1.44 x 10 2.52 2.89
SE 578 x 107" 9.25 x 107 7.01 x 101 2.85 x 107% 338 x 107 2.88 x 107 3.22

5 Value 17 497 x 107 7.01 x 10192 3.56 x 107 5.07 x 107 3.56 x 107 —237 x 10M" 1.86 243
SE 285 x 107" 3.16 x 107 2.13 x 10192 2.00 x 107% 1.28 x 107 2.01 x 107 2.86

7 Value 17 458 x 107 1.21 x 1079 3.96 x 10~ 3.26 x 107 3.96 x 107 —2.23 x 10" 1.60 2.16
SE 267 x 107" 2.19 x 107% 3.42 x 107 1.80 x 1079 7.88 x 107 1.81 x 1079 2.49
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TABLE II. Estimated parameter values and their standard errors (SE), using the GBM with the cost, 10-100 kW-dc.

Window d c a b p q Po RMSE BM RMSE

3 Value 9 8.28 x 107% 1.13 x 10192 245 x 107 215 % 107% 243 x 107 —7.15 x 10! 3.60 3.81
SE 5.66 x 107 534 x 107% 432 x 10! 353 x 107 532 % 107 3.57 x 107 1.97 x 107!

5 Value 11 7.49 x 1079 256 x 10192 3.16 x 107 123 x 107% 3.15 x 107 —5.16 x 107! 3.09 3.32
SE 5.99 x 107 3.50 x 107% 1.02 x 10192 3.74 x 1079 349 x 107% 3.77 x 1079 1.47 x 1079

7 Value 11 8.26 x 107 1.80 x 1092 3.03 x 107 1.64 x 107 3.01 x 107 —3.82 x 10! 2.75 2.93
SE 6.54 x 107 4.04 x 107 5.78 x 101! 3.02 x 107% 3.77 x 107% 3.05 x 107% 1.06 x 107!

¢1-¥06520
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TABLE III. Estimated parameter values and their standard errors (SE), using BM, 0-10 kW-dc.

Window c a b P q RMSE

3 Value 328 x 107 1.57 x 1079 531 x 107 337 x 1077 530 x 107 3.50
SE 1.67 x 107 6.94 x 1072 3.40 x 107 127 x 107 3.41 x 107

5 Value 325 % 107% 1.67 x 1079 536 x 107 3.20 x 107 536 x 107 2.87
SE 1.34 x 107 6.08 x 1072 2.80 x 107 9.98 x 107 2.81 x 107

7 Value 324 x 1079 1.72 x 1019 539 x 107 3.13 x 10°% 539 x 107 242
SE 112 x 107 5.29 x 1012 237 x 107 8.27 x 107% 238 x 107%
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FIG. 8. Adoption curve fitting of 100—1000 kW-dc.

customer procurement and transaction costs associated with smaller commercial projects are nearly
the same as those for larger deals. These difficulties have often led developers to focus their atten-
tion on larger commercial projects.

As mentioned in Sections III A and IV C, the final effective decision variables for the three
size groups are different. For the 100—1000 kW-dc group, both the incentive and the cost have
strong impacts on the solar PV adoption; for the 10—-100 kW-dc group, the impact of the incen-
tive is much weaker and the incentive is insignificant; for the 0—-10kW-dc group, even the cost



025904-15 Wang, Yu, and Johnson J. Renewable Sustainable Energy 9, 025904 (2017)

is no longer a significant decision variable. These observations further corroborate the small
commercial solar gap phenomena.

3. Forecasting eventual adoption rate and delay effect

Note that the 100-1000kW-dc group has the largest ¢ and the 0—10kW-dc group has the
smallest ¢. This shows that the eventual solar PV system adoption rate is higher for customer
groups that plan to install larger solar PV systems. This observation can be explained intuitively
as follows: With higher electricity costs, larger commercial customers are more motivated to
install the solar PV system if it makes economic sense. In addition, with more building roof
space, larger commercial customers typically have better solar PV mounting conditions than
smaller customers. Finally, larger customers are more likely to be in a better financial condi-
tion, which provides them easier access to solar PV system financing options.

Note that the eventual commercial solar PV adoption rate estimated in our model is much
lower than the residential and/or commercial solar PV adoption rate estimated in other litera-
tures.' #2123 In Refs. 1 and 2, the eventual adoption rate was simply assumed to be 30% for
residential customers. In Ref. 23, instead of eventual adoption rate, the total roof area suitable
for solar PV system installation was estimated. It is concluded that 60%—65% of the roof area
of commercial and industrial buildings and 22%-27% of the roof area of residential buildings
are suitable for solar PV system installation. In Ref. 14, the eventual adoption rate is estimated
to be 51% for residential customers and 52% for commercial customers. The results of both
Refs. 23 and 14 are based on the analysis of the building roof space data. However, not all
buildings suitable for solar PV system installations will eventually adopt solar PV systems. The
aforementioned references ignored the fact that the commercial customers may not be the
owner of the building. This leads to the incentive splitting problem, where building owners pay
for the solar PV system but cannot easily recover savings from reduced electricity use that
accrue to the tenants. Furthermore, if commercial building occupants only signed short-term
leases, they will not have enough time to recoup the installation costs of solar PV systems.'®

Another observation from the model fitting result is that the effect of time delay d is larger
in the 100-1000kW-dc group than in the 10-100kW-dc group. As larger solar PV projects
require substantial capital and may have a significant impact on the distribution network, decid-
ing to adopt the solar PV system, securing the electrical permit, and installing the system all
require a longer lead time.

V. QUANTITATIVE EVALUATION AND FORECAST OF THE IMPACT OF INCENTIVES AND
SOLAR PV COSTS ON THE ADOPTION

The solar PV adoption model is a useful tool for policy evaluations. Once the model
parameters are estimated, the impact of government incentives and declining cost of solar PV
systems on the adoption can be quantified and forecasted. The adoption forecasting model can
provide useful feedback to government policy makers in developing future renewable energy
policies. In this section, we first quantify the impact of federal and state solar incentive pro-
grams on the adoption. The assumptions regarding incentive programs and solar PV system
costs are as follows: The incentive for the CSI has been in effect since 2007 and is assumed to
be zero beyond 2015. The ITC program has been in effect since 2006, and its investment credit
rate is assumed to decrease from 30% in 2019 to 10% in 2022 and beyond. It is assumed that
in the next five years, the solar PV system cost will be declining at the same historical rate.

By setting the CSI and/or the ITC to zero, we simulated what would have happened to the
commercial solar PV system adoption without the incentive programs. Let us treat the cumula-
tive solar PV adoption capacity without both incentive programs as the benchmark. Figure 9
shows the percentage increase in the cumulative PV adoption capacity due to one or both of
the incentive programs.

Figure 9 demonstrates that in 2008, the provisioning of the CSI program increased the
cumulative solar PV adoption by 14.9% compared to the benchmark case, and the ITC program
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FIG. 9. Percentage increase in the cumulative installed solar PV system capacity under different incentive scenarios,
100-1000kW-dc.

increased the cumulative PV adoption by 16.6%. By implementing both incentive programs, the
cumulative solar PV adoption increased by 43.55% compared with the benchmark case.

Based on the forecasting results, the ITC program has a greater influence than the CSI pro-
gram on the commercial solar PV adoption in California. This is because the ITC provides
more rebates than the CSI. In 2007, the CSI’s average rebate was about 27.5% of the installa-
tion cost, but the rate kept dropping and was only 7.5% in 2014; on the other hand, the ITC
has kept a tax credit rate of 30% of the installation cost since 2006.

Similarly, we can also quantify and forecast the impact of solar PV systems’ cost on adoption.
As mentioned in Section I, the federal and state governments have been supporting research and
strengthening solar manufacturing capabilities to drive down the cost. Let us treat the cumulative
solar PV adoption capacity where the cost of solar PV systems always stayed at the level of year
2001 as the benchmark. Figure 10 illustrates the impact of reduction in the solar PV system cost on
the cumulative PV system adoption. Figure 10 shows that in 2012, when the solar PV cost declined
at the historical rate, the cumulative PV adoption capacity is 25.1% higher than the benchmark
case, and if the cost had declined half as fast as the historical rate, the cumulative adoption is 9.9%
higher than the benchmark case where the cost had stayed at the same level as year 2001.

VI. CONCLUSIONS AND FUTURE WORK

A commercial solar PV adoption forecasting model based on the Generalized Bass Model
is developed in this paper. This model not only provides robust parameter estimates but also
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FIG. 10. Percentage increase in the cumulative installed solar PV system capacity under different cost assumptions,
100-1000 kW-dc.
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yields lower estimation error than the Bass model. In addition, it is capable of not only fore-
casting the eventual adoption rate of commercial solar PV systems but also estimating the time
delay of impacts on adoption. The proposed commercial solar PV adoption model is a very use-
ful tool to quantify and forecast the impact of government policies and solar PV system costs
on the commercial solar PV adoption. The simulation results show that both direct government
solar incentive programs and declining solar PV system costs had a significant impact on the
adoption of commercial solar PV systems in Southern California. Moreover, we introduced a
method to forecast the size of the solar PV system that a customer is likely to adopt. This fore-
cast can provide a valuable guidance to the power distribution system planners regarding opti-
mal grid expansion and upgrade plans.

Based on the historical adoption data, the forecasted eventual adoption rate of commercial
solar PV systems is much lower than that of residential systems. With a higher percentage of
leased buildings in the commercial sector, the incentive splitting problem is more pronounced
and has inhibited the widespread adoption of commercial solar PV systems. Therefore, tradi-
tional government solar system incentive programs need to be complemented by policies that
directly promote the adoption of solar PV systems for non-owner-occupied commercial build-
ings. In the future, we would like to explore and evaluate the impact of third-party ownership
on the adoption of commercial solar PV systems.
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