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1 Executive Summary
The Minnesota Solar Pathways project, funded by the U.S. Department of Energy Solar Energy
Technologies Office, explores various strategies for meeting the State of Minnesota’s 10% by 2030 solar
goal. 1
This report describes the development of the SDS tool, its design and modeling methods, and its use
in several case studies. The tool itself is a Microsoft Excel spreadsheet, downloadable free-of-charge to
the public so that stakeholders are able to examine the calculations, confirm results, and evaluate
alternative scenarios.
An important aspect of the tool is the incorporation of a logistic regression model that fits historical
adoption data to market factors, such as installed system prices and available incentives. The model
provides the means to estimate future adoption as economic inputs change. The development of input
“predictor” variables and the goodness-of-fit to observed data are described in this report.
The case studies were selected by the project’s Technical Committee, and were intended to exercise
the tool in a number of different use cases. The case studies in their own right provide insight into
possible pathways toward the goal of 10% solar, but the emphasis in this report is the demonstration of
the tool in use cases that can be expanded and modified in future years as needs change.
The first case study evaluates market factors in solar adoption. The sensitivity of customer adoption
to changes in rate structure and incentives was investigated for each of the three independently owned
utilities (IOUs) in Minnesota. The study incorporated key electric rates, hourly demand profiles, and
other factors unique to each IOU, and developed forecasts corresponding to various market scenarios.
Demand schedules were shown to reduce 2030 forecasted adoption by 2 to 10 percent. Time-of-Day
rates reduced adoption in the 0.6 to 2.8 percent range. Residential and commercial solar incentives
were forecasted to increase adoption, as expected, but were estimated to be more costly to ratepayers
than direct utility investment in new capacity.
The second case study explores a pathway to 10% solar in Minnesota by expanding the first case
study to include customer adoption within municipal and cooperative utilities. Forecast results indicate
rooftop adoption of about 192 MW by 2030 and community solar garden subscription capacity of about
1675 MW. Combined, this represents about 3.4% of the state’s overall electricity usage. A pathway to
10% solar generation would therefore require additional solar capacity beyond this baseline amount.
The third case study shows how the SDS tool can be used by cities in support of municipal climate
action plans. The case study modeled customer adoption in response to hypothetical performancebased incentives (PBIs) in Saint Paul and Duluth.
The high-resolution building load analysis used to support modeling for the SDS tool may also be
useful for other scenario modeling, and is provided in Appendix 2.

1

Minnesota Statutes § 216B.1691, subdivision 2f. Solar energy standard.
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2 MN Solar Pathways Overview
Minnesota is a longstanding, nationally recognized leader in energy efficiency and wind
development. In recent years, Minnesota has established leadership in solar deployment as well,
including hosting the most community solar capacity in the country and a solar electricity standard of
1.5% by 2020. The State also adopted a goal of meeting 10% of the state’s electricity needs with solar by
2030.
The Minnesota Solar Pathways (Pathways) initiative, funded by the U.S. Department of Energy Solar
Energy Technologies Office, is a three-year project designed to explore least-risk, best-value strategies
for meeting the State of Minnesota’s solar goals. As part of this aim, the Pathways Team modeled
renewable generation costs, examined ways to streamline interconnection, and evaluated technologies
that can increase solar hosting capacity on the distribution grid.
The Pathways Team is comprised of a Core Team and a Technical Committee. The Core Team
consists of MN Department of Commerce, Center for Energy and Environment, Clean Energy Resource
Teams, Clean Power Research, and the Great Plains Institute. The Technical Committee is the foundation
for the project’s stakeholder collaboration process and is comprised of the 22 organizations. These
organizations include cities, corporations, non-profits, consumer representatives, solar installers, and
utilities. See Figure 1 below for a list of organizations involved.

Figure 1 : MN Solar Pathways team members
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2.1

Responsibilities of the Core Team and the Technical Committee

To accomplish the Pathways goals, each of the five organizations making up the Core Team takes a
lead role in various aspects of the project.
• The Minnesota Department of Commerce is the project manager and fiscal agent responsible for
reporting to the U.S. Department of Energy.
• The Great Plains Institute (GPI) is the lead facilitator for the Technical Committee and other
stakeholder work.
• Clean Power Research (CPR) is responsible for the development of two models and leads all
technical work with input from the Technical Committee.
• Center for Energy and Environment (CEE) is the lead on quality control and supports Clean
Power Research with data needs.
• Clean Energy Resource teams (CERTs) is the lead partner responsible for communications
including dissemination of project results and outreach.
Technical Committee members, composed of stakeholders from both the private and public sectors,
agreed to several conditions for participation, including meeting bi-monthly throughout the project to
inform technical decisions that form the basis of the modeling. Members work collaboratively to make
recommendations regarding inputs and variables to strengthen project results. The Technical
Committee was instrumental in defining the scenarios and informing the analysis described in this
report.
Although the Technical Committee often reached agreement on key project inputs and
recommendations, consensus was not a primary goal as modelling allowed for multiple scenarios to be
run and compared.
The process for taking input and developing the Solar Deployment Strategies (SDS) modeling tool
was iterative as the Core Team completed work with input from the Technical Committee and reported
back. See Figure 2 below for the various roles and structure for completing technical work under
Pathways.

Figure 2 : MN Solar Pathways project structure
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3 Context for the Solar Deployment Strategies Tool
The Minnesota Solar Pathways project established as its central goal the expansion of solar
electricity generation in the state to meet 10% of all electric load by 2030. Methods for meeting this goal
were explored through a combination of three different solar markets: through the adoption of rooftop
and other behind-the-meter solar by retail electric customers, through the building of community solar
gardens (CSG) and the corresponding sales of subscriptions, and through the procurement of wholesale
solar resources by the utilities. As two of these options—rooftop solar and CSG—are driven by customer
decision-making, the pathway to 10% solar requires an understanding of how customers respond to
market signals.
Electricity rate design, solar compensation policies such as net energy metering (NEM) and financial
incentives each affect customer economic outlook for solar. It is understood that these “levers” can be
moved to increase or decrease the rate of solar adoption. What is not understood is the importance of
economics as a factor in the rate of customer adoption. How many more customers would install solar if
an upfront incentive of $1 per Watt was offered? What impact would the removal of NEM have on
adoption? Would time-of-day (TOD) rates increase or decrease the solar capacity in the state, and by
how much?
The Solar Deployment Strategy (SDS) tool was conceived to address these questions to assist
planning efforts by state agencies, utilities, and solar stakeholders at large. It was determined that in
order to be effective The SDS tool would need to meet the following parameters:
•

Be able to incorporate alternative electric rates, policies, and incentives to calculate economic
metrics from a customer perspective;

•

Handle both residential and commercial sectors;

•

Be able to model consumer behavior to the extent that it can predict general customer response
to changes in market signals;

•

Be useful and useable by all stakeholders; and finally,

•

Be able to forecast adoption under different scenarios through the duration of the study period
ending in 2030.

This report describes the development of the SDS tool, its design and modeling methods, and its use
in several case studies. The tool itself is a Microsoft Excel spreadsheet, downloadable free-of-charge to
the public so that stakeholders are able to examine the calculations, confirm results, and evaluate
alternative scenarios.
An important aspect of the tool is the incorporation of a logistic regression model that fits historical
adoption data to market factors, such as installed system prices and available incentives. The model
provides the means to estimate future adoption as economic inputs change. The development of input
“predictor” variables and the goodness-of-fit to observed data are described in this report.
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4 SDS Planning Tool
4.1

Tool Overview

The heart of the SDS planning tool is a customer bill calculation engine applied to any of several
user-defined customer “types.” A customer type is defined by a combination of attributes:
•
•
•
•
•
•

sector (residential or commercial);
electricity rate schedule (e.g., Xcel Energy’s “Residential Service (A01)” schedule);
hourly load shape;
hourly solar production shape that would be available if the customer adopted solar (e.g., the
generation profile associated with a south-facing solar PV system with a 20-degree tilt angle);
compensation mechanism (e.g., NEM); and
the customer’s annual usage.

An essential simplification of the tool is that all customers may be reasonably represented by one of
the several customer types. The tool allows for up to 20 possible customer types, each of which are
defined by a different combination of attributes described above.
Bill calculations are performed by combining the hourly data into relevant billing determinants,
depending on rates and compensation, such as monthly maximum demand, energy by TOD period, and
so on. These billing determinants are multiplied by the prices defined in the rates, and summed to an
annual bill amount. The difference between annual bills “with solar” and “without solar” is the annual
bill savings.
Once annual bill savings are known, the tool then calculates the payback time (simple payback, in
years) for each customer type using the cost of installed solar and defined incentive amounts. Payback
time is used as one of the predictive variables in the customer adoption decision.
The adoption forecast incorporates user assumptions about annual changes in electric rates,
installed solar costs, and incentives. In each future year, then, payback is calculated, and the regression
model coefficients are used to estimate the probability of adoption. Applying the probability to the
number of remaining non-adopters gives the estimated adoption count for each year, and this is
converted to an estimated increase in solar capacity (in MW) by applying the average system size.
The sections below describe the regression model, the user-defined inputs required in scenarios, the
output data available, the architecture of the workbooks, and a test case calculation.

4.2

Regression Model Development

Customer adoption is modeled using logistic regression, a statistical model in which there are two
possible categorical (“binary”) responses to one or more predictive (or “explanatory”) input variables.
The SDS model originally incorporated a multinomial model (i.e., more than two outputs) allowing for
three possible responses: non-adoption, adoption of rooftop solar, and adoption of CSG (i.e.,
subscription to a CSG solar garden). However, the CSG modeling proved unstable due to very limited
historical experience and extremely variable growth rates. 2
For this reason, the multinomial approach was abandoned, and CSG adoption was simply assumed
to grow at the same annual rate as rooftop solar adoption. This was considered a reasonable approach
2

The multinomial model was presented to the Technical Committee on June 6, 2019. As it was not
incorporated into the final SDS tool, the details are not described further in this report.
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because the CSG market rules are still evolving, and there is no stable market from which to train a
regression model. As CSG compensation transitions from high initial rates to VOS, the cost-effectiveness
of CSG and rooftop could reasonably be expected to be more in line with that of the rooftop option. For
these reasons, the binary model was selected with allowable responses being either “non-adoption” or
“adoption of rooftop solar.” For those SDS tool use cases where CSG forecasts are of interest, the
growth rates were taken for each forecast year to be the same as rooftop.
Two predictive variables were selected: simple payback, calculated as described above, and the
fraction of customers who had already adopted solar as of the date of evaluation. Each of these
variables could be calculated or estimated for training purposes using historical data and for forecasting
purposes using case study scenario assumptions.
Installed system costs are shown in Figure 3 with residential and commercial costs shown
separately. Historical costs for individual systems were provided by the Department of Commerce, 3 from
which systems in the Xcel Energy service territory are summarized. 4 Historical costs are then
extrapolated over the study period using a least squares curve fit. Historical costs were used for training,
and modeled costs were used for forecasting.

Figure 3. Installed PV Costs: Historical and Projected

As shown in Table 1, incentive program participation varied considerably from year to year, and for
several programs’ participation occurred within a single year. For simplicity in modeling, a single
incentive program was assumed to be available in each year, represented by the program with the
highest number of participants in that year. For example, in 2010, the Solar*Rewards program, at $2.25
per Watt, was the most popular program and is used as the representative program for all customers in
2010.
From 2014 to 2017, the “Made in Minnesota” program was assumed representative, and residential
and commercial incentives were separately tracked. Table 2 shows how this incentive was converted,
3

“Minnesota Utility Reported Distributed Generation” dated 8-16-2018.
Xcel Energy was used in the adoption modeling because reported data (either system cost or incentives) for
the other utilities was incomplete.
4
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for model simplicity, into a single equivalent up-front incentive payment for the residential sector using
a $0.17 per kWh PBI rate, an assumed production rate of 1200 kWh per kW of capacity, and a 7% annual
discount rate. A similar calculation was done for commercial customers.
Table 1. Incentives by Year (Number of Participants)

Table 2. Conversion of “Made in Minnesota” 10-year PBI to equivalent upfront incentive

Historical payback calculations are shown in Table 3. This table is based on a 2019 energy rate of
$0.108 per kWh and annual solar production of 1211 kWh per kW, corresponding to a solar PV system
oriented in the southwest direction with a 45-degree tilt angle. Bill savings are adjusted for escalation at
2% per year over prior training years, and bill savings are shown to vary from $0.1052 per W per year in
2008 to $0.1282 per W per year in 2018. The other columns show the PV Cost, i.e., the total preincentive installed system cost per W (from Figure 3), the up-front local incentive, the federal
investment tax credit (ITC), and the resulting payback time.
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Table 3. Simple Payback Calculation

The rooftop linear regression model combines two predictor variables, payback and fraction of
cumulative adopters, with variable coefficients and bias. Following logistic regression methods, the
result is the natural logarithm of the odds of adoption, or “logit.” This is then translated algebraically to
the probability of adoption. Training the model entails selecting model coefficients and bias to maximize
the “likelihood of adoption” function. 5
Figure 4 shows the historical adoption counts for residential customers in the Xcel Energy service
territory used to train the residential model. These data were obtained by counting individual installed
systems. From this, average system sizes, in kW, were obtained, providing the means to translate
forecasts of system counts into forecasts of capacity. Similar methods were used for the commercial
customer training and forecasts.

5

As described in Applied Logistic Regression, Hosmer et. al., Third Addition, John Wiley & Sons.
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Figure 4. Xcel Energy Residential Rooftop Adoption

The resulting model forecast accuracy is illustrated in Figure 5 for the residential sector, which
shows the cumulative adoption counts and forecasts for a 1-year forecast horizon and a 3-year forecast
horizon.

Figure 5. Residential regression model forecast accuracy

The chart shows the fit to historical data using the predictive variables as described above. The
forecast uses the same model, i.e., the same coefficients, but uses forecasted prices, incentives, and
other factors according to the relevant forecast scenario.
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4.3

Inputs and Outputs

The SDS tool includes clearly differentiated sheets for user inputs and output results. Inputs, such as
the customer type definitions shown in Figure 6, have a light green fill. The customer type assignments
in the figure are intended to represent the customer base in the Xcel Energy (Minnesota) service
territory. Type definitions show the assumed number of customers, sector, annual usage, and electric
rate.

Figure 6. Customer Type Assignments

Note that another simplification is that the number of rates is reduced to a manageable number and
assigned to approximate the rate class. For example, customers at Xcel Energy in the A23 Peak Control
Tiered class are not actually billed according to the General Service rate as shown in the table, but there
are only 1,403 such customers—an insignificant fraction, 0.1% of the total customer count—so the
effort to model that specific rate is not justified.
Each customer type is associated with a load shape and a solar generation shape. These are both
user-defined columns of 8,760 hourly loads starting on Jan 1 and ending on December 31. The tool
provides for 10 user-defined load shapes and five user-defined solar generation shapes. The shapes are
normalized so that they can be applied to each customer type as needed and scaled by annual usage.
Customer types also are further defined by the assumed annual “solar percentage.” The solar
percentage is the amount of solar generation as a proportion of annual load (e.g., a 100% setting means
that the PV system produces the same amount of energy as the customer load).
Inputs for electricity rates and solar compensation are shown in Figure 7. This provides the user with
the ability to model existing or hypothetical rates, including fixed prices, energy, TOD prices, demand
prices, and minimum bills. Solar compensation provides options for NEM (in which net monthly energy
is billed), Value of Solar (in which a single credit rate is applied to all solar production, and net billing, in
which export energy is credited at a fixed or TOD rate.
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Electric Rates
Rate
ID
1
2
3
4
5
6

Fixed Price
($/mo)
8
10
10
12
25
30

Rate Description
Residential Service
Residential - TOD
Small General Service
Small General Service - TOD
General Service
General Service - TOD

All kWh
($/kWh)
0.1080

Energy Price
TOU Period 1 TOU Period 2
($/kWh)
($/kWh)

TOU Period 3
($/kWh)

15
15

Minimum Bill
($)
8
10
10
12
25
25

TOU Period 2
($/kWh)

TOU Period 3
($/kWh)

Comp Mech
ID

0.1800

0.1500

0.0400

0.1300

0.1000

0.0400

0.0400

0.0400

0.0200

0.2150

0.1730

0.0438

0.1560

0.1230

0.0438

0.0510

0.0510

0.0246

All Periods
($/kWh)
0.0800

TOU Period 1
($/kWh)

0.0950
0.0358

Demand Price
($/kW)

Rate
ID
1
2
3
4
5
6

Solar Compensation
Applies only to solar customers with Rate ID and selected compensation mechanism.
CSG Rate
Rate
ID
1
2
3
4
5
6

Residential Service
Residential - TOD
Small General Service
Small General Service - TOD
General Service
General Service - TOD

Rooftop
Compensation
NEM
NEM
NEM
NEM
NEM
NEM

All Periods
($/kWh)
0.14
0.14
0.14
0.14
0.14
0.14

Export Rate

0.0700
0.0300

1
1
1
1
1
1

Figure 7. Electricity rates input and solar compensation input.

The bill calculation engine reads in the hourly loads and potential solar production and calculates
monthly bills based on the combination of rates and compensation type. For example, under VOS, all
production is credited at a fixed rate, while under net billing, hourly self-consumption is calculated first,
and only exported energy is credited.
An illustration of on-peak billing determinants is shown in Figure 8 for the Small General TOD Service
customer type. This type, with 2869 customers, has 14 MWh of annual usage, calculated as the average
usage per customer in that rate class. The assumed solar PV system is south facing, with a 20-degree tilt
angle, and is sized for 100% energy offset.

Figure 8. Illustration of on-peak billing determinants.

To obtain the billing determinants shown in Figure 8, hourly data are required. For example, in each
hour, solar production is compared to load during the hour. If solar production exceeds load, then the
amount of self-consumption is the full amount of the load. The remaining solar production in that hour,
after serving the internal load needs, is delivered to the grid as export energy. In that case, there is no
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energy imported from the utility. 6 Similarly, if in any given hour, load was less than solar production,
there would be imported energy but no exported energy. Monthly values are tabulated based on hourly
values. Net import/export values are used for bill calculations under NEM, peak loads are used for
demand charges, and total solar production (not net with load) are used for VOS calculations. Also
calculated but not shown are TOD energy bins for each month.
Users may specify other input assumptions, if relevant, such as: load growth rates, rate escalation,
solar installed cost by sector and year, future incentive amounts (federal and local), and baseline
adoption to date.

4.4

Architecture

The SDS tool is made up of two separate Excel workbooks, the “Load Module” and the “Main
Module,” illustrated in Figure 9. The split between modules provides three advantages: smaller file size
for distribution, reduced calculation time, and protection of confidential customer data. Further details
on the SDS tool design can be found in Appendix 1.

Figure 9. Load Module and Main Module.

4.5

Test Case

A test case was presented to the Technical Committee on June 26, 2019. The Test Case was a
demonstration of the tool intended to show the ability to estimate customer behavioral response to
changes in market factors.
The result shown in Figure 10 is an illustration of customer response to three incentive scenarios.
These scenarios were developed for CPR only for the purpose of illustrating the tool and are not
indicative of any public proposals or plan. 7 In the baseline scenario, the “Made in Minnesota” incentive
continues for each year at a constant $0.90 per W equivalent. This is represented by the blue projection.

6

In reality, a customer may both import and export in a given hour. Such behavior would only be observable
with higher resolution data, such as 15 minutes or 5 minutes. Hourly data was used for this study so only one of
import or export can be considered.
7
The MiM program was actually ended before 2019, so the three options described here are fictional.
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However, if the incentive were to be removed in 2024, the customers will respond by reducing
adoption, and the new forecasted adoption would be expected to follow the orange trajectory, all other
things being equal. Similarly, if the incentive was raised to $1.80 per W equivalent, then the forecast
would follow the grey curve.

Figure 10. Illustration of alternative incentive scenarios.

The projections illustrate what customer response may be expected from changes to the economic
factors that are considered in their decision-making. This provides the means to estimate whether a
given program design can help achieve its long-term goal, estimate the number of adopters, and
estimate the costs of the program.

4.6

Case Study Selection and Overview
The Technical Committee selected three case studies to exercise the tool:
(1) market factors for solar adoption in IOU territories;
(2) statewide adoption to reach 10% solar, including municipal and cooperative utilities; and
(3) customer adoption in response to city incentives to meet municipal climate action plans.

The case studies in their own right provide insight into possible pathways toward the goal of 10%
solar, but the emphasis in this report is the demonstration of the tool in use cases that can be expanded
and modified in future years as needs change.
The first case study evaluates market factors in solar adoption. The sensitivity of customer adoption
to changes in rate structure and incentives was investigated for each of the three independently owned
utilities (IOUs) in Minnesota. The study incorporated key electric rates, hourly demand profiles, and
other factors unique to each IOU, and developed forecasts corresponding to various market scenarios.
The second case study explores a pathway to 10% solar in Minnesota by expanding the first case
study to include customer adoption within municipal and cooperative utilities. With over 100 such
utilities, this project did not have the timeframe or budget to collect the same level of detailed data as
that obtained from the IOUs. Therefore, this case study employed methods to extend the forecast using
available public data from the U.S. Energy Information Administration (EIA). Forecast results indicate
rooftop adoption of about 192 MW by 2030 and CSG subscription capacity of about 1675 MW.
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Combined, this represents about 3.4% of the state’s overall electricity usage. A pathway to 10% solar
generation would therefore require additional solar capacity beyond this baseline amount.
The third case study showed how the SDS tool can be used by cities in support of municipal climate
action plans. The case study modeled customer adoption in response to hypothetical performancebased incentives (PBIs) in Saint Paul and Duluth.

5 Case Study: Market Factors in Solar Adoption
This section describes the first case study to evaluate economic drivers in rooftop solar adoption,
such as rates and incentives. Study scenarios were conducted for Xcel Energy, Minnesota Power, and
Otter Tail Power.
The model was trained using data from Xcel Energy as described previously. The resulting model
coefficients were used not only for Xcel Energy, but for the two other IOUs as well. This was necessary
because the historical pricing and incentive data were not consistently available except for systems
installed at Xcel Energy. Thus, this case study presumes that customer responses throughout the state
are similar if presented with the same input conditions.

5.1

Xcel Energy Results
Xcel Energy Results Summary
•

A baseline forecast without residential and commercial incentives estimated total solar
adoption of 140 MW by 2030 in the Xcel Energy service territory.

•

A residential demand rate scenario forecast that residential solar adoption would decline
10.4% relative to the baseline scenario, reducing residential adoption by 15 MW in 2030.

•

A residential Time-of-Day (TOD) scenario was designed based on Xcel’s existing 9am to 9pm
TOD service (Rate A02). The TOD forecast estimated that residential solar adoption would
decline 2.8% relative to the baseline scenario, reducing residential adoption by 4 MW in
2030.

•

The final scenario for the Xcel Energy service territory considered a range of incentives from
$0.5 per W to $2 per W. The incentives scenario forecast increased residential and
commercial adoption ranging from 25 MW to 170 MW of new solar capacity relative to the
baseline scenario. When calculating the cost per W of increased capacity over the baseline,
the ratepayer cost for residential and commercial solar incentives was estimated to be more
than the ratepayer cost of installing utility-scale solar.

5.1.1 Baseline Forecast
Before varying the scenario inputs, baseline assumptions must be defined. For Xcel Energy, the
baseline assumptions are:
•

Residential customers with electric space heating were assumed to have the same electricity
rate schedule as standard customers (but different load profiles). This assumption is made to
simplify the analysis, recognizing that they make up only 2.9% of residential customers.
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•

•
•

Seasonal weighting is applied to non-TOD pricing and the General Service demand rate. To
simplify user inputs, seasonal pricing was not incorporated, and seasonal weighting was used to
account for this simplification.
General Service: credit for usage above 400 X billing demand was not included, and secondary
service is assumed for simplicity.
Baseline electric rates, provided by Xcel Energy 2/12/2020, were used. These are based on Xcel
Energy’s approved rates, effective June 1, 2020.

The resulting baseline forecast is shown in Figure 11. This shows cumulative forecasted adoption
capacity through 2030 for residential and commercial customers in the Xcel Energy service territory.
Total capacity for both sectors is expected to reach about 140 MW.

Figure 11. Baseline adoption forecast for Xcel Energy

5.1.2 Residential Demand Rate Scenario
With the model trained, and a baseline forecast established, it is possible to estimate what the
impact on this forecast would be if a residential demand charge were added. Although this has not been
proposed in Minnesota, it is one of several options that the electric utility has considered to ensure cost
recovery for fixed costs associated with supply of capacity.
Billing demand for solar and non-solar customers, shown in Figure 12, is taken from the SDS tool for
residential customers as modeled in the Xcel Energy service territory. This is based on customers
without electric heating, where solar customers install a south-facing system with 20-degree tilt angle,
sized for 100% solar offset.
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Figure 12. Residential customer billing demand by month

The figure indicates that solar customers would be expected to offset some of their demand charge
(in addition to energy charges) during the summer months. During the winter months, demand charge
reduction would generally not be possible. So, what would be the impact of such a rate in terms of costeffectiveness for rooftop solar, and how would this affect expected adoption?
Without an approved residential demand rate to test, an assumed demand rate must be developed.
This assumption is summarized in Table 4, where the hypothetical “Residential Demand” rate is
compared to the “Baseline” rate used for the baseline analysis.
Table 4. Residential demand rate scenario

The demand rate is constructed as follows: first, assume that both rates have the same fixed charge.
Next, assume that the seasonally adjusted demand price ($12.70 per kW) is the same as the demand
price for the General Service customers with a demand charge. Finally, adjust the energy charge to
ensure that the total annual bill for non-solar customers is not affected. This baseline annual cost is
calculated in the SDS tool as $795.63, and the corresponding energy price is seen to drop from $0.09845
per kWh to $0.06235 per kWh. This new rate is applied to both standard and electric heating customers
as was done in the baseline analysis.
From the above considerations, it is clear that solar customers would benefit from being able to
reduce the demand portion of their electric bills. On the other hand, the ability to avoid energy charges
is reduced because the energy pricing is reduced. SDS results shown in Figure 13 suggest that the
energy-related benefit is more significant than the demand-related benefit, so the introduction of such a
rate may be expected to reduce the cost-effectiveness of solar from the customer perspective (increase
payback time) and thus reduce the long-term forecast of adoption.
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Figure 13. Residential demand rate: monthly bills

Indeed, Figure 14 shows the forecast under the residential demand scenario. It is shown to reduce
the long term forecast of solar adoption by 15 MW (10.4%) relative to the baseline scenario. In this case,
the commercial forecast is not affected.

Figure 14. Forecast under residential demand scenario

5.1.3 Residential TOD Rate Scenario
Another study considered the introduction of residential TOD rates. In this case, however, Xcel
Energy has an approved TOD rate (Rate A02) which is used here as the assumed schedule for all
residential customers. This rate, summarized in Table 5, shows a marked increase in price for on-peak
periods, especially during the summer months, and a marked decrease in off-peak pricing, relative to
baseline pricing.
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Table 5. Residential TOD rate scenario

The applicable pricing periods are assumed to be unchanged from the Rate A02 schedule, and these
are defined as shown in the SDS tool screenshot of Figure 15. The on-peak period runs from 9 am to 9
pm Monday through Friday, except holidays. The numbers and colors indicate which of the three
specific prices are applicable. 8

Figure 15. TOD pricing period definitions

From the above, we anticipate that solar will be able to offset higher-priced energy during daytime
on-peak periods, making solar potentially more valuable. On the other hand, solar production during offpeak periods will be credited at rates below the baseline rate. These two factors offset each other, and
the forecast under the residential TOD scenario, shown in Figure 16, indicates that there is a decrease of
4 MW relative to the baseline. This is only a 2.8% reduction in total installed solar capacity.

8

The Xcel Energy tariff book publishes separate prices for off-peak energy by season, but they are the same
prices throughout the year. All off-peak pricing is therefore treated as a single period, indicated by the green “3” in
Figure 15.
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Figure 16. Forecast under residential TOD scenario

5.1.4 Incentives Scenario
The final scenario for the Xcel Energy service territory was to consider a range of incentives. These
incentives may be performance-based, such as payment for production or export energy for a defined
period of time, or upfront cash amounts at the time of installation. For ease of calculations, these are
treated as up-front incentives expressed in dollars per W buy down, but may be performance-based
incentives translated to upfront incentives as described in the Regression Model Development section
above.
SDS results are presented in Table 6, in which a range of incentives from $0.5 per W to $2 per W are
compared against the baseline of no incentive. The incentive is assumed to be available to both
residential and commercial sectors. Response ranges from 166.5 MW to 310 MW of new solar capacity,
so it is clear that incentives can be adjusted to affect the desired uptake in solar.
Table 6. Incentives scenario

Solar Deployment Strategy | June 30, 2020 | Page 23

The table also illustrates how, by doing nothing, adoption still occurs. To fairly evaluate the
cost/benefit of the incentive, this baseline adoption, which costs the utility and ratepayers nothing,
should be reflected. For example, the incentive amount of $1 per W leads to 201 MW of new adoption
by 2030, an increase of 60 MW over the forecasted baseline adoption. The program itself would cost
$1/W x 201 MW = $201 million. Thus, the cost of new capacity above the baseline would be $201 M / 60
MW = $3.4 per W. The programmatic cost of acquiring the new capacity is therefore significantly more
expensive than procuring utility-scale PV directly.

5.2

Minnesota Power Results
Minnesota Power Results Summary
• The baseline forecast assumed that the SolarSense incentives will continue at current rates
through 2030 (estimated at about $0.87 per W, about 24% of the assumed installed cost up
to a $20k cap). The baseline forecast estimated cumulative solar adoption of 30 MW by
2030 for residential and commercial customers in the Minnesota Power service territory.
• A residential demand rate scenario forecast that residential solar adoption would decline
2.4% relative to the baseline scenario, reducing residential adoption by 0.7 MW in 2030.
• A residential TOD scenario was designed based on Minnesota Power’s existing 8am to 10pm
TOD pilot service. The TOD forecast estimated that residential solar adoption would decline
0.6% relative to the baseline scenario, reducing residential adoption by 0.2 MW in 2030.
• The final scenario for the Minnesota Power service territory considered a scenario where
the existing incentive was discontinued through the forecast period. The no-incentives, or
“low” scenario forecast that solar adoption would decline 15.9%, with a decrease of 4.8 MW
in 2030 relative to the baseline scenario.

5.2.1 Baseline Forecast
The same basic scenario options were considered for the Minnesota Power service territory, with a
few differences as follows. First, as previously mentioned, the same forecast model coefficients were
used as those in the territory of Xcel Energy. This is because installed PV system costs were not reported
by Minnesota Power, making it impossible to properly train the model on historical data.
Only residential and commercial customers were included, representing 99.7% of customers.
Industrial, mine, paper and municipal customers were excluded from the analysis. Residential bill
calculations were simplified as before with seasonal-weighted pricing. The baseline forecast assumed
that the SolarSense incentives will continue at their current rates through 2030.
Figure 17 shows the baseline forecast. Minnesota Power serves a fraction of the customers that Xcel
Energy serves (147,000 versus 1.3 million). Similarly, adoption rates are small in comparison. By 2030,
the cumulative adoption of rooftop capacity at Minnesota Power is estimated to be about 30 MW.
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Figure 17. Minnesota Power baseline forecast

5.2.2 Residential Demand Rate Scenario
A residential demand rate scenario was developed, similar to the scenario for Xcel Energy. Rates
were calculated similarly, ensuring that the total annual bill of $1028.30 for non-solar customers
remains constant. Demand charges were assumed to be the same percentage of bill as for General
Service customers (13%). This resulted in a hypothetical demand price of $7.25 per kW and energy at
$0.0930 per kWh.
Table 7. Minnesota Power residential demand rate scenario

The forecast using the residential demand schedule described above is a decrease of 0.7 MW of
rooftop solar adoption by 2030, relative to baseline. This represents a drop of 2.4% relative to baseline,
smaller than the reduction for Xcel Energy in percentage terms.

5.2.3 Residential TOD Rate Scenario
The pricing for the Minnesota Power residential TOD rate scenario is summarized in Table 8. Here
the utility’s pilot TOD was used. This rate considers on-peak from 8 am to 10 pm, Monday to Friday,
excluding weekends and holidays. Off peak is all other hours. Also, for simplicity in modeling, critical
peak pricing events were not considered.
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Table 8. Minnesota Power residential TOD rate scenario

The resulting forecast was a decrease of 0.2 MW (0.6%) relative to baseline. This was also less of an
impact in percentage terms as compared to the residential TOD rate scenario at Xcel Energy.

5.2.4 Incentives Scenario
In 2019, Minnesota Power’s SolarSense program paid $0.78 for each estimated kWh of first year
production. This program, by design, takes into account all factors that affect shading, such as shading
from nearby obstructions. To estimate the equivalent incentive amounts, we used the example provided
on the Minnesota Power website, described as follows. Assuming an 8 kW system in Duluth with 20degree tilt, 220-degree azimuth, and an 88% shading profile from Solar Pathfinder, PVWatts® estimates
a production of 8874 kWh per year (1.109 kWh/W). The rebate is therefore estimated as $0.78 x 8874 =
$6922, or $0.87 per W. This is about 24% of the assumed installed cost.
For the modeled commercial customers, the maximum rebate amount of $20,000 must be
considered. At $0.78 per kWh, the incentive amount is capped after $20,000 / $0.78 = 25.6 MWh of
production. The average commercial customer consumes 54 MWh per year, so commercial customers
are assumed to be capped at the maximum amount. The effective upfront commercial incentive for
systems sized to meet the full annual usage is therefore $20,000 / (54,000 kWh / 1.109 kWh per W) =
$0.41 per W.
In this analysis, the baseline scenario is defined by a continuing incentive through 2030, and a “low”
scenario is if the incentive was discontinued (no rebates throughout forecast period). However, the
baseline is not a fixed dollar amount. As installed costs decrease, the program is assumed to reduce the
incentive amounts correspondingly. The assumption is that there is a 30% residential rebate for every
year through 2030. For example, using our residential installed cost projections, the residential rebate
drops from $0.87 per W to $0.70 in 2025. For commercial, the $20,000 limit is fixed, so the average
customer will continue receiving a $0.41 per W incentive through 2030.
The result is as follows: the “low” incentive scenario results in a decrease of 4.8 MW (15.9%) relative
to the baseline scenario described above.
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5.3

Otter Tail Power Results
Otter Tail Power Results Summary
•

The baseline forecast estimated residential and commercial solar adoption of 15.6 MW by
2030 in the Otter Tail Power service territory.

•

A residential demand rate scenario was designed based on the existing Otter Tail Power
Rate “Residential Service Controlled Demand 9.02.” Applying this demand rate to all
customers led to an estimated decrease in total solar adoption of 1.3 MW in 2030, an 8.5%
reduction relative to the baseline scenario.

•

The final scenario for Otter Tail Power service territory considered a range of incentives
from $0.5 per W to $2 per W. The incentives scenario forecast increased residential and
commercial adoption by 3.5 MW (22% increase) to 21.5 MW (138% increase) of new solar
capacity relative to the baseline scenario. When calculating the cost per W of increased
capacity over the baseline, the ratepayer cost of residential and commercial solar incentives
was estimated to be more than the ratepayer cost of installing utility-scale solar.

5.3.1 Baseline Forecast
The rooftop solar market in the Otter Tail Power service territory is not as developed as in the other
two IOUs. This is especially true in the commercial sector, illustrated in Figure 18. The adopter count on
the left side of the figure shows a high variance and an inconsistent growth rate, with later years having
more adoptions than early years. The annual installed capacity shown on the right side of the figure
shows similar volatility. This is a normal pattern for an immature market, but subjects the regression
modeling to errors.

(a) Adopter count

Figure 18. Commercial rooftop adoption at Otter Tail Power (MN)

(b) Adoption capacity

With that caveat in mind, a baseline forecast was developed as follows:
• Model coefficients are assumed to be the same as Xcel Energy. This is because historical PV
system costs are not available, and incentive data was incomplete.
• Of the 356 kW of solar capacity, only 27.8% was installed on farms (3 systems). Therefore, for
simplicity and consistency with the other Minnesota utilities, farm adoption is forecasted with
commercial adoption.
• Customer counts were taken from 2018 OTP FERC Form 1. Only residential customers on the
four most popular rates are included (99.4% of customers). Only commercial customers on three
most popular rates plus Large General Service are included (94.8% of customers).
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•

Energy and demand pricing seasonally weighted. Large General Service TOD rates were
seasonally weighted by period and demand price approximated.
• Customer counts on Controlled Service (14.04, 14.05, 14.06, 14.07) were not differentiated on
Form 1. Therefore, controlled service residential customers were assigned to rate 9.01 and
commercial customers to rate 10.01.
The baseline forecast estimated 5.6 MW of residential solar adoption and 10.0 MW of commercial
adoption, for a total of 15.6 MW.

5.3.2 Residential Demand Rate Scenario
The demand pricing was set to the existing Otter Tail Power Rate “Residential Service Controlled
Demand 9.02” for all residential customers. For comparison to the standard residential service rate, see
Table 9.
Table 9. Residential demand rates

Applying this demand rate to all customers led to a decrease in total solar adoption of 1.3 MW
(8.5%).

5.3.3 Incentives Scenario
A set of incentive scenarios were estimated using the same range as that for Xcel Energy. The results
are shown in Table 10. Adoption increased from the 15.6 MW baseline forecast with no incentive to 37.1
MW with a $2 per W incentive. This range is intentionally broader than typical US incentives, which
generally fall between zero and $1 per W, to provide flexibility in meeting targeted outcomes.
Table 10. Otter Tail Power incentives scenarios

Again, when calculating the cost per W of increased capacity over the baseline, the incentive is
shown to be more expensive than simply installing utility scale solar.
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6 Case Study: Pathway to 10% Solar in Minnesota
6.1

Overview

The second case study explores a pathway to 10% solar in Minnesota by expanding upon the first
case study to include customer adoption within municipal and cooperative utilities. The first case study
developed rooftop solar forecasts at the three IOUs through 2030. The second case study extends these
results to the whole state of Minnesota.
Figure 19 shows the breakdown of 2.7 million electric customers (all sectors). The red boxes show
the IOUs, the blue boxes are the cooperatives, and the yellow boxes are the municipals. The forecast
model is customer-count based (rather than capacity based—capacity is derived from forecasted count
and average size), so the figure emphasizes counts. By this figure, we see that the first case study,
focused on the three IOUS, provided the means to forecast adoption for about 56% of the state. The
second case study extends to forecast the remaining 44%.

Figure 19. Breakdown of customer counts by utility in Minnesota (see explanation of colors in the text)

The forecast model for IOUs was adapted for coops and munis because one of the predictive
variables, fraction of cumulative adopters, does not translate as well to the other utility types given their
different population densities. Therefore, it is assumed here that the payback predictor by itself can be
used for the forecast. The model was re-trained to account for the single predictor variable.
Another issue in extending the forecast is the large number of utilities. There are over 100 retail
electric utilities in Minnesota and, so far, we have calculated historical and forecasted payback for only
three—the IOUs. To calculate the same for the remaining utilities is impractical because it would require
load shapes, customer rate class breakdowns, historical solar incentives, and historical electricity rates
by class, none of which is readily available.
We do have historical solar adoption by utility, so this can be incorporated into the state-wide
forecasts.
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The overall approach is therefore to use the existing payback times calculated in the SDS for the
IOUs, and scale them by the average electric rates. Figure 20 maps these rates, which vary by nearly a
factor of two for commercial customers, so it appears that average rates would provide a reasonable
means for differentiating utilities.
Another element of this approach is to recognize that the underlying load shapes and customer
behavior traits may be geographical in nature. While this is not proven, it is relatively straightforward to
implement, so utilities are grouped, somewhat arbitrarily, in geographical regions tied to each of the
three IOUs. Regions are shown in Figure 21, where the light colors are the IOU territories and the dark
colors are the surrounding cooperatives and municipals.

Figure 20. Average commercial electricity rates in Minnesota

Figure 21. Region definitions

The approach is then as follows: re-train the regression model using only payback, calculate bills and
payback for each IOU along with their projections through 2030, scale payback projections for each
region by the weighted average ratio of rate (residential or commercial) to the corresponding regional
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IOU, and build in the current cumulative adoption for each region. Then, for each year, calculate the
probability of adoption from payback and apply to the cumulative remaining non-adopters in each utility
to get the estimate of the number of adopters at each utility in each year.
For this forecast, the following assumptions were made about availability of incentives through
2030. Federal tax credits follow current legislative phaseouts. Xcel Energy continues its Solar*Rewards
program, unchanged through 2030 ($0.07 per kWh for residential and $0.06 per kWh for commercial)
during the first year of production. These are equivalent to $0.69 per W and $0.59 per W, respectively.
Minnesota Power continues its SolarSense program, targeting 30% of PV system price with a maximum
of $20,000. The resulting equivalent upfront rates range from $0.69 per W to $0.86 per W for residential
customers and are fixed (due to the cap) at $0.41 per W for commercial. Otter Tail Power is assumed to
offer no solar incentive.

6.2

Results

IOU payback projections are shown in Figure 22 for both residential and commercial sectors. These
curves incorporate the declining cost of solar, the impact of federal and local incentives, and bill savings.
Note that payback increases in 2022 due to the changes in the federal tax credits, and that this is
reflected more strongly in residential payback in contrast to commercial payback. This is because the
residential tax credit disappears in 2022 while the commercial tax credit stays at 10%.

Figure 22. IOU payback projections

An illustration of regional adoption calculations is shown in Table 11 for the Xcel Energy (XE) region’s
residential sector. The table was created as follows. First, the Xcel Energy residential payback
projections (see Figure 22) are scaled by the weighted average non-Xcel residential rates in the region to
the average Xcel residential rate. This provides the “Payback” column in the table.
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Table 11. XE region calculations, residential sector

Next, the new regression model coefficients are applied to give the generalized linear model, g(x).
This is converted to probability π(x). The non-adopter pool is the count of all residential customers in the
region, after taking into account cumulative adoption to date. Multiplying the probability by the nonadopter pool yields the expected value of the number of regional residential adopters. Multiplying this
count by the average solar size (kW), gives the annual adoption. Cumulative values are then calculated,
and the non-adopter pool is adjusted for the current year’s adoption.
Cumulative residential adoption for the XE region is shown in Figure 23. This forecast shows that the
number of residential customers adopting rooftop solar is expected to grow from about 1,000 to about
4,500 by 2030. This will result in about 55 MW of new solar capacity.

Figure 23. XE regional forecast, cumulative residential adoption

This process was performed for each sector in each region, and overall results are shown in Figure
24. These results show combined residential and commercial adoption by IOU and non-IOU region. Total
rooftop adoption is estimated to be 192 MW. This capacity would produce about 234 GWh of energy
annually, or only about 0.35% of the state’s overall electricity usage.
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CSG subscriptions, based on the same growth rate, are estimated to grow to about 1675 MW over
the same period. Combined, this would be about 1866 MW, producing approximately 2240 GWh of
electricity annually, or 3.4% of the state’s overall electricity usage. To meet the 10% goal, about 3625
MW of additional solar capacity will be required. This could be met with a combination of utility
procurements and customer incentives.

Figure 24. Minnesota adoption forecast

The above analysis also produces the customer disposition in 2030 shown in Table 12. Thus, 19,000
of the 2.7 million customers statewide will adopt. Among the 2.4 million residential customers, 0.7% will
adopt, and among the 288,000 commercial customers, 0.9% will adopt.
Table 12. Total customer disposition in Minnesota, 2030
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7 Case Study: Municipal Climate Action Plans
7.1

Overview

Saint Paul’s Climate Action and Resilience Plan (CARP) establishes a goal of 200 MW of on-site solar
capacity within its boundaries by 2030. This goal includes
• 100 MW installed on large commercial rooftops or grounds
• 50 MW for small and mid-sized businesses
• 50 MW for residential
Duluth is also considering climate action goals.
This case study is intended to model two Saint Paul CARP programs using the SDS tool. This will
provide a forecast of new solar capacity that can be used to estimate the contribution of each option to
the city’s goals. In addition, the same goals are applied to Duluth to determine what impact they might
have in that city. In both cities, the results of this study could be used to guide the development of goals
and strategies to meet the goals, and the SDS tool could be used to evaluate modifications of goals as
required.
The two program options considered here are:
• Production Incentive. In this option, customers with solar are provided with credits on their bills
based on the amount of energy produced by their rooftop solar PV systems. The option is
designed to target low-to-moderate (LMI) households by providing a higher incentive rates than
for other customers.9
•

7.2

Promotional Collaboration. In this option, the city makes large scale purchases of solar
equipment to achieve favorable terms for customers in the city, and generally provide
coordination between suppliers and customers. This option is modeled as a stimulation of firstyear adoption.

Saint Paul
7.2.1 Model Training

The regression model was re-trained to reflect customer behavior unique to the City of Saint Paul.
As in the first case study, two predictors were incorporated: payback time and the fraction of cumulative
adopters, however in this case only adopters in the City of Saint Paul were included in the training. 10 In
this case, 2018 was added as a training year based on adoption reported in Xcel Energy’s “Annual
Community Report.” Separate training was performed for residential and commercial sectors. The same
historical PV costs and incentives were used for training as for the first case study. The resulting model
fit is shown in Figure 25.

9

The modeled production incentive was not capped. Most incentive programs by utilities, states, or cities
have a fixed budget that causes the program to expire when the cap is reached.
10
Only customers who participated in incentive programs were included in the training. Other nonincentivized systems were also installed, and these are included in the forecast described later.
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Figure 25. Saint Paul regression model fit

7.2.2 Program Assumptions
The SDS model was populated with the following assumptions for customer sectors. Residential LMI
and residential non-LMI customers were assigned the Xcel Energy “Residential without Heating” load
profile, the “Residential Service (A01 Std)” electric rate, and the same annual usage of 7 MWh per year.
Thus, these two residential classes were treated identically except with respect to the incentive
described later.
Commercial customers were assigned the Xcel Energy “C&I Non Demand” load profile, the “Small
General Service (A10)” rate schedule, and average annual usage of 10 MWh.
Other Inputs were the same as for the first case study. Solar PV systems were assumed to be southfacing with a 20-degree tilt angle, sized for 100% annual offset, and installed using the same preincentive cost projections.
Additional data for the three sectors was provided by GPI. These are summarized in Table 13 and
Table 14. Note that the assumed production incentive for LMI customers at $0.35 per kWh is higher than
the non-LMI residential customers and commercial customers, each at $0.20 per kWh. These incentives
would be applied for the first year only.
Table 13. Saint Paul sector data
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Table 14. Saint Paul program assumptions

7.2.3 Results
Final cumulative results for 2030 are presented in Table 15. Results indicated that the production
incentive option is more effective in achieving adoption based on the assumptions made here.
Production incentives increase total residential adoption from 1141 customers to 2308 customers, or 6
MW to 11 MW. Commercial adoption increases from 307 customers to 334 customers, or 13 MW to 15
MW. Promotional collaboration also increases adoption, but by a lower amount. Residential adoption is
only increased to 1182 customers and commercial adoption is only increased to 320 customers.
Table 16 shows the forecast for CSG adoption in St Paul. While this analysis does not include a CSG
incentive amount, CSG subscriptions do contribute to the solar goals. As described in connection with
the regression model development, CSG is assumed to grow at the same rate as rooftop. Baseline
forecast residential and commercial growth rates are calculated separately. The number of CSD
subscribers and DC capacity allocation is taken from data for all Xcel Energy customers, 11 scaled by the
sector customer counts for St Paul.
Table 15. Saint Paul results summary

11

CSG subscription data is from the Xcel Energy Monthly Update, Community Solar Gardens, Docket No.
E002/M-13-867, May 10, 2019, Table 4, “February Subscription Metrics.”
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Table 16. St Paul CSG Forecast

Thus, under the production incentive, by 2030 St Paul is estimated to have 11 MW of residential
rooftop solar capacity, 25 MW of subscribed residential CSG capacity, 15 MW of commercial rooftop
capacity, and 217 MW of commercial CSG capacity, for a total of 268 MW. This capacity would product
approximately 9.5% of the total St Paul electrical usage.

7.3

Duluth
7.3.1 Model Training

Separate models were trained for Duluth based on solar adoption in its city. All assumptions made
for Saint Paul were made for the Duluth models, except the bill savings reflected rates at Minnesota
Power and historical response data was confined to the City of Duluth.
Much smaller rates of adoption are observed in Duluth, and these are reflected in the regression
model fit to historical data shown in Figure 26. Note also that more year-to-year variability is observed,
such as the abnormally low residential adoption in 2011 and the abnormally high level the following
year. This variability results in a poorer fit for Duluth than for Saint Paul, but the model is shown to
generally follow the trends and was used for the forecast.
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Figure 26. Duluth regression model fit

It is interesting to compare the regression models for Saint Paul and Duluth, side by side, as shown
in Figure 27. This shows that customers in Saint Paul are more likely to install rooftop solar than
customers in Duluth, even for the same payback time. For example, a typical customer in Saint Paul who
may see the prospect of a 15-year payback for solar is about three times as likely to install solar as a
typical customer in Duluth facing the same prospective 15-year payback. This result suggests that there
are other, non-economic factors that differentiate customers in the two cities.

Figure 27. Residential model comparison between Saint Paul and Duluth
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7.3.2 Results
Sector customer counts for Duluth were provided by Minnesota Power, while the Commerce DG
database was used for rooftop solar adoption counts and capacities. The division between residential
LMI and residential non-LMI customers was assumed to be the same as for Saint Paul (38 percent LMI).
Results are summarized in Table 17. Again, the production incentive appears to be more effective in
achieving higher adoption than the promotional collaboration. Residential rooftop adoption increased
by 69% with the production incentive as compared to only 6% for commercial adoption. This is in part
due to the higher rate offered for LMI customers.
Table 17. Duluth results summary
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8 Summary and Conclusions
The SDS planning tool was developed for stakeholders in Minnesota to help inform the pathway to
10% solar in the state. The model incorporates hourly load and production data by class of customer and
calculates bills and bill savings under different assumed rates and compensation mechanisms. It
furthermore incorporates a logistic regression model that fits parameters such as payback and
cumulative adoption to date and allows the user to forecast adoption based on scenario assumptions.
The SDS model was used in three case studies. In the first case study, residential demand schedules,
TOD schedules, and incentives were tested to determine the impact on adoption. Demand schedules
were shown to reduce 2030 forecasted adoption by 2 to 10 percent. TOD rates reduced adoption in the
0.6 to 2.8 percent range. Incentives were modeled as up-front incentives, but could also be production
incentives. These were shown to increase adoption, as expected, but were shown to be more costly
than direct utility investment in new capacity when only the increase above baseline adoption was
considered.
The second case study expanded the first case study to consider adoption in the municipal and
cooperative utilities. With over 100 such utilities, this project did not have the timeframe or budget to
collect the same level of detailed data as that obtained from the IOUs. Therefore, this case study
employed methods to extend the forecast using available public data from the US Energy Information
Administration (EIA). Forecast results indicate rooftop adoption of about 192 MW by 2030 and CSG
subscription capacity of about 1675 MW. Combined, this represents about 3.4% of the state’s overall
electricity usage. A pathway to 10% solar generation would therefore require additional solar capacity
beyond this baseline amount.
In the final case study, the SDS tool was used to evaluate municipal climate action plans and the
prospects for incenting rooftop solar as a means to achieve specific capacity targets. The regression
model was re-trained to account for adoption specific to the test cities, and the likelihood of adoption
by customers in Saint Paul was shown to be three times that of Duluth customers, even if given the
same economic payback period. This suggests that non-economic factors are significant in city-to-city
comparisons. Production incentives ranging from $0.20 per kWh to $0.35 per kWh for the first year of
production were tested and shown to be much more effective in meeting adoption targets than
promotional collaboration, at least as modeled here where promotion collaboration was assumed to
double the first year of adoption. These results can be considered by cities alongside the results of the
first case study results showing that direct purchases are more effective than incentives in terms of
increased adoption over baseline levels that would be achieved with no incentive at all.
In addition to the above analysis, more detailed models were considered that would incorporate
data of finer resolution—at the zip-code level rather than the utility level. This approach proved to be
hampered by lack of available data, and, while these models may have the potential for higher accuracy,
they were not pursued in this study for these practical reasons. A more detailed description of this
approach is provided in Appendix 3, and the accompanying high-resolution building load analysis is
provided in Appendix 2.
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9 Appendix 1: SDS Tool Architecture
The SDS tool is made up of two separate Excel workbooks, the “Load Module” and the “Main
Module.” The Load Module contains the user inputs for hourly loads and solar profiles, TOD period
definitions (e.g. Monday through Friday at 9 am to 9 pm), and the solar percentage. Based on these
inputs, the Load Module identifies each hour by TOD period and billing month and computes normalized
billing determinants such as energy TOD quantities, maximum monthly demand, and so on.
The Main Module performs all calculations that do not require hourly data. These include scaling by
usage and customer counts, and calculations of monthly and annual billing amounts, bill savings,
payback, and forecasting.
The Load Module is significantly larger than the Main Module and need not be distributed, so long
as the ability to “refresh” hourly calculations is not essential. This is possible because the Main Module
contains external links to the Load Module results. Pre-calculated intermediate static results (the
normalized billing determinants) can therefore be included in the distribution. The links to these results
only need to be updated using the Load Module if the underlying hourly data changes.
The split between modules simplifies distribution since the smaller Main Module can be sent via
email to interest parties. It falls below the file size typically blocked by mail servers. Upon starting the
workbook, the user may elect to update using the links to the Load Module (if necessary and available),
but may decline if the Load Module is unavailable. In this case, the static data from the most recent
update is used by the Main Module.
The design also speeds calculations since the normalized billing determinants usually do not have to
be recalculated as new user data is entered. For example, if the user decides to change a TOD price or
the annual usage, the hourly results do not have to be recalculated. Only the determinant scaling and
monthly charges change.
The separation of the Load Module from the Main Module also allows protection of non-public
customer load profiles. CPR obtained load data under confidentiality agreements these participating
utilities. These were entered into the Load Module, from which the billing determinants were
calculated. Then, the Main Module was made available publicly without releasing the confidential,
underlying data. 12

12

The Main Module for Xcel Energy has been released with approval by the utility. A generic Load Module has
also been released, but the loads were limited publicly available data. For this purpose, public load profiles from
AEP Ohio were used.
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10 Appendix 2: Building Characteristics and Load Estimations
Prepared by:

Josh Quinnell and Rabi Vandergon
Center for Energy and Environment

Prepared for:

Minnesota Solar Pathways

10.1

Introduction

The Solar Pathways Solar Deployment Scenario (SDS) tool forecasts the impacts of solar
adoption on different classes of customers. These customer classes are defined by their hourly
annual electricity consumption (8760 load profiles). There are two important requirements of
customer class energy load profiles. First their characteristics and energy load profiles must
reasonably approximate different types of Minnesota electricity consumers. Second these
profiles, when aggregated, must reasonably represent system loads throughout Minnesota.
This document describes the estimates of representative building profiles and their statewide
distribution.

10.2

Spatial Interpolation of Building Characteristics
10.2.1 Residential Building Counts

Each residential customer class has a load profile developed from building characteristics
found in the American Community Survey (ACS). The highest spatial resolution offered for these
data are the Public Use Microdata Areas (PUMAs). There are 47 PUMA regions in Minnesota as
shown in red in Figure 28. Each PUMA region has about 100,000 people and 50,000 dwellings
and they include both rural and urban areas. These PUMA-level data were distributed across
930 Minnesota ZIP codes according to the fraction of PUMA population within each ZIP code.
An example of this process is illustrated in Figure 29 for the count of single-family homes.
The count of single-family homes in each of the 47 PUMA regions (right) was distributed into
930 zip codes (left). The zip code interpolation shows the spatial variations present within each
PUMA region; large areas of very sparse population interspersed by dense areas corresponding
to major towns and cities.
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Figure 28: Minnesota PUMA regions (red) and ZIP codes (black) and a PUMA region in NW MN

Figure 29: Number of single-family dwellings by PUMA region (left) and ZIP code part (right)

10.2.2 Commercial Building Counts
Commercial building counts by ZIP code were obtained from Minnesota’s recent Energy
Efficiency Potential Study. This study used North American Industry Classification System
(NAICS) codes to develop commercial customer categories and estimate counts of commercial
customers for the categories listed in Table 18 at the ZIP code level.
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Table 18: Commercial building categories and counts from the Minnesota Energy Efficiency Potential
Study
Building Type
Small office
Large office
Small retail
Large retail
Warehouse
Education
Grocery
Healthcare
Lodging
Food service
Public Assembly
Other

10.3

Count
76,149
893
40,338
608
8,421
6,874
3,029
16,615
2,063
10,007
4,521
40,819

Energy Load Profiles

Customer electricity load profiles were developed from the Department of Energy
commercial reference models and Building America simulations for single-family residential
buildings. Hourly electricity profiles were developed for twelve commercial buildings and eight
residential building types. The model results were disaggregated into HVAC and non-HVAC
components. The HVAC energy component was replaced with results from the HVAC model
developed for the Solar Potential Analysis (SPA) earlier in the project. This allowed the use of
the reference profiles that are weather and time correlated to the Solar Anywhere and utility
load datasets used in the SDS tool. The final hourly electricity profiles were scaled to match
building-level energy use representative of Minnesota buildings.

10.3.1 Residential Electricity Profiles
The Building America model results were used alongside the ACS data to develop eight
discrete residential energy profiles shown in
Table 19. These profiles serve two purposes. The first is to highlight the major differences in
the size and shape of residential electricity loads among different types of customers. Heating
fuel, dwelling size, and dwelling type (single or multi-family) yield annual loads that vary by
nearly an order of magnitude and large diversity of load magnitude and shape, while also
conforming to building types that can be aggregated across geographies to estimate reasonable
system-level electricity loads. Profiles 1 and 2 are plotted in Figure 30 to demonstrate the
difference in load shape and magnitude for small multi-family residences with gas and electric
heat.
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Table 19: Residential building profile characteristics
Profile
1
2
3
4
5
6
7
8

Building
Type
Multifamily
Multifamily
Multifamily
Multifamily
Single
family
Single
family
Single
family
Single
family

Building
Size

Annual
Electricity
(kWh)

Heating /
Hot water Fuel

Statewide
estimate

Small

Electric

104,267

10,007

Small

Gas

138,256

2,425

Large

Electric

100,949

14,598

Large

Gas

155,167

6,706

Small

Electric

44,615

15,463

Small

Gas

447,778

5,894

Large

Electric

137,164

19,486

Large

Gas

1,148,945

6,710

Figure 30: Example residential profiles demonstrating the difference in load shape and magnitude for
small multi-family residences with gas (Profile2) and electric (Profile1) heat

10.3.2 Commercial Electricity Profiles
These commercial building types and counts were paired with the DOE reference building
models (pre-1980 simulations) as shown in Table 20. Two categories, “Other” and “Public
Assembly,” did not correlate with reference models. The public assembly type was represented
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by the medium office building model and “Other” was represented by count-weighted-average
of all other eleven profiles. The HVAC results were replaced with those time and weather
correlated to the Solar Anywhere data. Varying HVAC data changed total electricity use by 1%
to 6% across the 12 building types. The final profiles were scaled to match the annual perbuilding electricity use determined in the Minnesota Energy Efficiency Potential Study. This
scaling changed the values more significantly (5% to 166%), reflecting the large differences
between the reference building set and the average building for each category.
Table 20: Commercial building profile characteristics
Commercial
Building Type
Small office
Large office
Small retail
Large retail
Warehouse
Education
Grocery
Healthcare
Lodging
Food service
Public Assembly
Other

DOE Reference
Building Model
Small Office
Large Office
Strip mall
Stand-alone Retail
Warehouse
Primary School
Supermarket
Outpatient Health
Care
Small Hotel
Full Service
Restaurant
Medium Office
Average of above

Count
76,149
893
40,338
608
8,421
6,874
3,029
16,615

Annual
Electricity
(kWh)
37,375
1,570,112
35,210
906,643
103,109
431,432
639,102
316,923

2,063
10,007

327,703
299,972

4,521
40,819

172,390
105,479

Figure 31: Example commercial profiles for Lodging and Small Office building (customer) types.

Solar Deployment Strategy | June 30, 2020 | Page 46

10.4

Data Sources

[1] Shapefile ZIP codes, US Census Bureau, September 17, 2018. [Online]. Available:
https://www2.census.gov/geo/tiger/TIGER2018/ZCTA5/
[2] Shapefile PUMA regions, US Census Bureau, September 17, 2018. [Online]. Available:
https://www2.census.gov/geo/tiger/TIGER2018/PUMA/
[3] ACS data PUMA region, IPUMS USA. [Online]. Available: https://usa.ipums.org/
[4] ACS Population by ZIP code, US Census Bureau. [Online]. Available:
https://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml
[5] NAICS buildings by ZIP code, Center for Energy and Environment, 2019.
https://www.mncee.org/mnpotentialstudy/home/
[6] Residential Models, US Department of Energy, July 10, 2019. [Online]. Available:
https://www.energycodes.gov/development/residential/iecc_models
[7] Commercial DOE Reference Building Models, November 13, 2012. [Online]. Available:
https://www.energy.gov/eere/buildings/existing-commercial-reference-buildings-constructed-1980
[8] MN Potential Study, Center for Energy and Environment, 2019.
https://www.mncee.org/mnpotentialstudy/home/ (accessed August, 2019)
[9] Solar Potential Analysis Report, HVAC model, MN Solar Pathways, 2018.
http://mnsolarpathways.org/spa/ (accessed August, 2019)
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11 Appendix 3: Statewide Adoptions by Zip Code
The “SDS Planning Tool” chapter explains how a model was trained to predict an entire population
within a region as if it were a single customer, using simplified cost and demographic data. This section
covers preliminary work on a more complicated model, where adoption across the state of Minnesota is
predicted by summing the adoption predictions for each zip code in the state. Inputs include estimated
historical cost data computed from Clean Power Research rates and incentive databases, as well as zipcode level population demographics.
The work is “preliminary” because the zip-code-level forecasts turned out to be inaccurate, possibly
because there were few or no adoptions recorded for most zip codes in the historical training data. This
caused numerical difficulties during model training. In addition, the labor required to extract a complete
set of current and historical rate and incentive information from across Minnesota proved to be
prohibitive, and so cost information was approximated by interpolation across time and space. The
errors inherent in that procedure further degraded accuracy. Because initial zip code level results were
less than ideal, and because other work within Solar Pathways seemed both a higher priority and more
promising, resources and funding were shifted away from this task, and a final statewide forecast was
performed using a higher-level approach discussed in the second case study.

11.1

Technology Adoption Forecasting Overview

One of the first studies of technology adoption forecasting was done by (Bohlen 1957), who studied
Iowa farmers and their adoption of new agricultural techniques, noticed that the number of new
adopters over time resembled the curve shown in Figure 32. In the beginning stages of a new

Figure 32. Technology adoption frequency over time

technology, few farmers – the innovators – acquired it. The adoption rate increased over time, and
eventually peaked, at about the time when half of the farmers had adopted the new technology. The
less adventurous, having seen the benefits, began adoption, with the most hesitant – the laggards –
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adopting the latest. Bolen examined the demographic characteristics of the adopters in each time
period and found that the groups had distinct traits:
•

innovators –larger farms, more educated, more prosperous and more risk-oriented

•

early adopters – younger, more educated, tended to be community leaders, less prosperous

•

early majority – more conservative but open to new ideas, active in community and influence
on neighbors

•

late majority – older, less educated, conservative and less socially active

•

laggards – most conservative, small farms and capital, oldest and least educated

If the bell-shaped curve in Figure 32 is integrated over time in order to compute the total number
cumulative adoptions, we get what, in the adoption literature is often called an “S-shaped curve,
examples of which are shown in Figure 33. Here, the percentage of population having adopted a

Figure 33. Cumulative adoption over time for several technologies

technology is plotted against time on the horizontal axis. The curves for several technologies are quite
similar, indicating a generally consistent pattern. These curves are plotted for total population; if
populations are grouped by demographic traits, do we see the difference in adoption rates observed in
(Bolen 1957), and sketched in Figure 32?
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Figure 34. Technology Adoption vs. Location

The answer is yes. For several technologies, Figure 34 and Figure 35 illustrate how location and age
affect adoption. In Figure 34, rural adults adopt at a slow rate than average US adults, while in Figure
35, adults over the age of 65 adopt slower than average US adults. This gives confidence that
population characteristics can be used to predict adoption rates.

Figure 35. Technology Adoption vs. Age

One caution for adoption forecasts over long time spans is hinted at in Figure 36, which shows the
adoption rates for 20 technologies over 110 years. It appears that the rate of adoption is accelerating
over time. Possible explanations could be that the rates have increased because of more disposable
income, better education, or because the character of earlier technologies has changed, for example,
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electricity in the early 1900’s required the construction of much physical infrastructure, while tablets at
the beginning of the 2000’s required very little.
Figure 36. Is Tech. Adoption Accelerating?

11.1.1 Factors That Predict Solar Power Adoption
Above, we’ve seen that location and age influence adoption of consumer electronics and internet
technologies. What features have been found to influence the adoption of residential solar plants?
Past Clean Power Research studies (Clean Power Research 2019) have found that the most
influential feature of those considered was payback time – the time required for incentive and electricity
cost savings to exceed the cost of installing a rooftop photovoltaic (PV) system; the sooner the payback
time, the more likely the adoption.
Those studies also found that adoption probability increased with the number of nearby neighbors
who had installed PV systems. One possible explanation is that later adopters are influenced by earlier
adopters and tend to imitate them; another is that people of similar characteristics live close to each
other, and it is those characteristics that drive adoption. Consistent with the second hypothesis is
another finding from the Clean Power Research study, which was that adoption probability was
increased or decreased depending upon the household’s socio-demographic segment (the proprietary
PRISM category e.g. “Toolbelt Traditionalists,” not available for the Solar Pathways project).
Other factors shown to affect adoption are the rate of market growth (Gagnon 2017), as well as
population density, income, education (in low solar irradiance areas) and economic equality, as
measured by the GINI coefficient (Yu 2018).
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11.2

Common technology adoption forecast models
11.2.1 Bass Diffusion Model

Arguably the most common adoption forecast method is the Bass Diffusion Model (Bass 1994),
which simplifies the five category adopter population model in Figure 32 into two categories, with
overlapping adoption curves (Figure 37). A large percentage of a small pool of innovators starts

Figure 37. Classic Bass Diffusion Model

adoption early, while the imitator rate of adoption increases as total adoption increases. This behavior
is model by a differential equation with coefficients trained on data.
The model is very sensitive to the span of training data, as shown in Figure 38, which was produced
in a Clean Power Research study on residential PV adoption. The forecast trained on data through year
2002 shows a saturated market near 2010, while a model trained on data up to 2010 saturates near
2035. This and other problems with estimating Bass diffusion coefficients are discussed in (Massiani &
Gohs 2015).
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Figure 38. Classic Bass Diffusion predicted PV adoption vs. end date of
training data

Nevertheless, the Bass Diffusion is popular, and modified versions of it have been used to forecast
solar adoption (Gagnon 2017).

11.2.2 Logistic Regression
Another popular adoption forecast option is logistic regression, an extension of standard,
unbounded linear regression, in which a weighted sum of inputs is used to predict a probability within
the range (0,1). This is described in the “SDS Planning Tool” chapter.

11.2.3 Other options
There are many other options for predicting a probability, most of which have not been applied to
adoption forecasting. We will outline the methods tried for Solar Pathways, after a discussion of the
data used for the MN statewide forecast.

11.3

Preliminary PV Adoption Model and Data
11.3.1 Data
11.3.2 Demographic-Geographic Data

The demographic data came from the open source database, uszipcode (Hu 2019). For each
Minnesota zip code (Figure 39), uszipcode provides 58 geographic and geographic parameters, much of
which is stratified by age and gender.
The database contained many errors, usually full or partially missing data for a zip code, but also
some missing zip codes, and some that were almost entirely in neighboring states. In addition, the
designated zip code type was sometimes incorrect, the most common error being a PO Box zip code not
being designated as such. The errors were discovered gradually, as data from this database was merged
with other data types. The general error approach for missing data was to fill it with interpolations from
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nearby zip codes. Parameters either provided directly from this database, or calculated from variables

Figure 39. Minnesota Zip Codes

within it are listed in Table 21.

Table 21. Parameters coming from uszipcodes database

Feature
population
land_area_in_sqmi
housing_units
median_home_value
median_household_income
popDens
popInNonInst
fracPopInNonInst
fracPopInInst
ageHHrent
ageHHown
ageHHall
numHHown
fracHHown

Description
population
zip code land area
number of housing units
median home value
median household income
population per square mile
population - (population living in
institutions)
fraction of non-institutional population
fraction of institutional population
mean age of rental head of household
mean age of homeowner household
whole-population average age
number of owned households
fraction of household that are owned
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numHHrent
fracHHrent
edYrsMean
gini

number of rental households
fraction of rental households rented
mean years of education
income distribution GINI coefficient

11.3.3 Rates and Incentives
Historical Minnesota electricity rates were manually collected from government compilations or
utility web pages. This information was not available for many electric utilities or was missing for some
of the years covering the PV installation history.
In addition, utility service areas do not map one-to-one with zip code boundaries (the unit where
demographic information is available).
Therefore, and approximate interpolation approach was taken to define rates for all historical years
in all valid zip codes. First, Minnesota cities with known rates were clustered into ten groups with
similar rate structures. Then, each zip code was assigned the rate structure of the “rate group city” at
the smallest population-weighted distance from the zip code’s geographic center.

11.3.4 Load Profiles
Eight generic pre-PV-install electricity load profiles were defined by the Center for Energy and
Environment (CEE), as described in Appendix 2, as well as weights for each zip code, defining was
fraction of electricity consumers in a zip code had that profile.

11.3.5 PV system payback time
For each zip code and each year in the study, the PV system payback time was calculated for each of
the generic load profiles described above. Then, the single “payback time” for the entire zip code was
defined as the weighted average of each profile’s payback time, the weights also coming from the CEE
load profiles mentioned above.

11.3.6 Cumulative Adoption Features
Additional features were derived from historical or predicted installs. These were numInstCum, and
capInstKWcum, the cumulative number of capacity of installs for each year. Extra features were also
created by normalizing these by each zip code’s population, area, and number of households.

11.4

Results

Here we cover three types of experiments performed for this project: quick model surveys trained
on demographic features only, trained and tested in alternate years; those which include payback
features, which had normalized prediction targets, and which were also trained and tested on alternate
years; final model experiments, which were trained and tested causally (all training years before all test
years).
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11.4.1 A. Demographics-only models
For much of the project, costs savings data were not available, so adoption models making
predictions with only demographic features were evaluated. The goal was to quickly assess the
potential of several popular machine learning prediction algorithms, namely:
1. Poisson Regression: A “generalized linear model” predicting discrete counts, which are
assumed to fit the Poisson distribution. The advantage of this approach is that it trainable
on smaller amounts of data (Agresti 2007)
2. Negative Binomial Regression. Another generalized linear model predicting counts, but one
which makes fewer assumptions about the count distribution (Agresti 2007)
3. Random Forest: A very flexible “modern” machine learning algorithm, which is based on a
“decision tree,” a set of automatically generated rules, each of which predict the range in
which a prediction target lies. The final prediction is the average of a large number of
decision trees, each with different rule randomizations – a “Random Forest” (Breiman
2004). Compared to other modern machine learning algorithms, random forests are
considered to be good for high dimensional inputs in cases where there is little training
data. When there are large data sources, then a neural network, for example, would be a
better choice. But since MN Solar Pathways is clearly a low data availability problem, and
random forest was more appropriate.
For the demographics-only experiments, two prediction targets were tried:
1. Zip: for each zip code, the total number of adoptions at the end of the historical data
2. Yearly: for each zip code, the total number of adoptions for each year
The results on test and train data are shown in Table 22. The train and test years alternated: the
models were trained on years [2001, 2003, … 2017] and tested on years [2000, 2002, … 2016]

Experiment

Algorithm

Train Error
(MAE)

Test Error
(MAE)

Zip

Poisson

3.9

3.6

Zip

Neg. Binomial

4.1

3.7

Yearly

Poisson

0.56

0.49

Yearly

Neg. Binomial

1200.00

7.90

Yearly

Random Forest

0.41

0.38

Table 22. Demographic-only Forecasting results

Table 22. suggests that the Poisson and Random Forest Models are considerably better than the
alternatives, with the Random Forest being the best.
Note that the mean absolute error (MAE) numbers in Table 22 do not represent forecast accuracy
for the statewide forecast. The reason is that the MAE calculation shown gives zip codes with few
buildings and small populations the same weight as zip codes containing dense suburban housing.
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11.4.2 B. Models prediction normalized targets
The forecast algorithms discussed in this section attempted to predict the fraction of households
that installed a PV system for each year and zip code in the state.
As mentioned above, we started our experiments by predicting the actual number of newly installed
systems per zip code. This was problematic because installs were greatly concentrated in only a few zip
codes during only a few years; because large adoption numbers were extremely rare in the data, models
tended to greatly under predict. But, when the number of installs was instead normalized by the
number of households, the prediction target is the fraction of adoptions in a given year; 100 adoptions
in a zipcode with 10,000 households results in a prediction target of 0.01, as do 10 adoptions in a zip
code with 1,000 households. This allows the prediction algorithm to learn a general rule over zip codes
with greatly different populations.
We omitted the Poison model from these tests because it is designed to predict counts instead of
fractions. On the other hand, we increased the number of prediction inputs by including the full set of
PV install payback features discussed above. We also tested some new models:
1. linReg_EN: this was elastic net linear regression -- ordinary linear regression, except that it was
penalized for having too many large regression coefficients. This is a way of handling a larger
dimension input vector when there is little training data. The resulting model is simple, but can
only model linear relationships (Zhou & Hastie 2005)
2. baseRF: a basic random forest similar to the one mentioned in the previous section, designed
with default parameters, based on rules of thumb.
3. cvRF: a random forest where the parameters are chosen with a statistical cross validation
procedure. In generally these parameters should perform better on unseen test data
4. lrProb: logistic regression modified to accept probabilities as targets instead of binary prediction
targets
5. lrProbENsel: logistic regression with probability targets, trained with the elastic net criteria.
Table 23 shows the test set results. In terms of MAE, baseRF is the best of the algorithms; if spatial
(per-zipcode) accuracy were the top priority, one would pick this algorithm. If, however, it was most
important to get an accurate prediction for the total number of installs across all zipcodes, then the
measured bias across all zipcode predictions is more relevant; judged by bias, cvRF is preferable.
Table 23. Normalized prediction models tested on payback features, alternate train/test years

linReg_EN
baseRF
cvRF
lrProb
lrProbENsel

MAE
BIAS
Test
Test
96.464 -24.206
76.542 -14.104
125.03 -9.7746
159.8 -34.806
189.07 -40.997
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11.4.3 C. Models predicting normalized targets, causal training, cumulative
prediction accuracy
Having winnowed the models down to baseRF and cvRF, we tested them causally, that is with all
training years preceding all test years, as in real life. Figure 40. Summarizes the cumulative forecast
errors as the training set is increased from left to right, and in which the years remaining in the historical
install data are forecasted. The top plot shows the cumulative number of installs occurring between
years 2011 and 2016. On the bottom plot, the x-axis is the last year in the training set, and the y-axis is
the percentage error in forecasting the total installs in all historical data years after the training set. The
plot shows that the two random forest algorithms have nearly the same 20-35% error until training year
2013, and that for years 2014 through 2016, the error of both algorithms drop, but have opposite signs.
The MAE of baseRF is somewhat better than cvRF, but if the two models are averaged, forecast error is
only 5%.
This is an example of ensemble forecasting (Lemke 2010), a standard machine learning technique, in
which forecasts coming from diverse models are averaged. The ideal case is when the errors of these
models are anti-correlated, and this happens to be the case here.
An error of 5% is quite good, but that is computed over only two years, while errors in earlier years
are up to 40%. During the earlier period, the baseRF and cvRF errors are similar, so the evidence for
future decorrelating is ambiguous. When more adoption data is available, checking this model
correlation could be a worthwhile follow-up study.
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Figure 40. Cumulative Installs and Random Forest Forecast Error

11.5

Discussion

Demographic features by themselves are usable for predicting residential PV adoption at the
zipcode level. However, the results obtained when these features were combined with PV system
payback estimates were ambiguous, even with a modern machine learning algorithm such as a random
forest.
There are at least a few possible explanations for the inconsistent performance:
1. The payback features used here were poor quality. There were at least two sources of error, the
first being the approximated load profiles, and the second being the very coarsely approximated
rate structure. We don’t know that poor quality payback features were the culprit, but if they
were, this would argue either for better statewide collection of this type of data, or barring that,
then avoiding the very labor intensive work involved in making payback features, in other
words, a far less granular cost structure approximation, like that described in the body of the
report, may be more practical.
2. Making predictions at the zipcode level is inherently inefficient, unless such spatially precise
information is needed. In related regional prediction problems – for example in wind power
prediction – better accuracy is often obtained by directly predicting the sum of noisy sources in
a region, rather than predicting each noisy source and then summing the predictions to the
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regional level. The intuitive explanation usually given for this is that when random, statistically
independent noisy sources are summed the individual noise sources cancel each other out, and
the sum is smooth – easier to predict that the individual noisy sources.
3. Most of the PV adoption was found in a few zip codes, and only in a few years. There is not
enough diversity present in the data to make good machine learning based predictions;
econometric diffusion or agent-based models, which operate on a few simple human behavioral
rules might be a better fit.
Profitable future work would start with further experiments which could identify if the cause of the
ambiguous results is either 1, 2, 3 or none of the above. It could also be worthwhile to determine
whether an average of a broad set of diverse machine learning models would yield better results, as
seems possible, given the later years in Figure 40.

11.6
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