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ABSTRACT 

This paper presents a study on how to right-size the most 

cost-effective residential photovoltaic (PV) system 

based on its net present value (NPV). We apply the right 

sizing methodology for different Demand Response (DR) 

programs and different US locations. The paper 

concludes that the proposed right-sizing method can help 

home owners determine the appropriate size for the PV 

system as well as help them understand the trade-offs in 

cost benefit between only installing a PV system and 

enrolling in a DR program in addition to installing a PV 

system. This is illustrated by showing the effect of 

contextual parameters on the optimum size of the PV 

array. 

INTRODUCTION 

The continuous deterioration of the environment and 

depletion of fossil fuels has raised people’s awareness of 

the importance of renewable energy sources and energy 

conservation measures in helping reduce the use of 

energy. As one of the fast-growing emerging sustainable 

energy resources, solar energy has attracted growing 

attention worldwide because of its low environmental 

impact. Recent decades have shown a growing trend of 

grid-connected PV system installations in single-family 

dwellings as homeowners seek to reduce their monthly 

utility bills, dependence on the power grid, and impact 

on the environment (GTM Research 2013).  

Another way to alleviate the shortage of energy reserves 

without using alternative energy sources is conservation. 

One special type of energy conservation measure, 

initiated by the utility companies in order to decrease 

peak demands on the grid power is called Demand 

Response (DR). It works directly from the demand side 

by curtailing the electric load during peak hours. 

Homeowners who are interested in investing in grid-

connected PV systems for their own benefit may instead 

or in addition choose from different levels of DR 

programs that are offered by their utility provider. 

Opting in means that the homeowner will pay a reduced 

tariff on electricity use in exchange for allowing the 

utility company to interrupt or throttle electricity use at 

certain peak load periods (up to a certain maximum 

hours as specified in a DR contract signed by the 

consumer and the utility company). However, since a DR 

opt-in implies curtailing demand during peak hours, 

these programs may decrease the financial benefit of the 

PV system. Whether that is indeed the case depends on 

many factors such as the size of the PV array, and type 

of buy-back rate or net metering that the utility company 

supports. It is easy to imagine that with a DR opt-in, the 

total amount of PV collected surplus energy increases. If 

that surplus cannot be stored (we assume no local battery 

storage in this study) or sold back or can only be sold 

back at a price that is substantially below the retail price 

of a kWh electricity, it will affect the cost optimal size of 

the PV array. The expectation is therefore justified that 

in order to gain the greatest possible financial benefit, 

homeowners need to clearly understand the impact of 

DR programs on the sizing of their specific PV system.  

The literature on PV system sizing has focused mainly 

on the optimum sizing of off-grid PV systems to avoid 

power loss (Sidrach et al. 1999, Bhuiyan et al. 2003, Hu 

2009) and grid-connected PV systems for different 

locations and orientations (Peippo et al. 1994, Hernandes 

et al. 1998, Burger et al. 2006). Several recent studies 

have identified the relationship between PV systems and 

DR programs. Perez et al. (2010) concluded that DR will 

benefit from distributed PV generation because a PV 

system will increase the DR efficiency by reducing the 

user’s load demand from the grid, and, therefore, credits 

should be given to homeowners who have installed grid-

connected PV systems. Genao et al. (2012) have studied 

the impact of DR and PV generation on time of use 

(TOU) rates and concluded that moderate DR can make 

TOU beneficial and that PV generation can make TOU 

pricing conditionally beneficial. These studies have 

addressed the beneficial relationship between PV 

generation and DR mostly from the grid operator’s 

perspective. However, these studies don’t provided any 

insight for homeowners who need to decide which size 

PV system to install and if they want to take advantage 

of any DR program incentive options.  
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This paper proposes a method of deciding the right size 

of a grid-connected residential PV system taking into 

account the influence of DR programs from a financial 

perspective. 

Grid-connected PV system and Net Present Value 

The PV system can be roughly divided into three 

categories: the stand-alone system, the grid-connected 

system, and the hybrid PV system. Among these 

systems, PV grid-connected systems (PVGCS) have 

grown the fastest since 2000. In 2011, in the U.S. alone, 

PV systems totaling 324 MW were installed in detached 

residential houses (Sherwood 2012).  

Grid-connected PV systems have two financial benefits: 

electric utility bill saving and power sellback. In electric 

utility bill saving, the power generated by the PV system 

is used directly on-site and can partially or even 

completely offset the electricity purchased from the grid, 

therefore reducing the homeowner’s monthly utility bill. 

This cost saving benefit of PV generation is equal to the 

price of electricity multiplied by the generated power 

that was used on-site. In power sellback, the surplus 

generated power is sold back to the grid through a 

sellback meter or in some cases through net metering. 

Normally, however, the grid operators purchase this 

sellback electricity at a lower rate compared to the price 

they charge the customer. They also charge a monthly 

service fee for the sellback meter at the user’s home.  

This paper uses NPV to represent the net profit gained 

by the PV investment. In the NPV method, future annual 

cash flows are discounted to their present value. The net 

profit can then be calculated by subtracting the initial 

investment from the total present value. When the value 

of NPV is greater than zero, the investment is profitable, 

but when the NPV is less than zero, the customer 

experiences a loss. Different from the payback period 

method, NPV has the advantage of taking inflation into 

account. In an NPV calculation, a dollar 

today is worth more than a dollar in the future. Function 

1 is the formula to calculate the NPV of the PV 

investment (Clemen 1996).  

NPV = ∑
Revenuet−Costt

(1+d)t
N
t=0              (1)   

where, d represents the discount rate, which equals the 

sum of interest rate and inflation rate; Revenuet 

represents the revenue generated by the PV system in 

year t plus the incentive received from enrolling in the 

DR program, and Costt represents the installation and 

maintenance cost of the system in year t.  

DR programsThe real cost of electricity is deepndent on 

many generation and distribution factors and can 

therefore not be regardedas constant, neither long term 

nor short term  One short term example is that the cost 

of electricity significantly increases during peak hours 

when the stability of the grid is threatened. DR programs 

can reduce the demand during peak hours by motivating 

end users to reduce usage through incentive-based or 

price-based programs. (Albadi 2008)  

DR is defined as a program that provides incentive 

payments to induce lower electricity use at times of high 

wholesale market prices or when system reliability is 

jeopardized. (DOE 2006) DR includes all electricity 

consumption pattern modifications that are intended by 

end-use customers to alter the timing, level of 

instantaneous demand, or total electricity consumption 

(IEA 2003).  

One typical consequence of DR is that end users are 

forced to reduce their usage during peak hours, which 

may cause a temporary uncomfortable condition. For 

example, when the demand in the grid is high, the 

customer involved in DR is required (in many cases this 

is done by real time automatic resets controlled by the 

utility company) to increase their thermostat settings, 

which may make their home temporarily uncomfortably 

warm. A different result is that the end users shift the 

load to different times of day without sacrificing or at 

least mitigating the negative effects on thermal comfort. 

Figure 1 describes two different behaviors of DR 

participants.  

By motivating people to shave or shift the peak load in 

the grid, DR flattens the electric load profile, which 

reduces the risk of power shortages. When a heat wave 

in the state of New York in July 2013 led to a power 

shortage, effectively implementing DR successfully 

prevented the situation from getting worse. This event 

demonstrated the potential of the utility-controlled DR 

program. 

 

 

Figure 1 Typical behaviors of DR programs 

 

EDR (2013) and Mount (2004) concluded that only the 

curtailing is a conservation measure. The load shifting is 

not considered a conservation action because it merely 

shifts the load instead of reducing it. Focusing on the 

tradeoff between renewable and conservation measures, 

we will consider only the conservation action of DR, 
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load curtailing, and its influence on the sizing of a PV 

system.  

CASE STUDY 

In this part, we detail a case study of the influence of DR 

and location on the right sizing of a PV system. This 

study uses a prototype of a single-family detached house 

in Arizona. The total floor area of the two-story house is 

300 m2. The set-point temperature is 24℃ for cooling 

and 22℃ for heating. Table 1 shows the model of the 

single-family detached house in EnergyPlus. 

Table 1 EnergyPlus model of the single-family house 

 

We use the SunPower SPR-245 NE Mono-c-Si PV 

modules and target the right sizing of this PV system for 

the case study house. The efficiency of this module is 

19.7%. The initial cost of the PV panel is $100 per square 

meter, and the balance of system (BOS) cost is $420 per 

square meter. The BOS cost includes the inverter cost 

and hardware cost (equipment and wiring to mount and 

connect the modules, installation labor fee, and grid 

connection fee, etc.). The total initial cost is the sum of 

the cost of the PV panel and BOS. The expected system 

life is 30 years. The roof on which the PV system is 

installed is 60 m2. The goal of this study is to help 

homeowners find the optimum size for their PV system, 

ranging from 1 m2 to 60 m2. Table 2 lists the cost 

information for the PV system. 

Table 2 Cost information for the PV system 

 

Case study I - Right sizing without DR 

In this part, we investigate the right sizing of a PV system 

without the influence of DR. An intriguing question 

about the right sizing of a PV system, however, is 

whether the truly meaningful optimum value can be 

achieved and, more specifically, if it can be achieved for 

midrange sized (in this case 10-40 m2) PV systems. 

Normally, if the investment of installing a PV system has 

a financial benefit, the largest size is the right choice. 

This is however only true if the law of diminishing 

returns does not apply, i.e. if there is no penalty for a 

larger system size. The optimum value occurs in the 

upper boundary when the objective function is 

monotonic.  

We solve this optimization function problem by testing 

different sellback prices of the surplus electricity and (for 

illustrative purposes) choose the one under which the 

NPV curve has an optimum size in the mid range. In 

general, customers need to sell the surplus electricity 

generated by their PV system back to the grid when there 

is no storage unit installed in the system, as we assume 

in this study. The price of the sellback power is normally 

lower than that of the power purchased from the grid. 

When the sellback price is much lower than the regular 

price, it’s not worth it (for the homeowner) to generate 

surplus electricity. In other words, the surplus electricity 

is less cost effective compared to that used on-site, which 

has the same value as that of the electricity from the grid. 

This presents a disincentive for installing an overly large 

system. A smaller size system that provides just what is 

needed to use on site is more cost effective. However, 

when the sellback price is higher, nearer the grid price, 

more power generating means more financial benefit. 

From the two possible scenarios introduced above, we 

conclude that at a certain sellback price, the NPV curve 

has a mid-range optimum value. By testing different 

sellback prices, we can see the impact of different 

sellback prices on the shape of the optimization function.  

Figure 2 shows a 2D view of the relationship between 

NPV and system size under the influence of the sellback 

price.. In Figure 5, the x-axis is the size of the PV system, 

the y-axis is the NPV of the system, and the different 

lines represent different sellback prices for surplus 

electricity. The average electricity price for the state of 

Arizona in 2013 is 9.69 cents per Kilowatt hour. 

(http://www.eia.gov/electricity/monthly/epm_table_gra

pher.cfm?t=epmt_5_6_a). This study tests the sellback 

prices ranging from 1 cent to 9.69 cents and finds that 

when the sellback price is greater than 5.8 cents, the 

relationship between the size of the system and NPV 

monotonically increases, the optimum value is on the 

upper boundary, and when the sellback price is less than 

5.8 cents, the NPV curve has a peak value in between 0 

and 60. For this research, we are less interested in the 

former situation, so we fix the sellback price at 4 cents 

and study the effect of DR in that situation in the next 

section.  
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This study can help customers understand that when 

choosing the right size of the PV system, they need to 

consider the utility policy regarding sellback prices of 

renewable generation since this will significantly 

influence the return on their investment.  

 

 

Figure 2 NPV curves under different sellback price 

 

Figure 3 shows the optimum size of a PV system where 

the NPV reaches the highest value. When the size of the 

system is 19 m2 with a sellback rate at 4 cents, the NPV 

reaches the highest value of $4647. 

 

Figure 3 NPV curve 

 

Case study II - Right sizing with the influence of DR 

In this part, we inspect the influence of DR programs on 

the optimum size of the PV system. As introduced 

before, this paper considers only the curtailment 

strategy. The curtailment action is required only when 

the demand from the grid is above a threshold value and 

system reliability is jeopardized. Due to the fact that the 

accurate information regarding the timing of DR actions 

as well as the grid incentive payments is difficult to find 

in the literature, we make our best assumptions in this 

theoretical study of renewable investment. To obtain a 

reasonable estimation of the total demand on the grid and 

of the state of DR action (on or off), we use 9-year 

historical load demand data that is available for 

downloading from http:// 

www.ercot.com/gridinfo/load/load_hist/. We use it to 

create a reasonable example scenario of total demand in 

the grid. Figure 4 shows the 9-year hourly electric load 

demand in the grid in Texas from 2004 to 2012.  

 

 

Figure 4 Historical demand data 

 

 

Figure 5 Fitted model for predicting the demand in the 

grid 

 

In each hour, we fit a linear regression model based on 

the historical data to predict the demand in the grid. The 

average R square value of these 8,760 linear regression 

models is 0.93. Figure 5 shows the fitted model for 

predicting the load demand in the grid.  

With this fitted model of total demand in the grid, we 

design three levels of DR programs with different 

incentives: light DR, moderate DR, and severe DR. In 

the light DR, when the total demand in the grid is above 

80% of the maximum capacity, participants are required 

to increase their thermostat settings (the cooling set-

point temperature) from 24℃ to 26℃. Moderate DR 

requires this action when the total demand in the grid is 

above 70% of the maximum capacity. Severe DR 

requires this action when the total demand in the grid is 

above 60% of the maximum capacity. Grid operators 

offer different yearly incentives at these three levels of 

DR. Incentives can also be adjusted according to 

homeowner’s usage in the past, since big energy 

consumers usually have a larger potential for reducing 

the power in the grid by curtailing their usage. Therefore, 

we assume that when a homeowner has an onsite PV 

system, his financial benefits from enrolling in a DR 
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program will be less compared the benefits of those 

without an installed PV system. Once again, this raises 

the major idea in this paper that homeowners need to 

have a clear understanding about the tradeoff between 

installing renewables and enrolling in conservation 

programs. In the light DR case, we assume participants 

receive a yearly incentive equal to 3% of their usage in 

the past year, which in the moderate DR case is equal to 

4% and in the severe DR case is equal to 5% of their past-

year usage. Figure 6 shows the NPV curves in the 

different levels of DR and without DR. The result shows 

that an 18 m2 PV system with severe DR option and a 

sellback rate at 4 cents has the maximum NPV value, 

$5640, for this renewable investment. Figure 6 also 

shows that the optimum NPV shifts to the left and gets 

higher as DR is increased. The left-shift is the effect of 

the reduced demand after implementing DR together 

with the low sellback price of electricity which punishes 

the surplus power generation. This leads to a reduced 

optimum size of the system. The up-shift of NPV value 

is because the increase of DR incentive is greater than 

the decrease of PV revenue. Figure 7 shows that if we 

only consider the NPV of PV investment without adding 

DR incentive in the NPV formula, the NPV of PV 

investment decreases with increasing DR.  

 

 

Figure 6 NPV curves under influence of different levels 

of DR 

 

Case study III Right sizing in different locations 

In this part, we investigate the influence of different 

locations on the optimum size of the PV system. We 

compare the optimum size of a PV system in Phoenix, 

Arizona, with the one in Atlantic City, New Jersey. 

Phoenix is in climate zone 2B, where the weather is hot 

and dry. It is among the cities that receive the highest 

amount of yearly sunshine in the U.S. Atlantic City is in 

climate zone 4A, where the weather is humid and cloudy. 

Siler-Evans (2013) concluded that one square meter of 

PV panel in New Jersey is fifteen times more valuable 

than the same panel in Arizona when considering the 

environmental and ecological impact. Here, however, we 

consider only the financial benefits of PV from the 

homeowner’s perspective. 

 

 

Figure 7 NPV curves without adding DR incentive 

 

 

Figure 8 Comparison of NPV in New Jersey and 

Arizona 

 

Figure 8 shows the comparison result of the NPV in these 

two different locations. In these two cases, we use 

exactly the same house with same sellback rate (4 cents), 

the optimum size of the PV system in Atlantic City is 

12m2 with $3100 NPV and in Phoenix is 18 m2 with 

$5640 NPV. The same size PV system has more than 

$2000 additional NPV in Phoenix compared to the value 

in Atlantic City. 

Case study IV - Uncertainty analysis of PV system 

The uncertainty of the financial return of a PV system 

can result in a homeowner choosing the wrong size PV 

system. In this section we therefore consider major 

sources of uncertainty in our NPV calculation, i.e. in the 

building’s physical properties, solar irradiance, 

efficiency and degradation rates of PV panels.  

The last decades have shown an increasing trend to focus 

on uncertainty in building simulation outcomes. This has 

called for a type of uncertainty analysis that quantifies 

the impact of physical parameter uncertainty, modeler 

assumptions, and model simplifications on the 

outcomes. Such analysis is typically carried out using a 

Monte Carlo approach with an appropriate sampling 

technique in order to increase computational efficiency. 

De Wit and Augenbroe (2002) ，MacDonald (2002), 
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and Saltelli, Ratto et al. (2008) introduced a general 

procedure for uncertainty analysis of thermal building 

performance. Sun and Heo (2011) conducted a study on 

uncertainty of microclimate variables. Augenbroe and 

Zhang (2013) inspected the discrepancy between 

coupling and uncoupling simulation of a building and its 

system in the presence of system parameter 

uncertainties. These efforts represent only a small 

portion of a growing body of work that studies the effect 

of uncertainties encountered at different model levels 

(e.g. micro-climate, building level, system level) on 

building performance. This paper uses the parameter 

uncertainty quantifications and techniques developed in 

the mentioned sources.  

Dean (2011) inspected typical meteorological year 

(TMY2) weather data, which has been widely used in 

energy simulation tools, and concluded that the solar 

irradiation value in TMY2 is incorrect, that TMY2 

overstates the total annual solar irradiation. Sun et al. 

(2013) have further conducted a model uncertainty 

analysis on the Perez model (Perez 1990), which has 

been widely used to calculate solar irradiance. In this 

study, we will use the model suggested by Sun et al. in 

the energy simulation model.  

The source of PV panel efficiency uncertainty is the 

measurement uncertainty of testing devices. Emery et al. 

(1987) studied the uncertainty of PV efficiency 

measurements and concluded that typical uncertainty of 

measurement efficiency was around ± 7%. Emery 

(2009) conducted a rigorous study on the uncertainty of 

PV efficiency measurement according to ISO standards 

and calculated that the margin for uncertainty for a 

standard type PV module is around 4%.  

Thomas et al. (1994), King et al. (2000), and Osterwald 

et al. (2002) reported that the degradation rate of a PV 

module is generally less than 1% annually. Jordan et al. 

(2011) studied the 2000 degradation rates of PV modules 

and found that 0.5% per year is the median and 0.8% per 

year is the average. They further found that the 

uncertainty of the degradation rate derived from 

measurement and operation condition ranges from 0.2% 

to 1%. Pulver et al. (2011) measured 20 different PV 

system degradation rates without the irradiance data for 

up to 5 years and determined that the system degradation 

rate is around 0.5% with an average precision of 0.23%.  

We propagate all the uncertainties mentioned above in 

GURA-W (Georgia Tech Uncertainty and Risk Analysis 

Workbench) (Lee 2013). The workbench is a software 

environment that can be used to flexibly automate the 

processes of uncertainty quantification and analysis. We 

input the EnergyPlus model of the single-family 

detached house introduced earlier as well as the 

corresponding weather file for the location in the 

workbench. The probability distributions of the 

uncertain parameters are included in an XML-format 

repository document. These uncertainty distributions are 

then propagated through an EnergyPlus simulation for 

each sample with Latin Hypercube Sampling. We add 

the degradation rate into the system efficiency. The 

actual PV efficiency trend is close to a straight line, to 

simplify the calculation, we calculate the PV efficiency 

in the first year and last year and take an average of these 

two as the overall PV system efficiency. In the 

uncertainty propagation process, we combine the 

uncertainty of system efficiency and uncertainty of 

system degradation rate together in the cell efficiency. 

Given all the uncertainty in the parameters presented 

above, the risk associated with the financial decision of 

choosing a right size residential PV system can be 

calculated. The result is shown in Figure 9. The mean of 

the NPV is $5640, with 93% confidence of having an 

NPV value greater than $5500. Figure 10 shows the 

result of the sensitivity analysis. We can conclude that 

the efficiency uncertainty of the PV system contributes 

the most to the risk of the PV investment.  

In should be well understood that economic uncertainties 

such as installed cost, DR program parameters such as 

sellback price, will be important components of total 

uncertainty as well. They have not been considered in 

this phase of the study. 

 

Figure 9 NPV distribution 

 

CONCLUSION 

This paper presents a study of how to right-size a 

residential PV system under the influence of sellback 

prices of renewable generation, DR programs, and 

different locations. This study introduces a method that 

helps homeowners make financial decisions regarding 

their investment in renewables and conservation. When 

homeowners receive a letter from, say, Solar City 

suggesting installing a residential PV system, and 

another from a local DR company inviting them to enroll 

in a DR program, they need to understand the complex 

tradeoff between the renewable and conservation in 
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order to make the right decision. This paper further 

inspects the risk associated with the financial decision of 

choosing a right size residential PV system in the 

presence of system uncertainties.  

From the four case studies, we reach four conclusions.  

(1) Sellback price plays a significant role in the resulting 

shape of the NPV curve. Both homeowners and state 

government should have a good understanding of the 

relationship between the sellback price and the optimum 

size of a PV system. Recent decades have shown a 

decreased price of power generation and decreasing 

growth trend of electricity market caused by the 

increasing trend of renewable generation, DR, and 

energy efficiency. Kind (2013) points out that these 

“disruptive challenges” will threaten the grid operator’s 

benefit. Any state government that wants to prompt the 

renewable techniques as well as to protect local utility 

company’s benefit at the same time should keep this 

sellback price at a reasonable value that can guarantee 

both parties’ benefits.  

  

 

Figure 10 Sensitivity analysis 

 

(2) Homeowners need to understand the complex 

tradeoff between installing renewables and conservation 

opt-in. In the specific scenario described in case study II, 

enrolling in DR (curtailing behavior) increases the 

amount of surplus electricity, and decrease the benefits 

of the PV system, on the other hand, installing a PV 

system reduces the incentive received from enrolling a 

DR due to the decreased amount of purchased electricity 

from the grid. With a clear understanding of this tradeoff, 

homeowners or system designers can apply the method 

described in this paper to their specific application 

scenario to choose the right size of their PV systems.   

(3) Location has a significant impact on the right size and 

NPV of a PV system. Without considering the ecology 

and environmental impact, the optimum NPV of a PV 

system in Arizona is $2000 more than the same one in 

New Jersey.  

(4) When the study takes system and building 

uncertainties into account, the homeowners can inspect 

the guarantee to receive a decent payback from their 

renewable and conservation investment. The sensitivity 

analysis shows that the most influential parameter is the 

efficiency of the PV cell. The uncertainty of the 

parameters at the energy demand side doesn’t play a 

significant role here due to the fact that in the NPV 

formula, the building’s total electricity demand is only 

used to calculate the surplus electricity generated from 

the PV system as the power sellback benefit. In other 

words, the uncertainty in the base electricity use (which 

in many cases is substantial due to large variability in 

lifestyle and usage scenarios) is not part of the equation 

as it is assumed to be the same before and after the PV 

investment. In case study IV, we propagate parameter 

uncertainties at a fixed optimum system size, where the 

disincentive effects of the surplus electricity is 

diminished. 

The conclusions drawn from this study are limited to a 

specific prototype residence and scenario described in 

the paper. Future work could apply the proposed method 

in real residential houses and add more practical 

application scenarios in the study to fulfill the various 

goals of homeowners and government incentives to 

make right decisions regarding maximizing their 

“utility”. A commercial tool with easily accessed graphic 

user interface could be developed as a future follow-up 

of this study. 
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