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ABSTRACT 

This study presents an innovative simulation-based 

optimization tool to select the minimum cost mix of 

building technologies, in a typical existing household 

with at least one vehicle, under different energy market 

scenarios. The proposed approach considers in its 

solution scheme the integration of building performance 

improvements, local renewable energy generation, and 

possible Electric Vehicle (EV) adoption with vehicle-to-

house (V2H) technology. The method was applied to a 

prototype single-family building and resulted in relevant 

minimum cost solutions for a cycle of 20 years. The 

findings make the proposed methodology useful for the 

research realm, for the market, and for policy makers.  

INTRODUCTION 

Increasing energy demands and more aggressive 

mandates for greenhouse gases (GHG) emissions are 

significant challenges for those working within the 

energy sector. Energy efficiency and distributed 

renewable energy generation in the residential segment, 

such as photovoltaic (PV) panels, have been regarded as 

key drivers to tackle these challenges. Moreover, the 

higher penetration of electric vehicles (EV) in the market 

along with the development of smart grid technologies 

and vehicle-to-grid (V2G) and vehicle-to-house (V2H) 

operations have been considered an important route to 

help address those same issues. The prevalent research 

approach has dealt with these topics separately, focusing 

on specific aspects of the potential solutions, be it on the 

optimization of energy efficiency in households, on the 

sizing and the economic feasibility study of distributed 

renewable energy systems, or on the optimization of 

electric vehicles charging-discharging schemes to 

alleviate the energy peak demands, just to cite a few.  

While these efforts bring relevant information and 

support to the implementation of such punctual 

solutions, they lack the unique opportunity to combine 

strategies to obtain a better overall solution. When 

targeting the average owner of a household with a 

vehicle in an urban environment, one could consider the 

formulation of a single multi-aspect problem for the 

assessment of solutions for the reduction of energy 

consumption and GHG emission. Under this wider 

perspective, the interested citizen would have the chance 

to make informed decisions on the best combination of 

improvements and technologies to choose. 

The task of finding the most cost-effective combination 

of building technologies to satisfy an energy-saving 

target is not trivial due to the simulation-based 

characteristic of the optimization problem. For this job, 

one optimization technique must be coupled with a 

whole-building energy tool to help the analyst search for 

the optimal, or most likely the near-optimal solution. 

However, the palette of discrete building technology 

options that may be considered (wall assembly, window 

type, HVAC system, number of PV modules, etc.) turns 

it into a non-smooth complex optimization problem.  

In this regard, the present study proposes a dynamic 

energy modeling scheme combined with an optimization 

tool that analyzes, in a single multi-component 

framework, building technologies for energy efficiency, 

local renewable energy generation, local energy storage, 

and EV adoption with V2H technology. 

PREVIOUS WORK 

Lee et al. (2014) and Lee et al. (2015) examined almost 

20 existing energy retrofit modeling toolkits applicable 

to office and retail buildings. They found a clear divide 

between very detailed tools, which almost all used 

EnergyPlus or DOE-2 simulation engines, and ease of 

use tools based on empirically data-driven methods or 

benchmarking. The more complex ones required higher 

input effort and longer simulation time, while the 

simplified tools suffered from lower modeling fidelity.  

In the residential sector, Bardhan et al. (2014) compared 

six tools for energy assessment and retrofit 
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recommendations with different levels of detail. The 

studied toolkits varied greatly in terms of complexity, 

whether they were developed for designers, auditors, or 

homeowners. Many barriers were found in relation to 

accuracy, accessibility, transparency, required 

equipment, and user-friendliness.  

Another publicly available tool for the residential sector 

is the Building Energy Optimization – BEopt software 

(NREL 2016). It was initially developed as an 

optimization tool based on the DOE-2 and TRNSYS 

simulation programs (Christensen et al. 2004). The 

current version of the BEopt toolkit has been further 

improved and now uses EnergyPlus as the simulation 

method, however still relies on the sequential search 

optimization technique to find the minimum-cost design 

solution at a specific energy-saving target. 

This large range of simulation-based optimization tools 

did not suffice to make their use the norm in an energy-

efficient oriented design or retrofit of residential 

buildings. In order to overcome their limitations, many 

studies have developed tailored methods that combine an 

existing whole-building simulation tool with an 

optimization algorithm. Trajectory type optimization 

was the approach used by Ihm and Krarti (2012), who 

coupled the DOE-2 engine with a sequential search 

optimization method for the optimization of energy 

efficient residential buildings. Simmons et al. (2013) 

used the EPC reduced order energy modeling tool and a 

greedy algorithm for the search of cost-optimal 

combinations of building technologies that reach set 

energy reduction targets. Other studies have opted for 

optimization techniques within the evolutionary 

(population based) category type. Paloren et al. (2009) 

combined the IDA ICE 3.0 modeling software with a 

genetic algorithm (GA) in a detached house design. 

Similarly, Hamdy et al. (2009) used the IDA ICE 3.0 

tool, however with combinations of deterministic and 

genetic optimization techniques. Evins et al. (2012) used 

the Standard Assessment Procedure (SAP) with the Non-

dominated Sorting Genetic Algorithm (NSGA-II) in a 

multi-objective optimization of domestic buildings.  

While efforts have been undertaken in the building 

simulation realm, other related fields are developing 

similar optimization strategies, though without 

conversing to each other. This is the case of distributed 

energy generation and hybrid energy systems. Sinha and 

Chandel (2014) presented a review of 19 software tools 

used for the design and optimization of such systems. 

Among these, TRNSYS appears in the study as the only 

tool with capability for bridging whole-building energy 

modeling with hybrid energy systems simulation. Lu et 

al. (2015) used TRNSYS building model to simulate 

building cooling loads and used Matlab to code energy 

system models in order to optimize the design of hybrid 

renewable energy systems for a given building. 

Finally, another component that is becoming more 

common and influential to the dynamics of energy 

consumption in detached houses is the electric vehicle. 

Nevertheless, the integration of building simulation with 

EV operation and storage is not yet observed in the 

mainstream modeling approaches. And yet many studies 

have developed models for assessing the EV-grid 

interaction, thus bypassing the necessary intermediate 

connection with the building energy model. This is the 

case of the approach proposed by Wang et al. (2015). 

METHODOLOGY 

Simulation-based optimization method 

The innovative method proposed in this study consists of 

a simulation-based optimization tool that uses a reduced-

order building energy modeling engine with added 

functionalities that accounts for discrete variables and 

for the dynamics of electricity flow in a multi-component 

problem. It employs an embedded optimization solver 

that explores the discrete combinatorial solution space in 

search for the mix of technologies that best satisfies a 

given objective under a given economic scenario. 

The model allows the combination of different 

achievement levels of building technologies with EV and 

other integrated components for energy generation and 

storage. The hourly energy calculations provide an 

understanding of the flow of energy from and to the 

house, according to hierarchical preferences. The 

differentiation from on-peak and off-peak electricity 

consumption is also considered. 

Both the simulation engine (enhanced with the additional 

energy flow dynamic calculations) and the optimization 

solver run in the same computational environment, 

facilitating the problem setup and customization. 

To test its applicability, the method was applied to a 

prototype single-family building model. The idea was to 

look for retrofit and improvement solutions to an existing 

building, along with various schemes of integration with 

a PV system, an EV, and a home-battery. 

Building energy simulation engine and added 

components 

The building simulation engine used in this study is a 

reduced order building energy model called EPC 

(Energy Performance Calculator), which was developed 

by Lee et al. (2011). The calculator was programmed in 

a multiple-spreadsheet environment that uses the 

normative energy calculation approach defined in the 

International Standard ISO 13970:2008(E). The 

Standard gives calculation methods for the assessment of 
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the annual energy use for space heating and cooling of a 

building based on heat balance equations that consider 

the heat transfer by transmission and ventilation of the 

building zone and the contribution of internal and solar 

heat gains (ISO 2008). According to the ANNEX_H of 

the ISO 13970 Standard, this calculation approach is 

particularly appropriate for comparison between 

building designs.  

This study uses the latest version of the EPC hourly 

calculator (Augenbroe et al. 2015) with adaptions in the 

input spreadsheet to account for the discrete 

technological options of the optimization problem. 

Additional computational and logic routines were 

programmed in the hourly calculation spreadsheet of the 

tool, in order to simulate the energy flow in the multi-

component problem depicted in Figure 1. 

Figure 1 Multi-component dynamic problem 

The four possible integration schemes considered are 

defined below: 

(1) Grid-connected household prepared for PV; 

(2) Grid-connected household prepared for PV, with EV; 

(3) Grid-connected household prepared for PV, with 

home-battery; 

(4) Grid-connected household prepared for PV, with EV 

and with home-battery. 

The on-peak and off-peak hours are differentiated in all 

schemes for the sake of the calculations of electricity 

cost and GHG emissions. All excess renewable energy 

generated locally, when there is PV array, is sent to the 

grid regardless of the electricity sell back option offered. 

The EV included in the second and fourth schemes is 

always charged from the grid: the vehicle is charged late 

at night to be ready for the early commute in the next 

day. At work, the EV is away from the PV module, if 

existent, hence it is charged again from the grid in a fast-

charging station, during off-peak hours. The EV 

component is programmed with V2H capability to send 

the remainder energy back to the house right after the 

daily commute. 

The home-battery considered in the third and fourth 

schemes is used to store excess energy from the PV 

array. This energy is used later in the household when 

the demand becomes prevalent again. In this case, the 

excess PV generated energy is only sent to the grid when 

the home-battery is already full or the excess energy 

generation rate is higher than the battery charging rate.  

Case Study 

The proposed method was tested in a prototype of a 

single-family detached house located in Atlanta, GA. 

This building energy model was developed by PNNL 

(2015) in its effort to simulate energy savings associated 

with changes in energy codes and standards. 

The prototype complies with the 2009 IECC code with 

better windows according to the regulation of the State 

of Georgia. The building geometry consists of a 2,400 ft2 

house with an unconditioned attic and a slab on ground 

base. The total conditioned volume is 17,000 ft3. The 

building model has an electric heat pump for the HVAC 

system and has a window to wall ratio of 14.11%. 

Occupancy, lighting, and appliance schedules, as well as 

temperature set points and setbacks, were fixed 

according to the Building America House Simulation 

Protocols (Wilson et al. 2014). 

The prototype model was considered as the baseline 

case. Building improvements beyond the baseline are 

made possible with selections among a list of building 

technologies as described in Table 1. The listed 

categories of technologies for energy conservation 

measures and the respective achievement levels were 

defined according to recommendations in the literature 

(Bardhan et al. 2014, Hong et al. 2015, Lee et al. 2015) 

and the conditions of the local market.  

For the rooftop PV system, there can be the case of no 

PV array, as in the baseline, or an array made of 1 up to 

36 modules. Each module consists of a panel with 

17.22 ft2 and 16% efficiency.  

This means that there is a discrete combinatorial solution 

space formed by all possible combinations made out with 

one selection for each category either from the existing 

model (baseline) or from the list of achievement levels. 

All achievement levels are indexed according to each 

technology category, and the indices are later used as 

integer variables in the optimization algorithm. 

A conventional gasoline vehicle was considered for the 

baseline case. The average daily transportation need was 

defined as 27.04 miles (US DOT 2015), with a rate of 

8.887 kgCO2 emission per gallon (US EPA 2014). The 

opportunity for improvement in this component is 

defined by the replacement of the conventional vehicle 

with a plug-in EV with V2H technology. In this case, the 

EV was assumed to have a 24 kWh battery and an 
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efficiency of 114 MPGe. The cost of the acquisition of 

the EV was considered roughly US$ 9,000.00 after the 

trade-in of the used gasoline vehicle (at the average price 

of US$ 16,000.00 in the US market) and the benefit of a 

local zero emission tax credit of 20% of the total vehicle 

cost.  

The home-battery consists of a used EV battery pack at 

the cost of US$ 2,300.00 (MNTRC, 2014), with 80% of 

the original  capacity.  

Another integer variable was created in the model to 

represent the four integration schemes considered. 

The electricity provided from the grid was separated into 

on-peak, from 2pm to 5pm at the cost of 18¢/kWh, and 

off-peak during the rest of the day at the cost of 

10¢/kWh. The electricity sold back to the grid varies in 

price according to each modeling scenario. 

The GHG emissions from the grid-provided electricity 

were estimated as 0.744 kgCO2/kWh during on-peak 

conditions, and 0.559 kgCO2/kWh during off-peak, 

based on GeorgiaPower (2015) and Brander et al. (2011). 

The optimization study considered a period of 20 years, 

with an annual discount rate of 3% for cost analysis. 

Optimization approach 

In each modeling scenario, as described in the next 

section, the simulation of competing combinations of 

technologies under the same market conditions are 

compared to each other.  

The choice of the EPC calculator for this study brings the 

advantages of robustness, reliability and lower 

computational effort. As such, one could propose the 

exhaustive analysis of all possible candidate solutions. 

However, the number of combinations, which surpasses 

12x106 in this study, would make this proposition 

prohibitive. An optimization strategy then becomes 

fundamental. The non-smooth nature of the problem 

formulation brings an additional challenge for the choice 

of the most appropriate optimization approach. 

For the development of such optimization strategy, a test 

was performed using a replica of the cost minimization 

problem developed by Simmons et al. (2013). In this test, 

the performance of the trajectory type algorithm initially 

used was compared with an evolutionary algorithm. The 

results showed that the evolutionary method was capable 

of providing feasible solutions that were at least as good 

as those obtained with the other approach, with the added 

advantages of computational speed and flexibility in the 

optimization configuration and analysis. Based on the 

results of this assessment, the methodology presented in 

the current research uses an evolutionary algorithm 

embedded in the EPC workbook processor 

(FrontlineSolvers, 2016). The optimization algorithm 

relies on crossover and mutation procedures to seek good 

solutions within the discrete combinatory space. Due to 

the complexity of the problem, one cannot guarantee 

when the global solution is achieved. Nevertheless, 

running the solver multiple times with random sampling, 

and varying the population size and mutation rate can 

provide relevant clues about the remaining potential 

improvement for the achieved solution.     

The optimization runs of the case study were simulated 

with a population size of 10, and a mutation rate that 

varied from 0.63 to 0.975. To define these parameters, a 

random seed was fixed in the first runs and several trials 

were performed in order to inspect the optimization 

performance. These exercises showed that a smaller 

population size in most of the cases could yield better 

results in a shorter run time. The small population 

number combined with higher mutation rates would then 

allow significant better results. The crossover operations 

were automatically defined by the optimization software, 

which employs variations of four different strategies. 

The proposed tool is also very convenient in the sense 

that it allows the customization of the optimization 

problem in the same computational environment that 

runs the building energy model. The problem can easily 

be tailored to account for the discrete variables that 

represent the existing building technologies with their 

related properties and costs. Whenever a technology is 

chosen, its properties are inserted in the building energy 

model, its cost is added to the computation of the total 

net present cost, and the simulated net electricity 

consumption and GHG emissions are considered. In this 

way, the optimizer can automatically seek for 

combinations of technologies and integration schemes 

that satisfy the problem constraints and maximize or 

minimize a given objective. 

Modeling scenarios 

The optimization problem is influenced not only by the 

choices of building technologies and other integrated 

components, but is also affected by external economic 

drivers such as tariffs and fuel prices. These additional 

factors may create an infinite number of scenarios to be 

analyzed. So, for practical purposes, this study focused 

on two major scenarios and variations in energy market 

conditions in each. The first major scenario is defined by 

the average cost of gasoline at US$ 2.00/gallon 

throughout the entire cycle of 20 years. Three energy 

market variations were considered:  

(1) There is no feed-in tariff and the grid is used 

only as a sink for the excess electricity; 

(2) The electricity is sold back to the grid at the 

utility’s avoided-energy cost: 5¢/kWh; 

(3) The excess electricity is purchased by the utility 

company under a feed-in tariff condition. For 
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this situation, a value of 12 ¢/kWh for on-peak 

periods, and 8 ¢/kWh for off-peak conditions. 

In the second major scenario, the price of gasoline was 

considered equal to US$ 3.00/gallon. The three energy 

market variations were also simulated. 

A minimum net present cost solution was pursued in 

each of these scenarios. Finally, one optimization study 

was performed to find the mix of alternatives that 

maximizes the total GHG emission reduction.  

DISCUSSION AND RESULT ANALYSIS 

The results of the optimizations are presented in Figures 

2 to 4 and in Table 2.  

Since there is no investment cost in the baseline case, its 

total net cost is only due to electricity and fuel costs over 

the 20-year period. The baseline case bar representation 

in Figure 3 is then slightly higher than the one in Figure 

2 because of the difference in fuel price. 

The solution that maximizes the reduction of GHG 

emission is represented at the far right bar in both graphs 

of Figure 3. There is no difference between its 

representation in the two graphs since the fuel cost does 

not influence this solution, which adopts an electric 

vehicle. Interestingly, although it requires greater 

investment costs, the maximum GHG reduction solution 

results in a total net present cost very similar to the one 

derived in the baseline case. This means that there is a 

significant penalty for the baseline case in the long term 

due to energy costs. 

When looking for minimum cost solutions, the 

optimized solutions in all cases promote more than 42% 

reduction in the total net present cost. Among these 

solutions, the ‘feed-in tariff’ cases promote the greater 

amount of GHG emission reduction. This is largely 

influenced by the greater PV array size observed in those 

cases.  

The results also show that even in the case of ‘no 

economic instrument’ the average household could 

achieve significant cost savings in the long term if it 

opted for the solutions defined by the optimization 

analysis. Besides the economic perspective, the GHG 

emission reductions in these cases are also relevant when 

compared to the baseline. 

However, if there is a need for more reduction in carbon 

emissions, the market should offer a feed-in tariff. 

By analyzing Table 2, one will notice that some building 

technologies were never chosen in any optimization 

case, except for the maximum GHG reduction solution, 

which is unlikely to be adopted. This makes clear what 

role each building technology plays in the overall 

optimization process for a given case study. Such finding 

helps to inform the decision on what technologies not to 

invest at all in a specific case of retrofit.  

The electric vehicle was never chosen in any of the 

scenarios under the cheap fuel price situation. This might 

indicate that the higher penetration of EVs in the market 

will still be dependent on a significant increase of the oil 

prices or in the adoption of carbon taxes. 

The home-battery was selected in most optimization 

cases. This is an interesting finding, since the study 

assumes the availability of a relatively cheap used 

battery pack with less storage capacity, which might 

soon be more frequently available in the market.    

The case study confirmed that the proposed tool is 

capable of providing feasible solutions that promote 

significant improvements toward the pursuit of the 

objective of the problem. The embedded evolutionary 

solver used in the model facilitates the optimization 

process and does not require significant computational 

time. 

Nevertheless, the metaheuristic nature of the 

evolutionary algorithm demands some attention from the 

analyst, who needs to oversee the evolution of the 

optimization process. Sometimes the analyst might need 

to intervene with the fine-tuning of the selection of 

technologies, to find results even better than the ones 

automatically found in the first simulation run.  

In addition, the observed better performance of the 

optimization algorithm with small populations and 

higher mutation rates combined with the relatively flat 

improvement after the initial generations may suggest a 

low level of diversity in the GA population or else that 

the search space in this problem is very flat.  

CONCLUSION 

This paper presented an innovative method for 

integrating, in a single tool, building energy simulations 

with dynamic electricity flow calculations between the 

building, grid, EV, and other components used for 

energy storage and generation. The tool also provides an 

optimization routine that seeks the best mix of building 

technologies and best combination of components to 

maximize (or minimize) a given objective under 

different scenarios.  

The method was applied to a prototype single-family 

building and resulted in relevant minimum cost solutions 

for a cycle of 20 years, with cost reductions of up to 48% 

compared to the baseline case. The results showed that 

the investment choices of a household and vehicle owner 

would change between scenarios, considered that they 

were only based on cost. To push the low cost multi-

component technological selection to a less carbon 

emitter solution, the energy market must rely on specific 

economic instruments, such as the ‘feed-in tariff’. 
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Table 1 Technology options for investment, related cost, and modeling parameters 

 

Table 2 Baseline cases and optimized solutions for all scenarios 

 

 

 

 

No econ. 

instrument

Avoided 

energy cost
Feed-in tariff

No econ. 

instrument

Avoided 

energy cost
Feed-in tariff

Envelope

Windows replacement 0 0 0 0 0 0 0 0 2

Wall air tightness and insulation improvement 0 0 0 0 0 0 0 0 2

Roof air tightness and insulation improvement 0 2 2 2 0 2 2 2 3

Systems / Controls

Lighting control (dimmers and sensors) 0 1 1 1 0 1 2 2 2

HVAC improvement (heat pump replacement) 0 0 0 0 0 0 0 0 3

DHW improvement 1 (boiler replacement) 0 0 0 0 0 0 0 0 1

DHW improvement 2 (solar collector panels) 0 0 0 0 0 0 0 0 3

BEM system (smart thermostat) 0 1 1 1 0 1 1 1 1

Appliances 0

Major appliances replacement 0 2 2 2 0 0 2 2 2

Lighting

Light bulbs replacement 0 1 1 1 0 1 0 0 2

Roof-top Renewable Energy Generation System (PV panels) 0 25 27 36 0 27 26 36 34

Electric Vehicle NO NO NO NO NO YES YES YES YES

Extra Battery for Local Energy Storage NO YES YES YES NO YES YES NO NO

73,841.40 42,190.13 41,946.19 39,891.03 79,043.69 45,433.48 44,525.83 41,030.44 79,143.92

502.44 162.88 154.02 113.48 502.44 152.96 128.37 77.00 24.86Total GHG Emissions (metric tons CO2)

Minimum cost optimization solutions

with fuel at US$2.00/gallon with fuel at US$3.00/gallon

Baseline 

solution with 

fuel at 

US$3.00/gal.

Minimum cost optimization solutionsBaseline 

solution with 

fuel at 

US$2.00/gal.

Maximum

GHG reduction 

optimization 

solution

Investments in Building Energy Efficiency

Selected levels of technologies in each scenario

Technology Description

Total Net Present Cost (US$)

0: Baseline 0 U-value: 2.845 (W/K.m
2
) , emissivity: 0.7 , solar transmittance: 0.882

1: Replacement - windows type 1 15,018 U-value: 1.874 (W/K.m
2
) , emissivity: 0.2 , solar transmittance: 0.5

2: Replacement - windows type 2 16,012 U-value: 1.533 (W/K.m
2
) , emissivity: 0.05 , solar transmittance: 0.3

0: Baseline 0 U-value: 0.494 (W/K.m
2
) , absorptivity: 0.7 , emissivity: 0.86

1: Improvement on air t ightness 1 1,200 U-value: 0.494 (W/K.m
2
) , absorptivity: 0.7 , emissivity: 0.86 , improved air t ightness

2: Improvement on insulation and air t ightness 2 4,141 U-value: 0.299 (W/K.m
2
) , absorptivity: 0.7 , emissivity: 0.86 , improved air t ightness

3: Improvement on insulation and air t ightness 3 7,920 U-value: 0.237 (W/K.m
2
) , absorptivity: 0.7 , emissivity: 0.86 , improved air t ightness

0: Baseline 0 U-value: 2.663 (W/K.m
2
) , absorptivity: 0.75 , emissivity: 0.46

1: Improvement on air t ightness 1 800 U-value: 2.663 (W/K.m
2
) , absorptivity: 0.75 , emissivity: 0.46 , improved air t ightness

2: Improvement on insulation and air t ightness 2 2,495 U-value: 0.177 (W/K.m
2
) , absorptivity: 0.75 , emissivity: 0.46 , improved air t ightness

3: Improvement on insulation and air t ightness 3 4,926 U-value: 0.139 (W/K.m
2
) , absorptivity: 0.75 , emissivity: 0.46 , improved air t ightness

0: Baseline (no control) 0 control factor: 1

1: Partial sensors and dimmers 135 control factor: 0.6

2: Fully automated sensors and dimmers 270 control factor: 0.2

0: Baseline 0 Heating COP: 2.5 ; Cooling COP: 3.97

1: Replacement - heat pump type 1 7,000 Heating COP: 2.64 ; Cooling COP: 4.21

2: Replacement - heat pump type 2 10,100 Heating COP: 2.78 ; Cooling COP: 4.66

3: Replacement - heat pump type 3 13,950 Heating COP: 2.99 ; Cooling COP: 6.59

0: Baseline 0 Boiler efficiency: 0.61

1: Replacement - boiler 1 475 Boiler efficiency: 0.75

0: Baseline (no solar collector) 0 Solar collector surface area: 0 m
2

1: Solar collector system with 1 module 800 Solar collector surface area: 2.26 m
2

2: Solar collector system with 2 modules 1,600 Solar collector surface area: 4.52 m
2

3: Solar collector system with 3 modules 2,400 Solar collector surface area: 6.78 m
2

0: Baseline (conventional thermostat) 0 Class D - BEM: no building automation function

1: Smart thermostat 249 Class C - BEM: building automation

0: Baseline 0 93.11 Wh/m
2 

(daily usage)

1: Replacement - appliances type 1 1,950 78.05 Wh/m
2 

(daily usage)

2: Replacement - appliances type 2 2,900 61.32 Wh/m
2 

(daily usage)

0: Baseline 0 31.75 Wh/m
2 

(daily usage)

1: Replacement - light bulbs type 1 250 19.17 Wh/m
2 

(daily usage)

2: Replacement - light bulbs type 2 500 18.79 Wh/m
2 

(daily usage)

0: Baseline 0 PV system surface area: 0 m
2

1 - 36: number of PV modules 380 per module
A

PV system surface area: 1.6 to 57.60 m
2

0: Baseline 0 N/A

1: EV adopted 9,000
B

N/A

0: Baseline 0 N/A

1: Extra battery integrated 2,300
C

N/A

(A) cost after available rebates and incentives (B) cost after trade-in of conventional vehicle and available incentives (C) cost of used unit

Electric Vehicle

Home-Battery

DHW (solar 

collector)

Smart 

thermostat

Appliances

Lighting

PV System

Building 

Envelope

Building Systems 

/ Controls

Windows

Wall

Roof

Lighting control 

HVAC system

DHW (boiler)

Components Achievement Levels
Investment Cost 

(US$)
Modeling Parameters
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Figure 2 Optimization performance of the genetic algorithm. The evolution shows the best-fit solution (minimum cost) 

in each generation. Left: scenarios with fuel at US$2.00/gallon ; Right: fuel at US$3.00/gallon  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 Total present cost and total GHG emissions for the baseline case and optimized solutions under various 

economic scenarios. Left: fuel at US$2.00/gallon ; Right: fuel at US$3.00/gallon  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4 Energy consumption per component and from related source for the baseline case and optimized solutions 

under various economic scenarios. Left: fuel at US$2.00/gallon ; Right: fuel at US$3.00/gallon  
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These findings make the proposed methodology useful 

for the research realm, for the market, and for policy 

makers. Further research and development is necessary 

to consider other elements in the multi-component 

formulation. Adjustments for its application in larger 

scale settings also need to be done. Finally, future work 

will be carried to test the application of other 

optimization algorithms, other mutation and crossover 

strategies, and other selection methods. 
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