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Abstract 

Energy autonomy and energy security are becoming increasingly critical in modern urban energy systems. 

In this context, photovoltaic (PV)-battery systems offer a promising pathway to increase renewable energy 

utilization and reduce dependence on centralized electricity networks. This study presents a comparative 

multi-objective optimization framework for evaluating standalone- and shared PV-battery systems for 

residential energy applications. The optimization simultaneously considers PV reliance, panel area, 

battery storage, lifetime cost, payback period, and carbon emission mitigation under varying objective-

weight combinations. The results demonstrate that shared integration substantially improves infrastructure 

utilization and economic feasibility compared to standalone household systems optimized independently. 

Across all weight combinations, the shared system reduced per-household panel area requirements by 61 

± 42 % and 81 ± 12 %, while simultaneously decreasing lifetime cost and payback period by 64 ± 38 % 

and 22 ± 12 %, respectively. Although the shared system exhibited lower PV reliance and carbon 

mitigation potential, the significant reductions in infrastructure and economic burdens highlight the 

advantages of shared energy and storage at the community level. Overall, the findings reinforce the 

importance of cooperative renewable-energy systems in improving energy accessibility, affordability, and 

long-term energy equity. 
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1. Introduction 

More than 80% of global energy comes from fossil fuels and their derivatives [1], wherein buildings 

account for over one-third of global energy resources [2] and are responsible for ~37% of global energy 

and process-related carbon emissions [3], contributing to adverse climate effects. In the past three decades 

(1990-2019), global CO2 emissions from buildings increased by ~50% [4], and operational energy use has 

increased at an average annual rate of 1% over the past decade [4]. In the coming decades, as demand for 

buildings increases, the construction sector is expected to grow faster than the services and manufacturing 

sectors. Since the energy intensity of buildings and building performance have remained constant in the 

past few years [2], the total energy consumption and carbon emissions from buildings are bound to 

increase. This suggests a causal relationship between buildings and climate change, where buildings 

contribute to climate change, which in turn influences energy consumption. Simultaneously, an energy 

penalty is incurred to maintain healthy, comfortable indoor environments, further highlighting the energy 

intensity of buildings [5–7]. This additional energy demand will increase grid load and carbon emissions, 

as fossil-fuel-based generation still accounts for a significant share of global energy demand.  

Recent research and policies have advocated for net-zero or nearly zero-energy buildings [8–13]. The 

concept of zero-energy buildings can be expanded to create nearly zero-energy communities, where the 

community becomes energy self-sufficient. Moreover, integrating renewable energy sources at the 

community and household levels could help ensure energy equity and alleviate energy poverty worldwide, 

while promoting multiple Sustainable Development Goals (SDGs) [14,15]. Joshi et al. [16] analyzed 130 

million km2 of global land surface area to demarcate 0.2 million km2 of rooftop area and reported a 

potential annual electricity generation of 27 PWh (petawatt-hours). This potential for electricity 

generation from rooftop solar photovoltaic (PV) is significant, as total electricity use in all homes 

worldwide was only ~6 PWh in 2019 [17,18].  



While realizing this potential would depend on the development and cost of solutions to store the 

generated energy, incorporating solar PV into the energy mix is imperative to reduce energy-derived 

carbon emissions and advance multiple SDGs. However, a temporal mismatch exists between solar PV 

system output and residential electricity demand, which is a primary reason for the low adoption of 

residential PV systems, along with initial investment and trade-offs between reliance and cost [19–22]. 

Another challenge is optimizing the size of the PV system and battery storage capacity to realize the 

potential of solar energy while minimizing cost and space utilization. Studies have proposed different 

strategies for designing and optimizing solar PV size and storage capacity based on various metrics [23–

27]. O'Shaughnessy et al. [26] used a mixed-integer linear programming model to minimize life-cycle 

energy costs for a residential household. The study reported that an integrated approach to PV 

optimization, utilizing batteries and load control devices, improved customer economics compared to 

standalone solar. Further, the economics of solar PV systems depend on the grid export rates. Khanal et 

al. [25] studied the effects of energy sharing and electricity tariffs on the optimal sizing of PV and storage 

for grid-connected houses. The study design involved energy sharing between two houses (one with PV 

and storage, and the other without) at a mutually agreed-upon price, while minimizing the cost of 

electricity for both houses. Similarly, other studies have defined objective functions to minimize 

individual or multiple components, such as the levelized cost of electricity, PV reliance, and 

environmental cost [28–31]. However, few studies have simultaneously considered dynamic grid export 

rates, life-cycle costs, and direct environmental costs to optimize the size and battery capacity.  

Transitioning to low-carbon, energy-efficient buildings is essential not only for climate mitigation but also 

for ensuring long-term energy autonomy, energy security, and sustainable urban development. Therefore, 

this work develops a multi-objective optimization framework to design and compare standalone- and 

shared PV-battery systems using real residential electricity consumption data. An energy management 

system (EMS) model is developed to regulate grid export, battery operation, and electricity utilization. 

The framework simultaneously evaluates PV reliance, lifetime cost, payback period, and direct carbon 



mitigation to determine optimal PV and battery configurations. The proposed framework enables a 

systematic understanding of the trade-offs between technical performance, economic feasibility, and 

environmental benefits across different optimization objectives. Finally, the study investigates how shared 

systems improve infrastructure utilization, economic feasibility, and system robustness relative to 

independently optimized household systems, while advancing energy sufficiency, enhancing energy 

autonomy and security, and promoting equitable access to clean and affordable energy. 

2. Methodology 

2.1 Energy Management System Model 

The energy consumption profiles and statistics for households are presented in Fig. S1 and Table S1 of 

Section S1 in the Supplementary Information (SI). A grid-connected solar PV-storage system has been 

modelled to meet the energy demand of the selected households in this work, whose energy flow diagram 

is shown in Fig. 1. The system consists of a charge controller for extracting maximum power from the PV 

and controlling battery charging and discharging, and a DC/AC inverter is integrated to transform the DC 

power from PV arrays and battery bank to AC power. An energy balance model, governed by a rule-based 

algorithm, controls the energy flow from PV arrays to the battery bank, home, and grid export. According 

to the energy balance model (Fig. 2), the energy generated initially charges the battery bank. The excess 

energy is converted to AC power to meet the home's demand, and any surplus is exported to the grid. The 

proposed rule-based algorithm reduces the grid dependency of homes to meet the energy demand. In the 

developed energy flow model, the charge controller prioritizes battery charging if the battery is not fully 

charged whenever solar energy is available (Fig. 2A). The home demand is satisfied through combined 

energy from the PV array and battery bank (Fig. 2A), and the deficit is taken from the grid (Fig. 2C). 



 
Figure 1. Schematic of energy generation and management of a grid-connected solar PV-storage system. 

Intermittent charging and discharging of the battery can be used to estimate the battery's storage cycle. 

The capacity of a battery reduces with the number of battery cycles, and multiple studies have investigated 

the relationship between battery retention capacity and the total number of battery storage cycles [32–36]. 

A simplified model for battery capacity variation with battery cycle has been adopted from [36] and is 

discussed in Section S2.  

 
Figure 2. Rule-based algorithm for (A) solar energy flow to charge the battery, meet home demand and grid export, (B) battery 

discharging, and (C) grid import   

2.2 Objectives and Cost Function 

This study aims to develop an optimization strategy for sizing PV arrays and storage capacity for a shared 

PV-battery system. It performs a comparative analysis of standalone and shared systems. The objectives 

of the optimization are to minimize the lifetime cost of the system, the payback period, and direct carbon 

emissions due to grid electricity usage, while maximizing the reliance on the PV system to meet the load 



demand. The formulation of the multi-objective optimization problem needs models to estimate the 

individual objectives, which are discussed below. 

2.2.1 Lifetime Cost and Payback Period 

The lifetime cost estimate has been calculated for a panel life of 30 years. Since the life of different 

components may be less than the panel life, replacement of those components has been considered. The 

inflation and discount rates have also been included to account for the change in the value of money over 

time. The lifecycle of various components and their corresponding market prices in India are compiled in 

Table 1. All prices and costs are converted to US dollars, assuming an exchange rate of one US dollar is 

equivalent to 100 Indian rupees. 

Table 1. Typical components of a battery-integrated PV system with their prices in the Indian 

market. Data has been obtained from multiple online sellers. MPPT: Maximum Power Point 

Tracking. 

Component Market Price (USD*) Lifetimee 

PV Panel 0.438a 30 years 

Battery 100.01b 8000 cycles 

MPPT 120.01-420.012c 15 years 

Grid-tie Inverter 80.01d 15 years 
aper Watts, bper kWh for 24V LFP battery, cdepending upon the maximum current, dper kW, 

Conversion rate: 1 USD = ₹100, eas per the prevalent market information 

Afterward, the total investment for the battery-integrated solar PV system is calculated based on the 

lifecycle cost of various components. The method for estimating the number of replacements, lifecycle 

cost, and total investment is shown in Eq. (1). 

𝑁𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑠 = ⌈
𝑃𝑎𝑛𝑒𝑙𝑇

𝑇𝐶
− 1⌉ , 𝑤ℎ𝑒𝑟𝑒 ⌈𝑥⌉ = min{𝑛 ∈ ℤ ∶ 𝑛 ≥ 𝑥} 

𝐼𝐶𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 = 𝑁𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 𝑥 𝑃𝑒𝑟 𝑈𝑛𝑖𝑡 𝐶𝑜𝑠𝑡 

𝐿𝐶𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 =  ∑ 𝐼𝐶𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑥 
(1 + 𝐼𝑅)𝑖 𝑇𝐶

(1 + 𝐷𝑅)𝑖 𝑇𝐶

𝑁𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡𝑠

𝑖=0

 

Eq. (1) 



where, Nreplacements means the number of replacements during the panel life, PanelT is the panel life in 

years, TC is the component life in years, ICcomponent is the initial investment cost, Ncomponents means the 

number of individual components initially installed, LCcomponent represents the lifetime cost of the 

component. IR and DR are the inflation and discount rates, respectively. 

Unlike other components, which are assumed to have a constant lifetime regardless of usage pattern, 

battery life is measured in terms of the number of charge-discharge cycles. Therefore, Eq. (2) is used to 

estimate the total life cycle of the battery. 

𝑇𝑏𝑎𝑡𝑡𝑒𝑟𝑦 =  
𝑇𝑜𝑡𝑎𝑙𝑐𝑦𝑐𝑙𝑒

𝑁𝑐𝑦𝑐𝑙𝑒(𝑖𝑛 𝑜𝑛𝑒 𝑦𝑒𝑎𝑟)
 

Eq. (2) 

where, Tbattery is the number of years after which the battery needs to be replaced, which is obtained as the 

ratio of total battery storage cycle (Totalcycle) and the number of battery cycles in one year (Ncycle). 

Nbattery_replacements is the number of replacements needed over the panel life, and other notations have the 

same meanings as discussed above. The total lifetime investment of the complete system is further 

calculated as the sum of the costs of the individual components. The investment estimate here does not 

account for subsidies provided by various government schemes.  

The system's payback period depends on the lifetime cost, revenue generated from grid exports, and the 

offset energy cost of the home energy demand satisfied by the system. The offset energy cost of the home 

demand adds to the revenue generated by the system, which is later used to estimate the payback period. 

Further, it also represents the degree of reliance on the designed PV system. The grid export prices are 

dynamic and have been obtained from the India Energy Exchange at 15-minute resolution [37]. The annual 

revenue from energy exports (Rgrid_export) and the offset energy cost (Costoffset) have been estimated, as 

shown in Eq. (3). 



𝑅𝑔𝑟𝑖𝑑_𝑒𝑥𝑝𝑜𝑟𝑡 =  ∑ 𝑆𝑃 𝑥 𝐸𝑃𝐺  

𝐶𝑜𝑠𝑡𝑜𝑓𝑓𝑠𝑒𝑡 =  ∑ 𝐶𝑃 𝑥 (𝐸𝑃𝐻 + 𝐸𝐵𝐻) 

Eq. (3) 

Rgrid_export is calculated annually as the sum of the product of the electricity selling price (SP) and grid 

electricity export (EPG). CP is the cost of the electricity bought from the grid. EPH and EBH are the energy 

flows from PV and battery to the home. The total revenue from the system is adjusted for the panel's 

lifetime by including IR and DR. The break-even year, when cumulative revenue exceeds the total 

investment for distinct combinations of panel area and battery capacity, is considered the payback period. 

2.2.2 Direct Carbon Emissions Mitigated 

India still heavily relies on fossil fuel-based sources for electricity generation, with ~53% of its installed 

power capacity based on coal and natural gas derivatives as of 2024 [38]. This dependency on fossil fuel-

derived resources results in carbon emissions. The Central Electricity Authority (CEA) of India publishes 

the annual average carbon emission factor of the Indian grid, accounting for renewable energy sources. 

For 2023-24, the average carbon emission for grid electricity is 0.727 kg CO2/kWh, demonstrating an 

increasing trend over the last few years (0.703 in 2020-21, 0.715 in 2021-22, and 0.716 in 2022-23) [39]. 

In 2022-23, domestic consumers, primarily households, accounted for ~28% of total electricity 

consumption in India [40]. This reliance of domestic consumers on the grid (~4x105 GWh in 2023-24) 

[40] and the significant carbon intensity of grid electricity resulted in more than 250 million tons of CO2 

emissions in 2023-24. One way to reduce the direct carbon emissions associated with building electricity 

consumption is to adopt on-site solar PV systems, which have been designed and discussed in this work. 

Given that total building energy consumption is expected to grow, reducing reliance on fossil-fuel-derived 

electricity and integrating renewables into the electricity supply chain are imperative. Therefore, the 

optimization problem formulated in this work includes direct annual carbon emissions mitigated by solar 



energy generation as one of the objectives of the cost function. The grid export, along with home demand 

met directly by solar energy and via battery storage, has been included in the calculation of avoided carbon 

emissions, as these sources have zero direct carbon emissions and ultimately reduce the carbon footprint 

of both the building's energy and the grid. The total annual carbon emissions avoided by installing PV 

arrays are estimated using Eq. (4).  

𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑎𝑣𝑜𝑖𝑑𝑒𝑑 =  ∑(𝐸𝑃𝐻 + 𝐸𝑃𝐺 + 𝐸𝐵𝐻) 𝑥 𝐸𝐹𝑔𝑟𝑖𝑑 

Eq. (4) 

where EFgrid is the carbon emission factor of the grid electricity in kg CO2/kWh. EPH, EPG, and EBH 

represent the energy flows from PV to the home, from PV to the grid, and from the battery to the home, 

respectively.  

2.2.3 Reliance of the PV-Battery System 

A battery-integrated PV system provides a more reliable energy source, given that grid intermittency 

remains a challenge in many Indian states. The reliability of the system directly depends on the size of the 

PV system and the battery storage capacity. With a large area of the PV system, the energy generated is 

greater, while a larger battery bank ensures an uninterrupted energy supply during grid unavailability and 

nighttime. However, poorly sized PV-battery systems may not provide the required reliability and return 

on investment. Therefore, designing and operating an optimally sized PV-battery system is crucial to 

ensure sufficient reliability while minimizing costs. Thus, the reliance on the PV-battery system to meet 

the home load demand needs to be assessed and has been included in the cost function. Subsequently, the 

reliance has been estimated based on the fraction of home load demand fulfilled directly (EPH) and 

indirectly (EBH) through the PV-generated energy. 

2.2.4 Multi-objective Optimization and Cost Function 



The various aspects of the PV-battery system modeled above have been used to formulate a cost function 

that concurrently optimizes different objectives (payback period, lifetime cost, carbon mitigation, and 

reliance) and has been defined as shown in Eq. (5). The individual objectives have been normalized to 

ensure that they remain within a comparable range (0-1) with each other to avoid inherent dominance of 

any objective. An objective-wise normalization factor has been adopted where the payback period has 

been normalized by 30 (lifespan of the PV module), cost and annual carbon emissions avoided have been 

normalized by the maximum cost and the maximum annual carbon emissions avoided of all possible 

combinations of PV size and battery capacity, and the reliance remains as a fraction that ranges between 

zero and one where one means 100% reliance. Eq. (5) represents a weighted combination of these 

objectives. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒  

𝑜𝑏𝑗 =  −𝑊1𝑅𝑒𝑙𝑖𝑎𝑛𝑐𝑒 −  𝑊2

𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑎𝑣𝑜𝑖𝑑𝑒𝑑

max(𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑎𝑣𝑜𝑖𝑑𝑒𝑑)
+ 𝑊3

𝑃𝑃

30

+ 𝑊4  
∑ 𝐿𝐶𝑖𝑖∈𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠

max(∑ 𝐿𝐶𝑖𝑖∈𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 )
 

Subjected to   

PV𝑠𝑖𝑧𝑒𝑚𝑖𝑛 ≤  PV𝑠𝑖𝑧𝑒 ≤  PV𝑠𝑖𝑧𝑒𝑚𝑎𝑥 

Battey𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑖𝑛 ≤  Battery𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 ≤  Battery𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑚𝑎𝑥 

Eq. (5) 

W1, W2, W3, and W4 are the relative weights assigned to different objectives in the cost function, PP is the 

payback period in years, and LCi is the lifetime cost of component i. The PV module size (in m2) and 

battery capacity (in kWh) vary from PVsizemin (1.955 m2 for both standalone- and shared systems) to 

PVsizemax (389.045 m2 for standalone and 3892.405 m2 for shared systems), and from Batterycapacitymin (0 

kWh for both standalone- and shared systems) to Batterycapacitymax (50 kWh for standalone and 200 kWh 

for shared systems), respectively. 



3. Results and Discussion 

3.1 Sensitivity Analysis of Objectives at Different Weightages 

The multi-objective optimization formulated in Eq. (5) is essential for the design and operation of 

distributed PV systems, as system performance is governed by several conflicting objectives that cannot 

be simultaneously optimized. For example, increasing PV reliance and reducing emissions often requires 

larger panel areas and battery storage, which, in turn, increase investment costs and may adversely affect 

economic indicators. To obtain optimal solutions of Eq. (5), a weighted-sum method that balances 

competing objectives by assigning relative weights is employed in this study. This framework enables the 

generation of a wide range of feasible solutions corresponding to different decision-making scenarios. 

Moreover, it is important to evaluate how variations in objective weights affect the resulting optimal 

solutions, as stakeholders may prioritize environmental sustainability, economic feasibility, or energy 

independence differently. Therefore, a weight sensitivity analysis is performed to investigate the influence 

of prioritizing different optimization objectives on the system design and performance. Figs. 3 and 4 

demonstrate the sensitivity of different components in Eq. (5) at varying relative weights assigned to them 

while designing standalone household-level PV systems and shared PV systems, respectively. Based on 

the observed trends in the weight-sensitivity analysis, a comparative discussion between standalone and 

shared systems is presented with respect to variations across different objectives. 



 
Figure 3. Sensitivity of (A) PV reliance, (B) avoided CO2 emissions, (C) lifetime investment, and (D) payback period with 

varying weights (W1: PV reliance, W2: CO2 emissions avoided, W3: payback period, and W4: lifetime investment) in the multi-

objective cost function for standalone PV systems. Here, the average values across different combinations have been plotted. 

 
Figure 4. Sensitivity of (A) PV reliance, (B) avoided CO2 emissions, (C) lifetime investment, and (D) payback period with 

varying weights (W1: PV reliance, W2: CO2 emissions avoided, W3: payback period, and W4: lifetime investment) in the multi-

objective cost function for shared PV systems. Here, the average values across different combinations have been plotted. 



The reliance on the PV-battery system exhibits distinct trends for the standalone and shared configurations 

(Fig. 3A and 4A). For both systems, reliance declines with increasing W4 (the relative weight assigned to 

lifetime cost), indicating that minimizing cost reduces the achievable energy security from the system. 

Specifically, the average reliance decreases from approximately 100% to 85% for standalone systems and 

from approximately 96% to 44% for shared systems as W4 increases from 0 to 0.9. In contrast, the 

standalone systems show minimal sensitivity to variations in the remaining weights (W1, W2, and W3), 

maintaining a high reliance of 98.5 ± 1.4%. However, the shared system demonstrates greater sensitivity 

to W3 (the relative weight assigned to the payback period), with reliance decreasing from approximately 

92% to 65% as W3 increases from 0 to 0.9. Since PV reliance is directly determined by the panel area and 

battery storage capacity, if other parameters are held constant, these trends indicate that minimizing the 

payback period favors smaller PV-battery configurations, enabling faster economic recovery and break-

even for shared-PV-battery systems. For variations in W1 and W2, the shared system initially shows a 

moderate increase in reliance, with a range of 94.5 ± 1.7 %. Overall, the results demonstrate that the shared 

system is more sensitive to economic objective weighting, highlighting trade-offs between energy 

autonomy and economic feasibility.  

Furthermore, the carbon intensity and the lifetime cost of the standalone and shared systems demonstrate 

similar responses to variations in objective weights. Both parameters decrease monotonically with 

increasing W4 (the relative weight assigned to lifetime cost), whereas increasing W2 (the relative weight 

assigned to carbon emissions) results in higher system cost and lower carbon emissions, reflecting trade-

offs between environmental performance and economic feasibility. At the same time, the payback period 

responds differently to variations in weights. While the payback period for the standalone system increases 

with W4, the shared system demonstrates a U-shaped profile, indicating the existence of an optimal W4 

value corresponding to a minimum payback period. This behavior suggests that the favorable economic 

performance at the community scale is achieved when the system cost is constrained within an optimal 

range. However, imposing stricter cost minimization beyond this point increases the payback period, as it 



restricts the feasible PV panel and battery storage capacity, thereby reducing energy generation and overall 

economic returns. The means and deviations in PV reliance, avoided CO2 emissions, lifetime cost, and 

payback periods across variations in objective weights are also presented in Table S2. 

In brief, the sensitivity analysis highlights the interdependence and trade-offs among the technical, 

environmental, and economic objectives governing PV-battery system sizing. Increasing the relative 

importance of economic objectives (lifetime cost and payback period) favors smaller PV-battery 

configurations, thereby reducing PV reliance and the potential for emissions mitigation. Contrarily, 

prioritizing environmental objectives promotes larger systems with higher reliance and lower carbon 

intensity, though at higher investment costs and longer break-even periods. Moreover, the shared PV-

battery system shows greater sensitivity to variations in objective weights, suggesting coupling among 

system size, shared energy utilization, and economic performance at larger scales. The non-linear 

responses further suggest the existence of optimal operating regions where balanced trade-offs between 

cost, emission reduction, and energy autonomy can be achieved. 

3.2 Comparative Assessment: Standalone and Shared PV-Battery Systems  

This section examines the household-level resource and economic requirements associated with achieving 

different levels of PV reliance in standalone and shared systems. Fig. 5 shows the household-level 

variations in battery storage, panel area, lifetime cost, and payback period for both systems at different 

weight combinations. From the distribution shown in Fig. 5, approximately 98% of standalone system 

solutions achieve a reliability greater than 80%, whereas only about 85% of shared system solutions 

exceed this threshold. The lower fraction of high-reliance solutions in the shared system can arise from 

several interconnected technical and economic factors. The primary reason could be the substantially 

higher aggregate energy demand and temporal load variability at the community scale, where energy 

sharing improves load balancing and reduces redundant storage requirements, but also increases the total 

continuous energy requirements that the PV-battery infrastructure must meet. In this scenario, achieving 



high reliance requires larger PV-battery configurations, which is not optimal under the weighted multi-

objective framework. 

 
Figure 5. Per-home distribution of (A) battery storage, (B) panel area, (C) lifetime cost, and (D) payback period with PV 

reliance obtained for standalone and shared systems across all weight combinations. 

The distribution shown in Fig. 5 demonstrates that shared system integration substantially reduces per-

household resource and economic requirements needed to achieve high PV reliance (>80%) compared to 

standalone systems. Most prominently, the average battery storage requirements for a certain PV reliance 

decrease from 26 ± 13 kWh for individual-home systems to 6 ± 2 kWh for shared systems, corresponding 

to nearly a fourfold reduction. Similarly, the required panel area per home decreases from 254 ± 166 m2 

to 113 ± 79 m2. These reductions indicate that shared energy and storage at the community level 

significantly improve infrastructure utilization efficiency by exploiting load diversity and reducing 

redundancy in system sizing, highlighting the potential benefits of future cooperative energy sharing 

practices.   

The economic benefits are also pronounced, with lifetime cost per household decreasing from 0.034 ± 

0.021 million USD for individual systems to 0.0143 ± 0.009 million USD for shared systems. 



Additionally, the shared systems exhibit shorter, more consistent payback periods (12.96 ± 0.42 years) 

than the standalone systems (16.36 ± 2.08 years). These observations demonstrate that shared PV-battery 

infrastructure can substantially lower the financial burden of achieving high renewable energy penetration, 

while improving economic stability and reducing sensitivity to variations in system design. For all weight 

combinations, the percentage change in six metrics (panel area, battery storage, PV reliance, avoided CO2 

emissions, lifetime cost, and payback period) for community-scale systems relative to individual-home-

level systems is presented in Table 2. 

Table 2. Variations in panel area, battery storage, PV reliance, carbon mitigation potential, lifetime cost, and payback 

period for standalone and shared systems 

Metric 
Panel 

Area (m2) 

Battery 

Storage 

(kWh) 

PV 

Reliance 

(%) 

CO2 

Mitigation 

(tonnes CO2) 

Lifetime 

Cost (x 104 

USD) 

Payback 

Period 

(years) 

Mean 

± 

Std 

Standalone (S) 251 ± 168 26 ± 13 98 ± 5 54 ± 36 3.30 ± 2.13 16.42 ± 2.14 

Shared (SH) 98 ± 82 5 ± 2 90 ± 20 21 ± 18 1.20 ± 0.97 12.80 ± 0.95 

∆ (%)

=  𝟏𝟎𝟎
𝑺 − 𝑺𝑯

𝑺
 

61 ± 42 81 ± 12 8 ± 21 61 ± 42  64 ± 38  22 ± 12 

The comparative analysis presented here provides insights into the effect of energy sharing at the 

community scale on per-household infrastructure and economic burden required to achieve high 

renewable energy penetration. While these comparisons highlight the overall benefits of shared systems, 

the optimization outcomes remain strongly influenced by the interactions among multiple conflicting 

objectives and weighting combinations. Therefore, to further identify the dominant patterns governing the 

trade-offs between technical, environmental, and economic objectives, principal component analysis 

(PCA) is performed in the next section. 

3.3 Principal Component Analysis of Multi-Objective Optimization Trade-Offs 

PCA is a multivariate statistical technique used to reduce the dimensionality of complex datasets while 

retaining the dominant patterns and variability of the original variables [41,42]. PCA transforms a set of 

correlated variables into a smaller set of orthogonal variables, called principal components (PCs), which 

are linear combinations of the original variables. In this study, PCA is applied to identify the dominant 



patterns governing the trade-offs between technical and economic performance metrics. From the previous 

analysis, it is observed that the panel area directly governs the carbon mitigation potential; emissions have 

been excluded to avoid redundancy and artificial correlation effects. Therefore, PCA has been performed 

using percentage changes (listed in Table 2) across the panel area, battery storage, PV reliance, lifetime 

cost, and payback period. Prior to PCA, all variables are standardized using z-score normalization to 

ensure equal weighting regardless of scale [43].  

Usually, the first few PCs collectively explain most of the variations in the solution space and therefore 

provide a compact representation of the multi-objective optimization landscape. To further identify the 

similarities among the solutions, k-means clustering [44] is applied in the reduced PCA space to identify 

primary clusters that represent distinct system behavior and trade-off patterns. Subsequently, the favorable 

solutions across all weight combinations are ranked and segregated based on an optimal score function 

formulated using normalized PCs. The formulation of the optimal score function, variable coefficients, 

and established relationships between different PCs and variables are discussed in Section S3. Fig. 6 

demonstrates the distribution of the optimization solutions in the reduced PCA space defined by PC1, 

PC2, and PC3, along with the prominent clusters. The color distribution represents the optimal score, 

indicating the relative favorability of the solutions, while the cluster boundaries help identify groups of 

solutions with similar optimization behavior across different weight combinations. 



 
Figure 6. Principal component analysis (PCA) representation of the multi-objective optimization solutions in the reduced PC1-

PC2-PC3 space, with clustering-based classification of the solutions and their corresponding optimal scores. 

The PCA results reveal that the first three components (PC1: 57.4%, PC2: 29.5%, and PC3:10.6%) explain 

most of the variance, collectively accounting for 97.5% of the variability in the optimization space. This 

also indicates that these PCs sufficiently capture the dominant trends and trade-offs governing the multi-

objective outcomes. The expression of PC1 and the coefficients of the independent variables (Eq. S2) 

indicate that the lifetime cost (0.561), panel area (0.557), and battery storage (0.457) account for the 

variation, highlighting that PC1 primarily reflects the infrastructure and system scale. Higher values of 

PC1 correspond to solutions requiring larger PV sizes and greater battery storage capacity, along with a 

larger economic investment to achieve higher energy autonomy. On the other hand, PC2 (Eq. S3) is 

strongly governed by the payback period (0.793) and PV reliance (0.484), with a moderate negative 

contribution from battery storage (-0.363). Solutions with higher PC2 values exhibit longer payback 

periods despite achieving higher PV reliance. The negative contribution of battery storage suggests that 

some solutions achieve reliance primarily through increased PV size rather than proportional storage 

expansion. Lastly, PC3 reflects a balancing behavior among competing objectives, with positive influence 

from PV reliance (0.564) and battery storage (0.555), and negative contributions from panel area (-0.450) 



and lifetime cost (-0.411). This indicates that PC3 differentiates between storage-heavy, high-reliability 

solutions from infrastructure-dependent, expensive configurations. Moreover, PC3 only explains a small 

fraction (10.6%) of the total variance, and it captures secondary trade-offs among the optimization 

objectives.  

4. Conclusion 

The present study systematically investigates the comparative performance of standalone and shared PV-

battery systems under a multi-objective optimization framework. The analysis demonstrates that shared 

system integration substantially improves infrastructure utilization efficiency and economic feasibility 

relative to independently optimized household systems. Across all weight combinations, the shared system 

reduced per-household panel area requirements from 251 ± 168 m2 to 98 ± 82 m2, corresponding to a 

reduction of 61 ± 42 %. Similarly, battery storage requirements decreased from 26 ± 13 kWh to 5 ± 2 

kWh, yielding an average reduction of 81± 12 %. These substantial reductions indicate that a distributed 

architecture and energy sharing can effectively exploit load diversity and shared energy storage, thereby 

reducing the degree of infrastructure oversizing required in individual-home systems. The weight-

sensitivity analysis showed that aggressive minimization of lifetime cost generally leads to reductions in 

PV reliance and storage sizing, highlighting the inherent trade-offs between renewable-energy penetration 

and economic feasibility. Furthermore, a PCA-based framework has been developed to identify the 

dominant trade-offs governing the solution space. The first three principal components collectively 

explained approximately 97.5% of the total variance, demonstrating that the optimization behavior can be 

effectively represented in a reduced-dimensional space. The PCA revealed that the optimization landscape 

is primarily governed by infrastructure intensity, economic-return behavior, and secondary balancing 

trade-offs among storage, reliance, and cost.  

Despite these insights, the present study has certain limitations. The analysis assumes deterministic load 

and solar-generation behavior, without explicitly accounting for uncertainties in weather variability, future 



electricity pricing, battery degradation dynamics, or demand-side behavioral changes. Future work should 

therefore focus on integrating uncertainty-aware optimization approaches, dynamic pricing mechanisms, 

stochastic renewable-energy generation, battery aging effects, and real-time energy-sharing strategies. 

Incorporation of peer-to-peer trading, grid flexibility services, and adaptive control frameworks could 

further improve the performance and economic viability of community-scale renewable-energy systems. 

Nevertheless, this study highlights the strong potential of integrating shared PV-battery systems as a 

practical pathway toward economically viable, infrastructure-efficient renewable-energy adoption for 

energy security and autonomy. 
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