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Abstract- The increasing penetration of renewable energy 

sources and the growing need for grid stability have 

positioned Battery Energy Storage Systems (BESS) as 

critical infrastructure for modern power systems. However, 

the construction and deployment of BESS require complex 

decision-making processes that integrate technical, 

economic, grid, and environmental considerations. This 

paper presents a comprehensive review and proposes a 

multi-criteria decision model for the optimal construction 

and deployment of BESS for grid support. The study 

synthesizes existing literature on energy storage planning, 

grid optimization, and decision analytics to identify key 

factors influencing BESS deployment. The proposed model 

adopts a Multi-Criteria Decision Analysis (MCDA) 

framework, integrating weighted scoring and optimization 

techniques to evaluate alternative deployment strategies. 

Core technical parameters include capacity sizing and 

response time, which determine system performance and 

grid responsiveness. Economic factors such as capital 

expenditure (CAPEX), operational costs, and lifecycle cost 

analysis are incorporated to ensure financial viability. 

Grid-level considerations, including congestion relief and 

peak shaving, are evaluated to enhance system reliability 

and efficiency. Environmental dimensions, such as land 

use optimization and emissions offset potential, are also 

embedded to support sustainable energy transitions. The 

model establishes a structured decision pathway that 

enables utilities and policymakers to assess trade-offs 

across competing criteria and identify optimal deployment 

configurations. Unlike existing approaches that focus on 

isolated aspects of BESS planning, this framework 

provides an integrated construction-to-grid perspective, 

bridging engineering design, economic evaluation, and 

policy considerations. The findings highlight the 

importance of balancing performance, cost, and 

sustainability objectives in BESS deployment. This study 

contributes to the field by offering a scalable and adaptable 

decision-support model that can be applied across diverse 

energy systems, thereby facilitating informed decision-

making and accelerating the adoption of energy storage 

technologies for resilient and sustainable grid operations. 
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I. INTRODUCTION 

 

1.1 Background and Role of BESS in Modern Power 

Systems 

Battery Energy Storage Systems (BESS) have 

emerged as a cornerstone technology in modern power 

systems, particularly in the context of increasing 

renewable energy penetration and the transition 

toward low-carbon energy infrastructures. The 

intermittent nature of renewable energy sources such 

as wind and solar introduces variability and 

uncertainty into power systems, necessitating 

advanced solutions for maintaining grid stability and 

reliability. BESS provides critical functionalities such 

as frequency regulation, voltage support, and energy 

arbitrage, enabling grid operators to balance supply 

and demand in real time (Ahmed et al., 2022). These 

systems act as fast-response assets capable of injecting 

or absorbing power within milliseconds, thereby 

mitigating fluctuations and enhancing system 

resilience. 

BESS plays a pivotal role in supporting grid 

operations across multiple levels, including 

transmission, distribution, and microgrid systems. The 
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integration of grid-scale storage technologies allows 

for improved load leveling, peak shaving, and 

congestion management, which are essential for 

optimizing grid performance and reducing operational 

costs (Al-Saadi et al., 2023). For example, in solar-

dominated grids, BESS can store excess energy during 

periods of high generation and discharge it during 

peak demand, effectively addressing the “duck curve” 

challenge. Additionally, advanced control strategies 

and AI-driven optimization models enable BESS to 

operate autonomously, adapting to dynamic grid 

conditions and enhancing decision intelligence. These 

capabilities position BESS as a critical enabler of 

sustainable and resilient power systems, supporting 

the integration of renewable energy while ensuring 

reliable and efficient grid operations. 

1.2 Challenges in BESS Construction and Deployment 

Decisions 

Despite the growing importance of BESS in modern 

power systems, the construction and deployment of 

these systems present significant technical, economic, 

and operational challenges. One of the primary 

challenges lies in determining optimal system sizing 

and placement, which requires balancing competing 

objectives such as cost efficiency, grid performance, 

and environmental impact. Large-scale BESS 

installations involve substantial capital investment, 

and inaccuracies in sizing or siting decisions can lead 

to underutilization or inefficiencies in system 

operation (Bhardwaj et al., 2025). Furthermore, the 

complexity of integrating BESS into existing grid 

infrastructures introduces challenges related to 

interoperability, system stability, and regulatory 

compliance. 

The construction of BESS facilities involves 

considerations such as thermal management, safety 

protocols, and lifecycle degradation of battery 

components. High-density energy storage systems are 

susceptible to thermal runaway and require 

sophisticated monitoring and control mechanisms to 

ensure safe operation (Zhang et al., 2024). 

Additionally, the deployment process must account for 

grid-specific constraints, including network topology, 

load distribution, and renewable energy integration 

levels. Decision-making is further complicated by 

uncertainties in future energy demand, market 

conditions, and technological advancements. These 

challenges highlight the need for a structured decision 

model that integrates technical, economic, grid, and 

environmental factors to support optimal BESS 

construction and deployment strategies. 

1.3 Objectives and Scope of the Study 

This study aims to develop a comprehensive multi-

criteria decision model for the optimal construction 

and deployment of Battery Energy Storage Systems 

(BESS) for grid support. The primary objective is to 

establish a structured framework that integrates 

technical, economic, grid, and environmental factors 

into a unified decision-making process. The model is 

designed to evaluate key parameters such as capacity 

sizing, response time, capital expenditure, lifecycle 

cost, congestion relief, peak shaving potential, land 

use, and emissions offset. By incorporating these 

diverse criteria, the study seeks to provide a holistic 

approach to BESS planning that aligns with both 

operational and sustainability objectives. 

The scope of the study focuses on grid-scale BESS 

applications within modern power systems, 

particularly in environments characterized by high 

renewable energy penetration. It emphasizes the use of 

Multi-Criteria Decision Analysis (MCDA) 

techniques, including weighted scoring and 

optimization models, to assess trade-offs and identify 

optimal deployment strategies. The study does not 

involve empirical testing but provides a conceptual 

foundation for future implementation and validation. 

It aims to support utilities, planners, and policymakers 

in making informed decisions that enhance grid 

reliability, economic efficiency, and environmental 

sustainability. 

\1.4 Structure of the Paper  

The paper is structured into six main sections to ensure 

a logical and systematic presentation of the proposed 

decision model. The first section introduces the 

background, challenges, and objectives of the study, 

establishing the context for the research. The second 

section reviews existing literature on energy storage 

technologies, grid integration, and decision-making 
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models, identifying key gaps that inform the 

development of the proposed framework.The third 

section presents the theoretical foundations of the 

decision model, outlining the key technical, economic, 

grid, and environmental criteria used in the analysis. 

The fourth section introduces the proposed multi-

criteria decision model, detailing its architecture, 

methodology, and integration of decision variables. 

The fifth section focuses on model application, 

including scenario analysis, sensitivity assessment, 

and decision support for stakeholders. The final 

section discusses the contributions, practical 

implications, and future research directions, providing 

insights into how the model can be extended and 

applied in real-world energy systems. 

II. LITERATURE REVIEW 

 

2.1 Energy Storage Technologies and Grid 

Applications 

Energy storage technologies, particularly Battery 

Energy Storage Systems (BESS), have become 

essential components of modern power systems, 

supporting grid stability, renewable energy 

integration, and operational flexibility. Lithium-ion 

batteries dominate grid-scale applications due to their 

high energy density, efficiency, and declining costs, 

although alternative technologies such as sodium-

sulfur and flow batteries are gaining traction for long-

duration storage (Akinyele & Rayudu, 2021; Ahmed 

et al., 2022; Al-Saadi et al., 2023; Babatunde et al., 

2022). These systems perform critical functions 

including frequency regulation, voltage support, and 

energy arbitrage, enabling power systems to maintain 

balance between supply and demand in real time 

(Chen et al., 2024; Sun et al., 2023; Lindner et al., 

2023; Adeniji et al., 2025). The integration of BESS 

into grid infrastructure is further enhanced by 

advanced control strategies and predictive 

maintenance frameworks that improve system 

reliability and performance (Ekechi, 2023; Yeboah et 

al., 2024; Ogunwole et al., 2021; Okonkwo et al., 

2024). 

BESS plays a pivotal role in mitigating the 

intermittency of renewable energy sources such as 

wind and solar. By storing excess energy during 

periods of low demand and discharging it during peak 

demand, BESS enables peak shaving and congestion 

relief, thereby enhancing grid efficiency (Sun et al., 

2023; Lindner et al., 2023; Chen et al., 2024; Ahmed 

et al., 2022). Additionally, BESS supports microgrid 

operations, black-start capabilities, and resilience 

against grid disturbances. Emerging applications 

include hybrid systems that combine BESS with 

renewable generation and advanced AI-driven control 

models to optimize energy dispatch and system 

stability (Babatunde et al., 2022; Al-Saadi et al., 2023; 

Akinyele & Rayudu, 2021). These developments 

highlight the central role of energy storage 

technologies in enabling sustainable and reliable 

power systems. 

2.2 Existing Decision Models for BESS Deployment 

Existing decision models for BESS deployment 

primarily focus on optimization-based approaches that 

aim to determine optimal sizing, siting, and 

operational strategies. These models often employ 

techniques such as multi-objective optimization, 

genetic algorithms, and linear programming to balance 

competing objectives including cost, performance, and 

reliability (Gu et al., 2022; Gurung et al., 2023; 

Oikonomou et al., 2022; Zhou et al., 2024). Economic 

considerations, particularly capital expenditure and 

lifecycle cost analysis, are central to these models, 

ensuring that BESS investments remain financially 

viable (Kebede et al., 2022; Junior et al., 2021; Paliwal 

et al., 2024). Additionally, decision models 

incorporate grid-level factors such as load demand 

patterns, renewable energy penetration, and network 

constraints to optimize deployment strategies. 

Despite their effectiveness, many existing models are 

limited in scope, focusing on specific aspects of BESS 

deployment rather than providing a holistic 

framework. For instance, techno-economic models 

often neglect environmental and social factors, while 

optimization models may overlook governance and 

operational considerations (Ekechi, 2024; Yeboah et 

al., 2025; Ogunwole et al., 2023; Okonkwo et al., 

2023). Recent advancements include the integration of 

AI-driven decision models that leverage machine 

learning algorithms to improve predictive accuracy 

and adaptability (Adeniji et al., 2025; Zhou et al., 
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2024; Gurung et al., 2023; Kebede et al., 2022). 

However, the lack of unified frameworks that integrate 

technical, economic, grid, and environmental criteria 

remains a significant limitation. This underscores the 

need for multi-criteria decision models that provide 

comprehensive and balanced decision-making 

approaches for BESS deployment. 

2.3 Gaps in Integrated Technical-Economic-

Environmental Models 

Despite significant advancements in BESS planning 

and optimization, there remains a critical gap in the 

development of integrated models that simultaneously 

consider technical, economic, grid, and environmental 

factors. Most existing models focus on isolated 

dimensions, such as economic optimization or grid 

performance, without addressing the 

interdependencies between these factors (Grimaldi et 

al., 2024; Silva et al., 2023; Moreno et al., 2021; 

Sarker et al., 2021). For example, while peak shaving 

models effectively reduce demand variability, they 

often neglect lifecycle cost implications and 

environmental impacts such as land use and emissions 

offset. Similarly, reliability-focused models prioritize 

system stability but may overlook economic feasibility 

and policy considerations (Khezri et al., 2023; Wu et 

al., 2024; Zhang et al., 2024). 

From a systems perspective, the absence of integrated 

decision frameworks limits the ability of stakeholders 

to evaluate trade-offs and make informed decisions. 

Governance and operational considerations, including 

maintenance strategies, supply chain resilience, and 

regulatory compliance, are often underrepresented in 

existing models (Ekechi& Fasasi, 2022; Yeboah et al., 

2024; Ogunwole et al., 2023; Okonkwo et al., 2024). 

Furthermore, environmental factors such as emissions 

reduction and land use optimization are rarely 

incorporated into decision-making processes, despite 

their importance in sustainable energy planning as 

seen in Table 2. These gaps highlight the need for 

comprehensive multi-criteria decision models that 

integrate technical performance, economic viability, 

grid impact, and environmental sustainability into a 

unified framework, enabling more effective and 

balanced BESS deployment strategies. 

 

 

Table 1: Gaps in Integrated Technical–Economic–Environmental BESS Decision Models

Gap Area Description 
Key Limitations in Existing 

Models 

Implications for BESS 

Deployment 

Fragmented 

Modeling 

Approaches 

Models address technical, 

economic, or grid aspects 

separately rather than 

holistically 

Lack of integration across 

performance, cost, and 

sustainability dimensions 

Leads to suboptimal 

decisions and incomplete 

evaluation of deployment 

options 

Inadequate Trade-Off 

Analysis 

Limited ability to assess 

interactions between competing 

criteria 

Peak shaving or reliability 

models ignore lifecycle cost 

and environmental impacts 

Reduces decision accuracy 

and limits strategic planning 

effectiveness 

Missing Governance 

and Operational 

Factors 

Insufficient inclusion of 

maintenance, supply chain 

resilience, and regulatory 

compliance 

Operational risks and long-

term system reliability not 

fully captured 

Increases uncertainty and 

reduces sustainability of 

BESS projects 

Limited 

Environmental 

Integration 

Environmental factors such as 

emissions reduction and land 

use often excluded 

Sustainability metrics not 

embedded in decision 

frameworks 

Hinders alignment with 

energy transition goals and 

policy requirements 
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III. THEORETICAL FRAMEWORK AND 

DECISION CRITERIA 

 

3.1 Technical Factors: Capacity Sizing and Response 

Time 

Capacity sizing and response time are fundamental 

technical parameters in the design and deployment of 

Battery Energy Storage Systems (BESS) for grid 

support. Capacity sizing determines the energy storage 

capability required to meet specific grid demands, 

such as peak load support, frequency regulation, and 

renewable energy integration. Optimal sizing involves 

balancing energy capacity and power rating to ensure 

system efficiency while minimizing overinvestment. 

Advanced optimization models, including stochastic 

and multi-objective approaches, are increasingly used 

to determine optimal BESS configurations under 

varying load and generation conditions (Gurung et al., 

2023; Ishraque et al., 2022; Farakhor et al., 2024). 

These models account for uncertainties in renewable 

generation and demand fluctuations, ensuring that 

storage systems are neither underutilized nor 

overstressed. Additionally, AI-driven control 

strategies enhance sizing decisions by incorporating 

predictive analytics and adaptive learning mechanisms 

(Adeniji et al., 2025; Ahmed et al., 2022). 

Response time is equally critical, particularly for 

applications such as frequency regulation and grid 

stabilization, where rapid system response is required 

to maintain power quality and reliability. BESS 

technologies offer significantly faster response times 

compared to conventional generation systems, 

enabling near-instantaneous adjustments to grid 

conditions. Studies demonstrate that reducing 

response latency improves system stability and 

reduces the risk of cascading failures in interconnected 

grids (Gupta et al., 2025; Ahmed et al., 2022). 

Furthermore, integrating predictive maintenance and 

lifecycle management frameworks enhances system 

responsiveness by ensuring optimal operational 

readiness (Yeboah et al., 2025; Okonkwo et al., 2023). 

Technical optimization must also consider degradation 

effects and thermal management to sustain long-term 

performance (Ekechi, 2024; Ogunwole et al., 2021). 

These combined factors underscore the importance of 

aligning capacity sizing and response time within a 

unified technical decision framework for efficient 

BESS deployment. 

3.2 Economic Factors: CAPEX, OPEX, and Lifecycle 

Cost Analysis 

Economic evaluation is a central component of BESS 

deployment, encompassing capital expenditure 

(CAPEX), operational expenditure (OPEX), and 

lifecycle cost analysis. CAPEX includes costs 

associated with battery procurement, installation, land 

acquisition, and infrastructure integration, while 

OPEX covers maintenance, energy losses, and 

operational management. Lifecycle cost analysis 

extends this evaluation by incorporating degradation, 

replacement costs, and residual value over the 

system’s lifespan (Zakeri & Syri, 2021; Kebede et al., 

2022). Advanced economic models integrate these 

variables to determine the total cost of ownership and 

assess the financial viability of BESS projects. For 

example, energy arbitrage strategies utilize price 

differentials in electricity markets to generate revenue, 

thereby offsetting investment costs (Grimaldi et al., 

2024; Junior et al., 2021). 

Economic optimization requires aligning cost 

considerations with technical performance and grid 

requirements. AI-driven financial models enhance 

decision-making by forecasting market trends, 

optimizing dispatch strategies, and minimizing 

operational costs (Silva et al., 2023). Additionally, 

lifecycle management frameworks ensure cost 

efficiency by optimizing maintenance schedules and 

extending battery lifespan (Ekechi, 2023; Yeboah et 

al., 2024). Supply chain considerations, including 

procurement and logistics, also influence cost 

structures and must be integrated into decision models 

(Okonkwo et al., 2024; Ogunwole et al., 2021). The 

integration of CAPEX, OPEX, and lifecycle analysis 

within a multi-criteria decision framework enables 

stakeholders to evaluate trade-offs between cost, 

performance, and sustainability, ensuring 

economically viable and efficient BESS deployment 

strategies. 
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3.3 Grid and Environmental Factors: Congestion 

Relief, Peak Shaving, Land Use, and Emissions 

Grid and environmental factors play a critical role in 

determining the optimal deployment of BESS, 

particularly in addressing congestion, peak demand, 

land use, and emissions reduction. Congestion relief is 

achieved by strategically placing BESS in 

transmission and distribution networks to manage 

power flows and reduce bottlenecks. This enhances 

grid reliability and prevents overload conditions in 

critical infrastructure (Lindner et al., 2023). Similarly, 

peak shaving applications enable BESS to store energy 

during low-demand periods and discharge during peak 

demand, reducing stress on generation systems and 

lowering operational costs (Sarker et al., 2021; Sun et 

al., 2023). These functionalities are particularly 

important in grids with high renewable penetration, 

where variability in generation requires flexible and 

responsive energy storage solutions (Smith & 

Johnson, 2024; Adeniji et al., 2025). 

Environmental considerations include land use 

optimization and emissions reduction, which are 

essential for sustainable energy planning. BESS 

deployment must balance spatial requirements with 

environmental impact, ensuring minimal disruption to 

ecosystems while maximizing energy storage 

capacity. Additionally, energy storage systems 

contribute to emissions reduction by enabling higher 

integration of renewable energy sources and reducing 

reliance on fossil fuel-based generation (IRENA, 

2025). Operational frameworks that incorporate 

reliability and maintenance considerations further 

enhance environmental performance by extending 

system lifespan and reducing waste (Ekechi& Fasasi, 

2022; Yeboah et al., 2025). Furthermore, integrating 

BESS within resilient infrastructure and supply chain 

systems ensures sustainable deployment and long-

term grid stability (Okonkwo et al., 2024; Ogunwole 

et al., 2021) as seen in Table 2. These combined grid 

and environmental factors highlight the importance of 

incorporating sustainability and system efficiency into 

multi-criteria decision models for BESS deployment. 

 

 

Table 2: Grid and Environmental Factors in BESS Deployment Optimization

 

Factor 

Category 
Description Key Mechanisms/Applications 

Impact on Grid and 

Sustainability 

Congestion 

Relief 

Strategic placement of BESS to 

manage power flow and reduce 

network bottlenecks 

Load balancing, transmission 

support, distributed storage siting 

Improves grid reliability, 

prevents overload, enhances 

power flow efficiency 

Peak Shaving 

Use of BESS to store energy 

during low demand and 

discharge during peak periods 

Demand shifting, energy arbitrage, 

load leveling 

Reduces peak load stress, 

lowers operational costs, 

improves grid stability 

Land Use 

Optimization 

Efficient allocation of physical 

space for BESS infrastructure 

with minimal environmental 

disruption 

Site selection models, compact 

system design, co-location with 

renewables 

Minimizes ecological 

impact, optimizes 

infrastructure footprint, 

supports sustainable 

planning 

Emissions 

Reduction 

Reduction of carbon emissions 

through enhanced integration of 

renewable energy and reduced 

fossil fuel dependence 

Renewable energy storage, grid 

decarbonization strategies, lifecycle 

optimization 

Supports sustainability 

goals, lowers carbon 

footprint, promotes clean 

energy transition 
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IV. PROPOSED MULTI-CRITERIA DECISION 

MODEL 

 

4.1 Model Architecture and Decision Workflow 

The architecture of the proposed multi-criteria 

decision model for Battery Energy Storage Systems 

(BESS) construction and deployment is designed as a 

layered and modular system that integrates data 

acquisition, analytical processing, and decision 

intelligence. At the foundational level, the model 

incorporates data inputs from grid conditions, load 

demand profiles, renewable generation variability, and 

economic cost parameters. These inputs are processed 

through a decision workflow that includes 

preprocessing, normalization, and parameter 

weighting stages to ensure consistency and 

comparability across criteria. Advanced analytical 

modules, including optimization algorithms and AI-

driven control systems, are embedded within the 

architecture to evaluate alternative deployment 

scenarios (Ahmed et al., 2022; Al-Saadi et al., 2023; 

Babatunde et al., 2022; Adeniji et al., 2025). The 

workflow further integrates multi-objective 

optimization techniques, such as NSGA-II, to 

simultaneously address competing objectives 

including cost minimization, reliability enhancement, 

and grid stability (Gu et al., 2022; Gurung et al., 2023; 

Farakhor et al., 2024). 

From a systems perspective, the decision workflow 

operates as a closed-loop process where outputs from 

the decision model are continuously validated against 

operational performance metrics. Feedback 

mechanisms are incorporated to refine model 

parameters and improve decision accuracy over time. 

For instance, real-time grid performance data can be 

used to recalibrate capacity sizing and response time 

parameters, ensuring that the deployed BESS remains 

aligned with evolving grid requirements. The 

architecture also supports scalability through 

distributed processing and modular integration, 

allowing the model to adapt to different grid sizes and 

configurations. This structured workflow ensures that 

decision-making is both systematic and adaptive, 

enabling utilities and policymakers to evaluate BESS 

deployment strategies with a high degree of precision 

and reliability. 

4.2 MCDA Methodology: Weighted Scoring and 

Optimization Techniques 

The Multi-Criteria Decision Analysis (MCDA) 

methodology forms the core analytical engine of the 

proposed model, enabling the systematic evaluation of 

BESS deployment alternatives across multiple 

dimensions. The methodology employs a weighted 

scoring approach in which each decision criterion—

technical, economic, grid-related, and 

environmental—is assigned a relative weight based on 

its importance to overall system objectives. These 

weights are derived through expert judgment, 

sensitivity analysis, or analytic hierarchy processes, 

ensuring that the model reflects real-world priorities. 

Each alternative deployment scenario is then scored 

against these criteria, and aggregate scores are 

computed to rank the alternatives (Kebede et al., 2022; 

Ishraque et al., 2022; Junior et al., 2021; Adeniji et al., 

2025). This approach provides a transparent and 

interpretable framework for decision-making, 

allowing stakeholders to understand the trade-offs 

between competing objectives. 

In addition to weighted scoring, the model 

incorporates optimization techniques to identify 

optimal solutions under complex constraints. Multi-

objective optimization algorithms are used to balance 

conflicting goals such as minimizing cost while 

maximizing grid reliability and environmental 

benefits. For example, peak shaving optimization 

models evaluate the ability of BESS to reduce load 

peaks while considering operational costs and battery 

degradation (Sun et al., 2023; Grimaldi et al., 2024; 

Zhou et al., 2024; Kebede et al., 2022). These 

optimization processes are further enhanced by AI-

driven predictive models that estimate future grid 

conditions and demand patterns, enabling proactive 

decision-making. The integration of weighted scoring 

and optimization techniques ensures that the MCDA 

framework is both robust and flexible, capable of 

addressing the complex and dynamic nature of BESS 

deployment decisions. 
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4.3 Integration of Technical, Economic, Grid, and 

Environmental Criteria 

The integration of technical, economic, grid, and 

environmental criteria is a defining feature of the 

proposed multi-criteria decision model, enabling a 

holistic evaluation of BESS deployment strategies. 

Technical factors such as capacity sizing and response 

time are critical for determining system performance 

and grid responsiveness. Capacity sizing ensures that 

the BESS can meet energy demand requirements, 

while response time influences its ability to provide 

ancillary services such as frequency regulation and 

voltage support (Akinyele & Rayudu, 2021; Li et al., 

2023; Sarker et al., 2021). These technical parameters 

are closely linked to grid-level considerations, 

including congestion relief and peak shaving, which 

enhance the reliability and efficiency of power 

systems (Lindner et al., 2023; Li et al., 2023; Adeniji 

et al., 2025). 

Economic and environmental factors are equally 

important in ensuring the sustainability and feasibility 

of BESS projects. Economic evaluation includes 

capital expenditure (CAPEX), operational costs, and 

lifecycle cost analysis, which determine the financial 

viability of deployment options (Zakeri & Syri, 2021; 

Ekechi, 2024; Akinyele & Rayudu, 2021). 

Environmental considerations, such as land use 

optimization and emissions offset potential, are 

integrated to support sustainable energy transitions 

and minimize ecological impact. The model aligns 

these diverse criteria through a unified evaluation 

framework that captures interdependencies and trade-

offs. For instance, increasing capacity may improve 

grid reliability but also raise costs and land 

requirements, necessitating careful optimization. By 

integrating these criteria, the model provides a 

comprehensive decision-making tool that balances 

performance, cost, and sustainability objectives in 

BESS construction and deployment. 

V. MODEL APPLICATION AND DECISION 

ANALYSIS 

 

5.1 Scenario-Based Evaluation of BESS Deployment 

Options 

Scenario-based evaluation provides a structured 

approach for analyzing alternative BESS deployment 

strategies under varying technical, economic, and grid 

conditions. In this study, scenarios are constructed 

based on different combinations of capacity sizing, 

response time, grid demand profiles, and renewable 

energy penetration levels. For instance, high-capacity 

BESS scenarios are evaluated for their ability to 

provide congestion relief and peak shaving during 

periods of high demand, while smaller, distributed 

systems are assessed for localized grid stability and 

voltage regulation (Gu et al., 2022; Gurung et al., 

2023; Li et al., 2023; Sun et al., 2023). Additionally, 

scenarios incorporating high renewable penetration 

examine the effectiveness of BESS in mitigating 

intermittency and enhancing frequency stability, 

particularly in wind- and solar-dominated systems 

(Ahmed et al., 2022; Babatunde et al., 2022; Al-Saadi 

et al., 2023; Lindner et al., 2023). 

From a modeling perspective, the scenario-based 

approach integrates Multi-Criteria Decision Analysis 

(MCDA) with optimization techniques to evaluate 

trade-offs across competing objectives. Each scenario 

is assessed using weighted scoring based on technical 

performance, economic cost, grid impact, and 

environmental benefits. For example, a scenario 

prioritizing rapid response time may achieve superior 

frequency control but incur higher CAPEX due to 

advanced battery technologies (Zhou et al., 2024; 

Adeniji et al., 2025). Conversely, scenarios focusing 

on lifecycle cost optimization may favor moderate-

capacity systems with longer operational lifespans. 

The integration of AI-driven control models further 

enhances scenario evaluation by enabling dynamic 

adaptation to changing grid conditions. This structured 

evaluation framework allows stakeholders to identify 

optimal deployment strategies that balance 

performance, cost, and sustainability objectives in 

diverse operational contexts. 

5.2 Sensitivity Analysis and Trade-Off Assessment 

Sensitivity analysis is employed to quantify the 

influence of key decision variables on the performance 

and feasibility of BESS deployment strategies. 

Parameters such as battery capacity, response time, 

capital cost, degradation rate, and electricity price 
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variability are systematically varied to assess their 

impact on system performance and economic viability. 

For example, increasing battery capacity enhances 

peak shaving capability but also raises capital 

expenditure and operational complexity (Kebede et 

al., 2022; Rahman et al., 2021; Wu et al., 2024; Paliwal 

et al., 2024). Similarly, variations in electricity price 

differentials significantly affect the profitability of 

energy arbitrage strategies, highlighting the 

importance of market conditions in deployment 

decisions (Grimaldi et al., 2024; NREL, 2025; Junior 

et al., 2021). 

Trade-off assessment within the MCDA framework 

enables the identification of optimal balance points 

between competing criteria. For instance, prioritizing 

grid reliability may require higher investment in 

advanced battery technologies, while cost 

minimization strategies may limit system performance 

under extreme conditions. Environmental 

considerations, such as land use and emissions offset, 

further complicate decision-making by introducing 

additional constraints and objectives. AI-driven 

optimization techniques enhance sensitivity analysis 

by enabling adaptive evaluation of parameter 

interactions and system dynamics (Zakeri & Syri, 

2021). This approach allows decision-makers to 

explore multiple scenarios and identify robust 

solutions that remain effective under varying 

conditions. Ultimately, sensitivity analysis provides 

critical insights into the resilience and flexibility of 

BESS deployment strategies, supporting informed and 

data-driven decision-making processes. 

5.3 Decision Support for Utilities and Policymakers 

The proposed multi-criteria decision model serves as a 

robust decision-support tool for utilities and 

policymakers by providing a structured framework for 

evaluating BESS deployment strategies. Utilities can 

utilize the model to optimize grid operations by 

selecting configurations that enhance reliability, 

reduce congestion, and support renewable energy 

integration. For example, grid-forming BESS systems 

can provide virtual inertia and frequency control, 

improving system stability in low-inertia grids 

(Velasquez et al., 2023; Shahidehpour et al., 2022; 

Moreno et al., 2021; Wang et al., 2024). Additionally, 

the model enables utilities to address challenges such 

as the “duck curve” by deploying BESS for peak 

shaving and load balancing, thereby enhancing grid 

flexibility (Smith & Johnson, 2024; Jaradat & Khatib, 

2025; IRENA, 2025; Zhang et al., 2024). 

For policymakers, the model provides a decision 

pathway for evaluating the economic, environmental, 

and social impacts of BESS deployment. By 

incorporating lifecycle cost analysis, emissions 

reduction potential, and land use considerations, the 

framework supports the development of policies that 

promote sustainable energy systems. Furthermore, AI-

driven decision intelligence enhances policy 

formulation by enabling scenario analysis and 

predictive modeling of future grid conditions (Adeniji 

et al., 2025). The integration of regulatory and 

technical criteria ensures that policy decisions are 

aligned with both market dynamics and infrastructure 

requirements. This holistic approach bridges the gap 

between engineering design, economic planning, and 

policy development, enabling stakeholders to make 

informed decisions that support long-term grid 

resilience and sustainability. 

VI. CONTRIBUTIONS, IMPLICATIONS, AND 

FUTURE DIRECTIONS 

 

6.1 Key Contributions of the Integrated Decision 

Model 

 

The integrated multi-criteria decision model 

developed in this study advances the state of Battery 

Energy Storage System (BESS) planning by unifying 

technical, economic, grid, and environmental 

dimensions into a single analytical framework. A 

primary contribution lies in its construction-to-grid 

perspective, where decisions are not limited to siting 

or sizing but extend across the full lifecycle of 

deployment, from infrastructure design to operational 

grid support. The model systematically incorporates 

technical parameters such as capacity sizing and 

response time, enabling precise evaluation of system 

performance under dynamic grid conditions. 

Simultaneously, it embeds economic variables 

including capital expenditure, operational costs, and 

lifecycle cost optimization, allowing stakeholders to 

assess long-term financial viability alongside technical 

efficiency. 
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Another key contribution is the integration of grid-

level objectives such as congestion relief and peak 

shaving with environmental considerations including 

land use efficiency and emissions offset potential. This 

holistic approach ensures that BESS deployment 

strategies are aligned with both operational reliability 

and sustainability goals. The application of Multi-

Criteria Decision Analysis (MCDA), supported by 

weighted scoring and optimization techniques, 

provides a transparent and structured decision 

pathway that can be adapted to different grid 

configurations and policy contexts. Furthermore, the 

model introduces feedback-driven decision 

intelligence mechanisms that enable continuous 

refinement based on real-time system performance. 

This capability enhances adaptability and resilience, 

particularly in grids with high renewable penetration. 

By bridging engineering design, economic planning, 

and policy evaluation, the model establishes a 

comprehensive decision-support tool that addresses 

the complexity of modern energy systems and 

provides a scalable foundation for future energy 

infrastructure development. 

6.2 Practical Implications for Energy Planning and 

Policy 

The proposed decision model offers significant 

practical value for energy planners, utilities, and 

policymakers by providing a structured framework for 

evaluating BESS deployment strategies in complex 

grid environments. For utilities, the model enables 

data-driven planning of storage infrastructure by 

quantifying the trade-offs between system 

performance, cost efficiency, and grid reliability. For 

instance, planners can use the model to determine the 

optimal capacity and placement of BESS units to 

alleviate transmission congestion while maintaining 

cost constraints. The integration of response time 

metrics further supports the design of systems capable 

of delivering fast frequency regulation and voltage 

stabilization, which are critical for maintaining grid 

stability in renewable-dominated networks. 

From a policy perspective, the model facilitates 

evidence-based decision-making by incorporating 

environmental and economic criteria into the 

evaluation process. Policymakers can use the 

framework to assess the impact of different regulatory 

scenarios, such as incentives for emissions reduction 

or land-use constraints, on BESS deployment 

outcomes. The inclusion of lifecycle cost analysis and 

emissions offset metrics supports the development of 

policies that balance economic feasibility with 

sustainability objectives. Additionally, the model 

provides a transparent decision pathway that enhances 

stakeholder engagement and accountability, as each 

decision criterion and weighting can be explicitly 

defined and adjusted. This is particularly important in 

large-scale infrastructure projects where multiple 

stakeholders, including regulators, investors, and 

communities, are involved. By aligning technical 

feasibility with policy goals, the model supports the 

development of integrated energy strategies that 

promote grid resilience, economic efficiency, and 

environmental sustainability. 

6.3 Future Research Directions and Model Extensions 

Future research should focus on enhancing the 

robustness and applicability of the proposed decision 

model through empirical validation and 

methodological extensions. One important direction 

involves the integration of real-time data streams and 

adaptive learning algorithms into the model, enabling 

dynamic decision-making based on evolving grid 

conditions. This could involve the incorporation of 

machine learning techniques for predictive modeling 

of demand patterns, renewable generation variability, 

and battery degradation, thereby improving the 

accuracy and responsiveness of deployment decisions. 

Additionally, extending the model to include 

stochastic optimization methods would allow for the 

explicit consideration of uncertainty in key parameters 

such as energy prices, load demand, and renewable 

output. 

Another promising area for extension is the 

incorporation of advanced battery technologies and 

hybrid energy storage systems into the decision 

framework. As new storage technologies with varying 

performance characteristics and cost structures 

emerge, the model can be adapted to evaluate their 

comparative advantages and integration potential. 

Furthermore, future research should explore the 

inclusion of socio-economic factors, such as 
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community acceptance and job creation, to provide a 

more comprehensive assessment of BESS deployment 

impacts. The development of sector-specific 

adaptations of the model, tailored to urban, rural, and 

industrial energy systems, would also enhance its 

practical relevance. Finally, integrating the model with 

digital twin platforms and simulation environments 

could enable scenario testing and real-time 

optimization, providing a powerful tool for both 

planning and operational decision-making in next-

generation energy systems. 
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