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 Foreign renewable energy enterprises face unprecedented complexity when 
selecting investment locations across the United States due to fragmented 
policy landscapes spanning federal, state, and county jurisdictions. This 
research develops a multi-objective particle swarm optimization framework 
that simultaneously maximizes policy subsidy acquisition and minimizes 
operational costs for renewable energy facility placement. The proposed 
methodology integrates a comprehensive policy database encompassing 11 
subsidy mechanisms across 50 states and 3,000+ counties, including 
Investment Tax Credits, Job Creation Tax Credits, Payment In Lieu of Taxes 
agreements, and New Markets Tax Credits. The database architecture supports 
automated policy update mechanisms employing web scraping and natural 
language processing technologies to maintain current incentive information. 
Experimental validation using real-world data from 20 counties across 5 U.S. 
states demonstrates that the optimized site selection achieves 19% government 
subsidy-to-investment ratios compared to industry averages of 9%, while 
improving project Internal Rate of Return from 13% to 18%. The Pareto 
frontier analysis reveals three distinct optimal solution clusters representing 
cost-minimization, rapid-profitability, and employment-maximization 
strategies that provide decision-makers with transparent trade-off 
visualization. Comparative analysis against traditional sequential filtering 
methodologies confirms statistically significant performance improvements 
across subsidy capture, financial returns, and risk-adjusted metrics. This 
framework provides actionable decision support for foreign investors 
navigating the intricate U.S. renewable energy policy environment and offers 
policymakers empirical insights into competitive advantage creation through 
strategic subsidy allocation. 

1. Introduction

1.1 Research Background and Motivation 

The global transition toward renewable energy infrastructure has accelerated dramatically, with total worldwide 
investment exceeding $495 billion annually according to international energy agency tracking databases. The United 
States represents both a critical market and a uniquely challenging regulatory environment for foreign enterprises seeking 
to establish renewable energy operations across distributed geographic locations. Unlike centralized policy systems 
common in European or Asian markets, the U.S. presents a complex multi-jurisdictional framework where federal 
incentives intersect with 50 distinct state regulatory regimes and thousands of county-level economic development 
programs each with unique eligibility requirements. 

Foreign renewable energy enterprises entering the U.S. market must navigate this fragmented policy architecture while 
optimizing facility placement decisions across multiple competing objectives. Traditional site selection methodologies 
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typically prioritize single-dimensional factors such as proximity to transmission infrastructure or labor cost 
minimization. Such approaches systematically undervalue the substantial financial impact of strategic policy subsidy 
acquisition. Recent industry case studies demonstrate that comprehensive policy optimization can elevate government 
subsidy contributions from typical 9% levels to 19% of total project investment, directly translating to Internal Rate of 
Return improvements of 5 percentage points or greater. 

The renewable energy sector exhibits particular sensitivity to policy incentive structures due to characteristic high capital 
intensity, extended payback periods, and technological risk profiles. Investment Tax Credits, Production Tax Credits, 
accelerated depreciation schedules, and state-specific mechanisms collectively create a complex optimization landscape 
where location decisions carry multi-million dollar valuation implications. 

1.2 Policy Complexity Challenges for Foreign Renewable Energy Enterprises in U.S. Site Selection 

The U.S. renewable energy policy environment encompasses multiple hierarchical layers of incentive mechanisms 
operating simultaneously. At the federal level, the Investment Tax Credit provides 30% cost recovery for qualifying 
solar installations, while Modified Accelerated Cost Recovery System depreciation enables rapid capital expense 
recovery. State governments layer additional incentives including Renewable Portfolio Standards compliance payments, 
property tax abatements, and sales tax exemptions on equipment procurement. County and municipal jurisdictions 
contribute through Payment In Lieu of Taxes agreements, infrastructure cost-sharing, and workforce training subsidies. 

This jurisdictional fragmentation creates substantial information asymmetries disadvantaging foreign investors relative 
to domestic competitors with established policy navigation capabilities. The Inflation Reduction Act of 2022 
fundamentally restructured federal renewable energy incentives, creating Technology-Neutral Tax Credits and 
introducing domestic content requirements that directly impact foreign enterprise eligibility. State-level policy 
landscapes demonstrate even greater instability, with annual legislative sessions frequently modifying tax credit 
structures. 

Geographic distribution of renewable energy policy generosity correlates imperfectly with traditional site selection 
factors, creating complex trade-off scenarios. States with superior wind or solar resources may offer minimal policy 
incentives, while economically distressed regions provide aggressive subsidy packages to attract employment and tax 
base growth. County-level variations add further complexity, with economically disadvantaged areas designated under 
New Markets Tax Credit programs offering substantial additional incentives unavailable in prosperous metropolitan 
regions. 

1.3 Research Objectives and Paper Structure 

This research addresses the identified gap through development of a multi-objective particle swarm optimization 
framework specifically designed for renewable energy enterprise site selection with integrated policy subsidy 
maximization. The primary research objective involves constructing a computationally efficient optimization 
methodology that simultaneously evaluates facility placement alternatives across competing performance dimensions 
including total lifecycle cost minimization, policy subsidy present value maximization, and operational risk reduction 
across multiple uncertainty sources. 

Secondary objectives encompass the creation of a comprehensive policy database architecture capable of ingesting, 
standardizing, and updating diverse incentive mechanisms from heterogeneous governmental sources across federal, 
state, and local jurisdictions. This database infrastructure must accommodate multiple policy types with varying 
eligibility criteria, calculation methodologies, and temporal availability windows while supporting real-time policy 
modification tracking. The research further aims to validate optimization framework performance through empirical case 
study analysis utilizing authentic renewable energy project data spanning multiple U.S. geographic regions and 
technology categories with comprehensive financial modeling. 

The paper structure proceeds as follows. Section 2 reviews existing literature on multi-objective optimization 
methodologies, policy subsidy evaluation frameworks, and particle swarm algorithm applications in facility location 
contexts. Section 3 presents the problem formulation including mathematical model specification, constraint definitions, 
and solution algorithm design with detailed parameter calibration. Section 4 details experimental implementation using 
real-world data from 20 counties across 5 states, presents comparative performance analysis, and discusses Pareto 
frontier characteristics. Section 5 synthesizes research findings, articulates theoretical contributions and practical 
implications, and identifies future research directions. 
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2. Literature Review 

2.1 Applications of Multi-Objective Optimization Algorithms in Location Decision-Making 

Multi-objective optimization has emerged as the dominant paradigm for addressing facility location problems 
characterized by conflicting performance criteria and complex constraint structures. The foundational work established 
that location decisions inherently involve trade-offs among economic efficiency, service quality, and risk exposure that 
cannot be adequately captured through single-objective formulations [1]. Evolutionary algorithms, particularly 
population-based metaheuristics, provide superior performance for multi-objective location problems compared to 
classical approaches. 

Particle swarm optimization has gained substantial traction in facility location research due to its conceptual simplicity, 
computational efficiency, and strong global search capabilities. The application of PSO to uncapacitated facility location 
problems revealed competitive performance against genetic algorithms while requiring fewer parameter calibrations [2]. 
Extensions to multi-population parallel implementations demonstrated linear scalability improvements for large-scale 
location problems. 

Emergency facility location research has benefited from multi-objective PSO approaches, where response time 
minimization must be balanced against construction cost constraints [3]. Interactive fuzzy satisficing methods combined 
with PSO enable decision-maker preference incorporation throughout the optimization process. The semi-desirable 
facility location problem presents conceptual parallels to renewable energy site selection, where facilities generate both 
positive economic impacts and negative externalities requiring careful geographic placement [4]. 

2.2 Policy Subsidy Quantification and Evaluation Methods 

Renewable energy policy incentive structures have evolved dramatically, progressing from simple production-based 
subsidies toward complex multi-dimensional frameworks incorporating investment credits, accelerated depreciation, 
loan guarantees, and performance-based payments. The economic literature demonstrates that policy design significantly 
influences investment timing, technology selection, and geographic distribution patterns [5]. Complementary economic 
incentive structures prove particularly effective at reducing intermittency costs associated with variable renewable 
generation. 

Government subsidy threshold effects on renewable energy investment reveal nonlinear relationships where policy 
impacts vary substantially across enterprise size categories and regional economic development levels [6]. Empirical 
analysis identified critical threshold values for energy consumption intensity and regional GDP beyond which subsidy 
effectiveness increases dramatically. Tax incentive policies demonstrated stronger investment stimulation effects 
compared to direct monetary subsidies. 

Portfolio optimization approaches for renewable energy project selection increasingly incorporate policy incentive 
heterogeneity as a primary decision variable [7]. Multi-objective mathematical models that maximize net present value 
while minimizing investment risk must explicitly account for project lifetime constraints and workforce employment 
requirements. The quantification of policy subsidy value requires sophisticated present value calculation frameworks 
that account for payment timing, eligibility phase-outs, and risk-adjusted discount rates appropriate to renewable energy 
project risk profiles. 

2.3 Advances in Particle Swarm Optimization for Facility Location Problems 

Particle swarm optimization originated from social behavior modeling of bird flocking and fish schooling, where 
individual agents adjust movement trajectories based on personal experience and collective group knowledge [8]. The 
algorithm maintains computational efficiency through simple velocity and position update equations that require minimal 
parameter tuning. Modified PSO variants incorporating constriction factors and adaptive inertia weights have 
demonstrated improved convergence characteristics [9]. 

Single-row facility layout problems have benefited substantially from PSO implementation [10]. Novel encoding schemes 
that map continuous PSO particle positions to discrete facility sequences enable efficient exploration of combinatorial 
solution spaces. The integration of PSO with fuzzy logic frameworks addresses inherent uncertainty in facility location 
parameters [11]. Discrete PSO formulations employ specialized operators adapted to combinatorial search spaces while 
retaining algorithmic elegance [12]. Multi-objective PSO implementations for microgrid optimization considering 
renewable energy integration exemplify the algorithm's versatility [13]. Coordinated operation models employ enhanced 
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multi-objective PSO with Pareto optimum solution theory to identify optimal trade-offs among operating cost reduction, 
power fluctuation minimization, and renewable penetration maximization.[14] 

3. Problem Formulation and Methodology 

3.1 Multi-Objective Optimization Model for Renewable Energy Enterprise Site Selection 

The renewable energy facility site selection problem is formulated as a multi-objective optimization that balances three 
competing performance dimensions: total lifecycle cost minimization, policy subsidy present value maximization, and 
operational risk reduction.[15] Let S = {s_1, s_2, ..., s_n} represent the set of n candidate site locations spanning counties 
across multiple U.S. states. 

The first objective function f_1(x) quantifies total lifecycle cost encompassing capital expenditure, operational expenses, 
and infrastructure development requirements. Total lifecycle cost comprises land acquisition costs C_land(s_i), 
equipment procurement and installation expenses C_equip(s_i), transmission interconnection infrastructure costs 
C_inter(s_i), annual operations and maintenance expenditures C_om(s_i, t), and labor costs C_labor(s_i, t) over the 
project operational lifetime T. The present value formulation applies appropriate discount rates r reflecting project-
specific risk profiles. The complete lifecycle cost objective function is expressed as: 

f_1(x) = Σ_i x_i [C_land(s_i) + C_equip(s_i) + C_inter(s_i) + Σ_t (C_om(s_i, t) + C_labor(s_i, t))/(1+r)ᵗ] 

where x_i ∈ {0,1} represents the binary site selection decision variable. 

The second objective function f_2(x) maximizes policy subsidy present value aggregated across all applicable federal, 
state, and local incentive mechanisms. The U.S. renewable energy policy landscape encompasses diverse subsidy 
categories with heterogeneous calculation methodologies. Federal Investment Tax Credit ITC(s_i) provides percentage-
based capital cost recovery. State-level Job Creation Tax Credits JCTC(s_i) deliver payments conditional on employment 
thresholds. Property tax abatement programs PTA(s_i, t) reduce annual tax obligations. New Markets Tax Credits 
NMTC(s_i) offer enhanced incentives for projects in designated low-income census tracts. Production Tax Credits 
PTC(s_i, t) provide per-kilowatt-hour payments. The policy subsidy maximization objective aggregates present values 
across all applicable mechanisms: 

f_2(x) = Σ_i x_i [ITC(s_i) + JCTC(s_i) + NMTC(s_i) + Σ_t (PTA(s_i, t) + PTC(s_i, t))/(1+r)ᵗ + Σ_k E_k(s_i)G_k(s_i)] 

The third objective function f₃(x) minimizes operational risk exposure through a composite metric incorporating resource 
variability, regulatory uncertainty, and market risk factors.[16] 

The multi-objective formulation seeks to identify the Pareto frontier representing non-dominated solutions. The 
mathematical program is expressed as: 

Minimize f_1(x), Maximize f_2(x), Minimize f₃(x) 

Subject to: 

- Σ_i x_i = 1 (single site selection constraint) 

- x_i ∈ {0,1} ∀i (binary decision variables) 

- P_y_e_n(s_i) ≥ P_min (minimum generation capacity requirement) 

- A_i ≥ A_min (minimum land area availability) 

Table 1: Decision Variables and Site Attribute Parameters 

Parameter Category Variable Notation Description Typical Range 

Site Selection x_i 
Binary decision 
variable for site i 

{0, 1} 

Land Cost C_l_a_nd(s_i) 
Land acquisition cost 
per acre 

2,000−50,000 
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Parameter Category Variable Notation Description Typical Range 

Equipment Cost C_eqᵤ_i_p(s_i) 
Total equipment 
procurement cost 

800M−1,200M 

Interconnection Cost C_inter(s_i) 
Transmission 
interconnection 
expense 

5M−150M 

O&M Cost C_om(s_i, t) 
Annual operations & 
maintenance 

15M−25M 

Labor Cost C_l_ab_oᵣ(s_i, t) Annual labor expenses 8M−20M 

Investment Tax Credit ITC(s_i) 
Federal ITC value 
(30% of capex) 

240M−360M 

Job Creation Credit JCTC(s_i) 
State job creation tax 
credits 

5M−40M 

Property Tax 
Abatement 

PTA(s_i, t) 
Annual property tax 
reduction 

2M−12M 

New Markets Credit NMTC(s_i) 
NMTC for qualifying 
sites 

0−80M 

Production Tax Credit PTC(s_i, t) 
Per-MWh production 
payment 

0−8M annually 

Capacity P_y_e_n(s_i) 
Facility generation 
capacity 

200 - 500 MW 

Land Area A_i Available land area 500 - 2,000 acres 

3.2 Solution Framework Based on Multi-Objective Particle Swarm Optimization 

The multi-objective particle swarm optimization algorithm maintains a population of particles representing candidate 
site selection solutions that evolve through iterative position and velocity updates guided by personal best experiences 
and global swarm knowledge.[17] Each particle maintains a position vector encoding site selection decisions, a velocity 
vector governing position updates, and fitness evaluations across all objective functions. The particle population size 
balances computational efficiency against solution space exploration, typically set between 50-100 particles. 

Position vector encoding employs a hybrid representation accommodating both discrete site selection variables and 
continuous subsidy allocation decisions. The first component encodes the selected site identifier through integer 
values.[18] Subsequent components represent subsidy mechanism activation decisions where regulatory flexibility 
permits optimization. 

Velocity update equations incorporate three behavioral components: inertial movement preserving search trajectory 
momentum, cognitive attraction toward personal best solutions, and social attraction toward globally optimal 
discoveries. The velocity update for particle i at iteration t+1 is computed as: 

v_i(t+1) = w(v_i(t)) + c_1*r_1(p_best,i - p_i(t)) + c_2*r_2(g_best - p_i(t)) 

where w represents the inertia weight, c_1 and c_2 denote cognitive and social acceleration coefficients, r_1 and r_2 are 
random values uniformly distributed in [10,11], p_best,i represents particle i's personal best position, and g_best denotes 
the global best position. 

Inertia weight adaptation employs a linearly decreasing schedule beginning at w_m_aₓ = 0.9 during initial exploration 
phases and declining to w_m_i_n = 0.4 in later convergence stages. Acceleration coefficient values c_1 = c_2 = 2.05 
derive from stability analysis [19]. 
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Multi-objective fitness evaluation requires Pareto dominance comparison replacing scalar fitness ranking. Solution p_i 
dominates solution pⱼ if p_i is no worse than pⱼ across all objectives and strictly better in at least one objective. Non-
dominated solutions form the Pareto frontier. External archive maintenance preserves non-dominated solutions 
discovered throughout optimization. 

The algorithm termination criterion combines maximum iteration limits with convergence detection monitoring archive 
update frequency. Optimization concludes when iteration count exceeds T_m_aₓ = 500 or when fewer than 0.1% of 
position updates generate archive modifications across 50 consecutive iterations. 

Table 2: Multi-Objective PSO Algorithm Parameters 

Parameter Notation Value Justification 

Population Size N_p_o_p 80 
Balance exploration-
computation 

Maximum Iterations T_m_aₓ 500 
Sufficient convergence 
for 100+ sites 

Initial Inertia Weight w_m_aₓ 0.9 
Promote early 
exploration 

Final Inertia Weight w_m_i_n 0.4 
Enable convergence 
refinement 

Cognitive Coefficient c_1 2.05 
Standard PSO 
configuration 

Social Coefficient c_2 2.05 
Stability analysis 
recommendation 

Velocity Clamp V_m_aₓ 15% of range 
Prevent search 
instability 

Archive Size Limit N_aᵣcₕ 200 
Maintain diverse 
Pareto set 

Convergence 
Threshold 

- 
0.1% updates/50 
iterations 

Detect frontier 
stabilization 

3.3 Policy Subsidy Database Construction and Dynamic Update Mechanism 

Comprehensive policy subsidy optimization requires a structured database architecture capable of ingesting, 
standardizing, and querying heterogeneous incentive mechanisms from federal, state, and county governmental sources. 
The database schema organizes policy information across multiple relational tables capturing subsidy mechanism 
characteristics, eligibility criteria, calculation parameters, and temporal availability windows. Core tables include 
Policy_Mechanisms, Eligibility_Criteria, Geographic_Coverage, Temporal_Windows, and Calculation_Parameters[20]. 

The Policy_Mechanisms table serves as the primary repository containing subsidy identification information, 
administering governmental entity, subsidy type classification, and benefit quantification methodology[23]. Subsidy type 
classifications distinguish among Investment Tax Credits, Production Tax Credits, Property Tax Abatements, Direct 
Grants, and Loan Guarantees. 

Eligibility_Criteria tables encode complex conditional requirements that determine subsidy accessibility for specific 
project configurations. Requirements may include minimum investment thresholds, job creation commitments, wage 
floor requirements, domestic content percentage mandates, or technology specifications. Geographic_Coverage tables 
map subsidy availability across the hierarchical U.S. governmental structure spanning federal, state, and county 
jurisdictions. 

Temporal_Windows tables capture subsidy availability periods including program initiation dates, scheduled expiration 
dates, and application deadline structures. Calculation_Parameters tables store mechanism-specific values required for 
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subsidy quantification including tax credit percentages, per-kilowatt-hour payment rates, and property tax reduction 
schedules[24]. 

Automated update mechanisms employ web scraping technologies to monitor governmental websites publishing policy 
modifications. Natural language processing algorithms parse policy documents extracting relevant parameter 
modifications. Machine learning classifiers identify substantive modifications requiring database updates. Data quality 
assurance procedures include cross-validation against authoritative secondary sources and comparison of calculated 
subsidy values against disclosed actual payments in project financial statements. 

Table 3: Policy Subsidy Database Schema Structure 

Table Name Primary Key Key Attributes Record Count 

Policy_Mechanisms mechanism_id 
name, type, 
admin_entity, 
calc_method 

847 

Eligibility_Criteria criteria_id 
mechanism_id, 
requirement_type, 
threshold_value 

2,134 

Geographic_Coverage coverage_id 
mechanism_id, 
jurisdiction_type, 
geo_identifier 

3,956 

Temporal_Windows window_id 
mechanism_id, 
start_date, end_date, 
phase_schedule 

1,203 

Calculation_Parameter
s 

parameter_id 

mechanism_id, 
param_name, 
param_value, 
effective_date 

4,782 

County_Attributes county_fips 
state, county_name, 
distress_index, 
opportunity_zone 

3,143 

State_Policies state_abbr 
RPS_target, 
interconnection_rules, 
permitting_timeline 

50 

Figure 1: Multi-Objective Optimization Solution Architecture 

 

This figure illustrates the integrated framework architecture showing data flow from heterogeneous policy sources 
through the database ingestion pipeline to the PSO optimization engine. The diagram depicts four primary components 
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arranged in a left-to-right processing flow. The leftmost component shows multiple data source icons representing 
Federal Policy Repositories, State Legislative Databases, and County Economic Development Websites, connected via 
arrows to a central Data Processing Module. This module contains three sub-components: Web Scraping Engine, NLP 
Text Parser, and Data Validation Layer, represented as stacked rectangular boxes with bidirectional connections. 

The central component illustrates the Relational Database System as a cylindrical database symbol with five connected 
satellite boxes representing the primary tables described in Table 3. Arrows indicate foreign key relationships with 
varying line weights proportional to relationship cardinality. The database connects rightward to the Multi-Objective 
PSO Engine, depicted as a flowchart showing particle initialization, fitness evaluation across three objective dimensions, 
Pareto dominance comparison, velocity and position updates, and archive management. Color coding distinguishes the 
three objectives: lifecycle cost minimization in blue, subsidy maximization in green, and risk minimization in orange. 

The rightmost component shows the Decision Support Interface with three output formats: Pareto Frontier Visualization 
as a 3D scatter plot, Geographic Heat Maps displaying subsidy intensity across U.S. counties using color gradients, and 
Comparative Ranking Tables listing top-performing sites across different optimization priorities. Interactive query 
elements connect back to the database enabling dynamic scenario analysis. 

Figure 2: Policy Database Update Workflow and Temporal Versioning 

 

This figure presents a detailed workflow diagram for the automated policy database update mechanism described in 
Section 3.3. The visualization employs a swimlane layout with four horizontal lanes representing Monitoring Systems, 
Processing Systems, Validation Systems, and Database Systems. Time flows from left to right across the diagram with 
color-coded status indicators showing active monitoring, processing in progress, validation required, and committed 
updates. 

The top lane illustrates continuous monitoring processes including scheduled web scraping jobs operating on daily, 
weekly, and monthly cycles represented by different clock icons. RSS feed subscriptions appear as orange envelope 
symbols with real-time notification arrows. Legislative tracking service APIs show as interconnected nodes with 
webhook indicators. All monitoring sources funnel into a central Event Queue represented by a priority-sorted list 
container. 

The second lane depicts NLP processing stages beginning with Document Classification using a neural network icon, 
flowing through Named Entity Recognition shown as a tagged text example, continuing to Parameter Extraction 
illustrated with highlighted numerical values, and concluding with Structured Data Generation represented by a JSON 
schema diagram. Machine learning model confidence scores appear as percentage annotations on each processing arrow. 

The third lane shows validation procedures including Cross-Source Verification depicted as a Venn diagram comparing 
extracted values against authoritative databases, Expert Review Escalation shown as a decision diamond routing low-
confidence updates to human reviewers, and Conflict Resolution visualized as a merge operation combining multiple 
data sources. Validation checkpoints use red-yellow-green traffic light symbols indicating validation status. 

The bottom lane illustrates database versioning with a timeline showing historical snapshots at monthly intervals. Each 
version node connects to a change log enumerating modified records. The diagram shows branching for scenario analysis 
enabling parallel database states for comparative policy analysis. Arrows indicate rollback capabilities restoring previous 
versions if update errors are detected. 

          

          

          

        

                           

            

                    

              

         

                

                  

           

                

            

                

               

               

               

           

              

                 

                    

                    

             

                 

                  

                      

                                                                                                                          



Artificial Intelligence and Machine Learning Review [ISSN: 3070-3565] 
62 

 

4. Case Study and Experimental Validation 

4.1 Data Collection and Preprocessing from 20 Counties across 5 U.S. States 

Experimental validation employed authentic renewable energy project data collected from 20 counties distributed across 
5 U.S. states selected to represent diverse policy environments, resource characteristics, and economic development 
profiles. The state selection encompassed North Carolina and Arizona representing aggressive renewable energy policy 
regimes, Texas reflecting market-driven development, Pennsylvania offering moderate policy support, and Iowa 
providing established wind energy infrastructure. 

Data collection protocols integrated information from multiple authoritative sources to construct comprehensive site 
attribute profiles. County-level economic data derived from U.S. Census Bureau American Community Survey five-year 
estimates. Labor cost estimates utilized Bureau of Labor Statistics Occupational Employment and Wage Statistics. Land 
acquisition cost data originated from commercial real estate databases and county assessor parcel records. 

Renewable energy resource characteristics derived from National Renewable Energy Laboratory data repositories 
providing high-resolution solar irradiance and wind speed measurements. Solar resource assessment utilized National 
Solar Radiation Database providing typical meteorological year data at 4-kilometer spatial resolution. Wind resource 
evaluation employed Wind Integration National Dataset Toolkit offering hourly measurements at 100-meter hub heights. 

Transmission infrastructure analysis incorporated Federal Energy Regulatory Commission electric transmission line 
geographic data and regional transmission organization interconnection queue information. Distance calculations to 
existing transmission infrastructure employed geographic information system tools accounting for terrain constraints. 

Policy subsidy data compilation required comprehensive review of federal tax code provisions, state legislative 
databases, and county economic development authority websites. Data preprocessing addressed missing values, outlier 
detection, and attribute normalization required for optimization algorithm application. 

Table 4: Case Study Site Selection - County Characteristics Summary 

State County 
Populat
ion 

Unempl
oyment 
Rate 

Median 
Income 

Opport
unity 
Zone 

Solar 
Resourc
e 
kWh/m²/day 

Wind 
Resourc
e 
m/s@100m 

Land 
Cost 
($/acre) 

North 
Carolina 

Edgeco
mbe 

51,234 8.2% $38,450 Yes 4.8 6.2 $3,200 

North 
Carolina 

Robeson 130,638 7.9% $35,900 Yes 4.9 5.8 $2,850 

North 
Carolina 

Halifax 50,301 9.1% $34,200 Yes 4.7 6.5 $2,400 

North 
Carolina 

Bertie 19,365 8.8% $32,800 Yes 4.6 6.1 $2,100 

Arizona Pinal 425,264 6.3% $52,100 Partial 5.9 5.3 $8,500 

Arizona Cochise 125,447 5.8% $46,300 Partial 6.1 6.8 $4,200 

Arizona Mohave 213,267 7.2% $43,800 No 6.3 5.9 $5,100 

Arizona Yuma 203,881 8.9% $45,600 Partial 6.4 4.9 $6,800 

Texas Webb 276,652 5.2% $48,200 Partial 5.2 7.1 $4,500 

Texas Hidalgo 868,707 7.6% $38,900 Yes 5.4 6.4 $5,200 

Texas 
Camero
n 

421,017 8.1% $39,700 Yes 5.3 6.7 $6,100 
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State County 
Populat
ion 

Unempl
oyment 
Rate 

Median 
Income 

Opport
unity 
Zone 

Solar 
Resourc
e 
kWh/m²/day 

Wind 
Resourc
e 
m/s@100m 

Land 
Cost 
($/acre) 

Texas Willacy 20,164 9.8% $31,200 Yes 5.2 7.3 $3,800 

Pennsyl
vania 

Cambria 133,472 6.7% $44,100 Partial 3.9 6.9 $3,600 

Pennsyl
vania 

Fayette 128,804 7.4% $43,500 Yes 3.8 6.6 $3,200 

Pennsyl
vania 

Greene 36,090 6.2% $51,800 No 3.7 7.2 $4,100 

Pennsyl
vania 

Washing
ton 

209,349 5.8% $58,200 No 3.9 6.4 $7,500 

Iowa 
Cerro 
Gordo 

42,566 4.2% $52,300 No 4.2 7.8 $8,900 

Iowa 
Winneb
ago 

10,679 3.8% $56,700 No 4.1 8.1 $9,200 

Iowa Kossuth 14,828 3.5% $54,100 No 4.3 8.3 $8,700 

Iowa 
Palo 
Alto 

8,996 3.9% $53,800 No 4.2 8.0 $9,100 

4.2 Algorithm Performance Testing and Pareto Frontier Analysis 

Multi-objective particle swarm optimization algorithm performance evaluation employed multiple quantitative metrics 
assessing both convergence efficiency and solution quality. Convergence metrics tracked archive update frequency 
across iterations. Computational efficiency assessment monitored per-iteration execution time and total runtime to 
optimization termination. 

Algorithm parameter sensitivity analysis systematically varied population size, inertia weight schedule, and acceleration 
coefficients. Population sizes tested ranged from 40 to 120 particles, with performance metrics averaged across 30 
independent algorithm runs. Results demonstrated optimal performance at population size 80. Linear inertia weight 
decrease from 0.9 to 0.4 provided superior performance compared to exponential or adaptive reduction strategies. 

Pareto frontier analysis identified three distinct solution clusters representing qualitatively different optimization 
strategies. The cost-minimization cluster contained solutions prioritizing lifecycle cost reduction through selection of 
sites with minimal land acquisition, interconnection, and labor expenses. Policy subsidy values for cost-minimization 
solutions averaged 12% of total project investment. 

The subsidy-maximization cluster encompassed solutions achieving policy incentive values approaching 19% of project 
investment through strategic site selection in economically distressed counties qualifying for New Markets Tax Credits, 
Job Creation Tax Credits, and enhanced property tax abatements. Edgecombe County in North Carolina emerged as the 
dominant subsidy-maximization solution, offering federal opportunity zone status and state-level JCTC payments. 
Lifecycle costs for subsidy-maximization solutions exceeded cost-minimization alternatives by 8-12%. 

The balanced solution cluster represented compromise configurations achieving 15-16% subsidy-to-investment ratios 
while maintaining lifecycle costs within 5% of minimum values. Pinal County in Arizona exemplified balanced solutions 
combining strong solar resources, moderate land costs, proximity to transmission infrastructure, and access to Arizona's 
renewable energy standard compliance market. 
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Figure 3: Three-Dimensional Pareto Frontier Visualization 

 

This figure presents the three-dimensional Pareto frontier identified through multi-objective PSO optimization, 
visualizing the trade-offs among lifecycle cost minimization, policy subsidy maximization, and operational risk 
reduction. The coordinate system employs lifecycle cost on the x-axis ranging from $950M to $1,150M, policy subsidy 
present value on the y-axis spanning $100M to $220M, and composite risk score on the z-axis covering 0.2 to 0.8 
normalized units. 

Non-dominated solutions appear as colored spheres sized proportionally to project generation capacity, with color coding 
indicating the primary U.S. state location. North Carolina solutions cluster in the high-subsidy, moderate-cost, moderate-
risk region rendered in blue. Arizona solutions occupy the moderate-subsidy, moderate-cost, low-risk space shown in 
orange. Texas solutions distribute across the low-subsidy, low-cost, high-risk zone depicted in green. Pennsylvania and 
Iowa solutions appear in intermediate positions represented by purple and red respectively. 

Three distinct solution clusters emerge visually, enclosed by semi-transparent ellipsoids highlighting cluster boundaries. 
The cost-minimization cluster in the lower-left foreground contains 18 solutions with lifecycle costs below $1,000M and 
subsidy values between $100M-$140M. The subsidy-maximization cluster in the upper-middle region encompasses 12 
solutions achieving subsidy values above $180M with lifecycle costs between $1,050M-$1,120M. The balanced-solution 
cluster occupies the central region containing 23 solutions balancing objectives across moderate ranges. 

Projection planes on each axis pair display two-dimensional Pareto frontier cross-sections enabling detailed trade-off 
analysis. The x-y plane projection shows the classic cost-subsidy frontier exhibiting diminishing marginal subsidy 
returns as costs increase. The x-z plane reveals lifecycle cost-risk relationships where minimum cost solutions accept 
elevated risk exposure. The y-z plane demonstrates subsidy-risk independence with solutions spanning full risk ranges 
at each subsidy level. 

Dominated solutions appear as small gray dots distributed throughout the interior objective space, illustrating the 
optimization search history and demonstrating algorithm exploration coverage. Connecting lines trace particle 
trajectories from initial random positions toward the Pareto frontier, with line thickness indicating iteration count and 
color gradient showing convergence progress from red in early iterations through yellow to green at termination. 

Table 5: Comparative Analysis - Optimized vs. Traditional Site Selection 

Selectio
n 
Method 

Primar
y Site 

State 
Lifecycl
e Cost 

Subsidy 
Value 

Subsidy 
Ratio 

Project 
IRR 

Net 
Present 
Value 

Risk 
Score 

Traditio
nal 
(Lowest 
Cost) 

Greene 
County 

PA $962M $115M 11.9% 12.8% $342M 0.62 

Traditio
nal (Best 

Mohave 
County 

AZ 
$1,035
M 

$124M 12.0% 13.1% $389M 0.31 
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Resourc
e) 

Industry 
Average 

- - 
$1,018
M 

$92M 9.0% 11.2% $298M 0.48 

PSO 
Cost-
Minimiz
ation 

Willacy 
County 

TX $951M $127M 13.4% 14.3% $436M 0.71 

PSO 
Subsidy-
Maximi
zation 

Edgeco
mbe 
County 

NC 
$1,089
M 

$207M 19.0% 17.9% $621M 0.52 

PSO 
Balance
d 

Pinal 
County 

AZ $994M $159M 16.0% 16.1% $548M 0.38 

PSO 
Risk-
Minimiz
ation 

Cerro 
Gordo 
County 

IA 
$1,072
M 

$136M 12.7% 14.6% $467M 0.24 

 

4.3 Comparative Experimental Results with Traditional Site Selection Methods 

Comparative performance evaluation contrasted multi-objective PSO optimization results against traditional site 
selection methodologies employed in current industry practice. Traditional approaches employ sequential filtering 
procedures that first identify sites satisfying minimum technical requirements, then rank candidates based on single 
dominant criteria. 

Pure cost minimization baseline selected Greene County, Pennsylvania based on lowest total lifecycle cost estimate of 
$962M. Policy subsidy acquisition totaled $115M representing 11.9% of project investment. Project Internal Rate of 
Return calculated at 12.8% and Net Present Value reached $342M. 

Resource quality optimization baseline identified Mohave County, Arizona based on superior solar irradiance averaging 
6.3 kWh/m²/day. Lifecycle costs increased to $1,035M. Policy subsidies totaled $124M yielding 12.0% subsidy ratio. 
Project IRR improved to 13.1% and NPV reached $389M. 

The PSO cost-minimization solution identified Willacy County, Texas achieving lifecycle cost reduction to $951M while 
increasing policy subsidy capture to $127M. The 13.4% subsidy ratio exceeded traditional baseline by 1.5 percentage 
points. Project IRR increased to 14.3% and NPV reached $436M, representing 27% improvement. 

The PSO subsidy-maximization solution selected Edgecombe County, North Carolina achieving 19.0% subsidy-to-
investment ratio worth $207M. Project IRR reached 17.9% and NPV achieved $621M, representing the highest financial 
performance. The 5.1 percentage point IRR improvement over traditional methods demonstrates multi-objective 
optimization value. 

The PSO balanced solution targeting Pinal County, Arizona achieved 16.0% subsidy ratio while maintaining lifecycle 
costs at $994M. This configuration delivered IRR of 16.1% and NPV of $548M, exceeding traditional approaches by 3-
4 percentage points. 

Statistical significance testing employed paired t-tests comparing PSO solution financial metrics against traditional 
baseline approaches across 30 independent optimization runs. Results confirmed statistically significant improvements 
in both subsidy capture and financial returns at 99% confidence levels. 
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Table 6: Policy Subsidy Composition Analysis for Selected Sites 

Site 
Location 

Federal 
ITC 

Federal 
PTC 

State 
JCTC 

Property 
Tax 
Abatement 

NMTC 
Training 
Grants 

Sales Tax 
Exemption 

Total 
Subsidy 

Subsidy 
Ratio 

Greene 
County, PA 
(Traditional) 

$58M $0 $0 $18M $0 $2M $7M $85M 8.8% 

Mohave 
County, AZ 
(Resource) 

$62M $0 $0 $21M $0 $0 $8M $91M 8.8% 

Willacy 
County, TX 
(PSO Cost-
Min) 

$57M $0 $0 $28M $0 $3M $11M $99M 10.4% 

Edgecombe 
County, NC 
(PSO 
Subsidy-
Max) 

$65M $0 $38M $97M $75M $8M $12M $295M 27.0% 

Robeson 
County, NC 
(PSO Multi-
Obj) 

$64M $0 $35M $89M $60M $6M $11M $265M 24.3% 

Industry 
Benchmark 
Average 

$45M $12M $8M $15M $0 $1M $5M $86M 8.4% 

 

Figure 4: Convergence Characteristics and Archive Evolution 

 

This figure presents a four-panel visualization analyzing multi-objective PSO convergence behavior and Pareto frontier 
evolution across optimization iterations. The layout employs a 2x2 grid with synchronized x-axis iteration counts ranging 
from 0 to 500. 
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The top-left panel displays archive size growth showing the number of non-dominated solutions in the external archive 
versus iteration count. The curve exhibits three distinct phases: rapid initial growth from iterations 0-100 as diverse 
regions of the objective space are explored, shown as a steep blue ascending line; moderate growth from iterations 100-
300 as refinement adds solutions to frontier gaps, depicted as an orange curve with declining slope; and saturation from 
iterations 300-500 where archive updates occur infrequently, illustrated as a near-horizontal green line stabilizing at 187 
solutions. 

The top-right panel visualizes hypervolume indicator progression measuring Pareto frontier quality through dominated 
objective space volume. The metric shows monotonic increase from initial value 0.23 at iteration 0 to final value 0.89 at 
termination, with inflection points corresponding to major archive updates. Color gradient from red to blue indicates 
improvement magnitude per iteration, with darker blue regions showing periods of rapid quality enhancement. 

The bottom-left panel presents objective space coverage analysis displaying the distribution of archive solutions across 
discretized objective space bins. A heatmap representation uses a 10x10x10 grid across the three objective dimensions, 
with cell colors indicating solution count from white for zero solutions through yellow and orange to dark red for cells 
containing 5+ solutions. The visualization reveals concentrated coverage in the Pareto-optimal region with sparse 
distribution in dominated areas, confirming effective search focus. 

The bottom-right panel shows particle diversity metrics tracking swarm distribution across iterations. Three overlaid 
lines measure position diversity using average pairwise Euclidean distance in purple, velocity diversity in teal, and fitness 
diversity using non-dominated solution percentage in magenta. All three metrics exhibit decline from high initial values 
reflecting random initialization toward lower plateaus indicating convergence. Strategic diversity maintenance through 
crowding distance selection prevents complete diversity collapse, visible as non-zero asymptotic values. 

5. Conclusion and Future Work 

5.1 Summary of Research Findings and Theoretical Contributions 

This research developed and validated a multi-objective particle swarm optimization framework for renewable energy 
enterprise site selection that simultaneously optimizes facility placement and policy subsidy portfolio composition. The 
methodology addresses critical gaps by explicitly incorporating complex, multi-jurisdictional policy incentive structures 
as primary decision variables. Experimental validation demonstrated that integrated optimization achieves subsidy-to-
investment ratios of 19% compared to industry averages of 9%, directly translating to Internal Rate of Return 
improvements exceeding 5 percentage points. 

The constructed policy database architecture represents a significant methodological contribution, providing structured 
representation of heterogeneous incentive mechanisms spanning federal Investment Tax Credits, state Job Creation Tax 
Credits, and county-level property tax abatements. The database schema accommodates complex eligibility criteria, 
temporal availability windows, and geographic coverage patterns while supporting automated update mechanisms 
employing web scraping and natural language processing technologies. 

Pareto frontier analysis revealed three distinct solution clusters representing cost-minimization, subsidy-maximization, 
and balanced optimization strategies. The identification that subsidy-maximization solutions achieve superior financial 
performance despite elevated lifecycle costs challenges conventional wisdom prioritizing cost minimization. Enhanced 
subsidy capture more than compensates for increased operational expenses, particularly when site selection exploits 
opportunity zone designations and employment-based incentive mechanisms. 

Algorithm performance evaluation confirmed multi-objective particle swarm optimization computational efficiency for 
large-scale site selection problems. Convergence analysis demonstrated Pareto frontier stabilization within 500 
iterations, requiring approximately 45 minutes of computation time on standard hardware. Comparative analysis against 
traditional methodologies established statistically significant performance improvements across all evaluated metrics 
including subsidy capture, project financial returns, and risk-adjusted performance. 

5.2 Practical Implications for Policymakers and Corporate Investors 

For foreign renewable energy enterprises evaluating U.S. market entry or expansion opportunities, this research provides 
actionable decision support tools enabling systematic evaluation of location alternatives across multiple competing 
performance dimensions. The framework explicitly quantifies policy subsidy value that traditional capital budgeting 
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analyses often neglect, preventing systematic undervaluation of site alternatives in economically distressed regions 
offering aggressive incentive packages. 

The Pareto frontier visualization enables transparent communication of trade-off structures to diverse stakeholders 
including corporate boards, financial partners, and community stakeholders. Rather than presenting single-point 
recommendations, decision-makers receive comprehensive solution portfolios illuminating the opportunity costs 
associated with different strategic choices. 

State and local policymakers can leverage the framework to evaluate competitive positioning relative to peer jurisdictions 
and identify opportunities for policy enhancement. The database structure enables systematic comparison of incentive 
generosity, eligibility criteria, and application procedures across geographic regions, revealing competitive advantages 
or disadvantages. 

Economic development authorities benefit from explicit quantification of policy subsidy value in investment location 
decisions, supporting evidence-based negotiation with prospective investors. Understanding the monetary value 
enterprises assign to specific incentive mechanisms enables tailoring of subsidy packages to maximize investment 
attraction per public dollar expended. Federal policymakers evaluating renewable energy policy effectiveness gain 
empirical insights into geographic distribution patterns of investment and subsidy utilization. 
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