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ABSTRACT:

Renewable energy startups in the United States face a distinctive capital allocation challenge: they operate in a
capital-intensive sector with long project timelines, volatile policy incentives, and uncertain technology cost
curves, yet they must make investment decisions with the agility that startup survival demands. Traditional capital
budgeting methods, designed for stable mature firms, struggle in this environment. This paper presents an Al-
based predictive capital optimization framework tailored to U.S. renewable energy startups, integrating machine
learning forecasts of energy prices, policy incentive trajectories, and technology cost declines into a portfolio
optimization engine that maximizes risk-adjusted return on invested capital. We evaluated the framework using
data on 180 U.S. renewable energy startups across solar, wind, storage, and hydrogen segments, comparing capital
allocation decisions and outcomes under the Al framework against conventional net present value and payback-
based approaches. Results show that the Al framework improved risk-adjusted return on investment by 28%
relative to conventional net present value allocation, primarily by better anticipating policy incentive changes and
technology cost declines that conventional static methods missed. Investment efficiency, measured as economic
value generated per dollar deployed, improved by 22%. This paper presents an Al-based predictive capital
optimization framework tailored to U.S. renewable energy startups, integrating machine learning forecasts of
energy prices, policy incentive trajectories, technology cost declines, and technology-specific renewable energy
performance variables—including solar irradiance, wind-speed distributions, battery degradation, capacity factor,
grid-curtailment probability, renewable-resource variability, and hydrogen-production efficiency—into a
scenario-based portfolio optimization engine that maximizes risk-adjusted return on invested capital.

Keywords: Renewable Energy Startups, Capital Optimization, Machine Learning, Return On Investment, Investment
Efficiency, Policy Forecasting, Portfolio Optimization

INTRODUCTION

The United States renewable energy sector has attracted enormous entrepreneurial energy and investment capital
over the past decade, driven by falling technology costs, supportive policy, and growing demand for clean energy
[1]. Startups across solar, wind, energy storage, and emerging segments like green hydrogen compete to capture
this opportunity, but they face a capital allocation environment unlike that of most other sectors. Renewable
projects are capital-intensive and long-lived, with returns that unfold over years or decades, yet the startups
pursuing them must make nimble decisions to survive, often with limited capital and under intense competitive
pressure [2].

Compounding this difficulty is the extraordinary influence of external factors that renewable startups cannot
control but must anticipate. Federal tax incentives, state renewable portfolio standards, and interconnection
policies profoundly shape project economics, and these policies change with electoral cycles and legislative action
[3]. Technology cost curves decline continuously but unevenly, meaning that a project economical today may be
uneconomical against next year's cheaper alternatives, or vice versa. Energy prices fluctuate with fuel markets,
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weather, and grid conditions. A capital allocation decision that ignores these dynamics risks deploying scarce
capital into projects that subsequent developments render uncompetitive [4].

Traditional capital budgeting methods are poorly suited to this environment. Net present value analysis, the
workhorse of corporate finance, requires forecasts of future cash flows, but its typical application uses static
assumptions that fail to capture the dynamic, uncertain trajectories of policy, technology, and prices that dominate
renewable economics [5]. Payback-period methods, common among resource-constrained startups, ignore the
long-tail value that defines renewable projects. Neither approach systematically incorporates the forecastable
patterns in policy and technology evolution that skilled renewable investors intuitively weigh [6].

This paper proposes that machine learning can materially improve capital allocation for renewable energy startups
by forecasting the key uncertain drivers, policy incentives, technology costs, and energy prices, and integrating
these forecasts into a portfolio optimization framework. We develop such a framework, evaluate it against
conventional methods using data on U.S. renewable startups, and assess its impact on economic value, investment
efficiency, and return on investment [7].

An additional limitation of conventional capital allocation is that financial metrics alone do not fully capture the
environmental value generated by renewable-energy investments. A project with a high expected financial return
may not necessarily deliver the greatest carbon-reduction benefit, while a project with substantial emissions-
avoidance potential may involve different risk, cost, and performance characteristics. Consequently, capital
allocation based exclusively on financial return can overlook important environmental differences among
renewable-energy technologies and projects. This is particularly relevant for startups operating across solar, wind,
energy storage, and green hydrogen, where the magnitude of avoided emissions and lifecycle carbon performance
can vary substantially according to technology configuration, operating conditions, resource availability, and
electricity-system characteristics.

The proposed framework therefore extends predictive capital optimization from a predominantly financial
objective toward a multi-objective decision structure that considers both economic and environmental value. The
environmental dimension incorporates CO. emissions avoided, lifecycle carbon reduction, carbon intensity
measured in gCO2/kWh, and the social cost of carbon. These measures allow the framework to evaluate not only
how much financial value a project can generate per dollar invested, but also how effectively the allocated capital
contributes to emissions reduction and broader environmental value. The resulting approach seeks to identify
portfolios that provide an appropriate balance between risk-adjusted financial return, investment efficiency, and
carbon-reduction performance.

Renewable-energy startups also face a set of grid-integration constraints that are not adequately represented by
conventional financial capital allocation models. The economic performance of a renewable project depends not
only on the availability of renewable resources and prevailing energy prices but also on whether generated
electricity can be reliably delivered to the grid. Transmission congestion, grid stability constraints, renewable-
energy curtailment, interconnection delays, and energy-storage requirements can materially alter project
timelines, usable generation, capital requirements, and expected revenues. These factors can cause a project with
attractive resource conditions and favourable financial projections to experience lower realized value if grid access
is constrained or if additional infrastructure and storage investments are required.

Grid integration therefore represents an important source of uncertainty in renewable-energy capital allocation.
Transmission congestion can restrict the delivery of generated electricity to demand centres, while grid stability
requirements can impose operational constraints on variable renewable generation. Curtailment can reduce the
amount of technically available electricity that can actually be exported and monetized. Interconnection delays
can postpone project commissioning and revenue realization, increasing financing and development costs.
Energy-storage requirements can further alter project economics by adding capital expenditure and operational
considerations while potentially improving the ability of renewable generation to respond to grid requirements.

Incorporating these factors into predictive capital optimization allows the investment decision to reflect the
practical conditions under which renewable projects operate. The expanded framework therefore considers grid
integration alongside policy, energy prices, technology costs, renewable-resource conditions, technical
performance, and environmental outcomes, providing a more energy-sector-specific representation of project risk
and value.
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LITERATURE REVIEW

The literature on capital budgeting under uncertainty provides the foundation for this work. Classical net present
value and internal rate of return methods assume relatively predictable cash flows, and their limitations under high
uncertainty have been extensively documented [8]. Real options analysis emerged as a more sophisticated
approach, valuing the flexibility to defer, expand, or abandon projects as uncertainty resolves, and has been
applied to energy investments where such flexibility is valuable. However, real options methods are analytically
demanding and require inputs that are themselves difficult to estimate in fast-moving sectors.

Research specific to renewable energy investment has emphasized the sector's distinctive characteristics. Studies
have documented the sensitivity of renewable project economics to policy incentives, showing that changes in tax
credits and renewable portfolio standards can swing project viability dramatically [9]. The learning curve
dynamics of renewable technologies, whereby costs decline predictably with cumulative deployment, have been
characterized quantitatively, providing a basis for forecasting technology cost trajectories. This forecastability is
precisely what a predictive capital framework can exploit.

The application of machine learning to investment and financial decision-making has grown rapidly. Machine
learning forecasting has been applied to energy prices, demand, and generation with documented accuracy
improvements over traditional statistical methods [10]. Portfolio optimization enhanced with machine learning
forecasts has been explored in financial contexts, combining return predictions with risk models to construct
efficient portfolios. The extension of these techniques to real-asset capital allocation in the energy sector, where
the assets are projects rather than securities, represents a natural but underexplored application.

The specific context of startups adds further considerations. Startup capital allocation differs from that of mature
firms due to resource constraints, survival pressure, and the outsized consequences of individual decisions [11].
Research on entrepreneurial finance has emphasized the importance of capital efficiency for startup survival, and
the concept of return on invested capital as a survival-relevant metric. The intersection of startup capital
constraints, renewable sector dynamics, and machine learning forecasting has not been systematically addressed
in the literature, and the development of a practical framework integrating these elements is the contribution of
this paper.

Carbon-Aware Renewable Energy Investment

Renewable-energy investment decisions increasingly require consideration of environmental outcomes alongside
conventional financial measures. Financial indicators such as net present value, return on investment, and payback
period capture the economic attractiveness of a project but do not directly quantify its contribution to emissions
reduction. Environmental investment analysis can complement these measures by evaluating avoided CO-
emissions, lifecycle carbon performance, and the carbon intensity associated with energy production.

CO: emissions avoided provides a direct measure of the emissions that can potentially be displaced by renewable-
energy generation relative to an appropriate electricity or energy-system baseline. Lifecycle carbon reduction
extends this perspective by considering emissions associated with the broader lifecycle of a project, including
relevant manufacturing, construction, operation, maintenance, replacement, and end-of-life stages. Carbon
intensity, expressed in gCO2/kWh, provides a normalized measure of emissions associated with electricity
generation and enables comparison among projects with different generation capacities and output levels. The
social cost of carbon provides an economic representation of the broader societal damages associated with
greenhouse-gas emissions and can therefore be incorporated into investment evaluation as an environmental
externality.

Integrating these environmental indicators with financial optimization creates a multi-objective capital allocation
problem. Instead of selecting projects solely according to expected financial return, the decision framework can
identify portfolios that balance economic performance with environmental outcomes. Such an approach is
particularly relevant for renewable-energy startups because capital constraints require projects to be evaluated
simultaneously in terms of financial viability, risk, technical performance, and environmental contribution. The
integration of predictive technical and market variables with carbon metrics therefore provides a broader basis for
capital allocation under uncertainty.
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Technology-Specific Renewable Energy Investment Characteristics

Renewable-energy technologies exhibit fundamentally different technical, operational, and economic
characteristics, making a uniform capital-allocation strategy potentially inappropriate. Although the proposed
framework evaluates solar, wind, energy storage, and green hydrogen within a common portfolio optimization
structure, the underlying performance drivers must be represented in a technology-specific manner.

For solar photovoltaic (PV) projects, the principal technical drivers include solar irradiance, photovoltaic
conversion performance, panel degradation, capacity factor, land-use requirements, and expected energy yield.
Solar irradiance determines the available resource, while panel degradation influences the decline in generation
performance over the project lifecycle. Land-use requirements can affect project development costs, siting
feasibility, and scalability.

For wind projects, investment performance is strongly influenced by wind-speed distributions, turbine
performance, capacity factor, wake losses, and site-specific resource variability. Wake losses can reduce
generation when turbines operate within the aerodynamic influence of neighbouring turbines. Consequently, wind
projects with similar installed capacity can exhibit substantially different energy yields depending on resource
conditions and site configuration.

For battery energy-storage projects, performance depends on battery degradation, cycle life, State-of-Health,
usable capacity, round-trip efficiency, and charge/discharge operating strategy. These factors influence both the
useful life of the storage asset and its ability to capture value from electricity-market price differences and
renewable-generation variability.

For green hydrogen projects, electrolyzer efficiency, electricity price, electrolyzer utilization, hydrogen
production rate, and electricity-source characteristics are particularly important. Since electricity constitutes a
major operating input for electrolysis, electricity-price uncertainty can directly affect hydrogen production
economics and the resulting Levelized Cost of Hydrogen.

The proposed framework therefore retains a common portfolio optimization architecture while introducing
technology-specific performance variables within each project category. This allows the framework to compare
projects using a consistent capital-allocation objective without assuming that solar, wind, storage, and hydrogen
projects respond identically to resource, operational, and market conditions.

Table 1. Technology-Specific Performance Variables for Renewable Energy Projects

Technology Primary resource | Technical performance | Economic/operational
variables variables considerations
Solar PV Solar irradiance, cloud | Panel degradation, capacity | Land use, CAPEX, LCOE
conditions factor, energy yield
Wind Wind-speed distribution | Capacity factor, wake losses, | Siting, transmission, LCOE
energy yield
Battery Electricity-price profile, | Cycle life, degradation, State- | Battery sizing, LCOS,
Storage renewable variability of-Health, round-trip | charge/discharge strategy
efficiency
Green Renewable  electricity | Electrolyzer efficiency, | LCOH, electricity cost,
Hydrogen availability, electricity | hydrogen yield, utilization electrolyzer CAPEX
price

ESG and Sustainability Dimensions in Renewable Energy Investment

Renewable-energy investment decisions increasingly involve considerations beyond financial return and project-
level technical performance. Environmental, social, and governance (ESG) considerations provide an additional
framework for assessing the broader sustainability characteristics of investment opportunities. For renewable-
energy startups, ESG performance can influence investor preferences, project acceptance, stakeholder
relationships, financing conditions, and long-term sustainability.

The proposed framework therefore incorporates four sustainability dimensions: ESG performance, climate risk,
environmental impact, and alignment with Sustainable Development Goals (SDGs). ESG scores can provide a
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structured representation of environmental, social, and governance performance, while climate-risk indicators can
capture exposure to physical and transition-related climate risks. Environmental-impact indicators provide
project-level information about potential ecological effects, resource use, land requirements, and emissions. SDG
alignment provides a broader sustainability perspective by relating project outcomes to relevant sustainable-
development objectives.

These measures are incorporated as complementary decision variables rather than substitutes for financial and
technical evaluation. Their inclusion enables the framework to identify projects that are financially attractive but
may carry relatively high sustainability risks, as well as projects that provide stronger environmental or social
contributions but require different financial trade-offs.

METHODOLOGY

Our framework integrates four complementary machine learning forecasting modules with a scenario-based NPV
engine and a portfolio optimization engine. The first module, the policy forecasting module, predicts the trajectory
of relevant federal and state renewable-energy incentives using historical policy patterns, legislative activity, and
leading indicators. The second module, the technology cost forecasting module, forecasts technology cost declines
using learning-curve relationships augmented with machine learning. The third module, the energy price
forecasting module, forecasts wholesale and retail electricity prices relevant to project revenues using time-series
and market-fundamentals models. The fourth module, the renewable energy technical performance module,
captures the physical and operational characteristics that determine the actual energy yield, reliability, and
efficiency of candidate renewable-energy projects.

The technical performance module incorporates technology- and resource-specific variables including solar
irradiance, wind-speed distributions, battery degradation, capacity factor, grid-curtailment probability, renewable-
resource variability, and hydrogen-production efficiency. These variables enable the framework to move beyond
financial and policy forecasting by explicitly accounting for the physical performance uncertainty that influences
project-level cash flows and investment outcomes. Solar irradiance is used to characterize the available solar
resource and its expected contribution to photovoltaic energy generation, while wind-speed distributions capture
the variability of the wind resource relevant to wind-project output. For energy-storage projects, battery
degradation represents the progressive reduction in usable capacity and performance over the project life. Capacity
factor provides an integrated measure of the expected utilization of renewable generation assets relative to their
rated capacity. Grid-curtailment probability captures the likelihood that technically available renewable
generation cannot be delivered to the grid, thereby reducing realizable energy revenues. Renewable-resource
variability represents temporal and seasonal fluctuations in resource availability that contribute to uncertainty in
energy production. For green-hydrogen projects, hydrogen-production efficiency captures the effectiveness with
which electricity and other process inputs are converted into hydrogen output.

The technical performance variables are incorporated into project-level scenario generation alongside policy,
technology-cost, and energy-price forecasts. Consequently, each candidate project is evaluated using a
multidimensional representation of uncertainty rather than relying solely on financial assumptions. The resulting
scenarios estimate how variations in renewable-resource availability, asset performance, degradation, curtailment,
and conversion efficiency affect expected energy production, operating revenues, lifecycle costs, and ultimately
project economic value. This allows the portfolio optimization engine to distinguish between projects that may
appear financially attractive under static assumptions but exhibit substantial technical-performance risk and
projects with more robust expected physical performance.

The expected risk-adjusted return for a candidate project (j) was therefore computed using the expected net present
value generated across the combined economic, policy, market, and technical-performance scenarios:

E[NPV}]

RAR; = ——2&
o(NPV})
where (E[NPV}]) is the expected net present value of project (j) incorporating forecasted policy, technology-cost,
energy-price, and technical-performance trajectories, and (G(NPV]-)) is the standard deviation of NPV across the
resulting forecast scenarios.
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The expected NPV under scenario forecasting was computed as:
Z Z CFist
1+

where (P,) is the probability of scenario (5), (CF]-_S_t) is the cash flow of project (j) under scenario (s) at time (t),
(r) is the discount rate, and (T) is the project evaluation horizon. The project cash flow (CF]-_SI) incorporates the
effects of forecasted energy prices, policy incentives, technology costs, and technical performance variables on
energy generation, usable output, operating costs, and project revenues.

The portfolio optimization then selects the capital allocation that maximizes total risk-adjusted return subject to
the available capital constraint:

subject to:

j=1
where (w,-) is the allocation weight assigned to candidate project (j), (Ij) is the required investment for project
(j), and (B) is the available capital budget.
Investment  efficiency is measured as economic value generated per dollar deployed:
EV;

IE; = Ij
where (EV,) represents the economic value created by project (j) and (Ij) represents the capital deployed. By
incorporating technical performance variables into the value estimation process, the framework evaluates
investment efficiency based on both expected financial outcomes and the physical feasibility and performance of
the underlying renewable-energy asset.
where EV;is the economic value created by project j [18].

3.2 Renewable Energy Technical Performance Variables

To complement the economic forecasting modules, the framework incorporates a dedicated renewable technical-
performance prediction layer. This layer captures the physical behaviour and performance uncertainty of
renewable-energy assets and translates resource conditions into expected project-level energy output and
operational performance. Four prediction components are incorporated: solar generation forecasting, wind power
forecasting, battery State-of-Health forecasting, and renewable-resource uncertainty modelling.

Solar generation forecasting estimates expected photovoltaic electricity generation from resource and operating
conditions. Solar irradiance and related resource characteristics are used to generate probabilistic forecasts of
project output over the relevant evaluation horizon. The resulting generation forecasts are propagated into project
revenue scenarios and therefore influence expected NPV, risk-adjusted ROI, and portfolio allocation.

Wind power forecasting estimates the expected electricity production of wind projects based on wind-resource
conditions and the corresponding variability of wind power output. Wind-speed distributions and temporal
resource characteristics are incorporated to generate probabilistic project-generation forecasts. This enables the
framework to distinguish between projects with similar installed capacities but different expected generation
profiles and resource uncertainty.

For energy-storage projects, battery State-of-Health (SoH) forecasting is incorporated to represent the evolution
of usable battery performance over time. The SoH forecast captures degradation-related changes in usable
capacity and performance and allows the framework to estimate how storage capability evolves throughout the
project lifecycle. This information influences expected storage availability, operating performance, replacement
requirements, and project-level economic value.

4 2026 #EfH 54 [ 3 DOI: 10.46121/pspc.54.3.52



https://pspac.info/index.php/dlbh/article/view/514

-,

- Powef System

Ll . i

The fourth component models renewable-resource uncertainty explicitly rather than representing renewable
availability using a single deterministic assumption. Resource uncertainty captures variations in solar irradiance,
wind speed, and other relevant renewable-resource conditions across time and scenarios. Probabilistic resource
representations are propagated through the generation models to produce distributions of expected project output
rather than a single point forecast.

The technical-performance predictions are integrated with the policy, technology-cost, and energy-price
forecasting modules. Their outputs are then combined with grid-integration variables, including transmission
congestion, grid stability, curtailment, interconnection delays, and energy-storage requirements, to generate
project-level scenarios. The resulting framework therefore estimates not only the expected financial value of a
renewable project but also the uncertainty associated with its physical energy production and ability to deliver
that energy to the grid.

Table 2. Technical prediction components incorporated into the Al framework

Prediction Principal variables Forecast output Capital allocation
component relevance
Solar generation | Solar irradiance, resource | Probabilistic solar | Expected energy vyield
forecasting variability, capacity factor generation and revenue uncertainty
Wind power | Wind-speed distributions, | Probabilistic wind | Generation risk and
forecasting resource variability, capacity | power output expected project value
factor
Battery State-of- | Battery  degradation, usable | Future battery SoH | Storage availability,
Health forecasting | capacity, operating performance | trajectory replacement needs,
lifecycle value
Renewable- Solar/wind resource variability | Probability distribution | Downside  risk  and
resource and temporal uncertainty of resource conditions | scenario dispersion
uncertainty
Grid  integration | Transmission congestion, grid | Grid-adjusted energy | Realizable  generation,
forecasting stability, curtailment, | delivery and integration | project  timing, and
interconnection delays risk additional costs

3.3 Carbon-Aware Multi-Objective Optimization

The expanded framework extends the original financial optimization objective by incorporating environmental
performance into the capital allocation decision. Rather than optimizing solely for risk-adjusted financial return,
the framework evaluates each candidate project according to three complementary dimensions: risk-adjusted
return on investment, investment efficiency, and carbon-reduction performance. This structure recognizes that the
optimal renewable-energy portfolio should not necessarily be the portfolio with the highest financial return alone,
but rather the portfolio that provides an appropriate balance between financial value and environmental benefit
under the available capital constraint.

The environmental performance of candidate project (j) is represented using four complementary indicators: CO:
emissions avoided, lifecycle carbon reduction, carbon intensity, and social cost of carbon. CO. emissions avoided
represents the quantity of emissions displaced through renewable-energy generation relative to the selected
baseline. Lifecycle carbon reduction accounts for relevant emissions occurring throughout the project lifecycle
and provides a broader measure of net carbon benefit. Carbon intensity measures the emissions associated with
the production of electricity and is expressed in (gCO_2/kWh). Social cost of carbon translates the climate-related
damage associated with greenhouse-gas emissions into an economic value and enables environmental impacts to
be incorporated into the broader economic evaluation.

The four environmental indicators are combined into a normalized carbon-reduction performance measure so that
projects with different technologies, capacities, operating profiles, and output levels can be compared within the
portfolio optimization process. The resulting environmental score is considered jointly with risk-adjusted ROI and
investment efficiency. The framework therefore transforms capital allocation into a multi-objective optimization
problem in which financial and environmental performance are evaluated simultaneously.

4 2026 #EfH 54 [ 3 DOI: 10.46121/pspc.54.3.52



https://pspac.info/index.php/dlbh/article/view/514

s .,
»

-
»

ISSN:1674-3415

DA S "V NN

The conceptual multi-objective optimization problem is expressed as:
max ;{RAR;,;IE;,; CR;}
where (RAR;) represents the risk-adjusted return on investment of project (j), (IE]-)represents investment
efficiency, and (CR]-)represents the normalized carbon-reduction performance of project (j).
For portfolio-level optimization, the objective can be represented using a weighted formulation:
maxZ = aRARp + BIEp + YCRp

subject to:

at+tBf+y=1

J
Dwil<B
=1

where(RARp), (IEp), and (CRp) represent portfolio-level risk-adjusted ROI, investment efficiency, and carbon-
reduction performance, respectively; (a), (B), and(y)represent the relative decision weights assigned to
financial return, investment efficiency, and carbon reduction; (wj) is the allocation weight of project (j); (I;) is its
required investment; and (B) is the available capital budget.

and

The multi-objective formulation allows the relative importance of financial and environmental performance to be
varied according to the investment strategy and decision context. A financially dominant configuration can assign
greater weight to risk-adjusted return, while a sustainability-oriented configuration can increase the weight
assigned to carbon reduction. The resulting optimization therefore provides a flexible mechanism for evaluating
the trade-off between financial value creation and environmental impact rather than imposing a single financial
objective on all renewable-energy investment decisions.

3.3.1 Carbon Performance Metrics
The environmental dimension of the framework is represented through four complementary carbon indicators.
CO: emissions avoided is estimated by comparing renewable-energy output with the emissions that would have
been generated under the selected baseline energy system:

COZ,avoided,j = Ej X EFpasetine
where (Ej)is the renewable electricity generated by project (j) and (E Fp4se1ine) 1S the applicable baseline emission
factor.

Lifecycle carbon reduction accounts for emissions associated with the project lifecycle. It can be expressed as:
LCreduction,j: COZ,baseline,j = COZ,lifecycle,j

where (COZ,baseline,j) represents emissions associated with the corresponding baseline energy pathway and
(COZ,lifecycle, j) represents the project's lifecycle greenhouse-gas emissions.

Carbon intensity is expressed as:
I, = %
j
where (C1;) is carbon intensity in (gCO_2/kWh), (COyifecycte,;) is the relevant lifecycle emissions, and (E;) is
the electricity generated.
Social cost of carbon is incorporated to translate carbon emissions into an economic value:
SCCV;COyper; X SCC
where (COz,net_ j) represents the relevant net carbon emissions and (SCC) represents the selected social cost of
carbon per unit of emissions.

Because these measures have different units and directions of preference, the environmental indicators are
normalized before their inclusion in the multi-objective optimization. Higher values of CO: emissions avoided
and lifecycle carbon reduction represent better environmental performance, whereas lower carbon intensity and
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lower net carbon-related damages represent better performance. The normalized indicators are combined to obtain
the project-level carbon-reduction score (CR;).

3.4 Grid Integration and System Constraint Forecasting

The expanded framework incorporates grid integration factors as an additional dimension of renewable-energy
project uncertainty. Renewable projects are evaluated not only according to resource availability, technical
performance, market conditions, and policy incentives, but also according to their ability to connect to and operate
within the electricity grid. The grid integration component captures transmission congestion, grid stability,
curtailment, interconnection delays, and energy-storage requirements as project-level factors that can influence
expected energy delivery, project timing, capital requirements, and financial performance.

Transmission congestion represents the possibility that network constraints restrict the delivery of generated
electricity from the project to the relevant electricity market. Grid stability represents system-level operating
conditions that can affect the ability of variable renewable generation to be integrated reliably. Curtailment
represents the reduction in renewable electricity that can be exported or monetized despite the availability of the
underlying renewable resource. Interconnection delays represent uncertainty in the time required to obtain grid
connection and commence commercial operation. Energy-storage requirements represent additional storage
capacity or associated investment that may be required to manage variability, satisfy grid requirements, reduce
curtailment, or improve the temporal alignment between renewable generation and electricity demand.

These grid integration variables are incorporated into the scenario-generation process together with policy,
energy-price, technology-cost, and renewable technical-performance forecasts. The framework therefore
distinguishes between theoretical renewable generation and the portion of generation that can realistically be
delivered and monetized under prevailing grid conditions. Interconnection delays are also propagated through the
project cash-flow profile because delayed commercial operation can postpone revenue generation while increasing
development and financing exposure.

The grid integration component enables the framework to identify projects that may exhibit strong financial and
technical characteristics under unconstrained conditions but face significant grid-related risks. Conversely,
projects with favourable interconnection conditions, lower congestion exposure, manageable curtailment risk, and
appropriate storage configurations can receive a stronger risk-adjusted assessment. This improves the energy-
sector specificity of the capital allocation framework by explicitly representing the relationship between
renewable generation, grid availability, and realizable project value.

3.4.1 Grid-Adjusted Project Cash Flows

To incorporate grid integration uncertainty, project-level cash flows are evaluated using grid-adjusted energy
delivery rather than assuming that all technically available renewable generation can be delivered to the market.
The grid-adjusted energy output for project (j) under scenario (s) and time (t) can be represented conceptually as:

, EJ! = prechnicalj g ¢(1 — CURTY, s, t)Aj s,
where (Etechnicali s t)is the technically available renewable generation, (CURT], s, t)represents the curtailment
fraction, and (Ajysyt)represents the effective grid-availability factor associated with grid conditions.

The project cash flow is then evaluated as:

Egrid

CFj ;= Revenue( Jsit

) OperatingCost; StorageCost;,GridCost;,DelayCost;

where the revenue component depends on grid-delivered electricity, while storage, grid, and delay costs capture
additional expenditures associated with integration requirements and interconnection conditions.

Interconnection delay can additionally be represented through a project commissioning variable (D]-), which shifts
the beginning of revenue-generating operation and modifies the timing of project cash flows. This ensures that

the scenario-based NPV reflects not only the expected performance of the renewable asset but also the practical
conditions required for that performance to generate realizable economic value.

3.5 Energy Storage Optimization
Energy storage is incorporated as an explicit optimization component because storage can influence renewable-
energy project economics, grid integration, curtailment, and the temporal availability of electricity. The storage
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component evaluates battery sizing, charge/discharge optimization, Levelized Cost of Storage (LCOS), and
round-trip efficiency.

Battery sizing determines the energy capacity and power capacity required to satisfy project-specific operating
requirements. The optimization considers the trade-off between additional storage capacity and the expected value
generated through improved renewable-energy utilization, reduced curtailment, and temporal shifting of
electricity delivery.

Charge/discharge optimization determines the operating schedule of the storage asset under electricity-price and
renewable-generation scenarios. The framework evaluates when electricity should be stored, discharged, or
retained while accounting for battery efficiency, operational constraints, degradation, and market conditions.

Levelized Cost of Storage (LCOS) is incorporated to evaluate the cost associated with delivering stored electricity
over the useful life of the storage system. Round-trip efficiency is used to represent the proportion of electricity
recovered from the storage cycle relative to the electricity initially supplied to the battery.

The storage optimization is therefore connected to both the technical and grid-integration layers. A larger storage
system may reduce curtailment and improve grid deliverability but may simultaneously increase capital
expenditure. The framework seeks to identify storage configurations that provide an appropriate balance between
additional investment, operational flexibility, renewable-energy utilization, and expected economic value.

3.6 Renewable Energy Economic Performance Metrics

In addition to net present value and risk-adjusted return, the expanded framework evaluates renewable-energy
projects using technology-specific economic indicators. These include Levelized Cost of Energy (LCOE),
Levelized Cost of Hydrogen (LCOH), capacity utilization, energy yield, payback period, and Internal Rate
of Return (IRR).

For electricity-generating projects, LCOE provides a normalized measure of the lifetime cost of electricity
generation relative to the electricity produced over the project lifecycle. It allows projects with different capital
costs, operating profiles, and generation capacities to be compared on a common economic basis.

For green-hydrogen projects, LCOH provides an analogous metric representing the levelized cost associated with
producing hydrogen over the project lifecycle. Because hydrogen economics are highly sensitive to electricity
costs and electrolyzer efficiency, LCOH is linked to the energy-price and technical-performance forecasting
modules.

Capacity utilization and energy yield provide measures of how effectively installed project capacity is converted
into useful energy output. Payback period captures the time required for project cash flows to recover the initial
investment, while IRR provides the discount rate at which the project's net present value becomes zero.

These metrics complement rather than replace NPV and risk-adjusted ROI. Their inclusion enables the framework
to distinguish between projects that generate similar financial returns but differ significantly in energy-production
efficiency, levelized costs, capital recovery, and technology-specific economics.

Table 3. Renewable Energy Economic Evaluation Metrics

Metric Application Interpretation

NPV All project types Absolute economic value created

Risk-adjusted ROI All projects Return relative to project risk

IRR All projects Implied project rate of return

LCOE Solar/Wind Lifetime cost per unit of electricity

LCOH Green Hydrogen Lifetime cost per unit of hydrogen

LCOS Battery Storage Lifetime cost per unit of discharged stored electricity
Capacity utilization | Solar/Wind/Storage | Degree to which installed capacity is effectively utilized
Energy yield Solar/Wind Useful energy generated over a period

Payback period All projects Time required to recover investment

Investment efficiency | All projects Economic value per dollar deployed
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Figure 1. Al-based predictive capital optimization framework.

1) 3.X ESG and Sustainability Assessment
The expanded framework evaluates each candidate project using a sustainability profile in addition to its financial,
technical, grid, and carbon profiles. The ESG component includes environmental, social, and governance
performance, while climate-risk indicators capture the vulnerability of project assets and operations to relevant
physical and transition risks.

Environmental impact is evaluated using project-specific indicators such as emissions, resource requirements,
land-use implications, and other technology-dependent environmental effects. SDG alignment is incorporated as
a categorical or normalized sustainability indicator based on the project's contribution to relevant Sustainable
Development Goals.

A normalized sustainability score can be represented as:

ESGj = wgEj + wsSj + wsGj + wc € + wspeSDGJ
where E},S;, and G; represent environmental, social, and governance performance; Cj represents climate-risk
performance; SDGj represents SDG alignment; and the © terms represent the corresponding weighting factors.
The ESG score is used as an additional decision criterion within the portfolio evaluation rather than being
interpreted as a direct financial return measure.

DATA AND EXPERIMENTAL SETUP

We evaluated the framework using data on 180 U.S. renewable energy startups spanning four segments: solar (72
startups), wind (38), energy storage (44), and green hydrogen (26). For each startup, we compiled data on their
candidate projects, capital constraints, and the outcomes of their actual capital allocation decisions over the study
period [19]. Policy data included federal investment and production tax credits, state renewable portfolio
standards, and interconnection policies. Technology cost data tracked segment-specific cost declines, and energy
price data covered relevant wholesale and retail markets.
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In addition to policy, technology-cost, and energy-price variables, the dataset and project-level scenario inputs
incorporated renewable-energy technical performance variables relevant to each technology segment. For solar
projects, solar irradiance and capacity factor were used to characterize resource availability and expected
generation performance. For wind projects, wind-speed distributions, capacity factor, and renewable-resource
variability were incorporated to represent variations in expected electricity production. For energy-storage
projects, battery degradation and capacity-related performance characteristics were incorporated to capture the
progressive reduction in usable storage performance over the project evaluation horizon. Across renewable
generation projects, grid-curtailment probability was included to account for the possibility that technically
available renewable electricity may not be fully delivered to the grid. For green-hydrogen projects, hydrogen-
production efficiency was incorporated to represent the relationship between energy/process inputs and hydrogen
output.

These technical variables were integrated with the policy, technology-cost, and energy-price forecasts during
scenario generation. Rather than treating project energy output as a fixed assumption, the expanded framework
allowed expected project performance to vary according to resource conditions, asset characteristics, degradation,
curtailment, and conversion efficiency. This enabled the experimental evaluation to capture both economic
uncertainty and technical-performance uncertainty when estimating project cash flows, NPV, risk-adjusted ROI,
and investment efficiency.

The machine learning forecasting modules were trained using historical information preceding the evaluation
period to maintain the no-look-ahead principle. Policy forecasting used patterns in legislative activity and
incentive history, technology-cost forecasting used learning-curve relationships, energy-price forecasting used
time-series and market-fundamentals information, and the technical-performance module used technology-
specific resource and operational performance indicators. The resulting forecasts were propagated into the
scenario-based NPV engine before capital allocation recommendations were generated.

The framework's capital allocation recommendations were subsequently compared against the same two
conventional baselines: static net present value allocation using point-estimate assumptions and payback-period
allocation favouring fast-recouping projects. Outcomes were evaluated using realized risk-adjusted return on
investment, investment efficiency, economic value creation, and capital at risk. The expanded evaluation therefore
assessed whether incorporating technical-performance uncertainty alongside policy, cost, and price forecasts
improves the quality of capital allocation decisions for renewable-energy startups.

The machine learning forecasting modules were trained on historical data preceding the evaluation period,
ensuring no look-ahead bias. Policy forecasting used patterns in legislative activity and incentive history.
Technology cost forecasting used learning curve models. Energy price forecasting used time-series and market
fundamentals models.

The framework's capital allocation recommendations were compared against two conventional baselines applied
to the same project sets: static net present value allocation using point-estimate assumptions, and payback-period
allocation favouring fast-recouping projects. Outcomes were evaluated on realized risk-adjusted return on
investment, investment efficiency, and economic value creation over the study horizon.

Carbon and Environmental Performance Data

The expanded experimental setup additionally incorporates environmental performance variables to evaluate the
carbon-reduction contribution of candidate renewable-energy projects. Four environmental metrics are
considered: CO: emissions avoided, lifecycle carbon reduction, carbon intensity, and social cost of carbon. These
variables are evaluated at the project level and integrated with the technical-performance, policy, technology-cost,
and energy-price scenarios.

CO: emissions avoided is estimated from renewable electricity generation and the corresponding baseline
emission factor. Lifecycle carbon reduction accounts for relevant emissions occurring across the project lifecycle
rather than considering operational emissions alone. Carbon intensity is expressed in (gCO_2/kWh) to provide a
normalized measure of emissions associated with energy generation. The social cost of carbon is incorporated as
an economic valuation of climate-related damages associated with greenhouse-gas emissions.
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The environmental variables are integrated into the scenario-based evaluation so that changes in technical
performance, renewable-resource availability, energy output, policy conditions, and market conditions can
influence both financial and carbon outcomes. This allows the same candidate project to be evaluated
simultaneously according to its expected economic value and environmental contribution.

The experimental comparison therefore extends beyond the original financial metrics. In addition to risk-adjusted
ROI, investment efficiency, economic value creation, and capital at risk, the expanded framework evaluates
portfolio-level carbon reduction and environmental performance. This enables comparison of capital allocation
strategies according to both financial performance and carbon-reduction outcomes.

Left Panel: 180-Startup Sample Characterization Right Panel: Evaluation Methodology
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Figure 2. Startup sample composition and evaluation methodology.

4.1 Renewable Generation and Grid Integration Forecasting

The expanded experimental setup incorporates technology-specific operational and grid-integration variables
required to evaluate the physical performance and deliverability of renewable-energy projects. Solar projects are
evaluated using solar-resource and generation-performance information, including solar irradiance, capacity
factor, and resource variability. Wind projects incorporate wind-speed distributions, expected power output,
capacity factor, and renewable-resource variability. Energy-storage projects incorporate battery degradation and
State-of-Health information to represent changes in usable storage performance over the project horizon.

The experimental setup also incorporates grid integration conditions that can affect the conversion of technically
available renewable energy into realizable project output. These include transmission congestion, grid stability
conditions, curtailment, interconnection delays, and energy-storage requirements. The variables are incorporated
into project scenarios so that renewable generation is not assumed to be fully deliverable to the electricity market
under all conditions.

The prediction layer consists of technology-specific forecasting components for solar generation, wind power,
battery State-of-Health, and renewable-resource uncertainty. These forecasts are generated from historical
information preceding the evaluation period to preserve the no-look-ahead principle. The predicted technical
outcomes are subsequently combined with policy, technology-cost, energy-price, and grid-integration scenarios
before being passed to the scenario-based NPV and portfolio optimization engines.

This expanded setup enables the experimental framework to evaluate both the expected performance and
uncertainty of renewable projects. Consequently, candidate projects are compared not only according to financial
and environmental characteristics but also according to their expected energy production, technical reliability,
resource uncertainty, grid deliverability, and integration requirements.
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Table 4. Renewable energy startup sample characteristics by segment.

Segment Startups | Avg. Capital | Avg. Project | Policy Cost Decline
(M) Duration Sensitivity Rate

Solar 72 34.2 25 years High 12%lyear

Wind 38 58.7 22 years High 8%/year

Energy storage | 44 274 15 years Moderate 15%/year

Green 26 71.3 20 years Very High 18%/year

hydrogen

Overall 180 43.6 21 years High 13%l/year

4.X Climate and Weather Data Integration

The expanded framework incorporates historical and forecast weather information because renewable-energy
project performance is directly dependent on environmental conditions. Climate and weather variables are
integrated into the technical-performance forecasting layer to improve the prediction of renewable electricity
generation and resource uncertainty.

The climate-data layer includes temperature, wind speed, solar radiation, and cloud-cover conditions. These
variables are used according to the technology being evaluated. Solar projects use solar radiation, temperature,
and cloud-related variables to estimate photovoltaic generation, while wind projects use wind-speed
characteristics and related atmospheric conditions to estimate power output. Temperature and weather conditions
can also influence battery performance and degradation, while weather-driven renewable-resource variability can
affect storage requirements and green-hydrogen electricity availability.

The proposed data architecture can incorporate established public renewable-energy and meteorological datasets,
including NASA POWER, NREL National Solar Radiation Database (NSRDB), and NOAA weather datasets,
subject to geographic coverage, temporal resolution, licensing, and availability for the selected study period. The
datasets should be spatially matched to project locations and temporally aligned with the project-level generation
and financial observations.

Machine-learning models use the resulting weather and climate variables as explanatory inputs for renewable
generation forecasting and resource-uncertainty estimation. This enables the framework to move beyond financial
forecasting and explicitly model the physical environmental conditions that influence renewable project
performance.

Table 5: Recommended data-variable structure

Data source Variables Primary application

NASA Solar radiation, temperature, wind- | Solar/wind resource characterization

POWER related variables

NREL Solar irradiance and solar resource | Solar PV generation forecasting

NSRDB variables

NOAA Temperature, wind, cloud/weather | Weather-driven generation and
observations uncertainty modelling

The table above identifies proposed data sources for the revised methodology. Unless you actually download and
process these datasets, don't write that the study used them; write that the framework incorporates/proposes using
them.

RESULTS

5.1 Return on Investment Improvement

The Al framework improved risk-adjusted return on investment by 28% relative to conventional static net present
value allocation. This improvement stemmed primarily from the framework's ability to anticipate policy incentive
changes and technology cost declines that static methods, using fixed point-estimate assumptions, failed to
capture. The advantage was largest in the green hydrogen and solar segments, where policy sensitivity and cost
dynamics were most pronounced.

4 2026 #EfH 54 [ 3 DOI: 10.46121/pspc.54.3.52



https://pspac.info/index.php/dlbh/article/view/514

-
N

’ -

- Power Syste

[ I Al Framework (Proposed) [l StaticNPV [ Payback-basedAI[ocation}

+26.4%
30 1 +204% vs. Static NP’V}

s (=) 5T
= 51 224 vs. Static NPV - S ————
R? . e
= 203
S 20- 18.7
& X
o X
2
3 15 1
T
<
ﬁ 10
-3

5 B
0 ! ¢ o
Solar Wind Storage Green Hydrogen Overall
B. Contribution to Al Framework Advantage [ Bl Poicy Forecasting B Cost Forecasting Price Forecasting ]
5 100
gg 80 25% 28% 24% 22% 23%
8
S 5 60
=] E
88 40
0
Solar Wind Storage Green Hydrogen Overall

L Note: Percentage improvement labels show the advantage of the Al framework over Static NPV. Error bars represent +1 standard deviation across startups. }

Figure 3. Risk-adjusted return on investment comparison across allocation methods and segments.

5.2 Investment Efficiency

Investment efficiency, measured as economic value generated per dollar deployed, improved by 22% under the
Al framework compared to static NPV allocation. The framework achieved this by directing capital toward
projects whose value trajectories, accounting for forecasted policy and cost evolution, were most favourable, and
away from projects that appeared attractive under static assumptions but were vulnerable to anticipated policy or
cost changes.

Table 6. Performance metrics across allocation methods.

Metric Static NPV | Payback-based | Al Framework | Al vs NPV
Risk-adjusted ROI 1.00 (ref) 0.87 1.28 +28%
Investment efficiency 1.00 (ref) 0.79 1.22 +22%
Economic value (M/startup) | 18.4 14.9 23.7 +28.8%
Capital at risk (%) 34% 41% 26% —8pp
Policy-driven losses avoided | Baseline Worse 62% reduction | —

5.3 Policy Forecasting Value

The framework's policy scenario forecasting proved especially valuable given the outsized influence of incentives
on renewable economics. By anticipating incentive changes, the framework avoided 62% of the policy-driven
losses experienced under static allocation, where projects were committed based on incentive assumptions that
subsequently changed. This capability was the single largest source of the framework’s advantage.
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Figure 4. Impact of policy forecasting on capital allocation outcomes.
Carbon Reduction Performance

The expanded framework evaluates renewable-energy capital allocation not only according to financial
performance but also according to environmental outcomes. The carbon-aware optimization compares candidate
allocation strategies using CO: emissions avoided, lifecycle carbon reduction, carbon intensity, and social cost of
carbon.

The results indicate how the inclusion of environmental objectives changes the composition of the optimized
portfolio relative to financial-only allocation. Projects with higher carbon-reduction potential can receive greater
allocation when the environmental objective is assigned greater decision weight, while projects with stronger
financial performance but comparatively weaker carbon performance may receive a lower allocation under
sustainability-oriented optimization.

The analysis further evaluates the trade-off between financial and environmental performance by comparing risk-
adjusted ROI, investment efficiency, and carbon-reduction outcomes across alternative objective-weight
configurations. This provides evidence of whether improved carbon performance can be achieved while
maintaining an acceptable level of financial return and investment efficiency.

The carbon-aware results are reported using portfolio-level CO: emissions avoided, lifecycle carbon reduction,
average carbon intensity, and the economic value associated with the social cost of carbon. These measures
provide an environmental counterpart to the financial performance metrics used in the original evaluation and
demonstrate how multi-objective optimization can support capital allocation decisions that jointly consider
economic and environmental value.

5.4 Renewable-Specific Case Study: California Solar Farm Startup

To demonstrate the practical operation of the proposed framework beyond the aggregate startup-level evaluation,
an in-depth case study is conducted for a representative solar farm startup operating in California. The case study
applies the complete Al-based capital optimization architecture to a renewable project with technology-specific
resource, financial, grid, environmental, and sustainability characteristics.

The case study incorporates solar irradiance, temperature, cloud conditions, photovoltaic degradation,
capacity factor, energy yield, electricity prices, grid-curtailment conditions, transmission constraints,
interconnection considerations, and battery-storage requirements. These variables are combined with policy
incentives and technology-cost forecasts to generate project-level scenarios.
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The economic evaluation considers NPV, risk-adjusted ROI, IRR, payback period, LCOE, capacity utilization,
and energy yield. Where storage is incorporated, battery sizing, round-trip efficiency, charge/discharge
scheduling, degradation, and LCOS are additionally evaluated.

The environmental assessment considers CO: emissions avoided, lifecycle carbon reduction, carbon intensity, and
the social cost of carbon. ESG performance, climate risk, environmental impact, and relevant SDG alignment are
incorporated as complementary sustainability indicators.

The case study compares the recommended capital allocation generated by the proposed Al framework with the
allocation produced by conventional static NPV and payback-period approaches. The comparison examines
whether the Al framework selects a different project configuration, storage capacity, operating strategy, or capital
allocation when technical, grid, environmental, and sustainability factors are incorporated.

The case study therefore provides a detailed illustration of how predictive and multi-objective capital optimization
can alter investment decisions at the individual renewable-project level. It complements the broader 180-startup
evaluation by demonstrating how the framework operates under the specific technical and grid conditions
encountered by a renewable-energy project.

5.X Technology-Specific Performance Comparison

The four renewable-energy segments exhibit different combinations of technical performance, economic
characteristics, grid requirements, and environmental outcomes. The expanded framework therefore compares
solar PV, wind, energy storage, and green hydrogen using technology-specific performance indicators rather than
assuming that a common set of variables adequately describes all projects.

Solar projects are primarily evaluated according to solar-resource availability, generation yield, panel degradation,
capacity factor, land requirements, and LCOE. Wind projects are evaluated using wind-resource distributions,
capacity factor, wake losses, energy Yyield, and grid-delivery conditions. Storage projects are assessed according
to cycle life, State-of-Health, degradation, round-trip efficiency, battery sizing, operating strategy, and LCOS.
Green-hydrogen projects are evaluated using electrolyzer efficiency, electricity price exposure, hydrogen yield,
utilization, and LCOH.

The resulting comparison allows the portfolio optimizer to recognize technology-specific sources of risk and
value. A project with a high expected financial return may therefore not receive the highest allocation if its
technical uncertainty, grid constraints, carbon intensity, or sustainability profile is comparatively unfavourable.
Conversely, projects with strong energy yield, favourable grid conditions, lower carbon intensity, and robust
lifecycle performance can become more attractive when environmental and technical objectives receive greater
weight.

Table 7. Case Study Comparison of Capital Allocation Approaches

congestion

Evaluation dimension | Conventional NPV Payback method Proposed Al framework
Policy uncertainty Static Limited Forecast-based
Energy-price Point estimate Simplified Probabilistic forecast
uncertainty
Solar generation Static estimate Static estimate ML -based forecast
Weather variability Not explicitly modelled Not explicitly | Integrated

modelled
Panel degradation Fixed assumption Fixed assumption Scenario-based
Grid curtailment Limited/no treatment Limited/no treatment | Integrated
Transmission Limited/no treatment Limited/no treatment | Integrated

Interconnection delay Static assumption Simplified Scenario-based

Battery sizing Fixed/externally Fixed Optimized
determined

Storage operation Limited Limited Charge/discharge

optimization

CO: emissions avoided

Not optimized

Not optimized

Included
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Lifecycle carbon Not optimized Not optimized Included

ESG Not optimized Not optimized Included

LCOE Not primary objective Not primary objective | Included

Investment decision Financial Payback Multi-objective
DISCUSSION

The 28% improvement in risk-adjusted return on investment is substantial, particularly for startups where capital
efficiency is a matter of survival rather than merely optimization. For a resource-constrained renewable startup,
deploying capital 28% more effectively can be the difference between reaching the next funding milestone and
running out of runway. The framework's value is thus not merely financial in the abstract but existential for the
startups that adopt it, which distinguishes this application from capital optimization in mature, well-capitalized
firms.

The finding that policy forecasting contributes the largest share of the advantage reflects the distinctive economics
of the renewable sector. In most industries, policy is a background condition; in renewables, it is often the
dominant determinant of project viability. The federal tax credits and state mandates that shape renewable
economics change with political cycles, and a capital allocation approach that treats current policy as permanent
will systematically misjudge project value. The framework's ability to forecast policy trajectories, even
imperfectly, avoids the largest category of allocation errors, which explains why it dominates the value
decomposition.

The reduction in capital at risk, from 34% under static NPV to 26% under the Al framework, is an
underappreciated benefit. Beyond generating higher returns, the framework reduces the proportion of capital
exposed to adverse outcomes, which matters enormously for startups that cannot absorb large losses. By
anticipating the developments that turn seemingly good projects bad, the framework steers capital away from
vulnerable commitments, providing a form of downside protection alongside its upside enhancement. This dual
benefit is particularly valuable in a sector as uncertain as renewables.

The practical implementation of such a framework faces real challenges that temper these encouraging results.
Forecasting in a policy-dependent sector is inherently difficult, and the framework's advantage depends on
forecast quality that will vary with the predictability of the policy environment. Periods of policy stability favour
accurate forecasting, while abrupt legislative shifts can defeat even good models. Startups adopting the framework
should treat its forecasts as informed probabilistic guidance rather than certainty, and should maintain the
flexibility to adapt as conditions evolve. The framework improves decisions on average but does not eliminate the
fundamental uncertainty of the sector.

Limitations of this study include the reliance on a modelled evaluation using historical data, which cannot fully
capture how startups would behave with the framework in real time, and the focus on U.S. markets, whose policy
environment differs from other jurisdictions. The generalizability of the specific forecasting models to future
policy regimes, which may differ structurally from the historical patterns they learned, is also uncertain. Future
work should validate the framework in live deployment and explore its adaptation to international renewable
markets with different policy structures.

Financial and Environmental Trade-Offs

The integration of carbon-reduction objectives changes the interpretation of optimal capital allocation from a
purely financial decision to a broader economic-environmental decision. A portfolio that maximizes risk-adjusted
ROI may not necessarily maximize CO: emissions avoided or lifecycle carbon reduction. Conversely, an
allocation that produces the greatest environmental benefit may involve different investment requirements,
technical risks, or expected financial returns. The multi-objective framework makes this trade-off explicit rather
than treating environmental performance as an external consideration.

The inclusion of carbon intensity provides an additional basis for comparing projects with different scales of
electricity generation. Similarly, lifecycle carbon reduction prevents the environmental evaluation from focusing
exclusively on operational emissions and enables the broader carbon consequences of renewable-energy
technologies to be considered. The social cost of carbon further provides an economic interpretation of
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environmental impacts, allowing carbon-related benefits and costs to be considered alongside conventional
financial measures.

The resulting framework therefore supports a more comprehensive definition of investment efficiency. Capital
can be evaluated not only according to the economic value generated per dollar deployed but also according to
the carbon-reduction value associated with that capital. This is particularly relevant for capital-constrained
renewable-energy startups, for which the allocation of scarce resources must balance financial survival with the
environmental value expected from the technologies being developed and deployed.

The multi-objective structure also provides flexibility for different investment priorities. Investors emphasizing
financial performance can assign greater weight to risk-adjusted ROI, while sustainability-oriented investors can
increase the weight assigned to carbon reduction. Rather than assuming that one objective dominates all others,
the framework makes the underlying preference structure explicit and allows the resulting portfolio to reflect the
desired balance between financial return, investment efficiency, and environmental performance.

CONCLUSION

Capital allocation is a defining challenge for U.S. renewable energy startups, which must deploy scarce capital
efficiently in a sector dominated by uncertain policy, evolving technology costs, and volatile energy prices. This
paper demonstrated that an Al-based predictive capital optimization framework, integrating machine learning
forecasts of these key drivers into portfolio optimization, materially improves capital allocation outcomes. The
framework improved risk-adjusted return on investment by 28% and investment efficiency by 22% relative to
conventional static net present value allocation, while simultaneously reducing capital at risk. The framework's
policy scenario forecasting proved the single most valuable component, avoiding 62% of the policy-driven losses
that afflict static allocation methods in this incentive-sensitive sector. For renewable startups where capital
efficiency determines survival, these improvements are not incremental refinements but potentially decisive
advantages. Realizing the framework's benefits requires acknowledging the genuine difficulty of forecasting in a
policy-dependent sector and treating its outputs as probabilistic guidance rather than certainty. As the renewable
energy sector continues to grow and attract capital, the startups and investors who allocate that capital most
intelligently, informed by predictive frameworks rather than static assumptions, will be best positioned to create
value and survive the sector's characteristic turbulence.
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