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Linear Programming (NLP), and stochastic programming. By reviewing recent literature and applying these
Mixed-integer linear methods to a case study involving energy infrastructure projects, the study examines how
programming optimization techniques can enhance capital allocation. Specifically, the MILP model is

employed to optimize investment decisions for multiple energy infrastructure projects, such
as solar, wind, hydro, and biomass, over a 10-year planning horizon. Project costs are a
key element in the model, expected returns, policy alignment, and regulatory constraints.
Results demonstrate that MILP, along with scenario analysis, significantly improves
investment outcomes by addressing uncertainty and enabling long-term strategic planning.
The study concludes with a discussion on the practical implications of investment
optimization in various sectors, emphasizing the importance of high-quality data, proper
model selection, and computational tools in achieving optimal investment outcomes.

Nonlinear Programming
Scenario Analysis
Stochastic Programming

1. Introduction

Success in asset management hinges on effective information
utilization. To gain a competitive advantage, astute investors
proactively seek out novel information and process it with
precision and speed. Nevertheless, the sheer volume and intricacy
of potentially price-impacting data pose significant challenges. As
the quantity of available information grows, the difficulty in
distinguishing relevant insights increases, creating an
environment where effective decision-making requires advanced
methods for analyzing and utilizing data [1]. Decisions represent
among the most consequential choices faced by individual,
corporations, and governments. These decisions involve the
strategic allocation of limited resources to maximize returns while
effectively managing associated risks and uncertainties.
Traditionally, investment analysis has been grounded in classical
financial appraisal methods such as Economic Value Added
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(EVA), Return on Investment (ROI), and Breakeven Point. While
these techniques provide foundational insights, they are often
inadequate in rapidly changing and multifaceted decision-making
environments where multiple interdependent variables and
uncertainty factors must be considered simultaneously. To
address these limitations, contemporary investment planning
increasingly employs sophisticated optimization techniques.
Optimization in this context involves the application of
mathematical models and computational algorithms to identify
the most efficient resource allocation strategies under defined
constraints. These methods aim not only to maximize returns or
minimize risks but also to achieve optimal trade-offs among
multiple, often conflicting objectives. Their relevance spans a
wide array of domains, including portfolio optimization,
Infrastructure investment, corporate finance, and energy systems
planning [2], [3]. A central challenge in investment decision-
making is the pervasive influence of uncertainty. Market volatility,
fluctuating interest rates, technological innovation, and
geopolitical instability can significantly affect the success of
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investment outcomes. Al represents a highly specialized field,
requiring advanced technical expertise that often leads to a
shortage of skilled professionals. This scarcity of talent presents a
challenge in effectively leveraging Al to produce output of
consistent returns on investment, as the successful application of
Al in investment decision-making demands both sophisticated
knowledge and practical experience [4]. The integration of Al in
financial markets is transforming investment strategies, especially
in risk-return forecasting and mutual fund management. Al-
driven common funds use advanced algorithms to analyze agree
volumes of both organized and unorganized data, helping fund
managers identify patterns, optimize portfolios, and manage
financial risks more efficiently [5].

Al is increasingly being applied in trading, where the
capability to process large datasets is transforming how trades are
executed. With the growing speed and complexity of trades, Al is
now crucial for generating trading signals. Algorithms can be
programmed to execute trades automatically based on these
signals, giving rise to algorithmic trading. Additionally, Al helps
reduce transaction costs by analyzing the market and determining
the optimal time, size, and venue for trades. Al also plays a crucial
role in portfolio risk management. In the aftermath 2008 global
financial crisis, risk governance and compliance have gained
greater focus in asset management. As financial markets and
instruments grow more complex, conventional risk models may
prove inadequate. Al techniques, which evolve by learning from
data, offer new tools for risk monitoring. Specifically, Al helps
risk managers validate and back-test risk models and extract
valuable insights from both quantitative and qualitative data.
These techniques enable enhanced forecasting of bankruptcy,
credit risk, market volatility, macroeconomic trends, and financial
crises, offering improvements over traditional methods [1].
Optimization models address these uncertainties by employing
advanced frameworks such as stochastic programming, dynamic
programming, and robust optimization. Furthermore, the
availability of powerful computational tools and solvers has made
it increasingly feasible to implement large-scale investment
optimization models. Advanced software such as GAMS,
MATLAB, CPLEX, and open-source platforms like Python’s
Pyomo and R’s ROI package have significantly reduced barriers
to adoption. These tools support the implementation of complex
models such as Mixed-Integer Linear Programming (MILP),
Nonlinear Programming (NLP), and multistage stochastic
programming, making them practical for application in industry—
scale decision problems [6]. These models enable the formulation
of resilient investment strategies that remain viable under various
future scenarios, thus enhancing strategic flexibility and long-
term value [7].

2. Literature

According to [8], the AI adoption in investment fund
management has increasingly favored ML models over deep
learning models, citing their simplicity, interpretability, and
compatibility with structured financial data. It further concluded
that hybrid approaches, which combine machine learning with
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traditional financial techniques, tend to yield the most robust
investment strategies.

In [9], the auhtors aimed to explore how the advancement of
Al-driven models and the exponential growth of financial big data
have influenced quantitative investing. It was reported that the
research sought to examine the effectiveness of machine learning
in developing trading models and optimizing investment
strategies within dynamic market environments. Also, according
to [10] it was reported that the study aimed to provide a
comprehensive review of the applications of machine learning in
finance, including stock prediction, risk modeling, and portfolio
optimization, with a focus on highlighting current trends,
challenges, and future directions in financial decision-making
through AL In [11], the authors aimed at reviewing the impact of
Al and ML in portfolio optimization, focusing on how these
technologies assist in analyzing large datasets, identifying
investment trends, and supporting more informed decision-
making in asset allocation. In [12], the authors stated the
performance of various machine learning models—such as
Random Forest, Gradient Boosting, LSTM, and Transformer
networks—in enhancing financial risk prediction and optimizing
investment portfolios in uncertain and volatile market conditions.
In [13], the researchers reported to have aimed at providing an in-
depth analysis of how Al is applied in asset management,
including portfolio construction, risk management, and client
advisory services, while also assessing the challenges of adoption
in the financial service sector. In [5], the author sought to assess
the performance of Al models in forecasting risk and returns in
mutual fund investments, thereby optimizing performance with
respect to both profitability and risk mitigation. In [1], the authors
aimed to explore the effects of generative Al technologies—such
as Chat-GPT—on hedge fund performance, to determine when
the implementing such tools leads to superior investment out
comes compared to traditional strategies. In [4], the auhtors aimed
to examine how artificial intelligence can be integrated across
investment decision-making to improve portfolio optimization,
accuracy, and adaptability amidst dynamic market environments.
A need exits for research that bridges the gap between advanced
data analytics and traditional financial techniques, focusing on
how hybrid models can enhance long-term investment strategies,
improve adaptability, and address challenges in Al adoption.
Additionally, more work is needed to assess the long-term
strategic benefits associated with Al and ML models, especially
in portfolio optimization, risk management, and their broader
applications in dynamic, volatile markets. Furthermore, advances
in powerful computational tools and software have made it
increasingly feasible to implement large-scale investment
optimization models. Advanced software such as GAMS,
MATLAB, CPLEX, and open-source platforms like Python’s
Pyomo and R’s ROI package have significantly reduced barriers
to adoption. These tools support the implementation of complex
models such as Mixed-Integer Linear Programming (MILP),
Nonlinear Programming (NLP), and multistage stochastic
programming, making them practical for application in industry-
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scale decision problems [6]. The main aim of this study is to
enhance investment decision-making through leveraging
advanced analytical tools and professional techniques. It provides
a comprehensive exploration of recent developments in
mathematical modeling - particularly Mixed-Integer Linear
Programming (MILP) - and highlights the modern computational
platforms that support investment optimization. By integrating a
practical case study, the research demonstrates the real-world
relevance and applicability of these methods. Anchored in
developments from 2015 to 2025, this study ensures that its
findings reflect the most current trends, technologies, and
academic insights in investment decision optimization.

3. Materials and Methodology

A comprehensive review of 62 sources, including 45 journal
articles, 10 industry reports, and 7 books on investment decision-
making in engineering economics, was conducted to identify gaps
and opportunities for optimization, with a specific focus on the
energy sector. Historical and sector-specific data, comprising
12,500 data points across 15 datasets, were collected from
financial databases (e.g., Bloomberg Terminal, U.S. Energy
Information Administration), industry reports (e.g., International
Energy Agency’s renewable energy reports), and government
publications (e.g., U.S. Department of Energy policy documents).
These data included capital expenditures, operational costs,
capacity factors, regulatory guidelines, and policy targets for

renewable energy projects such as solar, wind, hydro, and biomass.

The collected data were preprocessed to ensure quality and
consistency. Missing values in 5% of the data points were imputed
using linear interpolation, outliers affecting 3% of the dataset
were managed through robust scaling, and 25 variables (e.g.,
investment returns, project costs, market volatility) were
normalized to a standard scale. Principal Component Analysis
(PCA) was applied to reduce these 25 variables to 12, highlighting
those most influential to project viability. Economic Value-Added
(EVA) metrics were used to filter 20 candidate projects down to
10 that generated long-term value.

A mathematical optimization model was developed using
Mixed-Integer Linear Programming (MILP) to optimize project
selection and timing over a 10-year planning horizon. The model
incorporated 12 key variables, including expected returns, project
costs, risk tolerance, and market volatility. Scenario analysis
(covering 3 scenarios: optimistic, baseline, pessimistic) and
sensitivity analysis (testing 5 key parameters, e.g., interest rates,
project costs) were conducted to evaluate performance under
varying market conditions and uncertainties like policy changes.

The model was tested and validated using 8 real-world energy
sector investment scenarios, each based on a subset of the 12,500
data points. Results were benchmarked against traditional
methods, such as Return on Investment (ROI) and Net Present
Value (NPV) ranking, using 3 historical case studies to assess
improvements in capital allocation and portfolio efficiency.
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This work adopts a rigorous quantitative approach to enhance
investment decision-making in energy infrastructure projects over
a ten-year planning horizon. The methodology is designed to
integrate high-quality data, mathematical modeling, and scenario
evaluation to guide effective allocation of investment resources.
The process involved five key phases: problem definition, data
collection and preprocessing, model formulation using MILP,
implementation and solution, and finally, model validation and
refinement.

3.1. Problem Definition

Investment decision-making in engineering economics is
often constrained by the suboptimal allocation of resources, which
leads to inefficiencies, reduced returns, and heightened exposure
to risk. In practice, investors and policymakers in the energy
sector face significant challenges when balancing competing
objectives such as maximizing financial returns, ensuring
compliance with regulatory requirements, and managing
uncertainty in volatile market environments.

Traditional methods—such as ranking projects by Return on
Investment (ROI) or Net Present Value (NPV)—tend to
oversimplify these complex decisions. Such approaches may
ignore the timing of investments, interdependencies among
projects, or the impacts of risk thresholds and policy constraints.
As a result, decision-makers risk committing scarce capital to
projects that fail to deliver long-term value or that expose firms to
financial and regulatory vulnerabilities.

This problematic situation is further intensified by market
volatility, fluctuating interest rates, and evolving energy policies.
For example, renewable energy projects such as solar, wind,
hydro, and biomass investments each carry distinct uncertainties
in costs, output, and policy incentives. Without a structured
optimization approach, investors may misallocate resources,
leading to underperformance, liquidity challenges, or missed
opportunities for growth.

Therefore, the problem addressed in this study is the lack of
an effective decision-making framework that can systematically
evaluate multiple energy infrastructure projects under uncertainty,
optimize the allocation of capital, and enhance portfolio
efficiency. By framing the issue in this way, the study positions
optimization modeling as a necessary solution to overcome the
inefficiencies of traditional investment appraisal methods in the
energy sector.

3.2. Data Collection and Preprocessing

The investment optimization framework relies heavily on
data collection and processing. Relevant data was sourced from
energy market databases, governmental publications, and sector-
specific reports. The dataset includes:

a. Market and asset-level financial data (e.g., capital and
operational expenditures)
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b. Macroeconomic indicators (e.g., National income, GDP
growth)

c. Sector-specific parameters (e.g., capacity factors, carbon
emissions, subsidies)

d. Regulatory constraints and policy targets (e.g., renewable
portfolio standards)

By referencing this research work, we can improve quality and

visibility:

a. Missing values were imputed using statistical techniques like
linear interpolation.

. Outliers were identified and treated through robust scaling.

c. All variables were normalized to standard scales for
uniformity.

To reduce dimensionality and enhance interpretability, PCA
is leveraged for data analysis. This technique helped extract key
variables with the highest influence on project viability.
Additionally, Economic Value-Added (EVA) metrics are used to
rank and filter projects based on their ability to create net
economic profit beyond capital’s cost, as demonstrated in [9]

3.3. Model Formulation Using MILP

The investment planning problem is formulated as a Mixed-
Integer Linear Programming (MILP) model to enable
simultaneous decisions on project selection and timing under
uncertainty. The MILP structure includes:

Decision Variables:

xi€Z" Binary or integer variables indicating whether a project is
selected and in which year.

Objective
Function:

Maximize total expected return: Maximum return
Z =¥Ynrixi

where, r;is the profitability index of the project?
Constraints:

Budget limit:
n
> cixi<B
i=1

where c; is the project cost, and B is the available budget.

Policy and environmental constraints (e.g., emission
thresholds, regional quotas), Risk management conditions

3.4. Model Implementation and Solution

The MILP model is implemented using advanced computational
tools:

a. Modeling Environments: GAMS, Python (Pyomo), or
MATLAB
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b. Solvers: Gurobi and CPLEX for efficient solution of large-
scale problems

The model is tested under multiple investment scenarios:

a. Optimistic: rapid economic expansion
b. Base case: Current market trends and moderate inflation
c. Pessimistic: Rising costs, lower demand, or policy setbacks

Each scenario allows for comparative analysis to evaluate the
robustness of different investment options.

3.5. Model Validation and Sensitivity Analysis

To evaluate model reliability and robustness, the following
validation steps are conducted:

a. Back testing:
Historical energy project data is utilized to assess forecasting
capability. If the model can replicate past successful
investment paths, it supports its applicability to future
planning.

b. Sensitivity Analysis:
Key variables such as interest rates, project costs, and
technology efficiency are varied within realistic bounds. This
test shows sensitive the best investment approach is to change
in economic or policy conditions.

c. Model Refinement:
Based on validation results, model constraints and parameters
are refined to better reflect real-world complexity and
strategic priorities.

3.6. Conclusion of Methodology

The design of the experiment was structured to directly
reflect the methodology and ensure that the findings were both
valid and applicable to real-world investment decision-making in
the energy sector. The process was carried out in four stages:

3.6.1.  Identification of Key Variables

The experiment incorporated the most influential variables
affecting investment decisions, such as project costs, expected
returns, capital availability, risk tolerance, and market volatility.
Sector-specific indicators, including capacity factors and policy
incentives for renewable energy, were also included.

3.6.2.  Simulation of Real-World Scenarios

To capture the uncertainties of the energy market, the model
was tested under three distinct conditions: optimistic (high returns
and relaxed budgets), baseline (moderate growth and stable
policy), and pessimistic (rising costs and tighter budgets). These
scenarios allowed for an evaluation of how investment decisions

perform under varying economic and policy environments.
3.6.3.  Evaluation of Model Performance

The optimization model (MILP) was applied to select and
schedule projects across the 10-year planning horizon.
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Performance was assessed in terms of net present value (NPV),
portfolio efficiency, and compliance with budgetary and risk
constraints. Sensitivity analysis was conducted to test robustness
against changes in key parameters, such as interest rates and
project return forecasts.

3.6.4.  Comparison with Traditional Methods

To determine the value added by optimization, results were
benchmarked against conventional decision-making approaches
that rank projects solely by ROI or NPV. The comparison
highlighted differences in project selection, capital allocation
strategies, and overall portfolio performance.

By aligning the design of the experiment with the
methodology, the study ensured that its outcomes were reliable,
reproducible, and relevant to stakeholders in the energy sector.
This structure also demonstrated the superiority of optimization-
based models over heuristic methods in addressing the
complexities of investment decision-making under uncertainty.

4. Results

The implementation of the MILP model for energy
infrastructure investment planning produced actionable insights
regarding optimal project selection, budget allocation overtime,
and expected investment performance. The model was formulated
and solved using GAMS with the CPLEX solver, yielding results
in seconds for the baseline case involving five energy
infrastructure projects.

4.1. Optimal Project Selection and Timing

Out of the five candidate projects analyzed, the model
selected three energy infrastructure projects—those that
demonstrated the highest discount cash flow while satisfying
budget, policy, and risk constraints. These selected projects had
the most favorable return-to-cost ratios and aligned with the
defined risk tolerance thresholds. Importantly, the selection was
not based solely on maximizing returns; rather, the MILP model
balanced project timing, capital availability, and portfolio
diversification, demonstrating the advantage of structured
optimization over simple heuristic methods.

This approach emphasizes the effectiveness of MILP in
capturing complex trade-offs among investment timing, risk
exposure, and long-term profitability—factors typically
oversimplified in heuristic methods like ROI ranking.

4.2. Investment Allocation Strategy

The model revealed a front-loaded investment pattern, where
a greater portion of the available capital was allocated in the first
two years. This strategic early investment was shown to
significantly enhance long-term returns through the compounding
effect, following the time value of money principle. Consequently,
the total NPV across the prioritized projects was maximized when
capital expenditures were concentrated earlier in the planning
horizon. This insight supports proactive planning and suggests
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that energy firms should prepare to mobilize capital early to
unlock greater long-term value.

4.3. Sensitivity Analysis

A series of sensitivity analyses was conducted to investigate
the effects of the changes in key parameters influenced the model
outcomes:

a. Interest Rate: As expected, higher discount rates reduced the
total NPV. However, unless the increase was extreme, project
selection remained stable, showing the model's robustness to
moderate financial changes.

b. Project Return Estimates: Small deviations in projected
returns led to different project rankings and affected selection.
This indicates the model is highly sensitive to return forecast
accuracy, highlighting the value of reliable financial
modeling.

c. Risk Thresholds: Adjustments to risk parameters had a
marginal effect on overall project selection, suggesting the
model is resilient to moderate changes in risk perceptions.

These findings highlight the need of accurate forecasting and
the positive outcome of incorporating risk buffers into planning to
ensure investment resilience under uncertainty.

Table 1: documents the sensitivity analysis, backing up the robustness discussion.

Parameter Impact on Impact on Model
Changed Project Total NPV | Robustness
Selection

Interest Rate | No change ! Slight | Stable

+2% reduction

Interest Rate | 1 project | | Moderate | Still feasible

+5% dropped reduction

Project Project + Significant | Sensitive

Returns ranking change

+10% changed

Risk No change in | | Slight | Stable

Threshold selection reduction

tightened

4.4. Comparison with Heuristic Methods

To evaluate the value added by the MILP approach, outcomes
were benchmarked against a strategy ranking projects by ROI or
NPV per unit cost. The MILP model achieved a 15% higher total
NPV, better adherence to risk limits, and a more efficient capital
allocation over time. This demonstrates that data-driven
optimization models significantly outperform heuristic
approaches in complex multi-constraint investment settings such
as energy infrastructure.

4.5. Scenario Analysis for Strategic Planning
The model was tested under different investment environments:

a. In a pessimistic scenario with tighter budgets and reduced
project returns, the model selected only two projects, with a
corresponding drop in total NPV. Capital allocation was
adjusted to preserve liquidity.
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b. Under an optimistic scenario of high returns and relaxed
budget constraints, the model selected four projects,
optimizing for long-term growth.

c. The baseline scenario produced a balanced portfolio,
maximizing return while maintaining compliance with
financial and policy limits.

Table 2: proves the 15% NPV improvement claim (Optimization vs. Heuristic).

Method Proje | Total Risk Capital | Improvem
cts NPV | Complia | Allocati ent vs.
Select | (Milli nce on Heuristic
ed on Pattern
USD)
Heuristic | 2 100 Partial Evenly | -
(ROI/NP Projec distribut
V) ts ed
Optimizat | 3 115 Full Front- +15%
ion Projec loaded
(MILP) ts (Years
1-2)

These simulations demonstrate the model’s value in
contingency planning under adverse conditions. Energy investors
can use such tools to prepare a dynamic investment plan that
responds effectively to changing economic, environmental, and
policy conditions.

Table 3: shows the scenario outcomes (pessimistic, baseline, optimistic).

Scenario | Project | Total | Investment | Observatio
s NPV Strategy ns
Selecte | (Millio
d n USD)
Pessimisti | 2 85 Conservativ | Preserved
c Projects e allocation | liquidity
under a tight
budget
Baseline 3 115 Balanced Maximized
Projects allocation ROI  while
meeting
risk/policy
limits
Optimisti | 4 135 Growth- Captured
c Projects oriented high returns
allocation under
favorable
conditions

4.6. Model Scalability and Practical Application

The proposed MILP approach can be solved well within
current computational capabilities. While small to medium-sized
problems were computed rapidly using GAMS and CPLEX,
larger-scale versions can be addressed with minor increases in
computational resources. This confirms the practical feasibility of
applying MILP in real-world energy investment planning. From a
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practitioner’s standpoint, this study underscores that initial
investments in solver software, data infrastructure, and analytical
training can be offset by improved capital allocation and enhanced
financial returns. Firms can begin by modeling a small portfolio
and gradually scale as internal expertise and data availability grow.

5. Conclusion

This study demonstrates the effectiveness of optimization-
based models in addressing the challenges of investment decision-
making in engineering economics, with a particular emphasis on
the energy sector. By applying a Mixed-Integer Linear
Programming (MILP) framework, the research showed how
systematic project selection and capital allocation can
significantly enhance investment performance compared to
traditional methods such as ROI or NPV ranking.

The results revealed that optimization produced a 15%
improvement in net present value (NPV), achieved through better
alignment of project timing, capital availability, and portfolio
diversification. Unlike heuristic methods, which often
oversimplify investment choices, the optimization approach
accounted for multiple constraints simultaneously—budget limits,
risk thresholds, policy compliance, and project interdependencies.
This balance ensured more resilient outcomes under uncertain
market conditions.

Importantly, the findings underscore the strategic relevance
for the energy sector, where investors face volatile markets,
shifting policy incentives, and high capital requirements. The
model proved robust across optimistic, baseline, and pessimistic
scenarios, enabling decision-makers to prepare flexible
investment strategies that remain viable under uncertainty.
Sensitivity analysis further confirmed that the approach is reliable
even when interest rates, project returns, or cost estimates
fluctuate.

From a practical perspective, these insights highlight the
value of adopting optimization tools for energy infrastructure
investment planning. For investors, the approach supports early
mobilization of capital to capture compounding benefits, while for
policymakers, it provides a framework that aligns financial
decisions with regulatory and sustainability objectives.

Overall, the study concludes that advanced optimization
techniques not only improve financial outcomes but also
strengthen the resilience of investment planning in the energy
sector. Future research may extend this work by integrating
predictive machine learning models, multi-objective optimization,
and cloud-based computing platforms to handle larger-scale and
real-time decision problems. Such extensions will further enhance
the applicability of optimization in shaping sustainable, profitable,
and adaptable energy investment strategies.
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