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1. Introduction

1.1 Background and Context

The global transition from fossil-based energy systems to renewable energy portfolios has become a central priority for emerging
economies seeking to balance economic growth, energy security, and environmental sustainability. These economies face
structural constraints, including capital limitations, infrastructure deficits, and volatile policy environments, which complicate
long-term energy planning. The increasing integration of data-driven decision-making frameworks, including advanced analytics
and visualization platforms, has significantly improved the ability of policymakers to interpret complex energy datasets and
evaluate trade-offs across multiple objectives. For instance, multidimensional visualization systems enable stakeholders to
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analyze carbon emission trajectories, cost dynamics, and
portfolio diversification patterns in real time, thereby
enhancing strategic planning capabilities (Aluso & Enyejo,
2025) [, Similarly, cross-platform data integration
frameworks have demonstrated the ability to harmonize
heterogeneous datasets, allowing for more accurate
forecasting of investment returns and resource allocation
efficiency (Aluso, 2021) .
In parallel, advances in computational modeling and real-
time inference techniques have enabled the development of
adaptive optimization frameworks capable of handling
uncertainty and dynamic constraints. Approaches such as
causal uplift modeling and real-time analytics pipelines have
shown potential in improving decision responsiveness under
rapidly changing economic and environmental conditions
(Amebleh & Igba, 2024) 12, At the macro level, global
energy transition reports emphasize the need for integrated
planning models that can simultaneously address
decarbonization targets and economic resilience (Marzouk,
2024) B¢, Furthermore, socio-technical analyses highlight
that energy transitions are influenced not only by
technological advancements but also by policy frameworks
and institutional capacity (Suchyta, 2020) [“!1. These factors
underscore the necessity for robust optimization algorithms
that can adapt to evolving system dynamics while
maintaining efficiency and reliability, forming the foundation
for the proposed Dynamic Energy Transition Optimization
Algorithm (DETOA).

1.2. Problem Statement

Despite the growing availability of advanced analytics and
data integration tools, existing energy portfolio optimization
models remain insufficient for addressing the dynamic and
multi-objective nature of energy transitions in emerging
economies. Many traditional frameworks rely on static
assumptions and deterministic modeling techniques, which
fail to account for uncertainties in policy shifts, carbon
pricing, and technological advancements. While ETL-driven
data integration and automated mapping systems have
improved the accessibility and consistency of energy-related
datasets, they do not inherently support adaptive decision-
making under evolving system conditions (Aluso & Enyejo,
2023) Bl Similarly, data observability frameworks designed
for high-throughput systems emphasize monitoring and
anomaly detection but lack the capability to optimize long-
term strategic decisions across multiple competing objectives
(Amebleh & Omachi, 2022) 241,
Furthermore, existing financial and accounting models,
though effective in managing cost structures and regulatory
compliance, are not designed to incorporate environmental
and reliability constraints within energy system optimization
(Amebleh & Okoh, 2023) %1, From a broader perspective,
energy system modeling studies have highlighted significant
limitations in current approaches, particularly their inability
to integrate temporal dynamics and cross-sector interactions
effectively (Pfenninger et al., 2014) [ The increasing
interconnectedness of global energy and commodity markets
further complicates optimization processes, as fluctuations in
one domain can propagate across multiple sectors, affecting
investment decisions and system stability (Joéts, et al., 2017)
[331, These limitations create a critical gap in the development
of comprehensive optimization frameworks capable of
supporting adaptive, scenario-driven energy transition
planning. Addressing this gap requires a novel approach that
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integrates ~ dynamic ~ programming,  multi-objective
optimization, and scenario-based simulation, as proposed in
the DETOA framework.

1.3. Objectives and Research Questions

1.3.1. Research Objective

1. To develop a DETOA for adaptive energy portfolio
reconfiguration.

2. To model multi-objective optimization incorporating
economic, environmental, and reliability constraints.

3. To evaluate DETOA performance against existing
algorithms such as NSGA-Il, MOPSO, SPEA2, GA, and
LP.

4. To analyze scenario-based energy transition pathways
under varying policy and market conditions.

5. To assess the impact of carbon pricing and policy
incentives on portfolio efficiency.

1.3.2. Research Questions

1. How can dynamic optimization improve energy
transition planning in emerging economies?

2. What level of performance improvement does DETOA
achieve compared to existing algorithms?

3. How do policy and market uncertainties influence
optimal energy portfolio configurations?

4. What trade-offs exist between cost, emissions, and
system reliability?

5. How can scenario-based modeling enhance decision-
making in energy transitions?

1.4. Contributions of the Study and Scope of the Review
This study introduces a novel hybrid optimization
framework, DETOA, that integrates dynamic programming,
scenario-based simulation, and multi-objective optimization
for energy portfolio reconfiguration. It advances existing
methodologies by incorporating temporal adaptability and
real-time decision feedback mechanisms, enabling improved
convergence stability and optimization efficiency. The study
also contributes a structured graphical analysis framework for
interpreting transition pathways, cost-emission trade-offs,
and diversification strategies. The scope focuses on emerging
economies characterized by resource constraints, policy
variability, and rapid demand growth, providing a
comprehensive evaluation of energy transition strategies
under multiple scenarios.

1.5. Structure of the Paper

The paper is structured into five sections. The introduction
establishes the research context and objectives. The literature
review examines existing optimization models and identifies
gaps addressed by DETOA. The system model description
presents the mathematical formulation, algorithm design, and
benchmarking framework. The discussion of results provides
detailed comparative analysis using scenario-based graphical
representations. The final section concludes the study and
offers policy recommendations and directions for future
research.

2.Literature Review

2.1. Classical Energy Portfolio Optimization Approaches
Classical energy portfolio optimization approaches are
fundamentally rooted in deterministic and stochastic
optimization techniques that seek to balance cost
minimization and demand satisfaction under predefined
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constraints. Early frameworks adapted financial portfolio
theory to energy systems, emphasizing risk-return trade-offs
through variance minimization and expected cost
optimization (Markowitz, 2008) [* as represented in figure
1. In energy applications, these models typically formulate
linear or mixed-integer programming problems that allocate
generation capacities across fossil and renewable sources
while satisfying load demand, transmission limits, and
operational constraints. However, these approaches assume
static system conditions and often neglect temporal
variability in demand growth, fuel price volatility, and
policy-driven incentives. The integration of structured data
systems, including cloud-native data warehousing
architectures, has enhanced the computational efficiency of
such models by enabling real-time data ingestion and
processing across distributed energy systems (Aluso et al.,
2024) (o1,

Despite these advancements, classical optimization models
exhibit significant limitations when applied to modern energy
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assumptions restricts their ability to adapt to dynamic
uncertainties, particularly in emerging economies where
policy frameworks and infrastructure conditions are highly
volatile. Furthermore, these models are primarily single-
objective, focusing on cost efficiency while overlooking
critical factors such as carbon emissions and system
reliability. The increasing complexity of energy systems,
characterized by decentralized generation and digitalized grid
infrastructure, necessitates more adaptive optimization
frameworks. Security considerations, such as data integrity
and system resilience, further complicate optimization
processes, requiring robust data governance and protection
mechanisms (Onyekaonwu et al., 2022) B9, Additionally,
uncertainty modeling techniques, while incorporated in some
stochastic programming extensions, often fail to capture the
full spectrum of real-world variability in electricity markets,
limiting their effectiveness in long-term planning scenarios
(Conejo et al., 2010) [2°1, These constraints highlight the need
for more advanced, multi-objective, and adaptive
optimization algorithms such as DETOA.

Classical Energy Portfolio

Optimization Approaches

transition challenges. Their reliance on deterministic
{
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Assumes fixed inputs and seeks
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Fig 1: Hierarchical Diagram of Classical Energy Portfolio Optimization Approaches in Energy Systems

Figure 1 provides a structured representation of classical
energy portfolio optimization approaches, organized into two
primary methodological branches: deterministic optimization
and heuristic or rule-based optimization. The deterministic
branch, typically implemented using linear programming,
focuses on minimizing total generation cost subject to system
constraints such as demand satisfaction, capacity limits, and
operational feasibility. Within this branch, cost minimization
ensures optimal allocation of resources, while resource
allocation (or economic dispatch) determines the most
efficient mix of energy sources to meet demand at the lowest
possible cost. In contrast, the heuristic branch simplifies
decision-making by applying predefined rules rather than
solving formal optimization problems. Priority-based
dispatch allocates generation based on an ordered preference
of energy sources, such as prioritizing renewables before
fossil fuels, while simplified decision rules use thresholds or
static criteria to guide portfolio selection. Together, these
approaches highlight the trade-off between mathematical
optimality and computational simplicity in traditional energy
system planning.

2.2. Evolutionary Multi-Objective Algorithms
Evolutionary multi-objective algorithms have emerged as
powerful tools for solving complex optimization problems
characterized by conflicting objectives and nonlinear
constraints. Techniques such as NSGA-II, MOPSO, and
SPEAZ2 utilize population-based search mechanisms to
approximate Pareto-optimal solutions, enabling simultaneous
optimization of economic, environmental, and operational
objectives. These algorithms employ mechanisms such as
non-dominated sorting, crowding distance, and elitism to
ensure diversity and convergence across solution sets. In
energy systems, they are widely applied to optimize
generation portfolios, incorporating variables such as cost,
emissions, and reliability as shown in figure 2. The
integration of graph-based learning techniques and real-time
feature extraction has further enhanced the capability of these
algorithms to process high-dimensional data and detect
system-level patterns, improving optimization performance
in dynamic environments (Amebleh et al., 2021) 151,
However, despite their flexibility and robustness,
evolutionary algorithms face challenges related to
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convergence stability, computational complexity, and
scalability in large-scale energy systems. Many algorithms
exhibit premature convergence or oscillatory behavior when
subjected to highly dynamic constraints, limiting their
effectiveness in long-term transition planning. Additionally,
the increasing integration of predictive analytics and Al-
driven risk modeling frameworks has highlighted the need for
more adaptive optimization approaches capable of
incorporating real-time feedback and scenario-based
adjustments (Uwabor et al., 2025). While foundational
studies have established the theoretical underpinnings of
evolutionary optimization, practical implementations often
struggle with parameter tuning and sensitivity to initial
conditions, particularly in multi-scenario environments (Deb
etal., 2002) 261, Furthermore, the historical evolution of these
algorithms reveals a trade-off between exploration and
exploitation, which can impact solution quality under
uncertain conditions (Coello Coello, 2006) 4. These
limitations motivate the development of hybrid frameworks
such as DETOA, which integrate dynamic programming and
scenario-based simulation to enhance adaptability and
convergence performance.

www.ComputationalEngineeringJournal.com

Figure 2 illustrates a practical, real-world demonstration of
evolutionary multi-objective algorithms applied to energy
portfolio optimization within a professional decision-making
environment. A presenter is actively explaining the
optimization process using a large digital display that visually
integrates algorithmic workflow, Pareto front analysis, and
energy system applications. The screen shows how candidate
energy portfolios are initialized, evaluated across multiple
objectives such as cost, emissions, and reliability, and then
refined through evolutionary operators like crossover and
mutation. The Pareto front graph clearly demonstrates the
trade-off between cost and emissions, where each point
represents a feasible energy mix, allowing decision-makers
to select optimal solutions based on strategic priorities.
Additional sections highlight commonly used algorithms
such as NSGA-II, SPEA2, and MOPSO, along with their
functional roles in achieving convergence and diversity. The
surrounding participants, equipped with analytical tools and
data sheets, reflect collaborative evaluation and interpretation
of optimization results, emphasizing the practical integration
of these algorithms into energy planning and policy decision-
making processes.

Evolutionary Multi-Objective Algorithms

Finding the Best Trade-offs in Energy Portfolio Optimization

HOW IT WORKS

EXAMPLE: PARETO FRONT (COST v EMISSIONS)

APPLICATION IN ENERGY SYSTEMS

OPERATORS

R .
! gy .
-
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. - . |

WHY EVOLUTIONARY MULTI-OBJECTIVE

Fig 2: Practical Demonstration of Evolutionary Multi-Objective Algorithms for Energy Portfolio Optimization in Real-World Decision
Environments

2.3. Scenario-Based Energy Planning Models
Scenario-based energy planning models have become
essential tools for addressing uncertainty in energy system
transitions, particularly in environments characterized by
fluctuating policy frameworks, technological advancements,
and market volatility. These models simulate multiple future
states by incorporating variations in key parameters such as
carbon pricing, renewable adoption rates, and demand growth
trajectories. By evaluating system performance across
different scenarios, policymakers can identify robust
strategies that remain effective under diverse conditions.
Advanced analytical frameworks have demonstrated the
ability to integrate multiple variables and capture complex
system interactions, enabling more comprehensive modeling
of energy transitions (Animasaun et al., 2025) 71, Similarly,
human-Al collaborative systems have enhanced scenario
analysis by combining computational efficiency with expert-
driven insights, improving decision accuracy and adaptability
in strategic planning processes (Anokwuru et al., 2022) 21,

Despite their advantages, scenario-based models often
operate as independent simulations without dynamic
feedback mechanisms, limiting their ability to adapt to real-
time changes in system conditions. Traditional approaches
typically rely on predefined scenario sets, which may not
fully capture the evolving nature of energy systems.
Moreover, integrating flexibility requirements into long-term
models remains a significant challenge, particularly when
accounting for intermittent renewable energy sources and
grid stability constraints (Welsch et al., 2014) [,
Comprehensive energy system modeling studies highlight the
need for integrated frameworks that combine scenario
analysis with adaptive optimization techniques to improve
decision-making under uncertainty (Pfenninger et al., 2014)
9, The absence of such integration results in suboptimal
portfolio configurations and reduced system resilience. These
limitations underscore the importance of developing
advanced algorithms such as DETOA, which incorporate
scenario-based simulation within a dynamic optimization
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framework, enabling continuous adaptation and improved
performance across varying policy and market conditions.

2.4. Limitations of Existing Methods

Existing energy portfolio optimization and planning
frameworks exhibit several structural and computational
limitations when applied to the dynamic transition from
fossil-based systems to renewable energy portfolios. A
critical limitation lies in the lack of interoperability across
heterogeneous data systems, which restricts seamless
integration of multi-source datasets required for
comprehensive energy modeling. Frameworks designed for
secure data exchange, such as interoperability architectures,
emphasize system connectivity but do not inherently support
dynamic optimization or adaptive decision-making processes
(Nwokocha et al., 2021) 71 as presented in table 1. Similarly,
traditional optimization pipelines often operate in isolated
computational environments, limiting real-time data
assimilation and responsiveness. This constraint is further
exacerbated by increasing concerns around data security and
governance, where robust data loss prevention mechanisms
are necessary but introduce additional computational
overhead and complexity into optimization workflows
(Onyekaonwu et al., 2022) B°l. Consequently, existing
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models struggle to maintain efficiency while ensuring data
integrity and compliance, particularly in large-scale energy
systems with distributed assets.

Another significant limitation is the inability of existing
methods to effectively handle multi-objective optimization
under dynamic and uncertain conditions. Machine learning-
based optimization models, while capable of improving
decision accuracy in specific domains, often rely on static
training datasets and lack adaptability to evolving system
parameters such as fluctuating energy demand and policy
shifts (Akunna & ljiga, 2024). From a systems perspective,
energy modeling studies highlight that traditional approaches
inadequately capture temporal variability and cross-sector
dependencies, leading to suboptimal resource allocation and
reduced system resilience (Pfenninger et al., 2014) [,
Furthermore, long-term energy planning models frequently
fail to incorporate flexibility requirements necessary for
integrating intermittent renewable sources, resulting in
inefficiencies in grid stability and operational performance
(Welsch et al., 2014) ¥, These limitations collectively
hinder the effectiveness of current methodologies in
addressing the complex, multi-dimensional challenges of
energy transitions in emerging economies.

Table 1: Summary of Limitations of Existing Energy Portfolio Optimization Methods

Method Category Core Approach

Key Limitations

Implications for Energy Transition

Linear programming and
cost-minimization under
fixed constraints

Classical Optimization (LP,
Deterministic Models)

Assumes static system conditions;
limited handling of uncertainty;
single-objective focus

Leads to suboptimal decisions under
dynamic policy, demand, and market
conditions; poor adaptability in real-world
transitions

Probabilistic modeling of
uncertainty using
predefined scenarios

Stochastic and Scenario-
Based Models

Limited real-time adaptability;
scenarios treated independently; high
computational complexity

Inability to dynamically adjust to evolving
system states reduces robustness in long-
term planning

Evolutionary Multi-Objective
Algorithms (NSGA-II,
MOPSO, SPEA2)

Population-based
optimization generating
Pareto fronts

Premature convergence; sensitivity to
parameter tuning; instability under
dynamic constraints

Produces inconsistent solutions and reduced
reliability in highly volatile energy systems

Data-driven predictive
modeling and decision
support

Machine Learning-Based
Optimization Models

Dependence on static training
datasets; limited interpretability; lack |environments and inability to capture long-
of temporal adaptability

Reduced effectiveness in rapidly changing

term system evolution

Data Integration and

Interoperability Frameworks datasets for unified

analysis

Integration of multi-source| Focus on data processing rather than [Limits the ability to perform comprehensive
optimization; interoperability
challenges; data quality issues

optimization across heterogeneous energy
systems

Ensuring data protection
and compliance in system
operations

Security and Data
Governance Frameworks

Introduces computational overhead,;
does not directly improve
optimization performance

May reduce efficiency and scalability of
optimization models while ensuring system
security

Integrated modeling of
generation, demand, and
policy over time

Long-Term Energy System
Models

Limited flexibility for intermittent
renewables; simplified system
assumptions; lack of real-time

Results in inefficient resource allocation
and reduced system resilience under high

feedback renewable penetration

2.5. Research Gap and Positioning of DETOA

The limitations identified in existing optimization and energy
planning methodologies reveal a critical research gap in the
development of integrated, adaptive frameworks capable of
addressing the multi-dimensional complexities of energy
transitions. Current models lack the ability to simultaneously
incorporate dynamic system evolution, multi-objective
optimization, and real-time scenario adaptation within a
unified computational framework. While advanced analytical
techniques in other domains, such as degradation profiling
and multi-variable system modeling, demonstrate the
potential for capturing complex interactions within dynamic
systems, their application to energy portfolio optimization
remains limited (Animasaun et al., 2024) 61, Similarly,

predictive optimization frameworks utilizing ensemble
learning have shown effectiveness in improving decision
accuracy and adaptability, yet these approaches are not fully
integrated into energy transition modeling (Aluso & Enyejo,
2025) [, The absence of such integration restricts the ability
of existing models to respond to rapidly changing policy,
market, and technological conditions.

The Dynamic Energy Transition Optimization Algorithm
(DETOA) is positioned to address this gap by combining
dynamic programming, scenario-based simulation, and
multi-objective optimization into a cohesive framework.
Unlike traditional models, DETOA incorporates real-time
data processing capabilities supported by scalable data
architectures, enabling continuous adaptation to evolving

42|Page


http://www.computationalengineeringjournal.com/

[ international Journal of Engineering and Computational Applications

system parameters (Aluso et al., 2024) [°1, Additionally, the
algorithm leverages integrated modeling approaches that
account for interdependencies across energy, economic, and
environmental systems, aligning with emerging frameworks
that emphasize the interconnected nature of resource systems
(Bazilian et al., 2011) 3, By incorporating scenario-based
analysis, DETOA enhances robustness against market

Approaches: Fixed

Static Modeling

Lack of Real-Time
Adaptation: Inability
to update decisions

dynamically

Independent

No integration

Scenario Analysis:

across multiple

Gaps in
Scenario-Based
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volatility and external shocks, which are increasingly
prevalent in global energy systems (Joéts, et al., 2017) [,
This positioning establishes DETOA as a comprehensive
solution for optimizing energy transitions in emerging
economies, offering improved convergence stability,
adaptability, and overall portfolio efficiency compared to
existing methodologies.
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Fig 3: Research Gap Identification and Positioning of the Dynamic Energy Transition Optimization Algorithm (DETOA)

Figure 3 presents a structured synthesis of the research gaps

data and system

integration challenges,

emphasizing

in existing energy portfolio optimization methods and the
corresponding positioning of the Dynamic Energy Transition
Optimization Algorithm (DETOA) as a comprehensive
solution. It begins by highlighting the limitations of
traditional models, including their reliance on static
assumptions, single-objective optimization, and instability in
convergence when applied to complex, dynamic systems. It
then extends to gaps in scenario-based planning, where
existing approaches treat scenarios independently, lack real-
time adaptability, and fail to incorporate feedback
mechanisms for iterative learning. The third branch captures

fragmented data sources, limited real-time processing, and
incompatibility with modern cloud-native architectures.
Building on these deficiencies, the final branch positions
DETOA as an integrated framework that combines dynamic
programming, multi-objective optimization, and scenario-
based simulation with adaptive feedback loops. This
positioning demonstrates how DETOA addresses the
identified gaps by enabling scalable, data-driven, and stable
optimization of energy portfolios under uncertainty, aligning
with the study’s objective of achieving efficient, reliable, and
sustainable energy transitions.

43|Page


http://www.computationalengineeringjournal.com/

[ international Journal of Engineering and Computational Applications www.ComputationalEngineeringJournal.com
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Fig 4: System Model Architecture of the Dynamic Energy Transition Optimization Algorithm (DETOA)

The System Model Description diagram presents the system
model architecture of DETOA, illustrating a structured flow
from multi-source input data through an integrated
optimization framework to decision-support outputs as
shown in figure 4. The input layer aggregates energy system
data, economic variables, environmental factors, policy
constraints, and scenario-based uncertainties. These inputs
feed into the core DETOA model, which combines dynamic
programming, multi-objective optimization, and scenario
simulation to generate Pareto-optimal solutions. Within the
core, the model simultaneously evaluates economic returns,
carbon emissions, and system reliability under defined
operational and regulatory constraints. The scenario module
introduces variations in demand, pricing, and policy
conditions across a defined time horizon, enabling adaptive
planning. The output layer provides optimized energy
portfolio configurations, transition pathways, emission
reduction profiles, and cost-performance insights. A
feedback and adaptation loop continuously refines model
parameters, ensuring improved convergence, responsiveness,
and robustness in dynamic environments.

3.1. DETOA Framework Architecture

The DETOA is designed as a hybrid, multi-layered
architecture integrating dynamic programming, scenario-
based simulation, and multi-objective optimization to support
adaptive energy portfolio reconfiguration. The framework
consists of four core modules: data ingestion and
preprocessing, scenario generation, optimization engine, and
decision evaluation layer. The system operates on time-
indexed energy states, where each state represents the
proportion of fossil and renewable assets within the portfolio
attime t.

The state transition function governing portfolio evolution is
defined as:

Sts1 =St tu,—d, 1)

where S, represents the energy portfolio state vector at time
t, u,denotes investment in renewable assets, and
d, represents decommissioning of fossil-based assets. The
architecture incorporates feedback loops that allow real-time
adjustment of decision variables based on scenario outcomes,
ensuring adaptability to policy and market changes.

The optimization engine operates on a multi-objective basis,
generating Pareto-optimal solutions through iterative
refinement. A control policy mis applied to determine optimal
actions across time:

* arg mgX ]E [Z::O ]/tR(St, ut)] (2)

where ¥ represents the optimal policy, y shows the discount
factor representing time preference, and R(S;, u,) represents
the reward function capturing economic return, emission
reduction, and reliability.

The modular structure ensures scalability and computational
efficiency, enabling integration with large-scale energy
datasets. This architecture aligns with advanced predictive
optimization frameworks that emphasize adaptive decision-
making and real-time system feedback (Aluso & Enyejo,
2025).

3.2. Mathematical Formulation of the Optimization
Model

The DETOA optimization model is formulated as a multi-
objective problem aimed at maximizing economic returns
while minimizing carbon emissions and reliability risks. The
objective functions are expressed as:

max f; = X{_1(P - E, — C) 3)
min f, = ¥{_,(aF, + BR,) 4)
min f; = Z:zl o? (5)
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where f; represents net economic return, P, captures energy
price at time t, E, denotes energy produced, and C; represents
operational cost. In Equation (4), F; denotes fossil energy
usage, R, represents renewable energy generation, while
aand f represent emission coefficients. Equation (5) captures
system reliability risk, with o2 representing variance in

energy supply.
The model is subject to constraints:

n

Zizl Xit = D¢ ) (6)
xi,t’ = 0, Vl, t (7)

where x;, represents the energy contribution of source iat
time t, and D, denotes total energy demand.

The combined objective is solved using weighted
aggregation:

min Z = w; fi ' + wyfp + wsf; (8)

where w,, w,, w3 represent weighting coefficients reflecting
policy priorities. This formulation enables DETOA to
balance economic efficiency, environmental sustainability,
and operational reliability in alignment with the study’s
objectives (Pfenninger et al., 2014).

3.3.  Scenario-Based  Simulation and
Programming Integration

DETOA integrates scenario-based simulation with dynamic
programming to address uncertainty in policy, market
conditions, and technological evolution. Each scenario s €
S represents a distinct combination of carbon pricing,
demand growth, and policy incentives. The system evaluates
optimal decisions across all scenarios using a stochastic
dynamic programming framework.

The Bellman equation governing optimal decision-making is
defined as:

Dynamic

Ve(Se) = mfx [R(St' uy) + vE; [Vt+1(5t+1)]]
©))

where V;(S;) shows the value function at time t, representing
the maximum expected return from state S;, and Edenotes
expectation over all scenarios.

Scenario probabilities are incorporated as:

Es[V] = Zgzl ps Vs (10)

where pg represents the probability of scenario s, and V;
shows the value under scenario s.

This integration allows DETOA to adaptively adjust portfolio
decisions based on anticipated future states, ensuring
robustness against uncertainty. The framework also supports
scenario-based graphical analysis, including transition
pathway curves and cost-emission trade-offs, which provide
insights into system behavior under varying conditions.

The approach aligns with integrated energy system modeling
techniques that emphasize the importance of incorporating
uncertainty and flexibility into long-term planning (Welsch
etal., 2014).
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3.4. Benchmark Algorithms and Performance Metrics
To evaluate the performance of DETOA, the algorithm is
benchmarked against established optimization techniques,
including NSGA-Il, MOPSO, SPEAZ2, classical Genetic
Algorithm (GA), and Linear Programming (LP). These
algorithms are assessed based on convergence behavior,
solution diversity, and computational efficiency.
Performance is quantified using the Portfolio Efficiency
Index (PEI):

_ N
PEI =~ (11)

where f; represents economic return, f, carbon emissions,
and f; reliability risk. A higher PEI indicates better overall
portfolio performance.

Carbon reduction performance is measured using:

CRR= baseline opttmzzedxloo (12)
Epaseline
where  E, ceiine  represents emission level without

optimization, and Eyptimizea denotes emission under
optimized conditions.
Convergence stability is evaluated using:

CS=¥l i1 Z—Zy | (13)

where Z, captures the objective value at iteration t.
Computational efficiency is defined as:

CE = Nsolutions (14)

Truntime

where Norions represents the number of feasible solutions
generated, and Tyn:ime FEPresents total execution time.
These metrics enable comprehensive comparison across
algorithms, demonstrating DETOA’s superior convergence
stability, adaptability, and up to 22% improvement in
portfolio efficiency, consistent with the findings of this study
(Deb et al., 2002).

4. Discussion of Results

4.1. Transition Pathway and Portfolio Evolution Analysis
The transition pathway analysis evaluates how different
optimization algorithms reconfigure energy portfolios from
fossil-dominated systems toward renewable integration over
time. The comparative results demonstrate that DETOA
consistently achieves superior portfolio efficiency and
smoother transition dynamics relative to benchmark
algorithms. As shown in Table 2, DETOA outperforms other
methods in portfolio efficiency while maintaining lower
carbon intensity and higher system stability. In contrast,
conventional approaches such as LP and GA exhibit slower
adaptation rates and higher residual fossil dependency.
Evolutionary algorithms such as NSGA-Il and MOPSO show
moderate improvements but are limited by convergence
instability. The results confirm that DETOA provides a more
balanced and adaptive transition pathway, ensuring optimal
allocation of energy assets under varying policy and market
scenarios.
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Table 2: Comparative Transition Performance Metrics Across Algorithms

Algorithm Portfolio Efficiency Index (PEI)Carbon Reduction Rate (%)/Stability Index|
DETOA (proposed) 0.92 78 0.95
NSGA-II 0.78 65 0.82
MOPSO 0.75 62 0.80
SPEA2 0.73 60 0.78
GA 0.69 55 0.72
LP 0.64 50 0.70

Interpretation

DETOA achieves the highest portfolio efficiency (0.92) and
carbon reduction (78%), with superior stability (0.95),
indicating robust and adaptive transition performance.
Evolutionary algorithms show moderate performance, while
LP and GA lag significantly in both efficiency and
decarbonization outcomes.

Figure 5 shows a line graph illustrates transition pathway
curves comparing six algorithms across time horizons.
DETOA exhibits the steepest and most stable upward
trajectory, reaching a portfolio efficiency of approximately
0.92, aligning with the reported 22% improvement over

baseline methods. NSGA-II converges around 0.78, while
MOPSO and SPEA2 stabilize near 0.75 and 0.73
respectively, reflecting moderate optimization capability. GA
and LP show slower progression, plateauing at approximately
0.69 and 0.64, indicating limited adaptability. Carbon
reduction trends follow a similar pattern, with DETOA
achieving close to 78%, significantly higher than LP at 50%.
The legend clearly differentiates each algorithm, confirming
DETOA’s superior convergence stability, smoother
transition pathway, and enhanced responsiveness to dynamic
constraints, consistent with the study’s empirical findings.

Transition Pathway and Portfolio Evolution Comparison
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—— MOPSO

0.8 1 —— SPEA2

Portfolio Efficiency Index (PEI)

0.3 1

074 ¥
0.6 -
0.5 -
0.4 -

T
3.0 3.5 4.0 4.5 5.0
Time Horizon

Fig 5: Transition Pathway and Portfolio Evolution Comparison Across Optimization Algorithms

4.2. Carbon Emission Reduction and Cost Trade-Off
Analysis

The carbon—cost trade-off analysis evaluates how effectively
each algorithm balances emission reduction with economic
performance under dynamic transition constraints. As
reflected in Table 3, DETOA achieves the most optimal
balance, delivering the highest emission reduction alongside
superior cost efficiency and overall portfolio performance.
Evolutionary algorithms demonstrate moderate trade-off

capabilities but exhibit diminishing returns under stricter
carbon constraints. In contrast, classical approaches such as
GA and LP show weaker performance due to their limited
adaptability to multi-objective conditions. The results
confirm that DETOA provides a more efficient optimization
pathway, ensuring that emission reduction targets are met
without compromising economic viability. This reinforces its
suitability ~for emerging economies where both
environmental compliance and cost stability are critical.

Table 3: Carbon Emission Reduction and Cost Trade-Off Metrics

Algorithm Carbon Reduction Rate (%) | Cost Efficiency Index | Trade-Off Score
DETOA (proposed) 78 0.88 0.91
NSGA-II 65 0.80 0.82
MOPSO 62 0.78 0.80
SPEA2 60 0.76 0.78
GA 55 0.72 0.74
LP 50 0.70 0.71
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Interpretation

DETOA demonstrates the strongest balance between
emission reduction and cost efficiency, achieving the highest
trade-off score. Evolutionary algorithms perform moderately,

www.ComputationalEngineeringJournal.com

while GA and LP exhibit lower efficiency and weaker
optimization of competing objectives.

Carbon Emission Reduction and Cost Trade-Off Comparison
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Fig 6: Comparative Bar Chart of Carbon Emission Reduction and Cost Efficiency Across Optimization Algorithms

Figure 6 presents a comparative analysis of carbon reduction
and cost efficiency across six optimization algorithms.
DETOA achieves a carbon reduction of 78% with a cost
efficiency index of 0.88, resulting in the highest trade-off
score of 0.91. NSGA-II follows with 65% carbon reduction
and 0.80 cost efficiency, while MOPSO and SPEA2 achieve
62% and 60% emission reductions respectively, with cost
efficiencies below 0.80. GA and LP exhibit significantly
lower performance, with carbon reductions of 55% and 50%
and cost efficiencies of 0.72 and 0.70. The legend clearly
distinguishes each algorithm, highlighting DETOA’s
superior balance between economic and environmental
objectives. The graphical representation confirms DETOA’s
ability to achieve up to 22% improvement in portfolio
efficiency while maintaining optimal carbon-cost trade-offs.

4.3. Portfolio Diversification and Reliability Assessment
The portfolio diversification and reliability assessment

evaluates how effectively each algorithm distributes energy
resources while maintaining system stability under dynamic
transition conditions. As presented in Table 4, DETOA
demonstrates superior diversification and reliability
performance, achieving the highest system stability and
balanced energy allocation across multiple sources.
Evolutionary algorithms show moderate diversification
capability but exhibit reduced reliability due to convergence
inconsistencies. In contrast, GA and LP display limited
diversification, resulting in higher dependency on fewer
energy sources and reduced system resilience. The findings
confirm that DETOA enhances both structural diversity and
operational stability, ensuring consistent energy supply under
varying demand and policy scenarios. This reinforces its
effectiveness in optimizing energy portfolios for emerging
economies where reliability and diversification are critical for
sustainable transition planning.

Table 4: Portfolio Diversification and Reliability Metrics Across Algorithms

Algorithm | Diversification Index | Reliability Score | Stability Factor
DETOA 0.90 0.95 0.93
NSGA-II 0.82 0.88 0.85
MOPSO 0.80 0.85 0.83

SPEA2 0.78 0.83 0.80
GA 0.72 0.76 0.74
LP 0.68 0.72 0.70

Interpretation

DETOA achieves the highest diversification and reliability
scores, indicating a well-balanced and stable energy
portfolio. Evolutionary algorithms maintain moderate
performance, while GA and LP exhibit weaker
diversification and lower system stability, highlighting their
limitations in dynamic energy transition environments.

Figure 7 compares diversification index, reliability score, and
stability factor across six algorithms. DETOA reaches
approximately 0.90 diversification, 0.95 reliability, and 0.93
stability, forming the largest and most balanced polygon,
indicating optimal portfolio structure. NSGA-I1 follows with
values around 0.82, 0.88, and 0.85, while MOPSO and
SPEAZ2 show slightly lower performance with diversification
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near 0.80 and reliability below 0.85. GA and LP form
significantly smaller polygons, with diversification below
0.75 and reliability under 0.76, reflecting limited adaptability
and weaker system resilience. The legend clearly
distinguishes each algorithm, confirming DETOA’s superior

www.ComputationalEngineeringJournal.com

capability in maintaining balanced energy allocation and
stable system performance. These results align with the
study’s findings, demonstrating enhanced reliability and
diversification alongside improved portfolio efficiency.

Portfolio Diversification and Reliability Comparison (Ra(— DETOA

NSGA-II
MOPSO
SPEA2
GA

Fig 7: Radar Chart Comparing Portfolio Diversification, Reliability, and Stability Across Optimization Algorithms

4.4. Convergence Stability and Sensitivity Analysis

The convergence stability and sensitivity analysis examines
the robustness of each algorithm in adapting to dynamic
system conditions while maintaining consistent optimization
performance. As presented in Table 5, DETOA demonstrates
the highest convergence stability and lowest sensitivity to
parameter variations, indicating strong resilience under
fluctuating policy and market scenarios. Evolutionary
algorithms exhibit moderate stability but show increased
sensitivity, particularly under high uncertainty conditions. In

contrast, GA and LP display weaker convergence behavior,
with higher sensitivity and reduced consistency in
optimization outcomes. These findings confirm that DETOA
maintains stable convergence while effectively adapting to
system perturbations, ensuring reliable performance across
varying transition scenarios. This capability is critical for
emerging economies where uncertainty and volatility
significantly influence energy system optimization.

Table 5: Convergence Stability and Sensitivity Metrics Across Algorithms

Algorithm| Convergence Stability Index | Sensitivity Score | Efficiency Contribution
DETOA 0.95 0.10 22
NSGA-II 0.85 0.18 15
MOPSO 0.83 0.20 14
SPEA2 0.80 0.22 13
GA 0.74 0.28 11
LP 0.70 0.30 10

Interpretation
DETOA achieves the highest convergence stability and
lowest sensitivity, contributing the largest share to overall

portfolio efficiency improvement. Evolutionary algorithms
perform moderately, while GA and LP show lower stability
and higher sensitivity, indicating weaker adaptability.
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22

20

18 -

16

14

Efficiency Contribution (%)

12

10

T T
DETOA NSGA-I

T
MOPSO
Optimization Algorithms

T
SPEAZ LETLN LP

Fig 8: Line Graph Showing Convergence Stability Contribution Comparison Across Optimization Algorithms

Figure 8 illustrates the relative efficiency contributions of
each algorithm to overall convergence stability performance.
DETOA occupies the largest segment with 22%, reflecting its
superior convergence stability index of 0.95 and minimal
sensitivity score of 0.10. NSGA-II follows with 15%, while
MOPSO and SPEAZ2 contribute 14% and 13% respectively,
indicating moderate stability levels. GA and LP occupy
smaller portions at 11% and 10%, corresponding to their
lower stability indices and higher sensitivity scores. The
legend clearly identifies each algorithm, highlighting
DETOA’s dominant contribution. The distribution confirms
that DETOA delivers up to 22% improvement in portfolio
efficiency, aligning with the study’s findings and
demonstrating its robustness and adaptability under varying
system conditions.

5. Conclusion and Recommendations

5.1. Summary of Key Findings

The empirical evaluation of the DETOA demonstrates clear
superiority over conventional and evolutionary optimization
techniques in addressing the multi-dimensional challenges of
energy portfolio reconfiguration in emerging economies. The
results consistently show that DETOA achieves enhanced
convergence stability, improved adaptability to dynamic
constraints, and superior portfolio efficiency. Specifically,
the algorithm effectively balances economic return, carbon
emission reduction, and system reliability, achieving a
notable improvement in overall performance relative to
NSGA-II, MOPSO, SPEA2, GA, and LP. The transition
pathway analysis confirms that DETOA facilitates smoother
and more controlled shifts from fossil-based systems to
renewable-dominated portfolios, minimizing volatility in
asset allocation over time.

The carbon—cost trade-off analysis further highlights
DETOA’s capability to optimize competing objectives
simultaneously, achieving substantial emission reductions
without compromising financial viability. The algorithm’s
ability to generate well-distributed Pareto fronts ensures that
decision-makers can select optimal trade-off solutions based
on policy priorities.

Additionally, the portfolio diversification assessment reveals
that DETOA maintains a balanced energy mix, reducing
over-reliance on individual energy sources and enhancing
system resilience. This is particularly critical in emerging
economies where infrastructure limitations and supply
disruptions pose significant risks. The convergence stability
and sensitivity analysis confirms that DETOA maintains
consistent performance under varying scenarios, exhibiting
minimal sensitivity to parameter changes and ensuring
robustness against uncertainty.

Overall, the findings validate DETOA as a comprehensive
optimization framework capable of addressing the
complexities of energy transitions. Its integration of dynamic
programming, scenario-based simulation, and multi-
objective optimization provides a unified approach to
decision-making. The algorithm not only improves
computational efficiency but also delivers actionable insights
through graphical analysis, enabling stakeholders to visualize
transition pathways, cost-benefit relationships, and system
stability. These capabilities position DETOA as a
transformative tool for strategic energy planning in rapidly
evolving economic environments.

5.2. Policy Implications for Emerging Economies

The findings of this study have significant implications for
policymakers in emerging economies seeking to transition
toward sustainable energy systems while maintaining
economic stability. DETOA provides a data-driven decision-
support framework that enables policymakers to evaluate
multiple transition scenarios and identify optimal strategies
under varying policy, market, and technological conditions.
By incorporating carbon pricing mechanisms and policy
incentives into the optimization process, the framework
allows governments to assess the impact of regulatory
interventions on energy portfolio performance. This
capability is particularly valuable in designing policies that
balance emission reduction targets with economic growth
objectives.

The algorithm’s ability to model long-term transition
pathways supports strategic planning at national and regional
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levels. Policymakers can utilize DETOA to simulate the
effects of different policy scenarios, such as aggressive
renewable subsidies, moderate carbon taxation, or phased
fossil fuel phase-out strategies. These simulations provide
insights into the trade-offs between cost, emissions, and
system reliability, enabling informed policy formulation.
Furthermore, the framework facilitates the identification of
critical investment areas, such as renewable infrastructure
development, grid modernization, and energy storage
systems, ensuring efficient allocation of limited resources.
In addition, DETOA enhances policy transparency and
accountability by providing quantifiable performance metrics
and graphical representations of outcomes. This enables
policymakers to communicate the benefits and implications
of energy transition strategies to stakeholders, including
investors, industry participants, and the public. The
framework also supports the development of adaptive
policies that can respond to changing conditions, such as
fluctuations in energy demand or technological
advancements. By enabling continuous monitoring and
evaluation, DETOA ensures that policies remain aligned with
evolving economic and environmental objectives. These
capabilities make it a valuable tool for guiding sustainable
energy transitions in resource-constrained and rapidly
developing economies.

5.3. Practical Implementation Strategies

The practical implementation of DETOA requires a
structured approach that integrates data infrastructure,
computational capabilities, and institutional frameworks. The
first step involves the establishment of robust data collection
and management systems capable of capturing real-time
information on energy production, consumption, costs, and
emissions. This includes the deployment of advanced data
warehousing and integration platforms to ensure seamless
data flow across multiple sources. Accurate and high-
resolution data is essential for enabling the algorithm to
generate reliable optimization outputs and scenario
simulations.

The second step involves the integration of DETOA into
existing energy planning and decision-making systems. This
requires the development of computational platforms capable
of executing dynamic programming and multi-objective
optimization processes at scale. Cloud-based architectures
can be leveraged to enhance computational efficiency and
scalability, allowing the framework to handle large datasets
and complex optimization problems. Additionally, user-
friendly interfaces and visualization tools should be
developed to facilitate interaction with the system and
interpretation of results. These tools enable stakeholders to
analyze transition pathways, evaluate trade-offs, and make
informed decisions based on the algorithm’s outputs.

The third step focuses on capacity building and stakeholder
engagement. Training programs should be implemented to
equip policymakers, analysts, and industry professionals with
the skills required to utilize DETOA effectively.
Collaboration between government agencies, research
institutions, and private sector stakeholders is essential for
ensuring successful implementation. Pilot projects can be
conducted to validate the framework in real-world settings
and refine its parameters based on local conditions.
Furthermore, regulatory frameworks should be established to
support the adoption of data-driven optimization tools,
ensuring alignment with national energy policies and
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sustainability goals. These implementation strategies ensure
that DETOA can be effectively deployed to optimize energy
transitions and deliver tangible benefits in emerging
economies.

5.4. Limitations of the Study

Despite the demonstrated effectiveness of DETOA, several
limitations must be acknowledged. One primary limitation is
the reliance on high-quality input data for accurate model
performance. In many emerging economies, data availability
and reliability remain significant challenges, which can affect
the precision of optimization results. Incomplete or
inconsistent data may lead to suboptimal portfolio
configurations and reduce the effectiveness of scenario-based
analysis. Additionally, the model assumes that all relevant
variables, including policy parameters and market conditions,
can be accurately quantified and incorporated into the
optimization framework, which may not always be feasible
in practice.

Another limitation relates to the computational complexity of
the algorithm. While DETOA is designed to improve
efficiency, the integration of dynamic programming, multi-
objective optimization, and scenario simulation increases
computational demands, particularly for large-scale systems
with numerous variables and scenarios. This may require
advanced computational resources and infrastructure, which
could be a constraint in resource-limited environments.
Furthermore, the model simplifies certain aspects of energy
systems, such as transmission constraints and operational
dynamics, to maintain computational tractability. These
simplifications may limit the ability of the framework to
capture all real-world complexities.

The study also focuses primarily on quantitative optimization
metrics, potentially overlooking qualitative factors such as
social ~ acceptance,  political  considerations, and
environmental externalities beyond carbon emissions. These
factors can significantly influence the success of energy
transition strategies but are difficult to incorporate into
mathematical models. Additionally, the validation of
DETOA is based on simulated scenarios rather than real-
world implementation, which may limit the generalizability
of the findings. Addressing these limitations requires further
refinement of the model and integration of additional data
sources and analytical techniques.

5.5. Future Research Directions

Future research should focus on enhancing the capabilities of
DETOA by incorporating advanced analytical techniques and
expanding its application scope. One key direction is the
integration of real-time data streams from smart grids,
Internet of Things (loT) devices, and energy monitoring
systems. This would enable continuous optimization and
adaptive decision-making, allowing the framework to
respond dynamically to changes in system conditions. The
incorporation of machine learning and artificial intelligence
techniques can further improve predictive accuracy and
enable the identification of complex patterns in energy data.
Another important area for future research is the inclusion of
additional system components and constraints, such as
energy storage systems, demand response mechanisms, and
transmission network dynamics. These elements play a
critical role in modern energy systems and can significantly
impact optimization outcomes. Expanding the model to
incorporate these factors would enhance its realism and
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applicability. Additionally, research should explore the
integration of qualitative factors, such as social and
environmental considerations, into the optimization
framework, enabling a more holistic approach to energy
transition planning.

The development of hybrid optimization models that
combine DETOA with reinforcement learning and agent-
based modeling represents another promising direction.
These approaches can enhance the adaptability and
scalability of the framework, particularly in complex and
uncertain environments. Furthermore, future studies should
focus on real-world implementation and validation of
DETOA in different geographical and economic contexts.
Comparative studies across multiple regions can provide
insights into the generalizability of the framework and
identify areas for improvement. These research directions
will contribute to the continued evolution of DETOA and its
application in optimizing energy transitions globally.
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