International Journal of Advanced Technology and Engineering Exploration, Vol 12(122)
ISSN (Print): 2394-5443 1SSN (Online): 2394-7454
http://dx.doi.org/10.19101/IJATEE.2023.10102408

Research Article

Bell-shaped fuzzy decision tree: a novel approach for improved decision
making

Ashish Ranjan” and Saroja Kumar Dash
Department of Electrical Engineering, GITA Autonomous College Bhubaneswar, Madanpur, Bhubaneswar-752054,
BPUT, Odisha, India

Received: 12-October-2023; Revised: 22-December-2024; Accepted: 09-January-2025

©2025 Ashish Ranjan and Saroja Kumar Dash. This is an open access article distributed under the Creative Commons
Attribution (CC BY) License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work is properly cited.

Abstract

This paper addresses the challenges of economic dispatch (ED) optimization, with a particular focus on incorporating
environmental constraints. Previous studies have highlighted the effectiveness of decision tree (DT) architectures in
tackling these challenges. Building on this foundation, a novel approach is introduced by integrating fuzzy logic (FL) into
unit limit considerations, resulting in the development of a bell-shaped fuzzy logic-based decision tree (FLDT). This
innovative method leverages bell-shaped curves for efficient nonlinear assessments of cost and emission level functions,
which are particularly advantageous for managing complex thermal power plants with significant nonlinearities. The
incorporation of FL enhances the numerical understanding of the process, while the use of bell-shaped functions to
smooth power generation boundaries leads to reduced generation costs compared to traditional methods. Furthermore,
the model addresses load uncertainty by accounting for imperfect load conditions, providing optimal solutions that
balance cost efficiency and uncertainty management. To validate the methodology, it was applied to a 6-unit institute of
electrical and electronics engineers (IEEE) evaluation system, demonstrating substantial performance improvements over
previous approaches. The study highlights the practical significance and superior performance of the bell-shaped fuzzy
decision trees (BSFDT) approach in addressing ED optimization challenges.
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1.Introduction

The economic dispatch (ED) problem is a critical
aspect of modern electricity generation, focusing on
the efficient allocation of power production among
various generators to meet fluctuating demand [1].
This process aims to minimize operational costs
while adhering to technical constraints, ensuring both
reliability and efficiency within power systems [2].
As electricity demand continues to rise, optimizing
generation costs has become increasingly essential
for utility companies [3]. Traditional methods used to
address the ED problem, such as linear and quadratic
programming, encounter significant challenges.
These include their complexity, slow convergence
rates, and susceptibility to local minima in nonlinear
search spaces [4].
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These inefficiencies affect the optimization of power
generation processes, particularly in addressing
valve-point effects, ramp rate constraints, and
prohibited operating zones, while simultaneously
tackling the urgent need to reduce greenhouse gas
emissions and production costs [5, 6].

Previous research has identified several challenges
associated with traditional approaches to the ED
problem, including:

e Traditional optimization methods, such as linear
and quadratic programming, often struggle with
the complexity of the ED problem, resulting in
slow convergence rates and a tendency to become
trapped in local minima [7,8].

e The growing emphasis on reducing greenhouse gas
emissions necessitates the incorporation of
environmental constraints into the ED problem,
further complicating the optimization process [9,
10].

e The nonlinear nature of the ED problem,
characterized by valve-point effects, ramp rate
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constraints, and prohibited operating zones,
introduces complexities that traditional methods
struggle to handle effectively [11, 12].

e The computational demands of traditional
techniques can be prohibitive, particularly for
large-scale power systems, emphasizing the need
for more efficient and scalable approaches [13,
14].

These limitations hinder the attainment of optimal
solutions, emphasizing the need for an approach that
effectively addresses the complexities of the ED
landscape. The ED problem is characterized by
various challenges that complicate traditional
optimization techniques. These include complexities
arising from nonlinearities, such as valve point
loading effects and ramp rate constraints, which
introduce irregularities that traditional methods
struggle to handle effectively. Furthermore, the
increasing focus on environmental sustainability
necessitates the incorporation of greenhouse gas
emission constraints, adding another layer of
complexity to the optimization process. Additionally,
the computational demands of conventional methods
can be prohibitive, particularly in large-scale power
systems, thereby highlighting the urgent need for
more efficient and scalable solutions.

This study aims to develop a novel methodology for
solving the ED problem through a bell-shaped fuzzy
decision trees (BSFDT) approach, addressing both
computational complexities and environmental
constraints. The primary objective is to establish a
framework for combined economic and emission
dispatch, introducing the term ‘bell-shaped fuzzy
decision tree (DT) methodology' to describe a hybrid
strategy that integrates fuzzy logic (FL) concepts into
DT framework. This approach seeks to balance
conflicting objectives in power systems, such as
reducing emissions and minimizing operating costs.

The key objectives of this study are as under:

1. To develop a computationally efficient method for
optimizing the ED problem, emphasizing the
balance between economic resolution and
computational complexity.

2. To integrate FL into the ED optimization
framework, enabling the handling of both hard and
soft constraints in power generation for more
adaptable and robust solutions.

3. To validate the proposed BSFDT approach by
applying it to a 6-unit institute of electrical and
electronics engineers (IEEE) evaluation system,
demonstrating  its  capability to  address
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environmental constraints, reduce generation costs,
and manage load uncertainties effectively.

FL is employed to address the nonlinearities and
uncertainties inherent in emission dispatch and
economic concerns. Fuzzy sets are used to represent
inputs such as fuel price, environmental levels, and
power demand. These fuzzy sets include linguistic
variables like 'low," 'medium," and 'high." The term
'bell-like' refers to the use of membership functions
that are either Gaussian or bell-shaped, effectively
illustrating the degree of membership for fuzzy
parameters. These functions are particularly well-
suited for modeling real-world systems with gradual
state transitions. Additionally, the study examines the
impact of various cost indices (e.g., b and cmin) on
the total cost of electricity generation, particularly in
high-demand scenarios [15]. The proposed approach
enhances system efficiency while reducing
computational complexity, incorporating ecological
considerations and soft constraints to achieve cleaner
and more cost-effective power generation.

Key contributions include identifying the optimal
dispatch options through an organized, rule-based
approach provided by DTs. Branching decisions are
determined by the degree of participation of variables
in fuzzy sets, with each node in the tree representing
a potential fuzzy rule. The tree enables the
decomposition of the complex dispatch problem into
smaller, more manageable components. It facilitates
the optimization of power generation while
considering factors such as valve-point effects, ramp
rate limits, and prohibited operating zones, and
simultaneously minimizes environmental impacts by
reducing greenhouse gas emissions (e.g., CO, SO-,
and N:0). This technique provides an efficient and
straightforward solution for early detection of
optimization issues with minimal processing
overhead.

Furthermore, this research introduces a novel fuzzy
logic-based decision tree (FLDT) approach to address
the inherent nonlinearities and uncertainties of the
ED problem [16]. By incorporating FL into unit limit
specifications, a more flexible framework is
established, effectively handling both hard and soft
constraints. This integration allows for the softening
of generation boundaries, leading to lower generation
costs and improved system performance, especially
under varying load conditions [17].

The primary contributions of this research are the
development of a straightforward and reliable
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technique for solving the ED problem. This approach
minimizes the number of iterations needed to achieve
optimal solutions while accounting for the influence
of various cost indices on electricity generation costs,
especially in high-demand  scenarios. By
incorporating FL into the optimization framework
[18-23], this study introduces a more flexible and
effective method for addressing both hard and soft
constraints, thereby improving system performance
and mitigating ecological impacts

The structure of this paper is as follows: Section 2
provides a comprehensive literature review,
emphasizing the limitations of traditional methods
and the advantages of innovative approaches. Section
3 details the proposed methodology. Section 4
presents the results, showcasing the performance
improvements achieved through the proposed
approach. Lastly, Section 5 concludes the study by
summarizing the key findings and suggesting
directions for future research.

2.Literature survey

The objective of ED, a critical optimization challenge
in power systems, is to minimize energy production
costs while adhering to system constraints such as
generator limits and power demand. This concept is
extended by combined economic and emission
dispatch (CEED), which incorporates multiple
objectives and constraints into the decision-making
process, including operational flexibility, renewable
energy integration, and pollution reduction [24, 25].

CEED enables the simultaneous optimization of
various objectives, such as system reliability,
environmental impact, and economic cost [26, 27].
This comprehensive approach aligns with modern
environmental goals, making it particularly suitable
for policies aimed at reducing emissions and
integrating green energy. Additionally, CEED
enhances the adaptability of power systems by
accounting  for uncertainties associated  with
renewable energy sources like solar and wind.
Techniques incorporating stochastic or fuzzy
reasoning can effectively manage such uncertainties,
ensuring reliable and efficient power delivery under
ambiguous conditions.

CEED also proves to be a valuable tool for modern
power system operations by considering variables
such as grid congestion, ancillary services, and
dynamic pricing. It supports demand-response
strategies and the transition to smart grids. By
balancing trade-offs among fuel costs, emissions, and
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operational constraints, CEED ensures more efficient
resource allocation. This is particularly advantageous
in deregulated energy markets, where conflicting
objectives among stakeholders are common.

Advanced decision-making techniques such as FL,
neural networks, and evolutionary algorithms
integrate seamlessly with CEED frameworks [28,
29]. For instance, fuzzy DTs with bell-shaped
membership functions can effectively capture
nonlinear relationships with uncertainties, thereby
improving decision accuracy. The hierarchical
structure of these methods helps break down complex
problems into smaller, manageable sub-problems,
significantly reducing computational complexity.

However, integrating multiple objectives and
constraints into CEED frameworks increases
computational demands. Solving multi-objective
optimization problems often requires high processing
power and sophisticated algorithms, which can be
challenging for real-time applications. Furthermore,
the accuracy of CEED frameworks heavily depends
on the quality and availability of input data.
Inaccurate or incomplete data, especially in systems
with high renewable energy penetration, can result in
suboptimal decision-making [30-32]. Implementing
CEED frameworks may also require policy
adjustments, additional investments in computational
tools, and system upgrades, which could face
regulatory or stakeholder resistance. Additionally, the
performance of CEED models diminishes with the
size and complexity of the system, particularly in
large interconnected grids or networks with a
significant share of distributed energy resources.

The BSFDT technique offers a novel solution to
some of CEED's challenges, particularly in handling
uncertainties and  nonlinear  decision-making
scenarios. Bell-shaped membership functions enable
smooth transitions between fuzzy states, enhancing
the representation of uncertainties related to grid
constraints and renewable energy generation.
Moreover, the hierarchical nature of BSFDT
simplifies computational complexity by decomposing
large problems into smaller, manageable components.

CEED provides a robust framework for addressing
the complexities of modern power systems, it also
presents challenges related to data dependency, trade-
off management, and computational demands [33,
34]. These challenges can be mitigated by employing
advanced techniques like BSFDT, which enable more
efficient and accurate decision-making in complex
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energy systems. The integration of CEED
frameworks with cutting-edge  decision-making
technologies holds promise for developing resilient
and sustainable power systems [35].

This opens new opportunities for BSFDT
applications, which are particularly well-suited for
solving unpredictable and dynamic dispatch problems
[36, 37]. In ecological and environmental contexts,
fuzzy DTs have demonstrated their versatility by
balancing economic benefits and environmental
impacts in pricing models. Traditional deterministic
models often fail to handle the complex, dynamic
datasets arising from the unpredictable nature of
inductive load patterns in electric power systems,
particularly in microgrid configurations. BSFDT has
enabled the development of adaptable pricing
approaches that are both cost-effective and
environmentally sustainable.

Fuzzy DTs have also proven effective in other
technical applications requiring resilient handling of
uncertainties and nonlinear control, such as sensor
design, hybrid circuit control, and Lidar-based
monitoring [38]. Their adaptability is critical for real-
world engineering tasks where uncertainty is a
constant factor, such as perturbations in merged ED
optimization. In such scenarios, precise monitoring is
required, yet data is often noisy or incomplete.

The combination of fuzzy DTs with advanced
machine learning models, such as neural networks,
holds significant potential for developing resilient
and adaptable decision-making systems. These
systems can address economic and emission dispatch
optimization challenges arising from nonlinear loads
[39]. As fuzzy DT models continue to demonstrate
their value in domains requiring complex and high-
stakes decision-making—such as energy
management, environmental policy, and automated
controls—they are expected to become indispensable
tools for contemporary control systems and decision-
making frameworks [40].

3.Proposed approach

The study presents an innovative approach called
BSFDT to enhance decision-making in mixed
financial dispatch scenarios. Initially, the unified ED
problem is defined, focusing on optimizing electricity
generation across diverse energy sources to meet
demand, reduce costs, and adhere to operational
constraints. To maintain consistency, historical data
on power usage, generation costs, fuel costs, and
constraints is gathered and preprocessed [41, 42]. FL
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is then applied to compensate for the unpredictability
and ambiguity introduced by decision-making
processes. Fuzzy sets are defined for each variable
input, and systems use inference with fuzzy sets to
simulate the relationships between the inputs and the
results. The BSFDT technique distinguishes itself by
using bell-shaped membership functions that allow
for better capture of nonlinear interactions and
uncertainty. These functions provide smooth
transitions between membership grades, increasing
the precision and longevity of the DT. The BSFDT is
constructed using pre-processed data and fuzzy
inference methods. These methods direct the
decision-making process by examining fuzzy rules to
identify the optimum dispatch mechanisms for
specific cases. The model's parameters are refined
using optimization techniques, and its performance is
validated through cross-validation methods. This
demonstrates its effectiveness in enhancing strategies
for combined ED guidelines. The implementation
was carried out using MATLAB on a Pentium 5 (P5)
machine with a central processing unit (CPU) speed
of 50 MHz. Most of the findings in the proposed
approach were achieved using MATLAB coding and
a suitable algorithm. The fundamental steps for
utilizing the BSFDT method to address a combined
dispatching problem are as follows [43-45]:

3.10bjective function

The combined ED problem involves optimizing
power generation while considering both economic
costs and emission levels represented by Equations 1,
2 and 3, making it a dual constraint optimization task.
To address the complexities of real-world power
systems, the inclusion of valve point loading in the
cost model becomes more advantageous. In this
study, both the cost function and emission levels are
transformed into cubic equations to facilitate the
optimization process.

Optimize
Fy = X2 fu(Pg) (1)

Where Fi;is defined as follows:
Fi, = Tyi + TaiPg; + T3Py + T4iPgi® +

abs(tsisin(f; X (Pmin — Pgi)) )
Taking
T1i, T2i, .... T5 represent the fuel purchase function’s

pricing coefficients that is found employing the
procedures laid down below.
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3.1.1Procedure for obtaining price functionality and
emission level parameters for cubic cost and emission
level functions
Method1:
Step 1: Use this hit-and-try approach to get a solution
for the cubic equation. To solve the cubic equation
P(x), set x = 0, £1, £2, £3, & continue until P(a) = 0.
Step 2: After we obtain P(a) = 0, calculate the
component (x - a) of P(x).
Step 3: Dividing P(x) by (x — a) to derive the
quadratic equation Q(x).
Step 4: Use the quadratic equation Q(x) to find the
variables (x - b)) and (x - o©).
Step 5: Express P(x) as the product of its factors:
P(X)=(x — a)(x — b)(x — ¢). Solving these factors gives
the roots a, b, and c.
Step 6: Calculate the cost of fuel, including coal,
expressed in dollars per hour for a given unit:
)=b+2cPgi+3dPg;
Where Pg; represents the power generation for unit i.
Step 7: Repeat Steps 1-6 to determine the cost and
emissions coefficients for the system.

Method2:

Step 1: Using the hit and try strategy, try a single
solution to the cubic problem. To solve the cubic
equation P(x), set x = 0, +1, £2, +3, & continue until
P(@) = 0.

Step 2: Calculate the first root, once a is found,
compute the first root using the formula:

Step 3: Calculate the second root, using x1 find the
next root

f(x1)
T
Step 4: Repeat the process to find X3, Xs, Xs,...,Xn,
until the values converge, meaning successive
approximations of x become nearly equal.
Step 5: The final values of x, when convergence is
achieved, represent the roots of the cubic equation a,
b, C.
Step 6: The cost of fuel, including coal, is represented
in dollars per hour for a specific unit as:
)=b+2cPgi+3dPg;
Step 7: The coefficients for cost and emissions are
determined by following steps 1 through 7.
Step 8: The pollution level function coefficients are
determined as:
Fy; = Tei + T7iPg; + TgiPgi” + ToiPgi°
Where
Fy,= thermal unit cost of fuel function

PM™n= the it smallest power unit

Tei, T7i, Tsi, Toi are the coefficients for the emission
level function, calculated using the method described
in Section 3.1. The cost and emission coefficients are
shown in Table 1 and Table 2.

X2 =X

Table 1 Cost and emission coefficients along with Pgimin and Pgimax limits without loss

T1i Tai T3 Tag To; Tei Ty Tgi To; Pyimin  Pgimax fi
0.0148 0.097 97.9 1405.4 453.58 0.02 1.35 200.3 22262 90 453 0.1344
0.001 0.0173 17.34 24838 18245 0.0034  0.065 3258 24546 38 182 0.054
0.0013 0.044 1533 6779 135.65 0.0032 0.12 2935 18399 27 135 0.00002
0.000607 0.0285 24.7 1202.74  90.99 0.0033 0.0303 40.39 7349 18 91 0.0269
0.00194 0.017 7.956  221.57 90.93 0.0032 0.0449 31.01 0.369 18 91 0.0269
0.000742 0.0211 412.61 108.94 0.0025 0.1299 4046 1.28 22 109 0.0322
Table 2 Cost and emission coefficients along with Pgimin and Pgimax limits with loss

Ty Tai T3i Tai Tei Tei 774 Tgi Toi Pgimin  Pgimax fi
0.015 0.0999 99.91 14335 462.65 0.0211  1.377 2046  227.07 91.43 461.74  0.137
0.00107 0.01769 17.69 253.85 136.09  0.0034  0.067 33.23 250.36  36.78 135.72  0.0551
0.0013 0.0447 15.58 688.98 137.36 0.0033  0.122 29.82 136.98 27.24 137.59  0.00008
0.000619  .0291 2521 1266.69  92.79 0.0034  0.030 4119 74.96 18.338  92.60 0.0275
0.0019 0.0174 3.11 225.98 92.79 0.0033  0.045 31.63 38.63 18.338  92.60 0.0275
0.00075 0.0208 15.16  420.97 111.12  0.0265 0.1325 4128 130.62 21.96 110.9 0.032

3.1.2Algorithm for BSFDT in combined ED

Step 1: Start

Step 2: Select the total number of iterations as N
While I is lower than N

I=1+1

Construct fuzzy learning set (FLS) (the
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power and cost).

Fuzzify the technological limits.
Calculate every objective cost.

Fuzzyify the cost equations according to
Equation 1.
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Calculate the threshold value.
Label each load segment (LS) objective into
classes C1 or C2.
Save the most effective solution of the class.
Increase solution search.
Step 3: Start Fuzzification of technical boundaries
for all units, P
If P, is less than or equal to the technical
minimum, the new minimum is computed as follows:
Mint = min * Pl (n — 1) + Plin
If P.L, larger than or equal to the
technological ~maximum, the updated
technical maximum is computed as follows:
Max' = Smax * Pig (1 — 1) + Ploy
End to all units
Step 4: Solution search intensification

Initially, FLS is created varying the powers from
minimum to maximum technical values. Then

Class C,is obtained.
Start of an intensification cycle

New P}, and B}, are found for each unit inside
all objects of Class C; (or C;,if it is not the first

intensification cycle)

A new FLS is created thus resulting a new class C;

and therefore, a new solution is found.

End intensification cycle
Step 5: Use the objective operation, limitations, and
system models to define the economic load dispatch
(ELD) problem as a computational optimization
problem. This entails expressing the problem by
means of decision variables, goal functions, and
constraints.
Step 6: Use the specified optimization algorithm to
find an ideal or near-optimal solutions to the stated
ELD problem. The method iteratively adjusts the
selection variables to reduce the function’s value
while adhering to the constraints.
Step 7: Validate the resulting solution to ensure that
it meets the operational criteria of the power system.
Conduct a sensitivity analysis to assess the impact of
changes in input variables on the solution's accuracy
and robustness. Incorporate the optimized dispatch
strategy into the power system’s operation and
control framework. Align the approach with real-time
monitoring and control mechanisms. Implement
integrated control systems to enhance operational
efficiency and  responsiveness to  dynamic
fluctuations in demand and generation.
Step 8: This approach provides a comprehensive
foundation for enhancing power system performance
through ELD.
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The steps in this method may vary based on the
specific requirements and characteristics of the power
system, as outlined in Section 3.1.2.

Uncertainties in input data, such as fuel prices and
demand forecasts, are typically addressed in ELD
models using various strategies designed to mitigate
risks and enhance solution robustness under
uncertainty. Common approaches include:

Scenario-based approaches: This method involves
generating a set of scenarios representing different
possible outcomes. By analyzing multiple scenarios,
decision-makers can develop dispatch strategies that
perform well under a range of possible conditions.
Robust  optimization:  Robust  optimization
techniques focus on finding solutions that remain
effective under uncertain conditions by considering
worst-case scenarios. Instead of optimizing for a
single predicted case, the objective is to identify
strategies that perform well across all possible
variations while adhering to predefined constraints.
Risk-averse optimization: This approach
incorporates risk metrics, such as Value-at-Risk
(VaR) or Conditional Value-at-Risk (CVaR), into the
optimization framework. By explicitly accounting for
potential adverse effects of uncertainty, the model
seeks to balance expected performance with
minimizing downside risks.

Real-time adjustments: ELD models can also be
designed to adapt dynamically by modifying
dispatching decisions in real time as new information
becomes available. This may involve employing
forecasting techniques to predict future values of
uncertain parameters and updating dispatch strategies
accordingly.

The selection of an appropriate uncertainty
management strategy depends on the specific
characteristics of the problem, the availability of data,
and the decision-makers' risk tolerance. Each
approach has its strengths and limitations, requiring
careful evaluation to determine the most suitable
method for a given power system.

3.1.3Detailed explanation of the construction of Fuzzy
DT and their utility within the framework of the
combined dispatching problem
Fuzzy DT use FL to handle ambiguity and vagueness
in data. They are widely utilized in decision-making
processes where both inputs and results are not
clearly defined and may be uncertain. Here is a
detailed explanation of how fuzzy DTs are
constructed and applied in the context of the
combined dispatching problem:
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Problem formulation: The combined dispatching
problem involves determining how to allocate
resources and schedule jobs in complex systems such
as manufacturing facilities or transportation
networks. This problem often includes multiple
conflicting objectives, imprecise information, and
unpredictable circumstances.

Data collection: The first step in constructing a
fuzzy DT is gathering relevant data related to the
combined dispatching problem. This data may
include information on available resources, job
requirements, environmental conditions, and past
performance.

Fuzzification: Fuzzification is the process of
converting crisp (precise) data into fuzzy sets to
model vagueness and ambiguity in decision-making.
For example, instead of defining temperature as
exactly 25 degrees Celsius, it can be represented as a
fuzzy set with membership functions such as "very
hot,” "warm," and "cool."

Feature selection: Next, relevant features or
attributes are selected from the collected data to serve
as inputs for the fuzzy DT. These attributes should
include key information that influences decision-
making, such as resource availability, task
complexity, and environmental conditions.
Partitioning: The feature space is divided into fuzzy
sets based on linguistic terms. For example, if the
attribute is  "resource availability,” it can be
categorized into fuzzy sets such as "low," "medium,"
and "high,” based on specific criteria or expert
knowledge.

Rule generation: Rules are formulated based on the
fuzzy sets defined during the partitioning process.
These rules establish the conditions under which
specific choices or actions should be taken. For
example, a rule might state: "If resource availability
is high and task complexity is low, then allocate the
resource immediately."

Rule evaluation: Once the rules are created, they are
evaluated using fuzzy inference techniques. This
involves determining the degree to which each
condition satisfies the criteria based on the current
input data. FL enables reasoning with imperfect and
uncertain data, making it well-suited for handling the
inherent ambiguity in the combined dispatching
problem.

Decision-making: Resource allocation and job
scheduling decisions are made based on rule
evaluations. These decisions aim to optimize multiple
competing objectives, such as minimizing costs,
maximizing efficiency, and meeting deadlines, while
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considering the uncertainties and constraints inherent
in the problem.

Information and modification: The fuzzy DT
structure is dynamic and flexible, incorporating
feedback mechanisms to continuously improve
decision-making performance over time. Feedback
can be obtained through monitoring system
performance, collecting new data, or adjusting fuzzy
sets and rules based on expert knowledge and
experience.

Fuzzy DT can be integrated with other optimization
techniques and decision-support tools to effectively
address the combined dispatching problem. They
provide a flexible and interpretable decision-making
framework, allowing decision-makers to analyze,
understand, and manage complex systems in
uncertain environments.

Importance of BSFDT over other heuristic
method

This approach has faster uncertain handling, greater
interpretability, and nonlinearity handling
capabilities, robustness, adaptability, hybrid methods,
scalability, and composite performance properties.
Sensitivity analysis: It is used to select key
parameters, choose an appropriate ELD method,
construct a performance matrix, conduct experiments,
and solve mathematical models in a real-time
environment. This process involves a fuzzy bell-
shaped membership function and the corresponding
domain areas it covers.

Scalability of FLDT: The adaptability of the Fuzzy
DT approach for larger and more complex power
systems in ELD refers to its ability to manage
increasing system complexity and scale while
maintaining  effectiveness and  computational
efficiency. Scalability is essential in ELD, which
involves allocating loads among multiple generating
units to meet demand at the lowest possible cost.

As power systems expand or become more
complex—due to factors such as the growing
integration of renewable energy sources or various
operational constraints—the ELD approach must be
capable of efficiently managing these challenges.
FLDT approaches help describe and regulate
complex systems by combining the interpretability of
fuzzy reasoning with the decision-making capabilities
of DT. In the context of ELD, FLDT approaches
facilitate optimal generator scheduling while
considering multiple factors and constraints, ensuring
a balanced, cost-effective, and adaptive dispatch
strategy.
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The scalability of FLDT approaches in ELD depends
on several key factors:

Computational complexity: As the size of the
power network increases, the computational
challenge of solving the ELD problem also grows.
FLDT algorithms must be capable of handling this
increased complexity efficiently, ensuring that
computation times remain feasible even for large-
scale power systems.

Model adaptability: FLDT approaches should be
flexible enough to accommodate different system
configurations and constraints. They should be able
to integrate new data and constraints dynamically as
the system evolves, without requiring extensive
retraining or recalibration.

Accuracy and performance: Despite increasing
system complexity, FLDT approaches should
maintain high accuracy and robust performance in
identifying optimal or near-optimal ELD solutions.
Key considerations are production costs, transmission
constraints and environmental regulation.
Interpretability: One of the advantages of FLDT
approaches is their transparency, allowing operators
to understand the decision-making process behind the
optimization. However, as the system scales in size
and complexity, maintaining interpretability becomes
more challenging. Nevertheless, it remains crucial for
effective decision-making and operational reliability.

Overall, the adaptability of FLDT approaches in ELD
for larger or more complex electrical systems
depends on their ability to efficiently handle
increased computational demands, adapt to changing
system  conditions, maintain  accuracy and
performance, and remain interpretable for decision-
makers. Advancements in computational techniques
and method optimization can enhance the scalability
of FLDT methods, enabling them to effectively
address the challenges of modern power systems.
3.1.4Impact of environmental regulations and emission
standards on the performance and selection of ELD
methods
Environmental restrictions and emission limits
significantly impact the performance and selection of
ED methods in the energy sector. One of the primary
considerations is cost. Environmental regulations
often impose penalties or charges for exceeding
emission limits. Since ED systems are designed to
minimize the total cost of power generation while
meeting demand, strict emission requirements
necessitate incorporating the costs of emissions,
including potential fines or penalties for non-
compliance. This adjustment modifies the cost
function used in ED optimization, requiring a balance
between generation costs and regulatory expenses.
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Another crucial factor is technology selection.
Emission levels vary depending on the type of power
generation  technology  used.  Environmental
regulations may incentivize cleaner energy sources or
impose restrictions on high-emission methods,
affecting the choice of dispatch strategies. ED
systems must consider these regulatory factors when
determining the most cost-effective combination of
power generation units, ensuring both economic
efficiency and compliance with emission standards.

BSFDT workflow

Step 1: Convert clear input data (such as demand,
fuel costs, and emission variables) into fuzzy sets
using bell-shaped membership functions.

Step 2: Develop fuzzy rules that represent the trade-
offs between emission constraints and ED objectives.

Step 3: Build a DT with nodes and branches that
illustrate decision pathways based on the fuzzy rules.

Step 4: Traverse the DT to determine the optimal
dispatch parameters while balancing economic
efficiency and emission compliance.

Step 5: Convert fuzzy outputs back into crisp values
to generate actionable dispatch instructions.

3.20ptimization of power system operations
Within the context of optimizing power system
operations, a crucial set of constraints includes both
equality and inequality conditions that govern various
aspects of the system’s behavior. These constraints
account for power balancing and consumption
limitations, playing a pivotal role in ensuring a
reliable and efficient power generation process. One
of the most fundamental constraints in this category
is the requirement to maintain a balance between
power generation and consumption. This stipulates
that the total power output of the system must
precisely match the total demand placed upon it.
Mathematically, this constraint can be expressed as
(Equation 3 to 6):

Pgl:PD + Ploss (3)
Pgimin SPgi < Pgimax (4)
Ty, = Xiz1 Xi=1 PiBy;P; )

PD =1050MW withoutloss
Py = Y%y X1 Pyi BijPyj + XiZ1 Boi Pyi + Boo

(6)
Where,
P,;: Power generated by the i generator.
PD: Total power demand of the system.
Pioss: Total power loss in the system, mainly due to
transmission losses.
Pgimin:  Minimum allowable power output of
generator i.
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Pyimax: Maximum allowable power output of
generator i.

T.: Total transmission line losses in the system.

Pi,P;: Power outputs from different generating units.
Bij: Loss coefficient matrix, which represents how
power losses are affected by power generation at
different

Locations

3.3Uncertain threshold cost
Each cost object is assigned a membership function,
as illustrated in Figure 1 and Equation 7.
( (1), (c =¢p)
) (/2a),(0 < c <¢p)
He 7 (=b/2a), 65 < com)
0' (C 2 Covu)
Where, g = Covu — B(Coru = Cnin) 0 < B <1

(7

Where f signifies the degree of ambiguity, with B =0
indicating firm boundaries and f = 1 representing
fuzziness.

A low fuzzy threshold strategy [46, 47], which
defines the minimum level of membership required
for an item to be classified under Ci. The smallest
cost among items in a specific LS is referred to as
Cmin, While Coyy represents the ideal generating cost
threshold value. Category C: is mathematically
defined using Equation 8 as follows:

Ci= {OEU [Ho = I.J.cmin} (8)

Where oeU: Specifies that o is an object or item that
belongs to the universal set U

Ho: Denotes the membership degree of the object o
in a fuzzy set.

Hemin: Represents the minimum membership degree
required for an item to be included in category Ci.

3.4Limits on generator power in fuzzy modelling
The primary purpose of this research is to assess the
financial ~ viability —of controlled generation
overloading and its effects on system costs. While it
is widely recognized that generator overloads can be
managed within specific timeframes, this paper
focuses exclusively on static analysis, deliberately
excluding dynamic aspects. This focus is particularly
relevant in contexts such as Chile, where generator
overloads are commonly employed to address active
power contingencies.

The study evaluates the economic feasibility of this
practice in such scenarios. By evaluating each unit's
operation within controlled limits, this study
investigates whether intentional overloading, either
above or below power limits, can optimize system
costs. The analysis focuses on the economic
implications of managed generator overloads,
particularly in scenarios where the supplier's income
is determined by the system's marginal cost. This
setup incentivizes overloading as a strategy to avoid
unmet commitments and reduce reliance on
potentially costly spot market purchases.

Fuzzy Membership value for varions generation cost
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.E 038 / . \
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% 02 / | E 1
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0 /' 1 1 1
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Cost

Figure 1 Variation of fuzzy membership function with real power generation cost

3.5Fuzzification of generator limits
The process involves fuzzifying the limits, as
demonstrated in Figure 2 using Pmax as an example (a
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similar approach is applied for Pmin). The unit-
generated power incorporates a membership function
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as described in [41, 42] and is represented by
Equation 9.

(1), (> = pp)
HUp = (b/zamax)' (O =p= (pﬁ - é‘max)) (9)
(_b/zamax)' (pﬁ sp=s (pﬁ‘ + é‘max))

(0), (@ = Povu)
Where P is unit-generated power, percentages over P,
denoted by the feasible range 0.2 <P;, < 0.5.

Uyp indicates membership value for unit-generated
power p. pg is the central or ideal power output value
where membership is maximum (equals 1). &,,4x
indicates maximum deviation allowed from pg, b is
the scaling factor used to adjust the slope of the
membership function. p,,, is the overload power
limit beyond which membership drops to 0.

Fuzzy membership value for various generation real power limits

1o
£ os //'T\\
g » a .
é“ 0.6 ,/: | ][\‘
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0 / Pahm Plp,_ - P‘p,ﬁ?am ‘\;u-{;
Fezal power limit in MW

Figure 2 Variation of fuzzy membership value for different generator real power limits

3.6Fuzzy demand
The fuzzification of demand, as represented by
Equation 10, ensures a higher probability of
occurrence around the anticipated demand levels
rather than deviating significantly from it. Figure 3
illustrates the grouping function applied to the
demand, centered on the anticipated value. The use of
a triangular membership function highlights the
effectiveness of this approach, balancing simplicity
and precision. This method serves as a foundation for
more complex and traditional formulations, which are
being explored as part of ongoing research.
1,D = Dda
_)b/2p,0 <D < Dda
Ha=3_p/2p,Dda < D < D,,,
0,D = Doy

(10)

Uq is the membership value for the system demand
D. D represents the system demand. Dga represents
the projected

or anticipated demand for a specific time period.
Variance around the projected demand Dga is
represented by p.

D,y Shows the over-demand threshold beyond which
the membership drops to zero.
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In the context of power system optimization, several
key considerations are crucial for effective decision-
making. One notable aspect is the fuzzification of
system demand, represented by D. Through this
process, values are redistributed to favor levels closer
to the projected demand (Dga), rather than those
farther away. The degree of demand variation around
the projected demand is indicated by a specific
variable that quantifies this variation.

Another important constraint is related to ramp rates,
which define the upward and downward slope rates
of a generator. These ramp rates impose restrictions
on how quickly a generator's output can increase or
decrease. Consequently, the generator's operating
limits are adjusted to align with these constraints
[48-50]. The fuzzy DT technique has been devised to
address these considerations, and the basic algorithm
outlined below provides a clear representation of its
implementation. This approach ensures that the
optimization process accounts for both demand
fuzzification and ramp rate constraints while
maintaining operational efficiency.
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Figure 3 Variation of membership function value for different values of power demands

Implementation steps
Step 1: Start
Step 2: Define N as the total number of iterations
available for optimization, which progresses
according to Equation 11.
Step 3: Initialize the iteration counter 1=0.
Step 4: Increment the iteration counter:

Update I=1+1 whenever I<N.
Step 5: Create a cost-effective and adaptable learning
kit. ldentify and remove any technological
constraints.
Step 6: Calculate the target cost values for all
objectives.
Step 7: Use the fuzzy cost equation. Apply Equation
1 to compute the fuzzy cost for each target.
Step 8: Determine the threshold value. Establish the
threshold to evaluate the solutions.
Step 9: Evaluate the actual power generation outputs
from the system.
Step 10: Categorize each LS goal. Sort the goals into
Category C; based on membership criteria.
Step 11: Retain the best Category C; solution. Select
the most optimal solution from Class C;.
Step 12: Broaden the search space to identify
potential improvements in subsequent iterations.
Step 13: End the process once the optimal criteria are
met.
Step 14: Stop

Methodological limits of fuzzification

Start fuzzification for all units, P'. If the minimum
power price p.,;, is less than or equal to the lowest
technological threshold, the following formula is
applied to determine the next technical low, as
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represented by Equation 11. If pl,,, is greater than
or equal to the current technical highest, the
following formula, shown in Equation 12, is used to
calculate the next technical optimum.

Min' :_6min X prlnin_(.u - 1) + prlnin. (11)

If Max' = 6max X p7l‘rlax (1 - ,Lt) + prlnax (12)

Algorithm for intensifying solution lookup

The search for solutions is intensified by the

following steps:

1. Initial LS formation: The LS is initially formed by
modifying the power values from the lowest
technical value p.,;, to the highest technical value
PLax for each unit.

2. Acquisition of class Ci: After forming the initial
LS, class Cs is identified, representing the optimal
or best class based on the criteria.

3. Cycle of intensification begins: The intensification
cycle starts, wherein new p. .. and pi,.,. values
are discovered for each unit across all class
objects.

4. First cycle check: If this is the first cycle of
intensification, a new LS is produced, leading to
the creation of a new class C; and ultimately a new
solution. If it is not the first cycle, the process
continues by adjusting parameters based on the
intensification strategy.

5. Finish the intensification cycle: The intensification
cycle ends when the desired optimization criteria
are met, resulting in an improved solution.

These codes help in understanding the efficacy of the
solution, but further clarification is needed to fully
appreciate its advantages. Firstly, the strength of the
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algorithm lies in its ability to avoid local minima,
consistently searching for valleys with the lowest
objective function values. It navigates these valleys
through the intensification procedure. Secondly,
regardless of the starting point, the algorithm always
converges to the optimal solution, as the threshold
values themselves represent the objective costs.

Unlike other heuristic methods, this approach does
not require an extensive training process, aside from
calibrating the overall solution's precision, which is
directly linked to the load shedding grid. The
proposed algorithm offers a comprehensive solution
for power system optimization. By fuzzifying
demand and incorporating ramp rate constraints, it
provides a robust and effective strategy. The
pseudocodes provide a clear framework for system
optimization, illustrating the algorithm's
functionality, its ability to avoid local minima, its
reliability in reaching optimal solutions, and its
simple implementation. This research introduces a
novel approach to power system optimization,
considering both economic and technical aspects
under various constraints.

The algorithm’s ability to avoid local minima is
crucial, as it consistently seeks the lowest objective
function values and refines the solution through the
intensification process. Furthermore, it converges to
the optimal solution, regardless of the initial
conditions, because the threshold values represent the
objective cost. One significant advantage of this
approach is that, unlike many other heuristics, it
requires no additional training beyond calibrating
precision to the load shedding grid. Tables 1 and 2
include cost and emission coefficients, along with
Pgmn and Pgmax limits, both with and without
considering losses.

4.Results and discussion

The results for determining the ED problem using the
proposed approach are presented in Tables 3 to 6. For
power demands of 1250 MW, 4000 MW, and 7000
MW, the performance of various optimization
techniques is evaluated in Tables 7, 8, and 9. These
techniques include the Lagrange method, particle
swarm optimization (PSO) method, non-fuzzy logic-
based decision tree (NFLDT) approach [51-53], and
the proposed BSFDT approach. The primary
performance measures for comparison include the
cost per hour ($/hr) and the power loss in megawatts
(MW). The results indicate that the bell-shaped
FLDT method significantly impacts moderate and
high-range power demands.
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Using bell-shaped fuzzy decision-making in
economic load distribution enhances electrical system
operations, resource utilization, stability, reliability,
and decision-making in uncertain and dynamic
contexts. This method effectively addresses the
limitations of traditional optimization techniques by
integrating FL into bell-shaped membership
functions, allowing for precise modeling of complex
systems such as ELD. The application of FL
improves the efficiency of generation resource
distribution and ensures robustness  against
uncertainty and variations in load demand, fuel prices
[46-48], and other factors, which contributes to
overall power system stability.

The adaptability of bell-shaped fuzzy decision-
making allows power system operators to respond
effectively to fluctuating market conditions and
regulatory requirements. Additionally, optimized
economic load distribution reduces operational costs
by minimizing fuel consumption, maintenance, and
other expenses [54, 55]. The risk of incorrect
economic load distribution decisions is also reduced
through FL, which explicitly considers uncertainty
[56]. Figures 4, 5, and 6 illustrate the defuzzification
of membership functions with respect to power
demand and real power generation, with and without
transmission loss.

Table 7 presents a comparative analysis of the 1250
MW power demand, evaluating cost and emissions
across different methods. The BSFDT method
achieves the lowest cost ($0.1293/hr) compared to
the Lagrange ($0.1290/hr), PSO ($0.1295/hr), and
NFLDT ($0.1298/hr) methods when losses are
considered. Although the differences are minor, they
translate into substantial cost reductions over
extended periods.

For a 4000 MW power demand, Table 8 compares
the costs and power losses of various methods. The
Lagrange method incurs a cost of $40,528.30/hr with
a power loss of 105.53 MW, while the NFLDT
method has a cost of $40,413.24/hr with a loss of
90.95 MW. The BSFDT method results in a cost of
$40,446.63/hr with a power loss of 92.23 MW. The
BSFDT method remains competitive, offering cost-
effective results while minimizing transmission
losses. Figures 7 and 8 illustrate the variation of
membership functions concerning cost, with and
without transmission losses, while Figures 9 and 10
show cost variations concerning real power
generation. For a 7000 MW power demand, Table 9
evaluates the performance of different optimization
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methods. The Lagrange method has a cost of
$70,705.16/hr with power losses of 321.76 MW, the
NFLDT method incurs a cost of $70,590.60/hr with
losses of 311.97 MW, and the BSFDT method
achieves a lower cost of $70,345.91/hr with losses of
only 286.93 MW. The BSFDT approach

Table 3 Cost and emission without and with transmission loss

demonstrates superior performance in cost reduction
and loss minimization at high demand levels,
significantly outperforming the Lagrange and
NFLDT methods. Figures 11 and 12 illustrate
emission variations with and without transmission
losses.

Pg; with P g; without Cost in Cost in Cost in Cost in Cost in Cost in Cost in Cost
loss Loss $/hr $/hr $/hr $/hr $/hr $/hr $/hr in$/hr
(x 1019 (x 101 (% 1010 (% 1010) (x101)  (x (x 1010 (x10%)
without with loss without with loss without 10%) without  with
loss for for loss  for for loss for with loss for loss for
proposed  proposed Lagrange Lagrange PSO loss for NFLDT NFLDT
method method method method method PSO method  method
method
94 97 0.1284 0.1293 0.1280 0.1290 0.1286 0.1295  0.1289 0.1298
152 150 0.0840 0.0902 0.0836 0.0900 0.0843 0904 0.0846 0.0907
210 200 0.5506 0.6381 0.5504 0.6379 0.5508 0.6384  0.5510 0.6385
214 212 1.1461 1.2192 1.1459 1.2190 1.1463 1.2195 1.1465 1.2196
274 268 0.4289 0.4670 0.4287 0.4668 0.4291 0.4672  0.4293 0.4675
331 323 1.3906 1.5480 1.3904 1.5478 1.3908 1.5482 1.3911 1.5484

Table 4 Comparison of cost and emissions for the proposed method with other metaheuristic methods, with and

without transmission loss

P gi with P gi without Cost in Cost in Cost in Cost in Cost in Cost in Cost in Cost
loss Loss $/hr $/hr $/hr $/hr $/hr $/hr $/hr in$/hr
(%x10%) (x10%0) (x10%0) (x10%0) (X100  (x101%) (x10%°)  (x10Y)
without with loss without with loss without  with without with
loss for for loss for for loss for loss for loss for loss for
proposed  proposed Lagrange Lagrange PSO PSO NFLDT  NFLDT
method method method method method method  method method
94 97 0.1284 0.1293 0.1280 0.1290 0.1286 0.1295 0.1289 0.1298
152 150 0.0840 0.0902 0.0836 0.0900 0.0843 0904 0.0846 0.0907
210 200 0.5506 0.6381 0.5504 0.6379 0.5508 0.6384 0.5510 0.6385
214 212 1.1461 1.2192 1.1459 1.2190 1.1463 1.2195 1.1465 1.2196
274 268 0.4289 0.4670 0.4287 0.4668 0.4291 0.4672 0.4293 0.4675
331 323 1.3906 1.5480 1.3904 1.5478 1.3908 1.5482 1.3911 1.5484

Table 5 Comparison of the outcomes for a 4000 MW power demand

Power (MW) Lagrange technique NFLDT Technique Bell-shaped FLDT
P1 785 785 720.81
P2 327.69 385 364.04
P3 765 765.58 695.54
P4 865 865 965

P5 835 805.03 756.42
P6 724 685 749

P7 865 861 765.30
P8 755 755.36 825.22
P9 725 725 690.60
P10 675.07 680 755

Cost ($ h)) 70705.16 70590.60 70345.91
Losses (MW) 321.76 311.97 286.93
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Table 6 Comparison of outcomes for 7000 MW power demand

Power (MW) Lagrange Technique NFLDT Technique Bell-shaped FLDT
P1 434.86 363.17 301.72
P2 128.76 160.49 197.53
P3 399.66 327.68 412.86
P4 458.99 533.19 515.49
P5 454.27 365.22 388.13
P6 344.04 424.38 415.70
P7 458.99 392.69 429.56
P8 406.94 468.42 482.29
P9 403.74 377.93 333.82
P10 615.28 677.78 610
Cost($ h1) 40528.30 40413.24 40446.63
Losses(MW) 105.53 90.95 92.23

Table 7 Comparison of Cost and emissions for the proposed method with other metaheuristic methods
for a power demand of 1250 MW

Pgi Pgi Cost in Cost in Cost in Cost in Cost in Cost in Cost in Cost in

with  without $/hr $/hr $/hr $/hr $/hr $/hr $/hr $/hr

loss loss (x 1019 (x10%) (x10%) (x10%) (x10%) (x10%) (x 10%) (x 10%)
without with loss without with loss without with loss without with loss
loss for for loss for for loss for for PSO loss for for NFLDT
proposed  proposed Lagrange Lagrange PSO method NFLDT method
method method method method method method

94 97 0.1284 0.1293 0.1280 0.1290 0.1286 0.1295 0.1289 0.1298

152 150 0.0840 0.0902 0.0836 0.0900 0.0843 0904 0.0846 0.0907

210 200 0.5506 0.6381 0.5504 0.6379 0.5508 0.6384 0.5510 0.6385

214 212 1.1461 1.2192 1.1459 1.2190 1.1463 1.2195 1.1465 1.2196

274 268 0.4289 0.4670 0.4287 0.4668 0.4291 0.4672 0.4293 0.4675

331 323 1.3906 1.5480 1.3904 1.5478 1.3908 1.5482 1.3911 1.5484

Table 8 Comparison of the outcomes for A 4000 MW power demand

Power (MW) Lagrange Technigque NFLDT Technigue Bell-shaped FLDT
P1 434.86 363.17 301.72
P2 128.76 160.49 197.53
P3 399.66 327.68 412.86
P4 458.99 533.19 515.49
P5 454.27 365.22 388.13
P6 344.04 424.38 415.70
P7 458.99 392.69 429.56
P8 406.94 468.42 482.29
P9 403.74 377.93 333.82
P10 615.28 677.78 610
Cost($ h't) 40528.30 40413.24 40446.63
Losses(MW) 105.53 90.95 92.23

Table 9 Comparison of outcomes for 7000 MW power demand

Power (MW) Lagrange Technique NFLDT Technigue Bell-shaped FLDT
P1 785 785 720.81

P2 327.69 385 364.04

P3 765 765.58 695.54

P4 865 865 965

P5 835 805.03 756.42

P6 724 685 749

P7 865 861 765.30

P8 755 755.36 825.22

P9 725 725 690.60
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Power (MW) Lagrange Technique NFLDT Technique Bell-shaped FLDT
P10 675.07 680 755
Cost ($ h'1 70705.16 70590.60 70345.91
Losses (MW) 321.76 311.97 286.93
'y Membership function ve Pd in MW
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Figure 4 Defuzzification of membership function in relation to power demand
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Figure 5 Defuzzification of membership function in relation to real power generation without loss
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Figure 6 Defuzzification of membership function in relation to real power generation with loss

Table 7 presents a comparative analysis of the 1250
MW power demand, evaluating cost and emissions
across different methods. The BSFDT method
achieves the lowest cost ($0.1293/hr) compared to
the Lagrange ($0.1290/hr), PSO ($0.1295/hr), and
NFLDT ($0.1298/hr) methods when losses are
considered. Although the differences are minor, they
translate into substantial cost reductions over
extended periods.

For a 4000 MW power demand, Table 8 compares
the costs and power losses of various methods. The
Lagrange method incurs a cost of $40,528.30/hr with
a power loss of 105.53 MW, while the NFLDT
method has a cost of $40,413.24/hr with a loss of
90.95 MW. The BSFDT method results in a cost of
$40,446.63/hr with a power loss of 92.23 MW. The
BSFDT method remains competitive, offering cost-
effective results while minimizing transmission
losses. Figures 7 and 8 illustrate the variation of
membership functions concerning cost, with and
without transmission losses, while Figures 9 and 10
show cost variations concerning real power
generation.

For a 7000 MW power demand, Table 9 evaluates the
performance of different optimization methods. The
Lagrange method has a cost of $70,705.16/hr with
power losses of 321.76 MW, the NFLDT method
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incurs a cost of $70,590.60/hr with losses of 311.97
MW, and the BSFDT method achieves a lower cost
of $70,345.91/hr with losses of only 286.93 MW.
The BSFDT approach demonstrates superior
performance in cost reduction and loss minimization
at high demand levels, significantly outperforming
the Lagrange and NFLDT methods. Figures 11 and
12 illustrate emission variations with and without
transmission losses.

The findings from Tables 7 to 9 confirm that the
BSFDT methodology is an effective and reliable
approach for optimizing power generation across
different demand levels. It consistently outperforms
or competes closely with traditional methods, making
it a promising solution for power system
management. The method proves particularly
effective at higher power demand levels, where its
ability to reduce both cost and losses becomes more
evident.

These results suggest that the BSFDT method should
be prioritized for ED applications due to its superior
balance of cost-effectiveness, stability, and
adaptability. Its potential to enhance decision-making
in power systems makes it a valuable option for
utilities and energy management applications,
offering a more sustainable and reliable approach to
power generation optimization.
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Mhembership function vs. cost with loss
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Limitations

The bell-shaped membership-based fuzzy decision-
making system represents a major advancement in
ELD and power system optimization. It allows for
greater accuracy in decision-making, improved
resource allocation, and enhanced grid stability. By
capturing system constraints and preferences with
greater precision, this method reduces operating costs
and improves power system efficiency.

However, while this approach offers several
advantages over traditional optimization methods, it
also has some limitations. The effectiveness of the
bell-shaped membership function depends on precise
parameterization [57-59]. Any inaccuracies in
defining these parameters may lead to suboptimal
performance. Additionally, while this approach
excels in stable conditions, its adaptability in
handling real-time uncertainties and dynamic load
variations may be limited. Power systems often face
fluctuating demand and increasing integration of
renewable energy sources, which necessitates
continuous monitoring and calibration of the fuzzy
decision-making model.

To fully leverage the benefits of this system, power
system operators should invest in advanced data
analytics and machine learning techniques to enhance
parameter  accuracy.  Additionally,  real-time
monitoring systems and contingency plans should be
developed to address unexpected changes in power
demand. Training programs focused on the
implementation and optimization of the bell-shaped
approach can help system operators maximize its
potential while addressing challenges associated with
parameter sensitivity and real-time adaptability [60,
61].

The BSFDT approach provides a significant
improvement in ELD by optimizing load distribution,
reducing costs, and enhancing power system stability.
Despite its reliance on precise parameterization, this
approach remains a valuable tool for utilities and
energy management applications. By addressing its
limitations and integrating advanced optimization
strategies, power system operators can ensure a more
sustainable, efficient, and resilient power supply. A
complete list of abbreviations is listed in Appendix I.

5.Conclusion and future work

This study introduces the BSFDT methodology to
enhance decision-making in ED scenarios. The
BSFDT method effectively addresses challenges in
solving the economic dispatch problem (EDP),
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including improving solution quality, computational
efficiency, and global search capability, through the
application of FL, intensification procedures, and
optimization strategies. The BSFDT approach
demonstrates exceptional adaptability by utilizing
bell-shaped membership functions that effectively
capture nonlinear interactions and uncertainties in
power systems. By integrating FL into the decision-
making process, the method ensures flexibility in
managing constraints and optimizes resource
allocation. The inclusion of fuzzy demand modeling
enhances the ability to evaluate generation costs
comprehensively while addressing uncertainties in
demand forecasting. The findings indicate that the
BSFDT achieves significant reductions in costs and
transmission losses across varying power demand
levels (e.g., 1250 MW, 4000 MW, and 7000 MW). It
proves particularly effective at higher power
demands, where its ability to optimize resource
utilization and minimize losses becomes more
evident. Furthermore, the methodology incorporates
environmental considerations, offering a balanced
approach to achieving economic efficiency and
sustainability in power system operations. The
BSFDT  methodology represents a  notable
advancement in power system optimization. By
addressing real-world  complexities, improving
decision-making processes, and providing sustainable
solutions, the approach ensures efficient, reliable, and
environmentally  responsible power  system
management. Its adaptability and scalability make it a
valuable tool for modern utilities and energy
management applications.
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Appendix |

S.No.  Abbreviation Description

1 BSFDT Bell-Shaped Fuzzy Decision Trees

2 CO Carbon Monoxide

3 CPU Central Processing Unit

4 CVAR Conditional Value-at-Risk

5 DT Decision Tree

6 ED Economic Dispatch

7 EDP Economic Dispatch Problem

8 ELD Economic Load Dispatch

9 FL Fuzzy Logic

10 FLS Fuzzy Learning Set

11 FLDT Fuzzy Logic-Based Decision Tree

12 IC Integrated Circuit

13 |EEE Institute of Electrical and Electronics
Engineers

14 LS Load Segment

15 NFLDT Non-Fuzzy Logic-Based Decision Tree

16 N,O Nitrous Oxide

17 P5 Pentium 5

18 PSO Particle Swarm Optimization

19 SO, Sulfur Dioxide




