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Abstract- This scientific journal presents a fuzzy
logic-based approach for selecting the optimal model
that minimizes the power rating, given the product
size, feed size, and capacity. The study utilizes the
‘skfuzzy® library in Python to implement the fuzzy
logic system. A dataset containing various model
samples along with their corresponding feed size,
product size, capacity, and power rating is loaded
from a CSV file. Fuzzy membership functions are
defined for the input variables: feed size, product
size, and capacity, as well as the output variable:
power rating. Fuzzy rules are established to
determine the relationship between the input and
output variables. The fuzzy control system is created
and simulated to evaluate the power rating for each
data sample. The model with the lowest power rating
is identified as the optimal
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I INTRODUCTION

In mining engineering, selecting the optimal model
that minimizes the power rating is crucial for
maximizing energy efficiency. Traditional approaches
often rely on crisp logic and precise mathematical
models, which may overlook the inherent uncertainties
and complexities present in real-world scenarios.
Fuzzy logic provides a powerful framework for
dealing with such uncertainties by employing
linguistic variables and fuzzy sets. This journal
proposes a fuzzy logic-based approach to tackle the
problem of model selection for power rating
minimization
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Il. METHODOLOGY

The methodology involves several key steps,
including data preprocessing, defining problem
variables, establishing fuzzy membership functions,
formulating fuzzy rules, creating a fuzzy control
system, and simulating the system for optimal model
selection. The Python programming language, along
with the ‘skfuzzy' library, 1is utilized for
implementation

e Data Preprocessing

The dataset containing the model samples, feed size,
product size, capacity, and power rating is loaded from
a CSV file using the ‘pandas’ library. This dataset
serves as the basis for fuzzy logic analysis and model
selection.

e Fuzzification of Problem Variables

Fuzzification involves mapping crisp input values to
fuzzy sets. In this study, the feed size, product size,
power rating and capacity variables are fuzzified.

The problem variables, namely feed size, product size,
capacity, and power rating, are defined using the
‘ctrl.Antecedent’ and “ctrl.Consequent” classes from
the ‘skfuzzy.control’ module. These variables
represent the input and output of the fuzzy logic
system.

e Fuzzy Membership Functions

Fuzzy membership functions are defined for each
problem variable to capture the linguistic
interpretation of their values. The “automf(3)" method
is used to automatically generate three fuzzy sets
(poor, average, and good) for each variable. This
allows for the characterization of the variables in a
fuzzy manner. The membership functions determine
the degree to which a value belongs to a particular
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fuzzy set. The membership functions for the input
variables and output variable are as follows:

- Feed Size (Antecedent):

- Poor: “automf(3)" generates the membership
function for the "poor" fuzzy set.

- Average: “automf(3)" generates the membership
function for the "average" fuzzy set.

- Good: ‘automf(3)' generates the membership
function for the "good" fuzzy set.

- Product Size (Antecedent):

- Poor: ‘automf(3)’ generates the membership
function for the "poor" fuzzy set.

- Average: ‘automf(3)" generates the membership
function for the "average" fuzzy set.

- Good: ‘automf(3)’ generates the membership
function for the "good" fuzzy set.

- Capacity (Antecedent):

- Poor: “automf (3) ' generates the membership
function for the "poor" fuzzy set.

- Average: ‘automf (3) ° generates the membership
function for the "average" fuzzy set.

- Good: ‘automf (3) ° generates the membership
function for the "good" fuzzy set.

- Power Rating (Consequent):

- Poor: ‘automf (3) ' generates the membership
function for the "poor" fuzzy set.

- Average: ‘automf (3) ° generates the membership
function for the "average" fuzzy set.

- Good: ‘automf (3) ° generates the membership
function for the "good" fuzzy set.

e Fuzzy Rules

Rule-based reasoning involves formulating linguistic
rules that represent the decision-making logic. In this
study, expert knowledge or domain-specific insights
are used to define the rules. Each rule consists of
antecedents (input variables) and consequents (output
variables). The rules describe how the input variables
influence the output variables. The following fuzzy
rules are defined for the model selection:

- Rule 1: IF feed size is poor AND product size is poor
AND capacity is poor, THEN power rating is good.

- Rule 2: IF feed size is poor AND product size is
average AND capacity is poor, THEN power rating is
average.
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- Rule 3: IF feed size is poor AND product size is good
AND capacity is poor, THEN power rating is poor.

- Rule 4: IF feed size is average AND product size is
poor AND capacity is average, THEN power rating is
good.

- Rule 5: IF feed size is average AND product size is
average AND capacity is average, THEN power rating
is average.

- Rule 6: IF feed size is average AND product size is
good AND capacity is average, THEN power rating is
poor.

- Rule 7: IF feed size is good AND product size is poor
AND capacity is good, THEN power rating is good.

- Rule 8: IF feed size is good AND product size is
average AND capacity is good, THEN power rating is
average.

- Rule 9: IF feed size is good AND product size is good
AND capacity is good, THEN power rating is poor.

e Fuzzy Control System and Simulation

The fuzzy control system is created using the defined
fuzzy variables and rules. The ctrl.ControlSystem’
class is employed to combine the variables and rules
into a control system. Subsequently, the
“ctrl.ControlSystemSimulation™ class is utilized to
simulate the fuzzy control system.

e Defuzzification

Defuzzification converts the fuzzy output values into
crisp values. The centroid method is employed in this
study. It calculates the center of gravity of the output
fuzzy set, providing crisp value power rating. The
centroid method is defined as follows:

- Power Rating: Crisp power rating value is
obtained by calculating the centroid of the fuzzy
output set using the following formula:

powerrating_crisp = Y, (powerrating value *
membership_value) / Y membership_value

e Optimal Model Selection

The fuzzy control system is evaluated for each data
sample from the dataset. The input variables (feed size,
product size, and capacity) are set to the corresponding
values of each sample, and the control system is
simulated. The power rating output is obtained and
compared with the current best power rating. The
model associated with the lowest power rating is
identified as the optimal model for power rating
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minimization.
IIl.  RESULTS AND DISCUSSION

The study successfully selects the optimal model that
minimizes the power rating based on the fuzzy logic
approach. The identified model represents the best
choice for maximizing energy efficiency and reducing
power consumption in the given context.
CONCLUSION

The presented approach  demonstrates the
effectiveness of fuzzy logic in model selection for
power rating minimization. By employing linguistic
variables, automf (3) membership functions, and fuzzy
rules, the approach captures the inherent uncertainties
and complexities of real-world systems. The results
highlight the potential of fuzzy logic in optimizing
energy efficiency and reducing power consumption in
various engineering applications.
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