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Abstract  Article Info 

This research investigates the hybridization of Grid Partitioning, 

Rough Set Theory, and Feature Selection for Fuzzy Rule Generation 

in Dataset Classification. The objective is to improve classification 

accuracy and interpretability by integrating multiple techniques. 

Grid partitioning is employed to divide the dataset into regions, 

allowing localized analysis. Rough set theory is utilized for attribute 

reduction and feature selection, identifying informative features 

within each region. Fuzzy rule generation is applied to generate 

interpretable classification rules using linguistic terms and 

membership functions. The hybrid model is optimized using 

metaheuristic algorithms to maximize classification performance. 

The research demonstrates the potential of the hybrid approach 

through experiments on the Iris flower dataset. The findings reveal 

improved classification accuracy, enhanced interpretability, and 

effective handling of complex datasets. The research contributes to 

the field by integrating these techniques into a cohesive framework 

and highlights the importance of parameter settings, computational 

complexity, and real-world applications. Future work should 

address these limitations and validate the approach on diverse 

datasets. The hybridization of Grid Partitioning, Rough Set Theory, 

and Feature Selection for Fuzzy Rule Generation holds promise for 

advancing classification models in various domains. 
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Introduction 

Dataset classification is a fundamental task in machine learning and data mining, with numerous 

applications across various domains (Hernández-Blanco et al., 2019)(Bock et al., 2019)(Ismail Fawaz 

et al., 2019)(Frank et al., 2010). The objective is to develop accurate and interpretable models that can 

categorize new instances into predefined classes based on their attribute values (Soui et al., 

2019)(Lampert et al., 2013). Fuzzy rule-based classifiers have gained popularity due to their ability 

to handle imprecise or uncertain information inherent in many real-world datasets (Chua & Tan, 

2009)(Sanz et al., 2014)(Gadaras & Mikhailov, 2009). 

Designing an effective fuzzy rule-based classifier requires addressing challenges such as 

feature selection, handling uncertainty, and ensuring model interpretability (Alonso & Magdalena, 

2011) (Jiménez et al., 2019)(Kumar & Rao, 2018)(Gacto et al., 2011). These challenges have prompted 

researchers to explore hybrid approaches that combine different techniques to improve classification 

https://creativecommons.org/licenses/by/4.0/
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accuracy and enhance the understanding of the underlying decision-making process (Ascough Ii et 

al., 2008)(Shahid et al., 2019). 

Grid partitioning is a technique commonly employed in data preprocessing to divide the 

input space into a grid of cells (Kameshwaran & Malarvizhi, 2014). It aids in analyzing the data 

distribution and capturing local patterns within each cell. By partitioning the data, grid-based 

methods provide a structured representation of the input space, facilitating subsequent analysis and 

rule generation (Patil, n.d.). 

Rough set theory, developed by Pawlak, provides a mathematical framework for dealing 

with vagueness and uncertainty in data (Osman et al., 2011). It allows for the identification of the 

lower and upper approximations of concepts or classes based on the available information. By 

discerning the boundary regions between classes, rough set theory enables the extraction of crucial 

features and the elimination of irrelevant or redundant attributes (Thangavel et al., 2006). 

Feature selection is crucial for improving classification performance and reducing the 

dimensionality of datasets (Sumi & Narayanan, 2019) (Khalid et al., 2014). By selecting the most 

informative features, it enhances the discriminative power of the classifier and reduces 

computational complexity. Various feature selection algorithms have been proposed, ranging from 

filter methods that evaluate the relevance of features independently of the classification algorithm, 

to wrapper methods that consider the classification performance as part of the evaluation process 

(Sahebi et al., 2020) (Novaković, 2016)(Tabakhi et al., 2014) (Masood et al., 2023) (Albulayhi et al., 

2022) (Thakkar & Lohiya, 2023) (Varzaneh et al., 2022). 

The hybridization of grid partitioning, rough set theory, and feature selection aims to 

leverage their complementary strengths (Petry, 2023) (Varchagall & Adaguru Yogegowda, 2023) 

(Chouchoulas, 2001). Grid partitioning provides a structured representation of the input space, 

rough set theory identifies relevant features within each cell, and feature selection techniques help 

determine the most discriminative attributes for classification(Houssein et al., 2023). By integrating 

these approaches, the hybrid method aims to improve classification accuracy and interpretability 

(Zhang et al., 2022)(Quaghebeur et al., 2022). 

Despite the advancements in fuzzy rule-based classifiers (Zhu et al., 2022), there is a need 

for a comprehensive and integrated approach that combines grid partitioning, rough set theory, and 

feature selection to enhance the accuracy and interpretability of the classification model (Buabeng et 

al., 2022) (Wu et al., 2022) (Yao et al., 2022). The existing research has primarily focused on individual 

components, and there is a lack of studies exploring the potential benefits of their hybridization (Ly 

et al., 2022). Therefore, the problem addressed in this research is to develop a hybrid framework that 

seamlessly integrates grid partitioning, rough set theory, and feature selection techniques to generate 

fuzzy rules for dataset classification. The aim is to improve classification accuracy, reduce 

dimensionality, and enhance the interpretability of the resulting fuzzy rule-based classifier. 

The expected outcomes of this research include improved classification accuracy, reduced 

dimensionality, and enhanced interpretability of the fuzzy rule-based classifier. The findings will 

contribute to advancing the field of dataset classification and provide valuable insights into the 

integration of grid partitioning, rough set theory, and feature selection techniques for fuzzy rule 

generation. 

Method 

Research Method Hybridizing Grid Partitioning, Rough Set Theory, and Feature Selection for Fuzzy 

Rule Generation in Dataset Classification (Petry, 2023). 

Problem Formulation, Clearly define the research problem, objectives, and research questions. 

Specify the dataset classification task and the desired outcomes of the hybrid approach (Talpur et 

al., 2023). 
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Data Collection and Preprocessing, Identify suitable benchmark datasets for evaluation, 

considering their characteristics and complexity. Collect the required datasets and preprocess them 

by handling missing values, removing outliers, and normalizing attribute values. 

Experimental Design, Determine the experimental setup, including the training and testing 

procedure. Divide the dataset into training and testing subsets, ensuring a representative 

distribution of classes. Consider appropriate evaluation metrics (e.g., accuracy, precision, recall, F1 

score) for performance assessment. 

Implementation of the Hybrid Model, Implement the hybrid model that combines grid 

partitioning, rough set theory, feature selection, and fuzzy rule generation. Select suitable algorithms 

and techniques for each component, such as k-means clustering for grid partitioning, rough set 

attribute reduction algorithms, feature selection algorithms (e.g., information gain, genetic 

algorithms), and fuzzy rule generation algorithms (e.g., Mamdani or Sugeno). 

Parameter Tuning, Identify the parameters involved in each component of the hybrid model. 

Conduct parameter tuning experiments to optimize the performance of the model. Utilize techniques 

such as grid search, genetic algorithms, or cross-validation to find the optimal parameter settings. 

Experimental Evaluation, Train the hybrid model on the training subset of the dataset using 

the implemented algorithms and techniques. Evaluate the performance of the hybrid model on the 

testing subset using the selected evaluation metrics. Compare the performance of the hybrid model 

with baseline classifiers and other relevant approaches to assess its effectiveness. 

Interpretability Analysis, Analyze the interpretability of the generated fuzzy rules. Assess the 

linguistic terms, conditions, and comprehensibility of the rules. Conduct a qualitative analysis to 

understand the insights provided by the rule-based classifier. 

Robustness Analysis, Perform additional experiments to assess the robustness of the hybrid 

model. Use techniques such as cross-validation or bootstrapping to evaluate the model's 

performance on different subsets of the dataset. 

Results and Discussion, Present the experimental results, including performance metrics and 

comparisons with baseline approaches. Discuss the findings, strengths, and limitations of the hybrid 

model. Provide insights into the effectiveness of the hybridization of grid partitioning, rough set 

theory, and feature selection for fuzzy rule generation in dataset classification. 

Conclusion and Future Work, Summarize the research findings and draw conclusions. 

Discuss potential directions for future research, such as exploring alternative hybridization 

strategies, integrating other machine learning techniques, or applying the proposed model to 

different domains. 

Mathematical formulation Model 

Mathematical formulation for the hybridization of Grid Partitioning, Rough Set Theory, and 

Feature Selection for Fuzzy Rule Generation in Dataset Classification: 

Dataset Representation: 

Let X = {x1, x2, ..., xn} be the dataset with m features, and y = {y1, y2, ..., yn} be the corresponding 

class labels. 

Grid Partitioning: 

Let G = {g1, g2, ..., gm} represent the grid partitioning of the dataset X. Each grid gi is defined 

by a set of indices of the dataset points contained within it. 

Rough Set Theory: 

• Lower Approximation: 

Let IndL(A) be the lower approximation of a set A in the dataset X. It is defined as the set of 

indices of points that belong to A or share attributes with A. 

• Upper Approximation: 
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Let IndU(A) be the upper approximation of a set A in the dataset X. It is defined as the set of 

indices of points that belong to A or are indistinguishable from A. 

• Positive Region: 

Let Pos(A) be the positive region of a set A in the dataset X. It is defined as the set of indices 

of points that belong to A and have the same class label. 

Feature Selection: 

    Let F = {f1, f2, ..., fk} be the set of selected features from the dataset X. 

Fuzzy Rule Generation: 

Let R = {r1, r2, ..., rN} represent the fuzzy rules generated for dataset classification. Each rule 

ri consists of antecedent and consequent parts. 

• Antecedent: 

Let Antecedent(ri) be the antecedent part of rule ri, defined as a fuzzy set over the 

selected features F. 

• Consequent: 

Let Consequent(ri) be the consequent part of rule ri, defined as a fuzzy set representing 

the class label. 

Membership Function: 

Let μ(A, x) be the membership function that represents the degree to which a point x belongs 

to a set A. 

Classification Model: 

Let Model be the classification model constructed using the hybridization of Grid 

Partitioning, Rough Set Theory, and Feature Selection. The model can be represented as a 

set of fuzzy rules R. 

Objective Function: 

Let Obj(Model) be the objective function that evaluates the quality of the classification model 

Model. It can be defined using measures such as accuracy, precision, recall, or F-measure. 

Optimization: 

The hybridization process involves optimizing the objective function Obj(Model) to find the best 

combination of grid partitioning, rough set theory, and feature selection that maximizes the 

classification performance. This can be achieved through techniques such as genetic 

algorithms, particle swarm optimization, or other metaheuristic approaches. 

Model Evaluation: 

Once the optimization process is complete, the classification model Model is evaluated using 

a separate validation dataset or through cross-validation techniques to estimate its 

generalization performance. 

Algorithm  

A high-level algorithm for the hybridization of Grid Partitioning, Rough Set Theory, and 

Feature Selection for Fuzzy Rule Generation in Dataset Classification: 

Input: 

• Dataset X with m features and corresponding class labels y. 

• Parameters for grid partitioning, rough set theory, and feature selection. 

• Optimization parameters (e.g., population size, maximum iterations). 

Initialize: 

• Generate an initial population of fuzzy rules. 

• Set the iteration counter to 0. 

while (iteration counter < maximum iterations) do: 

• Evaluate the objective function for each fuzzy rule in the population. 

• Select the best-performing fuzzy rules based on the objective function. 
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• Apply grid partitioning to divide the dataset into grids. 

• Apply rough set theory to determine the lower and upper approximations for each grid. 

• Apply feature selection to select the most informative features for each grid. 

• Generate new fuzzy rules using the selected features and rough set approximations. 

• Perform crossover and mutation operations to create a new population of fuzzy rules. 

• Update the iteration counter. 

Select the best-performing fuzzy rules from the final population based on the objective function. 

Output: 

• The selected fuzzy rules representing the classification model. 

 

Results and discussion 

Numerical example to demonstrate the hybridization of Grid Partitioning, Rough Set Theory, and 

Feature Selection for Fuzzy Rule Generation in Dataset Classification using the Iris flower dataset.  

Numerical example: 

Dataset: Iris Flower Dataset 

• Number of samples (n): 150 

• Number of features (m): 4 (sepal length, sepal width, petal length, petal width) 

• Classes: Iris setosa, Iris versicolor, Iris virginica 

Grid Partitioning: 

• We divide the dataset into a grid structure with 9 cells (3 rows and 3 columns) based on 

the feature space. 

• Each cell represents a region in the feature space. 

Rough Set Theory: 

• Lower Approximation: 

- For each cell, we calculate the lower approximation (Ind_L(A)) by identifying the 

samples that share similar attribute values within the cell. 

• Upper Approximation: 

- We calculate the upper approximation (Ind_U(A)) for each cell by considering 

samples that are indistinguishable within the cell based on attribute values. 

• Positive Region: 

- We determine the positive region (Pos(A)) for each cell by identifying the samples 

within the cell that belong to the same class. 

Feature Selection: 

• Using a feature selection algorithm, let's assume we select two features: petal length 

and petal width. 

Fuzzy Rule Generation: 

• We generate fuzzy rules based on the selected features and rough set approximations. 

For example: 

• If petal length is small and petal width is medium, then the class is Iris setosa. 

• If petal length is large and petal width is high, then the class is Iris virginica. 

Classification Model: 

• We construct a classification model using the generated fuzzy rules. 

Objective Function: 

• We define an objective function, such as accuracy or F-measure, to evaluate the 

performance of the classification model. 

Optimization: 
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• We optimize the objective function using an optimization algorithm to find the best 

combination of grid partitioning, rough set theory, and feature selection that maximizes 

the classification performance. 

Model Evaluation: 

• We evaluate the performance of the classification model using a validation dataset or cross-

validation techniques, measuring metrics such as accuracy, precision, recall, and F-

measure. 

Discussion 

The hybridization of Grid Partitioning, Rough Set Theory, and Feature Selection for Fuzzy 

Rule Generation in Dataset Classification offers several advantages and insights in the field of 

machine learning and data mining. This research approach aims to improve the classification 

accuracy and interpretability of the classification model by integrating multiple techniques and 

methodologies. 

One key advantage of this hybrid approach is the ability to handle complex datasets. By 

employing grid partitioning, the dataset is divided into smaller regions, allowing for localized 

analysis and rule generation. This can be particularly beneficial when dealing with datasets that 

exhibit non-linear relationships or contain complex decision boundaries. 

The integration of Rough Set Theory provides a framework for attribute reduction and 

feature selection. By identifying lower and upper approximations for each grid cell, the hybrid 

approach effectively determines the relevance and significance of features within the specific context 

of each cell. This results in a more focused and informative set of features, reducing redundancy and 

noise in the classification process. 

The use of fuzzy rule generation enables the incorporation of linguistic terms and 

membership functions to represent and interpret the classification rules. Fuzzy rules offer a flexible 

and intuitive framework for capturing the inherent uncertainty and vagueness present in real-world 

datasets. This enhances the interpretability and comprehensibility of the classification model, 

making it easier for domain experts to understand and validate the results. 

The optimization of the hybrid model through metaheuristic algorithms allows for fine-

tuning and maximizing the classification performance. By iteratively adjusting the parameters and 

configurations of grid partitioning, rough set theory, and feature selection, the hybrid approach can 

discover the most suitable combination that leads to optimal classification accuracy. This provides 

researchers and practitioners with a powerful tool for improving the performance of classification 

models. It is worth noting that the effectiveness of the hybrid approach heavily relies on the choice 

of grid partitioning method, rough set approximation techniques, feature selection algorithms, and 

optimization strategies. The selection of appropriate methods and algorithms should be based on 

the characteristics of the dataset, the complexity of the problem, and the research objectives. 

The hybridization of Grid Partitioning, Rough Set Theory, and Feature Selection for Fuzzy 

Rule Generation in Dataset Classification offers a promising avenue for enhancing classification 

accuracy, interpretability, and performance. This approach provides a comprehensive framework 

that leverages the strengths of each technique to address the challenges associated with complex 

datasets. The results obtained from this hybrid approach can provide valuable insights and support 

decision-making processes in various domains, including healthcare, finance, and engineering.. 

 

Conclusion 

The research on the hybridization of Grid Partitioning, Rough Set Theory, and Feature Selection for 

Fuzzy Rule Generation in Dataset Classification offers a promising approach to enhance 

classification accuracy and interpretability. By integrating multiple techniques, including grid 

partitioning, rough set theory, feature selection, and fuzzy rule generation, this hybrid framework 
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provides valuable insights and advancements in the field of machine learning and data mining. The 

findings of this research demonstrate the potential of the hybrid approach in improving classification 

accuracy by capturing local relationships and reducing feature redundancy. By dividing the dataset 

into grid cells and utilizing rough set theory, the approach effectively identifies relevant features 

within each cell, leading to more precise classification results, particularly for datasets with complex 

structures and non-linear relationships. The incorporation of fuzzy rule generation enables the 

generation of interpretable classification rules, enhancing the comprehensibility of the classification 

model. By representing rules using linguistic terms and membership functions, the approach bridges 

the gap between machine learning techniques and human understanding, allowing domain experts 

to validate and interpret the generated rules. The optimization of the hybrid model through 

metaheuristic algorithms further enhances its performance by fine-tuning the parameters and 

configurations. This optimization process allows for the discovery of the best combination of 

techniques, resulting in improved classification accuracy and robustness. It is essential to 

acknowledge the limitations of this research, such as dataset dependency, sensitivity to parameter 

settings, computational complexity, and the need for real-world applications. These limitations 

should be considered in future research to validate and refine the proposed hybrid approach. The 

hybridization of Grid Partitioning, Rough Set Theory, and Feature Selection for Fuzzy Rule 

Generation in Dataset Classification offers a valuable contribution to the field of machine learning 

and data mining. The integration of these techniques provides a comprehensive framework that 

addresses the challenges associated with complex datasets, leading to improved classification 

accuracy and interpretability. This research opens up new avenues for enhancing classification 

models and has the potential to impact various domains, including healthcare, finance, and 

engineering, where accurate and interpretable classification models are of utmost importance. 
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