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ABSTRACT
The selection of quality rice seeds is vital for
maximizing  agricultural = productivity and

sustainability. This study develops an expert
system for rice seed selection based on intelligent
data processing using the Knowledge-Based
System (KBS) and Decision Tree methods. KBS
encodes expert knowledge to evaluate seed
quality and environmental compatibility, while
Decision Tree algorithms classify and predict
optimal seed choices. Experimental results
demonstrate  the system's accuracy in
recommending suitable seeds, reducing selection
time and effort. This research highlights the
potential of artificial intelligence in enhancing
decision-making processes in modern agriculture
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INTRODUCTION

Rice seed selection is a critical factor in achieving high agricultural
productivity and ensuring food security. Traditional methods often depend on
manual evaluations and expert judgment, which can be time-intensive and
prone to errors. These challenges highlight the need for intelligent solutions
that combine expert knowledge with data-driven decision-making to enhance
the accuracy and efficiency of seed selection processes.

This study introduces an expert system for rice seed selection utilizing
the Knowledge-Based System (KBS) and Decision Tree methods. KBS enables
the systematic encoding of expert knowledge, facilitating effective evaluation of
seed quality and environmental compatibility. Meanwhile, the Decision Tree
method offers robust classification and predictive capabilities, enhancing the
system's ability to recommend optimal seed varieties.

The proposed approach addresses the complexity of seed selection by
integrating domain expertise with intelligent algorithms, providing a scalable
and accurate decision-support tool for farmers. This research contributes to
advancing agricultural practices by demonstrating the potential of artificial
intelligence to optimize critical processes in modern farming.

LITERATURE REVIEW

This study evaluates the performance of the expert system for rice seed
selection based on the Knowledge-Based System (KBS) and Decision Tree
methods. The system's classification performance was assessed using metrics
such as precision, recall, F1-score, and support, calculated for each class of rice
seeds

Research Findings

The system was tested on a dataset consisting of three classes of rice
seeds: High-Quality (HQ), Medium-Quality (MQ), and Low-Quality (LQ). The
performance metrics are summarized in the table below:

Table 1. Research Findings

Class Precision Recall F1-Score Support
High-Quality 0.94 0.91 0.92 200
(HQ)

Medium- 0.89 0.93 091 150
Quality (MQ)

Low-Quality  0.90 0.88 0.89 150

(LQ)

Average/Total 0.91 0.91 0.91 500
Discussion

The results indicate that the system performs well across all classes,
achieving an average precision, recall, and F1-score of 91%. The High-Quality
(HQ) class exhibited the highest precision (94%), reflecting the system's ability
to accurately identify top-quality seeds. The Medium-Quality (MQ) class
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achieved the highest recall (93%), indicating effective identification of true
positives within this category.

The balanced Fl-scores across classes demonstrate the system’s
reliability in managing trade-offs between precision and recall. The
support column confirms that the system was tested on an adequate
number of samples for each class, ensuring robust evaluation.

These findings underscore the effectiveness of integrating KBS and
Decision Tree methods for intelligent decision-making in rice seed
selection. The system's consistent performance across all metrics
highlights its potential for practical application in diverse agricultural
settings.

Future improvements could include integrating real-time
environmental data and exploring advanced algorithms to further
enhance system accuracy and adaptability.

METHODS
1. Data Collection

The dataset used in this study was collected from agricultural research
institutions and local farming communities. The dataset consisted of 500
samples of rice seeds, with attributes such as:

o Physical characteristics: grain size, weight, and color.

o Environmental compatibility: soil type, temperature, and water

availability.

o Historical performance: yield rates and resistance to pests and diseases.
Domain experts were consulted to identify critical factors influencing seed
selection, which were encoded into the system's knowledge base.

2. Knowledge-Based System Design

The KBS was developed to encode expert knowledge systematically for
evaluating rice seeds. The following steps were followed:

o Knowledge Acquisition: Information from agricultural experts was

structured into decision rules, addressing key seed selection criteria.

e Rule-Based Inference Engine: The system used an inference engine to
apply the decision rules dynamically, facilitating the identification of
suitable seeds based on input data.

o Knowledge Representation: A tree-like structure was used to represent
the relationships between seed attributes and their suitability, allowing
seamless integration with the Decision Tree method.

3. Decision Tree Algorithm
The Decision Tree method was implemented to classify rice seed
categories (High-Quality, Medium-Quality, Low-Quality). The steps included:

o Data Preprocessing: Normalization of numerical data and encoding of
categorical data to ensure compatibility with the algorithm.

o Tree Construction: The dataset was split into training (80%) and testing
(20%) subsets. The Gini Index was used as the splitting criterion to
identify the most significant attributes.

o Pruning: To avoid overfitting, post-pruning was applied to simplify the
tree structure while maintaining accuracy.

219



Rahayu, Rosyani, Saputra, Umar, Prasdio, Syach

4. System Implementation
The expert system was implemented as a web-based application,
allowing farmers to input seed and environmental data through an interactive
interface. The system processed this input through the KBS and Decision Tree
modules, delivering recommendations on the most suitable rice seeds.
5. Evaluation
The system's performance was evaluated based on:
o Classification Metrics: Precision, recall, Fl-score, and accuracy were
calculated using the testing dataset.
o User Feedback: Surveys were conducted with 50 farmers and
agricultural experts to assess the system's usability and reliability.
o Comparative Analysis: The system’s recommendations were compared
to expert judgments to validate its accuracy.
6. Tools and Technologies
The following tools and technologies were utilized:
e Programming Language: Python for algorithm development and
integration.
o Libraries: Scikit-learn for implementing the Decision Tree algorithm, and
Flask for developing the web interface.
« Database: MySQL for storing seed data and decision rules

RESULTS
Step 1: Dataset Preparation

The dataset comprises 500 rice seed samples collected from agricultural
research institutions and local farms. It includes attributes that influence seed

selection
Table 2. Summary of Dataset Structure
Sample | Grain | Weight | Color Soil | Temperature Waterr Pest Yield Seed
ID Size (8) Type Availability | Resistance Rate Quality
(mm) (ton/ha)
001 5.2 32 Yellow | Clay 28 Adequate High 6.5 High
002 4.8 30 Brown | Sandy 27 Low Medium 5.8 Medium
003 5.1 29 Yellow | Loam 29 Adequate High 6.2 High

Step 2: Preprocessing and Feature Extraction
Preprocessing ensures data consistency and compatibility with the Decision Tree
algorithm. Steps included:

1. Handling missing values by replacing them with the mean or mode of
respective attributes.
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2. Normalizing numerical features to a 0-1 scale for uniformity.
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3. Encoding categorical attributes using one-hot encoding.

Table 3. Preprocessing and Feature Extraction

Sam | Gra | Weig | Colo | Colo | Soi | Soil | Soil | Tempera | Wat | Water Pest | Yie | Seed
ple in ht r r 1 | San | Loa ture er | Adequ | Resista | 1d | Quali
ID | Siz Yell | Bro | Cl | dy | m Lo ate nce Rat ty

e ow | wn | ay w e
001 | 072 082 | 1.0 00 [1.0| 0.0 | 0.0 0.78 0.0 1.0 1.0 0.85 | High
002 | 064 | 078 | 0.0 1.0 00| 1.0 | 0.0 0.72 1.0 0.0 0.5 0.72 | Medi
um

Step 3 : Splitting the Dataset
The dataset was split into training and testing subsets, with 80% allocated for

training and 20% for testing.

Subset Number of Samples | Percentage
Training Set | 400 80%
Testing Set | 100 20%

Step 4 : Model Training

The Decision Tree algorithm was trained using the training dataset. The Gini

Table 4. Train-Test Split

Index was employed as the criterion for splitting nodes.

Tree Depth and Parameters:

Table 5. Model Training

Parameter Value
Maximum Depth 5
Minimum Samples 10

Step 5 : Model Evaluation
The model was evaluated on the testing dataset using metrics such as precision,

recall, F1-score, and accuracy.
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Table 6. Evaluation Metrics (Confusion Matrix Report)

Class Precision | Recall | F1-Score | Support
High-Quality 0.94 0.91 0.92 45
Medium-Quality 0.89 00.93 091 30
Low-Quality 0.90 0.88 0.89 25
Average/Total 0.91 0.91 0.91 100

Summary of the Steps and result

Dataset Preparation: 500 rice seed samples were collected, including
physical, environmental, and performance attributes.

Preprocessing and Feature Extraction: Data normalization and one-hot
encoding were applied to ensure compatibility with the Decision Tree
algorithm.

Data Splitting: The dataset was split into 80% training and 20% testing
subsets.

Model Training: The Decision Tree algorithm was trained with a
maximum depth of 5 and a minimum of 10 samples per split.

Evaluation: The model achieved a precision of 91%, recall of 91%, F1-
score of 91%, and an overall accuracy of 92%, demonstrating its
effectiveness in seed classification.

CONCLUSIONS AND RECOMMENDATIONS
1. Conclusions
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This study successfully developed an expert system for rice seed
selection by integrating KBS and Decision Tree methods. The system
achieved high accuracy and efficiency, providing reliable
recommendations to farmers. Its scalability and adaptability highlight its
potential to transform agricultural practices. Future research could
incorporate real-time environmental data and advanced machine
learning techniques to further enhance its performance.
Recommendation
Based on the findings of this study, the following recommendations are
proposed:

Integration with IoT Devices: Incorporate Internet of Things (IoT) sensors
for real-time data collection on environmental factors such as soil
moisture, temperature, and humidity.

Expansion of Dataset: Increase the dataset size and diversity to include
different rice varieties and regional environmental conditions for broader

applicability.
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3. Advanced Machine Learning Techniques: Explore the integration of
ensemble methods, such as Random Forest or Gradient Boosting, to
further improve classification accuracy.

4. Farmer Training: Provide training programs for farmers to effectively
use the expert system and interpret its recommendations.

5. Mobile Application Development: Develop a user-friendly mobile
application to make the system accessible to a wider audience, especially
in remote farming areas.
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