Mathematical Statisticianand Engineering Applications
ISSN:2094-0343
2326-9865

Fuzzy Logic Approach For Accurate Crop Yield Forecasting
(Rice)

Shikalgar Anisa Bashir!: Dr.Narendra Sharma?
Research Scholar —
Department of Computer Science & Engineering, Sri Satya Sai University of Technology &
Medical Sciences, Sehore, MP, India
Research Guide
Department of Computer Science & Engineering, Sri Satya Sai University of Technology &
Medical Sciences, Sehore, MP, India

Avrticle Info Abstract

Page Number: 2262 - 2270 This paper presents a comprehensive approach to rice crop yield prediction
using MATLAB code for data visualization and analysis. We collected and
analyzed data at key stages of the rice crop growing cycle, including
Vol 72 No. 1 (2023) planting, vegetative growth, reproductive growth, and maturity. Through
the visualization of sample data and prediction of yield values, we gained
insights into the factors influencing rice productivity and identified trends
and variations across different stages of growth. Our analysis highlights the
utility of MATLAB code in agricultural decision-making, allowing farmers
and practitioners to optimize management strategies for enhanced crop
yield potential. By integrating technological advancements into agricultural
research and practice, we contribute to the advancement of sustainable rice
Avrticle History: cultivation practices and global food security efforts.

Article Received: 15 November 2022

Revised: 24 December 2022
Accepted: 18 January 2023

Publication Issue:

Keywords: Rice crop yield prediction, Agricultural decision-making, Data
visualization, Crop growth stages

Introduction

Agricultural productivity is not only essential for ensuring food security but also for
sustaining economies and livelihoods worldwide. Among various crops, rice holds particular
significance as a staple food for a large portion of the global population. However, the
inherently uncertain and complex nature of agricultural systems presents challenges for
accurately predicting rice yields. Traditional statistical methods often struggle to capture the
intricate relationships between environmental factors, crop management practices, and yield
outcomes. In recent years, there has been a growing interest in leveraging advanced
computational techniques, such as fuzzy logic, to improve the accuracy and reliability of crop
yield forecasting. Fuzzy logic offers a flexible and intuitive framework for modeling
uncertainty and vagueness inherent in agricultural systems. Unlike traditional binary logic,
which relies on crisp distinctions between true and false, fuzzy logic allows for the
representation of imprecise and uncertain information using linguistic variables and fuzzy
sets. This makes it well-suited for capturing the complex and nonlinear relationships between
input variables and crop vyields, which are often influenced by a multitude of factors such as
weather conditions, soil properties, pest infestations, and agronomic practices.
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The application of fuzzy logic in crop yield forecasting, particularly for rice, has garnered
significant attention from researchers and practitioners alike. By integrating domain-specific
knowledge of rice cultivation with fuzzy logic modeling techniques, researchers aim to
develop accurate and robust predictive models that can provide valuable insights for farmers,
policymakers, and other stakeholders. These models take into account various factors such as
temperature, rainfall, soil moisture, nutrient levels, and pest prevalence, thereby enabling
more informed decision-making in rice cultivation.

Several studies have demonstrated the efficacy of fuzzy logic approaches in rice yield
prediction. Researchers have explored different methodologies, including fuzzy time series
models, fuzzy inference systems, and hybrid approaches combining fuzzy logic with other
machine learning techniques. These studies have shown promising results in terms of
prediction accuracy and robustness, highlighting the potential of fuzzy logic for enhancing
crop yield forecasting in rice production systems.

In this paper, we present a comprehensive investigation into the application of fuzzy logic for
accurate crop yield forecasting, focusing specifically on rice cultivation. We review existing
literature, discuss the theoretical foundations of fuzzy logic modeling, and present case
studies and experiments illustrating the effectiveness of fuzzy logic approaches in rice yield
prediction. Additionally, we highlight the practical implications of our research and discuss
future directions for advancing fuzzy logic-based forecasting techniques in agriculture.
Through this work, we aim to contribute to the ongoing efforts to improve agricultural
productivity and ensure food security in rice-growing regions worldwide.

Fuzzy AHP:

Fuzzy Analytic Hierarchy Process (Fuzzy AHP) is an extension of the Analytic Hierarchy
Process (AHP) that incorporates fuzzy logic to handle uncertainty and imprecision in
decision-making processes. AHP is a multi-criteria decision-making method developed by
Thomas Saaty, which allows decision-makers to systematically compare and prioritize
alternatives based on a set of criteria. However, traditional AHP assumes crisp values for
pairwise comparisons of criteria, which may not accurately represent real-world situations
where judgments are subjective and uncertain.

In Fuzzy AHP, linguistic variables and fuzzy numbers are used to express the imprecise
judgments of decision-makers. Fuzzy sets are employed to represent the degrees of
membership and uncertainty associated with each criterion's importance. This allows
decision-makers to express their preferences in a more flexible and intuitive manner,
considering the vagueness and ambiguity inherent in decision-making processes.

Moreover, Fuzzy AHP extends the AHP framework by incorporating techniques such as
alpha cut and lambda functions to facilitate sensitivity analysis. Alpha cut analysis
determines the level at which fuzzy numbers are truncated, providing insights into the degree
of uncertainty in decision-making. Lambda function allows for assessing the sensitivity of
decisions to changes in alpha levels, enabling decision-makers to understand the robustness
and stability of their choices. Overall, Fuzzy AHP provides a powerful framework for
decision-makers to handle uncertainty, vagueness, and imprecision in multi-criteria decision-
making processes, making it particularly suitable for complex real-world applications where
judgments are subjective and uncertain.
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Literature Review

The rapid advancements in artificial intelligence (Al) have yielded significant progress across
various fields. Particularly, deep learning has evolved alongside the exponential growth of
data, presenting new opportunities [21]. In agricultural contexts, this necessitates the adoption
of advanced methodologies to conceptualize, assess, and manage complex information
systems effectively [22-24]. Crop vyield prediction, considered a pattern recognition
challenge, has emerged as a domain where Al demonstrates remarkable proficiency [25].

In recent years, deep learning has seen widespread adoption and has shown promise in
various applications. While traditional artificial neural network (ANN)-based approaches
have been utilized for yield estimation, deep learning offers distinct advantages such as
efficient dimension reduction and improved learning capacity for identifying nonlinear
functions. For instance, Chen et al. introduced an LSTM deep learning model for predicting
agricultural environments based on current environmental parameters [28]. Similarly, deep
learning techniques have been employed in crop detection and analysis, as demonstrated by
Kang et al.'s robust defective image labeling algorithm for real-time apple detection in
orchards [29].

Weed detection and discrimination are crucial for enhancing crop yield, and deep learning-
based approaches have been proposed for precision agriculture. For example, Kounalakis et
al. proposed deep learning-based robotic weed recognition applications for use in grasslands
[9, 10]. Furthermore, Ferreira et al. introduced an unsupervised deep learning technique for
semi-automatic data labeling in weed discrimination [30]. Additionally, controlling plant
diseases is essential for sustainable agriculture, and deep learning techniques offer a new
perspective for plant disease identification [31, 33, 34].

Despite the advancements made by deep learning approaches in crop development, there is a
need for further improvements in robustness and the development of fast and accurate
learning frameworks. Our proposed work aims to address these requirements by introducing a
fuzzy neural network (FNN), which combines fuzzy systems and neural networks. FNN
serves as an effective tool for representing dynamic input-output characteristics, offering a
promising approach to meet the evolving needs of agricultural systems.

Methodology

Our research methodology involves the integration of the K-means clustering algorithm and
the Fuzzy Analytic Hierarchy Process (Fuzzy AHP) model to predict rice crop vyield
effectively. This approach aims to leverage both clustering techniques and fuzzy logic-based
decision-making to capture the complex relationships and uncertainties inherent in rice
cultivation systems.

In the first step of our methodology, we collect relevant data pertaining to various factors
influencing rice crop vyield, including meteorological data (temperature, precipitation,
humidity), soil characteristics (moisture content, pH, nutrient levels), agricultural
management practices (irrigation, fertilization), and historical yield records. This data serves
as the foundation for our predictive modeling efforts.

Next, we employ the K-means clustering algorithm to partition the collected data into distinct
clusters based on similarities in the input features. By clustering similar data points together,
we aim to identify patterns and underlying structures within the dataset that may influence
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rice yield variability. This step helps in identifying homogeneous groups of data points,
which can aid in understanding the underlying characteristics of different regions or farming
practices.

Following the clustering process, we utilize the Fuzzy AHP model to assess the relative
importance of different factors or criteria in determining rice crop yield within each cluster.
Fuzzy AHP allows decision-makers to express their preferences and judgments in a flexible
and intuitive manner, accounting for the inherent uncertainty and vagueness in agricultural
decision-making.

To implement the Fuzzy AHP model, we define a hierarchical structure of criteria relevant to
rice crop yield prediction, such as weather conditions, soil quality, crop management
practices, and socio-economic factors. We then solicit expert opinions or domain knowledge
to assign fuzzy linguistic variables and fuzzy pairwise comparison matrices to quantify the
relative importance of these criteria within each cluster.

Once the Fuzzy AHP model is established for each cluster, we aggregate the fuzzy pairwise
comparison matrices to obtain overall priority weights for the criteria within each cluster.
These priority weights reflect the relative importance of each factor in influencing rice crop
yield outcomes, accounting for the uncertainties and ambiguities inherent in agricultural
decision-making.

Finally, we use the aggregated priority weights obtained from the Fuzzy AHP model, along
with the clustering results from the K-means algorithm, to develop predictive models for rice
crop yield within each cluster. These models incorporate the prioritized criteria identified
through the Fuzzy AHP analysis, allowing for more accurate and context-aware predictions
tailored to the specific conditions and characteristics of each cluster.

By integrating the K-means clustering algorithm with the Fuzzy AHP model, our research
methodology offers a comprehensive and robust approach to rice crop yield prediction. This
methodology enables us to capture the complexities and uncertainties of rice cultivation
systems, providing valuable insights for farmers, agricultural planners, and policymakers to
optimize crop production and ensure food security in rice-growing regions.

Multiple Stage Prediction:

Other studies may consider multiple stages of the crop growing cycle for yield prediction.
This approach involves collecting data at different key stages of rice growth, such as planting,
vegetative growth, reproductive growth, and maturity. Data collected at each stage may
include various factors such as weather conditions (temperature, precipitation), soil properties
(moisture content, nutrient levels), agronomic practices (irrigation, fertilization), and
physiological characteristics of the crop (growth stage, biomass accumulation).
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Figure 1: Multi stage results

The first set of graphs displays the sample data collected at each stage of the rice crop
growing cycle: planting, vegetative growth, reproductive growth, and maturity. Each bar
represents the values of various factors (e.g., meteorological data, soil characteristics)
collected at that particular stage. By examining these graphs, we can observe the trends and
variations in the data across different stages of the crop growth cycle. Moving on to the
second graph, it represents the predicted yield (in kg/ha) at each stage of the rice crop
growing cycle. The predicted yield values are calculated based on the average values of the
sample data collected at each stage. Each bar corresponds to the predicted yield at a specific
stage, with the x-axis labels indicating the respective stages (planting, vegetative growth,
reproductive growth, and maturity). In terms of comparison across stages, we can analyze the
predicted yield values to identify stages with higher or lower predicted yields. For instance, if
the predicted yield increases steadily from planting to maturity stages, it suggests successful
crop growth and development throughout the season. Conversely, if there are fluctuations or
declines in predicted yield at certain stages, it may indicate factors such as environmental
stress, nutrient deficiencies, or pest infestations affecting crop productivity.
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Figure 2: Comparison Result
The graph illustrates the comparison between predicted and actual rice crop yields over the
years 2020 to 2023. In terms of the predicted versus actual yield trend, both predicted and
actual yields exhibit an increasing trend over the years, with slight fluctuations between
adjacent years. The predicted yield values, represented by blue circles, generally follow a
similar pattern to the actual yield values, represented by red circles, across the four years.
A closer analysis of the error percentage, calculated as the relative difference between actual
and predicted yields, provides insights into the accuracy of the predictive model. When the
predicted yield closely matches the actual yield, the error percentage is low, indicating high
accuracy. Conversely, larger error percentages suggest greater discrepancies between
predicted and actual yields, highlighting potential areas for improvement in the predictive
model.
Examining specific years, such as 2020, reveals instances where the predicted yield closely
aligns with the actual yield, as indicated by relatively low error percentages. However, in
subsequent years, such as 2022 and 2023, there are slightly higher error percentages,
indicating some degree of deviation between predicted and actual yields.
From a management perspective, the comparison between predicted and actual yields
provides valuable insights for agricultural decision-making. Farmers and practitioners can use
this information to assess the performance of their crop management strategies and make
adjustments to optimize yield potential. By identifying discrepancies between predicted and
actual yields, stakeholders can refine predictive models and improve their ability to forecast
crop productivity accurately.
The graph serves as a visual representation of the predicted and actual rice crop yields over a
four-year period, offering insights into the performance of the predictive model and
informing decision-making in agricultural practices.
Moreover, the predicted yield values provide valuable insights for agricultural decision-
making. Farmers and agricultural practitioners can use this information to adjust their
management strategies and optimize crop yield potential based on the predicted yield trends

Vol. 72 No. 1 (2023) 2267
http://philstat.org.ph



Mathematical Statisticianand Engineering Applications
ISSN:2094-0343
2326-9865

at different stages of the crop growth cycle. This can include decisions regarding irrigation
scheduling, fertilization practices, and pest management interventions to enhance overall crop
productivity and profitability.

Conclusion

In conclusion, our study demonstrates the application of MATLAB code to visualize and
analyze data collected at various stages of the rice crop growing cycle, leading to the
prediction of rice crop yield. By examining the sample data across different stages - planting,
vegetative growth, reproductive growth, and maturity - and predicting yield values, we gain
valuable insights into the factors influencing rice productivity.

Through the interpretation of result graphs, we identify trends and variations in the data,
enabling us to make informed decisions regarding agricultural management practices. The
comparison of predicted yield values across stages highlights the dynamics of crop growth
and development, shedding light on potential stressors or areas for improvement.
Furthermore, the predicted yield values serve as a useful tool for agricultural decision-
making, allowing farmers and practitioners to optimize management strategies to enhance
crop yield potential. This includes adjustments to irrigation scheduling, fertilization practices,
and pest management interventions tailored to the specific needs of the crop at different
stages of growth. Overall, our analysis underscores the importance of leveraging data
visualization and predictive modeling techniques to enhance agricultural productivity and
sustainability. By integrating technological advancements such as MATLAB code into
agricultural research and practice, we can empower stakeholders to make informed decisions
that drive positive outcomes in rice cultivation and contribute to global food security.
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