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Abstract - The relationship between weather parameters and disease severity has long been established. Disease severity
measurement in crops is a major challenge, as it plays a crucial role in yield estimation and determining the control factors
necessary to enhance crop productivity. Mathematical models assist in disease severity assessment and management. Fuzzy
logic models provide a flexible framework for dealing with imprecise and uncertain input, making them suited for modelling
complicated relationships in real-world systems. Cotton leaf curl disease (CLCuD) is a viral disease that affects cotton plants
and it is a significant threat to cotton production in many regions in India. In this study, a fuzzy logic system (FLS) based
model has been proposed for prediction of disease severity based on potential weather variables such as temperature, relative
humidity, sunshine and rainfall etc. which are indicators of disease severity. This model has been using comprehensive
weather dataset and corresponding disease severity levels for model formulation, training and validation. Different
performance indicators, including accuracy, precision, recall, and F1-score, were used to evaluate the model's predictive
ability. Furthermore, sensitivity analysis was performed to identify the most influential weather parameters in disease severity
prediction. The experimental results demonstrated that the developed FLS achieved significant accuracy in predicting disease
severity based on weather parameters. The model exhibited the ability to capture complex non-linear relationships between
weather conditions and disease severity, providing valuable insights for disease management.

Key words: Fuzzy logic system, Cotton leaf curl disease, Disease severity, Weather parameters, Sensitivity
analysis etc.

1. INTRODUCTION

A mathematical paradigm for thinking in the presence of uncertainty and ambiguity is fuzzy logic [1]. It's particularly
helpful when dealing with complex and imprecise data that can't be expressed easily using standard binary logic. Fuzzy
logic, rather than using firm true or false values, provides a mechanism to handle and manipulate this uncertain data.
Control systems, pattern recognition, decision-making systems, expert systems, and automotive systems are all
applications of fuzzy logic models. They're employed in a variety of applications, including industrial process control,
robotics, image processing, voice recognition, and automobile control systems [2]. Fuzzy logic is a versatile and robust
method for dealing with uncertainty and imprecision in a variety of fields.

Agriculture has a crucial part in the Indian economy because it directly or indirectly supports more than half of the
country's population [3]. The agricultural sector in India is noted for its size and production, which can be linked to the
country's unique agro-climatic conditions. Despite its economic importance, farmers encounter numerous hurdles in
increasing crop yields. Numerous efforts have been made to identify the primary causes causing poor crop productivity.
Pest and disease modelling using diverse methodologies is one key approach to reducing the influence on agricultural
yields [4]. Using cutting-edge techniques, agricultural forecasting approaches, including pest and disease forecasting, have
been developed recently [5], [6]. In addition, internet-based forecasting tools and decision support systems have been
introduced to successfully predict and manage crop diseases [7], [8]. Furthermore, advances in dispersal modelling and
projected meteorology have aided in disease warnings and allowed farmers to adopt preventive actions [9], [10], [11].
These collaborative activities aim to assist Indian farmers in overcoming barriers and increasing crop yield in a
sustainable manner.

India is the world's second-largest producer of cotton, after China. Cotton has been cultivated in India for centuries, and it
plays a significant role in the country's agricultural sector and economy [12]. The country accounts for about 25% of the
global cotton production. The production of cotton in India has been steadily increasing over the years. In the 2020-2021
season, India produced approximately 30 million bales (each weighing 170 kilograms) of cotton. India cultivates various
cotton varieties, including both hybrid and genetically modified (GM) cotton. Cotton cultivation in India faces several
challenges, including pests and diseases, water scarcity, fluctuations in market prices, and the availability of quality seeds
[13]. Pest management, irrigation facilities, and access to credit for farmers are areas of continuous focus for improving
cotton production.
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A severe viral hazard to plants in the cotton crop, cotton leaf curl disease (CLCuD) offers a considerable challenge to cotton
production in numerous Indian states. The adverse effects of this disease result in reduced crop yield and significant
economic losses for farmers. Understanding the contributing factors to disease severity is essential for implementing
effective disease management and crop protection strategies [15]. Management of CLCuD involves a combination of
cultural, chemical, and genetic strategies [16]. Cultural practices such as crop rotation, removal of infected plants, and
timely sowing can help reduce the disease incidence. Chemical control through the use of insecticides to manage whitefly
populations is also employed, although it must be done judiciously to avoid the development of insecticide resistance.
Additionally, the development and cultivation of genetically modified (GM) cotton varieties, such as Bt cotton, which carry
genes for resistance against CLCuD, have proven effective in mitigating the disease's impact. Ongoing research and
monitoring are essential to understand the epidemiology of CLCuD, identify new virus strains, and develop improved
management strategies. By addressing the challenges posed by CLCuD, researchers and farmers aim to sustain cotton
production and safeguard the livelihoods of those involved in the cotton industry.

The assessment of disease severity in crops has long been intertwined with the influence of weather parameters, as they
play a vital role in quantitatively predicting yield and determining the necessary control factors to enhance crop
productivity [17]. Mathematical models have emerged as valuable tools for disease severity assessment and management,
providing a means to capture complex relationships within real-world systems [18]. Weather parameters are most
important factor for disease severity in crops, predicting crop yield and implementing effective control measures [19].
Predicting disease severity in cotton crops is also crucial for cotton farmers and the industry [20]. It enables timely
interventions to mitigate yield losses and optimize resource allocation based on disease severity. Understanding disease
severity patterns helps improve pest management strategies and reduce costs, contributing to the economic sustainability
of cotton farming [21]. Disease severity predictions aid in crop planning and decision-making, ensuring optimal yields and
minimizing the impact of diseases. Furthermore, accurate severity predictions facilitate breeding programs for developing
disease-resistant cotton varieties, enhancing the long-term viability of cotton production. Disease severity prediction is
important in effective disease management, maximizing profitability, and ensuring the success of the cotton industry.
Accurately measuring disease severity in crops presents a significant challenge for agricultural researchers and
practitioners.

Fuzzy logic plays a significant role in the prediction of disease severity [22] particularly when dealing with complex and
uncertain data. Fuzzy logic is a mathematical framework that allows you to represent and deal with unclear and ill-defined
data. When exact mathematical models aren't appropriate or practical, it offers a flexible approach to modelling and
decision-making. When applied to the prediction of disease severity, fuzzy logic models utilize fuzzy sets and linguistic
variables to capture the inherent uncertainty and imprecision in the relationship between disease-related factors, such as
weather parameters, and disease severity [23].

2. MATERIALS AND METHODS
2.1 DATA

In the developed fuzzy model data were taken from the website Indian Council of Agricultural Research [Ministry of
Agriculture and Farmers Welfare] of cotton crop in the region HAU, hisar. We used 4 years’ data from 2019 to 2022 in this
paper for the developed model the data include weekly maximum and minimum temperature( °c), weekly morning and
evening relative humidity (%), weekly rainfall(mm), weekly sunshine(hours), CLCuD incidence (%), Percent Disease
Intensity (PDI) on the weekly basis. Further, we divide the data into two parts for training and testing of the developed
fuzzy logic model.

2.2 Fuzzy Logic System

The fuzzy logic model, which was introduced by Zadeh in 1965, is a mathematical procedure that aims to replicate the
human thought process using an '[F-THEN' rule system. This approach permits for the translation of human reasoning into
a formal mathematical framework. According to Zadeh [24], successful fuzzy modelling relies on four fundamental
components which are respectively:

(i) Fuzzification: Fuzzification is the process of transforming traditional inputs into fuzzy inputs. It entails using fuzzy sets
with membership functions to express data as fuzzy values. Typically, these fuzzy sets map data to a region of interest
within the range of [0,1]. The fuzzy set F C U is given by:

F={(a,up(a)); a€U}0<ug(a) <1 €))
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Where a is any element of U and uz(a) is the membership function of a in F.

(ii) Fuzzy rule: The fuzzy rule base's set of rules is meant to address a wide variety of possible fuzzy interactions between
input and output variables. The IF-THEN expressions in Equation 2 represent these rules [25]. The quantity of input
parameters and their corresponding membership functions determines the number of rules in the base.

if a; is Aj; and a, is A;; and ...a, is A;, then b is B;; (2)

where ay,ay, ..., a, are the input variables and b is the output variable. The linguistic input variables are assumed the
terms 4; ;, and the rule k use the index i. The linguistic output variable is assumed the term B;.

(iii) Fuzzy inference engine: As the tactical element in charge of processing all accessible fuzzy rules from the rule base,
the fuzzy inference engine plays a critical role. Its primary function is to determine how to transform a set of inputs into
the corresponding outputs. It accomplishes this by utilizing IF-THEN rules in conjunction with the connectors "OR" or
"AND" to construct critical decision rules [24]. Among the frequently used strategies for the fuzzy inference system,
Mamdani [26] and Takagi and Sugeno [27] both proposed two noteworthy methods. Due to their efficiency in handling
fuzzy rule-based systems and producing useful output from ambiguous or inaccurate input data, these techniques are
widely used.

(iv) Defuzzification: Defuzzification is the process of converting the inference engine's fuzzy outputs into numerical
outputs [28].

Generalizing Input
Variable

Input Membership
Function

Fuzzy Inference
System

Rule Base ————— P el Defuzzification

Output
P  Membership
Function

Fig - 1: Flowchart of fuzzy logic model
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2.3 Developing the fuzzy model

The fuzzy framework was built with the Mamdani minimum-maximum inference engine and the MATLAB fuzzy logic
toolbox (Mathworks, 2018). The following input and output variables were taken into account in this model: maximum
temperature (Temp Max), minimum temperature (Temp Min), morning relative humidity (RH(M)), evening relative
humidity (RH(E)), rainfall RF, sunshine (SH), CLCuD incidence, and PDI. Linguistic phrases were created to explain the
input variables' fuzzy inputs in order to represent the input variables. These designations, which covered all conceivable
input variations, included "very low" (VL), "low" (L), "medium" (M), "high" (H), and "very high" (VH). Similar to CLCuD
incidence, and the output variable for PDI was divided into seven classes to account for all possible fuzzy outputs: immune
(1), highly resistant (HR), resistant (R), moderately resistant (MR), moderately susceptible (MS), susceptible (S), and highly
susceptible (HS). The input and output parameters of the fuzzy model were both described by triangular membership
functions. The expert's knowledge and the experimental conditions were taken into account while determining the
number and range of membership functions. A rule editor was used to develop the fuzzy model, which produced 89 rules
that represented all of the interactions between the input and output variables. Finally, the Center of Gravity (COG)
approach, a popular defuzzification technique, was employed to provide a real-valued (numerical) output.
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Fig - 2: Membership function defined for fuzzy input and output variables

Table 1: Fuzzy rules to estimate plant disease

Rule

no. rule

1. If (Temp max is VH) and (Temp min is H) and (RH(M) is VL) and (RH(E) is VL) and (RF is VL) and (SH is VH)

then (Disease incidence is VL) (PDI is I)

2. If (Temp max is VH) and (Temp min is VH) and (RH(M) is VL) and (RH(E) is VL) and (RF is VL) and (SH is VH)

then (Disease incidence is VL) (PDI is I)

3. If (Temp max is H) and (Temp min is VH) and (RH(M) is M) and (RH(E) is L) and (RF is L) and (SH is H) then

(Disease incidence is VL) (PDI is HR)

50. If (Temp max is L) and (Temp min is H) and (RH(M) is VH) and (RH(E) is M) and (RF is VL) and (SH is H) then

(Disease incidence is VH) (PDI is HS)

89. If (Temp max is VL) and (Temp min is L) and (RH(M) is VH) and (RH(E) is M) and (RF is VL) and (SH is L) then

(Disease incidence is VH) (PDI is S)
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2.4 Criteria for evaluation

The predictive performance of the model was assessed using various performance metrics such as accuracy, precision,
recall, and F1-score. Sensitivity Analysis (SA) is a valuable tool for evaluating and comprehending the influence and
relative significance of parameters inside the modelling process. It is beneficial to determine how changes in input values
affect the model's output values. The cosine amplitude method (CAM) was employed in this study to identify the variables
influencing CLCuD that are most responsive to modification [25]. The level of sensitivity for each input factor was
determined by determining the strength of the magnitude M;; between the output and the specific input parameters under
evaluation. A larger CAM value show the greater impact on output parameters. Consider the 'n' data samples that were
gathered from the datasets that made up the common data array A, which is designated as

W = {w;, wy, ws, ..., w,} - (3)
In the data array A, each member q; is a vector with length m, so
w; = {Wi, Wip, Wiz, o, Wi} e (4)

In this case, it is important to think of each data pair w; and w; as a point in an m-dimensional space, where each point

needs m coordinates for a complete representation. The following equation is used to calculate and depict how strongly
certain data pairs are related.

Wherei, j=1,2,3,..,n
3. RESULTS AND DISCUSSION
3.1 Fuzzy Framework

In this study, we developed a fuzzy logic model to predict the occurrence of the Cotton Leaf Curl Disease (CLCuD) based on
various weather parameters. The model achieved an impressive accuracy of 90%, indicating its ability to correctly classify
instances as either diseased or non-diseased with a high level of precision. Furthermore, the model exhibited a recall of
100%, suggesting that it effectively identified all true positive cases of CLCuD, thereby minimizing the chances of false
negatives. The high precision of 80% implies that when the model predicted an instance to be CLCuD positive, it meant
that it was correct 80% of the time. This is crucial in the context of agricultural disease prediction, as false positive
predictions could lead to unnecessary and potentially costly treatments for healthy crops. The model's ability to achieve a
recall of 100% is particularly noteworthy since it means that it did not miss any cases of CLCuD, avoiding the risk of false
negatives, which could have devastating consequences for crop health and yield. The F1 score provides a fair evaluation of
the model's overall performance by accounting for both false positives and false negatives. The high F1 score indicates that
the fuzzy logic model strikes a good balance between precision and recall, effectively capturing the trade-off between these
two metrics. The F1 score for this model was found to be 88%.
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Fig - 3: rule viewer window shows some rules of the developed fuzzy model
3.2 Sensitivity Analysis

By utilizing Eq. 5, a comprehensive set of sensitivity analyses (SAs) was performed on both input and output parameters.
The CAM method was employed to determine the values of M;; representing the relationships between the predicted
values of disease by the fuzzy model and the associated input factors. The results, depicted in Fig. 4, illustrate that the
obtained M;; values for all inputs were consistently close to 1. This indicates that all input factors play an important role in
contributing to the development of the fuzzy models. Furthermore, these results emphasize that all the inputs were crucial
in predicting the disease, and no parameter should be overlooked or disregarded.
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where 1,2,3, 4, 5 and 6 represent Temp (max), Temp(min), RH(M), RH(E), RF and SH
respectively.
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Fig - 4: Sensitivity analysis of disease and each input parameter for the fuzzy logic model
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4. FUTURISTIC APPROACH

It is essential to acknowledge the limitations of the study. While the model demonstrated promising accuracy, precision,
recall, and F1 score, its performance could still be affected by various factors. For instance, the availability and quality of
historical data, the choice of fuzzy logic membership functions, and the selection of weather parameters could all influence
the model's outcomes. To further enhance the model's predictive capabilities, future research could focus on incorporating
additional data sources, such as soil moisture levels, crop management practices, and genetic factors of the cotton plants.
Furthermore, combining ensemble approaches or incorporating machine learning algorithms with the fuzzy logic model
may improve accuracy and robustness.

5. CONCLUSION

The fuzzy logic model successfully predicted the occurrence of CLCuD based on weather parameters with an accuracy of
90%, a precision of 80%, a recall of 100%, and an F1 score of 88%. These results underline the potential of fuzzy logic as a
valuable tool in agricultural disease prediction, providing farmers and policymakers with valuable insights to make
informed decisions and mitigate the impact of diseases on cotton crops. Nevertheless, continuous refinement and
validation of the model are necessary to ensure its reliability and applicability in real-world scenarios. Additionally, the
sensitivity analysis carried out in this work offered insightful insights into the robustness of the fuzzy logic model to
changes in meteorological factors. In the context of disease prediction in cotton crops, the results of the sensitivity analysis
together with the model's performance indicators lead to a thorough review and a deeper understanding of its capabilities
and limitations.
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