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1. INTRODUCTION 
Data mining is a technique for gathering and transforming secret data from a foundation into an 

understandable framework for subsequent usage. This is the computer algorithm used to search through huge 

datasets that combine techniques from artificial intelligence, machine learning, statistics, and database systems 

to find patterns [4]. Data mining, particularly statistical data mining and prediction data mining, is the final 

goal. To gather data from enormous datasets, numerous methods have been created over the years. This issue 

can be resolved in a number of ways, including grouping, the law of association, clustering, and other 

approaches. Utilizing the data provided by numerous identified samples, unknown samples are classified. 

Because it is typically used to train the use of the classification technique, this set is also known as a training 

set. It is possible to think of the classification task as a supervised process in which each instance is suggested 

to belong to a class by the significance of a particular target attribute or just by the characteristics of a class. 

As datasets continue to expand in size, selecting the optimal subset of features from a crop yield raw 

dataset is critical to achieving the best performance in a given machine learning assignment.  For creating a 

classification model, it is extremely critical to have an effective and constrained feature (attribute) subset. 

High-dimensionality datasets are prone to over fitting issues, which prevent the development of a trustworthy 

model. Requiring a large amount of processing power and storage space, these datasets also often lead to 
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models with low classification accuracy [7-11]. In feature selection, a smaller subset of pertinent 

characteristics is chosen from a larger original set based on predetermined criteria, such as classification 

performance or class separability. For machine learning applications, it is crucial. When dealing with 

classification problems involving tiny samples, when the number of training samples available is significantly 

less than the number of features, feature selection becomes very crucial. 

Utilizing data cleaning methods, the data set is preprocessed. Following the removal of irrelevant 

features using a feature selection method, classification using machine learning techniques is applied to the 

data set. This aids in the type and duration of crop prediction for a certain field. 

The objective of the proposed system to develop a capable improved feature selection and 

classification technique that works well to assess a density and manage the scale, which affects the crop 

prediction results. This paper presents the methodologies namely data preprocessing, Improved Recursive 

Feature Selection (IRFS) algorithm and Hybrid Classification Algorithm is used to discover the crop 

prediction results and time efficiency. 

 

The primary contributions of the suggested method are as follows: 

• The goal of developing an efficient classification method is to eliminate irrelevant features and crop 

examination using Hybrid classification Algorithm. 

• The proposed Hybrid classification Algorithm is classification case in order to assess the prediction 

class. With the help of its features, the random selection feature classification achieves 22 classes. 

 

2. LITERATURE REVIEW 
According to Paja et al. (2018) [12] feature selection techniques are useful for lowering 

dimensionality, eliminating unnecessary data, raising learning accuracy, and enhancing result 

comprehensibility. But in terms of efficacy and efficiency, many of the feature selection techniques currently 

in use are severely challenged by the recent surge in data dimensionality. This chapter describes the major 

common classes type of algorithms as well as an overview of the reasons to use ranking attribute selection 

techniques. Also, some background information on ranking method problems is provided. Following that, the 

writers concentrated on a few algorithms built using rough sets and random forests. Generational Feature 

Elimination (GFE), a recently developed technique based on decision tree models, is also presented. 

One of the most frequent issues that Indian farmers deal with, according to Reddy et al. (2019) [13], 

is that they choose crops without considering the soil's requirements, which causes them to experience 

significant production losses. Precision farming is a viable solution to this issue. Along with the benefits of 

improved input and output efficiency and improved farming decision-making, precision agriculture also 

contributes to a decrease in unsuitable crop production, which raises yield. Their approach provides solutions 

such as recommending a crop with high specific accuracy and efficiency based on soil parameters. 

A crucial component for the survival and expansion of the Indian economy was demonstrated by 

Shafiulla Shariff et al. in 2022 [16]. India is a major producer of many different kinds of agricultural goods. 

A key component of crop cultivation is the soil. One dynamic, non-renewable natural resource that is 

essential to life is soil. In the past, farmers with practical experience were responsible for cultivating crops. It 

is no longer possible for farmers to select the ideal crop based on the qualities and features of the soil. In 

order to suggest the crop that can be harvested in that specific soil, a recommendation system utilizing 

machine learning algorithms has been built. 

 

3. RESEARCH METHODOLOGY 
Every experiment with a large-scale real-world dataset that was tested with the proposed methodology 

was successful. The research approach takes into account an effective classification procedure that is derived 

in this section and uses the Improved Recursive Feature Selection (IRFS) algorithm, data pretreatment, and 

Hybrid Classification Algorithm process. Figure 1 displays the overall proposed architecture diagram. 
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Fig. 1: Proposed Workflow Architecture Process flow 

 

3.1 DATA COLLECTION AND PREPROCESSING 
Data collection is the most effective way to gather and quantify information from many sources, such 

as the Kaggle website. To obtain a system's estimated dataset. This dataset has to have the following 

characteristics. The following factors will be taken into account for crop prediction: i) Soil PH ii) Temperature 

iii) Humidity iv) Rainfall v) Crop data vi) NPK. 

Data cleaning is the process of data preprocessing. Preprocessing the dataset is necessary before 

training the model. There are several steps to data preprocessing; the first is reading the gathered dataset, 

which is followed by data cleaning.  Some redundant attributes were removed from the datasets during data 

cleaning; these attributes are not taken into account when predicting crops. Therefore, in order to improve 

accuracy, IRFS must remove undesirable attributes and datasets that contain missing values. These missing 

values must be removed or filled up with unwanted NaN (Not a Number) values.  
 

3.2 Improved Recursive Feature Selection (IRFS) Algorithm 
The improved Recursive Feature Selection (IRFS) approach is evolved from the Recursive Feature 

Elimination (RFE) technique. By retraining the Support Vector Coefficient (SVC) on the remaining features, 

the proposed IRFS recursively eliminates features at each step and re-ranks the remaining features. IRFS will 

just eliminate a feature if it is weak. When combined with additional qualities, a poor feature could 

nevertheless be valuable. Thus, classification performance may suffer even from the simple removal of weak 

or duplicate features. When a feature is initially eliminated, IRFS evaluates the classification performance in 

terms of the related weight vector value in order to determine the significance of the potentially weak feature. 

Let a data set Dt = {dtn |n=1,2, …, p} incorporate p amount of data’s dnnRnf; nf is the number of 

features feati. To denote dtn
q as the significance of the qth feature featt of dataset dn then every data dtn of set Dt 

can be symbolized by a vector 

Dn = {dn
1 , dn

2 , … , dn
nf}    ----------- (1) 

Assume that a set Feat represents all features: 

Feat = {feat1, feat2, … , featnf}   ----------- (2) 

When the required number of features is obtained, the weakest features (or attributes) are removed as 

part of the feature selection process of algorithm 1. By recursively deleting a small number of features per 

loop, an IRFS aims to remove any potential dependencies and co-linearity in the model. According to the 

model’s co-efficient or feature importance dimensions, features are ranked in order of relevance. The 

following equation is used to compute mc, or the total number of hyper-planes, in the event that the dataset 

contains more than two classes. 

mc = c(c - 1)/2    ---------- (3) 

Equation (3) refers to the decision function and Equation (4) is for a multi-class dataset 

Algorithm 1: Improved Recursive Feature Selection  

Input: Dataset D, Feature Feat, Class C, Ranked Feature 0 

Output: Selected feature Sf 

Process 

Step 1: Create logistic regression model decision using equation (3) 

Step 2: For k=1 to Length(Feat) // For whole features 

     Perform support vector co-efficient (k) using below equation 

A(k) = sign(k × wtm), m = 1,2, … , mc  ---------- (4) 
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In the case of the linear assessment function, wt is a vector perpendicular to the hyperplane that 

provides a linear judgment function, and k indicates a vector containing the components of a specified 

spectrum. 

Step 3: Initialize remaining features rfeat = rfeat – 1 and j = 1. 

Step 4: When a feature's weighted vector has a high value, it indicates the feature can effectively 

discriminate between the classes. The weighted vector is positioned where the decision boundary has the 

highest margin. Utilizing Equation (5), the weight value for the assessment of variable relevance based on the 

Improved RFE score is determined. 

Wscorefeat1 =
1

m
∑ wl(rfeat) + Cl

m
l=1   ---------- (5) 

Step 5: Construct a new feature set F1 by removing the feature fr from F. 

Step 6: Train an Improved RFE on the samples with the remaining features and calculate the score, 

Wscorefeat2 =
1

m
∑ wl(rfeat1) + Cl

m
l=1  ---------- (6) 

Step 7: if Wscorefeat1 < Wscorefeat2 

  RF = RF  featm = 1 

    Else if j = rfeat 

  Remove the primary feature  

  RF = RF  f1, rfeat= rfeat –feat1 

    Else 

  m = m+1; 

Step 8: Repeat Steps 1 to 7 until rfeat = 0 

 

   
Fig. 2: Selected Features     Fig. 3: Selected Correlation Feature matrix 

 

3.3 Hybrid Classification Algorithm 
In this research, a new method for Hybrid Classification Algorithm, an expansion of the Random 

Forest and Probability Classification Model, is introduced.  The primary step in this classification is to 

initialize the number of tree variables and dimensions. The inputs for classification are the final feature 

choice as a test feature and every preprocessed feature as a training feature. With this method, the feature set 

for the feature dimension is obtained by first processing the training and testing features. The advantage of 

Hybrid Classification method is capable of effectively handling high-dimensional datasets. Compared to the 

random forest method, the Hybrid Classification algorithm is more accurate at forecasting outcomes. 

A variety of FOLD (First Order Logical Decision) methods are used to classify a Hybrid 

classification case in order to assess the prediction class. With the help of its features, the random selection 

feature classification achieves 22 classes. 

Sf = ∑ ∑ find(Ufeat == predc) feat
j=1

c
k=1  ---------- (7) 

Where feat is features; c is amount of class; U denotes the trained dataset's unique features. The 

classification accuracy is under equation 8 following the selection feature process and Hybrid Classification 

Algorithm  procedure. 

Classificaitonacc = ∑ SF(UIndexm) 
len(U)
m=1  ---------- (8) 

 

Algorithm 2: Hybrid Classification Algorithm 

Input: Training set Tr := (x1, y1), . . . ,(xn, yn), features F, and amount of trees in forest FB 

Output: Prediction Accuracy 
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Begin Process 

Step 1: Initialization Pd = 0 // Pd is prediction 

Step 2: For k = 1: FB 

     TR (k) = A sample from feature 

     Pd(i) = Learn(TR(k), F) 

     PD = PD  {pd(i)} using eqn. (8) 

    PA  PD 

End for  

Function Learn(TR, F) 

At every Node: 

    F  a small subset of F 

   Calculate selection unique feature using eqn, (7) 

return prediction tree 

end function 

 

4. EXPERIMENTAL RESULT 
Using Python 3.8 version simulation, it is seen through experimental assessment that the suggested 

Hybrid Classification algorithm performs well when run on an Intel I5 series 3.21 GHz, x64-based CPU, with 

8 GB memory, and Windows 10 operating system. To compare the proposed Hybrid Classification Algorithm 

performance with existing Naive Bayes and Random Forest [17-18] algorithms was performed. Real-world 

high-dimensional datasets are attainable in this experiment. The proposed classification confusion matrix 

diagram is shown in figure 4. The proposed Hybrid Algorithm technique was used to calculate dataset 

Precision, Recall, and accuracy measures. The comparison of Precision, Recall, Accuracy and F1 - Score 

measure described in Table 1 and figure 5.  

 

 
Fig. 4: Confusion Matrix 

 

 

 

 

Table 1: Comparison of Crop Recommendation 

Datasets 

 

Methods Precision Recall Accuracy 
F1-

socre 

Naive Bayes 85.93 84.21 83.93 85.06 

Random 

Forest 
96.47 94.00 94.91 95.21 

Proposed 

Hybrid 

Classification 

Algorithm 

97.25 97.27 97.28 97.25 
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Fig. 5: Precision, Recall, Accuracy, F1-Score chart 

 

5. CONCLUSION 
In the areas of data cleaning, IRFS feature selection, and Hybrid classification Algorithm, the research 

examined and developed information on crop prediction discovery. Data cleaning is used to perform 

preprocessing on the crop recommendation datasets. The IRFS approach is used to discard the irrelevant 

features with feature weight score from the proposed feature selection. The proposed Hybrid Classification 

algorithm combines Random forest with probability classification algorithm to automatically partition feature 

samples based on the obtained classification. The findings show that compared to the existing classification 

algorithms, the suggested technique provides greater prediction accuracy. 
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