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Abstract- The ups and downs of food crop production each year are caused by changes in the area of land 

planted each year. These changes are influenced by several factors, including crop rotation, government 

policies, changes in agricultural practices, environmental factors such as climate, and economic pressures. In 

an effort to improve the efficiency and productivity of food crop production in Garut Regency, the use of 

technology and data analysis methods is becoming increasingly important. This research aims to predict food 

crop production in Garut Regency with Naïve Bayes algorithm and evaluate influential factors. This modeling 

is analyzed using Feature Forward selection and SMOTE techniques to determine the most influential 

attributes and overcome class imbalance. The method used is Cross-Industry Standard Process For Data 

Mining (CRISP-DM). Where the use of SMOTE successfully handles unbalanced classes, and the application 

of Feature selection results in the 5 most influential factors, namely crop type, added planting, realized 

harvest area, realized production and production. The results showed that the Naive Bayes model with Cross 

validation and Xgboost resulted in an Accuracy value of 82.54%, Recall value of 81.67%, Precision value of 

83.34%. And the AUC value is 0.904% with the Good Classification category. 

Keywords- Naïve Bayes algorithm, Feature Forward selection, Prediction, Agriculture, SMOTE 

technique 

I. INTRODUCTION 
The prediction of agricultural yields of food crops is heavily influenced by climate 

change. Therefore, annual weather change is an independent variable that can affect the 

yield of food crop production [1]. In addition to weather changes that can affect the ups 

and downs of food crop production, there are also changes in building land in agricultural 

areas resulting in reduced availability of food needed to meet community needs. 

Therefore, the availability of land is very important because the average production on 

agricultural land affects the area of planting and harvesting. To overcome this situation, it 

is necessary to use a Naïve Bayes method that can predict the yield of food crops  [2].  

Prediction is the process of forecasting the most likely future state using past data or 

current and past information [3], [4]. For this reason, the prediction process can be carried 

out using the Naïve Bayes method. The application of the Naïve Bayes method to 

perform prediction results in agriculture has been carried out in several studies, including 

the first study by [5] The research aims to forecast the production of three types of 

agricultural crops (corn, dryland rice, and wetland rice) in Satar Mese Sub-district, 

Manggarai Regency. (DES). The second research conducted by [6] The research predicts 

the number of palm oil harvests with the Naïve Bayes algorithm, where the results 

obtained are very good with 100% accuracy. The third research conducted by [7] 

analyzed the prediction of rice yields using the Naïve Bayes classifier algorithm, which 

resulted in a fairly accurate calculation with an accuracy of 89%. The fourth research 

conducted by [8] The research focused on the agricultural sector which experienced 

fluctuations in food crop production. The algorithm used in the research is K-Nearest 

Neighbor (K-NN). The research resulted in an accuracy rate of 92.83 percent for the corn 

commodity. The fifth research conducted by [9] perform data balancing on rice 

production prediction using Naive Bayes and CART. The model with greater accuracy is 

using the CART algorithm with the use of the SMOTE technique, the accuracy value 

before balancing the data is 47.67% and after balancing it is 55.73%. 

Based on the results of previous research references that discuss the prediction of food 

crop production, this research uses the attributes Year, Sub-district, Type of food crop, 
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Realization of Planted Area (Ha), Realization of Net Harvested Area (Ha), Production 

(Ton) and Productivity (Kw/Ha). Based on the data obtained, there is an imbalanced class 

between the production results Up,Down therefore, another technique is needed, namely 

the SMOTE technique. This technique is used to overcome class imbalance in data [10]. 

This research is expected to produce an appropriate prediction model for food crop 

production and identify the factors that have the most influence on food crop production 

in Garut Regency. 

 

II. METHODOLOGY 
The methodology used in this research is the Cross Industry Standard Process for Data 

Mining (CRISP-DM). CRISPDM is a structured and thorough approach to the data 

mining process. This method consists of six phases [11]. Figure 1 shows the process 

stages. 

 

Figure 1: Research Stages 

 

A. Business Understanding 

This first stage is carried out to gain a more detailed understanding of the problems of 

food crop production . The steps to be taken include a literature study of previous 

research relevant to the problem. In addition, the steps taken are interviews to strengthen 

the research to be carried out [12]. 

 

B. Data Understanding  

At this stage the process of collecting, understanding and preparing data will be used 

in the analysis [13]. Where data understanding includes preparation, checking the data 

used, collecting initial data, and identifying data quality. In data understanding, the data 

used will undergo a process that explains each of its features [14]. 
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C. Data Preparation 

Data Preparation is a data preparation process that involves transforming raw data into 

analysis-ready datasets. At this stage, preprocessing is carried out by building dataset 

integration, cleaning, reduction and balancing [15]. Where data is merged if the data 

obtained is separated, then delete missing values on attributes that have empty data, 

perform a selection process to identify the most influential attributes using forward 

selection, and perform class balancing if there are unbalanced classes using the SMOTE 

technique. And here are the data preprocessing stages in Figure 2. 

 
 

Figure 2: Data Preprocessing Stages 

 

D. Modelling 

This is the stage of implementing appropriate modeling techniques, displaying and 

identifying patterns [16]. After obtaining data that is ready to be processed, the next step 

is to choose the right modeling technique to get the best results. In this research, the 

modeling technique chosen to develop the classification model is using the Naïve Bayes 

algorithm. 

 

E. Evaluation  

The evaluation is done by measuring the results of the algorithm on training data or 

training using confusion matrix as the main tool for performance evaluation [9]. The 

evaluation carried out will show the resulting performance, namely accuracy. The 

following is the accuracy formula that will be used in this research [17]: 

         
     

           
        

 

Description: True Positive (TP), True Negative (TN), False Positive (FP), False Negatif 

(FN). 

 

F. Deployment  

The deployment stage includes preparing reports from all the data that has been 

processed, developing and visualizing the data [18]. At this stage, the resulting 

performance model needs to be presented in a format that can be easily understood by 

stakeholders. 

 

III. RESULTS AND DISCUSSION 
The following are the results of research on the implementation of the Naïve Bayes 

algorithm to predict food crop production, the stages are in accordance with the method 

used. 

 

A. Business Understanding 

Based on the initial stages of understanding the research refers to the study of previous 

research literature and identifying problems by conducting interview activities with the 

Garut Regency Agriculture Office regarding food crop production problems. Where the 

problem that often occurs in food crop production is the change in the area of land 

planted each year, this change is influenced by several factors. Therefore, it is necessary 
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to implement predictions, one of which is with machine learning techniques, especially 

the Naive Bayes algorithm. 

 

B. Data Understanding 

Data Understanding is the process of understanding data. The activities carried out are 

data collection and dataset identification. The explanation is as follows: 

 

1) Data Collection 

At the data collection stage, the process of searching for data to be used is carried 

out. Where the data is obtained from the Garut Regency Agriculture Office in 2020 - 

2023 with a total of 1344 records. The following is the raw data shown in Table 1. 
Table 1. 

Raw Data 
No District Increase 

Planting 

Harvested 

Area 

Production … Productivity 

1 Cisewu 5980 5772 38444 … 66.6 

2 Caringin 2851 2753 17994 … 65.4 

3 Talegong 5352 5163 33910 … 65.7 

… … … … … … … 

560 Peundeuy 44 44 54 … 12,2 

561 Cikajang 810 77 234 … 97,3 

… … … … … … … 

1343 Limbangan 80 80 1159 … 114,8 

1344 Selaawi 31 31 452 … 145,8 

 

2) Dataset Identification 

The next step is to identify the dataset and determine the attributes used, namely 

Year, Sub-district, Type of food crops, Target of added planting, Realization of added 

planting, Added planting, Target of harvest area, Realization of harvest area, Harvest 

area, Production Target, Production Realization, Production, Productivity Target, 

Productivity Realization, Productivity and Class shown in Table 2 below. 
Table 2. 

Attributes of the Data 

No Attributes Data Type Indicator 

1 Year Integer 2020,2021,2022,2023 

2 District Categorical  

3 types of food crops Categorical Paddy, upland rice, Maize, Soybean, Groundnut, Green Bean, 

Cassava, Sweet Potato 

4 target for additional 

planting 

Float - 

5 realization of additional 

planting 

Float - 

... ... ... ... 

16 Class Categorical Up, Down 

 

Where in Table 2. there are 16 attributes, where 12 with float data type, 1 with integer 

data type and 3 with categorical data type. 

 

C. Data Preparation 

Data Preparation is the processing of raw data that has previously been obtained in the 

previous stage. The following is the preprocessing stage: 

 

1) Data Integration 

The integration stage is the process of merging several separate data from different 

sources into one, into a new data storage file. The data process is combined from 2020, 
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2021, 2022 and 2023. As for determining the class label based on the Production value. 

The following is an illustration of data merging in the year shown in Figure 3. 

 
Figure 3. Illustration of Merging Year Data 

2) Data Cleaning 

The Data Cleaning stage is the stage of cleaning data or replacing values from 

invalid, duplicate or empty data. At this stage, the value of the data that has a missing 

value is changed to the average value of each attribute so that there are no empty values. 

The following is a sample of data that has been done data cleaning shown in Table 3. 
Table 3. 

Average Value on Attributes 

No Attributes Average Value 

1 Sasaran tambah tanam 582 

2 Realisasi tambah tanam 634 

3 Tambah tanam 644 

... ... ... 

7 Sasaran produksi 3.171 

8 Realisasi produksi 3.928 

 

Table 3. shows the average value of each attribute except Year, District, Type of Food 

Crops and Production. The average value is obtained from the summation of all values of 

each attribute divided by the amount of data. Then the value will replace records that 

have a Missing value so that there are no empty attributes. 

 

3) Data Reduction 

The next step is to reduce the data. This data reduction is done through a selection 

process, which will later be known attributes/factors that most affect the production of 

food crops. The reduction process applied in this research is using Forward selection 

which is presented in Table 4 below. 
Table 4.  

Forward selection result attributes 

No Attribute Weight 

1 District 0 

2 Type of crop 1 

3 Target t.tanam 0 

4 Planting realization 0 

5 Increase in planting 1 

6 Targeted harvest area 0 

7 Harvest area realization 1 

8 Harvest area 0 

9 Production target 0 

10 Production realization 1 

11 Production 1 

12 Productivity goal 0 

13 Productivity realization 0 

14 Productivity 0 
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Therefore, the attributes that have the most influence on the production of food crops 

in Garut Regency are crop type, additional planting, realization of harvest area, 

Production Realization, Production. 

4) Data Balancing 

The balancing process is carried out because there are imbalanced classes in the up 

and down production classes. Synthetic Minority Over Sampling Technique (SMOTE) is 

used to augment the minority class data with synthetic data, so that the number of 

samples from the majority class is equal to the number of samples from the minority 

class. This technique is performed to balance the data in the two classes [9]. It can be seen 

in Figure 4 that there is data imbalance with 635 for class 0 (Up) and 709 for class 1 

(Down). The following are the results before the data is balanced and after the data is 

balanced shown in Figure 4. 
                       Before Balance         OnceBalanced

 
 

Figure 4. Before and After Oversampling Technique 

 

Figure 4 shows the results before the data is balanced and after the data is balanced, 

where the left image shows the data before it is balanced, but after the smote 

oversampling technique in RapidMiner there is a change where the right image shows 

that the data is balanced, so that the total data increases from 1344 to 1418. 

 

D. Modelling  

The next step is to choose the right modeling technique. The modeling used is Naive 

Bayes.  

Naive Bayes is designed to predict future probabilities with existing data from 

previous events, hence it is often known as Bayes' Theorem. [19].  Naïve Bayes is a 

technique that categorizes problems into categories based on similar or different 

characteristics, using statistics that can estimate the probability of each category. [20]. To 

find a classification model, the Naïve Bayes algorithm is applied using Feature Forward 

selection and SMOTE. In finding a classification model, namely by applying the Naïve 

bayes algorithm using Feature Forward selection and SMOTE. 

To find To assess the performance of modeling results, a tool is needed to determine 

the accuracy value obtained. The tools used in this research are RapidMiner tools. And 

the following are the stages of Naive Bayes modeling in RapidMiner along with its 

operators shown in Figure 5. 

 
Figure 5. Data Preprocessing 

 

In Figure 5 is the operator used in RapidMiner, where the first step is to enter the data 

to be modeled, then replace missing values serves to replace missing values in the dataset 

with other values and in this study the empty value is filled with mean or average. Set 
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Role serves to assign attribute labels that will be used in modeling. After that, Forward 

selection is applied to determine attributes that have an influence on the food crop 

production model. Then to continue the first stage of modeling in RapidMiner then in 

Forward selection there are more stages and operators, these stages are shown in Figure 6. 

 

 
Figure 6. RapidMiner modeling 

 

In Figure 6, the stages of using RapidMiner in the modeling process include using the 

SMOTE operator upsampling to balance the data, then using the data division or split 

operator to divide the data into two parts, namely training data and test data with a ratio 

of 0.8 and 0.2. Compared to the other comparison values in Table 5, the comparison value 

of 0.8 and 02 is considered to be the model that has the highest level of accuracy. 

 
Table 5.  

Accuracy Comparison Value 

No 
Value 

Comparison 
Accuracy 

1 0,6 : 0,4 80,59% 

2 0,7 : 0,3 82,00% 

3 0,8 : 0,2 82,54% 

4 0,9 : 0,1 81,38% 

5 0,4 : 0,6 79,76% 

6 0,3 : 0,7 75,82% 

7 0,2 : 0,8 74,70% 

8 0,1 : 0,9 71,71% 

 

Then, the Naive Bayes operator is applied for the modeling process, the Apply Model 

operator is used to apply the trained model to new datasets. Finally, the Performance 

operator is used to assess the performance of the predictive model. 

 

E. Evaluation 

In this study, confusion matrix evaluation is used to measure the final results of the 

algorithm and as the main tool for performance evaluation. In this research, several 

models have been made in RapidMiner, and Figures 7, 8, 9, and 10 show the comparison 

of the application of the Naïve Bayes algorithm. Modeling using this algorithm is done 

several times to find the model that provides the best level of accuracy. 

 
Figure 7. Naïve bayes modeling 1 
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Figure 8.  Naïve bayes modeling with SMOTE

 
Figure 9.  Naïve bayes modeling with Forward selection

 
Figure 10. Modeling 4 Naïve bayes, SMOTE with Forward selection 

 

 
Figure 11. Modeling 5 Naive Bayes models with Cross validation and Xgboost 

 

It can be seen in the 5 models in Figures 7 and 8 produce the same accuracy value of 

54.23%, and in Figures 9 and 10 also produce the same accuracy of 64.79% and for 

Figure 11 produces a value of 82.54, where it can be concluded that high accuracy is in 

the 5th model with the accuracy obtained is quite good with the Good Classification 

category. Furthermore, to find out the classification category obtained is shown in the 

form of an ROC curve in Figure 11 below. 

 
Figure 12. Naïve Bayes Algorithm Comparison Curve 

 

Figure 12 shows the comparison curve of the application of Naïve Bayes algorithm 

consisting of four models. The blue curve shows the result of applying the Naïve Bayes 

algorithm with Forward selection, while the green curve shows the result of applying the 

Naïve Bayes algorithm with Forward selection and SMOTE. The yellow curve line shows 

the result of applying the Naïve Bayes algorithm with SMOTE, the red curve line shows 

the Naive Bayes algorithm with SMOTE. 
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The next evaluation process is displayed through AUC, to determine the type and 

value of this research result, as seen in Figure 12. 

 
Figure 13. AUC curve 

 

In this graph, the AUC (Area Under Curve) value of 0.904 shows the performance of 

the model, where the red curve close to the upper left corner indicates that the model 

performs well on the training data, while the blue curve on the testing data shows the 

generalization of the model. This result shows that although the model performed well on 

the training data, there is room for performance improvement on the testing data to get 

closer to the optimal result. Based on the generalized assessment, with an AUC value of 

0.904 and an accuracy of 82.54%, the model falls into the Good Classification category. 

 

F. Deployment 

In this deployment stage, it becomes an illustration of how this result modeling will be 

used by the Agriculture Office and farmers in Garut Regency. Based on the results of 

food crop predictions, the Agriculture Office can provide direction and guidance to 

farmers to improve the efficiency and effectiveness of their production. If there is a 

prediction that production yields will decrease in a certain season, the government can 

immediately take preventive measures by providing assistance or training programs to 

farmers. This is expected to help farmers to increase their production and ensure food 

security in Garut Regency is maintained. 

 

IV. CONCLUSION 
This research was conducted to predict food crop production in Garut Regency using 

the Naïve Bayes algorithm and evaluate influential factors. Data was obtained from the 

Garut Regency Agriculture Office in 2020-2023 with a total of 1344 data. The most 

influential attributes are crop type, planting addition, harvest area realization, production 

realization, and production. Feature Forward selection and SMOTE techniques were used 

to improve the model. 

The results showed that the Naive Bayes model with Cross validation and Xgboost 

resulted in an Accuracy value of 82.54%, Recall value of 81.67%, Precision value of 

83.34%. And the AUC value of 0.904% with the Good Classification category.ROC and 

AUC curves show good model performance on training data, but still need improvement 

on testing data. This research emphasizes the importance of technology and data analysis 

in optimizing food crop production in Garut Regency. 
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