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Abstract. Nearly 82% of rural areas still rely on the agricultural sector, one 

of which is the cultivation of food crops and horticulture. Changing climatic 

conditions are one of the causes of farmers' failure to predict the selection of 

the right time for the cultivation process. This work predicts the selection of 

the right time for the cultivation of certain crops in order to optimize crop 

yields. Forecasting uses several machine learning methods by comparing the 

best results. The results showed that machine learning could produce good 

information at the right time and on certain types of plants to be cultivated 

in an area. Predictive recommendations for planting corn in 2022 are 

optimum planting in January to March 2022 and in August to December 

2022. The optimum fertilizer application is N fertilizer dose = 100-270 

kg/ha, P fertilizer dose = 63-100 kg/ha, and K fertilizer dose = 156-200 

kg/ha. 

1 Introduction 

Food availability is a basic human need for survival [1]. Based on physiological and 

anatomical traits, each group of plants has its unique set of characteristics, resulting in 

variations in harvest results. Food shortages are common in a number of nations, including 

Indonesia. One of the causes is crop failure. Most of these crop failures are caused by 

environmental causes, specifically climate change. Rainfall, temperature, and air humidity 

all have an impact on the climate [2]. Most agricultural activities are dictated by the balance 

between the amount of water available on the land and the amount of water required for its 

growth [3]. 

Water availability influences planting patterns in a given area [4]. Planting patterns are 

developed to discover when plants can most efficiently evaluate water availability [5] .One 

of the planting pattern activities is picking plants whose water needs agree with the 

distribution of rainfall, as well as crop rotation that can efficiently utilize rainfall.  

One of the plants that must be correct in defining the planting pattern is the food crop 

maize because this corn has a distinctive water demand that must be adjusted to both the 

vegetative and generative stages [6]. Besides being used by humans as a substitute for rice 
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[7], corn is also used as poultry feed [8]. Corn for chicken feed must still be imported since 

the domestic corn supply is insufficient to meet demand. 

One of the reasons for simultaneous corn planting by Indonesian farmers is a lack of 

knowledge and use of computer information technology, particularly Machine Learning, 

which can forecast or predict planting patterns based on rainwater availability, which can 

influence fertilizer and nutrient absorption by plants. 

The national productivity of corn commodities in Indonesia continues to increase every 

year. In 2012, corn productivity reached 4.5 tons/ha-1 and then experienced successive 

increases in 2013-2016, namely 4.84; 4.95; 5.18; and 5.31 tons/ha-1. However, the 

production and productivity of corn plants in Sukabumi Regency fluctuates every year. Corn 

productivity in Sukabumi Regency in 2012 was 5.5 tons/ha-1, then in 2013 it decreased to 

5.4 tons/ha-1 and in 2014 it increased to 5.8 tons/ha-1 [9]. Climate change from global 

warming is regarded to be one of the causes of instability in corn productivity in Indonesia. 

Global warming affects the availability of water in rainfed areas. Corn plants require 

moderate water availability, but water availability that is too little or too much will result in 

reduced corn output [9]. 

In this research, efforts were made to process rainfall data to determine the best planting 

pattern for corn plants using several machine learning methods, namely the k-NN, Naïve 

Bayes, and Decision Tree methods [10] The KNN method was chosen because of its capacity 

to categorize the unknown effects of fertilizer use and water availability on maize plants 

using training and test data. KNN can generate mathematical algorithms to convert the values 

of these criteria into classification statements. This approach accurately classifies data by 

selecting the nearest neighbor K value correctly [11]. 

Crop forecasting and monitoring rely primarily on meteorological data, which are not 

always available and often have low regional representativeness. Using the system created 

and maintained by the European Commission's Joint Research Centre, along with its gridded 

daily meteorological observations, biased-corrected reanalysis AgMERRA, and the ERA-

Interim reanalysis, it evaluates the viability of reanalysis-based crop monitoring and 

forecasting in this study [12]. Studies on single cropping reveal significant variance in sensor 

utilization. Historically, the most widely used sensors for mapping crop varieties within fields 

were optical sensors. High and extremely high spatial resolution optical sensors (like UAVs) 

have made it possible to precise identification of a field's single cropping [12] ERS, SkyMed, 

RADARSAT-2, Sentinel-1, and other high temporal resolution microwave sensors have all 

been used to map single crops both separately and in conjunction with optical sensors [13–

15]. 

The k-Nearest Neighbor algorithm is a supervised learning technique that uses the 

majority of k-nearest neighbor categories to categorize new sample results. The purpose of 

this method is to categorize new objects based on their properties and training data samples. 

The learning data closest to the object is utilized to classify neighborhoods using the k-

Nearest Neighbor method. The learning data is projected into a multidimensional space, with 

each dimension representing a feature of the data [16]. A straightforward probalistic 

classifier, Naïve Bayes adds up the frequencies and value combinations from a dataset to 

determine a set of probabilities [17]. One popular and highly effective technique for 

categorization and prediction is the use of decision trees. Using the decision tree method, a 

decision tree representing rules can be created from very big data [18].  

2 Material and Methods  

At the first stage of research , its task is to review papers relevant to the topic [19]. 

Information is gathered using terms like "the influence of water on nutrient availability," 

"maize crop planting patterns," "the use of machine learning for planting patterns," and "the 
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prediction of planting patterns using machine learning." All of these search terms are used to 

search a variety of databases, including papers and journals. After gathering papers, the 

literature analysis focuses on predicting corn planting patterns using machine learning, which 

investigates water availability in soil. At this stage, data is also collected from the Department 

of Agriculture in the form of data on soil fertility conditions in the form of pH and main 

nutrients, namely Nitrogen (N), Phosphorus (P) and Potassium (K). These nutrients will be 

influenced by the availability of water so that they can be absorbed by corn plants. From 

BMKG or BPS in the form of climate condition data in the form of rainfall (wet months – 

humid months – dry months). This climate data will provide an overview of rainfall every 

month. 

At second stage, testing the classification model using the k-NN, naïve Bayes, decision 

tree, LSTM approach from a collection of climate condition data (will provide information 

on the availability of water in the soil which helps nutrients become available as plant 

nutrition) [20]. The results of this classification are expected to provide information regarding 

the appropriate planting pattern for corn plants to grow optimally.  

At third stage, it is carried out using two proposed methods. The first process is a 

qualitative study, using existing data from other studies that are significant to this research 

[21]. The second process is a quantitative study. At this stage we will design predictions of 

planting patterns from the classification process using the k-NN, naïve Bayes and decision 

tree approaches for corn plants. This study process will be sourced from extracting 

information in the form of climate data in Sukabumi Regency. The data taken is in the form 

of rainfall data and rainfall categories. This climate data will be tested using machine learning 

to determine the optimum rainwater requirements for dissolving N, P and K fertilizers which 

affect the growth of corn plants. In a quantitative approach to classification design, 

experiments will be carried out to measure the availability  [22] of N, P, and K fertilizer in 

wet and dry soil conditions. These wet and dry soil characteristics reflect the climate 

conditions. Plants can absorb nutrients in proportion to the amount of water they absorb and 

the concentration of nutrients in the water [23]. So, if the soil is dry, the roots are unable to 

absorb the nutrients found in the water. Rainfall conditions are classified as wet, humid, or 

dry based on the volume of rainfall that reaches the ground each year.  

3 Results and Discussion  

3.1 Research Implementation 

This research was carried out in one of the agricultural centers in Sukabumi Regency, namely 

in Nagrak District. There are 3 different fields and corn planting times. Condition 1 was 

observed from 04 October to 23 December 2020. Condition 2 was observed from 10 

December 2020 to 06 March 2021. Condition 3 was observed from 20 March to 07 June 

2021. Observations of the three conditions were carried out on different land and different 

times, this was done to see the response of rainfall, temperature and fertilizer to corn yields. 

Data collection was carried out at several points on the same land and the yield values were 

averaged. Temperature measurements were taken in the morning and evening. Fertilizer 

doses of Nitrogen (N), Phosphate (P), and Potassium (K) are adjusted to the land conditions 

and needs of each corn plant. Rainfall measurements were taken from the Mathematics and 

Geophysics Agency (BMKG) in West Java. Rain categories are divided into low rainfall 0 – 

100mm (1), medium rainfall 101 – 250mm (2), and high rainfall 251 – 500mm (3). The data 

is divided into 80 percent (80%) training data and 20 percent (20%) test data [24]. The test 

was carried out by comparing 3 algorithms, namely k-NN, Naïve Bayes and decision tree to 
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determine the best prediction value for planting time on the land. The following Table 1 

shows samples of data collected. 

Table 1. Data on Rainfall Samples, N, P, K Fertilizer Doses, and Harvest Yields 

Month Average 

Rain 

Rain 

Category 

Average 

Temperature 

N 

(Kg/Ha) 

P 

(Kg/Ha) 

K 

(Kg/Ha) 

Plant Result 

(kg/1000m2) 

100 191.8 2 23.8 154 63 184 600 

100 191.8 2 22.5 154 63 184 600 

100 191.8 2 23.4 154 63 184 600 

100 191.8 2 24 154 63 184 600 

100 191.8 2 23.6 154 63 184 600 

 

Table 1 depicts a total of 248 data, consisting of 8 columns, 4 columns as attributes 

(Month, Average Rain, Rain Category, Average Temperature) and 3 columns as labels (N, 

P, and K). The parameter variables for this experiment are carried out in Table 2. 

Table 2. Plant Yield Measurement Parameters 

Description Variables 

Month Corn planting time components (as attributes) 

AVERAGE rain Daily rainfall conditions taken from BMKG (as attribute) 

Rain category Differences in rainfall from low, medium, and high (as attributes) 

Average 

temperature 

Horizontal coordinate point access point distance (in meters) from 

object/user (as attribute) 

N Condition of Nitrogen fertilizer applied to corn fields (as label) 

P State of Phosphate fertilizer applied to corn fields (as label) 

K Condition of Potassium fertilizer applied to corn fields (as label) 

 

An independent variable is a variable that exists independently or that influences or causes 

changes or the appearance of the dependent variable. In this study, the independent variables 

include month, average rainfall, rain category, and average temperature. Meanwhile, the 

dependent variable is a variable that is influenced or results from the presence of an 

independent variable [25]. In this study, the dependent variables are N, P, and K. The 

independent variable in this study will explain and influence the dependent variable through 

water availability, which will affect the absorption of N, P, and K fertilizer by corn plant 

roots in the soil. Systematic explanations for phenomena. 

3.2 Data Splitting 

Python's Sckit-Learn (sklearn) can be used to easily implement train/test splits. To be able to 

use it, we need to import Sklearn first. After that we can use the train_test_split() function. 

Source code given in Figure 1. 

 

 

Fig. 1. Source Code Data Split 

After that, it continues with the definition of the source data (x) and the target data (y). 

The source data is the month column, Average rainfall, rain category, average temperature, 

N, P, and K. While the target data is the crop yield column. Then we can implement train/test. 

Source code given in Figure 2. 

 

 

from sklearn.model_selection import train_test_split 
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Fig. 2. Source Code Train Test Split 

x_train: To accommodate the source data to be trained 

- x_test: to hold the target data to be trained 

- y_train: to hold source data that will be used for testing 

- y_test: to hold target data that will be used for testing 

 

x and y are the variable names that will be used when defining the source data and target 

data. The test_size parameter is used to define the size of the testing data. In Figure 2 

test_size=0.2 means the data used for testing is 20% of the entire dataset.  

Next, the variable x will be scaled. There are three scalers in the scikit-learn library that 

are often used, namely: StandardScaler, MinMaxScaler, and RobustScaler. Used in the 

preprocessing process. In Figure 3, StandardScaler is used, this scaler removes the mean 

(centered at 0) and scales to the variance (standard deviation = 1), assuming the data is 

normally distributed (Gauss) for all features. 

3.3 Model Evaluation 

Confusion matrix (error matrix) is a predictive analytical tool for displaying and comparing 

actual values with model predicted values which can be used to produce evaluation matrices 

such as accuracy, precision, recall and F1-Score (F-Measure) [26]. In other words, the 

confusion matrix is described as a table that is often used to measure the performance of 

machine learning classification models. Predicted model using machine learning algorithm 

will be evaluated its performance , showed in Confusion Matrix and Classification report. 

Confusion matrix and classification report using KNN-3 models decribed in Figure 3. 

 

 

Fig. 3. Model evaluation using KNN-3 

From the results of the confusion matrix above, the ratio of TP (true positive), FP (false 

positive), FN (false negative), and TN (true negative) can be calculated as follows: 

[15] x_train, x_test, y_train, y_test = train_test_split(x, y, test_size = 0.2, random_state = 123) 
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- TP = (13+2+0+15+16) = 46 ( Corn yield data is good and the model also provides good 

yield predictions 

- FP = (0+0+1+0) = 1 (Maize yield data is not good but the model provides good yield 

predictions) 

- FN = (0+3+1+0) = 4 (The corn yield data is good but the model predicts the results are 

not good) 

- TN = (2+2+15+16) = 35 (Maize yield data is not good and the model predicts the results 

are not good) 

- Accuracy Value: 0.92 (92%) (Is the ratio of correct predictions (positive and negative) 

to the entire data, thus accuracy is the level of closeness of the predicted value to the 

actual value). 

- Precision : (0.93+1+0+0.94+0.89)/5 = 0.75 (75%) 

- Recall: (0.93+1+0+0.94+1)/5 = 0.77 (77%) 

- F1-score : (0.93+1+0+0.94+0.94)/5 = 0.76 (76%). 

Confusion matrix and classification report using Naïve Bayes models decribed in Figure 

4. 
 

 

Fig. 4. Model evaluation using Naïve Bayes 

- TP = (4+7+21+18) = 50 (Maize yield data is good and the model also provides good 

yield predictions) 

- FP = (0+0+0+0) = 0 (Maize yield data is not good but the model provides good yield 

predictions) 

- FN = (0+0+0+0) = 0 (The corn yield data is good but the model predicts the results are 

not good) 

- TN = (7+21++18) = 46 (Maize yield data is not good and the model predicts the results 

are not good) 

- Accuracy Value: 1.00 (100%) (Is the ratio of correct predictions (positive and negative) 

to the entire data, thus accuracy is the level of closeness of the predicted value to the 

actual value). 

- Precision: (1+1+1+1)/4 = 1 (100%) 

- Recall: (1+1+1+1)/4 = 1 (100%) 

- F1-score : (1+1+1+1)/4 = 1 (100%) 
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Confusion matrix and classification report using Decision Tree models are described in 

Figure 5. 

 

 

 
 

Fig. 5. Model evaluation using Decision Tree 

From the results of the confusion matrix above, the ratio of TP (true positive), FP (false 

positive), FN (false negative), and TN (true negative) can be calculated as follows: 

- TP = (10+9+12+13) = 44 (Maize yield data is good and the model also provides good 

yield predictions) 

- FP = (1+1+4+0) = 6 (Maize yield data is not good but the model provides good yield 

predictions) 

- FN = (5 +0+1+0) = 6 (The corn yield data is good but the model predicts the results are 

not good) 

- TN = (9+12+13) = 34 (Maize yield data is not good and the model predicts the results 

are not good) 

- Accuracy Value: 0.88 (88%) (Is the ratio of correct predictions (positive and negative) 

to the entire data, thus accuracy is the level of closeness of the predicted value to the 

actual value). 

- Precision : (0.67+1+0.92+1)/4 = 0.90 (90%) 

- Recall : (0.91+0.90+0.75+1)/4 = 0.89 (89%) 

- F1-score : (0.77+0.95+0.83+1)/4 = 0.89 (89%) 

The calculation results of FP and FN are close, meaning the accuracy value of this 

prediction is good.  

Classification report using LSTM models decribed in Figure 6. 
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Fig. 6. Classification Report using LSTM 

 

Based on Figure 6, the planting time classification results are displayed which show the 

magnitude of precision, recall, f1 score and support so that an accuracy result of 1 is obtained 

for the LSTM model. This provides a calculation that the model's accuracy value in 

classifying correctly is 100%. The overall value of precision is 1, this gives an idea of the 

accuracy of the requested data with the prediction results provided by the model being 100%. 

The overall value of recall is 1, this describes the success of the model in retrieving 

information by 100%. 

3.4 Comparison of Classification Report Results for 4 Models 

In this research, we can compare the classification reports of all the proposed models to obtain 

optimal results. From the confusion matrix calculation, optimum N fertilizer accuracy was 

obtained. 

A comparison of classification reports for the 4 models is carried out in Table 3. 

Table 3. Comparison of Classification Results of 4 Models 

model precision recall fi-Score support accuracy 

k-NN 3 0.75 0.77 0.76 50 0.92 

Naive bayes 1.00 1.00 1.00 50 1.00 

Decision Tree 0.91 0.92 0.91 50 0.88 

LSTM 1.00 1.00 1.00 50 1.00 

 

Table 3 shows that Naïve Bayes and LSTM are the best models among the other models 

because they provide optimal recall, error rate and accuracy values. These results provide an 

illustration that the observed data is close to the predicted results. A comparison of fertilizer 

dosage reports can be seen in Table 4. 

 

Table 4. Fertilier Dosage Results of 4 Models 

Model Fertilizer Dosage precision recall fi-Score 

k-NN3 100 0.93 0.93 0.93 

  

150 1.00 1.00 1.00 

250 0.94 0.94 0.94 

270 0.89 1.00 0.94 

Naïve Bayes 100 1.00 1.00 1.00 

  

150 1.00 1.00 1.00 

250 1.00 1.00 1.00 

270 1.00 1.00 1.00 

Decision Tree 100 0.67 0.91 0.77 

  

150 1.00 0.90 0.95 

250 0.92 0.75 0.83 
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270 1.00 1.00 1.00 

LSTM 100 1.00 1.00 1.00 

  

150 1.00 1.00 1.00 

250 1.00 1.00 1.00 

270 1.00 1.00 1.00 

 

From Table 4, applying 100-270 kg/ha of fertilizer still produces good predictive values, 

this is because in this range of fertilizer application, corn plants still produce good harvests 

from field observations. 

A comparison of research data and overall prediction results is shown in Figure 7 and 8. 

 

 

Fig. 7. Data from Corn Planting Research Results 

 

The research results in Figure 7 show that the x line is the amount of data, and the y line 

is the result of the measurement value. The months of March – May provide less good harvest 

results even with reasonable fertilizer application, this is because in that month the research 

results show little rainfall. 

 

 

Fig. 8. Image of Prediction Results with LSMT 

 

April – May, including rain category 1 (little rain) fertilizer dose = 100-150 kg /ha N, 100 

kg/ha P, and 200 kg/ha K. The optimum crop yield condition is in the 25-60th data condition, 

namely rain category 2 (moderate rain), fertilizer dose = 270 kg/ha N, 63 kg/ha P, and 184 

kg/ha K and in the 100th condition 120, namely rain category 3 (lots of rain), fertilizer dose 

= 250 kg/ha N, 78 kg/ha P, and 156 kg/ha K. These two conditions are not only influenced 

by giving large doses of N fertilizer, but this can also be seen from the data to 83-98 in 
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category 2 and 3 rain conditions, fertilizer dose = 100 kg/ha N, 100 kg/ha P, and 200 kg/ha 

K. This data corresponds to the train value = 0.01 MSE (0.08 RMSE) and test value = 0.01 

MSE (0.11 RMSE). The calculated RMSE value is low, indicating that the variation in values 

produced by a forecast model is close to the variation in the observed value. RMSE calculates 

how different a set of values are. The smaller the RMSE value, the closer the predicted and 

observed values are. 

The MSE value obtained during the testing process demonstrates that the back 

propagation neural network can accurately forecast planting patterns [27]. The performance 

of these two variables can be improved by expanding the training data and adjusting network 

performance factors such as goal error, number of epochs, network design, type of activation 

function, and so on.  

In the 30th-80th data, more fertilizer was given because farmers received subsidized 

fertilizer, so they were able to buy large quantities and at that time there was a lot of rain, so 

farmers were worried that a lot of fertilizer would be carried away by water flow due to rain, 

this is the basis for giving N fertilizer. more. 

Applying 100, 150, 250, and 270 kg/Ha of fertilizer will produce optimal corn plant 

growth provided that there is sufficient water available in the form of monthly rainfall in the 

research location area (Nagrak District, Sukabumi Regency). As shown in table 4.5, the rain 

forecast for 2022 in table 5. 
 

Table 5. Best Recommendations for Planting Corn 
Month Rainfall Category Recommendation 

January High Planting 

February High Planting 

March Medium Planting 

April Dry Not Planting 

May Medium Not Planting 

June Dry Not Planting 

July Dry Not Planting 

August Medium Planting 

September High Planting 

October High Planting 

November High Planting 

December High Planting 

 

It is hoped that these predictions can be used as a reference by corn farmers to start 

planting corn each planting season. The habit of farmers in Indonesia is to start planting corn 

in August – September, so that a big harvest in November is inevitable. With these forecast 

results, corn plants can be planted at the end of the rainy season, namely January - March and 

at the beginning of the rainy season, namely August – December. 

4 Conclusion 

After conducting research using the k-NN, Naïve Bayes, Decision Tree, and LSTM 

classification methods to estimate fertilizer application using a climate data dataset. The 

results of research using the k-NN method obtained 92% accuracy, using the Naive Bayes 

method obtained 100% accuracy, using the decision tree method obtained 88% accuracy, and 

using the LSTM method obtained 100% accuracy. From these results it can be concluded that 

the performance of the Naïve Bayes and LSTM methods is better than the k-NN and Decision 

Tree methods. This means that the application of N, P and K fertilizer to corn plants is 

influenced by the availability of rainwater. In rainfall categories 2 (moderate) and 3 (a lot), 

fertilizer can be absorbed by plants so that corn crop yields can be optimal, conversely if 
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sufficient water is not available then corn crop yields cannot be optimal. Predictive 

recommendations for corn planting in the next planting season is optimal planting at the end 

of the rainy season, namely January to March and at the beginning of the rainy season, namely 

August to December. The optimum fertilizer application is N fertilizer dose = 100-270 kg/ha, 

P fertilizer dose = 63-100 kg/ha, and K fertilizer dose = 156-200 kg/ha e. 
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