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ABSTRACT   

 

Palm oil is an important commodity for Indonesia, so monitoring plant nutrition is crucial to maintain 

productivity. This research aims to develop a prediction system for palm oil nutrition—including 

nitrogen (N), phosphorus (P), potassium (K), and magnesium (Mg)—using multispectral drone photo-

based remote sensing. The Random Forest Regression (RFR) method is used to model the relationship 

between spectral data and plant nutrient levels. The results showed that RFR was able to predict nutrients 

with adequate accuracy, with R² values of 0.641 (N), 0.601 (P), 0.558 (K), and 0.765 (Mg), respectively. 

These findings confirm that the integration of multispectral data and RFR is an effective approach to 

monitor nutrient conditions broadly and support more efficient fertilization decisions. 
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ABSTRAK   

 

Minyak sawit merupakan komoditas penting bagi Indonesia, sehingga pemantauan nutrisi tanaman 

menjadi krusial untuk menjaga produktivitas. Penelitian ini bertujuan mengembangkan sistem prediksi 

nutrisi kelapa sawit—meliputi nitrogen (N), fosfor (P), kalium (K), dan magnesium (Mg)—

menggunakan penginderaan jauh berbasis foto drone multispektral. Metode Random Forest Regression 

(RFR) digunakan untuk memodelkan hubungan antara data spektral dan kadar nutrisi tanaman. Hasil 

penelitian menunjukkan bahwa RFR mampu memprediksi nutrisi dengan akurasi yang memadai, 

dengan nilai R² masing-masing 0,641 (N), 0,601 (P), 0,558 (K), dan 0,765 (Mg). Temuan ini menegaskan 

bahwa integrasi data multispektral dan RFR merupakan pendekatan efektif untuk memantau kondisi 

nutrisi secara luas dan mendukung keputusan pemupukan yang lebih efisien. 

 
Kata kunci: Nutrisi Kelapa Sawit; Penginderaan Jauh; Random Forest Regression; Multispektral. 
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INTRODUCTION  

Palm oil is a strategic commodity for the Indonesian economy, with a major contribution to exports and 

labor absorption (Ariyanto et al., 2022). To maintain productivity, crop nutrition monitoring needs to be 

carried out efficiently, especially in a very large plantation area. Remote sensing technology through 

satellite imagery and multispectral drones offers a fast, accurate, and cost-effective method of 

monitoring vegetation conditions, including plant health through indices such as NDVI (Yuniasih & 

Adjie, 2022; Evrilia, 2020). 

Previous research has shown that multispectral data is able to predict plant nutrients, such as N, P, and 

K, with good accuracy, and can be a more efficient alternative to laboratory analysis (Ariyanto et al., 

2022). In addition, the Random Forest Regression (RFR) method has been proven to be effective in 

processing spectral variables to produce stable nutrient predictions through bagging techniques and 

random feature selection (Wahyudi, 2022; Xie et al., 2021). 

Based on this foundation, this study aims to identify and predict nutrient deficiencies N, P, K, and Mg 

in oil palm plants using multispectral drone photographs and RFR modeling. This approach is expected 

to provide more accurate nutritional information and support appropriate and sustainable fertilization 

decision-making. 

 

PROBLEM STATEMENT 

1. How to predict the nutrient content (N, P, K, and Mg) of oil palm plants using the Random 

Forest Regression method? 

2. How to evaluate the accuracy of the prediction results of these nutrients compared to the data 

from laboratory analysis? 

 

LITERATURE REVIEW 

Table 1: Literature reviews 

No. 
Author, Title, Year of 

Research 
Result Relationship 

1. M. Hadisaputra Ariyanto, K. 

Rega Prilianti, H. Setiawan, 

and P. Mimboro.  

Method of Rapid 

Measurement of Nutrient 

Content of Oil Palm Plants 

with Remote Sensing and 

Artificial Intelligence 

Methods. 

(2022) 

The Artificial Neural 

Network method has been 

proven to predict the nutrition 

of Nitrogen, Phosphorus and 

Potassium in oil palm plants 

using remote sensing. The 

ANN model will use an adam 

optimizer  with Mean 

Absolute Error and Loss 

Mean Squared Error 

accuracy, while for hidden 

layers and nodes of  hidden 

layers, trial and error will be 

performed to get the best 

results  

Explain about analyzing 

nutrients in oil palm plants. 

2. Samuel, K. Rega Prilianti, H. 

Setiawan, and P. Mimboro. 

Automatic Tree Detection 

Method in Oil Palm Plantation 

Imagery Using Convolutional 

Neuteral Network (CNN) 

Model in Geographic 

Information System Software. 

(2022) 

The area of oil palm 

plantations in Indonesia is 

around 14.33 million hectares 

and produced 42.9 million 

tons of oil palm in 2018. In 

2019, the area of oil palm 

plantations in Indonesia grew 

by 1.88% to 14.60 million 

hectares and production 

increased by 12.92% to 48.42 

million tons. In 2020, the area 

Explaining the area of oil 

palm plantations in 

Indonesia  
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No. 
Author, Title, Year of 

Research 
Result Relationship 

of oil palm plantations did not 

change significantly. 

3. B. Yuniasih & A. R. Adjie. 

Evaluation of Oil Palm 

Plantation Conditions Using 

NDVI Index from Sentinel 2 

Satellite Imagery.  

(2022) 

The use of remote sensing 

technology using satellite 

imagery or drones is one way 

to know and monitor the 

condition of oil palm 

plantations effectively for a 

large area.  

Explain the use of remote 

sensing technology  

4. Y. Huang, C. Zhong-xin, Y. 

Tao, H. Xiang-zhi, & G. Xing-

fa. 

Big data remote sensing 

agriculture: Management and 

applications. 

(2018) 

Remote sensing differentiates 

objects based on the 

differences in transmission, 

reflection, and absorption of 

electromagnetic waves by 

each object. Remote sensing 

works on visible, infrared, 

and microwave bands. 

Explaining Remote Sensing 

5.  W. Noviliasari, S. Dedy 

Kurnia, & M. A. Yulianandha 

The use of NDVI (Normalize 

Difference Vegetation Index) 

and SAVI (Soil Adjusted 

Vegetation Index) methods to 

determine the availability of 

green open space to meet 

oxygen needs. 

(2020) 

The Normalize Difference 

Vegetation Index (NDVI) is 

an index of the photosynthetic 

activity of vegetation or 

vegetation, and one of the 

most commonly used 

vegetation indices. 

Explaining the 

Normalization of 

Vegetation Index 

Differences (NDVI) 

 

METHODOLOGY 
Figure 1: Frame of mind 
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The research stages used in this study have three main components in the thesis preparation 

process consisting of literature study, data collection and data processing. In this research method, it can 

be seen from the flow diagram of the thinking framework in Figure 1 above. 

  

Data Collection Methods 

 The first stage was a direct field survey at PT. Barito Putera Plantation, Barito Kuala Regency, 

South Kalimantan. Furthermore, real-time positioning is carried out using the Real Time Kinematic 

(RTK) method, which allows direct determination of coordinates even when the tool is in motion. The 

data taken was in the form of aerial photographs by taking through drones or drones with DJI Phantom 

4 multispectral Drone type at PT. Barito Putera Plantation.  

The image data used in this study includes five components, namely one NDVI (Normalized 

Difference Vegetation Index) and four red, green, blue, and near-infrared (NIR) spectral bands. These 

indices and bands are used to analyze vegetation conditions and other characteristics in the research 

area. Nutritional data was obtained from secondary data from the results of field surveys with a total of 

345 sample points that will be processed and analyzed further. 

 

Data Processing 

At this stage, the goal is to find out how to process the data carried out in this study. In this 

study, the Random Forest Regression method was used. Data processing can be seen as follows: 

1. UAV Image Processing 

At this stage, to find the NDVI index, the red, green, blue, and NIR bands use R-studio software to 

generate index images that incorporate UAV images. Then combine the results of the index that has 

been processed using Arcgis software. To find the NDVI index by combining NIR and red bands 

using the NDVI formula, for red, green, blue band indices, NIR there is no need to search in the R-

studio software as it is already available from multispectral drone photos, just combine them using 

Arcgis software. 

2. Index Value Extraction 

To obtain the index value, by extracting a raster based on the nutritional value of laboratory results 

which has 345 plot points of oil palm plants. 

3. Oversampling Data 

At this stage, data balancing is carried out using the SMOTE (Synthetic Minority Oversampling 

Technique) technique. This SMOTE technique works by looking for the closest neighbours of the K 

data in each minority class. Then the synthetic data is duplicated in the minor class and the 

environment as many percentages as are created, which will later be randomly selected. 

 

RFR Model Design 

The analysis method used in this method is the Random Forest Regression (RFR) method. 

Random Forest Regression is a Machine Learning algorithm that can predict and forecast well. With the 

concept of randomly combining decision trees. This method is aided by a gridsearch cross-validation 

algorithm that will combine grid search and cross-validation to select the optimal parameters. 

1. Select some data in a training set as many as K pieces (If the data is too little, for example less than 

30, there is no need to divide it into training and test sets). 

2. Create a Decision Tree from the pre-selected K data. 

3. Select the number of N-trees you want to create. Next, repeat steps 1 and 2. The point is to keep 

regressing the decision tree as much as possible (generally as many as 200 times, 300, 500, etc.).  

4. Determine the metric to use, which is the RMSE metric for regression analysis. 

5. The process of normalizing the data as needed is then created to create a model. 

6. Evaluation for the regression of mtry metrics, Root Mean Squared Error (RMSE), and Determination 

Coefficient (R-squared) 

 

Prediction of Oil Palm Plant Nutrition with Laboratory Results 

By obtaining parameter values from the gridseacrhCV algorithm, it was followed by analyzing 

the nutrient value prediction model using the Random Forest Regression method. 
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RFR Model Accuracy 

This stage was carried out to measure the performance of the Random Forest Regression method 

that has been carried out in analyzing the nutrition prediction of oil palm plants using the random forest 

regression method. 

In the results of the accuracy of the RFR model, there are several metrics in it, including: 

1. Parameter Mtry Parameter 

Mtry is the sum of independent variables used to build a tree on each iteration. This parameter is 

necessary to create a model to accept the best model with the lowest possible error value (Hakim et 

al., 2023). 

2. Mean-Squared Root (RMSE) 

RMSE is often used to measure the difference between the values predicted by the example and the 

values observed. The RMSE penalizes a greater absolute value by giving more weight to that value. 

The greater the RMSE disparity, the greater the individual fault variant (Li et al., 2018). 

3. R-Square (R2) 

R-Squared represents the proportion of independent variable variants described by independent 

variables in the model. An R2 A score of 1 provides a perfect match between predicted and 

experimental outcomes, while a score of 0 provides no relationship between independent and 

dependent variables (Lillo-Bravo et al., 2023). 

 

FINDINGS AND DISCUSSION 

At this stage, each sample point is made into a polygon that follows the shape of the leaves of 

the oil palm plant. The purpose of creating these polygons is to ensure higher accuracy when extracting 

index and image values on each ribbon. With polygon shapes adapted to the leaf structure, data 

extraction can reflect vegetation conditions more representatively. This process is carried out using 

ArcGIS software, which will facilitate further analysis at a later stage, such as the calculation of 

vegetation indexes or the processing of other image data. 

 

Extraction of Vegetation Index Values and Band Images 

At this stage, ArcGIS software is used to find the index values on each component of the image. 

This process is done by calculating and visualizing index values using ArcGIS. The results of the 

calculation are shown in Table 1, which contains five image components, namely NDVI, Red, Green, 

Blue, and Near-Infrared (NIR). 

The data in this table shows the rate of light reflection in each colour band (red, green, blue) as 

well as near infrared (NIR), which is the basis for calculating NDVI. NDVI values in the table range 

from 0.872 to 0.907, where higher values indicate areas with healthier vegetation and active 

photosynthesis. Each row of data in the table represents the value of a single point or pixel in the image, 

which shows the variation in vegetation conditions in the area. This analysis helps in understanding the 

distribution of vegetation and identifying land conditions based on the level of vegetation health in the 

mapped area. This NDVI data can be used for further evaluation in land use planning, crop health 

monitoring, and general environmental management, as shown in Table 2. 

 
Table 2: Value Extraction Results from Each Image Component 

No NDVI  RED GREEN BLUE NIR 

1 0,904  0,027 0,057 0,020 0,546 

2 0,897  0,024 0,047 0,017 0,454 

3 0,903  0,025 0,050 0,019 0,511 

4 0,894  0,027 0,054 0,018 0,486 

5 0,893  0,028 0,061 0,019 0,511 

6 0,899  0,026 0,055 0,019 0,514 

7 0,880  0,030 0,067 0,019 0,485 

8 0,904  0,028 0,060 0,020 0,567 

9 0,902  0,024 0,052 0,017 0,479 
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10 0,907  0,026 0,061 0,018 0,552 

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

340 0,886  0,032 0,073 0,019 0,520 

341 0,890  0,029 0,069 0,017 0,510 

342 0,893  0,028 0,064 0,018 0,506 

343 0,876  0,029 0,062 0,018 0,452 

344 0,893  0,029 0,061 0,019  0,521 

345 0,894  0,031 0,070 0,019  0,548 

346 0,872  0,031 0,066 0,019  0,468 

 

Random Forest Regression 

 The Random Forest Regression method was used to predict the nutrients of oil palm and 

produce an accuracy (R²) of N = 0.641; P = 0.601; K = 0.558; and Mg = 0.765. Before modelling, the 

optimal parameters are determined using GridSearchCV to obtain the best combination of 

hyperparameters. 

 Figure 2 shows a predictive modelling flow using Random Forest to predict four nutrient 

variables (N, P, K, and Mg). The initial data was processed using the SMOTE technique to overcome 

class imbalances, then read and processed using the openxlsx and readxl libraries. The randomForest 

library is used to build the model, while varImp is utilized to assess the importance of variables. 

Each target variable is separated into a separate subset of data. The model was trained using a 

5-fold cross-validation scheme to improve generalization capabilities. Hyperparameters, specifically 

mtry, are set through a grid search, while ntree is tested in some variation through a loop. The final 

model is selected based on the best performance in predicting each nutrient. 

 
Figure 2: Random Forest Regression Source Code 

 
 

In the modelling process, the number of trees (ntrees) is varied between 50–1000 to find the 

best configuration. Each model is evaluated using RMSE, where the lowest RMSE value is selected as 

the optimal model. At each iteration, if a new model produces a better RMSE, then the best models and 

metrics are updated. 
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Once all variables (N, P, K, Mg) have been trained, a summary of the optimal performance and 

number of trees is displayed. Visualizations are then created to see the model's performance more clearly. 

The best model is then used to generate predictions, which are then combined with the original data 

using cbind to facilitate comparative analysis. 

The final result—in the form of actual data and predicted values—is stored in a new Excel file 

through write.xlsx, making it easier to document and distribute the analysis results. Figure 3 shows an 

example of the best model calculation results for the prediction of the N element. 

 

Figure 3: Results of Random Forest Regression Model N 

 
Figure 3: Output print(best_modelN) shows a summary of the best Random Forest model for 

the target variable N, which was trained with 1313 samples and 5 predictors without additional 

preprocessing. This model uses 5-fold cross-validation, with an even sample size in each fold. The 

results table shows the evaluation for mtry values from 1 to 10 based on three metrics: RMSE (Root 

Mean Square Error), R-squared, and MAE (Mean Absolute Error). 

The lowest RMSE value was achieved at mtry = 3, which is 0.06759118, which indicates the 

model has a good performance in predicting the N. R-squared for this model is 0.6419371, indicating 

that about 64.19% of the variance in the data can be explained by the model. Thus, the best model uses 

mtry = 3 because it provides a good balance between complexity and prediction accuracy. 

 

Figure 4: Results of the Random Forest Regression Model P 

 
 

Figure 4: The print(best_modelP) output summarizes the best Random Forest model for the 

target variable P, which was trained with 1313 samples and 5 predictors without additional 

preprocessing, and used 5x cross-validation with consistent sample sizes. The evaluation results table 

shows mtry values from 1 to 10, with the lowest RMSE recorded at mtry = 3, which is 0.003013761, 

which indicates excellent predictive ability. The R-squared value for this model is 0.5997391, indicating 

that about 59.97% of the variance in the data can be explained by the model, while the MAE of 
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0.002094637 indicates a very low prediction error. Thus, the best model uses mtry=3 because it provides 

an optimal balance between complexity and prediction accuracy. 
Figure 5: Results of the Random Forest Regression Model K 

 
 

Figure 5: Output print(best_modelK) provides a summary of the best Random Forest model for 

the target variable K, which was trained with 1313 samples and 5 predictors without additional 

preprocessing. This model uses 5-fold cross-validation, with fairly consistent sample sizes, namely 

1050, 1051, 1050, 1051, and 1050. The evaluation results table displays mtry values from 1 to 10, where 

RMSE (Root Mean Square Error), R-squared (Rsquared), and MAE (Mean Absolute Error) are recorded 

for each mtry value. The lowest RMSE value was found at mtry = 10, which is 0.03599565, indicating 

that the model has good predictive capabilities for the K variable. 

Figure 6: Results of Random Forest Regression Model Mg 

 
 

The R-square for this model is 0.5589021, indicating that about 55.89% of the variance in the 

data can be explained by the model, while the MAE is recorded as 0.02447133, indicating a relatively 

low prediction error. Thus, the best model for the prediction of the K variable is the one that uses mtry 

= 10, as it provides the lowest RMSE value and shows a good balance between the complexity of the 

model and the accuracy of the prediction. 

Figure 6: Output print(best_modelMg) provides a summary of the best Random Forest model 

for the target variable Mg, which was trained with 1313 samples and 5 predictors without additional 

preprocessing, and used 5-fold cross-validation with relatively consistent sample sizes, i.e. 1049, 1051, 

1050, 1051, and 1051. The evaluation table displays mtry values from 1 to 10, where the lowest RMSE 

value is found at mtry = 7, which is 0.03396967, indicating excellent predictive ability. The R-squared 

value for this model reaches 0.7657458, indicating that about 76.57% of the variance in the data can be 
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explained by the model, while the MAE is recorded as 0.02358608, indicating a relatively small 

prediction error. 

Thus, the best model for predicting the Mg variable is the one that uses mtry = 7, as it produces 

the lowest RMSE value and shows a good balance between model complexity and prediction accuracy. 

Prediction of Oil Palm Plant Nutrition 

After getting the best parameter values, the next step is to look for the prediction of the nutrition 

of oil palm plants. The prediction of oil palm plant nutrition uses five image components, namely NDVI, 

red band, green, blue and NIR. The following source code is used in finding the prediction of oil palm 

plant nutrition shown in Figure 7. 

 
         Figure 7: Nutrient Prediction Source Code N, P, K, MG 

 
 

In Figure 7, this source code is used to make predictions using the best pre-trained Random 

Forest model, which is applied to the preloaded dataset. First, four prediction variables are created using 

the predict() function for each of the best models (best_modelN, best_modelP, best_modelK, and 

best_modelMg). The results of this prediction function are stored in the prediction variables N, 

prediction P, prediction K, and prediction Mg, so that each of these variables stores the prediction value 

for the target variables N, P, K, and Mg. 

 

Table 3: Prediction of Oil Palm Plant Nutrition 

No Prediction N P Prediction Prediction K Mg Prediction 

1 1,96 0,12 0,62 0,27 

2 1,97 0,12 0,54 0,34 

3 1,93 0,12 0,55 0,35 

4 1,88 0,12 0,66 0,29 

5 2,03 0,12 0,55 0,28 

6 2,02 0,12 0,57 0,29 

7 1,86 0,12 0,66 0,28 

8 1,87 0,12 0,65 0,28 

9 1,94 0,12 0,54 0,30 

10 2,01 0,12 0,55 0,29 

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

1308 1,81 0,12 0,53 0,38 

1309 1,79 0,12 0,53 0,39 

1310 1,79 0,12 0,53 0,39 

1311 1,79 0,12 0,53 0,39 

1312 1,79 0,12 0,53 0,39 

1313 1,79 0,12 0,53 0,39 

 

Next, the prediction results are combined with the original data using the cbind() function, 

resulting in a new data framework named results, which includes the original data along with the 

predicted results. After the merge, these dataframes are displayed using the view, so users can easily 

check and analyze the results of the predictions that have been made. 
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Thus, this code facilitates users to get a thorough overview of the results of the prediction model 

and helps in further interpretation and analysis. The resulting dataframe is then saved into an Excel file 

using write.xlsx(), with a specified storage location. The predicted results of nutrition in oil palm plants, 

including nitrogen (N), phosphorus (P), potassium (K), and magnesium (Mg), are presented in the form 

of predictive values for each nutrient variable based on the trained Random Forest model, as shown in 

Table 3. 

Accuracy Results 

The accuracy results obtained from the analysis of oil palm plant nutrition predictions used 

laboratory nutritional values, vegetation index and ribbon image index which resulted in R-squared (R2) 

values N = 0.641, P = 0.601, K = 0.558, Mg = 0.765. The value of R 2 is used to measure how much an 

independent variable affects a dependent variable. And there are results of the calculation accuracy of 

RMSE Error (Root Mean Squared Error) which is N = 0.067, P = 0.003, K = 0.035 and Mg = 0.033. 

 

Oil Palm Plant Nutrition Prediction Map 

This study used five indices, namely NDVI, red band, green, blue, and near-infrared (NIR), and 

combined data processing to analyze the results of the nutrient distribution of oil palm plants, shown in 

Figure 8. 
Figure 8: Source Code Stacking Raster 

 
 

The source code in Figure 7 is used to modify the raster data by adding new attributes and saving 

them back into TIFF format. First, the dysmo library is enabled to provide the functionality necessary 

for spatial analysis. 

Then, all raster files with .tif extension are retrieved from the specified directory using list.files() 

and stored in predictor_files variable. Next, the stack() function is used to combine those raster files into 

a single raster object called a predictor. To ensure that the raster name matches the model variable, the 

name in the predictor object is changed using names(), with corresponding names such as 

"rata_rata_ndvi", "rata_rata_red", "rata_rata_green", "rata_rata_blue", and "rata_rata_nir". Once the 

raster object is ready, the next step is to create a prediction for each variable. For N, predict() is used to 

apply the best model (best_modelN) to the predictor object, and the results are stored in predN. Then, 

the results of this prediction are visualized using plot() with the title "Prediction N". The results of these 

predictions are also saved into a new raster file at the specified location by using writeRaster(). 

The same steps are performed for the P, K, and Mg variables. The prediction results are stored 

in the predP, predK, and predMg variables, then mapped and stored in a separate raster file with the 

corresponding name in the specified directory. With these steps, this code facilitates the process of 

predicting and storing the prediction results for further analysis. 

 
Figure 9: Nitrogen Prediction Results Map (N) 
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Figure 9 shows the Map of Nitrogen (N) Nutrient Prediction Results in Oil Palm Plants with 

additional details, including: 

1. Prediction of Nitrogen (N) Nutrient Distribution: This map provides information on the status of 

nitrogen nutrients in oil palm plantation land. The colour on the map indicates nitrogen nutrient 

levels: Red indicates areas with low nitrogen nutrients (2.90). Yellow indicates areas with nitrogen 

nutrients at optimal levels (2.60 - 2.90). • Green indicates areas with high nitrogen nutrients (>2.90).  

2. Illustration of Nitrogen Deficiency: 

a. There are photos of oil palm plants that show symptoms of nitrogen deficiency. It is usually 

characterized by yellowing of the leaves, which is one of the signs of nitrogen deficiency in 

plants. 

b. A small circle image with red dots shows a predictive image of the nitrogen element in a given 

area. It may use technologies such as multispectral imaging to detect nitrogen deficiencies in 

specific crops. 

3. Data Source: This data is based on multispectral aerial photograph imagery taken in 2024. 

4. Location Index Map: At the bottom right, there is an additional map showing the location of oil palm 

plantations in the context of a larger area (in red). 

5. Map Scale and Direction: The map scale uses 1:25,000 with north-directional arrows, which helps in 

determining the orientation and estimation of distances in the map. The conclusion of this map is that 

there are certain parts of the land that are deficient in nitrogen, which may require further fertilization 

measures to achieve nutrient balance and improve the health of oil palm plants. 

 
Figure 10: Phosphorus Prediction Results Map (P) 

 
 

Figure 10 shows the Phosphorus (P) Nutrient Prediction Results Map on Oil Palm Plants with 

additional details including: 

1. Predicted Phosphorus Nutrient Distribution (P): This map provides information on the status of 

phosphorus nutrients in oil palm plantations. The colour on the map shows phosphorus nutrient levels 

Red indicates areas with low phosphorus nutrients (0.19). Green indicates areas with phosphorus 

nutrients at optimal levels (0.16 - 0.19). Yellow indicates areas with high phosphorus nutrients 

(>0.19). 

2. Illustration of Phosphorus Deficiency: 

a. There are photos of oil palm plants that show symptoms of phosphorus deficiency. 

b. A small circle image with red dots shows a picture of the predicted phosphorus levels in a given 

area. 

3. Data Source: This data is based on multispectral aerial photograph imagery taken in 2024. 

4. Location Index Map: At the bottom right there is an additional map showing the location of oil palm 

plantations in the context of a larger area (in red). 
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5. Map Scale and Direction: The map scale uses 1:25,000 with a northbound point. The map shows that 

some parts of the land are deficient in phosphorus, which may require further fertilization measures 

to achieve nutrient balance and improve the health of oil palm plants. 

Figure 11: Potassium (K) Prediction Result Map 

 
 

Figure 11 is the Map of Potassium (K) Prediction Results in Oil Palm Plants in PT Barito 

Putera's Plantation, which shows the distribution of potassium nutrients in the plantation area. Here are 

the details: 

1. Predicted Potassium Nutrient Distribution (K): This map identifies potassium levels in the soil using 

three colors: Red indicates low potassium levels (1.19), which means the area has excessive or very 

adequate potassium nutrients. Yellow indicates optimal potassium levels (0.91 - 1.19), indicating 

sufficient nutrients for plant growth. Green: indicates high potassium levels (>1,19), which means 

the area has excessive or very adequate potassium nutrients.  

2. Illustration of potassium deficiency: 

a. The photo of the palm leaves in the top left shows symptoms of potassium deficiency, which is 

usually seen on leaves that have yellowing or necrotic spots. 

b. A small circle image with red dots shows a predictive image of the potassium element, showing 

specific areas with varying levels of potassium. 

3. Data Source: Data from multispectral aerial imagery in 2024, allows for a detailed analysis of 

potassium nutrients in a large area of plantations. 

4. Location Index Map: The additional map at the bottom right shows the location of the plantation on 

a larger scale (in red), providing context for the area being analyzed. 

5. Map Scale and North Direction: The map scale is 1:25,000, equipped with north arrows for 

orientation and distance measurement. Overall, the map is used to identify areas of plantations that 

require additional potassium nutrient interventions to maintain the health of oil palm crops and 

increase productivity. 

 
 Figure 12: Magnesium (Mg) Prediction Results Map 
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In Figure 12 there is a map of the Magnesium (Mg) Prediction Results in Oil Palm Plants at PT 

Perkebunan Barito Putera, which shows the distribution of magnesium content in oil palm plantation 

areas. Here are the details: 

1. Predicted Magnesium Nutrient Distribution (Mg): This map uses three colours to show magnesium 

levels: Red indicates low magnesium levels (0.39), which means the area has sufficient or excess 

magnesium nutrients. Yellow indicates optimal magnesium levels (0.26 - 0.39), indicating areas with 

adequate nutritional conditions. Green indicates high magnesium levels (>0.39), which means the 

area has sufficient or excessive magnesium nutrients 

2. Magnesium Deficiency Illustration: 

a. There is a photo of palm leaves in the upper left that shows symptoms of magnesium deficiency, 

usually characterized by yellowing of the leaves, especially on the leaf bones and the area in 

between. 

b. A small circle image with green dots is a predictive image of the element magnesium. 

3. Data Source: The data on this map is derived from multispectral aerial imagery in 2024, which allows 

for more accurate analysis of magnesium nutrients in plantation areas. 

4. Location Index Map: There is an index map that shows the location of oil palm plantations in the 

context of a larger area (in red), providing a geographical context for the research site. 

5. Map Scale and North Direction: The map scale is 1:25.000, equipped with a north arrow that aids 

with orientation. The map provides information to identify areas that are deficient in magnesium and 

require interventions, such as additional fertilization, to maintain the nutritional balance of oil palm 

plants to support crop productivity and health. 

 

The higher prediction accuracy of the element magnesium (Mg) is influenced by the physiological and 

spectral characteristics of Mg which are more consistent with the colour change and health of the leaves. 

Mg plays an important role in the formation of chlorophyll, so its deficiency causes a clear and stable 

change in leaf colour, especially in red and NIR canals. The relationship between Mg and vegetation 

index (e.g. NDVI, GNDVI) is also stronger than that of other elements such as N, P, and K, which tend 

to be more influenced by environmental conditions and soil dynamics. In addition, the variation of Mg 

data in the sample is generally more structured so that the Random Forest model is easier to recognize 

the prediction pattern. A more pronounced leaf response to Mg deficiency results in clearer spectral 

signals, thereby improving the model's ability to produce accurate predictions. 

The difference in prediction accuracy between nutrients is due to variations in nutrient sensitivity to 

spectral characteristics recorded by multispectral sensors. Magnesium (Mg) has the highest accuracy 

due to the following factors: 

1. More Consistent Mg Effect on Mg Leaves plays an important role in the formation of 

chlorophyll. A deficiency or excess of Mg often gives rise to a pronounced discoloration of the 

leaves, making them easier to recognize through spectral reflections, especially in red and NIR 

channels. This consistency makes the spectral pattern more stable and easy for the model to 

learn. 

2. Stronger Spectral – Physiological Relationships Mg variations typically show a high correlation 

with vegetation indices such as NDVI or GNDVI. This strong correlation is what enhances the 

ability of the Random Forest model to find predictive patterns. 

3. In many cases, the spread (variance) of Mg data is more uniform than that of N, P, or K. When 

data variability is more structured, machine learning models can learn patterns more stably, 

resulting in increased accuracy. 

4. Influence of Lower External Factors Nutrients such as N and P tend to be more influenced by 

environmental conditions, leaf age, rainfall, or soil dynamics that are difficult to record by drone 

sensors. In contrast, Mg is relatively more stable so its spectral signals are not much "disrupted" 

by external factors. 

5. Leaf Response Is More Pronounced to Mg Imbalance Symptoms of Mg deficiency (e.g., 

chlorosis between leaf bones) produce strong spectral contrast. This provides a clearer 

differentiating feature for the Random Forest algorithm, making predictions more accurate. 
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CONCLUSION 

Based on the results of the research on the design of the Random Forest Regression model for 

oil palm plant nutrition prediction, it can be concluded that the results of the oil palm plant nutrition 

prediction model use the Random Forest Regression method with the amount of Nitrogen (N) ± 1.78-

2.06, Phosphorus (P) ± 0.11-0.12, Potassium (K) ± 0.53-0.67, and Magnesium (Mg) ± 0.21-0.39, which 

is the result of predicting the nutritional value of oil palm plants. 

In addition, in this study, using 5 indices, including NDVI, red, green, blue, and NIR bands, 

accuracy results were obtained with the values of R-Squared (R2) Nitrogen (N) = 0.641, Phosphorus (P) 

= 0.601, Potassium (K) = 0.558, Magnesium (Mg) = 0.765, with a Root Mean Squared Error (RMSE) 

of N = 0.067, P = 0.003, K = 0.035 and Mg = 0.033. 
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