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 Indonesia, a leading nation in the palm oil industry, experienced a significant 

increase of 15.62% in crude palm oil (CPO) exports in 2020, effectively 

meeting the global need for vegetable oil and fat. Therefore, the subjective 

assessment of CPO quality, influenced by differences in human evaluations, 

may lead to inconsistencies, necessitating the adoption of machine learning 

methods. There are several categories of CPO, such as bad and excellent. 

Machine learning can determine the quality of CPO itself. This study utilizes 

two distinct categories to measure the quality of CPO. CPO quality data is 

collected and processed into pre-processing data, in classifying using several 

methods such as artificial neural network (ANN), k-nearest neighbor (KNN), 

support vector machine (SVM), decision tree (DT), naïve Bayes (NB), and 

C.45 using the cross-validation evaluation parameter. The best results are 

obtained by C.45 and DT with an accuracy of 99.98%. 
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1. INTRODUCTION 

Indonesia, an agricultural nation, is a major palm oil producer due to its large land area and low 

production cost. The country's palm oil production rose 14% in August 2019, with a 33.88% increase in 

output from people's plantations and 58.56% growth from private large plantations. However, the state 

plantation (SP) has a sluggish output rate of 7.55%. The country's palm oil industry contributes to 

economic prosperity [1]. Indonesia's crude palm oil (CPO) exports increased by 15.62% in 2020 to 26.47 

million tons, meeting the growing global demand for vegetable oils and fats [2]. Superior CPO is  

produced using mature oil palm fruits, classified as unripe for raw, ripe for harvestable, and overripe for 

entirely ripe. This results in high oil extraction efficiency and low free fatty acids  (FFA). The subjective 

nature of CPO quality assessment due to individual appraisal differences can lead to inconsistencies, 

potentially lowering accuracy and objectivity, thus necessitating machine learning methods for CPO 

quality assessment.  

Numerous researchers have thoroughly investigated the utilization of computerized technology in 

agriculture. This task includes IoT [3], remote sensing data [4], land suitability [5], identifying disease on 

fruit [6], leaves [7]–[9] and stem [10], segmenting fruit [11], [12], estimating the mass of fruit [13], [14], and 

fruit maturity [15]–[17]. In classification, several methods have been applied in several machine learning 

such as artificial neural network (ANN) [18], [19], support vector machine (SVM) [20]–[22], random forest 

(RF) and gradient boosting [3], [23], decision tree (DT) [24], [25], and k-nearest neighbor (KNN) [26], [27]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Several studies related to oil palm objects were developed by implementing machine learning 

approaches. Three machine learning algorithms were employed: multilayer perceptron, support vector 

regression (SVR), and linear regression to forecast CPO production. The SVR method surpassed the other 

two in prediction accuracy, with a positive predictive accuracy of 0.694, mean squared error (MSE) of 

1146.054, mean absolute percentage error (MAPE) of 47.485, and mean absolute deviation (MAD) of 22.333 

[1]. Three machine learning models were analyzed using historical data from 2020 to 2023 to predict CPO 

prices. The RF method showed superior performance; in the 90:10 scenario, RF outperformed linear and 

logistic regression, yielding smaller MSE (43948.56), MAE (80.37), and RMSE (209.64). Similarly, in the 

80:20 scenario, the RF had smaller MSE (137787.61), MAE (106.38), and RMSE (371.20). In the 70:30 

scenario, the RF showed smaller MSE (107582.32), MAE (104.13), and RMSE (328) [28]. 

The long short-term memory (LSTM) and extreme gradient boosting (XGBoost) models were 

evaluated by performing hyperparameter tuning optimization using multivariate data to find the most optimal 

model in forecasting CPO production with the lowest error rate. The results showed that the LSTM model 

produced better prediction results after hyperparameter tuning with an accuracy rate of 93.7% and RMSE of 

21.04. The XGBoost model also experienced improved performance after tuning, with an RMSE of 22.17 

and an accuracy rate of 92.8% [29]. The machine learning framework for oil palm breeding was applied with 

a primary emphasis on phenotypic data rather than genetic variables. The proposed model incorporated 

multiple methodologies, including SVM, ANN, and RF, which exhibited exceptional precision in forecasting 

variables such as oil production and bunch amount. Additionally, the framework facilitated the identification 

of high-yielding, stress-tolerant oil palm cultivars for sustainable agricultural production [30]. This research 

aims to establish a classification method for evaluating the grade of CPO, categorized into superb and 

substandard. The method entails separating unprocessed data into components for efficient analysis, which is 

achieved through data purification, transformation, normalization, and resampling using machine learning 

algorithms. 

 

 

2. METHOD 

This study aims to calculate the quality of CPO by gathering information from PT. Telen Prima 

Sawit Muara Bengkal. The data collected from January 2019 to August 2023 includes other characteristics, 

including FFA, moisture content, dirt content, and the deterioration of bleachability index (DOBI). The 

classification process is carried out through cleaning, transformation, normalization, splitting, and 

resampling. The methodology of CPO quality evaluation is displayed in Figure 1. 

 

 

 
 

Figure 1. Proposed methodology of CPO quality evaluation 

 

 

2.1.  Dataset 

This study utilizes 6,790 high-quality CPO primary data provided by PT. Telen Prima Sawit Muara 

Bengkal mill, spanning from January 2019 to August 2023. The data comprises variables such as FFA, 

moisture, dirt, and DOBI. Indonesian Palm Oil mill establishes CPO quality standards. Machine learning was 

employed in the study to analyze the performance of the CPO dataset. Table 1 shows the CPO quality data 

variable. 

Direct field observations were used to collect the raw data on CPO quality. Subsequently, the data 

was classified in accordance with the Indonesian Palm Oil mill's exhaustive quality standards. Table 2 shows 
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examples of CPO quality data. The dataset consists of two classes: excellent and bad. The excellent class of 

CPO quality data has an FFA range of 2.5-3.5%, a maximum moisture content of 0.15%, a maximum 

impurity level of 0.02%, and a minimum FFA content of 2.5%. The bad class has levels over the specified 

range. The "#N/A" label indicates the absence of variable or missing values. The CPO quality classification 

procedure excludes data with this label during data cleaning. 

 

 

Table 1. CPO quality data variable 
Variable Information CPO quality standards for 

Indonesian Palm Oil mill 

FFA Percentage of FFA in CPO. 2.5–3.5% 

Moisture Percentage of water content in CPO. 0.15% max 

Dirt Percentage of dirt and foreign material in CPO. 0.02% max 
DOBI Index that measures the ability of CPO to undergo the bleaching process effectively 2.5% min 

 

 

Table 2. The example of CPO data quality 
Variable Label 

FFA Moisture Dirt DOBI 

2.99 0.15 0.02 - Bad 

- - - - #N/A 

- - - - #N/A 
- - - - #N/A 

4.88 0.29 0.02 2.34 Bad 

4.30 0.17 0.02 2.62 Bad 
4.29 0.17 0.02 2.62 Bad 

: : : : : 

2.65 0.15 0.02 2.97 Excellent 
2.64 0.15 0.02 2.97 Excellent 

2.6 0.15 0.02 2.98 Excellent 

 

 

2.2.  Data pre-processing 

The preprocessing stage is the initial step in data processing, which includes various procedures 

to prepare raw data before it is used in a machine learning model. This process involves several key steps, 

including normalization, data transformation, categorical variable encoding, and feature scaling. Each of 

these steps aims to enhance data quality and facilitate the model's ability to identify relevant patterns, 

thereby significantly improving accuracy. The series of stages in preprocessing is further exp lained 

through descriptive points that detail each step. Starting from initial cleaning to converting data into a 

form suitable for model training, all these stages are carried out systematically. This stage not only 

prepares the data technically but also plays a crucial role in enhancing the overall performance of the 

machine learning model. 

 

2.2.1. Data cleaning 

During the data cleaning stage, the quality of CPO data is analyzed to identify issues such as 

missing values, outliers, and incomplete data. This process is crucial to ensure that the analyzed data is 

accurate and consistent. The data cleaning process includes filling in missing values, correcting incomplete or 

inconsistent data, and removing irrelevant data. Outliers are also identified using certain statistical 

approaches to determine whether they reflect errors or are part of the natural variation of the data. Table 3 

presents an example of CPO quality data that has undergone the cleaning process. This table shows how the 

initially irregular data has been selected and refined so that it can be used effectively in the further analysis 

process. The cleaned data can then be further analyzed. 

 

2.2.2. Data transformation 

Data transformation is a follow-up step to data cleaning, aiming to modify the data format to make it 

more suitable for use in machine learning modeling. In this context, the label encoding method is used to 

transform the CPO quality data labels that have undergone the cleaning stage. This process is important 

because many machine learning algorithms can only work with numeric data; therefore, category labels such 

as "high," "medium," or "low" need to be converted into a numeric form. Label encoding changes each 

category in the CPO quality data into a unique numeric value. In this study, the number "1" represents the 

"very good" class. Conversely, the number "0" means the "bad" class. This transformation not only simplifies 

the data structure but also increases the efficiency of the model training process. Table 4 presents an example 

of CPO quality data encoded using the label encoding method. The table displays the final results of the 
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transformation process, where qualitative labels have been successfully converted into numeric 

representations, ready for use in classification or prediction processes. The right data transformation has a 

significant impact on the quality of the model and the accuracy of the results obtained. 

 

 

Table 3. CPO quality data cleaning results 
Variable Label 

FFA Moisture Dirt DOBI 

3.03 0.15 0.02 2.91 Excellent 

2.65 0.15 0.02 2.97 Excellent 
: : : : : 

4.4 0.14 0.02 2.77 Bad 

4.27 0.16 0.02 2.73 Bad 

 

 

Table 4. CPO quality data transformation results 
Variable Label 

FFA Moisture Dirt DOBI 

2.94 0.15 0.02 2.91 0 
3.03 0.15 0.02 2.91 1 

3.1 0.16 0.02 2.93 0 

3.17 0.16 0.02 2.91 0 
: : : : : 

4.4 0.14 0.02 2.77 0 
4.27 0.16 0.02 2.73 0 

4.28 0.16 0.02 2.73 0 

4.24 0.16 0.02 2.73 0 

 

 

2.2.3. Data normalization 

Data normalization is a crucial step in the preprocessing stage, particularly when working with 

numerical data, such as CPO quality data. At this stage, the variables in the dataset that have undergone the 

cleaning process will be normalized to a uniform scale. One method used is min-max normalization, which 

aims to set the values of the variables in a certain range, usually between 0 and 1. Normalization is performed 

to prevent scale imbalances between variables, which can lead machine learning algorithms to be more 

biased towards variables with larger values. By creating a proportional scale, this process enables fair 

comparisons between features and enhances the performance of scale-sensitive algorithms, such as KNN and 

SVM. This process does not alter the distribution of the data but rather rearranges the scale of the numerical 

values to be parallel. Table 5 presents the minimum and maximum values of each variable in the CPO quality 

dataset. These values are the main reference in calculating min-max normalization. Meanwhile, Table 6 

presents an example of the results obtained by normalizing the data using (1). 

 

𝑥′ =  
𝑥𝑖− 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
 (1) 

 

 

Table 5. CPO quality data transformation results 
Variable Min Max 

FFA 2.25 5.38 

Moisture 0.14 0.17 
Dirt 0.02 0.02 

DOBI 2.72 2.99 

 

 

Table 6. CPO quality data normalization results 
Variable Label 

FFA Moisture Dirt DOBI 

0.249201 0.333333 0 0.703704 1 

0.271565 0.666667 0 0.777778 0 
0.29393 0.666667 0 0.703704 0 

0.268371 0.666667 0 0.777778 0 

⋮ ⋮ ⋮ ⋮ ⋮ 
0.124601 0.333333 0 0.925926 1 
0.111821 0.333333 0 0.962963 1 

0.686901 0 0 0.185185 0 
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2.3.  Classification  

Six machine learning classification techniques were used to predict the quality of CPO after data 

was ready for modeling. These techniques include SVM, naïve Bayes (NB), KNN, DT, and ANN [18]. 

SVM categorizes data by separating it with a hyperplane and categorizes items into specific classes.  

The NB algorithm computes probabilistic results by combining data values, assuming that all 

characteristics are independent. The KNN algorithm utilizes a hierarchical data structure to calcu late the 

distance between a certain location and the points in the designated training dataset. A hierarchical 

framework, an algorithmic DT, is used to forecast diabetes mellitus, focusing particularly on geographical 

regions and characteristics within a defined domain. Disease data categorization in machine learning can 

be achieved by utilizing various DT algorithms like iterative dichotomizer 3 (ID3), J48, C4.5, C5, chi-

squared automatic interaction detection (CHAID), and classification and regression trees (CART). Due to 

its enhanced capabilities, the C4.5 approach was employed to maximize the performance analysis of 

diabetic data.  

 

2.4.  Performance evaluation 

The evaluation parameters used to measure the performance of the machine learning methods are 

accuracy, precision, recall, and F1-score. The performance of the methods for detecting the quality of CPO. 

Therefore, the number of true positives (TP), true negatives (TN), false positives (FP), and false negatives 

(FN) have to be calculated. TP is the data number of an excellent class classified as excellent, while TN is the 

data number of a bad class classified as bad. FP is the data number of an excellent class classified as a bad 

class, while FN is a bad class classified as an excellent class. Table 7 shows the confusion matrix for CPO 

quality detection. The evaluation parameters are defined in (2)–(5) [31]. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃)
 (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
(𝑇𝑃)

(𝑇𝑃+𝐹𝑁)
 (3) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
(𝑇𝑃)

(𝑇𝑃+𝐹𝑃)
 (4) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2 ×(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
 (5) 

 

 
Table 7. The confusion matrix for CPO quality detection 

 Predicted bad (0) Predicted excellent (1) 

Actual bad (0) TN FP 

Actual excellent (1) FN TP 

 

 
3. RESULTS AND DISCUSSION 

The study investigates the potential of machine learning in enhancing CPO quality evaluation.  

Six popular algorithms, including ANN, C4.5, DT, KNN, NB, and SVM, were evaluated using a rigorous 

framework. The cross-validation method with the k-fold value of 3, 5, and 10 ensured a strong performance 

evaluation, reducing potential biases. Four metrics: precision, recall, accuracy, and F1-score were used to 

measure the effectiveness of each classifier in predicting CPO quality. This approach provided a detailed 

assessment of their strengths and weaknesses in the field. Table 8 presents the results of the classification of 

each classifier along with the k-fold value. 

 

 
Table 8. The detection result of CPO quality using several machine learnings 

Classifier K-fold 3 (%) K-fold 5 (%) K-fold 10 (%) 

 Precision Recall Accuracy F1-score Precision Recall Accuracy F1-score Precision Recall Accuracy F1-score 

ANN 80 82.5 82.46 80.9 78.7 83.6 83.58 79.4 78.2 83.7 83.74 78.5 

C.45 100 100 99.98 100 100 100 99.98 100 100 100 99.98 100 
DT 100 100 99.98 100 100 100 99.98 100 100 100 99.98 100 

KNN 99.4 99.4 99.4 99.4 99.5 99.5 99.5 99.5 99.6 99.6 99.6 99.6 

NB 89.9 74.4 74.39 77.8 90 75.1 75.08 78.4 90 75.2 75.19 78.5 
SVM 84.1 84.1 84.1 84.1 84.1 84.1 84.1 84.1 84.1 84.1 84.1 84.1 
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The k-fold value of 3 was employed to observe early performance trends and make algorithm-

specific observations. The C4.5 and DT algorithms demonstrated exceptional performance, achieving ideal 

scores of 100% in all evaluation metrics. The KNN algorithm demonstrated exceptional performance, 

achieving 99.4% accuracy, underscoring the efficacy of local similarity in classification. Although ANN 

attained 80% precision, recall, accuracy, and F1-score, its performance was inferior to that of other models. 

NB demonstrated a 77.8% F1 score, 74.39% accuracy, 74.4% recall, and 89.9% precision; however, its 

performance was subpar. SVM's capacity to manage intricate data distributions was illustrated by its 

consistent achievement of over 84% accuracy. 

The k-fold value of 5 was applied to C4.5, and DTs are machine learning algorithms that 

consistently outperform others in assessing CPO quality. The significance of parameter optimization was 

underscored by the 99.5% accuracy of KNN, which had a k-value of 5. Despite a minor improvement, ANN 

could not surpass the top-performing algorithms, indicating that the constraints of capturing delicate data 

patterns may not be resolved by increasing the amount of training data. NB, which exhibited a comparable 

performance pattern, also demonstrated potential limitations in its ability to represent complex data 

structures. SVM is a dependable option for this application, as it boasts a performance level of over 84%. 

The k-fold value of 10 implemented to C4.5 and DT models demonstrated superior performance in 

identifying underlying patterns in data, even with limited training data. However, using a larger k-fold value 

led to a small decrease in KNN performance, suggesting that surpassing a specific threshold for 

neighborhood size could impede its ability to identify local patterns. ANN showed slight improvements but 

still lagged behind top-performing algorithms, suggesting intrinsic constraints in the system's architecture or 

learning dynamics. NB persistent underperformance underscores the need to understand its underlying 

assumptions and potential limits when using it on datasets with feature dependencies. SVM demonstrated 

consistent performance, surpassing 84% across all criteria, solidifying its reputation as a reliable classifier for 

evaluating CPO quality. 

This study has identified DT and C4.5 as the most effective machine learning algorithms for 

assessing the quality of CPOs. These algorithms consistently outperform other options, such as KNN and 

NB, due to their capacity to effectively represent complex data. SVM continues to be a viable alternative. 

The study results emphasize the importance of machine learning in improving quality evaluation in the palm 

oil industry. Future research should investigate ensemble methods, expand datasets, and understand the 

factors contributing to quality changes to improve predictive accuracy. 

 

 

4. CONCLUSION 

This paper investigates the application of machine learning in evaluating CPO quality. The findings 

indicate that C4.5 and DT algorithms are more effective in assessing CPO quality. These algorithms 

demonstrate exceptional performance in representing intricate relationships between datasets, essential for 

precisely predicting CPO quality. The key to the effectiveness of KNN is the careful selection of the optimal 

k-value, which highlights the need for precise parameter tuning. Notwithstanding their widespread use, the 

ANN and NB algorithms have limitations in effectively capturing nuanced data patterns when evaluating 

CPO quality. The SVM, however, is strong and dependable, capable of managing intricate data distributions 

and avoiding overfitting. This study has important implications for the palm oil industry, allowing 

stakeholders to shift towards more objective, precise, and efficient systems for evaluating the quality of CPO. 

Meanwhile, more investigation is needed to confirm that these algorithms are, in fact, the best fit, to clarify 

how they work, and to look into combining multiple models for even greater accuracy. This paper is vital in 

leading the palm oil sector toward a more data-driven form of quality control. 
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