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Abstract - Oil losses in palm oil processing materials, such as Final Effluent, Empty Fruit
Bunches, Kernels, Pressed Fiber, and Decanter Solids, pose significant challenges in ensuring
production efficiency. Free and Open Source Software Near Infrared Spectroscopy (FOSS-NIRS)
technology has been proven capable of quickly and efficiently detecting oil content, but its
detection accuracy requires further analytical support. This study aims to develop a machine
learning model that can accurately classify FOSS-NIRS data to detect oil losses that are either
above the standard (red category) or below the standard (green category). By utilizing FOSS-
NIRS data across five material categories, the proposed model is expected to provide precise
predictions and support decision-making in palm oil production processes. The results of the study
indicate that applying machine learning methods to FOSS-NIRS data can enhance the accuracy
of oil loss classification, making it a potential solution for broader implementation in the palm oil
processing industry to optimize production efficiency.

Keywords - Oil, Palm Oil, Losses, FOSS-NIRS.
INTRODUCTION

The palm-oil industry is a mainstay of many national economies—Indonesia’s in
particular—yet much of the value it creates still leaks away through residual oil left in final
effluent, empty-fruit bunches, kernels, pressed fibre, and decanter solids. Those losses eat into
profit margins and weaken long-term factory sustainability [1]. Furthermore, such inefficiencies
not only lead to financial waste but also exacerbate the environmental footprint of palm oil
processing, contributing to deforestation and habitat loss [2]. Oil losses in the palm oil processing
industry represent a significant challenge to production efficiency, particularly concerning
materials such as Final Effluent, Empty Fruit Bunches (EFB), Kernels, Pressed Fiber, and
Decanter Solids. These losses negatively impact the economic viability of palm oil production
and worsen the environmental footprint of the industry. Effective monitoring and reduction of oil
losses can be supported through advanced detection technologies combined with analytical
machine learning methods.

The palm oil industry has been criticized for its substantial land-use changes, particularly
the clearing of peatlands for oil palm cultivation. This transformation contributes to significant
greenhouse gas emissions and biodiversity loss [3]. Processing stages susceptible to oil loss
include high-pressure steam treatments, where oil may be retained in biomass fractions like EFB,
which is known to contain a quantifiable amount of recoverable oil [1]. Free and Open Source
Software Near Infrared Spectroscopy (FOSS-NIRS) technology has been widely used to detect
oil content quickly and non-destructively. However, manual interpretation of FOSS-NIRS data is
often inefficient for fast and accurate decision-making. A recent study concludes that while NIRS
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is capable of measuring oil loss effectively, integrating it with additional data from machine
learning algorithms could improve accuracy [1]. This hybrid approach allows for a more nuanced
understanding of the variables influencing oil extraction rates, leading to better-informed
decisions in plantation management [4]. FOSS-NIRS technology provides a non-destructive
means to measure oil content efficiently. This method leverages near-infrared light to determine
the composition of materials based on the absorption spectra produced. Research has shown that
NIRS can effectively measure oil content across various palm oil processing materials, thus
facilitating the monitoring of oil losses in real-time [5]. While FOSS-NIRS shows promise in
detecting oil compositions, its accuracy is contingent on the quality of analysis, necessitating
further calibration and support via analytical methods [1].

Machine learning has been proven capable of handling large and complex datasets in the
agriculture and food sectors, as well as identifying patterns to produce accurate predictions [4],
[6]. Research indicates that by utilizing machine learning frameworks for disease detection,
timely interventions can be made that prevent extensive crop damage [7], [8]. For example,
combining machine vision with convolutional neural networks has shown considerable promise
in detecting early infections of basal stem rot, which is crucial for maintaining yield and overall
plantation health [8], [9]. To ensure sustainable palm oil production, there is an increasing
need for sophisticated technological solutions that include machine learning for better land use
classification and resource allocation. Innovations such as these improve the efficiency and
profitability of oil palm plantations and assist in minimizing their environmental impacts by
refining plantation management practices through targeted intervention strategies [10], [11].

Integrating machine learning with FOSS-NIRS technology can enhance the classification
accuracy of oil content in palm oil processing materials. Support Vector Machines (SVM),
Random Forest, and Convolutional Neural Networks (CNN) are powerful machine learning
algorithms that can uncover patterns in complex data—patterns that might be missed using
traditional approaches [7], [12]. Employing machine learning methods could lead to improved
classification accuracy of features extracted from FOSS-NIRS data, optimizing the identification
of oil loss categories and supporting effective decision-making in palm oil production [13]. is
study aims to develop a machine learning model to classify the level of oil loss based on FOSS-
NIRS data into two categories: above the standard (red) and below the standard (green). This
research offers two main contributions: (1) expanding the utilization of FOSS-NIRS technology
supported by machine learning in the palm oil industry, and (2) providing a reference for factories
to minimize economic losses from oil waste, thereby supporting production efficiency and
sustainability.

The proposed research aims to develop a machine learning model that accurately
classifies FOSS-NIRS data into categories indicating acceptable or excessive oil losses. By
integrating this technology with machine learning analytics, it is anticipated that the model will
provide a more precise and actionable basis for operational decisions in palm oil processing.
Studies suggest that intelligent systems driven by machine learning can significantly enhance
predictive capabilities and operational efficiency [6], [14].

1. RESEARCH METHOD

This study employs an analytical approach using machine learning algorithms to
accurately classify data obtained from the FOSS-NIRS machine in detecting oil loss levels that
are either above (red category) or below (green category) the standard. Python software is used
to process the data and build the classification model, utilizing machine learning libraries such as
scikit-learn. The model’s validity is evaluated through accuracy, precision, and recall tests, while
the reliability of the instrument is tested using cross-validation by splitting the dataset into training
and testing data [7], [15], [16], [17].
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The research steps include: data gathering, data determination, data pre-processing,
model development, and classification result analysis. The results present data correlation, the
developed model, model evaluation, and model implementation. The research flow and stages
conducted are illustrated in Figure 1.
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Figure 1. Flow and research stages

2.1. Data Gathering

The raw data used in this study were obtained through measurements using FOSS-NIRS
technology. Data collection was carried out by taking samples from palm oil processing waste or
residues such as final effluent, empty fruit bunches, kernels, pressed fiber, and decanter solids [5].
Before being analyzed by FOSS-NIRS, samples were dried if overly wet and then crushed to
uniform size to ensure more accurate spectral readings. The samples were then analyzed using
FOSS-NIRS technology, producing near-infrared spectra that reflect oil content in a fast and non-
destructive manner [1].

2.2. Data Determination

The dataset used in this research was collected from 51 palm oil mills on May 23, 2025.
The total amount of data was limited to 8,000 entries covering five main categories of palm oil
processing materials: final effluent, empty fruit bunches, kernels, pressed fiber, and decanter
solids. This data was then processed in the pre-processing stage and subsequently used for the
development of the classification model.

2.3. Data Pre-Processing

The data pre-processing stage aims to improve data quality to ensure optimal performance
in the model development process. This stage consists of the following steps:

a. Data Cleaning: Delete rows containing NULL values so as not to interfere with the quality
of the analysis[12], [18].

b. Data Transformation: Perform label encoding on category data, and rename columns to make
them easier for the algorithm to understand [13], [19].

c. Data Analysis: Perform exploratory data analysis to understand the relationships between
features using a correlation matrix visualized through a heatmap.

2.4. Model Development

At this stage, the classification model is developed using two machine learning
algorithms, namely Random Forest and Decision Tree. The processed data is divided into two
subsets, namely training data of 60% and testing data of 40%. Both models are trained on the
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training dataset and then tested on separate test data to evaluate their performance using metrics
such as accuracy, precision, recall, and F1-score [7], [15], [16], [17].

2.5. Analysis of Classification Data

Once the model is built, the classification results are analyzed further to gain insights into
the data characteristics and assess which features are most relevant in determining the extent of
oil loss. This analysis also includes decision tree visualization to clarify important features that
affect the classification results [20].

2. RESULTS AND DISCUSSION

2.1. Data Set

The dataset used in this study was obtained from PT Perkebunan Nusantara IV, operating
in the palm-oil-processing sector and covers 51 palm-oil mills located on the islands of Sumatra,
Kalimantan, and Sulawesi with a limited testing period on Friday, May 23, 2025. Data collection
was carried out by taking the latest data first, which was then limited to 8,000 data covering five
main categories of processing materials, namely Final Drab, Empty Bunches, Seeds, Press Pulp,
and Solid Decanter.

2.2. Data Determination

The dataset will be processed through a data preprocessing stage. Each entry in the dataset
is the result of analysis using FOSS-NIRS, which is then used as input for the classification
process using machine learning methods. However, before that, it is necessary to examine and
identify the contents of the dataset.
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Figure 2. Dataset of FOSS-NIRS

Based on the data table in Figure 2, at least eight columns or attributes will be used as
input for the machine learning classification model. These attributes include:
a. PKS _CODE : The origin factory code indicating where the product was obtained.
b. PRODUCT NAME : Product name or the name of the palm oil processing material.
c. OIL_WM : Oil content in the material under wet conditions.
d. VM : Volatile content.
e. OIL_DM : Oil content in the material under dry conditions.
f. NOS : Non-oil substance content.
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g. RILL_LOSIS_MS : Percentage of oil loss.
h. INC_LISIS MS : Oil loss category.

2.3. Data Pre-Processing

This section covers the data preparation stage, which consists of data cleaning, data
transformation, and data analysis.
a. Data cleaning

In this dataset, [NULL] values are present. Therefore, data cleaning is necessary to handle
these [NULL] values to improve the overall results. Columns containing [NULL] values will be
removed from the dataset. In Jupyter Notebook, a lambda function is used to identify specific
columns that contain [NULL] values. Once the corresponding rows are identified, they are
deleted. After the process is complete, the number of rows removed will be displayed. The results
are shown in Figure 3.
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Figure 3. Results of Data Cleaning

b. Data Transformation

The next stage involves renaming the columns to make them more relevant to the problem
context and easier for the machine learning model to interpret. Label encoding is then applied to
the categorical columns, converting them into numerical values so they can be used in further
analysis. The results can be seen in Figure 4.
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Figure 4. Results of Label Encoding

After performing label encoding, the next data transformation step is to rename the
machine-generated column names to more readable and user-friendly labels.

- PKS_CODE - FactoryCode

- PRODUCT _NAME - ProductName

- OIL_ WM - OilWetMatter
- VM - Volatile Matter
- OIL_ DM > OilDryMatter
- NOS - NonOilSolids
-RILL LOSIS MS > RillLosis

- INC LOSIS_MS - Category

Refer to Figure 5 to see the results of the label encoding process.

Figure 5. Results of Rename Labels

c¢. Data Analysis

The data is analyzed to understand the relationships between each pair of columns and to
identify which columns have strong or weak correlations. A correlation matrix is computed and
displayed from the DataFrame, and visualized using a heatmap. This is done to gain insight into
the relationships among the variables in the DataFrame by calculating and visualizing the
correlation matrix [6]. Using the matplotlib and seaborn libraries available in the Python
programming language, the correlation matrix for each pair of columns is generated. This matrix
indicates the strength of the relationships between column pairs and is presented in the form of a
heatmap, as shown in Figure 6.

738

e-ISSN : 2356-2579 | p-ISSN : 1412-2693, DOI : 10.62411/tc.v24i3.13135



Techno.COM, Vol. 24, No. 3, Agustus 2025: 733-744

Carrelatian atrix

FartaryCmse (e = nnd [HEe]

Aroajuctrézme

D Vel Malte -

‘dilableflatter

TDryPatter

A Eolds - Q.|

Categary

Faenoy i
Proadue IRame
S Wethiather
wlatletatme
DDy Mate
Fal L
"

Figure 6. Correlation Matrix of DataFrame

The correlation matrix reveals significant relationships between several features, such as
free oil content and the level of oil loss. Features that show a high correlation with the target
variable are retained for the model training process.

2.4. Model Development

At this stage, the study employs two primary algorithms—Random Forest and Decision
Tree—to build a classification model for determining the level of palm oil loss using data obtained
from FOSS-NIRS analysis. The model development process is carried out using Python
programming language with the support of the scikit-learn machine learning library.

The Random Forest model is developed by utilizing multiple decision trees
simultaneously. Each decision tree within the Random Forest is built independently using
different subsets of the data, and their predictions are then combined to produce the final result.

The use of multiple decision trees aims to reduce the risk of overfitting, improve stability,
and produce more accurate predictions. Meanwhile, the Decision Tree model is constructed using
a single decision tree that explicitly maps classification rules based on the most relevant features.
One of the key advantages of the Decision Tree model is its interpretability, which allows for a
deeper analysis of the most influential features in the classification of oil loss.

To ensure that the conceptual distinctions outlined above are consistently reflected in the
code implementation, this study summarizes the core configuration of each algorithm—and the
evaluation metrics employed in Table 1. The table lists the main hyper-parameters set prior to
training, namely the number of trees (n_estimators) for the Random Forest and the random seed
(random_state) for the Decision Tree, together with the rationale for their use. In addition, it
specifies the evaluation methods—accuracy score, classification report, and confusion matrix—
applied to objectively assess the performance of both models. This allows readers to trace how
technical decisions regarding parameterization and evaluation underpin the results presented in
later sections.
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Table 1. hyperparameter settings

Algorithm Main Parameters Value Reason
Random Forest n_estimators 40 Stability and accuracy
Decision Tree random_state 3 Used for reproducibility

accuracy_score,
Evaluation Method classification_report, -
confusion_matrix

Assessing classification
performance

After preprocessing, the data were split with train_test split using a 60 : 40 train—test
ratio and random state = 42 to ensure reproducibility. Seven features—FactoryCode,
ProductName, OilWetMatter, VolatileMatter, OilDryMatter, NonQilSolids, and RillLossis—
served as inputs, while the category variable was used as the classification target. Two candidate
algorithms were then trained: Decision Tree (a single tree with random_state = 3) and Random
Forest (n_estimators = 40).

After training, both models were evaluated on the test set with classification_report,
which details precision, recall, F1-score, and sample count (support) for each of the three oil-loss
classes. A loop stored each model’s accuracy and automatically selected the estimator with the
highest score.

Figure 7. Results of Training and Testing data

After training, both models were evaluated on the test set with classification report,
which details precision, recall, F1-score, and sample count (support) for each of the three oil-loss
classes. A loop stored each model’s accuracy and automatically selected the estimator with the
highest score.

e Decision Tree achieved an accuracy of 0.989, with precision and recall exceeding 0.98
across all classes.
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¢ Random Forest edged ahead with an accuracy of 0.990 and consistently high macro- and
weighted-average metrics (> 0.98).

The evaluation results are presented in Table 2 below:

Table 2. Table of Evaluation Model

Algorithm Accuration (%)| Presisi (%) | Recall (%) |F1-Score (%)
Decision Tree 0.99 0.99 0.99 0.988
Random Forest 0.99 0.99 0.98 0.989

Because the development uses a single train/test split, there is no cross-validation to
estimate variability. However, assuming the test set (n =2941 samples) approximates independent

Bernoulli trials, the standard error of accuracy /p(1 — p)/n yields:

e Decision Tree: accuracy = 0.0988

standard error = 0.00194, 95 % CI = [0.9850, 0.9926]
e Random Forest: accuracy = 0.9891

standard error = 0.00191, 95 % CI = [0.9854, 0.9929]

Random Forest combines predictions from 40 individual trees, reducing variance and
mitigating overfitting compared to a single decision tree. This ensemble effect often yields small
accuracy improvements, as seen here (0.9891 vs. 0.9888). The improvement is slight because
both models already fit the data well, as evidenced by the high precision and recall across classes,
despite the imbalanced distribution.

2.5. Analysis of Classification Data

After understanding the model development results, it is important to conduct a more in-
depth analysis of the obtained classification outcomes [13], [20], [21]. This aims to identify the
key characteristics of the data that influence classification predictions and to understand the
practical implications of the results.

In the classification results analysis stage, the decision trees generated by each model are
visualized. From these visualizations, it can be seen that both models are able to clearly classify
the levels of oil loss into distinct categories, namely high loss (above the standard) and low loss
(below the standard).
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Figure 8. Plot Tree of Decision Tree
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Figure 9. Plot Tree of Random Forest 7he decision tree visualization from the Decision Tree model
displays simple and easily interpretable classification rules, allowing for the identification of
key features such as RillLosis, OilDryMatter, and Volatile Matter as the main determinants of

classification. In contrast, the decision tree visualization in the Random Forest model reveals a

more complex structure due to the involvement of multiple decision trees. This complexity
contributes to greater stability and higher prediction accuracy compared to a single tree.

This analysis also reveals that the high loss category (red) frequently appears in specific
parts of the production process, indicating the need for targeted actions to reduce such losses.
Therefore, the classification results are not only useful for prediction but can also serve as a
guideline for optimizing the production process.

3. CONCLUSSION

This study successfully developed machine learning models based on the Random Forest
and Decision Tree algorithms to classify the level of oil loss in the palm oil processing process
using FOSS-NIRS data. The main findings indicate that the Random Forest algorithm achieved
the best performance, with an accuracy of 98.9%, slightly higher than the Decision Tree
algorithm, which achieved an accuracy of 98.8%. These results highlight the effectiveness of
Random Forest in handling complex datasets, particularly those with numerical features that show
significant correlation with oil loss levels.

This study addresses the main objective stated in the Introduction, namely how the
application of machine learning algorithms can improve the accuracy of FOSS-NIRS data
classification [4], [15], [22], [23]. The correlation analysis conducted revealed significant
relationships among several features in the dataset, supporting the selection of relevant features
to enhance model performance. These results are crucial for supporting production efficiency in
the palm oil processing industry through faster and more accurate detection of oil loss.

This study makes a significant contribution to the application of machine learning
technology in the palm oil processing industry, particularly in leveraging FOSS-NIRS data for
production process optimization. The findings of this research may also serve as a reference for
the development of automated systems for data classification in similar industrial contexts.

Suggestions for Future Research:

a. Dataset Expansion: Future research is expected to expand the dataset by increasing the
number and diversity of samples to improve the generalizability of the model.
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b. Exploration of Other Algorithms: Other algorithms such as Support Vector Machine
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(SVM), Gradient Boosting, or Neural Networks can be explored to gain additional insights
into model performance.
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