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Abstract

Basal Stem Rot (BSR) disease caused by Ganoderma boninense is a major
threat to oil palm productivity due to its destructive nature and the challenges
associated with early-stage detection. To support sustainable production and
mitigate significant yield losses, a system capable of classifying oil palm trees
into healthy and infected categories is required. In this study, two deep learning
approaches, namely CNN and SCNN, are applied to identify oil palm conditions
based on UAV-derived imagery. While CNN is widely used for image-based
detection tasks due to its capability to extract relevant visual representations,
it is prone to overfitting during training. Therefore, SCNN is employed to
address this issue by leveraging image similarity comparison mechanisms.
Experimental results show that both methods achieve high classification
accuracy, with SCNN outperforming CNN by achieving an accuracy of 96.48%

https://doi.org/10.22219/kinetik.v11i2.2546 compared to 95.644% for CNN. The superior performance of SCNN indicates

its sensitivity to subtle visual differences between healthy and early-stage
infected oil palm trees, enabling more reliable classification performance.
Thus, SCNN is considered more effective for oil palm condition detection and
contributes to reducing oveffitting, resulting in improved model stability.
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1. Introduction

Oil palm is a leading commodity in the agribusiness sector of Southeast Asia, particularly in Indonesia and
Malaysia, playing a strategic role in the national economy as a source of income and employment [1]. The global palm
oil industry holds substantial economic value, reaching USD 65.73 billion in 2015 and continuing to expand. Indonesia
and Malaysia contribute approximately 85% of the world’s palm oil supply, making production sustainability crucial for
maintaining global market stability [2], [3]. However, since 2009, Indonesia’s palm oil production has declined due to
infectious diseases, causing yield losses of up to 80% [4]. Basal Stem Rot (BSR), caused by the pathogenic fungus
Ganoderma boninense, is recognized as one of the most detrimental diseases affecting oil palm plantations because
of its highly infectious nature and rapid transmission through root contact and soil-based inoculum. This disease has
caused major economic losses estimated at USD 50-350 million [5]. Traditional disease identification approaches
predominantly rely on manual field inspections, which are time-consuming, labor-intensive, and less suitable for large-
scale plantation areas, particularly during early infection stages where visual symptoms are minimal and can easily be
mistaken for healthy plant characteristics. Consequently, advancements in digital image processing and machine
learning have increasingly been explored as promising alternatives for early and non-invasive disease detection,
offering improved accuracy, efficiency, and scalability in monitoring oil palm plantation health without requiring
continuous field-based inspection [2], [4], [6].

Satelite and UAV imagery have been widely used for large-scale plantation monitoring [7]. However, UAV
imagery offers superior spatial resolution and operational flexibility because UAVs can operate at lower altitudes and
capture high-resolution, up-to-date images. In contrast, satellite imagery covers larger geographical areas at lower
operational cost but suffers from lower spatial resolution and susceptibility to atmospheric disturbances. Therefore, UAV
imagery is considered more suitable for detailed plantation monitoring due to its higher spatial resolution and greater
operational flexibility [3], [8]. Nevertheless, despite these advantages, detecting BSR disease in oil palm plantations
remains challenging because early-stage symptoms often resemble healthy plants, while high canopy density causes
crown overlap, reducing object visibility and classification accuracy, particularly in large-scale plantations.

Several previous studies have attempted to address the challenges associated with detecting BSR disease in oil
palm plantations. Research employing the YOLOv5 method demonstrated the capability to classify oil palm tree
conditions with an average F1-score of 0.878 and precision exceeding 0.961 across all classes. However, the model
performed less effectively on minority classes and was not specifically optimized for early-stage disease detection [9].
Another study employed the M-CR U-Net method, achieving an F1-score of 0.978 and precision of 0.986. Nevertheless,
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reliance solely on RGB imagery limits the accuracy of early disease detection, particularly during the initial stages of
infection [4].

This study aims to improve the detection capability of BSR disease in oil palm trees through the implementation
of CNN and SCNN approaches. Previous research has shown that CNNs provide strong classification performance,
while SCNN approaches are effective in mitigating overfitting problems [10], [11]. Convolutional Neural Network (CNN)
are among the most widely used deep learning methods and have become well-established architectures in the
development of image-processing models. The primary advantage of CNNs over conventional approaches lies in their
capability to automatically extract discriminative features directly from input data, enabling an integrated and structured
process of feature extraction and classification [12]. Meanwhile, the Siamese Convolutional Neural Network (SCNN)
approach is employed to compare feature representations between image pairs more effectively and has been shown
to mitigate overfitting problems [11].

2. Research Method

This research applies deep learning techniques based on CNN and SCNN models to detect the presence of BSR
disease in oil palm trees. The proposed workflow consists of three main stages: image data acquisition, data pre-
processing to improve data quality, and model training and evaluation. The system ultimately produces detection results
that distinguish between healthy oil palm trees and those infected with BSR disease.

2.1 Data Preprocessing

The initial stage of this research involves data pre-processing. The data utilized in this study consist of oil palm
images acquired using an Unmanned Aerial Vehicle (UAV). The use of UAVs enables the efficient acquisition of high-
resolution aerial imagery over large plantation areas that are difficult to access manually. The dataset employed in this
research was obtained from the Kaggle platform (www.kaggle.com), which contains a collection of oil palm images with
a resolution of 1024 x 1024 pixels [8].

The data pre-processing stage begins with the bounding box annotation process, which is performed to label
specific regions within the images representing healthy and BSR-infected oil palm trees. This process enables the
model to recognize and focus on relevant regions of interest associated with disease detection. Sample images
annotated using bounding boxes are presented in Figure 1.

Figure 1. Dataset Samples Annotated with Bounding Boxes

Subsequently, an image extraction process is conducted, in which the plant regions identified by the bounding
boxes are systematically cropped from the original images and stored in separate directories according to their
respective categories, namely healthy and infected oil palm trees. This step ensures that only relevant regions of interest
are utilized for subsequent analysis, thereby reducing background noise and improving detection reliability. The dataset
employed in this study consists of a total of 2,600 oil palm tree images, including both healthy and BSR-infected
samples. To support effective model training and evaluation, the dataset is divided into training and validation subsets,
with 70% of the images allocated for training and the remaining 30% reserved for validation. This data partitioning
strategy is intended to facilitate robust model learning while providing an unbiased evaluation of model performance on
previously unseen data.

Following dataset partitioning, an image augmentation stage is applied to improve both the quality and diversity
of the training data. Augmentation is performed to address potential data imbalance and enhance model generalization
by exposing the network to a wider range of visual variations. In this study, contrast enhancement is employed as the
primary augmentation technique because it effectively highlights subtle visual patterns associated with early-stage BSR
symptoms in oil palm trees, including changes in color and texture. By improving the visibility of these discriminative
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features, the augmentation process contributes to more reliable feature extraction and disease detection performance.
The distribution of healthy and diseased oil palm tree samples used in this study is presented in Table 1 [4].

Table 1. Examples of Expert-annotated Images Along with Descriptions of Each Image
Dataset Sample Classification Description

A healthy oil palm tree generally
exhibits a canopy with uniformly
bright green coloration across the
leaf surfaces, along with dense and
lush foliage, indicating optimal
growth condition.

Healthy

Oil palm trees exhibiting canopy
wilting generally experience a

decline in overall plant vitality, which
is characterized by reduced leaf
density and a smaller, less uniform
BSR-infected canopy structure. This condition
often reflects physiological stress
caused by disturbances in water and

nutrient transport and may serve as
an important visual indicator of
underlying plant health problems.

Oil palm leaves exhibit increased

intensity and broader distribution of
yellow spots, indicating
BSR-infected physiological stress and
pigmentation changes that can
serve as visual indicators of
declining plant health.
QOil palm trees experiencing health
BSR-infected decline_ often exhibit grayish
coloration accompanied by wilted
and dried canopies.

2.3 Convolutional Neural Network (CNN)

CNNs are a class of deep learning models specifically designed to effectively process two-dimensional (2D) data
formats, such as visual images or acoustic signals [13]. CNNs operate under a supervised learning framework, where
the model is trained using labeled data with predefined target variables, enabling it to classify new data based on
previously learned patterns. CNNs are widely applied in various image processing tasks, including object recognition,
scene recognition, object detection, segmentation, and image classification [14].

In CNN architectures, each input image undergoes successive processing stages beginning with convolutional
and pooling layers to extract hierarchical features progressively. Subsequently, the resulting feature maps are reshaped
into a flattened vector and processed through fully connected layers to determine the final class output [15], [16]. The
overall architecture of the CNN process is illustrated in Figure 2.
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Figure 2. Archirecture of Convolutional Neural Network

Figure 2 presents the fundamental structure of a CNN, which consists of multiple processing components [17].
The network begins with an input layer responsible for receiving image data, followed by a sequence of convolutional
layers that extract important visual features and pooling layers that reduce data dimensionality while preserving
essential information. The resulting feature maps are subsequently flattened and passed through fully connected
(hidden) layers, where the extracted representations are combined and refined. Finally, the output layer generates the
predicted class label. This architecture illustrates how CNNs progressively build feature representations from low-level
features, such as edges and textures, to high-level abstract patterns, enabling effective identification of complex visual
characteristics [10], [18], [19].

2.4 Siamese Convolutional Neural Network (SCNN)
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Figure 3. Architecture of SCNN

Figure 3 illustrates the architecture of the SCNN [11], which is an artificial neural network designed to compare or
match two input images. The architecture consists of two identical CNN branches, each receiving different inputs but
connected through a shared output layer [20]. The system processes image pairs, where one of the images is labeled,
to learn a similarity metric by training both CNN branches using identical weights. Each CNN independently processes
its respective input and generates feature representations. These feature representations are subsequently combined
and processed by the output layer to produce a similarity score indicating the degree of resemblance between the two
inputs [21].

The output of the SCNN is represented as a binary value, where EW = 0 indicates that the image pair belongs to
different categories, while EW = 1 denotes that both images belong to the same category. The weights in the SCNN
are shared to map the patterns of the input pairs and extract key features, which are subsequently compared during the
final stage of the process. To measure similarity, Euclidean Distance is employed to calculate the distance between the
feature outputs generated by each CNN branch, as formulated in Equation 1[21].
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d(x,y) =

Where:

d(x,y) = Euclidean distance betweenn two points x and y

n = Dimensions in the vector space

xi= The coordinate of x

yi= The coordinate of y

(x; — y;)? = The squared difference between the i-th coordinates of the two points

2.5 Model Training

The CNN and SCNN architectures were selected as the primary models in this study because both provide a
favorable balance between detection accuracy and computational efficiency for identifying BSR disease in oil palm
trees. The model training process was conducted using Visual Studio Code and the Python programming language.
The learning rate and batch size were determined through an experimental hyperparameter tuning process and were
applied consistently across both models. The detailed configuration of the training hyperparameters is presented in
Table 2.

Table 2. CNN and SCNN Model Training Parameters

Parameters Values
Model CNN and SCNN
Epoch 100
Batch 32

Learning Rate 0.01
Optimizer Adam

2.6 Performance Analysis

The analysis of experimental results was conducted to evaluate the performances of the developed models and
to assess the extent to which the implemented methods achieved the research objectives. Furthermore, this stage
aimed to obtain accurate and relevant data as the basis for comparative analysis in accordance with the objective of
the study. The evaluation was performed using several performance metrics, including confusion matrix, accuracy, loss,
precision, recall, and F1-score. These evaluation metrics serve as the primary indicators for assessing the effectiveness
and performance of the proposed methods [22], [23].

Accuracy, as defined in Equation 2, measures the overall correctness of the model by comparing the number of
correctly predicted instances (true positives and true negatives) to the total number of predictions. It is widely used as
a general performance indicator, particularly when the dataset is relatively balanced [24], [25].

TP+TN

A = 2
WAy = Tp ¥ FN + FP+ TN @)

Precision, as shown in Equation 3, evaluates the proportion of correctly predicted positive observations relative
to the total predicted positives. This metric is particularly important in cases where false positives must be minimized.

TP
. . — 3
Precision FPITP (3)

Recall, presented in Equation 4, measures the model’'s ability to correctly identify all relevant instances and is
calculated as the ratio of true positives to the sum of true positives and false negatives.

TP
= 4
Recall TPTFN (4)

F1-score, as expressed in Equation 5, represents the harmonic mean of precision and recall, providing a
balanced evaluation metric when class distribution is uneven. This metric is especially useful when both false positives
and false negatives are equally important to consider.
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2 X precision X recall
F1 Score = — (5)
precision + recall

Where:

TP = True Positive
TN = True Negative
FP = False Positive
FN = False Negative

3. Results and Discussion

This section presents the experimental results obtained using CNN and SCNN models for identifying BSR in oil
palm trees. The results are analyzed from both quantitative and qualitative perspectives to evaluate model performance
based on several metrics, including accuracy, precision, recall, and F1-score. In addition, a comparative analysis is
presented to examine the extent to which the SCNN architecture improves early-stage BSR detection performance
compared to the standard CNN model.

3.1 Convolutional Neural Network (CNN)

The training process of the CNN model was conducted with 100 epochs to detect BSR disease in oil palm trees
based on the pre-processed image data and to determine the epoch that produced the best performances. The results
indicate that the model achieved stable performance with a final loss value of 0.1876, a Mean Squared Error (MSE) of
0.4663, and an overall accuracy of 0.9564.
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Figure 4. CNN Acurracy Graph

Figure 4 presents accuracy graph, which demonstrates a significant increase during the early phase of training
and reaches a stable point after the 40th epoch. The training and validation accuracy curves exhibit a relatively balanced
pattern, suggesting that the model did not experience significant overfitting. This stability indicates that the model
effectively learned image feature across both the training and validation datasets.
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Figure 5. CNN MSE Graph
Figure 5 shows that the MSE value decreased sharply during the early stages of training and stabilized near zero
after the 40th epoch. This trend confirms that the difference between the predicted and actual values became smaller

as the number of training iterations increased, reflecting an improvement in the model’s predictive performance on the
validation data.

Confusion Matrix
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Figure 6. CNN Confusion Matrix

Figure 6 presents the confusion matrix results, which were used to evaluate the performance of the CNN model
in predicting and distinguishing between two main categories: healthy oil palm trees and BSR-infected oil palm trees.
In principle, the confusion matrix illustrates the relationship between the model’s predictions and the ground-truth labels
in the test dataset.

Cite: Z. Azzahro, Rahmadwati, Angger Abdul Razak, and Amrul Faruq, “Identification of BSR Disease in Oil Palm Using UAV Imagery through
CNN and SCNN Approaches”, KINETIK, vol. 11, no. 2, May 2026. https://doi.org/10.22219/kinetik.v11i2.2546


https://doi.org/10.22219/kinetik.v11i2.2546

292 Kinetik: Game Technology, Information System, Computer Network, Computing, Electronics, and Control

3.2 Siamese Convolutional Neural Network

The training process of the Siamese Convolutional Neural Network (SCNN) model was conducted to evaluate its
capability in detecting Basal Stem Rot (BSR) disease in oil palm trees using pre-processed image data. The model
achieved strong performance with a loss value of 0.1371, MSE of 0.0365, and an overall accuracy of 0.9648. These
results demonstrate that the SCNN model effectively distinguishes between healthy and BSR-infected oil palm trees
with consistent accuracy.
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Figure 7. SCNN Acurracy Graph

Figure 7 shows a significant improvement in accuracy during the early phase of training, with rapid performance
growth observed up to approximately the 20th epoch. After this point, the training accuracy continued to increase
steadily and eventually reached near-perfect stability, while the validation accuracy fluctuated slightly but remained
relatively high throughout the training process. This pattern indicates that the SCNN model achieved strong learning
performance and was able to generalize effectively to the validation data with minimal overfitting.
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Figure 8. SCNN MSE Graph

Figure 8 shows the MSE curve, which exhibits a substantial decrease during the early stages of training, indicating
that the SCNN model rapidly learned to minimize prediction errors. After approximately the 40th epoch, the MSE value
stabilized near zero, suggesting that the model reached a convergence point where the difference between predicted
and actual values became minimal. Although the validation MSE curve exhibits slight fluctuations, it remains relatively
low throughout the training process. This behavior demonstrates that the SCNN model maintains consistent
performance and generalizes effectively to previously unseen data. The small gap between the training and validation
MSE curves further confirms that the model does not suffer from significant overfitting and performs reliably in predicting
image-pair similarities.
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Figure 9. SCNN Confusion Matrix

Figure 9 presents the confusion matrix used to evaluate the performance of the SCNN model across two main
categories: healthy and BSR-infected oil palm trees. Based on the matrix, most test samples were correctly classified
into their respective categories. The high values of TP and TN indicate that the model demonstrates strong sensitivity
and specificity, while the low values of FP and FN indicate that classification errors remain minimal.

3.3 Model Comparison

The performance comparison between the CNN and SCNN was conducted to evaluate the effectiveness of each
model in detecting BSR disease in oil palm trees. The evaluation includes several performance metrics, namely
accuracy, loss, and MSE. Table 3 presents the comparative results of both models

Table 3. Comparison of Model Evaluation with Previous Studies

Model Acurracy MSE Loss Precision Recall F1-Score
M-CR U-Net[4] - - - 0.989 0.982 0.978
YOLOvV5[9], [26] - - - 0.961 0.813 0.787
ANN [26] 0.947 - 0.2158 0.900 0.783 0.837
CNN 0.9564 0.4663 0.1876 0.8726 0.9789 0.923
SCNN 0.9648 0.0365 0.1371 0.9469 0.9334 0.9399

Based on the comparative evaluation presented in Table 3, the SCNN model consistently outperforms other
models, including those reported in previous studies such as M-CR U-Net, YOLOv5, and ANN. This superior
performance is reflected not only in higher classification accuracy but also in substantially lower prediction errors, as
indicated by the MSE and loss values. These findings suggest that the SCNN model is more effective in learning
discriminative feature representations while minimizing prediction errors during the training process. Furthermore, the
balanced values of precision, recall, and F1-score demonstrate that the SCNN model maintains a strong balance
between correctly identifying BSR-infected oil palm trees and minimizing false detections, which is particularly important
for early-stage disease detection.

When compared with the standard CNN model, the SCNN shows consistent improvements across all evaluation
metrics. Notably, the reduction in error-related metrics indicates enhanced model robustness and improved
generalization capability. This improvement is likely attributed to the Siamese architecture, which enables more effective
feature comparison and reduces redundancy in feature learning. As a result, the SCNN produces more stable and
reliable performance when distinguishing between healthy and BSR-infected oil palm images. Overall, these findings
confirm that the proposed SCNN approach provides the most effective performance for detecting BSR symptoms in oli
plam trees, outperforming both conventional deep learning models and methods reported in previous studies.

4. Conclusion

This research presents the successful development and evaluation of CNN and SCNN models for identifying
BSR disease in oil palm trees. The evaluation results show that the SCNN architecture achieve better performance than
the standard CNN model. The SCNN achieved an accuracy of 96.48%, while the CNN acieved an accuracy of 95.64%.
These findings indicate that the integration of a Siamese architecture, combined with additional convolutional structures,
enhances the model’s capability to extract more discriminative features while maintaining balanced performance in
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terms of precision and recall. Consequently, the SCNN model exhibits stronger generalization capability and a lower
tendency toward overfitting, making it a reliable approach for the early detection of BSR disease in oil palm plantations.
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