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Abstract: This study aims to classify palm fruit ripeness using the proposed Borneo Neural Network
(BorneoNet) to improve accuracy over traditional models and provide a practical solution for precision
agriculture. A novel dataset of RGB images was collected and categorized into three ripeness stages:
ripe, half ripe, and unripe, then divided into 50 percent training, 25 percent validation, and 25 percent
testing subsets. The BorneoNet architecture consists of three convolutional layers with batch
normalization and max-pooling, followed by two fully connected layers. Its performance was compared
with kNN, Naive Bayes, SVM, Random Forest, and XGBoost using accuracy, precision, recall, F1-score,
and Kappa metrics, while the McNemar test was used to confirm statistical significance. The findings
showed that BorneoNet outperformed all traditional models with an accuracy of 0.8125, a precision of
0.8182, a recall of 0.7899, an Fl-score of 0.7848, and a Kappa value of 0.7134, indicating strong
agreement with the true labels. Overall, the results suggest that BorneoNet is a reliable and efficient
model with lower computational complexity than traditional and deep CNN architectures. The practical
implications include its potential use as a lightweight real-time tool for farmers, with future
development focusing on dataset expansion and integration into mobile applications to support
precision agriculture.
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1. Introduction

Palm oil is a leading agricultural product with significant contributions to both the national
economy and rural livelihoods [1-87. As the number of palm oil farmers increases, determining the
optimal maturity of palm fruits becomes crucial for ensuring high-quality yields. Harvesting before the
optimal ripeness stage can significantly atfect both the quality of the current yield and fruit production
in subsequent harvests [4-67]. Therefore, farmers must be adept at identifying the appropriate maturity
of palm fruits before harvesting. Ensuring optimal harvest timing requires an in-depth understanding of
palm fruit development and strict adherence to established harvesting guidelines [7-107]. This
knowledge is fundamental for maintaining the quality and productivity of palm oil plantations in the
long term.

In our previous study, Ragil and Nurahman [117, we developed a classification model for palm fruit
ripeness using the k-Nearest Neighbors (K-NN) method based on RGB and gray level co-occurrence
matrix (GLCM) features. Although the K-NN model achieved its highest accuracy of 68% at k=1, the
structured approach used in the training limited the effectiveness of the ripeness classification. The
challenges faced in implementing this approach highlight the need for more advanced methods that can
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handle the complexity of data more effectively. Furthermore, the technical skills required to operate and
maintain such systems present barriers for practical agricultural implementation.

To address these challenges, a well-designed model capable of improving accuracy and reducing
complexity is necessary. This requires collaboration between IT experts, agricultural specialists, and
stakeholders to create an effective and sustainable solution for farmers and support the local precision
agriculture community.

Deep learning has emerged as a promising solution for tackling such challenges in precision
agriculture [127. One of the most popular approaches in deep learning for image data is the
Convolutional Neural Network (CNN) architecture, which is specifically designed to handle image data
[137. CNNs consist of multiple layers where convolution operations are performed to detect important
teatures in the input images. They are followed by nonlinear activation functions like ReLU and pooling
layers that reduce the image dimensions. The model typically consists of fully connected layers that
produce classification outputs [14]. CNNs have demonstrated their ability to extract complex features
effectively, making them suitable for various image processing tasks, including object recognition and
classification [15-17]].

Previous studies have shown the effectiveness of CNN models in a variety of contexts. For instance,
CNN models have been utilized to classify various agricultural products, thereby enhancing the
efficiency and accuracy of crop management practices [18, 197. A study by Reshi et al. [20]
demonstrated that a CNN model could achieve up to 99.5% accuracy when classifying processed X-ray
images, proving the power of CNNs in extracting crucial information from visual data. Furthermore,
the ability of CNNs to recognize spatial patterns and extract diverse properties from images has been
highlighted in the literature, reinforcing their utility in precision agriculture applications [217. Recent
studies have also explored non-visual and chemical-based approaches for ripeness assessment. A notable
work by Tzuan et al. (227 utilized Raman spectroscopy to identify molecular characteristics such as
protein, lipid, carotene, and guanine/cytosine, and employed an ANN model, achieving 97.9 percent
accuracy in classifying oil palm fruit ripeness. Although highly accurate, this spectroscopy-based
method requires specialized instruments and is less practical for field deployment compared to image-
based techniques.

Recent developments in image-based artificial neural networks for precision agriculture also
reinforce the importance of automated fruit assessment. A recent systematic literature review [23]
highlighted that CNN-based architectures, including VGG16 and ResNet50, consistently achieve high
accuracy across crops such as mango, apple, lemon, and coffee, with reported performance reaching 83
to 99 percent. The review further emphasizes the growing role of lightweight models and the
integration of hardware—software pipelines for real-time ripeness detection and harvest decision
support, while also noting the underutilization of vegetation indices and infrared imaging in fruit-
specific quality evaluation. These insights confirm the relevance of developing efficient image-based
models for practical harvest monitoring and support the need for lightweight architectures suitable for
field deployment.

Lightweight convolutional neural networks have also gained significant traction in recent
agricultural applications. Guo et al. [24] introduced LWheatNet, a lightweight CNN integrating mixed
channel-spatial attention and stacked inverted residual convolution blocks, achieving 98.59 percent
accuracy while maintaining a compact 1.33-million-parameter size. The model outperformed classical
networks such as AlexNet, VGG 16, MobileNetV2, MobileNetV3, and ShuftfleNetV2, demonstrating that
efficient architectures can deliver high performance even under limited computational resources. These
findings reinforce the growing need for resource-efficient CNN models that can operate in real-time on
low-power agricultural devices, further supporting the relevance of lightweight solutions for practical
field deployment.

Drawing from the limitations identified in our previous study and the potential of deep learning
methods, this research proposes a new approach to classify palm fruit ripeness using a novel dataset and
a Borneo Neural Network (BorneoNet). BorneoNet is a shallow CNN that differs from deep CNN
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architectures to bring the best trade-oft between low model complexity and computational efficiency,
making it especially ideal for real-world agricultural settings where computational resources may be
limited. Utilizing BorneoNet, we aim to enhance the model's ability to classify ripeness levels accurately
while reducing computational effort to enable practical accessibility for use by farmers.

The main contributions of this study are as follows:

1. Proposal of a new palm fruit ripeness dataset: The collection and development of a new dataset
specifically tailored for the classification of palm fruit ripeness is a critical component of this
study. The dataset aims to capture the unique characteristics of palm fruit at different stages of
ripeness to enhance classification accuracy.

2. Application of BorneoNet for palm fruit ripeness classification: The introduction of BorneoNet
provides a novel and efficient approach to ripeness classification, specifically designed to match
the characteristics of the palm fruit dataset while maintaining computational efficiency.

At present, deep learning models, especially convolutional neural networks (CNNs), are quite
effective and operate with high precision in machine-processing tasks, which elicits the motivation of
both industry and academic fields [25, 267]. The goal of the study is to take advantage of these
approaches to reach a palm fruit ripeness classification accuracy higher than the 68% achieved in our
previous work [117]. Here, the architecture of BorneoNet not only achieves higher accuracy but also
facilitates a lightweight, straightforward, and relevant solution that could potentially be easily
deployable by local farmers.

In conclusion, this study presents an innovative approach for classitying palm fruit ripeness using a
novel dataset and BorneoNet. By optimizing the model architecture and employing data augmentation,
we aim to achieve significant improvements in classification accuracy, which will ultimately benefit the
palm oil industry by providing farmers with an effective tool for precision agriculture. The successful
implementation of this technology in East Kotawaringin will serve as a model for similar agricultural
applications, potentially transforming how farmers determine optimal harvest times and contributing to
sustainable agricultural practices.

2. Materials and Methods

Figure 1 illustrates the research workflow designed to address the challenges of classifying oil palm
fruit ripeness levels. The process begins with the Palm Oil Fruit Data Acquisition stage, which focuses
on collecting fruit images under various environmental conditions. Each image is categorized into three
primary classes: unripe, half-ripe, and ripe palm fruit. This categorization forms a crucial foundation for
developing an accurate classification system, as each class exhibits distinct visual characteristics in
terms of color, texture, and shape.
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Figure 1.
Palm fruit ripeness classification pipeline.

Following the data acquisition phase, the next stage involves Data Preprocessing, which includes
image size normalization, quality enhancement, and data augmentation to expand dataset diversity.
These steps are essential to reduce noise and ensure optimal performance of the deep learning model.
Subsequently, the BorneoNet architecture design is developed as a convolutional model specifically
designed to detect and differentiate ripeness levels of palm fruits based on visual patterns. The
architecture structure is tailored to the dataset’s complexity and the intended classification objectives.

The subsequent stage involves BorneoNet Training, where the model is trained using preprocessed
data to learn the essential features of each fruit category. Once training is completed, the validation and
evaluation process is conducted to assess the model's performance using metrics such as accuracy,
precision, and F1-score. The evaluation outcomes serve as a basis for determining the system’s
effectiveness and its potential real-world application. Overall, the process depicted in the diagram
ensures that every aspect of the study is conducted systematically, resulting in a reliable and well-
validated predictive model.

2.1. Dataset

The dataset in our research consisted of images classified into three categories: ripe palm fruit, half-
ripe palm fruit, and unripe palm fruit. Each category contains a representative set of images that capture
variations in the color, texture, and shape of the oil palm. The dataset consisted of 254 samples (91 ripe,
72 half-ripe, and 91 unripe). The data collection involved capturing images from various angles and
lighting conditions to ensure diversity within the dataset. These images were used to train a CNN
model for classifying the ripeness of oil palm fruits. Each image in the dataset underwent preprocessing
to improve quality and consistency. Using a well-structured dataset, we aimed to achieve a higher level
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of accuracy, surpassing previous research on classification tasks. Our dataset can be downloaded from
this link: https://data.mendeley.com/datasets/zrct6v69y8/1.

Figure 2.
The sample dataset of palm fruits was categorized as (a) ripe, (b) half ripe, and (c) unripe.

Figure 2(a) presents a ripe oil palm fruit characterized by bright red and orange colors, indicating
that the fruit is ready for harvest and is optimal for oil extraction. Figure 2(b) depicts a semi-ripe oil
palm fruit with darker shades, ranging from reddish-brown to deep purple, suggesting that the fruit is
partially mature but not yet ideal for harvest. Figure 2(c) shows an unripe oil palm fruit that remains
predominantly dark in color, indicating that the fruit is still in its early developmental stages and is not
ready for harvest. The level of ripeness is crucial for determining the optimal harvest time to maximize
the oil yield.

2.2. f-NN

The K-Nearest Neighbors (KNN) algorithm employs the K closest data points from the training
dataset to predict the value of a new sample. Euclidean distance is the most frequently employed metric
for measuring proximity in KNN [277. Euclidean distance was calculated using Equation (1).

d(x;, %)) = \/Z§=1(xik — %) (1)

In this equation, x;denotes the feature vector of the first data point, and x;denotes the feature vector

of the second data point. The terms x;; and xjj refer respectively to the values of thek -th feature for
data points x; and x;. The variableprepresents the total number of features considered in the calculation,

and d(xl-, xj) expresses the Euclidean distance computed between the two data points.

2.8. Naive Bayes

Naive Bayes is a probabilistic machine learning algorithm based on Bayes' theorem [287. The
algorithm can determine the class of a sample based on the observed features and calculate the
probability that the sample belongs to a particular label [297. Classification using the Naive Bayes
algorithm can be performed using Equation (2) [807].

P(B|A)*P(4)
PAIB) =— G5 @)

In Equation (2), P(A|B) represents the posterior probability of classAgiven the evidence B. The
term P(B|A) denotes the likelihood, which expresses how probable the evidenceBis when classAis true.
The prior probability of classAis written as P(A), while P(B) is the marginal probability of observing
the evidence B across all classes.
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2.4. Random Forest

The Random Forest (RF) method can be used to construct multiple decision trees and then combine
their results to produce more accurate predictions. Each decision tree is built through an iterative data-
splitting process, in which the data are divided into smaller subsets [31, 327. This division is based on
randomly selected features, which helps to increase the variability among trees. To determine how to
split the data, the RIF algorithm selects the splitting point that minimizes impurities within the resulting
subsets. Impurity is typically measured using metrics such as entropy or the Gini index, which assess
the homogeneity of subsets. Once the decision trees are built, the results from each tree are aggregated,
and the final prediction is made through averaging or voting. This approach helps reduce the risk of
overfitting because the variation between trees mitigates the impact of individual errors.

2.5.SVM

Support Vector Machine (SVM) operates by finding the optimal hyperplane that separates the data

into two classes [33, 347]. IFor linear classification, SVM can be described using the following equation:
wx +b=0. (3)

First, wrepresents the weight vector that defines the direction and strength of the hyperplane in
feature space. This vector plays a crucial role in determining the boundary between two classes. Where
xrepresents the feature vector that signifies the input data to be classified. Each data point has a distinct
teature vector, depending on the dimensionality of the data. By maximizing the margin, the SVM solves
the optimization problem as follows.:

min || w |12 (4)
subject to the following constraint:
yi(wxi + b) > 1. (5)

Next, b is the bias term that shifts the hyperplane away from the origin. This bias value helps to
position the hyperplane more effectively within the feature space. In the equation y;(wx; + b) > 1, y;
represents the class label for each data point, which can be either 1 or -1, indicating two different
classes. This equation ensures that all points from the positive class are on one side of the hyperplane,
whereas the negative class points are on the opposite side, maximizing the distance or margin between
the hyperplane and the nearest data points from both classes. Finally, the SVM objective is to minimize

the min; | w |2, which means the algorithm aims to maximize the margin while keeping the weight

vector w small. This resulted in a more stable and robust model.

2.6. XGBoost

Extreme Gradient Boosting (XGBoost) is a widely used technique for building classification models
in machine learning competitions and real-world applications [357]. This implementation of gradient
boosting emphasizes speed and performance. XGBoost is based on the boosting technique of
constructing simple models, such as decision trees, sequentially. Each subsequent model aims to correct
the errors of the previous one. To prevent overfitting, regularization is incorporated into the loss
function. The algorithm then proceeds to minimize this modified loss function. XGBoost integrates
several elements into its theoretical framework. The basic formula for the loss function L(y,y) is
presented in equation (6) below.

L,9) = Eia L0 90 + Zk=1 B(fi)- (6)

The loss function L(y,¥) measures how well the model predicts the outcome. In XGBoost, the loss
function is typically quadratic for regression or logistic classification. The general formula for the loss
function is given in the following equation.

L(y,y) = X Ly 30 (7)
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To prevent overfitting, XGBoost applies a regularization penalty represented by BI(fy).
B(fi) = BK +Bllwl|2. (8)
The model is then updated by adding a new tree to the previous model. The updated formula is as
tollows:
§© =5 +nfy(x). ©)
Next, to build a tree, XGBoost selects the split at each node using a criterion that optimizes the
reduction of the loss function. The reduction was calculated using the following equation:
o _1(E9* .
Gain =~ (m blas) (10)
Once all trees were generated, the prediction was derived by aggregating the results from every
tree using the following formula:
y=Xl1 fi () (11)
XGBoost is an efficient and effective algorithm, particularly in machine learning competitions and
real-world applications. Its advantages lie in its ability to handle large datasets and model complexity
effectively, due to the use of regularization and gradient-based optimization.

2.7. BorneoNet

A CNN is an artificial neural network used for pattern recognition, classification, image processing,
etc. [187. In this study, we proposed a BorneoNet architecture for classifying the palm-ripeness dataset.
Since the dataset size is relatively small and conventional CNN models require a large data training
sample size, our proposed model is suitable for this study. The BorneoNet consists of a shallow-layer
architecture that fulfils the needs of a small dataset. Table 1 summarizes the proposed BorneoNet
architecture.

Table 1.

The proposed Borneonet architecture.
Layer Type Unit/Nodes Activation Additional Layers
Input - - -
Conv1 16 filters, 3 X 3 ReLLU BatchNorm
Max Pooling 2 X 2 pool_size - -
Conv2 32 filters, 3 X 3 ReLLU BatchNorm
Max Pooling 2X2 pool_size - -
Convs 64 filters, 3 X 3 ReLLU BatchNorm
Max Pooling 2 X 2 pool_size - -
FC1 128 - Dropout (50%)
FCe 3 - -

The input size was 100 X 100 with three-channel RGB images of palm fruits. The BorneoNet model
is a convolutional neural network designed for classifying palm fruit ripeness into three categories: ripe,
half-ripe, and unripe. The architecture model includes three convolutional layers and then fully
connected layers. We applied batch normalization and max pooling after each convolutional layer to
decrease the dimensions spatially while preserving essential features for the classification task.

The input layer accepts RGB images with three channels that represent the red, green, and blue
components of the image. The first convolutional layer (Conv1) applies 16 filters with a 3x3 kernel
using ReL.U as the activation function to introduce nonlinearity. Batch normalization follows this layer
to improve training stability. A 2X2 max pooling with a stride of 2 reduces the spatial size by half.

Second convolutional layer (Conv2) uses 32 filters with a 3 X 3 kernel, followed by ReLU activation
and batch normalization. A second 2 X 2 max pooling layer reduces the height and width. The third
convolutional layer (Conv3) uses 64 filters, with the same kernel size and activation, before batch
normalization and the final max pooling layer.
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One more fully connected layer (I'C1) is added after flattening the feature maps by the network,
with 128 units and a ReLU activation function. To prevent overfitting, a dropout layer with a rate of
50% was applied. The last fully connected layer (FC2) presents class scores for three ripeness categories:
ripe, half ripe, and unripe.

This architecture was designed to balance performance and computational efficiency. The use of
shallow layers allows the model to extract relevant features while maintaining a low computational
tootprint. While batch normalization aids in stabilizing the learning process, dropout contributes to the
model's ability to handle unseen data.

3. Results and Discussion

This research utilized the BorneoNet model to classify the ripeness of palm fruit using image
processing. The dataset was split into three parts: a training set (50%), a validation set (25%), and a
testing set (25%). The results for classifying the ripening of palm fruit with the use of an image-
processing method are described here. A review and assessment of the results obtained in the processing
and classification stages will be performed.

3.1. BorneoNet Training Performance

Figure 3 depicts the training and validation performance of the BorneoNet model. The training loss
initially decreased rapidly and then plateaued at a lower value. Training accuracy steadily increased,
exceeding 90%. While validation accuracy showed some fluctuations between 70-80%, indicating good
generalization, it was not entirely consistent during the training process.

100 Training vs Validation Accuracy Training vs Validation Loss
—— Train

90 2.5 Validation
. 807 2.0
B
= 704
) 2 1.5
o o
5 604 [ |
8 1 0 -
S .

50 -

\/.
40 —— Train 0.5+
Validation
30 T T T T T T 0.0 T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 3.

BorneoNet training-validation performance

3.2. Benchmarking of Models

We evaluated six models: kNN, Naive Bayes, SVM, Random Forest, XGBoost, and our newly
proposed model, BorneoNet. The evaluation was conducted using five key performance metrics:
accuracy, precision, recall, I'1-score, and Kappa. These metrics were utilized to assess the capability of
each model in classifying palm fruit ripeness into three categories: ripe, half-ripe, and unripe. Further
details on each metric are provided in Table 2.

The BorneoNet demonstrated the highest accuracy at 81.25%, indicating that it correctly classified
the ripeness of palm fruits more frequently than the other models. SVM followed with 76.56% accuracy,
which is also relatively high but significantly lower than that of BorneoNet. kNN and Random Forest
both achieved a moderate accuracy of 62.50%. XGBoost slightly outperformed these models with
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65.62% accuracy. Naive Bayes had the lowest accuracy at 37.50%, indicating significant limitations in its
classification ability.

Table 2.

Benchmarking Metrics of Models.

Metric kNN Naive Bayes SVM Random Forest| XGBoost BorneoNet
Accuracy 62.50% 37.50% 76.56% 62.50% 65.62% 81.25%
Precision 61.42% 42.34% 77.28% 60.79% 63.46% 81.82%
Recall 61.19% 38.81% 74.24% 60.79% 63.69% 78.99%
F1-score 61.16% 36.71% 73.71% 60.51% 63.24% 78.48%
Kappa 0.4320 0.0886 0.6410 0.4309 04774 0.7134

Precision measures the proportion of correctly predicted positive observations (e.g., ripe fruit) to the
total predicted positive observations. The BorneoNet again performed the best, with a precision of
81.82%. This indicates that the model consistently made correct predictions when identifying a specific
class of fruit ripeness. The SVM also performed well, with a precision of 77.28%. XGBoost and kNN had
moderately low precisions of 63.46% and 61.42%, respectively. Naive Bayes had poor precision (42.34%),
reflecting its tendency to make incorrect predictions.

The recall (or sensitivity) indicates how well the model identifies each class of fruit ripeness. The
BorneoNet had a recall of 78.99%, demonstrating its ability to correctly identify most instances of ripe,
half-ripe, and unripe fruits. SVM followed closely with 74.24% recall. XGBoost and Random Forest
both had recall values of approximately 63%, indicating a moderate ability to detect positive classes.
Naive Bayes had the lowest recall at 38.81%, suggesting it struggled to identify a significant portion of
the positive instances.

F1-Score is useful when there is an uneven class distribution, which could be the case for palm fruit
ripeness. The BorneoNet had the highest F1-score of 78.48%, indicating that it effectively balanced
precision and recall, providing robust predictions. The SVM followed with an F1-score of 73.71%,
reflecting strong overall performance. XGBoost, kNN, and Random Forest had I'1-scores between 61%
and 63%, indicating moderate effectiveness. Naive Bayes had the lowest Fl-score at 36.71%,
demonstrating poor overall performance due to low precision and recall.

Kappa measures inter-rater agreement for categorical data. A higher kappa score indicates a
stronger agreement between the model’s predictions and the actual labels, beyond random chance. The
BorneoNet had the highest kappa value of 0.7184, indicating a strong agreement between its predictions
and the actual classifications of fruit ripeness. The SVM also showed strong agreement, with a kappa
value of 0.6410. The XGBoost showed moderate agreement, with a kappa value of 0.4774. kNN and
Random Forest both showed similar moderate performances, with kappa values of approximately 0.4:3.
Naive Bayes had a very low kappa of 0.0886, reflecting almost no meaningful agreement between its
predictions and actual fruit classifications.

The proposed BorneoNet consistently outperformed all other models in every metric. With an
accuracy of 81.25%, precision of 81.82%, recall of 78.99%, and a high F1-score and kappa value,
BorneoNet proved to be the most reliable model for classifying the ripeness of palm fruits. The
performance gap between BorneoNet and the other models is particularly pronounced when compared
to Naive Bayes, which struggles across all metrics with the lowest accuracy, precision, recall, and kappa.

3.3. McNemar Test

To further assess the differences in performance between BorneoNet and other models (kNN, Naive
Bayes, SVM, Random Forest, and XGBoost), a McNemar test was conducted. The McNemar test is
appropriate for comparing models that can only be evaluated once, particularly when dealing with
paired nominal data rather than Gaussian data [367. This test was used to compare the classification
errors of two models and determine whether their performance differences were statistically significant.
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It is especially useful when both models are tested on the same dataset, as it helps distinguish between
differences due to random variation and genuine improvements.

This test results in a contingency table of classification outcomes between the first and second
models and the p-value of whether the differences are statistically significant. Results show a p-value of
0.05 (5%), which was chosen as the cut-off for statistical significance. This result means that if the p-
value is < 0.05, the difference between the performances is considered statistically significant.

Table 3.
Model Significance Test
Model Comparison Contingency Table P-value | Statistically Significant?
kNN vs BorneoNet [[0,07, [28,36]] 7.45e-09 | Yes
NaiveBayes vs BorneoNet [[o, 07, [88,26]] 7.28¢-12 | Yes
SVM vs BorneoNet [[0,0], [17,47]] 1.53e-05 | Yes
RandomForest vs BorneoNet [[0,0], [22,427] 4.77e-07 | Yes
XGBoost vs BorneoNet [To, 0], [20, 4477 1.91e-06 | Yes

Table 8 presents a pairwise comparison of traditional machine learning models against the proposed
BorneoNet. In all model comparisons, the McNemar test yielded p-values significantly lower than the
0.05 alpha level, indicating that the observed performance differences between BorneoNet and the other
models (kNN, Naive Bayes, SVM, Random Forest, and XGBoost) are statistically significant.

This result confirms that the superior performance of BorneoNet across metrics is not due to
random chance but represents a real improvement in the classification of palm fruit ripeness. This result
suggests that BorneoNet is a more reliable and accurate model than traditional methods such as kNN,
Naive Bayes, SVM, Random Forest, and XGBoost for this specific task.

3.4. Comparison with Previous Research

This section provides a benchmark between our previous research using the kNN classifier (k=1)
[117 and the current study using the BorneoNet classifier. Our previous study used a dataset consisting
of 100 palm fruit image samples. Table IV shows a significant improvement in model performance from
the previous analysis to the current analysis. Accuracy increased from 0.6250 to 0.8000, indicating that
the model correctly predicted more instances. Precision improved dramatically from 0.2525 to 0.7677,
which means that the model now produces fewer false-positive errors. The recall increased from 0.2874
to 0.7444, suggesting that the model successtfully identified more true positives. The F1-score also
improved from 0.2688 to 0.7339, highlighting better overall classification effectiveness. Lastly, the
Kappa score rose from 0.0099 to 0.6859, indicating a significant improvement in the agreement between
the predicted and actual classes.

Table 4.

Comparison of Previous and Current Studies.
Previous study [11] Current study
Accuracy 62.50% 80.00%
Precision 25.25% 76.77%
Recall 28.74% 74.44%
I 1-score 26.88% 73.39%
Kappa 0.0099 0.6859

4. Conclusion

This study introduced BorneoNet as a compact convolutional model designed specifically for
classifying palm fruit ripeness. The architecture focuses on a clear sequence of convolutional layers,
batch normalization, and max-pooling, followed by two fully connected layers that provide a balanced
level of abstraction. This configuration was selected to extract relevant visual cues without depending
on deep or computationally expensive networks. The evaluation results show that this design is effective
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in learning the distinctions between unripe, half-ripe, and ripe fruit, even when working with images
that vary in color intensity, lighting conditions, and fruit orientation.

The comparative analysis offers further insights into the strengths of this approach. In terms of
accuracy, precision, recall, I'1-score, and Kappa, BorneoNet consistently outperformed kNN, Naive
Bayes, SVM, Random Forest, and XGBoost. These results were supported by the McNemar test, which
confirmed that the differences were statistically significant rather than incidental. The findings suggest
that a task-focused architecture can achieve reliable performance when designed around the dataset's
characteristics. The model remained stable across different classes, indicating that the chosen structure
is well-suited for datasets containing subtle differences in visual appearance.

Beyond its predictive performance, the lightweight nature of BorneoNet creates opportunities for
practical use in plantation settings. Many agricultural applications rely on devices with limited
computing power, and models with small computational requirements are more realistic for field
operation. BorneoNet offers an example of how a streamlined architecture can support real-time
classification without requiring large memory consumption or specialized hardware. Future work may
extend this research by evaluating the model on a wider range of plantation environments,
incorporating more diverse image conditions, and exploring its integration into field-ready systems for
harvest monitoring. These steps will help advance the development of simple yet well-targeted models
that support the growing needs of precision agriculture.
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