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Abstract

Watermelon (Citrullus lanatus) is a widely cultivated fruit recognized for its high sugar
content. Accurate detection of maturity and soluble solid content (SSC) is essential to
ensure optimal harvest timing, sweetness, and market value, as well as to manage resource
usage efficiently. This study introduces a low-cost, portable, and non-destructive approach
for maturity classification and SSC estimation in Kinnaree watermelon by integrating
tapping acoustics and rind texture analysis with ensemble learning algorithms. Tapping-
induced acoustic signals were analyzed to extract key resonant features, while rind texture
was quantified using image processing techniques. Selected features from both data
sources, combined with watermelon mass, were utilized for three-class maturity
classification and SSC regression modeling. Machine learning (ML) algorithms were used
to map complex and nonlinear relationships between features and watermelon quality
attributes. Results demonstrated that acoustic features and fruit mass were critical for
maturity classification. Visual features were essential for SSC estimation. Super learner
ensemble demonstrates superior predictive accuracy compared to other models, both in
classifying ripeness and predicting the SSC of watermelons. Comparative studies with
earlier methods confirmed the effectiveness and competitiveness of the proposed
technology for non-destructive evaluation of watermelon quality.
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1 Introduction

Watermelon (Citrullus lanatus) is a popular fruit that is consumed globally due to its sweet
flavor, high water content, and nutritional benefits [1]-[3]. Watermelon is a non-
climacteric fruit, meaning its internal qualities, such as sugar content and flavor
compounds, do not significantly improve after harvesting (unlike climacteric fruits, such
as bananas or tomatoes, which continue to ripen after harvest). Thus, the maturity level at
harvesting defines the quality of watermelon products. Harvesting watermelons at their
optimal ripeness stage then ensures consumer satisfaction, achieves market success, and
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reduces economic losses related to postharvest management. This highlights the need for
a rapid and reliable technique to assess watermelon quality efficiently.

Consistency in taste and flavor is crucial for watermelon exports and local consumption.
Premature harvesting of watermelons results in fruit with an undeveloped taste, low sugar
content, and an unpleasant texture. On the other hand, Overripe watermelons have a mealy
or mushy texture and a shorter shelf life. Today, in many countries, watermelon grading
and quality evaluation are still mainly performed manually by humans (thumping check or
visual inspection) [4], [5]. This approach is labor-intensive, time-consuming, and prone to
inaccuracies due to human limitations, resulting in inefficiency in the assessment process.
For these reasons, it is essential to improve the accuracy of the internal quality assessment
of watermelon. Modern non-destructive detection technologies (NDT) have emerged as
efficient tools for grading and quality assessment of watermelon to meet these
expectations. The use of NDT allows an accurate assessment of internal qualities, including
maturity, sweetness, and even internal defects, without damaging the fruit.

NDT techniques exploit the physical and chemical changes that occur during ripening,
such as sugar content, moisture, pigment levels, and tissue structure [6]-[9]. Various NDT
techniques have been studied for detecting the ripeness and quality of watermelons, each
with its own concepts, benefits, and drawbacks. Acoustic Impulse Response relies on
impacting the watermelon and capturing the vibration or sound signal using microphones
or accelerometers. Research has mapped the relation between acoustic parameters and key
internal qualities like maturity [10], [11], internal defects, and sugar content or SSC [12].
For example, previous studies using 100 watermelon samples demonstrated a strong
relationship between acoustic indices (e.g., 2m) and fruit firmness [13]. The results
indicated that the highest correlation coefficient (r) among the indices studied was 0.739
and 0.684 for the training and test sets. Recently, acoustic-based approaches have been
proposed to classify watermelon ripeness using portable signal processing and machine
learning (ML) [4]. A classification accuracy of 77.3% was achieved, demonstrating the
potential of this acoustic technology to detect watermelon quality.

Image processing is another non-destructive detection technique widely employed for fruit
quality assessment [3], [14], [15]. Rizam et al. [16] utilized image processing technology
to extract texture information from 90 samples of watermelon rind and developed ML
models for classifying the maturity of watermelons. The result indicated high accuracy in
the assessment, with an 86% accuracy rate. In a study by Syazwan et al. [17] RGB images
of 45 watermelon samples were used to train ML models for estimating the watermelon’s
maturity stage, using five positions for each sample. The models achieved a maximum
accuracy of 73%. Moreover, watermelon’s rind texture has been used as an essential
feature to develop several ML models for classifying ripeness stages and predicting SSC
[2], [3]. These findings highlight the potential and reliability of image-based, non-
destructive techniques for assessing watermelon quality. Recent research has also explored
the integration of deep learning and 10T technologies for disease identification in cotton
plants to support real-time pest and disease prevention systems [18]. Another NDT, Near-
Infrared (NIR) Spectroscopy, is one of the most extensively researched and commercially
used methods for determining fruit quality, especially SSC. This technology employs the
interaction between light in the near-infrared area and the chemical components of the fruit.
Previous studies showed that correlation coefficients (r) between predicted and observed
values were around 0.80 to 0.95 [8], [19]. Other NDT techniques also demonstrated high
performance on quality detection in watermelon. Laser Doppler Vibrometer (LDV)
assesses surface vibrations to estimate ripeness and texture [20]. Magnetic Resonance
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Imaging (MRI) offers high-resolution internal imaging [9] while X-ray can accurately
detect volume and weight [21].

Challenges remain in scaling NDT methods for real-world applications owing to their high
equipment costs, technical complexity, frequent calibration requirements, and sensitivity
to environmental variations [7], [8]. This makes such advanced detecting systems mainly
utilized by large-scale enterprises in some developed countries (e.g., Japan, South Korea,
and China) [5], [6]. On the other hand, small and medium-sized producers still rely on
manual inspection by human labor. This highlights a critical need to develop low-cost,
scalable NDT solutions that can be easily adopted across all levels. One promising
direction lies in the integration of complementary features from multiple sources, which
may enhance accuracy and reliability while controlling investment budgets [22] [22], [23].
Acoustic properties combined with image processing technology can be a valuable tool.
Since the physiological maturation of watermelon stops at harvest, soluble solids content
(SSC) develops very little afterward, even though acoustic signals continue to change.
Therefore, relying solely on acoustic data is insufficient. Rind texture, which fully matures
at harvest, can help identify if a watermelon was harvested prematurely [2]. Moreover,
compared to other technologies, the two technologies are simple, high-speed, and low-cost.
The ease of operating the equipment enables farmers and small-scale producers to
determine the optimal harvest time and estimate SSC, while also allowing consumers to
assess the internal quality of watermelons before purchase.

In this study, we propose the development of a low-cost, portable, and scalable NDT
detection that utilizes signal and image processing methods to assess watermelon maturity
and SSC. Visual data from surface texture, combined with acoustic signals, is analyzed to
classify watermelons into three classes: unripe, ripe, and overripe, and estimate SSC. ML
algorithms are used as a mapping tool for model development. Furthermore, the accuracy
of the proposed method is evaluated in comparison with previous approaches,
demonstrating its effectiveness and competitiveness as a non-destructive technique for
assessing watermelon quality. This study aims to meet the needs of small and medium-
sized producers by providing a viable alternative that addresses the accuracy and budgeting
gaps. Moreover, as the approach requires only a microphone and camera, it is readily
scalable for implementation in portable devices, making it well-suited for practical
agricultural applications.

2  Data Curation

In this section, we describe the experimental techniques and procedures used for detecting
watermelon maturity and sweetness. The proposed method comprises five main steps:
sample preparation, acoustic signal and image acquisition, feature extraction and selection,
model development and evaluation, and efficiency comparison, as illustrated in Fig. 1.

We source watermelon samples from a local farm in Thailand. The watermelon samples
were kept in a temperature-controlled laboratory. Acoustic signals were recorded from
tapping responses in a noise-reduction box, while rind textures were captured under
controlled lighting using a digital camera. Then, the samples were weighed, and their SSC
levels were measured. Feature extraction and selection techniques were employed to
inform key features for the quality detection. Subsequently, maturity classification and
SSC detection models were developed using various ML techniques, and their performance
was assessed. Lastly, the models produced were compared to earlier research for accuracy
evaluation.
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Fig. 1. An overview of the proposed framework.
2.1  Sample preparation

Samples (Kinnaree watermelons) at varying maturity levels were collected by experts to
provide a wide range of maturity levels, and then were categorized into three stages
(unripe, ripe, overripe). Note that the samples were sourced from two distinct seasons
within the same year, with half collected during summer and the other half during winter.
Only samples free from bruises or cracks were selected, resulting in a total of 400
watermelons, which were stored in a temperature-controlled laboratory maintained at
25 °C for examination.
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Fig. 2. Schematic diagram of the acoustic detection system.
2.2 Acoustic detection system

A device was developed as a prototype system to detect the acoustic response signals of
watermelon samples upon being tapped. The system is equipped with a product support,
a microphone, and a striking ball. The equipment was entirely installed inside a noise-
reduction box. The ball was released from rest (initial velocity = 0) to impact one side of
the sample in the central zone, producing the same contacting force in all tests. The impact
ball used in this study was made of steel and had a diameter of 1 inch. As a steel striking
ball has a high elastic modulus, it generates a consistent resonance frequency in response
signals when hitting, due to the short contact duration [2], [4], [13]. A permanently
polarized condenser microphone (RODE, smartLav+) was positioned above the sample to
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record the sound wave. The acoustic response signals were digitized as 24-bit WAV audio
files before being stored on a computer. Fig. 2 illustrates the schematic design of the
proposed experiment.

We selected the best three waves to represent the acoustic responses for each sample.
However, time-domain signals do not offer insights into the frequency content of the data.
These signals are often characterized by significant noise, which limits their ability to
provide accurate information. To this end, the selected waves were set to a zero mean
before normalization. Subsequently, all signals were subjected to a 0.1 threshold amplitude
cut to eliminate background noise and then stored as 4,096 points. The Fast Fourier
Transform (FFT) was applied to the signals, enabling the extraction of the frequency at the
maximum amplitude value (fmax), considered an important feature in the frequency domain.
By averaging the fmax values of the three waves, the fmax 0f @ sample can be obtained.

Fig. 3 shows a signal diagram for a ripe watermelon. The selected window, bounded by
the red dashed lines, was used for analyzing and extracting features. The response signals
were all normalized; the maximum value of the time domain signal was set to 1, while the
others were transformed into fractions between -1 and 1.
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Fig. 3. Full signal and selected window for FFT.

By applying the FFT, the frequency content and amplitude of a signal were extracted. In
this approach, the maximum frequency (fmax) was used as the critical feature representing
the natural frequency of each sample. Fig. 4 compares the fmax Of €ach ripeness stage in the
frequency-domain signals, illustrating the decrease in natural frequency as the watermelon

ripens.
Unripe

43220 Mz
JJ/\‘*};\\——_'—
]

T T
500 1000 1500 2000

Frequency (Hz)
Ripe

SISO
I
I
g 1

T T

T
500 1000 1500 2000
Frequency (Hz)

¥

[=]

=]
L

Magnitude

o
1

w
o

Magnitude

(-}

Overripe

oS
1
I
- 1

T T
500 1000 1500 2000

Frequency (Hz)

N
=3
=}

Magnitude

=]

Fig. 4. Comparison of fmax for watermelon with different unripe/ripe/overripe stages.



Ketsarin Chawgien et al. 84

2.3 Image processing system

The experimental configuration for the processing system is shown in Fig. 5. The system
has three main components: a product support platform, a camera, and a light source. The
components were integrated into a lighting box to control light intensity. The support
platform was positioned at the bottom of the lighting box, with a Sony a5100 digital camera
mounted on top of the box, encircled by a ring-shaped LED light source. The ring design
of the LED modules ensured uniform light intensity, hence improving the dependability of
the findings [17]. The mean light intensity recorded on the box floor was 750 lux.
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Fig. 5. Schematic diagram of image processing system.

The texture of the watermelon rind was utilized as a key feature in image processing for
predicting SSC. This approach was inspired by traditional farming practices, where rind
texture patterns are commonly used to estimate maturity, based on the belief that the
complexity and size of the patterns increase as the fruit ripens. The literature also indicates
that rind textures are crucial for categorizing watermelon’s SSC [3].

To quantitatively analyze the texture patterns of watermelon rind, we utilize the entropy
function, which provides a measure of stripe distribution and randomness. Entropy is a
measure of uncertainty or randomness, which can be used to characterize the texture of an
image and investigate the correlation between the external appearance of a watermelon and
its internal quality [23], [24]. To this end, we initially detected the shape of the watermelon
samples using a morphological operation. Subsequently, the image was converted to
grayscale and masked, followed by the application of Canny edge detection to extract the
rind pattern from the image. Finally, the entropy function was used to measure the entropy
value of the image. An entropy value can be determined by combining all local entropy
values throughout an image. The local entropy is calculated by multiplying the probability
Distribution (p) with the base log> as shown in equation (1):

Entropy(x;) = —p(x;)log,(x;) 1)
where X is a class of features for an image. The range of the entropy value is between 0

and 1. The higher entropy value means more different information from the average
content in an image. A general form of the entropy (H) can be expressed as equation (2):
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Fig. 6 illustrates the maturity levels of the internal fresh color and entropy. Results show
that the texture characteristics of watermelons differ across maturity levels, resulting in an
increasing entropy value from unripe to overripe watermelons.

.

Overripe

Fig. 6. Maturity levels with internal fresh color and entropy (H).
2.4 Ripeness classification and SSC measurement

Following the collection of tapping sound data and rind appearance, the watermelon
samples underwent a weighing process. A sensory evaluation was conducted using panel
tests to classify watermelon samples based on quality. This was carried out with the
assistance of five experts on ripeness classification to minimize bias. Comments were
recorded both before and after cutting the watermelons. Pre-cut comments were used to
compare human categorization accuracy with that of classification algorithms, while post-
cut comments were used to determine the sample classes. The evaluation classified 131
samples as unripe, 145 as ripe, and 124 as overripe.

After ripeness classification, the watermelons were measured for SSC using a handheld
refractometer. The SSC of each sample was measured three times, and the average of these
measurements was used to represent the sugar content of each sample.

3  Watermelon Maturity and SSC Detection Model
3.1 Database description and feature engineering

The previous section describes how we utilized two non-destructive technologies (signal
and image processing) to extract features from watermelon samples. Three main features
are obtained, including mass (m), the maximum frequency (fmax), and the entropy value (H)
of the watermelon samples.
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Not only do we use these features alone, but we also consider engineered features,
expecting that it can improve the model’s robustness and accuracy of the developed
models. For example, firmness indices are a combined feature of the mass and the resonant
frequency (commonly the first or second natural frequency) for a fruit or vegetable. It is
well known that the index significantly correlates with firmness, elastic modulus, and
ripeness in agricultural products. For example, an index of firmness (mf?) was employed
to predict the firmness of apples. The modification of mf? called m?3f2, namely the elastic
coefficient (El), developed was found to have strong relations with Young’s modulus and
was efficiently employed for estimating the internal qualities of fruits such as watermelon,
mango, and apple. Other indices like mf and m?f are also used for estimating the fruit
quality. Currently, there is no clear evidence indicating whether the firmness indices are
most suitable for Kinnaree watermelons. Therefore, except for m and fmax, this study added
four firmness indices: mf, mf?, m?f?, and m?”*f? as candidates to develop the ML models. As
a result, a total of 7 features were considered for the model development process: m, fmax,
H, mf, mf, m??, and m?*f2. The target output was soluble solids content (SSC). The
statistical information of the input features and the target is shown in Table 1.

Table 1: The statistical information of input features.

feature mean std min max

m (kg) 257E+00  4.27E+01  1.789E+00 3.73E+00
fmax (HZ) 2.88E+02 6.21E+01 2.10E+02 4.20E+02
H 2.58E-01 8.31E-02 1.04E-01 3.85E-01
mf (kg- Hz) 7.27E+02 1.42E+02 4.22E+02 1.23E+03
mf? (kg- Hz?) 2.15E+05 8.13E+04 8.86E+04 4.64E+05
m?3f2(kg?®- Hz?) 1.58E+05 6.17E+04 7.02E+04 3.13E+05
m?f?(kg?- Hz?) 5.48E+05 2.17E+05 1.78E+05 1.51E+06

To partition the data, we randomly separated it into the training and test sets, following
common model development practices. This split was performed using a stratified
approach across the two distinct seasons to ensure proportional representation in both the
training and test sets. The applied approach enables robust evaluation of seasonal
variability. The training set comprised 80% (320 samples) of the total database and was
utilised for training the model. The remaining 20% (80 samples) of the data was set as
unseen data, which served the purpose of evaluating the model’s performance. Fig. 7
illustrates the correlation coefficients for the training set as a heatmap, with colors ranging
from blue (negative correlation) to red (positive correlation). It was observed that a high
negative correlation (-0.85) exists between ripeness and fmax. This indicated a strong
relationship between the natural frequency and ripening stages of watermelon, as fmax
decreases when the fruit ripens. For the interaction terms (mf, mf?, m?2, and m?3f?), the
correlations with ripeness decreased due to the effects of fruit mass. The entropy (H) was
found to have a moderate correlation with ripeness, suggesting that variations in the
watermelon’s skin texture may not be reliable for ripeness classification. This limitation is
likely due to the premature harvesting of watermelon samples, during which the skin
texture had not yet fully developed. Consequently, ripeness showed only a moderate
correlation with soluble solid content (SSC), indicating that the ripeness status did not
significantly influence sugar accumulation.

In the case of SSC, moderate correlations were observed when considered individually
with m or fmax, yielding coefficients of 0.60 and -0.70, respectively. However, when m and
fmax Were combined as firmness indices, the correlations with SSC declined. Among the
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evaluated features, m?*f? demonstrated the strongest correlation with a coefficient of —0.61.
Moreover, the firmness-related features had high intercorrelation, with coefficients ranging
from 0.82 to 0.99, suggesting that they carried overlapping information relevant to SSC
prediction. Regarding entropy (H), which represents the rind pattern of watermelon, its
correlation with SSC was 0.70, being comparable to that of frax.

The correlation analysis presented suggests that the use of individual features offers limited
classification and predictive capability. Consequently, incorporating multiple features is
essential for enhancing the accuracy of the classification and prediction tasks. It enables
the model to capture more complex and complementary patterns that are not represented
by any single feature alone. The following section presents the feature selection process,
which aims to identify the most informative subset of features for model development.

Correlation Heatmap 100

m —pee -0.13 -0.26 030 0.48 050

fmax - E

0.75

mf - 0.31 -Dlla E _0.26 ] 0.50
e MRS EN 0.92 | 0.00 | 1.0 0.41 ENE - 0.25
- 0.00
2f2 _ p30 ﬂ .99 el o 0.26
) - —-0.25
H - 048 -0.18  -0. -0.18 [RON 052

Status - 0.50 [EVEEN SOSH EUVEN B m 0.52 —0.50
| \ -0.75

& & & ((Q’nS,Q mQ ‘3‘ ,@5 é,('

Fig. 7. The feature correlation plot.
3.2 Evaluation of important features

Not all features presented previously made a practical contribution to the model accuracy.
Therefore, feature selection is necessary to identify those most strongly correlated with
class discrimination and SSC prediction. This section presents techniques applied to select
important features for the model development. The seven features were considered as
candidates. In this study, we employ several feature selection techniques to evaluate the
importance of the features, including Mutual Information (MI), Recursive Feature
Elimination (RFE), Sequential Forward Floating Selection (SFFS), Least Absolute
Shrinkage and Selection Operator (LASSO), Elastic Net, and Random Forest Feature
Importance (RF-FI).

MI is an information theory metric that quantifies the amount of information one feature
contributes to another. It captures both linear and nonlinear dependencies, helping to
determine the mutual dependence of each feature and the target. Second, RFE is a wrapper-
based strategy for repeatedly training a model and ranking features based on relevance. At
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each iteration, the least significant feature is removed, and the procedure is repeated until
a certain number of features remain. RFE is good in capturing interactions between features,
but it is computationally costly and sensitive to data variations. The third is SFFS, which
is an improvement on basic forward selection. It starts with iteratively adding a candidate
to the model to maximize a predefined criterion or minimize error. Furthermore, it
performs a backward elimination step if deleting features improves performance, resulting
in a flexible and adaptable technique for feature selection. The selection is stopped when
no feature is added to the model. For another approach used, Lasso is a regularization
approach that incorporates feature selection into its linear regression framework by
penalizing the absolute values of the coefficients. This penalty tends to reduce specific
coefficients to zero, thereby removing unimportant features and decreasing overfitting.
However, Lasso might suffer when features are strongly correlated. Elastic Net combines
the penalties of Lasso (L1) and Ridge (L2) regression to achieve a balance between the
two. It is intended to handle multicollinearity more strongly than Lasso by combining
feature selection with coefficient shrinking. Elastic Net allows flexibility in handling
duplicate features by altering hyperparameters for each penalty. Last, RF-FI is a feature
selection approach that leverages Random Forest ensemble learning techniques to assess
candidate features based on their predictive potential. The features are ranked by their
ability to decrease impurity or improve accuracy when permuted. Essentially, features that
result in larger reductions in model error are considered more important. This approach
efficiently captures non-linear relationships and interactions, offering a practical way to
prioritize features.

3.3  Model development

In the classification problem, we categorized watermelon samples into three maturity
levels: unripe, ripe, and overripe. For the sweetness prediction problem, we used SSC as
the sugar content index. The features selected via feature selection methods were then
employed for model development. We applied eight ML algorithms for comparison:
Artificial Neural Network (ANN), Support Vector Regression (SVR), Decision Tree (DT),
K-Nearest Neighbor (KNN), Random Forest, Gradient Boost, AdaBoost, and XGBoost.
Hyperparameters were tuned to guarantee robustness and accuracy during model training.

After comparing the performance of the single ML models, Super Learner (SL) models
were developed. SL is an advanced ensemble learning technique that optimally combines
multiple machine learning algorithms (base learners) using cross-validated predictions. It
operates in two layers: first, various base models make their predictions, then a meta-
learner learns the optimal weighted combination of these predictions. This approach
automatically adapts to data features, offering improved prediction accuracy and reduced
bias. In this study, we selected three to four of the highest-performing algorithms among
ML models for the SL model development.

We applied several performance metrics to evaluate the classification models'
performance, including precision, recall, accuracy, and F1 score. They can be expressed as
equation (3)-(6):

precision = 7 3
TP+FP
recall = —— 4)

TP+FN
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TP+TN (5)
accuracy = -—————
TP+FP+TN+FN
2Xprecisionxrecall
F1 = 2xprect (6)
precision+recall

where TP is true positive; TN is true negative; FP is false positive; and FN is false negative.
In the SSC prediction, three metrics were used to assess the performance: the coefficient
of determination (R?), root mean square error (RMSE), and mean absolute percentage error
(MAPE), expressed as equations (7)-(9):

R2 1 — Y (i — 9)° (7
Z?:l(yi - }—]l)
1 n
— _ . — )2
RMSE nZ(yl 7 @
MAPE = =37, |y; — il ©)

where ¥; is the estimated target, y; is the real target value, and n is the data points.
4  Results and Discussions
4.1  Maturity classification model

Fig. 8 summarizes the features selected using different approaches. Ml analysis indicates
that fmax scored 0.65, m?*f? scored 0.52, and mf? scored 0.48, clearly differentiating the
most influential features from those with lower importance. Meanwhile, the RFE method
not only confirmed the top three features inconsistent with Ml but also identified H as a
valuable predictor. Both Lasso and Elastic Net produced very similar outcomes,
emphasizing m?3f2, mf2, and m?f as having the strongest coefficients. The RF-FI method
further validated fmax, M3, and mf? as key predictors. Overall, the most critical features
were identified as fmax, m?3f2, and mf2. These features consistently demonstrated the highest
importance across the applied methods, with fmax emerging as the most significant feature.
In addition to the primary features, there are secondary features that provide supplementary
classification power, including mf> and m?3f2. The interaction terms between m and fmax,
which represent the watermelon firmness, are expected to contribute additional
information to the analysis. However, due to high collinearity between mf? and m?3f2, as
illustrated in the correlation analysis (Fig. 7), we only considered m?3f2 in our analysis.
Hence, the total combined features for our classification models were fmax and m?°3f2,

Based on the results, we propose an SL model with a diverse set of base models, including
ANN, SVM, RF, and XGBoost. These four models not only perform well on the given data
but also provide a balance between non-linear representation, ensemble diversity, and
complementary predictive strengths. In other words, an ANN can capture complex non-
linear patterns, while an SVM provides robust decision boundaries. The reliable ensemble
method of RF emphasizes variance reduction via bagging, and the strong boosting
performance of XGBoost helps handle sophisticated interactions.
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Fig. 8. Comparison of feature selection results for the maturity classification.

The meta-learner provided ensemble-level behavioral insights after finding the optimal
combination. ANN and SVM had the most significant positive impact on correct-class
probabilities, while RF and XGBoost provided complementary, stabilizing decisions. The
classification performance of the Super learner model is shown in Table 2. The SL model
has achieved an accuracy of 0.88 (88%), which is a significant improvement over our
models (previous best was 80% with ANN).

Table 2: Model performances of the classification models.

Model Accuracy Precision Recall Fl-score
ANN 0.80 0.80 0.80 0.80
DT 0.79 0.79 0.78 0.78
RF 0.76 0.77 0.76 0.76
AdaBoost 0.76 0.76 0.76 0.76
GBT 0.79 0.79 0.79 0.79
XGbhoost 0.79 0.79 0.79 0.79
SVM 0.78 0.77 0.78 0.78
KNN 0.78 0.78 0.77 0.77
Super Learner 0.88 0.89 0.88 0.88

The confusion matrix for the test set of the SL model is provided in Fig. 9 for the
performance analysis. It clearly shows that most predictions fall along the diagonal,
indicating that the SL is generally effective across all classes. For the Unripe class, the
model correctly identifies 88.5% of the observations, suggesting that their feature
representation is sufficiently distinct for accurate classification. In the Ripe class, the
model exhibits a high rate with a 93.1% correction. Some false positives possibly result
from shared characteristics with the Overripe class. However, the Overripe class was
predicted to be at an 80% correct rate, indicating that a portion of Overripe instances are
misclassified into the Ripe class. One primary reason for the misclassification may be the
small sample size of the overripe class. The result suggests that further investigation is
needed to distinguish these classes for future research.
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Fig. 9. Confusion matrix plot.

The confusion matrix for the test set of the SL model is provided in Fig. 9 for the
performance analysis. It clearly shows that most predictions fall along the diagonal,
indicating that the SL is generally effective across all classes. For the Unripe class, the
model correctly identifies 88.5% of the observations, suggesting that their feature
representation is sufficiently distinct for accurate classification. In the Ripe class, the
model exhibits a high rate with a 93.1% correction. Some false positives possibly result
from shared characteristics with the Overripe class. However, the Overripe class was
predicted to be at an 80% correct rate, indicating that a portion of Overripe instances are
misclassified into the Ripe class. One primary reason for the misclassification may be the
small sample size of the overripe class. The result suggests that further investigation is
needed to distinguish these classes for future research.

4.2  SSC detection model

Similar to the development of the classification model, our SSC detection modelling
started with feature selection using six techniques. Fig. 10 illustrates the selection results,
revealing important insights into the SSC prediction. Unlike the classification problem, the
entropy feature (H) emerges as the most consistently influential feature across all selection
methods. It demonstrated high importance scores in Ml, the strongest coefficients in both
Lasso and Elastic Net analyses, and the highest importance in RF. It was followed closely
by the natural frequency, fmax, which shows strong predictive power, particularly in Ml and
RF analyses. However, its importance is diminished in the Lasso and Elastic Net models.
Moreover, m was observed as a moderate but consistent level of importance across all
methods, suggesting its reliable contribution to the model. Interestingly, the interaction
terms (mf2, m?*f2, m?f?) generally show lower predictive power across all methods. To this
end, the features considered for our predictive models were H, fmax, and m.
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Fig. 10. Comparison of feature selection results for the SSC prediction.

Fig. 10 Comparison of feature selection results for the SSC prediction. Table 3 shows that
SVM stands out as the best-performing individual model, achieving the highest R? (0.71),
the lowest RMSE (0.84), and the lowest MAPE (6.73%). This indicates that SVR can
explain the most variance in the SSC values. Random Forest and Gradient Boosting yield
strong results, with R2 values exceeding 0.69 and error metrics comparable to those of the
top models. KNN, XGBoost, and Decision Tree regressors have lower Rz and higher error
rates, indicating less effective modeling of the SSC variable. The ANN model has the
lowest R? (0.579) and the highest RMSE and MAPE, suggesting it is not well-suited to this
regression problem.

Table 3: Model performances of the SSC prediction models.

Model R? RMSE MAPE
ANN 0.58 1.02 8.49
DT 0.61 0.98 7.97
RF 0.70 0.85 6.78
GBT 0.69 0.87 7.06
XGboost 0.65 0.92 7.27
SVM 0.71 0.84 6.73
KNN 0.68 0.87 7.12
Super Learner 0.72 0.82 6.55

A predictive-based SL model for SSC was developed based on the performance results.
Three algorithms were selected, including SVM, RF, and GBT. The result indicates that
the performance of SL was slightly higher than that of the others individually, with an R?
of 0.72 and lower errors. Moreover, we interpreted the nonlinear relations between the
three input features and SSC using partial dependence plots, as shown in Fig. 11. It is
observed that the rind texture (explained by H) and weight (m) have a positive effect,
especially in the middle range of the features. The natural frequency was found to have
nonlinearly negative impacts on the prediction.
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S  Performance Comparison with Previous Models

To provide a more comprehensive evaluation, the SSC prediction accuracy of the proposed
method was compared with that of previous studies. The most successful model, SL, is
used for the comparison. However, no study has yet applied the combined information
from acoustic and image processing technologies to predict the SSC of watermelon.
Therefore, existing models from other non-destructive detection techniques are used in this
comparison. NIR and VIS-NIR spectroscopy technologies, carried out in the literature [21],
[25], were employed. NIR and VIS-NIR spectroscopy are non-destructive technologies
that have been widely applied in practice for detecting SSC of watermelon. These
technologies have been efficiently used on a commercial scale as an online detection
system [5]. Thus, these spectroscopy technologies are suitable for benchmarking the
performance of this proposed method. The comparative result is provided in Table 4.

Table 4: Comparison of the prediction accuracy among different approaches.

Model r RMSE
This proposed method 0.848 0.820
Qi etal. [21] (VIS-NIR spectroscopy) 0.862 0.717
Jie et al. [25] (NIR spectroscopy, 14 features) 0.845 0.574

To be consistent with previous studies, the correlation coefficient of the test set (r) was
used in this comparison. It is noted here that, in the literature, Jie et al. [25], the authors
evaluated different sets of combined features. Thus, we selected the model using 14
features for this comparison, as the authors considered this set to be the optimal model.
According to the table, our model achieved a correlation coefficient equal to or slightly
higher than that of previous proposals, indicating a stronger linear relationship between the
predicted and actual values. However, the earlier studies reported a lower RMSE,
suggesting higher precision in individual predictions. These results indicate that the
previous models demonstrate slightly better accuracy.

While these metrics suggest that the previous model yields more precise point predictions,
our model offers significant practical advantages in terms of deployment and scalability.
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Specifically, our model requires only a microphone and camera, making it more suitable
for integration into mobile or portable devices. This enhances usability and accessibility,
especially for local farmers and small businesses.

6 Limitations and Future Works

The proposed method relies on two- to three-dimensional space based on three external
characteristics of watermelons: weight, rind texture, and tapping sound to explain maturity
levels and SSC. This approach should be used for the Kinnaree watermelon cultivar, with
parameter values spanning the statistical scopes provided in Table 1. The dataset in this
study may not be typical of all watermelons. Additional sample sets and calibration across
varieties are necessary to improve model accuracy and generalizability. Future work will
focus on the model’s performance stability in realistic ambient conditions, including the
effects of variable, uncontrolled industrial lighting and the background noise characteristic
of processing lines.

7  Conclusion

This paper presents a low-cost, portable, and scalable non-destructive testing (NDT)
detection technique for assessing watermelon ripeness and soluble solids content (SSC)
using signal and image processing. The watermelon’s rind texture, tapping sound, and
weight were used as the critical characteristics. Model mapping technologies include ML
methods as well as Super learners. Two main tasks were carried out: classifying
watermelon maturity and predicting soluble solids content (SSC), which is a key indicator
of fruit sweetness and quality. Watermelon features were extracted through signal and
image processing techniques. First, a range of machine learning models was evaluated for
both tasks, including Decision Tree, Gradient Boosting, XGBoost, Support Vector
Machine, KNN, Artificial Neural Network, and Random Forest. Then, Super Learner was
developed among these diverse models. This research employed various ML-based feature
selection techniques to carefully select key features and utilized grid search strategies to
optimize the collection of hyperparameters for model development.

For the maturity classification task, the ANN model achieved the highest accuracy among
individual models at 80%. However, when multiple models (ANN, SVM, RF, XGBoost)
are combined into a Super learner ensemble, the accuracy improves further to 88%. The
confusion matrix analysis showed that the SL model was particularly effective, with high
correct prediction rates for both Unripe (88.5%) and Ripe (93.1%) classes, indicating
robust performance across all maturity levels. In the SSC regression task, the SVM
regressor stood out as the best single model, while the Super learner provided a slight
improvement in performance. Partial dependence plots from the analysis revealed
meaningful nonlinear relationships between the features of rind texture, weight, and natural
frequency, and the SSC.

The comparative study with previous proposals indicated that, although our RMSE is
slightly lower, the proposed method achieves a similar level of predictive correlation while
offering substantial benefits in terms of portability and accessibility. These characteristics
make it a strong candidate for practical deployment in fruit sorting. Given its ensemble
structure, the Super learner model has low computational overhead, making its deployment
highly feasible on low-cost, resource-constrained devices such as microcontrollers or
smartphones.



95 Super learner ensemble-based internal quality...

ACKNOWLEDGEMENTS

This research was financially supported by the National Research Council of Thailand
(NRCT), Grant ID. N42A661028. The authors would like to express their sincere
gratitude to the NRCT for its valuable support and funding, which made this study
possible.

References

[1] Kyriacou, M. C., Leskovar, D. I., Colla, G., & Rouphael, Y. (2018). Watermelon and
melon fruit quality: The genotypic and agro-environmental factors implicated. Scientia
Horticulturae, 234, 393-408.

[2] Chawgien, K., & Kiattisin, S. (2021). Machine learning techniques for classifying the
sweetness of watermelon using Acoustic signal and Image processing. Computers and
Electronics in Agriculture, 181, 1-34.

[3] Gu, Q., et al. (2025). Quantitative analysis of watermelon fruit skin phenotypic traits
via image processing and their potential in maturity and quality detection. Computers and
Electronics in Agriculture, 230, 109960.

[4] Alipasandi, A., Mahmoudi, A., Sturm, B., Behfar, H., & Zohrabi, S. (2023).
Application of meta-heuristic feature selection method in low-cost portable device for
watermelon classification using signal processing techniques. Computers and Electronics
in Agriculture, 205, 107578.

[5] Jie, D., & Wei, X. (2018). Review on the recent progress of non-destructive detection
technology for internal quality of watermelon. Computers and Electronics in Agriculture,
151(15), 156-164.

[6] Sun, T., Huang, K., Xu, H., & Ying, Y. (2010). Research advances in nondestructive
determination of internal quality in watermelon/melon: A review. Journal of Food
Engineering, 100(4), 569-577.

[7] Mohd Ali, M., Hashim, N., Bejo, S. K., & Shamsudin, R. (2017). Rapid and
nondestructive techniques for internal and external quality evaluation of watermelons: A
review. Scientia Horticulturae, 225, 689-699.

[8] Caceres-Hernandez, D., et al. (2023). Recent advances in automatic feature detection
and classification of fruits including with a special emphasis on Watermelon (Citrillus
lanatus): A review. Neurocomputing, 526, 62—79.

[9] Arendse, E., Fawole, O. A., Magwaza, L. S., & Opara, U. L. (2018). Non-destructive
prediction of internal and external quality attributes of fruit with thick rind: A review.
Journal of Food Engineering, 217, 11-23.

[10] Zeng, W., Huang, X., Mller Arisona, S., & McLoughlin, I. V. (2014). Classifying
watermelon ripeness by analysing acoustic signals using mobile devices. Personal and
Ubiquitous Computing, 18(7), 1753-1762.

[11] Yamamoto, H., Iwamoto, M., & Haginuma, S. (1980). Acoustic Impulse Response
Method for Measuring Natural Frequency of Intact Fruits and Preliminary Applications To
Internal Quality Evaluation of Apples and Watermelons. Journal of Texture Studies, 11(2),
117-136.

[12] Choe, U., Kang, H., Ham, J., Ri, K., & Choe, U. (2022). Maturity assessment of
watermelon by acoustic method. Scientia Horticulturae, 293, 110735.



Ketsarin Chawgien et al. 96

[13] Mao, J.,, Yu, Y., Rao, X., & Wang, J. (2016). Firmness prediction and modeling by
optimizing acoustic device for watermelons. Journal of Food Engineering, 168, 1-6.

[14] Shin, J., Mahmud, S., Rehman, T. U., Ravichandran, P., Heung, B., & Chang, Y. K.
(2023). Trends and Prospect of Machine Vision Technology for Stresses and Diseases
Detection in Precision Agriculture. AgriEngineering, 5(1), 20-309.

[15] Boumaraf, I., Djeffal, A., Setta, S., & Taleb-Ahmed, A. (2023). Improving Date Fruit
Sorting with a Novel Multimodal Approach and CNNs. International Journal of Advances
in Soft Computing and its Applications, 15(3), 190-206.

[16] Shah Rizam, M. S. B., Farah Yasmin, A. R., Ahmad lhsan, M. Y., & Shazana, K.
(2009). Non-destructive watermelon ripeness determination using image processing and
artificial neural network (ANN). World Academy of Science, Engineering and Technology,
38, 542-546.

[17] Ahmad Syazwan, N., Shah Rizam, M. S. B., & Nooritawati, M. T. (2012).
Categorization of watermelon maturity level based on rind features. Procedia Engineering,
41, 1398-1404.

[18] Azfar, S., et al. (2025). Automated System for Detecting, Identifying, and Preventing
Cotton Leaf and Boll Diseases Using Deep Learning. International Journal of Advances
in Soft Computing and its Applications, 17(1), 67-97.

[19] Zhang, D., Xu, L., Wang, Q., Tian, X., & Li, J. (2019). The Optimal Local Model
Selection for Robust and Fast Evaluation of Soluble Solid Content in Melon with Thick
Peel and Large Size by Vis-NIR Spectroscopy. Food Analytical Methods, 12(1), 136-147.

[20] Abbaszadeh, R., Rajabipour, A., Ahmadi, H., Mahjoob, M. J., & Delshad, M. (2013).
Prediction of watermelon quality based on vibration spectrum. Postharvest Biology and
Technology, 86, 291-293.

[21] Qi, S., Song, S., Jiang, Y. Chen, W. Li, & Han, D. (2014). Establishment of a
comprehensive indicator to nondestructively analyze watermelon quality at different
ripening stages. Journal of Innovative Optical Health Sciences, 7(4).

[22] Mancipe-Castro, L., & Gutiérrez-Carvajal, R. E. (2022). Prediction of environment
variables in precision agriculture using a sparse model as data fusion strategy. Information
Processing in Agriculture, 9(2), 171-183.

[23] De, 1., & Sil, J. (2012). Entropy based fuzzy classification of images on quality
assessment. Journal of King Saud University - Computer and Information Sciences, 24(2),
165-173.

[24] Molaei, B., Chandel, A., Peters, R. T., Khot, L. R., & Quiros Vargas, J. (2022).
Investigating lodging in spearmint with overhead sprinklers compared to drag hoses using
entropy values from low altitude RGB-imagery. Information Processing in Agriculture,
9(2), 335-341.

[25] Jie, D., Xie, L., Fu, X., Rao, X., & Ying, Y. (2013). Variable selection for partial least
squares analysis of soluble solids content in watermelon using near-infrared diffuse
transmission technique. Journal of Food Engineering, 118(4), 387-392.



97

Notes on contributors

Super learner ensemble-based internal quality...

Ketsarin Chawgien is an Assistant Professor in the
Industrial Education Program, Faculty of Science and
Technology, Nakhon Pathom Rajabhat University,
Nakhon Pathom, Thailand. Her contributions to this paper
are research design, data curation, data analysis,
investigation, methodology, and writing the original draft.

Supaporn Kiattisin is an Associate Professor at the
Technology of Information System Management
Division, Faculty of Engineering, Mahidol University,
Nakhon Pathom, Thailand. Her contributions to this paper
are conceptualization, investigation, reviewing, and
editing.



