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Abstract. This independent research aimed to develop a model for predicting the
ripeness level of durians based on knocking sounds. The ripeness levels were
categorized into 3 levels are raw, unripe and ripe. Each level have unique sound
responsed when knocking. To achieve the highest accuracy in model develop-
ment, the researcher have compared the data feature extraction with 3 methods:
Mel-Spectrogram, Short-time Fourier Transform (STFT) and Mel-Frequency
Cepstral Coefficients (MFCC). In the model development phase, The Convolu-
tional Neural Network (CNN) algorithm was selected bulding the prediction
model. To evaluate the performance of the developed model, accuracy and F1
Score was measured by comparing along to data feature extraction 3 methods. It
was found that the Short-time Fourier Transform (STFT) method yielded the
highest both accuracy value and F1 Score. The resulted by training dataset give
99% of accuracy value and 94% of F1 Score. Along with the blind testing data
give 99% of accuracy value and 92% of F1 Score.
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1 Introduction

Durian is a crucial economic fruit and the number one exported fruit in Thailand. In
the year 2021, the export value reached 109,205 million Baht [12]. One of the chal-
lenges in exporting durian to foreign destinations is the extended transportation time,
which can take several days. Studies reveal that the weight of durian decreases by 4%
a day after harvesting and can decrease by up to 27% on the fifth day [11]. This neces-
sitates careful planning for durian farmers and exporters to ensure that the fruit reaches
its destination at the expected ripeness level with minimal damage and weight loss. As
a result of this export challenge, a significant occupation has emerged — durian sorter
experts. The increasing demand for durian consumption has led to a short-age of ex-
perts, and the high cost of hiring these experts has become apparent. According to in-
terviews, the average monthly income for durian quality inspectors ranges from 50,000
to 100,000 Thai Baht [13]. The study suggests that both external physical characteris-
tics and knocking sounds can be used to assess durian ripeness. Knockinng the durian
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shell to listen for the sound of hollowness and density is identified as an effective
method for durian ripeness classification.

The study further explores the classification of durian ripeness levels based on
knocking sounds. Generally, 3 ripeness levels can be distinguished: raw, unripe, and
ripe. Raw durians produce a dense sound when tapped, while ripe durians produce a
resonant sound due to water excretion and the transformation of starch into sugar, caus-
ing the flesh to contract within the shell and creating a hollow space, resulting in a
resonant sound. To address these challenges, researchers collaborated with experts to
develop a model for predicting durian ripeness levels based on tapping sounds.

2 Literature Review

2.1  Analyzing Knocking Sounds to Evaluate the Ripeness Quality of
Watermelons through Sound Frequencies [14]

This research focuses on the analysis of tapping sounds to assess the ripeness of
watermelons using sound frequency. It leverages local wisdom to evaluate or predict
the rawness or ripeness of fruits by tapping without damaging the fruit. The experi-
mental sample for this research consists of 200 watermelons of the eating-recom-
mended variety, weighing 2-4 kilograms each. The tapping was conducted, and sound
recordings were made using a smartphone. The recorded sounds were then processed
using Fast Fourier Transform to determine the frequency range. Subse-quently, the
sound was analyzed using Probability Density Function, and Bayesian decision theory
was employed to predict ripeness.

In the experimental phase, it was found that a frequency range (Fmax) of 32 hertz is
suitable for predicting the ripeness of watermelons. The overall accuracy of the pre-
diction was 73.5%, with individual accuracies of 77% for ripe watermelons and 70%
for raw ones.

2.2  Durian Ripeness Classification from the Knocking Sounds Using
CNN [3]

Another aspect of the research involves tapping sounds of durians to predict their
ripeness levels, categorizing them as ripe, raw, or half-ripe. A sample of 30 durians was
used for experimentation. Sound recordings were made using a smartphone, and the
files were segmented into 3-second intervals. The next step involved feature extraction
using Mel-frequency cepstral coefficient spectrogram (MFCC), and a Convolutional
Neural Network (CNN) algorithm was employed to build a model for prediction. The
results showed an accuracy of 90.78% for the validation set and 89.74% for the testing
set.
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3 Materials and Method

3.1  Define the definition and characteristics of durian knocking sounds.

Define the pronunciation of sound when knocking on the durian into 3 level. Each
level have dirrence ripness level as shown in table 1.

Table 1. Showns definition and characteristics of durian knocking sounds.

Pronunciation (TH) Rep Level (Class) Description

P&k Raw Strong sound

Pza Unripe Semi Strong sound
Phua Rip Resonant sound

The sound of knocking on durian falls into the category of impact or collision
sounds. It is a sound that occurs at a specific moment and ends within 1 second, as
exemplified by the waveform of various sound levels as shown in figtue 1.

. - -+
Figure 1. Showns sound signal by knocking on durian.

3.2 Data Collected

The population in this research consist of 300 durians for training dataset and 60 for
blind testing dataset. Any level or class have equal of gantity of durain, see in table 2.

Table 2. Showns the population quantity of durians for experiemental.

Ripness Level Training Dataset Blind Testing Dataset
Raw 100 20
Unripe 100 20
Rip 100 20

During data collection, it was observed that experts knocking durians would knock
twice in each round. The sound waves occur and end within 1 second. Consequently,
the researchers designed the sound data collection using mobile phones to continuously
record the knocking sound until the data collection is completed. Then, import the audio
files into the sound processing program (WavePad Sound Editor) and proceed to cut
and split the audio files into 1-second segments. Each file consists of the knocking
sound occurring 2-4 times.
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3.3 Feature extraction by using the Librosa package. [5][6][7]

This research involves importing data in the form of audio files. Therefore, it is nec-
essary to process the audio data and extract features using a Python library called
Librosa. This is done to study and compare the predictive performance of models. In
this research, 3 methods of data feature extraction have been selected: Mel-Spectro-
gram, Short-time Fourier Transform (STFT), and Mel-Frequency Cepstral Coefficients
(MFCCQC).

The original knocking sound of durians obtained from the audio recording is in the
form of an analog signal, representing a continuous-time signal, as shown in Figure
2(a). The x-axis represents time, and the y-axis represents the amplitude, which is the
height of the sound wave or the amplitude.

In other words, the original sound signal is a waveform that exists in the time do-
main. Therefore, when extracting data from the sound signal, it is necessary to trans-
form it from the time domain to the frequency domain. To achieve this, a mathematical
formula called Fourier Transform or Fast Fourier Transform is used to convert from the
time domain to the frequency domain. The result, known as the spectrum, separates the
signal into individual frequencies and their corresponding amplitudes, as depicted in
Figure 2(b).

After obtaining the spectrum, it is typically transformed into a spectrogram for better
understanding. The spectrogram, shown in Figure 2(c), illustrates the sound intensity
at different frequencies over time. The y-axis is calculated on a Log Scale, the x-axis
represents time, and the color is represented in decibels.
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Figure 2. Showns the process of transform sound signal from time domain to fre-
quency domain (Spectogram).

1) Feature Extraction Method : Mel-Spectrogram [6] [10]
The Mel-Spectrogram data extraction method involves taking the signal
of sound waves, transforming it into a spectrum, and calculating it into a
spectrogram using Fast Fourier Transform (FFT). The frequencies are then
converted onto the Mel Scale. A notable feature of this method is its ability
to reduce noise or eliminate high-frequency sound waves.
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2)

3)

Feature Extraction Method : Short-time Fourier Transform (STFT)
[71(8]

The Short-Time Fourier Transform (STFT) involves mathematical calcu-
lations to analyze and extract features of sound signals for use in sound
recognition systems. Instead of analyzing the entire signal, it analyzes spe-
cific time intervals. The short-time Fourier transform uses a window func-
tion to divide the signal into short time intervals, and then calculates the
Fourier transform for each interval from the time domain to the frequency
domain. This is done to observe changes in the signal over short time in-
tervals, providing a detailed representation of the sound. The size of the
window for division can be specified during the data extraction process.

Feature Extraction Method : Mel-Frequency Cepstral Coefficients
(MFCC) [5]

In the feature extraction process of Mel-Frequency Cepstral Coefficients
(MFCC), numerical values are computed to represent the characteristics
of each sound signal. The result is a set of numerical values representing
the sound signal. This method is beneficial for reducing unnecessary data
while preserving essential information. This approach builds upon the
Short-Time Fourier Transform (STFT) and Mel-Spectrogram methods. It
starts by dividing the sound signal into short time intervals using a window
function to analyze each signal in each time interval within a sub-frame.
The spectrogram is then calculated, displaying the frequency of the signal
at each time, and it is transformed from the normal frequency scale to the
Mel frequency scale. The Mel-Frequency Spectrogram is then used to cal-
culate the MFCC values, which are mathematical values that represent the
specific characteristics of the sound in each frame.

3.4 Develop a model using Convolutional Neural Network (CNN) [8].

This step, the researchers choose to use a Convolutional Neural Network (CNN) to
develop a model for classifying or predicting the ripeness level of durians based on
knocking sounds. The process involves importing audio data, extracting features from
the audio data using the three methods mentioned in section 3.3, designing the data
layers for the sound recognition system, and evaluating the model's performance. The
development steps are showns below figture.

Sound Feature Extraction inputlayer  Conv.layer  Poolinglaver Conv.laver Poolinglayer  Output Layer (Class)

Figure 3. Showns the development steps of building prediction model.
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4 Experimental Results

In evaluating the performance of the durian ripeness classification model in this ex-
periment, the accuracy both of the training data and blind testing data will be measured.
This involves comparing the accuracy and F1 Score values obtained from each of the
three data extraction methods.

4.1  Training Data - Accuracy Result

According to training data set, the the accuracy value, validation accuracy value, loss
value and validation loss value are showns in Table 3. There are comparing between 3
data feature extraction methods. The method STFT given hight accuracy than others
with 99% when set epochs to 150 during traing process.

Table 3. Showns accuracry result by training data set.

Feature Extraction Scale Epochs
Method 30 50 100 150
Mel-Spectrogram | Accuracy 0.75 0.84 091 | 0.96
Val Accuracy 0.69 0.75 0.75| 0.78
Loss 0.59 0.41 020 | 0.11
Val Loss 0.97 1.20 204 | 243
STFT Accuracy 0.96 0.96 0.98 | 0.99
Val Accuracy 0.91 0.90 093 | 0.96
Loss 0.07 0.00 0.00 | 0.03
Val Loss 0.28 0.49 0.07 | 0.04
MFCC Accuracy 0.90 0.96 0.96 | 097
Val Accuracy 0.78 0.85 080 | 0.75
Loss 0.22 0.01 0.00 | 0.16
Val Loss 0.75 0.64 086 | 1.25

4.2 Training Data — F1 Score Result

The F1 Score result in table 4 indicates the correctness of prediction by any class.
Upon observation from the table, it is noted that all three methods yield higher values
for both the raw and ripe classes compared to the unripe class. The average value for
the STFT method is the highest, reaching 94%.

Table 4. Showns F1 Score result by training data set.

Feature Extraction F1 Score
Method Raw Unripe Rip Average
Mel-Spectrogram 0.77 0.64 0.76 0.72
STFT 0.95 0.93 0.94 0.94
MFCC 0.87 0.75 0.93 0.85
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4.3  Blind Test Data — Accuracy Result

Blind testing dataset contain 20 samples for each class or 60 samples in totally. Ac-
cording to blind testing dataset 5 times the accuracy result as shown in table 5. Method
STFT reaching hightest average accuracy is 99%.

Table 5. Showns accuracry result by blind test data set.

Accuracy
Feature Experiment Average
Extraction Method Accuracy
1 2 3 4 5
Mel-Spectrogram 076 | 0.77 | 081 | 0.72 | 0.73 0.76
STFT 0.98 1.0 1.0 0.99 | 0.97 0.99
MFCC 063 | 0.73 | 065 | 0.61 | 0.74 0.67

4.4  Blind Test Data — F1 Score

The hightest average F1 Score belong to method STFT reaching 92%.

Table 6. Showns F1 Score result by blind testing data set.

Feature Extraction F1 Score
Method Raw Unripe Rip Average
Mel-Spectrogram 0.77 0.57 0.71 0.67
STFT 0.94 0.85 0.96 0.92
MFCC 0.71 0.58 0.67 0.65

5 Conclustion

51  Summary

From the independent research conducted in this thesis on durian ripeness classi-
fication using knocking sounds, comparing the methods of extracting features from du-
rian knocking sound signals affecting the classification model, it can be concluded that
the Short Time Fourier Transform (STFT) method for sound data extraction performs
the best in creating a model for durian ripeness classification. This conclusion is drawn
based on accuracy measurements from both the trained data and blind test data, with an
accuracy reaching up to 99%. This superior performance is observed compared to other
methods of extracting features from sound signals. Through experimentation and ob-
servation, it was noted that accuracy values from training data were high, while accu-
racy from test data was relatively lower or had a significant gap between the two. In
other words, in the early stages of training, the values were close, but they diverged as
the training rounds increased. This implies that the extracted data may not be a good
representative of the training population for the model to learn sound patterns
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effectively. In terms of F1 Score performance measurement, it was found that the aver-
age accuracy for the 3 classes was 94% for training data and 92% for blind testing
dataset.

In terms of real-world application, it was discovered that artificial intelligence can
effectively classify the ripeness levels of durians based on knocking sounds. This ap-
plication has the potential to reduce costs by eliminating the need to hire experts for
tapping and can increase the speed of durian sorting.

5.2  Suggestions

e Collecting sound data in diverse environments, such as areas with various
ambient sounds like human activity, traffic, machinery, and a higher vol-
ume, to represent the actual population for building a model to classify the
ripeness of durians. This model should be applicable in real-world environ-
ments at durian sorting centers.

e Increasing the granularity of classification responses for sorting durians,
such as specifying ripeness levels like "consumable within 7 days," "con-
sumable within 3 days,” "consumable within n days," and "ready for con-
sumption.” This enhancement is based on recommendations from experts.

e  Transforming the developed model into a durian- knocking device for user-
friendly applications or integrating it into a conveyor-belt-based sorting
system.
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