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Abstract: Coconut is an important multipurpose crop wherein different stages of its maturity are 
used for different products. Traditional approach of its classification use sound formed by tapping 
the fruit, and the tapper will base its judgment through the sound he heard. The procedure was 
highly subjective and attempts had been made by other researchers to automate and classify the 
adulthood of the coconut objectively. Nowadays, deep learning techniques are being utilized to 
solve classification problems. One such method is Convolutional Neural Network (CNN) that takes 
raw pixel data, learns to extract features, and ultimately classifies the input. In this study, a portable 
device was developed that takes audio signals generated from tapping the fruit mechanically. This 
audio clip was converted to spectrogram and was used as input to a LeNet CNN architecture. We 
argue that CNN classifier has improved accuracy compared to the non-deep learning system. Our 
evaluation confirmed that the use of CNN had improved the accuracy of classifying coconut by 
about 15%. 
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1. Introduction 

The young coconut is one of the most common fruit varieties in the world and has substantial 
food applications. In the Philippines alone, approximately 330 million coconut trees producing a total 
of 45 nuts per tree each year. Also, 26% of total agricultural land in the Philippines is classified as 
coconut region (Dar, 2019). The maturity of young coconut can be classified as mucus-like stage, 
cooked-rice stage, and leather-like stage (Albalos et al., 2021; Javel et al., 2019; Pascua, 2017). Malauhog 
is a Tagalog term for mucus-like, which literally means “mucus-like,” its coconut meat is 6-7 months 
old at this stage, which is very soft and can easily be taken from the shell. For the cooked-rice stage, 
its coconut meat is 7-8 months old, which has the same consistency of cooked-rice, the Tagalog term 
for the cooked-rice stage is Malakanin. This stage is mostly used for making salads and buko pie. 
Leather-like stage or also called as Malakatad has coconut meat that is 8-9 months old. Malakatad is 
commonly used for making sweets. As the coconuts ripen, the amount of coconut water is replaced 
as the meat hardens (Grant, 2021). Determining the maturity of young coconut has no standard basis 
(Beach & Hamre, 2017; Javel et al., 2019), but other studies have proven that the thickness of the 
coconut meat has a strong correlation in determining the maturity of the young coconut 
(Pandiselvam, 2020). 

In terms of determining the maturity of young coconut, the competent fruit grower can only 
detect its maturity through the physical characteristics, mechanical strength, acoustic and 
physiological properties of young coconut (Rahmawati et al., 2019). As for normal young coconut 
buyers, the maturity and changes in the young coconut are imperceptible for them 
(Terdwongworakul et al., 2009).  

In the Philippines, the basis for the determination of phases of adulthood of a coconut after 
harvest has remained extremely subjective. Farmers or traders use sounds formed by tapping fresh 
young coconut fruits to differentiate their maturity levels either by using his fingernails, his knuckles, 
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the rounded end of a knife or the knife itself. However, this is a relatively rare skill, experience is 
needed for this, and it is difficult for people with less-gifted ears or in noisy market environments. 
Also, this approach will no longer be feasible in dealing with a volume of coconut in terms of export 
or industrial processing (Albalos et al., 2021).  

The researcher attempted to equate the maturity of young coconut with its sound properties. 
Fruit marketers often relied on a limited pool of skilled laborers. In an attempt to increase the 
accuracy of determining the maturity level of coconut, the study aimed to develop a coconut meat 
maturity level identifier device using acoustic sensing and convolutional neural network. 

Traditional detection of coconut maturity has often relied on manual operation by tapping the 
coconut using bolo or machete and such method is inconsistent. This method can only be done by 
those people who have enough knowledge about coconut. Since the traditional operation of detecting 
the maturity of coconut is manual, having the proposed device will help in eliminating subjective 
results. 

The Raspberry Pi products as a cheap microprocessor have now been used for applications that 
utilize neural networks (Monteiro, 2018). Its capabilities for image processing have been proven of 
good use when it comes to feature extraction and classification in coconut based on this technique 
has been made (Arboleda et al., 2020; Tantrakansakul & Khaorapapong, 2014). Studies centered in 
coconut researches find its way to the realm of machine learning techniques to determine its quality 
(Alonzo et al., 2018). Conversion of the sound of tapping the coconut to an image can be done using 
spectrogram techniques. Convolution Neural Networks can be used to classify spectrograms 
(Curilem et al., 2018; Prasetyo et al., 2019). The Raspberry Pi has the capability to process spectrogram 
and to implement deep learning algorithms. The deep learning method was used in a wide range of 
applications (Afrisal & Gedung, 2019; Hendry et al., 2020). One promising architecture of CNN is 
LeNet due to its lightweight and good performance and successfully applied in recognition of a set 
of handwritten characters (Akhand & Rahman, 2015; He et al., 2015; James, 2017; Purkaystha, 2017; 
Septianto et al., 2018; Shokoohi et al., 2013; Soleh, 2017; Syarief & Setiawan, 2020). 

For the following system, a portable device that mechanically taps the coconut acquires the 
audio, converts the audio to spectrogram, and finally classifies its maturity using CNN architecture 
was developed. A Raspberry Pi 3B+ was used as the system processor and was configured to do 
spectrogram and deep learning tasks. Spectrograms had transformed before it was fed to the LeNet 
CNN model. The CNN parameters were tuned to maximize its performance while keeping in mind 
the memory and processing limitations of the system. Harvesting of the coconut is not part of the 
study, but attempts to automate this process has been made (Maheswaran et al., 2017; Rajesh et al., 
2015) 

The present article is divided into four main sections. In the first section, a brief introduction was 
made. In the second section, the operation of the proposed system for the classification of coconut 
maturity is explained. In the third section, the experimental setup and data gathered from different 
tests of the system were presented. Finally, in the last section, a series of conclusions were established 
regarding the performance of the system, according to the results obtained during the tests.  

2. Research Method  

The following is the basic operation of the program for audio acquisition, conversion to 
spectrogram, preprocess, and classification using a Raspberry Pi. For this, section 2 was divided into 
two subsections, the first raise the physical working conditions for the implementation of the 
application, the second describes the algorithm’s flow. 

The flow of the system process is described in Figure 1. Initially, the device will be manually 
turned on via switch, this will boot up the Raspberry Pi 3B+ and the program for the system will 
automatically start. Also, the display will turn on and prompt the message that classifying is ready 
when everything was initialized. To classify, the user will press a button. This will trigger code in the 
program to turn on the mic and record sound, saves it, and convert it to a spectrogram JPEG file. This 
image file will be fed on a pre-trained CNN classifier. The result from the classification will then be 
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displayed on the LCD. This process can be repeated multiple times until the user switched off the 
device 

The spectrogram script implemented in the python program uses Fast Fourier Transform. This 
was chosen since many studies proved its robustness for classification and segmentation even when 
the environment is noisy (Lopez-Caudana et al., 2017; Rahmawati et al., 2019). Moreover, the use of 
spectrogram in classifying harmonic signals has been found out to be accurate, fast, and cost-efficient 
(Jopri et al., 2017). These harmonic signals are a key difference in the sound produced by different 
maturity levels of coconut. 

 

Figure 1. System flowchart. 

Methods and Materials  

The proposed design of the device is shown in Figure 2. Figure 2(a) shows the proposed tapper 
portion of the system, which consists of a microphone, a push/pull solenoid, and a retractable stick. 
The microphone and solenoid valve will be installed closed to each other and enclosed in a conical-
shaped enclosure. This design will isolate outside noise that may affect the readings. It will then be 
mounted to a 3-meter selfie-stick. A 5-meter USB extender cable with repeater will be connected to 
the USB microphone to hook it up to the Raspberry Pi. At least a 5-meter stranded wire will be used 
to connect the solenoid to the Raspberry PI GPIO pin. These wired connections will provide power 
and control signals to both the microphone and the solenoid. 

The circuit of the system will be installed inside the acrylic casing, and the components will be 
placed closely to minimize the footprint of the whole device since it needs to be portable and light. 
As shown in Figure 2(b), the circuit will be composed of the Raspberry PI 3B+, a power bank placed 
behind the microprocessor, and a 3.5-inch TFT Touchscreen Display. The Touchscreen Display 
together with power and control buttons will be visible outside the casing. 

 
START Press classify 

buttonTurn on Device Record audio in 
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Convert Audio to 
Spectrogram
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classifi
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Figure 2. (a) Tapper and (b) Main system (c) Actual System. 

Algorithm Flow  

The program will be written in Python language using the pre-installed Python IDLE software 
in the Raspbian OS. Figure 3 shows the pseudocode in developing the source code that will control 
the flow of the system and convert the audio data to image data before feeding it to the CNN classifier. 
To perform the conversion, necessary packages were imported and variables were defined. A script 
that captured the audio from the microphone was executed. This signal was converted to a suitable 
format. The data was converted to a list in python. This will ease the mathematical operations. 
Parameters necessary to draw the spectrogram will be determined like windows and step length. 
After this, the frequency magnitude will be computed using a Fast Fourier Transform algorithm. The 
max value will be computed next. Finally, through decision making and loops, a spectrogram based 
on the frequency magnitude will be drawn and will be rotated by 90 degrees since the x and y-axis 
were interchanged in a spectrogram. 

The images used as training data for the CNN classifier are spectrograms of the audio acquired 
by tapping the coconut using a solenoid. Ninety coconuts consisting of 30 coconuts for the three 
maturities were used for training the neural network. Each coconut was tapped at six different spots. 
Figure 4 shows a sample image of the spectrogram for each coconut maturity. A database of 540 was 
then used for training, where 25% of this will be randomly used for testing the accuracy of the model. 

A convolutional neural network was developed in Keras. The model was compiled from a 
dataset of spectrogram images. The LeNet architecture was chosen as CNN classifier due to its 
simplicity and small size, which Raspberry Pi can handle. It has seven layers, among which the 
convolutional layers (3), sub-sampling (pooling) layers (2), fully connected layer, and the output 
layer. These convolutional layers use 5×5 convolutions with stride 1. Sub-sampling is 2×2 average 
pooling layers. ReLU activations were used throughout the network. Finally, the model will be 
integrated to the system program. A Graphical User Interface was developed, as shown in Figure 5. 
The system has two modes of operation; classification and data acquisition. 
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3. Results and Discussion  

The LeNet classifier was first trained with spectrogram images that do not undergo 
augmentation, where the percentage of accuracy after 25 epochs is 83.67%. Using the same 
spectrogram samples, the model was then trained to three types of augmentation, where X2, X4, and 
X6 represent rotation, shift, and shear of the image, respectively. Table 1 summarizes the findings for 
these different trials keeping other parameters constant. It is found out that augmentation does not 
improve the accuracy of classification. Thus, the model integrated into the system does not perform 
any augmentation which can speed up the classification process. 

Table 1. Training of CNN LeNet Architecture. 

Augmentation Accuracy 
None 83.67 

X2 83.7% 
X4 83.7% 

X6 83.7% 

A more detailed view of testing the model is shown in Figure 6. It can be observed that across 
the three maturities of coconut fruit, the classification accuracy of the model is consistent. On average, 
it was observed that the classification process is about 4.5 seconds, taking into account all the 
processes involved such as tapping the coconut, recording the audio, converting the audio 
to spectrogram, loading the spectrogram to the CNN model and displaying the result. 

 
Figure 6. Confusion Matrix of the CNN LeNet Architecture. 

4. Conclusions 

The proposed use of a CNN classifier based on LeNet architecture accurately classified 82% of 
the coconut samples during testing of the model. It is found out that augmentation of the spectrogram 
data does not significantly increase the performance of the classifier. These results demonstrate the 
ability of the system to serve as a substitute for classifying coconut. The design of the device as a 
stand-alone system with a retractable part where the microphone and tapper were installed gave it 
the versatility to classify coconut fruit even before harvesting. The classification process from 
mechanically tapping the coconut up to displaying the result took an average of 4.5 seconds, which 
is fast considering the complexity of the algorithm that the Raspberry Pi needs to process using its 
limited resources in terms of memory and processing power. 
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