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ABSTRACT 

 

A pivotal topic in food science and monitoring is the assessment of the quality and ripeness of agricultural products by using 

nondestructive testing techniques. These have specifically been dedicated to determine the biochemical properties by using 

traditional statistical methods. However, these statistical methods do not provide a sufficient method as they do not reflect the 

complexity when working with natural products. While deep learning has earned high acknowledgement by surpassing state-of-

the-art benchmarks, it has only gained interest in the application of nondestructive testing within the recent years. For this, the rise 

in popularity of deep learning can largely been drawn back to learning the representation of the data by extracting features within 

the latent space which cannot be determined in a direct manner. In this paper, we study the change in ripeness and shelf life of 

watermelon fruits by applying deep learning to acoustic data based on acoustic resonance testing. We describe the architecture of 

a deep convolutional neural network that classifies between ripe and overripe watermelon fruits. The neural network was trained 

based on acoustic information of the spectral domain as well as on morphologic and experiment-based features. Our model 

achieves a classification accuracy of 96%.  
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1. INTRODUCTION  

 

With increasing need for sustainability in food monitoring and quality inspection, the assessment of agricultural commodities by 

non-destructive testing has gained in valuable interest. The examination of the fruit ripeness is specifically a concern in regard to 

fruits with thick rind where the state of the fruit is not directly discernible by visual inspection [1]. Based on this, non-destructive 

testing of the quality and ripeness of agricultural products emerges as a central issue for food monitoring. While technologies such 

as visible (VIS) and near infrared (NIR) spectroscopy have been related to biochemical traits [2] [3] [4], acoustic resonance testing 

is used as a reference for determining the material stiffness by studying the natural resonance frequencies based on vibrational 

properties [5]. Since the material stiffness describes a natural parameter directly linked to the softening of the fruit, it is of primer 

importance when detecting the digestibility of the agricultural product. Hence, acoustic resonance testing is well-suited when the 

determination of the shelf life is of importance. 

 

Acoustic resonance testing uses vibrational modes to draw conclusion about the defective state of the object at test. For this the 

object is excited by a short hammer impact, providing a spectrum of frequencies reflecting its resonance behavior. While it 

classically has been used to detect voids and cracks within the specimen tested, an adaption to fruits may be reasonable when 

taking into regard that the microstructure and density change within the life span of a fruit. The acoustic response can, thus, be 

treated as an acoustic fingerprint of the fruit whose resonance frequency is changing within the shelf life of the agricultural  

good [6]. 

 

However, to allow for interpretation of the results, it is crucial to decide upon the appropriate technique for processing the data. 

While traditional statistical and machine learning techniques rely on hand-crafted feature design, deep learning allows learning the 

feature representation without having to process the raw input data. This gives further freedom in not having to find a suitable 

representation of the data by additional preprocessing and, thus, does not require additional engineering of the features. Further, 
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while acoustic resonance testing is sensitive to morphological changes, deep learning methods have proven to compensate this 

problem when trying to detect the ripeness of agricultural products by providing the neural network with a large amount of data 

allowing for better generalization [7]. With this in mind, deep neural networks are ideally suited for the inspection of agricultural 

goods where numerous parameter change within a fruit’s life cycle while simultaneously showing a wide range of product 

heterogeneity.  

 

While CNN has its traditions within image-driven recognition and classification tasks, it also has proven success in processing 

acoustic data. Unlike standard artificial neural networks (ANN), CNNs have much fewer connections and parameters and, thus, 

provide an easier way to train on [8]. Further prominence can be traced back to its ability for hierarchical feature extraction on the 

low, middle and high level. However, while original works in deep learning has been on tuning hyperparameters, new approaches 

have focused strongly on upgrading architectural design. The stacking of different layer blocks allows for the regard of more 

complex scenarios having led to a successful competition of architectural design such as ResNet [9], Pyramidal Net [10] and 

PolyNet [11]. 

 

Within this paper, we provide a CNN architecture that allows for binary classifying the fruit ripeness of watermelon. For this the 

acoustic data is transferred into the frequency domain. After learning low-level features in the spectral domain these are 

concatenated with morphological and measurement-specific parameters. To minimize correlation within training and testing, 

special attention was given such that the fruits inspected only appear once within the training or testing dataset. Based on a 70-30-

split for training and testing dataset, we were able to obtain an accuracy of 98%. 

 

 

2. RELATED RESEARCH 

The food industry is facing increasing pressure in the reduction of food waste, while simultaneously providing quality assurance 

of food products to satisfy customer needs. Non-destructive testing has received attention in inferring about the ripeness and quality 

of food products during the complete food life cycle without having to open the fruit. This lead to the success of a wide range of 

non-destructive testing techniques, ranging from acoustic testing to NIR spectroscopy [2] [4] [12], IR thermography [13], computer 

tomography [14] [15] up to biochemical sensors [16]. Among these, acoustic testing allows for fast inspection while the equipment 

is of low-cost, leading to its strong preference for food monitoring [5] [17]. Based on a predefined excitation of the material, the 

resonant frequencies have been used to determine the defective state of the fruits. Furthermore, besides the study of the ripening 

and maturation with shelf life [13], bruise detection [18] and the infestation by insects or pesticides [12] [19] has been areas of 

active research.  

 

The paper in [20] studied whether pomelos can be separated between immature, early mature and over mature fruits. They achieved 

an accuracy of 96.7%. In the work reported in [21], the authors tried to categorize the fruits according to their ripeness dependent 

on its vibrational modes for peach fruits by using three acoustic sensors and reported an error rate of 13%. However, since the use 

of a hammer is not always repetitive, other solutions were suggested. These include a pendulum starting from a predefined angle 

to an electrodynamic vibrator [22] [23] [24] allowing for good repeatability in comparison to impact techniques. In a study of [23], 

a Doppler laser vibrometer was used to excite the surface by a laser allowing to study the propagation of shear waves through the 

media. Based on a predefines loss coefficient, fruit softening was proven to be directly connected to the stiffness  

coefficient [23] [25]. 

 

While the inspection of ripening and quality traits based on deep learning has been on rare sight [26], many works are based on 

optical machine vision systems which focused on classification for grading agricultural goods [27] [28]. In [29] deep learning was 

used to classify fruit species based on two different models. While also being tested on two different datasets, better performance 

was achieved by CNN in comparison to a geometry pretrained model. Similar results were obtained by a VGG model consisting 

of convolutional layers for fruit and vegetable classification. For this, image saliencies were used for detecting the region of interest 

(ROI) which is followed by feature extraction based on a CNN model, obtaining an accuracy of 95.6% [30]. Besides the use of 

classical computer vision systems in the visible light range, a neural network comprising of a compressive CNN and GoogleNet 

architecture was considered to classify hyperspectral images in [31]. The authors of [31] claim that hyperspectral imaging is able 

to outperform state-of-the-art classification results on RGB images by obtaining 92.23% accuracy. Promising results were also 

obtained by using an olfactory sensor allowing to distinguish between ripe and unripe fruits [16]. Nonetheless, while the use of 

non-destructive testing methods gained in popularity, the gathering of labeled data is costly to acquire and resembles the main 

pitfall of deep learning not being applied. 
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In this work we report about the application of acoustic resonance testing for data generation and provide a CNN architecture that 

allows for binary classifying the fruit ripeness of watermelons. 

 

 

3. ACOUSTIC RESONANCE TESTING 

Acoustic testing allows to capture the resonant properties to infer about the ripeness and softening of the tissue with storage. Based 

on a short pulse-like excitation the pressure is recorded after interference with the specimen. While these interactions can be drawn 

back to phenomena such as reflection, refraction and scattering of the acoustic waves, the elastic wave deflected can be described 

by the acoustic wave equation [5]. Under neglection of the viscoelastic and thermal effect, the homogenous acoustic wave equation 

can be defined as [32]: 

 1𝑐2 𝜕2𝑝𝜕𝑡2 − ∇²p = 0                                                               (1) 

 

where 𝑐 is the speed of sound and 𝑝 the acoustic pressure.  

Acoustic parameters for inspection include its natural frequency, propagation velocity and acoustic impedance. Within the 

literature, agricultural products have often been treated as an elastic body where the natural frequency 𝑓 has been deduced by a 

mass-spring model based on the following equation [33]: 

 𝑓 = 12𝜋 ∙ √4𝑘𝑚 ,                                   (2) 

 
where k denotes the spring constant and m the mass of the sample. Since the spring constant k is in relation to f²m it has often been 

seen as a measure for the elasticity [5]. While fruits are viscoelastic by nature, this equation fully neglects the viscosity as an 

important trait of fruits when describing texture failure or fruit ripening [34]. Furthermore, it neglects the susceptibility of acoustic 

methods to morphological changes of fruits such as variations in the geometry and volume. This is particularly a challenge for 

natural products for which the morphology differs not only between the different samples but, specifically for watermelons, also 

change during the ripening process due to dehydration [35]. We argue that, although this equation might be valid for the study of 

geometrical symmetric samples, it resembles an oversimplification for the detection of the natural frequency f and, thus, was 

approached by training a deep neural network. 

 

4. EXPERIMENTAL DESIGN 

For the experiments, 120 fresh watermelon fruits of different sizes were shipped to Germany harvested from different farm regions. 

Samples originated both from Spain and South America allowing to consider a diversity in growing conditions. Both round and 

elongated-shaped watermelons of different cultivars were tested. Watermelons were provided during a time span of four months 

from may till september consisting of five shipments; the initial weight at arrival ranged from 2.45 kg to 6.05 kg. 

 

During the shipping, the fruits were cooled at a temperature range of 9-12 degrees which is considered a typical cooling condition 

for handling melon fruits [35]. To study the ripening, the watermelons were stored at room temperature for which a classification 

into the two different ripeness stages ripe and overripe was considered. This encloses the assumption that the fruits are digestible 

within the shelf-life of two weeks and are considered as unripe after this time interval. Since watermelons belong to the non-

climacteric fruits, cross sensitivity between different samples can be neglected within the storage [36].  

 

During the time span of two to three months the acoustic sound profile was recorded twice to three times a week by a single input 

single output (SISO) measurement setup shown in Fig. 1. The specimens at test were positioned on four pivot mounts consisting 

of rubber heads to reduce the dampening of the acoustic signal. While the specimen is brought in vibration mode by means of a 

hammer made of silicon nitride, an electret prepolarized microphone was located directly at the position of excitation [37]. The 

sound profile was recorded at a sampling rate of 100 kHz with a sensitivity of 50 mV/Pa (0dB). Afterwards the signal was amplified 

before being passed to the control unit. The watermelons were tested at six different positions while repeating five to ten 

measurements per location. Since the resonance frequencies are dependent on the material density, the weight was recorded for 

each measurement. Furthermore, to compensate for the sensitivity of the microphones to climate changes, the room moisture and 



4 

 

 

 

the body temperature of the specimen were recorded. While the moisture content ranged between 23.0-57.6%, the temperature 

range was located between 21.2-25.0 °C. 

 
 

  

 

Fig. 1 Illustration of the measurement setup for acoustic data acquisition 

 

 

5. DEEP LEARNING 

Deep Learning revolutionized data processing by allowing to validate and discover entangled structures based on their raw data 

inputs. Furthermore, the success can be allocated to its data-driven approach where no additional feature engineering is required. 

For this, the most common approach has been based on supervised learning where the training builds up based on a known mapping 

between input and label output [8]. During training an objective function is optimized by computing the error measure between 

the predictive score and the ground truth. This is achieved by back propagating through the neural network to adjust the training 

weights.  

 

The recent rise of interest for deep learning is due to the efficiency of convolutional networks (CNN) starting with AlexNet in 

2012 [38]. While this was made of 8 layers, ResNet [9] proceeded by gaining substantially in depth by incorporating 152 layers, 

showing the good learning ability of CNNs due to sequentially stacked feature extraction layers. CNNs usually comprise of three 

different layers: convolutional layers, fully connected layers and pooling layers. Within the convolutional layer the below 

convolution operation is applied based on a predefined filter kernel 𝒘[𝑎]. CNNs are specifically designed for processing data that 

happened to have a discrete topology. In comparison to standard neural networks, CNNs apply a convolution instead of matrix 

multiplication which in the discrete case can be derived by [39]  

 𝑠(𝑡) = (𝑥 ∗ 𝑤)(𝑡) =  ∫ 𝑥(𝑎)𝑤(𝑡 − 𝑎)𝑑𝑎 

(3)                              = ∑ 𝒙[𝑎]𝒘[𝑡 − 𝑎]𝑛
𝑖=1  

 

for which 𝒙[𝑎] represents the input array and 𝒘[𝑡 − 𝑎] the sliding filter convolving over the array visualized in Fig. 2 (a). The 

convolution is applied sequentially over the array size n. The pooling layer can be seen as a downsampling operation for which 

typically maximum and average pooling are the most common variants. A maximum pooling selects the maximum value within 

the filtered array whereas in average pooling the average of all the values are taken. The maximum pooling layer is further shown 

in Fig. 2 (b). 
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                                (a)                                                                         (b)                                                                           (c) 

Fig. 2 Visualization of the (a) convolutional, (b) max pooling and (c) global average pooling (GAP) layer 

 

6. RESULTS 

A. CNN ARCHITECTURE 

To allow for the classification of fruits based on their ripeness, a CNN model was trained and tested, based on a one hot encoding 

of the labels. For this, the label was encoded based on the shelf life of the fruit, distinguishing between the two classes ripe (shelf 

life of two weeks) and overripe (shelf life after a range of two weeks). Assuming we formalize the ripeness of a fruit as a binary 

classification problem, where a fruit is given the label 1 if it is ripe and 0 in the case that the fruit is overripe we can, thus, write 

 ℎ(𝜃) = {1     𝑖𝑓 𝑥 ≤ 𝜃0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, 
 

where 𝜃 represents the hyperparameters of the classifier ℎ(𝜃).  

 

The convolutional neural network was trained and tested based on acoustic data of approximately 3200 measurements. For this 

the time signal was cropped and shifted before applying a Fourier transform. To increase the robustness of the model’s 
performance, data augmentation was applied by flipping both amplitude and phase spectrum. Furthermore, to reduce the 

correlation between training and testing set it was taken into account that a fruit does not appear twice both training and testing. 

The CNN is very much inspired by the LeNet [41] architecture where a pooling layer is following two consecutive convolutional 

layers. Furthermore, the weight, body temperature and room moisture are included within the Global Average Pooling (GAP) 

layer which can be viewed as auxiliary attributes concatenated to the processed signals of the amplitude and phase (GAP layer 

shown in Fig. 2 (c)). The binary classification is executed by binary cross-entropy within the dense layer. Xavier initialization [40] 

of the kernels was considered during the training process of the convolutional layers. A visualization of the CNN architecture can 

be found within Fig. 3. 
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Fig. 3 Architecture of the Convolutional Neural Network 

 

 

B. MODEL TRAINING 

 

The neural network was trained based on acoustic information in the frequency domain containing both amplitude and phase  

information. Furthermore, the weight of the fruit as well as the body temperature and the room moisture where considered by  

passing it into the GAP layer with the compressed features of the amplitude and phase signal. The model was trained with a 

70-30 split at a batch size of 128 for 100 epochs while the learning rate was chosen to be 0.001.  

 

 
 

                                           

 

 (a)                                                                                                                (b) 

 

Fig. 4 Training curves of the CNN for the (a) accuracy and (b) loss over 100 epochs 

 

 

A visualization of the learning curves of the loss and accuracy evolving with each epoch can be found within the 

Fig. 4. While the loss shows a steady convergence for both training and testing, the accuracy is fluctuating during 

testing which subsidence after 50 epochs.  
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7. CONCLUSION 

A preliminary study of deep learning for the classification of fruit maturity has provided encouraging results. A CNN architecture 

was trained consisting of both spectral information of the acoustic data, the weight of the fruit as well as their body temperature 

and the room moisture. Besides reaching a classification accuracy of 96% during testing, we are able to achieve good results 

concerning the loss. To extend the scope of the paper, future will build up on the neural network architecture by determining the 

shelf life of the fruits. Furthermore, current lacking application of deep learning can be largely drawn back to its data hungry 

nature. For further extension to other fruits, techniques allowing for reduced data acquisition should be favored within future 

works.  
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