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It is challenging for buyers around the globe to identify good quality fruit. For           

several kinds of fruit, it may be difficult for buyers to determine the fruit quality by   

appearance. The ability to select only good quality fruit without cutting or cleaving is 

useful because buyers will not waste money ordering undesirable fruit. To decrease the 

chances of buyers purchasing sub-standard watermelons, a method that automatically 

classifies watermelon quality using flicking sounds is proposed. First, preprocessing was 

used to reduce the non-flicking parts of the signals. Then, Mel Frequency Cepstral    

Coefficients (MFCCs) and delta accelerator coefficients were extracted from the flicking 

signals. Finally, the extracted features were recognized by sequences of Hidden Markov 

acoustic models derived from the characteristics of good and bad flicking sounds. In the 

experiments, average quality classification rates of 95.0%, 97.0%, 98.0%, 98.0% and 

98.0% are obtained by using one to five flicks, respectively. The average computation 

time spent on one to five flicks is 31.25, 46.02, 63.07, 79.92 and 98.74 milliseconds, 

respectively. Based on the obtained classification rates and the computation time, the 

results indicate that the proposed automated method is very efficient and even better at 

determining watermelon quality than humans are. 
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1. INTRODUCTION 
 

Fruit and vegetables are essential for a healthy diet. However, very little research has 

focused on applying signal-processing techniques to animals or agricultural produce. 

Traditionally, signal processing has been applied to other fields such as gender identifica-

tion, emotion classification and speech recognition. In the gender identification field, 

MFCCs and pitch frequencies are acoustic features that have been used to identify a 

speaker’s gender [1-5]. The duration of speech segments has been studied to determine a 

speaker’s gender [6]. With regard to emotion, features such as pitch frequencies, spectral 

features, energy features and their augmentations have been investigated to distinguish 

five emotional states [7]. Speech recognition technology has progressed and MFCCs are 

acoustic features that have been widely used in speech recognition [8-10]. The Hidden   

Markov Model (HMM) is an efficient method employed in speech recognition [11, 12] to 

model signal phenomena. Furthermore, HMM multiple speech classifiers have been stu-

died to improve the accuracy of a voice-controlled robot [13]. There has been limited 

research that investigates animal sounds. Some studies consider animal sounds among 
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other classes of sounds [14]. Ways of distinguishing the sounds of birds, cats, cows and 

dogs have been examined [15]. Recently, methods of recognizing dog sounds have been 

developed [16]. A developed animal voice recognition system using the zero-cross-rate 

(ZCR) to find dog voice boundaries, and using MFCCs to recognize animal voice. 

Selecting fruit using digitized signals is both interesting and practical. Countless 

consumers have been disappointed by the quality of the fruit that they have purchased 

from supermarkets and market stalls. When looking at the exterior color of fruit like du-

rians and watermelons, it can be very difficult to determine whether the fruit selected is of 

acceptable quality. Therefore, for several kinds of fruit, image-processing technology 

cannot efficiently classify fruit quality. It is hoped that in the future, with the help of 

portable computers and mobile devices, buyers will be able to select good quality fruit 

more accurately and fruit retailers will be able to verify the quality of their produce. In 

addition, the fruit industry will have machines with the capability to automatically classify 

large quantities of fruit not only by size but also by quality.  

Flicking is one method used to determine fruit quality. However, identifying flicking 

sounds accurately is a difficult skill for humans to acquire. Watermelon quality classifica-

tion using flicking sounds has not yet been investigated. The duration of each flicking 

sound is very short and it is uncertain whether the flicking sound can be used accurately 

to automatically determine watermelon quality. The aim of this research is to develop a 

system that can automatically classify watermelon quality. To achieve this aim, the fol-

lowing four questions are asked: 1) Is it possible to use flicking sounds, signal processing 

and a classification method to determine watermelon quality? 2) What level of accuracy 

will the proposed method achieve? 3) How does the number of flicks affect watermelon 

quality classification? and 4) Does it take a reasonable amount of time to classify water-

melon quality? 

This paper is organized as follows: Section 2 explains fruit flicking and the         

characteristics of sounds resulting from watermelon flicking. Next, section 3 describes the 

proposed method. Then, section 4 details the experiments conducted to evaluate the             

proposed method in terms of classification rates and computation time. Finally, section 5 

contains the conclusions.   

2. FRUIT FLICKING AND THE CHARACTERISTICS OF                 
SOUND RESULTING FROM WATERMELON FLICKING 

To facilitate an understanding of watermelon flicking signal classification, back-

ground information relating to flicking and watermelon flicking signals is provided. The 

quality of fruit can be determined by flicking the index or middle finger off the thumb 

against the melon, as illustrated in Fig. 1.   

 

 

 

 

 

 

Fig. 1. Flicking a watermelon. 
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Fig. 1 shows the flicking sound collection process. Flicking sounds are used to    

identify good and bad watermelons. An example of a good watermelon is shown in Fig. 2. 

 

 

 

 

 

 

 

 

 

 

 

 

  

  Fig. 2. A good quality watermelon. 

 

A good watermelon has firm or tight flesh without cracks. In contrast, a bad water-

melon has infirm flesh with cracks and sometimes, it is soggy or unpleasantly wet. The 

crack gives the melon an undesirable appearance and is usually associated with over 

ripeness and low quality flesh. An example of a bad watermelon is shown in Fig. 3. 

 

 
  Fig. 3. A bad quality watermelon. 

 

To differentiate between good and bad quality watermelons, the characteristics of 

sounds that result from flicking need to be analyzed. Digitized signals that result from 

flicking a watermelon are illustrated in Fig. 4.     
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Fig. 4. One-flick signals. 

 

Fig. 4 shows that the flicking sound is short and sometimes, it is less than 10 milli-

seconds. Due to its brief duration, it is difficult to capture the signal instantly and            

accurately. In addition, signals usually contain a non-flicking part and buyers may flick 

fruit a different number of times. Normally, fruit are not flicked more than five times. 

Five-flick signals obtained from a watermelon are illustrated in Fig. 5.     

 

 
 

Fig. 5. Five-flick signals. 

 

When flicking, a non-flick part is usually generated at the beginning, middle and end 

of flicking signals. Non-flicking parts contain less information about fruit quality and can 

be considered for reduction or removal. The flicking part occurs when the finger flicks or 

hits the fruit while the non-flicking part occurs when the finger does not flick or contact 

it. 

To understand watermelon flicking signals, the frequency domain information needs 

to be studied. A five-flick spectral view obtained from a good watermelon is shown in          

Fig. 6. 
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Fig. 6. Five-flick spectral view obtained from a good watermelon.  

 

The five-flick spectral view shows that the good watermelon flicking sounds often 

have long duration consisting of high magnitude at the low end of the spectrum and also 

high magnitude at the high end of the spectrum.  

 
 

Fig. 7. Five-flick spectral views obtained from two bad watermelons.  
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Fig. 7 shows spectral views obtained from two bad watermelons. The spectral views 

show that bad watermelon flicking sounds often have shorter duration consisting of high      

magnitude at the low end of the spectrum. They also usually have a lower magnitude at 

high frequencies. However, sometimes, bad watermelon flicking signals such as the final               

flicking signals in Fig. 8 may have a relatively high magnitude at the high end of the                

frequency spectrum and a not obviously short duration consisting of high magnitude at 

the low end of the frequency spectrum. In addition, each flicking sound frequency  

component may be different, for example, the first flick may have slightly low magnitude 

at the high end of the spectrum while the fifth flick may have higher magnitude at the 

high end of the spectrum. 

 

 
Fig. 8. Five-flick spectral view obtained from another bad watermelon. 

 

Because the spectra of flicking signals vary according to each flick and the duration 

of each flick is quite short and fluctuates, to classify watermelon quality effectively, a 

practical and efficient method needs to be developed to capture the sound characteristics 

that result from flicking. To achieve this, a phone-based syllabic structure is applied to 

represent sounds generated by flicking. In the Thai language, the Thai syllabic structure 

normally consists of three parts: the initial consonant, vowel and final consonant.  

Therefore, the flicking signals in Fig. 4 are divided into three parts. In training, a flick         

comprising of a flicking part and silent or non-flicking part of a good watermelon is 

represented by “sil Gp Gv0 G^k sil”. The sil symbol represents the silent or non-flicking 

part. The Gp, Gv0 and G^k symbols represent the initial part of a good flicking sound (a 

sound like the initial consonant p), the middle part of a good flicking sound (sounds like 

the vowel (ue) represented by v, and the mid tone (0)), and the final part of a good flick-

ing sound (sounds like the final consonant k), respectively. The flicking sound of a bad 

watermelon is represented by “sil Bp Bv0 B^k sil”. During the classification, the system 

finds the most likely sequence from the possible sequences of good and bad flicking 

sounds.   
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3. PROPOSED METHOD 

Fig. 9 shows that the proposed method consists of three stages: 1) preprocessing 

signals using non-flicking reduction, 2) extracting the acoustic features from the prepro-

cessed flicking signals and 3) classifying watermelon quality. 

 
 

Fig. 9. Proposed automated watermelon quality classification method using flicking sounds. 

 
Before classification, HMM flicking sound acoustic models and data for             

classification, consisting of the allowed sequences of acoustic models for good and bad 

watermelons and the allowed possible classification results are prepared. At the first stage, 

long non-flicking parts are reduced. At the second stage, acoustic features, which are 

MFCCs with energy and their delta and accelerator coefficients, are extracted from the 

preprocessed flicking signals. At the third stage, watermelon quality is determined using 

the created HMM flicking sound acoustic models and the prepared classification data.  

 
3.1 Preprocessing Signals Using Non-flicking Reduction  

Preprocessing is proposed to reduce the non-flicking parts and make the duration of 

non-flicking parts not much longer than that of flicking parts. The relativly large 

difference in duration between non-flicking and flicking parts means it is difficult to 

automatically trian and obtain accurate HMM acoustic models. The proposed 

preprocessing using non-flicking reduction consists of 5 stages, as shown in Fig. 10.  
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Fig. 10. Proposed preprocessing method using non-flicking reduction. 

 

At the first stage, the numbers of samples and sample values in the flicking signals 

are read from a digitized flicking sound file. Then, at the second stage, the number       

of samples in each frame according to the defined frame size is calculated using the           

following equation. 

   
FS

SF
NS *

1000
=  (1) 

           NS: Number of samples in each frame 
           SF: Sampling frequency (11,025 Hz) 
           FS: Frame size used for the preprocessing (10 milliseconds (ms)) 
 

After that the number of frames is calculated using the following equation.  

NS

NW
NF =  (2) 

          NF: Number of frames in a flicking sound file 
          NW: Number of all samples in a flicking sound file (Derived in the first stage  

from reading the header of the digitized flicking sound file)  
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At the third stage, the sum of the amplitudes of the clipped samples from each frame 

is calculated. Clipping signals helps to reduce the amplitude variation of the signals and 

makes it simpler to set a threshold that can differentiate between non-flicking and flicking 

parts. An example of clipped signals is shown in Fig. 11. 

 

 
 

Fig. 11. Clipping flicking signals. 

 

To compute the sum of the amplitude of the clipped samples (SA) in each frame, the 

amplitude or absolute value of each sample is calculated first, using the following           

equation.  

)()( kSkA =  (3) 

A(k) : the amplitude of the kth sample value in the digitized flicking sound signals 
S(k) : the kth sample value in the digitized flicking sound signals 

  

Then SA of frames is calculated. The SA of the ith frame is computed using the 

equation below.  

 

       

10))((

1)1(

−≤≤= ∑
−+

=

NFikAClipSA

xNSi

ixNSk

i  (4) 

 

Clip(A(k)) : the value of clipped amplitude of the kth sample  

i : frame numbers (starting from 0 to NF-1
 frame )   

 

Next, the mean of the frame amplitude (MFA) is computed for the entire signal using 

the following equation. 

 

  
NF

SA

MFA

NF

i

i∑
−

==

1

0  
(5) 

 

The third stage algorithm is explained as follows: 
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   MFA = 0; 

    for(i=0; i <NF; i++)  { 

       k = i*NS; 

      SAi = 0.0; 

       for(j=0; j< NS;j++) { 

          if(Frame[i].data[j] ≤ σClip) 

            Frame[i].data[j] = A[k+j]; 

          else 

            Frame[i].data[j] = σClip; 

          SAi = SAi + Frame[i].data[j]; 

       } 

       MFA = MFA+SAi; 

    } 

   MFA = MFA/NF;
 

 

To make the algorithm easier to read, symbols such as ≤ , =, AND, OR and 

subscripted variables have been substituted for the computer code actually used. The 

algorithm above calculates the SAi of the 0th through (NF-1)
th frames. Then MFA is 

computed from the obtained SAi. The variable Frame[i].data[j] is used to represent 

the amplitude data of the j
th sample value in the i

th frame. The σClip (of 10,000) is 

used to clip amplitude or absolute values of samples in the signals that are higher 

than σClip.  

At the fourth stage, the preprocessing collects information to reduce the 

non-flicking signals. The algorithm for this stage is as follows. 

 

for(i=0;i<NF;i++) { 

     if (SAi ≥ σFTh x MFA) 
         F[i] = 1; 
     else 
         F[i] = 0; 
} 

 

For each frame, the σFTh, which can be equal to 3, is used together with the computed 

MFA to determine flicking and non-flicking frames. The ith frame that has an SAi higher 

than or equal to (σFTh x MFA) is assigned as a flicking frame (F[i] is set to 1). Otherwise, 

it is assigned as a non-flicking frame (F[i] is set to 0).  

At the fifth stage, the flicking frames are kept and the non-flicking frames that are 

not adjacent to flicking frames are removed using the following algorithm.
  

 
for(i=0;i<NF;i++) { 
      if((F[i] = 1) OR  
          ((i<NF-1) AND (F[i] = 0) AND (F[i+1] = 1)) OR  
          ((i>0) AND (F[i] = 0) AND (F[i-1] = 1))) 
              Keep the ith frame (original samples in the ith frame (not clipped samples))       
       else 
              Remove the ith frame (samples in the ith frame)       
} 
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Fig. 9 shows that non-flicking reduced signals are obtained from the last stage and 

further used in the feature extraction. It is notable that the duration of the signals after 

preprocessing is only 220 milliseconds, much shorter than the original signal duration of 

1,712 milliseconds. Fig. 8 shows a non-flicking part reduced from 267 to 16 milliseconds. 

 

 
 

Fig. 12. Signals after applying the preprocessing using non-flicking reduction. 

 

3.2 Extract Acoustic Features from the Preprocessed Flicking Signals  

Acoustic features used in watermelon quality classification are extracted from the 

reduced non-flicking signals. MFCCs are used in the feature extraction process because 

more compact and fewer redundant representatives can be obtained from the input    

signals. When not applying the preprocessing method, 25-ms frame size with 10-ms 

frame shift interval is used in the feature extraction to achieve high-quality classification 

rates. When preprocessing is introduced, a 10-ms frame size with a 0.5-ms frame shift 

interval is used instead, because after preprocessing the signals are much shorter. To   

extract the features, pre-emphasis and the Hamming window are applied. Then, the Fast 

Fourier Transform (FFT) is used to compute the frequency spectra of the preprocessed 

flicking signals. After that, the log amplitudes of the spectra are mapped onto the Mel 

scale using a filter bank with 26 channels. Later, the discrete cosine transform (DCT) is 

applied to obtain 12 MFCCs and then the energy is calculated. Finally, the 39-dimension 

acoustic features, consisting of 12 MFCCs with energy and their 1st- and 2nd-order    

derivatives, are used as acoustic features to classify watermelon quality. 

 

3.3 Classifying Watermelon Quality 

 

Before the watermelon quality can be classified, it is necessary to prepare acoustic 

models and data for classification, as explained below.   

 

3.3.1 Preparation of Acoustic Models and Data for Classification 

 

Three components are prepared for the classification: 1) HMM acoustic flicking 

sound models, 2) the allowed sequence of acoustic models for good and bad watermelons 

and 3) the allowed possible classification results.   
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3.3.1.1 HMM Acoustic Flicking Sound Models  

 

The acoustic models Gp, Gv0, G^k, Bp, Bv0, B^k and sil (silence) are created using 

HMM modeling. To create acoustic models, digitized signals and their transcriptions 

(without the matched positions between signals and labels of acoustic models) are used. 

For example, five-flick signals obtained from a good watermelon are transcribed as “sil 

Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil”.  

During training, the acoustic features are extracted from the signals and used with the 

transcriptions to create the HMM acoustic models. After the acoustic models are created, 

they are used to define sequences of acoustic models for good and bad watermelons.  

  

3.3.1.2 Allowed Sequences of Acoustic Models for Good and Bad Watermelons 

 

In speech recognition, a dictionary represents possible words in a recognition    

domain and the words are pronounced through sequences of acoustic phone or phoneme 

models. In the classification, good and bad flicking signals are represented by different 

sequences of acoustic models. The flicking sound characteristics and the number of flicks 

are considered when creating the sequences. Acoustic model sequences of good and bad 

watermelons are shown below. 

 
GOOD  sil Gp Gv0 G^k sil 

BAD   sil Bp Bv0 B^k sil 

GOOD  sil Gp Gv0 G^k sil Gp Gv0 G^k sil 

BAD   sil Bp Bv0 B^k sil Bp Bv0 B^k sil 

GOOD  sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil 

BAD   sil Bp Bv0 B^k sil Bp Bv0 B^k sil Bp Bv0 B^k sil 

GOOD  sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil 

BAD   sil Bp Bv0 B^k sil Bp Bv0 B^k sil Bp Bv0 B^k sil Bp Bv0 B^k sil 

GOOD  sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil Gp Gv0 G^k sil 

BAD   sil Bp Bv0 B^k sil Bp Bv0 B^k sil Bp Bv0 B^k sil Bp Bv0 B^k sil Bp Bv0 B^k sil 

 

To support variation in the number of flicks, 10 allowed sequences consisting of five 

good and five bad flicking sound sequences are used for the classification. Further good 

and bad flicking sequences can be added to support more flicks because the system can 

manage thousands of allowed sequences for good and bad watermelons. 

     

3.3.1.3 Allowed Possible Classification Results   

 

Before the classification, the allowed possible classification results are defined using 

syntax. The defined classification can be a combination of good and bad results. However, 

if the possible classification result allows a combination of “good” and “bad” results, the 

final result must be determined later using the majority of voting obtained from “good” 

and “bad” results. Using only “good” or “bad” as the classification result is an advantage 

because the decision is made by the classifier itself and the obtained classification result 
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can instantaneously be used as the final result. Therefore, in the syntax, only “good” or 

“bad” is allowed as the possible classification results.  

 

 $Quality = GOOD|BAD;                            

 ($Quality)    

 

The first line of the classification syntax states that $Quality can be GOOD or BAD, 

while the second line states that only GOOD or BAD without repetition can be derived as 

the quality classification result.   

After preparing the acoustic models and data for classification, the watermelon              

quality classification is applied to determine good and bad watermelons.  

 

3.3.2 Watermelon Quality Classification  

 

To determine the watermelon quality, relevant Hidden Markov acoustic models of 

allowed acoustic model sequences for good and bad watermelons are connected based on 

the permitted possible classification results to generate all search paths, as shown in           

Fig. 13. 

 

 
 

Fig. 13. Generated search paths for the watermelon quality classification. 

 

In the classification, a sequence of test acoustic features obtained from signals after 

reducing non-flicking parts or observation set 1 2{ }
T

O o o o= L consisting of T elements, 

which are the observations at time t, is used to find the search path that has the highest log 

probability and its corresponding watermelon quality. In this work, the Hidden Markov 

Toolkit [17] is used to find the most likely watermelon quality outcome using the method 
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explained in [18, 19] and the results of the watermelon quality classification experiments 

are reported in the following part. 

4. EXPERIMENTAL RESULTS 

The data for training and testing was collected from 200 watermelons that were 

flicked. Flicking sounds were recorded using the 16-bit PCM format at 11,025 samples 

per second. The training set consisted of 50 good and 50 bad watermelons. Each water-

melon was flicked five times. For testing, there were two sets: untrained and unknown. 

The untrained set was recorded from 50 good and 50 bad watermelons, but the signals 

were collected by flicking a different number of times. The unknown set was recorded 

from 50 good and 50 bad watermelons that were not included in the training set. In both 

the untrained and the unknown set, each watermelon was flicked from one to five times.   

 

G ood w aterm elons

B ad  w aterm elons

 
 

Fig. 14. Cleaved watermelons after flicking sounds are collected. 

 

To confirm the quality of the watermelons, they were halved after the flicking 

sounds were collected, as shown in Fig. 14. Microsoft Visual C++ was used to create the            

preprocessing program. The Hidden Markov Toolkit was used to extract the acoustic 

features, train the HMM acoustic models and classify the watermelon quality. Each 

trained acoustic model consisted of three emitting states, and each state contained three 

Gaussian mixtures. The experiment was conducted using an Intel® Core (TM) i7 Q740 
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1.73GHz microprocessor with 4.00 GB of RAM and Microsoft Windows 7 Professional. 

The total time spent on acoustic model training was 58.92 seconds. The times taken to   

reduce non-flicking parts and create acoustic models were 21.72 and 37.20 seconds,          

respectively.  

To evaluate the performance of the proposed method, the results are divided into 

two parts: 1) quality classification rates, and 2) quality classification time.     

 

4.1 Quality Classification Rates   

 

In this part, the proposed watermelon classification method with and without 

non-flicking reduction and the effect the number of flicks had on the result are             

investigated. In the experiments, the number of flicks was varied from one to five. When 

the number of flicks was known beforehand, the number of allowed sequences of acoustic 

models for good and bad watermelons was fixed to a particular number of flicks. In this 

case, a user gave the number of flicks in advance. When the number of flicks was     

unknown, the allowed sequences of acoustic models for good and bad watermelons were 

flexible enough to ensure that the system was capable of handling any number of flicks 

from one to five. Quality classification rates for the untrained set are shown in Table 1. 

Table 1. Quality classification rates (Untrained set).   

Number of 

Flicks 

Quality Classification Rate (%) 

Proposed Watermelon Classification 

(Without the Preprocessing) 

Proposed Watermelon Classification  

(With the Preprocessing) 

Known  

Number  

of Flicks 

(1-5 Flicks) 

Unknown  

Number 

of Flicks 

(1-5 Flicks) 

Known  

Number  

of Flicks 

(1-5 Flicks) 

Unknown  

Number 

of Flicks 

(1-5 Flicks) 

1 94.0 94.0 96.0 96.0 

2 95.0 95.0 97.0 97.0 

3 96.0 97.0 98.0 98.0 

4 96.0 96.0 98.0 98.0 

5 97.0 96.0 97.0 97.0 

Average 95.6 95.6 97.2 97.2 

 

When the number of flicks was known, using the proposed method without           

preprocessing, the average quality classification rate of the untrained set was 95.6%. 

Classification rates of 94.0%, 95.0%, 96.0%, 96.0% and 97.0% were achieved for one to 

five flicks, respectively. When the number of flicks was unknown, similar average           

classification rates were achieved. Classification rates of 94.0%, 95.0%, 97.0%, 96.0% 

and 96.0% were achieved for one to five flicks, respectively. 

The proposed method, which incorporated preprocessing using non-flicking            

reduction, achieved a higher average quality classification rate. Regardless of knowing or 
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not knowing the number of flicks, the average quality classification rate of the untrained 

set was 97.2%. When the number of flicks was known, classification rates of 96.0%, 

97.0%, 98.0%, 98.0% and 97.0% were achieved for one to five flicks, respectively.   

When the number of flicks was unknown, the same classification rates were achieved for 

one to five flicks, respectively. Using five flicks resulted in lower classification rates than 

using three or four flicks because the final flicking signals generating from a bad water-

melon have some characteristics of good watermelon flicking signals. The signals                    

have relatively high magnitude at the high end of the frequency spectrum and have not 

short duration consisting of high magnitude at the low end of the frequency spectrum. For 

the unknown set, the quality classification rates are shown in Table 2. 

Table 2. Quality classification rates (Unknown set).   

Number of 

Flicks 

Quality Classification Rate (%) 

Proposed Watermelon Classification 

(Without the Preprocessing) 

Proposed Watermelon Classification  

(With the Preprocessing) 

Known  

Number  

of Flicks 

(1-5 Flicks) 

Unknown  

Number 

of Flicks 

(1-5 Flicks) 

Known  

Number  

of Flicks 

(1-5 Flicks) 

Unknown  

Number 

of Flicks 

(1-5 Flicks) 

1 91.0 90.0 95.0 95.0 

2 92.0 92.0 96.0 97.0 

3 96.0 97.0 98.0 98.0 

4 96.0 97.0 98.0 98.0 

5 97.0 96.0 98.0 98.0 

Average 94.4 94.4 97.0 97.2 

 

When the number of flicks was known, the average quality classification rates of 

94.4% and 97.0% were achieved using the proposed method without and with                

preprocessing, respectively. When the number of flicks was unknown, the average quality 

classification rates of 94.4% and 97.2% were achieved using the proposed method with-

out and with preprocessing, respectively. The proposed method without preprocessing 

obtained classification rates of 90.0%, 92.0%, 97.0%, 97.0% and 96.0% for one to five 

flicks, respectively, when the number of flicks was not known beforehand. The higher 

classification rates of 95.0%, 97.0%, 98.0%, 98.0% and 98.0% were achieved for one to 

five flicks, respectively, using the proposed method, which incorporated preprocessing 

using non-flicking reduction. 

This is in parallel with the findings from the untrained set, higher average quality 

classification rates were achieved using the proposed method, with the preprocessing 

using non-flicking reduction. The average classification rates obtained from the untrained 

and unknown sets were high and similar, which indicates that the HMM acoustic models 

were well-trained and suited to the task. 
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In addition, to further evaluate the performance of the proposed method, the results 

can be compared to a method where Support Vector Machines (SVM) were used. The 

39-dimension acoustic features, comprising of 12 MFCCs with energy as well as their 1st- 

and 2nd order derivatives, were used. In both training and testing, the acoustic features 

were extracted from a 20-ms part of the flicking signal that had the highest sum of the 

amplitude of sample values. The LIBSVM [20] was used to train the SVM and classify 

the quality of the watermelons. Using the radial basis SVM, which yields better classifi-

cation rates than linear and polynomial SVMs, 1-flick classification rates of 74.0% and 

73.0% were obtained from the untrained and unknown sets, respectively. When the  

number of flicks was varied, classification rates of 74.0%, 78.0%, 82.0%, 83.0% and 

85.0% were obtained from the untrained set when using one to five flicks, respectively. 

For the unknown set, classification rates of 73.0%, 76.0%, 79.0%, 83.0% and 84.0% 

were obtained when using one to five flicks, respectively. The method using the SVM 

classifier gave lower classification rates than the method using non-flicking reduction and 

sequences of HMM derived from flicking sound characteristics. 

The results demonstrate that the proposed automated watermelon classification    

method, which incorporates preprocessing, was more efficient and capable of handling an 

arbitrary number of flicks even when the number of flicks was unknown beforehand.  

According to the results, a practical number of flicks that could be used for classification 

would be in the range of two to five. Even when the number of flicks was unknown in 

advance, for both the untrained set and the unknown set, the proposed method with pre-

processing achieved classification rates ranging from 97.0% to 98.0%, when using two to 

five flicks. To further illustrate the results, the quality classification confusion matrix   

obtained from the proposed method is shown in Table 3.  

 

Table 3. Quality classification confusion matrix obtained from the different 

number of flicks (The number of flicks is unknown (1-5 flicks)). 
 

 Classified     

         as 

 

 

Actual 

quality 

Classification Rate (%) 

1 Flick   2 Flicks 3 Flicks 4 Flicks 5 Flicks 

Good Bad Good Bad Good Bad Good Bad Good Bad 

Good 
(Untrained 

set) 
92.0 8.0 94.0 6.0 96.0 4.0 96.0 4.0 96.0 4.0 

Bad 
(Untrained 

set) 
0.0 100.0 0.0 100.0 0.0 100.0 0.0 100.0 2.0 98.0 

Good  
(Unknown) 

94.0 6.0 96.0 4.0 98.0 2.0 98.0 2.0 98.0 2.0 

Bad 
(Unknown) 

4.0 96.0 2.0 98.0 2.0 98.0 2.0 98.0 2.0 98.0 
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The confusion matrix shows that when using two to five flicks, there is less             

probability that a bad watermelon will be determined good. The false acceptance rates are 

less than or equal to 2.0% for two to five flicks. Therefore, according to the confusion 

matrix, if the system reports that a selected watermelon is of good quality, there is a high               

probability that it is good. Consequently, the system is practical for selecting good quality 

watermelons. 
 

4.2 Quality Classification Time   

 

In this part, the quality classification time is evaluated. The average classification 

time was measured from flicking sounds collected from all 200 watermelons in the un-

trained and unknown sets. The preprocessing, feature extraction, watermelon quality 

classification, and the total time that the proposed method took to derive the quality clas-

sification results are shown in Table 4.   

Table 4. Quality classification time in milliseconds.   

Number 

of Flicks 

 

Time Taken to 

Reduce 

Non-flicking 

Part 

(Milliseconds) 

 

Time Taken to 

Extract  

Acoustic  

Features  

(Milliseconds) 

Time Taken to  

Classify  

Watermelon Quality 

Total Time  

(Milliseconds) 

Known 

Number 

of Flicks 

(1-5 

Flicks) 

Unknown 

Number of 

Flicks 

(1-5 

Flicks) 

Known 

Number 

of Flicks 

(1-5 

Flicks) 

Unknown 

Number of 

Flicks 

(1-5 

Flicks) 

1 14.93 7.65 3.46 8.67 26.04 31.25 

2 15.60 11.37 7.68 19.05 34.65 46.02 

3 16.28 16.43 14.24 30.36 46.95 63.07 

4 16.89 20.28 19.15 42.75 56.32 79.92 

5 17.72 25.65 26.89 55.37 70.26 98.74 

 

The experimental results reveal that the average time spent on reducing non-flicking 

part was 14.93, 15.60, 16.28, 16.89 and 17.72 milliseconds for one to five flicks, respec-

tively. The average time spent on the feature extraction was 7.65, 11.37, 16.43, 20.28 and 

25.65 milliseconds for one to five flicks, respectively. When the number of flicks was 

known beforehand, the average time taken to classify the watermelon quality was 3.46, 

7.68, 14.24, 19.15 and 26.89 milliseconds for one to five flicks, respectively. When the 

number of flicks was unknown, the longer average time of 8.67, 19.05, 30.36, 42.75 and 

55.37 milliseconds was taken to classify watermelon quality for one to five flicks, respec-

tively. Regardless of knowing or not knowing the number of flicks, the total time of less 

than 100 milliseconds was taken for one to five flicks. The results indicate that even when 

the number of flicks is unknown in advance, the method is practical because a relatively 

small amount of time is required to classify the watermelon quality.  
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5. CONCLUSION 

The proposed method efficiently determined watermelon quality from flicking 

sounds. Additionally, the method was capable of handling an arbitrary number of flicks, 

from one to five, even when the exact number of flicks was unknown. For the unknown 

set, average classification rates of 95.0%, 97.0%, 98.0%, 98.0% and 98.0% were 

achieved using one to five flicks, respectively. Using a higher number of flicks, such as, 

two, three, four or five usually resulted in higher classification rates than using only one 

flick did. When using two to five flicks, classification rates of up to 97.0-98.0% were 

achieved and false acceptance rates of less than or equal to 2.0% were realized.             

Concerning the classification time, the system spent less than 100 milliseconds classifying 

sounds from five flicks, which is considerably less than 1 second. The proposed method 

is applicable in terms of both classification rate and computation time. Therefore, buyers 

could use the method to ensure that they consistently purchase good quality watermelons. 
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