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Abstract 

Speech segmentation is a technique used for dividing speech signals into basic 
units in the speech recognition process and is applied to continuous speech types. 
Continuous speech segmentation is used to break down sentences into words, 
syllables, or phonemes. This study proposes a continuous speech segmentation 
process using a dynamic thresholding approach based on short term feature 

extraction in detecting word segments in the Indonesian domain. The proposed 
dynamic thresholding includes the lower limit of the cutting of the short-term 
features results and the distance between words in a speech. This method is 
applied in three short-term features: short-time energy, zero crossing rate (ZCR), 
and spectral flux. Based on the research results, the best word segmentation 
accuracy was 97.50% using the ZCR feature with a 40 ms frame size. The 
findings show that the use of dynamic thresholding can improve the accuracy of 
word segmentation. 

Keywords: Continuous speech, Dynamic thresholding, Speech segmentation, 
Short-term features. 
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1.  Introduction 

Speech is an important and effective communication method among humans to 

exchange information. Along with the rapid development of technology and 

information, speech technology has emerged, which includes speech synthesis [1], 

speaker recognition [2, 3], speech compression [4], speaker verification [5], 

multimodal interaction [6], and speech recognition [7, 8]. Speech recognition is a 

speech technology that is often used in robots [9] and intelligent machines [10] and 

as a communication tool between humans and computers [11]. This technology can 

be efficiently used in various daily activities to improve the performance of a job 

and make it easier for people with physical disabilities to communicate. Speech 

recognition can be classified into three types, namely, speech recognition based on 

speech signals, speaker models, and vocabulary [12]. Speech recognition based on 
speech signals has four types: isolated words, connected words, continuous speech, 

and spontaneous speech [13]. This study focuses on the types of continuous speech, 

which is a natural pronunciation of words and has two main functions, namely, 

carrying speech information and bringing the silent or noisy part between speech 

without verbal information [14]. 

Speech recognition carried out in continuous speech requires segmentation to 

simplify the recognition process. Segmentation is the process of breaking down the 

speech signal into basic units [15]. Speech segmentation in continuous speech is 

used to identify words, syllables, or phonemes. Particularly, word segmentation, 

which has an important role in speech recognition, reduces the memory size and 

complex computation in systems with large vocabulary [16]. The segmentation 

process is performed by distinguishing voiced and voiceless signals [17]. It is also 

used to determine the appropriate beginning and ending of words [18].  

The results of segmentation accuracy will affect the results of a better 

recognition. Errors in the segmentation process will be carried over into errors in the 

recognition process. In a preliminary study [8], the results of Indonesian speech 

recognition were only around 70% and after further investigation the recognition 

failure was caused by a failure in the segmentation process. Other side, today the 

need to be able to create applications based on natural language is very high. So, 

speech recognition with the highest accuracy of recognition is very important. For 

this reason, more in-depth research is needed related to speech segmentation, 

especially Indonesian speech. 

In the last 30 years, research on speech segmentation has rapidly grown in 

various languages (e.g., [15, 18, 19] which segmented Hindi, and [20] which 

segmented Arabic). The segmentation accuracy of the research results in [15, 18, 

19] reached 96.25%, 98.33%, and 96.00%, respectively, using short term feature 

extraction. Research on speech segmentation in the Indonesian language domain is 

still minimal with nonoptimal results, similar with the study by Arasyi, et al. [21] 

which used the blocking black area method and had a segmentation accuracy of 

90.00% and Ulfattah et al. [17] had a segmentation accuracy of 95.00%. This is due 

to the algorithm used to produce sound signals that are not part of the word being 

segmented or produce unvoice in the segmented sound. In addition, it is caused by 

several aspects, including the speaker’s pronunciation.  

This study discusses the process of word segmentation in continuous speech in 

the Indonesian domain using short term features, e.g., which was conducted in the 
Hindi language domain. Then the results of the short-term feature extraction are cut 
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based on a certain threshold to determine each segment [15]. We know that everyone 

will have different pronunciation distances between words. So that a static threshold 

is not the best solution to be able to determine the segmentation limit. For this reason, 
a dynamic threshold is needed which is determined based on the average distance in 

a person's pronunciation in continuous speech sentence. This study incorporates the 

use of dynamic thresholding so that the segmentation results become more precise. 

The difference with previous work is the threshold used to segment the word. In 

previous work using a different threshold from that proposed in this study. This 

research proposed two thresholds, i.e., the lower limit of the cutting of the short-

term feature extraction results and the distance limit between segment of the first 

thresholding result. 

This study performs performance comparisons on four short-term feature 

extractions, namely, short-time energy (STE), zero crossing rate (ZCR), and 

spectral flux with threshold of lower limit and distance parameter values to obtain 

optimum results. The results of this study are expected to be used for the 

development of Automatic Speech Recognition, especially Indonesian. 

2. Research Methods 

The implementation of this research has several stages, including data collection, 

pre-processing, segmentation and evaluation. In the pre-processing stage, several 

steps are taken DC removal, pre-emphasis, framing, and windowing. The block of 

the continuous speech segmentation process in this study is shown in Fig. 1. 

Fig. 1. Block diagram of the continuous speech segmentation process. 
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2.1.  Data collection 

The first step of the research aims to obtain speech data from recording results. The 

recording in this study was carried out using the MATLAB program. The recording 

was performed by four different men for each type of data with 20 continuous speech 

sentences consisting of five words in each sentence. The speaker is Indonesian and 

aged 20-24 years. Recording is done using a Logitech Stereo H150 headset. The 

distance between the headset and the mouth is ± 3 cm. During recording, the 

surrounding environment is quiet, not noisy. The results of the recording process are 

then stored in a file in the WAV format. The sentences pronounced were as follows: 

S1 abang bercerita sesuatu yang bagus 

S2 bapak ibu pergi bersama adik 

S3 bibi mulai terkenal sore ini 

S4 cincin kawin dari bahan permata 

S5 dia punya dua mobil hitam 

S6 hidup itu seperti sekotak coklat 

S7 kamu jangan jadi judes juga 

S8 kapan kita main bola pantai 

S9 karena keju adalah susu sapi 

S10 kompor kredit berwarna merah muda 

S11 maaf atas kejadian senin lalu 
S12 makan kuning telur setengah matang 

S13 masinis kereta berbaju biru tua 

S14 nanti siang saja kata berbahaya 

S15 pabrik gula pasir ada lima 

S16 paman meninggal saat dulu sekali 

S17 pantun tentang pisang dan sayur 

S18 siapa suka anak kecil lucu 

S19 sulap tepung terigu rasa roti 

S20 tukang tipu sudah tertangkap juga 

2.2.  Pre-processing 

Pre-processing was performed on the generated data with the aim of reducing noise 

and preparing the right signal for the segmentation process. 

The pre-processing has several stages, which are explained as follows: 

(1) Direct current removal 

DC (Direct Current) removal is used to obtain the normalised value of the input 

data, by calculating the average value of the voice sample data and subtracting it 

for each sound sample [8]. The equation of the DC removal is as follows [22]: 

𝐷[𝑖] = 𝑥[𝑖] −  
1

𝑁
∑ 𝑥[𝑖]𝑁

𝑖=1                                                                                          (1) 

(2) Pre-emphasis 

Pre-emphasis is a process designed to reduce the adverse effects of transmission 

and background noise [8]. The pre-emphasis stage aims to filter the speech signal 

by reducing the noise of the input signal and maintaining a high frequency in the 

spectrum [23]. The following are the equations of the pre-emphasis [22]: 
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𝑦𝑖 = 𝐷[𝑖] −  𝛼 𝐷[𝑖 − 1]                                                                                                                (2) 

where 𝐷[𝑖]: DC-removal result signal and 𝛼 = 0.97 which is set based on Dewi's 

research [22]. 

(3) Framing 

Framing is the process of breaking a digital signal into frames with a shorter duration. 

According to Dewi et al. [22] and Hamid [24], framing has the following parameters: 

(a) Length of the frame (𝒍𝒇𝒓𝒂𝒎𝒆) 

The frame length is the number of sample points contained in a frame with a certain 

time duration (between 10 and 30 ms) [22]. The duration used in this study was 20 

ms. The following is the equation for the frame length: 

𝑙𝑓𝑟𝑎𝑚𝑒 = 𝑆𝑎𝑚𝑝𝑙𝑒𝑅𝑎𝑡𝑒 ×  𝑡                                                                                                            (3) 

(b) Overlap (𝒑𝒇𝒓𝒂𝒎𝒆) 

Overlap is the shift time in the audio signal. In the framing stage, an overlapping 

process was performed for each frame by 30%-50% of the frame length, ensuring 

that no signal information is left behind owing to cuts in framing [24]. The 

following is the equation of the overlap: 

𝑝𝑓𝑟𝑎𝑚𝑒 = 𝑆𝑎𝑚𝑝𝑙𝑒𝑅𝑎𝑡𝑒 ×  
 𝑡

2
                                                                                                 (4) 

(c) Shift frames (𝒔𝒇𝒓𝒂𝒎𝒆) 

The frame shift is also called a non-overlapped frame, which contains audio sample 

points that do not overlap between frames: 

𝑠𝑓𝑟𝑎𝑚𝑒 =  𝑙𝑓𝑟𝑎𝑚𝑒 − 𝑝𝑓𝑟𝑎𝑚𝑒                                                                                    (5) 

(d) Number of frames (𝑵𝒇𝒓𝒂𝒎𝒆) 

𝑁𝑓𝑟𝑎𝑚𝑒  is the number of frames produced from the framing process with a certain 

duration using the frame length, overlap, and frame shift parameters: 

𝑁𝑓𝑟𝑎𝑚𝑒 = 1 +  
𝑁−  𝑙𝑓𝑟𝑎𝑚𝑒

 𝑠𝑓𝑟𝑎𝑚𝑒
                                                                                       (6) 

An illustration of framing process can be seen in Fig. 2. 

 
Fig. 2. Illustration of framing process. 
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(4) Windowing 

Windowing is a process that aims to minimize discontinuous signals at the ends of 

the frame resulting from the framing process [24]. The windowing technique that 
is often used is the Hamming window. The Hamming window weight equation is 

as follows [22]: 

𝑤(𝑛) = 0.54 − 0.46 𝑐𝑜𝑠
2𝜋𝑛

 𝑙𝑓𝑟𝑎𝑚𝑒−1
                                                                        (7) 

After obtaining the Hamming window weight value, the next process is to 

multiply the signal from the previous process by that weight, as in the following 

equation [22]. 

𝑥(𝑛) =  𝑦𝑖 [𝑛] ×  𝑤(𝑛)                                                                                              (8) 

where 𝑦𝑖 [𝑛] is framed signal (i-frame and n-th signal point) 

2.3.  Segmentation 

The segmentation process in this research was performed in two stages: short-term 

feature extraction and speech segment detection. The short-term feature extraction 

stage is carried out to extract three features, namely short-time energy, zero 

crossing rate and spectral flux. Short-time energy and zero crossing rate are 

included in the time-domain feature, while the spectral flux is included in the 

frequency-domain feature.  

(1) Time-domain feature 

The time-domain feature is a segmentation feature extraction, which is commonly 

used because of its simple algorithm with efficient calculations. The most 

frequently used time-domain features are the short-time energy (STE) and ZCR.  

(a) Short-time energy 

STE is the dominant and most natural feature [18]. Physically, energy is a measure 

of the number of signals at one time. Energy is used to identify the voiced sound, 

which has a higher energy than the silence or unvoiced sound in continuous speech 

[15]. The STE equation is presented as [15, 25]: 

𝐸𝑛 =
1

𝑁
∑ [𝑥(𝑚)𝑤(𝑚 − 𝑛)]2𝑁

𝑚=1                                                                            (9) 

where 𝑥(𝑚)  is the discrete-time audio signal and w(m) is rectangle window 

function, given by the following equation [15]: 

𝑤(𝑚) = {
1     0 ≤  𝑛 ≤  𝑁 − 1 

0             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                                          (10) 

(b) Zero crossing rate 

The ZCR provides information on the number of zero crossings in a given signal 

[25]. Zero crossing occurs when sound samples have different algebraic signs 

consecutively at certain time/frame intervals, where the amplitude of the speech 

signal passes through zero. Zero crossing is performed by counting the number of 

signals crossing the zero value in one frame. 

Here is the ZCR equation: 
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𝑍𝑛 =
1

2
∑ |𝑠𝑔𝑛[𝑥(𝑚)] − 𝑠𝑔𝑛[𝑥(𝑚𝑤 − 1)]|𝑤(𝑛 − 𝑚) 𝑁

𝑚=1                                 (11) 

where, the signum function is as follows: 

𝑠𝑔𝑛[𝑥(𝑚)] = {
   1,   𝑥(𝑚) ≥ 0

 
−1,   𝑥(𝑚) < 0

                                                                            12) 

and w(n) is a rectangle window of length N, given in Eq. (10) [15]. 

(2) Frequency-domain feature 

The frequency-domain feature is a segmentation feature extraction that is used to 

extract features on the discrete Fourier transform (DFT), which shows the 

composition of the spectral signal. The most commonly used frequency-domain 
features are the spectral centroid and spectral flux. This process is performed using 

the results of the fast Fourier transform (FFT) process. 

(a) Fast Fourier transform 

FFT is the development of the DFT algorithm, which is an algorithm used to 

convert digital signals in the time domain to the frequency domain [26]. FFT is 

defined by the following equation [27]: 

𝐹𝑘 =  ∑ 𝑥(𝑛) cos (
2𝜋𝑘𝑛

𝑁
) − 𝑗 ∑ 𝑥(𝑛)sin (

2𝜋𝑘𝑛

𝑁
)𝑁

𝑛=1
𝑁
𝑛=1                                         (13) 

After determining the FFT value, the magnitude value is searched, as shown in the 

following equation: 

𝑀(𝑘) = |𝑀(𝑘)| =  √𝑅2 + 𝐼2                                                                             (14) 

where:  

𝑅: sum of  ∑ 𝑥(𝑛) cos (
2𝜋𝑘𝑛

𝑁
)𝑁

𝑛=1  on the FFT equation.  

𝐼 : sum of −𝑗 ∑ 𝑥(𝑛) sin (
2𝜋𝑘𝑛

𝑁
)𝑁

𝑛=1  on the FFT equation.  

(b) Spectral flux 

Spectral flux measures the spectral change between two successive frames and is 

computed as the squared difference between the normalized magnitudes of the 

spectra of the two successive short-term windows. A sound signal with a slow 

change in the spectrum has a low spectral flux value, whereas a sound signal that 

changes suddenly has a high spectral flux value [28]. The spectral flux is obtained 

through the following equation [15]: 

𝑆𝐹𝑖 =  ∑ (|𝑀𝑖(𝑘)| − |𝑀𝑖(𝑘 − 1)|)2
𝑁

2
𝑘=1

                                                               (15) 

(c) Speech segment detection 

After the feature extraction stage of the speech signal, the next step is to detect 

words in the speech segment using dynamic thresholding. It is said to be dynamic 

thresholding because the threshold for each data has different values according to 

the input data. Dynamic thresholding is applied to find the limit of each of the short-

term feature extraction results, so that the right word can be found in the input 
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speech. This dynamic thresholding includes the lower limit of the cutting of the 

short-term feature extraction results (T) and distance limit between segments from 

the result of thresholding T on short-term feature extraction (B). Word segment 

cutting is done by using thresholding B. The illustration is shown in Fig. 3. 

Figure 3(a) shows the results of the short-term feature extraction that were cut 

based on the threshold T with the formula given in Eq. (15). Meanwhile, Figure 

3(b) shows the truncation of word segments based on a measure of B, which can be 

calculated using Eq. (17). The red line is the start of the word cut and the green line 

is the end of the word cut. 

The following is the formula for determining the thresholds for T and B. 

𝑇 =  
𝑀𝑒𝑎𝑛

𝑘
                                                                                                                (16) 

where 𝑇 : threshold value, 𝑀𝑒𝑎𝑛: average value of the short-term feature 

extraction results and 𝑘: constant 

𝐵 =  
1

2

∑ 𝐷𝑖
𝑁
𝑖=1

𝑁
                                                                                                               (17) 

where d𝐵 : distance limit, 𝐷 : distance of each segment, 𝑁  : number of segments 

from T thresholding result  

If the distance between segments is less than or equal to B (≤ B), then the 

segments will be combined into one word segment. 

  

(a) Assigning threshold T to zero crossing rate 

 
(b) Segment cutting on the result of thresholding zero crossing rate with Di > B 

Fig. 3. Illustration of the dynamic thresholding  

on the short-term features results. 

The threshold T uses the average value of the short-term feature extraction 

because this value can represent the given signal data. The constant value will be 
varied in the test scenario to determine the best limit. While the threshold B is a 

half of the average value of the distance between segments from the result of 

thresholding T.  

 

T 

 thresholding  

 result 

 

 

 Di  
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2.4.  Segmentation evaluation 

Continuous speech segmentation evaluation is performed by calculating word 

accuracy and sentence accuracy with Eqs. (18) and (19). 

Word Accuracy = 
number of words segmented correctly

number of words
×100%                                        (18) 

Sentence  Accuracy =
𝑁𝑆

number of sentences
×100%                                                                   (19) 

where NS is the number of sentences, where each word is segmented correctly. 

3.  Result and Discussion 

3.1. Research scenarios 

This study conducted three test scenarios (i.e., testing using one dynamic 

thresholding, testing using two dynamic thresholding, and testing to determine the 

effect of the frame size). 

(1) Scenario 1: Testing using one dynamic thresholding 

In this test, the dynamic threshold used is only the lower limit threshold parameter 

(T). This parameter is the average value (mean) of each short-term feature 

extraction. For a distance limit, this scenario uses a static distance which is 

determined by the value of 5 and 10 frames. The frame size used was 20 ms. There 

are 6 parameters involved in scenario 1 as shown in Table 1. The six parameters 

will be tested on the three short term features, namely short-time energy, zero 

crossing rate and spectral flux. 

Table 1. Parameters in scenario 1. 

ID Parameters Low Limit Distance Limit 

Mean Mean /2 Mean/4 5 10 

P1-1      

P1-2      

P1-3      

P1-4      
P1-5      
P1-6      

(2) Scenario 2: Testing using two dynamic thresholding 

In this test, the dynamic thresholds used were the lower threshold and distance 

threshold. Both are said to be dynamic because these thresholds follow the input signal. 
So that it is expected to be more precise in cutting the words. The lower limit (T) is the 

mean value of its short-term feature extraction, whereas the distance limit (B) is the 

distance average from the result of thresholding T, as follows Eq. (17). The frame size 

used was 20 ms. There are 3 parameters used in scenario 2 as can be seen in Table 2. 

These three parameters are also applied to the three features used in this study. 

Table 2. Parameters in scenario 2. 

ID Parameters Low Limit Distance Limit 

Mean Mean /2 Mean/4 Distance Average/2 

P2-1     
P2-2     
P2-3     
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(3) Scenario 3: Frame size testing 

Frame size testing was performed by comparing several frame size values in the best 

parameters results from scenarios 1 and 2. The frame sizes are 20, 30, and 40 ms. 

3.2. Research results 

The test begins by calculating the value of short-term feature extraction. For 

example, the data for the sentence S1: " Abang bercerita sesuatu yang bagus ". The 

original shape of the signal can be seen in Fig. 4. The result of short-term feature 

extraction from sentence S1 can be seen in Figs. 5 to 7. Figure 5 shows the results 

of short time energy, while Fig.6 shows the results of zero crossing rate and Fig.7 

shows the results of spectral flux of sentence S1. 

 

Fig. 4. The graph of original signal of speech sentence S1. 

 
Fig. 5. Short-time energy of speech sentence S1. 

 
Fig. 6. Zero crossing rate of speech sentence S1. 

 
Fig. 7. Spectral flux of speech sentence S1. 
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The results of segment detection for each short-term feature can be seen in Figs. 

8 to 10. Figure 8 shows the results of segment detection on short-time energy, Fig. 

9 shows the results of segment detection at zero crossing rate and Fig. 10 shows the 
results of segment detection on the spectral flux. After the segment detection results 

are obtained, the implementation of the original speech signal can be seen in Fig.11. 

 
Fig. 8. The results of segment detection on short-time energy. 

 
Fig. 9. The results of segment detection on zero crossing rate. 

 

Fig. 10. The results of segment detection on spectral flux. 

 
Fig. 11. An example of the implementation  

of segment detection results on the original signal. 

(i) Research results for Scenario 1 

The result of scenario 1 can be seen in Table 3. 

Segment 1          Segment 2                    Segment 3      Segment 4           Segment 5 
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Table 3. Result of scenario 1. 

ID 

Parameters 

Implemented Features 

STE ZCR SF 

Awa Asa Awa Asa Awa Asa 

P1-1 5.00% 0% 42.25% 2.5% 8.00% 0% 

P1-2 13.00% 0% 55.50% 6.25% 12.25% 0% 

P1-3 23.75% 0% 60.50% 13.75% 21.00% 0% 

P1-4 22.25% 0% 84.50% 51.25% 20.00% 0% 

P1-5 35.75% 0% 92.00% 72.50% 32.75% 0% 

P1-6 51.00% 0% 94.50% 83.75% 49.50% 5% 

Note: STE : short-time energy, ZCR : zero crossing rate, SF : spectral flux 

                Awa : Average word accuracy, Asa : Average sentence accuracy 

The yellow colour in the table shows the highest accuracy results for each feature. 

The feature with the highest accuracy when using one threshold is zero crossing rate.  

(ii) Research results for Scenario 2 

The results of the scenario 2 can be seen in Table 4. 

Table 4. Result of scenario 2. 

ID 

Parameters 

Implemented Features 

STE ZCR SF 

Awa Asa Awa Asa Awa Asa 

P2-1 48.25% 3.75% 61.75% 43.75% 55.75% 11.25% 

P2-2 68.75% 28.75% 57.25% 37.50% 69.25% 27.5% 

P2-3 86.50% 67.50% 60.00% 43.75% 88.00% 71.25% 

Based on Table 4, it can be seen that the highest segmentation accuracy is the 

short-time energy feature. 

(iii) Research results for Scenario 3 

Table 3 dan Table 4 show that the highest segmentation accuracy is in the ZCR 

feature, which is 94.5% for word accuracy and 83.8% for sentence accuracy. For 

this reason, in this test, researchers will further explore the ZCR for frame sizes 30 

and 40 ms. The results of the scenario 3 can be seen in Table 5. 

Table 5. Result of scenario 3. 

ID 

Parameters 

Frame size = 30 ms Frame size =40 ms 

Awa Asa Awa Asa 

P1-1 79.25% 45.00% 56.75% 11.00% 

P1-2 90.25% 70.00% 71.75% 26.00% 

P1-3 94.00% 83.00% 79.75% 45.00% 

P1-4 97.25% 93.00% 94.75% 86.00% 

P1-5 94.75% 90.00% 96.25% 90.00% 

P1-6 89.25% 81.00% 96.26% 90.00% 

P2-1 54.50% 36.25% 93.75% 77.50% 

P2-2 44.75% 28.75% 97.50% 90.00% 

P2-3 52.00% 36.25% 96.50% 90.00% 
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From Tables 3, 4, and 5, it can be seen that for frame size 20 ms and frame size 

30, the segmentation accuracy is better by using only one threshold (T), than two 

thresholds (T and B). This shows that with a smaller frame size, the limit of each 
segment which is determined based on the distance limit by taking half of the 

average of each distance is still not quite right. This is different for a frame size of 

40 ms, the use of two thresholds is better than one threshold. 

For the results of the segmentation, the following are examples of five data in 

the form of different sentences (S1 to S5). The results of segmentation using the 

best parameters for the five sentences and from speaker 1 can be shown in Table 6. 

In Table 6, it can be seen that there are segments that contain unvoice such as 

sentences S3 and S4. This can be due to the presence of noise in the speech signal 

so that the feature extraction results have a value greater than the threshold.  

Table 6. Example of segmentation result. 

Sentence 

Number 

of 

Segments 

Segmented words 

1 2 3 4 5 6 7 

S1 5 abang bercerita sesuatu yang bagus   

S2 5 bapak ibu pergi bersama adik   

S3 6 - bibi mulai terkenal sore ini  

S4 7 - - cincin kawin dari bahan permata 

S5 5 dia punya dua mobil hitam   

3.3. Analysis of research result 

For Scenarios 1 and 2, the threshold parameter that has the highest accuracy level 

is the lower limit, where the threshold is equal to the mean of the short-term feature 

extraction results divided by 4, and the distance limit is equal to 10 frames. The 

amplitude of the signal is high, so the energy produced is high and voiced signals 

are easily found. Segment detection using the threshold parameter of mean/4 causes 

speech truncation to be lower than other thresholds that cut imprecise speech 

sentences and become syllables. In addition, if the distance between the frames is 

less than 10 frames, then the detected voices will be spliced, thereby minimizing 

the result of the inappropriate sentence truncation. 

However, the overall use of dynamic thresholding can improve the accuracy of 

spectral features, especially STE and spectral flux. The increase is significant, and 

the accuracy of words can increase up to 35.5% for the STE feature and 38.5% for 

the spectral flux feature. Therefore, the proposed use of dynamic thresholding is 

highly recommended for word segmentation. For sentence accuracy, almost all 

short-term feature extraction values are low, which indicates that one sentence 

cannot be formed with all the words segmented correctly. 

The frame size significantly affects the level of accuracy. By examining the 

highest level of accuracy of word segmentation in each frame size tested, the 

difference in the use of one dynamic thresholding and two dynamic thresholding 

can be seen in Fig. 12.  

Figure 12 shows that the highest accuracy, which is 97.5%, is obtained at a 

frame size of 40 ms and using two dynamic thresholding. The use of two dynamic 
thresholding shows that the thresholding using the lower limit and a distance limit 
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from the result of thresholding T greatly improves the accuracy of word 

segmentation. However, for a smaller frame size, it is still better to use one 

threshold, namely the lower limit. 

 
Fig. 12. Effect of the frame size on the word segmentation accuracy. 

This study was also able to produce better segmentation accuracy compared to 

previous work, such as the Enhanced Blocking Block Area Method studied by 

Arasyi et al. [21] and Using Local Adaptive Thresholding Technique in the 

Blocking Block Area Method proposed by Ulfattah et al. [17]. By using the same 

data, the comparison of the research results can be seen in Table 7. 

Table 7. Comparison with previous work. 

Researchers Methods 
Best Segmentation 

Accuracy 

Arasyi et al. [21] 
Enhanced Blocking Block Area 

Method 
90% 

Ulfattah et al. 

[17] 

Using local adaptive thresholding 

technique in the Blocking Block 

Area Method 

95% 

Endah et al. [26] 

(proposed) 

Dynamic thresholding based on 

short-term feature extraction 
97.5% 

Based on Table 7, it can be seen that the method proposed in this study is better 

than the previous work.  

4.  Conclusion 

The ZCR is the best feature in the continuous speech segmentation in the 

Indonesian language domain, which produces a word accuracy of 97.5% with frame 

size is 40 ms. This result is influenced by the dynamic thresholding parameter, with 

the lower limit being the average spectral feature result divided by 4 and a distance 

limit as the average distance between segments from the result of thresholding T 

divided by 2. Thus, the use of dynamic thresholding of short-term feature extraction 

can be useful for improving the accuracy of word segmentation.  

The results showed that the smaller of the lower limit (threshold T), so the better 

of the segmentation accuracy. As for the segment distance limit, the use of a 
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dynamic threshold is better than a static threshold for the short-time energy and 

spectral flux features. This is indicated by an increase in accuracy of 35.5% for the 

STE feature and 38.5% for the spectral flux feature. Frame size is very influential 
on segmentation accuracy. In this study, the frame size that produces the best 

accuracy is 40 ms. 

The results of this study can be used for the development of Automatic Speech 

Recognition, especially Indonesian speech, as well as other similar applications 

related to speech recognition. 
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Nomenclatures 
 

B Distance limit 
D Distance of each segment 

D[i] DC-removal result signal 

Ei i-th index STE value 

Fk FFT value 

i Index of the frame 

𝑙𝑓𝑟𝑎𝑚𝑒  Length of the frame 

M(k) FFT magnitude value 

N Number of signal points 

𝑁𝑓𝑟𝑎𝑚𝑒  Number of frame 

n Index of s gnal po nt (0,1,…lframe - 1) 

NS Number of sentences where each word is segmented correctly 

𝑝𝑓𝑟𝑎𝑚𝑒  Overlap of the frame 

SFi i-th index spectral flux value 

𝑠𝑓𝑟𝑎𝑚𝑒  Shift frame or a non-overlapped frame 

t Time duration of each frame  

T Threshold value 

w(n) Hamming window coefficient value 

x(n) Windowing signal 

x[i] i-th index digital signal 

yi Resulting signal pre-emphasis 
yi[n] Framed signal (i-frame and n-th signal point) 

Zi i-th index ZCR value 
 

Greek Symbols 

 Value in pre-emphasis. 
 

Abbreviations 

FFT Fast Fourier Transform 

SF Spectral flux 

STE Short-time energy 

ZCR Zero crossing rate 
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