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 Currently, voice activity detection (VAD) is utilized in many fields, 

including forensics, healthcare, and medicine, to detect vocal anomalies, as 

well as in telecommunications and mobile telephony. Due to its importance 

and the difficulty of distinguishing between speech and nonspeech segments, 

especially in noisy environments (low signal-to-noise ratio (SNR)), this area 

remains under continuous development. Most existing VAD algorithms 

require predefined thresholds or training data, which reduces their 

compatibility. This study proposes an unsupervised VAD system that 

utilizes the Katz algorithm to calculate the fractal dimension of envelopes 

obtained through a single frequency filtering (SFF) approach. This method 

allows for high temporal and frequency resolution. The proposed VAD 

algorithm does not require any training data and is suitable for various types 

of noise and SNRs. To evaluate the effectiveness of the proposed method, 

two different databases are used: the Texas Instruments Massachusetts 

Institute of Technology (TIMIT) database and the King Saud University 

(KSU) Arabic speech database. The experimental results reveal an average 

detection accuracy of 96.86%, demonstrating its considerable value in 

various applications. 
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1. INTRODUCTION 

Voice activity detection (VAD) is a technique for identifying speech and differentiating it  

from nonspeech segments. In several fields, such as speech coding [1], digital hearing aids [2], speech 

recognition [3], [4], and voice-controlled applications [2], VAD is a necessary first step. While humans easily 

differentiate speech from nonspeech, machines suffer from this task. Furthermore, performance is reduced in 

low signal-to-noise ratio (SNR) situations, such as whispered or strongly accented speech spoken at a low 

volume, even when deep learning or advanced VAD algorithms are employed. 

Numerous algorithms have been described in the literature that exhibit efficient performance when 

the SNR is high, but struggle in low-SNR environments. Weak phonemes such as fricatives and nasals, as 

well as low-amplitude segments at the beginning and end of utterances, are challenging to detect in these 

conditions, leading to poor performance [5]. Traditional VAD algorithms were based on acoustic 

characteristics such as energy, zero-crossing rate [6], and autocorrelation function [7]. These features perform 

https://creativecommons.org/licenses/by-sa/4.0/
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well in speech detection when SNR is high, but suffer when SNR is low. Later research explored more 

advanced features such as higher-order statistics (HOS) of the error signal in linear predictive coding (LPC) [8] 

and mel frequency cepstral coefficients (MFCC) [9]. In noisy conditions, these characteristics performed better, 

but they were still insufficiently reliable for practical uses. Another class of VAD algorithms [10] was inspired 

by Ephraim and Malah [11], which assumes that clean speech and noise have different statistical properties. 

They applied a Gaussian distribution model to VAD [12] and improved it with Laplace distributions [13] and 

mixed distributions [14]. One of the main challenges with these VAD algorithms is calculating the SNR, 

which requires estimating the noise spectrum by assuming that the first dozen frames contain only noise. 

Therefore, some researchers have proposed combining these parameters to increase the robustness of VADs in 

various noisy environments or integrating them into deep learning, which has been adopted in recent years. 

Neural network models have been applied in speech activity detection [15], [16] to determine whether a frame 

contains speech or nonspeech. Although supervised VAD systems have a low error rate and high accuracy, 

they require a significant amount of training data to retrain the network to distinguish speech from nonspeech, 

which limits their real-time use. Unsupervised VAD is commonly used in digital speech processing. Its 

primary benefit over supervised VAD techniques is that it can differentiate between speech and nonspeech 

segments without requiring training data or prior knowledge. Instead, unsupervised VAD methods utilize 

acoustic features to determine thresholds or other parameters in the time and/or frequency domains. 

To extract speech features, the majority of research is based on signal processing using the discrete 

Fourier transform (DFT) [17] or gammatone filters [18], [19]. Recently, a new approach called single 

frequency filtering (SFF) [20] has offered an alternative to previous methods. To distinguish speech from 

nonspeech regions, SFF extracts the signal's temporal envelope at each frequency. It achieves this by 

determining the parameter contour as a function of time after computing the variance and mean of the signal's 

weighted energy at each frequency. The method was also used in [21], which proposed replacing the SFF 

approach with a quasi-quadrature filter bank to obtain envelopes and utilized histograms and estimators of 

probability distributions to determine the detection threshold. Notably, the SFF approach has also been 

applied to speech intelligibility enhancement [22], epoch extraction from emotional speech [23], and other 

similar applications. This suggests that it is a promising approach. 

This paper aims to develop a reliable, unsupervised VAD system based on the fractal dimension of 

envelopes. The envelopes are calculated at each frequency using the SFF approach. The fractal dimension is 

a mathematical tool widely used in various scientific fields. Previous studies have estimated the fractal 

dimension of electrocardiogram (ECG) signals in [24], [25] to aid in classification. Numerous techniques 

have been developed to measure the fractal dimension, including those proposed by Katz [26], Higuchi [27], 

Petrosian [28], Maragos [29], and the amplitude scale approach [30]. In particular, two algorithms,  

Higuchi and Katz, have been studied for their effectiveness in VADs [31]. 

An accurate VAD system is crucial in various scientific fields, such as audio forensics, medical 

diagnosis, and speech recognition applications. The VAD algorithms must be suitable for various noise types 

and SNR levels, and preferably should not need any training data or prior knowledge of noise. The novelty of 

this study is the use of fractal dimension analysis of the envelopes extracted by SFF [20] to develop a new 

approach for VAD. The fractal dimension's robustness to noise and other distortions is an advantage of 

applying it to VAD. It captures the overall complexity of the signal, rather than relying on specific spectral or 

temporal features that may be affected by noise or other distortions. Additionally, using the SFF approach, 

the envelope is calculated with high temporal and frequency resolution, which improves the accuracy of the 

fractal dimension and, hence, the performance of the proposed method. Existing VAD algorithms use 

predefined or adjusted thresholds depending on the type of noise and SNR levels [20], [31]–[33]. In contrast, 

the method automatically determines the threshold of each envelope, regardless of the SNR level or noise 

type. Moreover, the algorithm requires fewer envelopes compared to the VAD method based on the SFF 

proposed in [20], thereby reducing complexity and making it suitable for various applications. 

This paper is structured as follows: section 2 details the proposed VAD method, which includes 

SFF, computation of fractal dimension, and automatic threshold estimation. The results obtained are 

presented in section 3, where two speech databases are evaluated. Additionally, a discussion is provided to 

analyze and compare the effectiveness of the method. Finally, section 4 concludes with the findings. 

 

 

2. METHOD 

The performance of the suggested approach is assessed using the Texas Instruments Massachusetts 

Institute of Technology (TIMIT) [34] and King Saud University (KSU) [35], [36] databases, which were 

recorded at different sampling frequencies (16 kHz and 48 kHz, respectively). To ensure a consistent 

sampling frequency, the KSU sounds are downsampled to 16 kHz. The SFF technique is used to obtain the 

signal envelopes at the desired frequency. The steps for calculating the signal envelopes via SFF are 
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described in the following subsection. To prevent information loss, a zero-padding was implemented at the 

end of the envelope. To increase the accuracy of segment detection, a shorter window is preferred (10 ms). 

The fractal dimension is computed for each envelope frame, allowing for automatic speech segment 

classification. The automatic threshold calculation steps are explained as follows. Figure 1 illustrates the 

general block diagram of the proposed algorithm. 
 

 

 
 

Figure 1. A general block diagram of the proposed method 
 

 

2.1.  Envelopes calculation 

To obtain the envelope for a specific frequency, a technique known as SFF is employed [20]. The 

speech signal is multiplied by a complex sinusoid, and the filtered frequency is shifted using a single-pole 

filter placed near the unit circle (r > 0.99) at 𝑓𝑠 2⁄ , where 𝑓𝑠 represents the sampling frequency. This ensures 

that the filter remains stable and consistent across all frequencies, resulting in a more accurate envelope and 

improved resolution at each frequency. To compute the amplitude envelope of the signal at a desired 

frequency, the following steps are performed. The shifted signal 𝑥[𝑛] at frequency k is as (1). 
 

𝑥̃[𝑘, 𝑛] = 𝑥[𝑛]𝑒
−𝑗

2𝜋𝑓̅𝑘
𝑓𝑠

𝑛
 (1) 

 

The desired frequency is denoted by 𝑓𝑘̅, where k ranges from 0 to K-1, and n ranges from 1 to 𝑁. 

The total number of samples and frequencies are represented by N and K, respectively. After shifting the 

signal, it is filtered by a single-pole filter with a transfer function specified as (2). 
 

𝐻[𝑧] =
1

1+𝑟𝑧−1     (2) 

 

The output of the filtering process in (3). To ensure stability across all frequencies, the parameter r is 

chosen to be greater than 0.99. The resulting output, 𝑦[𝑘, 𝑛], is a complex number and can be represented in 

polar form using (4). The SFF envelope, denoted by 𝑣[𝑘, 𝑛], is defined in (5). In contrast, the phase, denoted 

by 𝜙[𝑘, 𝑛], is defined using (6), where "r" and "i" denote the real and imaginary components of the complex 

number, respectively. 
 

𝑦[𝑘, 𝑛] = −𝑟𝑦[𝑘, 𝑛 − 1] + 𝑥̃[𝑘, 𝑛] (3) 
 

𝑦[𝑘, 𝑛] =  𝑣[𝑘, 𝑛]𝑒𝑗𝜙[𝑘,𝑛]  (4) 
 

𝑣[𝑘, 𝑛] = √𝑦𝑟
2[𝑘, 𝑛] + 𝑦𝑖

2[𝑘, 𝑛] (5) 
 

𝜙[𝑘, 𝑛] = 𝑡𝑎𝑛−1 (
𝑦𝑖[𝑘,𝑛]

𝑦𝑟[𝑘,𝑛]
) (6) 

 

In this research, the SFF method can obtain the envelope at any desired frequency. However, for 

practical applications, the envelope was calculated every 100 Hz (∆f =100) within the range of 100 Hz to 

𝑓𝑠 /2⁄ , which covers the useful spectral band of speech. This resulted in a total of 80 envelopes that varied 

over time, compared to a previous study [20] that used 185 envelopes. Using fewer envelopes can reduce the 

method's implementation time and memory requirements. 
 

2.2.  Fractal dimensions and threshold calculation 

In this study, the fractal dimensions 𝐹𝐷[𝑘, 𝑚] were computed for the frame m in the envelope k. 

The fractal dimensions were obtained by computing the ratio of the normalized length 𝐿[𝑘, 𝑚] of the 
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envelope to the maximum distance between the first point and any other point on the envelope. The length 

𝐿[𝑘, 𝑚] (7) was determined by summing up the distances between two successive points using the 

coordinates X and Y of each point for the frame m of the 𝑘𝑡ℎ envelope. 
 

𝐿[𝑘, 𝑚] = ∑ √(𝑋[𝑘, 𝑗 + 1] − X[𝑘, 𝑗])2 + (𝑌[𝑘, 𝑗 + 1] − Y[𝑘, 𝑗])2𝑙−1
𝑗=1  (7) 

 

Here, 𝑗 = 1.2 … . 𝑙 − 1, and 𝑙 represents the sample number for the frame m. As well, the planar extent 

𝐷[𝑘, 𝑚] is defined in (8). 
 

𝐷[𝑘, 𝑚] = 𝑚𝑎𝑥(√(𝑋[𝑘, 𝑗 + 1] − X[𝑘, 1])2 + (𝑌[𝑘, 𝑗 + 1] − Y[𝑘, 1])2) (8) 
 

To obtain the 𝐹𝐷[𝑘, 𝑚], the length 𝐿[𝑘, 𝑚], and planar extent 𝐷[𝑘, 𝑚] were normalized by the 

average distance 𝑀[𝑘, 𝑚], which is the distance between consecutive points on the envelope. The equation 

for the average distance is given by (9). 
 

𝑀[𝑘, 𝑚] = 𝑚𝑒𝑎𝑛(√(𝑋[𝑘, 𝑗 + 1] − X[𝑘, 𝑗])2 + (𝑌[𝑘, 𝑗 + 1] − X[𝑘, 𝑗])2) (9) 
 

This approach, defined by the Katz algorithm, determines the fractal dimension 𝐹𝐷[𝑘, 𝑚] calculated using (10).  
 

𝐹𝐷[𝑘, 𝑚] =
log10(

𝐿[𝑘,𝑚]

𝑀[𝑘,𝑚]
)

log10(
𝐷[𝑘,𝑚]

𝑀[𝑘,𝑚]
)
 (10) 

 

The fractal dimensions are used to differentiate between speech and silence frames. Figure 2 illustrates the 

first envelope of a speech signal from the KSU database and its corresponding fractal dimension with the 

VAD decision. Specifically, Figure 2(a) presents the first speech envelope, while Figure 2(b) shows the 

fractal dimension of the first envelope (blue line) together with the corresponding VAD decision (red line). 
 

 

 
(a) 

 

 
 

Figure 2. Example of a VAD decision for the first envelope based on its fractal dimension: (a) first envelope 

of speech of the KSU database and (b) the fractal dimension of the first envelope and its VAD decision 
 

 

2.3.  Logic decision 

2.3.1. Threshold determination 

To determine the envelope's threshold decision (Figure 2) automatically, was employed the method 

suggested in [37], [38] was employed to estimate the first significant change (Ind) of the sorted fractal 

dimension 𝐹𝐷[𝑘, 𝑚]. As expressed in (11), the threshold is calculated by averaging the fractal dimensions for 

each envelope. The averaging is performed up to the first significant change. 
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𝑇ℎ(𝑘) = 𝑚𝑒𝑎𝑛(𝑠𝑜𝑟𝑡(𝐹𝐷[𝑘, 1: Ind])) (11) 
 

2.3.2. Voice activity detection decision  

The speech-presence segments for the envelope k are those above the threshold 𝑇ℎ(𝑘), and the 

speech-absence segments are those below the threshold 𝑇ℎ(𝑘). The envelope decision 𝑑[𝑘, 𝑚] is as (12). 
 

𝑑[𝑘, 𝑚] = 1, 𝑓𝑜𝑟  𝐹𝐷[𝑘, 𝑚] > 𝑇ℎ(𝑘)  

𝑑[𝑘, 𝑚] = 0, 𝑓𝑜𝑟  𝐹𝐷[𝑘, 𝑚]  ≤ 𝑇ℎ(𝑘) (12) 
 

Where m provides the number of frames for the 𝑘𝑡ℎ envelope, speech-presence segments are indicated by 1, 

while speech-absence or noise segments are indicated by 0. On the basis of the envelope's decisions, the 

Hangover scheme is applied to refine its output and enhance its performance [10], [12], [20]. The hangover 

threshold is between 20 and 40 ms [20]. For this study, the smoothing threshold employed is 20 ms. 

The final VAD decision, 𝐷𝑓(𝑚), is based on the envelope's decision, 𝑑[𝑘, 𝑚]. For clean speech, the 

algorithm requires a minimum of 40% of the envelopes to exhibit speech activity in order to classify the 

segment as clean speech [20]. This is due to the fact that clean speech signals typically have a high dynamic 

range in both time and frequency domains. Conversely, for noisy speech, the algorithm requires a minimum 

of 60% of the envelopes to exhibit speech activity in order to classify the segment as noisy speech [20]. 

Consequently, if the percentage is above the threshold percentage η, then the final decision 𝐷𝑓(𝑚) is 1  

(i.e., speech is present). Otherwise, the final decision is 0 (i.e., no speech is present), as defined in (13). 
 

{
𝐷𝑓(𝑚) = 1, 𝑓𝑜𝑟   ∑ 𝑑[𝑘, 𝑚]𝐾

𝑘=1 ≥ 𝜂

 𝐷𝑓(𝑚) = 0, 𝑓𝑜𝑟   ∑ 𝑑[𝑘, 𝑚]𝐾
𝑘=1 < 𝜂

 (13) 

 

 

3. RESULTS AND DISCUSSION 

In this part, the performance of the developed VAD method is evaluated using two databases, KSU 

and TIMIT, and compared with other widely recognized VAD algorithms. The performance is tested in both 

Arabic and English to assess its effectiveness for different languages. Additionally, the robustness of the 

method is evaluated by introducing different types of noise at varying levels of SNR. Figure 3 illustrates the 

metrics employed to evaluate the results of the proposed VAD algorithm [39]. 
 
 

 
 

Figure 3. Illustration of the performance metrics 
 
 

3.1.  Performance measures 

In evaluating the performance of VAD methods, five parameters proposed by Freeman et al. [39] 

are typically used, as shown in Figure 3 and described as follows: 

i) CORRECT: the VAD algorithm's correct decision in detecting speech.  

ii) Front-end clipping (FEC): misclassification of speech presence as nonspeech at the start of a  

speech-presence segment.  

iii) Mid speech clipping (MSC): misclassification of speech presence as nonspeech inside a  

speech-presence segment.  

iv) Carry over (OVER): misclassification of nonspeech as speech-presence at the end of a  

speech-presence segment.  

v) Noise detected as speech (NDS): misclassification of nonspeech as speech within a nonspeech segment. 

To obtain the percentage value of these parameters, each is divided by the total frame number and 

then multiplied by 100. The sum of FEC and MSC is referred to as true rejection (TR), representing the 

percentage of speech-presence rejected. The sum of OVER and NDS is referred to as false acceptance (FA), 
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representing nonspeech that is detected as speech presence. For better performance, the CORRECT metric 

should be higher, while TR and FA should be more miniature. 
 

3.2.  Databases 

In this work, two databases are used: the TIMIT database, which is widely used in voice VAD 

applications and speech systems, developed by Texas Instruments and the Massachusetts Institute of 

Technology [34], and the KSU speech Arabic database, created by the speech group (SG) at KSU [35], [36]. 

Fifty audio samples of the first sentence from the TIMIT database of each speaker are selected to assess the 

effectiveness of the proposed algorithm. Although the TIMIT sentences contain more speech than nonspeech 

segments, algorithms generally perform well in terms of speech acceptance but may have poorer performance 

in nonspeech rejection. To solve this issue, a 2-second silence period was added at the beginning and end of 

each TIMIT sentence, as described in [20], [37]. For the KSU database, 50 recordings of isolated digits were 

collected from various microphones used in the office, as they provided clear pauses between spoken words, 

allowing for an accurate assessment of the algorithm's performance in detecting speech and silence segments. 

The TIMIT dataset was recorded at a 16 kHz sampling rate, whereas the KSU database was recorded at a  

48 kHz sampling rate. Both databases are downsampled to 16 kHz. 
 

3.3.  Performance benchmarking 

3.3.1. Experimental setup 

This section aims to evaluate the performance of both existing and proposed VAD algorithms,  

using the performance metrics outlined earlier. For this purpose, five VAD algorithms were selected, namely 

the VAD for adaptive multi-rate option 2 (AMR2), which was normalized for European Telecommunications 

Standards Institute (ETSI) [32], the SFF approach for discriminating speech and nonspeech (VAD-SFF) [20], 

the unsupervised VAD and classification of audio segments using fractal dimensions (VAD-FD) [31], and 

the VAD algorithm using modified global and fuzzy entropy (FuzzyEn) [33]. To assess the performance of 

the developed algorithm, noise-added speech signals with various SNR levels, ranging from -5 dB to 25 dB 

in increments of 10 dB, were utilized. Their performance was evaluated on the TIMIT and KSU databases. 
 

3.3.2. Texas Instruments Massachusetts Institute of Technology benchmarking 

The evaluation results indicate that the proposed VAD method performs well on clean TIMIT 

sentences, with an average correct score of 96% for 50 audio files. The ratios of FEC, MSC, NDS, and 

OVER are 0.04%, 2.32%, 1.27%, and 0.35%, respectively. The analysis shows that the proposed method has 

a low FEC and OVER ratio, while MSC and NDS are below 2.5%. However, even with manual segmentation 

of the TIMIT corpus, an accuracy below 100% was obtained, which could explain the values of the ratios. 

Figure 4 illustrates an example of the VAD decision made by the proposed method (green line) and manual 

labeling (red line) for a TIMIT speech, demonstrating that the method accurately detects the start (FEC) and 

end (OVER) of the speech, as well as the short silence between speech segments (MSC), which justifies the 

MSC value. Overall, the results illustrate the effectiveness of the suggested VAD algorithm. 
 

 

 
 

Figure 4. Example of the VAD proposed method and the manual labeling segmentation of TIMIT database 
 

 

Figure 5 compare the performance of several VAD methods, including AMR2 [32], VAD-SFF [20], 

FuzzyEn [33], VAD-FD [31], and the proposed method. The evaluation was applied to TIMIT speech signals 

corrupted by additive white Gaussian noise (Figure 5(a)) and five non-stationary noise types, including pink 

(Figure 5(b)), leopard Figure 5(c), restaurant (Figure 5(d)), train (Figure 5(e)) and car (Figure 5(f)), at SNR 

levels ranging from -5 dB to 25 dB. The maximum correct values obtained for 25, 15, 5, and -5 dB are 
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95.71%, 94.99%, 93.32%, and 88.19%, respectively. Table 1 presents the average detection accuracy for all 

noise types. 
 

 

 
(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

 

 
(e) 

 

 
(f) 

 

Figure 5. Performance comparison of the TIMIT database as a percentage of CORRECT, FEC, MSC, NDS, 

and OVER for various noise types at different SNR: (a) white noise, (b) pink noise, (c) leopard noise,  

(d) restaurant noise, (e) train noise, and (f) car noise 
 
 

Table 1. Average accuracy of detection (%) at different SNRs 
SNR (dB) VAD methods 

AMR2 [32] VAD-SFF [20] FuzzyEn [33] VAD-FD [31] Proposed method 

-5 70.17 82.15 92.05 81.31 84.68 

5 83.85 94.55 92.37 86.47 92.74 

15 88.44 94.66 92.53 88.43 94.26 
25 91.45 95.94 93.13 89.92 95.37 
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3.3.3. KSU benchmarking 

For better accuracy, the robustness of the algorithm was evaluated using the Arabic KSU database, 

recordings in an office room, and with different recording tools. The average correct score for 50 clean 

speech samples in the KSU database was 98.48%, with negligible NDS and OVER values. The FEC and 

MSC errors are near zero, 0.88% and 0.65%, respectively. These results demonstrate that the approach 

performs excellently in non-isolated rooms. To evaluate the robustness of the approach on the KSU database, 

various types of noise were added, including white, restaurant, train, car, pink, and leopard noise, at different 

SNR levels (25, 15, 5, and -5 dB). Figure 6 illustrates the average performance of the KSU database with 

various noise levels at different SNRs. Figure 7 shows the accuracy of the suggested approach for several 

types of noise at different SNRs. The best results are obtained with accuracy rates of 96.77%, 93.79%, 

91.08%, and 81.42% at 25, 15, 5, and -5 dB, respectively. The results indicate that the proposed method also 

performs well for Arabic noisy speech. 
 

 

 
 

Figure 6. Performance comparison of the KSU database as average for different noise types at various SNR 
 

 

 
 

Figure 7. Average accuracy of detection (%) at various SNRs of VAD-FD [31] and the proposed method 
 

 

3.4.  Discussion 

The proposed method leverages the fractal dimension of envelopes, derived using the SFF method, 

to differentiate between speech and nonspeech segments. The SFF approach provides high temporal and 

spectral resolution for computing the amplitude envelope at each frequency of the speech signal. The Katz 

algorithm is utilized to determine the fractal dimension, which captures amplitude variation, and the Katz 

algorithm demonstrates superior performance in detecting speech activity [31]. 

The results presented in Table 1 from the TIMIT database show that the proposed approach and the 

VAD-SFF [20] under positive SNR conditions. At the same time, the FuzzyEn [33] method outperforms 
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them in adverse SNR conditions. However, the FuzzyEn method requires selecting and adjusting the global 

threshold based on the type of noise and the SNR levels. Notably, the approach achieves an accuracy of 

84.64% without any predefined or adjusted threshold, demonstrating its potential for real-world applications. 

In addition, the algorithm reduces the number of processed envelopes compared to VAD-SFF, which 

employs 182 envelopes and relies on the statistics feature δ(n) to make a decision based on standard 

deviation, means, smoothing parameters, and other parameters. In contrast, the proposed method uses only 80 

envelopes, more than 50% reduction in the number of envelopes, and automatically calculates the threshold 

based only on the fractal dimension of the envelopes. The fractal dimension accurately detects amplitude 

variation, without the need for other parameters, as in VAD-SFF. These advantages make the developed 

method highly reliable and suitable for favorable SNR conditions, demonstrating good performance for a 

wide range of applications.  

Figure 8 illustrates examples of the VAD decision related to the proposed algorithm for the TIMIT 

database: Figure 8(a) clean speech, Figure 8(b) speech degraded by white noise at 25 dB, Figure 8(c) at 15 

dB, Figure 8(d) at 5 dB, and Figure 8(e) at –5 dB. The VAD labeling across all SNR levels indicates good 

performance, which can be attributed to the high resolution provided by the SFF and the automatic threshold 

computation by fractal dimension. The proposed method performs well for positive SNR values, while for 

negative SNR values (Figure 8(e)), it can accurately detect nonspeech segments without missing speech. In 

this case, adjusting the percentage to smooth the final decision improves the results. 

Similarly, for the KSU database, the proposed method significantly outperforms VAD-FD, as shown 

in Figure 9. The main difference between the developed algorithm and VAD-FD is that the proposed method 

calculates the fractal dimension in each frame of each envelope. The SFF approach enables the calculation of 

the envelope with high temporal and frequency resolution, which in turn enhances the accuracy of the VAD 

algorithms by improving the fractal dimension. Figure 9 illustrates the VAD decisions of the proposed 

algorithm for the KSU database: Figure 9(a) clean speech, Figure 9(b) speech degraded by white noise at  

25 dB, Figure 9(c) at 15 dB, Figure 9(d) at 5 dB, and Figure 9(e) at –5 dB. The proposed algorithm 

successfully detects speech for positive SNR values (Figure 9(b) to (d)). For negative SNR values  

(Figure 9(e)), it accurately detects nonspeech segments without missing speech, and the percentage of final 

decisions remains acceptable. 
 

 

 
(a) 
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(e) 

 

Figure 8. VAD performance of the proposed method for TIMIT database: (a) clean speech, (b) speech 

degraded by white noise at 25 dB, (c) at 15 dB, (d) at 5 dB, and (e) at -5 dB 
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Figure 9. VAD performance of the proposed method for the KSU database: (a) clean speech, 

(b) speech degraded by white noise at 25 dB, (c) at 15 dB, (d) at 5 dB, and (e) at -5 dB 

 

 

4. CONCLUSION 

In this study, a reliable method for VAD was developed that effectively discriminates between 

speech and nonspeech segments. The methodology uses a combination of SFF and fractal dimension 

analysis. The envelopes are calculated using the SFF approach, and the fractal dimension of these 

envelopes is obtained using the Katz algorithm. Thresholds are then determined automatically for each 

envelope to make the final VAD decision. The proposed method's performance is evaluated using two 

different databases, namely, the TIMIT and KSU databases. The results show that the VAD decision is 

robust for noisy and clean speech. The approach significantly surpassed or matched the performance of 

other methods such as AMR2, VAD-SFF, FuzzyEn, and VAD-FD. Moreover, this method reduces 

memory and time consumption and does not require any training data or prior knowledge of speech or 

noise characteristics. The developed algorithm offers an effective and efficient solution for VAD, 

enhancing the performance of speech processing applications. Finally, in short term, focus will be placed 

on hybrid fractal dimension–machine learning models, and in long term for real time deployment in speech 

recognition systems. 
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