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Abstract: We propose a novel VAD method based 

on long term mean power spectrum (LMPS). It is 

estimated by Welch-Bartlett method through 

averaging periodogram estimate of spectrum of the 

input speech signal. The proposed scheme was 

evaluated under eleven types of noises and five 

types of SNR. Comparisons with three standards 

demonstrates that the accuracy of the LMPS based 

VAD scheme averaged over all noises and all SNRs 

is 16.9% better than that obtained by the best 

available commercial ETSI AMR VAD option2. The 

analysis of the experiment results also demonstrate 

that our proposed LMPS based VAD scheme can 

achieve high accuracy rate while keep good balance 

of the speech hit rate (SpHR) and silence hit rate 

(SiHR) which is very important for VAD. 

1: Introduction 

Voice activity detection (VAD) is the activity to 

discriminate speech segments from the input noisy 

speech. It is widely used within the field of speech 

communication for achieving high coding efficiency 

and low-bit rate transmission. Researchers have 

proposed a variety of features exploiting the 

different properties of speech and noise to achieve a 

better VAD accuracy. However, time-domain 

parameters exhibit dependencies on estimates of 

background noise and changes of thresholds. 

Spectral shape, on the other hand, tends to lose its 

effectiveness when the signal noise ratio (SNR) is 

low. This would lead to a poorer discrimination 

between the speech and non-speech regions. 

Therefore, the VAD problem still remains 

challenging and requires the design of further robust 

features and algorithms. 

2: Proposed Long-term Mean Power Spectrum 

Algorithm 

The block diagram of the proposed LMPS based 

VAD is shown in Fig. 1. The input speech signal is 

first windowed by the Hann window. And the mean 

power spectrum is estimated by Welch-Bartlett 

method [1]. Finally the VAD decision results are 

acquired by comparing the LMPS values with the 

adaptive threshold. 

2.1: Long-term Mean Power Spectrum 

The power spectrum 𝑆𝑥(𝑛, 𝑤𝑘)  is estimated by 

Welch-Bartlett method which averages the spectral 

estimates of M consecutive frames. The expression 

is as follows: 

𝑆𝑥(𝑛, 𝑤𝑘) =
1

𝑀
∑ |∑ 𝑤𝐻𝑛(𝑙 −

𝑁𝑤+(𝑝−1)𝑁𝑠ℎ
𝑙=(𝑝−1)𝑁𝑠ℎ+1

𝑛
𝑝=𝑛−𝑀+1

(𝑝 − 1)𝑁𝑠ℎ − 1)𝑥(𝑙)𝑒−𝑗𝑤𝑘𝑙|
2

                (1) 

where 𝑁𝑤 = 320  and  𝑁𝑠ℎ = 160 are window 

length and window shift, respectively. 
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Figure 1: Block diagram of the LMPS algorithm 

The long-term mean power spectrum (LMPS) is an 

asymptotically unbiased and consistent estimate of 

the power spectral density of the observed signal. It 

is computed using the last R frames of the input 

signal 𝑥(𝑛) with respect to the current frame of 

interest. The LMPS, LMPS(𝑚), at the mth frame 

across all the chosen frequency is then computed as 

follows: 

LMPS(𝑚) = ∑ MS(𝑚, 𝑤𝑘)𝐾
𝑘=1      (2)                              

where the mean value of Welch-Bartlett estimated 

spectrum is: 

MS(𝑚, 𝑤𝑘) =
1

𝑅
∑ 𝑆𝑥(𝑛, 𝑤𝑘)𝑚

𝑛=𝑚−𝑅+1    (3) 

From experiments we observed that the variance of 

the LMPS value of the noise signal is half that of 

the Welch-Bartlett estimated power spectrum, it 

demonstrate that the fluctuation of the power 

spectrum of noise is reduced by averaging which 

makes the discrimination of speech and non-speech 

segments easier.  

2.2: Parameter Selection and Threshold 

In the previous description, the detail of how to 

calculate the LMPS is given. However, there are 

still several parameters and adaptive threshold 

waiting to be decided.  

2.2.1: Selection {𝒘𝒌}𝒌=𝟏
𝑲 , 𝑴 and 𝑹 

It is known that 500 Hz to 4 kHz frequency range is 

crucial for speech intelligibility [2]. Hence we 

decide to choose 𝑤𝑘 in this range. The exact values 

of {𝑤𝑘}𝑘=1
𝐾  are determined by the sampling 

frequency 𝐹𝑠  and the order 𝑁𝐷𝐹𝑇  of Discrete 

Fourier Transform (DFT), used to compute the 

spectral estimate of the observed signal. Thus, 𝐾 =

𝑁𝐷𝐹𝑇(
4000−500

𝐹𝑠
) . In this research, we choose 

𝑁𝐷𝐹𝑇 = 512  and 𝐹𝑠 = 16 kHz which yield 

 𝐾 = 112. {𝑤𝑘}𝑘=1
𝐾  are then uniformly distributed 

between 500Hz and 4kHz. 

M and R are parameters used to estimate power 

spectrum and its long-term mean value, respectively. 

By experiments, we chose M=20 and R=30 which 

performs best for most noise types across the all the 

SNRs. 

2.2.2: Adaptive threshold 

To update the threshold, we use two buffers 

𝛤𝑆+𝑁(𝑛)  and 𝛤𝑁(𝑛) . 𝛤𝑆+𝑁(𝑛)  stored the LMPS 

measures of the last 200 frames, which were 

decided as containing speech; similarly, 𝛤𝑁(𝑛) 

stored the LMPS measures of the last 200 frames, 

which were decided as including noise only. Then 

the adaptive threshold is given using the following 

equation: 

THR(n)=𝜆*min(𝛤𝑆+𝑁(𝑛))+(1- 𝜆)*max(𝛤𝑁(𝑛)) (4) 

Where 𝜆  is the parameter of the convex 

combination. By experiments we found that 

𝜆 = 0.55  results in maximum accuracy in VAD 

decisions over the TIMIT test corpus [3]. 

The initial 2 seconds of the input signal are assumed 

to be noise only, from which we can get 200 

realizations of 𝛤𝑁 . Let 𝜇𝑁  and 𝜎𝑁  be the mean 

and standard deviation of these 200 realizations of 

𝛤𝑁. Since the average LMPS value of noisy speech 

is larger than that of noise only, the threshold should 

be more than the mean LMPS value of noise signal, 

we initialize the threshold to be THR = 𝜇𝑁 + 𝜎𝑁. 
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 Figure 2: Illustrative example of error rate 

3: Evaluation and Results Analysis 

To evaluate the performance of our proposed 

method, some experiments are carried out on part of 

TIMIT test corpus consisting of 40 individual 

speakers (20 female, 20 male) of eight different 

dialects of English. Two-second silence was added 

before and after each utterance to simulate a typical 

conversational speech in which the ratio of speech 

to non-speech was almost 40% to 60%. Then, noise 

of eleven categories taken from NOISEX-92 

database [4] were added at five different SNR levels 

(-10dB, -5dB, 0dB, 5dB, 10dB) to all test utterances 

The total test dataset thus obtained consists of 4.75 

minutes of noisy speech of which 61.3% was only 

noise. The decisions obtained by the proposed VAD 

algorithm are compared against known reference 

labels which are got from the phonetic transcription 

of the TIMIT corpus. The beginning and end 

locations of the speech portions of the 

silence-padded TIMIT sentences were computed 

using the start time and end time of the sentence 

obtained from the TIMIT phonetic transcriptions. 

The final VAD decisions of proposed method were 

computed for every 10-ms interval. 

3.1: Evaluation Schemes 

Two evaluation schemes are adopted for the fair 

evaluation of the proposed method. The first one is 

named to be accuracy rate which includes the 

CORRECT rate, Speech Hit Rate (SpHR) and 

 

Figure 3: CORRECT Rate comparison for all noises 

Silence Hit Rate (SiHR). The other is the testing 

strategy proposed by Freeman et al. [5] As Fig. 2 

shows, the error rate includes Front End Clipping 

(FEC), Mid Speech Clipping (MSC), OVER and 

Noise Detected as Speech (NDS). 

3.2: Results Comparison 

Experiments are done on our proposed method and 

the three standards. The implementations of G.729B 

and ETSI AMR VADs (AMR1 and AMR2) were 

taken from [6] and [7], respectively. Fig. 3 shows 

the VAD CORRECT Rate comparison in different 

SNRs between proposed method and the three 

standards in the aspect of CORRECT Rate. From 

Fig. 3, we conclude the proposed LMPS VAD 

algorithm performs the best among the four 

algorithms across all the test SNRs and especially at 

as low SNR as -10dB, it can still achieve an average 

of 76.2% correct rate while other three are only 

below 50%. As the SNR increases, the correct rate 

increases steadily for all four schemes. When the 

SNR reaches 10dB, the LMPS VAD can get as high 

as 95.4% while AMR2, the best among the three 

standards, can achieve 88.1%. 

In total, the average correct rate across all SNRs is 

87.8% for LMPS and 70.9% for AMR2. So the 

correct accuracy is 16.9% higher than AMR2 

and28.9% and 23.9% higher when SNRs are -10dB  
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Figure 4.2: Performance comparison for all noises



 

Figure 4: Accuracy Rate comparisons of four VAD schemes for eleven kinds of noises 

and -5dB, respectively. 

3.2.1: Accuracy Rate Comparison 

Only the CORRECT rate is not enough to evaluate a 

VAD scheme comprehensively. We adopt the 

Accuracy Rate and Error Rate evaluation standards. 

Fig. 4 is the comparisons of the four VAD schemes 

in eleven kinds of noises. For the CORRECT rate 

we can see from the figure that LMPS method 

performs best in all eleven kinds of noises. 

Moreover, the SpHR of LMPS outperforms all 

others in all the noise conditions except Car Interior 

and Machinegun. Especially for the stationary noise 

such as white and pink, LMPS achieves around 30% 

higher than AMR2 which is the best among all other 

three. As for SiHR, we can clearly see that the 

LMPS algorithm also performs better in most noise 

types with F16 noises to be the exception.  

3.2.2: Error Rate Comparison 

Fig. 5 shows the Error Rate comparisons of four 

VAD schemes for eleven kinds of noise, we observe 

that FEC and MSC errors of LMPS VAD methods 

are the smallest for most noise types among the four 

VAD schemes while the OVER and NDS errors of 

LMPS is obviously larger for noises like HFchannel 

and F16. However, high value of OVER and NDS 

implies that noise frames are detected as speech. 

Depending on the applications, such errors can be 

tolerable. On the contrary, high FEC and MSC is 

harmful for any application since it implies that 

speech frames are decided as noise frame. Generally 

speaking, the proposed LMPS method outperforms 

the other three standards even at the aspect of Error 

Rate. 

4: Conclusion  

We proposed a robust long-term mean power 

spectrum based VAD scheme. The experiments are 

done on TIMIT corpus for eleven kinds of noise 

from NOISEX92 database across five different 

SNRs range from -10dB to 10dB. The performance 

of our proposed method is compared with the three  
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Figure 5 Error Rate comparisons of four VAD schemes for eleven kinds of noises 

standards, G.729B, AMR1 and AMR2. The results 

are analyzed through two evaluation schemes, one 

is accuracy rate include CORRECT, SpHR and 

SiHR while the other is error rate which include 

FEC, MSC, OVER and NDS. Through extensive 

experiments, we show that the accuracy of the 

LMPS based VAD performs best among the four 

VAD schemes by giving 87.8 % average CORRECT 

rate, 89.7% SpHR and 87.5% SiHR while AMR2, 

which performs the best among the tree reference 

standards, gives a 70.9 % average CORRECT rate, 

72.3% SpHR and 55.9% SiHR. 

The test database was created to simulate typical 

conversational speech by inserting silence to 

utterances from TIMIT database, so that the ratio of 

speech to non-speech was almost 40% to 60%. 

While this simulates a conversational speech 

statistically, this is not very realistic in terms of 

randomness of pauses, hesitations, etc. Furthermore, 

the proposed method lost its efficiency under the 

noise of HFchannel and F16 because of its high 

LMPS value compares with other noise types. 
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