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Abstract 
Voice activity detection (VAD) is widely used for various 
speech-based systems which is an important pre-processing 
step. This paper proposes a robust voice activity detection 
algorithm. In the proposed algorithm, the sub-band temporal 
envelope and the sub-band long-term signal variability are 
considered to distinguish the speech from all kinds of 
non-speech which include stationary noise and non-stationary 
noise. The two features are combined to make a robust VAD 
decision according to the fusion decision. The proposed 
algorithm also is an unsupervised low-complexity algorithm 
and can operate without pre-train models. The experiments 
results show that the proposed algorithm is prior to the 
different baseline algorithms and can handle a variety of noise 
environments over a wide range of signal-to-noise ratios. The 
proposed algorithm could apply to speech-based systems. 
Index Terms: voice activity detection, sub-band temporal 
envelope, sub-band long-term signal variability, fusion 
decision 

1. Introduction 
Voice activity detection (VAD) is a significant technology for 
distinguishes speech from non-speech in audio streams 
automatically. VAD is widely used for various speech-based 
systems such as speech enhancement, language identification, 
speaker recognition, speech coding and automatic speech 
recognition. Accurate VAD greatly reduces error rates and 
overall computation time for speech recognition [1] and 
speaker recognition [2]. Noise robust speech detection in the 
audio signals is an important pre-processing step because it 
can significantly improve performance. Practical VAD must 
be able to accurately and robustly detect speech periods and 
non-speech periods from observed signals in real 
environments in which complex background noise are existed. 
However, developing a VAD for noisy environments with low 
signal-to-noise ratios (SNR) or for any non-stationary noise is 
still very challenging.  

Many methods have been proposed for speech detection. 
Early VAD approaches were based on simple energy 
thresholds, pitch and zero-crossing rate rules [3]. More recent 
approaches consider more advanced parameters such as Mel 
frequency cepstral coefficients (MFCC), wavelet-based 
features [4], correlation coefficients [5] and spectrogram 
entropy [6, 7]. These approaches perform well in where there 
is little or no background noise. However, the performance 
will degrade seriously when the SNR decreases [8]. To solve 
this problem, other VAD have been developed and require 

noise estimation. The posteriori SNR and the priori SNR are 
calculated in [9]. Noise estimation and adaptation techniques 
were considered to improve its robustness under 
non-stationary noise environments but it has high 
computational complexity [10]. The most promising 
approaches are data-driven methods, which a classifier is 
trained to predict speech and non-speech according to acoustic 
features [11] such as support vector machines (SVM) [12], 
Gaussian mixture models (GMM) [13], artificial neural 
network (ANN) [14] , hidden markov models (HMM) [15] 
and conditional random fields (CRF) [16]. However, the 
performance of these techniques may be much lower when the 
acoustic characteristics of the real environment mismatch the 
training data. The recent studies show that the long-span 
features could effectively improves the robustness in complex 
noise environment because the decision for each frame can be 
performed in the context of the adjacent frames [17]. In 
addition, speech signal could be detected according to the 
temporal envelopes within different frequency bands [18]. In 
recently, there has been interest in developing the VAD 
systems which can operate without training data and robust in 
a variety of noise environments over a wide range of 
signal-to-noise ratios. Earlier VAD systems, such as G.729B 
[19] and AMR [20], followed a rule-based approach and 
required no training data. These speech coding standards 
specifies a VAD which is often used in VAD performance 
evaluations.  

In this study, we propose a robust and practical VAD 
system in real environments even where strong stationary or 
non-stationary noise exists. We analyze the temporal envelope 
for different frequency bands and compute their statistical 
characteristics. We also consider the long time information 
and the long-term signal variability feature will be extracted 
for the particular frequency bands which reflect the formant 
characteristic. The VAD’s decision is made after multiple 
observations. Sub-band temporal envelope feature and 
sub-band long-term signal variability will be combined to 
detect the speech in different environments. The proposed 
VAD does not need training data and any pre-trained models. 

The remainder of this paper is structured as follows. 
Section 2 introduces the proposed VAD algorithm. The 
performance comparisons are demonstrated and evaluated in 
section 3. The conclusions and future work are shown in 
section 4. 

2. Proposed VAD algorithm 
In this section, we firstly introduce the framework of the 
proposed VAD system. Subsequently, the detail is presented. 
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Figure 5: the ROC curve for different VAD algorithms 

 

3.3. Results and discussion 
We evaluate the TPR firstly. We find that the proposed VAD has 
higher TPR as compared to both the baseline algorithms. And 
the proposed algorithm has lower FPR as compared to both the 
baseline algorithms. The areas of ROC are larger for the 
proposed algorithm. The proposed algorithm has advantage 
especially for speech-like sound such as babble noise. The ROC 
curves indicate that proposed algorithm significantly 
outperforms the baseline algorithms in a variety of noise 
environments. 

As shown in this subsection, the proposed method 
outperforms both the baselines. The proposed algorithm analyzes 
the sub-band which could represent obvious formant 
characteristics and has the advantages of both the sub-band 
temporal envelope and the sub-band long-term signal variability 
through proper fusion decision. Therefore, it is robust to detect 
the speech signal from all kinds of stationary noise and 
non-stationary noise even in low SNR. These results confirmed 
that the VAD we propose was able to operate accurately and 
could apply to speech-based systems. 

4. Conclusion and future work 
This paper presented a noise robust voice activity detection 
approach. In the proposed method, the sub-band temporal 
envelope feature and the sub-band long-term signal variability 
are combined to distinguish the speech from all kinds of 
non-speech which include stationary noise and non-stationary 
noise. The proposed VAD was compared to two existing VAD 
algorithms using NOISEX-92 signals at various SNR and our 
experiments results show that the proposed approach 
significantly outperforms the baseline approaches. The results 
revealed that the proposed approach could accurately detect 
speech periods and non-speech periods in the low SNR 
conditions. In addition, it does not require training data and 
pre-trained models. It doesn’t make assume that the beginning of 

the signal contains non-speech. The delay for proposed method 
is below 150ms and could meet the requirement of cellular 
communications and underwater acoustic communication. It is 
directly applicable to these systems. 

In future, we plan to optimum the fusion decision; the noise 
environment could be detected automatically and the VAD 
decision would be adjusted adaptively through different 
environment. We would improve speech detection performance 
for unvoiced frame. In addition, we will extend our method into 
wideband speech signal. 
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