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Abstract
This paper discusses two new features for speech activity detec-
tion(SAD), using a multi-layer perceptron(mlp) trained to pre-
dict phoneme from acoustic features. The first feature is based
on the difference between speech and noise histogram of cer-
tain phonemes. A scoring mechanism is formulated to score
the softmax probabilities of the frames of a phoneme. The sec-
ond feature is based on the correlation between softmax prob-
abilities of the edge frames for certain phoneme transitions. A
probabilistic approach is formulated to score the phoneme tran-
sition. Relevant datasets are used to prove the robustness of the
proposed features in terms of speech activity detection.
Index Terms: Speech Activity Detection, Noise Robustness,
Feature Engineering

1. Introduction
One of the most crucial requirements of a speech recognition
engine is the robustness. i.e., the ability to recognize under
noisy conditions. To deal with noisy recordings, there are
broadly two approaches. One is noise aware training(NAT)
and the other is dealing with noise in the early pre-processing
stage. Noise aware training is advantageous because, the spec-
tral properties of the noisy speech signal gets learned by the
recognition model, be it discriminative or generative. There is
no need of any assumptions about the nature of noise. In most
of the cases where noise is widespread throughout the record-
ing, not even a noise tag is needed in the training phase. But this
assumption free noisy training may not yield good recognition
results while testing in a different noise environment.

On the other hand, a pre-processing stage is often used
based primarily on the end-user conditions. Most noise de-
tection and signal enhancement algorithms are employed at
this pre-processing stage. If the end-user noise environment
is known in prior, then appropriate noise reduction algorithms
can be used in the pre-processing stage. For eg, if the speech
recognition engine is to be used in an automobile, then the pre-
processing stage involves vehicle sound detection, horn detec-
tion, etc. This approach enables to have a modular approach
where the early pre-processing stage is heavily biased towards
the final end-user environment insulating the core recognition
engine.

Many recognition engines use mlp for speech decoding in
multiple forms. Mlp posteriors can be used in tandem or hybrid
architecture [1]. In a very simplistic way, mlp posterior them-
selves could be used as the recognition feature. In such cases,
frame to phoneme mapping is needed. The advantage with such
an approach is that frame level decision can be taken depend-
ing on the end user application. And the whole hidden Markov
modeling(HMM) decoding can be skipped. For isolated word
decoding, mlp posteriors are a promising approach.

The issue with the direct frame to phoneme to sentence de-

coder approach is the presence of many out of order phonemes
in the decoded phoneme sequence. A single frame of stop
phoneme in the middle of a vowel segment, or vice-versa con-
fuses the sentence decoder. Context dependent phonemes make
the matter worse. This paper explores two approaches to assign
a confidence score for certain phonemes using mlp decoded pa-
rameters.

2. Related Work
Speech activity detection has a rich literature. One common
approach is to use sparse coding to learn a combined dictionary
of speech and noise and then removing noise part to get the
pure speech representation [2, 3]. The correspondence between
the features derived from the clean speech dictionary and the
speech/non-speech labels can be learned using discriminative
models like conditional random fields [4].

Autocorrelation functions and its various derivatives have
been used extensively for voice activity detection. Subband
decomposition and suppressing certain subbands based on sta-
tionarity assumptions on autocorrelation function is used for
robust voice activity detection(VAD) [5]. Autocorrelation de-
rived features like harmonicity, clarity and periodicity provide
more speech-like characteristics. Pitch continuity in speech has
also been exploited for robust speech activity detection [6]. For
highly degraded channels, GABOR features along with auto-
correlation derived features are also used [7]. Modulation fre-
quency is also used in conjunction with harmonicity for VAD
[8].

Another approach is to model the whole acoustic space
using a universal background model(UBM). Gaussian mixture
models are used as universal background models, which needs
only unlabelled data to train. Using a small set of labeled
speech and non-speech data, summary such as Baum-Welch
statistics can be calculated using a universal background model
and stored as prototype vectors representing speech and non-
speech classes. A simple thresholding mechanism can be used
to determine whether a recording is speech or non-speech [9].

Another very common method is to use mel frequency cep-
stral features with classifiers like SVMs to predict speech re-
gions [10]. Derived spectral features like low short-time energy
ratio, high zero-crossing rate ratio, line spectral pairs, spectral
flux, spectral centroid, spectral rolloff, ratio of magnitude in
speech band, top peaks and ratio of magnitude under top peaks
are also used to predict speech/non-speech regions [11]. Mlp
posteriors have been also used in various noise robustness based
tasks in various forms [12,13]. Various neural network architec-
tures like recurrent neural networks(RNN) [14], long short term
memory networks(LSTM) [15], deep neural networks(DNN)
[16] has been used for speech activity detection.

The rest of the paper is organized as follows. Two new
features are introduced and characteristics of these features for
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noise and speech are explored. Appropriate scoring mecha-
nisms are used to score the features. And finally, the features
are benchmarked with standard real-world datasets.

3. Approach & Analysis
An mlp is trained to predict the phonemes, given the plp feature
as input. Softmax layer is used as the output layer, and cross
entropy is used as the error measure. Given a window of 9 plp
frames at the input, mlp outputs a probability vector, where each
component corresponds to a phoneme. The phoneme with the
highest softmax probability is the classified phoneme for that
frame and is labeled the top phoneme for the frame. In this
paper, the probability associated with the top phoneme is merely
treated as a score which could be used to separate speech and
noise. Hence, we use softmax probability and softmax score
synonymously.

Voxforge dataset is used to train the baseline mlp. As the
Voxforge data is recorded in an unconstrained environment, it
is close to real-world conditions. For subsequent model devel-
opment, other datasets are used. Background noise subset of
the CHiME dataset [17] is used as the noise data. Noisy speech
dataset NOIZEUS [18] is used as the speech data.

3.0.1. Overall Approach

Run plp frame window feature, from a subset of speech and
noise data, through the baseline trained mlp to get a set of train-
ing probability vectors. Extract features from these intermediate
training probability vectors to train the models for specific top
phonemes. To benchmark the approaches, pass the plp window
from the testing speech and noise datasets, through the same
baseline mlp to get the testing probability vectors. Use the re-
quired features from the testing probability vectors to score the
models.

As the mlp is trained on one dataset and is used as a tool to
make models for speech and noise data, any positive experimen-
tal result shows the robustness of the proposed features. The
features explored are (i) Score from softmax histogram differ-
ence between speech and noise. (ii) Score from softmax proba-
bility at certain phoneme transitions.

3.1. Score from Softmax Histogram Difference

Figure 1 shows the softmax probability of the top phoneme /r/
for noise and speech data. The histogram of speech and noise
is different but very close. First, we run a hypothesis testing to
show that the top probability is indeed different for speech and
noise, and can be used for speech vs noise separation.

3.1.1. Hypothesis Testing for Means

As histograms overlap, a student’s t-test for independent means
is performed to figure out whether the difference between 2
samples is statistically significant. Assuming unknown popula-
tion variance, the null and alternative hypothesis of the student’s
t-test are

H0 : µs = µn

HA : µs 6= µn

where, µs and µn are the mean probabilities for speech and
noise. A p-val < 0.02 and t = 54.11, suggests rejection
of the null hypothesis and implies that the speech and noise
top softmax scores are indeed statistically different. This im-
plies that for the speech, top phonemes are predicted with more

Figure 1: Histogram for phoneme /r/ for speech and noise

confidence by the mlp frame classifier as compared to that of
noise. In other words, for noise data, a wrongly predicted top
phoneme is very close to the second predicted phoneme for the
same frame.

3.1.2. Scoring Method

The insight that histogram of the top phoneme is different for
speech and noise, can be used to discriminate between speech
and noise. A simple function is defined, which scores the soft-
max probability p of a frame belonging to a phoneme, being
generated from speech.

d =sp − np (1)

d̂ =d+ τd (2)

c =e−(1−d̂) (3)

where, sp and np is the probability of the softmax score p, cal-
culated from speech and noise histograms respectively. sp and
np are defined as,

sp =
Cs
[
p
]

Ts
(4)

np =
Cn
[
p
]

Tn
(5)

where, Cs
[
p
]

is the count of softmax scores in the speech his-
togram bin where the softmax score p falls, for a particular
phoneme. Ts is the total number of softmax score points for
the speech data for the same phoneme. Cn[p] and Tn are the
respective counts for noise data. Note that the counts Cs[ ],
Cs[ ], Ts, Tn are computed from the training datasets, where
p is an incoming test softmax probability whose score is to be
calculated.

In Eq. (1), the probability of a softmax score being gener-
ated from the speech is modified by subtracting the probability
of the same softmax score being generated from noise. In short,

27



Figure 2: Softmax prob of /r/ against /eh/ on noise data

if the probability of a softmax score calculated from speech
and noise histogram is the same, then the final score should be
minimum. As the difference in probability is minimal between
speech and noise histograms, it needs to be amplified in propor-
tion to the difference itself, as in Eq. (2). τ is the amplification
factor. Finally, for a softmax probability p, a score is given in
Eq. (3). The file level score f1 is given by

f1 =
1

N

∑

i

ci (6)

where,N is the number of the occurrence of frames of phoneme
p. Note that f1 is dominated by the frames with a large softmax
score difference in Eq. (1).

3.2. Score from Softmax Probability at Phoneme Transition

During a phoneme transition, the top softmax probability of the
frames in transition, i.e., the last frame of the first phoneme and
the first frame of the phoneme into which the transition is taking
place, may exhibit some correlation, for some phoneme pairs.
Figure 2 & 3 plots the softmax probability of the edge frames of
phoneme transition from top phoneme /r/ to /eh/, for noise and
speech respectively.

It is evident from the plots that, for speech, there is a corre-
lation between the softmax probability of the last /r/ frame and
the first /eh/ frame in the transition. A measured correlation co-
efficient r = 0.61 for the data in Figure 3 is sufficient enough to
exploit this property for speech and noise separation. Note that
the range of values of Figure 2 and 3 are different. For noise
data, there are very few data points with x-values > 0.35. This
warrants us to limit the x values of the speech data, to 0.35. Still
there exists a correlation of r = 0.41, for curtailed speech data,
as opposed to a correlation of r = 0.21, for noise data.

3.2.1. Scoring Method

We define an unnormalized joint density function on softmax
probability pair (pa, pb) for the edge frames in phoneme transi-
tion (a, b), from only the speech data.

Figure 3: Softmax prob of /r/ against /eh/ on speech data

PS(pa, pb) =
1 + Cs

[
pa, pb

]

v2 + Ts
(7)

where, Ts is the total count of all points in (a, b) space from
speech data.

[
pa, pb

]
is the probability bin in which the (pa, pb)

falls and Cs
[
pa, pb

]
is the count of the bin

[
pa, pb

]
. Subscript

s denotes speech data. v is the number of bins into which the
probability space [0, 1] is divided. Assume x and y space is di-
vided into equal number of bins. Eq. (7) is the Laplace smooth-
ing derived from language modeling. Note that the counts
Cs
[
pa, pb

]
and Ts are from the speech training dataset.

Given an incoming phoneme transition pair (a, b) and the
associated softmax probability pair (pa, pb), to calculate the
score for the probability pair, use pa as the independant vari-
able and calculate the conditional expectation value p̂b using
the joint pdf.

p̂b = E[y|x = pa]

=
∑

y

yPs(y|x = pa)

=
∑

y

y
Ps(pa, y)

Ps(x = pa)
(8)

As the y space is divided into intervals [yi, yi+1] of duration
1
V

, the expected value p̂b can be written as,

p̂b =
∑

i

mi
Ps(pa,mi)

Ps(x = pa)
(9)

where,
mi =

yi + yi+1

2
Finally, the confidence score of observing a phoneme pair

(a, b) with softmax probability (pa, pb) is given by

g =





e−(pb−δr) δr < pb
e−(δl−pb) δl > pb
1 δl ≤ pb ≤ δr

(10)
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Figure 4: ROC for f1

where,

δr =p̂b +
1

2V
(11)

δl =p̂b − 1

2V
(12)

Eq. (10) is an exponential function which penalizes the
absolute difference between the observed pb and predicted p̂b.
There are 2 thresholds, δl and δr , which acts as an interval to p̂b.
If the observed pb falls in the expected interval [δl, δr], then it
is treated as a correct prediction. The file level score f2 is given
by

f2 =
1

M

∑

i

gi (13)

where, M is the number of (a, b) transitions in the file.
Eq. (7) is not directly used to predict the joint score g, given

an incoming testing pair (pa, pb), because of the following rea-
son. If all the training data points in (a, b) space are distributed
evenly across the joint probability space [0 1]2, then for a given
pa, Eq. (7) outputs a not so insignificant density value of pb.
On the other hand, for a widely and evenly distributed pb, Eq.
(10) gives a low score, which is ideal from a precision point of
view. Eq. (10) outputs a high value, if the observed pb is close
to the expected value p̂b.

4. Experimental Results
The difference between features f1 and f2 is that, for f1 model
construction, noise and speech histogram is required, whereas,
for f2, only speech data is required to build the joint probability
distribution. Models(Counts) for f1 and f2 are computed from
the training subset of both speech and noise data. The features
are tested on testing subset, for speech activity detection at the
recording level.

f1 is calculated for the phoneme /r/ with amplification fac-
tor τ = 1.5. Figure 4 shows the receiver operating character-
istics(ROC) curve for f1 for various thresholds. Similarly f2

Figure 5: ROC for f2

is computed for the phoneme transition (/r/,/eh/) with v = 20,
i.e, the probability space is divided into intervals of size 0.05.
Figure 5 shows the ROC curve for f2.

It is clear from the ROC curves that this approach can be
used as a reliable add-on to any speech activity detection al-
gorithms. One apparent issue with this approach is the possi-
ble scarcity of the frames of a chosen phoneme for f1 and the
frames in phoneme transitions for f2 calculation. Thus, these
approaches are more applicable in continuous speech recogni-
tion, as opposed to isolated word recognition.

5. Conclusion and Future Work

Two approaches for speech activity detection, one based on the
difference in softmax scores of a phoneme for speech and noise
data and another based on the softmax score of edge frames
in a phoneme transition, are presented. One concern in using
these approaches is probably the scarcity of sufficient frames
of a particular phoneme for f1 and phoneme transitions for f2.
This suggests the usage of these techniques as an add-on to ex-
isting speech activity detection approaches. Relevant datasets
are used to prove the robustness of the scoring mechanisms.

In the experiments, features derived from a single phoneme
and phoneme transition are discussed. The idea is extendible
equally to any number of phonemes or phoneme transitions.
Context-dependent phoneme transitions may offer more valu-
able insights to detect speech activity. Presently the experimen-
tation is done at the recording level, but the approach is equally
extendible to small chunks in recordings. It is also possible to
combine the features to make a composite recording level score
for speech activity detection.

Another possible improvement in the calculation of f2, in
particular, is to use frames other than just the edge frames for
both the phonemes in transition. The trajectory of the softmax
scores of all the frames may provide clues in differentiating
speech from noise.
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