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Abstract—This paper presents an approach to detect noisy
wave files, using multiple frame classifiers. The differences in
frame classification between two classifiers is codified in terms of
probability distributions. A probabilistic framework is presented
to detect noisy files using these distributions. The proposed
approach is benchmarked against relevant datasets.
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I. INTRODUCTION

In most speech recognition based interactive voice response
system(IVRS), a pre-processing step is needed which tells
whether a file contains speech or not. A misrecognition in one
of the steps could prompt the dialogue manager, which directs
the dialogue, to take undesirable paths through the dialog tree.
Mostly signal processing based approaches are used to detect
the level of noise or speech in a wave file. A major drawback
with signal processing based approaches is that, it often makes
assumptions about the noise, which is generally not practical.

One such assumption is the stationarity of noise, which
assumes that the spectrum of noise is relatively same across
time. This allows spectral subtraction to be employed. But in
reality, real-world noise conditions seldom follow stationarity
in spectrum. In fact real-world noise will be anything but being
stationary. Moreover many phones has a lot of similarity with
noise, spectrum wise, which will make spectral subtraction
difficult.

Another approach is model the speech, rather than noise.
As the spectral variations in speech will be limited and more
contained as compared to that of noise which could be very
broad, it will be easy to model the aspects of speech such as
harmonicity, pitch, etc so that differentiation between speech
and noise is easier. But a lot of noise types are also harmonic,
which will cause difficulties in discriminating speech and noise
eventually.

In terms of application, a dialogue manager will have the
information regarding what type of confidence scoring for
speech, to be employed, depending upon the node. A node in
a dialog path is a system prompt followed by a user utterance.
If the dialogue nodes corresponds to a confirmation, where a
false positive will be too expensive, the wave file can only
be passed to the speech recognition engine, once the there is
enough confidence that the file contains speech.

On the other hand if the dialogue node involves the
recognition of a word from a list, then skipping the pre-
processing step may be prefered, thus allowing the speech
recognition engine to output a hypothesis, either frame wise
or phone wise or word wise, depending upon the engine. Now
using a mathematical model to suggest how a phone might get
affected by the presence of noise, some recovery is possible.

In critical applications such as banking, not even a sin-
gle false positives can be afforded, even at the expense of
missing some of the genuine speech files. In such cases, a
pre-processing step before passing the wave file to a speech
recognition engine is very much necessary. This paper captures
the biases of frame classifiers, for noise and speech, and
presents a probabilistic model to score the presence of full
background noise in a wave file.

II. PROBLEM DEFINITION

Given a wavefile, derive a mechanism to find out whether
the file is full background noise or not.

III. PRIOR WORK

In [1], author discuss an approach using a set of temporal
and spectral features to segment the videos into speech and
non speech. Author uses features like Low short-time energy
ratio,high zero-crossing rate ratio, Line Spectral Pairs, Spectral
centroid, Spectral Roll-off, Spectral Flux, etc. Classifiers are
trained to predict whether a segment is speech or non-speech.
In [2], authors use a neural network for learning the phone
durations. The input features are derived from the phone
identities of a context window of phones, along with the
durations of preceding phones within that window.

In [3], authors discuss about a noise robust Voice Activity
Detection(VAD) system, utilizing periodicity of signal, full
band energy and ratio of high to low band signal energy.
Voice regions of speech are identified and then proceeds to
differentiate unvoiced regions from silence and background
noise using energy ratio and energy of total signal. In [4],
authors present spectral feature for detecting the presence of
spoken speech in presence of mixed signal. The feature is
based on the presence of a trajectory of harmonics, in speech
signal. The property that, speech harmonics cover multiple
frames in time, is treated as a feature.

In [5], authors use harmonics, pitch and subband energy
to locate the speech and track the time-varying noise. Pitch
measurements are used to detect the vowel segments. Subbands
are divided based on energy and frequency and based on
predetermined thresholds from determinate noise, voiced parts
of potential voice regions, are identified.

In most of the approaches the problem of detecting speech
is the prime task. Anything that doesn’t fall under the definition
of speech, is treated as noise. This is because of the inherent
patterns and uniformity present in speech. As opposed to
speech, noise is difficult to parameterize spectrally.
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IV. APPROACH OUTLINE

Frame classifiers trained from different dataset differs on
classification. Difference in this classification is more pro-
nounced in noise data, compared to that of speech data. This
is due to the fact that, as subphones are as labels to train the
classifiers, when testing on speech data, there would be some
similarity in recognition output from multiple classifiers. On
the other hand, while being tested on noise data, the chances
of similarity in recognition output, is less.

It is exactly this difference in similarity that can be used
as an information to score a wave file for noise. The overall
approach can be summarized as

1) Train two classifiers from different datasets, to predict
the same labels. In this case the labels are phone
states. The datasets used are termed as td1.

2) For speech and noise data, find out the difference in
phone recognition, file wise. The datasets used here
is termed td2.

3) Capture this difference in terms of probability distri-
butions

4) Derive a bayesian framework to score a wave file for
noise.

5) Using a testing dataset td3, benchmark the approach.

V. EXPERIMENTAL DETAILS

Two classifiers are trained with phone states as labels. A
subset of Voxforge and LibriSpeech datasets, which is desig-
nated as td1, are used to train the classifiers. Perceptual Linear
Coefficients(plp) is used as the features. Delta and double delta
features are also used. Another subset of Voxforge, along with
a subset of pure background noise from CHiME4 dataset is
designated as td2. td2 is used to fit the conditional probability
distributions for noise and speech for selected phones. A third
subset of the Voxforge data, along with another subset of
CHiME dataset is used as td3, which is used for benchmarking
the effectiveness of the approach.

The rationale for using Voxforge and LibriSpeech datasets
is due to their unregulated nature of recording and the close-
ness to the real-world speaking styles. As opposed to an
extremely controlled dataset like TIMIT, from which any
results derived are meaningless in a real world environment,
an unregulated speech data with noise, etc are more robust in
terms of benchmarking in real-world.

A multilayer perceptron(MLP) is used as the frame classi-
fier. Each phone is subdivided into 3 subphone units and the
subphones are used as the labels. A softmax layer is used in
the output layer and the subbatch gradient descent method is
employed for learning. For each feature vector in the input, a
MLP outputs a probability vector, and the phone which has
the maximum probability is treated as the classified phone.

Fig. 1. Count statistics in speech

Fig 1 plots the difference in the frames detected as the label
ay s4, between the classifiers, for pure speech data. It is clear
that the instances of zero difference is the maximum and the
plot follows a clear symmetrical distribution around 0.

Fig. 2. Count statistics in noise

Fig 2, plots the same for the noise data. It is clear that
for the noise data one classifier is predicting more frames as
the phone ay s4 , compared to the other classifier. The plot
is abruptly rising at 0 and is skewed towards right after that.
The reason for one classifier predicting significantly different
number of frames for the same noise file is due to the inherent
bias of that classifier from the training data used to train the
classifier. This asymmetry in the difference between the frames
predicted as the same phone, serves as a vital information to
predict whether the wave file is pure background noise or not.

Fig 3 and 4 plots the same for the phone hh s4. It is clear
from both the plots that the same pattern is observed. For
phone hh s4, the skewness for noise data is more pronounced
compared to that of ay s4.
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Fig. 3. Count statistics in speech

Fig. 4. Count statistics in noise

• f : Denotes a wav file

• fN : A noisy file

• fS : Speech File

• C1(f, p): Count of frames classified as phone p, for a
file F , by the classifier C1.

• C2(f, p): Count of frames classified as phone p, for a
file F , by the classifier C2.

P (fN |d, p; f) = P (d|p,fN )P (p|fN )P (fN )
P (d,p) (1)

where d = C1(f, p)−C2(f, p). d is the difference in count
of a phone p between 2 classifiers for a file f . Note that d ∈
{−k..0..r}. P (d|p,N) is a discrete distribution defined on the
support {−k..r} as follows.

1) For a dataset D, which is a collections of files, and for
a phone p, define the count ca which is the number

of times d equals a, where a ∈ {−k..r} in the dataset
D. ca =

∑
f∈F 1((C1(f, p)− C2(f, p)) = a), where

1() is the indicator function.

2) Now define extended count ĉa as,

ĉa =

{
ca if ca 6= 0
ca+i−ca−j

i−j if ca = 0

where i = argmini ca+i 6= 0 and
j = argminj ca−j 6= 0.

3) With the extended count ĉa, ∀a, define P (d) as

P (d = a|p, fN ) =
ĉa∑
a ĉa

and P (p|fN ) is defined as

P (p|fN ) =

∑
f (C1(f, p) + C2(f, p))∑
f,i(C1(f, i) + C2(f, i))

Extending to 2 phones p and q, (1) can be written as,

P (fN |dp, dq, p, q) = P (dq|q,fN )P (dp|p,fN )P (q|fN )P (p|fN )P (fN )
P (dp,dq,p,q)

(2)
where dp, dq are the differences in phone count between 2
classifiers, for the phones p and q respectively. P (fN ) must
be non informative prior.

VI. RESULTS

Results are taken for the case of 2 phones hh s4
and ay s4. The approach is equally extendible for
any number of phones or subphones. The distributions
P (ae s4|N), P (ae s4|S), P (hh s4|N), P (hh s4|S),
along with P (dae s4|ae s4, N), P (dae s4|ae s4, S),
P (dhh s4|hh s4, N), P (dhh s4|hh s4, S) are calculated
from td2. The posteriors are calculated from td3, for speech
and noise data respectively. As the focus is more on the
reduction of false positives, the detection rates of noise files,
for various threshold of posterior probabilities, are shown in
Table 1.

TABLE I. RESULTS: TRUE POSITIVES VS FALSE POSITIVES

Threshold True Positives False Positives
> 0.7 496 28
> 0.75 463 21
> 0.8 440 13
> 0.85 403 16
> 0.9 350 10
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Fig. 5. Precision

Precision is plotted in Fig 5. It is clear that a threshold
posterior probability of 0.8, the false positives are less, without
eliminating much true positives, thus an ideal operating point
for the noise file detection.

VII. CONCLUSION AND FUTURE WORK

This paper discuss a simple approach for detecting noise
files, by using multiple classifiers trained to predict the same
subphone labels. Using the key insight that, there could be
difference in the the frames detected as same subphones, by
different frame classifiers, and that difference is pronounced
more in noise than in speech, a probabilistic classification
framework is formulated. Publically available datasets are used
to learn the difference in prediction between the classifiers.
Results are shown which proves the effectiveness of this
approach.

Any feature on speech/noise data which the multiple
classifiers captures differently can be used to enhance this
approach. Feature such as the difference in the output softmax
probabilities using KL divergence, or the difference in the
phone chunk size detected by different classifiers can be used,
to make this approach more robust.
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