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Abstract

Speech has a unique physical characteristics varying from
person to person and in recent years speech biometric is
used in many real-time applications like Robotics, Search
Engines, Mobiles, Tablets etc. For such application speech
recognition plays a major role, whichcan be implemented by
Automatic Speech Recognition (ASR) systems. The ASR
extracts the information from the speech signal by using
feature extraction and classification techniques. The ASR
process involves converting the speech signal into words, but
thistranscription will be affected if there is any disfluency
in the speech. In this proposed work, the recognition of
such disfluent speech using features extracted by applying
Mel-Hilbert Frequency Cepstrum Coefficient and classifica-
tion by Deep Neural Network (DNN). To initialize DNN, a
forward propagation and backward propagation models are
used, which is having a large number of stochastic gradients.
In this proposed methodology, DNN is used for classifica-
tion and feature extraction is done by endpoint detection
of each phrase using Mel-Frequency Cepstrum Coefficient
based on the Hilbert spectrum (MHCC). The experiment is
carried out on speech samples taken from UCLASS database
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and the maximum accuracy from the dataset by using the
proposed method is around 96%.

Index words: MHFCC,DNN,DBN,Hilbert Transform
(HT),Disfluency,ASR, forward propagation, backward prop-
agation.

1 Introduction

The rapid development of speech recognition in almost all the fields
like mobiles, tablets, security systems etc. has given more insight
for research. In these systems, ASR will recognize the speech accu-
rately, but if there is any disturbance in speech due to environmen-
tal noise, style of speaking, emotion, stuttering causes disfluency in
the discourse. This work is focused on recognizing the endpoint de-
tection of disfluent speech using Mel-Hilbert Frequency Cepstrum
Coefficient (MHFCC) and Deep Neural Network (DNN).The dis-
fluent samples vary in their characteristics in terms of pitch and
time duration, it will be separated based on their acoustic features
and language model. These acoustic features and language model
helps the ASR to give better transcription. The auditory features
define the respective part of phones using featured vectors obtained
by using MHFCC from the raw speech signal. For a set of interpre-
tations (I), to find the same sequence of arguments (A), the Baye’s
rule is given as:

P (
A

I
)αP (

I

A
).P (A) (1)

Where P (A
I

)−Probability estimated by acoustic model and P(A)-
probability estimated by language model.

Once all the features are extracted, they are used to train DNN
using Hidden- Markov Model (HMM). Then each trained HMM
connected to form larger units of speech.

After training the acoustic and language model, decoding is ap-
plied to generate the transformations. The decoding sequence of
A* for a set of interpretations is given by:
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A∗ = argmax(P
I

A
).P (A)) (2)

2 METHODOLOGY

The flow of proposedmethodology is as shown in the figure 1, where
the acoustic features of speech sample is implemented using Hilbert
transform based Mel-Frequency Cepstrum Coefficient and to clas-
sifying of voiced and unvoiced section implemented by using DNN.

Figure 1: Proposed methodology flow chart

2.1 Mel Hilbert Frequency Cepstral Coefficients
(MHFCCs)

In traditional MFCC technique, the Fourier transform considers
the speech signal as a summation of predefined harmonics. But
the disfluent speech is not having such predefined harmonics i.e,
characteristics of disfluent speech are unknown. So, the analysis of
such speech requires a robust and effective Time-Frequency Repre-
sentation (TFR). To overcome this problem, the Hilbert transform
is used.
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Figure 2: Steps to extract feature in MHFCC

The Hilbert Transform (HT) consists of two major parts: Em-
pirical Mode Decomposition (EMD) and Hilbert Spectral (HS) Anal-
ysis. In EMD, any complex data can be decayed into fixed and
smaller sum of Intrinsic Mode Functions (IMF). This IMF is well-
defined as a function having the same number of zero crossings and
extrema, also having symmetric envelops defined by local maxima
and minima. Since EMD based on local characteristic time scale
data of non-stationary (speech) signals along with Hilbert transform
results in energy-frequency-time distribution designated as Hilbert
Spectrum (HS).The steps involved in feature extraction process us-
ing MHFCC are as shown in Figure 2.

2.2 Pre-emphasis:

The frequency of input speech sample is 41 KHz, but most of the
speech parameters are not in this high frequency range, so the input
speech frequency is scaled down to 8 KHz which can be used for fur-
ther processing. Therefore by a passing, this high-frequencyspeech
signal through a low pass filter, the higher frequency components
and some DC distortion components are removed. The transfer
function of such filter is given by [19].

I ′(n) = i(n)− ai(n− 1) (3)

Where I ′(n)-ouput of pre-emphasis i(n)-Input speech signal sam-
pled at 8 KHz.
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By taking Z- transform on both sides:

I ′(Z)

i(Z)
= H(Z) = 1− αZ−1 (4)

The pre-emphasized signal is divided into frames of 5ms and
each frame is having 256 samples.

2.3 Windowing:

In order to give continuity between first and last frames, each frame
is convolved with a window function. To get low-side band attenu-
ation hamming window is used [8].

Y (n) = v(n) ∗ w(n) (5)

Where Y(n)-Window output
v(n)-Frames of raw speech signal
w(n)-Window function

For hamming window: Window function is w(n)=0.54-0.46COS() 2πn
N−1)

Where N-Number of samples=256 and 0 < n ≤ N-1

2.4 Hilbert Transform:

The Hilbert transform based Mel-Frequency Cepstrum Coefficient
is used for spectrum feature extraction process. It is an improved
kind of the traditional MFCC based on spectral estimation. Ex-
tracting Hilbert spectrum envelope, can get instantaneous ampli-
tude, instantaneous frequency and instantaneous phase, there by
both the discrimination and anti-noise of MHCC are good. MHCC
front-end feature extraction process is as shown in Figure 2.
Let y(n) be a windowed speech signal, the Hilbert transform of it
is given by, [24]:

F [y(n)] = F [y(n)] ∗ F [ 1
πn

]

F [y(n)] = Y (Ω), F [y(n)] = Y (Ω), F [
1

πn
] = jsgn(−w) (6)

But Signum function is an odd function[24].
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jsgn(−w) = −jsgn(w)

Y (Ω) = Y (Ω) ∗ −jsgn(w) (7)

But sgn(w) is defined as:

sgn(Ω) =

{
1Ω > 0
−1Ω < 0

(8)

Y (Ω) =

{
−jY (Ω)Ω > 0
jY (Ω)Ω < 0

(9)

Similarly for discrete time signal Hilbert transform is given
by[24]:

Y (Ω) = S(Ω) ∗ Y (Ω) (10)

But (11)

When N is odd:

S(Ω) = sgn(Ω) • sgn(
N

2
− 2)S(Ω) =





1,Ω = 1....N−1
2

0,Ω = 0
−1,Ω = N+1

2
.....N − 1

(12)
When N is even

S(Ω) =





1,Ω = 1....N
2
− 1

0,Ω = 0...N
2

−1,Ω = N
2

+ 1.....N − 1
(13)

Thus Discrete Hilbert Transform is given by[24]:

Y (Ω) =

{
−jY (Ω)Ω = 1....N

2
− 1

jY (Ω)ΩN
2

+ 1....N − 1
(14)

For the recognition of disfluent speech, end of each frame should
be detected. The end point of each frame is detected by Hilbert
Transform specifically through Empirical Mode Decomposition (EMD).
The principle operation in EMD is decaysignal y(n) into a sum
of bandlimited functions, gb(n), called intrinsic mode functions
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(IMFs). Each IMF must satisfy two properties: (i) the number
of extrema and the number of zero crossings are either equal or
differ by one; (ii) the mean value of the envelope defined by the
local maxima and the envelope defined by the local minima is zero.
The Hilbert transform of a speech sample is as shown in the figure
8 (a) and figure 8(b) shows the endpoint detection using IMF.

2.5 Discrete Fourier Transform (DFT):

Spectral data implies the vitality levels at various frequencies in
the given window. Time space information is changed over into fre-
quency space to acquire the spectral data using DFT. The Discrete
Fourier Transform (FFT) is givenby [8]:

Y (K) =
∑N−1

K=0X(K)e−j2πki
N

; 0 ≤ k ≤ N − 1.......................(6)

Where X(K)-output of Hilbert Transform

To get frequency spectrum of speech signal 256 point FFT is ap-
plied. DFT comprises of complex numbers i.e. real and imaginary
parts. Discourse acknowledgement frameworks manage real infor-
mation. Subsequently, complex esteem is constantly disregarded
[1]. In the result we expect the real and imaginary parts of V(k)
as Re(V(k)) and Im(V(k))respectively, at that point the phantom
size of the speechstandard can obtained by utilizing condition given
in equation (4). Inappropriate sizes of each frames are put away
as lines in one single framework with a number of lines equivalent
to the number of edges and number of segments equivalent to 256,
which is additionally equivalent to the frame width[6].

| V (K) |=
√
Re(V (k))2 + Im(V (k))2.............(7)

For the real part of DFT signal, power spectrum is determined
by taking square of modulus value[6].

PS =| V (K) | . | V (K) |...................(8)
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2.6 Mel-Scale Smoothing

In this step, the spectrum is rescaled to the range of mel-scale. This
will be achieved by multiplying the power spectrum values with a
set triangular band pass filters. The positions of these filters are
equally spaced, as [6]:

Bm(k) =





0 k < f(l − 1)
k−f(l−1)

f(1)−f(l−1) f(l − 1) ≤ k ≤ f(1)

0 k > f(l + 1)

............(9)

Where f(l)-center frequency, l- Number of filters, k-0,1,—– N
2−1

Each filter in filter bank as to satisfy:
∑N−1

m=0Bl(k) = 1

Figure 2: Triangular Band Pass Filter Bank

For each frame power spectrum values with triangular filter
bank, Log has been taken to further reduce the noise and to es-
timate the errors as[5]. The log magnitude response of the speech
is as shown in the figure 6(c):

L(m) = ln(
∑N−1

k=0 | PS |2 Bm(k))............(10)

Mel frequency is calculated as[6]

fmel = 2595 log 10( f
100

+ 1)......................(11)

If 32 DFT coefficients are considered for logarithmic operation,
it segmented to 6 bins. If mel-scale is between 0-6000 mel , then
these 6 bins on a linear scale will be in the range of 0-1000,1000-
2000,2000-3000,3000-4000,4000-5000,5000-6000 mel. These 6 bins
are converted to Hz to find out the starting and ending frequency
bin. In this process, the lower frequency components become more
important as the frequency bins at higher frequency become larger.
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2.7 Discrete Cosine Transform (DCT):

A discrete cosine change (DCT) interconnects a limited arrange-
ment of dataemphasesabout an sum of cosine dimensions wavering
at various regularities. DCT is a Fourier-related change like the dis-
crete Fourier change (DFT), yet utilizing just real numbers. The
DCTs are for the majorportionrecognized with Fourier transform
coefficients of an intermittently and evenly broadened succession
while DFTs are identified with Fourier transform coefficients of an
occasionally expanded grouping. DCTs are proportional to DFTs
of generally twice the length, employed on a real data with even
symmetry (since the Fourier change of a real and even size is real
and smooth), while in a insufficientdissimilarities the information
or potentially yield information are moved considerably a specimen.
Its given by[9]:

Di(m) =
∑M−1

n=0 L(m) cos[πm(n−0.5
M

)]..............(12)

Where L(m)-logarithmic value , M-Number of filters and 0 <
m ≤M − 1

Discrete Cosine Transformdiscards the higher coefficients, the
lower coefficients gives the smooth spectral shape.Nourishing the
MFCCs as features to a machine learning algorithm, these lower-
order coefficients will make good features, since they signifies some
simple aspects of the spectral shape, while the higher-order coeffi-
cients are discarded are more noise-like and are not important to
train on. Additionally, training on the Mel spectrum magnitudes
themselves would probably not be as good because the particular
amplitude at different frequencies are less important than the gen-
eral shape of the spectrum.

Finally mean values of MFCC vectors were considered as fea-
ture component for each frame and MFCC vectors are constructed
(column wise) for each frame.

2.8 Zero Crossing Rate:

It determines how many times a signal crosses zero amplitude in a
frame, given by:
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ZCR = 1
N

∑N−1
0 sgn[s(n)− sgn[s(n− 1)]]..................(13a)

Short term energy of the signal is given by:

EdB = 20 log 10( 1
N

∑N
n=1 | s(n) |2))......................(13b)

The energy in dB of a speech signal is as shown in the figure 7
and ZCR of disfluent speech is as shown in the figure 9.

3 Deep-Neural Network (DNN):

A DNN is a feed-forward neural network, which allows the signal
to flow only in one direction in the network. It has three impor-
tant layers namely: input layer, hidden layer and output layer. Let
us consider a neural network consisting of input layer having in-
put vectorX=(x1, x2,−−−xQ) , hidden layer of having N neurons
H=(h1, h2,− − −hN) and output layerY=(y1, y,− − −yQ). The
structure of DNN is as shown in the Figure 3:[13].

Figure 3: Structure of DNN

The output of an arbitrary neuron on hidden layer is [13]:

hi = f(ui) = f(
∑Q

i=1WkiXi)....................(14)

Where
Wki-weight at k,ith element in QxN weight matrix.
Xi-Input vector of ith element
The output of an arbitrary output neuron is[13]:
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yj = f(uj) = f(

Q∑

j=1

Wijhi) (15)

Where Wij is the weight at i,jth element in NxM weight matrix
hi is the Hidden layer vector of ith element In forward propagation,
the output vector is determined for a given input vector as:

1. The input layer is trained by input vectors (MFCC vectors).

2. The output of first is find out by weights, first hidden layer
and bias value as shown in the structure of DNN in Figure 3.

The above steps are repeated for the next upcoming layers using
nodes which are determined in the previous layers. The values for
each layer are calculated as follows[13]:

X i+1 = f(wixi + bi+1) (16)

Where xi-input vector at ithlayerwi-Matrix of weights between
i & i+1 layer bi-bases vector of ith layer

In back propagation, the DNN must accomplish the required
input vectors to determine the specified output values. These pro-
cesses consist discovering the suitable weights and bias values to
reduce the loss function in the network. The loss function is de-
fined by[13]:

l(x) =‖ yj − f(x) ‖2 (17)

Where f(x) is a sigmoid function given by:

f(x) =
1

(1 + e−x)
(18)

The procedure for back propagation as follows:

1. Weights as bases are declared for a small random variables.

2. Use the forward propagation to pass the input vectors through
the network.
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3. Calculate the faults at the output level as: E = 1
2

∑N
j=1(yj −

lj)wherelj-length of sequence

4. Chain rule is used compute the slopes of each errors with
respect to weights and base values to send the errors through
the network.

5. Apprise the weights and biases using the calculated slopes ,
ascended by learning rate to control the size of the update.

6. Recap steps (ii)-(v) until all the vectors are fed to network
[13]. Chain Rule:

To determine the gradient w.r.t Wij, first compute ∂E
∂Wij

as[13]

∂E

∂Wij

=
∂E

∂yj
.
∂yj
∂uj

.
∂uj
∂Wij

(19)

Error E=1
2

∑N
j=1(yj − lj)where lj-length of sequence

Derivative of E with respect to yj:

∂E

∂yj
= yj − lj (20)

Derivativeofyjwithrespecttou :
∂yj
∂uj

= yj(1− yj) (21)

DerivativeofujwithrespecttoWji :
∂uj
∂Wji

= hi (22)

Then the new gradient is given by:

Gnew = Gold − n(yj − lj)yj(1− yj)hi (23)

The full gradient is given by:

∂E

∂Wij

=
M∑

j=1

(
∂E

∂yj
.
∂yj
∂uj

.
∂uj
∂Wij

)
∂hi
∂ui

.
∂ui
∂Wij

(24)
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3.1 Signal to Noise Ratio (SNR) :

The proposed algorithm results are measured by both Signal-Noise
Ratio (SNR) and Segmental SNR (SSNR) of the enhanced wave-
forms indicates that the proposed method gives better performance
compared to traditional method.

The SNR and SSNR of a speech is measured by:

SNR = 10 log1 0
[ ∑

n x
2(n)∑

[x(n)−x(n)]2
]
.............(25a)

SSNR =
1

M

M−1∑

j=0

10 log1 0
[ ∑N(j+1)

n=Nj+1
x2(n)

[x(n)−x(n)]2
]
.............(25b)

Where M-Number of frames
N-Length of each frames
x(n)- Original Signal
-Enhanced signal

4 Results and Discussion

The experiments are carried on speech samples taken from UCLASS
database; it consists of 12 female speech samples aged between 09
to 12 years and 12 male speech samples aged from 08-28 years.
Speech signal is estimated through a simple energy based approach
to identify silent and low energy regions, detecting action can be
seen in the figure 5.
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Figure 5: Detection for extracting voiced and unvoiced speech
segments.

The standard deviation of fundamental frequency (F0) varia-
tions of the extracted voiced segments from speech sample is done
by using the pitch of filler, or a filled pause, which is stable and
lies around the median of the speakers. A small standard deviation
represents a flat pitch contour that is indicative of a filled pause.
Calculated the pitch and distance between the logarithms of the
linear magnitude spectrum frequency and log magnitude spectrum
frequency, spectra of each pair of the voiced sections around a long
pause

(a)Speech signal waveform in seconds

(b)Linear magnitude spectrum frequency in Hz

(c)Log magnitude frequency in Hz
Figure 6: Frequency estimation is obtained

Hence, figure 6(a) shows the speech signal waveform. figure
6(b)shows the Linear Magnitude Spectrum frequency of the speech
signal and figure 6(c)shows Log Magnitude Spectrum frequency,
which is calculated as per equation 19.

A technique for silence elimination and separation of speech sig-
nals, is based on a simple audio feature: signal energy. This simple
feature can be used for detecting silent periods in acoustic signals
a set of particular features are selected for sample frames, where
the energy of voiced regions is larger than the energy of the silent
regions. The unvoiced regions simply contain ecologicalnoises, and
then the spectral energy for the voiced segments is again larger,
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since these noisy sounds tend to have lower frequencies and there-
fore the spectral energy values are lower. The spectral energy of
each frame is calculated as given in equation 22b.

Figure 7: Spectral energy estimation of sound files

The endpoint of each frames helps to analyze the speech signal
to detect disfluent part in each phrase, in this proposed work end
point each frames is calculated by using Hilbert transform from
equation 8 to equation 14. Figure 8(a) shows the endpoint of first
fame which is from 0 to 5ms and figure 8(b) shows the variations
of characters in first frame.

Figure 8(a): End point detection of speech

Figure 8(b): End point detection by IMF

In order to detect disfluent part effectively, Zero Crossing Rate
is used and its calculated as per equation 22(a). In figure 9, the
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ZCR line is crossed four times by speech signal, which indicates the
presence of disfluent part in speech The result of ZCR validate the
disfluency.

Figure 9: ZCR of speech

Between 0 to 500 frames the first prolonged word the legend is
detected is shown in the figure 9(a) and (b) shows the segmented
part of that word. In which X-axis represent time in ms and Y axis
repsent the amplitude.

Figure 10 (a): Segmentation of detected disfluent word the legend.

Figure 9(a): Detection first disfluency word.

Between 500 to 1000 frames the second repeted word one is
detected is shown in the figure 10(a) and (b) shows the segmented
part of that word. In which X-axis represent time in ms and Y axis
reprent the amplitude.
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Figure 10 (a): Segmentation of word detected shown in the figure
10(b).

Figure 10(b) : Detection second disfluency word.

The SNR and SSNR of detected speech sample is obtained by
using the equations (33) and (34) respectively. The values are:

Table 1: SNR and SSNR values for different female speakers

In DNN, the distribution of weights and bias points for 32
MFCC feature vector is as shown figure 8.

Figure 8: Distribution of weights
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Figure 9: Distribution bias points

The chart shown in the figure , indicates percentage of detection
of disfluency in female speakers aged between 9-14 years.

Figure 7: Percentage detection of disfluency words in female
speech samples by using MFCC and MHFCC.

5 Conclusion

The recognition of disfluency is complex because it will hamper the
transcription of Automatic Speech Recognition process, in this pa-
per recognition of such disfluency is achieved with a accuracy of
96% using MHFCC and Deep Neural Network. Future this algo-
rithm is used train to detect other disfluency problem like blockage
and also it can be tested for different samples.
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