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Abstract

When performing speech denoising, the goal of and algorithm is to remove the unwanted
frequency, known as noise, while preserving the feature vectors of the signal. In this text,
we present an algorithm for speech denoising that removes the noise by converting the
speech signal to text and then regenerating the speech signal from the text. We also
aim to perform voice adaptation and retention of the emotional components (prosodic
parameters) of the original speech in order to preserve the speech feature vectors. In
order to do this, we studied the techniques and performance of some automatic speech
recognition (ASR) and text-to-speech (TTS) systems and chose the architecture that is
best suited for our purpose. Based on the results, we decided to use Google Cloud Speech
API for ASR and hybrid speech synthesis for this project.
Keywords: speech, noise, ASR, TTS, automatic speech recognition, text-to-speech, hybrid
speech synthesis
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1. Introduction

The presence of background noise degrades the quality of a speech signal as perceived
by humans. Speech can be enhanced by noise reduction. Speech enhancement tech-
niques can be applied to mobile phone applications and hearing aids. The current
techniques for speech enhancement include filtering techniques, spectral restoration
techniques and speech-model-based techniques.

The algorithm we have proposed for noise reduction works by converting speech
to text and regenerating the speech from text. In the synthesis stage, voice adap-
tion and emotional synthesis needs to be performed in order to retain the feature
vectors of the original speech. For both automatic speech recognition (ASR) and
text-to-speech (TTS) systems, machine learning based approaches have been found
to perform well. For ASR, we studied the technique of Baidu’s Deep Speech algo-
rithm [1], which uses a bi-directional recurrent neural network (RNN) to recognise
text from speech, and compared its performance with that of Google’s Cloud Speech
API. For TTS, we studied in detail the technique behind HMM-based speech syn-
thesis [3] and a Hybrid Speech Synthesis technique and saw their performance.

In the following sections, we will describe the techniques studied and discuss the
results and analysis of applying these techniques.

2. Methods Studied

(a) Automatic Speech Recognition

Baidu’s speech recognition system uses a recurrent neural network which takes
speech signals as input and produces English text as output. The training set
is defined as X = (x(1),y(1)),(x(2),y(2)),... where x(i) is a time-series of length

T (i) and every time-slice is a vector of audio features x
(i)
t , t=1,...,T i. For every

input x, the RNN finds a sequence of character probabilities y, such that yt =
P (ct|x) where ct ∈ a, b, c, ..., space, apostrophe, blank. [1]

The RNN has five hidden layers. The first three layers are non-recurrent. The
input to each unit of the first layer is the spectogram xt along with a context
of size C. The ouput for the first three layers is calculated as:

h
(l)
t = g(W (l)h

(l−1)
t + b(l))

where g() is the ReLU activation function and W (l) and b(l) are the weight and
bias matrices. The fourth layer is a recurrent layer and has twice the number

of units as other layers. h
(f)
t represents the forward unit and h

(b)
t represents

the backward unit. The output for h
(f)
t is computed sequentially from t=1 to

t=T (i) and the output for h
(b)
t is calculated sequentially from t=T (i) to t=1.

The ouput for this layer is calculated as:
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h
(f)
t = g(W (4)h

(3)
t +W

(f)
r h

(f)
t−1 + b(4))

h
(b)
t = g(W (4)h

(3)
t +W

(b)
r h

(b)
t+1 + b(4))

The fifth layer takes the sum of the forward and the backward units as its input.
This is given by:

h
(5)
t = g(W (5)h

(4)
t + b(5))

h
(4)
t = h

(f)
t + h

(b)
t

Finally, the output layer predicts the character probability as:

h
(6)
t,k = P (ct = k|x) =

exp(W
(6)
k h

(5)
t +b

(6)
k )∑

j exp(W
(6)
j h

(5)
t +b

(6)
j )

W 6
k and b6k denote the k’th column of the weight and bias matrix, respectively.

(b) Text-to-Speech

i. HMM-Based Speech Synthesis
A Hidden Markov Model (HMM) is a model where the process is assumed
to be a Markov process with hidden states. The model parameters of an
N-state Hidden Markov Model are given by the state transition probability
A = {aij}Ni,j=1, the output probability distribution B = bi(o)Ni=1, and initial

state probability
∏

= {πi}Ni=1. [3]

In HMM-based speech synthesis, an HMM is trained for each context de-
pendent phoneme. The training process uses ecpectation maximisation al-
gorithm to find the model parameters λ. The goal of the synthesis process
is to obtain a speech parameter vector O = o1, o2,.., oT which maximizes
P(O—λ,T) with respect to O.

O∗ = argmaxO P (O|λ, T)
= argmaxO P (O, q|λ, T)

It was shown by the author of [3] that this can be divided into the following
subproblems:

q∗ = argmaxq P (q|λ, T)
O∗ = argmaxO P (O|q∗,λ, T)

The speech parameter vector ot consists of the M-dimensional static feature
vector ct = [ct(1), ct(2), ..., ct(M)]T and the M-dimensional dynamic feature
vectors ∆ct and ∆2ct, ot = [cTt , ∆cTt , ∆2cTt ]T .
O can be written in the vector form as O = [oT1 , o

T
2 , ..., o

T
T ]T and C =

[cT1 , c
T
2 , ..., c

T
T ]T . W is a weight matrix such that O = WC. Then, we can

solve for C by using the equation:

RC = r

where,

R = W TU−1W
r = W TU−1µ

where µ and U are the mean and diagonal covariance matrices of the opti-
mum state sequence q*.
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The optimum state sequence q* is obtained using state duration density
modeling. Let pk(dk) be the probability of being at state k for dk frames.
Then,

P(q|λ,T) =
∏K

k=1 pk(dk)

where K is the total number of states visited during T frames, and∑K
k=1 dqk = T

When the state duration density is modeled by a Gaussian distribution, q*
which maximizes P(q|λ,T) is given by the method of Lagrange multipliers.

For F0 modelling, a multi-space probability distribution was used as F0
is undefined in unvoiced regions. Decision tree based clustering is also done
since there exist so many combinations of context based phonemes that
seeing all of them in the training data may not be possible.

ii. Unit Selection Speech Synthesis
While HMM-based speech synthesis uses a statistical model to predict the
acoustic features, unit selection speech synthesis works by waveform con-
catenation. It uses a database of prerecorded speech of commonly uttering
setences and uses this database along with its linguistic annotation to syn-
thesise new speech. For the synthesis of the input speech, several smaller
components from the speech database (can be any of phones, diphones, tri-
phones, demi-syllables, syllables and words) are concatenated. Shorter unit
length requires less space but sample collection and labelling become diffi-
cult. Longer unit length requires more space but provides more naturalness
in the synthetic speech and has fewer concatenation points. To generate

Figure 1: Concatenation of Units in Unit Selection

the speech waveform, the selection criteria of units is based on minimising
the target cost and the concatenation cost. In other words, the selection
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of a particular unit depends upon its closeness to the target unit and the
smoothness in concatenating it with other units. The path from the head
to to tail consisting of units that minimise these costs is to be selected by
the algorithm. For example, in Figure 1 the path selected is depicted by
thick lines and borders. This path is the one containing Unit1 1, Unit2 2,
Unit3 3 and Unit4 1 is selected.
We used Festival’s MultiSyn toolkit to obtain the unit selection voice. We
are currently also working on implementing a hybrid system that uses a
combination of Statistical Parametric Speech Synthesis and Unit Selection
Speech Synthesis to include the advantages offered by both techniques. Mul-
tiSyn is used to create the unit-selection model and Merlin is used to create
the parametric model.

3. Results and Analysis

Figure 2: Comparison of ASR Performance of Google Cloud Speech API with Deep Speech

The performance of Baidu’s Deep Speech was compared with that of Google’s Cloud
Speech API in performing ASR was compared by using the ratio of edit distance
to the number of words in the original sentence for eleven sentences. Edit distance
here is described as the minimum number of operations required to make two sen-
tences equal where each operation can be insertion of a word, deletion of a word or
substitution of a word with another word. It can be seen in Figure 2 that the edit
disance ratio for Deep Speech is much higher than that for Google Cloud Speech
API. This means that more operations are required to convert the sentence pre-
dicted by Deep Speech to the original sentence, as compared to those required by
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Deep Speech. Since Google Cloud Speech API can be seen to provide better ASR
results, we decided to use Google for our purpose.

Figure 3: Speech Signals Generated from HTS and Original Speech Signals

Figure 3 shows the speech signals generated by HTS in comparison with the original
speech signals. While the speech signals generated by HTS do show lesser noise than
the original signals, it is also seen that they vary greatly from the original signals,
which means that the feature vectors of the speech signal are not being retained.
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Figure 4: Speech Signals Generated from HTS and Unit-Selection Speech Synthesis

Figure 4 shows the speech signals generated by HTS in comparison with those gen-
erated by Unit Selection Speech Synthesis. It can be seen that both techniques give
us similar looking speech waveforms (ignoring the delays between words). This is be-
cause the same text and similar voices have been used in both cases. Both techniques
differ in the naturalness of speech. This can not be seen in pictorial representation
of data as it is a subjective quality. However, it could be heard from the speech
samples that unit selection speech synthesis resulted in more natural sounding voice
than HMM-based speech synthesis. This is because unit-selection speech synthesis
concatenates pieces of real recorded speech waveforms, so they sound more natural
compared to HMM-based speech synthesis which uses a statistical parametric model
to output the waveforms.

4. Conclusion and Future Work

We are getting satisfactory results for ASR by using the Google Cloud Speech API,
however despite the improved performance of Unit Selection Speech Synthesis, there
exists scope for improvement in Text-to-Speech. The speech outputted by our system
still sounds unnatural when compared to the current state-of-the-art TTS systems.
As most high quality speech synthesis systems use a hybrid of unit-selection and a
parametric model, we will focus on implementing a hybrid model to obtain synthe-
sised speech of very high quality.
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