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Abstract: This paper presents a two-stage adaptive noise cancellation system for
noise cancellation of Hindi speech signals corrupted by babble and factory noise,
under different input signal-to-noise ratio (SNR) levels. The corrupted signals with
different SNR levels are passed through three different noise cancellation systems:
an adaptive noise cancellation system with a fast block least mean squares
algorithm (FBLMS) algorithm; a fully connected convolutional deep neural
network (FCCDNN); and a two-stage system with an adaptive noise cancellation
system consisting of the FBLMS algorithm followed by FCCDNN. The
performance of each noise cancellation system is evaluated and compared. The
parameters such as output SNR, perceptual evaluation of speech quality and short-
time objective intelligibility are used for testing the intelligibility and quality of
the recovered speech signals. The proposed system shows a maximum SNR
improvement of 13.997 and 15.2965 dB at an input SNR of —5 dB for factory noise
and babble noise, respectively, with significant increments in both of the
evaluation metrics. The proposed system outperforms speech enhancement
systems based on FCCDNN and FBLMS in terms of all performance parameters.

Keywords: Fully connected convolutional deep neural network, Perceptual
evaluation of speech quality, Short-time objective intelligibility, Signal to noise
ratio.

Introduction

Environmental noise is defined as an unwanted signal which when added to

speech signal results in a reduction in the quality and intelligibility of speech
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signals. For someone using headphones or another hearing device while sitting in
a restaurant, travelling on a train, or working in an office alongside many people
who are talking, it is desirable to hear sound without distractions. Adaptive noise
cancellation techniques have generally been used in these scenarios to reduce
unwanted background noise; over the past few years, however, these techniques
have mostly been replaced by deep-learning-based noise cancellation techniques.
An adaptive noise cancellation system [1, 2] incorporates sophisticated adaptive
algorithms such as least mean squares LMS and its variants, recursive least
squares (RLS) and its variants, and frequency-domain adaptive algorithms. It
continuously monitors the surrounding ambient sounds and then produces anti-
noise output that is adjusted accordingly to reduce noise. The sound device
captures the audio signals via built-in microphones in order to carry out real-time
analysis and adjustments to optimise the performance of the noise cancellation
system. Using this approach, the system can adapt itself to different noise
environments and noise levels [1]. A block diagram of a system of this type is
given in Fig. 1.

Noisy audio

Pal +

¥(n)

Recovered
audio

Transversal filter
Reference w(n)
noise

Weight control
mechanism
w(n)

Fig. 1 — Block diagram of an adaptive noise cancellation system.

Compared to a time-domain adaptive filter, the numerical complexity of a
frequency-domain adaptive filter (FDAF) [3, 4] is lower, as it uses an overlap-
and-save implementation method. Their fast convergence and low computational
complexity also make FDAF algorithms superior. Numerous methods have been
developed by prior researchers for speech enhancement based on perceptual
evaluation and speech quality [5, 6]. Deep learning [7—10] has become a popular
term over the past few years. Recent research has focused on speech enhancement
using algorithms of this type, which represent a subset of machine learning in
which neural networks are used, with applications in regression, classification
tasks and many others. A neural network is a model based on biological
neuroscience, in which several artificial neurons are simulated using an input
layer, several hidden layers and an output layer. The word ‘deep’ reflects the use
of multiple hidden layers in the network, through which the data is transformed.
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There are several variants, known as supervised, semi-supervised or unsupervised
learning methods, which are used for different applications such as computer
vision, speech enhancement and recognition, natural language processing, etc.
Commonly used deep learning network architectures include feed-forward neural
networks (DNNs), convolutional neural networks (CNNs), and recurrent neural
networks [11]. In the scenario considered here, speech enhancement using deep
neural networks has shown considerable success.

The temporal information associated with speech signals can be easily
learned using a CNN; for example, a generative adversarial network is composed
of two different neural networks that compete and learn together during training.
The computational complexity of a CNN is significantly reduced compared with
that of a DNN [7, 11]. This paper presents a fully connected deep neural network
with a convolutional layer. A combination of an FBLMS-based FDAF using the
overlap—save method and cascaded with a FCCDNN is also proposed for speech
enhancement of a corrupted speech signal. FDAFs have shown good results for
convergence, noise control and nonlinear modelling [12—14]. The FBLMS is a
computationally efficient implementation of the block LMS (BLMS) algorithm,
with a computational burden that is significantly lower than for the LMS
algorithm, since the fast Fourier transform (FFT) is used to calculate both the
block filtering output and the update terms in the frequency domain [19].

2 FBLMS-Algorithm-Based Speech Enhancement System

In FBLMS, block processing of the data samples in the frequency domain is
applied to achieve significant reductions in the computational complexity of LMS
adaptive filters. To perform a linear convolution between two sequences, one of
finite length and another of infinite length, a sequence overlap—save sectioning
method is generally used, in which the sequence of infinite length is partitioned
into small blocks of a fixed length N. The adaptive weight w(n) of N element is
appended by N zeros, to give a length of 2N, and a 2N-point FFT, i.e., W(K), is
computed. In the infinite length input sequence, P(n) is changed to a length of 2N
by concatenating the most recent N data block with the previous block of N
samples. The 2N-point FFT of this sequence x(n) is computed, given by X(K).
The block of output samples is then given by Y(K) = X(K)W(K). A 2N-point
inverse FFT (IFFT) of this Y(K) provides the output frame. The last N points of
the output frame are taken as output, while the first N points are discarded. A
block diagram of the overlap—save sectioning method is given in Fig. 2 [1].

A block diagram of a speech enhancement system based on the FBLMS
algorithm is given in Fig. 3 [1], where x (n) is the reference noise signal, the
desired signal d (n) is a noisy speech signal, and e (n) is the recovered speech
signal. The noise in the noisy signal should be correlated with the reference noise.
s the step size parameter.
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Fig. 2 — Diagram illustrating the overlap—save sectioning method.

For a block of L input data samples and filter length N, one block of the input
vector, the desired output vector, the error and filter output at some instant n=k
will be denoted as shown in (1) to (4).

x(k)=[x(kL-N +1) x(kL-N +2)---x(kL+L~-1)]’, (1)
d(k)=[d(kL) d(kL+1)---d(kL+L~1)]", )
y(k)=[y(kL) y(kL+1)---y(kL+L~1)]’, 3)

e(k)=d(k)-y(k). @)

The frequency domain transforms (i.e. FFT) of the input and output vectors
are represented by X(K) and Y(K). The weight updating process is based on
(1) — (3). The output of the filter is given by (5):

B(;J : IFFT(FFTG:)V(H)D x FFT(x(n))J 5)

and the correlation vector V between e(n) and x(n) is given by (6):

I

The filter weight update process is then given by (7):

I o
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where °--’ represents the first N points that are discarded and the last N points of
the output frame are taken as output in (5). Similarly, the last N points are

discarded in (6).
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Fig. 3 — Diagram of the fast block LMS algorithm.
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3 Proposed FCCDNN-Based Speech Enhancement System

The architecture of the FCCDNN model put forward in this paper is
illustrated in Fig. 4, and consists of a fully connected layer followed by a
convolution layer, ReLU and a max pooling layer. The final stage consists of a
fully connected layer followed by a regression layer.

1
I
Input Ly Fully |:

connected ReLU Max [P Fully > Regression
Convolution pooling connected output

Fig. 4 — Architecture of FCCDNN.

The trained FCCDNN model is used for prediction of the magnitude
spectrum of clean speech, using the magnitude spectrum of noisy speech. During
the training process, a nonlinear relation between the noisy spectrum and clean
spectrum, known as a mapping function, is developed to further minimise noise
from unknown noisy speech signals, as shown in Figs. 5 and 6.

CWezm speech Windowing and Discrete Magnitude
signal overlapping transform
FCCDNN

model for
training

Short time Fourier transform

Clean speech signal Windowing and Discrete Magnitude
+ noise overlapping transform

Short time Fourier transform

Fig. 5 — Training of the FCCDNN model.

Noisy speech Windowing and Discrete Magnitude
signal overlapping transform ECCDNN
model for
training
Short time Fourier transform

Recovered . .
speech signal Inverse short time Fourier transform Magnitude

Fig. 6 — Testing and validation of the trained FCCDNN.

The proposed speech enhancement system consists of a training stage and a
testing stage. The short time Fourier transform (STFT) is applied to both noisy
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and clean signals to obtain their magnitude and phase spectra. The magnitude
spectrum of noisy speech is used as the final predictor, whereas the magnitude
spectrum of the clean speech signal is used as the final target. For the whole
speech database predictors and targets are calculated and used to train DNN
models. In the testing stage, the system performance is tested using the noisy test
database, whereas in the validation stage, an unknown noisy speech signal is
applied to the trained FCCDNN model.

First, the magnitude and phase spectra of the noisy speech signal are
separated, and only the magnitude spectrum is passed to the trained DNN model.
The trained FCCDNN model provides the magnitude spectrum of the recovered
speech signal. Inverse STFT is then applied to the magnitude and phase spectra
of the noisy speech signal to recover the speech signal, as shown in Fig. 6 [7,8].
A convolutional layer uses a convolution sum rather than relying solely on matrix
multiplications, as in traditional neural networks. The neurons in a convolutional
layer extract specific features. In this paper, a 2D convolutional layer is used in
which sliding convolutional filters are applied to the 2D input to extract the
features.

4 Two-Stage Proposed Speech Enhancement System Based on
FBLMS Cascaded with FCCDNN

This research demonstrates the success of a two-stage speech enhancement
system, and its performance is evaluated and compared as shown in Fig. 7.

Noisy 9

Signal |

e b ‘ v’ Recovered
FBLMS-based speech e ) 4" signal
enhancement system * %

Reference *

noise o)

FCCDNN

Fig. 7 — Proposed two-stage speech enhancement system.

In the first stage, the noisy signal is passed through an FBLMS-based speech
enhancement system. In the second stage, the recovered signal is again passed
through a trained FCCDNN-based speech enhancement system to remove the
residual background noise. The FCCDNN system used in the second stage is
trained on a speech database and then tested.
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5 Performance Parameters

In general, the improvement in SNR is used to define the performance of a
speech enhancement system, as it indicates that the quality of the speech is
improved. In the last few years, deep neural networks have achieved substantial
improvements in the quality and intelligibility of speech when used with
supervised learning-based speech enhancement systems. However, recovered
speech with a comparatively high improvement in SNR score compared to clean
speech may not have high levels of quality and intelligibility; hence, objective
functions based on human perception such as perceptual evaluation of speech
quality (PESQ) and short-time objective intelligibility (STOI) are generally used
to evaluate the quality and intelligibility of speech [6]. PESQ is the ITU-T
standard representing the objective level of speech quality. Its value ranges from
—0.5 to 4.5, with a higher value indicating better perceptual quality. STOI is a
scalar quantity, with values ranging from —1 to 1; it measures the intelligibility
of a recovered speech signal by comparing it with the clean speech signal, with a
higher value corresponding to higher intelligibility [15].

6 Methodology and Experimental Setup

A suitable database of noisy signals should be created to test any speech
enhancement system and to evaluate its performance. Noisy speech signals were
therefore prepared for the Hindi speech database by combining them with factory
and babble noise from the NOISEX-92 database [16]. Both the clean speech
samples and noise samples had a 16 kHz sampling frequency. In this experimental
setup, the noisy speech signal was passed through three different speech
enhancement systems: an FBLMS-based system, an FCCDNN-based system, and
a two-stage system. The noisy signal was first passed to the FBLMS-based speech
enhancement system, with the output (recovered speech) then passed to the
FCCDNN system to further remove the residual noise. The different layers used
in FCCDNN system are given in Table 1. The clean speech signal dataset was
taken from the “Common Voice” database of Hindi speech samples available
from www.kaggle.com [18].

Table 1
Layers used in the proposed FCCDNN-based speech enhancement system.
Name Dimensions and details
Image input 33x8x1 images with ‘zero centre’ normalisation
Fully connected 1024 fully connected layer
Convolution 512 1x1 convolutions with stride [1 1] and padding [0 0 0 0]
ReLU ReLU
Max pooling 1x1 max pooling with stride [1 1] and padding [0 0 0 0]
Fully connected 33 fully connected layer
Regression output Mean squared error
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The training process of the FCCDNN model in terms of the root mean square
error (RMSE) and the loss function is shown in Fig. 8. RMSE is useful for
regression tasks where predictions of continuous values are required. It is also
used with a loss function, which guides training and performance measurements.
The training dataset consisted of total 1037 samples of Hindi speech, while the
testing dataset consisted of 356 samples (i.e. 74% for training and 25% for
testing). A total of 15 samples (1%) were used for validation. For STFT, a
Hamming window of length 64 was used for framing. In the FCCDNN model,
five layers were used, as shown in Table 1, and stochastic gradient descent with
momentum was used for training, with the momentum set to 0.9000. The initial
learning rate, maximum epochs, and mini-batch size were 0.01, 5 and 64,
respectively. In FBLMS, the filter order and step size were taken as 20 and 0.1,
respectively.

S —————" Training Progress (26-Nov-2024 21:10:22) _— R - -

Valldation RMSE: HiA
Training finishes: Rsached final eration
Training Time

Start time: 26-Now-2024 21:10:22
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Fig. 8 — Training process of the FCCDNN model.

Table 2 presents a performance comparison of the quality and intelligibility
of speech in terms of the output SNR, PESQ and STOI when all three speech
enhancement systems are applied to speech signals corrupted with factory and
babble noise at =5, 0, 5, 10 and 20 dB.

Fig. 9a presents a comparison of the output SNR for speech corrupted by
factory noise at different SNR levels when it is passed through all three speech
enhancement systems, while Fig. 9b enables a comparison of the improvements
in SNR achieved by these systems. Figs. 9c and d present comparisons of the
PESQ and STOI results, respectively, for the speech recovered from above
systems. Fig. 10 presents the same results but for factory noise.
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Fig. 9 — Performance comparison of FBLMS, FCCDNN and
two-stage speech enhancement systems for factory noise:
(a) output SNR; (b) SNR improvement, (c) PESQ; (d) STOL

314



Two-stage Adaptive Robust Noise Cancellation System for a Hindi Speech Database

Figs. 9a and 10a show that the proposed system provides higher
improvements in output SNR compared to the other two speech enhancement
systems for both types of noise at all input SNR levels. From Fig. 9b, it can be
seen that the proposed system provides a maximum improvement of 13.997 dB
for speech signal corrupted by factory noise at —5 dB input SNR level, a value
4.7405 dB higher than for FCCDNN-based speech enhancement and 7.5152 dB
than FBLMS-based speech enhancement.

Table 2
Performance comparison of speech quality and intelligibility
in terms of output SNR, PESQ and STOI.

o | Input Output SNR PSEQ
2 | [ oo | SRS | M [ s | B | M
-5 | 14818 | 4.2565 8.997 1.5508 | 1.594 2.581
o | 0 | 51527 | 6501 13.5866 1.8453 | 1.9275 | 2.9438
§ 5 | 104224 | 105012 |  18.5153 2.1703 | 23188 | 3.2962
= | 10 | 150551 | 16.1129 | 21.9253 2.5263 | 2.7408 | 3.5791
20 | 21.1315 | 22.5694 23.578 32679 | 3.5814 | 3.7508
-5 | 32075 | 4.0738 10.2965 1.5465 | 1.5821 | 2.7562
. 0 | 5.1738 | 6.0604 10.9363 1.8508 | 1.9098 | 2.8678
§§ 5 7221 | 117561 | 11.1202 22017 | 23143 | 2.9056
B0 [ 113s71 | 152045 | 193908 25727 | 27207 | 3.389
20 | 20.112 | 24.9777 | 25.5249 34277 | 3.46 3.6144
Q Input STOI
7 |l [ | B [ e
-5 | 06592 | 0.6611 0.9696
o | 0 | 08067 | 0.825 0.9891
§ 5 | 0.9083 | 0.9265 0.9955
=1 10 | 09614 | 09758 0.9971
20 | 0995 | 0.997 0.9977
-5 | 0.6413 | 0.6408 0.9697
. 0 | 0.7765 | 0.786 0.9716
5;’ 5 0.885 | 0.901 0.9721
T 00 | 0949 | 09653 0.9947
20 | 09941 | 0.9965 0.9978
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(d)
Fig. 10 — Performance comparison of FBLMS, FCCDNN and
two-stage speech enhancement systems under babble noise:
(a) output SNR; (b) SNR improvement; (c) PESQ; (d) STOL

316



Two-stage Adaptive Robust Noise Cancellation System for a Hindi Speech Database

Similarly, it can be observed from Fig. 10b that the proposed system provides
a maximum improvement of 15.2965 dB for a speech signal corrupted by babble
noise at —5 dB input SNR level, a result that is 6.2227 dB higher than for
FCCDNN-based speech enhancement and 7.089 dB higher than for FBLMS-
based speech enhancement. It is also clear that the proposed system gives an
improvement in SNR for speech signals corrupted by both types of noise for input
at all SNR levels, except for babble noise at 5 dB, where the output is almost
constant. This increase in SNR represents the quality improvement in the
recovered signal.

In Table 2, the values of the PESQ and STIO parameters are also given for
the recovered signal from both speech enhancement systems, to enable an
objective evaluation of the quality and intelligibility of the speech. It can be
observed that both parameters are improved for the proposed system compared
to the FCCDNN-based speech enhancement system.

Figs. 9c and 10c represent the improvements in PESQ at all input SNR levels,
whereas Figs. 9d and 10d represent the corresponding improvements in STOI.
These increases indicate that the recovered speech from proposed system is better
than from the FCCDNN-based speech enhancement system.

In addition to validating the proposed system based on reserved samples, it
was also tested based on an independent speech database [17]. From this
database, one test sample was selected from a range of different sentences in
Hindi [17], namely “YAHA SAI LAGHBAG PANCH MEAL DAKSHIN
PASCHIM MAI KATGHAR GAON HAI”, to assess the performance of the
system. A noisy version of this sentence was prepared by adding factory and
babble noise from the NOISEX-92 database [16] to this clean sentence at —5, 0,
5, 10 and 20 dB input SNR levels.

Fig. 11 shows the results for factory noise at 0 dB. Fig. 11a shows the clean
speech signal and its spectrogram, Fig. 11b shows the noisy speech signal and its
spectrogram, and Fig. 1lc shows the output from the proposed speech
enhancement system and its spectrogram.

Fig. 12 shows the corresponding results for babble noise at 0 dB: Fig. 12a
shows the clean speech signal and its spectrogram, while Fig. 12b shows the noisy
speech signal at 0 dB and its spectrogram, and Fig. 12¢ shows the output from
the proposed speech enhancement system and its spectrogram. It can be observed
that the output from the proposed system is very similar to the clean speech
signals for both forms of noise at all SNR levels.
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Fig. 11 — Output for noisy signal corrupted by factory noise at 0 dB input SNR:
(a) clean speech signal and its spectrogram representation,
(b) noisy signal and its spectrogram representation;
(c) output from proposed system and its spectrogram representation.
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Fig. 12 — Output for noisy signal corrupted by babble noise at 0 dB input SNR level:
(a) clean speech signal and its spectrogram representation;
(b) noisy signal and its spectrogram representation;
(c) output from proposed system and its spectrogram representation.
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7 Conclusion

In this paper, a two-stage system for speech enhancement based on a CNN
architecture has been presented, consisting of a FBLMS network followed by an
FCCDNN model. The quality and intelligibility of speech were evaluated in terms
of the SNR, PESQ and STOI for a Hindi speech signal corrupted by babble and
factory noise at —5, 0, 5, 10 and 20 dB input SNR levels. The performance of the
proposed system was found to be better than FCCDNN- and FBLMS-based
speech enhancement systems for both types of noise at all input SNR levels. Even
at a -5 dB input SNR level, the proposed system showed maximum
improvements in SNR of 13.997 and 15.2965 dB for factory noise and babble
noise, respectively. The improvement is also represented in the spectrograms of
the clean, noisy, and recovered speech signals for both types of noise at a 0 dB
input SNR level.
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