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1. INTRODUCTION

In voice communication systems, speech enhancement is required for improving the quality and
intelligibility of speech signals which are captured by these devices under the presence of background or
some specific noise [1] along with clean Hindi speech database [2]. The goal of these speech enhancement
systems is to make noisy speech more clear and pleasant in listening through audio devices after application
of noise minimization techniques. The perceptual quality and intelligibility of speech signal should be
retained. One of the important applications is remote work meetings, i.e., teleconferencing or video
conferencing where clear voice from audio devices is an essential requirement for effective communication
as well as for user satisfaction.

Traditionally, accurate noise estimation-based methods such as spectral subtraction and Wiener
filtering. were used for denoising. The adaptive noise cancellation systems use popular adaptive algorithms
such as least mean square (LMS), recursive least square (RLS) algorithms and their variants in time domain.
LMS algorithm is mostly used due to its simplicity and convergence guaranty in stationary environments, but
it may take long time to converge. Whereas RLS algorithm shows Faster convergence rates, but it requires
large computational resources, often it is too large for real-time implementation. RLS algorithm performs
better for non-stationary environments. Affine projection algorithm and its variants are also used for noise
cancellation since it has fast convergence like recursive RLS and low complexity like LMS algorithm. The
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transform domain adaptive algorithms offer superior performance over conventional adaptive algorithms.
These algorithms show lower computational complexity and better convergence as compared to time domain
algorithms. Implementation of noise cancellation system proved more effectiveness for applications having
impulse response of long duration. Due to highly correlated input signals, the convergence of LMS algorithm
[3], [4] in time domain significantly degrades. Because of orthogonal property, transform domain algorithms
provide faster convergence speed with low computational complexity. This is since transform domain
adaptive filters [5], [6] uses decorrelation properties of some well-known signal transforms, such as the
discrete Fourier transform (DFT), discrete cosine transform (DCT) and wavelet transform (WT) domain [7],
[8]. WT domain LMS Newton adaptive filtering algorithm [9] has proved better than other domain
algorithms for both first order and second order autoregressive (AR) process. In this paper the analysis of
stability, misadjustment, and convergence performance has been done. The coefficients belonging to certain
sub-bands of WT based LMS [10] are dynamically selected for the update based on largest decrement of the
mean-square deviation. It resulted in a fast convergence speed and a low steady-state error as compared to
simple WT based LMS. Other researchers have also proved that WT domain filters [11], [12] have also
proved their superiority for applications in speech noise reduction and acoustic echo cancellation.

In the recent past years, many deep learning network-based speech enhancement systems have
shown their superiority over the traditional speech denoising methods. In deep learning models, databases are
used for complex mappings from noise to clean speech directly. In review paper on speech enhancement
[13], reviewers have the opinion that convolutional neural networks (CNN) are better for speech
enhancement as CNN is more effective in learning temporal information of speech signal. Many deep neural
network models such as fully connected neural networks [14], deep denoising autoencoder, CNN, LSTM
have been effectively used for speech denoising even in diverse noisy conditions [15], [16]. Deep learning
methods in different applications and experimental set ups have been implemented [17], [18] for normal
speech enhancement and speech enhancement in cocktail parties. LMS algorithm in wavelet domain [19] is
used to minimize noise from signals. Both traditional methods and deep learning approaches [20] are
compared for speech enhancement and deep learning approaches have proved better than traditional methods.
Deep learning approaches have also proved better for speech enhancement [21], improvement in
intelligibility of speech [22] and in combination with discrete transforms [23]. Cascaded CNN are used for
speech emotion recognition in noisy conditions [24]. Two stage speech enhancement by using optimum
values of magnitude and phase have been very effective in noise minimization or noise reduction [25]. An
improved RLS algorithm is used to denoise electrocardiogram (ECG) signals for four types of real noises
from MIT-BIT dataset [26]. Here use of a systolic architecture enabled faster processing and better noise
reduction as compared to RLS. The proposed algorithm [26] outperformed the conventional RLS algorithm
with and without systolic architecture in terms of convergence speed, signal-to-noise ratio (SNR), and mean
squared error (MSE).

2. PROPOSED METHOD

The schematic of LMS adaptive filter-based speech enhancement system is given in Figure 1. The
corrupted speech x(n) corrupted by noise N(n) and reference noise p(n) is given as input to system. The
N(n) and p(n) should be correlated. In LMS algorithm, the cost function which is least mean square value of
error signal e(n) is minimized having multiple iterations i.e.

Since N(n) and y(n) are correlated and signal power is constant, minimizing the cost function will
minimize the noise term in (1). In LMS algorithm, the steepest descent algorithm is used for updating the
filter. The weight update equation for LMS algorithm is given by (2).

Cost function = min{E[e?(n)]} = min{E[(x(n) — y(n))?]}
= min{E[(s(n) + N(n) — y(n))*]}
= min{E[(s())*] + E[(N(n) — y(n))*] + 2E[s(m)(N(n) — y(m))]} )]

wn + 1) =w(n) + ue(n)x(n) 2)

The step size p. play an important role in convergence of LMS algorithm. Convergence time will be high if
step size is small or vice versa [6].

2.1. Wavelet domain adaptive filter based on LMS algorithm (WDAF-LMS)
In this algorithm, the input signal x(n) is applied to N* order wavelet domain adaptive LMS filter i. e.

xy =[x(n),x(n—1),x(n —2),.......... x(n+N-—-1) 3)
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Then this input signal is transformed to wavelet domain signal X (n, f) as given in (4).
X(n, f) = WT{xy} 4)
where X(n, f) is level 3 approximation coefficient of DWT of x(n). The three level wavelet transform

decomposition of x(n) is shown in Figure 2 [27]. This wavelet domain signal X(n, f) is used in WDAF
system shown in Figure 3. The output y(n) is given by (5).

y(n) = ZRo X(n, fwy (6))
This output is compared with the desired signal d(n) and error signal e(n) as given by (6).

e(n) =dn) —y(n) (6)
The weight of WDAF is changed according to error signal e(n) through multiple iterations. The weight

update equation is given by (2).

Primary input
x(n)=s(n)+N(n)
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Figure 1. Block diagram of adaptive filter-based speech enhancement system
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Figure 2. The three level wavelet transform decomposition of x(n) [27]
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Figure 3. A wavelet domain adaptive filter [19]
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2.2. A speech enhancement system based on fully connected deep neural network using stochastic
gradient descent with momentum optimizer

A fully connected deep neural network (FCDNN) is a subset of artificial neural network where
neurons of one layer are connected to every neuron of the next layer. These networks are widely used in
various tasks like regression, classification, and pattern recognition as they can learn complex mappings from
inputs and outputs. The choice of activation function is very important in determining the information to be
transmitted from one layer to the next. Thus, it controls information exchange and learning from data for a
neural network model. In this paper, the output of fully connected layer is passed through a rectified linear
unit (ReLU) activation function defined by (7). A regression layer is used in neural networks for regression
tasks. It computes the half-mean-squared-error loss for regression tasks. For speech enhancement problems, a
regression layer must follow the final fully connected layer. DNN model is trained using stochastic gradient
descent with momentum (SGDM) optimizer, progressively improving its prediction over multiple epochs.

f(x) = max(0, x) (7

As shown in Figure 4, fully connected deep neural network using stochastic gradient descent with
momentum optimizer (FCDNN-SGDM) is first trained from magnitude spectrum of noisy speech and clean
speech to develop a nonlinear relation between the noisy spectrum and clean spectrum. The short time
Fourier transform (STFT) is applied to both speeches to obtain its magnitude spectrum and phase spectrum.
The magnitude spectrum of noisy speech is used as final predictor. Whereas the magnitude spectrum of clean
speech signal is used as final target. For the whole speech database predictors and targets are calculated and
used to train DNN models. In the testing stage performance is tested using the noisy test database. In
validation stage, the unknown noisy speech signal is applied to trained FCCDNN model. First magnitude
spectrum and phase spectrum are separated, and noisy speech signal is calculated by STFT. Only Its
magnitude spectrum is given to trained DNN model. The trained FCCDNN model provides the magnitude
spectrum of recovered speech signal. Then inverse STFT is applied to this magnitude spectrum and the phase
spectrum of noisy speech signal to recover speech signal as shown in Figure 5.

Clean Noisy Noisy Recovered
speech speech speech speech
Signal signal signal s]gna]
Windowing Windowing Windowing
and and Inverse
and . .
overlapping overlapping overlapping short t‘ime
- Fourier
l l l transform
Discrete
Discrete Discrete transform
transform
transform
Phase
l spectrum
Magnitude Magntitude Magnitude Magnitude
spectrum spectrum spectrum spectrum
FCDNN-SGDM model for training FCDNN-SGDM model for training and testing
Figure 4. Training stage of FCDNN-SGDM Figure 5. Testing and validation stage of trained
model FCDNN-SGDM model
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3. EXPERIMENTAL SETUP

In the experimental setup shown in Figure 6, a two-stage cascaded speech enhancement method is
proposed where first stage is WDAF-LMS and second stage is FCDNN-SGDM. In the second stage, the
recovered signal is again passed through trained FCDNN-SGDM based speech enhancement system to
further remove the residual background noise. For evaluation of a speech enhancement system, a proper
database is required. Here clean sentence database is taken from Hindi speech database [2]. The noisy version
of clean sentences is prepared by adding babble noise, car noise and machine gun noises from NOISEX-92
database [1] to this clean sentence at 0 dB down to —13 dB.

Stage 1 Stage 2

Noisy ‘ | Recovered
Signal ; Signal

I
o
o

Frequency Domain N4
Adaptive filter using
LMS algorithm

— | (WDAF-LMS) o | i

é
L4
l

Reference
Noise

FCCNDD-SGDM

Figure 6. A two-stage speech enhancement system

In WDAF-LMS based speech enhancement system, the filter order is taken as 20 and step size p is
taken as 0.008. Here ‘DB2’ wavelet is used for DWT for reference noise signal taken as input to transversal
filter For FCCDNN-SGDM, total 419 speech samples are taken for training, testing and validation. Speech
database [2] of 21 speakers is taken for training, testing and validation. Where 20 sentences are taken from
each speaker. Training dataset consists of total 314 Hindi speech samples and testing dataset consists of 84
Hindi speech samples. 75% and 20% of the database are used for training and testing respectively. Also, 21
samples i.e. 5% samples are used for validation of the results. For STFT, “Hanning window” of length 64 is
used for framing. Five layers are used for training the model. SGDM is used for Training options with
momentum equals to 0.9000, learn rate drop factor is .0001, maximum epochs are 20, mini batch size is 64.

The performance parameters used in experimental setup for evaluation of system are SNR
improvement, perceptual evaluation of speech quality (PESQ) and short-time objective intelligibility (STOI).
PESQ value ranges from-0.5 to 4.5 and the higher PESQ means better perceptual quality. STOI value is a
scalar quantity, and ranges from-1 to 1. It measures the intelligibility of the recovered speech signal by
comparing it with the clean speech signal. A higher value for STOI corresponds to a higher intelligibility of
speech signal.

4. RESULTS AND DISCUSSION

It is observed from Table 1 to Table 3 that the proposed system provides improvement in speech
quality and intelligibly in terms of SNR improvement, PESQ and STOI at all input SNR level for all three
noises. In this experimental setup, the corrupted signal was tested at input SNR levels ranging from
0 dB down to —13 dB. Even up to -13 dB input SNR level, the system provides subsequent improvements.

Table 1, Figure 7, and Figure 8 show the enhancement in noisy speech signal corrupted by babble
noise at 0 dB, -5 dB, -6 dB, -7 dB, -8 dB, -9 dB, -10 dB, -11 dB, -12 dB, -13 dB input SNR levels in terms of
SNR, PESQ and STOI, when it is passed through the system, with the specific metrics detailed in
Figure 7(a) through Figure 7(d). Table 1 shows the comparisons of output at both stages. Where stage-1 is
WDAF-LMS and stage-2 is FCCDNN-SGDM. The WDAF-LMS achieved a maximum SNR improvement of
15.238 dB at —10 dB input SNR while the subsequent FCCDNN-SGDM stage further enhanced the
performance, achieving the overall maximum SNR improvement of 17.061 dB at —8 dB input SNR. Even at
-13 dB input SNR level, the proposed algorithm provides subsequent improvement with improvements in
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PESQ and STOI values which shows that at -13 dB input SNR level, speech quality and intelligibility is
retained in denoised signal. Figure 8 illustrates the waveform comparison specifically at -5 dB input SNR,
displaying the clean speech in Figure 8(a), the noisy speech in Figure 8(b), the denoised signal after stage-1
in Figure 8(c), and the denoised signal after stage-2 in Figure 8(d). As observed in these waveforms, the
signal recovered after stage-2 is closer to original signal as compared to the signal recovered after stage-1.

Table 2, Figure 9, and Figure 10 show the enhancement in noisy speech signal corrupted by car
noise at 0 dB, -5 dB, -6 dB, -7 dB, -8 dB, -9 dB, -10 dB, -11 dB, -12 dB, -13 dB input SNR levels in terms of
SNR, PESQ and STOI, when it is passed through the system, with the specific metrics detailed in
Figure 9(a) through Figure 9(d). Table 2 shows the comparisons of output at both stages. The WDAF-LMS
shows maximum SNR improvement of 21.2406 dB at -13 dB input SNR level while the FCCDNN-SGDM
further improves in SNR to 22.1705 dB at -13 dB input SNR level. It is observed that at -13 dB input SNR
level, the proposed algorithm provides subsequent improvement with improvements in PESQ and STOI
values. Which shows that at -13 dB input SNR level speech quality and intelligibility is retained in denoised
signal. Figure 10 illustrates the waveform comparison specifically at -5 dB input SNR, displaying the clean
speech in Figure 10(a), the noisy speech in Figure 10(b), the denoised signal after stage-1 in Figure 10(c),
and the denoised signal after stage-2 in Figure 10(d). As observed in these waveforms, the signal recovered
after stage-2 is closer to original signal as compared to the signal recovered after stage-1.

Table 1. Performance comparison of speech enhancement system at stage-1 and stage-2 (final stage)
for babble noise

Input SNR SNR improvement PESQ STOI
WDAF-LMS FCCDNN-SGDM  WDAF-LMS FCCDNN-SGDM  WDAF-LMS FCCDNN-SGDM

0dB 13.2457 13.7421 2.6716 2.9963 0.9634 0.9678
-5dB 14.7478 16.3641 2.3847 2.7784 0.9486 0.9508
-6 dB 14.9184 16.6935 2.3271 2.7002 0.9409 0.9458
-7dB 15.0552 16.9283 2.2691 2.62 0.932 0.9399
-8 dB 15.1552 17.061 22136 2.5161 0.9214 0.9329
-9dB 15.2201 17.0488 2.1575 2.4017 0.909 0.9233
-10dB 15.238 16.8831 2.1032 2.2838 0.8947 0.9108
-11dB 15.1705 16.5017 2.0475 2.1573 0.8774 0.893
-12dB 14.9654 15.7885 1.9823 2.0169 0.8542 0.863
-13dB 14.5853 14.8621 1.9124 1.868 0.8234 0.8223

Table 2. Performance comparison of speech enhancement system at stage-1 and stage-2 (final stage)
for car noise

INPUT SNR SNR improvement PESQ STOIL
WDAF-LMS FCCDNN-SGDM  WDAF-LMS FCCDNN-SGDM  WDAF-LMS FCCDNN-SGDM

0dB 9.0590 10.1693 3.4558 3.4654 0.9844 0.9876
-5dB 13.9972 15.0926 3.4075 3.418 0.984 0.9875
-6 dB 14.9741 16.0659 3.3906 3.4109 0.9838 0.9875
-7dB 15.9454 17.0304 3.3716 3.4023 0.9837 0.9874
-8 dB 16.9095 17.9966 3.348 3.3891 0.9835 0.9873
-9dB 17.8641 18.9297 3.3221 3.371 0.9832 0.9872
-10dB 18.8023 19.8659 3.2817 3.3463 0.9828 0.987
-11dB 19.7088 20.7625 3.2261 3.3069 0.9822 0.9867
-12dB 20.5409 21.5627 3.1212 3.2098 0.9807 0.9856
-13dB 21.2406 22.1705 2.9694 3.0219 0.9774 0.9824

Table 3. Performance comparison of speech enhancement system at stage-1 and stage-2 (final stage)
for machine gun noise

INPUT SNR SNR improvement PESQ STOIL
WDAF-LMS FCCDNN-SGDM  WDAF-LMS FCCDNN-SGDM  WDAF-LMS FCCDNN-SGDM

0dB 11.1084 17.1918 3.1031 3.1687 0.9879 0.9884
-5dB 11.1881 18.2533 2.692 2.7393 0.9649 0.9727
-6 dB 11.1312 17.9718 2.5228 2.6046 0.9533 0.9653
-7dB 10.9965 17.7721 2.3785 2.5031 0.9397 0.9579
-8 dB 10.8086 17.5841 2237 2.2968 0.9224 0.9494
-9dB 10.5918 17.4199 2.128 2.3085 0.9022 0.9395
-10dB 10.3505 17.3517 2.0198 22271 0.8775 0.9277
-11dB 10.1153 17.3198 1.9421 2.1502 0.8517 0.915
-12dB 9.9283 17.3148 1.8716 2.0815 0.8265 0.902
-13dB 9.7934 17.2867 1.8241 2.0019 0.8028 0.8873
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Figure 7. Performance comparison of speech enhancement system for babble noise at different input SNR
levels: (a) output SNR for babble noise at all input SNR level, (b) SNR improvement for FCCDNN-SGDM
as compared to WDAF-LMS, (¢) PESQ improvement for FCCDNN-SGDM as compared to WDAF-LMS,
and (d) STOI improvement for FCCDNN-SGDM as compared to WDAF-LMS for babble noise at all Input
SNR level

(d)

Figure 8. Waveform comparison of speech signals corrupted by babble noise: (a) clean speech, (b) noisy
speech, (c) denoised speech signal after stage-1, and (d) denoised speech signal after stage-2 at -5 dB input
snr for babble noise
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Figure 9. Performance comparison of speech enhancement system for car noise at different input SNR levels:
(a) output SNR for car noise at all input SNR level, (b) SNR improvement for FCCDNN-SGDM as compared to
WDAF-LMS, (c) PESQ improvement for FCCDNN-SGDM as compared to WDAF-LMS for, and (d) STOI
improvement for FCCDNN-SGDM as compared to WDAF-LMS for car noise at all input SNR level
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Figure 10. Waveform comparison of speech signals corrupted by car noise: (a) clean speech, (b) noisy
speech, (c) denoised speech signal after stage-1, (d) and denoised speech signal after stage-2 at -5 dB input
SNR for car noise
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Table 3 and Figure 11 show the enhancement in noisy speech signal corrupted by machine gun
noise at 0 dB, -5 dB, -6 dB, -7 dB, -8 dB, -9 dB, -10 dB, -11 dB, -12 dB, -13 dB input SNR Levels in
terms of SNR, PESQ and STOI, when it is passed through the system, with the specific metrics detailed in
Figure 11(a) through Figure 11(d). Table 3 shows the comparisons of output at both stages. The
WDAF-LMS shows maximum SNR improvement of 11.1881 dB at -5 dB input SNR level while
FCCDNN-SGDM shows further SNR improvement of 18.2533 dB at -5 dB input SNR level. Even at
-13 dB input SNR level, the proposed algorithm provides subsequent improvement with improvements in
PESQ and STOI values. Which shows that at -13 dB input SNR level speech quality and intelligibility is
retained in denoised signal.
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Figure 11. Performance comparison of speech enhancement system for machine gun noise at different input
SNR levels: (a) Output SNR for machine gun noise at all input SNR level, (b) SNR improvement for
FCCDNN-SGDM as compared to WDAF-LMS, (c) PESQ improvement for FCCDNN-SGDM as compared
to WDAF-LMS, and (d) STOI improvement for FCCDNN-SGDM as compared to WDAF-LMS for machine
gun noise at all input SNR level

Figure 12 shows denoised output signal of stage-1 and stage-2 at -5 dB input SNR level and the
quality of signals received after stage-2 is better than that of stage-1. Displaying the clean speech in
Figure 12(a), the noisy speech in Figure 12(b), the denoised signal after stage-1 in Figure 12(c), and the
denoised signal after stage-2 in Figure 12(d).

Int J Elec & Comp Eng, Vol. 16, No. 2, April 2026: 806-817



Int J Elec & Comp Eng ISSN: 2088-8708 a 815
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Figure 12. Waveform comparison of speech signals corrupted by machine gun noise at -5 dB input SNR:
(a) clean speech, (b) noisy speech, (c) denoised speech signal after stage-1, and (d) denoised speech signal
after stage- 2 at -5 dB input SNR for machine gun noise

5. CONCLUSION

Here, a two-stage cascaded speech enhancement method is proposed for noise cancellation from
highly corrupted speech signals. Where stage-1 is WDAF-LMS based system and stage-2 is FCCDNN-
SGDM based system. The result is presented for speech corrupted by babble noise, car noise and machine
gun noises at 0 dB and -5 dB to -13 dB input SNR levels and the results are compared at both stages i.e.
stage-1 and stage-2. Speech quality and intelligibly is compared in terms of SNR improvement, PESQ and
STOI at all input SNR levels for all three noises. It is proved that the proposed system shows improvement in
SNR, PESQ, and STOI up to -13 dB input SNR level corrupted speech signal.
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