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Unveiling optimal mother wavelets
by COPRAS Method Analyzing
speech signals despite face mask
and shield obstacles
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Wavelet analysis is a prominent time—frequency analysis method in investigating various signals such
as speech, vibration, acoustic signals, ultrasound, and underwater acoustic signals. Throughout the
coronavirus pandemic, people have adopted diverse face shields and face masks, which have caused
difficulties in understanding speech. To address this issue, the wavelet transform (WT), a proven
effective method, can be implemented. Time—frequency analysis serves as a standard approach

since it combines useful information between time-domain observations and frequency-domain

data. However, the selection of an appropriate mother wavelet represents the main obstacle when
using WT. The same signal produces different outcomes when analyzed with various mother wavelet
selections. In this research, speech signals were obtained under various conditions of face masks and
face shields. This work proposes the COPRAS (COmplex PRoportional ASsessment) technique to select
the appropriate mother wavelet function. Maximum Cross-Correlation Coefficient (MCC) and Maximum
Energy to Shannon Ratio (MEER) evaluation criteria are utilized to rank the better mother wavelet
function. From the results, the proposed methodology establishes a comprehensive protocol for
selecting mother wavelet for the speech signal in various conditions.

Keywords Face masks, Process Innovation, Speech enhancement, Wavelet transform, Mother wavelet
selection, Multiple criteria decision making, COPRAS (COmplex PRoportional ASsessment) methods

In recent times, the utilization of wavelet Transform (WA) has extended to diverse applications, encompassing
machinery fault detection!?, speech processing®=>, object localization®, and biomedical signal processing”®.
WA decomposes signals into individual frequency components. The analyzer provides improved resolution
for each component as the measurement device (scale) gets adjusted. The analysis proves that functions can
be decomposed into basic elements through wavelet transformation with tuning and movement operations.
Through discrete wavelet transforms (DWT) signal decomposition creates two distinguishable signal fragments
as low-frequency approximations and high-frequency details’.

Recent applications of DWT include its role in refining speech signals. Talbi Mourad? introduced a speech
enhancement method based on wavelet transform, comparing it against established techniques like Wiener
filtering and the maximum a posteriori estimator of the magnitude-squared spectrum (MSS-MAP) in the
frequency domain. Sonia et al.!° innovated a method for smoothing voice signals before soft thresholding,
thereby enhancing the signal-to-noise ratio (SNR) of speech signals. Sanam and Shahnaz proposed a statistically
adaptive hard threshold function for the wavelet method in speech enhancement!!, demonstrating its efficacy in
reducing both white and colour noise.

The pivotal role of mother wavelet selection in WT is underscored, with various types offering distinctive
features. The choice of a specific mother wavelet involves both qualitative and quantitative approaches. Fu et
al.!2 employed a biorthogonal 6.8 mother wavelet for surface profile segregation based on symmetry properties.
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A. Mojsilovic et al. considered regularity and vanishing moments, opting for biorthogonal wavelets in texture
characterization!®. Safavian et al. found that b-spline, coiflet, and db4 demonstrated equivalent efficacy
in identifying power system transients'®. Quantitative techniques have emerged in recent years to ascertain
the similarities between mother wavelet functions and acquired signals. N. Saito introduced the minimum
description length (MDL) method' to identify the most appropriate mother wavelet function. This method
is based on the principle of the optimal model. Khan et al.!® employed the MDL to select the mother wavelet
function for analyzing a three-phase interior permanent motor, favouring the db3 mother wavelet.

Jesmin Khan!” developed a modified MDL approach to denoise smart grid data, while Moradi'® looked into
different mother wavelet functions for ocean color time series and concluded that the Daubechies wavelet family
is the best. The Maximum Cross-Correlation Coefficient (MCC) method can determine similarities between
acquired signals and mother wavelets. B.N. Singh et al.!” used the MCC method to select the mother wavelet of
the ECG signal and chose the db8 mother wavelet for ECG signal denoising. Marxim and Mohanty?® selected the
sym7 mother wavelet for underwater acoustic signals using the MCC method. Finally, Gwinn et al.?’ evaluated
various mother waves with the MCC method for power side-channel analysis and supported the use of the mexh
mother wavelet for time series evaluation.

H. Nematallah and S. Rajan conducted research about selecting mother wavelets for improving human
activity recognition through wearable sensor measurements?!. The research identifies activities by analyzing their
unique signal patterns with accuracy as its main goal. The research design applies wavelet packet transform and
energy analysis through two classification techniques. The research utilizes different wavelet families on multiple
datasets to establish which wavelet selection leads to superior recognition results. The research demonstrates
that using Coiflet family wavelets results in superior identification capabilities for different activities through
accelerometer data analysis. When used in this scenario the Haar wavelet showed unsuccessful results. Acoustic
emission techniques played a crucial role in diagnosing insulation problems through the examination of
partial discharge signals as per S.R. Vippala et al.?2. The selection of proper wavelets represents a fundamental
requirement for analysis because experts identified distinct wavelets for reconstruction and denoising and
compression applications. A total of thirty-six wavelets were evaluated using five test signals which identified
coif3, coif4 and coif5 as the most suitable options for the three performance tasks according to their energy
criteria.

The widespread use of Multi-criteria decision-making (MCDM) methods exists to solve diverse decision
challenges which include multiple competing objectives found throughout different fields of study. Such
challenges consist of several options that are evaluated through various assessment standards. The selection
process bases its decisions solely on the preferences of decision-makers. Petkovi¢ et al.?* used WASPAS and
COPRAS MCDM methods to evaluate the most efficient processing methods for non-conventional ceramic
material machining. WASPAS employs multi-level utility functions including additive and multiplicative
parts for decision making and COPRAS provides excellent alternative ranking through assessment of both
criterion importance and utility values. The authors used a Taguchi-based COPRAS method to improve turning
parameters for stainless steel 304. The method proved capable of converting multiple optimization objectives
into a structured single-objective evaluation process.

Jahan et al.? studied five normalization techniques that helped determine the best approach for COPRAS
performance evaluation. The scientists applied this methodology to enhance drilling operations of aluminum
alloys when using solid carbide drill bits with high-pressure coolant for efficient parameter selection®. The
authors developed an integrated approach between fuzzy AHP and fuzzy COPRAS to select machine tools by
eliminating consistency ratio requirements and utilizing fuzzy linguistic terms to enhance decision quality?.
A stochastic COPRAS model enabled successful cargo service provider selection in the industry by solving
problems caused by unpredictable performance metrics through probabilistic decision processes?’. The flexible
nature of COPRAS enables practitioners to use it effectively for managing situations involving both certain and
unreliable decision-making contexts.

The highlights of the research work are listed below,

« Utilization of Wavelet Analysis in Addressing Speech Communication Challenges: This study investigates
the application of wavelet analysis to examine speech signals facing challenges, particularly in scenarios in-
volving face shields and face masks during the COVID-19 pandemic.

o Addressing Challenges in Selecting the Optimal Mother Wavelet: This work delves into the challenge of se-
lecting the appropriate mother wavelet function for speech. Also, This research adopts Maximum Cross-Cor-
relation Coeflicient (MCC) method along with Maximum Energy to Shannon Ratio (MEER) criterion as
solutions to reduce variations in results from different mother wavelets.

« Practical Guidance for Mother Wavelet Selection in Speech Signal Processing: This study demonstrates
methods for selecting proper mother wavelets in speech signal processing for different face mask and face
shield situations, along with practical guidelines for mother wavelet selection. Both MCC and the MEER
criteria were applied to determine the insights which resulted in the recommendations for mother wavelet
selection. Furthermore, the COPRAS (COmplex PRoportional ASsessment) technique is employed to select
the optimal mother wavelet for speech signals under various face mask and shield conditions.

The utilization of wavelet analysis in enhancing speech signals becomes particularly relevant in the context of face
masks and face shields, crucial tools in mitigating the spread of the coronavirus pandemic. This research involves
the acquisition of speech signals under diverse face mask and face shield conditions, detailed in Sect. “Method”
Section “Wavelet Transform” elaborates on WT, Sect. “Mother Wavelet Selection” outlines the mother wavelet
selection via the maximum cross-correlation coefficient method, Sect. “Results and Discussions” presents results
and discussions, and Sect. “Conclusion” concludes this research endeavor.
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Case number | Condition

Case 1 Without face shield and without mask
Case 2 Without face shield and Surgical mask
Case 3 Without face shield and Cloth mask
Case 4 Without face shield and Double mask
Case 5 Without face shield and N95 mask
Case 6 Face shield and without mask

Case 7 Face shield and Surgical mask

Case 8 Face shield and Cloth mask

Case 9 Face shield and Double mask

Case 10 Face shield and N95 mask

Table 1. Face mask conditions for experiments.

Fig. 1. Experiment cases.

Method

In this work, the participants are made to read out the vowels and a passage. And four non-native English
language-speaking human subjects are selected for the experimentation. Also, it is noted that the medium of
instruction for these four subjects was English. Various conditions are applied to subjects while reading out the
prescribed text, and these conditions are given in Table 1. Figure 1 shows a subject with no mask, surgical mask,
cloth mask, twin masks (combination of a bottom surgical mask and a top cloth mask), and N95 mask. Subjects
with the applied conditions are asked to read out a Grandfather Passage (GFP) and vowels. Subjects’ speech is
recorded separately for each applied condition. Speech signals of 16 bit are recorded at a sampling frequency of
44 kHz on a laptop in wav format. Experiments are repeated three times for both vowels and GFP. And all the
speech signals are recorded and utilized for analysis.

Ethical approval and consent to participate

This study adhered to all relevant guidelines and regulations. The Ethics Committee of Aditya University
(Approval ID: AUS/Ethics/15) sought ethical approval. The committee determined that formal ethical approval
was not required, as the study did not involve experiments on humans or the use of human tissue samples.
Written informed consent was obtained from all participants for their involvement in the study provided written
informed consent. Additionally, clear written consent was obtained from all participants for the publication of
photographs containing facial identification in an online, open-access journal.

Wavelet transform

Wavelet analysis, a method of time-frequency analysis, is used to solve problems in engineering, physics, and
mathematics. It analyses low-frequency signal components with a long-duration function and high-frequency
signal components with a short-duration function. It greatly helps in the breakdown of a signal into multiple
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frequency (scale) components, which it examines by translating (positioning) them along the length of the signal
and concurrently matching them with the original signal. As mentioned earlier, wavelet transforms (WT) can be
classified into three different types: continuous wavelet transforms (CWT), discrete wavelet transforms (DWT),
and wavelet packet transforms (WPT). The generalized Discrete Wavelet Transform (DWT) can be expressed as:

oo

X[a,b= > w[n]@asn] (1)
where:
x[n]—the input signal;
¢[n]—a finite-length window function;
a—the dilation parameter;
b—the contraction parameter.
1 n—b>b
Pap [n] = ﬁ%" [ a } (2)

The function ¢ [n] must meet two criteria to become the mother wavelet. Firstly, the total energy of ¢[n] must be
finite. Secondly, function ¢[n] must adhere to the admissibility condition presented in the referenced document.

E= Y |el]]* <oo 3)
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where,
y—the admissibility constant.
|@[k]|- the discrete Fourier transform of ¢[n] with k data points.
And,

M= elhle (5)

n=-—oo

By using two sets of functions, the WT can be decomposed into the acquired signal or function at different
scales or resolutions. Those functions can be called scaling functions and wavelet functions. The wavelet
decomposition process is shown in Fig. 2. The wavelet function is associated with the high-pass filter, and it
is denoted by ‘H’ in Fig. 2. The scaling function, denoted by ‘L in Fig. 2, is associated with the low-pass filter.
The acquired speech signal is used as an input discrete signal x[n], and it is passed through the low-pass and
high-pass filters to obtain the approximation coefficient A1 and detail coefficient D1. In the subsequent level,
Al is processed through the low-pass and high-pass filters, resulting in the approximation coefficient A2 and
the detail coeflicient D2. Similarly, in the next level, A2 is processed through the low-pass and high-pass filters,
yielding the coefficients A3 and D3. The process continues iteratively, where at each level n, the approximation
coefficient A is further decomposed into a new approximation coefficient A__, and a detail coefficient D, . This
hierarchical decomposition enables the extraction of both low-frequency (approximation) and high-frequency
(detail) components at progressively finer scales. The number of decomposition levels depends on the signal
length and application-specific criteria, such as energy retention, entropy threshold, or frequency resolution
requirements. The final decomposition results in a structured representation of the signal, facilitating efficient
analysis for applications like speech processing, feature extraction, and noise reduction.

Mother wavelet selection

Maximum cross-correlation coefficient

As mentioned earlier, the speakers are requested to read vowels and Grandfather Passage (GFP). And the speech
signal is acquired by the microphone for various face masks and face shield conditions as explained in Sect.
“Method”. The speech signals are nonlinear and nonstationary. A small portion of the speech signal is considered
as the input speech signal, z1[n]. In recent times, several mother wavelet families have been proposed, including
the Symlet family, Daybechies family, and Coiflet family. Figure 3 shows the list of mother wavelet functions
considered for this research work. In this Fig. 3, the Daubechies, Symlet, and Coiflet families of mother wavelets
are specifically investigated. The Symlet family comprises Sym2, Sym3, Sym4, Sym5, Symé6, Sym7, Sym8, while
the Daubechies family includes Haar, Db4, Db6, Db8, Db10, Db12, Db14, and Db16. The Coiflet family includes
Coifl, Coif2, and Coif3. A total of 18 mother wavelet functions are considered. These mother wavelet functions
are assigned as xa[n]. The generalized cross correlation function between the functions z1[n] and z2[n] is
calculated in the frequency domain.
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Fig. 2. Decomposition of wavelet transform.

Raves (7) = / b2 (F) X (F)XG (e df ©

where the complex conjugation is denoted by the superscript *”. X1 (f) and X2(f) are represent the Fourier
transform of the z1[n] and z2 [n] respectively. Also, 11,2 (f) refers the weighting function and it is represented
as,

1

, = T AR A 7
2= G o) “
Substituting Eq. (7) in Eq. (6) and cross correlation function can be written as mathematically,
Xa(H)X5(f) 7
Riioy (7) = | —F 7€ df 8
= | ®

where 7 is the time delay.

Maximum Energy to Shannon Entropy Ratio Criterion (MEER)

AP Rodrigues et al. used the MEER method for the vibration signal in a machining process. Vibration signals
acquired during the high-speed turning process are acquired and the mother wavelet is selected for those signals
by using the MEER method. Every mother wavelet in this case had its maximum energy to Shannon entropy
value measured. Also, the mother wavelet that produced the highest value of this ratio was chosen as the mother
wavelet.

In this research work, the mother wavelet is selected for the speech signal by using the MEER method. In this
MEER method, the higher energy ration of the maximum energy value to the acquired signal to entropy value
of the dominant wavelet coeflicient suggests the appropriate mother wavelet for DWT. The energy ratio can be
written mathematically,

E.(s)
Es = —<2 9
s Eentropy (5) ( )

where E.(s) the maximum energy value of the acquired speech signal and Ecn¢ropy () is the entropy value of
the dominant wavelet coefhicient.
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Sym8 Haar

Db6

Fig. 3. Mother wavelet functions.

N
Eentropy (3) = — sz‘~l092pi (10)
i=1

where N is the number of wavelet coefficients, and pi is the energy probability distribution of the wavelet
coefficients and is given by:

|wit(s, 2)\2
_ 11
Dpi Ee(s) (11)
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Figure 3. (continued)

where wt(s, 1) represents the wavelet coefficients, and the maximum energy value can be calculated by the
equation

N

Ee(s) = Z lwt (s, 1)|? (12)

=1

COPRAS methodology

The assessment of suitable mother wavelets for speech enhancement under different face mask and shield
conditions depends on combination of MCC Coefficient having high values and MEER maintaining low ratios.
It becomes difficult to compare these metrics since data point numbers increase. The COPRAS method provides
a solution for handling this intricate decision-making process because it functions as an extensive Multiple
Criteria Decision Making technique. Zavadskas et al.?® established COPRAS which conducts systematic
alternative evaluations through criterion weighting. The ranking procedure enabled by this approach combines
evaluation of beneficial attributes with non-beneficial attributes to achieve overall utility rating for each
alternative. The current study utilizes COPRAS to unite MCCC and MEER criteria for establishing an objective
ranking method to select the optimal mother wavelet. COPRAS proves appropriate for structural decision
applications in engineering because of its easy implementation and systematic workflow?’.

The method delivers excellent quantitative results yet researchers have observed that using it for qualitative
parameter assessment becomes more complex®’. The method correctly manages criteria weightage to identify the
mother wavelet which provides optimized signal similarity and energy efficiency. The methodology for ranking
procedures using COPRAS appears in Fig. 4 through its complete flowchart representation. The designed system
provides an optimized selection process which delivers a reliable and unbiased method to choose mother wavelet
functions suitable for speech enhancement needs.

Results and discussions

During the experiment, four participants underwent a series of three repetitions for both the vowel and GFP
passages, with their speech signals captured and analyzed during each iteration. This process took place within
a controlled classroom environment, where all participants were tasked with reciting the Vowel and GFP
while donning ten different combinations of face masks and face shields. Speech signals in the recordings were
influenced by three main factors: the differences in speakers’ voices, the speech content, and the use of various
types of masks and face shields. Wavelet decomposition was altered as distortions from pitch variations affected
its spectral patterns. Variations in speech energy impacted the signal amplitude, which diminished the clarity
of the message. The analysis experienced changes due to articulation differences, leading to modifications in the
waveform. The use of face masks alongside shields changed the manner in which speech produced resonance
and frequency characteristics, affecting the overall quality of the speech. The speech signals were recorded
at a sampling rate of 44 kHz, allowing for detailed analysis of reverberation time across a wide spectrum of
frequencies spanning from 250 to 8000 Hz. The examination of these frequencies revealed a consistent trend:
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Step 1: Identify Objectives & Attributes — Define the goal and key criteria.

}

Step 2: Construct Decision Matrix — Represent alternatives and criteria in a structured matrix.

'

Step 3: Normalize Matrix — Compute the normalized decision values Nj; .
Nij= sml—;j=123,..,n

i=1%ij

Step 4: Calculate Weighted Matrix — Determine the weighted normalized values.

}

Step 5: Compute P; (Beneficial Criteria) — Sum attributes that need to be maximized.
k

Pi = Xij
. J=1 y,
(" Step 6: Compute R; (Non-Beneficial Criteria) — Sum attributes that need to be minimized. h
m
R,‘ = Z x,-j
. j=n+1 J
[ Step 7: Identify Minimum R; — Determine the smallest non-beneficial value. )
Rpin = miin R;,wherel =1,2,...,m
\ J
( Step 8: Determine Relative Weights (Q;) — Rank alternatives based on their relative importance.
Qi — Pi + Rmin 2%1 81’
R E7, Spin
. l, i J
f Step 9: Compute Optimality Criterion (Q,,,) — Identify the best alternative. )
Qmax = max Q; wherei=1,2,...,m.
\ J
, ! ,

Step 10: Establish Ranking — Rank alternatives based on Q,, with the highest value as the best choice.

. l v
4 N\
Step 11: Estimate Utility Degree — Calculate the utility of each alternative for the final ranking.

N; = % & 100%

max
\. J

Fig. 4. The methodological steps involved in the COPRAS ranking process.

as the frequency increased, the reverberation time decreased accordingly. For instance, the reverberation time

measured 0.952 s at 250 Hz, decreasing to 0.642 s at 4000 Hz>!3%,

The individuals performed each of the vowel and GFP passage recitations three times while speech signals
obtained by microphone. The choice of mother wavelet functions greatly affects the outcome of wavelet analysis.
This research tries to determine the most suitable mother wavelet function that operates on speech voice samples
recorded from subject wearing face masks. The analysis takes place by applying two different methods which are
MCC and MEER. The MCC method selects a particular portion of speech data which becomes the fundamental
input for analysis. Various mother wavelet functions are applied to a specific segment of signal for the evaluation
of signal similarity through the cross-correlation function. The method is rigorously applied three times during

evaluations of both vowel and GFP passages to obtain reliable results.
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Cross Correlation Function

Cross Correlation Function

w

MATLAB R2015a operated the implementation and evaluation process on a MacBook Air machine with
8 GB RAM and an Apple M1 processor. The computational tests measured the duration needed by methods
during their analytical procedures. The execution time for MCC Coeflicient amounted to 1.92 s while MEER
required only 0.86 s to complete its analysis. The study confirms that MEER delivers superior performance than
MCC for selecting wavelets in speech signal processing operations.

Figures 5(a), 6(a), 7(a), and 8(a) present the findings of the average MCC for the vowel speech signal across
various types of mother wavelets for speakers one to four, respectively. Likewise, Figs. 5(b), 6(b), 7(b), and 8(b)
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Fig. 5. Speaker 1: Result of MCC.
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Fig. 6. Speaker 2: Result of MCC.

illustrate the MCC results for the GFP speech signal across different mother wavelets for speakers one to four,
respectively. It compares various.

From Fig. 5(a), it is observed that the Daubechies family mother wavelet Db16 consistently exhibits the
highest cross-correlation coefficient among all ten cases. Following closely behind Db16, the Symlet mother
wavelets sym2 and sym3, along with other Daubechies family mother wavelets, demonstrate the next highest
values. It is worth noting that the quality of the wavelet transform is directly proportional to the magnitude of
the cross-correlation coefficient. Based on the results obtained from the cross-correlation function analysis of
speaker one’s vowel speech signal, ‘Db16’ is recommended as the optimal choice.

Our research delves into the relationship between cross-correlation functions (CCFs) and the selection of
mother wavelets. The study involves ten distinct experimental cases, each representing a specific scenario where
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Fig. 7. Speaker 3: Result of MCC.

wavelet analysis is applied. Across these cases, we compute the CCF values for various mother wavelet functions,
including Haar, Daubechies, Symlet, and Coiflet wavelets. The central objective is to guide practitioners in making
informed decisions regarding wavelet selection for applications such as signal denoising, feature extraction, and
data compression.

From Fig. 5 (b), it is observed that the Db16 mother wavelet function has the highest cross correlation
compared with other wavelet functions for all ten cases. Next to the Db16 mother wavelet, Symlet mother
wavelet sym2, sym3 and other Daubechies family mother wavelets get the next higher values. ‘Db16’ is advised
based on the results of the speaker’s one GFP speech signal cross correlation function.
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Fig. 8. Speaker 4: Result of MCC.

From Fig. 6(a), 7(a), and 8(a), similarly with speaker one result, the ‘Db16” mother wavelet function has the
highest cross correlation compared with other wavelet functions for all ten cases. Also, from Fig. 6(b), 7(b), and
8(a), the ‘D16’ mother wavelet function has the highest cross-correlation compared with other wavelet functions
for all ten cases.

Fig. 9(a), 10(a), 11(a), and 12(a) show the results of the maximum energy to Shannon ratio (MEER) for
vowel speech signal of speaker one to four and various mother wavelets. Also, those figures show the result of
various experimental cases. Similarly, Fig. 9(b), 10(b), 11(b), and 12(b) show the results of the maximum energy
to Shannon ratio (MEER) for GFP speech signal of speaker one to four and various mother wavelets.In Fig. 9
(a), it is observed that the Daubechies family mother wavelet Db16 has a highest energy ratio than other mother
wavelet functions for all ten cases. The quality of the wavelet transform is directly proportional to the magnitude
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Fig. 9. Speaker 1: Result of MEER.

of the energy ratio. ‘Db16’ is advised based on the results of the speaker one vowel speech signal cross correlation
function.

More over the other results of MEER method are very much similar with the MCC method. In the MCC
method, selection of sample speech signal take place an important role in deciding the cross-correlation
coefficient. But in the MEER method, the entire speech signal is considered for the estimation of energy ratio.
Also, the computation of MEER method is low. From the results, it is observed that the different types of face
masks do not influence the selection of the mother wavelet function. Also, it is observed that the face shield also
does not influence the selection of the mother wavelet function. For the speech signal Daubechies family mother
wavelet, ‘Db16’ is recommended.

Zavadskas et. al., created COPRAS as an approach that examines the direct and proportional evaluation of
conflicting parameters between alternatives. COPRAS defines success evaluation by performing a multi-step
ranking procedure which combines multiple criteria with their assigned weights. The copras method helps
select the appropriate option among available alternatives. The method demonstrates maximum effectiveness
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Fig. 10. Speaker 2: Result of MEER.

at resolving dynamic engineering decision problems. The simplicity and easy operation of COPRAS becomes a
limitation when the tool must deal with qualitative evaluation criteria>3>%,

Understanding the proposed mother wavelet for speech signals under different face masks and shield
conditions response allows for creating efficient plans that boost efficiency while minimizing expenses. Table 2
contains the results of mother wavelet ranking by COPRAS method by considering MCC and MEER methods.
The optimal sequence for running the experiments according to the computed rankings is Db16 > Db14 > Db12
> Db10 > Sym2 > Db8 > Sym3 > Db6 > Sym4 > Db4 > Sym5 > Haar > Sym6 > Sym7 > Sym8 > Coif3 > Coifl >
Coif2. This ranking reveals that run Db 16 is the most effective alternative, achieving a 16 utility score (Lowest),
whereas run Coif 2 is the least favourable with a 259 utility degree (highest) (Table). The best combination for
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Fig. 11. Speaker 3: Result of MEER.

minimizing response variations was observed in run Db16, followed by runs Db14 and Db12 in both methods.
The optimal mother wavelet was identified in the Db16 signal in the MEER and MCC method, as well as GFP and
Vowels. The proposed sequence helps improve both signal efficiency and component quality to the researcher
should adopt it. The chosen computational techniques in this method operate straightforwardly while efficiently
supporting the evaluation of alternatives and the selection of optimal mother wavelets.

Conclusion

The vowel and the grandfather passage paragraph (GFP) are read by the four readers. And the speech signal is
captured for various face masks and face shield conditions by a microphone. For the acquired speech signal, the
appropriate mother wavelet is selected by the maximum cross-correlation coefficient (MCC) method and the
maximum energy to Shannon ratio criterion (MEER) method. From the results of both methods, the ‘Db16’
mother wavelet is reccommended for the speech signal with various face mask and face shield conditions. The
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Fig. 12. Speaker 4: Result of MEER.

results also prove that the MCC method and MEER method are suitable for speech signals. Also, it is observed
that MEER method is more effective than MCC method in computational.
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Vowels GFP Vowels GFP Vowels GFP Vowels GFP

S.No | Function | MCC | MEER | MCC | MEER | MCC | MEER | MCC | MEER | MCC | MEER | MCC | MEER | MCC | MEER | MCC | MEER | Sum | Rank
1 Haar 15 8 15 8 15 8 15 8 15 8 15 8 15 8 15 8 184 |12
2 Db4 12 7 12 7 12 7 12 7 12 7 12 7 12 7 12 7 152 10
3 Dbé6 10 6 10 6 10 6 10 6 10 6 10 6 10 6 10 6 128 |8
4 Db8 8 5 8 5 8 5 8 5 8 5 8 5 8 5 8 5 104 |6
5 Db10 6 4 6 4 6 4 6 4 6 4 6 4 6 4 6 4 80 4
6 Dbl12 4 3 4 3 4 3 4 3 4 3 4 3 4 3 4 3 56 3
7 Dbl14 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 32 2
8 Dbl6 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 16 1
9 Sym2 3 9 3 9 3 9 3 9 3 9 3 9 3 9 3 9 96 5
10 Sym3 5 10 5 10 5 10 5 10 5 10 5 10 5 10 5 10 120 |7
11 Sym4 7 11 7 11 7 11 7 11 7 11 7 11 7 11 7 11 144 |9
12 Sym5 9 12 9 12 9 12 9 12 9 12 9 12 9 12 9 13 169 11
13 Sym6 11 13 11 14 11 13 11 13 11 13 11 13 11 13 11 14 194 13
14 Sym7 13 14 13 15 13 14 13 15 13 15 13 15 13 14 13 15 221 |14
15 Sym8 14 15 14 16 14 16 14 16 14 18 14 18 14 18 14 18 247 15
16 Coifl 16 17 16 17 16 18 16 17 16 17 16 17 16 17 16 17 265 |17
17 Coif2 17 16 17 18 17 17 17 18 17 16 17 16 17 16 17 16 269 |18
18 Coif3 18 18 18 13 18 15 18 14 18 14 18 14 18 15 18 12 259 |16

Table 2. Results of COPRAS mother wavelet ranking.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.

Received: 9 December 2024; Accepted: 7 April 2025
Published online: 23 April 2025

References

1.

2.

3.

10.

11.

12.

13.

14.

15.
16.

17.

18.

19.

Kar, C. & Mohanty, A. Monitoring gear vibrations through motor current signature analysis and wavelet transform. Mech. Syst.
Signal Process. 20(1), 158-187 (2006).

Prabhakar, S., Mohanty, A. R. & Sekhar, A. Application of discrete wavelet transform for detection of ball bearing race faults. Tribol.
Int. 35(12), 793-800 (2002).

Arias-Vergara, T. et al. Multi-channel spectrograms for speech processing applications using deep learning methods. Pattern Anal.
Appl. 24(2), 423-431 (2021).

. Karan, B. & Kumar, A. Hilbert domain analysis of wavelet packets for emotional speech classification. Circuits Syst. Sig. Process.

43(4), 2224-2250 (2024).

. Suresh, G., Narla, V. L., Gangwar, D. P. & Sahu, A. K. False-positive-free SVD based audio watermarking with integer wavelet

transform. Circuits Syst. Sig. Process. 41(9), 5108-5133 (2022).

. Marxim Rahula Bharathi, B., Mohanty, A. R. Time delay estimation using wavelet denoising maximum likelihood method for

underwater reverberant environment. IET Radar, Sonar Navi. 14(8), 1183-1191 (2020).

. Kumar, A., Tomar, H., Mehla, V. K., Komaragiri, R. & Kumar, M. Stationary wavelet transform based ECG signal denoising

method. ISA Trans. 114, 251-262. https://doi.org/10.1016/j.isatra.2020.12.029 (2021).

. Wang, Z., Zhu, ], Yan, T. & Yang, L. A new modified wavelet-based ECG denoising. Comput. Assisted Surg. 24(supl), 174-183

(2019).

. Ngui, W. K., Leong, M. S., Hee, L. M. & Abdelrhman, A. M. Wavelet analysis: mother wavelet selection methods. Appl. Mech. Mater.

393, 953-958. https://doi.org/10.4028/www.scientific.net/ AMM.393.953 (2013).

Sunny, S., Peter, S. D. & Jacob, K. P. A new algorithm for adaptive smoothing of signals in speech enhancement. IERI Procedia. 4,
337-343. https://doi.org/10.1016/j.ieri.2013.11.048 (2013).

Sanam, T. F. & Shahnaz, C. Noisy speech enhancement based on an adaptive threshold and a modified hard thresholding function
in wavelet packet domain. Digit. Sig. Process. 23(3), 941-951 (2013).

Fu, S., Muralikrishnan, B. & Raja, J. Engineering surface analysis with different wavelet bases. J. Manuf. Sci. Eng. 125(4), 844-852
(2003).

Mojsilovic, A., Popovic, M. V. & Rackov, D. M. On the selection of an optimal wavelet basis for texture characterization. IEEE
Trans. Image Process. 9(12), 2043-2050 (2000).

L. S. Safavian, W. Kinsner, and H. Turanli. Aquantitative comparison of different mother wavelets for characterizing transients in
power systems. Canadian Conference on Electrical and Computer Engineering, 1461-1464 IEEE (2005).

N. Saito. Wavelet Analysis and Its Applications. Elsevier. 299-324 (1994).

Khan, M., Radwan, T. & Rahman, M. Wavelet packet transform based protection of three-phase IPM motor. IEEE Int. Symp. Ind.
Electron. 3,2122-2127 (2006).

Khan, J. Weighted entropy and modified MDL for compression and denoising data in smart grid. Int. J. Elect. Power Energy Syst.
133, 107089 (2021).

Moradi, M. Wavelet transform approach for denoising and decomposition of satellite-derived ocean color time-series: Selection of
optimal mother wavelet. Adv. Space Res. 69(7), 2724-2744 (2022).

Singh, B. N. & Tiwari, A. K. Optimal selection of wavelet basis function applied to ECG signal denoising. Dig. Sig. Process. 16(3),
275-287 (2006).

Scientific Reports |

(2025) 15:14044 | https://doi.org/10.1038/s41598-025-97823-5 nature portfolio


https://doi.org/10.1016/j.isatra.2020.12.029
https://doi.org/10.4028/www.scientific.net/AMM.393.953
https://doi.org/10.1016/j.ieri.2013.11.048
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

20. R. Gwinn, M. A. Matties, and A. D. Rubin, Wavelet Selection and Employment for Side-Channel Disassembly. arXiv preprint
arXiv:2107.11870. 2021;

21. Nematallah, H. & Rajan, S. Quantitative analysis of mother wavelet function selection for wearable sensors-based human activity
recognition. Sensors 24(7), 2119 (2024).

22. Vippala, S. R. et al. A search for suitable mother wavelet in discrete wavelet transform based analysis of acoustic emission partial
discharge signals. Serbian J. Elect. Eng. 21(2), 163-185 (2024).

23. Petkovi¢, D., Madi¢, M. & Radenkovi¢, G. “Selection of the most suitable non-conventional machining processes for ceramics
machining by using MCDMS”. Sci. Sinter. 47(2), 229-235 (2015).

24. Yazdani, Morteza, Ali Jahan, and Edmundas Kazimieras Zavadskas. "Analysis in material selection: influence of normalization
tools on COPRAS-G." (2017).

25. Stanojkovic, J., M. Radovanovic. "Selection of drill for drilling with high pressure coolant using entropy and copras MCDM
method." UPB Sci. Bull. Ser. D Mech. Eng. 79 4 (2017).

26. Nguyen, H. T. et al. An integrated approach of fuzzy linguistic preference based AHP and fuzzy COPRAS for machine tool
evaluation. PLoS ONE 10(9), e0133599 (2015).

27. Ayrim, Y., Atalay, K. D. & Can, G. E. A new stochastic MCDM approach based on COPRAS. Int. J. Inform. Tech. Decision Making
17(03), 857-882 (2018).

28. Zavadskas, Edmundas Kazimieras, Artiras Kaklauskas, and Vaidotas Sarka. "The new method of multicriteria complex
proportional assessment of projects.” (1994).

29. Zavadskas, E. K. et al. Multi-attribute decision-making model by applying grey numbers. Informatica 20(2), 305-320 (2009).

30. Saad, M. H., Nazzal, M. A. & Darras, B. M. A general framework for sustainability assessment of manufacturing processes. Ecol.
Ind. 97,211-224 (2019).

31. Balaji, N. S. et al. Improving speech communication in the age of face masks A study on EMD denoising method by subjective
speech comparison. e-Prime-Adv. Elect. Eng. Electron. Energy 5, 100267 (2023).

32. Zavadskas, E. K., Kaklauskas, A. & Sarka, V. The new method of multicriteria complex proportional assessment of projects.
Technol. Econ. Dev. Econ. 1, 131-139 (1994).

33. Varatharajulu, M. et al. Multi criteria decision making through TOPSIS and COPRAS on drilling parameters of magnesium AZ91.
J. Magnes. Alloys 10(10), 2857-2874 (2022).

34. P, Selvaraj. P. etal., Speech Enhancement using Sliding Window Empirical Mode Decomposition with Median Filtering Technique.
Journal of Applied Data Sciences, 6(1), 143-154 (2025).

Author contributions
M.R.B.B: Conceptualization, writing original draft, review and editing., N.S.B: Supervision Meena R: Support for
data collection, R.C.S.M: Support for data collection, Y.Y, K.M.S, P.V.E: Review and editing, formatting.

Declaration

Competing interests
The authors declare no competing interests.

Ethics declarations

« The Aditya University Research Ethics Committee has confirmed that no ethical approval, informed consent,
and consent to publish is required.

« This study was reviewed and deemed exempt by our Aditya University Institutional Review Board.

Additional information
Correspondence and requests for materials should be addressed to K.M.S.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have
permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommo
ns.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:14044 | https://doi.org/10.1038/s41598-025-97823-5 nature portfolio


http://arxiv.org/abs/2107.11870
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.nature.com/scientificreports

	﻿Unveiling optimal mother wavelets by COPRAS Method Analyzing speech signals despite face mask and shield obstacles
	﻿﻿Method
	﻿﻿Ethical approval and consent to participate
	﻿﻿Wavelet transform
	﻿Mother wavelet selection
	﻿Maximum cross-correlation coefficient
	﻿Maximum Energy to Shannon Entropy Ratio Criterion (MEER)
	﻿﻿COPRAS methodology

	﻿﻿Results and discussions
	﻿Conclusion
	﻿References


