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Abstract: Discrete Wavelet Transforms (DWTs) provide time—frequency repre-
sentations that are well suited for nonstationary signals such as speech. This study
presents a comparison of four wavelet families (Daubechies, Symlets, Coiflets,
and Biorthogonal) for bimodal automatic speech recognition across two speech
modes (normal and whispered). Experiments use the Whi-Spe database
comprising ten speakers (five female and five male). A Dynamic Time Warping
(DTW) back-end performs sequence alignment and recognition. Results are
reported via summary tables, histograms, and confusion matrices and reveal
systematic differences among the wavelet families, identifying the most effective
transform for bimodal recognition. These findings provide practical guidance for
selecting wavelet-based front ends in whisper-robust automatic speech recognition
(ASR) systems.
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1 Introduction

Modern automatic speech recognition systems are expected to handle
multiple speech modes. In addition to normally phonated speech, these include
whispered, soft, loud, and shouted speech. Incorporating such diverse modes into
ASR remains a significant challenge. Prior research has proposed classifications
of speech modes based on factors such as intensity level, duration and proportion
of silence, frame energy distribution, and spectral tilt [1]. Whispered speech, in
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particular, exhibits several distinctive characteristics: reduced energy, altered
formant structures for both vowels and consonants [2-—3], and different
articulators’ configurations of the vocal folds and glottis [4]. For effective
whisper recognition, it is therefore important to identify robust acoustic features
that remain reliable during both training and testing. Among the various speech
modes, normal and whisper are most frequently studied; their combination and
alternation are commonly referred to as “bimodal speech”.

The automatic speech recognition system typically consists of two main
components: a “front-end”, which preprocesses the audio signal, and a “back-
end”, which performs training and recognition. The front end can employ a
variety of algorithms and techniques, with the primary objective of extracting
acoustic features that accurately represent the speech signal. Frequency-domain
transformations, such as the Fast Fourier Transform (FFT), are commonly
applied, and features are often derived using different scales, including linear,
Mel, Bark, exponential, or hybrid mappings. Beyond conventional frequency
transformations, the Discrete Wavelet Transform provides an alternative
approach by capturing both time and frequency-domain characteristics of the
signal [5—7]. Previous studies have demonstrated that DWT is an effective
feature extraction method not only for normally phonated speech [8], but also for
whispered speech [9].

At the back end of an ASR system, standard techniques are employed for
training and recognition. Commonly used approaches include Dynamic Time
Warping [10], Hidden Markov Models (HMM) [11], Support Vector Machines
(SVM) [12], Deep Neural Networks (DNN) [13], and Convolutional Neural
Networks (CNN) [14]. In the present study, DTW was selected due to its
simplicity and proven reliability.

This study focuses on identifying suitable front-end feature vectors derived
from four wavelet families, Daubechies, Symlets, Coiflets, and Biorthogonal, and
evaluating their performance in the recognition of both normal and whispered
speech. Recognition experiments were conducted under four scenarios:
normal/normal, whisper/whisper, normal/whisper, and whisper/normal. For each
wavelet family, three different orders were implemented. The selection of
wavelets was guided by the Mel scale, using low-pass filters aligned with the
corresponding central frequencies.

The experimental data were drawn from the Whi-Spe database [15], which
contains recordings from ten speakers (five female and five male). The
vocabulary included 14 Serbian numbers, each spoken in two modes—normal and
whispered—with ten repetitions per mode. In contrast, a previous study [16] relied
on data from only two speakers (one female and one male) and provided a less
detailed analysis, particularly regarding phoneme-level confusions and
misinterpretations.
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The main contributions of this study are as follows:

— An evaluation of the effectiveness of four wavelet families (Daubechies,
Symlets, Coiflets, and Biorthogonal), each tested at three orders, for speech
recognition.

— An analysis of the most suitable wavelet transformation for whispered
speech recognition.

— Recommendations for future directions to extend and improve this line of
research.

The paper is structured as follows: Section 2 provides an overview of
Discrete Wavelet Transformations, including details on Daubechies, Symlets,
Coiflets, and Biorthogonal wavelets. Section 3 describes the feature extraction
process and the testing methodology. The results for all scenarios, both match
and mismatch, across all transformations and three different orders are presented
in Section 4, along with a comparative analysis. Finally, Section 5 offers
concluding remarks and suggestions for future research.

2 Discrete Wavelet Transformations

The Discrete Wavelet Transform serves as an effective method for joint
time—frequency analysis of signals. In contrast to the Fourier Transform, which
reveals only the spectral characteristics, the DWT provides time-localized
frequency information by breaking down the signal into a collection of wavelet
functions. These wavelets are obtained through scaled and shifted versions of a
fundamental function known as the mother wavelet y(¢), enabling a multi-
resolution perspective of the data. Practically, the transform is carried out using
two complementary filters: a low-pass filter associated with the scaling function
¢, and a high-pass filter linked to the wavelet function y. This filtering process
divides the signal into approximation coefficients (representing low-frequency
content) and detail coefficients (capturing high-frequency variations) [17]. The
decomposition can be formally described as:

W, [).k] fj (r)( "j M

In the context of the Discrete Wavelet Transform, the indices j and &
correspond to the dilation (scale) and translation (shift) parameters, respectively.
The scaling function ¢ is responsible for producing approximation coefficients
that capture the low-frequency structure of the signal, while the wavelet function
v extracts detail coefficients that highlight high-frequency variations. After each
stage of filtering, downsampling is applied, which not only reduces the
dimensionality of the data but also improves computational efficiency [18].
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This hierarchical or multi-resolution representation makes the DWT
particularly effective for analyzing non-stationary signals such as speech.
Because speech signals often contain transient features that vary over time, the
ability of the transform to provide localized information across different
frequency bands is highly valuable. Depending on the application, various
wavelet families, such as Daubechies, Symlets, and others, can be selected, each
offering distinct advantages in terms of time-frequency localization, symmetry,
and the number of vanishing moments [19]. Such adaptability is especially useful
in speech recognition scenarios, including the analysis of whispered speech,
where high-frequency energy is often diminished.

Among the many wavelet families, the Daubechies wavelets (dbN),
developed by Ingrid Daubechies, are among the most widely applied. Their
popularity stems from three key characteristics: orthogonality, which ensures that
scaling and wavelet functions are mutually orthogonal to their shifted versions;
compact support, meaning the associated filters are finite in length; and vanishing
moments, which allow dbN wavelets to exactly represent polynomials up to
degree N—1. These properties make Daubechies wavelets highly effective in
applications such as signal processing, image compression, and numerical
computation.

Formally, the construction of Daubechies wavelets relies on two central
functions. The scaling function ¢(f), also referred to as the “father wavelet,”
generates the low-frequency approximation of the signal, while the wavelet
function y(¢), known as the “mother wavelet,” captures the detail components.
The mathematical form of the scaling function is given by:

00 =D 1 0(2t k), 2

where /; represents the coefficients of the low-pass filter, obtained from the
refinement relation of the scaling function. The corresponding wavelet function
y(?) is subsequently defined as:

vy =Y g0(2~k), 3)

where g, denotes the high-pass filter coefficients, derived from the low-pass filter
through the alternating sign relationship:

g =(=1)" Iy 4)

The label dbN refers to Daubechies wavelets of order N, where the order
specifies the number of vanishing moments. This property determines how
effectively the wavelets can represent polynomials, with higher orders enabling
more accurate approximation of smooth functions.
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A related family, known as Symlets (symN), was introduced as a refinement
of Daubechies wavelets. The primary motivation behind Symlets is to enhance
the symmetry of the wavelet functions while preserving their orthogonality [20].
Similar to Daubechies wavelets, the parameter N designates the order of the
function. Symlets maintain compact support and the same number of vanishing
moments as their Daubechies counterparts, but their improved symmetry reduces
phase distortions, making them advantageous for various signal processing tasks.
This balance is achieved by carefully modifying the filter coefficients /; so that
asymmetry is minimized, though the functions are not perfectly symmetric.

Another widely used family is the Coiflets (coifN), which extend the concept
of vanishing moments further. Unlike dbN and symN, Coiflets are designed so
that both the scaling function and the wavelet function possess vanishing
moments [21]. In terms of symmetry, they lie between Daubechies and Symlets,
more symmetric than dbN but less than symN. A distinguishing characteristic of
Coiflets is their longer filter length: while dbN and symN use filters of length 2N,
Coiflets require 6N—1 coefficients. This increased length provides smoother
reconstructions and makes them particularly well-suited for numerical analysis
and approximation problems.

jf X"$(x)dx =0, formin 0,1,....N—1. )

Biorthogonal wavelets extend the concept of orthogonal wavelets such as
Daubechies, Symlets, and Coiflets by relaxing the strict requirement of
orthogonality in order to achieve perfect symmetry and linear phase. These
properties are particularly important in applications like image compression [22],
including standards such as JPEG 2000, as well as in general signal processing.

The key idea of biorthogonal wavelets is the use of two distinct sets of filter
banks, one for decomposition and another for reconstruction. During the analysis
stage, the signal is convolved with a low-pass filter and a high-pass filter,
followed by downsampling, to generate approximation and detail coefficients. In
contrast, the synthesis stage applies a different pair of low-pass and high-pass
filters, combined with upsampling and convolution, to accurately reconstruct the
original signal. The principle of biorthogonality ensures that the analysis and
synthesis functions form mutually inverse bases, which guarantees perfect
reconstruction even when the filters are asymmetric or differ in length. This
flexibility allows for independent control of vanishing moments in the
decomposition and reconstruction processes, while the use of symmetric, linear-
phase filters reduces reconstruction artifacts.

Fig. 1 illustrates several wavelet families of order 4 that were applied in this
study: Daubechies, Symlets, Coiflets, and Biorthogonal. The figure highlights
that Daubechies wavelets are inherently asymmetric, Symlets increase symmetry
without sacrificing compact support, Coiflets achieve greater symmetry and
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provide vanishing moments for both scaling and wavelet functions, while
biorthogonal wavelets obtain the highest degree of symmetry by employing
separate functions for decomposition and reconstruction.
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Fig. 1 — Different wavelet families with order 4 (DB4, COIF4, SYM4 and BIOR2.4).

3 Feature Extraction and Testing

Fig. 2 presents a block diagram illustrating the fundamental steps involved
in generating acoustic features. The input to this system is the Whi-Spe database
[15], which comprises 10,000 audio recordings captured in two modes: normally
phonated speech and whisper. For the purposes of these experiments, a subset
containing Serbian numerals spoken by all ten speakers was selected. All
recordings were sampled at 22,050 Hz with a resolution of 16 bits per sample.

The processing begins with the “Framing/Overlap” stage, where the audio
signal is segmented into frames of 192 samples with a 50% overlap. Each frame
is then passed through a Hamming window to reduce spectral leakage. In the
subsequent stage, various wavelet transformations are applied, including
Daubechies, Symlets, Coiflets, and Biorthogonal wavelets, each evaluated with
an appropriate order. The transformations are implemented using MATLAB’s
wavedec() function with the arguments ‘db4’, ‘sym4’, ‘coif4’, and ‘bior2.6’,
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respectively. During this transformation, the frequency spectrum ranging from

0 Hz to 11,025 Hz is partitioned into 24 subbands based on the Mel scale
(Table 1).

Framing/ Ha_mming |
overlap window L4

Discrete wavelet
transformation
N (Daubechies,

Symlets, Coiflets,
Biorthogonal)

12 cgp_stral Discrete cos_me Suband energy
coefficients transformation

Wave files —»|

Fig. 2 — Block diagram for feature extraction.

Table 1
The frequency ranges of 24 filters [in Hz].

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6

0-86.13 86.13- 172.27- 344.53- 459.37- 574.21-
e 172.27 344.53 459.37 574.21 689.06

Filter 7 Filter 8 Filter 9 Filter 10 Filter 11 Filter 12

689.06- 918.74 - 1148.42- 1378.13- 1550.39- 1722.66 -
918.74 1148.42 1378.13 1550.39 1722.66 2067.20

Filter 13 Filter 14 Filter 15 Filter 16 Filter 17 Filter 18

2067.20- 2411.72- 2765.25- 3445.31- 4134.38- 4478.91-
2411.72 2765.25 344531 4134.38 4478.91 4823.44

Filter 19 Filter 20 Filter 21 Filter 22 Filter 23 Filter 24

4823.44- 5512.50- 6201.56- 6890.63- 8268.25- 9646.88-
5512.50 6201.56 6890.63 8268.25 9646.88 11025

In the next stage, the energy of each of the 24 subbands is computed [8],
where the wavelet tree structure includes seven levels of decomposition.

S, =Y (W x)(@i),m]IN, , (6)

mei

W,x represents the wavelet packet transformation of x,

i — frequency index for each subband (i=1, 2, 3, ..., 24) and
N, —is a number of coefficients in the /" subband.
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Finally, a Discrete Cosine Transform (DCT) is applied, producing subband
cepstral coefficients (SBCC). These coefficients are derived using (7):

SBCC(k)= ZLllogSi cos(@n} , @)

i=1
k=1, 2,..., N (where N is a number of subband cepstral coefficients; N = 12).

As shown in the feature extraction block diagram, the outputs are vectors
containing 12 subband cepstral coefficients. Each audio file is thus represented
as a sequence of vectors, with each vector comprising 12 elements. These feature
vectors served as input to the back-end ASR system for speech recognition.

The experimental vocabulary was derived from the Whi-Spe database and
consisted of 14 Serbian numerals, transcribed using the International Phonetic
Alphabet (IPA) as follows: /nula/, /jedan/, /dva/, /tri/, /tfetiri/, /pet/, /[est/,
/sedam/, /osam/, /devet/, /deset/, /sto/, /hikadu/, and /million/. For each numeral,
there are ten pronunciations in both speaking modes (normal and whisper). In this
study, speech samples from all ten available speakers were used: five female
speakers (labeled “Speakerl” to “Speaker5”) and five male speakers (labeled
“Speaker6” to “Speaker10”). Hence, for these experiments, a total of 10
(speakers) x 10 (pronunciations) x 2 (modes) x 14 (numerals) = 2,800 speech
samples were used.

For the speech recognition task, the back-end of the ASR system employed
the Dynamic Time Warping method [10]. DTW, based on dynamic program-
ming, determines the optimal alignment between two patterns by identifying the
path that yields the best match (Fig. 3).

y A
N - . . . . . . . v (M.N)
}
o
roo
<
1 N .
‘1 v .

Fig. 3 — Finding an optimal path with DTW algorithm.
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The recognition procedure was carried out as follows: one set of 14 patterns
(corresponding to the vocabulary of numerals) from a given speaker was
designated as the reference set. This reference was then compared against the
remaining nine sets of 14 patterns. When a reference set of normal speech was
compared with the other nine normal speech sets, the scenario was denoted as
N/N (Normal/Normal). Analogously, three additional scenarios were defined:
W/W (Whisper/Whisper), N/W (Normal/Whisper), and W/N (Whisper/Normal).
For consistency across experiments, the first set of 14 patterns was always
selected as the reference.

4 Results

Fig. 4 summarizes accuracy across four mother wavelets—Daubechies
(Db4), Coiflets (Coif4), Symlets (Sym4), and Biorthogonal (Bior26)—under four
phonation mode pairings: N/N, W/W, N/W, and W/N. Two consistent trends
emerge: (i) within-mode evaluation (N/N, W/W) substantially outperforms cross-
mode evaluation (N/W, W/N), and (ii) Coif4 is the most accurate wavelet family
in every condition.

100

80

70.0
66.1 66.5

a

Accuracy (%)

20

Mode pair

Fig. 4 — Accuracy by mode pair and DWT type.

Averaging over wavelets, N/N achieves 80.4% whereas W/W achieves
67.1%, i.e., whispering yields a ~13.3-point absolute reduction relative to normal
speech (range 10.8—15.2 points across wavelets). This is consistent with the
spectral/temporal shifts introduced by whisper phonation (reduced voicing,
altered formant structure), which degrade template similarity even when modes
are matched.

When the phonation mode differs between the two sides of the comparison,
accuracies drop sharply. Relative to their respective within-mode baselines,
cross-mode accuracies retain only ~36.5% of N/N performance and ~35.4% of
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W/W performance on average. In absolute terms, the N/N—N/W drop averages
~51.0 points, and W/W—W/N averages ~43.3 points. These performance drops
highlight a significant domain mismatch between normal and whisper speech in
the current feature space. Cross-mode accuracy is consistently higher for N—W
(mean 29.4%) than for W—N (mean 23.8%), by ~5.6 points on average (per-
wavelet gaps 3.4-6.8). This asymmetry suggests that the transformation from
normal to whisper alters cues more severely (or less reversibly) than the converse
for the classifier’s decision surface, or that the whisper representations are less
compatible with normal exemplars. Across all mode pairings, coif4 is uniformly
best, exceeding the next-best wavelet by ~2—8 points depending on condition
(e.g., +5.7 vs db4 for N/N, +4.3 for W/W, +2.9 for N/W, +3.0 for W/N). Averaged
across the four mode pairs, overall accuracies are: coif4 53.2%, sym4 49.5%, db4
49.2%, bior26 48.7%. Coiflets’ superior performance is plausible given their
near-symmetry and higher number of vanishing moments for both scaling and
wavelet functions, which can enhance time—frequency localization and reduce
phase distortion—properties that appear advantageous for these speech tokens.

As shown in Table 2, Coif4 wavelet achieved the highest performance in the
N/N mode, with precision at 86.8%, F1 score at 85.5% and accuracy at 85.2%,
indicating stable recognition when training and testing on normal speech.

Table 2
Coif4 Classification Report.
N/N W/W N/W W/N

Accuracy 85.2% 70.0% 31.8% 25.7%

Precision 86.8% 73.0% 37.4% 34.5%

F1 Score 85.5% 70.3% 29.9% 20.2%

Performance dropped moderately in W/W (accuracy = 70.0%), though
precision (73.0%) remained slightly higher, suggesting minor over-prediction of
certain classes. Cross-mode conditions showed substantial degradation: N/W
accuracy fell to 31.8% with a relatively higher precision of 37.4%, while W/N
accuracy reached only 25.7%, despite precision being more than a third higher
(34.5% vs. 25.7%). This disparity indicates that, although some predicted
matches are correct, the model misses a large proportion of actual targets in cross-
mode scenarios.

Fig. 5 summarizes 20,412 classification trials over 14 labels and exposes a
strongly non-uniform error pattern with clear, concentrated failure modes.
Overall accuracy is 10,276 /20,412 = 50.34%, so about half of all items are
correctly labeled. Importantly, the dataset is balanced on the true side: every true
label appears 1,458 times (each row sums to 1,458), which means the ground-
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truth sampling is uniform and the observed performance differences are not
explained by unequal true-class frequency. By contrast, the distribution of
predicted labels is highly uneven: predicted totals range from 499 (the fewest
predictions of /tfetiri/) to 3,068 (the most predictions of pet). This asymmetry has
two consequences: (1) classes that the model over-predicts (e.g. /pet/) accumulate
many false positives and therefore low precision, and (2) classes that the model
rarely predicts (e.g. /tfetiri/) can have high precision but low recall.

/nula/ RSZEN 15 126 39 0 94 9 1 5 167 9 1 6 145

fedar/ 178 483 30 44 3 236 95 19 13 114 42 2 55 144 1200
jdval 283 14 23 2 38 70 1 5 19%6 16 6 7 89
M/ 37 43 1 480 15 166 229 3 22 138 31 0 15 278 1000
Metii/ 77 27 4 327 469 277 84 2 20 53 53 7 12 46
et 60 28 0 40 5 77 2 14 374 40 0 6 135 800
, fMst 0 2 3 15 0 14 7 0
=1
Fleedam/ 3 17 6 4 0 18 493 8 2 | 600
josam/ 40 7 6 12 1 %7 15 3 12
/devey 182 30 42 57 O (612 20 6 21 451 15 2 0 20 [ 00
ldeset 54 26 O 61 O 230 27 5 216 30 el 4 17
o/ 0 M 6 2 0 0 102 120 2 5 5 REEA 13 s
- 200
fhikadw/ 36 83 24 132 4 193 61 13 7 18 8 201 36

/million/ 268 26 50 127 0 377 1 6 & 2 N 5 9 543
-0

8 €& @ T = = 2 T E ¥ B B® 3 =

s 8 5 £ 5 83 § E E ¢t g8 3 3 5§

E D = =3 =~ = e %] Q (] < -

= = g L2 T 3 2 E

2 S =

Predicted

Fig. 5 — Confusion matrix of all classifications combined.

Reading the matrix row-wise (recall) reveals which labels the model reliably
recovers and which it misses. Highest recall is achieved for /fest/ (6), which is
recovered in 1,306/1,458 = 89.6% of its presentations, followed by /sto/ (100) at
1,184/1,458 = 81.2%, and /osam/ (8) at 892/1,458 = 61.2%. Several numerals in
the mid-to-high range exceed 50% recall (e.g. /deset/ = 54.7%, /sedam/ = 55.1%).
In contrast, other tokens are systematically under-recognized: /tfetiri/ (4) is
correctly labeled only 469/1,458 =~ 32.2%, /devet/ (9) 451/1,458 = 30.9%, and /tri/
(3) 480/1,458 = 32.9%. Because true labels are uniform, these disparities point
squarely to problems in the model/feature space (rather than to sampling bias).
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Column-wise (precision) analysis complements this picture. High precision
indicates that when the model predicts a label it is usually correct; low precision
indicates a label is a “sink” that attracts many false positives. The cleanest
predictions are /tfetiri/ (precision =~ 93.99%) and /hikadu/ (1,000) (precision =
81.89%), reflecting that predictions for these labels are conservative and pure
(few false positives). By contrast, /pet/ (5) is heavily over-predicted: it is
predicted 3,068 times but only 677 of those are true /pet/, giving precision =
22.1%. /devet/ (9) also suffers low precision (= 28.4%). Thus the model tends to
map many ambiguous examples into a small set of attractor predictions (notably
pet), while other labels are predicted infrequently but accurately.

Fig. 6 summarizes the Coif4 subset of 5,040 classification trials (14 labels x
360 presentations per label). Coif4 attains 2,680 correct labels, so overall
accuracy is 2,680 / 5,040 = 53.17%, a modest but clear improvement over the
50.34% observed when all four wavelet types are pooled.

inula/ 6 3 7 0 17 1 0 1 37 5 1 1 29
liedan/ 40 131 7 9 0 59 20 3 4 29 7 1 14 36 300

/dva/ 70 5 |8 6 0 6 M 0 1 5 5 1 1 20
Ml 4 12 0 182 5 38 48 1 6 38 9 0 5 62 250
Metii/ 16 8 2 71 8 1 1 9
e/ 5 4 0 9 15 0 2 35 200

llest/ 0O 1 1 2

3
Flredamr 1 1 2 0 6 113 2 1 | 150
losam/ 9 1 2 1 91 4 1 4
ldevett 35 6 11 15 0 154 3 2 5 116 5 2 0 & [ 100
/eset 14 6 0 14 0 42 7 1 48 6 0o o0 2
j/ 0O 1 3 1 0 0 20 31 1 1 1 3 1 o

=y
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=
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Fig. 6 — Coiflets confusion matrix.
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Because the test sampling is uniform at the true-label side (each true label
appears exactly 360 times), the class-by-class differences that follow cannot be
ascribed to ground-truth imbalance; instead they reflect how Coif4 features
position examples in the model’s decision space. Reading the Coif4 matrix row-
wise, the best-recovered token is /fest/ (6), which Coif4 recovers in 332/360 =
92.2% of presentations; this is followed by /sto/ (100) at 297/360 =~ 82.5%, and
/osam/ (8) at 224/360 = 62.2%. At the opposite end of the spectrum, Coif4 shows
the weakest recall for /devet/ (9) at 116/360 = 32.2%, /tfetiri/ (4) at 127/360 =
35.3%, and /jedan/ (1) at 131/360 = 36.4%. Column-wise (precision), Coif4’s
predictions are also uneven: the model predicts /pet/ (5) far more than any other
label (755 predictions) while predicting /tfetiri/ (4) the least (133 predictions).
This skew produces the familiar “sink” behaviour: /tfetiri/ is extremely pure when
predicted (precision = 95.5%), whereas /pet/ is noisy (precision ~ 24.4%),
meaning Coif4 still funnels many ambiguous examples into a small set of
attractor predictions.

Comparing Coif4 to the pooled four-wavelet matrix shows two consistent
effects. First, Coif4 improves both recall and precision on most tokens: the overall
accuracy rises from 50.34% to 53.17%, and every class’s recall increases (for
example, /deset/ (10) improves by =~ 6.45 percentage points and /pet/ (5) by = 4.68
points). Precision likewise rises for most labels: /fest/ (6) gains =~ 5.9 percentage
points in precision under Coif4, /tri/ (3) gains = 5.15 points, and /nula/ (0) gains
~ 5.07 points. Second, the gross shape of the error surface is preserved: the same
label pairs remain the dominant confusions, but with substantially reduced
magnitude under Coif4. In both matrices, the single largest off-diagonal error is
/devet/—/pet/ (612 counts in the pooled matrix versus 154 in Coif4), followed by
/sedam/—/sto/ (493 vs. 113) and /osam/—/deset/ (367 vs. 91). In short, Coif4
reduces the absolute number of mistakes across the board but does not alter which
pairs of labels are most frequently confused; the model still tends to map difficult
examples into the same attractor classes, merely less often when Coif4 features
are used.

This comparison has practical implications. The Coif4 representation is the
best single-wavelet performer here: it both raises true positive rates for most
classes and dampens the extreme over-prediction of certain sink labels (/pet/
predictions fall from 3,068 in the pooled matrix to 755 under Coif4).
Nevertheless, the persistent error modes (e.g., 9—5, 7—100, 8—10, 4—-3)
suggest that the separability problem is structural in the current feature set rather
than an idiosyncrasy of a particular wavelet. To capitalize on Coif4’s advantage
one might upweight Coif4-derived features in an ensemble or use Coif4 as the
primary transform for targeted feature engineering, while also pursuing class-
specific remedies (data augmentation or discriminative features) to address the
handful of stubborn pairwise confusions that survive across representations.
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The concentration of error is striking. The top ten off-diagonal substitutions
together account for 3,656 mislabels, or ~36.1% of all errors (3,656 / 10,136 total
errors). The single largest substitution is /devet/ — /pet/ (612 occurrences, as
shown on Figure 7), followed by /sedam/ — /sto/ (493) and /million/ — /pet/
(377); other high-count pairs include /pet/ — /devet/ (374) and /osam/ — /deset/
(367). These pairs reveal two qualitatively different failure modes: (a)
bidirectional confusions between acoustically or temporally similar numerals (for
example /pet/ <> /devet/ appears on both sides of the top list), and (b) directional
sinks where a true class is systematically mapped to another label much more
often than the reverse (e.g., /sedam/ — /sto/ is far more common than /sto/ —
/sedam/). Several confusions also span different magnitude types (e.g. /million/
— /pet/ and /million/ — /nula/), suggesting that duration/energy/segment
boundary cues that normally separate short numerals from magnitude words are
sometimes lost or misinterpreted.

The main reasons for the frequent mismatches shown in the confusion matrix
(e.g., /pet/ — /devet/, /sedam/ — /sto/) are the phonetic similarity and the similar
energy distribution across frequencies. In the case of /pet/ — /devet/, both
patterns share almost the same syllable (/pet/~/vet/), which is dominant in the
words. In other cases, such as (/sedam/ — /sto/), the initial consonant /s/ is
prolonged and carries most of the energy in the speech patterns.

The confusion matrix reveals that the system is not uniformly confused:
errors are concentrated in a small set of systematic substitutions and are amplified
by a skewed predicted distribution. Fixing the decoder/post-processing bias and
applying targeted data/feature interventions for the handful of top confusions,
especially the /devet/ < /pet/ pair and the /sedam/ — /sto/ direction, is the most
efficient route to materially increase overall recognition performance.

Idevet/ — /pet/

/sedam/ — /sto/
/million/ — /pet/
Ipet! — /devet/
losam/ — /deset/

Hetiri/ — /tri/

True — Predicted

/dva/ — /nula/
ftri/ — /million/
Hfetiri/ — /pet/

Imillion/ — /nula/

o

100 200 300 400 500 600
Count of Misclassification

Fig. 7 — Top 10 most common misclassifications.
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Fig. 8 exposes a consistent and meaningful gender-dependent performance
gap that aligns with and helps explain the concentrated error modes evident in the
confusion matrix.

Averaged at the word level, female speakers are consistently better
recognized than male speakers for most labels, as expected [23, 24]. For example,
/fest/ is identified almost perfectly for females (97.4%) but substantially worse
for males (81.5%), and /sto/ is recognized at 90.9% vs. 71.2%. Several numerals
show large female advantages (e.g. /nula/ 67.5% vs. 47.6%, /pet/ 54.3% vs.
38.3%), while a few words buck the trend: /sedam/ and /devet/ show higher male
accuracy (57.8% and 34.0%, respectively) than female (52.4% and 27.9%).
Because every true label is sampled uniformly in the dataset, these per-word
gender differences cannot be attributed to class-frequency imbalance; rather, they
point to systematic differences in how the learned features and classifier treat
male and female voices. In practical terms, the female advantage on many high-
support classes means that a large portion of the system’s overall accuracy
(=50.3% overall) is being driven by stronger female recognition on a handful of
well-recognized words, while persistent failures on other words, especially those
where male accuracy is low, contribute disproportionately to total error.

Female Speakers Male Speakers
97.4%

81.5%

lest/

90.9% 71.2%

Istol

inula/

Josam/

Ideset/

Ipet/

Isedam/

e

Idval

Ihikadu/

27.9%

il

37.3% 37.2%

Imillion/

37.3% 26.9%

Ietiril

36.9% 29.3%

Jjedan/

34.0%

Idevet/

40 60 80 100 20 40 60 80 100
Accuracy (%) Accuracy (%)

°

0 20

Fig. 8 — Word accuracy (%) per speaker gender.

Fig. 9 isolates the Coiflets representation and shows that the gender gap is
most pronounced when the phonation modes match (N/N and W/W) and
essentially disappears when modes mismatch.
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Under Coif4, Normal/Normal accuracy is 89.4% for females versus 81.0%
for males, and Whisper/Whisper is 78.7% versus 61.3%, which is a very large
17.4 percentage-point gap in the whisper condition. By contrast, cross-mode
conditions (N/W and W/N) produce poor performance for both genders (=31—
32% and ~25-26% respectively) and only trivial gender differences.

100 4

Gender
89.4 oM
I F
81.0
60 | 78.7
—_ 61.3
X 60
>
(o)
o
=]
o w0
< 324 313
26.2 2592
20 A
0
N/N WA N/W WIN
Mode

Fig. 9 — Coiflets (coif4) accuracy by speaker gender.

This pattern implies two distinct phenomena: first, Coiflets capture speech
characteristics that allow strong, gender-dependent discrimination when training
and testing modes match; second, mode mismatch is such a dominant source of
error that it overwhelms gender-related effects, yielding equally poor results for
both genders. Thus, improvements that address mode mismatch (data
augmentation, domain adaptation, or mode-aware modeling) are likely to lift both
genders simultaneously, whereas gains from gender-specific adaptation would be
most effective for within-mode conditions.

When these gender-specific results are combined with the confusion-matrix
findings discussed earlier, a clearer causal picture emerges. The confusion matrix
shows that errors are highly concentrated in a small set of pairs (notably the
/pet/«<>/devet/ pair and confusions involving /sto/, /deset/, and /tri/, /tfetiri/), and
Fig. 5 shows that the model’s competency on the ground-truth tokens involved in
those pairs differs by gender. For instance, female recognition of /pet/ (54.3%)
exceeds male (38.3%), yet females have particularly low accuracy on /devet/
(27.9%), which may create an asymmetric flow of mass from one token to another
dependent on gender-specific spectral characteristics. Likewise, tokens like /[est/
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and /sto/, which the system predicts with high purity and high recall for females,
act as stabilizers for female performance but less so for males, explaining why
improving a few tokens for male speakers could yield a meaningful rise in
aggregate accuracy.

The combined evidence suggests concrete, targeted remediation paths.
Because Coiflets already perform best and show a large within-mode gender gap,
a two-step strategy is indicated: first, reduce mode mismatch with mode-aware
training or robust feature transforms so that cross-mode accuracy (currently ~25—
32%) no longer dominates error budgets for either gender; second, apply gender-
aware calibration or speaker-adaptive fine-tuning for within-mode models,
focusing especially on words with large gender discrepancies (e.g. /pet/, /sto/,
/nula/) and on the top confusion pairs highlighted by the confusion matrix. In
addition, the striking female superiority in Whisper/Whisper (78.7% vs. 61.3%)
implies that the feature set and Coiflets in particular capture aspects of whispered
female speech (perhaps higher relative spectral tilt or clearer transient cues) better
than male whispered speech, so augmentation that simulates male whisper
characteristics or explicit feature normalization by estimated fundamental
frequency could be especially beneficial.

5 Conclusion

The experiments show three clear results. Recognition strongly depends on
phonation mode, with within-mode matching far outperforming cross-mode
evaluation: Normal/Normal averaged 80.4% while Whisper/Whisper averaged
67.1%, and cross-mode conditions collapse to the mid 20s to low 30s. Coif4 is
the best single representation, raising pooled accuracy from 50.34% to 53.17%.
Errors are highly concentrated in a small set of substitutions such as /devet/ to
/pet/, /sedam/ to /sto/, and /osam/ to /deset/, and gender mediates performance so
that female speakers are generally recognized more reliably within-mode while
mode mismatch eliminates the gender advantage. In general, these results are
lower than those obtained with feature vectors based on Linear Frequency
Cepstral Coefficients (LFCC), Mel Frequency Cepstral Coefficients (MFCC),
Gammatone Frequency Cepstral Coefficients (GFCC), etc. [25]. Obviously, the
wavelet transformations, as implemented here, cannot capture acoustic features
as effectively as LFCC, MFCC, or GFCC.

To improve results, we recommend three immediate modeling paths. First,
reduce mode mismatch through mode-aware training strategies, for example by
adding an explicit phonation indicator, using domain-adversarial objectives to
encourage mode-invariant embeddings, or routing with a mode detector to mode-
specific classifiers. Second, expand and diversify training data via targeted
augmentations that simulate whisper effects and male whisper characteristics, and
add discriminative acoustic features such as duration, sub-band energy ratios, and
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voicing probability to separate the most frequent confusion pairs. Third, apply
confusion-aware training and decoding, for example through weighted losses or
focal loss for high-impact substitutions, calibration of output probabilities, and a
small rescoring step to reduce sink-label attraction. Normalization was not
applied in these experiments; however, implementing Cepstral Mean Subtraction
[26] or similar techniques in future work may improve accuracy.

Complementary steps will make progress measurable and robust. Build a
Coif4-weighted ensemble or a learned meta-learner to combine wavelet
representations while preserving Coif4’s advantage. Explore speaker and gender
adaptation by fine-tuning within-mode models by gender or by learning small
per-speaker adaptation vectors. Finally, strengthen evaluation with stratified
cross-validation, per-class and per-gender confidence intervals, paired statistical
tests across folds, and a prioritized error-repair metric that reports reductions in
the top-10 misclassification mass.

The next experimental phase should incorporate these interventions and
provide cross-validated results along with targeted reductions in error mass,
ensuring that the improvements are both statistically robust and practically
meaningful. Furthermore, applying state-of-the-art Deep Neural Network
architectures such as Convolutional Neural Networks, Recurrent Neural
Networks, or Transformers, at the ASR back-end is expected to further enhance
speech recognition performance.
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