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ARTICLE INFO ABSTRACT

The paper proposes an approach to recognizing Azerbaijani speech signals based on
Keywords: structural comparison between phonetic acoustic components and segmented speech

signal families. Unlike traditional methods, which rely on direct comparison of the signal to

Speech recognition . . . . .
P . ,g be recognized with words in the lexicon, the proposed approach performs recognition
Azerbaijani language . . . .
. ? through the structural comparison of phonetic acoustic components corresponding to the
Phonetic acoustic components R . . . .
letters of the Azerbaijani alphabet. The experiments use speech signals containing acoustic

realizations of the selected Azerbaijani phonemes “Q”, “©”, “L”, “M”, and “K”.
Segmentation is performed directly on the analyzed speech signals at various scales. The

Structural matching
Signal segmentation

Structural similarity analysis e . . . .
y y digitized Azerbaijani words “kitab”, “dafter”, and “gslam”, voiced by a native speaker, are

used as test speech signals. For each phoneme-speech signal pair, sequences of difference
functions are calculated, reflecting the dynamics of the structural similarity between
phonetic acoustic components and segmented speech signal representations. Experiments
have shown that more detailed segmentation allows for the identification of stable local
structural features of speech signals and improves the robustness of recognition. The
obtained results confirm the feasibility of recognizing speech signals based on a limited set
of segmented phonemic components without using a full dictionary of words. The
proposed approach potentially reduces the search space and computational costs of speech
recognition systems by shifting from comparing entire words to comparing phonetic
structural components.

Most traditional approaches rely on direct
comparison of the recognized speech signal with
lexical units contained in a dictionary database.
Such methods typically employ statistical models,
hidden Markov models, neural network
architectures, or template matching procedures
(Young et al., 2006; Graves et al., 2013). Despite
their high efficiency, such approaches typically
require significant computational resources, large

1. Introduction

Automatic speech recognition is a key area of
digital signal processing and artificial intelligence.
Modern speech recognition systems are widely
used in intelligent interfaces, decision support
systems, mobile applications, and human-machine
interaction technologies (Jurafsky and Martin,
2023). However, the increasing vocabulary size
and variability of speech signals significantly
increase the computational complexity of

volumes of training data, and complex
optimization procedures.

o One of the current areas of modern research is
recognition procedures.
the development of compact and structurally

interpretable recognition schemes that can reduce
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the search space and simplify signal matching
procedures (Li et al., 2014). In this regard, methods
of segmentation analysis and structural matching of
speech signals are of particular interest.

The use of segmented representations allows
for the analysis of local structural features of
speech signals at various observation scales
(Virtanen et al., 2012; Schuller and Batliner, 2014).
Such approaches make it possible to study the
stability of structural similarity under conditions
of  partial observability and  changing
segmentation levels. Contemporary research also
confirms  the importance of  structural
representations and similarity measures in signal
analysis and recognition tasks.

Previous studies have proposed criteria for
assessing the adequacy of recognition methods
and approaches to generating artificial signal
families (Rzayev et al.,, 2024; Kerimov, 2024).
These studies demonstrated the feasibility of
analyzing recognition trajectories and assessing
the stability of structural similarities under
various signal transformations. The
methodological foundations of structural analysis
and analytical decision support used in this work
are also related to the approaches presented in
(Rzayev, 2012; Rzayev, 2016).

Unlike
comparing complete lexical units, this paper
proposes an approach to recognizing Azerbaijani
speech using segmented phonemic components
corresponding to the letters of the Azerbaijani

traditional methods based on

alphabet. The proposed method performs
recognition not through direct comparison of
entire words, but by analyzing the structural
similarity between phonemic components and
segmented speech representations.

This paper examines the phonetic acoustic
components corresponding to the phonemes “Q”,
“9”, “L”, “M”, and “K”. For the considered
phonemic components, families of segmented
speech signals are formed at different segmentation
scales. Each phonemic component is subsequently
compared  with  the  segmented  signal
representations belonging to the corresponding
family of Azerbaijani speech signals.

The main objective of the study is to analyze the
feasibility of speech recognition using phonetic
acoustic components instead of full lexical matching,
and to investigate the stability of structural similarity
at different segmentation scales. The novelty of the
proposed approach lies in replacing conventional
word-level matching with structural comparison

between reference phonetic acoustic components
and segmented speech signal families. Unlike DTW-,
HMM-, and neural-network-based approaches,
which primarily operate on complete temporal
sequences, the proposed framework analyzes
similarity ~ trajectories,
providing an interpretable mechanism for
identifying local acoustic correspondences.

The main results of the work are related to the

multiscale structural

development of a scheme for structural
recognition of speech signals based on phonetic
acoustic components, an analysis of the stability of
structural ~ similarity ~when changing the
segmentation scale, and the construction of a
compact phoneme-oriented recognition scheme,
which potentially makes it possible to reduce the
search space and computational costs of the
recognition procedure.

The present study should be regarded as a
proof-of-concept  investigation intended to
evaluate the feasibility of the proposed structural
matching framework rather than to provide a

comprehensive experimental validation.
2. Related work

Modern speech recognition research is largely
based on deep neural networks, statistical models,
and hybrid architectures for robust speech
processing (Sainath et al., 2013; Graves et al., 2013;
Narayanan and Wang, 2013). The most common
approaches are based on hidden Markov models,
deep neural networks, and methods for learning
on large sets of speech data (Sainath et al., 2013;
Graves et al., 2013). Despite high recognition
accuracy, such methods require significant
computational resources and large training
datasets.

One important area of research is the
development of methods for the structural
analysis of speech signals and their representation
as local acoustic components (Schuller and
Batliner, 2014). Such approaches allow for the
study of local signal properties and recognition
under conditions of partial observability. Speech
signal segmentation is also actively used in time
series analysis, clustering, and the extraction of
informative structural features.

Significant attention in modern research is
devoted to reducing search space and the
computational ~ complexity = of  recognition
algorithms (Li et al., 2014). A number of studies
examine methods for compact data
representation, local matching, and computational
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optimization when processing large signal arrays.
Similar problems arise in speech recognition
systems, where increasing vocabulary size leads
to a significant increase in computational costs.

In recent years, speech signal analysis
methods based on local features and partial
representations have been actively developed
(Hermansky, 1990; Sahidullah and Saha, 2012).
Such approaches allow for the identification of
stable structural features of the signal and reduce
the recognition process's dependence on global
characteristics of the speech structure. Several
studies have noted that the use of local segments
and structural representations can improve
recognition stability in the face of pronunciation
variability and incomplete signal observability.

A separate line of research concerns the
analysis of difference functions and measures of
structural similarity between signals (Oppenheim
and Schafer, 2010). This paper examines methods
for comparing functional representations of
signals,  taking  into derived
Related
investigated objective measures of speech
intelligibility and time-frequency representations
for evaluating structural characteristics of speech
signals (Taal et al., 2010).

Research (Rzayev et al., 2024; Kerimov, 2024)
proposed criteria for assessing recognition
adequacy and methods for generating artificial
signal families to analyze the dynamics of
structural similarity. These approaches provide a

account

characteristics. studies have also

basis for studying the robustness of recognition
under various transformations and levels of signal
segmentation.

Unlike methods based on DTW and HMM
approaches, the proposed method is focused not
on global temporal alignment of speech signals,
but on the analysis of trajectories of structural
similarity of segmented phoneme representations.

In the proposed approach, Azerbaijani speech
recognition is performed not through direct
comparison of complete words with a lexical
database, but through matching segmented
phonemic components corresponding to the
letters of the Azerbaijani alphabet. This approach
allows for a shift from comparing complete speech
structural
components of the signal, potentially reducing the

structures  to  analyzing local
computational costs of the recognition procedure.

In addition, the paper investigates the influence
of segmentation scale on the stability of structural
similarity between phonemic components and

speech signals, which distinguishes the proposed
approach from traditional methods of template and
statistical speech recognition.

Despite the significant progress achieved by
statistical, neural-network, and hybrid speech
recognition methods, most existing approaches
rely on global temporal alignment, probabilistic
sequence modeling, or extensive supervised
training (Wang et al., 2018). In contrast, the
proposed framework does not attempt to model
complete speech sequences or perform word-level
matching. Instead, it focuses on structural
comparison between reference phonetic acoustic
components and segmented speech signal
families, structural
correspondences to be analyzed at multiple
segmentation scales. This shift from global
sequence matching to multiscale structural

allowing local

analysis constitutes the principal methodological
distinction of the proposed approach.

3. Proposed approach

Traditional speech recognition systems
typically rely on direct comparison of the
recognized speech signal with lexical units
contained in a dictionary database. As the
vocabulary size increases, this leads to growth in
computational complexity, the number of
required  comparisons, and the overall
dimensionality of the recognition problem. In
addition, such approaches often depend on large
training datasets and computationally intensive
optimization procedures. A significant challenge
in speech recognition is the identification of stable
local structural features of speech signals under
conditions of partial observability, pronunciation
variability, and changes in signal structure. In this
context, methods based on local signal
representations and structural similarity analysis
are of particular interest, since they allow the
recognition process to be performed using
compact acoustic representations instead of direct
comparison with complete lexical units.

In the proposed approach, recognition is
performed not through direct comparison with
complete words, but through structural matching
between phonetic acoustic components and
segmented representations of speech signals. The
proposed framework focuses on analyzing
trajectories of structural similarity formed at
different segmentation scales, allowing one to
investigate the stability of local acoustic structures
within speech signals.
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A set of phonetic acoustic components is
considered P={p1, p2, ..., pm},
component corresponds to a phonetic unit of the
Azerbaijani alphabet.

where each

Speech signals pronounced by a native speaker
form the set S={si, sz, ..., su}, where each signal
corresponds to a separate Azerbaijani word.

For each speech signal si, segmented signal
families are formed at different segmentation
scales he{0.1, 0.2}:

F () ={s{" (h),s? (h),....s' (M)}, M

where s (h) denotes a segmented fragment of

the speech signal obtained at segmentation scale /,
and K is the number of segmented representations
in the corresponding family.

The segmentation scale h determines the
relative size of segmented signal fragments with
respect to the full signal length. Segmentation is

1. PHONETIC ACOUSTIC
COMPONENTS (REFERENCE SET)

e N W*’ 41

2. SPEECH SIGNALS AND
MULTI-SCALE SEGMENTATION

For each speech signal s; (word) we form
segmented families at scales h € H.

e —— H={02,0.1,...}

Set of phonetic -«M‘Mﬁ b= P2

acoustic P s (eg, “kitab”) sl

components l
(reference phom:mcs) + E
P =o2 BN TTTT]-
e I Pm

i r=01 [T MTTTTITT]

Fi(h) = {s{" (), s (), ..., s (w)}
Segmented representations (family)

of signal s; at scale h.

]

5. ADEQUACY CRITERIA COMPUTATION
For each pair (phoneme pj, speech signal s;)
and each scale h, evaluate the following
criteria from the sequence {DS*’}.

Each p; corresponds to a phoneme
of the Azerbaijani alphabet.

TEST SIGNALS (SPEECH WORDS)

S
"ﬂ,‘"’p‘ (kitab)

\

C; - Minimum value of D"’
Set of speech el (daﬂa,) s C ~ Width at half-minimum level
signals (words) c

‘S- {s1, 52,

~ Width at fixed threshold
Cy - Area under D* curve

rr " qnlam) Cs — Scale sensitivity criterion
Compute aggregate adequacy
Cagg = w)Cy + wpCh + w3C3 + wyCy

(101, Wy, ws, w,y are weighting coefficients).

Each s; is an audio recording of an
Azerbaijani word pronounced by a native speaker.

NOTATION

(k)
P ={p1,p2seeesPm) - Set of phonetic acoustic components (phonemes) ’i\, g
So s ik i Set of speech signals (words) GiiCssCsi:Ci
s ~  Family of segmented representations of signal s, Cu
Fy(h) = (““u.) s ), ..., s M) atscale h (.“
Cs
s, Pyn - Fourier spectra of segment and phoneme

-

-»>

performed by sequential partitioning of speech
signals into partially observable fragments
according to the specified relative scale.

For each phonetic acoustic component pj
structural comparison is sequentially performed
with all segmented representations belonging to
the family Fi(h). In the proposed framework,
phonetic acoustic components act as reference
with
segmented speech signal families. As a result,
sequences of difference function values are

structural  patterns for comparison

generated, characterizing the dynamics of
structural similarity between the phonetic
component and segmented speech signal
representations.

The general workflow of the proposed
recognition framework is illustrated in Fig. 1.

3. FOURIER TRANSFORM 4. DIFFERENCE FUNCTION

For each segment s{*) () and each Compute the structural difference between
the spectrum of segment s/’ (k) and the

spectrum of phonetic component p;.

phonetic component pj, compute
the Fourier spectra.

Spectrum magnitude

[ D =3, 15 () - Py J

(al)]

1P; (NI — =
F‘ M Difference function Di(jk’
(k)
/ | U M'\\ ,l‘/\/ M Dy
£ /.\' /\/\*\
s =F(s®we. ) PN = Fip;®)
k (segment index)
Spectral representations in Obtain the sequence {D*'}%.,
the frequency domain. for speech signal s; and phoneme p;.

- Structural similarity criteria
— Aggregated adequacy

6. SCALE SENSITIVITY 7. AGGREGATION AND DECISION

Evaluate the sensitivity of the sequence For each speech signal s; :

(D,:“ } to segmentation scale h.

« Aggregate Cogq over all ph pjEP
« Identi h ith mini Cagg
O _ o, entify phoneme(s) with minimum C,gq
Cs=1- N | =+ Conduct majority voting Cp,,;
(0.2) (0 D jo-10 :
e (Cagg C, ) « Determine the phoneme sequence (order)
« Output the recognized word
Higher Cs indicates more stable l

structural correspondence across scales.
RECOGNITION OUTPUT

Recognized word and its
phoneme sequence.

-~ Difference function between spectra

Example:
gelom — Q—-9-L-9-M

- Scale sensitivity criterion

Fig. 1. Multiscale structural matching framework for speech recognition using phonetic acoustic

components and segmented speech signals.

The proposed approach includes several
sequential stages of speech signal processing. At
the first stage, phonetic acoustic components
corresponding to the analyzed phonemes of the
Azerbaijani alphabet are selected. Next, speech
signals are segmented at different scales, resulting
of partially signal
representations with different levels of structural
detail.

At the next stage, spectral representations of

in families observable

segmented speech signals and phonetic acoustic
components are computed using the Fourier
transform. The resulting spectra are used to
construct sequences of difference functions
reflecting structural similarity trajectories between
phonetic components and segmented speech
signal families.

The obtained trajectories are then analyzed
using adequacy criteria characterizing uniformity,
symmetry, convergence, oscillation behavior, and
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sensitivity to segmentation scale changes.

As shown in Fig. 1, the proposed method
combines speech signal segmentation, spectral
transformation, structural similarity analysis, and
aggregation of recognition estimates obtained at
different segmentation scales.

To compare phonetic acoustic components
with segmented speech signals, spectral
representations obtained using the Fourier
transform (Oppenheim and Schafer, 2010) are
used. For each speech signal fragment and
phonetic component pj, spectral representations
are computed as

${ () =ofs(t,h)} )
and

P (f)=o{p;1)}, ©)
where @(-) denotes the Fourier transform
operator.

The difference
segmented speech signal and the phonetic
acoustic component is defined as

D, =Y, [sf(f)=R(f)]. (4)

function between the

Using the Fourier transform allows one to
analyze the frequency structural features of
speech signals and reduce the influence of local
temporal shifts when comparing segmented
phonemic components (Muda et al, 2010;
Sahidullah and Saha, 2012).

The obtained values form the sequences D1, D,
..., Dk, reflecting the dynamics of structural
similarity between the test speech signals and the
segmented phonetic components of the database
(Oppenheim and Schafer, 2010).

To analyze the behavior of the difference
sequence, increments are introduced

Ak=Dx — D1, k=2, ..., K. (5)

The average value of the increments is

determined by the expression
A-_1_ ) A, . (6)
K-1&

The assessment of recognition adequacy is
performed using criteria C1—Cs (Kerimov, 2024).

The uniformity criterion is determined by the
expression

1 < -
C =/]—Y(A, -A)?. 7
1 \/K_1§k_§( ) @)
The symmetry criterion is defined as

c- 3
2_K—2k;

Ak+1

A 8)

The convergence criterion is determined by the
expression

1 &|D D]
C. = k kaf 9
irapd 5, | ©)
The oscillation criterion is determined by the

number of sign changes in the sequence of
increments:

c.

1 il_sgn(AkAk—l)‘ (10)

TK-3E 2
The aggregate adequacy assessment is
determined by the first four criteria':

Cagg :ivvici’ ivvl :1/ (11)
i=1 i=1

where wi are the weighting coefficients of the
criteria.

The sensitivity criterion is applied separately
and characterizes the stability of recognition
results at different segmentation scales:

_Cyy ()
T Cy(n)’

where h1 and h2 are different segmentation scales.
In the proposed framework, the aggregated

(12)

criterion Cagg is used to evaluate the overall
adequacy of structural matching, whereas the
sensitivity criterion Cs serves as an additional
indicator of the stability of similarity trajectories
under different segmentation scales. The final
interpretation of experimental results is therefore
based on the joint analysis of both criteria rather
than on either criterion alone.

Unlike traditional approaches based on whole-
word comparisons, the proposed method
performs recognition using a limited set of
phonetic acoustic components corresponding to
the letters of the Azerbaijani alphabet. This
approach potentially reduces the search space and
computational costs, as recognition is performed
using a compact phonetic database instead of a
large lexical dictionary.

The experiments under consideration illustrate
the possibility of recognizing Azerbaijani speech
signals using segmented phonetic acoustic
components at different segmentation scales.

Computational considerations. Unlike
conventional dictionary-based recognition
systems, where an input signal is compared with
all lexical entries, the proposed framework
performs structural matching between a limited
set of phonetic acoustic components and
segmented speech signal families.

Assuming that a conventional recognition

L In the experiments, equal weighting coefficients were used.
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system requires comparisons with Nw lexical units,
while the proposed method operates on a set of Nj
phonetic acoustic components, where typically
Ny<&Nu, the search space can be substantially
reduced. Since structural comparison is performed
only for the selected phonetic components across
segmented signal representations, the overall
number of matching  operations  grows
proportionally to the number of phonetic
components rather than the vocabulary size.
Consequently, the proposed framework has
the potential to reduce computational complexity
and improve scalability for low-resource speech
recognition tasks, particularly when the
vocabulary size increases.
evaluation of computational efficiency on larger
speech corpora will be considered in future work.

This reduction is achieved by replacing

A quantitative

exhaustive word-level matching with structural
comparison of compact phonetic acoustic
representations, which constitute the principal
computational advantage of the proposed
recognition framework.

4. Experimental results

Fig. 2 shows the phonetic acoustic components
P={p1, p2, p3, p4, ps} corresponding to the phonemes
“Q”, “9”, “L”, "M”, and “K” of the Azerbaijani
alphabet. These phonetic components are
subsequently used as reference structural
representations in the comparison procedure with
segmented speech signal families.

All speech signals were recorded from a native
Azerbaijani speaker under identical acoustic
conditions. Prior to the experiments, the
recordings were normalized, segmented into
individual word signals, and represented in a
Segmentation was
performed by sequential partitioning of each
speech signal into partially observable fragments
according to the specified relative segmentation
scales (0.20 and 0.10). The resulting segmented
signal families served as the basis for subsequent
structural comparison with the reference phonetic
acoustic components.

>, A

10 1000 2000 3000 4000 5006'0 100020003000 5000 "0 1000 2000 3000 '0 1000 2000 3000 ~'0 500 1000150020002500

uniform digital format.

Fig. 2. Phonetic acoustic components p, pz, p3, p4, ps

Fig. 3 shows the input speech signals si, s2, and
s3, corresponding to the Azerbaijani words “kitab”
(book), “dafter” (notebook) and “gslom” (pencil),
represented in phonetic form as [k'tt'a:b], [deef'tor]
and [gjee'leem], respectively.

1 T T T T T

510 PN ANV~ g
1() 1000 2000 3000 4000 5000 6000
1

B |
4 .

1() 500 1000 1500 2000 2500 3000 3500 4000 4500
1 T
s30~*~wwwwmwm| MWWW\’WWVWMWM —

_10 1000 2000 3000 4000 5600

Fig. 3. Speech signals s, s:, and s:

During the experiments, segmented families of
speech signals are formed at segmentation scales
of 0.2 and 0.1. Each phonetic acoustic component
is then sequentially compared with all segmented
representations belonging to the corresponding
speech signal family. For each comparison
sequence, the difference function (4) is computed
and structural similarity trajectories are generated,
which are subsequently used to calculate criteria
Ci—Cs.

For speech signals segmented at a scale of 0.2,
segmented families are first generated for signals
s1, 52, and ss. The phonetic acoustic component
pi1(Q) is then sequentially compared with all
segmented representations belonging to the
corresponding families.

For the speech signal s1, the family

F.(0.2) ={s"(0.2),57(0.2),...,5"(0.2)} (13)
is formed, after which the phonetic component
pQ s
representations belonging to this family.

Similarly, structural comparison is performed
for segmented families corresponding to speech
signals s: and s..

For each comparison pair (Q, si), criteria C1-C4
are calculated. The obtained numerical estimates
are presented in Table 1.

compared with all segmented

Table 1. Numerical estimates for structural
comparison between the phonetic component “Q”
and segmented speech signal families at
segmentation scale 0.2.

Comparison |, C Cs Cs Cogs
palr

Q 1) 0891 | 1220 | 0.021 | 0130 | 2262

Q =) 1087 | 1209 | 0012 | 0740 | 3.048

Q ) 3303 | 1415 | 0001 | 0719 | 5439
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Segmented speech signal families are then
generated at segmentation scale 0.10. The phonetic
acoustic component p1(Q) is sequentially compared
with segmented representations belonging to the
corresponding families of speech signals s, sz, and ss.

For each comparison pair (Q, si), criteria C1—Cs
are calculated. The obtained numerical estimates
are presented in Table 2.

Table 2. Numerical estimates for structural
comparison between the phonetic component “Q”
and segmented speech signal families at
segmentation scale 0.1

Similar experiments are performed for the
phonetic acoustic component “9”. Segmented
speech signal families are formed at segmentation
scales of 0.20 and 0.10, after which the phonetic
component “©” is sequentially compared with
segmented representations belonging to the
corresponding families of speech signals si, s2, and
ss. For segmentation scale 0.20, the obtained
numerical estimates are presented in Table 3.

Table 3. Numerical estimates for structural
comparison between the phonetic component “©”
and segmented speech signal families at
segmentation scale 0.2

Comparison

. C C2 Cs Ca Cagg
pair

Compérlson CI CZ C3 C4 Cagg
pair
(Q, s1) 0.725 | 2.386 | 0.020 | 0.128 | 3.259
Q, ) 1.543 | 1.404 | 0.015 | 0.178 | 3.140
(Q, 3) 1421 | 1.198 | 0.011 | 0.078 | 2.707

(9, s1) 1.462 | 1.215 | 0.001 | 0.181 | 2.859

As Tables 1 and 2 show, the minimum
aggregated criterion value at segmentation scale 0.10
corresponds to the comparison pair associated with
the word “qalem”. The obtained results indicate the
presence of stable structural correspondence
between the phonetic acoustic component “QQ” and
speech  signal  representations
corresponding to the word “qalom”.

The obtained result is additionally confirmed
by the sensitivity criterion C5=0.498, which reflects
the stability of structural similarity trajectories
when changing the segmentation scale.

Fig. 4 shows the dynamics of changes in the
difference function D for comparison sequences
obtained at segmentation scale 0.10. The obtained
trajectories reflect the dynamics of structural
similarity ~between the phonetic
component p1(Q) and segmented speech signal
families corresponding to signals s1, s2, and sa.

An analysis of the graphs shows that with
more detailed segmentation, a steady decrease in

segmented

acoustic

the values of the difference function for the signal
corresponding to the word “gelom” is observed,
which is consistent with the results presented in
Table 2.

0 2 4 6 8 10
Fig. 4. Dynamics of the difference function for
phonetic component “Q” at segmentation scale 0.10.

(O, s2) 1.055 | 1.099 | 0.008 | 0.514 | 2.677

(9, s3) 1.742 | 1.249 | 0.013 | 0.681 | 3.685

For segmentation scale 0.10, the obtained
numerical estimates are presented in Table 4.

Table 4. Numerical estimates for structural
comparison between the phonetic component “8”
and segmented speech signal families at
segmentation scale 0.1

Comparison
pair

(O, s1) 1.142 | 2.313 | 0.015 | 0.030 | 3.500

(O, 52) 1.993 | 1.478 | 0.000 | 0.450 | 3.922

(S, 83) 1.622 | 1.445 | 0.013 | 0.265 | 3.345

C C2 Cs Ca Cagg

The sensitivity criterion values for the phonetic
component “9” are: Cs(s1)=1.224; Cs(s2)=1.465;
Cs(s3)=0.908.

The minimum sensitivity value corresponds to
signal S3, indicating stable structural
correspondence between the phonetic acoustic
component “©” and segmented speech signal
representations associated with the word “qolam”.

Similar experiments were performed for the
phonetic acoustic components “L”, “M”, and “K”.

For the phonetic component “L”, the
sensitivity criterion values are: Cs(s1)=1.803;
Cs(s2)=2.150; Cs(s3)=1.777.

For the phoneme “M”, the following values were
obtained: Cs(s1)=1.601; Cs(s2)=1.265; C5(s3)=1.216.

In both cases, the minimum values of criterion
Cs correspond to the signal s3, representing the
word “galom”.

For the phonetic acoustic component “K”, the
numerical estimates obtained at segmentation
scale 0.20 are presented in Table 5.
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Table 5. Numerical estimates for structural
comparison between the phonetic component “K”
and segmented speech signal families at
segmentation scale 0.2

Comparison | | 0, | o | o | Cue
pair
(K, s1) 0.937 | 1.291 | 0.018 | 0.016 | 2.262
(K, s2) 1.153 | 1.277 | 0.010 | 0.038 | 2.478
(K, s3) 3.013 | 1.059 | 0.001 | 0.047 | 4.120
The numerical estimates obtained at

segmentation scale 0.10 are presented in Table 6.

Table 6. Numerical estimates for structural
comparison between the phonetic component “K”
and segmented speech signal families at
segmentation scale 0.1

Compp;iI;ISOI’l C1 C2 Cs Cs Cagy
(K, s1) 0.763 | 2.178 | 0.016 | 0.017 | 2.974
(K, s2) 1.638 | 1.656 | 0.011 | 0.051 | 3.356
(K, s3) 1421 | 1.544 | 0.013 | 0.020 2.998

For the phoneme “K” the sensitivity criterion
values are: Cs(s1)=1.315; Cs(s2)=1.354; Cs(s3)=0.728.

The minimum sensitivity criterion value again
stable
structural correspondence between the phonetic
acoustic component “K” and segmented speech
signal representations associated with the word
“golom”.

Fig. 5 shows the dynamics of the difference

corresponds to signal s3 indicating

function for comparison sequences obtained for
the phonetic component “K” at segmentation scale
0.10. The obtained trajectories demonstrate that
more detailed segmentation increases sensitivity
to local structural features of speech signals. At
the same time, signal s3 demonstrates more stable
structural correspondence under segmentation
scale variation.

0 e U SEIISUSIIUUUIIIIINIUIN WIS J
0 2 & 6 8 10

Fig. 5. Dynamics of the difference function for phonetic
component “K” at segmentation scale 0.10.

To summarize the experimental results, Table 7
presents the minimum values of the aggregated
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criterion Cagg, the sensitivity criterion Cs, and the
corresponding speech signal providing the most

stable structural correspondence for each
analyzed phonetic acoustic component.
Table 7. Summary results of structural
comparison
Phonetic Minimum Cagg | Minimum Cs Correspo?ding
component speech signal
Q 2.707 0.498 Qolom
o 2.677 0.908 Qolom
L — 1.777 Qolom
M — 1.216 Qolom
K 2.262 0.728 Qolom

It should be noted that the aggregated criterion
Cags and the sensitivity criterion Cs characterize
different properties of the comparison process.
While Cagg reflects the overall adequacy of
structural matching, Cs evaluates the stability of
similarity trajectories under segmentation scale
variation. Therefore, the minimum values of these
criteria do not necessarily correspond to the same
comparison pair.

The conducted experiments demonstrate that
structural matching between phonetic acoustic
components and segmented speech signal families
makes it possible to identify stable local structural

correspondences  within ~ Azerbaijani  speech
signals. The obtained structural similarity
trajectories show that segmentation scale

significantly influences the behavior of local
acoustic correspondences and the sensitivity of
the recognition procedure to structural signal
variations.

For most of the analyzed phonetic acoustic
components, the the
sensitivity criterion Cs correspond to signal s,
representing the word “qelom”. This indicates
stability  of
trajectories under segmentation scale variation
the presence of stable local
structural features within the corresponding
speech signal representations.

The experiments also demonstrate that more
detailed segmentation allows local structural
characteristics of speech signals to be revealed
more effectively than coarse-scale analysis. In
particular, segmentation scale h=0.10 provides

minimum values of

relative structural ~ similarity

and confirms

more informative structural similarity trajectories

and increases local acoustic
variations in speech signals.
The obtained results confirm the feasibility of

structural

sensitivity to

speech signal analysis based on
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sequential comparison between reference
phonetic acoustic components and segmented
speech signal families. Unlike traditional

approaches relying on direct comparison with
complete lexical units, the proposed framework
performs recognition using compact structural
acoustic representations, potentially reducing the
search space and computational complexity of the
recognition procedure (Li et al., 2014).

Overall, the
viability of the proposed multiscale structural
matching framework and indicate the potential
applicability of segmented structural representations

the experiments demonstrate

for compact speech recognition systems.
5. Conclusion and future work

This paper proposed a structural approach to
Azerbaijani speech signal recognition based on
sequential comparison between phonetic acoustic
components segmented speech signal
families. Unlike traditional methods relying on
direct comparison with complete lexical units, the
proposed
through structural matching of local phonetic
representations corresponding to the letters of the
Azerbaijani alphabet.

The study considered the phonetic acoustic
components “Q”, “©”, “L”, “M”, and “K”, which
were used as reference structural representations
in the comparison procedure. Speech signals
corresponding to the Azerbaijani words “kitab”,
“daftar”, and “qoalom” were segmented at scales of

and

framework performs recognition

0.20 and 0.10, after which structural similarity
trajectories were analyzed using sequences of
difference functions and adequacy assessment
criteria.

Experimental results
decreasing the segmentation
sensitivity to local structural features of speech
signals stable
correspondences to be identified. For most of the
analyzed phonetic acoustic components, the
minimum values of the sensitivity criterion Cs
corresponded to the signal associated with the
word “gelam”, indicating relative stability of
similarity trajectories
segmentation scale variation.

The proposed framework potentially reduces

that
increases

demonstrated
scale
allows structural

and more

structural under

the search space and computational complexity of
the recognition procedure by replacing direct
comparison with complete by
structural matching between compact phonetic
acoustic representations and segmented speech

lexical units
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signal families (Jurafsky and Martin, 2023).

The conducted experiments were limited to a
small set of phonetic acoustic
components and speech signals and primarily

relatively

demonstrate the feasibility of the proposed
structural matching framework.

Future research will focus on expanding the set
of analyzed phonetic acoustic components,
investigating more complex speech structures,
and studying adaptive segmentation mechanisms
for speech signal analysis. Further development
may also include automated tuning of recognition
parameters using neuro-fuzzy and evolutionary
optimization approaches, as well as integration
with modern intelligent signal analysis and
artificial intelligence methods.
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