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Abstract

The extraction and interpretation of personal data from speech signals, processed through various technical
solutions, are key functions of Automatic Speaker Recognition (ASR) systems. Speech conveys information such
as language, dialect, and emotions, making ASR systems increasingly essential due to the growing demand for
human-computer interaction and biometric security applications in both military and civilian sectors. Voice, as
a unique human characteristic, enables identification without additional attributes that can be lost or destroyed.
However, while humans recognize voices naturally, machines face significant computational challenges. Despite
advancements in automatic speaker recognition, many challenges remain. This article addresses the use of
behavioral voice features in automatic speaker recognition (ASR) systems. The authors aimed to develop and
implement a set of behavioral features in an existing ASR system that would increase the number of correct speaker
identity identifications, particularly in the presence of various types of noise. By utilizing the publicly available
LibriSpeech voice database, it was possible to compare the developed solution with other ASR systems. In
addition, the authors developed a solution that can reduce the impact of external noise on speaker identity
recognition accuracy. The key element proved to be the innovative data integration method, which leverages the
advantages of various sources of distinctive feature sets. In the conducted experiments, the proposed ASR system
demonstrated outstanding performance in automatic speaker recognition. Using the LibriSpeech database, it
achieved identification rate exceeding 99% for the train-clean-100 subset and close to 99% for the train-clean-360
subset. Compared with traditional Gaussian Mixture Model (GMM) approaches, which typically achieve about
83% accuracy, the developed solution provides a substantial improvement, reaching identification rates above 99%
and demonstrating performance comparable to, or even exceeding, that of modern deep learning—based techniques
(approximately 98 to 99%).

Keywords: automatic speaker recognition, behavioral features, data fusion, distinct feature selection, genetic
algorithm.

1. Introduction

The extraction and interpretation of individual data contained in speech signals using the
capabilities of modern information technology is implemented in systems known as Automatic
Speaker Recognition (ASR) systems. In addition to individual characteristics, speech also
conveys various types of information, such as language, dialect, or emotions accompanying the
speaker [1]. This article focuses on the extraction and interpretation of so-called behavioral
distinctive features of the speaker, which have been used less frequently in speaker recognition
systems compared to physical features. Behavioral characteristics are related to the origin,
education, and general understanding of personality traits, while physical characteristics are
directly related to the anatomical structure of the speaker, particularly the structure of his vocal
tract. More broadly, behavioral speeches are verbal prompts where behavioral features reflect
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the individual’s manner of expression, speaking style, and articulation habits. Typical
measurable examples include total speech time in the analyzed segment, the count of significant
impulsive events, mean amplitude levels in octave and third bands, and the articulation speed.
Automatic speaker recognition systems are increasingly being used in areas where a high level
of security is required while maintaining a short identity verification time. However, these
solutions are not completely immune to various types of fraud. The main threats they face
include the following:

— impersonation attempts,

— highly similar voices present in large reference recording databases,

— pathological changes in vocal organs,

— insufficient data due to short voice recordings,

— negative impact of the entire acoustic transmission chain,

— disturbances occurring during the speech acquisition process,

— use of objects that modify voice properties, such as masks,

— voice manipulations, including deepfake-based voice synthesis.

Depending on the requirements that ASR systems must meet, their designers adopt various
design approaches. Systems based on physical features achieve high accuracy even with
relatively short training and testing recordings. In contrast, algorithms that rely on behavioral
features require longer voice recordings to highlight their distinctive properties. Pathological
changes in the larynx and upper respiratory tract strongly affect the values of physical
characteristics while having a weak impact on behavioral biometrics. An additional advantage
of high-level features, as opposed to those related to the vocal tract structure [2], is their
resistance to noise and interference present in the transmission channel. Deliberate voice
modifications, such as whispering, increasing pitch, or increasing articulation speed, affect the
performance of ASR systems. The same applies to unintentional speech distortions caused by
stress-related factors (e.g., jaw clenching) [3].

Taking into account only the vulnerability criterion to threats, systems based on behavioral
speech signal features are more resistant than those relying on physical characteristics.
However, when also the ease of speech processing and the long-term stability of the extracted
features, solutions based on biometrics derived from the structure of the vocal tract structure
appear more favorable. The choice of an appropriate speech parameterization method and,
consequently, the entire ASR system design, depends on the specific requirements. It is not
possible to create voice models that enable speaker identification with nearly 100% accuracy
while simultaneously making them immune to external disturbances using only a single set of
features. A compromise in this regard could be an algorithm that incorporates the fusion of
physical and behavioral descriptors. With this approach, it is possible to improve the resistance
of the ASR system to external factors while maintaining high operational accuracy [4].

The developed ASR system achieved very high identification rate, exceeding 99% on the
LibriSpeech train-clean-100 dataset [5] and nearly 99% on the larger train-clean-360 dataset
[5]. In particular, it reached 100% with feature-level fusion and 99.60% with the preselector,
clearly outperforming classical methods such as Gaussian Mixture Models (GMM) (83.1%) [6]
and surpassing or matching state-of-the-art solutions including DeepSpeaker [6], Mel-
Frequency Cepstral Coefficients (MFCC) [7], and SpeakerGAN [7]. These results confirm the
robustness and competitiveness of the proposed approach in automatic speaker recognition
tasks.
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2. State-of-the-art

This section presents a review of the scientific literature on ASR systems. To ensure
comparability of the results, the selection of publications was restricted to studies utilizing
various subsets of the LibriSpeech database [5]. This approach provides a common benchmark
that allows the achievements of different methods to be evaluated under consistent conditions.

The authors of [6] used the train-clean-100 subset of the LibriSpeech database, which
includes 251 speakers. For feature extraction, they employed MFCC [8, 9], Linear Prediction
Coding (LPC), and the Zero Crossing Rate (ZCR) [10, 11] parameter. Speaker classification
was then performed using GMMs. In contrast, the deep learning approach (DeepSpeaker) used
64 mel filters as input features. The authors achieved an identification accuracy of 83.1% for
the GMMs and 99.8% for the DeepSpeaker approach.

In [7], the primary objective was to optimize the SpeakerGAN system in terms of resource
efficiency and training time. The authors used the train-clean-100 subset of the LibriSpeech
database. Feature descriptors were initially extracted using a mel filter bank and MFCCs. Each
analyzed signal underwent a silence removal process. Ultimately, the researchers achieved an
accuracy of 97.87% for the 64-mel filter variant. The extracted features were also used to train
a Convolutional Neural Network (CNN), a modified version of the SpeakerGAN model. In this
case, the Identification Rate (IR) was approximately 2% lower than that of the reference model.
Notably, the authors also reported IR values as a function of the number of utterances per
speaker.

Article [12] explores feature binarization for speaker recognition in embedded systems. This
approach was motivated by the high computational complexity of traditional methods, such as
MFCC and GMM, on hardware platforms. The authors employed linear prediction methods
followed by MFCCs. As aresult, they obtained first-order and second-order distinctive features
(delta and delta-delta features) [13, 14], specifically their signs. The number of these signs was
then summed to construct histograms of their frequency distribution. After appropriate
normalization, the obtained results included an Equal Error Rate (EER) of 12.71% and an IR
of 59.24%. The latter, referred to as Rank1 in the article, represents the frequency with which
the correct speaker is ranked as the top match in a closed-set scenario. All experiments were
conducted using the test-clean subset of the LibriSpeech database, which contains samples from
40 speakers.

The authors of [15] aimed to develop an ASR system based on CNN and LSTM neural
networks. Their research was conducted using the TIMIT dataset (630 speakers) and the
LibriSpeech dataset (251 speakers). Various feature extraction methods were explored,
including MFECC, spectral centroids, spectral cutoff points, and mel spectrograms. Ultimately,
the study employed MFCCs. The training segment lasted 12 to 15 seconds, while the test
segment ranged from 2 to 6 seconds. In a closed speaker set based on [5], the authors achieved
an identification accuracy of 97.85% for the CNN model.

Article [16] describes and compares two automatic speaker recognition systems based on
deep learning techniques. The first is a reference system created using the Keras library [17],
while the second is a custom modification. The authors proposed an innovative approach that
employs a neural network with a simplified structure and Fast Fourier Transform (FFT) for
feature extraction. The study was conducted on subsets of LibriSpeech (50 speakers) and
Multilingual Speech Diversity Dataset (MSDD), the latter specifically created for this research,
containing approximately 25 minutes of read text per speaker. The speaker identity recognition
accuracy for both subsets was 91.27% and 94%, respectively.

In [18] a feature fusion method combined with a deep neural network is described. The
approach integrates traditional MFCCs with their Mel-Frequency Cepstral Coefficients
Temporal representation (MFCCT). Time-domain features were obtained by grouping the
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initially extracted mel cepstral coefficients and then computing statistical properties such as
minimum, maximum, standard deviation, and median for each subset. Ultimately, 12 temporal
features were extracted. The final step was the fusion of characteristics from different domains
into a single vector of distinctive features, which was then used to create speaker models using
a deep neural network. The train-clean-100 subset of the LibriSpeech database [5] was used as
the speech dataset. The speaker classification process was conducted in two stages: first, the
gender of the subject was classified, followed by identity recognition within the specific gender
group. The authors achieved speaker identification accuracies of 89% for women and 84% for
men, with an EER of 0.11%.

In [19], an automatic speaker recognition system utilizing the spectral variant of MFCC,
known as Mel Frequency Spectral Coefficients (MFSC), was described. Transformer neural
networks were also employed. Features were obtained by omitting the final stage of the cepstral
transformation, namely, the discrete cosine transform. In the course of their research, the
authors compared three neural network models - BiGRU, BiLSTM, and Transformer - with two
sets of features, resulting in six variants tested. The train-clean-360 subset of the LibriSpeech
database was used as the audio dataset. For each neural network, the spectral variant of mel-
scale features yielded better results. The best identification accuracy, 96.08%, was obtained for
the MFSC + Transformer combination. However, this performance improvement of
approximately 0.2% over the second-best result came at the cost of a more than sixfold increase
in testing time.

The authors of [20] investigated the use of the Raw Audio Network (RANet) neural network
in conjunction with Stochastic Gradient Descent with Momentum (SGDM). This convolutional
neural network processes raw (unprocessed) audio files, aiming to enhance robustness against
interference compared to standard feature-based approaches. The study utilized all subsets of
the LibriSpeech database, totaling nearly 22,000 voice samples from 2,484 speakers. The final
accuracy of this approach reached 82.57%. Comparisons were also made with a conventional
CNN, the SincNet model, and a variant of RANet using Adaptive Moment Estimation (ADAM).

In [21], the authors proposed the fusion of physical features (MFCC) with behavioral
features (dependent on the speaker's pronunciation). Depending on the nature of the features,
a convolutional network and a multilayer perceptron were used for extraction. Speech manner
descriptors were extracted from recordings of Mandarin dialect speakers, including
classifications of phoneme articulation types such as nasal, fricative, and oral sounds. Physical
features were represented by Mel-Frequency Energy Coefficients (MFEC). An Multilayer
Perceptron (MLP) network was also used for classification. One of the datasets used was the
train-clean-460 subset of LibriSpeech, containing 1,172 speakers. The results were presented
by comparing the EER values of the proposed solution with x-vector and d-vector algorithms
classified using the cosine metric and Probabilistic Linear Discriminant Analysis (PLDA). The
lowest EER of 7.80% was achieved on the LibriSpeech database.

A review of the current literature in the field of ASR [1-18] shows that physical features,
specifically MFCCs and their variations, remain dominant in automatic speaker recognition
systems. Additionally, deep learning methods are increasingly popular for classification tasks.
In contrast, behavioral characteristics remain underutilized. This article presents the results of
implementing behavioral features as a standalone solution and in fusion with physical features,
extending the existing ASR system described in [22]. The developed algorithm was initially
trained on the train-clean-460 dataset, which consists of the train-clean-100 and train-clean-
360 subsets of the LibriSpeech database. The testing phase also included the NIST 2002 SRE
dataset [23] and three proprietary voice datasets developed at the Faculty of Electronics,
Military University of Technology, Warsaw, Poland.
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3. Structure of the developed solution
3.1. Standardization of the speech signal

The designed ASR system is intended for use in commonly used telephone transmission
conditions. For more than 100 years, telephones have operated within a limited frequency range
of 300 to 3400 Hz. Although the frequency range of the human voice extends from
approximately 50 to 8000 Hz, speech can still be intelligibly transmitted using a significantly
narrowed bandwidth. It is widely accepted that human speech remains sufficiently
comprehensible when confined to the 5004000 Hz range [24, 25]. Considering these values,
the developed system adopts a sampling rate of 8 kS/s.

Before distinctive features, the speech signal undergoes a standardization process, which
involves adjusting the mean value of the speech signal to zero and the standard deviation to
one. Another essential step in the preliminary processing of the speech signal is silence removal,
silence naturally occurs in every utterance. From the perspective of behavioral speech
characteristics, the distribution of silence segments carries a certain amount of distinctive
information. For example, the relationship between speaking time and silence within a frame
can be used to determine an individual's articulation speed. Therefore, in this system, only
silence segments longer than 2 seconds are removed. Silence detection is performed using a
procedure implemented in the Matlab environment, specifically the detectSpeech function [26],
which is described in detail in [27].

3.2. Segmentation of the speech signal

Segmentation involves dividing the speech signal into short fragments, referred to as frames.
Human speech is a nonstationary stochastic process characterized by significant temporal
variations in signal properties. Dividing the speech signal into short fragments allows for its
approximation as a quasi-stationary process [25]. Each frame is thus treated as a separate signal
representing a specific speaker. The speech segmentation operation reduces to windowing,
which involves multiplying signal samples by the samples of a rectangular window [28],
characterized by an appropriately chosen width and shift.

Time-domain speech analysis involves significant redundancy in the information obtained.
To reduce the amount of necessary data contained in the speech signal, frequency analysis is
often used. The previously mentioned multiplication of signal samples by window samples in
the time domain is equivalent to the convolution of their spectra in the frequency domain.
Consequently, selecting the shape of the time window becomes an important aspect. The most
commonly used window is the rectangular window, which has a narrow main lobe in its
spectrum but unfortunately exhibits high side lobes. Other frequently used windows, such as
Hann, Blackman, or Hamming, are functions composed of appropriate harmonic waveforms
[29], offering a compromise between the width of the main lobe and the level of the side lobes.

Besides selecting the window type, its width and step size are crucial factors. Speech
recognition systems typically employ variable window widths depending on the semantic
content of the speech. This is due to the need to analyze various components of human speech,
such as phonemes, syllables, or words. In the context of automatic speaker recognition systems,
uniform segmentation with a fixed window length is generally used. Additionally, overlapping
segments are often used to prevent data loss. In the developed system, a window length of 3
seconds with a 1-second shift was applied.

3.3. Behavioral features of the speech signal
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The human voice, as analyzed by ASR systems, carries rich information useful in speaker
identification. The extracted features can be classified into three main groups [30]:
— short-term spectral features,
— spectro-temporal features,
— high-level features (resulting from complex processing).

The first group consists of characteristics with a short duration (approximately 20—30 ms),
whose properties depend on the structure of the vocal tract. Spectro-temporal features span
hundreds of milliseconds and pertain to the intonation of speech, duration, or rhythm—often
referred to as prosodic features, emphasizing their relationship with the sound of the voice. The
last group includes so-called high-level features, which are influenced by socio-economic
factors that have shaped the speaker, such as social status, place of birth, language used, or
personality. In the literature, these features are called behavioral features. They reflect
individual differences in articulation, resulting from learned habits related to the intonation of
spoken phrases, speaking time, or loudness level. Apart from socioeconomic influences, one of
the main factors modifying speech characteristics is a person's current emotional state. From
both the speaker's and the listener's perspective, the impact of emotions on speech
characteristics is noticeable.

Taking into account the components that influence the speech characteristics described
above, it is quite challenging to define a universal set of behavioral features. In the ASR system
described here, an initial set of 71 voice features was defined. These features were separately
determined in two domains: the time domain and the frequency domain. Signal processing in
both domains is based on the analysis of previously extracted 3-second frames. The initial set
of 71 behavioral features includes such characteristics as:

— the ratio of speech duration to silence duration within a frame,

— speech duration within a frame normalized by the number of speech segments (average
speech segment duration),

— the ratio of maximum to minimum fundamental frequency within a group of three frames,

— percentage of low-energy frames [10],

— number of significant impulse phenomena,

— number of voiced frames (relative to the entire signal),

— zero-crossing rate [10, 11],

— bandwidth occupancy containing 95% of the total power [31, 32],

— spectral roll-off values [33],

— spectral cut-off point values [11, 33],

— spectral kurtosis values [34],

— spectral skewness values [34],

— spectral spread values [11, 33, 34],

— sum of amplitudes in thirds and octaves and their derivatives, including mean values over a
specified number of frames, standard deviations, maximum and minimum values.

In this study, some statistical descriptors of the signal, such as spectral skewness and
kurtosis, are also included among behavioral features. Although these measures originate from
the physical distribution of spectral values, they characterize properties such as asymmetry and
peakiness of the spectrum, which in practice are shaped by the speaker’s articulation habits and
speaking style rather than by anatomical constraints.

3.4. Evolutionary methods applied to feature set selection

The feature extraction process in ASR systems typically generates a large set of descriptors
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whose redundancy does not always translate into higher classification accuracy. Feature
selection, by reducing the dimensionality of the vector, allows maintaining or improving
identification accuracy while reducing the computation time [35, 36]. The most commonly used
feature selection methods include Fisher's discriminant analysis, mutual correlation, principal
component analysis, and genetic algorithms [37, 38, 39]. In this study, a genetic algorithm was
applied. This procedure is inspired by mechanisms of biological evolution and operates on a
population of individuals represented by binary characteristic vectors [1, 22, 40]. Each
individual is evaluated using a fitness function defined as:

ffi=1-Acc, (1)
where Acc; is the identification accuracy of the system for the i-th individual.

From the above relationship, it follows that the lower the value of ff;, the higher the adaptation
level of the i-th individual in the evolutionary process. Then, through selection operations,
distributed crossover [2] and mutation (including Gaussian mutation [41]) the feature set is
iteratively optimized.

The process continues until the maximum number of generations is reached or no further
improvement in the fitness function is observed. As a result, the original set of 71 features was
reduced to 27, which led to an approximately 5% improvement in speaker identification
accuracy. In the following, the feature selection process is illustrated for successive generations
of the evolutionary process. Figure 1 presents the feature selection process in the ASR system
developed by the authors.
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Fig. 1. Feature selection process using a genetic algorithm.
3.5. Applied classifier

The final stage of the speaker recognition process is classification, which involves assigning
the signal source to the appropriate class [29]. The simplest classification method is based on
measuring the distance between the analyzed feature vector and the vectors assigned to specific
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classes. This method is called minimum distance classification, as it assumes that similar
objects are located close to each other [29].

One of the fundamental classification methods based on the distances between feature sets is
the nearest-neighbor method. Its principle is based on finding the closest vector from the
training data relative to the test vector. An extension of this method is the k-nearest neighbors
(k-NN) approach [42]. which searches for the k-nearest neighboring vectors instead of just one.
Unlike the classical approach, the k-NN classifier sums the distances to the & closest vectors
rather than considering only the closest one. A key advantage of the nearest neighbors method
is the ability to use different distance metrics. One of these is the Manhattan metric, Cityblock
or Taxicab [43]. This distance is defined as the sum of absolute differences measured along
specific dimensions. Its name originates from its similarity to cities with a square street grid,
where a taxi can only move along designated streets [44]. Unlike the commonly used Euclidean
metric, the Manhattan distance minimizes the influence of single large differences by avoiding
exponentiation [45]. In the developed solution, various metrics (such as Euclidean, correlation,
and cosine distance) were tested, but the Manhattan metric proved to be the most effective.

During the research, it was observed that the distinctive properties of behavioral features
emerge when a relatively large amount of training data is available, compared to the
requirements for extracting physical features. This, among other factors, led to the use of the
previously described speech signal segmentation method, where the entire speech signal is
divided into three-second frames with a one-second shift. In this case, a one-minute speech
sample results in 58 analyzed fragments.

This segmentation approach means that a single voice sample is represented by multiple
objects (feature vectors) belonging to the same class, creating a clustering effect [46]. In such
cases, applying the &.-NN classifier (and selecting an appropriate k-value) is not straightforward.
A solution to this problem is the nearest mean classifier, which calculates the feature vector
distance from the currently analyzed to the mean vectors representing each class [47]. Since the
mean vectors serve as representatives of their respective classes in the training set, the amount
of data required for storage during the training phase is significantly reduced.

4. Fusion of systems

To objectively assess the validity of the developed solution, it must be compared with
another available system. According to the assumptions, the reference system chosen was
ARMiA (Automatyczne Rozpoznawanie Mowcy i Autoryzacja) [22]. The ARMiA system,
developed in 2018 by Maj. Dr. Eng. Kamil Kaminski, is an ASR solution designed for user
identification based on voice samples. Its preprocessing stage includes signal normalization,
silence removal using energy-based criteria, high-pass filtering, and frame segmentation with
Hamming windowing. A multi-step frame selection process further refines voiced segments
and reduces noise impact. Feature extraction relies on spectral, cepstral, and mel-cepstral
analysis, complemented with weighted cepstral features and prosodic parameters. For
classification, GMM are applied, enabling compact yet discriminative speaker models.
Additionally, to ensure reliable comparison results, training and testing segment durations, as
well as the same voice databases, were used. The study utilized the LibriSpeech database, which
contains 1,172 speakers (train-clean-460). Tests were carried out for two variants of training
and testing data lengths. In the first variant, a total of 30 seconds of voice recordings were used,
divided into 25 seconds for training and 5 seconds for testing. The second option included a
minute of speech, where 35 seconds were allocated for training and the remaining 25 seconds
for testing. The authors of these solutions. The ARMiA system [22] was optimized for a total
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segment length of 30 seconds, while the algorithm based on behavioral speech signal required
a minimum of one minute of voice samples. Table 1 presents the results of the tests carried out.

Table 1. Comparison of ASR system accuracy based on training and testing segment lengths.

Training time / Testing time Behavioral feature-based system accuracy | ARMiA system accuracy
[s] [%o] [%o]
25/5 2491 86.26
35/25 68.43 98.21

As the results show, the standalone behavioral system achieves an identification accuracy of
just under 70% when analyzing one-minute speech samples. The reference ARMiA system,
which is based on physical features , significantly outperforms the behavioral approach.
Furthermore, a comparison was made regarding the number of correct identifications of the
speaker identity between the behavioral system and the existing ARMiA system [22]. For 30
and 60 seconds of analyzed speech, the behavioral feature-based system performed
approximately 70% and 30% worse, respectively, compared to the system based on physical
voice characteristics. The obtained results clearly indicate that an ASR system based solely on
behavioral features is not sufficiently effective in real-world conditions. Therefore, the next
section of the article presents a solution that results from the fusion of these two biometric
approaches.

4.1. Selection of the data fusion type

Automatic speaker recognition systems can be regarded as information measurement
systems whose purpose is to collect as much data as possible to characterize the examined
object (the speaker). Information from multiple such "measurement channels" can undergo
integration processes, which can be carried out at various levels [48, 49]. This includes the
hardware layer and the data acquisition process, information processing, and the synergistic use
of data from different sensors. An important aspect is the proper definition of the fusion process
as a component at each of these levels, where data is merged into a coherent, integral set [50,
51]. Selecting an appropriate data fusion mechanism is a complex task. The literature presents
various classifications of the integration process [52, 53, 54]. One classification distinguishes
three models based on:

— the level of abstraction in information integration [50],
— the level of abstraction of input and/or output data [55],
— the relationship between data sources [56].

The first model introduces a more detailed division into low-level, intermediate and high-
level fusion. The low-level fusion approach is based on merging data from multiple sources
into a single output signal. This method allows for the creation of data with greater
informational significance compared to separately analyzed signals from integrated sources. It
is often referred to as raw-data fusion. Feature-level fusion is another method of information
integration, based on combining parameters extracted during the processing of input signals by
different "sensors". The high-level fusion approach, often called decision fusion, involves
combining final predictions (decisions) with respect to the classification of the same signal, but
obtained from separate decision-making modules [57].

4.2. Nearest neighbor preselection method — decision-level fusion

The foundation of this data fusion method lies in the use of different classifiers in both ASR
systems. The reference solution is based on GMM [40]. On the contrary, the algorithm
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described in this article employs the nearest mean method for classifying the examined objects.
The combination of these classifiers is illustrated in Fig. 2.

Distances from the Determination of
test object to > N-nearest
training centroids neighbors
7}

Behavioral
feature vector
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T form as GMMs
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Fig. 2. Decision-level data fusion process.

According to the above scheme, the fusion process begins as soon as the physical and
behavioral feature vectors of the object analyzed are determined. Next, a voice model of the
object analyzed is created using GMM. At the same time, the algorithm based on behavioral
speech signal features identifies the N nearest centroids (by calculating the distance from the
analyzed object to the training data) from the full dataset. The next step is to reduce the full set
of voice models (training data) to the N nearest neighbors. The classification process then
follows the implementation described in [22].

During the research, various combinations of decision-level data integration methods were
tested. Ultimately, however, the preselection method described above, which involves initially
limiting the training dataset to the NV samples most similar to the test object (based on a distance
metric), proved to be the most effective. Table 2 presents the results of applying the
"preselector" for 30- and 60-second speech samples. Green highlighted values indicate a higher
number of correct identifications than in the baseline system described in [22] or each total
duration (86.26% and 98.21%).

Table 2. ASR system accuracy based on physical features with an applied behavioral preselector.

Speech | Number of nearest |, 200 300 400 500 600

duration [s] neighbors
. 2 Euclidean 82.68% | 87.37% | 88.23% | 88.57% | 87.71% | 87.46%
:;‘ils’tl’;lllec‘i Manhattan 84.90% | 88.05% | 88.65% | 88.82% | 87.97% | 87.80%
metric 60 Euclidean 97.44% | 97.95% | 98.12% | 98.38% | 98.46% | 98.46%
Manhattan 98.21% | 98.38% | 98.81% | 98.81% | 98.72% | 98.72%

4.3. Feature set combination method — feature-level fusion

The second method of data integration involves the fusion of two distinctive feature vectors
to create a single set of resultant features. This approach is driven by the differing nature of
physical and behavioral features. Such data consolidation allows for the creation of a more
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information-rich distinctive feature vector that better characterizes the analyzed object. The
process of feature-level data fusion is illustrated in Fig. 3. In this approach, all speech signal
processing stages, including its parameterization, are performed separately in each of the
"subsystems" based on behavioral and physical features. Then, the output vectors of distinctive
characteristics are integrated to form a single, more comprehensive feature set that represents
the analyzed object. The subsequent steps in the ASR system, such as the speaker's voice
modeling and classification processes, are identical to those described in [1, 22].

Behavioral Speaker Database of
feature vector modeling 1,172 voices as
T using GMM GMMs
‘ Combined
sl physical and Speaker identity

‘ behavioral Calcul.atlon of the liklihood identification as the
function value for speaker >

feature vector model representation within minimum value of
l 4 the N-nearest neighbors set NLL (Negative Log -
Likelihood)
Physical feature

vector ( VoicePrint)

Fig. 3. Feature-level data fusion process.

As part of the conducted research, various post-fusion processing variants were tested,
including different modeling and classification approaches. The study considered whether to
apply techniques implemented in the system based on behavioral features, physical features, or
a combination of both. The best results were achieved using the methods applied in the system
described in [1, 22], specifically through the GMM classifier. However, an additional research
aspect that needed to be considered was the method of consolidating the two distinct feature
vectors. Since behavioral and physical feature sets differ not only in their nature, but also in
their quantity, the selection of an appropriate integration method became a crucial aspect of the
data fusion process. The set of physical characteristics can be described as a matrix Wy (2) with
dimensions M x N, where M represents the number of frames analyzed and N =23 is the number
of features:

Cf11’ Cf21’ CfN1
Wf = Cf§12' CfZZ' ..:.. CfNZ . (2)
Cri Crapp  Crny

In contrast, behavioral features can be represented as a vector Wj consisting of H =27
elements, each representing a specific behavioral feature:

Wy =[Cp1, Cpay -+, Cppl. (3)

Due to the differences in the feature sets described above, two data fusion methods were
tested. The first method involves combining the Wymatrix and the W) vector in such a way that
the behavioral feature vector, attached to the physical feature matrix, represents additional
features of the analyzed object but only in the first frame. The second data fusion method
simulated the determination of a behavioral feature vector for each frame processed in the ASR
system [22]. This was achieved by multiplying a column matrix where each row — except for
the first, which contained only ones — had a random value within a specified range (0.95+1.05)
with the W), matrix. The resulting product was then appended to the W matrix.
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After extensive testing, the authors finally decided to use the first feature-level fusion
variant. Its practical implementation is carried out by multiplying a vertical vector Wy, whose
number of rows corresponds to the number of frames processed in the solution described [22],
with the horizontal vector W}, and then appending the resulting output to the Wy matrix, forming
the final matrix Wy, :

Wk1 = [1; 0; T O]T
Wy = [Cp1, Cp2, -+, Cpi]

Crayr Crapr -, Crnys Cp1, Cp2, s Cpp, 4)
W, = Cf12' Cf22' T Cszl 0, 0, Y 0;
fbl :’ EI ".’ 3; SI S, ."F S,
lelM; CfZM,--.; CfNM' 0, 0, Yy 0, J

where: Cx is the k-th physical feature and Cy is the k-th behavioral feature.
Table 3 presents the results of the system described in [22], along with the feature fusion
solution that uses 30 and 60 seconds of speech.

Table 3. Comparison of ASR (with feature fusion) accuracy based on training and testing segment lengths.

Training time / Testing time Behavioral Feature-based system accuracy ARMiA system accuracy
[s] [%] [%]
2575 86.26 57.25
35/25 98.21 97.25

From the above table, it is clear that despite creating a new set of descriptors for speaker
characterization, it was not possible to achieve a higher accuracy than the original system based
on physical features [22].

5. Selection of the data fusion type

The results presented in Section 4 on the fusion of a system based on physical features with
a system based on behavioral features demonstrate that this process can improve the accuracy
of speaker identification. To further investigate this process, this section presents studies
conducted on recordings of artificially limited quality. The authors also decided to expand the
voice dataset by adding more than 500 additional speech signals from various databases.
Ultimately, the created voice dataset contains 1,688 samples, among which:
— 1,172 samples come from the SLR-12 database [5],
— 320 samples come from the NIST SRE 2002 database [23],
— 56 samples were created based on audiobooks,
— 85 samples come from the Ewelina Majda-Zdancewicz database [46],
— 24 samples come from the Daniel Posiadata database [58],
— 31 samples come from the Michat Bojsza database [59].

Also the training and testing times were different. Optimal ones were as shown in Table 3.

5.1. Method for presenting results

To evaluate the performance of the developed solutions in supporting the existing system
[1], a series of experiments were conducted under various operating conditions. The time
combinations of 25 seconds for training and 5 seconds for testing, as well as 35 seconds for
training and 25 seconds for testing, were optimal for the ARMiA and behavioral feature-based
systems individually. In the final fusion-based solution, however, another range of segment
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durations was tested. Training durations ranging from 20 to 40 seconds (in 5-second
increments) and corresponding testing durations of 10, 15, and 20 seconds. This configuration
enabled a comprehensive evaluation of system performance across different segment lengths
and facilitated the identification of the most effective setup for the final ASR implementation.
The following systems were tested: the system described in [1], the standalone behavioral
feature-based solution, the merging of both systems at the feature level and the fusion at the
decision level for the 1,000 nearest neighbors. Additionally, before conducting the
aforementioned tests, the authors of this article decided once again to use a genetic algorithm
(GA) for feature selection in the feature-level data fusion variant. This operation resulted in a
new set of 36 most distinctive features, including 19 physical features and 17 behavioral
attributes. The experiments were conducted using the following types of recordings:
— uninterrupted (high-quality) recordings — shown in Fig. 4;
— recordings distorted by external noise — shown in Fig. 5;
— compressed recordings using commonly used codecs in telecommunication channels —
shown in Tables 4 to 8.

In addition to testing ASR systems under noise-free conditions, experiments were also
conducted in which analyzed speech signals were disrupted by external additive noise or
interference [60]. A testing scenario was developed using three types of noise disturbances:

— white noise was generated separately for training and testing segments and added to the
original voice dataset;

— crowd noise was introduced into each signal, simulating speech recording in an environment
filled with other people conversing,

— heavy rain sound was used as the final type of disturbance.
97.50
97.00
96.50
96.00

95.50

Identification rate [%]

Testing segment duration 20 s

95.00

94.50

N4

20 25 30 35 40
Training segment duration [s]

=== ARMiA system ==>=Fecature-level fusion ==@==Feature-level fusion (GA) ==®==Preselection of 1000 NN
Fig. 4. Speaker identification rate of different ASR solutions for varying training segment durations.

This selection of noise types was driven by the need to evaluate the developed solutions in
conditions as close to real world scenarios as possible. Additionally, each of these disturbances
exhibits a different power distribution in the frequency spectrum. The tests were conducted for
SNR levels of 20, 15, and 10 dB. A detailed description of the experimental setup and noise
characteristics can be found in [4]. Figure 5 presents the results for the highest levels for each
type of noise. A system variant was also tested where only the testing segments were affected

by noise [61]. Figure 6 shows results obtained when only the test segment was degraded with
white noise.
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Fig. 5. Test results of different variants of the ASR system under degradation by various interferences,
SNR =10 dB.

75.00 A
73.00 =
71.00
69.00
67.00

65.00 ,Aék\ A e

63.00
61.00
59.00
57.00
55.00

Identification rate [%]

Testing segment duration: 20 s

V

20 25 30 35 40
Training segment duration[s]

== ARMiA system  ==>=Fecature-level fusion ==®@=TFecature-level fusion (GA) ==®==Presclection of 1000 NN

Fig. 6. Test results of different variants of the ASR system under degradation of the testing segment with white
noise, SNR =20 dB.

5.2. Evaluation of the developed solutions under different recording quality conditions

One of the important aspects to consider when using a selected ASR solution is the method
of voice transmission through a transmission medium. The utilized telecommunication channel
is a factor that modifies the transmitted speech signal due to the speech encoding process. This
is a lossy voice compression process aimed at enabling its transmission within
a telecommunication system [62]. The purpose of this experiment was to examine the number
of correct speaker identity identifications under speech compression conditions. The following
phonetic encoding standards were used: G-711, GSM 06.10, G.723.1, SPEEX. A description

of individual speech encoding standards is provided in the article that describes the reference
ARMiA system [22].



Metrol. Meas. Syst., Vol. 32 (2025), No. 1
DOI: 10.24425/mms.2025.155813

The results were presented only for the combination of 40 seconds of training and 20 seconds
of testing. The green color indicates an IR higher than in the reference system, while the orange
color represents the same rate.

Table 4. ARMiA system performance values for different encoding standards.

Training segment codec
Testing segment codec G.711 - a-law SPEEX G.723.1 GSM 06.10
G.711 - a-law 96.80 % 94.85 % 91.47 % 92.89 %
SPEEX 94.61 % 96.15 % 93.19 % 91.82 %
G.723.1 90.70 % 93.13 % 95.38 % 89.04 %
GSM 06.10 92.36 % 91.71 % 89.16 % 96.33 %

Table 5. Performance values of the behavioral feature-based system for different encoding standards.

Training segment codec
Testing segment codec G.711 - a-law SPEEX G.723.1 GSM 06.10
G.711 - a-law 57.82 % 27.55% 34.42 % 37.50 %
SPEEX 26.13 % 44.02 % 28.91 % 23.58 %
G.723.1 30.45 % 28.97 % 44.14 % 36.55 %
GSM 06.10 35.60 % 24.70 % 37.74 % 50.65 %

Table 6. Performance values of the feature-level fusion variant for different encoding standards.

Training segment codec
Testing segment codec G.711 - a-law SPEEX G.723.1 GSM 06.10
G.711 - a-law 96.80 % 94.91 % 91.88 % 93.01 %
SPEEX 94.25 % 96.39 % 92.77 % 91.53 %
G.7231 90.82 % 93.07 % 95.38 % 89.69 %
GSM 06.10 92.36 % 91.35% 88.74 % 96.39 %

Table 7. Performance values of the feature-level fusion variant after applying the genetic algorithm for different
encoding standards.

Training segment codec
Testing segment codec G.711 - a-law SPEEX G.723.1 GSM 06.10
G.711 - a-law 96.74 % 95.14 % 92.65 % 91.11 %
SPEEX 93.19 % 95.50 % 92.71 % 89.10 %
G.723.1 87.80 % 91.17 % 94.61 % 85.19 %
GSM 06.10 89.63 % 90.46 % 88.45 % 95.97 %

Table 8. Performance values of the decision-level fusion variant for different encoding standards.

Training segment codec

Testing segment codec G.711 - a-law SPEEX G.723.1 GSM 06.10
G.711 - a-law 96.86 % 95.02 % 91.65 % 93.07 %
SPEEX 94.02 % 96.27 % 92.89 % 91.05 %
G.723.1 90.94 % 93.25 % 95.44 % 89.34 %
GSM 06.10 92.54 % 91.94 % 89.40 % 96.39 %
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5.3. Computational efficiency

The final test conducted was the measurement of the average speaker identification time
within a dataset of 10,000 voice models. The evaluated systems included the system from and
the decision-level data fusion method. Each variant was tested 100 times and the obtained time
measurements were averaged. The first ASR solution analyzed had an average speaker
identification time of 5.78 seconds. In contrast, when using the behavioral preselector, the
identification process required only 0.7 seconds. These results demonstrate that the decision-
level fusion solution processes a single voice sample more than eight times faster. This
significant reduction in processing time is due to the initial dataset of 10,000 voice models
being reduced by the behavioral classifier to the 1,000 nearest neighbors relative to the analyzed
(test) object. As a result, in the next stage, the module that uses physical features [1] compares
the test model with a ten times smaller set of training models. Figure 7 illustrates the comparison
of these results.

Type of tested ASR system

0.0 1.0 2.0 3.0 4.0 5.0 6.0 7.0
Time [s]

B ARMiA system Preselection method

Fig. 7. Average speaker identification times in a dataset of 10,000 voice models.

The more than eight-fold reduction in analysis time comes with only a slight increase in disk
storage size (for a dataset of 10,000 models), from approximately 32 to 34 MB. This change
results from the need to store, in addition to GMMs, a set of behavioral feature vectors from the
training data. However, significant improvement in speaker identification speed demonstrates
that the use of a behavioral feature-based preselector significantly improves the scalability of
the existing system [1].

5.4. Comparison with the literature

In Section 2, publications were cited in which the authors utilized different variants of the
LibriSpeech dataset. Unfortunately, a fully objective comparison of the discussed solutions is
not possible, as the speech signal datasets used are highly varied. Furthermore, authors do not
always provide complete details of the described experiments (e.g., the duration of training and
testing segments). Therefore, the Table 9 below presents speaker identification accuracy results
obtained under conditions as close as possible to those described in the cited publications. Due
to the lack of complete information provided in these works, we decided to use a training and
testing time combination that ensures the best operating conditions for our proposed solution.
This configuration was validated through the tests shown in the previous sections and described
in detail in [4].
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Table 9. Comparison of the developed system with the literature

Training time /| IR of the developed ASR IR of comparative | Literature

Dataset used . .
Testing time [s] system fusion systems reference

LibriSpeech train- clean- 100 100.00% — feature-level fusion 83.1% - GMM
(251 speakers: 125 women 40/20 99.60% - preselector 99.8% - DoenSpeaher 6]
and 126 men) U7 -p 8% - DeepSpeake

97.87% - 64 mel filter

LibriSpeech train-clean-100 0 . bank
(251 speakers: 125 women 40/20 100'0909/"68(26?1‘)‘;:;‘;;’305““0“ 95.25% - MFCC [7]
and 126 men) ' 97.31% -
SpeakerGAN
96.08% - MFSC +
Transformer
LibriSpeech train-clean-360 4020 98.59% — feature-level fusion | 95.89% - MFSC + [19]
(921 speakers) 98.48% - preselector BILSTM
95.04% - MFSC +
BIGRU

6. Conclusion

This article addresses the use of behavioral voice features in ASR systems. The authors
aimed to develop and implement a set of behavioral features in an existing ASR system [1] that
would increase the number of correct speaker identity identifications, particularly in the
presence of various types of noise.

By utilizing the publicly available LibriSpeech voice database, it was possible to compare
the developed solution with other ASR systems. However, this task is challenging due to the
lack of standardized comparison procedures. However, the authors attempted to replicate the
experimental conditions described in scientific publications as accurately as possible to ensure
the highest reliability of the results obtained. On the basis of these results, they can be
considered satisfactory, as a higher identification rate was achieved in all cases.

The results of experiments conducted on an expanded voice dataset, as well as in the
presence of external noise, indicate that the authors have developed a solution that can reduce
the impact of external noise on speaker identity recognition accuracy in ASR systems. The key
element proved to be the innovative data integration method, which leverages the advantages
of various sources of distinctive feature sets.

The developed ASR system still requires further refinement to meet the increasing
challenges faced by voice biometrics. With the rapid advancement of artificial intelligence, the
ability to fabricate voice samples (deepfake) and thus impersonate another person is becoming
increasingly easier.
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