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Abstract

This study compares the effectiveness of two approaches to speech emotion recogni-
tion for three affective states in Polish: sad, neutral, and happy. Both a set of acoustic
features—capturing prosodic, phonatory, temporal, spectral, and cepstral properties—and
representations learned by self-supervised models (wav2vec 2.0 and WavLM) were ana-
lyzed. Experiments were conducted on the nEMO corpus, comprising 2327 recordings from
nine speakers, using a rigorous leave-one-subject-out protocol to evaluate cross-speaker
generalization. In the feature-based approach, 107 acoustic features were used, and clas-
sification was performed with logistic regression and, additionally, SVM variants. In the
deep learning approach, the wav2vec2-base and WavLM-base models were fine-tuned for
the three-class task. The best results were achieved by the self-supervised models: WavLM
reached a global balanced accuracy of 0.727 and a macro-F1 score of 0.710, while wav2vec
2.0 achieved 0.722 and 0.695, respectively. Both outperformed the feature-based approach
(BAcc = 0.627, macro-F1 = 0.584). Confusion matrix analysis showed that the greatest
difficulty lies in distinguishing the neutral class from the sad and happy classes, whereas
sad and happy classes are more clearly separable. Feature utility analysis (SFS under
the LOSO protocol) indicated the significant role of cepstral features (MFCCs and their
derivatives), complemented by selected prosodic and temporal features. An additional
comparison of SVM classifiers suggested that the main limitation of this approach lies in
the signal representation itself rather than solely in the choice of classifier. Explainability
analyses of the deep models, using layer-wise probing and integrated gradients, showed
that affective information is best represented in intermediate layers, and that model de-
cisions rely on locally salient segments of the signal. Furthermore, a speaker adaptation
experiment demonstrated that personalization significantly improves classification perfor-
mance, highlighting the potential of such methods for long-term monitoring of affective
expression changes in the same individual.

Keywords: emotion recognition; wav2vec 2.0; WavLM; speaker-independent; LOSO
(leave-one-subject-out); acoustic features; mood monitoring

1. Introduction

Speech conveys not only linguistic information but also a range of acoustic
features—prosodic, phonatory, and spectral—that jointly shape the perception of emotional
expression [1,2]. Changes in emotional state may manifest simultaneously in fundamental

Signals 2026, 7, 69

https://doi.org/10.3390/signals7040069


https://crossmark.crossref.org/dialog?doi=10.3390/signals7040069&domain=pdf&date_stamp=2026-07-14
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/signals
https://www.mdpi.com
https://orcid.org/0000-0003-2856-7298
https://orcid.org/0000-0002-6557-836X
https://doi.org/10.3390/signals7040069

Signals 2026, 7, 69

2 of 34

frequency, intonation dynamics, phonation stability, temporal organization of speech, and
the distribution of energy across the acoustic spectrum [1]. In this study, emotion recogni-
tion is defined as the assignment of a speech signal to one of three labels: sad, neutral, or
happy. A key challenge in this type of research is separating emotional information from
speaker-specific characteristics. Models evaluated using simple random splits often achieve
inflated performance, as they learn patterns specific to individual speakers rather than gen-
eralizable properties related to emotional state [3,4]. For this reason, speaker-independent
evaluation is essential, as it allows one to determine whether a model truly recognizes
emotions rather than speaker identity or idiosyncratic speaking style [5].

The importance of such research extends beyond technological applications like voice-
based interfaces. The affective content of speech may also serve as an easily accessible,
low-invasive indicator of changes in mental state over time [6]. This is particularly relevant
in depressive disorders, where deterioration may be accompanied by reduced vocal energy,
narrower prosodic dynamics, increased monotony, and changes in voice quality. Therefore,
systems analyzing speech affect should primarily be viewed as tools supporting long-
term monitoring of mood and expressive changes, rather than as autonomous diagnostic
systems [7,8].

The literature includes numerous studies based on classical acoustic features, and
in recent years an increasing number of works have employed deep learning models
such as wav2vec 2.0 and WavLM [9,10]. However, studies combining three elements
simultaneously—Polish emotional speech data, rigorous speaker-independent evaluation,
and interpretable analysis of classical acoustic descriptors—remain relatively scarce [11].
This gap forms the direct motivation for the present work.

This study makes three main contributions. First, it presents a comparison of a classical
model, wav2vec 2.0, and WavLM on the Polish nEMO corpus using the LOSO protocol.
Second, it identifies acoustic features and feature groups that most strongly differentiate
the analyzed classes. Third, it examines how the distribution of acoustic features differs
between the three affective states, using an auxiliary LDA analysis to visualize whether the
classes form separable regions in the feature space. In other words, the study addresses
the problem of comparing classical and self-supervised approaches to recognizing three
affective states in Polish speech, with evaluation conducted under rigorous cross-speaker
generalization conditions.

2. Related Works

Contemporary research on speech emotion recognition (SER) has evolved along several
parallel directions: from classical approaches based on hand-crafted acoustic features,
through deep learning architectures operating on time—frequency representations, to self-
supervised learning (SSL) models that learn representations without requiring fully labeled
data [12-16]. The traditional line of work relied on descriptors such as fundamental
frequency (F0), jitter, shimmer, harmonic-to-noise ratio (HNR), signal energy, and mel-
frequency cepstral coefficients (MFCCs). Their standardization has been reinforced by
feature sets such as GeMAPS and tools like openSMILE [12].

A key advantage of classical representations lies in their physical interpretability. Indi-
vidual features can be directly linked to properties of the speech signal, such as intonation,
phonation stability, spectral structure and the energy pattern of the utterance [12]. However,
this approach is inherently limited, as it provides only a partial description of the signal,
constrained by a predefined set of descriptors. For this reason, classical features remain
an important baseline, but are increasingly complemented or replaced by automatically
learned representations [13,14].
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A major breakthrough in the field has come with self-supervised models. The wav2vec
2.0 model demonstrated that speech representations can be effectively learned by masking
segments of the signal and predicting their quantized latent counterparts in a contrastive
framework [13]. Building on this idea, WavLM extends self-supervised learning with
additional mechanisms, including denoising, and provides representations useful across a
wide range of speech processing tasks, including paralinguistic applications [14].

In SER applications, SSL-based representations have been shown to often outperform
classical acoustic features, particularly when training data are limited or when the task
requires stronger generalization [15,16]. Pepino et al. demonstrated that features derived
from wav2vec 2.0 provide a strong basis for emotion classification in speech [15]. Atmaja
and Sasou, in turn, conducted a comprehensive comparison of multiple self-supervised
representations and showed that models such as WavLM, HuBERT, and UniSpeech-SAT
can achieve highly competitive performance relative to classical descriptors [16]. At the
same time, more recent studies indicate that combining learned representations with
low-level acoustic features can further improve classification performance, suggesting
complementarity rather than strict competition between these approaches [10].

Despite these advances, the limited availability of labeled emotional speech remains
one of the major challenges in speech emotion recognition. Existing emotional speech
corpora are typically small, often imbalanced, and vary substantially in terms of language,
recording conditions, and speaker characteristics. These factors make the development of
robust deep learning models particularly challenging [17,18].

Recent review papers indicate that overcoming data scarcity requires not only data
augmentation, but also the use of transfer learning, self-supervised learning, contrastive
learning, domain adaptation, multimodal learning, and synthetic data generation. These
approaches have been shown to substantially improve model robustness and cross-speaker
generalization, and they have become the dominant strategies for training deep learning
models on limited emotional speech datasets [18-20].

In parallel, deep learning architectures based on spectrograms, attention mechanisms,
and multi-scale modeling have continued to evolve. In recent years, effective solutions
have been reported using CNN-LSTM-attention hybrids, transformer-based networks op-
erating on mel-spectrogram representations, multi-task learning models, and graph neural
networks [21-25]. Although these studies often report high performance on benchmark
datasets, their results should be interpreted with caution, as outcomes strongly depend on
the experimental protocol, dataset characteristics, and the degree of speaker separation
between training and test sets [16,26].

There is a growing emphasis in the literature on rigorous evaluation protocols for
SER models. It has been shown that data partitioning strategies can significantly influence
reported performance, and that speaker-independent scenarios are substantially more
challenging than speaker-dependent ones [26]. Consequently, protocols such as Leave-
One-Subject-Out (LOSO) are considered more reliable for assessing a model’s ability to
generalize to unseen speakers. Additionally, cross-corpus studies demonstrate that models
achieving high performance on a single dataset often degrade when transferred to different
datasets, languages, or recording conditions [9].

Another important research direction concerns model interpretability and the analysis
of what types of acoustic information are encoded in self-supervised representations. Stud-
ies show that SSL representations capture meaningful phonetic and acoustic information,
but that its distribution depends on the model layer and the task [27,28]. This suggests
that layer-wise analysis and attempts to relate learned representations to classical acoustic
features may lead to a deeper understanding of how emotional information is encoded in
speech signals.
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In the context of clinical applications, speech analysis is increasingly considered a
potential source of biomarkers for affective states, including depression. At the same time,
systematic reviews highlight substantial heterogeneity in methods, datasets, and validation
procedures, as well as the need to clearly distinguish emotion classification from diagnostic
inference [29]. In practice, this means that SER results may inform clinical applications but
should not be interpreted as a direct substitute for diagnosis.

For the Polish language, resources for emotional speech remain limited. The nEMO
dataset constitutes one of the few available sources of Polish emotional speech and thus
provides an important foundation for SER research in this language [30,31]. However,
there is still a lack of systematic studies that, under speaker-independent conditions,
compare classical acoustic features with SSL representations and evaluate their utility in
a methodologically rigorous manner. This gap provides a strong motivation for further
research in this area.

3. Aim of the Article

The aim of this paper is to systematically compare two different approaches to speech
emotion recognition in Polish for three affective states: sadness, happiness, and neutrality.
The first approach is based on hand-crafted acoustic features, while the second uses modern
deep learning models operating on raw audio representations, namely wav2vec 2.0 and
WavLM. The study does not aim to provide an exhaustive comparison of all neural network
architectures proposed for speech emotion recognition. Instead, it focuses on comparing a
representative classical feature-based approach with contemporary self-supervised learning
models under a rigorous speaker-independent evaluation protocol. Additional CNN mod-
els trained from scratch are included later in the study as complementary reference models.
Their purpose is to assess the contribution of learned speech representations relative to
network architecture alone, rather than to serve as the primary methods of comparison.

Figure 1 presents the overall experimental pipeline. The starting point is the nEMO
dataset, which contains Polish speech recordings annotated with three emotional classes.
In the first stage, standard signal preprocessing was applied (mono conversion, resampling,
and normalization) to ensure consistency of input data across all analyzed methods. Next,
the data were partitioned according to the LOSO protocol to ensure speaker-independent
evaluation [5,32,33]. Within the classical approach (left branch of the pipeline), a set of
acoustic features was extracted, including pitch, energy, jitter, shimmer, harmonic-to-noise
ratio (HNR), spectral features, and MFCCs [34]. These features were then statistically
aggregated (mean and standard deviation), yielding a fixed-dimensional feature vector
used as input to a logistic regression classifier [35,36].

In parallel (the middle and right branches in Figure 1), deep models wav2vec 2.0 and
WavLM were analyzed [37,38]. In both cases, the input is the raw speech waveform, and
the models rely on pretrained representations. For the three-class emotion classification
task, fine-tuning was applied by modifying the classification layer to produce predictions
for one of the three target classes.

In the final stage, all approaches were evaluated using the same performance metrics:
balanced accuracy (BAcc), overall accuracy (Accuracy), and macro-F1 score [39]. This set of
metrics enables reliable evaluation under potential class imbalance and allows for direct
comparison between classical and deep models within an identical experimental protocol.

From a conceptual perspective, the study addresses three main questions. First, under
the conditions of the nEMO corpus for Polish speech and the LOSO protocol, do deep
learning models truly outperform the classical approach? Second, which groups of classical
acoustic features contribute most to differentiating the analyzed affective classes? Third,
does incorporating a small number of recordings associated with known affective states for
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the same user significantly improve recognition performance, which would be relevant for

long-term monitoring of an individual?

nEMO dataset
sad, neutral, happiness

|

Preprocessing
mono, resampling, normalization

|

LOSO split
train: N-1 speakers,
test: held-out speaker

v

| l |

|
|
|
|
|
Feature extraction |
pitch, energy, jitter, shimmer, HNR,

spectral features, MFCCs wav2vec 2.0 WavLM I
Input: raw waveform Input: raw waveform !
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Fine-tuning (classification head) Fine-tuning (classification head) I
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Figure 1. Experimental setup.

The main contributions of the paper can be summarized as follows:

A comparison of a classical approach based on acoustic features and logistic re-
gression with two approaches based on wav2vec 2.0 and WavLM on the Pol-
ish nEMO corpus using the leave-one-subject-out protocol, enabling evaluation of
cross-speaker generalization.

Computation and analysis of a 107-dimensional representation of classical acoustic
features, linked to classification performance and interpretation.

Analysis of feature usefulness and stability using Sequence Forward Selection, identi-
fying the most relevant descriptors.

Inclusion of LDA analysis and feature space visualizations to interpret data structure
and the difficulty of the neutral class.

Extension of the analysis to include a comparison of different classifiers, disentangling
the effects of representation and decision model.

Complementary explainability analysis of deep models using layer-wise probing and
integrated gradients.

A speaker adaptation experiment demonstrating the potential of model personalization.
A comparison with CNN models trained from scratch, analyzing the impact of input
data representation and the advantages of self-supervised models.

4. Materials

The experiments were conducted on the Polish emotional speech corpus nEMO.

From the dataset, samples corresponding to three affective classes—sad, neutral, and
happy—were selected. As a result, the dataset comprised 2327 recordings from nine speak-
ers labeled EBO, I1C0O, KDO, KSO, MKO, MP0, SMO, TP0, and WR0. The nEMO corpus
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contains acted emotional speech in Polish, where speakers produce short, semantically
neutral sentences (lacking explicit emotional content), modulating only their affective
expression. The material includes utterances realized in different emotional states—sad,
neutral, and happy—while preserving identical linguistic content across emotions. The
class distribution is approximately balanced, reducing the risk of dominance by any single
category during training and justifying the use of balanced accuracy as the primary evalu-
ation metric. The average recording duration is 2.532 s (SD = 0.662 s), with a range from
0912 s to 5.459 s.

In the analyzed subset, most speakers exhibit full balance across emotional classes.
Speakers EBO, IC0, KDO, KS0, MKO, and TPO each contribute 90 utterances per class (sad,
neutral, happy), totaling 270 samples per speaker. Minor deviations occur in three cases. For
speaker SMO, the counts are 90 (sad), 90 (neutral), and 89 (happy), yielding 269 utterances.
Similarly, speaker WRO has 90 (sad), 89 (neutral), and 90 (happy), also totaling 269 samples.
The largest imbalance is observed for speaker MPO, with 49 (sad), 90 (neutral), and 30
(happy) utterances, for a total of 169 samples. The mean utterance duration per speaker
ranges from approximately 2.39 s (TP0) to 2.67 s (MP0), with standard deviations between
roughly 0.62 and 0.72 s.

At the data level, two limitations regarding generalization should be noted: the rela-
tively small number of speakers and the reliance on a single corpus. Table 1 summarizes the
characteristics of the analyzed dataset, including class counts, their percentage distribution,
and recording duration statistics (mean + standard deviation and range), indicating a
balanced distribution across the sad, neutral, and happy classes, as well as comparable
sample durations.

Table 1. Characteristics of the analyzed dataset.

Class Number of Recordings Percentage Average Duration + SD [s] Range [s]
sad 769 33.047 2.691 + 0.698 1.026-5.459
neutral 809 34.767 2.557 £ 0.641 0.912-4.642
happy 749 32.186 2.342 £+ 0.597 0.917-4.542
total 2327 100.000 2.532 £ 0.662 0.912-5.459
5. Methods

The study was conducted using three parallel approaches, while maintaining an
identical evaluation procedure. In the first approach, a set of acoustic features was extracted,
followed by classification using multiclass logistic regression. In the second approach, the
wav2vec 2.0 model was fine-tuned for a three-class affective state classification task, while
in the third approach, an analogous procedure was applied to the WavLM model.

For each LOSO split, the same sequence of steps was performed: one speaker was held
out as the test set, the remaining speakers formed the training pool, the model was trained
and then evaluated on the test set. Finally, results were averaged across all LOSO splits [33].
This design ensured experimental consistency and eliminated the risk of information
leakage between training and test data. The overall workflow of the study is presented
in this section, organizing the successive stages from data selection to the aggregation of
final results.

5.1. Emotion Recognition Using Acoustic Speech Features

In the classical approach, a two-stage representation of the speech signal was adopted.
In the first stage, the signal was analyzed in short time frames, enabling the capture of
its non-stationary properties [40]. In the second stage, statistics of these features were
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computed over the entire utterance, yielding a fixed-dimensional feature vector [21]. For
most descriptors, the mean and standard deviation were used, while for pitch-related
features the percentile-based range (P90-P10) was additionally included. This formulation
preserves both the typical level of a feature and its temporal variability. As a result,
107 acoustic features were extracted, describing prosodic, phonatory, temporal, spectral,
and cepstral properties [41].

The speech signal was converted to a monophonic form and analyzed at a sampling
rate of 24,000 Hz. Amplitude normalization to RMS = 0.100 was applied to reduce the
impact of loudness differences across recordings [42].

Pitch analysis was conducted using the parameters time_step = 0.010 s (analysis step),
pitch_floor = 75 Hz (lower bound of fundamental frequency estimation), and pitch_ceiling
=400 Hz (upper bound). Based on this, the mean fundamental frequency;, its variability,
and range were computed [43]. Voice quality measures such as jitter and shimmer quanti-
fied irregularities in the period and amplitude of vocal fold vibrations, respectively [44].
Harmonicity measures (the ratio of periodic to noise energy) were computed using the
To Harmonicity (cc) method (an autocorrelation-based algorithm available in Praat) with
parameters time_step = 0.010 s and minimum pitch = 75 Hz [44]. Additionally, long-term
average spectrum (LTAS) features were analyzed to capture the global energy distribution
across frequencies [45].

Spectral and cepstral features were computed using frames of 2048 samples with
a hop size of 512, based on the Fourier transform [46]. A set of 20 MFCC coefficients
describing the spectral envelope was extracted, along with their temporal derivatives (delta
MEFCC), representing spectral dynamics [47]. Additional features included RMS energy,
zero-crossing rate, spectral centroid (center of mass of the spectrum), spectral bandwidth
(energy dispersion around the centroid), spectral roll-off (frequency below which a specified
portion of spectral energy is contained), and spectral flatness (a measure of tonality versus
noisiness) [34].

Temporal features related to silence and utterance structure were computed using a
detection threshold of top_db = 30 (a relative threshold defining silence as segments at least
30 dB below the maximum signal level). Based on this, the pause ratio, mean and maximum
pause duration, and the number of silence segments were calculated. Additionally, the
rate of acoustic changes was analyzed using onset-related parameters (moments of sudden
energy increase), such as the number of events per second and statistics of inter-onset
intervals [48].

Feature selection was guided by complementarity and the ability to capture different
aspects of speech production. Spectral and cepstral descriptors constituted the largest
portion of the representation, while prosodic, phonatory, and temporal features played a
complementary role, enabling a more comprehensive, multidimensional description of the
signal. A detailed description of the acoustic features and their interpretation is provided
in Table 2. The acoustic feature dataset supporting this study has been deposited in Zenodo
and is available at: [https://doi.org/10.5281/zenodo.20065078]. The repository contains
107 acoustic features extracted from 2327 Polish speech utterances, together with metadata,
feature descriptions, speaker-level files, and utterance-level JSON records.

For the classical machine-learning classifiers, all acoustic features were standardized
prior to model training. In each LOSO fold, the StandardScaler was fitted exclusively on
the training speakers and subsequently applied to the held-out test speaker.

The resulting standardized feature matrix was then used to train the logistic regression
and SVM classifiers. Importantly, this feature-level standardization was independent of the
RMS normalization applied earlier to the audio signal before acoustic feature extraction.
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Table 2. Classification of the 107 classical features into groups and their interpretative significance.

Group of Features o?]l:le I:t]:er::s Descriptors Description
Duration 1 duration_s total duration of the speech
. fO_mean_hz, fO_std_hz, . . e
Pitch 3 f0_range._p90_p10_hz intonation level and variability
Voice qualit 4 jitter_local, shimmer_local, phonation stability and harmonic
q y hnr_mean_db, hnr_std_db component contribution
Pauses 4 pause_ratio, pause_mean_s, the proportion of silence and the
pause_max_s, n_pauses fragmentation of speech
) onset_rate_per_s, the rate of acoustic changes and
Rate 3 inter_onset_mean_s, the thvthm of speech
inter_onset_std_s Y p
Energy 2 rms_mean, rms_std the level and variability of energy
Voicing 2 zcr_mean, zcr_std ap prox1mate n01se-level and
signal tonality
spectral_centroid_mean_hz,
spectral_centroid_std_hz,
spectral_bandwidth_mean_hz,
Spectrum 8 spectral_bandwidth_std_hz, energy distribution and spectral
p spectral_rolloff_mean_hz, characteristics
spectral_rolloff_std_hz,
spectral_flatness_mean,
spectral_flatness_std
spectral_contrast_band1_mean,
spectral_contrast_band2_mean,
spectral_contrast_band3_mean,
spectral_contrast_band4_mean,
spectral_contrast_band5_mean,
spectral_contrast_band6_mean,
spectral_contrast_band7_mean, variation in energy between
Spectral contrast 14 spectral_contrast_band1_std, spectral bands
spectral_contrast_band2_std,
spectral_contrast_band3_std,
spectral_contrast_band4_std,
spectral_contrast_band5_std,
spectral_contrast_band6_std,
spectral_contrast_band7_std
LTAS 1 Itas_spectral_slope global slope of the long-term
spectrum
MFECC 40 range ‘mfccl_mean-mfcc20_mean’ the spectral envelope and its
and ‘mfccl_std-mfcc20_std’ variability
range .
Delta MFCC 25 ‘dmfccl_mean-dmfcc20_mean’ the temp orali};rrllarzslcs of cepstral
and ‘dmfccl_std-dmfcc5_std’ &
Total 107 full vector of classical features the input representation of the

used in LOSO experiments

classical model

In the classical approach, multiclass logistic regression [49] was used as the baseline

classifier. This choice was deliberate. First, a linear model provides a simple and well-

interpretable reference framework in which the influence of individual acoustic features on
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the classification outcome can be analyzed without interference from the complex structure
of more advanced models. Second, given the relatively small number of speakers and the
use of a rigorous speaker-independent evaluation scheme, linear models are less prone to
overfitting to specific individuals. Third, logistic regression facilitates the interpretation
of feature importance, as the contribution of individual descriptors can be directly linked
to the classifier’s decision. For these reasons, the linear model was treated as the most
appropriate baseline for analyzing the usefulness of classical features. Figures 2—4 present
the same utterance produced by a single speaker across three affective classes, illustrating
differences in pitch trajectories and the time—frequency structure of the signal as observed
in the spectrograms.

sad | EBO | utt 12

4000 450
3500 400
3000 350

£ 2500 300

3 £

2 2000 250 =

] 2

g 1500 200~

w
1000 150

500 100
0 50
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

Time [s]

Figure 2. Spectrogram of a sad utterance with pitch contour.

neutral | EBO | utt 12

4000 450
3500 400
3000 350

£ 2500 300

% z
€ 2000 250 =
g S
g 1500 200 &
w
1000 150
500 100
0 50
0.00 0.25 0.50 0.75 1.00 125 1.50 175
Time [s]
Figure 3. Spectrogram of a neutral utterance with pitch contour.
ha EBO | utt 12
4000 by | l 450
3500 400
3000 350
£ 2500 300
5 -
£ 2000 250 =
g =
8 1500 200~
[
1000 150
500 100
0 50
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 16

Time [s]

Figure 4. Spectrogram of a happy utterance with pitch contour.
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Classical features were classified using multiclass logistic regression [50]. The model
employed L2 regularization with a parameter C = 1.0, which controls the penalty imposed
on large weights and thus reduces the risk of overfitting. Optimization was performed
using the L-BFGS algorithm (a quasi-Newton method that approximates the Hessian
matrix), under the multinomial setting (i.e., direct modeling of the multi-class problem
within a single model, without decomposition into binary tasks).

Training was conducted with the maximum number of iterations set to 4000, ensuring
convergence of the solution. To guarantee reproducibility, the random_state parameter was
fixed at 1234, corresponding to the initialization of the random number generator.

5.2. Emotion Recognition Using the wav2vec 2.0 Model

To evaluate the performance of a deep learning approach, we employed an architecture
based on the wav2vec 2.0 base model, using the pretrained facebook/wav2vec2-base check-
point. The model was originally pretrained in a self-supervised manner on approximately
960 h of the LibriSpeech corpus and was fine-tuned in this study only for the emotion
classification task. The wav2vec 2.0 base model is one of the standard approaches to
self-supervised speech representation learning [50]. Because it is pretrained on large-scale
speech data, it can extract informative acoustic representations without manual feature
engineering, making it a suitable reference model for speech emotion classification. The
model was evaluated using the LOSO protocol.

A fixed random seed (random_state = 1234) was used to make the internal splits
reproducible. This is important because different random selections of validation recordings
may slightly change training dynamics and the epoch selected as best. Keeping the same
seed, together with unchanged hyperparameters across all folds, made the experimental
procedure consistent and repeatable.

The recordings were converted to a single-channel (mono) format, resampled to
16,000 Hz. The model architecture consisted of a pretrained feature extraction module,
followed by temporal pooling to obtain a single vector representation for each recording.
This was followed by a linear layer reducing the dimensionality to 256, a ReLU activation
function, a dropout mechanism with a rate of 0.200, and a final linear layer performing
classification into three classes.

During fine-tuning, a two-stage training strategy was applied. In the first stage, all
parameters of the pretrained component (both the feature extractor and the encoder) were
frozen, and only the parameters of the added classification layer (weights and bias) were
trained. In the second stage, the last three layers of the encoder, along with their correspond-
ing normalization layers, were unfrozen, allowing their parameters to be updated during
training, while the remaining layers remained frozen. This approach enabled gradual
adaptation of higher-level representations to the specific task, while preserving the general
properties of the pretrained model. The parameters of the applied wav2vec 2.0 model are
summarized in Table 3. The objective of this study was not to compare different pretrained
wav2vec variants but rather to evaluate a representative self-supervised speech model
against classical acoustic features under identical experimental conditions. Other pre-
trained variants, such as wav2vec2-large, XLS-R, or multilingual models trained on larger
and more diverse speech corpora, may provide improved cross-speaker or cross-lingual
representations and constitute an interesting direction for future work.
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Table 3. Parameters of the wav2vec 2.0 model used in this study.
Element Parameter Value
Base model architecture wav2vec2-base
Audio preparation sampling rate 16,000 Hz
Audio preparation maximum recording length 6.000 s
Classification head hidden layer dimension 256
Regularization dropout 0.200
Tuning unfrozen encoder layer 3
Learning learning rate of the head 1x1074
Learning core learning rate 1x1075
Learning weight_decay 1x107*
Learning maximum number of epochs 12
Learning patience 3
Learning stabilization max_norm 1.000

5.3. Emotion Recognition Using the WavLM Model

The second self-supervised variant was based on the WavLM-base model [51]. Signal
preprocessing followed the same pipeline as for wav2vec 2.0: conversion to mono, resam-
pling to 16,000 Hz, truncation to a maximum length of 6.0 s, and preparation of inputs with
sequence-length masking. The classification head (responsible for assigning each recording
to a class) remained unchanged.

During fine-tuning of the WavLM model, the last three encoder layers, the normaliza-
tion layers, and the feature projection layer were unfrozen to allow further training on the
analyzed data. The remaining optimization parameters were kept consistent with those
used for wav2vec 2.0 to enable a fair comparison between the two models under similar
conditions. Table 4 presents the parameters of the WavLM model used in this study.

Table 4. Parameters of the WavLM model used in this study.

Element Parameter Value
Base model architecture WavLM
Audio preparation sampling rate 16,000 Hz
Audio preparation maximum recording length 6.000 s
Classification head hidden layer dimension 256
Regularization dropout 0.200
Tuning unfrozen encoder layer 3
Tuning additionally unfrozen layers normalization and feature projection
Learning learning rate of the head 1x 1074
Learning core learning rate 1x107°
Learning weight_decay 1x 1074
Learning maximum number of epochs 12
Learning patience 3
Learning stabilization max_norm 1.000

5.4. Evaluation Metrics and Computational Environment

Model performance was evaluated using overall accuracy, balanced accuracy (BAcc),
macro-F1 score, and detailed per-class metrics, including sensitivity, specificity, and preci-
sion. This enabled a comprehensive assessment of classification effectiveness, particularly
under class imbalance conditions. Balanced accuracy was defined as the mean of per-class
sensitivities, reducing the impact of class size disparities and better reflecting the diffi-
culty of recognizing intermediate classes. Sensitivity was interpreted as the proportion
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of correctly identified instances of a given class, specificity as the proportion of correctly
rejected instances not belonging to that class, and precision as the proportion of correct
predictions among all instances assigned to a given class. Per-class metrics were computed
in a one-vs-rest manner based on confusion matrices aggregated across all LOSO runs.

Global metrics were calculated from all predictions aggregated over LOSO runs, while
fold-wise metrics were reported as the mean, standard deviation, median, and range
of BAcc across individual runs, in order to capture variability in generalization across
speakers. Experiments were conducted in an Anaconda environment (env_glos) using
Python 3.10.19, NumPy 1.26.4, pandas 2.3.3, scikit-learn 1.7.2, PyTorch 2.2.2, torchaudio
2.2.2,librosa 0.11.0, transformers 4.57.3, and parselmouth 0.4.7. Training of self-supervised
models was performed on an NVIDIA GeForce RTX 4070 SUPER GPU. The source code
implementing the speaker-independent speech emotion recognition experiments, including
the pipeline based on 107 classical acoustic descriptors with logistic regression and linear
SVM, as well as fine-tuning procedures for Wav2Vec2 and WavLM models under the leave-
one-speaker-out (LOSO) protocol, has been made publicly available on: [https:/ /github.
com/kolodzima/EmotionRecognitionUsingAcousticFeaturesand DeepLearning] (accessed
on 1 July 2026).

6. Results and Discussion

This chapter presents the results obtained for the analyzed methods of affective state
recognition and interprets them in terms of classification performance, the usefulness of
acoustic features, the structure of the feature space, the explainability of self-supervised
models, and their potential for adaptation to individual speakers.

6.1. Comparison of Emotion Recognition Methods

In the first step, the performance of three main approaches to affective state recognition
was compared, taking into account both global metrics and the stability of results across
individual LOSO runs. Table 5 presents a comparison of classification performance for the
considered models using selected quality metrics.

Table 5. Comparison of classification performance across models using selected evaluation metrics.

Model A(j:ﬁ?aacly Bélli)l;acaeld Nﬁl lc(:;.allil Avelgg:%ver Szavril:taif)crll Median BAcc
Accuracy LOSO Runs
Classic model 0.623 0.627 0.584 0.629 0.098 0.607
wav2vec 2.0 model 0.719 0.722 0.695 0.725 0.122 0.778
WavLM model 0.723 0.727 0.710 0.730 0.098 0.752

The classical model achieved a global accuracy of 0.623, a global balanced accuracy
of 0.627, and a global macro-F1 score of 0.584. The wav2vec 2.0 model reached a global
accuracy of 0.719, a BAcc of 0.722, and a macro-F1 of 0.695, while the WavLM model
achieved slightly higher results of 0.723, 0.727, and 0.710, respectively.

The results indicate a clear advantage of deep learning models over the classical
acoustic representation. The improvement in balanced accuracy relative to the classical
model is not marginal, suggesting that representations learned directly from the signal
better preserve information relevant for cross-speaker generalization. Figure 5 illustrates a
comparison of the global values of the analyzed metrics for the individual models.
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Figure 5. Comparison of models in terms of balanced accuracy and macro-F1 score.

To assess whether the models differ significantly in their performance, the Friedman
test was applied (x*> = 10.467; p = 0.015). This result indicates that, overall, the models
are not equivalent, i.e., at least one of them achieves significantly different results. Since
the Friedman test does not identify which specific models differ, additional pairwise
comparisons were conducted using the Wilcoxon signed-rank test with Holm correction
for multiple comparisons. This analysis did not reveal statistically significant differences
between specific pairs of models [52,53]. In particular, the difference between WavLM and
wav2vec 2.0 was not statistically significant (p = 0.820). This means that WavLM should be
interpreted as the variant with the highest average performance, but not as a model that is
unequivocally superior to wav2vec 2.0 in a statistical sense. It should also be noted that,
due to the small number of folds (n = 9), the statistical power of these tests remains limited.

At the level of individual speakers, considerable variability in classification accuracy
was observed, confirming that the challenge of inter-speaker generalization persists even
when using more powerful representations.

Table 6 presents a comparison of classification performance across individual speakers
using the balanced accuracy (BAcc) metric for three approaches: the classical model and two
self-supervised models (wav2vec 2.0 and WavLM). Overall, deep learning models achieve
higher BAcc values than the classical model for most speakers, indicating the advantage of
representations learned from large-scale data. The highest score in the entire comparison
was obtained for speaker EBO using wav2vec 2.0 (0.867), while very high performance was
also observed for KSO with WavLM (0.856). High BAcc values are likewise evident for
TP0 and MPQ, particularly in the self-supervised variants. The classical model achieves
relatively competitive results only for selected speakers, notably KS0 (0.789) and TP0 (0.774),
where the differences compared to deep models are small. In other cases, its performance
is clearly lower, with the weakest results observed for WRO (0.509) and SMO (0.519).

Among the self-supervised models, wav2vec 2.0 more frequently attains the highest
BAcc values, although this is not consistent across all speakers. WavLM outperforms
wav2vec 2.0 for certain speakers, including KDO (0.707 vs. 0.652) and KSO0 (0.856 vs. 0.785),
suggesting that its architecture may generalize better in specific cases.
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Table 6. Comparison of classification performance across models using the BAcc metric.

Speaker Classic Model wav2vec 2.0 WavLM
EBO 0.607 0.867 0.789
ICO 0.607 0.463 0.511
KDO 0.593 0.652 0.707
KSO 0.789 0.785 0.856

MKO 0.596 0.644 0.689
MPO0 0.662 0.801 0.798
SMO 0.519 0.729 0.706
TPO 0.774 0.807 0.763
WRO 0.509 0.778 0.752

The lowest performance among the self-supervised models is observed for speaker
ICO, where wav2vec 2.0 achieves only 0.463 and WavLM 0.511—both lower than the
classical model (0.607). This highlights substantial inter-speaker variability and suggests
that deep models may be sensitive to speaker-specific data characteristics. No detailed
phonetic or voice-quality analysis was performed for individual speakers. Therefore, the
lower performance observed for speaker ICO cannot be attributed to any specific vocal
characteristic and may instead reflect natural inter-speaker variability or differences in the
acoustic realization of emotional expressions.

In summary, the results demonstrate a clear advantage of self-supervised models in
most cases, while also revealing significant variability across speakers and no consistent
dominance of a single deep model under all conditions. Figures 6-8 present the confusion
matrices, facilitating direct analysis of misclassification patterns between classes.

The confusion matrices confirm that the primary challenge lies in distinguishing the
neutral class from the sad or happy classes. In the classical model, neutral was confused
with both sad and happy in a nearly symmetrical manner, reflecting its intermediate
position in the feature space.
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Figure 6. Confusion matrix for the classical approach.
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Figure 7. Confusion matrix for the wav2vec 2.0 model.
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Figure 8. Confusion matrix for the WavLM model.

Self-supervised models significantly reduced these misclassifications, although they
did not eliminate them entirely. In particular, the WavLM variant exhibits a clear asymmetry:
the happy class is still relatively often confused with neutral, whereas sadness is almost
never confused with happiness.

Table 7 presents a detailed analysis of classification performance across emotional
classes, considering three metrics: sensitivity, specificity, and precision. For the classical
model, the highest performance is observed for the sad and happy classes, with sensitivities
of 0.732 and 0.746, respectively. At the same time, the neutral class is clearly more difficult
to recognize, as reflected by its low sensitivity (0.404) and moderate precision (0.512). This
indicates a tendency of the model to frequently miss or misclassify neutral states.

Table 7. Per-class sensitivity, specificity, and precision for the evaluated recognition methods.

Model Class Sensitivity Specificity Precision
Classic model sad 0.732 0.839 0.692
Classic model neutral 0.404 0.795 0.512
Classic model happy 0.746 0.800 0.640

wav2vec 2.0 sad 0.797 0.862 0.740
wav2vec 2.0 neutral 0.626 0.787 0.610
wav2vec 2.0 happy 0.740 0.927 0.828
WavLM sad 0.810 0.907 0.811
WavLM neutral 0.684 0.750 0.593
WavLM happy 0.676 0.923 0.807

Self-supervised models show an overall improvement over the classical approach,
particularly for the neutral class. For wav2vec 2.0, its sensitivity increases to 0.626, and
for WavLM to 0.684, suggesting a better ability to capture subtle characteristics of neutral
speech. At the same time, both models maintain high performance for the sad class,
reaching sensitivities of 0.797 (wav2vec 2.0) and 0.810 (WavLM). The highest precision for
the happy class is achieved by wav2vec 2.0 (0.828), along with very high specificity (0.927),
indicating strong separation of this class from the others. WavLM achieves comparable
specificity (0.923) and high precision (0.807), but with lower sensitivity (0.676), meaning
that more instances of this class are missed. WavLM stands out with the highest specificity
for the sad class (0.907) and the highest precision (0.811), indicating stable identification of
this emotion. In contrast, wav2vec 2.0 provides more balanced performance across classes,
particularly for happiness.

In summary, self-supervised models outperform the classical model across most
evaluated metrics, with the most notable improvement observed for the neutral class. At
the same time, a trade-off between sensitivity and precision is evident depending on the
model and class, reflecting differences in the types of errors made by each approach.
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6.2. Usefulness of Classical Acoustic Features in Speaker-Independent Conditions

To determine which classical acoustic descriptors carry stable affective information
under cross-speaker generalization conditions, a feature selection analysis was conducted
using a LOSO scheme. A multiclass logistic regression model with prior standardization
was used as the evaluation model, allowing the usefulness of the features themselves
to be assessed with minimal influence from classifier complexity. Feature selection was
performed using Sequential Forward Selection (SFS).

Applying feature selection led to a slight improvement in performance (BAcc from
0.627 to 0.633), while reducing the number of features to an average of 15.3 (median:
16). This result indicates redundancy in the full representation and the existence of a
more informative subset of descriptors, although the selection process itself does not
fundamentally alter the nature of the classical model.

A key outcome of the analysis was the stability of feature selection. While no identical
set of descriptors appeared across all LOSO runs, a consistent core of features emerged,
selected independently of the specific training data composition. The most stable feature
was spectral_flatness_mean (9/9 folds), while high selection frequencies were also observed
for mfcc9_mean (7/9), f0_mean_hz (6/9), and inter_onset_std_s, mfcc17_std, and mfcc19_mean
(each5/9). A summary of the most frequently selected features is provided in Table 8. These
findings indicate that affective information is primarily encoded in the spectral-cepstral
structure of the signal, represented by MFCCs and their variability, while prosodic and
temporal features play a complementary role. In particular, spectral_flatness_mean proved
especially important, suggesting the relevance of the balance between tonal and noise
components of the signal [54].

Table 8. Most frequently selected features in the nested SFS procedure.

Feature Number of Runs Frequency
spectral_flatness_mean 9 1.000
mfcc9_mean 7 0.778
fO_mean_hz 6 0.667
inter_onset_std_s 5 0.556
mfccl7_std 5 0.556
mfccl9_mean 5 0.556
mfcc2_std 4 0.444
pause_ratio 4 0.444
spectral_bandwidth_std_hz 4 0.444

In summary, classical acoustic features do contain useful affective information; how-
ever, it is concentrated within a limited and relatively stable subset of descriptors. Feature
selection improves the interpretability of the representation but does not lead to a substan-
tial change in model performance.

To provide a more detailed illustration of the properties of the selected features, the
spectral_flatness_mean descriptor was analyzed. This feature, which characterizes the noisi-
ness of the signal spectrum, demonstrated high stability and consistency across emotional
states in the conducted experiments. Lower values of this feature correspond to signals
with a more structured, harmonic spectral composition, while higher values indicate a
flatter, more noise-like spectrum. As such, it serves as a useful indicator of subtle changes
in the spectral organization of speech signals.

The analysis was performed on a dataset of 735 complete triplets of recordings, in
which the same speaker produced the same utterance in three emotional states: sad, neutral,
and happy. The results revealed a clear, monotonic decreasing trend in spectral_flatness_mean
values from sadness to happiness (Figure 9). The mean values were 0.2723 for sad, 0.2601
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for neutral, and 0.2415 for happy. This indicates that as emotional valence becomes more
positive, the signal spectrum becomes, on average, less noise-like and more tonal, which
can be interpreted as an increase in the regularity of its harmonic structure.

n = 735 same-utterance triplets
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Figure 9. Trend of spectral_flatness_mean across the three emotional states.

The observed relationship was consistent and not attributable to random variability
across recordings. In 640 out of 735 cases (87.1%), the value of spectral_flatness_mean for
happiness was lower than for sadness. Additionally, in 339 cases, a fully monotonic
pattern (sad > neutral > happy) was observed, indicating that, in a substantial portion
of the data, this transition occurs in an orderly manner even when the intermediate state
is considered. Importantly, this effect was present for all analyzed speakers, with the
proportion of consistent cases at the individual level ranging from 65.6% to 98.9% (mean:
87.7%), confirming its cross-speaker stability.

Differences in spectral_flatness_mean across the three emotional states (sad, neutral,
happy) were also confirmed statistically. The Friedman test for dependent samples showed
a significant global effect (p < 0.001), while post hoc pairwise comparisons (Wilcoxon
signed-rank test and paired f-test) revealed significant differences for all emotion pairs.
This indicates that the observed decreasing trend is not random but represents a systematic
property of the data.

6.3. LDA Analysis and Feature Space Visualization

Linear Discriminant Analysis (LDA) was used as an interpretative tool rather than
as a primary classification method [55]. Its purpose was to examine whether reducing
the 107-dimensional feature space to two discriminant axes would preserve a clear class
structure and whether such a visualization could help explain the misclassification patterns
observed in the classification models. A simpler visualization based on two strongly
discriminative classical features is shown in Figure 10, while the LDA-based projection is
presented in Figure 11.
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Figure 10. Two-dimensional visualization based on two features: mfcc7_mean and mfcc3_mean.
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Figure 11. LDA projection for the three emotional classes.

In the analyzed task, the first LDA axis explained 0.836 of the discriminative variance,
and the second 0.164. This indicates that most of the class separation can be described
by a single dominant direction, although a complete representation requires at least two
dimensions. As shown in Figure 11, the sad and happy samples are positioned more
toward opposite extremes, while neutral occupies an intermediate region and partially
overlaps with both classes. This observation is consistent with the confusion matrix results
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and confirms that the main challenge of the task lies not in distinguishing the emotional
extremes, but in reliably isolating the intermediate region.

The two-dimensional visualization based solely on two features, shown in Figure 10,
leads to a very similar conclusion, although in a less geometrically structured manner. The
pair mfcc7_mean and mfcc3_mean already allows for relatively good separation between sad
and happy classes, but the clusters corresponding to the neutral class still overlap with
both extremes. This indicates that even simple two-dimensional projections capture the
core difficulty of the task: the extreme classes differ clearly in acoustic terms, whereas
neutral represents a transitional region that cannot be easily separated by a single decision
boundary. The comparison of Figures 10 and 11 is methodologically important. Figure 10
shows that part of the class structure is already present in individual, well-chosen cepstral
descriptors, while Figure 11 reveals that a more complete picture emerges only when the
full multidimensional feature space is considered. In practice, this means that classical
features are interpretable and help explain the sources of separation, but their usefulness
increases when they are analyzed jointly rather than in isolation.

However, the interpretative usefulness of LDA did not translate into improved classi-
fication performance. In the LDA + logistic regression variant, a global balanced accuracy
of 0.612 and a macro-F1 score of 0.564 were obtained—both lower than the results achieved
using the full classical feature space without dimensionality reduction. This indicates
that while LDA effectively organizes the data for visualization purposes, reducing the
representation to two axes leads to a loss of information relevant for classification. From the
perspective of this study, this is an important methodological finding: LDA is a valuable
tool for interpreting and presenting data structure, but it does not replace the full feature
representation in the task of affective state recognition.

To determine whether the lower performance of the classical approach stems primarily
from limitations of the feature representation itself or rather from the linearity of the
classifier, an additional analysis was conducted under the same LOSO protocol using
several variants of support vector machines (SVMs). The evaluated models included a linear
SVM, an SVM with a radial basis function (RBF) kernel, as well as second- and third-degree
polynomial variants [56]. For each LOSO run, hyperparameters were tuned exclusively on
the training speakers using internal GroupKFold validation, and standardization was fitted
only on the training data. This ensured that the comparison followed the same rigorous
speaker-independent protocol as the main part of the study.

The results, summarized in Table 9, show that none of the tested SVM variants im-
proved upon the classification performance achieved by logistic regression. The best-
performing SVM was the linear variant, yet its global balanced accuracy remained lower
than that of the logistic model. Nonlinear variants not only failed to close the gap to the
self-supervised models, but in most cases led to further decreases in BAcc and macro-F1,
as well as greater variability across LOSO runs. This suggests that, within the analyzed
107-dimensional classical feature space, more complex decision boundaries do not compen-
sate for the limitations of the representation itself.

This finding has important implications for the overall interpretation of the study.
The additional analysis indicates that the advantage of wav2vec 2.0 and WavLM over the
classical approach is not merely due to the use of an overly simple linear classifier. If
even more flexible decision boundaries do not improve performance, the most plausible
limitation lies in the feature representation itself. In other words, self-supervised models
gain their advantage not only from classification, but primarily from a richer and more
generalizable representation of the signal.
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Table 9. Additional comparison of classifiers for the 107 classical features.
i Global Balanced Global BAcc: Average over Standard

Classifier Accuracy Accuracy Global Macro-F1 LOSO Runs Deviation: BAcc

Logistic 0.623 0.627 0.584 0.629 0.098
regression

Linear SVM 0.609 0.615 0.575 0.616 0.103
Quadratic SVM 0.568 0.578 0.518 0.583 0.139
Cubic SVM 0.577 0.584 0.523 0.589 0.169

At the same time, this analysis does not imply that all possible classification variants
for classical features have been exhausted. While a representative set of linear and nonlinear
classifiers was evaluated, ensemble methods and more advanced tabular deep learning
architectures were not considered. Nevertheless, these additional results reinforce the main
conclusion of the study: the difference between the classical approach and deep models is
primarily representational rather than purely due to the choice of classifier.

6.4. Deep Learning Models and the Issue of Explainability

The results obtained with wav2vec 2.0 and WavLM indicate that the advantage of
self-supervised learning becomes most apparent in areas where the classical approach
reaches the limits of interpretable, hand-crafted descriptors. Both models improved
the recognition of the neutral class, i.e., the region of the emotional space that was
most ambiguous for the classical model. This suggests that self-supervised models
leverage information distributed simultaneously across time, spectral structure, and
articulatory—prosodic dynamics—information that cannot be easily captured by a small set
of global statistical features.

At the same time, higher performance does not automatically imply better explain-
ability. In the classical approach, it is possible to directly identify which features drive
class separation and relate them to phonetic intuition, such as higher or more variable
FO, changes in the spectral envelope, phonation stability, or the proportion of harmonic
components. In wav2vec 2.0 and WavLM, such interpretation is no longer straightforward,
as the input representation is formed within a deep architecture and does not have a simple
correspondence to individual acoustic descriptors.

For this reason, the explainability of self-supervised models was analyzed using two
indirect methods. The first involved so-called layer-wise probing, where representations
from each layer of the model were extracted and evaluated in terms of how well a simple
linear classifier could decode affective information from them [57]. The results of this
analysis are shown in Figure 12.

In both models, the earliest layers performed the worst, while the highest balanced
accuracy and macro-F1 values were observed in the middle layers, around layer 6. For
wav2vec 2.0, the best-performing layer achieved a mean BAcc of 0.779, and for WavLM,
0.807. This indicates that the information most relevant for affective state recognition is
not concentrated at the input level or solely in the final layer, but emerges most clearly in
intermediate representations.

Importantly, not only is the peak of the curve in Figure 12 relevant, but also its overall
shape. In both models, the improvement in performance from the early to the middle layers
is clear and systematic, suggesting a gradual transition from representations closely tied
to local acoustic structure toward representations that are more informative for affective
content. Beyond this point, the curves flatten or slightly decline, which can be interpreted
as an indication that higher layers become increasingly task-specific and less suitable for
simple linear decoding of emotions. WavLM exhibits a slightly higher and more stable
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profile in this regard than wav2vec 2.0; however, this difference is quantitative rather
than qualitative.

Balanced Accuracy (BAcc)

=@ wav2vec 2.0
=@ \NavLM

Score

045 0 1 2 3 4 5 6 7 8 9 10 1 12

Layer index

Figure 12. Layer-wise probing results: balanced accuracy (BAcc) as a function of layer index for
wav2vec 2.0 and WavLM.

The second analysis was local in nature and relied on the Integrated Gradients method,
which makes it possible to estimate which parts of the signal most strongly influenced
the model’s decision for a given sample. This method is based on analyzing the gradient
of the model output with respect to the input, indicating how changes in the signal at a
given point affect the classification result [58]. Instead of computing gradients for a single
input, Integrated Gradients averages them along a continuous path from a reference signal
(e.g., silence) to the actual recording, providing a more stable and reliable estimate of the
contribution of individual signal segments. For qualitative analysis, Integrated Gradients
was used to identify the segments of the speech signal with the greatest influence on classi-
fication outcomes. The method assigns each segment a contribution score by integrating
gradients along the path from a baseline signal to the input recording. Figures 13-15 present
three representative examples corresponding to the sad, neutral, and happy emotions. In
each case, the same input signal was analyzed using two self-supervised models: WavLM
and wav2vec 2.0. The upper panel corresponds to WavLM, and the lower panel to wav2vec
2.0. The gray curve represents the normalized acoustic waveform, while the colored overlay
shows the distribution of Integrated Gradients values, interpreted as the relative contribu-
tion of different temporal segments to the model’s decision. Regions labeled T1, T2, and T3
indicate the three most influential segments for a given sample and model.

The visualizations show that both models do not rely uniformly on the entire utterance
but instead focus on selected segments with high diagnostic value. For the sad emotion,
both models highlight similar key regions, particularly in the early and middle parts of
the recording, suggesting agreement on the most relevant acoustic cues. For neutral, the
alignment of the most important regions is also high, indicating stable and consistent recog-
nition by both models. For happiness, a similar concentration of attribution is observed in
the central part of the signal, although slight differences appear in the location of the third

https://doi.org/10.3390/signals7040069


https://doi.org/10.3390/signals7040069

Signals 2026, 7, 69

22 of 34

most important region, which may reflect differences in how later parts of the utterance
are weighted.
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Figure 13. Integrated Gradients for the sad emotion (WavLM: top panel; wav2vec 2.0: bottom panel).
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Figure 14. Integrated Gradients for the neutral emotion (WavLM: top panel; wav2vec 2.0: bot-
tom panel).
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tom panel).

https://doi.org/10.3390/signals7040069


https://doi.org/10.3390/signals7040069

Signals 2026, 7, 69

23 of 34

Opverall, the comparison suggests that WavLM and wav2vec 2.0 rely on partially over-
lapping temporal segments as carriers of emotional information, confirming that certain
prosodic and energy-related features are consistently identified as diagnostic. At the same
time, the attribution profiles are not identical, indicating differences in how the models
distribute attention across the signal. In particular, WavLM tends to assign greater impor-
tance to temporally extended regions, whereas wav2vec 2.0 sometimes emphasizes more
localized peaks. These findings suggest that both models achieve correct classification
based on partially similar, but not identical, affective representations, and that interpretabil-
ity analysis provides additional insight into how emotional information is encoded in
self-supervised models.

This form of explainability is functional rather than semantic. It does not allow one
to conclude that a specific hidden unit corresponds, for example, to pitch or HNR, but
it does make it possible to identify at which stage of the network affective information
becomes most linearly accessible, as well as which segments of the signal contribute to the
classification decision. When this observation is combined with classical feature analysis,
the overall picture remains consistent: self-supervised models do not contradict the acoustic
interpretation derived from MFCCs, delta MFCCs, pitch, and voice quality features, but
rather extend it by capturing richer time—frequency patterns.

From the perspective of practical applications, the most important finding is that self-
supervised models distinguish the neutral class from the extreme classes more effectively
than the classical approach. In depression monitoring, the key value does not lie in
assigning a single label to an individual recording, but in tracking changes in affective
expression over time. If, for a given individual, the proportion of utterances resembling
sad increases, intonational dynamics decrease, or the range of affective expression narrows,
this may serve as an additional signal supporting the assessment of mood deterioration.
This highlights the practical relevance of research on speech affect: it provides a foundation
for developing tools that support longitudinal monitoring, rather than merely performing
one-off emotion classification.

6.5. Speaker-Specific Adaptation and Its Impact on Classification Performance

An additional experiment on speaker-specific adaptation was conducted to assess
whether, after obtaining a limited number of labeled recordings from an end user, it is
possible to significantly improve affective state recognition for that individual [59]. This sce-
nario does not replace rigorous speaker-independent evaluation but reflects an important
practical application. In long-term monitoring, a system may begin with a short calibra-
tion session and subsequently compare incoming recordings against an individualized
vocal profile.

The experiment was performed for all speakers in the corpus. For each speaker,
approximately half of the recordings from each class were assigned to the adaptation set,
while the remaining samples were used as the final test set, resulting in an approximate
50/50 split within each class. In practice, the number of samples varied across speakers, so
the split was adjusted to maintain as balanced a division as possible between adaptation
and test data.

In the classical approach, the adaptation data were simply added to the training set.
For wav2vec 2.0 and WavLM, the checkpoint obtained from the corresponding LOSO
run was used, followed by brief additional fine-tuning exclusively on the adaptation
recordings of the given speaker. This setup should be interpreted as a LOSO-based protocol
extended with a speaker adaptation stage, rather than as an alternative to a purely speaker-
independent evaluation.
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In the table and figures presented in this section, the original LOSO results are used as
the reference point, rather than the results obtained on the test subset prior to adaptation.
This approach allows for a direct assessment of the performance gain resulting from
personalization relative to a fully speaker-independent setting. It should be noted, however,
that this comparison involves two different evaluation scenarios: a global LOSO baseline
and results obtained after adaptation, where the model is additionally fine-tuned for each
speaker using their adaptation data and then evaluated on the remaining recordings of
that same individual. Therefore, this comparison should be interpreted as an illustration of
the potential benefits of personalization, rather than a strict comparison of two identical
experimental procedures.

Table 10 and Figure 16 present the balanced accuracy in two settings: the original
LOSO scheme and a model adaptation setting using a portion of data from the target
speaker. In the latter case, approximately 50% of the recordings from each class were
used for fine-tuning, while the remaining samples served as an independent test set. This
visualization facilitates interpretation by showing the absolute performance levels in both
scenarios. In this experiment, improvements were observed across all model families,
although their magnitude varied.

Table 10. Comparison of the original LOSO results with those obtained after bidirectional
speaker adaptation.

Model BAcc in BAcc After Delta BAcc Macro-F1 in Macro-F1 After
Original LOSO  Adaptation Original LOSO Adaptation

Logistic regression 0.627 0.831 0.204 0.584 0.827
LDA + Logistic regression 0.612 0.815 0.203 0.564 0.810
Linear SVM 0.615 0.824 0.209 0.575 0.821
Quadratic SVM 0.578 0.895 0.317 0.518 0.894
Cubic SVM 0.584 0.902 0.318 0.523 0.898
SVM RBF 0.569 0.903 0.334 0.505 0.900
wav2vec 2.0 0.722 0.899 0.177 0.695 0.901
WavLM 0.727 0.855 0.128 0.710 0.859

Balanced accuracy: original LOSO and after speaker adaptation
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Figure 16. Comparison of BAcc in the original LOSO setting and after bidirectional
speaker adaptation.
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The largest average gains in BAcc were achieved by nonlinear SVM variants (from
+0.317 to +0.334). This demonstrates that classical acoustic descriptors become substantially
more effective when the system can tailor decision boundaries to an individual speaker’s
vocal profile. Among self-supervised models, the average improvement was +0.177 for
wav2vec 2.0 and +0.128 for WavLM. Thus, deep models maintain an advantage already at
the baseline LOSO level, but they also benefit from personalization. In other words, in the
speaker-adapted setting, the gain is not driven solely by the quality of the representation,
but also by its alignment with speaker-specific characteristics. This finding is particularly
relevant for applications involving longitudinal monitoring of an individual’s emotional
state. In practice, a more realistic scenario than one-off, fully speaker-independent clas-
sification is one in which a reference database is available for a given user, collected at
different time points—for example, during earlier assessments or periods of relative sta-
bility. The system can then not only classify the current affective state but also detect
deviations from the individual’s vocal profile. The results suggest that such a personal-
ized approach may increase sensitivity to subtle temporal changes and thereby support
long-term mood monitoring.

At the same time, caution is required in interpreting these findings. Speaker adaptation
does not replace speaker-independent evaluation and does not imply that affect recognition
has become an easy problem in general. Rather, it shows that once some user-specific
data are available, the decision space becomes significantly more stable. Therefore, this
experiment is best viewed as a translational result: it strengthens the argument that speech-
based affect analysis may be particularly useful for monitoring the same individual over
time, rather than solely for one-off, population-level emotion recognition.

6.6. Additional Comparison Using CNN Models

To extend the main comparative analysis, a group of neural models trained from
scratch was included, serving as an intermediate point between classical acoustic features
and large self-supervised models. This experimental design had important methodological
implications, as it enabled several key questions to be addressed simultaneously. First,
whether a relatively lightweight end-to-end model can serve as a reliable baseline for speech
emotion recognition. Second, whether the choice of input representation significantly affects
the performance of models trained from scratch. Third, how large the performance gap
remains between such models and self-supervised learning approaches when stronger
neural baselines are considered.

Three deep learning variants were evaluated: a CNN operating on log-Mel spectro-
grams, a CNN using STFT spectrograms, and a temporal model (Time CNN) operating
directly on the waveform [60]. All CNN models were trained and evaluated using the
same LOSO protocol. Additionally, 12% of the training data was set aside as a validation
set using class-stratified sampling. Model selection was based on validation performance
rather than test results.

All recordings underwent identical preprocessing. Audio signals were converted to
mono, resampled to 16 kHz. Longer recordings were truncated, while shorter ones were
zero-padded to a fixed length of 64,000 samples. Each signal was normalized with respect
to its maximum absolute amplitude. Using a fixed input length simplified training and
batching, while ensuring a consistent input format.

Balanced accuracy was used as the primary evaluation metric due to class imbalance.
Standard accuracy can be dominated by more frequent classes, whereas balanced accuracy
treats all classes equally by averaging per-class sensitivities. Accuracy and macro-F1 were
also reported, but balanced accuracy served as the main comparison criterion.
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The log-Mel CNN model used logarithmic Mel spectrograms as input, representing the
time—frequency energy distribution while incorporating perceptual properties of human
hearing. A Fourier transform of length 1024 was applied, determining frequency resolution.
The analysis window length was 960 samples, providing a balance between time and
frequency resolution, with a hop size of 240 samples controlling temporal sampling density.
The spectrum was projected onto 64 Mel bands within the 20-8000 Hz range. Logarithmic
scaling provided dynamic range compression, stabilizing training. The representation was
further converted to decibel scale (top_db = 80) and normalized to the [0, 1] range. The
architecture consisted of four 2D convolutional blocks with increasing channel sizes: 24, 48,
96, and 128. Each block included 3 x 3 convolutions, BatchNorm2D, and ReL.U activation,
with MaxPool2D and Dropout2D applied in the first three blocks.

At the output stage, the feature maps produced by the final convolutional block were
transformed into a compact recording-level representation using two parallel adaptive
global pooling operations: AdaptiveAvgPool2D (1,1) and AdaptiveMaxPool2D (1,1). Both
operations reduced each feature map to a single scalar value, independently of its original
time-frequency dimensions. Adaptive average pooling computed the mean activation
across the entire feature map, capturing the overall presence of a learned acoustic pattern,
whereas adaptive max pooling preserved the strongest activation corresponding to the
most salient occurrence of that pattern. Consequently, the model retained both global and
peak activation information from each learned feature map. The outputs of the average
and max pooling operations were concatenated, resulting in a 256-dimensional feature
vector. This representation was subsequently passed to a fully connected classifier with the
structure 256 — 128 — 3. The first linear layer reduced the feature dimensionality from 256
to 128 units and was followed by ReLU activation and dropout with a probability of 0.35 to
reduce overfitting. The final linear layer mapped the 128-dimensional representation to the
three target emotion classes.

The model was trained for 14 epochs using the AdamW optimizer with a learning rate
of 8 x 10~* and weight decay of 10~*. Weighted CrossEntropyLoss was applied to com-
pensate for class imbalance, while label smoothing with a factor of 0.05 was used to reduce
overconfident predictions. During training, SpecAugment was additionally employed by
masking selected temporal and frequency regions of the spectrograms, encouraging the
network to learn more robust and generalized acoustic representations.

The STFT CNN differed only in its input representation. It used STFT spectrograms
computed with a 512-point Fourier transform, a window length of 400 samples, and a
hop size of 160 samples [61]. The spectrum was represented in terms of power (squared
magnitude), followed by logarithmic transformation and normalization. This resulted in
257 linearly spaced frequency bins. The architecture was kept as similar as possible to
the log-Mel CNN to isolate the effect of input representation. The model was trained for
12 epochs using AdamW and a weighted CrossEntropyLoss to account for class imbal-
ance. Label smoothing of 0.05 was applied to reduce overconfident predictions, while a
ReduceLROnPlateau scheduler automatically lowered the learning rate when validation
performance stopped improving. Time-domain augmentation was used during training to
improve robustness to variations in the raw waveform signal.

The Time CNN model operated directly on the waveform [62]. The first layer was de-
fined as Conv1D (1, 24, kernel_size = 21, stride = 5, padding = 10), followed by BatchNorm1D
and GELU activation. Four convolutional blocks with residual connections were used, with
channel sizes of 48, 96, 128, and 192. The main convolutions used kernel sizes of 9, 7, 5, and
5 with stride 4, while shortcut connections were implemented via 1 x 1 projections. At the
output stage, the final one-dimensional feature maps were summarized using two parallel
adaptive pooling operations: AdaptiveAvgPool1D and AdaptiveMaxPoollD. In this case,
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adaptive average pooling computed the mean activation across the temporal dimension,
capturing the overall presence of each learned waveform pattern, whereas adaptive max
pooling retained the strongest activation, preserving the most salient occurrence of that
pattern in the signal. The outputs of both pooling branches were concatenated, producing
a 384-dimensional representation of each recording.

This representation was passed to a fully connected classifier with the structure
384 — 160 — 3. The first linear layer reduced the pooled feature vector from 384 to
160 units, followed by GELU activation and dropout with a probability of 0.35 to reduce
overfitting. The final linear layer mapped the 160-dimensional representation to the three
target emotion classes.

The model was trained for 12 epochs using the AdamW optimizer. A weighted
CrossEntropyLoss was applied to account for class imbalance, and label smoothing with a
value of 0.05 was used to reduce overconfident predictions. Time-domain augmentation
was additionally used during training to improve robustness to small variations in the raw
waveform signal.

Figure 17 presents a comparison of all methods in terms of balanced accuracy. The best
results were achieved by self-supervised models: wav2vec 2.0 (BAcc = 0.725) and WavLM
(BAcc = 0.730). The classical model based on hand-crafted features achieved BAcc = 0.629.
Among models trained from scratch, Time CNN performed best (BAcc = 0.623), while
spectrogram-based models achieved lower results: log-Mel CNN (0.522) and STFT
CNN (0.539).
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Figure 17. Comparison of mean LOSO balanced accuracy across selected evaluated approaches.
Pretrained SSL models achieved the highest performance, with WavLM slightly outperforming
wav2vec 2.0. Among models trained from scratch, Time CNN obtained the best result.

The log-Mel CNN achieved the lowest performance, while STFT CNN performed
slightly better, suggesting that linear-frequency representations retain additional useful
information. However, both spectrogram-based models remained clearly inferior to Time
CNN. This result indicates that, for compact models trained from scratch, direct waveform
modeling may be more effective than relying on simple time—frequency representations.

The sequential analysis shows that classical acoustic features remain a strong baseline.
Simple CNN models operating on spectrograms do not reach comparable performance.
Only the Time CNN significantly narrows this gap, while SSL models provide the largest
improvement due to rich representations learned during pretraining.

Including additional CNN models reinforces the main conclusions of the study. The
differences between methods are driven not only by classifier architecture, but primarily by
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the quality of the input representation and the availability of pretraining. The Time CNN
represents an important intermediate point, approaching classical methods but clearly
underperforming compared to SSL models, confirming their advantage stemming from
self-supervised learning.

6.7. Computational Complexity Analysis

In addition to classification performance, the computational cost of the analyzed meth-
ods is an important aspect of their evaluation. In practical applications of speech emotion
recognition systems, both the time required to classify a single recording and the time
needed to train the model are relevant. Therefore, the analysis considered two scenarios:
the classification time for a single audio file and the training time for a single model.

The classification time for a single file included the complete preparation of the
input data required by a given method, followed by prediction using a previously loaded
model. For the classical methods, the measurement included the automatic extraction of
107 acoustic descriptors and classification using either logistic regression or a linear SVM.
For the CNN models, the measured time included preparation of the corresponding signal
representation, namely the raw waveform, STFT spectrogram, or log-Mel spectrogram,
followed by a single forward pass through the neural network. For the self-supervised
wav2vec 2.0 and WavLM models, the measurement included preparation of the input
signal and a single forward pass through the transformer-based model. Classification time
was reported as the median of multiple measurements to reduce the influence of one-time
GPU initialization overhead.

The training time for a single model referred to one training run in a speaker-
independent setting, in which the data from one speaker served as the test set, while
recordings from the remaining speakers were used to train the model. The total time
required for the full LOSO procedure was not reported, because it represents repeated
executions of the same training process for successive held-out speakers and does not
reflect the actual cost of preparing a model in a typical practical application. Table 11
presents a comparison of the classification time for a single recording and the training time
for a single model across all analyzed methods.

Table 11. Comparison of the classification time for a single audio file and the training time of
individual methods.

Method Classification Time Training Time
Classical 107 features + logistic regression 29.3 ms 66.3s
Classical 107 features + linear SVM 29.3 ms 79.0s
Time-domain CNN 1.9 ms 299s
Log-Mel CNN 3.2ms 23.5s
STFT CNN 29 ms 1054 s
wav2vec 2.0 10.6 ms 188.9 s
WavLM 11.9 ms 218.6s

The obtained results show that the analyzed methods differ substantially in their
computational profiles. In the classical approach, the extraction of 107 acoustic descriptors
accounts for the largest part of the classification time for a single recording. The prediction
performed by the linear classifier itself takes less than 1 ms; however, the preceding com-
putation of parameters describing, among others, fundamental frequency, jitter, shimmer,
HNR, energy, pauses, speech rate, spectral features, and MFCC coefficients increases the
total classification time for a single recording to approximately 29 ms.

The shortest inference times were obtained for the CNN models, for which the clas-
sification of a single recording required between 1.9 and 3.2 ms. For these models, the
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computational cost is mainly associated with preparing the input representation and per-
forming a single forward pass through a relatively small neural network. The fastest
solution was the Time CNN model, which operates directly on the time-domain waveform.

The self-supervised wav2vec 2.0 and WavLM models required longer inference times,
namely 10.6 ms and 11.9 ms, respectively. This is due to the greater complexity of the
transformer-based architecture and the substantially larger number of parameters. Never-
theless, the classification time for a single recording still remains within several milliseconds,
which makes these models suitable for near-real-time applications, provided that the model
has already been loaded into memory.

Even larger differences were observed during model training. The shortest training
time was obtained for the Log-Mel CNN model (23.5 s), followed by the Time CNN model
(29.9 s). Classical logistic regression required approximately 66 s, with acoustic feature
extraction being the dominant component of this time. The variant based on a linear
SVM was slightly more computationally demanding (79 s) because of the hyperparameter
selection procedure. The highest computational cost was observed for the self-supervised
models, whose fine-tuning required approximately 3.1 min for wav2vec 2.0 and 3.6 min
for WavLM.

Overall, the analysis shows that the choice of model involves a trade-off between
computational cost, interpretability, and classification performance. Classical methods
remain easy to interpret and relatively inexpensive to train; however, their classification
time is dominated by the extraction of hand-crafted acoustic features. CNN models provide
the shortest inference times, but their classification performance remains lower than that of
the self-supervised models. In contrast, wav2vec 2.0 and WavLM require the greatest com-
putational effort during fine-tuning, but they provide the best classification performance
while maintaining short classification times for individual recordings after training has
been completed.

6.8. Limitations of the Study

The interpretation of the results should be approached with caution. First, the study is
based on a small number of speakers and a single corpus, which limits the ability to draw
broad conclusions about generalization beyond the nEMO conditions. The findings have
not been validated on an external dataset, restricting their cross-corpus generalizability.
Second, the data are emotional rather than clinical in nature; therefore, any potential clinical
applications remain speculative and would require separate validation on spontaneous,
longitudinal, and clinically annotated data. Third, the feature importance analysis was
exploratory, due to the lack of full independence between observations. Fourth, although
the additional comparison included several SVM variants, this study was not intended to
provide an exhaustive comparison of all machine learning architectures for speech emotion
recognition. Alternative approaches, including other tabular classifiers, radial basis function
networks, probabilistic neural networks, extreme learning machines, transformer-based
models beyond those investigated here, graph neural networks, and hybrid architectures,
were beyond the scope of this work.

Finally, internal validation for the self-supervised models was conducted at the sample
level rather than at the speaker level.

7. Conclusions

The conducted study demonstrates that, in the task of recognizing three affective states
in Polish speech, self-supervised learning models clearly outperform approaches based on
classical acoustic features. The wav2vec 2.0 and WavLM models achieved higher balanced
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accuracy and macro-F1 scores under the LOSO protocol, indicating better cross-speaker
generalization. The differences between the two models were not statistically significant.

The neutral class proved to be the most challenging, as it occupies an intermediate
position between the sad and happy states, making it difficult to separate reliably. Self-
supervised models improved performance in this region, which is particularly important
from a practical application perspective.

Analysis of classical features showed that MFCCs and their derivatives provide the
greatest discriminative power, highlighting the dominant role of spectral-cepstral infor-
mation. Pitch-related features and voice quality measures played a complementary role.
Increasing classifier complexity did not lead to performance improvements, suggesting
that the main limitation lies in the representation rather than in the decision model.

Although this work compares representative classical and deep learning approaches,
it does not exhaust the wide range of machine learning and neural network architectures
proposed for speech emotion recognition. Future studies may extend this comparison by
including alternative models, such as radial basis function networks, probabilistic neural
networks, extreme learning machines, and other specialized architectures evaluated under
the same speaker-independent protocol.

The speaker adaptation experiment demonstrated a clear performance gain across
all approaches, emphasizing the importance of personalization in monitoring systems.
However, the results should be interpreted with caution due to the limited number of
speakers, although they point to the potential of speech as a non-invasive indicator of
affective changes.
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ACC Accuracy

AdamW Adaptive Moment Estimation with weight decay
BAcc Balanced accuracy

CNN Convolutional Neural Network

FO Fundamental frequency
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F1 F1-score

FDR False Discovery Rate

FFT Fast Fourier Transform

GELU Gaussian Error Linear Unit

GroupKFold Grouped k-fold cross-validation

HNR Harmonics-to-noise ratio

1G Integrated Gradients

jitter Cycle-to-cycle variation in fundamental frequency
LDA Linear Discriminant Analysis

LOSO Leave-one-subject-out

LTAS Long-Term Average Spectrum

mean Arithmetic mean

Mel Mel-scale spectrogram

MEFCC Mel-frequency cepstral coefficients
one-vs-rest One-versus-rest classification strategy
pitch Fundamental frequency contour

RBF Radial Basis Function

ReLU Rectified Linear Unit

RMS Root Mean Square

rolloff Spectral roll-off

SD Standard deviation

shimmer Cycle-to-cycle variation in amplitude
SpecAugment Spectrogram augmentation method

SSL Self-Supervised Learning

STFT Short-Time Fourier Transform

SVM Support Vector Machine

Time CNN Temporal Convolutional Neural Network
top_db Threshold in decibels for silence detection
ZCR Zero-Crossing Rate

AMECC Delta Mel-frequency cepstral coefficients
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