
	 26	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 22 No. 4 (2026)

iJOE  |  eISSN: 2626-8493  |  Vol. 22 No. 4 (2026)  | 

JOE International Journal of 

Online and Biomedical Engineering

Aryza, F. N., Hidayat, S. (2026). Development of Hybrid Feature Based Models for Dysarthric Speech Recognition. International Journal of Online and 
Biomedical Engineering (iJOE), 22(4), pp. 26–42. https://doi.org/10.3991/ijoe.v22i04.59849

Article submitted 2025-11-28. Revision uploaded 2026-01-03. Final acceptance 2026-01-05.

© 2026 by the authors of this article. Published under CC-BY.

Online-Journals.org

PAPER

Development of Hybrid Feature Based Models 
for Dysarthric Speech Recognition

ABSTRACT
Speech recognition for individuals with dysarthria remains challenging due to unstable 
acoustic signals, high temporal variability, and frequent articulatory distortions, all of which 
hinder the ability of acoustic models to consistently capture phonetic patterns. This study 
aims to identify the most effective feature extraction strategy among three approaches, 
namely Wav2Vec 2.0, MFCC combined with Wav2Vec 2.0, and Wavelet-MFCC combined 
with Wav2Vec 2.0, evaluated using the UA-Speech dataset. All models were trained using 
the Wav2Vec 2.0 Base architecture with a CTC decoding mechanism to map audio signals to 
character sequences in an end-to-end manner. The experimental results demonstrate that 
the MFCC-Wav2Vec 2.0 combination yields the best performance, achieving a Word Error 
Rate (WER) of 0.2990. These findings indicate that combining traditional acoustic features 
with self-supervised representations yields a more robust speech recognition system for 
dysarthric speech.

KEYWORDS
dysarthria word recognition, Wav2Vec 2.0, mel-frequency cepstral coefficients (MFCC), 
wavelet transform, hybrid feature extraction

1	 INTRODUCTION

Communication is a fundamental aspect of human life, serving as a primary 
means for conveying information, expressing thoughts, and facilitating social 
interaction [1]. One of the most dominant forms of communication is verbal com-
munication through speech. With the rapid advancement of digital technologies, 
speech signal processing no longer serves merely as a medium for interpersonal 
communication but has also become an essential component in human-machine 
interaction systems, such as virtual assistants [2], voice-based search engines [3], 
and automatic transcription services [4]. This development marks a paradigm shift 
from human-human communication toward human-machine interaction that is 
increasingly natural and adaptive to user context.
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Speech recognition technology, or automatic speech recognition (ASR), has 
advanced rapidly with the development of machine learning and deep learning 
techniques [5]. Modern commercial ASR systems are capable of recognizing speech 
with high accuracy [6], [7], particularly for speakers with typical speech abilities 
and under controlled acoustic conditions [8]. However, such high performance is 
not consistently achieved when the systems are used by individuals with speech 
impairments. One of the most challenging user groups for ASR systems is individuals 
with dysarthria [9], [10].

Dysarthria is a neurological speech disorder caused by weakness or impaired 
coordination of the speech muscles, affecting phonation, articulation, and 
prosody [11]. This condition is commonly observed in individuals with stroke, 
Parkinson’s disease, or Amyotrophic Lateral Sclerosis (ALS), with relatively high 
prevalence rates [12]–[14]. In Indonesia, the prevalence of stroke reaches 10.9 per 
1,000 people, indicating a potentially large number of individuals living with dysar-
thria [15]. Reduced speech intelligibility in dysarthric speakers makes their speech 
difficult to understand, both by humans and machines. As a consequence, access to 
voice-based technologies in daily activities becomes increasingly limited [16]. These 
conditions highlight the need for ASR systems that are more inclusive and adaptive 
to the variability of pathological speech.

Various studies have been conducted to improve speech recognition accuracy 
for individuals with dysarthria. Common approaches include acoustic feature 
extraction techniques such as Mel-Frequency Cepstral Coefficients (MFCC) [17] and 
spectrogram-based representations [18], which are then used in machine learning [9] 
or deep learning models [10], [19]. MFCC features offer advantages in capturing 
spectral characteristics related to human phonetic perception and are compact for 
model training. However, as a handcrafted feature, MFCC primarily encodes low-
level acoustic information and often fails to capture complex temporal variations, 
particularly in speakers with articulatory impairments [20], [21]. Consequently, 
MFCC-based systems tend to exhibit reduced performance when applied to dysar-
thric speech, which is highly variable in both prosody and articulatory patterns.

Recent advancements in ASR have been marked by the emergence of self- 
supervised learning approaches such as Wav2Vec 2.0 [22], which enable models to 
learn representations directly from raw waveforms without relying on manually 
engineered features [23]. These representations capture richer and more contex-
tual phonetic information, even when trained on large amounts of unlabeled data. 
Several studies have shown that such representations can be more adaptive to 
speaker variability, including pathological speech such as dysarthria [21]. However, 
processing raw audio directly introduces substantial computational complexity [24] 
and does not always effectively capture fine spectral structures in the same way as 
traditional acoustic features. Therefore, although modern deep learning approaches 
provide advantages in end-to-end representation learning, their effectiveness for 
disordered speech remains an open research question.

Most previous studies have focused on a single approach, either MFCC or 
Wav2Vec 2.0, without exploring the potential synergy between the two [21], [25]. 
Integrating handcrafted features designed based on acoustic theory and human 
auditory perception [26], such as MFCC or Wavelet-MFCC with self-supervised 
representations, offers the possibility of creating hybrid systems that combine 
spectral precision with contextual learning flexibility. Therefore, this study aims 
to identify the most effective feature-extraction method among three approaches, 
namely Wav2Vec 2.0, MFCC combined with Wav2Vec 2.0 (MFCC-Wav2Vec 2.0), and 
Wavelet-MFCC combined with Wav2Vec 2.0 (Wavelet-MFCC-Wav2Vec 2.0), for the 
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task of dysarthric word recognition. The findings are expected to contribute to the 
development of more robust, inclusive, and adaptive speech recognition systems for 
individuals with speech impairments.

2	 RELATED WORK

Research on automatic speech recognition for individuals with dysarthria has 
evolved in response to the limitations of conventional ASR systems in handling patho-
logical speech characterized by high articulatory and temporal variability. Previous 
studies have generally focused on traditional acoustic features, self-supervised 
learning-based representations, and hybrid approaches to improve system robust-
ness. Hernandez et al. [27] evaluated the effectiveness of cross-lingual self-supervised 
speech representations for dysarthric speech recognition using the UA-Speech, 
PC-GITA, and EasyCall datasets. Wav2Vec 2.0, HuBERT, and the multilingual XLSR 
model were compared with conventional filterbank features. The results showed 
that Wav2Vec 2.0 reduced the Word Error Rate (WER) on UA-Speech from 32.9% to 
29.3%, while XLSR achieved the best performance with a WER of 26.1%. However, 
performance variations across datasets indicate that self-supervised representations 
are not yet fully consistent across all dysarthric speech scenarios.

Javanmardi et al. [21] investigated the use of pre-trained models for dysar-
thria detection and severity level classification using the UA-Speech and TORGO 
datasets. The study compared features extracted from Wav2Vec 2.0 and HuBERT 
with traditional acoustic features such as MFCC, openSMILE, and eGeMAPS using a 
Support Vector Machine (SVM) classifier. Experimental results showed that HuBERT 
improved absolute accuracy by up to 2.86% for binary detection and 10.46% for 
four-level severity classification on the UA-Speech dataset, while also indicating that 
traditional acoustic features still provide complementary information.

A large-scale approach to improving ASR generalization to disordered speech was 
proposed by Tobin et al. [28]. By leveraging large-scale data from Project Euphonia 
and a Universal Speech Model based on the Conformer-CTC architecture, the study 
achieved WER reductions of up to 33% for prompted speech and 26% for conver-
sational speech through fine-tuning. Despite its effectiveness, this approach relies 
on extremely large models and substantial computational resources, making it less 
suitable for lightweight implementations.

Hybrid time-frequency feature approaches have also been explored in other 
speech disorder domains. Hidayat et al. [29] proposed a speech recognition system 
for individuals with cleft lip and palate by integrating Wavelet-MFCC features with 
an LSTM model. Using 5-fold cross-validation, the results demonstrated that the Coif1 
wavelet achieved the highest accuracy and sensitivity with stable performance, 
confirming that multi-resolution analysis can enrich speech signal representations.

In the broader context of machine learning applications in healthcare, Gharaibeh 
et al. [30] proposed a Swin Transformer-based approach with multi-scale feature 
pyramid fusion for Alzheimer’s disease detection using the ADNI dataset. The 
proposed method achieved a classification accuracy of 98%, with a sensitivity of 0.90 
and a specificity of 0.93, outperforming conventional baseline methods. Although the 
study focused on medical image analysis rather than speech recognition, it highlights 
the effectiveness of multi-level feature fusion in improving model robustness, which 
is conceptually relevant to pathological speech processing.

Based on this review, existing studies tend to explore traditional acoustic features 
and self-supervised representations independently or rely on large-scale models to 
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achieve robustness. Systematic integration of time-frequency-based handcrafted 
features, such as MFCC and Wavelet-MFCC, with self-supervised representations 
within an end-to-end ASR framework for dysarthric speech remains limited. 
Therefore, this study evaluates Wav2Vec 2.0, MFCC-Wav2Vec 2.0, and Wavelet-MFCC-
Wav2Vec 2.0 to identify the most effective model for dysarthric speech recognition.

3	 MATERIALS AND METHODS

This section describes the materials and methods used in this study to evaluate 
three feature-extraction approaches, namely Wav2Vec 2.0, MFCC-Wav2Vec 2.0, and 
Wavelet-MFCC-Wav2Vec 2.0. The research workflow consists of four main stages: 
preprocessing, feature extraction, model training, and model evaluation. Each stage 
was systematically designed to ensure consistency and reproducibility throughout 
the entire pipeline, as illustrated in Figure 1.

Fig. 1. Research workflow of the dysarthric word recognition system

3.1	 Dataset

The dataset used in this study is the UA-Speech Corpus, a standard benchmark 
corpus for ASR research on dysarthric speech that includes speakers with varying 
severity levels as well as control speakers [31]. Two subsets were utilized, namely 
UA-Speech Normalized FM (dysarthric speakers) and UA-Speech Normalized Control 
(healthy speakers), both containing identical transcripts. Each subset consists of 
30,855 audio files, and each speaker produces 765 isolated words spanning several 
categories, including digits, radio alphabet, computer commands, common words, 
and uncommon words. In the normalized version, amplitude variations have been 
equalized to reduce intensity differences across speakers. The duration of audio files 
in the FM subset ranges from 1 to 56 seconds, while the Control subset ranges from 
1 to 13 seconds, reflecting differences in speaking rate, stability, and articulatory 
clarity between dysarthric and healthy speakers.

To ensure computational efficiency and maintain class balance, this study 
selected 7,500 samples from the FM subset and 7,500 samples from the Control 
subset, resulting in a total of 15,000 audio files. All files were stored in mono 16-bit 
PCM format with a sampling rate of 16 kHz. The labeling structure of the dataset is 
presented in Table 1, which provides examples of file name pairs and their corre-
sponding word transcripts.

Table 1. Examples of labels and transcripts from the UA-speech normalized dataset

File Name Dysartria File Name Control Transcript

F02_B3_UW79_M6.wav CF02_B3_UW79_M6.wav powwow

F02_B2_C9_M3.wav CF02_B2_C9_M3.wav shift

F02_B1_C5_M6.wav CF02_B1_C5_M6.wav tab

F02_B2_C11_M6.wav CF02_B2_C11_M6.wav paragraph

F02_B2_LO_.wav CF02_B2_LO_M6.wav oscar
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The File Name column in Table 1 contains information about the speaker ID, 
word category, and repetition index, while the transcript column provides the 
corresponding target word. This labeling structure serves as the basis for the feature 
extraction and model training processes in this study.

3.2	 Pre-processing

The preprocessing stage aims to ensure that all audio data are standardized and 
ready for use in the word recognition system based on Automatic Speech Recognition 
(ASR) [32]. This procedure was applied consistently across all three feature- 
extraction approaches, namely Wav2Vec 2.0, MFCC-Wav2Vec 2.0, and Wavelet-MFCC-
Wav2Vec 2.0. Each audio file was loaded using torchaudio.load() and converted to 
mono by averaging the channels (y = y.mean(dim = 0)). All signals were then resa-
mpled to 16 kHz using torchaudio.functional.resample(). This process ensured that 
every audio sample followed a uniform format, specifically mono 16-bit PCM with a 
16 kHz sampling rate, consistent with the UA-Speech corpus specifications [31].

Amplitude normalization was applied to equalize intensity levels across 
recordings, ensuring that differences in loudness did not affect the feature- 
extraction process [33]. In this pipeline, normalization was handled by the 
Wav2Vec2FeatureExtractor through the parameter do_normalize = True, which 
normalizes the signal to zero-mean and unit-variance [22], before it enters the 
Wav2Vec 2.0 encoder. Since the normalized version of the UA-Speech corpus already 
applies initial RMS equalization, no additional manual normalization was performed 
outside this pipeline. Trimming, silence removal, and voice activity detection were 
also not applied in order to preserve uniformity in the duration of the isolated words.

3.3	 Feature extraction

The feature-extraction stage aims to transform raw speech signals into mean-
ingful numerical representations that can be effectively learned by the model [34].  
This process was conducted using three approaches, namely Wav2Vec 2.0, MFCC-
Wav2Vec 2.0, and Wavelet-MFCC-Wav2Vec 2.0. All extracted features were 
subsequently used as the primary inputs during model training to develop the 
Wav2Vec 2.0-based word recognition system.

Wav2Vec 2.0

Fig. 2. Wav2Vec 2.0 feature extraction process

According to Figure 2, the feature extraction process in the Wav2Vec 2.0 approach 
begins with speech signals that have been normalized and resampled to 16 kHz. 
These signals are then passed into the Wav2Vec 2.0 Feature Encoder, a multi-layer 
convolutional module designed to extract low-level acoustic representations directly 
from the time domain [22]. In the present implementation, feature extraction is per-
formed using the Wav2Vec2FeatureExtractor, which standardizes the raw waveform 
into a normalized input tensor before it is forwarded to the model’s main encoder.
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The first stage of feature extraction is performed by the Wav2Vec 2.0 CNN 
Encoder, which consists of seven temporal convolutional layers with progres-
sively increasing kernel sizes and strides, yielding an overall temporal downsam-
pling of approximately 20×. This module extracts latent speech representations in 
the form of 768-dimensional acoustic features that encode local energy patterns, 
phonetic transitions, and short-term temporal structure. These representations are 
domain-agnostic, meaning that they are not constrained by hand-crafted features 
such as MFCCs or filterbanks [23], [35].

Next, the latent representations are passed to the Transformer Context Network, 
which consists of 12 transformer blocks configured with a hidden size of 768, a 
feed-forward inner dimension of 3072, and a multi-head self-attention mechanism. 
This network models long-range dependencies in the speech signal, integrating 
both intra-word and cross-unit acoustic context so that each output vector cap-
tures information drawn from the entire input sequence [36]. Although the original 
Wav2Vec 2.0 pretraining procedure includes an internal temporal masking strat-
egy, this study employs only the fine-tuning stage as implemented in the facebook/
wav2vec2-base model. The output of this pipeline is a contextual embedding repre-
sentation, an ordered sequence of 768-dimensional vectors that encodes higher-level 
phonetic and semantic structure. These embeddings are subsequently used as input 
to the CTC classification head during model training [37].

MFCC-Wav2Vec 2.0. The MFCC-Wav2Vec 2.0 approach aims to integrate MFCC 
with Wav2Vec 2.0 so that the model benefits from both spectrally grounded features 
and context-rich temporal representations [23], [38]. As illustrated in Figure 3, the 
feature extraction process begins with a mono speech signal normalized and resam-
pled to 16 kHz. The signal is then propagated through two parallel processing paths.

Fig. 3. MFCC-Wav2Vec 2.0 feature extraction process

In the MFCC branch, the signal is first segmented into short-time frames using 
a window length of 2048 samples (≈128 ms) and a hop length of 512 samples 
(≈32 ms) with a Hann window [39]. Each frame is then transformed into the fre-
quency domain using a 2048-point Fast Fourier Transform (FFT). The resulting 
magnitude spectrum is passed through a Mel filterbank that models the perceptual 
frequency sensitivity of the human auditory system [40]. The energy in each fil-
ter is subsequently converted into the cepstral domain using the Discrete Cosine 
Transform (DCT), producing 13 MFCC coefficients. This procedure yields a compact 
spectral representation that captures formant structure, frequency-energy distri-
bution, and articulatory cues that are particularly relevant for dysarthric speech. 
The MFCC formulation is presented in Eq. (1) [29]:
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Concurrently, the Wav2Vec 2.0 branch processes the raw waveform using the 
Wav2Vec2FeatureExtractor, which applies zero-mean, unit-variance normalization. 
The standardized signal is then passed into the Wav2Vec 2.0 CNN Encoder, consisting 
of seven temporal convolutional layers with progressively increasing kernel sizes 
and strides, producing an overall temporal downsampling of approximately 20×. 
This module generates 768-dimensional latent speech representations for each time 
step. These representations are subsequently forwarded to the Transformer Context 
Network, which comprises 12 transformer layers with a hidden size of 768 and a 
feed-forward dimension of 3072. The network models long-range temporal depen-
dencies and phonetic structure across frames, yielding 768-dimensional contextual 
embeddings at every timestep.

The two branches are subsequently integrated in the feature fusion stage. In this 
implementation, the MFCC features are first projected using a linear projection layer 
and standardized using Layer Norm to ensure that their scale is compatible with 
the Wav2Vec 2.0 hidden representations [41]. The MFCC sequence length is then 
aligned with the Wav2Vec 2.0 sequence through linear interpolation, a common 
technique used to match the temporal resolution of feature streams with differing 
sampling rates [42]. Once aligned, the MFCC features are directly added (additive 
fusion) to the contextual embeddings produced by Wav2Vec 2.0, forming a hybrid 
feature vector that combines fine-grained spectral cues from MFCC with deep con-
textual information from Wav2Vec 2.0. This fused feature vector is subsequently 
used as the input to the CTC classification head during training for the dysarthric 
word recognition task.

Wavelet-MFCC-Wav2Vec 2.0. In the Wavelet-MFCC-Wav2Vec 2.0 method, the raw 
speech signal is first processed as a mono waveform with a sampling rate of 16 kHz, 
after which it is simultaneously routed into two parallel feature-extraction branches.

Fig. 4. Wavelet-MFCC-Wav2Vec 2.0 feature extraction process

As illustrated in Figure 4, the speech waveform is decomposed using a level-1 
Discrete Wavelet Transform (DWT) with a Daubechies-1 mother wavelet, produc-
ing two sets of coefficients: the approximation component (A1), which captures 
low-frequency structural information, and the detail component (D1), which encodes 
high-frequency transient characteristics [43]. Each component is subsequently 
processed through an independent MFCC pipeline. This procedure includes Hann-
window-based framing, a 2048-point FFT, perceptual spectral mapping using a Mel 
filterbank, and the computation of 13 cepstral coefficients via the DCT. To maintain 
temporal consistency between the two branches, the MFCC sequences obtained from 
A1 and D1 are aligned by trimming both to the shorter sequence length before con-
catenation along the feature axis. This results in a set of Wavelet Cepstral Coefficients 
(WCC) consisting of 26 features per frame, effectively integrating both low-frequency 
and high-frequency spectral characteristics into a unified representation.
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In parallel, the original waveform is processed by Wav2Vec 2.0, which comprises 
a hierarchical convolutional feature encoder that generates low-level acoustic repre-
sentations, followed by a Transformer context network consisting of 12 self-attention 
layers that model long-range temporal dependencies and phonetic structures in 
a contextualized manner. This module produces a sequence of 768-dimensional 
embeddings for each time step. To enable integration with the wavelet branch, the 
WCC sequence is first temporally aligned with the Wav2Vec 2.0 output via linear inter-
polation. The interpolated WCC features are then projected into a 768-dimensional 
space through a linear layer followed by layer normalization, GELU activation, and 
dropout, ensuring that the WCC representation attains a scale and structural form 
compatible with the transformer embeddings.

After the alignment process, the two representations are combined through 
additive feature fusion, implemented as a residual summation between the Wav2Vec 
2.0 embeddings and the projected WCC vectors at each time step. This additive fusion 
strategy is chosen because it preserves the native representational space of Wav2Vec 
2.0 while enriching the embeddings with multi-resolution information derived 
from the Wavelet-MFCC branch, without introducing substantial additional model 
complexity [44]. The resulting output is a 768-dimensional hybrid feature vector that 
remains fully compatible with the standard Wav2Vec 2.0 output format, allowing it 
to be directly forwarded to the CTC classification head for end-to-end decoding.

3.4	 Model training

The speech recognition model in this study employs the Wav2Vec 2.0 architecture 
using the Wav2Vec2ForCTC configuration from facebook/wav2vec2-base. As illus-
trated in Figure 5, the architecture comprises two primary components: a CNN 
feature encoder and a Transformer context network. The CNN feature encoder 
extracts low-level latent speech representations directly from the raw audio signal 
through seven hierarchical temporal convolutional layers [22]. These initial repre-
sentations are subsequently processed by the Transformer network, which consists 
of 12 self-attention blocks with a hidden size of 768, a feed-forward inner dimension 
of 3072, and 12 attention heads. This configuration enables the model to capture 
long-range temporal dependencies, phonetic structures, and prosodic patterns char-
acteristic of dysarthric speech [36].

In the final stage, the model employs a Connectionist Temporal Classification (CTC) 
decoding head, implemented as a linear projection layer that maps the Transformer 
output into the character-token space defined by the vocabulary constructed 
from the UA-Speech transcripts. The CTC mechanism enables end-to-end train-
ing without requiring explicit alignment between acoustic frames and character 
sequences [37], making it particularly suitable for speech recognition tasks char-
acterized by substantial temporal variability. During inference, the model utilizes 
greedy CTC decoding, consistent with the decoding strategy applied during training.

Model training was conducted for 30 epochs using the AdamW optimizer with 
an initial learning rate of 1 × 10⁻4, 500 warmup steps, and a batch size of 4, sup-
ported by mixed-precision training (fp16 = True) to accelerate GPU computation. 
AdamW was selected due to its demonstrated ability to provide more stable gradient 
behavior compared to the classical Adam optimizer [45]. Although this study incor-
porates three different feature-extraction paradigms, namely Wav2Vec 2.0, MFCC-
Wav2Vec 2.0, and Wavelet-MFCC-Wav2Vec 2.0, all experiments employ the same 
Wav2Vec 2.0 architecture as the core encoder, with differences appearing only in 
the feature-fusion modules of the respective hybrid approaches.
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Fig. 5. Wav2Vec 2.0 architecture for word recognition in dysarthric speech

3.5	 Model evaluation

The evaluation stage aims to assess the performance of the trained word- 
recognition system using the held-out test set [46]. This process measures how accu-
rately the model is able to transcribe dysarthric speech relative to the available 
ground-truth annotations. The dataset was partitioned into two subsets, namely 80% 
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for training and 20% for testing, using a randomized split that preserves the speaker 
distribution, ensuring class balance and preventing bias during model assessment.

During evaluation, the model generates text predictions for each audio file in the 
test set. These predictions are then compared to the reference transcripts to compute 
the recognition error using the WER metric, formulated in Eq. (2):

	 WER
S D I

N
�

� � 	 (2)

where S denotes the number of substitutions (incorrect words), D the number of 
deletions (missing words), I the number of insertions (additional words), and N the 
total number of words [47]. WER ranges from 0 to 1, with lower values indicating 
better model performance [48]. In this study, WER is computed automatically using 
the jiwer library, which applies the Levenshtein distance algorithm to quantify 
discrepancies between the model’s transcription and the reference text. WER is con-
sidered the most appropriate metric for this work, as it effectively captures both 
phonetic and semantic errors that arise from the high acoustic variability present in 
dysarthric speech [49], [50].

4	 RESULTS

4.1	 Training and validation

Fig. 6. Training loss and validation WER across methods Wav2Vec 2.0

Figure 6 illustrates the training loss pattern and validation WER obtained using 
the Wav2Vec 2.0 feature extraction method. Throughout the 30 training epochs, the 
training loss remained within the range of 2.61–2.64 and did not exhibit any clear 
downward trend. The fluctuations observed were largely random and did not indi-
cate a stable optimization process. This stagnation suggests that the model did not 
improve its ability to map acoustic representations to character sequences during 
training. Meanwhile, the validation WER remained constant at 1.00 across all epochs, 
showing no variation or reduction. This outcome indicates that the model failed 
to generalize to the validation data and was unable to produce correct transcrip-
tion predictions, even after the full training cycle. The stagnant pattern observed in 
both metrics indicates that the baseline Wav2Vec 2.0 training configuration in this 
method was not successful in capturing the acoustic characteristics of dysarthric 
speech effectively.
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Fig. 7. Training loss and validation WER across methods MFCC-Wav2Vec 2.0

Subsequently, Figure 7 presents the training loss and validation WER dynamics 
for the MFCC-Wav2Vec 2.0 method. In contrast to the pure Wav2Vec 2.0 approach, 
this method shows a clear and stable downward trend in the training curve. The 
training loss decreases sharply from approximately 8.2 in the initial epoch to 
around 1.0 by epoch 10 and continues to decline gradually, reaching values close to 
0.8 at epoch 30. Consistent with this behavior, the validation WER shows a steady 
reduction from 0.85 at the beginning of training to approximately 0.29 by epoch 30. 
No substantial fluctuations or large gaps between the training and validation curves 
are observed, indicating that the model achieved stable performance improvements 
without signs of overfitting. These results suggest that incorporating MFCC features 
prior to Wav2Vec 2.0 leads to a more effective convergence process compared to the 
baseline method.

Fig. 8. Training loss and validation WER across methods Wavelet-MFCC-Wav2Vec 2.0

Figure 8 illustrates the performance of the Wavelet-MFCC-Wav2Vec 2.0 method, 
which exhibits a training pattern similar to that of the MFCC-Wav2Vec 2.0 approach. 
The training loss decreases gradually from an initial value of approximately 8.0 to 
0.7 by epoch 30. The validation WER also shows a stable decline from 0.90 to 0.31 
toward the end of training, with no major fluctuations. Although the final WER is 
slightly higher than that of the MFCC-Wav2Vec 2.0 method, the consistently smooth 
training curves indicate that this method is likewise capable of achieving stable and 
convergent learning behavior.
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4.2	 WER performance comparison

Table 2 presents the WER comparison for the three proposed feature-extraction 
methods. The standard Wav2Vec 2.0 approach yields the highest WER, namely 1.0000, 
indicating that the model failed to produce any correct word predictions on the test 
set. This result aligns with the flat WER curve observed in Figure 6, which shows no 
improvement throughout training. The MFCC-Wav2Vec 2.0 method achieves the low-
est WER at 0.2990, making it the best-performing method among the three. Meanwhile, 
the Wavelet-MFCC-Wav2Vec 2.0 method attains a WER of 0.3126, differing by only 
0.0136 from the MFCC-Wav2Vec 2.0 approach. These findings indicate that both hybrid 
methods outperform the baseline Wav2Vec 2.0 model by a substantial margin.

Table 2. WER performance of the three feature extraction methods

Method WER

Wav2Vec 2.0 1.0000

MFCC-Wav2Vec 2.0 0.2990

Wavelet-MFCC-Wav2Vec 2.0 0.3126

Overall, the superior performance of the hybrid methods indicates that handcrafted 
features such as MFCC and Wavelet coefficients help stabilize the acoustic represen-
tations, particularly for dysarthric speech, which often exhibits irregular frequency 
patterns and temporal distortions. MFCCs are especially effective in capturing dom-
inant spectral structures and reducing articulatory variability, while Wavelet-based 
features contribute multi-resolution information that enhances the representation of 
transient characteristics in the signal. These findings are consistent with prior studies 
showing that MFCCs improve representation stability in pathological speech [9] and 
that Wavelet transforms offer advantages in analyzing non-stationary signals [51].

5	 DISCUSSION

The performance differences among the three methods can be explained by how 
each system extracts and represents dysarthric speech signals. The WER of 1.0000 
obtained by the standalone Wav2Vec 2.0 model indicates a complete failure to map 
the input signal to the correct character sequence. This occurs because the Wav2Vec 
2.0 pipeline processes the raw waveform directly through a convolutional feature 
encoder that was pre-trained on speech from typical speakers. When exposed to 
dysarthric speech, which is characterized by unstable articulation, irregular phonetic 
transitions, and distorted prosodic patterns, the CNN encoder is unable to construct 
meaningful latent speech representations. The resulting 768-dimensional embed-
dings become non-informative and fail to capture the underlying phonetic struc-
ture. As a result, the transformer context network propagates only temporal noise 
that cannot be learned by the CTC head, preventing fine-tuning from converging and 
causing the WER to remain at 1.00 throughout training. This finding is consistent 
with reports by Hernandez et al. [27] showing that waveform-based self-supervised 
models such as Wav2Vec perform poorly in pathological speech domains when no 
auxiliary acoustic features are provided.

In contrast, the MFCC-Wav2Vec 2.0 method achieves a significantly lower WER 
of 0.2990 because the MFCC branch provides a more stable acoustic structure before 
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the signal enters the encoder. The MFCC pipeline extracts formant patterns and 
frequency energy distributions through framing, FFT, Mel filterbank processing, 
and DCT, a technique that has long been recognized as effective for capturing patho-
logical speech characteristics [52]. For dysarthric speakers who exhibit substantial 
temporal irregularities, MFCC serves as a frequency-domain stabilizer that reduces 
extreme variability present in the raw waveform. When the projected and nor-
malized MFCC features are added to the Wav2Vec 2.0 contextual embeddings, this 
additive fusion produces a richer multimodal representation. Wav2Vec contributes 
long-range temporal context, while MFCC provides more structured spectral pat-
terns. This combination results in a more stable reduction of loss and WER, reaching 
a value of 0.2990, thereby making MFCC-Wav2Vec 2.0 the best-performing model 
in this study. This performance improvement aligns with findings from previous 
studies that combine classical features such as MFCC with self-supervised represen-
tations to mitigate domain mismatch in pathological speech tasks [53].

Furthermore, the Wavelet-MFCC-Wav2Vec 2.0 method produces a WER of 0.3126, 
which is slightly higher than that of MFCC-Wav2Vec 2.0. This pipeline decomposes 
the signal using DWT so that the approximation (A1) and detail (D1) components can 
be captured separately, which is highly relevant because articulatory breakdown 
in dysarthria often appears in high-frequency transients. MFCC is then applied to 
both A1 and D1, and the resulting features are combined to form WCC consisting of 
26 features per frame. This creates a multi-resolution representation that is more 
sensitive to local variations. However, this increased sensitivity also amplifies spec-
tral variability that is not always relevant for word recognition, thereby introducing 
a small amount of structural noise into the fusion process. After the WCC features 
are projected into a 768-dimensional space and added to the Wav2Vec 2.0 embed-
dings, the model remains capable of learning, although it requires a greater degree 
of generalization. As a result, its WER is slightly higher, with a difference of 0.0136 
compared to MFCC-Wav2Vec 2.0. This pattern is consistent with findings from 
other wavelet-based dysarthric ASR studies, in which increased multi-resolution 
sensitivity often leads to a trade-off between local precision and global representa-
tional stability [54].

6	 CONCLUSION

This study demonstrates that the quality of acoustic representations plays a 
crucial role in determining the success of word recognition for speakers with 
dysarthria. The pure Wav2Vec 2.0 model was unable to adapt to articulatory and 
prosodic distortions present in pathological speech, resulting in a WER of 1.0000. 
The hybrid methods consistently produced significant performance improvements, 
with MFCC-Wav2Vec 2.0 achieving the best result with a WER of 0.2990 due to the 
ability of MFCC to stabilize irregular frequency structures. The Wavelet-MFCC-
Wav2Vec 2.0 approach also improved accuracy with a WER of 0.3126, although the 
multi-resolution sensitivity of wavelet decomposition introduced additional spectral 
variability that slightly reduced generalization. Overall, the findings indicate that 
combining classical handcrafted features with self-supervised representations pro-
vides greater robustness against the temporal variability characteristic of dysarthric 
speech. For future research, several feature extraction parameters may be further 
optimized, such as evaluating MFCC window sizes of 512 or 1024 samples, explor-
ing wavelet types other than Daubechies-1, and examining approximation channels 
within the wavelet representation. Enhancements to the feature extraction pipeline 
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have the potential to improve representational stability and model performance 
across a broader range of dysarthric speech variations.

7	 DECLARATION OF GENERATIVE AI AND AI-ASSISTED 
TECHNOLOGIES IN THE WRITING PROCESS

During the preparation of this work, the authors used ChatGPT-5.1 by OpenAI 
in order to assist with English translation. After using this tool/service, the authors 
reviewed and edited the content as needed and take full responsibility for the 
content of the publication.
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