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Abstract - Automatic Speech Recognition (ASR) for a
typical speech, such as dysarthria, presents a significant
challenge due to high acoustic variability, which often
leads to failures in standard models. This challenge is
further compounded when implementation is targeted for
edge devices with limited computational resources,
memory, and power. The need for model ar chitecturesthat
arenot only accurate but also highly efficient (lightweight)
is crucial for realizing on-device ASR systems with low
latency. This research focuses on exploring modern deep
learning architectures to address these two primary
challenges. accuracy in dysarthric speech and
computational efficiency. Thestudy aimstoimplement and
evaluate three efficient models—M obileNetV3Small,
EfficientNetB0, and NASNetM obile—on the UASpeech
and TORGO datasets. The methodology involves
extracting Mel-Frequency Cepstral Coefficients (MFCC)
features, which are visualized as spectrograms and
subsequently classified using atransfer learning appr oach.
Experimental results show that the MobileNetV3Small
model achieved the highest performance on the
UASPEECH dataset, attaining a uniform score of 97,8 %
for accuracy. This study concludes that lightweight CNN
architectures like M obileNetV3Small are highly effective
for dysarthric speech classification and demonstrate the
feasibility of developing robust and practical ASR systems
for resource-constrained environments.

Keywords. automatic speech recognition, dysarthria,
lightweight model, transfer learning, MFCC

I.  INTRODUCTION

Dysarthria is a motor speech disorder caused by
neurol ogical damage that affects articulation, speed, and
intonation, degrading quality of life [1]. Early detection
and objective classification of its severity using
technology are crucia for complementing subjective
clinical evaluations [2]. In recent years, deep learning,
particularly Convolutional Neural Networks (CNNs),
has shown success in speech analysis [3] and dysarthria
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classification [4]. A significant chalenge remains in
deploying these models onto resource-constrained
platforms. This has driven research into optimizing
models for on-device deployment like streaming ASR [5]
and keyword spotting [6,7]. However, this progress has
largely focused on typical English-speaking populations
[8], leaving a gap for non-English speakers with
neuromotor disabilities, to address this, studies are
exploring deployable solutions for pathological speech,
such asthe CapisciAMe mobile app for Italian dysarthric
speech [9,10], web platforms for Parkinson's assessment
[11], and mobile therapy apps [12]. These efforts
underscore the urgency for models that are both accurate
and computationally efficient for real-time monitoring
on portable devices [13]. In line with this, this research
conducts a comparative analysis of three efficient CNN
architectures. MobileNetV3Small, EfficientNetB0, and
NASNetMobile. Their performance will be evaluated on
dysarthric speech classification using the UA Speech and
TORGO datasets. This study is expected to provide
insights into the most effective and efficient models for
practical applications in dysarthria detection, continuing
the efforts of previous researchers|[2,3].

The field has seen significant progress, with reviews
noting that deep learning methods like CNNs
consistently outperform classic machine learning,
achieving accuracies above 95% where traditional
methods fall in the 80-90% range [14]. This high
performance is exemplified by transformer-based
architectureswith transfer learning, which have achieved
classification accuracy as high as 98.6% on the
UA Speech dataset [15].

Alongside the push for accuracy, efficiency for on-
device deployment has become a critical research area.
This includes the development of portable TinyML
systems on platforms like the ESP-32, which
demonstrated over 90% accuracy for Indonesian vowel
recognition, highlighting the potential for efficient
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rehabilitation devices [16]. Other approaches have
focused on lightweight feature and model combinations,
such as applying MFCC features with an MLP, which
reported 100% accuracy in detecting dysarthria in
children [17]. This result, while high, may also suggest
potential overfitting, presenting a phenomenon for
further study on model generalization. Further
optimization efforts have introduced techniques like
Network Candidate Search (NCS) to scale models like
EfficientNet-BO, resulting in architectures with fewer
parameters and higher accuracy than previous state-of-
the-art models[18].

Beyond just accuracy and efficiency, research has
also ventured into improving model interpretability and
design. One study introduced the Interpretable Multi-
band Feature Extraction Network (IMBFN), which
achieved a strong F1-score of 0.8491 in blind clinical
tests, demonstrating robust generalization [19]. Other
innovationsinclude hybrid models, such asa CNN-SVM
combination for recognizing numbers from dysarthriain
speech, which improved accuracy by 7.5% over a
standard CNN [20]. New pre-training strategies like ccc-
wav2vec 2.0 have also been presented, offering
significant relative WER improvements by enhancing
robustness during pre-training [21].

Although this collective progress is significant,
specific research gaps persist. For instance, a systematic
comparative analyss of modern lightweight
architectures—specificaly MobileNetV Small,
EfficientNetBO, and NASNetMobile—applied to the
task of dysarthric speech classification across datasets
(UASpeech and TORGO) is currently lacking.
Furthermore, uncertainty remains regarding the
performance and architectural suitability of these
particular models, which were originally designed for
computer vision, when applied to the unique and
complex acoustic patterns of dysarthric speech.
Therefore, this study aims to fill these gaps by directly
evauating the trade-off between accuracy and
computational efficiency of these models. The results of
this research are expected to provide important insights
for the development of practical, accurate, and accessible
diagnostic aids for dysarthria via portable devices.

1. METHOD

This study proposes and implements a systematic
methodology for dysarthric speech classification using a
deep learning approach, with aworkflow documented in
a series of experimental notebooks. The flowchart

summarizing the entire research methodology is
presented in Fig. 1. The process begins with data
acquisition, where two public datasets, UASpeech [22]
and TORGO [23], are automatically downloaded and
extracted. The next stage isinitial audio analysis, which
involves visualizing waveplots to gain a qualitative
understanding of the audio signals. The core of the
preprocessing is feature extraction, where each audio
signal is converted into a Mel-Frequency Cepstral
Coefficients (MFCC) representation with 40 coefficients
which is then standardized to a uniform length of 174
frames through padding and truncating techniques [24].
Before training, an architecture analysis is performed
on the three selected Convolutional Neural Network
(CNN) models. The choice of these models is based on
the urgency of using lightweight architecturesin terms of
parameter count and model size, whichishighly relevant
for potentia implementation on edge devices in the
future. The eval uated models—M obileNetV 3Small [25],
EfficientNetBO [26], and NASNetMobile [27] are
popular and efficient architectures, all three of which
were designed by Google. Thisanalysisaimsto compare
the computational complexity (FLOPSs) and parameter
counts of the three models. The main training and testing
scenario utilizes atransfer learning approach; each base
model pre-trained on ImageNet is frozen, and an
identical custom head is added, consisting of
Global AveragePooling2D, Dense (128,
activation="relu’), Dropout (0.5), and an output Dense (2,
activation="softmax") layer. Training is conducted for 20
epochs using the Adam optimizer. To ensure areliable
evaluation and prevent data leakage between speakers, a
Group K-Fold cross-validation strategy is applied
[28,29], with val_loss as the metric for saving the best
model. Finally, in the results documentation stage, the
performance of each experiment is comprehensively
visualized through learning curves, classification reports,
Under Area Receiver Operating Characteristic (AUROC)
and Under Area The Precision-Recall Curves (AUPRC).

A. Dataset Acquisition

The UA Speech dataset [22] features recordings from
8 dysarthric speakers alongside control speakers who
recorded the same utterances. In this study, the control
subjects are marked with a"C" (e.g., "CM01," "CF04").
Each subject recorded 765 isolated words, including
common words like digits (e.g., ‘zero’) and radio
alphabet letters (e.g., *‘Alpha’), and uncommon words
(e.g., “naturalization’) for phonetic diversity.
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Fig. 1 The proposed comparison model for the detection of dpeech dysarthria

The TORGO dataset was developed to study
dysarthric speech from individuals with neuromotor
disorders like cerebra palsy [23]. This study uses its
"short words' category, which is ideal for ASR
development. This category contains a diverse word set,
including command terms ("'yes," "no"), radio aphabet
letters, digits, and words from standardized assessments
like the Frenchay Dysarthria Assessment and the
Y orkston-Beelman Assessment [23].

The speaker and total data counts presented in Table
| are the result of a selection from the entire available
data in both datasets. This data subset selection was
intentionally made to construct a lightweight modeling
experiment scenario. This approach is relevant to the
research goal of evaluating efficient models that could
potentially be implemented on edge devices with limited
computational resources, wheretraining time and dataset
size are important considerations, both datasets have
uniform audio parameters, which simplifies the
preprocessing stage and ensures consistent input to the
models. A sample rate of 16000 Hz is a common
standard for speech recognition applications, providing a
good balance between voca frequency quality and
computational efficiency. A 16-bit depth provides an
adequate dynamic range to capture speech nuances,
while the use of asingle channel (Mono) halves the data
load compared to stereo, which is highly suitable for a
lightweight modeling scenario. This uniformity allows
for the application of the same feature extraction
workflow to both datasets without requiring additional
resampling or normalization processes.

B. Mel-Spectrogram

Initial analysis of the raw audio signas was
conducted to gain a qualitative understanding of the
differences between healthy and dysarthric speech.
Waveplot visualization was used for this purpose, as it
can represent the amplitude of the audio signal over time.
For the UASpeech dataset, a pair-matching mechanism
was used to compare the same spoken word between
dysarthric and control speakers, while for TORGO,
random samples from each class were selected for
comparison. Thisinitial analysis validates the existence

of distinguishable characteristics that can be extracted in
the next stage. Fig. 2 presents a comparison of waveplot
samples from both datasets.

Fig. 2 illustrates significant qualitative differences
between the audio signals of control and dysarthric
speakers. A comparative analysis of the control samples
reveals distinct patterns between the datasets;, the
UASpeech control samples (blue waveplot top row)
generally exhibit compact, high-energy waveforms with
clear articulation and short durations, whereas the
TORGO control samples (green waveplot bottom row)
show more structural variability and longer durations,
though still maintaining clear energy peaks. In contrast,
the dysarthric samples from both datasets (b)
consistently exhibit characteristics associated with motor
speech disorders. When compared to their respective
control counterparts, the dysarthric signals show
significantly longer utterance durations, lower overall
amplitude, and more erratic, uncontrolled amplitude
fluctuations. The lack of clear silent periods and less
defined energy peaks in the dysarthric samples further
suggests imprecise articulation across both datasets.
Consistent with acoustic literature, dysarthric speech
exhibits markers like increased duration and irregular
amplitude, which reflect alack of motor control [30]. To
capture these distinguishing characteristics, Mel-
Frequency Cepstral Coefficients (MFCCs) were used.
The process involved extracting 40 MFCC coefficients,
which were then padded or truncated to a uniform length
of 174 frames. This created a 40x174 feature matrix that
was stacked three times to produce a 3-channel input
tensor (40, 174, 3) suitablefor the CNN models. TORGO
Datasets (Bottom) As visualized in Fig. 3, the MFCC
features show clear differences between audio samples.
The control samples (a) display energy that is highly
concentrated, indicating clear and efficient articulation.
In stark contrast, the dysarthric samples (b) show energy
that is much more diffuse and "smeared" across both
time and coefficients. This distinct visua pattern
confirms that MFCCs effectively capture the key
features of dysarthric speech, making them an excellent
input for the classification models.
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TABLE |
SUMMARY OF SPEECH DATASET QUANTITY PER CLASS
Dataset Class Speaker Total
UA Speech Disartria 8 5,600
UA Speech Non-Dysarthria 8 5,610
UA Speech Tota 16 11,210
TORGO Disartria 8 1,000
TORGO Non-Dysarthria 7 1,000
TORGO Totd 15 2,000
(UASpeech + TORGO) Disartria 16 6,600
(UASpeech + TORGO) Non-Dysarthria 15 6,610
(UASpeech + TORGO) Total 31 13,210

C. MobilenetV3, EfficientNetBO, & NAShetMobile
Based Feature Extraction

This study utilizes three modern CNN architectures
known for their computational efficiency: MobileNetV 3
[25], EfficientNet [26], and NASNet [27]. MobileNetV3
is designed for resource-constrained devices, using
depthwise separable convolutions and Squeeze-and-
Excitation (SE) modules for high performance in tasks
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Fig. 2 Waveplots of audio samples from UASpeech and TORGO datasets: (a) Non-Dysarthric; (b) Dysarthric
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Fig. 3MFCC spectrograms of audio samples from the UASpeech and TORGO datasets: (a) Non-Dysarthric;
(b) dysarthric

In the experimental setup, the MobileNetV3Small,
EfficientNetB0O, and NASNetM obile variants were used
as base models. For each architecture, the convolutional
layers were frozen to retain their pre-trained features
from ImageNet. A single, identical custom classification
head was added on top of each frozen base. Thishead is
composed of a GlobalAveragePooling2D layer to
summarize features, a Dense layer with 128 neurons and
RelL U activation, a Dropout layer with arate of 0.5 for
regularization, and a fina Dense layer with softmax
activation. This gtructure performs the final binary
classification, producing probabilities for the
"Dysarthric" and "Non-dysarthric" classes based on the
features extracted by each base model.

Transfer Learning-Based Detection ...

D. Evaluation Metrics

Parameters and computational configurations used in
this experiment are summarized in Table Il to ensure
reproducibility. Model evaluation uses two metric types:
architectura efficiency and classification performance.
Efficiency metrics, measured before training for edge
device suitability, include Total Parameters, FLOPS,
and Model Size. After training, performance is assessed
with a Classification Report (Precision, Recall, F1-
Score), Learning Curves to check for overfitting, and
ROC/PRC curves with Area Under the Curve (AUC)
values to measure class discrimination.
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TABLEII

COMPUTATIONAL CONFIGURATION

Parameter

Value

Feature Extraction
Number of Coefficients
Sequence Length

FFT Size

Hop Size

Window Function

40

174 frame
2048

512

Hann

M odel Architecture: M obileNetV3Small

Key Architectural Features
Main Internal Activation
Total Parameters
Trainable Parameters
Model Size (32-bit)

Inverted Residual Bottleneck, Depthwise Separable Conv
h-swish

1.013.234

74.114

3.87 MB

M odel Architecture: EfficientNetBO

Key Architectural Features
Main Internal Activation
Total Parameters
Trainable Parameters
Model Size (32-hit)

MBConv Block with Squeeze-and-Excitation
Swish

4.213.797

164.226

16.07 MB

M odel Architecture: NASNetM obile

Key Architectural Features
Main Internal Activation
Total Parameters
Trainable Parameters

Model Size (32-bit)

Normal & Reduction Cells (Normal & Reduction Cells (found viaNAS)
ReLU

4.405.270

135.554

16.80 MB

Custom Head Architecture

Optimizer

Loss Function
Number of Epochs
Batch Size
Validation Strategy

Global AveragePooling2D -> Dense(128, ReL U) -> Dropout(0.5) -> Dense(2,
Softmax)

Adam

sparse_categorical_crossentropy

40

32

Group K-Fold (based on speakers)

1. RESULT AND DISCUSSION

Performance evaluation of the model’s was employed
by a five-fold Group K-Fold cross-validation strategy.
Each dataset was systematically partitioned into five
subsets based on speaker groups. In each iteration, four
sets were used for model training, while the remaining
set—containing speakers never seen by the model—was
used for testing. This approach guarantees that the

model's generalization capability is assessed on entirely
new data, maintaining a clinicaly relevant evaluation
framework by preventing data leakage. Furthermore, the
use of two different datasets, UASpeech and TORGO,
wasintended to test the model's generalization capability
across diverse data domains. The performance
evaluation results are presented in the following section,
detailing the average accuracy, precision, recall, and F1-
score metrics for the speech sample classification.
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TABLE 111
FINDINGS OF PERFORMANCE EVALUATION- UA SPEECH DATASET
M odéel Accuracy Precision Recall F1-Score
M obileNetV3Small 0.978 0.978 0.978 0.978
EfficientNetBO 0.534 0.759 0.534 0.405
NASNetMobile 0.956 0.956 0.956 0.956
TABLE IV
FINDINGS OF PERFORMANCE EVALUATION- TORGO SPEECH DATASET
M odel Accuracy Precision Recall F1-Score
M obileNetV3Small 0.878 0.879 0.878 0.877
EfficientNetBO 0.715 0.749 0.715 0.705
NASNetM obile 0.830 0.830 0.830 0.830

Based on the performance evaluation, the three
models showed varied results. On the UA Speech dataset,
as shown in Table Ill, MobileNetv3Small and
NASNetMobile excelled, achieving high Fl1-scores of
0.977 and 0.956, respectively. In contrast,
EfficientNetBO struggled, scoring only 0.405. On the
smaller TORGO dataset, detailed in Table 1V,
MobileNetV3Small again led with an F1-score of 0.877,
followed by NASNetMobile at 0.830. The significant
disparity in dataset size between UASpeech (~11,000
samples) and TORGO (~2,000 samples) clearly
impacted these outcomes.

On the larger UA Speech dataset, MobileNetV 3Small
and NASNetMaobile were able to leverage the data
volume to achieve high and uniform metric scores.
However, as vividly illustrated in Fig. 4(a), an anomaly
occurred with EfficientNetBO, where the precision
metric (0.773) far exceeded the recall (0.584) and F1-
score (0.497), indicating a failure to generalize. Thisis
particularly interesting when compared to its

Parbandingan Metrik Antar Model: UASPEECH

@

performance on the smaller TORGO dataset, asshownin
Fig. 4(b), where al models, including EfficientNetBO,
showed more "normal” and balanced metric distributions.
This phenomenon suggests the inductive bias of a model
architecture does not match the data's characteristics.
The model might find a "shortcut” or a poor local
minimum early in training, and adding more data with
similar characteristics could reinforce a model's
confidence in this incorrect solution. To address this,
several dtrategies can be applied, such as data
augmentation to increase diversity, fine-tuning of several
base model layers for better feature adaptation, or
adjusting hyperparameters like the learning rate to help
the model escape local minimum.

In addition to classification performance metrics, a
computational efficiency analysis was also conducted
and shown in Table V to evaluate the feasibility of
implementing the models on edge devices. The
experimental scenario for these metrics was performed
theoretically before the training process.

Perbandingan Metrik Antar Model: TORGO

(b)

Fig. 4 Findings of performance evaluation: (a) UASpeech; (b) TORGO
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TABLEV
OUTCOMES OF STATISTICAL ANALYSISAND COMPUTATIONAL EFFICIENCIES

M odel Total Parameter FLOPs 8-hit Size 8-bit Activation Memory
Estimation Estimation
MobileNetV3Small 1,013,234 22.00 MFLOPs 1.09MB 6.91 KB
EfficientNetBO 4,213,797 148.23 MFLOPs 4.33 MB 15.36 KB
NASNetMobile 4,405,270 202.36MFLOPs 4.85 MB 12.67 KB
= R

False Positive Rabe

@

ot an
Falzz Positive Rate

(b)

Fig. 5 AUROC: (a) UASpeech; (b) TORGO datasets

FL OPswere measured by analyzing the computation
graph of each model architecture using the TensorFlow
profiler to calculate the total number of mathematical
operations required for asingle inference. The 8-bit Size
Estimation was calculated by saving the 32-bit model to
disk, measuring its file size, and then dividing it by four
to simulate the effect of quantization. Similarly, the 8-bit
Activation Memory Estimation was caculated by
analyzing the output shape of all layers to find the peak
RAM requirement, which was then divided by four. As
summarized in the experimenta results table,
MobileNetV3Small proved to be the most efficient
model, with only 22.00 MFL OPs and an estimated 8-bit
size of 1.09 MB. EfficientNetBO and NASNetM obile
exhibited a higher computational load, at 148.23
MFLOPs and 202.36 MFLOPs, respectively. This
analysis confirms that MobileNetV3Small has a
significant advantage in terms of efficiency, making it a
prime candidate for applications requiring low latency
and minimal power consumption.

Further analysis using the ROC and PRC, as shown
in Fig. 5 and Fig. 6 respectively, provides a more
nuanced view of the models discriminative abilities. Fig.
5(a) reveal the ROC curves on the UASpeech dataset
show that MobileNetV3Small achieved a perfect AUC
of 1.00, closaly followed by NASNetMobileat 0.99. Fig.

5 (b), On the more chalenging TORGO dataset,
NASNetMobile performed best with an AUC of 0.95,
dightly outperforming MobileNetV3Small (0.94). The
AUPRC in Fig. 6 reinforce these findings. The "No
Skill" baseline at 0.50 represents arandom classifier ina
balanced dataset; any model performing above this line
demonstrates skill. Fig. 6(a On UASpeech,
MobileNetV 3Small (AUPRC=1.00) and NASNetMobile
(AUPRC=0.99) demonstrated an exceptional ability to
maintain high precision even at high recall levels. Fig.
6(b) show that on TORGO, NASNetMabile
(AUPRC=0.95) and MobileNetV3Small (AUPRC=0.94)
again showed robust performance, whereas
EfficientNetBO (AUPRC=0.86) exhibited a more
noticeable drop in precision asrecall increased. Both sets
of curves consistently identify MobileNetV3Small and
NASNetMobile as the top-performing models.
MobileNetV 3Small's balance of accuracy and efficiency
makesit astrong candidate for future work. Key research
opportunities include validating its performance on real-
world edge devices, applying advanced quantization to
further optimize its footprint, and extending its
application to other languages and speech pathologies
through transfer learning. These steps could significantly
advance the accessibility of speech recognition for
diagnostic aids.
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Fig. 6 AUPRC: (a) UASpeech; (b) TORGO datasets

V. CONCLUSION

This study successfully evaluated three CNN
architectures—MobileNetV3Small, EfficientNetB0, and
NASNetM obile—for dysarthric speech classification on
the UASpeech and TORGO datasets. The results
consistently show that a transfer learning approach is
effective, with MobileNetV3Small emerging as the most
promising model. It achieved the highest F1-scores
(0.977 on UA Speech and 0.877 on TORGO) and proved
to be the most efficient with acomputational |oad of only
22.00 MFLOPs, making it an ideal candidate for edge
devicesThe experiments aso reveded that
EfficientNetBO failed to generalize on the larger
UASpeech dataset, suggesting a data-architecture
mismatch. Furthermore, the high discriminative ability
of the models, particularly MobileNetV3Small's near-
perfect AUC of 1.00 on UA Speech, indicates the dataset
may pose a limited chalenge for these powerful
architectures. Future research should focus on data
augmentation to improve generalization and explore
advanced training strategies like  fine-tuning,
hyperparameter adjustment, or model optimization.
Testing these models on more diverse datasets is aso
crucia to validate their feasbility as an assistive
technology for individuals with dysarthria.
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