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Voice disorders represent a significant healthcare burden worldwide, affecting
communication and quality of life. To address this issue, some recent research has turned to
automated acoustic analysis, relying on the Gammatone spectrum which mimics human
hearing. However, these studies did not use a comprehensive methodology to select the
optimal parameters for generating these spectra. In this research paper, we present an
automated system for detecting voice disorders through a structured, systematic framework
that identifies the optimal parameters for Gammatone spectrograms, where audio signals are
converted into grayscale visual representations. Our fundamental contribution lies in moving
beyond mere parameter adjustment to selecting the best parameters and creating specialized
auditory representations for the task of voice pathology detection. This study involved a
comprehensive systematic analysis of frequency range, window length, overlap amount,
number of filters, and color scale. The system was evaluated using data from the
Saarbriicken Voice Database (SVD), where it achieved a detection accuracy of 88.44 + 1.17,
demonstrating the effectiveness of our optimization approach and highlighting the crucial
importance of parameter selection for achieving optimal performance in clinical voice
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1. INTRODUCTION

Voice disorders represent a significant clinical challenge
affecting millions worldwide, with diverse etiologies spanning
organic, neurological, and functional origins [1]. Traditional
diagnostic approaches primarily involve clinical evaluations,
including laryngeal endoscopic examinations and auditory-
perceptual assessments conducted by speech-language
pathologists. While these methods are considered the clinical
gold standard, they present limitations such as high costs,
dependency on specialist expertise, and variable accuracy due
to subjective interpretation [2]. Consequently, increasing
attention is being paid to the development of automated,
objective methodologies for vocal disorder assessment,
aiming to provide reliable and consistent evaluations
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Automatic acoustic analysis of the voice is based on the
principle that any dysfunction in the human phonatory system,
such as irregular vocal fold vibrations, leaves measurable
imprints in the resulting audio signal. The relationship
between the physiology of the vocal tract and the
characteristics of the acoustic signal has been
comprehensively documented in the scientific literature,
forming the basis for both voice engineering and analysis [3].

While traditional spectral analysis methods are widely used
to extract features from speech signals, recent research
suggests that approaches inspired by the human auditory
system may be more effective at detecting subtle irregularities
associated with voice disorders. Gammatone spectrograms
represent a computationally sophisticated model of human
cochlear sound processing, where their resolution and
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response vary non-linearly across different frequencies in a
way that mimics the human ear [4-6]. Recent studies have
shown that features based on Gammatone filters are
particularly effective in detecting and classifying voice
disorders, even outperforming other fundamental features [3-
8].

Despite these advancements, a significant research gap
remains: current investigations lack a comprehensive
systematic analysis of how fundamental parameters in
spectrogram generation affect detection accuracy [7, 8]. To
address this critical research gap, this study introduces an
optimized framework for voice disorder detection that utilizes
Gammatone spectrograms as visual input to a pre-trained
SqueezeNet convolutional neural network [9].

This work presents four key contributions to the field of
automated voice pathology detection: First, we introduce a
Systematic Parameter Optimization Framework that identifies
the optimal Gammatone spectrogram configuration through
physiologically-guided analysis. Second, we develop an
Integrated  Detection  System  combining  optimized
spectrograms with an efficient deep learning architecture.
Third, we provide a Practical Reference Framework with
ready-to-use optimal parameters for researchers. Fourth, we
conduct rigorous Cross-Gender and Statistical Robustness
Validation, ensuring full statistical transparency and reliable
performance across diverse populations.

2. RELATED WORKS

The field of automatic voice disorder detection has evolved
through several methodological stages. Initially, systems
relied on the extraction of acoustic features such as Mel-
frequency Cepstral Coefficients (MFCCs) [10, 11] and
physiological characteristics like fundamental frequency (FO)
and jitter [12, 13]. These features were then used as inputs for
traditional machine learning classifiers like Support Vector
Machines (SVMs) [14, 15] and Random Forests (RF) [16].
Although demonstrating effectiveness, these methods showed
limitations in capturing complex vocal patterns, as evidenced
by studies such as Verde et al. [17] achieved a binary accuracy
of 85.77%, while Al-Dhief et al. [18] reached 81.48% in a
similar task.

The advancement of deep learning has shifted focus toward
spectrogram-based analysis, where audio signals are treated as
visual inputs for Convolutional Neural Networks (CNNs) [8,
19] and Recurrent Neural Networks (RNNs) [20, 21]. In this
context, researchers began exploring auditory-inspired
spectral plots. For instance, the work of Zhou et al. [7]
introduced innovative features called Gammatone Spectral
Latitude (GTSL), which achieved an accuracy of 89.9%using
traditional classifiers. However, this study provided limited
statistical validation, lacking standard deviation measures and
detailed performance analysis.

Research combining auditory-inspired representations with
deep learning shows promise but reveals methodological
considerations. For instance, Islam et al. [8] presented a
different perspective using Cochleagrams as inputs to a
VGG16 CNN, achieving a detection accuracy of 100% on a
dataset of 200 voice samples, though the limited dataset size
requires attention. Similarly, Arias-Vergara et al. [6]
employed multi-channel spectral plots including Gammatone
representations, achieving an F1-score of 0.84 using data from
107 Cochlear Implant users and 94 healthy speakers, with the
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sample size noted as a consideration.

Validation methodologies vary substantially across studies,
ranging from fixed data splits (80%/20% [18, 22] or 75%/25%
[23, 24]) to cross-validation approaches (10-Fold [17], 4-
Fold). Computational requirements significantly influence
methodological choices, with less complex classifiers
typically employing cross-validation for statistical reliability.
A notable concern involves inconsistent reporting of
performance variability, as many studies omit standard
deviation values [11, 17, 25], limiting assessment of result
stability. Computationally intensive models such as deep
CNNs [23, 24, 26] frequently utilize fixed data splits due to
resource constraints, potentially affecting statistical
assessment. Some studies demonstrate improved practices, as
seen in Yagnavajjula et al. [27], who reported both mean and
standard deviation for 10-Fold cross-validation results.

While existing research establishes the value of deep
learning and auditory-inspired spectrograms, a significant
research gap remains regarding systematic parameter
optimization for spectrogram generation in voice pathology
detection. This study addresses this gap through
comprehensive parameter analysis while maintaining
statistical rigor via 5-Fold cross-validation with complete
performance metrics reporting.

3. PROPOSED WORK

Figure 1 illustrates the complete workflow of the proposed
system, from audio signal acquisition to the classification of
voice disorders.

The proposed system utilizes a multi-stage methodology for
detecting voice disorders. This approach centers on converting
raw audio signals into information-rich visual representations
(Gammatone spectrograms), which subsequently serve as
inputs to a deep learning model designed for visual
classification. The following sections describe each stage of
this processing and analysis pipeline in detail.

3.1 Database

The study, in its detection phase, relied on the Saarbriicken
Voice Database (SVD), which is considered an important
reference in voice pathology research due to its rich diversity.
This collection is distinguished by providing a wide variety of
voice recordings for both healthy and pathological individuals,
along with precise clinical details. It also includes speakers of
both genders and various age groups, making it a valuable
resource for building robust diagnostic systems.

To focus on voice disorders with complex or unknown
etiologies (e.g., inflammations, tumor diseases, and
neurological disorders), Thus, we excluded cases with clear
and specific causes, such as those resulting from accident-
related injuries (e.g., endotracheal tube damage) or surgical
resections. The final dataset included 522 healthy voice
samples (304 female and 218 male) and 585 pathological
samples (277 female and 308 male), resulting in a total of 1107
samples. These pathological samples were classified into 15
distinct subcategories, reflecting the great diversity of the
complex voice disorders that were analyzed.

3.2 Pre-processing

The audio signals were processed according to the



following steps to ensure the quality and reliability of the data
input into the spectral analysis system. This study focused on
analyzing the acoustic properties of the sustained vowel /a/, a
choice attributed to several factors: the vocal stability it
provides, its ease of pronunciation for most individuals, and
its widespread use as a standard in pathological voice
assessment protocols [28].

To ensure the analysis is confined to the relevant vocal
segments, the following steps were applied:

(1) Voice Activity Detection (VAD) and silent Removal:

An algorithm was employed to identify and remove silent
segments or non-vocal noise from the beginning and end of
each recording. This algorithm relied on energy thresholds
[29] to ensure that subsequent analysis focused exclusively on
the active voice portion of the signal.

(2) Signal Amplitude Normalization: The amplitude of each
processed audio signal was normalized to the dynamic range
of [-1, 1]. This procedure aimed to reduce the variation in
recording levels across different samples and facilitate faster
convergence during CNN training.
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Figure 1. Flowchart of the proposed system in voice pathology detection

3.3 Gammatone spectrogram generation

The Gammatone-based spectrogram is an effective tool for
analyzing audio signals in the time-frequency domain [7, §].
This approach is inspired by our understanding of how the
human auditory system processes complex sounds [4, 5, 7].
The methodology for converting an audio signal into a
Gammatone spectrogram involves the following key steps:

(1) Framing & Windowing: The processed audio signal is
segmented into short, overlapping frames using an analysis
window of length L samples and an overlap of H samples
between consecutive windows. This framing process is
essential for analyzing the signal’s properties over short
durations, while the windowing aims to reduce spectral
leakage. Mathematically, the i*" framed signal, x;[m], with a
window function w[m] applied to the original signal x[n] can
be expressed as:

x;[m] = x[i - H+m] - w[m] (1)

(2) Gammatone Filter bank: To accurately model the
nonlinear frequency resolution of the human auditory system,
a bank of Gammatone filters is designed [7, 8]. First, linear
frequencies (in Hz) are mapped to the Equivalent Rectangular
Bandwidth (ERB) scale using the following equation:

_ f )
ERB(f) = 21.4 x logy, (1 +55

2

Subsequently, a Gammatone filter is designed for each
center frequency (f,), with its impulse response, g;(t), defined
as:
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gi(t) = at™te—2™" cos(2nf.t + ¢p) (3)
where, B is the bandwidth coefficient associated with the ERB
scale. The processed audio signal x() is then passed through
the filter bank to obtain the output of each filter, y; (t):

() = x(O) * gu(6) = f x@ - gt-ndt @

(1) Short-Time Fourier Transform (STFT): The STFT is
then applied to the output of each filter, y;(t), to obtain its
time-frequency representation. This step is crucial for
converting the filtered time-domain signal into its spectral
form, which is necessary for calculating the spectral power.

(2) Spectral Power: Following the STFT, the spectral power
(Si[t, f]) is computed by taking the squared magnitude of the
filter’s output.

(3) Logarithmic Normalization: Finally, a logarithmic
transformation is applied to the spectral power values. This
normalization step is vital for compressing the wide dynamic
range and making the resulting spectrogram, P;[t, f], align
more closely with the logarithmic perception of sound
intensity in the human auditory system.

Pi[t, f] = 101og;o(Si[t, f] + €) ®)

Here, a small constante = 107, is added to the spectral
power values to prevent a mathematical error when computing
the logarithm of zero.

3.3.1 Spectrogram parameterization
A Gammatone filter bank consisting of N frequency



channels was used. This type of filter is known for its ability
to simulate the frequency response of the human cochlea. The
filter's frequency range was defined to extend from fi,,, to
frign = fs/2 (the Nyquist frequency, where f; is the
sampling frequency). An analysis window with a length of L
samples and an overlap ratio of H between consecutive
windows were used. The method for determining the number
of frequency channels (filters) N is a crucial design parameter,
and two primary approaches were explored to determine this
number:

The Fixed (Manual) Approach. This method relies on a pre-
defined and fixed number of filters, they are usually values of
multiples of 2 (e.g., 32, 64, 128). This approach allows for
evaluating the model's performance at various levels of
frequency resolution, without taking human auditory
perception characteristics into account.

The Dynamic (Auditory-Based) Approach. Two dynamic
approaches will be explored to automatically calculate the
number of filters based on the characteristics of human
hearing. Both methods rely on the ERB scale or the concept of
Critical Bands, which simulates the frequency response of the
human ear.

(1) The ERB-Based Approach: In this approach, the number
of filters is calculated based on the difference between the
ERB values for the maximum (fhigh) and minimum (flow)
frequency limits using the following equation:

N = [ERB(fhigh) — ERB(flow)] (6)

(2) The Critical Bands Approximation Approach: In this
approach, the number of filters is calculated based on an
approximation formula for the Critical Bands in human
hearing using the sampling frequency (fs):

1% v 1y)

N = round(21.4 X log,(,(0.00437 X (7 7

Note: The optimal values for the parameters N, flow, L, and
H were determined through a series of systematic experiments
that will be detailed in the "Results and Experiments" section.

3.4 Spectrogram visualization and conversion

The Gammatone spectrogram was converted into a visual
image using a plot configured to be suitable as an input for a
CNN. These settings included removing the horizontal and
vertical axis ticks, hiding the color bars, and setting the plot's
background to white. The optimal color map for representing
the spectral amplitude intensity is selected through a
systematic study, with the aim of improving classification
performance.

The visualization and image preparation process involves
two main steps to ensure compatibility with the deep learning
model:

(1) Capturing the Plot Frame: The get frame function in the
programming environment was used to capture a bitmap
image from the generated Gammatone spectrogram plot.

(2) Image Pre-processing: The captured image was resized
to a fixed dimension of 227 x 227 pixels to meet the input size
requirements of the SqueezeNet network. The image was then
converted into three color channels (RGB) and saved in JPG
format with appropriate encoding to ensure compatibility.
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3.5 Classifier

For the final classification stage, the pre-trained SqueezeNet
model was employed [9]. The selection of this lightweight
architecture is a crucial choice for deployment on embedded
devices or resource-constrained systems [9, 30]. SqueezeNet
was chosen for its exceptional efficiency and compact size, as
it was specifically designed to achieve AlexNet level accuracy
while reducing the parameter count by approximately 50x. The
model's core architecture relies on "Fire Modules," which
utilize the squeeze and expand strategy to drastically minimize
parameters without compromising classification performance
[9].

The model's compact size, standing at only 1.24 M
parameters [4] and 5.20 MB storage, ensures a fast inference
time [31], which aligns perfectly with the requirement for
rapid processing and limited memory. As shown in Table 1,
SqueezeNet offers superior efficiency compared to heavy
standard models like ResNet-50 [32] (25.56 M parameters)
and VGG-16 [33] (138 M parameters).

The following table illustrates the comparison between
SqueezeNet and key alternatives, highlighting SqueezeNet's
decisive advantage in size and the efficiency required for
constrained systems.

Table 1. Focused Convolutional Neural Network (CNN)
model comparison for efficiency

Number of

Storage Computational
Model Pa”(‘h“q‘;"tm Size (MB)  Cost (Flops/M)
SqueezeNet [9] 1.24 5.20 839
EfficientNet
[34] 53 19.9 385.88
ShuffleNet [31] 1.40 5.20 150
ResNet-50 [32] 25.56 96.0 4133.74
VGG-16 [33] 138 515 15,300

In this study, the SqueezeNet model was utilized through a
fine-tuning approach. This involved modifying the network's
final classification block. Specifically, the three final layers of
the SqueezeNet architecture were replaced and re-initialized.
A new fully connected layer was configured for the binary
classification task (Normal/Pathological) and integrated into
the network, along with a new Softmax layer and the final
classification output layer. Furthermore, the weights of the
initial layers (up to the fire9-expand1x1 module) were frozen
to preserve the general feature extraction capabilities. Only the
weights of the replaced and re-trained final layers were
updated during the training process.

A set of hyperparameters was meticulously calibrated to
ensure the optimal performance of the SqueezeNet model. As
detailed in Table 2, these parameters were selected to achieve
the best balance between training efficiency and classification
accuracy.

Table 2. SqueezeNet training parameters

Parameter Value

Optimizer Adam
Mini-Batch size 20
Max epochs 20
Initial learning rate le*

Learn rate schedule Piecewise

Learn rate drop factor 0.5
Learn rate drop period 10




4. RESULTS AND DISCUSSION

The evaluation was conducted using a Two-Stage
Methodology designed to balance computational efficiency
with statistical rigor.

Stage 1: Sequential Parameter Optimization (Sections 4.1 to
4.5): To efficiently explore the parameter space and ensure
consistent comparison across configurations, a Fixed Split
validation protocol (80% Training/20% Validation) was
applied. This approach allowed for the strategic identification
of the best-performing parameters without the prohibitive
computational cost of repeated cross-validation.

Stage 2: Final Robustness Assessment and Verification:
The final, optimal system configuration was subjected to a
rigorous 5-Fold Cross-Validation (5-Fold CV) protocol
(utilized in Section 4.6 and the Final Results). Crucially, to
counter the limitation of Sequential Optimization (risk of local
optima), Section 4.6 was dedicated to systematically verifying
the optimal configuration against five alternative, nearby
configurations. This approach ensures comprehensive testing
across the entire dataset, with all final performance metrics
reported as the Mean + Standard Deviation (SD), thereby
confirming the system's generalizability and statistical
reliability.

4.1 Frequency range's effect

The precise determination of the frequency bandwidth is a
pivotal factor in vocal pathology classification, particularly for
sustained vowels like /a/, where diagnostic information is
concentrated in the fundamental frequency FO and formant
structures (F1, F2, F3). This study aimed for a methodical
assessment of the effect of various frequency ranges on model
performance, striving for an optimal balance between
preserving essential acoustic information and reducing noise.
This evaluation was performed using fixed settings, including
a 20 ms window, a 50% overlap, 41 ERB-based filters, and a
grayscale representation.

Table 3 shows the results of the voice classification
performance evaluation across the tested frequency ranges, in
addition to the results of experiments combining the best-
performing ranges for each gender.

The empirical data reveal that excluding the lowest
frequency components generally enhanced classification

outcomes relative to the baseline 50-25000 Hz band. This
suggests that spectral components below 60-80 Hz likely
consist of ambient noise or artifacts that do not contribute
meaningfully to the identification of laryngeal disorders in the
vowel /a/. This finding underscores the necessity of tailoring
the frequency window to the relevant acoustic biomarkers.

Regarding the aggregate performance across genders, the
80-25000 Hz band delivered the superior overall accuracy of
90.58%, establishing it as the most effective configuration.
Although supplementary tests attempted to fuse gender-
specific optimal ranges, these hybrid approaches failed to yield
an aggregate improvement. While specific narrow bands
might favor one gender marginally, employing a unified 80—
25000 Hz range proved to be the most robust strategy for the
overall system. Consequently, this frequency band was
selected as the fixed parameter for the subsequent optimization
phases.

4.2 Overlap amount effect

This section systematically investigates the influence of
varying temporal overlap rates during Gammatone spectral
generation on the efficacy of the pathology detection model.
Three distinct overlap ratios 25%, 50%, and 75%, were
selected to evaluate the trade-off between spectral temporal
stability and the high temporal resolution required to resolve
rapid dynamic fluctuations in the vocal signal. These tests
were executed using the previously optimized 80-25000 Hz
frequency range, a 20 ms window, and 41 ERB-based
Gammatone filters.

Table 4 presents the quantitative performance metrics for
the voice classification task across the tested overlap
configurations.

The assessment of overlap variations demonstrated a clear
trend: model efficacy improved in correlation with increased
overlap percentages. The system attained its peak overall
classification accuracy of 91.93% utilizing a 75% overlap.
Gender-specific analysis revealed a progressive enhancement
in male voice classification, with accuracy climbing from
87.74% to 89.62%. These findings imply that a higher overlap
rate generates a denser temporal representation, facilitating the
capture of transient and subtle acoustic irregularities indicative
of pathology.

Table 3. Evaluation of frequency range performance

fiow = [rign Gender F1 (%) R (%) Pr (%) Acc (%)

Male 90.72 84.62 97.78 91.51

50-25000 Female 90.00 88.52 91.53 89.66

Both 89.08 90.27 87.93 88.79

Male 91.43 92.31 90.57 91.51

60-25000 Female 89.08 86.89 91.38 88.79

Both 89.96 91.15 88.79 89.69

Male 90.20 88.46 92.00 90.57

70-25000 Female 90.76 88.52 93.10 90.52

Both 88.89 92.04 85.95 88.34

Male 88.68 90.38 87.04 88.68

80-25000 Female 90.00 88.52 91.53 89.66

Both 90.99 93.81 88.33 90.58

cOmblnedz(Ssoo(;()zgg)oo M70- Both 90.76 95.58 86.40 90.13
Comblned2(5600(;()215:())00 M 70~ Both 88.21 89.380 87.07 87.89
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Table 4. Evaluation of overlap length performance
Overlap Gender F1 R Pr Acc
Length (%) (%) (%) (%)
Male 87.85 90.38  85.45 87.74
25% Female 90.62 95.08 86.57 89.66
Both 90.83 9646 85.83 90.13
Male 88.68 9038  87.04 88.68
50% Female 90.00 8852 91.53 89.66
Both 90.99 93.81 88.33 90.58
Male 89.52  90.38  88.68 89.62
75% Female 90.00 88.52  91.53 89.66
Both 9231 9558 89.26 91.93

Conversely, female classification performance exhibited
remarkable stability, maintaining a constant accuracy of
89.66% across all tested levels. This observation suggests that
the critical acoustic features for female pathology detection in
this dataset may be less sensitive to increments in temporal
resolution compared to their male counterparts. Based on the
superior aggregate accuracy, a 75% overlap was designated as
the optimal setting for the final system configuration.

4.3 Window length's effect

The STFT window is a crucial parameter in acoustic signal
analysis, as it directly affects the temporal and frequency
resolution of the spectrogram. This study aimed to determine
the optimal window length that achieves the best balance for
capturing the acoustic features necessary for disease
classification. This experiment was conducted by fixing the
parameters identified in previous studies: a frequency range
from 80 Hz to 25000 Hz, 41 Gammatone filters, a 75% overlap
rate, and using a grayscale representation.

Three different window lengths were tested: 20 ms, 30 ms,
and 50 ms. Table 5 displays the results of the voice
classification performance evaluation for each tested window
length.

Table 5. Evaluation of window length performance

Window F1 o Pr Acc
Length Gender (%) R (%) (%) (%)
Male 89.52 9038  88.68  89.62
20 ms Female 90.00 88.52 91.53  89.66
Both 9231 9558 8926 9193
Male 8991 9423 8596  89.62
30 ms Female 92.06 9508 89.23  91.38
Both 90.00 9558 85.04 89.24
Male 90.57 9231 88.89 9057
50 ms Female 92.19 96.72  88.06  91.38
Both 92.64 94.69  90.68  92.38

The results showed that window length has a significant
effect on model performance, as selecting a longer window led
to a clear improvement in accuracy. A window length of 50
ms achieved the highest overall combined accuracy of 92.38%
for both genders. This improvement reflects the trade-off
between temporal and frequency resolution inherent in
window length. Longer windows (e.g., 50 ms) provide higher
frequency resolution, allowing the model to capture fine
details in spectral patterns (such as formant characteristics)
that may be crucial for distinguishing between healthy and
pathological voices. In contrast, shorter windows (e.g., 20 ms)
offer higher temporal resolution at the expense of frequency
resolution. In this study, the better frequency resolution
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provided by the 50 ms window length appeared to be more
critical for classification performance.

On an individual level, the 50 ms window length achieved
the highest accuracy for males (90.57%) and also recorded the
highest accuracy for females (91.38%), which was identical to
the performance of the 30 ms window. Based on these
findings, the 50 ms window length was identified as the
optimal value for this parameter, due to its superior
performance in the male category and the highest overall
combined performance for both genders.

4.4 Number of filters' effect

To evaluate the effect of the number of filters on system
performance, an experimental study was conducted using the
optimal parameters determined previously: a frequency range
from 80 to 25000 Hz, an analysis window length of 50 ms, and
a 75% overlap rate. This study aimed to compare the
performance of the voice classification model when using
different numbers of Gammatone filters. These numbers
included fixed values (32, 64, 128), in addition to two dynamic
values derived from computational methodologies based on
the characteristics of human hearing: the ERB-based approach
(41 filters) and the Critical Bands approach (44 filters). Table
6 illustrates the results of this evaluation.

Table 6. Evaluation of the performance of the number of

filters

Number of Gender F1 R Pr Acc
Filters (%) (%) (%) (%)
Male  87.38 86.54 8824  87.74

32 Female 9120 9344 89.06  90.52

Both 9030 9469 8629  89.69

Male  89.11 8654 91.84  89.62

64 Female 89.83 86.89 9298  89.66

Both 8992 9469 8560  89.24

Male  87.38 8654 8824  87.74

128 Female 91.38 86.89 9636  91.38

Both 9123 92.04 9043  91.03

Male  90.57 9231 88.89  90.57

ER}(}jl’;sed Female 92.19 9672 88.06 91.38
Both  92.64 9469 90.68  92.38

Critical Bands_Male 9412 9231 9600  94.34
a4) Female 9231 9836 8696  91.38

Both 9123 9204 9043  91.03

Hybf;‘liF(;MM’ Both 9177 93.81 89.83  91.48

The results showed that dynamic methodologies for
determining the number of filters were more effective than
fixed numbers. When analyzing the overall performance for
both genders, the dynamic approach based on the ERB scale
(41 filters) achieved the highest overall accuracy of 92.38%,
outperforming other methodologies.

However, a gender-based performance analysis revealed
that the optimal methodology may differ. The dynamic
approach based on Critical Bands (44 filters) achieved the
highest accuracy for males (94.34%), while the ERB-based
approach (41 filters) recorded the highest accuracy for females
(91.38%). To understand the impact of this variation, a hybrid
combination of the best settings for each gender was tested,
but this hybrid experiment achieved a lower overall accuracy
(91.48%). This indicates that applying a single parameter (41
filters) provides the best-balanced overall performance for the
system.



4.5 Visual representation's effect

This study aimed to systematically evaluate the effect of
visual representation on the efficiency of the voice disease
classification model. Three color representations were
selected: Jet, Hot, and Gray Scale. In this experiment, an
analysis window length of 50 ms, a 75% overlap, and a fixed
number of 41 Gammatone filters were used. Table 7 displays
the results of the voice classification performance evaluation
across the three visual representations.

The results clearly demonstrated that the visual
representation used had a significant impact on the
classification model's performance. As shown in Table 7, the
Gray Scale representation achieved the highest overall
accuracy of 92.38%, notably outperforming the other two
representations.

Table 7. Evaluation of visual representation performance

Visual Gender F1 R Pr Acc
Representation (%) (%) (%) (%)
Male 8596 9423 79.03 8491

Jet Female 9120 9344 89.06 90.52
Both 88.79 91.15 86.55 88.34

Male 86.44 98.08 77.27 8491

Hot Female 86.44 83.61 8947 86.21
Both 88.00 87.61 88.39 87.89

Male 90.57 9231 88.89 90.57

Gray scale Female 92.19 96.72 88.06 91.38
Both 92.64 94.69 90.68 92.38

This superiority reflects that spectrograms based on
grayscale gradients provide a more effective representation of
the acoustic data. While color maps like Jet and Hot add visual
complexity that may not be directly related to the fundamental
acoustic characteristics, the grayscale gradient focuses solely
on displaying the intensity of the frequency energy. This
reduces visual noise and makes it easier for the model to
extract the most critical features. This suggests that the model
primarily relies on differences in spectral intensity rather than
on the pseudo-colors that could confuse the classification
process.

On an individual level, the grayscale representation's

performance was superior for both males and females,
confirming that it is the optimal choice for achieving the
highest balanced system performance. Although colored
representations may appear more appealing to the human eye,
the experimental results prove that a simpler representation
focused on the essential data is best for tasks relying on
machine learning algorithms. Based on these findings, the
grayscale representation was identified as the optimal value
for this parameter.

4.6 Verification of optimal parameters interaction

The Sequential Optimization Methodology adopted in this
study, despite its computational efficiency, carries the inherent
risk of converging to a local optimum rather than the absolute
global optimum, as it does not explicitly account for complex
parameter interactions. To address this methodological
limitation and confirm the statistical stability and robustness
of the final configuration, a focused verification experiment
was conducted using the 5-Fold CV protocol. For this
verification stage, six configurations were systematically
selected Table 8 to test key parameter variations around our
optimal set.

Table 8. Configurations selected for robustness validation

Config  fi,w  L(ms) (Samples) O\(/‘e’/l("l)ap (ﬁl:ﬁ?ee:s
1 80 Hz 50 (2500) 75% 41
2 80 Hz 50 (2500) 75% 44
3 80 Hz 50 (2500) 50% 41
4 80 Hz 30 (1500) 75% 41
5 50 Hz 50 (2500) 75% 42
6 80 Hz 40 (2000) 60% 41

The displayed performance values (F1, R, Pr, Acc)
represent the mean scores obtained from the cross-validation
process, with the accompanying Standard Deviation used as
the basis for the discussion of robustness. The results
presented in Table 9 provide empirical and statistical support
for this comparison.

Table 9. Results of optimal parameter interaction verification

Config Gender F1 (%) R (%) Pr (%) Acc (%)
Male 90.30 £1.36 88.95+3.16 91.96 +4.93 88.78 £1.83
1 Female 8749 +1.83 84.85 £4.50 90.46 +1.73 88.47+1.42
Both 88.68 £ 1.25 85.81 £2.54 91.81 £1.61 88.44+1.17
Male 90.08 £2.33 90.90 £ 0.94 89.39 £4.84 88.21 £3.07
2 Female 88.38 £2.14 85.60 +7.01 92.10£5.90 89.33 £1.78
Both 88.09 +£1.53 84.96 £4.04 91.65+2.49 87.90 £1.32
Male 90.60 £2.31 87.98 £3.93 93.48 £2.09 89.35+£2.48
3 Female 87.67 +2.80 8523 £5.68 90.48 +£1.85 88.64 £2.28
Both 87.02 £ 1.80 83.76 £2.96 90.59 +£1.58 86.81 £ 1.64
Male 90.34 +1.11 87.98 £3.71 92.99 £3.71 88.98 £1.42
4 Female 88.08 +3.89 83.41 £6.70 93.63 +£2.97 89.34 £3.10
Both 89.20 £ 1.41 87.52 £2.46 91.03 £2.68 88.78 £ 1.47
Male 87.96 £2.13 87.96 £4.32 92.53 +£1.62 88.78 £2.07
5 Female 85.10 £3.06 77.99 £ 6.85 9429 £4.53 87.09 +£2.18
Both 88.49+1.26 8530+1.11 91.97£2.76 88.26 £1.41
Male 90.17 £2.56 88.95+£2.96 91.62+5.31 88.59+3.15
6 Female 88.33+2.97 87.74 £5.96 89.29 £4.38 88.99 £2.66
Both 88.49 +1.53 86.32 £3.92 90.95 +2.52 88.17£1.32
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4.6.1 Analysis of optimal performance and robustness in the
male category

The six configurations demonstrated generally comparable
performance for the male category. Configuration 3 achieved
the highest absolute mean performance in the F1-Score at
90.60% (£ 2.31%) and the highest Precision (Pr) at 93.48% (+
2.09%). However, Configuration 4 exhibited superior overall
robustness compared to the other settings. Configuration 4
achieved the best stability in the F1-Score with a mean of
90.34% and a minimal Standard Deviation (SD) of just +
1.11%. It also demonstrated the best robustness in Accuracy
(Acc) with a mean of 88.98% and an SD of = 1.42%. The
exceptional robustness of this configuration (using a 30 ms
time window) highlights a critical optimization point in the
time-frequency resolution trade-off. For male voice pathology
detection, the 30 ms window length provides the ideal
compromise: it offers sufficient temporal resolution to capture
the micro-perturbations associated with vocal fold disorders,
while maintaining adequate frequency resolution to preserve
the harmonic and formant structures essential for accurate
pathological feature extraction from the Gammatone
spectrogram.

4.6.2 Analysis of performance and critical variance in the
female category

Configurations 2 and 4 achieved the highest mean accuracy
(89.33% and 89.34%, respectively) for female voice
classification. However, the primary challenge emerged from
substantial performance variance across different data folds,
with the Standard Deviation for Recall (R SD) reaching
critically high values (e.g., £ 7.01% in Configuration 2 and +
6.70% in Configuration 4), indicating limited model
robustness. This instability stems from fundamental
physiological characteristics of female voices, which exhibit
higher fundamental frequencies (approximately 160 to 250
Hz) and greater natural acoustic variability. These inherent
fluctuations create spectral ambiguity that masks pathological
signatures, complicating the model's ability to distinguish
between healthy physiological variations and genuine vocal
fold disorders. The demonstrated variance underscores the
critical necessity for the 50 ms window length employed in
Configuration 1, which provides enhanced spectral resolution
to stabilize formant tracking, potentially the most reliable
acoustic feature for pathology detection in higher-frequency
female voices amid their natural variability.

4.6.3 Analysis of overall performance (both) and final
configuration selection

The comprehensive evaluation across both genders reveals
critical insights for optimal system configuration. While
Configuration 4 achieved the highest overall mean
performance (F1: 89.20%, Acc: 88.78%) and Configuration 5
achieved the best absolute overall Recall stability (Recall SD:
+ 1.11%), Configuration 1 emerges as the superior choice
when considering the essential balance between mean
performance and cross-gender robustness. This strategic
selection is supported by two key validations:

(1) Cross-Gender Stability: Although Configuration 4
showed slightly better stability in overall Recall (Recall SD: +
2.46%) compared to Configuration 1 (Recall SD: + 2.54%),
the 50 ms window length in Configuration 1 proves critically
better in the challenging female category (Female Recall SD:
+ 4.50%) compared to Configuration 4 (Female Recall SD: +
6.70%). This stability is paramount for avoiding clinically
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unexpected False Negatives (FN).

(2) Low-Frequency Cutoff: The 80 Hz lower frequency
cutoff in Configuration 1 proves essential. While
Configuration 5 (50 Hz cutoff) showed degradation in overall
performance (F1: 88.49%), Configuration 1 (F1: 88.68%)
maintains a necessary balance, confirming the critical role of
the 80 Hz cutoff in suppressing low-frequency noise while
preserving diagnostically relevant spectral features.

Consequently, Configuration 1 (80 Hz, 50 ms, 75% overlap,
41 filters) is established as the final operating point,
representing the optimal compromise between high male-
category performance and cross-gender stability required for
reliable clinical deployment.

Male-category performance and cross-gender stability are
required for reliable clinical deployment.

4.7 Error analysis and system limitations

To assess the model's robustness and identify the limitations
of its decision boundaries and areas for future improvement, a
focused error analysis was conducted on the samples that were
incorrectly classified during the cross-validation process. FN,
which represent pathological samples the system failed to
detect, constitute the primary challenge for detailed analysis in
this section. Figure 2 presents the Confusion Matrix
(summarizing the overall system performance for voice
pathology detection), which outlines the classification results
on the unified validation dataset.

normal

True Class

patho

normal
Predicted Class

patho

Figure 2. Confusion matrix for voice pathology detection

It is observed from the matrix that 83 samples were
incorrectly classified as normal (FN), while 45 normal samples
were incorrectly classified as pathological (FP). Although the
number of FN errors (83) is higher than the number of FP
errors (45), indicating a system bias towards specificity, our
subsequent analysis will primarily focus on the FN errors. This
focus is maintained because the risk of missing a diagnosis
(FN) is clinically considered far more critical than the risk of
over-referral (FP). Table 10 (Analysis of FN Error Rates and
Sample Distribution by Gender) provides the statistical basis
for this analysis, offering a detailed breakdown of the FN
errors across 15 pathological classifications, specifying the
relative contribution of each gender to the overall error rate.

The model demonstrates robust performance and high
confidence in detecting pathologies characterized by strong,
clear acoustic signatures, resulting in an Overall FN Rate of <
10% for ten out of fifteen subcategories. This success is
primarily driven by the ability to isolate radical acoustic
deviations from the normal vocal range.



Table 10. Analysis of false negative error rates and sample distribution by gender (15 pathologies)

Total Male Male Male FN Total Female Female Female FN Overall FN

Pathology Samples (FN)  Rate (%) Samples (FN) Rate (%) Rate (%)
Dysodia 12 7 58.33 10 3 30.00 45.45
Functional Dysphonia 23 6 26.09 17 5 29.41 27.50
Contact Pachydermia 41 7 17.07 1 1 100.00 19.05
Hyperfunctional Dysphonia 25 2 8.00 60 15 25.00 20.00
Psychogenic Dysphonia 13 4 30.77 21 3 14.29 20.59
Laryngitis 52 4 7.69 27 5 18.52 11.39
Presbyphonia (Vox Senilis) 11 0 0.00 14 3 21.43 12.00
Dysphonia 28 4 14.29 20 0 0.00 8.33
Reinke's Edema 7 2 28.57 43 1 2.33 6.00
Leukoplakia 27 1 3.70 6 2 33.33 8.82
Recurrent laryngeal nerve
(RLN) 53 5 9.43 75 8 10.67 10.16
Spasmodic Dysphonia 20 2 10.00 18 1 5.56 7.89
Vocal Fold Carcinoma 19 1 5.26 1 0 0.00 5.00
Vocal Fold Polyp 22 3 13.64 11 0 0.00 9.09
Central Laryngeal Movement
Disorder (CLMD) 7 0 0.00 1 0 0.00 0.00
Total 360 88 24.44 325 47 14.46 19.71

Note 1: It is essential to highlight that the total sample count in the table (685 Total Unified Samples) exceeds the actual number of unique pathological samples
used for validation (585 unique samples). This discrepancy is primarily due to the multiplicity of pathologies, where a single unique sample may be classified
under more than one pathology category. This methodological approach inflated the total FN count to 135, resulting in a calculated Unified FN Rate of 19.71%.
Conversely, the True Error Rate on the unique pathological samples is significantly lower, 14.19% (83 FN from 585 unique samples). The substantial difference
between these two rates suggests that the model’s primary vulnerability lies in correctly classifying samples that exhibit multiple, co-occurring pathologies.
Note 2: The interpretation of error rates for categories with fewer than 5 samples must be taken with extreme caution due to limited statistical power.
Consequently, the 100% FN rate for Contact Pachydermia (female) (one sample) and the 0.00% rate for CLMD (female) (one sample) serve as "alert signals"
indicating the need for more data validation. 4.7.1. Strengths: Detection of Structural and Radical Acoustic Signatures

(a) Carcinoma Female (b) CLMD Male (c) RLN Male

S—————
(d) Dysodia Female (¢) Healthy Male (f) Healthy Female

Figure 3. Visual comparison of Gammatone Spectrograms for pathological cases (a, b, c, d) versus healthy samples (e, f). Circles
highlight key regions of the pathological acoustic signature in each case: severe noise and harmonic loss in (a) Carcinoma, rapid
FO modulations in (b) Central Laryngeal Movement Disorder (CLMD), broadband noise from air escape in (c¢) Recurrent
laryngeal nerve (RLN) Palsy, and subtle instability in (d) Dysodia

(1) Exceptional Clarity and Detection of Mass Lesions (FN (Figure 3(b)). Importantly, while Vocal Fold Polyp (9.09%) is

Rate < 10%): The highest performance is achieved in also a mass lesion, its slightly higher FN rate (compared to
conditions that induce severe structural or stiffness deviations. Carcinoma) suggests that the model is highly sensitive to the
This includes Vocal Fold Carcinoma (5%)-where the mass stiffness component of the lesion. Polyps, being more
lesion causes severe stiffness, leading to a severe failure in the compliant (less stiff) than carcinoma, present a moderate
periodicity of vibration (Figure 3(a)) and Central Laryngeal challenge. Reinke's Edema (6%) and Leukoplakia (8.82%)
Movement Disorder (CLMD) (0%), where the severe also fall into this high-confidence category due to the visible
neurological signature lies outside the normal vocal range mass/thickness of the vocal folds.
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(2) High Confidence in Dynamic Signatures: Excellent
performance is also noted for dynamic, prominent signatures.
The low FN rate for Recurrent Laryngeal Nerve (RLN)
(10.16%) is attributed to Glottal Incompetence, resulting in air
escape that the model detects as a broad, broadband noise
pattern (Figure 3(c)). Spasmodic Dysphonia (7.89%) and
Dysphonia (8.33%) also show high detection rates due to the
distinctive acoustic breaks and overall voice disturbance.

(3) Acceptable Performance: Laryngitis (11.39%) and
Presbyphonia (Vox Senilis) (12%) demonstrate acceptable
performance, with their FN rates slightly exceeding the 10%
threshold but remaining within the highly detectable range.
This suggests the model successfully captures the acoustic
markers  associated with  generalized inflammation
(Laryngitis) and age-related vocal atrophy (Presbyphonia).

4.7.2 Limitations: Ambiguity and functional overlap

The primary vulnerability of the system lies in classifying
conditions that either have ambiguous, functional, or
overlapping acoustic signatures, leading to a significantly
higher FN rate (ranging from 19.05% to 45.45%).

(1) FO Discrimination Failure in Functional Disorders: The
highest error rates are consistently found in functional and
soft-acoustic disorders. Dysodia (45.45%) represents the most
significant failure. This is due to the subtle pitch change (FO0)
characterizing Dysodia falling within the wide natural range
of healthy vocal variation, preventing the model from setting
an accurate decision boundary (Figure 3(d) compared to the
healthy control (e) and (f)). Functional Dysphonia (27.50%)
and Psychogenic Dysphonia (20.59%) also belong to this
group due to the highly variable and effort-driven nature of
their vocal signatures, causing significant overlap with normal
voice production.

(2) Acoustic Overlap in Tension (Hyperfunctional
Dysphonia): The high FN rate for Hyperfunctional Dysphonia
(20%) suggests the model confuses the high harmonic energy
resulting from pathological hyper-adduction with the high
harmonic energy generated by normal vocal effort. This
confusion is particularly acute with the Female FN Rate 25%.

4.7.3 Gammatone dependency limits

This analysis confirms that the model relies fundamentally
on spectral characteristics reflecting acute and specific
physiological lesions (mass or gap), and fails where high
accuracy is required to differentiate subtle changes in FO or
minor noise energy from the acoustic characteristics of the
normal voice [1].

4.8 Computational efficiency for clinical deployment

To meet the requirements of clinical application demanding
high efficiency and maximum inference speed, the system
relies on the lightweight SqueezeNet architecture. The model's
performance was measured on a standard CPU environment
(Intel(R) Core (TM) i5-4300M CPU @ 2.60 GHz with RAM
12.0 GB). To ensure statistical reliability, the inference time
was accurately calculated using MATLAB based on the
average of 1000 iterations. The measurements resulted in a
rapid inference time of 2.06 £ 0.0035 ms for classifying one
voice sample. This superior speed confirms that the system is
perfectly suited for integration into clinical pre-screening
protocols and meets the requirements for real-time or near
real-time deployment.

706

4.9 Performance comparison with others

This comparative analysis aims to evaluate the performance
of our proposed system against previous studies in the field of
voice pathology detection, with a focus on research that
utilized the SVD. This database is considered a fundamental
benchmark for system evaluation, and the comparison aims to
highlight the effectiveness of our innovative approach in data
processing and classification.

Methodological Justification for Comparison: We
acknowledge the inherent limitations of cross-study
comparisons in our field due to the absence of a unified
benchmark, leading to heterogeneity in dataset sizes,
pathology types, and evaluation protocols. The primary
purpose of Table 11 is not to claim absolute superiority, but
rather to contextualize our performance within the broader
research landscape and demonstrate that our methodology is
highly competitive against recent state-of-the-art approaches.
The true reliability of our system is anchored in the rigorous
internal validation supported by the 5-Fold Cross-Validation
protocol and the reporting of the Meant Standard Deviation
(SD).

The comparative analysis in Table 11 demonstrates that our
proposed system achieves a superior performance over
previous research, thanks to its strategy of parameter
optimization and the use of an efficient neural network. With
an overall accuracy of 92.38% (achieved using the Fixed Split
Subject-Mixed protocol), our work surpasses all other
methods listed. However, it is crucial to note that the final
operating point for the system based on the robust 5-Fold CV
(Subject-Mixed) protocol achieved an overall accuracy of
88.68 £1.25% (F1 Score) and 88.44 + 1.17% (Accuracy). This
final configuration (Configuration 1) was intentionally
selected to ensure maximal statistical stability and minimal
variance (£ 1.25% is for Fl-score) across all performance
metrics, prioritizing robust generalization over the potentially
unstable highest recorded accuracy. This confirms that our
systematic selection of the optimal parameters for generating
Gammatone spectrograms has significantly enhanced the
model's ability to detect voice pathologies.

While many previous studies have yielded good results, our
system outperforms them. A focused comparison with the
highest reported accuracies using the Subject-Mixed protocol
highlights our superiority: we significantly outperform the
recorded accuracy of 85.77% achieved by Verde et al. [17]
(using SVMs and traditional features) and 85.71% achieved by
Latiff et al. [22]. Furthermore, our system surpasses complex,
state-of-the-art approaches like that of Atmaja and Sasou [36],
who utilized an XGBoost Ensemble with advanced SSL
features (wav2vec 2.0, HuBERT), yet only achieved an F1
Score of 87.39%. While studies such as Vavrek et al. [35] and
Wau et al. [23, 24] achieved accuracies ranging between 71%
and 82%, our use of Gammatone spectrograms in conjunction
with the SqueezeNet CNN classifier has led to a substantial
improvement in performance.

This superiority can be attributed to two key factors:

(1) Innovative Methodology: We employed a sequential
optimization study to determine the optimal parameters for the
spectrograms, allowing the model to be trained on
information-rich and less noisy data.

(2) Classifier Efficiency: The SqueezeNet CNN was chosen
for its compact size and high efficiency, ensuring robust
performance without requiring a massive number of
parameters.



Table 11. Comparison of the proposed system vs. previous works

Pathological Samples

Vocal

Statistical

. . o
Study Healthy Samples & Diagnosis Tasks Feature Domains Classifier Validation Acc%
FO, Jitter,
Verde ctal. 685 685 (All types of //  Shimmer, HNR, SVM 10-FoldCV  85.77
[17] pathology) MFCC
520 (105 Laryngitis, 41
869Augmented by Leukoplakia, 63 Edema, CNN Few-shot Few-Shot
Won and Kim  using MUSAN 205 Paralysis, 62 SD, 44 Ja/ Mel Spectrogram Transfer Learning I\V/}; i 737
[25] and MIT IR Polyp) (Augmented P & (Pretrained Tes tin- '
Survey using MUSAN and MIT ResNet-18) &
IR Survey)
Al‘Dl[l;egg ctal. 687 1354 (71 Pathologies)  /a/, /i/, /u/ MFCCs OSELM Fixed Split ~ 81.48%
482 (140 Laryngitis, 41
Leukoplakia, 68
Wu e;jﬁ' 23, 482 Reinke's Edema, 213 /a/ spectrograms CNIEIj IZIEI\];BN Fixed Split ;Z
RLNP, 22 Carcinoma, .
45 Polyps)
. CNN (DCA . .
Ding et al. [26] 595 1090 /al MFSC ResNet) Fixed Split 81.6
506 Organic Dysphonia
(Laryngitis,
Vavr[e;;]e tal. 506 Leukoplakia, Reinke's  /a/, /i/, lu/ spectrograms CNN VGG16 Fixed Split 82
Edema, Carcinoma,
VFP)
82.58 +
Yagnavajjula 60 SD, /al, /i/, h/, (WST)-based 3.02
et al. [27] 60 60 RLNP Sentence Features feed-forward NN 10-Fold CV 78.64 +
3.55
. 231 (146
T1rr0E11e 2] ctal 587 Hyperfunctional /a/ wav2vec 2.0 SVM 5-Fold CV 1;/[ 77: 565
Dysphonia, 85 VFP) o
Javanmardi et 357 357 /a/ Mel Spectrogram 2D CNN + 4-Fold CV 73,4
al. [11] specAugmenter
207 structural disease, . Gammatone
Zhou et al. [7] 687 and 287 neuromuscular fal fif Spectral Latitude MLP, SVM and 10-Fold CV 89.9
. and/v/ RF
disease (GTSL),
. Mel-Frequency
. 140 (SVD: various
Latiff et al. 140 (SVD), 130 . Cepstral OSELM, SVM, . .
[22] (MVPD tyi";s’;;f«iffvfj?' fa/ Coefficients DT, NB Fixed Split 8571
unsp yp (MFCC
Handcrafted: open
Atmaja and 1345 (Organic and non- /a/, /i/, lu/, SMI.LE’ Praat XGBoost . .. F1 Score
Sasou [36] 687 organic voice disorders) /aiu/ SSL: wav2vec Ensemble Fixed Split 87.39
g 2.0, HuBERT, '
WavLM
Grayscale Fixed Split 9238
Ours 522 585 /a/ Gammatone CNN SqueezeNet 38,44 +
Spectrograms 5-Fold CV 1' 17
Overall, this analysis confirms that the combination of a representation.

refined visual representation of acoustic features and the
selection of a powerful and efficient classifier has allowed our
system to achieve the best overall performance, making it a
promising solution for clinical applications.

5. CONCLUSION AND FUTURE WORK

This study presents a comprehensive methodological
framework for identifying the optimal Gammatone
spectrogram configuration for vocal fold pathology detection
using the SqueezeNet model. This framework has enabled us
to determine the optimal combination comprising a frequency
range of 80-25000 Hz, a window length of 50 ms, an overlap
ratio of 75%, and 41 ERB scale-based filters with grayscale
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Although the sequential methodology employed may not
guarantee absolute optimality due to parameter interactions, it
provided a practical solution balancing accuracy and
computational efficiency. To enhance the credibility of the
results, we conducted six additional experiments testing
configurations near the optimal values, confirming the
robustness of performance and reliability of the proposed
configuration.

The proposed system achieved remarkable competitive
performance, with an accuracy of 92.38% under fixed data
split conditions and 88.44 + 1.17% under five-fold cross-
validation, the system demonstrated clinical efficiency due to
the selection of the lightweight SqueezeNet -classifier,
achieving an ultra-fast Inference Time of 2.06 ms, making it
highly suitable for real-time preliminary screening



applications in clinical settings.

Based on the results and observed methodological
challenges, this study opens up promising research avenues:

(1) Gender-Specific Optimization and Separate Modeling:
The detailed performance analysis revealed a notable variation
between male and female performance, suggesting that unified
diagnostic models may be suboptimal. Given the fundamental
physiological differences in vocal fold structure, we strongly
recommend that future studies adopt a gender-separated
parameter optimization methodology from the outset. This
approach aims to build two parallel classification systems (one
for males and one for females), allowing parameters (e.g.,
frequency range, number of ERB filters) to be precisely tuned
to the unique acoustic characteristics of each physiological
group, thereby maximizing overall accuracy and reliability.

(2) Clinical Robustness and Noise Resistance: Clinical
deployment necessitates validating the system's robustness
against real-world challenges such as variability in recording
equipment and background noise interference. Specific
simulation experiments should be conducted, including the
addition of various types of clinical and environmental noise,
to test the system's ability to maintain its performance in non-
ideal environments.

(3) Addressing Functional Disorders: The model should be
enhanced in the future to better address complex functional
disorders that may lack clear acoustic signatures in the
spectrogram. This could involve integrating additional
acoustic features sensitive to muscle tension or articulatory
dynamics.

(4) Exploring Advanced Optimization Techniques: Future
studies can leverage more sophisticated global optimization
techniques, such as Bayesian Optimization or Genetic
Algorithms, to more effectively evaluate parameter
interactions and avoid potential local optimization traps.

This work confirms that the integration of refined visual
representation of acoustic features with efficient, lightweight
deep learning classifiers represents a fertile field for research
and development, emphasizing the need for standardized
benchmarks and precise statistical evaluations to ensure the
successful deployment of these systems in practical clinical
applications.
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