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In the healthcare domain, the essential task is to understand and classify diseases affecting the

vocal folds (VFs). The accurate identification of VF disease is the key issue in this domain. Integrating
VF segmentation and disease classification into a single system is challenging but important for
precise diagnostics. Our study addresses this challenge by combining VF iliness categorization and

VF segmentation into a single integrated system. We utilized two effective ensemble machine
learning methods: ensemble EfficientNetV2L-LGBM and ensemble UNet-BiGRU. We utilized the
EfficientNetV2L-LGBM model for classification, achieving a training accuracy of 98.88%, validation
accuracy of 97.73%, and test accuracy of 97.88%. These exceptional outcomes highlight the system’s
ability to classify different VF illnesses precisely. In addition, we utilized the UNet-BiGRU model for
segmentation, which attained a training accuracy of 92.55%, a validation accuracy of 89.87%, and a
significant test accuracy of 91.47%. In the segmentation task, we examined some methods to improve
our ability to divide data into segments, resulting in a testing accuracy score of 91.99% and an
Intersection over Union (I0U) of 87.46%. These measures demonstrate skill of the model in accurately
defining and separating VF. Our system’s classification and segmentation results confirm its capacity
to effectively identify and segment VF disorders, representing a significant advancement in enhancing
diagnostic accuracy and healthcare in this specialized field. This study emphasizes the potential of
machine learning to transform the medical field’s capacity to categorize VF and segment VF, providing
clinicians with a vital instrument to mitigate the profound impact of the condition. Implementing this
innovative approach is expected to enhance medical procedures and provide a sense of optimism to
those globally affected by VF disease.

The vocal folds, referred to as the VF in the scientific literature, are dynamic anatomical structures inside the
larynx'->. The capacity for vocalization and sound production is contingent on the VF. Speech production
involves the coordination of several anatomical structures, including the mouth and other articulators, after
initiation of VF vibrations*~’. This process occurs when the air originating from the lungs passes through the
larynx. VF diseases are significant because of their impact on communication®. Given the importance of VF in
the communication process’™!!, any disorder that affects them can hinder effective communication. This phe-
nomenon could have a detrimental influence on interpersonal interactions and hinder individuals’ progress in
their personal and professional lives. Furthermore, this phenomenon can potentially result in substantial social
consequences. Effective communication'>"'* is a fundamental aspect of human connection, and VF problems
may provide challenges in maintaining this crucial element of daily life. Hence, it is essential to recognize,
diagnose, and treat these disorders in order to enhance or reinforce an individual’s ability to communicate and
engage with their surroundings. VF disorders include a collection of pathological conditions that affect the tis-
sues comprising the VF'>1€,
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Common issues'”!® in the field of vocal health include VF polyps, which are benign lesions that arise from

irritation or misuse of the VFs; laryngitis, an inflammation often triggered by infections or excessive vocal strain;
VF paralysis, a condition characterized by impaired VF movement resulting from nerve damage; and Reinke’s
oedema, a condition marked by the accumulation of fluid in the VE, often linked to smoking. VF segmenta-
tion from the larynx entails identifying and delineating the VF boundaries inside the laryngeal region using
medical imaging or video analysis. Accurate segmentation plays a crucial role in diagnosing and treating VF
abnormalities, as it provides®>!*?° medical workers with exact visual information, supports surgical planning,
and advances current research on vocal disorders. VF segmentation?"** is vital in speech therapy and rehabilita-
tion as it enables therapists to effectively monitor patients’ advancements and make necessary adjustments to
their treatment protocols. This research contributes to expanding our understanding of vocal physiology and
pathology via biomechanical inquiries, shedding light on the intricate movements and functionalities of VE
Considering these factors, the discipline of voice and speech research and clinical practices have significant
advantages over VF segmentation.

VF disorders present”>** significant challenges for the medical community in contemporary times. It is crucial
to promptly identify these issues; however, they can be overlooked. Limited therapy options may be available,
necessitating the need for surgical intervention in some cases. There is a need to focus on preventive measures,
such as promoting proper vocal hygiene. Accessing specialists®~*’ for VF disorders, such as speech-language
pathologists and otolaryngologists, might pose challenges in some regions. The potential consequences of this
might negatively impact the provision of care. To address these difficulties, it is essential to focus on boost-
ing knowledge, offering thorough education, and improving access to expert healthcare services as the main
strategies.

Motivation and contribution of this research

The motivation behind this research is rooted in the imperative need to enhance the precision and efficiency of
diagnostic procedures concerning VF disorders, a significant yet often overlooked aspect of human health. VF
disorder can have a significant impact on a people’s quality of life, affecting their communication abilities and,
in many instances, their general state of well-being. Conventional diagnostic techniques require intrusive pro-
cedures or depend significantly on subjective evaluations, which may not consistently provide accurate or timely
diagnoses of many illnesses. This study attempts to change the diagnostic process for VF diseases by utilizing
modern ensemble methods in machine learning. The proposed approach integrates VF segmentation with disease
categorization to create a unified system. This approach improves diagnostic accuracy and minimizes the time
and resources required for assessment. This results in earlier and more accurate therapies, thereby enhancing the
patient outcomes. Moreover, this system fills a significant void in existing medical technology, providing a flexible
solution that can be customized for use in different healthcare environments worldwide. This research was moti-
vated by a dedication to progressing medical technology and significantly enhancing diagnostic procedures for
individuals suffering from VF disorders, contributing to improved health management and superior patient care.

In our inaugural deployment, we successfully developed pioneering methods for VF disease classification
and segmentation. The method used was to build unique models for each task. We developed an ensemble
EfficientNetV2L-LGBM model for VF disease classification and an ensemble UNet-BiGRU model for VF segmen-
tation. We focused on the following five classes: dysphonia, polyp, paresis, carcinoma, and healthy. We categorize
samples into four main groups: carcinoma, dysphonia, paresis, and polyp. A sample of classified healthy VF is
shown in Fig. 1, and the characteristics of the four diseases are shown in Fig. 2.

This effective use of advanced models for the categorization and segmentation of diseases highlights our
dedication to utilizing effective techniques to tackle significant obstacles in the field, opening the door to more
precise diagnosis and focused therapies in the field of vocal pathology. The following are our responsibilities
and contributions:

® Focusing on specific benchmark methods to ensure precise VF classification and segmentation for enhancing
healthcare through improved automatic disease detection of medical images.

e Applying advanced machine learning and deep learning techniques for precise VF classification and seg-
mentation in a single system.

e Developing an ensemble EfficientNetV2L-LGBM model for VF classification and UNet-BiGRU model for
VF segmentation.

e Implementing fast, efficient, and accurate VF classification and segmentation in one system is useful for VE-
affected patients.

Organization of the paper

This study was divided into several sections, each serving a specific purpose. “Related work” provides an overview
of the pertinent literature on the subject and forms the foundation for this inquiry. In “Research methodology”,
the research plan is explained along with the technique used in this study. The results of the study are explained
in “Result analysis” , where the analyses are presented. An in-depth discussion of the topic and critical evaluation
of the results and implications are provided in “Discussion” . Finally, “Conclusion and future work” presents the
study results and recommendations for the following research directions.

Related work

Analyzing and identifying structures within medical images or data about the VF data is the primary goal of
VF classification and segmentation. The aim is to promote research on speech and vocal problems, medical
diagnosis, and treatment planning. Furthermore, by enhancing workflow efficiency in the healthcare industry
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(h) Healthy

Figure 1. Here is a dataset image demonstrating healthy VFs and proper anatomical integrity.

Figure 2. The following vocal fold diseases were found in our dataset: (a) carcinoma, (b) dysphonia, (c) paresis,
and (d) polyp. These abnormalities impair the structure and function of the vocal folds.

and offering insightful information for medical education and training, these analyses aid in creating automated
systems. Researchers are developing innovative approaches to VF categorization to increase diagnosis accuracy
and provide critical new understandings of speech and voice problems. The various methods highlight a dedica-
tion to improving the VF analysis technology and medical knowledge.

Categorization of laryngeal illnesses according to VF morphology and vascular abnormalities, Turkmen et al.
looked at a novel method for classifying VFs using machine learning and image processing, which made use of
the edges of the VFs and visible blood vessels. They showed that shape characteristics and a specialized vessel
centerline extraction process provided helpful information and that histograms of oriented gradients (HOG)
descriptors recognized voice folds on video laryngostroboscopy images. Based on edge form and vascular struc-
tural parameters, they classified using a unique binary decision tree design. Sensitivities for polyps, nodules,
laryngitis, sulcus vocalis, and healthy classes were 86%, 94%, 80%, 73%, and 76%, respectively, based on their
examination of laryngeal images from 70 patients. According to the researchers, the results suggested that VF
disorders may benefit from using visible arteries and VF form characteristics as prognostic indicators, improving
diagnostic efficacy®. For the VF tumor classification, Gun et al. recommended deep deep-learning method to
categorize tumor types into cysts, granulomas, leukoplakia, nodules, and polyps while concurrently detecting
suspicious locations of benign VF tumors in laparoscopic images. Their method aimed to facilitate the early
detection of benign tumors around the VF by a more straightforward self-prescreening at home. Twenty three
laryngoscopic images were used to train, verify, and evaluate four convolutional neural network (CNN) models:
Yolo V4, two Mask R-CNNss, and a single-shot detector. They found that Yolo V4 had the greatest F1-score for all
tumor types (0.7664 for cysts, 0.9875 for granulomas, 0.8214 for leukoplakia, 0.8119 for nodules, and 0.8271 for
polyps) among the four models they had used in their experiments. For every kind of tumor, Yolo V4 performed
best for cysts and granulomas, whereas Mask R-CNN performed best for leukoplakia, nodules, and polyps. Their
model with the lowest false-negative rate differed according to the tumor type. Furthermore, a nearly equal
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F1-score (0.8529) was shown by the embedded-operated Yolo V4 model compared to the computer-operated
Yolo-4 model (188683)%°.

By analyzing the voice acoustics of pediatric vocal nodule patients, Nagihan et al. examined 72 children with
vocal nodules were examined. In images were captured from video recordings taken during the video strobos-
copy test, and nodules were identified using the Image News program and categorized using the scale. Automatic
segmentation was used to assess fundamental frequencies (mean F0), jitter (local%), shimmer (local%), and
harmonicity (mean harmonics-to-noise [mean HNR]) in speech acoustic analysis using nodules/widths and VF
as ratios. A significant negative correlation was found between the mean F0 value and nodule base/width ratio
(P=0.042,r = —0.240). Additionally, there was a statistically significant negative correlation between jitter (%)
and vocal nodule base/width (P = 0.009, r = —0.305). Ultimately, a statistically significant positive correlation (P
=0.034, r = 0.324) was found between the mean HNR and width of the vocal nodules. The discriminant analysis
correctly classified the degree of scale of the classifying variables at 73.6%".

VF segmentation using a snake model, Allin et al. clips from a stroboscopic video showing the medial bor-
ders of the VE Both components constitute the system. They first acquired a color transformation that met the
fisher linear criteria to discern between the trachea and VF as well as possible. VF borders may coarsely seg-
ment the use of this change. Second, the identified contours were refined using an active contour formulation
recently created for the Insight Toolkit. As an alternative to biassing the internal energy of the active contours
for specific shapes, the system optimized the visual energy to draw attention to interest borders. Their study
showed that by suppressing noisy artefacts that may confuse typical implementations, this modification of the
image energy simplifies the contour extraction procedure. Their study examined phonation using stroboscopic
video. The points on the perceived visual field borders were compared to those on the mechanically extracted
contours. With a standard deviation of 3.6, the mean deviations for locations on the VFs minor axes were 2.2
pixels on average for all patients®’. To classify VF leukoplakia, Zhenzhen et al. worked on image files in both
white light and narrow-band imaging (NBI) that were generated and categorized into six classes: squamous cell
carcinoma (SCC), mild dysplasia (MiD), moderate dysplasia (MoD), severe dysplasia (SD), and normal tissues
(NT). Six traditional deep learning models were used to classify VF leukoplakia: AlexNet, VGG, Google Incep-
tion, ResNet, DenseNet, and Vision Transformer. The GoogLeNet, DenseNet-121, and ResNet-152 models were
put into practice and showed outstanding classification performance. They achieved the most significant overall
accuracy of 0.9583 for white light image classification and the highest overall accuracy of 0.9478 for NBI image
classification. These three neural networks exhibit high sensitivity, specificity, and accuracy.

Implementation of the classification System VF disease, Hertiana et al. presented research on categorizing
VF diseases using digital image processing methods while working on digital image processing. The glottics
contour on the VFs changed, exhibiting features suggestive of VF illness. Changes were divided into six catego-
ries: standard, paralysis, nodule, papilloma, cyst, and granuloma. The VF images were extracted before the clas-
sification procedure to extract the information or properties of the objects in the image. They extracted the VF
glottis contour using form measurement and feature descriptions using the speeded-up robust features (SURF)
technique, enabling analysis and classification. They require the vocal image to be in binary form to assess the
glottis contour of the VF. The research used an approach based mainly on the active contour Chan-Vese algorithm
to automatically acquire glottis region segmentation without human input to obtain binary image. The findings
are shown as optimized glottis contour extraction, and 96.7% accuracy was attained in the classification training
procedure using the K-Nearest Neighbor?®>. The application of computer-aided diagnostics proposed by Verikas
et al. classified VF disorders, approaching this issue as a method of pattern identification. They used color, texture,
and geometric shapes to create a clear and informative representation of VF images. The representation classified
images into three categories: nodules, diffuse, and healthy, acting as a pattern classifier. Seven hundred eighty-
five VF images obtained from the Department of Otolaryngology, Kaunas University of Medicine, Lithuania,
were used to evaluate the proposed technique. When classifying a batch of unseen photos into three previously
described classifications, an accurate classification rate of more than 87% was attained**. Categorized laryngeal
diseases, Antanas et al. adopted Intelligent VF Image Analysis, using the following primary visual characteristics
for analysis: color, shape, geometry, contrast, irregularity, and roughness. Researchers built a decision support
system to automate the interpretation of VF images. This system uses several VF images to improve depend-
ability and decrease variability between and among observers. Their approach used geometrical characteristics,
color, and texture to extract significant information from images of the voice cords. They used a committee of
artificial neural networks to classify images of the VF into nodular, diffuse, and healthy categories. After testing
785 photos of the VFs, the authors correctly classified nearly 93% of the images™.

By using dysphonic voices to distinguish between VF paralysis and vocal nodules, Valerio et al. used a
machine learning strategys; it is essential to consider similarities in perception when treating VF paralysis (VFP)
and vocal nodules (VN) in order to provide effective treatment. Using a dataset of speech recordings from 87
control patients, 85 VN-affected subjects, and 120 VCP-affected people, the authors developed a framework for
identifying and distinguishing mental disorders. They used a gaussian support vector machine (GSVM) classifier
and created their dataset within a tightly monitored clinical environment. They showed encouraging categoriza-
tion findings, with accuracy levels of over 98% compared to those in good health. Furthermore, a remarkable
89.21% accuracy was obtained in distinguishing between VCP and VN. The results point to the possibility of
automatically recognizing dysphonic voices and differentiating dysphonia aetiologias®. Recognizing VF inju-
ries using Edges et al. created a model using clinically verified disease inference data. They take into account
13 instances that two medical professionals have verified. During the experiment, 1740 photos were captured
from 13 movie cases. They employed a five-fold cross-validation technique for model training, validation, and
testing. Randomly, 60% of the images (1044), 20% (348) for validation, and another 20% (348) for testing were
selected. The EVC-DD model achieved 100% accuracy in identifying the three conditions necessary for the best
possible experiment outcomes during the training phase. The averaged F1 score, averaged recall rate, averaged
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precision, accuracy, matthew’s correlation coefficient, and area under the curve for the EVC-DD model were
99.42%, 99.42%, 99.42%, 98.91%, and 99.57%, respectively. The EVC-DD model developed by the authors took
approximately 400 seconds to train using 1740 photos. The EVC-DD model showed high concordance with
clinical tests, and its training was time- and data-efficient, allowing for the rapid acquisition of new instances.

The main problem is the difficulty in accurately classifying the disease and segmenting the VE. Furthermore,
the performance of the current approaches can be improved. Scholars have continually been drawn to this field
of study by the suggested ensemble EfficientNetV2L-LGBM and UNet-BiGRU models, which have generated
great historical interest in resolving this difficulty.

Research methodology

The method employs a sophisticated algorithm for classifying VF illnesses and segmenting VE. We developed
a practical VF disease classification approach using an ensemble EfficientNetV2L-LGBM model. The ensemble
UNet-BiGRU model was also used to accurately segment the VE. These two models, renowned for their velocity,
can rapidly diagnose and segment VF disorders. The intricate arrangement of its constituents which harmoni-
ously interact renders it unique. These components enhance the model’s capabilities, enabling it diagnose and
segment disorders related to VF rapidly and precisely. This robust and all-encompassing model demonstrates
our dedication for enhancing VF research and diagnostics. Figure 3 shows the detailed workflow of our system
created for classifying VF diseases and segmenting folds. The procedure involves connecting datasets, perform-
ing model operations, classification and segmentation tasks, and displaying the results. Every phase is intricately
integrated into the system design to guarantee efficient and precise analysis of VF conditions. Our system intends
to establish a strong foundation for detecting and segmenting vocal fold illnesses, ultimately improving medical
diagnostics and treatment planning.

Dataset analysis and discussion

To develop our system, we used a large dataset available from Zenodo®, a robust repository housing an 804 mega-
byte (MB) image dataset. We utilized 24,000 (true and masked images) for the classification and segmentation.
Out of the 24,000 (accurate and masked images) photos, 12,000 were utilized for classification purposes, while
the remaining data consisted of masked images. This masked image serves the purpose of both the segmenta-
tion and representation of the original image. It is known that, classification cannot be performed using masked
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Figure 3. To achieve our research objectives, we have created a comprehensive workflow diagram that
encapsulates our system architecture and processes, illustrating how the various components interact.
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photos. Therefore, we selected 12,000 images specifically for classification, whereas the total number of images
(including both masked and true images) was used for segmentation. To classify VFs, we have divided them into
the following categories: the training dataset consisted of 10,377 photos, the validation dataset had 1152 images,
and the testing dataset contained 1281 images. For segmentation, 18,000 samples were allocated to training, 3000
to validation, and 3000 for testing. Table 1 displays the quantity of data used for classification and segmentation.

This dual-pronged approach facilitated intricate and comprehensive processing of the original dataset and
meticulously extracted precise segmentation details. Furthermore, it allows for the adept utilization of segmented
data in subsequent classification tasks, contributing significantly to the robustness and accuracy of our system’s
outcomes.

Data preprocessing

We effectively resolved the imbalance problem in our dataset by employing a range of preprocessing approaches
designed explicitly for the classification and segmentation tasks. Regarding image resizing, we established a con-
sistent size of 256 x 256 x 3 pixels to provide uniformity throughout our dataset. In the data classification and
segmentation domain, our primary focus was on the labels assigned to the images. To streamline the numerical
analysis, we used label encoding, which efficiently transforms categorical variables into a numerical format. After
performing the encoding stage, we improved the resilience of our data by normalizing it, which is an essential
operation for classification and segmentation tasks. This rigorous preparation procedure guarantees uniformity
in image the dimensions and enhances the dataset for later classification and segmentation analyses. Another
technique is standardization, where z represents the standardization score, x is the data value, 4 represents the
mean, and o represents the standard deviation. The formula is shown in Eq. (1).

=
= XK
ag

(1)

We adopted a practical technique by leveraging arrays, where we meticulously divided array elements to system-
atically enhance our data quality. By processing each element individually, we significantly improved the overall
quality of the data. In addition, we employed the “To Categorical Label” methodology, which is a crucial stage in
our procedure. Using this strategy, we can easily convert non-numeric categorical labels into a format that works
with our models. This conversion involved encoding these labels into numerical representations to ensure our
models could easily comprehend and operate using the data, thereby improving their accuracy and performance.

Execution of ensemble EfficientNetV2L-LGBM model to classify VF disease

The EfficientNetV2L model, which is our feature extraction architecture, was carefully created to maximize neu-
ral execution. It begins by processing the input at 256 x 256 dimensions using a series of layers. We combined
many elements inside each layer to improve the effectiveness of the neuron execution. In particular, we have
paid special attention to using MB-Conv and fused MB-Conv approaches. The performance of our model’s was
optimized by configuring the neurons with a3 x 3 kernel. Within each layer, these finely defined neurons strive to
predict a more precise output, ultimately resulting in al x 1convolution. The system then uses an LGBM model
classifier capable of categorizing five different illnesses using the characteristics of this complex neural network.

EfficientNet V2L model executing process

EfficientNetV2Ls large depthwise convolutions provide another training barrier. Although depthwise convolu-
tions generally cannot fully use current accelerators, they contain fewer parameters and FLOPs than regular
convolutions. Recently, Fused-MBConv was employed to use servers or mobile accelerators. As seen in Fig. 4a,
it substitutes a single normal conv 3 x 3 for the depthwise conv 3 x 3 and expansion conv1 x 1in MB Conv.
We progressively replaced the old MBConv in EfficientNetV2L with Fused-MBConv to methodically compare
the two building blocks. Replacing all blocks with Fused-MBConv dramatically increased the parameters and
FLOPs while slowing down training. However, when the model execution starts, Fused-MBConv can enhance the
training time with minimal overhead on parameters and FLOPs. This method is shown in Fig. 4b. Determining
the ideal combination of these two building blocks, MBConv and Fused-MBConv, is difficult. We used a neural
architecture search to automatically find the optimal combination. Figure 5a illustrates the execution procedure
of the EfficientNetV2L model.

While examining operators, we investigate MBConv and Fused MBConv, each providing a unique combi-
nation of kernel size and stride. This presentation thoroughly explains the channels and layers responsible for
channel execution. It also includes a detailed description of all levels involved. Table 2 presents a comprehensive
overview of this information, including a thorough analysis of operators, strides, channels, and related layers.

Domain Training set Validation set Test set Total data
Classification 10,377 1152 1281 12,810
Segmentation 18,000 3000 3000 24,000

Table 1. Distribution of data for VF classification and segmentation: this provides information on the
total number of images as well as the counts that are assigned to training, test sets, and validation sets. This
information is useful for developing and assessing models.
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Figure 4. The EfficientNetV2L model’s architectural components, which highlight the MBConv (mobile
inverted bottleneck convolution) and fused convolution layers, are essential components that enhance the
model’s effectiveness and performance in deep learning tasks.

The design of the EfficientNetV2L model is highly intricate and consists of several parts, including resolu-
tion scaling, depth, and breadth. The mathematical formula for achieving accurate and efficient neural network
topologies involves scaling these parameters.

Compound scaling is the foundation for EfficientNetV2L execution, which balances the number of layers,
channels, and image resolution in depth and breadth. It is represented by:

EfficientNetV2L (Bje"”’ BYidth B;ml“””")

where, BZEP " is the depth scaling factor, B/ is the width scaling factor, B;‘“”l"g"” is the resolution scaling fac-
tor. Empirical investigations are typically used to estimate the scaling factors B dEP ‘ BYidth presolution o, halance
model accuracy and size. The algorithm used to compute these variables often seeks to optimize the trade-off
between these variables.

EfficientNetV2L design presents a compound scaling technique that uses a compound coefficient to scale
all dimensions of depth, breadth, and resolution equally. Defining, compound coefficient: denoted by ¢, depth:
number of layers (d), width: width multiplier for convolutional layers (w), and resolution: input image resolution
(r). The subsequent execution was as follows:

d =a? (2)
w=p¢ 3)
r=y? @

Here, the constants «, 8, y has been determined by empirical means. The compound coefficient ¢ is responsible
for concurrently controlling depth, width, and resolution scaling.

LGBM model executing process

The LGBM framework is commonly used to implement the gradient boosting decision tree (GBDT) model
in machine learning. The study employed LGBM, an efficient data categorization technique used in various
fields, including industry, health, and economics, to address the belt conveyor malfunction diagnostic problem.
The exclusive feature bundle (EFB), gradient-based one-side sampling (GOSS), and histogram algorithms were
combined in the LGBM model based on the GBDT learning model. This may ensure model correctness while
enhancing the learning efficiency of the model. Figure 5b illustrates the execution procedure of the LGBM model.

Scientific Reports |

(2024) 1414435 | https://doi.org/10.1038/s41598-024-64987-5 nature portfolio



www.nature.com/scientificreports/

A N

Myl

(b) LGBM Classifier Majority Voting

! | , | |

[ Healthy ][ Paresis ][ Polyp ]

’ Carcinoma ][ Dysphonia

Figure 5. The proposed EfficientNetV2L-LGBM model for vocal fold disease classification presents a
comprehensive architecture that showcases the integration of EfficientNetV2Ls convolutional backbone
with LightGBM. This innovative fusion leads to improved performance in accurately categorizing vocal fold
disorders.

0 Conv,3x3 2 32 1
1 Fused-MBConvl1,3x3 1 32 49
2 Fused-MBConv4,3x3 2 64 7
3 Fused-MBConv4,3x3 2 96 7
4 MBConv4 SE 0.25,3x3 2 192 10
5 MBConvé6 SE 0.25,3x3 1 224 19
6 MBConvé6 SE 0.25,3x3 2 384 25
7 MBConv6 SE 0.25,3x3 1 640 7
8 Convlxl & Pooling & FC | - 1280 1

Table 2. An explanation of the MBConv and Fused-MBConv blocks in the EfficientNetV2L architecture,
including important settings and parameters inside these vital parts.

Initially, given the presence of a training set X = x1, x2, ..., X4, the LGBM model starts by initializing a tree
with a constant value:

2W=f=0 (5)
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Let y,-(o) represent the forecast of the iy, case at iteration t.
Next, the subsequent tree is trained using the lowest loss function.

fi(xi) = argminL; = arg minL (yt,yftil) +ﬁ(xi)> (6)
Let f;(x;) denote the learning model of the f;, decision tree. The subsequent model is projected as:

yh=y 0 4 f ) )

Equations (6) and (7) were iterated until the model satisfies the termination condition. The ultimate formula
for the model is:

zZ-1
yi=>_ filx;) (8)
t=0
Let Z represent the total number of iterations.

Optimization process of ensemble EfficientNetV2L-LGBM model
Usually, backpropagation techniques are used to train machine learning model K; end-to-end while reducing
the cross-entropy loss:

n n exp((wl‘(’”t)T>

l(yik = k) In
i=1 k=1 chzl exp ( (w]?”f> T) Byt

where C is the number of classes, yj is the prediction probability for sample i and class K, 7 is the number of
training samples, h*! is the output of the final hidden layer, and w?*' is the weight matrix from that hidden layer
to the output layer. Equation (9) is an indication function that returns 0 otherwise and 1 if the assertion is true.

We must jointly minimize the two cross-entropy errors, E; and Es, for our proposed EfficientNetV2L, where

we have two outputs. To do this, we maximize the weighted sum of the two errors:

©)

E =y E) + nE; (10)

where the output trade-off of the two branches is controlled by two positive hyper-parameters, y; and y;,.
E=n (El + %Ez) (11)
1

Because scaling the loss E by a positive parameter y; does not affect the minimization issue, this equation requires
only one parameter, A = ;’—f As there should not be a preference for one output over another, we set 2 = 1 for
this process.

The provided description thoroughly elucidates the operational approach for a classification problem utiliz-
ing the EfficientNetV2L-LGBM model. This study provides a methodical examination of the model’s operation,
with a comprehensive explanation of each stage. By following this technique, we can construct our classification
task model.

Hyperparameter tuning for EfficientNetV2L-LGBM model

We have incorporated hyperparameter tuning into our EfficientNetV2L-LGBM model, which was used for per-
forming classification tasks. Hyperparameter tuning is essential in machine learning and deep learning, because
it enables the maximization of model performance and generalization capacity. By manipulating hyperparameters
such as the learning rate, the number of hidden layers, or regularization strength, we can optimize models to
achieve higher accuracy and mitigate problems such as overfitting or underfitting. This method is crucial for
enhancing the resilience and efficacy of machine learning algorithms, ultimately resulting in more dependable
and efficient models across diverse applications. We utilized a tailored methodology to accomplish a classifica-
tion assignment that merged the EfficientNetV2L deep learning model with the LGBM machine learning model.
We implemented an approach that involved thorough parameter adjustments for both types of models. Our
hyperparameter tuning for the deep learning model (EfficientNetV2L) was to optimize the kernel size, padding,
and pooling parameters (serial numbers: 1 to 3). Concurrently, we performed parameter tuning for the LGBM
machine learning model, explicitly focusing on Serial numbers 4 to 11. The adjustments included modifying the
number of layers, maximum tree depth (max_depth), learning rate, number of estimators (n_estimators), objec-
tive function, minimum child weight (min_child_weight), minimum split gain (min_split_gain), and random
seeds (random_state). We systematically tested and optimized each parameter for optimal performance and
generalization in our classification challenge. Table 3 displays the comprehensive results of implementing hyper-
parameter tuning for the EfficientNetV2L-LGBM model. This highlights the individual settings of the parameters
and their respective effects on the model’s performance metrics. This comprehensive strategy combines the
advantages of deep learning and machine learning approaches to optimize classification accuracy and resilience.
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Serial number | Parameter Search space Selected value
1 Kernel [3x3,5x5] 3x3

2 Padding [Same, valid] Same

3 Pool [Max] Max

4 Num_layer [3, 31, 42] 3

5 Max_depth [7,11,5, 3] 7

6 n_estimators [12,13] 12

7 Learning rate [0.1,0.2,0.3] 0.2

8 Objective [Multiclass] Multiclass
9 Min_child_weight | [0.0001, 0.0002] | 0.0001

10 Min_split_gain [0.1,0.2,0.3] 0.3

11 Random_state [42, 69] 42

Table 3. Hyperparameter tuning experiment for classification task model.

Novelty of EfficientNetV2L-LGBM model for VF classification

The main technical innovation of the image classification pipeline is its unique combination of machine learning
and gradient boosting methods. Initially, using a pre-trained EfficientNetV2L CNN model for feature extrac-
tion enabled the efficient collection of hierarchical visual representations from input images, acquiring effective
and discriminative features. Subsequently efficient classification can be achieved by compressing the retrieved
characteristics and utilizing Light GBM, a machine-learning framework that boosts gradients. This combination
exploits the advantages of both approaches: the deep learning model captures complex visual patterns, whereas
the boosting technique improves the interpretability and generalization. The smooth incorporation of these
approaches provides a potent and adaptable solution for tasks involving image classification, ensuring enhanced
performance and resilience in the VF domain and datasets.

Additionally, the EfficientNetV2L-LGBM model presents a novel integration of convolutional neural networks
(CNNs) and gradient-boosting machines Specifically designed for categorizing VF disorders. This ensemble
model combines the advantages of EfficientNetV2L, a cutting-edge CNN architecture recognized for its remark-
able efficiency and scalability, with LGBM, a robust and high-performance gradient boosting framework that is
particularly adept at handling tabular data. The uniqueness of this approach is found in its two-step processing,
where EfficientNetV2L initially extracts profound and intricate characteristics from VF imagery, guaranteeing
a thorough portrayal of fundamental clinical states. Subsequently, these characteristics are inputted into the
LGBM model, which carries out the categorization process. This ensemble methodology improves the ability of
the model to detect subtle patterns and anomalies in the data that could indicate different VF disorders, resulting
in a considerable improvement in classification accuracy. Moreover, integrating a CNN with a gradient boosting
method enhances the efficiency of the model in several evaluation metrics, such as precision and recall, by effi-
ciently balancing the compromises between bias and variance. This novel methodology enhances the precision
of diagnosis and guarantees the strength and applicability across a wide range of datasets. The EfficientNetV2L-
LGBM model is a significant breakthrough in machine learning applications in the medical domain, providing
a more accurate, dependable, and efficient tool for identifying VF disorders.

Execution of ensemble UNet-BiGRU model to segment vocal fold

We used a UNet architecture in our VF segmentation method, with a kernel of three and a 256 x 256 input size.
To improve the accuracy of VF segmentation, we modified the model to include BiGRU (Bidirectional Gated
Recurrent Unit). Because of its complex layering and sophisticated processing skills, BiGRU has significantly
enhanced segmentation accuracy. This feature has substantially contributed to attaining more precise and refined
segmentation outcomes for VF images.

UNet model executing process

UNet is a well-liked network for semantic segmentation tasks in medical image processing, and is frequently
utilized as a baseline®. The two components of UNet architecture are upsampling and feature extraction. An
encoder-decoder structure is the term most often used to describe this arrangement. The network gets its name
because it looks as the letter U. The input image is first pooled and convolved, as seen in Fig. 6. The image was
pooled four times in the original UNet study, yielding features with sizes 0of128 x 128,64 x 64,32 x 32,16 x 16.
To retain the channel information, the 16 x 16 feature map is upsampled to create a 32 x 32 feature map, concat-
enating with the 32 x 32 feature map that came before it. Subsequently, the concatenated feature map undergoes
convolution and upsampling, yielding a 64 x 64 feature map that is concatenated with the preceding 64 x 64
feature map. A 256 x 256 prediction result, which is the same size as the input image can be achieved after four
rounds of upsampling. Stochastic gradient descent is a method used to train the UNet. The input image with a
constant border width is larger than the output image owing to unpadded convolution. In this case, the significant
batch input satellite image reduces the overhead problem, and GPU usage enhancement reduces the batch to a
single image. Owing to the increased training sample size and updating of the current optimization process, a
significant momentum value is used.
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Figure 6. Representing the UNet architecture, exhibiting its characteristic shrinking and wide paths intended
for semantic division applications in computer vision and image processing.

e (y) = exp re (Z exp re ) (12)

This equation represents the softmax function, which applies the activation function to the input r, (y), consider-
ing the number of feature channels at the pixel locations y € € and  C z% Here, the function g (y) represents
an approximation with the class denoted as ’E’. The result of the approximation function is 1 when the maximal
valuer, () is reached and 0 for all other circumstances. The cross function encompasses all variations in location
v (), starting from 1, and is mathematically represented as:

K Z log(gbe )) (13)

yeQ

The weight map, denoted as 2 — R, is used to assign value to certain pixels, whereas the real label of a pixel is
referred to as Q — {1,...., E}. In this approach, the weight map is calculated for ground truth segmentation to
address the variation in pixel frequencies within the training dataset. This allows the network to effectively learn
the boundaries of minor separations. Therefore, the weight map is represented as:

w(y) = we(y) +wo exp<M2> "

2y

The terma, : 2 — Rrepresents the distance between the second closest cell and border. a; : € — Rrepresents
the distance to the nearest cell border. The weight map used is called w, : Q — R, and which helps preserve of
the frequencies of different classes.

In the network training process, the model’s parameters were initialized randomly, and the training set was
used as an input to train the model. The loss of the model was determined by calculating the average cross-
entropy loss using the following loss function:

1 m
loss = - Z; [xi log(zi) + (1 — x;) log (1 — x;)] (15)
i=
In this context, the variable m denotes the size of the mini-batch, whereas x; and z; refer to the predicted and
true values of the iy, sample within each batch.
The optimized version of UNet utilizes the initial two layers to gather low-level characteristics, whereas the
final three layers extract high-level characteristics.

x )

L= [Gelog(se) + (1 — Go)log (1 —s.)] (16)

i=1 j=1
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The pixel locations (I, j) correspond to the anticipated edge map while represent the true map. The width and
height of the feature map are denoted as x and y, respectively. These values were used to extract segmented por-
tions of the pupil.

The UNet provides several benefits. First, the field of view of the feature map expands as the network layer
gets deeper. Deep and profound features are valueable because shallow convolution concentrates on textural
features, and deep networks concentrate on crucial aspects. Second, more information is frequently missing
from the feature map edges of more significant sizes produced by deconvolution. This is a result of certain edge
features being lost during downsampling and irretrievable during upsampling. Thus, an edge feature can be
obtained via feature splicing.

BiGRU model executing process
The gated recurrent unit (GRU) is a streamlined variant of the long short-term memory (LSTM) neural network,
both of which belong to the family of recurrent neural networks (RNNs). However, the LSTM and GRU integrate
the input and forget gates into a single update gate. The fundamental framework is illustrated in Fig. 7.

We assume that the number of hidden units is denoted as h. The small-batch input at a certain time step ¢
may be represented as x;¢ R™*%, whereas the hidden state at the previous time step t — 1is denoted as i, € R,
The output hidden state & of a single GRU at the current time step ¢ can be expressed as:

Ry =0 (X;Wy + Hi—1 Wh, + by) (17)
Zy =0 (XiWyz + Hi—1 Wy, + by) (18)
H; =tan h(X; Wy, + (R; © Hy—1) Wiy, + bp) (19)
Hy=(1-2) OH1+ 20 H (20)

The sigmoid activation function, denoted as o, o (x) = 1/1 + e™*; Wy, W, Wz, Wy, represents the weights
linking the input layer and reset gate, hidden layer and reset gate, input layer and update gate, and hidden layer
and update gate, respectively. The terms b, and b, refer to the bias values of the reset gate and update gate’s, respec-
tively. H; refers to the concealed condition at the present moment. Step t; © denotes the process of multiplying
two matrices. Tanh is a hyperbolic tangent activation function defined by the following formula:

2

tanh(X) =1 — ——
anh(X) e

(21)
The execution process of the BiIGRU model, includes the input, forward, backward, and output layers. Neverthe-
less, the GRU architecture is unidirectional; hence, this study employed BiGRU, as shown in Fig. 8.

BiGRU is a neural network that consists of both forward-propagating and backward-propagating GRU units.
The hidden layer state H; of the BIGRU is determined by the current input X;, the output H; of the forward hid-
den layer, and the output H; of the backward hidden layer at time step ¢-1.

reset gate update gate
He 5 an He
A
1-
N
R¢ Zt
;Ei =
He
Y
N
'Y v
.
K U “
Xy

@ pointwise addition ® pointwise multiplication

Figure 7. Visualization illustrates the basic GRU architecture, which is essential for simulating sequential data
in machine learning tasks, demonstrating the internal workings and information flow of a recurrent neural
network.

Scientific Reports |  (2024) 14:14435 | https://doi.org/10.1038/s41598-024-64987-5 nature portfolio



www.nature.com/scientificreports/

X2 X1 X,
input layer
Forward > GRU > GRU » GRU |—>
Y Y Y
Backward GRU GRU GRU
—>
? —> — —> - H;
2 Hio Heq H1 H,
N P P
Output layer > > > <
N by, N by.q N b,
A\ 4 A\ 4 \ 4

Figure 8. Diagram of Bidirectional GRU (BiGRU) architecture: this diagram shows two GRU layers that work
together to capture sequential data in both directions. This allows for a more thorough comprehension of
temporal dependencies in both phases.

— —

H, =GRU (X, H 1) 22)

e <

i =GRU(X,, 1) (23)
Ht :Wtﬁ[ + v ﬁt + b[ (24)

The input vector is encoded into the GRU hidden state, represented by 1y and v;. These states correspond to the
weights of the forward hidden layer H; and the backward hidden layer H; of the BiGRU at time ¢. Additionally,
b; represents the bias of the hidden layer state at time ¢.

The accompanying description comprehensively explains the operational methodology for a segmentation
task using the UNet-BiGRU model. This execution offers a systematic analysis of the functioning of the UNet-
BiGRU model, presenting a detailed description of each phase. We can create our segmentation task model by
adhering to this procedure. Figure 9 shows the processing architecture of the ensemble UNet-BiGRU model.

Hyperparameter tuning for UNet-BiGRU model

We conducted a hyperparameter tuning experiment for the UNet-BiGRU model used in the segmentation task.
We tested various parameters for this ensemble machine learning model, including decay, optimizer, learning
rate, dropout, batch size, stride, and padding. This experiment aimed to assess the effectiveness of different
parameters on our model. Table 4 shows the hyperparameter tuning experiment for the UNet-BiGRU model.

Novelty of UNet-BiGRU model for VF segmentation
The main technical innovation of the proposed model is the integration of the UNet and BiGRU architectures for
image segmentation. The UNet architecture effectively captures spatial information using its encoder-decoder
structure, whereas the BiGRU model collects bidirectional temporal connections. By integrating various designs,
the model successfully merges spatial and temporal information, leading to improved segmentation precision.
The model can achieve more accurate segmentation results by combining the spatial awareness of UNet and
temporal context of BiGRU. This approach makes it especially useful for tasks that require both spatial and
temporal features to be considered, such as medical image analysis, video processing, and autonomous systems.
The novelty of the UNet-BiGRU model lies in its ability to process and integrate temporal dependencies across
images, a feature largely absent in traditional convolutional neural networks used for segmentation tasks. This
integration enhances the ability of the model to make consistent and accurate predictions when segmenting
sequential data. As a result, a more thorough and dependable examination of the movement and structure of the
VEF is required. The combination of the spatial depth of UNet and the sequential depth of BiGRUs in our model
is expected to establish a new standard for medical image segmentation, especially in situations where compre-
hending dynamic biological structures is essential. This method improves the capacity of the model to make
correct predictions and makes it more useful in clinical contexts, where precise and rapid diagnosis is crucial.

Result analysis

This section presents the results of our VF classification and segmentation. Our classification model’s integra-
tion of ensemble EfficientNetV2L and LGBM achieved outstanding performance. In addition, our segmentation
model, which combined ensemble UNet and BiGRU, demonstrates remarkable results that are strongly influenced
by their performances.
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Figure 9. Schematic representation of a custom UNet-BiGRU model architecture designed for precise VF
segmentation. The model integrates UNet’s encoding-decoding structure with bidirectional gated recurrent
units (BiGRU) to enhance its ability to segment VF regions accurately.

Parameter Search space Selected value
Decay [0.01, 0.0001, 0.00002] 0.00002
Optimizer [Adam, RMSprop, Nadam] | RMSprop
Learning rate [le—4, 1e—4, 2e—4, 2e-3] 2e—4

Dropout [0.1,0.2] 0.2

Batch size [8, 16, 32, 64] 16

Stride [1x1,2x2] 1x1

Padding [Same, valid] Same

Table 4. Hyperparameter tuning experiment for segmentation task model.

Ensemble EfficientNetV2L-LGBM as classification model results

The ensemble model, which combines EfficientNetV2L and LGBM, accurately classifies four VF diseases: dys-
phonia, polyps, paresis, and carcinoma. Here, we provide a thorough summary of the VF illness categorization
outcomes.

Accuracy and loss of vocal fold disease classification

To assess the accuracy of our working model for VF illness classification, we evaluated it using several key met-
rics: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). This matrix shows
cases incorrectly predicted as positive, with False Negative (FN) representing instances incorrectly predicted as
negative. These measures are essential for evaluating the performance of a machine learning model, and helping
in precision, recall, and overall accuracy assessments. Together, these numbers reveal the accuracy of the model
in classifying the VFs.

TP+ TN
TP + TN + FP + FN

Accuracy = (25)
We successfully achieved a remarkable training accuracy of 98.88% for classifying the VFs. In addition, the
validation accuracy was 97.73%. The results emphasize the high level of accuracy attained in the classification
training and demonstrate the usefulness of our validation method. The accuracy of training and the effectiveness
of validation enhanc the strength of our categorization system. Figure 10 presents the training and validation
accuracy with number of epochs.

Regarding our pursuit of VF categorization, our reported loss is currently negligible at 0.4, where the valida-
tion loss is recorded as 0.5. Loss is a quantifiable measure of the degree to which a model’s predictions match
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Figure 10. Our proposed model, the EfficientNetV2L-LGBM classifier, has a training and validation accuracy
curve that shows the model’s convergence and generalization abilities by showing learning trends and the
relative performance of training and validation datasets.

actual values in the training data. It measures the discrepancy between forecasted and actual results. Training
aims to reduce this loss, and improve the capacity of the model to generate precise predictions. Figure 11 illus-
trates these training and validation loss with number of epochs.

Error rate curve of classification model

The error rate curve (ERC), a learning curve, is essential in machine learning to evaluate model performance
during training. The graph illustrates the correlation between the model’s training and validation error rates for
several epochs or iterations. Tracking the error rate curve helps detect problems such as overfitting and under-
fitting, assists in hyperparameter optimization, and pinpoints the optimal threshold where the model performs
well on new, unseen data. Regarding our endeavor to classify VFs, the ERC demonstrates encouraging outcomes:
a training error rate of 0.2 and a validation error rate of 0.3. Figure 12 shows the error rates in a graph as part
of our investigation.

Performance metrics measurement for classification model

Precision, recall, and F1 scores are crucial metrics employed to evaluate the efficacy of machine learning models.
Precision assesses the accuracy of optimistic forecasts by ensuring that the identified positives are positive. Recall
quantifies the ability of a model to correctly identify all relevant occurrences, explicitly measuring the propor-
tion of real positive cases that are correctly predicted. The F1 score balances precision and recall by calculating

LoglLoss Curve
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Figure 11. The classification model’s log loss representation shows the logarithmic loss metric over epochs or
iterations, giving information about the model’s convergence and predictive uncertainty during the training and
validation stages.
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Figure 12. The classification model’s error rate curve illustrates the learning trajectory and convergence of the
model by showing the evolution of the model’s performance over training iterations or epochs.

their harmonic mean. These measures are essential for understanding the efficiency of a model, especially in
activities where the precise identification of positive instances is extremely important, such as medical diagnosis
or fraud detection. They contribute to creating models that achieve an ideal balance between false positives and
false negatives. Thereby, improving the overall effectiveness and reliability. The computing formula as follows:

Precisi L 26
recision = ——
TP + FP (26)
Recall P 27
ecall = ———
TP + FN @7

F1 5 Precision * Recall (28)
score =2% —
Precision + Recall

Table 5 displaying testing precision, recall, and F1 score provides a clear visual representation of a machine
learning or classification model’s performance. Here, precision can be slightly lower than recall in this case due
to the model’s tendency to be more conservative in its positive predictions. It prioritizes accuracy in positive
predictions (precision) over capturing all positive instances (recall).

Confusion matrix of classification model

An essential machine learning tool for assessing the efficiency of a classification model is a confusion matrix.
The confusion matrix displays the actual and predicted rates for the five classes: carcinoma, dysphonia, paresis,
polyp, and healthy, offering a thorough evaluation of the model’s performance. This assessment helps to measure
the precision of forecasts in many categories, improving the comprehension of the model’s efficiency in differen-
tiating between carcinoma, dysphonia, paresis, and polyp cases. The matrix is generally structured in a tabular
arrangement with rows and columns denoting the categorized and actual classes. The yellow box symbolizes the
class most likely to generate misunderstanding, whereas the purple box represents the class that is least likely to
produce confusion. Figure 13 shows the precision of the categorization model.

Class Precision Recall Fl1-score
Carcinoma 0.95 0.98 0.97
Dysphonia 0.99 0.96 0.97
Healthy 0.98 0.97 0.98
Paresis 0.97 0.98 0.97
Polyp 1.00 1.00 1.00

Table 5. The model’s performance metrics, which exhibit precision, recall, and F1-score measurements
for each class in the VF disease classification, demonstrate how well the efficientNetV2L-LGBM classifier
distinguishes between various VF diseases.
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Figure 13. The confusion matrix of the classification model offers valuable insights into the model’s strengths
and shortcomings in categorizing various categories. It illustrates the performance evaluation by showing the
distribution of predicted versus actual class labels.

Performance measure of implemented models examined for classification model

Our ensemble EfficientNetV2L-LGBM model is distinguished by its exceptional accuracy among many machine
learning models for classifying VF disease. The performance of this classification model indicates its efficiency
and accuracy. We have effectively applied various sophisticated models to our categorization challenge, all of
which have produced impressive outcomes. Our ensemble model, which combines EfficientNetV2L with LGBM,
has proven to be a top performer. The training accuracy was 98.88%, and the validation accuracy was 97.73%,
demonstrating the strength of the proposed approach. Its outstanding test accuracy of 97.88% demonstrates
the efficiency of the classification. This significant accomplishment highlights the accuracy and dependability
of our categorization approach, particularly in the field of vocal illness diagnosis. Table 6 presents the results of
the implemented models.

10-Fold cross validation implementation for classification task

We employ a tenfold cross-validation technique to evaluate the performance of the classification model. 10-fold
cross-validation is essential for classification problems to guarantee a reliable model performance assessment. The
data were partitioned into ten subgroups, and the model was trained on nine subsets while repetitively validat-
ing the remaining subset. This procedure is iterated with distinct subgroups to mitigate variability and diminish
the likelihood of overfitting or underfitting. It offers a more dependable evaluation of model performance and
aids in efficiently adjusting the hyperparameters, resulting in a more transferable model. During the ninefold
cross-validation, we recorded a validation accuracy 98.85%, demonstrating the model’s exceptional performance
on previously unexplored data. In addition, tenfold cross-validation resulted in a training accuracy of 99.75%,
indicating that the model performed exceptionally well on the training dataset. Table 7 displays the detailed
outcomes of tenfold cross-validation, emphasizing the accuracy measurements for each fold of the dataset. These
findings highlight the model's competence in learning from data while maintaining a strong generalization ability.

Comparison of existing and proposed model results for classification task

After a thorough examination, we conducted a complete comparison of different well-established models that
were specifically developed to identify VF disease. Our primary goal in the VF categorization competition was
to attain precise and accurate outcomes. We comprehensively analyzed many cutting-edge models specifically
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Model/classifier Training accuracy (%) | Validaion accuracy (%) | Test accuracy (%)
EfficientNetV2L and XGBoost 95.68 87.39 90.43
EfficientNetV2L and SVM 96.94 93.65 93.91
ResNet50 and XGBoost 81.97 72.39 71.87
ResNet50 and LGBM 95.81 94.72 95.43
ResNet50 and SVM 87.26 82.59 81.79
ResNet50 91.33 87.48 89.12
VGGl16 68.75 65.61 65.72
VGG16 and XGBoost 58.82 49.95 51.93
VIT and XGBoost 83.45 79.16 77.77
VIT and LGBM 81.96 79.65 81.66
EfficientNetV2L and LGBM (proposed) 98.88 97.73 97.88

Table 6. Comparative analysis of validation, test, and training accuracy across various implemented classifier
models, which illustrates the generalization and performance differences among the models created for our
classifier and helps with robustness assessment and model selection. Significant values are in bold.

Fold | Training acuracy (%) | Validation acuracy (%)
1 74.82 77.62
2 86.96 84.79
3 89.21 90.56
4 92.45 92.69
5 95.65 96.08
6 96.89 96.93
7 96.65 97.78
8 98.19 97.45
9 99.55 98.85
10 99.75 97.98

Table 7. Result of our proposed model EfficientNetV2L-LGBM in image classification using k-fold cross
validation. Significant values are in bold.

developed for the classification of VF disease, drawing upon a vast body of pertinent literature. Each of these
models offers distinct and diverse techniques for classifying VF diseases, using a range of architectural designs
and scientific methods. We suggest performing a comparative analysis to evaluate the effectiveness and out-
comes of our innovative ensemble EfficientNetV2L-LGBM model compared with other existing approaches for
diagnosing VF conditions. This comprehensive study allowed us to assess the strengths and weaknesses of our
model compared to the current ones, ultimately highlighting its appropriateness for addressing the intricate issue
of VF disease classification. Table 8 presents a comprehensive overview of the several established techniques
used to classify vocal folds, along with the corresponding model and test accuracy of each proposed approach.

Reference Model Test accuracy (%)
40 SVM 82.14

a DCNN 80.23

2 ANN 83.58

s ResNet 90

a“ SVM 94.28

4 SVM 92

(Proposed) EfficientNetV2L-LGBM | 97.88

Table 8. Comparing the performance of current and suggested models for vocal fold disease classification.
Significant values are in bold.
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Results of ensemble UNet-BiGRU as segmentation model

In this section, we show the segmentation results of the UNet-BiGRU model. Key performance parameters are
shown, such as the training loss, validation loss, training accuracy, and validation accuracy. We also emphasize
the usefulness of accuracy, which is an essential metric for assessing the segmentation criteria.

Accuracy and loss of vocal fold segmentation

We have achieved a remarkable training accuracy of 92.55% in our efforts to segment VF. Additionally, our
validation accuracy was 89.87% and a practical test accuracy of 91.47%. The results successfully demonstrated
the proficiency of the segmentation training and validated its performance. Their analysis confirms proficiency
of the segmentation model in appropriately categorizing segmented items during the training and validation
phases. Figure 14 presents the traning and validation accuracy of segmentation model.

Regarding our pursuit of VF segmentation, our reported loss is currently at a negligible 0.01, while the
validation loss is recorded as 0.02. The quantitative indicator of how well a model matches the actual values in
the training data with its predictions is called the loss. It measures the discrepancy between actual results and
predictions. To improve the predictive accuracy of the model, the training process aims to minimize this loss.
Figure 15 illustrates the training and validation loss of segmentation model.

Precision curve of segmentation model

The segmentation procedure demonstrates outstanding precision, highlighting the efficiency of our approach.
The performance of the proposed model is exceptional, with a training precision of 94.67% and a validation pre-
cision of 91.63%. The high precision scores highlight the solid and consistent performance of our segmentation
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Figure 14. VF segmentation using UNet-BiGRU: training and validation accuracy curve, which shows the
learning process and generalization ability of the segmentation model by showcasing the performance trends
and comparative accuracy between training and validation sets throughout the model’s training epochs.
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Figure 15. Training and validation loss curve for the segmentation model: this figure illustrates the loss trends
for each training epoch for the training and validation datasets, showing how the segmentation model is
convergent and learning.
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model, confirming its dependability and precision. Figure 16 clearly illustrates the depiction of these precision
measurements, highlighting the effectiveness and excellence the proposed of our segmentation technique. The
segmentation procedure demonstrates outstanding precision, highlighting the efficiency of our approach. The
performance of the proposed model is exceptional, with a training precision of 94.67% and a validation precision
0f 91.63%. The high precision scores highlight the solid and consistent performance of our segmentation model,
confirming its dependability and precision. Fig. 16 clearly illustrates the depiction of these precision measure-
ments, highlighting the effectiveness and excellence of proposed segmentation technique.

Performance measure of implemented models for segmentation task testing

We have rigorously utilized several methodologies to evaluate the precision of VF segmentation. The results
indicate a positive outcome: our test accuracy is 91.47%. Furthermore, our Testing precision, a vital measure-
ment, stands out at an impressive 91.99%, indicating our segmentation process’s exceptional quality. Upon
further examination, the IOU statistic demonstrates a significant 87.46% value, highlighting the effectiveness of
our method in precisely outlining the VE The sensitivity, a crucial metric, exhibits an admirable accuracy rate of
85.76%, while the specificity achieves a remarkable value of 79.98%, indicating a comprehensive ability to differ-
entiate genuine negatives. In addition, the dice score, which measures the similarity of segmentation, is recorded
at a significant 71.52%. Combining an exceptional F1 score of 88.76% further strengthens our segmentation
model’s credibility and robustness. The results confirm the efficacy of utilizing a fusion model such as UNet and
BiGRU, emphasizing their contribution to obtaining precise and efficient VF segmentation. Table 9 presents a
comprehensive analysis of the performance measures based on several characteristics, further emphasizing our
segmentation process’s innovative and accurate quality. This thorough assessment establishes our methodology
as a significant breakthrough in the area, establishing a higher benchmark for exceptional segmentation.

Precision curve for segmentation
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Figure 16. The precision levels attained during the segmentation process are revealed by the training and
validation precision curve for vocal fold segmentation using UNet-BiGRU, which shows the precision trends
and comparative performance between training and validation datasets across model training epochs.

Model Accuracy (%) Precision (%) 10U (%) Sensitivity (%) Specificity (%) Dice (%) F1 score (%)
UNet 86.46 70.23 81.87 76.03 95.44 58.16 73.01
UNet and LSTM 87.07 72.21 83.35 79.33 91.56 57.88 75.60
DeepLabv3+ and ResNet50 89.81 89.52 65.93 80.35 92.41 62.86 84.68
DeepLabv3+ 87.35 76.59 80.21 76.77 91.52 65.22 76.67
UNet and MobileNet 78.45 82.37 61.29 76.43 96.92 33.52 79.28
ResUnet 88.46 69.42 56.92 76.85 65.78 47.03 72.94
UNet and ResNet50 88.85 75.18 82.39 81.69 86.91 65.67 78.29
UNet and ResNet101 90.89 86.85 77.63 82.95 82.82 63.69 84.85
UNet-BiGRU (proposed) 91.47 91.99 87.46 85.76 79.98 71.52 88.76

Table 9. A comparative examination of segmentation model testing results includes metrics such as test
accuracy, precision, IOU, sensitivity, specificity, dice coefficient, and F1 score. This document presents the

outcome of the segmentation task on the test set. Significant values are in bold.
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10-fold cross-validation implementation for segmentation task

Employing tenfold cross-validation for our UNet-BiGRU model was essential to thoroughly assess its segmenta-
tion performance while efficiently mitigating potential overfitting concerns. During the experiment, each fold
was used as a separate validation set to thoroughly evaluate the performance of the model on different subsets of
the data. Significantly, in fold 8, we observed promising outcomes with a training accuracy of 96.95% and a vali-
dation accuracy of 92.56%. Although these metrics demonstrate the model’s capacity to learn from the training
data, a minor decrease in the validation accuracy relative to training accuracy indicates the potential occurrence
of overfitting. Table 10 showcases the tenfold cross-validation experiment for the segmentation model and the
performance indicators for each fold. This methodology guarantee the strength and adaptability of the model
by methodically verifying its efficacy with different subsets of data.

Segmentation results representation on true mask and predicted mask

Our segmentation technique includes the production of true and predicted masks based on the original VF
data. These masks demonstrate the efficacy of the proposed segmentation approach. The segmentation process
involves breaking an image into meaningful sections, and assessing the accuracy of the segmentation models
requires knowledge of the actual and predicted masks. The model produces the predicted mask, whereas the
genuine mask serves as the ground truth by accurately segmenting the image. By comparing these masks, one can
evaluate the model’s performance and make improvements to segmentation algorithms by determining how well
it recognizes and distinguishes objects or regions inside the image. In this section, we present the segmentation
results of the UNet-BiGRU model. Key performance parameters are shown, such as the training loss, valida-
tion loss, training accuracy, and validation accuracy. We also emphasize the usefulness of accuracy, which is
an essential metric for assessing segmentation criteria. We demonstrated the precision and effectiveness of our
segmentation process by combining the original images with their true and predicted masks. This comparison
confirms the excellence of our segmentation and demonstrates its capacity to accurately define and recognize
complex structures within the VF data. Figure 17 clearly illustrates this approach, displaying input images with
their respective true and predicted masks. There are two sides in the vocal fold area, the left and right vocal folds,
with the middle space being the trachea. In the true mask, dark grey represents the trachea. Additionally, the
light grey region indicates the affected side of the vocal fold, while the white region represents the healthy side.
Similarly, in the predicted section, the green and yellow regions correspond to the predicted affected areas, and
predicted affected areas, respectively.

Comparison of existing and proposed model results for segmentation task

When comparing our segmentation work in vocal fold analysis, our UNet-BiGRU model emerges as a leading
contender, showcasing exceptional performance. Our model demonstrated its effectiveness in reliably identify-
ing vocal fold structures, with an impressive testing accuracy of 91.47%. The testing precision is an astonishing
91.99%, further highlighting the model’s capability to identify and categorize key characteristics accurately. In
addition, the IOU score, which is a crucial measure in segmentation tasks, achieves an impressive 87.46%. These
significant accomplishments demonstrate the efficacy of our segmentation method, establishing our UNet-
BiGRU model as a reliable solution for vocal fold segmentation tasks. Table 11 presents a comparison of the
segmentation studies.

Discussion

Regarding the field of healthcare, categorization of VF illnesses is a crucial matter of concern. The segment of the
vocal fold is crucial and considered essential in this undertaking. We have undertaken this dual endeavor within
our system with a clear and determined objective. We aimed to categorize five specific conditions affecting VF:
carcinoma, dysphonia, paresis, polyp, and standard VF categorization. Our method demonstrates exceptional
proficiency in identifying and segmenting diverse VF structures. By converting the image data to grayscale, we
simplified the process of extracting essential features, enabling our model to concentrate on significant visual ele-
ments while reducing the impact of color differences. To enhance the robustness of our model against overfitting,

Fold Training accuracy (%) | Validation accuracy (%)
1 35.28 32.74
2 49.65 38.54
3 56.22 48.67
4 68.57 59.69
5 79.68 72.77
6 88.47 85.33
7 92.78 87.46
8 96.95 92.56
9 95.56 90.65
10 95.84 90.89

Table 10. Accuracy of our proposed model UNet-BiGRU in image segmentation using k-fold cross validation.
Significant values are in bold.
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Input Image

Input Image
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True Mask Predicted Mask

True Mask Predicted Mask

True Mask Predicted Mask

Figure 17. The input image, matching ground truth mask, and predicted mask are displayed, illustrating
the model’s ability to correctly segment vocal folds from medical imaging data. VF segmentation results are

visualized using UNet-BiGRU.

Reference Model Improvement

i CNN-LSTM Dice 0.85, Glottis 0.91%

3 ML Sensitivity of 86%, 94%, 80%, 73%, and 76%

2 ANN Test accuracy 83.58%

& DL Sensitivity 0.85, specificity 0.85

8 SVM Dice 92.9%, sensitivity 93.5%, precision 92.6%

o FTriangNB Test accuracy 87.5%

50 UNet and ErfNet | IoU 84.7%

(Proposed) UNet-BiGRU Accuracy 91.47%, Precision 91.99%, IOU 87.46%

Table 11. Comparing the performance of current and suggested models for vocal fold segmentation.

Significant values are in bold.
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we implemented a standardization approach. This process convert the signal from each image channel into a sto-
chastic variable with an average value of 0 and a standard deviation of 1. Rigorous standardization resolved prob-
lems related to overfitting and contributed to achieving data balance, resulting in a strong and resilient model.
By utilizing the effectiveness of an Ensemble model, we combined the effectiveness of EfficientNetV2L-LGBM
for classification and utilized the capabilities of an ensemble UNet-BiGRU for VF segmentation. Analyzing the
computational time of our system uncovers intriguing observations. Our model efficiently handled an extensive
dataset of 12,810 photos in just 129.5 seconds, demonstrating its capability in the classification challenge. The
segmentation of 24,000 photos was completed in 2726.3 seconds. The extend time emphasizes the computational
requirements linked to better datasets and intricate image processing operations. These findings emphasize
the significance of enhancing the performance of our system significantly when expanding to accommodate
larger datasets and more complex tasks such as image segmentation. To improve the overall efficiency and scal-
ability of our model for demanding tasks in the future, it is essential to allocate resources efficiently and make
algorithmic improvements. We present our segmentation and classification results, demonstrating outstanding
performance for multiple criteria. Our technology demonstrates its efficacy and reliability by effectively clas-
sifying and precisely segmenting vocal folds. These findings highlight the high-level performance of our system
in segmentation and classification tasks, particularly for vocal fold analysis. Machine learning has the potential
to significantly transform the classification and division of vocal fold problems in the medical domain. Machine
learning algorithms can be trained to effectively categorize various illnesses by utilizing extensive datasets of vocal
fold photos, videos, and patient records and analyzing minor visual and auditory clues. These algorithms can
surpass previous manual procedures by offering more accurate and consistent diagnostic capabilities. Moreover,
machine learning can expedite the identification of vocal fold anomalies, resulting in prompt interventions and
enhanced patient outcomes. Automating this procedure can also relieve the workload of healthcare personnel,
enabling them to devote more attention to patient care and treatment planning. However, the use of machine
learning technology in this field holds the potential to improve the precision, effectiveness, and availability of
diagnosing and treating vocal fold problems. Combining classification and segmentation results is crucial in
improving diagnostic accuracy and healthcare for vocal fold disorders. Clinicians can better understand the
specific nature of a patient’s condition by accurately classifying different types of vocal fold pathologies based on
imaging or acoustic data. Segmentation further refines this understanding by precisely delineating the affected
areas within vocal folds. This detailed localization helps assess the extent and severity of the disorder. Together,
classification and segmentation outcomes enable more tailored treatment plans, and guide interventions such as
surgery or therapy with greater precision. A advancements in diagnostic accuracy driven by these technologies
lead to earlier detection and more personalized patient management strategies. This improves patient outcomes
by reducing misdiagnosis and unnecessary procedures and enhancing overall healthcare efficiency in the field
of vocal fold disorders. Several challenges arose as we were putting our system into operation. First of all, there
were many obstacles at the data preprocessing stage. We used advanced methods to efficiently preprocess our
data. Second, the experiments we did required significantly more rigorous hyperparameter tuning. The optimal
parameters for enhancing the performance of our model require significant trial and error. We successfully
determined which parameter values were optimal and efficient. Third, customizing the proposed model was a
challenging task. To develop an ensemble model, we added extra layers and modified them to meet our needs.
Creating an innovative, fully customized model was a challenging task. Finally, a major challenge was obtaining
our model to generate consistent results. Despite the intricacy, we persevered and could accurately ascertain
the outcomes for our system. Ultimately, these challenges have contributed to the development of robust and
workable solutions.

Conclusion and future work
Our study distinguishes itself by developing an automated system designed explicitly for VF disease classification
and VF segmentation. We have successfully classified disorders such as carcinoma, dysphonia, paresis, polyps,
and healthy VFs. Our segmentation technique effectively and precisely identifies complex VF structures. We
implemented an approach that utilized an ensemble EfficientNetV2L-LGBM model for VF disease classification
and an ensemble UNet-BiGRU model for VF segmentation. We attained significant accuracy in the categorization
process, guaranteeing meticulous identification of diseases. Furthermore, our segmentation approach achieved
exceptional accuracy, precision, and IOU, thereby introducing new and precise limits for VF structures. The
deployment of this VF segmentation and categorization method represents a substantial advancement in the
medical healthcare technology.

In the future, more datasets will be employed to automate this domain further. Additionally, video data will
be utilized to put the system into operation. More sophisticated models will be developed within this system to
identify patients with VF disorders accurately.

Data availibility
Data is available in a publicly accessible link: https://zenodo.org/records/3603185.
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