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Automated diagnostic systems are increasingly pivotal in advancing the
accuracy and efficiency of medical diagnostics. Due to abnormal changes in
human life and pollution, lung disease and cancer cases increasing in huge
number. Identification and prediction of lung diseases may help to increase
the human life span. This study introduces a robust framework for automatic
lung disease detection using respiratory sound signals. The methodology
brings together a series of activities like preprocessing, feature extraction,
selection, and classification to improve diagnostic accuracy. The adaptive
empirical stockwell-transform (AEST) is used to enhance the quality of the
signal, whereby extracting and refining features, mainly Mel-frequency
cepstral coefficients (MFCC), and Mel-spectrograms, are used. The scalable
convolutional geyser network (SCGN) helps to mitigate challenges posed by
imbalanced datasets, redundant features, and overfitting, ensuring reliable
classification of the features. The model is validated when using the
International Conference on Biomedical and Health Informatics (ICBHI)
dataset, which validates the performance indicators of the model (F1-score
0.94, accuracy 0.95, precision 0.93, recall 0.94). This is shown superior
performance compared to other existing models and demonstrates the
framework's ability to diagnose a serviceable and reliable medical diagnosis;
which indicates the strengths of combining advances in signal processing and
scalable deep learning (DL) in healthcare applications.
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1. INTRODUCTION

This research is focused on the use of a respiratory audio dataset for a computer-assisted classification
of chronic lung diseases, such as bronchitis, pneumonia, and asthma [1]. A common problem with any medical
diagnosis using deep learning (DL) methods is the lack of annotated datasets and background noise in the audio
recordings [2] which can result in poor DL model training and performance. DL has been used to analyze

Journal homepage: hitp://ijai.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Int J Artif Intell ISSN: 2252-8938 a 107

respiration sounds to diagnose lung disease via X-rays [3], [4]. Acoustical signal analysis and machine learning
in these samples highlights the growing importance of applied machine learning to predict and monitor the
management of respiratory diseases efficiently [5], [6]. To tackle these problems, this study proposes to
leverage the VGGish network, which has been pre-trained using a large dataset of audio known as audio set,
and combines it with a neural network known as a bidirectional gated recurrent unit (BiGRU) [7], [8]. When
training the model, VGGish parameters will be frozen in order to preserve pretraining for knowledge, while
the BiGRU layers will be finetuned with lung sound data. This study intends to create better detection of
respiratory disease [9] of lung sounds. The design addresses several issues associated with imbalanced data in
a medical application, and may improve classic detection of different lung conditions [10]. This study proposes
a new automated classification method for pulmonary disease detection from signals extracted from lung
sounds which uses empirical wavelet transform and state-of-the-art feature extraction [11]. This approach
employed several classifiers, including the use of light gradient boosting machine (LGBM), which leads
applicable high detection across disease classification, such as asthma, pneumonia, and chronic obstructive
pulmonary disease (COPD) [12].

Technical contributions: i) developed a novel preprocessing method (adaptive empirical stockwell-
transform (AEST)) to enhance respiratory sound signals. ii) utilized Mel-frequency cepstral coefficients
(MFCC) and Mel-spectrograms for effective feature extraction and selection. iii) introduced scalable
convolutional geyser network (SCGN) for accurate lung disease classification. iv) ensured robust, scalable
performance with real-world applicability using International Conference on Biomedical and Health
Informatics (ICBHI) dataset.

2. LITERATURE REVIEW

Various simulation tools and research works have previously existed in the literature that is based on
the artificial intelligence (Al) framework for multi-stage lung disease detection with audio signals [13]-[15].
It incorporates lung cancer with computed tomography (CT) images enhancement, extraction of features,
categorization using region of interest (ROI), and recurrent neural network (RNN)-long short-term memory
(LSTM) DL model [16]. The proposed method achieves high accuracy, outperforming existing approaches in
disease detection.

It is shown a multichannel DL method for using chest X-rays to identify lung conditions like
pneumonia and tuberculosis [17]-[19]. The method fuses feature from EfficientNetBO, B1, and B2 models,
processes them through fully connected layers, and classifies diseases using a stacked ensemble learning
classifier. Wiley et al. [20] have proposed DL architecture that classifies lung conditions and normal X-rays
pulmonary edema. Wang ef al. [21] have proposed a new framework that divides continuous recordings into
discrete events for lung sound lung texture classification event detection like inhalation, crackles, and rhonchi
utilizing a temporal convolutional network (TCN) combined with a fusion strategy.

3. PROPOSED METHODOLOGY

Figure 1 represented the proposed methodology for automatic lung disease detection involves four
key stages: preprocessing, feature extraction, feature selection, and classification. Respiratory sound signals
are preprocessed using the AEST, followed by the extraction of MFCC and Mel-spectrograms. The selected
features are then classified using a SCGN, which addresses challenges like imbalanced datasets and ensures
accurate results. SCGN used for classification and geyser inspired optimization algorithm (GOA) used. The
dataset used for experimentation is I[CBHI.

3.1. Dataset exploration

The lung sound classification with multi features [22] includes lung sound recordings for pulmonary
diseases, lasting 10 to 90 seconds and sampled at different frequencies. The ICBHI dataset is widely recognized
as one of the datasets in the area of medical health information, especially used by people researching
respiratory pulmonary sound analysis. It was originally created as part of the ICBHI 2017, to help advance the
development of machine learning and classification for the diagnosis of breathing conditions. The dataset
includes a variety of sound recordings collected from 128 patients with a range of different pulmonary
conditions, such as COPD, asthma, bronchiectasis, and upper respiratory tract infections.

3.2. Signal preprocessing enhancement through AEST

Lung ultra sound spectroscopy [23] improves respiratory signal quality through adaptive windowing,
which tweeks the window size but is still based on the local frequency content. This is a perfect methodology
for non-stationary signals, since is permits variable frequency detection. The AEST is also superior to the
short-time Fourier transform (STFT), as it provides a better time-frequency representation of representation.
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It captures transient features and is resistant to noise. This adaptability is crucial for analyzing complex
respiratory sounds. By using lung sound signals diseases may be classified and predicted. Variations in lung
sounds may depend on the health conditions and age of the patients. The Gaussian window s[(i(t)] can be
represented as signal consideration with respect to the initial time period i(t) is shown in (1).

2m2x2

s[A®O] = [ I(a+te 7 edt )

Where ‘I(a +t)’ is the time-shifted signal, ‘f” is the frequency index, ‘a’ is the shifting of the signal with
respect to the time period ‘t’, ‘X’ is a positive variable to identify the signal differences according to the time

slots to identify the lung disease severity in patients, ‘w’ is the wavelength of the generated signal with respect
2m?x?
to the initial time period ‘i(t)’ and the term ‘e” 2 ’ represents the frequency-dependent Gaussian window.

Figure 1. Overall proposed methodology schematic representation

3.3. MFCC and Mel-spectrum for audio signal feature extraction

The process begins with extracting audio from a video file. Once the audio is extracted, MFCC is
computed using a library like librosa. Mel-spectrograms capture temporal changes in pitch and other audio
properties, allowing the model to be resilient to noise [24]. The signal variations with respect to the time period
are shown in (2).

Teombine = concentrate(Tmfcc, Tme,) 2

Where, ‘Tcompine denotes the Combined signals, ‘concentrate’ represents to connect two pictures along their
height, ‘T ¢’ denotes the MFCC features and ‘Ty,e;” denotes the Mel spectrum. All features extracted from
the cluster kernel Reed-Xiaoli (CKRX) model.

3.4. SCGN for optimized classification

The SCGN is an optimized DL [25] architecture designed for efficient and accurate classification of
respiratory sound signals. SCGN has been designed as an ideal architecture for high-dimensional datasets where
classification is a primary goal. SCGN enables efficient computational performance via its use of scalable
convolutional layer(s), which allow for systematic hierarchical analysis of input data. Furthermore, SCGN
employs a dynamic scaling method to determine the amount of depth and complexity to use for specific
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classification problem solving. SCGN leverages geyser-type activation functions as a means of mitigating both
vanishing gradients and gradient propagation issues when constructing deep networks.

3.4.1. Scalable convolutional neural network

The enhancement of the audio signal that’s targeted for future aspects, such as recognizing the
prevalent features in a sample of audio, is a method of improving the audio signal through AEST preprocessing.
Feature extraction uses Mel-spectrograms and MFCC to extract relevant features of the audio/sound sample to
reach a point where you can classify the feature and classify the sample with SCGN which has been proven to
be effective for classification of lung diseases. The architecture of the SCGN is defined by the activation
function of the exponential linear unit (ELU). It is defined in (3).

xif x>0

ELUGx) = {e" —1ifx<0 3)
Where ‘X’ is is a positive variable to identify the signal differences according to the time slots to identify the
lung disease severity in patients.

The output is the same as the input for positive values of ‘x’. The output is calculated by term
‘e®* — 1’ for non-positive values of ‘x’, where the exponential function ‘€*’ is used on the input. The
classification of audio signals from lung disease through the use of an output layer identifies those audio signals
as trachea (Tc), posterior left (P1), and many other categories. The inclusion of this layer will help to reduce
the problem of imbalanced datasets and training instability. The architecture presented in the implementation
can effectively classify the complex medical audio signals of lung diseases accurately.

3.5. Geyser-inspired optimization algorithm

The GOA is a natural analogue for optimization that takes its inspiration from how geysers behave
when they erupt and uses those principles to identify optimal solutions. The GOA uses the periodic behavior
and riskiness of geyser eruptions to solve difficult problems by taking advantage of the way pressure builds up
in a geyser before releasing that pressure. The way the GOA mimics the cyclical building-up-and-release of
pressure in geysers also gives it the ability to continuously escape from local optima, using continuous
processes to help it explore the entire global space. The GOA is designed to incorporate randomness, which
allows it to avoid falling into local optima repeatedly and to explore the width of the global solution space. The
cyclical character of the GOA process also ensures that there will be a balance between the time spent learning
about the optimal solution and the time spent exploiting the optimal solution in the optimization process.

4. RESULTS AND DISCUSSION

The approach of detecting lung impairment utilizes AEST-extending audio, MFCC-based audio
features, and a robust and scalable SCGN reinforced with ResNext. Testing was conducted using the ICBHI
dataset, with phase-2 demonstrating reliable, scalable, accurate, and robust diagnostics. The SCGN was
combined with the ResNext sliding double partial reinforcement network to address imbalanced datasets and
unstable training, acting to create a framework that was both robust and reliable in classification output. System
requirements included Python 3.12.7 and high computational capacity, and a stable model evaluation was
established based upon system certification of 20 epochs, indicative of both the possible scalability alongside
operational viability in appropriate medical diagnostic practice. Attention forward is now to the application of
framework characteristics to either yield practical or efficient possibility within the medical diagnostic.

4.1. Feature extraction results of two audio files

Figure 2 might depict the features extracted from Figure 2(a) audio file 1 and Figure 2(b) audio file 2
(e.g., frequency, amplitude, or other spectral characteristics) from the two audio files. The x-axis for both
graphs might depict time (or frequency), while the y-axis might depict magnitude (or other features). Figure 3
might depict the optimization process of fine-tuning a model's parameters to minimize errors or maximize
performance. An optimization method could be a gradient descent method (there's many variants of gradient
descent such as stochastic gradient descent, mini-batch gradient descent). This would iterate over the model,
only updating the weights based on the gradient direction of the cost function. There are other optimizers that
would utilize a notion of momentum which might smooth updates and help escape local minima during
optimization "fine-tuning". There are also regularization parameters (e.g., weight decay) that can help prevent
overfitting, and those would just cause the optimizer to also consider weight decay while optimizing the model.
There will be graphs that depict the metrics during training that show metrics indicating the loss is decreasing,
or the accuracy, for example, is increasing over each epoch of training.
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Figure 4 gives a comparison of the SCGN model against the other models such as artificial neural
network (ANN), deep learning convolutional neural network (DLCNN), and linear wave neurons (LWN).
SCGN demonstrates very good performance according to the data shown: Fl-score=0.94; accuracy=0.95;
precision=0.93; and recall=0.94. The next best performer is the DLCNN model with an accuracy of 0.88 in all
four metrics listed. The third best performer is the LWN model, which performed moderately at an accuracy
of 0.82. The ANN model performed the worst, with an accuracy of 0.75, indicating that this model is not as
effective as the other three. Figure 5 illustrates the results of training and validate comparison after 20 epochs.
Figure 5(a) shows training accuracy=0.95; testing accuracy=0.97; this shows very good fit for both training
and test data. Figure 5(b) shows training loss=0.91; testing loss=0.85 demonstrating very good generalization.
Table 1 describes the frequency ranges and key characteristics of lung sounds recorded from different
anatomical locations. Each site is associated with specific sound patterns, such as pitch, frequency, and an
adventitious sound like wheezing or crackles.
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Table 1. Dataset classes identification with audio frequency

Classes Frequency range (Hz) Key characteristics
Anterior left (Al) 150-800 Lower amplitude, consistent inspiration/expiration cycle
Anterior right (Ar) 150-800 Balanced amplitude between inhale/exhale
Lateral left (L) 100-1,000 Higher frequency components, wheezing often detected
Lateral right (Lr) 100-1,000 Presence of crackles, variability in duration
Posterior left (P1) 80-1,200 Lower pitch sounds, possible adventitious sounds
Posterior right (Pr) 80-1,200 Bronchial sound dominance, noise sensitivity
Trachea (Tc) 200-2,000 High-frequency components, turbulent airflow sounds

4.2. Evaluation metrics

Precision is an evaluation metric that measures the proportion of correctly identified positive instances
out of all instances predicted as positive. Recall, also known as sensitivity or true positive rate, calculates the
proportion of actual positive instances that were correctly identified by the model. The F-measure, or F1-score,
is the harmonic mean of precision and recall, providing a single score that balances both metrics. Mean absolute
error (MAE) measures the average magnitude of errors between predicted and actual values, without
considering their direction. Root mean square error (RMSE) provides a measure of error that gives higher
weight to large deviations due to its squaring of errors before averaging.

In Table 2, the evaluation matrixes highlight effectiveness of proposed lung disease detection model,
with accuracy of 96.2% and area under the curve (AUC) of 0.98, indicates classification performance. With a
low MAE of 0.08 and a low RMSE of 0.12, this model provides excellent accuracy. By achieving an F1-score
that's greater than 96.1%, this AI model will prove to be highly successful in a practical context; thus, it has
great application potential.

Table 2. Evaluation metrics

Number of folds Metric Lung disease detection model results
Fold 2 Accuracy (%) 96.2
Fold 4 Precision (%) 95.8
Fold 6 Recall (%) 96.5
Fold 8 F1-score (%) 96.1
Fold 10 MAE 0.08
Fold 12 RMSE 0.12
Fold 14 MAPE (%) 25
Fold 16 AUC 0.98

5.  CONCLUSION

This research proposes a novel approach to Al-based multi-stage diagnosing methodology, detecting
lung diseases with audio signals captured from respiratory sounds, using sophisticated signal processing
capabilities, combined with advanced neural networks designed for easy scalability. The use of the AEST for
the preprocessing phase of data input into the framework and the combination of MFCCs and Mel-spectrograms
in the feature extraction phase has resulted in the enhancement of the ability to discriminate respiratory sounds.
The SCGN, which was deployed with a geyser-like optimization strategy, has proven to be a very effective
approach to many of the issues associated with the detection of lung disease, including noise, the non-stationary
nature of the signal, the problems of dealing with an unbalanced dataset, and the instability of the training
procedure. The experimental evaluation using the ICBHI dataset demonstrated high diagnostic performance,
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with accuracy, precision, recall, and F1-scores exceeding that achieved using traditional approaches such as
ANN, LWN, and convolutional neural network (CNN). Additionally, the excellent training-validation behavior
indicates considerable generalization ability for the proposed framework, indicating that it is ready to be
deployed in a clinical setting. Overall, the results confirm that the combination of adaptive time-frequency
analysis and scalable deep neural architectures represents an efficient pathway to an automated diagnosis of lung
disease using audio analysis. Future work will involve integrating multimodal data to improve the accuracy of
diagnosis and the number of patients covered, as well as the ability to implement the system in real time.
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