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Abstract 

The necessity for efficient breathing sound classification systems originates from respiratory 

diseases, which impair oxygen-carbon dioxide exchange and impact lung function. Feature 

extraction and pattern categorization are general components of such systems. Because of 

their effectiveness with big datasets, deep neural networks have acquired popularity recently 

in the category of breathing sounds. Enhancing medical care requires cooperation amongst 

researchers, medical professionals, and patients. An attentional deep learning model with 

inverse transform sampling is presented in this study to classify respiratory diseases from 

audio data. Robust models were developed to classify and detect respiratory elements using 

the Respiratory Sound dataset. The primary objectives include effectively determining lung 

sounds and determining respiratory illnesses. The architectures of CNN, VGG16, and 

ResNet50 were developed to extract features and categorize data. Also, the pre-trained models 

ResNet50 and VGG16 identify critical characteristics in spectrum pictures more accurately. 

Inverse transfer sampling is used to rectify class imbalance in respiratory datasets.  The 

models achieved 98% accuracy with the CNN model, 83% accuracy with VGG16, and 95% 

accuracy with ResNet50. Moreover, LSTM and CRNN models offer more information on 

how respiratory illnesses are classified. 

Keywords: Respiratory Diseases, Deep Neural Network, Inverse Transform Sampling, CNN, 

Pre-trained Models. 

Introduction 

Early detection and treatment of lung disease are crucial for reducing sickness and mortality 

rates (Khanaghavalle et al., 2023). Lung sound provides valuable information about a patient's 

pulmonary status. Physicians utilize an auscultation technique to analyze lung sounds and 

determine the type of illness affecting an organ (Shuvo et al., 2020). The ailments include 

pneumonia, asthma, and bronchiectasis. Auscultation is a non-invasive therapy that helps 

diagnose diseases faster and improves treatment efficiency (Phettom et al., 2023). However, 

the intricate nature sound characteristic might lead to loss of data and incorrect diagnosis. 

Lung sounds contain inherently non-stationary signals; thus, the existing method may not 

always provide an efficient response while acquiring sound. The stethoscope instrument used 

for auscultation is a sound channel that connects the human body's surface to the ear (Ma et 

al., 2024). Identifying sounds can be challenging owing to noise, ear sensitivity, and other 

factors that can impact diagnosis results. An automated system for identifying illnesses using 

lung sounds reduces subjectivity and provides an effective clinical diagnosis tool. 

Respiratory noises are generated by air passing through the respiratory system during the 

inhaling and exhaling process. These breathing sounds can be captured from the thorax, 

trachea, or mouth (Tsai et al., 2020). Adventitious respiratory sounds (ARS) are aberrant 
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respiratory noises that have been overlaid on normal respiratory sounds. They are divided into 

two types: continuous ARS (wheezes lasting more than 100 milliseconds) and discontinuous 

ARS (crackles lasting less than 20 milliseconds). ARS may help diagnose diseases based on 

the location, length, and strength of respiratory sounds (Phettom et al., 2023). 

Over the last decade, various research methodologies have been presented and verified 

for the automated detection of respiratory problems using respiratory auscultation sounds. 

Several methods for obtaining feature data, which include statistical features (Tsai et al., 

2020), entropy-based features (Koshta et al., 2021), wavelet coefficients, the Cepstral 

Coefficients (MFCC) (Phettom et al., 2023), spectrograms (Wang et al., 2023), and 

scalograms (Kilic et al., 2024), have been used in combination with various machine learning 

(ML) algorithms (Shuvo et al., 2020; Kili et al., 2024). 

Recent improvements in deep learning (DL) have shown promising outcomes in clinical 

settings (Shuvo et al., 2020; Ali et al., 2023). Deep learning may overcome the constraints of 

classic ML-based techniques by utilizing autonomous feature learning. In recent years, DL-

based techniques for diagnosing respiratory disorders and illnesses utilizing lung auscultation 

data have yielded promising results (Kilic et al 2024; Phettom et al., 2023). To perform 

optimally, deep networks require extensive training on large datasets. This demands a large 

amount of time and computer resources.  

In this paper, CNN VGG16, ResNet50 CRNN, and LSTML are proposed to identify 

respiratory disorders using the respiratory sound database (Ma, W.B, et al., 2023), including 

patient-independent dataset splits for training, validation, and testing. A hybrid approach for 

creating scalograms from respiratory sound signals is described, in which CWT is performed 

exclusively on the best correlated intrinsic mode function (IMF) derived from the respiratory 

sound signals' EMD. This study created a hybrid neural model that employs the focal loss 

(FL) function to address class imbalance. The purpose of this study is to create a self-

organizing, computationally efficient handmade model for automated asthma identification. 

Using the respiratory sound database, our model did well in binary categorization of the 

disease. 

Literature Review 

Previous research has extensively used machine learning and deep learning to classify 

respiratory sounds automatically. Most techniques have focused on predicting respiratory 

anomalies, such as wheezes and crackles (Khanaghavalle et al., 2023; Phettom et al., 2023; 

Kilic et al., 2024), rather than predicting respiratory illnesses directly from lung auscultation 

recordings. Recent techniques for disease classification rely on complex signal processing or 

specific CNN and RNN networks (Wang et al., 2023). Pathology-level characterization has 

been investigated at three levels: binary (healthy/pathological; Ma et al., 2024; Tsai et al., 
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2024), three-class chronic (healthy/chronic/non-chronic; Khanaghavalle et al., 2023), and 

multi-class different disease classification (Ali et al., 2023). Non-chronic diseases include 

Upper and Lower Respiratory Tract Infections (URTI and LRTI), bronchiolitis, and 

pneumonia, whereas chronic diseases include COPD, asthma, and bronchiectasis (Tsai et al., 

2024). 

Previous research has focused on identifying disorders from lung sounds and eliminating 

noise inter-ference, particularly from heart sounds (Phettom et al., 2023; Kilic et al., 2024). 

Research has con-centrated on noise removal approaches, especially for circumstances when 

heart sounds interact with lung sounds (Kilic et al., 2024; Tsai et al., 2024). These 

investigations have helped in creating noise-removal strategies and accurate illness detection 

from lung sounds to address issues of overlapping heart sounds and ambient noise. Several 

studies have been implemented for different approaches and algorithms to distinguish 

between normal and abnormal lung sounds, such as the Hough transform of spectrograms (Ali 

et al., 2023), wavelet packet decomposition (Koshta et al., 2021), adaptive com-plex in-exhale 

segmentation (Koshta et al., 2021), and time-expanded waveform analysis (Tariq et al., 2019). 

Advancements have enabled precise and automated evaluation of respiratory sounds, re-

sulting in better detection and treatment of respiratory illnesses. 

Methodology  

Data Set 

A large dataset is necessary for accurate lung sound categorization. This dataset should 

include lung sounds from as many distinct individuals as possible, regardless of age, gender, 

or respiratory health. The ICBHI 2017 Challenge (Khanaghavalle et al., 2023) was held 

during the 2017 International Symposium on Biomedical and Health Informatics. It was a 

technical competition with a breathing sound database and a defined scoring scheme. This 

collection includes annotated respiratory cycles from 126 people, totaling 5.5 hours of 

recordings. To simplify terminology, A cycle represents a patient's breathing cycle, where a 

record is an accumulation of lung sounds from an identical patient. The 126 different sounds 

were arranged into 6898 breathing cycles. Respiratory cycles varied from 0.2 to 16 seconds in 

duration. Table I shows the number of cycles observed. 

Preprocessing 

Preprocessing is an essential step preceding feature extraction and categorization. This study 

used the Band Pass Filter (Butterworth filter) to remove noise from lung sound signals (Wang 

et al., 2023). The initial stage of preparation involved reading audio recordings in.wav the 

format. The recorded sound files are imported into the library written in Python "librosa" and 

transformed into computerised signals.  Because lung noises are often polluted in the real 

world, this method employs basic noise reduction based on a band-pass filter to preserve 
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frequency band information important to lung sounds. It also suggests noise reduction 

techniques such as EMD, wavelet denoising, ICA, and so on. Segmentation. This step divides 

the recorded sound into intervals to create consistent data for training the extensive model. 

Each audio file has a respiratory cycle labelled, with problematic sounds from the lungs 

(crackles and wheezes) as 1 and others as 0. This module splits the recordings based on such 

labels. If the segment's duration is insufficient, wise padding (Anupama et al., 2024) or 

absolutely no padding is applied. 

 

Figure 1. Audio files with various stretches 

Feature extraction 

Many variables contribute to the wide range of lung sounds, including age, gender, lung 

illness, and body positioning. The feature extraction approach is critical for producing Unique 

descriptions of features for categorization. As illustrated in Figure 2, lung sound 

representations use two methods of feature extraction: classic produced extraction and deep 

learning-based extraction (Koshta et al., 2023).  

Traditional handcrafted traits comprise measurable audio signal characteristics that may 

be used to distinguish different sounds, which can be grouped into the following categories: 

(1) the time zone Features that identify information about Variations in lung sound over time 

include zero-crossing rate, root mean square, and wave surround; and (2) Harmonic-domain 

parameters such as spectral centroid, spectral roll-off, and spectral flux provide information 

regarding energy distribution over many frequency bands.  

Mel-frequency cepstral coefficients (MFCCs) are an increasingly common characteristic 

in respiratory sound detection. obtained from the Fourier transform, which may identify 

Energy distribution across several ranges of frequency (Tariq et al., 2020) (Pham et al., 2023); 

and (3) time-frequency domain characteristics, which record its Energy distribution across 

different bands of frequencies throughout time, delivering valuable insights into the dynamic 
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and lung sounds are fleeting in nature, including wavelet transform and spectrogram. It 

prioritises low-frequency components (less than 1 KHz) over high-frequency components 

(more than 1 KHz). The Mel scale represents frequency as    

𝑚𝑒𝑙(𝑓)  =  2595. 𝑙𝑜𝑔 (1 + 0)                                                                                                 (1) 

 

Figure 2. Extracting features from audio files represented with stretching. 

There are several processes to calculate the MFCC. First, framing is utilized to deal with 

non-stationary signals like lung sounds, which are deemed stationary for short time periods. 

Frames are created by segmenting the lung signal using sliding windows. Additional research 

is needed to identify the optimal frame size and shift interval. In traditional audio 

transmissions, each frame consists of 256 samples, with an overlap of 128 samples. Changing 

the frame size and overlap between frames can assist in boosting performance. For example, a 

window size of 100ms with a 20ms overlap is common, while a window size of 0.5s with a 

0.1s overlap is also effective. Additionally, the Hamming window is applied to each frame 

obtained during framing. The Hamming Window is described. 

𝐻(𝑛) = 0.54 − 0.46~𝑐𝑜𝑠 ({2\𝜋 × 𝑛} {𝑁 − 1})                                                                     (2) 

To enhance the speed of filtering, the Fast Fourier Transform (FFT) is employed to 

convert lung sounds from the time domain to the frequency domain. Creating a triangular 

window bank involves distributing a uniform triangular filter bank across the   Mel-Warped 

spectrum. The Mel-spaced filter bank is generated based on the following relationships: 

∆𝑓_{𝑚𝑒𝑙} = {𝑚𝑒𝑙(𝑓_{𝑚𝑎𝑥})}/{𝐿}                                                                                          (3) 
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𝑐(𝑙)  =  700[   10^𝑙∆ 𝑚𝑒𝑙/2595 − 1]                                                                                    (4) 

The central frequency of the triangle filter is denoted by c(l) in Hertz in the equations 

above. The output energy of each filter is determined as follows: 

𝑚(𝑙)  =  ∑_{𝑘 = 𝑜(𝑙)} ^{𝑘(𝑙)} 𝑊_{𝑙}(𝑘) |𝑋(𝑘)|                                                                    (5) 

In this study, instead of the Mel filter bank, we use a bespoke triangle filter with 

characteristics such as filter order, low frequency value, and high frequency value for the third 

triangle filter. To compute the MFCC, the logarithmic energy of the output is transformed 

using the Discrete Cosine Transformation (DCT). 

Proposed Models 

CNN model: 

Convolution is an operation between two functions or signals. It is denoted with an asterisk 

and its one-dimensional is written as: 

𝑋 𝑠(𝑡)  =  (𝑥 ∗ 𝑤) (𝑡)  =  𝑎 = −∞ 𝑥(𝑎)𝑤 (𝑡 −  𝑎)                                                               (6) 

In this study of a convolutional neural network (CNN), the first signal, denoted as x, 

serves as the input, while the second signal, represented by w, corresponds to the filter. In this 

one-dimensional scenario, t represents the time index, and a signifies the time shift value. The 

resulting output of the convolutional layer is referred to as the feature map. In the case of 

images, it is more common to employ a two-dimensional convolution, which takes a three-

dimensional matrix (comprising width, height, and color channels) as input and produces a 

corresponding three-dimensional matrix as output. The convolutional layer's parameters are a 

sequence of trainable filters that are convolved over the input's width and height, resulting in a 

two-dimensional feature map. The network will acquire filters that become activated upon 

detecting specific features. 

The mathematical rationale behind employing convolutional neural networks (CNNs) for 

audio files is well-founded. When dealing directly with audio data, the input typically consists 

of a one-dimensional signal representing the waveform’s amplitude over time. This one-

dimensional signal is denoted as x(t), with (t) representing time. 

One of the primary tasks of CNNs is the convolution process, where filters, also known as 

kernels, are applied in audio processing. Considering that k is typically smaller than w, let’s 

designate F as the filter with a size of k. The convolution operation is outlined as follows: 

(𝑥 ∗ 𝐹) =  ∑_(𝑎 = 0)^(𝑘 − 1)  𝑥(𝑡 − 𝑎). 𝐹(𝑎)                                                                      (7) 
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Figure 3. CNN designed for classifying respiratory lung sounds 

Vgg16 model: 

Convolutional neural networks, often known as ConvNets, are types of artificial neural 

networks that are artificial. A convolutional neural network consists of a training layer, an 

output layer, and several hidden layers. VGG16 is a kind of CNN (Convolutional Neural 

Network) that is regarded as one of the most powerful computer vision models to date. The 

architecture incorporates 3 x 3 filters, resulting in a substantial improvement over the previous 

layout. They increased the depth to 16-19 weight layers, yielding around 138 trainable 

parameters. 
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Figure 4. Diagram illustrating the architecture of VGG16 adapted for respiratory lung sound 

classification. 

ResNet50 

ResNet50 is a very effective image classification algorithm that can be trained on enormous 

datasets to produce cutting-edge results. Among its most significant advances is the use of 

residual connections, enabling the network to learn a set of latent functions for transforming 

input into desired output. These surviving connections allow the network to learn far deeper 

structures than previously feasible, while avoiding the problem of vanishing gradients. 

 

Figure 5.  Diagram presenting the architecture of ResNet50 customized for respiratory lung 

sound classification 
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Input: 

Let x be the input to the layer.  For an audio file, x could represent a sequence of audio 

samples. 

Linear Transformation (Fully Connected Layer): 

𝑧 = 𝑊𝑥 + 𝑏                                                                                                                              (8) 

W is the weight matrix. 

b is the bias vector. 

Activation Function 

𝑎 = 𝑚𝑎𝑥 (0, 𝑧)                                                                                                                         (9) 

a is the output after applying the activation function. 

Normalization (Batch Normalization): 

(𝑎)^  =  (𝑎 − 𝑢)/𝜎                                                                                                                (10) 

(a) ̂ is the normalized output. 

µ - mean 

σ - standard deviation 

Output: 

The output y is then passed to the next layer. 

CRNN: 

Crnn Sound Classification transforms the input audio into a spectrum using a Mel 

spectrogram, then computes characteristics using CNN and LSTM, and then classifies it using 

FC and SoftMax. 

The input parameter size is specified as (1, 2, number of seconds * sample rate). As an 

instance, given a 2-transmit wav data with 66026 samples (66026, 2) as data input, Audio 

Inference. Infer will convert it to (1,66026,1) using components (batch, samples, channel). 

This is then transformed to a Mel radio spectrum, and the output (1, 1, 128, 65), together with 

its different elements (batch, padding, bins, and times), serves as the source of data for the 

CNN. Using a similar method, the wav file (99225, 2) will be transformed to (1,1,128,97) as a 

feed to Conv. 
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Figure 6. Diagram illustrating the architecture of a CRNN (Convolutional Recurrent Neural 

Network) tailored for respiratory lung sound classification. 

LSTM: 

LSTM, a key architectural design in artificial neural networks (ANNs), finds extensive use in 

deep learning (DL) and artificial intelligence (AI) domains. Notably, LSTM integrates 

feedback connections. Current research introduces a hybrid 2D CNN-LSTM network that 

integrates the FL function to address data imbalance. This network takes respiratory cycles as 

input and categorizes them into five distinct classes. Empowering it to proficiently process 

sequential data like time series and sound signals. Unique to LSTM are its specialized 

components known as "LSTM units", which encompass the input gate (it) is mainly for the 

getting the data, output gate (Ot) is for final layer, and forget gate is for remove the unwanted 

data (%&). Moreover, LSTM units employ the sigmoid function σ. 

𝛴 =  1/1 + 𝑒^(−𝑥)                                                                                                               (11) 

Moreover, for the LSTM unit to operate effectively, it necessitates cells such as the cell 

state Ct, candidate state dt, and final output. Additionally, the procedure for the tanh function 

is given as well.                   

𝑡𝑎𝑛ℎ =  ((𝑒^𝑥 − 𝑒^𝑥))/((𝑒^𝑥 + 𝑒^𝑥))                                                                              (12) 
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Figure 7. Diagram depicting the architecture of an LSTM (Long Short-Term Memory) network 

designed for respiratory lung sound classification. 

Results 

This work's results show that lung sounds can be detected. The accuracy of lung sound 

classification is determined by the output structure and the efficacy of the algorithm or model 

utilized. 

Model performance was evaluated using standard metrics including accuracy, recall, 

Precision and F1-score geometric mean. The mathematical expressions for performance 

evaluation measures are shown below. 

𝐴𝑐 =  𝑇𝑁 +  𝑇𝑃 / 𝐹𝑃 +  𝑇𝑁 +  𝑇𝑃 +  𝐹𝑁                                                                       (13) 

 𝐹1 =  2𝑇𝑃 / 2𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁                                                                                           (14) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / 𝑇𝑃 +  𝐹𝑃                                                                                               (15) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / 𝑇𝑃 +  𝐹𝑁                                                                                                    (16) 

The table below displays the accuracy, recall, F1 score, and precision analysis of each 

model trained on a dataset for categorising lung sounds. The recall, F1 score, and Precision 

values are displayed for various train-test data splits, as percentages for each model. 
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Table 1. Classification Results of deep learning architectures, like Precision, Recall, and F1-

Score of each model 

Model pulmonary precision Recall F1-score 

CNN 

COPD 0.58 0.78 0.67 

Bronchiolitis 0.11 0.40 0.17 

Pneumonia 0.94 0.99 0.96 

URTI 0.80 0.29 0.42 

Healthy 0.11 0.40 0.17 

LSTM 

COPD 1.00 1.00 1.00 

Bronchiolitis 0.75 1.00 0.86 

Pneumonia 0.75 0.75 0.75 

URTI 1.00 0.75 0.86 

Healthy 0.82 0.69 0.75 

CRNN 

COPD 1.00 0.90 0.95 

Bronchiolitis 0.86 1.00 0.92 

Pneumonia 0.94 0.99 0.86 

URTI 1.00 0.75 0.86 

Healthy 0.82 0.69 0.75 

VGG16 

 

URTI 0.00 0.00 0.00 

Healthy 0.00 0.00 0.00 

Asthma 0.00 0.00 0.00 

COPD 0.83 1.00 0.91 

LRTI 0.00 0.00 0.00 

Bronchiolitis 0.06 0.04 0.04 

Pneumonia 0.02 0.04 0.03 

ResNet50 

 

URTI 0.00 0.00 0.00 

Healthy 0.00 0.00 0.00 

Asthma 0.00 0.00 0.00 

COPD 0.83 0.87 0.85 

LRTI 0.00 0.00 0.00 

Bronchiolitis 0.06 0.04 0.04 

Pneumonia 0.02 0.04 0.03 

 

The outcomes indicate that the performance of 5 models, CNN, VGG16, ResNet50, 

CRNN, and LSTML, fluctuates depending on the task at hand. CNN showcased its 

effectiveness in data recognition by achieving the highest accuracy rate of 98% shown in 

Figure 14.  Contrastingly, VGG16 achieved an accuracy of only 83%, shown in Figure 11, 

significantly lower than that of CNN. Despite its reputation for simplicity and effectiveness, 

the VGG16 model performed notably poorer in this specific task. While CNN excelled with 

an accuracy of 98%, VGG16 and ResNet50 also achieved respectable results of 83% and 

95%, respectively. These findings highlight the importance of model selection and 

optimization in maximizing results in machine learning projects. The LSTML model obtained 

an accuracy of 85%, as shown in Figure 8, while the CRNN model achieved an accuracy of 

87%. When all the models are compared, the CNN model outperforms all the others, 

obtaining 98% accuracy. 



Attentional Deep Learning with Inverse Transform Sampling…/ Hemanth K S 136 

 

https://jitm.ut.ac.ir/ 

 

Figure 8. Training and validation accuracy of the LSTM model 

 

Figure 9. Train and Validation accuracy of CRNN model 
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Figure 10. Training and validation accuracy of the ResNet50 model 

 

 

Figure 11. Training and validation accuracy of the VGG16 model 

 

Figure 12. Training and validation accuracy of the CNN model 
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Conclusion 

Respiratory illnesses have long had a substantial impact on human health. Proper diagnosis 

and early treatment can significantly enhance patients’ quality of life. In this study, focusing 

on lung sound classification, convolutional neural networks (CNNs) have shown promising 

outcomes in accurately categorizing respiratory sounds. The present paper proposes a method 

to recognize the sound of the respiratory system. The approach is especially beneficial for 

categorizing respiratory disorders. The identification approach first begins processing the 

respiratory sounds for respiratory cycle features, then converts the cycle to a spectrogram, and 

then classifies it with a traditional deep learning network. Finally, an analysis is done on the 

given results. By leveraging transfer learning and diversifying datasets, CNN, CRNN, and 

LSTM models can become more versatile, ultimately boosting their accuracy in identifying 

respiratory issues. This project sets the groundwork for cutting-edge diagnostic tools in 

respiratory healthcare and represents a potential advancement in early detection and 

monitoring. 
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