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Abstract: This study proposes a deep learning-based framework for the automated detection of asthma and chronic 

obstructive pulmonary disease (COPD) using respiratory sound analysis. Breath sound recordings are preprocessed 

through resampling, silence trimming, and Wiener filtering to enhance signal quality. Short-Time Fourier Transform 
(STFT) is employed to convert audio signals into spectrogram representations, which are further augmented using time 

masking, frequency masking, and time warping to improve model generalization. The proposed model utilizes 

EfficientNet with multi-scale feature fusion to capture both local and global patterns in respiratory sounds. 

Experimental results demonstrate that the proposed approach achieves superior performance, with an accuracy of 

99.21%, sensitivity of 99.56%, and specificity of 100%, outperforming existing CNN, ResNet, and SVM-based 

methods. The findings indicate that the proposed method is a reliable and efficient tool for non-invasive respiratory 

disease diagnosis. 

 

Index Terms: Chronic Obstructive Pulmonary Disease, Wiener Filtering, Silence Trimming, Spectrograms, 

EfficientNet. 
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1. Introduction 

Respiratory infections range from mild, self-limiting ailments like the common cold, influenza, and pharyngitis to 

more serious conditions like lung cancer, severe acute respiratory syndromes, bacterial pneumonia, pulmonary 

embolism, tuberculosis, acute asthma, and COPD, and can cause a wide range of symptoms. The main symptoms of 

COPD, a chronic, progressive respiratory disease, include breathing problems, increased sputum production, persistent 

coughing, and limitation of airflow. When COPD is at its worst, it drastically lowers quality of life, makes it harder to 

work, and can even cause disability. Over 300 million individuals worldwide suffer from COPD, and by 2030, this 

figure is predicted to increase even more [1]  
First, early symptoms of COPD match those of other respiratory disorders, leading to frequent misdiagnoses or 

delayed discovery. Second, a large number of identified individuals do not receive adequate therapy, which hastens the 

course of the disease and causes serious consequences. Finally, the problem is made worse in some areas by the unequal 

distribution of medical resources, which hinders prompt diagnosis and treatment. New opportunities for the early 

detection and categorization of COPD have been made possible by recent developments in machine learning and deep 

learning. Particularly when processing and analyzing pulmonary sound data, machine learning algorithms examine 

enormous datasets to find trends and provide predictions. These methods help doctors distinguish between patient 

subgroups and diagnose COPD more accurately. Machine learning removes the subjectivity frequently seen in human 

judgment by developing and testing models on large respiratory sound datasets [2].  

Support Vector Machines (SVM), Neural Networks (NN), and Random Forests (RF) are popular machine learning 

techniques. However, the lack of COPD samples and class imbalance may cause overfitting and misclassification in 

typical machine learning techniques. Deep learning methods perform better when managing complicated medical data 
than traditional machine learning techniques. They improve classification accuracy and diagnostic precision, making 

them useful tools for doctors to use when making decisions about pulmonary disease prediction. Convolutional neural 

networks (CNN) and long short-term memory (LSTM) networks are two examples of deep learning frameworks that 

have become well-known as important techniques for COPD diagnosis. These algorithms may efficiently extract 

important patterns without depending on conventional handcrafted features by utilizing massive datasets of respiratory 

sound recordings and spectrogram images. [3].  

Historically, expert-driven knowledge-based systems or Pulmonary Function Tests (PFT) were used to diagnose 

COPD. These methods required meticulous image processing to accurately identify the condition. However, using chest 

X-rays for clinical diagnosis in emergency situations—like a heart attack, asthma attack, or severe respiratory distress—

takes a lot of time and money and can even be dangerous. Furthermore, large datasets of high-resolution X-ray pictures 

are necessary for AI-driven image identification systems, but these can be challenging to reliably acquire.  For quick 
COPD identification, a more approachable and resource-efficient method is needed to overcome these obstacles. An 

automated system that uses respiratory sound analysis to diagnose COPD is one potential method [4]. For diseases like 

heart disease, asthma, and COPD, the internal noises made by organs like the heart and lungs have important diagnostic 

significance. Both patients and medical professionals can profit from the very effective, self-sustaining diagnostic tool 

made possible by automating the categorization of these sounds. Future iterations of this system may include 

microphones and smart devices, allowing for continuous real-time monitoring of breathing noises to anticipate possible 

instances of COPD. Drug development, illness prediction, and medical imaging have all benefited greatly from deep 

learning, a specific area of machine learning built on artificial neural networks. Its use in lung sound classification 

continues to expand, giving automated feature extraction and training capabilities that minimize human effort while 

enhancing classification speed and accuracy. Designing the best deep learning architectures, improving model 

performance, and making the most of extracted features to increase diagnostic reliability are still difficult tasks [5].  
Recent advances in deep learning, particularly convolutional neural networks (CNNs), have enabled automated 

feature extraction from spectrogram representations. Despite these improvements, most existing approaches utilize 

single-scale feature representations, limiting their ability to capture both fine-grained spectral variations (e.g., wheezes, 

crackles) and broader temporal patterns. Additionally, respiratory sound datasets often suffer from noise and variability, 

necessitating robust preprocessing and augmentation strategies. To address these limitations, this study proposes a 

multi-scale feature fusion framework based on EfficientNet for respiratory sound classification. The method integrates 

advanced preprocessing, STFT-based spectrogram generation, and task-specific augmentation techniques to enhance 

model robustness. By extracting and fusing features from multiple hierarchical layers, the proposed approach captures 

both local and global acoustic patterns, leading to improved classification performance. 

The contribution of this work lies in the design of a unified deep learning framework that integrates multi-scale 

feature extraction within the EfficientNet architecture for respiratory sound classification. Unlike conventional 

approaches that rely primarily on single-scale or final-layer representations, the proposed method systematically fuses 
intermediate hierarchical features to capture both local and global acoustic patterns. This is complemented by a 

structured preprocessing and augmentation pipeline tailored for respiratory sound variability, resulting in improved 

robustness and classification performance. 

The remainder of the article is organized as follows: Section 2 gives the literature review, Section 3 defines the 

methods and materials, Section 4 details the results, and lastly, Section 5 provides the conclusion. 
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2. Literature Survey 

The use of artificial intelligence in medicine has been the subject of several clinical trials in recent years. 

Hospitalization rates, disease-related mortality, overall patient satisfaction, the frequency of medications given to 

patients, and changes in pulmonary function and their impact on quality of life have all been the subject of these studies. 

Patients with COPD have received special attention within this section [24]. 

The effectiveness of this approach was evaluated on an open lung sound database across different benchmark 

settings, showing strong statistical correlations with existing methods. Prakash et al. introduced a structured framework 

for lung sound data preprocessing, using noise filtering techniques to extract relevant features. After this preprocessing 
step, the model identifies and extracts key characteristics from lung sounds, which are then used to train the system 

based on these features. These features include the constant-Q transform, short-time Fourier transform, and Mel-

frequency cepstral coefficients. The framework classified diseases including COPD, healthy lungs, upper respiratory 

tract infections, bronchiolitis, and pneumonia with 95.48% accuracy, 89.0% sensitivity, and 98.0% specificity [6].Chen 

et al. introduced a unique approach for recognizing wheeze, crackle, and normal respiratory sounds by merging the 

optimal S-transform (OST) with deep residual networks (ResNets). The suggested OST is first used to analyze the raw 

respiratory sounds, producing spectrograms that are subsequently rescaled for the ResNet model to use. By improving 

feature extraction and classification, the deep residual learning method successfully differentiates between various 

respiratory sound patterns. This approach offers a dependable solution for telemedicine and e-health applications in 

respiratory illness detection as OST enhances the unique properties of wheezes, crackles, and other respiratory sounds 

while ResNet learns discriminative qualities. Furthermore, comparisons show that this approach outperforms empirical 

mode decomposition-based artificial neural networks (ANN) by 4.63% and deep learning-based ensemble CNN models 
by 3.23% in classification performance [7].Mohammed presented the Optimal Asthma Disease Detection using Hybrid 

Machine Learning (OADD-HML) approach, an improved asthma detection system using speech inputs. By examining 

changes in the signal pattern in relation to normal and abnormal breathing frequencies, this method makes use of the 

Improved Weed Optimization (IWO) algorithm for the identification and prediction of asthma. Additionally, the study 

uses a Deep Q Neural Network (DQNN) for classification after employing an Enhanced Hunting Search (EHS) method 

for feature extraction and selection. Crackle noises, regular speech, and asthma are all recognized using the DQNN 

model. Based on measures for accuracy, sensitivity, and specificity, experimental evaluations showed how well the 

approach classified various respiratory diseases. OADD-HML performs better than current state-of-the-art methods 

when comparing asthma and non-asthma categories [8].For the categorization of pulmonary diseases, Neili used a deep 

residual network (ResNet)-based model with three distinct architectures (ResNet-50, ResNet-101, and ResNet-152). As 

inputs for the ResNet models, the study used gammatonegram representations, which transform lung sounds from one-
dimensional data into two-dimensional pictures. Three pulmonary conditions were classified using the ICBHI database: 

pneumonia, COPD, and healthy lungs. According to the results, the classification accuracies of ResNet-50, ResNet-101, 

and ResNet-152 were 90.37%, 89.79%, and 67.57%, respectively. These results demonstrate how deep residual 

networks may be used to reliably diagnose lung conditions [9]. 

To guarantee prompt medical action, Raghuram and Radhika underlined the significance of correctly diagnosing 

lung cancer and COPD. Their study concentrated on employing chest X-ray images for accurate illness categorization 

since differentiating between these two severe chest disorders is essential for successful therapy. Recurrent neural 

networks (RNNs) are used in the suggested strategy to improve radiograph feature extraction and classification 

accuracy. The program efficiently detects changes in lung architecture, including the development of tiny lobes or 

thickened capillaries in the respiratory system, by examining chest X-ray information. This method performs better in 

identifying and distinguishing respiratory disorders than traditional lung imaging approaches [10]. 
Despite significant advancements in machine learning and deep learning for respiratory sound analysis, several 

challenges remain unresolved. Existing approaches often rely on single-scale feature extraction, which limits their 

ability to simultaneously capture fine-grained acoustic signatures (such as wheezes and crackles) and broader temporal 

patterns present in respiratory signals. Furthermore, many models are sensitive to noise and variability in recording 

conditions, as they lack robust preprocessing and augmentation mechanisms. Another key limitation is that 

conventional CNN-based architectures typically utilize only high-level feature representations, potentially overlooking 

important intermediate features that contain valuable diagnostic information. Additionally, class imbalance and limited 

dataset diversity can lead to overfitting and reduced generalization performance in real-world clinical scenarios. 

Therefore, the research gap lies in the development of a robust, noise-resilient deep learning framework that effectively 

integrates multi-scale feature representations while improving generalization across diverse respiratory sound 

conditions. To address this gap, this study proposes a multi-scale feature fusion approach based on EfficientNet, 

combined with advanced preprocessing and spectrogram augmentation techniques, to enhance classification accuracy 
and reliability. 
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3. Methods 

The suggested technique seeks to construct a robust asthma diagnosis system utilizing deep learning by exploiting 

multi-scale feature fusion with EfficientNet. The process begins with audio acquisition, where breath sounds are 

captured in .wav format. Given the inherent noise in real-world recordings, preprocessing is conducted to boost signal 

quality. In order to minimize background noise while maintaining crucial breathing patterns, Wiener filtering is used for 

adaptive noise reduction. Furthermore, resampling standardizes the data for uniformity across all samples, and quiet 

trimming eliminates superfluous pauses. The feature extraction stage uses STFT to transform the 1D audio samples into 

2D spectrogram representations after preprocessing. The generated spectrograms are normalized to improve feature 
consistency and subsequently converted into a dB scale to increase contrast. Since deep learning models perform well 

with image-based inputs, the spectrograms are processed as pictures, enabling convolutional networks to capture 

detailed breathing patterns. Techniques for spectrogram augmentation are used to further improve the resilience of the 

model. By creating artificial occlusions in the spectrogram, time masking and frequency masking mimic real-world 

aberrations and enhance generalization. In order to keep the model invariant to slight temporal shifts in breath sounds, 

time warping is utilized to introduce variations in time. The heart of the model employs EfficientNet, a state-of-the-art 

CNN noted for its efficiency and great performance. Multi-scale feature fusion is used rather than just the last few 

layers of EfficientNet. To ensure that both local and global respiratory patterns contribute to the classification decision, 

features are extracted from multiple hierarchical blocks of EfficientNet, capturing both fine-grained and high-level 

representations. These feature maps are then resized to a common dimension using either convolutional downsampling 

or bilinear upsampling. The fused feature maps are then fused using weighted summation or concatenation, and a 

bottleneck projection layer (1x1 convolution) is added to reduce the dimensionality of the fused features while 
maintaining their vital characteristics. An adaptive weighting technique can then further improve the retrieved features 

once this compact representation has been run through global average pooling (GAP) or attention pooling. The last step 

involves applying a dense classifier with dropout and fully connected layers, followed by either a sigmoid function for 

binary classification (asthma vs. normal) or a softmax activation for multi-class classification. A final probability score 

that indicates whether a particular breath sound is indicative of a healthy person or an asthmatic is produced by the 

model. This method successfully combines deep learning-based classification, multi-scale feature extraction, and 

preprocessing to provide an asthma detection system that is both extremely accurate and effective. The suggested 

method's block diagram is displayed in Fig.1. 

 

 

Fig. 1. Block diagram of the proposed method. 

3.1. Preprocessing 

Preprocessing plays a significant role in guaranteeing the quality and reliability of breath sound categorization. 

Feature extraction may suffer from the presence of background noise, silence, and fluctuating sample rates in the raw 

audio signals. Wiener filtering is used for adaptive noise reduction to overcome these problems, improving data clarity 

while maintaining essential breathing rhythms. Silence reduction reduces unwanted pauses, ensuring a more informative 

signal representation. After that, the audio is resampled (for example, to 16 kHz) to ensure uniformity over all samples. 

When taken as a whole, these actions increase the spectrogram features' quality and classification accuracy.   

3.1.1.Wiener Filtering for Noise Reduction 

A popular method for adaptive noise reduction, especially in speech and biomedical signal processing, is Wiener 

filtering [11,12]. The way it works is by reducing the mean square error (MSE) between the initial noisy signal and the 

anticipated clean signal. Let      be the observed noisy signal in the frequency domain.      be the clean signal.      

be the noise component.      be the Wiener filter response. 
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(1) 

 

where:       is the power spectral density (psd) of the clean signal,       is the PSD of noise. The estimated clean 

signal is then obtained by applying the filter: 

 

  ̂               (2) 

3.2. Feature Extraction 

In this study, STFT is used to convert the 1D audio signal into a 2D spectrogram, capturing both time and 

frequency domain information. The spectrogram is then further normalized to a decibel (dB) scale to enhance feature 

contrast. The spectrogram is treated as an image to make the extracted features compatible with deep learning models, 
allowing CNNs to effectively learn spatial and spectral patterns. Feature extraction turns preprocessed breath sounds 

into meaningful representations for classification. 

3.2.1. Short-Time Fourier Transform (STFT) 

Breath sounds are examples of non-stationary signals that may be analyzed using the STFT, a basic approach that 

converts time-domain data to time-frequency domain signals [13,14,15]. The STFT divides the signal into small, 

overlapping segments called windows, allowing for a targeted frequency analysis over time, in contrast to the classic 

Fourier Transform, which only offers the frequency content of the full signal. In order to preserve time-dependent 

frequency fluctuations, each segment is then examined independently using the Fourier Transform. The STFT is 

mathematically defined as: 

 

        ∫                   

  
dτ (3) 

 

where:       represents the STFT output at time ttt and frequency  . x(τ) is the original time-domain signal. w(τ−t) is a 

window function applied to isolate a segment of the signal.        is the Fourier Transform operation applied to the 

windowed segment. 

3.3. Normalization  

In the context of lung sound analysis for asthma detection, normalization helps mitigate variations caused by 

different recording conditions, microphone sensitivities, and patient environments. Normalization is an essential 

preprocessing step in audio processing that ensures consistency in signal amplitude across different recordings 
[16,17,18]. It is especially pertinent when working with spectrogram-based machine learning and deep learning models, 

as inconsistent amplitude levels can negatively impact feature extraction and classification performance. One popular 

normalization technique is min-max normalization, in which the amplitude values are scaled to a fixed range, usually 

between 0 and 1 or -1 and 1 [19,20]. This keeps certain recordings from being overemphasized by using higher volume 

levels by guaranteeing that all audio samples have the same amplitude range. Normalization is frequently used for 

spectrogram-based representations in the decibel (dB) scale, where log compression is used to transform the 

spectrogram values to a logarithmic scale. This change lessens the prominence of louder components while highlighting 

lower-intensity noises, such as mild lung abnormalities. 

3.4. Spectrogram Augmentation 

In deep learning for audio and biomedical signal processing, spectrogram augmentation is a potent strategy that 

increases resilience to real-world fluctuations, decreases overfitting, and improves model generalization[13, 21]. It 
entails altering audio signal spectrogram representations to mimic various distortions, increasing the model's 

adaptability to a range of input circumstances. Applications such as voice recognition, music analysis, respiratory sound 

categorization, and asthma detection benefit greatly from this method. An audio signal's time-frequency representation 

created with STFT is called a spectrogram. Augmentation methods change these representations without changing the 

semantic content of the underlying audio signal since deep learning algorithms frequently regard spectrograms like 

pictures. The SpecAugment framework consists of the three most popular spectrogram augmentation techniques: time 

masking, frequency masking, and time warping. 

Time masking is the process of choosing a section of the spectrogram at random along the horizontal axis of time 

and substituting it with a tiny constant or zero values. By simulating real-world distortions like signal dropouts or 

intermittent noise, this enables the model to learn to identify important audio patterns even when portions of the signal 

are absent. By masking the random frequency range, this strategy keeps the model from depending too much on any one 

frequency component. This is particularly helpful in biological audio applications, such as lung sound analysis, because 
various patient states naturally cause frequency changes. Time warping simulates changes in breathing patterns or 

speaking pace by softly compressing or stretching portions of the spectrogram along the time axis. This improves the 

model's capacity to accommodate varying respiration rates and speaking speeds. 
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3.5. Time Warping in Audio Processing 

A popular data augmentation method in speech and sound analysis is time warping, which introduces temporal 

fluctuations in the input signal to improve model resilience [22]. Time warping alters the temporal dynamics of an audio 

signal without changing its frequency content, which is relevant for utilizing lung sound spectrograms for asthma 

identification. This helps ML and DL models generalize better by making them invariant to modest differences in 

breathing pace and rhythm. Time warping is the process of stretching or compressing specific spectrogram segments 

along the time axis by applying random time distortion or dynamic time warping (DTW). This guarantees that the 

model learns significant respiratory properties rather than overfitting to certain temporal trends [23]. Time steps within 

the spectrogram are often selectively deformed while preserving the general structure of the audio stream using spline-

based interpolation or time interpolation methods. Time warping aids the model in learning invariant properties 

throughout the range of breathing rates, pauses, and abnormalities that patients may display while detecting asthma. For 
instance, the model will identify the same wheeze pattern even in the presence of temporal distortions if a spectrogram 

representation of a wheezing sound is significantly time-warped. 

3.6. Mathematical Model for Multi-Scale Feature Fusion with EfficientNet 

In the proposed framework, feature fusion is performed through concatenation of multi-scale feature maps, 

followed by dimensionality reduction using a 1×1 convolution. An attention mechanism is then applied to refine the 

fused representation by adaptively weighting spatial features. Weighted summation is not used as an alternative fusion 

strategy but as part of the attention-based refinement stage. Let the input spectrogram be denoted as: 

 

          (4) 

 

Where T is the number of time steps, F number of frequency bins, C is the number of channels (1 for grayscale, 3 

for RGB spectrogram). Let EfficientNet consist of L stages. We extract intermediate features from selected stages 

l1<l2<l3 {1,2,...,L. The feature maps from each selected stage are: 

 

    
    

, i {1,2,3} (5) 

 

Where    
is the transformation function (convolution, activation, pooling) up to stage   ,    

        is the extracted 

multi-scale features,    is the channel depth at stage   . To unify spatial resolution across scales, all feature maps are 

resized to a common spatial size (T′,F′): 

 

  ̃  
           

            (6) 
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  ̃  

  ̃  
)                   (7) 

 
 

        ∑   

 

   

 ̃  
 

(8) 

 

where          ∑      
   . To compress the fused representation using a 1×1 convolution: 

 

                        (9) 

 

where                      
.    is the reduced channel dimension, σ is the activation function (e.g., ReLU, Swish). 
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      Softmax(g(          )) (12) 
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where g( ) is a lightweight attention scoring network. 

 

             (13) 

 

                   (14) 

 

            (15) 

 

where ϕ( ) is the non-linear activation (e.g., ReLU), σ( ) is the sigmoid function. The proposed model was implemented 
using Python with deep learning frameworks including PyTorch and Keras. The EfficientNet backbone was initialized 

with pretrained weights and fine-tuned on the respiratory sound dataset. Spectrograms were resized to 224×224 and 

normalized before being fed into the network. The model was trained using the Adam optimizer with an initial learning 

rate of 1×10−4. A step decay scheduler was applied, reducing the learning rate by a factor of 0.1 after every 10 epochs 

without improvement. For binary classification (asthma vs normal), Binary Cross-Entropy loss was used. For multi-

class classification, Categorical Cross-Entropy loss was applied. The model was trained with a batch size of 32 for 50 

epochs. Early stopping with a patience of 8 epochs was employed to prevent overfitting. Dropout with a rate of 0.5 was 

applied in the fully connected layers. Data augmentation (time masking, frequency masking, and time warping) was 

also used to improve generalization. Experiments were conducted using multiple train-test splits (50:50 to 80:20), with 

the best performance observed at 80:20. 

4. Results and Discussions 

In this section, we report the experimental findings and performance analysis of our proposed Multi-Scale Feature 

Fusion EfficientNet model for asthma diagnosis utilizing spectrogram-based representations of breath sounds. The 

model was assessed using publicly accessible datasets, and its effectiveness was compared with existing deep learning 

architectures. A thorough performance review is ensured by the evaluation measures, which include accuracy, precision, 

sensitivity, F1-score, and specificity. Using cutting-edge deep learning techniques, the implementation employs a 

systematic workflow of preprocessing, feature extraction, augmentation, and classification. To ensure faster computing, 

the model was trained and evaluated using a Google Colab environment equipped with NVIDIA T4 GPUs. Python 3.7, 

PyTorch 2.10.0, and Keras 2.9.1 are included in the software environment, together with necessary libraries for data 

preparation and performance assessment such as NumPy, SciPy, Matplotlib, and Scikit-learn. 

4.1. Asthma Detection Dataset: Version 2 

The dataset used in this study consists of 1,211 respiratory sound recordings categorized into five classes: asthma 

(288 samples), bronchitis (104 samples), COPD (401 samples), pneumonia (255 samples), and healthy (133 samples). 

Each recording was segmented into durations ranging from 1.5 to 5 seconds to ensure consistency during model training. 
The dataset was curated from publicly available respiratory sound repositories and standardized to ensure uniform 

sampling conditions. All audio recordings were converted to a common sampling rate of 16 kHz and stored in .wav 

format. Preprocessing steps, including noise filtering and silence trimming, were applied uniformly across all samples 

to reduce variability introduced by recording environments. The class labels were assigned based on the original dataset 

annotations, which were derived from clinically validated sources. Although the dataset is curated, it relies on 

previously labeled data, and no additional manual relabeling was performed in this study. Therefore, the reliability of 

annotations depends on the quality and consistency of the original labeling process. Despite its usefulness, the dataset 
presents certain limitations. First, class imbalance exists, with COPD samples being more prevalent than bronchitis 

samples, which may influence model learning. Second, variations in recording devices and environmental noise 

conditions may introduce unintended biases. Third, the dataset may not fully represent diverse patient demographics, 

potentially affecting generalization to real-world clinical settings. To mitigate these issues, data augmentation 

techniques and multiple train-test splits were employed. However, future work will focus on validating the model on 

larger and more diverse datasets to further improve robustness and generalizability. 

4.2. Performance Metrics 

Sensitivity:  

Represents the ability to correctly detect actual asthma cases.  

 

             = 
  

       
 (16) 

 

Precision:  

Indicates the proportion of correctly predicted positive cases among all predicted positives: 
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           = 
  

       
 (17) 

 

F1 Score:  

The F1-score, a weighted average of precision and recall, is a key metric for assessing a classification model's 

accuracy. 

 

           
                    

                
 (18) 

 

Specificity: 

Specificity measures the percentage of true negatives a model accurately detects, indicating its ability to 

distinguish the negative class and reduce false positives. 

 

               
  

       
 (19) 

 

Accuracy:  

This metric measures the percentage of correctly classified samples across all classes. 

 

 Accuracy = 
     

             
 (20) 

 

Where TP, TN, FP, and FN denote the numbers of true positives, true negatives, false positives, and false negatives, 

respectively. 

The sample wave forms of the audio from the dataset are shown in Fig. 2. The performance evaluation of the 

proposed method based on various splits of training and testing percentages is shown in Table 1. The classification 

performance improves significantly across all metrics, including accuracy, specificity, sensitivity, and F1-score, as the 
training percentage increases. The model achieved an accuracy of 0.57, specificity of 0.57, sensitivity of 0.55, and an 

F1-score of 0.53 when the dataset was split equally for training and testing (50%-50%), and the performance showed a 

slight improvement, reaching an accuracy of 0.60 when the training percentage increased to 55%-45%. Performance 

continued to improve with each training data allocation increment; a noticeable increase in accuracy of 0.84 was noted 

at 70%–30%. With an accuracy of 0.98, specificity of 0.99, sensitivity of 0.99, and F1-score of 0.95, the best results 

were obtained at 80%-20%, suggesting a well-generalized model. Although the proposed model achieves high accuracy 

at an 80/20 train-test split, this result should be interpreted with caution due to the limited dataset size. Such high 

performance may partially reflect overfitting to the training distribution rather than true generalization. To mitigate this, 

regularization techniques and data augmentation were applied; however, these measures alone may not fully eliminate 

overfitting risks. 

 

 
Bronchitis 
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Fig. 2. Sample wave forms of the audio from the dataset. 

The sample spectrogram pictures are displayed in Fig. 3. A performance comparison of the suggested method's 

single-scale feature extraction and multi-scale feature fusion is shown in Table 2. In every assessment criterion, the 

multi-scale technique performs noticeably better than the single-scale approach. The accuracy increases from 84.15% to 

99.21%, indicating that multi-scale feature fusion is a useful technique for capturing more complex breathing patterns. 

Likewise, sensitivity rises from 75.64% to 99.56%, suggesting improved asthma-related feature recognition. Increasing 

the specificity from 90.47% to 100% guarantees a decreased false positive rate. Additionally, the accuracy increases 

from 88.24% to 98.48% and the F1-score improves from 84.39% to 98.64%, demonstrating the robustness of the 

suggested strategy in differentiating asthma from normal breath sounds. These results confirm that multi-scale feature 

fusion enhances classification performance by leveraging diverse feature representations. A comparison of the proposed 

method's performance against existing models, such as ResNet, CNN-based approaches, and SVM, is shown in Table 3. 
The proposed method's highest accuracy of 99.21% outperforms ResNet (98.79%), CNN models (88.6% and 89.3%), 

and SVM (99.10%); its sensitivity is 99.56%, outperforming ResNet (96.27%), CNN (86.47% and 90.13%), and SVM 

(98.50%); its specificity is 100%, which is comparable to ResNet and higher than CNN (86.62% and 91.57%) and SVM 

(98.72%); furthermore, the proposed model's F1-score of 98.64% and precision of 98.48% indicate a well-balanced 

classification performance. Although the proposed model achieves high performance metrics, including 99.21% 

accuracy and 100% specificity, these results may be influenced by dataset characteristics such as segment-level splitting 
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and potential similarity between training and testing samples. In particular, if multiple segments originate from the same 

recording or subject, this may introduce unintended data leakage, leading to optimistic evaluation results. Fig.4. shows 

the comparative performance of the proposed method. 
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Fig. 3. Sample Spectrogram images. 

Table 1. Performance of the proposed method based on training and testing percentage. 

Training (%) Testing (%) 
Performance of classification 

Accuracy Specificity Sensitivity F1 score 

50 50 0.57 0.57 0.55 0.53 

55 45 0.60 0.52 0.64 0.62 

60 40 0.65 0.67 0.65 0.63 

65 35 0.71 0.73 0.75 0.70 

70 30 0.84 0.84 0.81 0.83 

75 25 0.90 0.95 0.92 0.89 

80 20 0.98 0.99 0.99 0.95 

Table 2. Performance comparison of the proposed method using single-scale and multi-scale feature extraction. 

Performance Single-scale feature extraction Multi-scale feature fusion 

Accuracy 84.15 99.21 

Sensitivity 75.64 99.56 

Specificity 90.47 100 

F1- Score 84.39 98.64 

Precision 88.24 98.48 

Table 3. Comparative performance of the proposed method. 

Performance RESNET [7] CNN [11] CNN [12] SVM [13] This work 

Accuracy 98.79 88.6 89.3 99.10 99.21 

Sensitivity 96.27 86.47 90.13 98.50 99.56 

Specificity 100 86.62 91.57 98.72 100 

F1- Score 97.18 88.51 91.58 98.45 98.64 

Precision 98.17 87.46 92.46 96.54 98.48 

 

   

Fig. 4. Comparative performance of the proposed method 

4.3. Future work 

While the proposed model demonstrates high performance on the available dataset, the relatively small size and 

self-curated nature of the dataset may limit its generalizability to broader clinical populations. Respiratory sound 

characteristics can vary significantly across different age groups, recording devices, and environmental conditions. 
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Although data augmentation and preprocessing techniques were employed to mitigate these effects, the model’s 

performance should be further validated on larger, standardized, and clinically diverse datasets. Future work will focus 

on cross-dataset evaluation using publicly available benchmarks and real-world clinical data to ensure robustness and 

wider applicability. 

5. Conclusion 

In this study, we proposed a multi-scale feature fusion framework based on EfficientNet for the detection of 

asthma and COPD using respiratory sound spectrograms. By integrating preprocessing techniques, STFT-based feature 

extraction, and spectrogram augmentation, the model is able to capture both local and global acoustic patterns, resulting 

in improved classification performance. Despite these promising results, several limitations must be acknowledged. 

First, the dataset used in this study is relatively small and self-curated, which may limit the generalizability of the model 

to diverse clinical populations. Second, the use of segment-level data splitting may introduce potential bias, leading to 

optimistic performance estimates. Third, although augmentation and regularization techniques were applied, the risk of 

overfitting cannot be entirely eliminated. Furthermore, real-world deployment of such models in clinical settings 

presents additional challenges, including variability in recording devices, environmental noise, and the need for 

standardized data acquisition protocols. Integration with clinical workflows and validation against large-scale, multi-
center datasets are necessary before practical adoption. Future work will focus on addressing these limitations by 

incorporating subject-wise data splitting, evaluating the model on publicly available benchmark datasets, and 

conducting cross-dataset validation. Additionally, efforts will be made to develop lightweight and interpretable models 

suitable for real-time clinical applications. 
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