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ABSTRACT 

This study presents a Deep Learning (DL)-based approach for the early detection of Chronic Obstructive 

Pulmonary Disease (COPD) using a novel dual-branch Convolutional Neural Network (CNN) 

architecture.DL techniques are leveraged to recognize complex, early-stage patterns of the disease that 

may be overlooked by conventional medical assessments or traditional machine learning models, which are 

prone to misclassifying COPD as other lung conditions. To ensure robust model training, a pre-filtered 

dataset of lung sound recordings was used. These recordings, each 20 s in duration, were cleaned, 

standardized, and converted into two-dimensional representations using Mel spectrograms and Mel 

Frequency Cepstral Coefficients (MFCCs). These image-like features served as the input for the CNN 

model, enhancing its ability to distinguish COPD-specific acoustic patterns.To address the issue of class 

imbalance in the dataset, two data augmentation techniques, pitch-shifted noise injection and time-

frequency masking, were applied, contributing to improved model generalization. The proposed CNN 

model achieved promising results, with a precision of 97.75%, an accuracy of 96.0%, a sensitivity of 

97.96%, and an F1-score of 96.97% during validation. These performance metrics outperform those 

obtained from widely used CNN architectures, such as InceptionV3 and ResNet, highlighting the 

effectiveness of the proposed model. Overall, the proposed approach demonstrates significant potential as 

a reliable diagnostic support tool for early COPD detection. 

Keywords-deep learning; chronic obstructive pulmonary disease; data augmentation; double-branch; 

convolutional neural network; mel frequency cepstral coefficients 
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I. INTRODUCTION  

Respiratory diseases significantly impact health and are a 
major contributor to mortality. Among these, COPD is 
particularly concerning, ranking as the third leading cause of 
death globally, with an estimated three million fatalities in 
2019 according to the World Health Organization (WHO) [1–
3]. COPD is characterized by lung airflow obstruction due to 
structural changes in the alveoli,with common early symptoms 
including shortness of breath, chronic cough, and wheezing [4-
6]. While COPD is preventable, it iscrucial to avoid or 
minimize exposure to risk factors, such as smoking and 
prolonged exposure to environmental pollutants, especiallyfine 
particulate matter under 2.5 microns in diameter(PM2.5) [7], 
and aerosols that have been shown to adversely affect lung 
health[8]. 

COPD typically manifests in two forms: emphysema, 
which damages the alveoli, and chronic bronchitis, which 
affects the airways [9]. The disease progressively diminishes 
respiratory function, severely impacting the quality of life and 
limiting physical activity. Socioeconomic factors also play a 
critical role, as individuals in underprivileged communities 
often face challenges in accessing timely diagnosis and 
treatment [10]. 

Therefore, an early diagnosis of COPD is of utmost 
importance to prevent irreversible lung damage. Currently, the 
standard diagnostic approach relies on auscultation by 
experienced physicians using a stethoscope, complemented by 
imaging techniques, such as chest X-rays, Magnetic Resonance 
Imaging (MRI), and Computed Tomography (CT) scans [11]. 
However, in many developing regions, limited access to 
healthcare professionals and the inherently subjective nature of 
auscultation can hinder timely diagnosis. 

To address these limitations, this study proposes the 
development of a DL-based model for early COPD detection. 
The primary goal is to integrate the model into a micro-PC 
system paired with an electronic stethoscope, enabling an 
automated and accurate analysis of lung sounds. This setup 
could serve as a valuable diagnostic support tool, particularly in 
remote or resource-limited areas, and empower less 
experienced medical personnel to detect COPD at an early 
stage. 

II. STATE OF THE ART AND WORKING MATERIAL 

FOR COPD DETECTION 

A. State of the Art in COPD Detection 

Recent advances in DL and machine learning have led to 
the development of various methods for identifying respiratory 
diseases, including COPD. These approaches typically rely on 
audio analysis of lung sounds and utilize sophisticated 
algorithms for feature extraction and classification. One notable 
method is described in [12], where MFCCs are used to generate 
spectrograms from lung sound recordings. These spectrograms 
are then analyzed using transfer learning techniques applied to 
models, such as MusicNN, OpenL3, and VGGish. The 
extracted features are further processed using Principal 
Component Analysis (PCA) and Support Vector Machines 
(SVM) to detect wheezing and crackles—key indicators of 

respiratory anomalies.Authors in [13] merged two lung sound 
databases and employed three entropy-based feature extraction 
techniques—Shannon entropy, logarithmic energy entropy, and 
spectral entropy. These features, derived from audio 
spectrograms, were used in conjunction with machine learning 
classifiers to categorize lung sounds into six classes, achieving 
promising classification accuracy. Authors in [14] implemented 
a hybrid model combining CNNs with Long Short-Term 
Memory (LSTM) networks to classify respiratory sounds into 
four categories. To address the challenge of class imbalance in 
their dataset, they applied the Focal Loss (FL) function, an 
improved version of the standard Cross-Entropy (CE) loss 
commonly used in image classification, enhancing the model's 
ability to learn from minority class examples. 

B. Datasets 

This study utilizes two prominent databases of lung sound 
recordings: 

 ICBHI 2017 Dataset [15]: This publicly available dataset 
was created for the International Conference on Biomedical 
and Health Informatics (ICBHI) 2017 challenge. It 
comprises 920 audio recordings collected from 126 patients 
and includes labels for eight different respiratory 
conditions.  

 KAUH Dataset [16]: The second dataset includes lung 
sound recordings from 112 patients at King Abdullah 
University Hospital (KAUH). These recordings are labeled 
into eleven respiratory condition categories. However, due 
to the limited sample size for each condition, this study 
focuses on a three-class classification task: distinguishing 
patients with COPD, healthy individuals, and those with 
other diseases. 

Figure 1 presents a visual summary of the datasets used in 
this research, highlighting the number of samples and 
distribution across categories. 

III. METHODOLOGY 

The study development begins with the datasets used for 
the training and validation of the proposal algorithm, deploying 
the methodology shown in Figure 2. The proposed model was 
trained and validated using data augmentation techniques. All 
tests were conducted on a computer with an NVIDIA GeForce 
RTX 3060 GPU and 8 GB of RAM. 

A. Preprocessing 

In line with the objectives of this study, three primary 
categories were defined for classification: 

 COPD: Representing patients diagnosed with COPD. 

 Healthy: Denoting individuals with normal breathing 
patterns. 

 Other Conditions: Encompassing respiratory diseases 
distinct from COPD. 

To prepare the data for training, both datasets were merged, 
and the variability in audio durations was analyzed. A 
standardization process was necessary due to the presence of 
recordings with differing lengths. It was determined that a 20-s 
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duration would be optimal, as it reliably captures at least six 
full respiratory cycles, ensuring sufficient informati
detecting respiratory anomalies. Recordings shorter than 15 s 
were excluded from the dataset. Only audios within the range 
of 15 to 25 s were retained, and those were either padded or 
trimmed to achieve the uniform 20-s length.

 

Fig. 1.  Information about ICBHI and KAUH dataset.

Another critical aspect of preprocessing involved selecting 
the frequency range relevant to lung sound analysis. Lung 
sounds predominantly occupy the 50 Hz-
[17]. Therefore, a sixth-order Butterworth bandpass filter
applied to isolate this spectral range and enhance the Signal
Noise Ratio (SNR), particularly in the higher
where meaningful respiratory information resides. However, it 
is important to note that frequencies below 100 Hz often 
exhibit significant spectral overlap between heart and lung 
sounds [18]. As this overlap increases the complexity of 
isolating COPD-specific acoustic markers, this lower frequency 
band was excluded from analysis to improve the model's focus 
on relevant features for early-stage COPD detection.

B. Data Augmentation Criteria 

To address the challenge posed by the class imbalance in 
the merged lung sound dataset, illustrated in Figure 3, two 
distinct data augmentation techniques were employed. Training 
and validation were performed independently for each 

Engineering, Technology & Applied Science Research Vol. 15, No. 4, 2025, 24940

Medina-Ramos et al.: Utilizing Deep Learning Algorithms for the Prompt Identification of Chronic 

 

duration would be optimal, as it reliably captures at least six 
full respiratory cycles, ensuring sufficient information for 
detecting respiratory anomalies. Recordings shorter than 15 s 
were excluded from the dataset. Only audios within the range 
of 15 to 25 s were retained, and those were either padded or 

s length. 

 

ICBHI and KAUH dataset. 

Another critical aspect of preprocessing involved selecting 
the frequency range relevant to lung sound analysis. Lung 

-2500 Hz bandwidth 
order Butterworth bandpass filter was 

applied to isolate this spectral range and enhance the Signal-to-
Noise Ratio (SNR), particularly in the higher-frequency bands, 
where meaningful respiratory information resides. However, it 
is important to note that frequencies below 100 Hz often 

bit significant spectral overlap between heart and lung 
sounds [18]. As this overlap increases the complexity of 

specific acoustic markers, this lower frequency 
band was excluded from analysis to improve the model's focus 

stage COPD detection. 

To address the challenge posed by the class imbalance in 
the merged lung sound dataset, illustrated in Figure 3, two 
distinct data augmentation techniques were employed. Training 

ere performed independently for each 

augmentation method to allow a fair comparison of their 
effectiveness and to identify the most suitable approach for 
improving the model performance.

Fig. 2.  Stages employed in this study.

Fig. 3.  Number of audio signals in each 

The augmentation strategies are summarized as follows:

 Tone shifting and the injection of two levels of Gaussian 
noise into the lung sound audio [19], with 
and 30 dB. 
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augmentation method to allow a fair comparison of their 
effectiveness and to identify the most suitable approach for 
improving the model performance. 

 

 

Stages employed in this study. 

 

 

Number of audio signals in each category after data fusion. 

The augmentation strategies are summarized as follows: 

Tone shifting and the injection of two levels of Gaussian 
noise into the lung sound audio [19], with SNR levels of 40 
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 Time and frequency masking,a technique 
randomly replacing a segment of the spectrogram band 
(Mel or MFCC) in the signal with silence [20].

As illustrated in Figure 4, the implementation of these 
augmentation techniques substantially increased the number of 
available training samples. The COPD and Other Conditions 
categories were both expanded to 500 samples each. However, 
despite these efforts, the Healthy category reached only 331 
samples, indicating that a completely balanced dataset was not 
achieved. Nonetheless, this augmentation st
improved the dataset diversity and model generalizability.

 

Fig. 4.  Number of audio signals in each class after data augmentation for 

masking time and frequency, as well as noise injection and tone change.

C. Feature Extraction 

Since CNNs are not designed to process raw audio signals 
directly, it is necessary to transform these signals into a suitable 
visual representation using a Mel spectrogram and the MFCC
These representations enable the use of CNNs by converting 
the audio data into image-like formats. 

The MEL spectrogram uses the Discrete Fourier 
(DFT), as shown in: 

���� � ∑ ���� ∙ 
��
���
�������   

where���� denotes the �-th sample of the signal, whereas 
signifies the total number of samples. In this regard, the DFT is 
an operation applicable to stationary signals. Still, because lung 
sounds are not stationary, it was necessary to apply the variant 
called Short-Time Fourier Transform (STFT), as expressed 

���� � ∑ ��� � ��� ∙ ���� ∙ 
����������
STFT involves segmenting the signal into 

�size for which a window function ���
Hamming, Hanning, and rectangular windows are the 
commonly used. 

Obtaining the Mel spectrogram requires using the Mel 
scale, as expressed in (3). A filter bank must also be used in the 
STFT block [22], as shown in Figure 5. 

�
�� � 2595 ∙ log�� %1 ' �
(��)  
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th sample of the signal, whereas * 
signifies the total number of samples. In this regard, the DFT is 
an operation applicable to stationary signals. Still, because lung 
sounds are not stationary, it was necessary to apply the variant 

form (STFT), as expressed in: 

���  (2) 

STFT involves segmenting the signal into +  samples of ���  [21] is used. The 
Hamming, Hanning, and rectangular windows are the most 

ram requires using the Mel 
scale, as expressed in (3). A filter bank must also be used in the 

 (3) 

Another feature extraction technique commonly 
in audio is the MFCC, which require
well as an additional technique known as 
Transform (DCT). These stages are added at the Mel 
spectrogram stages’ beginning and end, respectively, as shown 
in Figure 6. The pre-emphasis block acts as a high
as expressed in (4). Additionall
calculate the MFCC coefficients, described in (5) [23].

�,��� � ���� � - ∙ ��� �
.� � ∑ �/01�2�3�4 ∙ ./567��

where �2�3�  represents the signal processed before the Mel
Filterbank stages [24]. 

Fig. 5.  Stages to obtain the Mel spectrogram.

Fig. 6.  Stages to obtain the MFCC representation.

D. Criteria for Designing CNN Architectures

CNN-based architectures 
automatically extract the most relevant features from input 
images. These extracted features form an input matrix for 
subsequent layers. The convolution operation itself is defined 
in: 

8ℑ ∗ ℋ<��� � ∑ ℑ��=>��=
In this regard, the number of layers is not 

greater precision. The higher the number of layers
the model becomes over-parameterized and the more chaotic 
the operation is, with a strong tendency to overfit.
applications involving discontinuous and sparse visual feature
such as those found in spectrogram representations of 
respiratory sounds, single-branch CNNs often fail to capture 
multiscale dependencies and relevant metrics.
necessary to work with a two
extracting features at different scales in parallel, each at the 
appropriate depth [25]. The two
this research corresponds to that of Figure 7.
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Another feature extraction technique commonly deployed 
in audio is the MFCC, which requires a pre-emphasis stage, as 

technique known as Discrete Cosine 
(DCT). These stages are added at the Mel 

beginning and end, respectively, as shown 
emphasis block acts as a high-pass filter, 

as expressed in (4). Additionally, the DCT is utilized to 
calculate the MFCC coefficients, described in (5) [23]. 

1�   (4) 

4 ./5 %� %3 � �
?) @

6) (5) 

represents the signal processed before the Mel-

 

 

Stages to obtain the Mel spectrogram. 

 
Stages to obtain the MFCC representation. 

Criteria for Designing CNN Architectures 

based architectures utilize convolutional layers to 
tomatically extract the most relevant features from input 

images. These extracted features form an input matrix for 
subsequent layers. The convolution operation itself is defined 

�� � ��ℋ���  (6) 

In this regard, the number of layers is not synonymous with 
greater precision. The higher the number of layers is, the more 

parameterized and the more chaotic 
the operation is, with a strong tendency to overfit. In 
applications involving discontinuous and sparse visual features, 
such as those found in spectrogram representations of 

branch CNNs often fail to capture 
multiscale dependencies and relevant metrics. Therefore, it was 
necessary to work with a two-branch model capable of 

t different scales in parallel, each at the 
appropriate depth [25]. The two-branch CNN model used in 
this research corresponds to that of Figure 7. 
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Each network branch follows a block structure comprising 
three sets of operations. The first operation withi
consists of two convolutional layers. The first convolutional 
layer of a branch uses a 5x5 kernel, and the other uses a 3x3 
kernel [26]. This implies that one branch aims to extract more 
meaningful features from the input, while the other extr
secondary features. After the convolutional layers, a Batch 
Normalization (BN) layer is inserted to standardize the inputs 
of each CNN layer. This promotes stable training dynamics and 
increases learning rates, resulting in faster training [27]. This 
algorithm uses a series of steps, as proposed in [28]. First, the 
mean and standard deviation of the input for each layer are 
calculated using: 

AB � �
C ∑ ��C���    

DB? � �
C ∑ 1�� � AB4?C���   

 

Fig. 7.  Architecture of the proposed model for early 

using dual-branch CNN. 

The inputs are normalized using (9); then, the normalized 
outputs are adjusted using (10), adding two parameters, 
E, whose value must be obtained during the training process:
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Architecture of the proposed model for early detection of COPD 

The inputs are normalized using (9); then, the normalized 
outputs are adjusted using (10), adding two parameters, Fand 

ned during the training process: 

�GH � I��JK
LMK
NO

   

PG � F�GH ' E   

After the convolutional layers and BN, a max pooling layer 
is introduced to reduce the dimensionality of the feature maps.

Once both branches have extracted features, their outputs 
are concatenated, enabling the fusion of multiscale 
into a unified representation. To convert the fused output into a 
one-dimensional vector for input to dense layers, Global 
Average Pooling (GAP) was employed. GAP outperformed the 
Flatten operation in both speed and model generalization by 
significantly reducing the number of learnable parameters.

In the final part of the model, dense layers of sizes 128, 64, 
and 3 are added, and the last layer has three units 
corresponding to the output classes. The Sigmoid Weighted 
Linear Unit (SiLU) activatio
convolutional layers. The expression of the first two dense 
layers is shown in (11). Several activation functions were tested 
during the experimentation, including ReLU, SiLU, ReLU6, 
and Tanh from the Keras library. SiLU [29] 
performance among them due to its inherent harmonic 
reduction and lack of discontinuities
spectral density. 

5Q�R8�< � � ∙ D8�< � � ∙
For the output dense layer, the softmax activation function 

[30] classifies the three categories proposed in the
study: COPD, Healthy, and Other Conditions.

E. Pre-trained Architectures

1) Inception Net 

The Inception architecture is a CNN developed by a team at 
Google. Its distinctive feature is the introduction of filter block
with varying dimensions, organized into parallel bran
are merged to serve as input for the next layer [32]. This design 
achieved outstanding performance, surpassing the challenge 
posed by the ImageNet model. The architecture later evolved 
into variants, such as InceptionV3, which introduced 
enhancements to the original Inception module [33]. As is 
typical, the number of neurons increased with model capacity, 
resulting in approximately 23.9 million parameters.

The model enables multi
parallel convolutional layers with different kernel sizes, 
effectively capturing diverse patterns. Its structure supports 
deeper networks without suffering from vanishing gradients, 
leading to improved classification accuracy. Furthermo
modular design enhances adaptability across tasks and helps 
reduce overfitting. Given its strong performance even with 
limited datasets, it has been considered a highly suitable 
candidate architecture. 

2) ResNet20 

The ResNet architecture is a CNN 
concept of residual blocks, incorporating skip connections from 
previous layers. These connections ensure that the output 
features of a layer are at least as informative as those from 
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After the convolutional layers and BN, a max pooling layer 
is introduced to reduce the dimensionality of the feature maps. 

Once both branches have extracted features, their outputs 
are concatenated, enabling the fusion of multiscale information 
into a unified representation. To convert the fused output into a 

dimensional vector for input to dense layers, Global 
Average Pooling (GAP) was employed. GAP outperformed the 
Flatten operation in both speed and model generalization by 

ificantly reducing the number of learnable parameters. 

In the final part of the model, dense layers of sizes 128, 64, 
and 3 are added, and the last layer has three units 
corresponding to the output classes. The Sigmoid Weighted 
Linear Unit (SiLU) activation function is used in the 
convolutional layers. The expression of the first two dense 
layers is shown in (11). Several activation functions were tested 
during the experimentation, including ReLU, SiLU, ReLU6, 
and Tanh from the Keras library. SiLU [29] exhibited superior 
performance among them due to its inherent harmonic 
reduction and lack of discontinuities, like ReLU and Tanh 

�
�NSTU   (11) 

For the output dense layer, the softmax activation function 
the three categories proposed in the present 

study: COPD, Healthy, and Other Conditions. 

trained Architectures 

The Inception architecture is a CNN developed by a team at 
Google. Its distinctive feature is the introduction of filter blocks 
with varying dimensions, organized into parallel branches that 

input for the next layer [32]. This design 
achieved outstanding performance, surpassing the challenge 
posed by the ImageNet model. The architecture later evolved 

such as InceptionV3, which introduced 
enhancements to the original Inception module [33]. As is 
typical, the number of neurons increased with model capacity, 
resulting in approximately 23.9 million parameters. 

The model enables multi-scale feature extraction through 
parallel convolutional layers with different kernel sizes, 
effectively capturing diverse patterns. Its structure supports 
deeper networks without suffering from vanishing gradients, 
leading to improved classification accuracy. Furthermore, its 
modular design enhances adaptability across tasks and helps 
reduce overfitting. Given its strong performance even with 
limited datasets, it has been considered a highly suitable 

The ResNet architecture is a CNN that introduced the 
concept of residual blocks, incorporating skip connections from 
previous layers. These connections ensure that the output 
features of a layer are at least as informative as those from 
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preceding layers [34]. The architecture has undergone 
continuous development, leading to variants, such as ResNet50 
and ResNet100, which differ primarily in the number of 
convolutional layers and the corresponding increase in 
parameters.In the present study, the Keras library was used to 
implement various ResNet versions, with ResNet20 
specifically tested for the detection of COPD. This architecture 
comprises approximately 5 million parameters. 

The key benefit of residual connections is that if a particular 
layer does not enhance model performance, its contribution can 
be bypassed, preserving the integrity of the learning process. 
Furthermore, making these skip connections learnable allows 
their influence during training to be adaptively optimized. 
Network depth can also be tuned to balance model complexity 
and performance. Additionally, the application of 
regularization techniques, such as dropout or BN, can further 
improve generalization and model robustness. 

F. Optimization Algorithms 

To enhance the performance of the proposed model, four 
optimization algorithms were employed: Stochastic Gradient 
Descent (SGD), AdaDelta, Root Mean Square Propagation 
(RMSprop), and Adam, as described in [31]. 

1) Stochastic Gradient Descent 

SGD is a variant of the batch gradient descent algorithm.It 
updates the weight vectorWusing: 

VWN� � VW � X∇Z[8V<   (12) 

In contrast to batch gradient descent, SGD performs an 

update for each training sample �8\<,P8\<: 
VWN� � VW � X∇Z[1V, �8\<, P8\<4  (13) 

where X is the learning rate and [ is the cost function. 

2) AdaDelta 

AdaDelta adapts the learning rate using a moving window 
of accumulated gradients. The update equations are: 

^�0?�W � _^�0?�W�� ' 81 � _<0W?  (14) 

ΔVW � � ab�cZ
�dNO
ab�e
�dNO ⨀0W   (15) 

VWN� � VW ' ΔVW    (16) 

where^�0?�W  is the exponentially decaying average of past 
squared gradients,and_ is a hyperparameter set to 0.9. 

3) RMSprop 

RMSprop is designed for efficient optimization on large 
datasets. It modifies AdaDelta by using: 

�0?�W � g^�0?�W�� ' 81 � g<∇Z[8VW<?  (17) 

VW � VW�� � h
ab�e
�d

∗ ∇Z[8VW<  (18) 

where∇Z[8VW< is the gradient of the cost function, and g is the 
moving average parameter. 

 

4) Adam 

Adam combines the advantages of both RMSprop and 
momentum. It computes adaptive learning rates for each 
parameter: 

�W � g��W�� ' 81 � g�< ∗ ∇ZiW8VW��<  (19) 

jW � g?jW�� ' 81 � g?< ∗ ∇ZiW8VW��<?  (20) 

Bias-corrected estimates are then calculated as: 

�kW � �W81 � g�W<��    (21) 

jlW � jW81 � g?W<��    (22) 

The final weight update is performed using: 

VW � VW�� � m�kW/8ajlW ' λ<   (23) 

where by default m � 0.001 , g� � 0.9 , g? � 0.99,  and r  = 

10�s. 

IV. RESULTS OF THE DL MODELS TESTED FOR 

THE DETECTION OF COPD 

A. Results of the Double-Branch Model Test 

The results are presented in two sets, based on the data 
augmentation techniques applied. In each case, the models 
were evaluated using both MEL spectrograms andMFCCs. The 
objective was to identify the model and determine the 
conditions under which COPD is best detected. 

Figure 8 illustrates the performance of the dual-branch 
CNN model using a dataset augmented with tone shifting and 
noise injection. The analysis of the performance curves 
indicates that the model achieved high accuracy when 
combined with the proposed optimization strategies and feature 
extraction methods. Among the configurations tested, the 
highest validation accuracy was obtained using MFCCs with 
the SGD and RMSprop optimizers, achieving 97.9% and 
97.5% accuracy, respectively. 

 

 
Fig. 8.  Validation accuracy results for the double-branch CNN model, 

using tone change and noise injection for data augmentation. 

Figure 9 presents the model’s performance using time and 
frequency masking for data augmentation. In this scenario, 
accuracy was generally lower than in the previous case. The 
best result was achieved using MEL spectrogram features in 
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combination with the Adam optimizer, reaching a validation 
accuracy of 92.2%. 

Fig. 9.  Validation accuracy results for the dual-branch CNN model using 

the time and frequency masking criterion for data augmentation.

B. Results of the Pre-Trained Models Tested to Detect COPD

Figure 10 presents the results of the COPD detection using 
the InceptionV3 network. This CNN was trained on data 
augmented through noise injection and pitch shifting, with 
MFCCs used for feature extraction. The model was evaluated 
utilizing various optimization algorithms, with Adam and 
RMSprop yielding the best performance, achieving validation 
accuracies of 96.6% and 96.5%, respectively.

 

Fig. 10.  Validation accuracy results from the InceptionV3 model using the 

criterion change tone and noise injection for data augmentation.

Figure 11 displays the accuracy results obtained with the 
InceptionV3 network using data augmented through time and 
frequency masking. In this configuration, the highest accuracy 
of 93.3% was achieved using MFCC features combined with 
the SGD optimizer. 

Figure 12 illustrates the performance of the ResNet20 
network trained on data augmented with pitch shifting and 
noise injection. The best result was obtained using MFCC 
features and the RMSprop optimizer, reaching an accuracy of 
97.5%. 

Figure 13 shows a decline in ResNet20’s performance 
when time and frequency masking were used for data 
augmentation. In this case, the highest accuracy of 90.2% was 
achieved using MEL spectrogram features and the 
optimizer. 
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Figure 13 shows a decline in ResNet20’s performance 
when time and frequency masking were used for data 
augmentation. In this case, the highest accuracy of 90.2% was 
achieved using MEL spectrogram features and the Adam 

Fig. 11.  Validation accuracy results from the InceptionV3 model using the 

criterion of time and frequency masking for augmentation data.

Fig. 12.  Validation accuracy results from the ResNet20 model applying 

tone change and noise injection for data augmen

Fig. 13.  Validation accuracy results from the ResNet20 model, using time 

and frequency masking for data augmentation.

V. ANALYSIS AND DISCUSS

Overall, the models trained with data augmentation based 
on time-frequency masking outperformed those using pitch 
shifting. However, accuracy alone does not provide a 
comprehensive assessment of 

Given the class imbalance in the dataset, it is mor
informative to consider the sensitivity, 
metrics, calculated by: 
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ANALYSIS AND DISCUSSION OF THE RESULTS 

models trained with data augmentation based 
frequency masking outperformed those using pitch 

shifting. However, accuracy alone does not provide a 
comprehensive assessment of the model performance. 

Given the class imbalance in the dataset, it is more 
sensitivity, precision, and F1-score 
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Table I summarizes the evaluation results, including 
accuracy, sensitivity, precision, and F1-score, allowing for a 
meaningful comparison across models. 

TABLE I.  COMPARATIVE METRIC RESULTS
MODELS USED IN THIS STUDY

Model 
Performance e

Acc. Sensit. Precis.

Double-branch CNN + 

Mel + Augmentation 1 

+ Adadelta 

96.5 94.7 

Double-branch CNN + 

MFCC + 

Augmentation 1 + 

SGD 

97.75 96.0 97.96

Double-branch CNN + 

Mel + Augmentation 2 

+ Adam 

92.2 88.3 

Double-branch CNN + 

Mel + Augmentation 2 

+ Adam 

92.0 87.9 

InceptionV3 + Mel + 

Augmentation 1 + 

Rmsprop 

96.5 94.7 

InceptionV3 + MFCC 

+ Augmentation 1 + 

Adam 

96.6 96.6 

InceptionV3 + Mel + 

Augmentation 2 + 

Adam 

96.5 94.7 

InceptionV3 + MFCC 

+ Augmentation 2 + 

SGD 

92.5 88.7 

ResNet20 + Mel + 

Augmentation 1 + 

Adam 

96.6 94.7 

ResNet20 + MFCC + 

Augmentation 1 + 

Rmsprop 

97.5 96.2 

 
The analysis of these metrics indicates 

dual-branch CNN model using MFCC features outperforms the 
pre-trained architectures. This is especially evident when 
trained with pitch-shifted data and optimized using SGD, 
achieving 97.75% accuracy, 96.0% sensitivity, 9
precision, and a 96.97% F1-score.The proposed model 
achieves superior performance using significantly fewer 
parameters (297,443) compared to deeper networks
ResNet20 (5 million parameters) and InceptionV3 (22 million 
parameters). These results highlight the efficiency of the dual
branch architecture in spectrogram-based classification tasks, 
delivering high accuracy with reduced computational 
comparative analysis between the performance of the proposed 
double-branch models against models from other studies is 
shown in Table II.While the proposed models rank among the 
top-performing methods in terms of overall evaluation metrics, 
they slightly trail the fine Gaussian SVM and the boosted 
decision tree model in accuracy. However, they outperform the 
latter in terms of F1-score, indicating a better balance between 
precision and recall. 
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Performance evaluation (%) 

Precis. F1-score 

94.7 94.5 

97.96 96.97 

88.4 87.0 

88.0 87.1 

94.7 94.7 

95.1 94.9 

94.7 94.5 

88.7 88.4 

95.1 94.9 

96.2 96.4 

nalysis of these metrics indicates that the proposed 
branch CNN model using MFCC features outperforms the 

trained architectures. This is especially evident when 
shifted data and optimized using SGD, 

% sensitivity, 97.96% 
he proposed model 

achieves superior performance using significantly fewer 
parameters (297,443) compared to deeper networks, such as 
ResNet20 (5 million parameters) and InceptionV3 (22 million 
parameters). These results highlight the efficiency of the dual-

based classification tasks, 
delivering high accuracy with reduced computational cost. A 
comparative analysis between the performance of the proposed 

models against models from other studies is 
proposed models rank among the 

performing methods in terms of overall evaluation metrics, 
rail the fine Gaussian SVM and the boosted 

decision tree model in accuracy. However, they outperform the 
better balance between 

TABLE II.  RESULTS FROM THE DUA
COMPARED WITH OTHER 

Model Categories

Double-branch 

CNN + Mel + 

Augmentation 1 

+ Adadelta 

COPD, Healthy, 

and Other 

Conditions

Double-branch 

CNN + MFCC + 

Augmentation 1 

+ SGD 

COPD, Healthy,

and Other 

Conditions

VGGish [2] 
Wheezes and 

Crackles

Boosted decision 

tree [3] 

Normal, Asthma, 

Heart Failure, 

Pneumonia, BRON, 

COPD

CNN-LSTM + FL 

[4] 

Normal, Crackles, 

Wheezes, Crackles 

+ Wheezes

Fine Gaussian 

SVM [5] 

Asthma, 

Bronchiectasis, 

Bronchiolitis, 

COPD, 

Healthy, LRTI, 

Pneumonia, 

Upper Respiratory 

Infection

Table III presents the classification results (observation 
matrix) obtained from the MFCC
using the SGD optimizer, while Figure 14 illustrates the 
corresponding confusion matrix. The model demonstrated 
strong classification performa
majority of cases, with only 4 COPD, 7 Healthy, and 11 Other 
condition instances misclassified out of a total of 267 samples.

TABLE III.  

Classes 
TP 

COPD 96 

Healthy 65 

Other conditions 94 

Fig. 14.  Confusion matrix.
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RESULTS FROM THE DUAL BRANCH MODELS 
COMPARED WITH OTHER MODELS FROM SIMILAR 

STUDIES 

Categories 

Performance evaluation (%) 

Acc. Sensit. 
F1-

Score 

COPD, Healthy, 

and Other 

Conditions 

96.5 94.7 94.5 

COPD, Healthy, 

and Other 

Conditions 

97.75 96.0 96.97 

Wheezes and 

Crackles 
81 --- --- 

Normal, Asthma, 

Heart Failure, 

Pneumonia, BRON,  

COPD 

98.27 95.28 93.61 

Normal, Crackles, 

Wheezes, Crackles 

+ Wheezes 

76.39 52.78 68.52 

Asthma, 

Bronchiectasis, 

Bronchiolitis, 

COPD,  

Healthy, LRTI, 

Pneumonia,  

Upper Respiratory 

Infection 

99 99.04 --- 

 
Table III presents the classification results (observation 

matrix) obtained from the MFCC-based dual-branch model 
using the SGD optimizer, while Figure 14 illustrates the 
corresponding confusion matrix. The model demonstrated 
strong classification performance, correctly identifying the 
majority of cases, with only 4 COPD, 7 Healthy, and 11 Other 
condition instances misclassified out of a total of 267 samples. 

OBSERVATION MATRIX 

Measures 

TN FP FN 

165 2 4 

195 5 2 

162 5 6 

 

 

Confusion matrix. 



Engineering, Technology & Applied Science Research Vol. 15, No. 4, 2025, 24940-24949 24948  
 

www.etasr.com Medina-Ramos et al.: Utilizing Deep Learning Algorithms for the Prompt Identification of Chronic … 

 

VI. CONCLUSION 

This study proposed a novel dual-branch Convolutional 
Neural Network (CNN) architecture for the early detection of 
Chronic Obstructive Pulmonary Disease (COPD) using lung 
sound recordings. By leveraging Deep Learning (DL) and two-
dimensional audio representations, Mel Frequency Cepstral 
coefficients (MFCCs) and Mel spectrograms, the model aimed 
to identify subtle acoustic patterns associated with COPD that 
might be missed by single-branch networks. 

To ensure a robust and generalizable performance, the 
model incorporated data augmentation techniques, pitch-shifted 
noise injection, and time-frequency maskingto address class 
imbalance and improve training quality. The dual-branch 
design was introduced to mitigate the saw-tooth behavior 
observed in the training dynamics of the single-branch CNN. 
This architecture allowed the model to evaluate performance 
across two parallel data streams and dynamically select the one 
yielding better results, enhancing both stability and accuracy 
during validation.The final model, optimized using the 
Stochastic Gradient Descent (SGD) algorithm and evaluated on 
MFCC inputs, achieved an impressive accuracy of 97.75%, 
with a sensitivity of 96.0%, a precision of 97.96%, and an F1-
score of 96.97%. These results demonstrate a clear 
improvement over conventional CNN models, such as ResNet 
and InceptionV3. 

Beyond the performance metrics, the dual-branch CNN 
holds a strong practical value as a diagnostic support tool, 
particularly in underserved or rural regions, like those in Peru 
and other parts of Latin America, where access to 
pulmonologists is limited. The integration of this model into a 
portable system with an electronic stethoscope could empower 
non-specialist healthcare providers to detect COPD at an early 
stage, contributing to timely intervention and improved patient 
outcomes. 
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