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Chronic obstructive pulmonary disease (COPD) is a leading cause of global mortality, often
remaining undetected until irreversible lung damage occurs. Leveraging advancements in Al
and acoustic diagnostics, in this study, we compare the performance of deep learning models for
COPD detection using respiratory sound data. Mel spectrogram and Mel-frequency cepstral
coefficients were extracted from a publicly available dataset comprising crackle sounds from
COPD patients and normal breath sounds. We evaluated standalone convolutional neural
network (CNN) models (Residual Network, InceptionV3, and VGG16), a long short-term
memory (LSTM) model, and hybrid CNN-LSTM and LSTM-CNN architectures. The LSTM
outperformed standalone CNNs, achieving 94% accuracy, 93% precision, 99% recall, and an F1-
score of 0.96, demonstrating its effectiveness in modeling temporal dependencies. The VGG16-
LSTM achieved the highest performance, with 97.1% accuracy and 99% recall, highlighting the
advantage of combining spatial feature extraction with temporal learning. However, several
limitations should be acknowledged. The study relies on a single publicly available dataset, lacks
real-world clinical validation, and adopts a binary classification framework that does not account
for COPD severity staging. Future work will focus on multi-dataset validation, severity-graded
classification, and the integration of edge-deployable models into wearable acoustic sensing
platforms for real-time clinical application. These results underscore the potential of advanced
deep learning models for accurate and accessible COPD diagnosis and support the development
of next-generation acoustic sensors with enhanced sensitivity, improved signal-to-noise ratios,
and integrated processing capabilities.
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1. Introduction

Chronic obstructive pulmonary disease (COPD) is one of the top four causes of death
worldwide and represents a significant public health challenge owing to its impact on the
respiratory system.() Currently, the diagnosis of COPD depends on indicators such as respiratory
sounds, breathing rate, respiratory efficiency, and pulmonary function tests.?) However, these
physiological changes are often difficult to perceive in daily life, and by the time significant
symptoms appear, the lungs might already have sustained severe and irreversible damage.®

Recently, Al technology has been widely applied in healthcare, driven by rapid advancements
in computing power, data availability, and machine learning (ML) algorithms. Since the outbreak
of COVID-19 in 2019, research on the respiratory system has been extensively conducted. Most
physicians use computed tomography and chest X-ray image analysis for COPD diagnosis.(4~%)
Although imaging-based diagnostic techniques are available, healthcare institutions continue to
face challenges such as data privacy concerns, information security issues, and inconsistent
storage formats.(”) Therefore, acoustic diagnosis has been given much attention for respiratory
disease diagnosis and treatment owing to its low cost and easy accessibility to equipment.

Acoustic sensor technology plays a crucial role in capturing subtle sound variations produced
during respiration. These sensors, including highly sensitive microphones (condenser or
piezoelectric microphones), are integrated into digital stethoscopes or wearable devices to detect
abnormal lung sounds in normal breath sounds or speech characteristics. The advantages of
acoustic diagnosis include its noninvasiveness, low cost, and ease of accessibility, making it a
viable alternative to more expensive and less accessible imaging techniques. The development of
Al models for acoustic COPD diagnosis significantly impacts the evolution of these sensors. Al
algorithms, particularly deep learning algorithms, require large datasets of high-quality acoustic
data to identify patterns indicative of COPD. This demand for reliable sound inputs ensures the
development of sensors with enhanced sensitivity, improved signal-to-noise ratios (SNRs), and
robust capabilities to filter out ambient noise and motion artifacts. Furthermore, Al’s ability to
analyze complex acoustic features, such as Mel-frequency cepstral coefficients (MFCCs), is
closely related to sensor development to capture and transmit detailed sound characteristics with
enhanced fidelity, ultimately enabling more accurate and automated diagnoses.®-12)

MFCCs emulate the nonlinear frequency sensitivity of the human auditory system to extract
perceptually relevant acoustic features.!>14) Kim et al. integrated MFCCs with a convolutional
neural network (CNN) to differentiate between normal and dysphagic patients using voice data.
Their method showed an area under the curve of 95%, indicating the effectiveness of using
acoustic features in disease diagnosis and classification.!>) Ye et al. applied a CNN with a long
short-term memory (LSTM) model trained with MFCCs to diagnose post-stroke dysarthria. The
hybrid model achieved 97.4% accuracy, outperforming standalone CNN or LSTM models.(1©)
Zhang et al’s dual-channel CNN-LSTM model was used for lung disease classification with
MFCCs as input. The model achieved an accuracy of 99.01%, emphasizing the value of hybrid
deep learning models in respiratory sound analysis.(1”)

COPD patients experience airway narrowing or mucus obstruction due to infections or lung
tissue damage, resulting in characteristic pathological sounds such as crackles.!® These features
can be captured as diagnostic indicators using sensitive microphones. Current COPD sound
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analysis mainly relies on traditional ML or standalone CNN models. For instance, Aykanat et al.
extracted MFCCs from crackles, snoring, and normal speech and compared the performance
characteristics of support vector machine (SVM) and CNN models, all of which achieved 80%
accuracy.!? Stasiakiewicz et al. used an SVM model to detect crackle sounds and identify
different pulmonary diseases.?” The model achieved 92.8% accuracy, demonstrating the
effectiveness of crackle sound detection in disease diagnosis.(2?)

In this study, we aim to construct a diagnostic model of COPD on the basis of a publicly
available respiratory sound dataset. Mel spectrogram and MFCC features were extracted and
input into standalone CNN and LSTM models and hybrid CNN-LSTM and LSTM-CNN
models. The models’ performance characteristics were compared to enhance the model’s
capability for COPD diagnosis.

By identifying which acoustic features and deep-learning models are effective for COPD
diagnosis, requirements and targets for sensor development can be identified for the development
of next-generation acoustic sensors with enhanced SNR to minimize ambient noise and capture
specific features tailored to the characteristics of respiratory sounds. The smart sensors with
embedded processing capabilities or standardized data output formats can be developed to
facilitate direct data input into deep-learning models, reducing the complexity of data
preparation.

2. Data, Materials, and Methods

We integrated CNN models and LSTM to develop a diagnosis method of COPD using
auscultation. The developed methodology involves data preprocessing and the training of an
acoustic model. In the preprocessing stage, five steps are conducted, namely, data screening,
acoustic feature extraction, data augmentation, feature transformation, and dataset splitting. In
the model training stage, deep learning models are trained and evaluated using metrics such as
accuracy and recall. The outcomes of the evaluation provide evidence-based support for
physicians in clinical decision-making processes. The overall process is illustrated in Fig. 1.
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Fig. 1. COPD acoustic diagnosis process.
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2.1 Data preprocessing

The dataset utilized in this study was provided by the International Conference on Biomedical
and Health Informatics (ICBHI). It is a publicly available respiratory sound dataset that includes
recordings from 126 participants. Pathological respiratory sounds were recorded from diverse
anatomical regions, such as the anterior chest wall, back, lateral aspects of the thorax, and
trachea.(?)

The sound samples were collected from 64 COPD patients and 26 healthy individuals. In
total, 828 respiratory sound segments were obtained. During data preprocessing, two distinct
datasets were constructed by extracting full respiratory cycles: one containing crackles from
COPD patients and the other comprising normal breath sounds from healthy individuals. To
address the challenges of limited data and class imbalance, audio time-stretching was employed
for data augmentation, resulting in 1865 crackle samples and 1864 normal cycles.

After augmentation, features were extracted from each respiratory cycle and converted into
Mel spectrograms for CNN and LSTM models. The Mel spectrograms were drawn to illustrate
the distribution of frequency over time. The spectrogram of a healthy subject [Fig. 2(a)] presents
a regular frequency pattern, whereas that of a COPD case [Fig. 2(b)] shows less defined
periodicity and a blurred region highlighted in the red box, which may be indicative of
interference from crackles.

The MFCC feature extraction involved the following process:*22> The original speech
signal s(n) undergoes pre-emphasis using a high-pass filter to amplify high-frequency formant
energies using Eq. (1).

y(n)zs(n)—as(n—l) (1)

Here, y(n) is the pre-emphasized signal and « is the pre-emphasis coefficient with0 <a <1 .

Next, frame blocking was performed to divide the continuous speech signal into fixed-length
short-time segments. In this study, the sampling rate was set to f, = 22050 Hz, with a frame
length of N =2048 samples and a hop size of 512 samples to preserve temporal continuity. Each
frame was multiplied by a Hamming window to reduce spectral leakage caused by boundary
effects [Eq. (2)].
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Fig. 2.  (Color online) Spectrograms below 4096 Hz of (a) healthy subject and (b) COPD case.
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5,,(n) ={0.54—0.46«){;“”lﬂs(n), n=0,1,2,.. N—1 Q)

Here, s,,(n) is the windowed signal and w is the Hamming window at the n-th sample.
The windowed signal was transformed into the frequency domain using the fast Fourier
transform (FFT) to obtain the spectrum S(k), as shown in Eq. (3).

=1
5k)= z;w[njg-ﬂ“"“", k=01, WN-1 ©)
n=ll

Next, the spectrum was passed through a Mel-scale filter bank to simulate the nonlinear
frequency perception of the human ear. The frequency-to-Mel scale was converted using Eq. (4).

£ =2595l0gy, (1+%) @)

Each Mel filter outputs the logarithmic energy £,,, which is computed as

k,,+1

Emzlog( Y |S(k)|2Hm(k)],m=1,2,...,M. )
k=k,,—1

Here, H,,(k) is the response of the mth Mel filter and M is the total number of filters.
Subsequently, a discrete cosine transform (DCT) was applied to the Mel energies to extract
MFCC ¢, as.

M
cn=E, cos(%(m—O.S)j, n=12,..,N.. ©)
m=1

Here, N, is the number of cepstral coefficients. To capture the temporal dynamics of the sound
features, first- and second-order delta coefficients were also computed, forming an MFCC
feature set. To construct and evaluate the models, the dataset was split into sub-datasets for
training and validation, and testing in a ratio of 9:1. The training-validation sub-dataset was split
into training and validation sets in a ratio of 8:2. The testing set was reserved for performance
evaluation.

2.2 Acoustic model training
In model design, we implemented a reciprocal prediction mechanism. Spatial features were

extracted by three CNN models, namely, a residual network with 50 layers (ResNet50),(2%
InceptionV3,2%) and a visual geometry group 16-layer network (VGG16).29 The extracted
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features were processed by LSTM.?7) Conversely, the features extracted by LSTM were
processed by the CNN models. This integration of CNN-based models and LSTM yielded the
synergistic effects of CNN and LSTM models. By combining CNN and LSTM architectures, the
developed system in this study captured the spatial and temporal characteristics of respiratory
sound signals, and improved the classification accuracy and stability for COPD detection. The
models’ performance characteristics were evaluated using precision, recall, and Fl-score.

2.3 Performance evaluation metrics

In this study, we employed several widely used classification performance metrics to evaluate
the effectiveness of the proposed ML models, including accuracy, precision, recall, and Fl-score.

As shown in Table 1, a confusion matrix was first constructed for each classification model to
show the numbers of true positives (7P), false positives (FP), true negatives (7N), and false
negatives (FN). These values served as the basis for calculating the subsequent evaluation
metrics. Accuracy is defined as the proportion of correctly classified samples among all samples,
reflecting the overall predictive correctness of the model. Precision represents the proportion of
true positive instances among all the instances predicted as positive, indicating the reliability of
positive predictions. Recall is defined as the proportion of correctly identified positive instances
among all actual positive instances, reflecting the model’s ability to detect the positive class. The
Fl-score, calculated as the harmonic mean of precision and recall, provides a composite measure
that balances these two metrics. It is particularly useful in class-imbalanced scenarios or when
both detection performance and the risk of misclassification are important considerations.

3. Results

The ResNet50 model achieved an accuracy of 80%, a precision of 84%, a recall of 86%, and
an Fl-score of 0.85. The VGG16 model reached an accuracy of 81%, a precision of 86%, a recall
of 85%, and an F1-score of 0.85. Although the InceptionV3 model achieved the highest accuracy
of 84%, its precision, recall, and Fl-score were 72%, 69%, and 0.71, respectively, which were
lower than those of the ResNet50 and VGG16 models. This indicated that the InceptionV3 model
showed a higher rate of misclassification than the other CNN models.

Table 1
Confusion matrix for the binary classification mode.

Predicted class

Positive Negative
.\ o TP
Positive TP FN Sensitivity ——
TP+ FN
Actual class
Negative FP TN Specificity ———
TN + FP

Negative predictive value

TP TP+TN
[ IN Accuracy
TP+ FP TN + FN TP+TN + FP+ FN

Precision
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In contrast, the LSTM model outperformed the CNN models, with an accuracy of 94%, a
precision of 93%, a recall of 99%, and an Fl-score of 0.96, as shown in Table 2. This
demonstrated the model’s robust and effective classification ability for sequential respiratory
sound data.

The performance of the three CNN models combined with LSTM is show in Table 3. The
VGG16-LSTM yielded the best performance in COPD diagnosis, achieving an accuracy of
97.1% and a recall of 99%. While its precision was slightly lower than that of the InceptionV3-
LSTM, it outperformed in the other metrics.

The results of this study demonstrate the potential of deep learning models for the accurate
diagnosis of COPD using respiratory sound data. The analysis of the results of standalone CNN
models and LSTM, as hybrid combinations, provides valuable information for the application of
deep-learning models.

Among the standalone models, LSTM outperformed the CNN models, which underscores the
LSTM’s capability to effectively capture temporal dependencies and sequential patterns from
respiratory sound data. Since respiratory sounds are time-series data with dynamic variations
indicative of physiological states, the ability of LSTM to process and learn from sequential
information is critical. In contrast, while the ResNet50 and VGG16 models showed comparable
performance with the hybrid models, the InceptionV3 model demonstrated a lower recall and F1-
score, suggesting a higher rate of misclassification, especially concerning true positive
identification. While CNN models are effective at extracting spatial features, their application
might be less robust for sequential respiratory sound analysis than LSTM.

The integration of CNN models and LSTM enhanced diagnostic performance. The VGG16-
LSTM model performed the best, indicating that the spatial feature extraction capabilities of
CNN models are enhanced with the temporal learning strengths of LSTM. This provides an
accurate understanding of respiratory sound characteristics for COPD diagnosis. The high recall
achieved by the VGG16-LSTM model is significant in a clinical context, as it implies a very low

Table 2
Performance metrics of CNN and LSTM.
Model Accuracy Precision Recall Fl-score
ResNet50 0.80 0.84 0.86 0.85
CNN InceptionV3 0.84 0.72 0.69 0.71
VGGl16 0.81 0.86 0.85 0.85
LSTM LSTM 0.94 0.93 0.99 0.96
Table 3
Performance metrics of combined CNN-LSTM and LSTM—-CNN models.
Model Accuracy Precision Recall Fl-score
ResNet50-LSTM 0.964 0.972 0.986 0.979
CNN-LSTM InceptionV3-LSTM 0.968 0.977 0.986 0.982
VGG16-LSTM 0.971 0.976 0.990 0.983
LSTM- ResNet50 0.846 0.972 0.859 0.912
LSTM-CNN LSTM- InceptionV3 0.877 0.977 0.888 0.930

LSTM- VGG16 0.842 0.976 0.851 0.909
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rate of false negatives for accurate early detection and timely intervention in COPD treatment.
While other hybrid models also showed strong performance, the better metrics of the VGGI16-
LSTM suggest that the features learned by the VGG16 model and fed into LSTM for temporal
analysis yield the most effective diagnostic capability.

The high performance of deep-learning models, particularly hybrid models, contributes to
the development of next-generation acoustic sensors optimized for high-fidelity, continuous, and
sequential data capture. First, the reliance on features, such as Mel spectrograms, necessitates
sensors with enhanced sensitivity and a wider frequency response across the entire range of
human respiratory sounds (often optimized for roughly 100-1000 Hz), since subtle acoustic
markers of COPD are often missed by conventional sensors (e.g., approximately 502000 Hz,
depending on the target acoustic markers). Second, the performance of deep learning models
largely depends on clean data. Therefore, sensors with superior SNR and improved ambient
noise cancellation capabilities are required to minimize interference from the environment and
patient movement, allowing the models to accurately analyze physiologically relevant acoustic
patterns.

The sequential nature of respiratory sound analysis and the high processing demands of
LSTM and hybrid models require acoustic sensors with enhanced performance. This leads to the
development of smart acoustic sensors with embedded edge computing capabilities for
preliminary feature extraction. This reduces data transmission bandwidth requirements and
enables near real-time diagnosis. The validation of robust deep-learning models for COPD
diagnosis provides a reference for effective sensor calibration and validation. Sensor
manufacturers need to design and test sensors considering the data characteristics required for
optimal performance with advanced algorithms, accelerating the translation of research results
into clinically viable diagnostic tools.

4. Discussion

Previous studies have demonstrated the effectiveness of standalone CNN(?) and SVM-
based®? methods for respiratory sound classification, while hybrid CNN-LSTM{7)
architectures have also been applied to multi-class lung disease detection. Despite these
advances, several methodological and evaluation-related limitations persist in the existing
literature.

A notable limitation lies in the predominant focus on a unidirectional hybrid architecture.
Prior work has largely confined its investigation to the CNN-LSTM configuration, without
examining whether an inverse arrangement, namely, LSTM—CNN, yields a comparable or
systematically different performance. The absence of such bidirectional architectural analysis
restricts a more complete understanding of how temporal and spatial feature extraction interact
within sequential deep learning frameworks.

In parallel, the performance improvements reported in the literature are frequently associated
with auxiliary enhancement strategies, including data augmentation and multi-modal feature
integration based on the generative adversarial network. While effective, these approaches
introduce additional layers of complexity that may obscure the intrinsic contribution of the
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model architecture itself. Consequently, the extent to which performance gains can be attributed
to architectural design remains insufficiently isolated.

From an evaluation perspective, the emphasis on overall accuracy in multi-class classification
settings presents further limitations. Aggregate performance metrics may mask clinically
relevant disparities, particularly in relation to COPD, where recall is of primary importance for
early detection. This misalignment between evaluation practices and clinical priorities
underscores the need for more targeted performance assessment.

In response to these limitations, in this study, we introduce a structured investigation that
disentangles architectural, feature, and clinical evaluation factors within a unified framework. A
reciprocal prediction paradigm is employed to systematically compare CNN-LSTM and
LSTM-CNN configurations across multiple backbone architectures, enabling the direct
assessment of architectural ordering effects. Model performance is further examined under
controlled conditions using dual acoustic feature representations, specifically Mel spectrograms
and MFCCs, within a binary COPD classification task. Finally, the findings are extended beyond
model-level evaluation to guide the design considerations of next-generation acoustic sensing
systems, establishing a linkage between algorithmic requirements and sensor-level
specifications.

5. Conclusions

We validated the effectiveness of deep learning models, particularly those incorporating
LSTM, for the accurate diagnosis of COPD using respiratory sound data. This study is positioned
within the domain of ML techniques, combining signal-level feature engineering with advanced
deep learning architectures. Feature extraction methods, including MFCCs and Mel
spectrograms, were used to transform raw respiratory signals into structured representations.
Among the evaluated models, the standalone LSTM demonstrated strong capability in capturing
temporal dependencies, while the hybrid VGG16-LSTM model achieved superior diagnostic
performance, with an accuracy of 97.1% and a recall of 99%. This high recall is particularly
important for minimizing false negatives and enabling early clinical intervention.

These findings highlight the effectiveness of supervised deep learning architectures,
including CNNs for spatial feature extraction and LSTM networks for temporal modeling, as
state-of-the-art approaches for time-series classification. The integration of hybrid CNN-LSTM
frameworks further enables the complementary learning of spatial and temporal acoustic
patterns. Combined with data augmentation techniques and rigorous evaluation using standard
metrics (accuracy, precision, recall, and Fl-score), we demonstrate the potential of ML-driven
approaches in supporting noninvasive clinical decision-making for COPD diagnosis.

The demonstrated reliance of high-performing models on detailed acoustic features
necessitates the development of advanced sensing systems with enhanced sensitivity, flat
frequency response, and high SNRs. In this context, the development of an intelligent
stethoscope integrating a high-sensitivity acoustic sensor and an edge computing module
capable of executing a VGG16-LSTM model is technically feasible with current technologies.
However, practical implementation requires that the sensor supports a frequency range of 20—
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4000 Hz with an SNR of at least 70 dB, while the computational demands of VGG16 must be
addressed through model optimization techniques such as pruning and INT8 quantization,
enabling significant model size reduction and deployment on resource-constrained edge devices.
In addition, efficient wireless communication and real-time signal processing are essential to
ensure seamless data transmission and inference within clinical workflows.

Nevertheless, this study has several limitations that should be acknowledged. First, the
models were trained and evaluated solely on the ICBHI publicly available dataset, which may
limit the generalizability of findings across different patient populations, recording
environments, and clinical settings. Second, the binary classification framework (COPD vs
healthy) does not address COPD severity staging (e.g., GOLD grades I-1V), which is essential
for clinical management and treatment planning. Third, the current models have not been
validated in real-time clinical deployment scenarios, leaving a gap between laboratory
performance and bedside applicability. Future studies will aim to address these limitations by (1)
expanding validation to multi-center, multi-dataset cohorts to improve model robustness and
generalizability, (2) developing multi-class severity classification models to support COPD
staging and disease progression monitoring, and (3) integrating the optimized deep learning
pipeline into wearable acoustic sensing platforms with edge computing capabilities for real-time,
point-of-care COPD screening.
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