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Deep feature research uses a deep feature approach, which produces more features, as a
solution. This research applies three convolutional neural network (CNN)
Lung _sound . architectures as deep features, namely VGG-16, DenseNet-121, and ResNet-
Machlne |ea“?|n9 50, with machine learning classifications, namely random forest, support
Respiratory diseases vector machine (SVM), Naive Bayes, and K-nearest neighbors (KNN). This
Spectrogram research will identify the optimal combination of methods. The results of
this study show that respiratory disease classification can be effectively
achieved by combining deep features and machine learning classification.
The results of 10-fold cross-validation show that the three CNN architectures
perform best on SVM with a linear kernel. The accuracy of VGG-16 is
70.63%, ResNet-50 is 64.93%, and DenseNet-121 is 73.58%.
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1. INTRODUCTION

According to the World Health Organization (WHO), respiratory diseases are one of the leading
causes of death worldwide [1]. Therefore, early detection of respiratory diseases is essential to stop
complications and speed up treatment. Stethoscopes are still used to identify respiratory conditions by
listening for abnormal lung sounds in the anterior and posterior thoracic regions, such as crackles and
wheezes [2]. These lung sounds provide critical information for the diagnosis of respiratory diseases.
However, this conventional method is unsuitable for long-term monitoring, and manual auscultation relies
heavily on the skill and hearing of the doctor, which can result in misdiagnosis [3]. With the development of
technology, artificial intelligence-based early detection with lung sound input began to be developed to
overcome these limitations, for example, in the research of Demir et al. [4] using convolutional neural
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network (CNN) on spectrogram images of lung sounds generated through short-time Fourier transform
(STFT). Also, Yang et al. [5] used lung sound input for respiratory disease classification and converted it into
STFT and wavelet transform representations combined with Blnet. Another research by Ali et al. [6] used a
1D-CNN approach to raw lung sound signals.

The development of artificial intelligence for respiratory disease classification using lung sound
input shares similarities with other audio classification tasks. Generally, it consists of two main stages, i.e.,
feature extraction and classification. Feature extraction converts raw audio signals into structured data so that
classification algorithms recognize relevant patterns [7]. Mel-frequency cepstral coefficients (MFCC) is a
commonly used feature extraction technique, which efficiently reduces dimensionality but can lose some
information in complex data that can affect accuracy [8]. On the other hand, a deep feature technique utilizes
all features and produces deeper features, one of which is the CNN approach. For example, research [9] using
the ResNet-50 deep feature method and a linear support vector machine (SVM) classifier achieved
classification of skin disease types on a balanced image dataset, with an accuracy of 97% being reached. In
another research [10], multilabel chest diseases were detected using X-ray images with the transfer learning
method on DenseNet121, which served as a deep feature, and achieved an accuracy of up to 98.5% for
diseases such as edema.

Additionally, in study [11], deep features were extracted from VGG-16 and classified using an
ensemble of several machine learning algorithms to detect brain tumors, achieving an accuracy of up to
98.15%. This demonstrates that CNN methods effectively extract deep features in image classification. This
study's data consists of audio signals that will be converted into spectrogram images. This approach is
expected to provide similar performance when applied to audio data. Therefore, based on the good results
reported in the aforementioned image classification studies, this study will use the ResNet-50 and VGG-16
techniques for deep feature extraction.

Once the structured data has undergone the feature extraction process, the next step is classification.
Currently, machine learning and deep learning algorithms are commonly used. For example, the research of
Rayan and Alaerjan [12] applied Bi-LSTM to classify COVID-19 from X-ray images with an accuracy rate
of 93%. In another study, random forest achieved 92% accuracy, outperforming other algorithms in
classifying chronic obstructive pulmonary disease (COPD) [13]. Meanwhile, Demir et al. [4] used a transfer
learning approach with CNN and a SoftMax classifier, resulting in 65.5% and 63.09% accuracy in lung
disease classification. Moreover, in Parkinson's disease diagnosis, MFCC with SVM Kkernel radial basis
function (RBF) achieved 77.5% accuracy [14]. Although deep learning often shows high accuracy, the choice
of algorithm depends on the complexity of the data and the need for interpretability because, in some cases,
machine learning is more explainable than black-box deep learning [15]. In this study, classification is
performed using several popular machine learning algorithms, considering the diversity of classification
approaches. Random forest represents a decision tree-based ensemble approach [16]. Naive Bayes is a
probabilistic model that works well on data with independent feature assumptions [17]. SVM is a margin-
based method that can form non-linear decision boundaries using kernels [18]. Meanwhile, K-nearest
neighbors (KNN) is an instance-based method that classifies data based on the dimensions of the feature
space [19].

This study took several key steps to address challenges commonly encountered in real-world data,
including variations in signal data duration and data imbalance. Since the data obtained had different
frequencies, the frequencies were resampled. Moreover, segmentation was also performed with varying data
durations to facilitate further analysis. To address class imbalance, this study applied a data balancing
method. Additionally, validation was performed using 10-fold cross-validation to ensure robust model
evaluation and reduce the risk of overfitting [16]. Random undersampling is a simple and straightforward
data balancing method that reduces the number of samples in the majority class to enhance feature space
class separation and mitigate classification bias [17]. This study differs from previous studies regarding
preprocessing, data balancing, and the methods applied. The main question addressed in this study is to what
extent the combination of deep feature extraction using CNN architectures (VGG-16, ResNet-50, and
DenseNet-121) and machine learning algorithms can achieve the best accuracy in classifying respiratory
diseases based on lung sounds, as well as which classification algorithm provides the most optimal
performance for each CNN architecture. This study aims to classify respiratory diseases based on lung
sounds using a combination of CNN deep features and machine learning algorithms, and to comprehensively
evaluate their accuracy.

The novelty of this study is its thorough and clear approach. Unlike earlier work that used only end-
to-end CNN models or handcrafted features like MFCC, this study combines machine learning methods, such
as SVM, random forest, Naive Bayes, and KNN, with features from pre-trained CNNs, including VGG-16,
ResNet-50, and DenseNet-121. By also incorporating segmentation, random undersampling, and testing with
10-fold cross-validation, this method effectively addresses real-world issues in the ICBHI 2017 dataset, such
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as class imbalance and variations in signal frequency or duration. Beyond offering a comparative analysis of
various CNN combinations with machine learning, this research method provides a reliable and reproducible
method for classifying respiratory sounds in practical environments.

2. METHOD
The research stages used in this study are depicted in Figure 1.

Dataset Preprocessing Feature Random Classification Performance
Extraction Undersampling
Lung Sound : o :
Eudio Resampling VGG-16 Random Naive
O O Forest Bayes
Segmentasi ResNet-50 Q O
Q O SVM KNN
Spectrogmm DenseNet-121
RG

Figure 1. Diagram of the research workflow

2.1. Dataset

This study utilizes the ICBHI 2017 dataset on the Kaggle website. This dataset comprises audio
recordings of respiratory sounds collected by researchers from Portugal and Greece. Annotations are made
manually by respiratory specialists by marking the beginning and end of each breathing cycle and noting the
presence of adventitious sounds: crackles and wheezes. There were 920 annotated sound recordings, with
durations ranging from 10 to 90 seconds, collected from 126 patients. The audio duration is 5.5 hours and
covers 6,898 breathing cycles taken from patients of different age groups. It also has four classes with
unbalanced data. The distribution of data for each class is presented in Table 1.

Table 1. Distribution of datasets in each class

Class data Amount
Normal 3,642
Crackles 1,864
Wheezes 886

Crackles and wheezes 506

2.2. Data preprocessing

Raw audio data is resampled to 4,000 Hz. Since abnormal lung sounds, such as crackles and
wheezes, are typically below 2,000 Hz, resampling to 4,000 Hz can be performed. This is followed by fixed-
duration segmentation of 2.7 seconds, corresponding to the average duration of a single breathing cycle.
Segmentation is performed by cutting the beginning portion and adding sample padding if the duration is less
than 2.7 seconds. This process aims to standardize the input data size, enabling the machine learning model
to capture patterns more effectively [20].

After segmentation, the audio signal is converted into a visual representation using the STFT, which
represents the frequency content of the audio segment window. The sound wave can be described as a two-
dimensional function of time and frequency by building this representation over time. The square of the
magnitude of the STFT representation, |F(n, w)|? is known as the spectrogram [4]. The spectrogram
generated from the STFT is a visual representation of the signal's frequency content over time [21]. Figure 2
is the preprocessed dataset with a red, green, and blue (RGB) spectrogram [22]. The dataset is divided into
four categories: the normal category illustrated in Figure 2(a), the crackles category depicted in Figure 2(b),
the wheezes category represented in Figure 2(c), and the category encompassing both crackles and wheezes
shown in Figure 2(d).
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Figure 2. Example spectrogram representations of respiratory sound classes in the dataset; (a) normal class,
(b) crackles class, (c) wheezes class, and (d) crackles and wheezes classes

2.3. Deep feature extraction
This study extracted deep features from spectrogram images generated through audio conversion
using a CNN. The ImageNet dataset was used to train three CNN architectures—VGG-16, ResNet-50, and

DenseNet-121—with an input resolution of 224x224 pixels. These three architectures were selected due to

their distinct network structures. CNNs generally use two-dimensional (2D) convolution filters to extract

high-level information from image inputs, making them suitable for analyzing RGB spectrogram images

[23]. In the final stage, features from the final convolution layer are extracted and flattened into a one-

dimensional vector, which is then used as input to the machine learning classification algorithm [24]. The

characteristics of the CNN architecture are as follows:

- VGG-16: consists of 16 layers, including thirteen convolutional layers and three fully connected layers.
This model employs relatively simple convolutional filters (3%3) and a deep network, making it easy to
use and effective for image classification tasks [25]. The structure of VGG-16 is shown in Figure 3(a).

- DenseNet-121: each layer is designed using dense connectivity, where the layer receives input from all
previous layers and provides output to all subsequent layers. This enhances the effectiveness of the gradient
between layers and information propagation [26]. Figure 3(b) shows a graphical representation of this design.

- ResNet-50 has an architecture with two main layers: conv blocks and identity blocks. These two blocks
enable gradients to flow more efficiently during training by forming shortcut connections between layers,
as illustrated in Figure 3(c) [27].
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Figure 3. Visualization of the CNN architectures used for deep feature extraction; (a) architecture of VGG-16
[28], (b) architecture of DenseNet-121 [29], and (c) ResNet identity block and conv block structure [27]
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2.4. Random undersampling

The method addresses data imbalance by randomly removing instances from the majority class until
the number of cases in both the majority and minority classes is equal [30]. In this research, we applied
random undersampling with stratified sampling to generate balanced subsets containing 500 samples per class.

2.5. 10-fold cross-validation

In this study, using 10-fold cross-validation, the 10-fold technique divides the network input data
into ten subgroups. For each iteration of model training, nine subgroups are used as training data, while the
remaining subgroups are used as test data [31], [32]. The formula for calculating the performance metric
across all folds is as (1):

1
CVip=; 210 MSE @

2.6. Classification
After feature extraction, the machine learning model is classified using the Scikit-Learn library,
which implements all classification functions with default parameters.
- Random forest: the decision tree algorithm is the evaluator of this algorithm. The principle is based on the
bootstrap aggregating (Bagging) algorithm and random feature selection [33].
- SVM using various kernel functions to classify non-linear data sets, some SVM kernels are linear,
polynomial, sigmoid, and RBF [34]. The functions of the SVM kernels used are presented in Table 2.

Table 2. Function mathematics kernel SVM
Kernel Function
Linear k(x;.x) = x;.x
Polynomial  k(x;.x) = (y.x; + €)¢
Sigmoid k(x;.x) = tanh (y.x; + C)
RBF k(x;.x) = exp(=ylx; — x|?)

- Naive Bayes: serves to identify or predict the probability of future events (posterior probability). i.e., the
possibility of an unknown data class based on information about previous events (prior probability,
possibility, and evidence) [35].

- KNN: performs class classification based on the nearest neighbor distance. The Euclidean distance is
often used to determine the distance between two objects, x and y [36].

2.7. Evaluation matrix

In this study, the evaluation metric used is the confusion matrix, which will be employed to assess
the effectiveness of the machine learning classification model. The confusion matrix generated by each
classification model is used to calculate the parameters for accuracy and Fl-score [37], [38]. Since this
research addresses a multiclass classification problem, AUC and ROC metrics for binary classification are
not applied in this study [39]. The equation for performance in this multiclass study is as (2) and (3) [40]:

Accu racy:NumbeT of correct predictions (2)
Total sample
1
F1-score macro:; §V=1 F1; o

2.8. Experimental setup

The experimental configuration consisted of deep feature extraction using pre-trained CNN
architectures and machine learning classification algorithms. Table 3 details the architectural configurations
for feature extraction, while Table 4 summarizes the hyperparameter settings for the classification models.
All models were trained on balanced subsets generated through random undersampling.

Table 3. Experiment setup on feature extraction
Parameter value

Parameter

VGG-16 ResNet-50 DenseNet-121
architecture VGG-16 ResNet-50 DenseNet-121
weights imagenet imagenet imagenet
Input_shape 224,224, 3 224,224,3 224,224, 3
imageDataGenerator ~ rescale=1./255  rescale=1./255 rescale=1./255
batch_size 128 128 128
output layer block5_pool convb_block3 out relu
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Table 4. Experiment setup for classification

Machine learning Algorithm Parameter Value
Random forest RandomForestClassifier — n_estimators 100
random_state 42
Naive Bayes GaussianNB - -
SVM linear SvC kernel linear
random_state 42
SVM polynomial SVC kernel poly
degree 3
random_state 42
SVM RBF svC kernel rbf
random_state 42
SVM sigmoid SvC kernel sigmoid
random_state 42
KNN (k=1) KNeighborsClassifier n_neighbors 1
KNN (k=3) KNeighborsClassifier n_neighbors 3
KNN (k=5) KNeighborsClassifier n_neighbors 5

3. RESULTS AND DISCUSSION
3.1. Results

Three CNN architectures have resulted in feature vectors with varying dimensions, as shown in
Table 5. Table 6 shows the performance of each combination of CNN architecture and machine learning
algorithm.

Table 5. The number of deep feature results
Architecture CNN_ Feature count

VGG-16 25.088
ResNet-50 100.352
DenseNet-121 50.176

Table 6. Metric evaluation results
Deep feature

Machine learning VGG-16 ResNet-50 DenseNet-121
Acc (%) Fl-score (%) Acc (%) Fl-score (%) Acc (%) Fl-score (%)

Random forest 68.08 67.57 62.17 61.47 64.93 64.45
Naive Bayes 48.67 47.95 43.32 39.74 45.72 44.87
SVM (linear) 70.63 70.51 64.93 64.73 73.58 73.37
SVM (poly) 53.57 53.32 56.17 54.98 60.53 59.50
SVM (RBF) 66.37 65.63 59.52 58.58 70.23 69.86
SVM (sigmoid) 67.23 66.67 51.37 50.03 68.48 67.96
KNN=1 62.29 62.02 58.27 58.24 68.88 68.73
KNN=3 57.67 57.54 56.22 56.02 67.23 66.97
KNN=5 58.12 57.69 54.97 54.54 66.38 65.89

Based on the table above, the VGG-16, ResNet-50, and DenseNet-121 architectures produce the
best combination in the linear kernel SVM method. Figure 4 shows the confusion matrix for each
combination of the most optimized deep feature and machine learning. Figure 4(a) represents the confusion
matrix outcome of a SVM model that utilizes inputs derived from the VGG-16 feature. Figure 4(b) illustrates
a confusion matrix outcome from an SVM model that employs inputs sourced from the ResNet-50 feature.
Figure 4(c) delineates the confusion matrix outcome of the SVM model utilizing inputs extracted from the
DenseNet-121 feature. Based on the confusion matrix, the three CNN architectures with linear kernel SVM
have superior predictive performance in the normal and wheezes classes, yielding more accurate predictions
than the other classes.

3.2. Discussion

For the overall performance analysis, the average accuracy of each CNN architecture is calculated
and displayed as a chart in Figure 5(a). DenseNet-121 produces the best performance, with an average
accuracy of 65.11%, followed by VGG-16, and the lowest is ResNet-50. This difference could be due to how
well each architecture extracts relevant features. ResNet-50 tends to overgenerate irrelevant features, thus
reducing accuracy. On the other hand, VGG-16 has a few features that do not provide much information.
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DenseNet-121 shows a better balance in feature extraction, but accuracy is still not good enough; with the
combination of a linear kernel, SVM can improve classification performance.

Meanwhile, the average performance of each machine learning algorithm shown in Figure 5(b)
indicates that SVM with a linear kernel has the best performance with an average result of 69.71% compared

to the other methods, which shows the ability of SVM to utilize the data generated by CNN.
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In this study, the accuracy of the results obtained in each classification method is still below 80%.
This study is due to the many features generated during deep feature extraction, which can cause noise and
unimportant information. Reducing the performance of machine learning models [41]. Furthermore, because
the model must process and interpret high dimensions. An overabundance of features also results in a very
long computation time.

To assess whether the observed performance differences were statistically significant, an unpaired t-
test was conducted on the F1-scores obtained from both the feature extraction stage and the classification
stage. The unpaired test was chosen because the compared groups represent independent cross-validation
results. For CNN-based feature extraction, the comparison showed that DenseNet-121 did not differ
significantly from VGG-16 (p=0.3432), but when compared to ResNet-50, it was statistically significant
(p=0.0229). Meanwhile, for machine learning classifiers, the results indicated that the difference between
SVM with a linear kernel and SVM with an RBF kernel was not significant (p=0.3084), and the difference
between SVM linear and random forest was also not significant (p=0.1784). These findings suggest that
DenseNet-121 provides a meaningful advantage over ResNet-50 in feature extraction, while among the top-
performing classifiers, the superiority of SVM linear over SVM RBF and random forest cannot be considered
statistically conclusive.

Table 7 presents a comparison of the performance of this approach with previous studies. The study
by Demir et al. [4] employed a relatively simple transfer learning approach using CNNs with a SoftMax
classifier, which achieved accuracies of 63.09% and 65.5%. However, the small size of the ICBHI 2017
dataset and the noisy, heterogeneous recordings’ generalization ability of the end-to-end CNN model. On the
other hand, the study by Yang et al. [5] developed Blnet, a hybrid architecture that combines ResNet,
GoogleNet, and self-attention, which achieved an accuracy of 72.72% and improved sensitivity. However,
the complexity of the model architecture and high computational demands may limit its application in
clinical settings with limited resources. Compared to previous approaches, the method proposed in this study
shows a balance between accuracy and practicality. By utilizing deep feature extraction from pre-trained
CNNs with conventional machine learning classification algorithms, this approach achieves an accuracy of
73.58% with relatively low implementation complexity, providing greater potential for adaptation to real-
world medical applications.

Table 7. Performance comparison of previous research

Ref Method Accuracy (%)
Demir et al. [4] Transfer learning with a CNN model and a SoftMax classifier 65.50
63.09
Yang et al. [5] Blnet with STFT+Wavelet transform 72.72
Proposed research  VGG-16+SVM linear 70.60
ResNet-50+SVM linear 64.93
DenseNet-121+SVM linear 73.58

In future research, feature selection techniques should be applied to reduce data dimensions and
identify the most informative features, as the current study still relies on all features without evaluating their
importance. Interpretability tools such as SHAP can also be considered to better understand the contribution
of each feature. Additionally, performance improvements can be achieved by exploring alternative CNN
architectures to generate more comprehensive feature representations and optimizing hyperparameters in
classification models, such as SVM and random forest.

4. CONCLUSION

This research aims to determine the performance of different machine-learning algorithms for
respiratory disease classification based on lung sound audio with deep features extracted from a CNN
architecture specifically VGG-16, ResNet-50, and DenseNet-121. This research also applies 10-fold cross-
validation to reduce the possibility of overfitting. The results show that the three CNN architectures perform
best with the linear kernel SVM, VGG-16 achieved 70.63% accuracy and 70.51% F1-score, ResNet-50
achieved 64.93% accuracy and 64.73% F1-score, and DenseNet-121 achieved 73.58% accuracy and 73.37%
F1-score.

Although the results obtained show promise, several limitations need to be considered. The overall
accuracy has not reached the threshold of >80%, which is thought to be caused by the large number of
features and the possibility of noise or irrelevant information from the deep feature extraction results. This
condition suggests that further optimization strategies are necessary, although the CNN-based deep feature
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extraction approach holds promise. Future research should explore other deep feature techniques, optimize
hyperparameters, and apply feature selection and feature importance analysis to reduce data dimensions,
eliminate irrelevant attributes, and identify the most informative features, thereby improving both efficiency
and predictive performance. Additionally, ablation analysis was not included in this study, which is advised
for future research, as it could assist in elucidating the impact of each component.

The primary contribution of this study is a systematic evaluation of deep feature extraction using a
CNN architecture and machine learning algorithms for classifying respiratory diseases based on lung sound
signal spectrograms. These findings can serve as a basis for developing medical audio signal-based
diagnostic support systems. Furthermore, the suggested framework exhibits promise for incorporation into
digital telemedicine systems, where respiratory sound analysis may facilitate remote diagnosis and ongoing
patient monitoring via digital stethoscope recordings or smartphone-based apps. Access to respiratory
healthcare services may be made easier by such integration, especially in places with limited resources or that
are remote.
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