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Abstract: Respiratory infections in children increase the risk of fatal lung disease, making effective identification and analysis of breath sounds essential. However, most studies have focused on adults ignoring pediatric patients whose lungs are more vulnerable due to an imperfect immune system, and the scarcity of medical data has limited the development of deep learning methods toward reliability and high classification accuracy. In this work, we collected three types of breath sounds from children with normal (120 recordings), bronchitis (120 recordings), and pneumonia (120 recordings) at the posterior chest position using an off-the-shelf 3M electronic stethoscope. Three features were extracted from the wavelet denoised signal: spectrogram, mel-frequency cepstral coefficients (MFCCs), and Delta MFCCs. The recognition model is based on transfer learning techniques and combines fine-tuned MobileNetV2 and modified ResNet50 to classify breath sounds, along with software for displaying analysis results. Extensive experiments on a real dataset demonstrate the effectiveness and superior performance of the proposed model, with average accuracy, precision, recall, specificity and F1 scores of 97.96%, 97.83%, 97.89%, 98.89% and 0.98, respectively, achieving superior performance with a small dataset. The proposed detection system, with a high-performance model and software, can help parents perform lung screening at home and also has the potential for a vast screening of children for lung disease.
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1  Introduction

Children’s lungs are more vulnerable to disease because of their weaker immune systems than adults and lack of self-protection. They depend on their parents for help with prevention and treatment, and lung disease that is not detected and treated in time can have serious health consequences for children, especially during respiratory pandemics, which can have a sudden impact on life [1]. For this reason, the prevention and treatment of lung disease have received much attention. Early detection and treatment of lung disease can lead to more timely and effective care and reduce the likelihood of emergencies. The simple, non-invasive, low-cost stethoscope-based diagnostic technique provides valuable clinical information about the heart, lungs, and airways [2], however, the diagnosis may be disturbed by various factors such as environmental noise [3], besides, diagnosis is subjectivity due to the physician’s expertise to recognize sounds [4]. Therefore, the development of computerized lung sound analysis systems has been extensively researched. The analysis system uses an electronic stethoscope to record lung sounds and applies a deep learning algorithm to classify the recorded lung sounds, which helps overcome the limitations of traditional auscultation and improves the quality of health monitoring [5]. However, large datasets of children’s breath sounds are not available to satisfy the large amount of data required by deep learning models. To solve this tricky problem, transfer learning can be applied and it is possible to train with fewer datasets and require less computational cost, solving the problem of insufficient data and the problem of long training times.

Researchers have turned their attention to designing a cost-effective breath sound recognition model to not rely on real-time expert experience. Mining the time-frequency characteristics from the breath sound signal is usually used to explore the relationship between lung condition and breath sounds [6–8]. As an advanced machine learning technique, deep learning methods use deep neural networks to learn hierarchical features from low to high from raw input data [9], enabling the analysis of audio and images with superb predictive accuracy [10]. For the automatic processing of breath sounds, several algorithms have been proposed. Examples include the convolutional neural network (CNN) model to recognize types of breath sound data [11,12], and MFCC to analyze breath sounds [13].

Despite the progress made in previous studies, most studies of breath sounds have focused on adults and neglected children. Due to the significant difference between the breath sounds of children and adults, the results obtained from the adult dataset are likely to misdiagnose childhood diseases.

Based on the above problems, this paper aims to propose an intuitive recognition system for lung diseases by using transfer learning in children. The major contributions of this paper are as follows:

1.    A database of children’s breath sounds has been established. Reliable breath sounds of different types of children have been recorded in the hospital by specialist doctors.

2.    A model with solid generalization ability for children’s breath sound recognition within a small dataset is designed, and introduce a novel feature engineering strategy that extracts and fuses time and frequency information from the original breath sound signal at the same time to boost the recognition accuracy.

3.    Software written in Python can intuitively present the recognition results of breath sounds recorded by the 3M™ Littmann Digital Stethoscope.

This paper presents a breath sound recognition model based on a transfer learning strategy for the early diagnosis and prevention of lung diseases in children. Experiments have shown that the proposed model can achieve excellent breath sound recognition performance through cross-domain knowledge transfer rather than training a complex weighted deep learning model from scratch. This proposed model could provide a novel and efficient diagnostic platform for computer-assisted breath sound clinics. The paper is organized as follows. Section 2 presents the literature review. Section 3 describes the dataset. Section 4 presents the proposed method. Section 5 is about the experiment. Section 6 puts forward the results obtained from this research. And the conclusions and suggestions for future research are finally discussed in Section 7.

2  Related Works

There have been many studies on breath sound classification systems. In [14], the disease-related relevant features of the lung sound signals are identified in terms of the statistical distribution parameters: the mean, the variance, the skewness, and the kurtosis. The feature set is fed to the classifier model to identify the corresponding classes. The significance of the developed features is validated by conducting several experiments using supervised and unsupervised classifiers. The experimental result is evaluated by statistical analysis. The developed method shows better results compared to the baseline methods and achieves a higher accuracy of 94.16%, sensitivity of 100% and specificity of 93.75% for an artificial neural network classifier. Islam et al. [15] proposed artificial neural network (ANN) and support vector machine (SVM) classifiers together for the classification of normal and asthmatic patients using multi-channel signals. The performance of the combined channels was found to be better than that of the individual channels. The best classification accuracy was 89.2% and 93.3% for the 2-channel and 3-channel combinations in the ANN and SVM classifiers respectively. The channel combination studies show the contribution of each lung sound acquisition region and their combination in asthma detection.

Acharya et al. [16] proposed a deep CNN-RNN model that classifies breath sounds based on mel spectrograms to identify breath sound anomalies for automated diagnosis of respiratory and pulmonary diseases. In addition, the local logarithmic quantization of the training weights is shown to significantly reduce memory requirements, and this type of patient-specific retraining strategy may be useful in the development of reliable long-term automated patient monitoring systems.

Shivapathy et al. [17] used Ensemble Experimental Mode Decomposition for noise reduction and the CNN-RNN model for classification. The classification models are used to classify anomalies in breath sounds such as wheezing and crackling. The data received by the acquisition is denoised using Ensemble Empirical Mode Decomposition. The features of the breathing sound are extracted and sent to the CNN-RNN model for training in order to classify them. The proposed classification model achieves an accuracy of 0.98, a sensitivity of 0.96 and a specificity of 1 for predicting the four classes. Gupta et al. [18] proposed a pre-processing technique that denoises respiratory sounds using the variational mode decomposition (VMD) technique. Different transfer learning models based on deep convolutional neural network architecture are used to classify. Since CNN model over-fit when the dataset size is small, transfer learning have been used for sound classification. The method can classify breath sounds into three classes with accuracy, precision, sensitivity and specificity of 98.8%, 97.7%, 100% and 97.6%, respectively. In [19], Stasiakiewicz et al. developed a classification system using wavelet packets, a genetic algorithm and a support vector machine (SVM) to identify healthy patients and patients with crackles. The system is designed and tested on a dataset consisting of healthy and sick patients with a sensitivity of about 95% and a specificity of 91%.

Haider et al. [20] presented a computerized method for the classification of asthma and chronic obstructive pulmonary disease (COPD) cases based on breath sounds. Empirical mode decomposition is used to denoise the breath sounds. To classify normal, COPD and asthma, different classifiers such as support vector machine (SVM), decision tree (DT), k-nearest neighbor (KNN) and discriminant analysis (DA) are used. In the study, DT classifier was used to discriminate between normal, asthma and COPD cases with a remarkable classification accuracy of 99.3%. In [21], the authors explores the use of deep learning techniques for the classification of lung sounds acquired from patients suffering from connective tissue diseases. A pre-processing pipeline for denoising and data augmentation is developed. Different convolutional neural networks achieved a high overall accuracy of 91% for the classification of pulmonary sounds. The algorithms can be easily supported by modern high-performance edge computing hardware. This study has significant implications for a large-scale screening campaign for interstitial lung disease in the elderly.

Table 1 briefly summarizes the sound types, methods and results of the authors’ studies.
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3  Methodology

Since there is no large database involving children’s breath sounds in the public dataset, the research is carried out by using a 3M™ Littmann® 3200 electronic stethoscope, cooperating with Haikou Hospital of the Maternal and Child Health. The stethoscope is used in outpatient clinics to record a child’s breathing sounds with a sampling time of 15 s, and only the signal is noted with its corresponding disease, without retaining any information about the patient, protecting the patient’s privacy and ensuring the anonymity of the data. The data are collected by the doctors, which will ensure their reliability. And the pediatric expert advises that the sampling position should avoid the interference of heart sounds as much as possible. Besides, the acquisition environment should be quiet and the stethoscope should be placed in the corresponding stethoscope area.

The collected data can be divided into three classes: normal breath sound signals, pneumonia breath sound signals, and bronchitis signals.
    
The details of the proposed recognition model of children’s breath sound signals are introduced. The signal processing steps are shown in Fig. 1, including preprocessing, and combining models through soft voting by using Fine-tuned MobileNetV2 and ResNet50 with random forest.
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Figure 1: System diagram of the proposed method

3.1 Data Preprocessing

The experimental data are divided into three types of signals: normal breath sound signal, pneumonia breath sound signal, and bronchitis signal. In order to balance the experimental data, the number of randomly selected data of each type is consistent. The training set has 84 signals in each category, 252 signals in total; The test set has 36 signals of each type, a total of 108 signals.

The waveforms of normal breath sound, pneumonia, and bronchitis are shown in Fig. 2. It can be seen from the waveform that the signals are periodic, and the period of three kinds of heart sound signals is obvious. The breath sounds contain a large amount of physiological and pathological information in the lungs, and each pathological abnormal breath sound corresponds to a patient who may have some lung disease.
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Figure 2: The waveforms of breath sound signals

In the process of breath sound signal acquisition, in addition to heart sound, equipment noise, and hospital environment noise will also be mixed into the recording. Without a high-quality signal, the subsequent signal analysis will be affected, so it is necessary to preprocess the collected breath sound signal. The frequency of breath sound is within the range of [50–2500 Hz] [22]. Considering the breath sound rate, the fourth-order Butterworth bandpass filter [23] with frequencies of 50 and 2500 Hz is used to filter the breath sound. This interval ensures that the main components of these sounds are retained, while high-frequency noise and low-frequency baseline fluctuations are reduced. The waveform of the original breath sound signal is shown in Fig. 3, and the filtering effect is shown in Fig. 4.
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Figure 3: Raw signal
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Figure 4: Signal with bandpass filter

The spectrum of the raw breath sound signal is shown in Fig. 5, and the filtering signal is shown in Fig. 6.
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Figure 5: The spectrum of the raw breath sound signal
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Figure 6: The spectrum of the filtered breath sound signal

From the above two pictures, it can be seen that after high-pass filtering, the noise signal has significantly weakened in the low-frequency region. The change before and after filtering can be clearly seen in the waveform and spectrum. If there is no filtering processing, the noise with a high energy value will greatly affect the recognition effect of the relatively weak lung sound signal.

3.2 Denoise

The breath sound signal contains important information about time and frequency. If only a bandpass filter is used and the frequency part of the signal is analyzed, the information about the time of each frequency occurrence will be ignored. This problem can be solved by wavelet transform. Wavelet transform can adapt to the requirements of time-frequency signal analysis more automatically and solve the problems that Fourier transform cannot when processing non-stationary signals [24].

Discrete wavelet transform (DWT) is a linear transformation method, which operates on coefficient vectors of an integer power of 2 in length and converts them into vectors with different values of the same length [25].

Assume that s (n) is the original signal and the frequency range is from 0 to π rad/s. DWT of time domain signal s (n) is defined as:


Wx(a,b)=∑n1as(n)ψ∗(n−ba)(1)

The most appropriate way to view the noise effect added to the signal is to add white noise. After denoising with different mother wavelet and decomposition levels, the performance can be measured by comparing the denoised signal with the raw signal.

3.3 Feature Extraction

In order to adapt to the format of the input into the model, the features obtained from the signal are processed. Because the input signal of the image classification model is in RGB format, a three-dimensional array (width, height, channels), which means there are 3 channels, representing the three RGB color channels. Therefore, the features are combined by using three diagrams, as shown in Fig. 7. The feature calculation method will be described in detail below.
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Figure 7: Features to input

3.3.1 Spectrogram

Spectrum is a visual representation of the spectrum of the signal changing with time. The spectrum diagram can be generated by optical spectrometer, a group of band-pass filters and atransform [26].

Short-Time Fourier Transform (STFT) of the signal can be obtained by adding windows to the signal and performing discrete Fourier transform (DFT) on each window.

The short-time Fourier transform formula is:


STFT{xn}(h,k)=X(h,k)=∑n=0N−1xn+hωne−i2πknN(2)

where xn is the input signal, ωn is the window. STFT describes the evolution of frequency components with time.

3.3.2 MFCCs

Mel-Frequency Cepstrum is a linear transformation of the logarithmic energy spectrum based on the nonlinear mel scale of sound frequency. MFCCs are the coefficients that make up the Mel-frequency cepstral. It is derived from the cepstrum of an audio segment. The conversion formula from Hertz to Mel scale is as follows [27]:


m=2595log10(1+f700)(3)

where f is the original frequency in Hz.

3.3.3 Delta MFCCs

The MFCCs feature vector only describes the power spectrum envelope of a single frame, but the signal has dynamic information. Delta coefficients are used to identify the dynamics of the signal power spectrum. The delta coefficients are computed using the following formula.


dt=∑n=1v1n(ct+n−ct−n)2Σn=1Nn2(4)

where dt is a delta coefficient from frame t computed in terms of the static coefficients ct−n to ct+n. n is usually taken to be 2.

3.4 Transfer Learning Models for Classification

3.4.1 Fine-Tuned MobileNetV2

MobileNetV2, a convolutional neural network, builds upon the ideas from MobileNetV1 [28], using depthwise separable convolution as efficient building blocks. The MobileNetV2 models are much faster in comparison to MobileNetV1, it is a very effective target detection and segmentation feature extractor.

Therefore, MobileNetV2 is used as the basic model and the final output layer is changed to the one that meets the classification needs. A Dropout layer is added before the classification layer for regularization, and the input data is set to adjust the image size to 120 × 120. Freezing all layers in the network except the classification layer prevents the weights in those layers from being re-initialized. The next step is to add a new trainable layer to transform the old features into the prediction of the new data set. The structure of the improved MobileNetV2 is shown in Fig. 8.
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Figure 8: Model structure diagram

After training, fine-tuning, which is used to freeze a few network layers for feature extraction and jointly train the unfrozen layer of the pre-training model and the newly added classifier layer, is used to improve the performance of the model. Unfreezing the base model and training the entire model end-to-end with a low learning rate is the last step. Fine-tuning allows the past knowledge in the target field and re-learn new knowledge to be applied to the model. A low learning rate will improve the performance of the model on the new data set while preventing over-fitting.

ImageNet is a large visual database designed for visual object recognition software research. The pre-trained ImageNet weights are used for the MobileNetV2.

3.4.2 ResNet50 with Random Forest

ResNet50 deep learning model is regarded as the pre-trained model for feature extraction in transfer learning, and then the random forest is used to classify. Resnet50 is characterized by deep structure and residual connectivity, which makes it one of the best feature extractor options [29].

In this paper, the ResNet50 model is employed to preprocess the image and obtain the basic features, and then these features are transferred to the random forest, that is, combined with the traditional classifier to classify the data without retraining the basic model. Random forest is a supervised learning algorithm that combines the output of multiple decision trees to achieve a single result, which can be used for classification and regression. Pre-trained convolutional neural networks have important characteristics for signal classification. The model structure is shown in Fig. 9.
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Figure 9: Modified ResNet50 model structure

3.4.3 Soft Voting

A voting classifier is an ensemble classifier whose input is two or more estimators that combine models from different classification algorithms with individual weights to obtain confidence and classify data based on majority votes. Voting classifiers, which are built by combining different classification models, perform better and can compensate for the weaknesses of individual classifiers on a given dataset.

Soft voting was chosen as it gives more weight to those models with high probabilities and performs better than hard voting.

3.5 Breath Sounds Disease Recognition System

With an off-the-shelf 3M electronic stethoscope, software was designed to help doctors and patients analyze the breath sounds recorded by the stethoscope. The software, with the proposed classification model, can display information about the recorded breath sounds and the recognition results. The overall structure is shown in Fig. 10.
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Figure 10: Breath sounds disease recognition system structure

A sample of a normal breath sound is shown in Fig. 10. Once the audio file of the breath sound signal is opened in the system and the “Signal Analysis” button is clicked, the program will process the input audio signal and convert it into spectrograms, which is the same as the training set, and the extracted features will be classified by the proposed model to get the classification results. The relevant waveform plot of the signal will be displayed on the right side of the application, the analysis time, file name, signal frequency, signal duration, and the diagnosis result appear below. The software also includes functions to play sounds and control sound volume.

In conclusion, normal, pneumonia and bronchitis breath sounds were recorded using a 3M electronic stethoscope. For the recognition and prevention of lung diseases in children, effective processing and analysis of the breath sounds collected by the electronic stethoscope is crucial. In addition, a data set of children’s breath sounds could also contribute to the development of related research. Moreover, the combination of algorithms and software makes the system reliable, safe, and intuitive to use. Supported by advanced artificial intelligence technology, the system can provide efficient and comprehensive disease monitoring for children, and doctors and parents can easily access the highest quality diagnostic capabilities.

4  Experiment

4.1 Performance Evaluation Criteria

Signal-to-noise ratio (SNR), Fit, and Correlation coefficient criteria were used to evaluate the performance of the denoising method. The SNR formula is as follows:


SNR(xd,y)=10log10⁡∑iNxd(i)2ΣiN(y(i)−xd(i))2(5)

where N is the number of signal samples, xd is the desired signal, and y is the denoised signal.

Fit can obtain basic information between the desired signal and the denoised signal and ensures that important information about the signal is not lost during the denoising process. The Fit formula is as follows [30]:


Fit=100×(1−ΣiN(y(i)−xd(i))2ΣiN(xd(i)−1NΣiNxd(i))2)(6)

The correlation coefficient between two variables means predicting the value of one in relation to the other. The correlation coefficient formula can be seen below:


corr(xd,y)=(cov(xd,y)σxdσy)=(E[(xd−μxd)(y−μy)]σxdσy)(7)

The performance evaluation metrics included accuracy, precision, recall, specificity, and F1 score. The confusion matrix-based definitions for each of these metrics are as follows:


Accuracy=TP+TNTP+FP+TN+FN(8)


Precision=TPTP+FP(9)


Recall=TPTP+FN(10)


Specificity=TNFP+TN(11)


F1score=2×Precision×RecallPrecision+Recall(12)

where the true positives (TP) and the true negatives (TN) represent the amount of the correctly classified audio signals, while the false positives (FP) and false negatives (FN) represent the number of the incorrectly classified signals.

4.2 Setup

After the breath sound signal passes through the band-pass filter, the white noise of different decibels is added to determine the wavelet function with the best filtering effect. The breath sound signal after denoising obtains the spectrogram, MFCCs feature map, and first-order difference MFCCs feature map, and the image is entered into the MobileNetV2 and ResNet50 networks through three channels with the size of [120, 120]. The weight parameters are fine-tuned in the MobileNetV2 network; the weight parameters of ResNet50 remain unchanged for feature extraction and are combined with random forest. Finally, the class probability vectors of the two classifiers are fused by the soft voting algorithm to get the classification result.

5  Results and Discussions

Mother wavelet, similar to breath sound signals for detection [31–33], such as Daubechies (Db) wavelet family, Symlets (Sym) wavelet family and Coiflets (Coif) wavelet family is selected. The tested signal is polluted by white noise with an SNR of 5 dB as an initial value to test the performance of the proposed denoising technique. For each layer decomposition, hard-thresholding and soft-thresholding are used to analyze the denoising performance of the resulting breath sound signal. Table 2 shows the SNR results of wavelet decomposition layers ranging from 2 to 9, using hard threshold and soft threshold.

[image: images]

According to Table 2, the degree of decomposition and the type of threshold are important parameters that influence the SNR when a wavelet family is selected. Fig. 11 shows a histogram of the SNR values obtained when comparing different wavelet families with soft thresholding. It can be seen from the figure that the Coif5, Db11 and Db14 perform better.
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Figure 11: Comparison of SNR obtained using different wavelet with soft thresholding

The 6th layer decomposition of Coif5 wavelet adopts soft threshold and has the highest SNR of 17.88 dB, Fit of 98.36%, Corr of 99.17%. The 7th layer decomposition of Db11 wavelet uses soft threshold and has the highest SNR, 17.90 dB with Fit being 98.37% and Corr being 99.18%. The 7th layer decomposition of Db14 wavelet uses soft threshold and has the highest SNR, which is 17.81 dB. Fit is 98.33%. Corr is 99.17%.

As shown in Fig. 12, the first row is the raw signal diagram, the signal diagram after adding noise, and the diagram of the 6-layer denoising signal decomposed by Coif5 wavelet; the second row is the raw signal diagram, the signal diagram after adding noise, and the 7-layer denoising signal decomposed by Db11 wavelet; the third row is the original signal diagram, the noise-added signal diagram, and the Db14 wavelet decomposition 7-layer denoising signal diagram.
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Figure 12: The raw signal, signal with noise, denoised signal by Coif5, Db11 and Db14

The results in Table 3 show that Db14 outperforms other mother wavelets when adding white noise pollution with SNR of 10, 15 and 20 dB.
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From the above experimental results, it can be seen that Db11 wavelet and Db14 wavelet have the best performance in breath sound denoising. The difference in noise removal performance between Db11 and Db14 can be ignored.

Based on the collected data, we used EfficientNet [34], VGG16 [35], RNN [36], MobileNetV2 [37] and ResNet50 [38] models to classify the breath signals. Table 4 summarizes the performance of the different classifiers. The experimental results show that MobileNetV2 and ResNet50 have better performance.
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MobileNetV2 is a lightweight model that has a significantly smaller number of parameters in a deep neural network. ResNet50 is a deep architecture, which makes it more suitable for image recognition. Although ResNet is much deeper than VGG16, the model size is actually much smaller due to the use of global average pooling rather than fully connected layers. Both models are chosen for the subsequent experiments because of their excellent performance, and the experiments aim to modify the structure of these two models.

In order to modify the network structure of MobileNetV2, two sets of comparison experiments were conducted with the same dataset. One experiment is to modify the output layer without modifying the weight parameters, and the other experiment is to fine-tune the MobileNetV2 network. These samples take 120 epochs for the dataset to pass through the model. The experimental parameters use the AdamOptimizer optimization function, the learning rate is set to 0.0001, and the multi-classification cross-entropy loss function is employed.

When only the output layer is modified without modifying the weight parameters, the accuracy rate of the training set is 92.19%, and the accuracy rate of the test set is 89.82%. To illustrate the performance of the model, both accuracy and loss graphs are shown in Fig. 13. Fig. 14 shows the confusion matrix of the proposed model that describes how many signals are correctly classified among the test signals.
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Figure 13: Accuracy and loss graph of the MobileNetV2
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Figure 14: Confusion matrix of the MobileNetV2

The classification performance of the model for each category is shown in Table 5.
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The model performs well for classifying pneumonia, and recall reaches 100%; However, for normal breath sound recognition, the recall is poor. The specificity of normal breath sounds is lower than the specificity of pneumonia, and the F1 score of normal breath sounds is also the lowest of the three categories. After fine-tuning the MobileNetV2 model, the accuracy rate is better in the training, and the accuracy of the test is 96.01%. Accuracy and loss graphs are shown in Fig. 15. Fig. 16 shows the confusion matrix of the fine-tuning MobileNetV2.
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Figure 15: Accuracy and loss graph of the fine-tuning MobileNetV2
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Figure 16: Confusion matrix of the fine-tuned MobileNetV2

The classification performance of the model for each category is shown in Table 6.
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The fine-tuned MobileNetV2 model has improved in all aspects. In particular, it greatly improves the recognition effect of normal breathing sounds. Precision has increased by 6.74%, and Recall by 13.89%. The fine-tuned MobileNetV2 model performs better in classifying breath sounds. There is a gap between the loss function curves of the training set and the test set of the model without transfer learning, and the gap between the two loss function curves of the model after transfer learning is reduced, which shows that transfer learning alleviated the overfitting of the model.

For ResNet50, the Softmax function is used in the top layer as the activation function, and the experiment takes 120 epochs for the dataset during training. The experimental parameters use the AdamOptimizer optimization function, the learning rate is set to 0.0001, and the multi-classification cross-entropy loss function is adopted.

The accuracy of ResNet50 in classifying data is 91.05%. Accuracy and loss graphs are shown in Fig. 17. Fig. 18 shows the confusion matrix of the ResNet50.
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Figure 17: Accuracy and loss graph of the ResNet50
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Figure 18: Confusion matrix of the ResNet50

The classification performance of the model for each category is shown in Table 7. The model has a better performance for pneumonia, which is better than the performance of the other two categories.
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The proposed method uses the feature maps of ResNet50 and passes them to a random forest (ResNetRF) to classify the data, the accuracy is 94.45%. The confusion matrix is shown in Fig. 19. More details about the classification performance of ResNetRF are shown in Table 8.
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Figure 19: Confusion matrix of the ResNetRF
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The ResNet50 is used as a feature extractor to extract features, then we use random forest for classification, as a result, the classification performance has been greatly improved compared with the ResNet50. ResNetRF is better at identifying Pneumonia, precision and specificity have reached 100%, and Recall is 97.22%. The proposed model combines the two models through soft voting.

The classification performance comparison of models is shown in Table 9.
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The proposed model has the best performance, with an accuracy of 97.96%, which is 9.84% higher than MobileNetV2, 2.95% higher than fine-tuning MobileNetV2, 4.82% higher than ResNet50, and 3.51% higher than ResNetRF. Compared with other models, the precision, recall, specificity, and F1 score of the model are also the best. The proposed model is significantly better than single models. Fine-tuning MobileNetV2 is also better than MobileNetV2, which shows that the transfer learning of model parameters can effectively improve the accuracy of breath sound classification. The combination of ResNet50 and Random Forest works better than the ResNet50 model.

In order to verify the influence of noise components on the classification results of breath sounds, the noise components in breath sounds were not removed in the signal preprocessing, and the above experiment was repeated by using the proposed model. The results are shown in Table 10.
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From the experimental results, it can be seen that noise has a great influence on the recognition accuracy of the breath sound classification. When the experiment is performed without removing the noise, the classification performance of the breath sound data decreases. Experiments show that noise is an important interference factor in breath sound classification, and using wavelet transformation to remove noise greatly improves classification accuracy.

With the continuous development of artificial intelligence technology, intelligent diagnosis is widely used for providing objective and accurate results. However, most studies have focused on physiological data from adults, while children with weak immune systems have been neglected. And the lack of public datasets on children’s breath sounds has limited the development of deep learning studies on children’s breath sounds. To solve this problem, we collaborated with a hospital where normal, pneumonia and bronchitis breath sounds of children were collected by doctors. The proposed system with an off-the-shelf stethoscope incorporates a transfer learning-based model which can achieve superior performance with a small dataset, along with software for displaying analysis results. In addition, the system will meet the need for accurate recognition and analysis of children’s breath sounds for early diagnosis of lung disease.

Through extensive experimental comparisons of commonly used wavelets, the wavelet suitable for this dataset was selected for denoising. The comparison of the classification results with and without noise demonstrates that noise can reduce the performance of the classification model, therefore denoising is an essential step in this recognition system. The transfer learning technique is suitable for this study since it can train the model with a small amount of data and still achieve a high level of performance, overcoming the limitations imposed by data scarcity. The MobileNetV2 network structure and the ResNet50 network structure have better classification performance for children’s breath sounds compared to other network structures. The performance of the model combined with fine-tuned MobileNetV2 and modified random forest improves further for breath sounds recognition after the soft voting method.

The establishment of the dataset will facilitate further research on children’s breath sounds. Furthermore, the performance metrics of the transfer learning-based children’s breath sound recognition model proved its reliability even with a small dataset, and the software can display the results of breath sound recognition. The electronic stethoscope used in the system is available to the public instead of being specially designed, therefore the cost is reduced as it is spread over many users. Not to mention that the stethoscope has a wide audience to prove its effectiveness. Prevention and early intervention in pediatrics have long been far-reaching goals for health planners and academics. The proposed system for children is designed to detect emerging problems and risk factors and offer treatment early in life. Early detection and treatment can lead to better treatment outcomes, due to the fact that the disease may be in its early stages and be more responsive to treatment. Early detection and treatment can also prevent the development of diseases and reduce the risk of complications.

This research, however, is subject to several limitations. In this study, only three types of respiratory sounds have been studied, nevertheless, in reality there are other types of lung disease in children, so increasing the dataset is always necessary. In future work, more patient breath sound data will be obtained, large databases will be established and the data will be kept up to date, which will improve the generalization ability of the classification model. In addition, more functions of the software can be developed to make the system more convenient to use.

6  Conclusions

Different types of respiratory sound signals generated by the human respiratory system correspond to different respiratory conditions. In recent years, the development of artificial intelligence recognition signal technology has made the demand for respiratory sound signal monitoring increasingly strong. This paper takes the breath sound signal collected in the hospital as the research object, uses the band-pass filtering and wavelet denoising methods, studies the application of wavelet technology in the breath sound signal denoising, and adopts the deep learning and migration learning recognition model to design the recognition module. The spectrum and MFCCs features are selected for the breath sound signals of clinical medicine, and the dynamic MFCCs first-order differential parameters are innovatively added. The extracted three feature images are used to construct feature vectors as input samples for training, and the final research purpose is to accurately identify the breath sound samples to be tested and obtain the desired recognition and classification results. Furthermore, the software can display relevant information about the breath signal, making the results more intuitive. The system helps parents with lung screening and is a vital tool for diagnosing and preventing breath disease in children.
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Table 3: Signal denoising by different mother wavelets

Mother wavelets SNR =10 SNR =15 SNR =20

SNR (dB) Fit(%) Corr(%) SNR(dB) Fit(%) Corr(%) SNR (dB) Fit(%) Corr (%)
Coif5 21.51 99.28 99.64 25.27 99.70 99.85 28.92 99.87 99.94
Dbll 21.41 99.27 99.64 25.19 99.69 99.84 28.91 99.87 99.93

Dbl4 21.53 99.29 99.65 25.29 99.71 99.85 28.93 99.87 99.94
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Table 8: The precision, recall, specificity and F1 score for ResNetRF

Precision Recall Specificity F1 score
N 91.89% 94.44% 95.83% 0.93
O 91.67% 91.67% 95.83% 0.91

P 100.00% 97% 100.00% 0.98
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Table 4: Performance evaluation metrics of different classifiers

Classifier Accuracy Precision Recall Specificity F1 score
EfficientNet 85.81% 91.01% 65.03% 91.01% 0.78
VGGI16 89.81% 92.02% 68.01% 96.04% 0.82
RNN 88.60% 90.01% 57.11% 97.02% 0.77
MobileNetV2  89.82% 89.89% 89.82% 94.91% 0.90
ResNet50 91.05% 90.09% 89.82% 94.91% 0.90
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Table 9: The classification performance comparison of models

Classifier Accuracy Precision Recall Specificity F1 score
MobileNetV2 89.82% 89.89% 89.82% 94.91% 0.90
ResNet50 91.05% 90.09% 89.82% 94.91% 0.90
Fine-tuning 96.01% 96.32% 96.30% 98.15% 0.96
MobileNetV2

ResNetRF 94.45% 94.52% 94.44% 97.22% 0.94
Proposed network  97.96% 97.83% 97.89% 98.89% 0.98
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Table 7: The precision, recall, specificity and F1 score for ResNet50

Precision Recall Specificity F1 score
N 87.18% 94.44% 93.06% 0.91
O 93.10% 75.00% 97.22% 0.83
P 90.00% 100% 94.44% 0.95
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Table 1: Summary of reported work in the literature related to lung sound signal analysis

Mondal et al., 2018 [14]
o Wheeze, crackle and normal
e ANN
e The method accuracy is 94.16%.
Islam et al., 2018 [15]
e Normal and asthma
e ANN, SVM
e The best method accuracy is 89.2% and 93.3% for the 2-channel and 3-channel
combinations in the ANN and SVM classifiers, respectively.
Acharya et al., 2020 [16]
e Crackles, wheezes, a combination of them, and no adventitious respiratory sounds.
e CNN-RNN
e The proposed hybrid CNN-RNN model achieves a score of 66.31% for the four-class
classification of breathing cycles for the ICBHI’17 scientific challenge respiratory sound
database.
Shivapathy et al., 2021 [17]
o Wheeze, crackle and normal
e CNN, RNN
e The model scores an accuracy of 0.98, sensitivity of 0.96 and specificity of 1.
Gupta et al., 2021 [18]
o Wheeze, crackle and normal
¢ CNN
e The proposed method can classify sounds with accuracy, precision, sensitivity and specificity
of 98.8%, 97.7%,100% and 97.6%.
Stasiakiewicz et al., 2021 [19]
e Crackle and normal
e SVM
e The system has a sensitivity of approximately 95% and a specificity of 91%.
Haider et al., 2022 [20]
e Asthma, COPD and normal
e Decision tree
e The method accuracy is 99.3%
Dianat et al., 2023 [21]
e Sounds acquired from patients affected by connective tissue diseases
¢ CNN
e Various convolutional neural networks have provided an overall accuracy as high as 91% in
the classification of lung sounds
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Table 6: The precision, recall, specificity and F1 score for fine-tuning MobileNetV2

Precision Recall Specificity F1 score
N 97.06% 91.67% 98.61% 0.94
O 94.60% 97.22% 97.22% 0.96
P 97.30% 100% 98.61% 0.98
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Table 2: Performance parameters

No. levels Coif2 Coif5
Soft Hard Soft Hard
SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%)
2 11.02 92.03  96.26 10.97 91.96 96.18 11.05 92.11 96.28 11.02 92.04 96.25
3 14.04 96.03  98.08 13.82 95.82  97.96 14.06 96.05 98.09 14.00 95.99  98.06
4 16.57 97.79  98.91 16.03 97.48 98.75 16.62 97.81 98.91 16.62 97.81 98.92
5 17.49 98.20 99.11 16.10 97.52  98.77 17.80 98.33  98.92 16.69 97.84 9893
6 17.57 98.23 99.12 16.10 97.52  98.77 17.88 98.36 99.17 16.70 97.85 98.94
7 17.57 98.23  99.12 16.10 97.52  98.77 17.88 98.36  99.18 16.70 97.85 98.94
8 17.57 98.23  99.12 16.10 97.52  98.77 17.89 98.36  99.18 16.70 97.85 98.94
9 17.57 98.23  99.12 16.10 97.52  98.77 17.89 98.36  99.18 16.70 97.85 98.94
No. levels Dbl1 Dbl4
Soft Hard Soft Hard
SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%)
2 11.03 92.05 96.24 11.02 92.04 96.23 10.96 91.93 96.21 10.99 91.99 96.24
3 14.00 95.99  98.04 14.02 96.01  98.05 13.90 9591 98.02 13.96 9595 98.04
4 16.61 97.80 98.91 16.65 97.82  98.92 16.62 97.81 98.92 16.47 97.73  98.88
5 17.87 98.35 99.17 16.73 97.86 98.94 17.77 98.32  99.16 16.59 97.79 98.91
6 17.89 98.36  99.18 16.73 97.86 98.94 17.80 98.33  99.17 16.58 97.79 98.91
7 17.90 98.37 99.18 16.73 97.86 98.94 17.81 98.33 99.17 16.58 97.79 98.91
8 17.90 98.37 99.18 16.73 97.86 98.94 17.81 98.33  99.17 16.58 97.79 98.91
9 17.90 98.37 99.18 16.73 97.86 98.94 17.81 98.33  98.16 16.59 97.79 98.91
No. levels Db4 Sym4
Soft Hard Soft Hard
SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%) SNR (dB) Fit (%) Corr (%)
2 11.06 92.11 96.26 10.98 91.97 96.20 11.04 92.07 96.26 10.97 91.95 96.21
3 14.06 96.04  98.08 13.95 95.94  98.03 13.98 9597 98.04 13.97 95.96 98.04
4 16.62 97.81 98.91 16.43 97.71  98.86 16.58 97.78 98.91 16.40 97.69 98.86
5 17.56 98.23  99.12 16.48 97.73  98.88 17.52 98.22  99.11 16.44 97.71 98.87
6 17.61 98.25 99.13 16.48 97.74  98.88 17.57 98.24 99.12 16.44 97.71 98.87
7 17.61 98.25 99.13 16.48 97.74  98.88 17.57 98.24  99.12 16.44 97.71 98.87
8 17.61 98.25 99.13 16.48 97.74  98.88 17.57 98.24  99.12 16.44 97.71 98.87
9 17.61 98.25 99.13 16.48 97.74 98.88 17.57 9824 99.12 16.44 97.71 98.87
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Table 10: The classification performance

Accuracy Precision Recall Specificity F1 score

With noise 80.90% 66.00% 60.00% 86.00% 0.63
Without noise 97.96% 97.83% 97.89% 98.89% 0.98
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Table 5: The precision, recall, specificity and F1 score for the MobileNetV2

Precision Recall Specificity F1 score
N 90.32% 77.78% 95.83% 0.84
O 84.62% 91.67% 91.67% 0.88
P 94.74% 100% 97.22% 0.97
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