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Tracheal Sound Classification Using Deep Neural Networks for Distinguishing Obstructed from Normal Breathing During Sleep

Polysomnography is the gold standard for studying sleep apnea disorder. The discomfort of patients undergoing a hospital sleep study led to an increasing interest in home sensor systems for the early screening of obstructive sleep apnea (OSA) severity. Despite numerous approaches that attempt to employ snore sound recording for OSA detection, limited attention has been given to the characteristics of breathing sound within apnea events. In this study, we examine the spectro-temporal changes in breathing sound within apneic events and the feasibility of differentiating apnea from normal breathing during sleep. Tracheal sound was recorded during 151 full polysomnography studies using a contact microphone placed on trachea (48 kHz sampling rate, 24 bit uncompressed audio). Events annotation was performed by interpreting all polysomnogram signals. Spectrogram images produced during apneic and normal breathing events were used to train (70 % of the images) and validate (30 % of the images) a resnet50 convolutional neural network. The trained network classified signals into apnea and normal breathing with an accuracy of 86.53 % (sensitivity 77.48 %, specificity 93.69 %). The network's performance proves promising for distinguishing apneic from non-apneic events depending solely on tracheal sound, thus it can be effectively used as part of home apnea detection systems.

INTRODUCTION

Sleep apnea is a relatively common syndrome of breathing disorder during sleep, with an overall population prevalence ranging from 9 % to 38 % [START_REF] Senaratna | Prevalence of obstructive sleep apnea in the general population: A systematic review[END_REF]. With a higher prevalence in male population, apnea syndrome is strongly affected by age and obesity [START_REF] Franklin | Obstructive sleep apnea is a common disorder in the population-A review on the epidemiology of sleep apnea[END_REF]. Increased number of apneic episodes during sleep may result in sleep fragmentation and non-restorative sleep, leading to insomnia or morning headaches [START_REF] Senaratna | Prevalence of obstructive sleep apnea in the general population: A systematic review[END_REF], [START_REF] Mirrakhimov | Prevalence of obstructive sleep apnea in Asian adults: A systematic review of the literature[END_REF] and excessive daytime sleepiness related to motor vehicle accidents or work injuries [START_REF] Rodenstein | Sleep apnea: Traffic and occupational accidents -Individual risks, socioeconomic and legal implications[END_REF]. Additionally, sleep apnea syndrome is believed to be an independent risk factor for several potentially disabling and chronic conditions such as arterial hypertension [START_REF] Fetsch | Prevention of Atrial Fibrillation After Cardioversion : Results of the PAFAC Trial Association of Atrial Fibrillation and Obstructive Sleep Apnea Autonomic Nervous System and Paroxysmal Atrial Fibrillation : A Study Based on the Analysis of RR Interval Ch[END_REF], stroke [START_REF] Yaggi | Obstructive sleep apnea as a risk factor for stroke and death[END_REF], atrial fibrillation [START_REF] Gami | Association of atrial fibrillation and obstructive sleep apnea[END_REF] and cardiovascular disease [START_REF] Peker | Increased incidence of cardiovascular disease in middle-aged men with obstructive sleep apnea: A 7-year follow-up[END_REF].

The primary metric for determination of apnea syndrome severity is the Apnea-Hypopnea Index (AHI): the number of apneic episodes per sleeping hour [START_REF] Tsara | Guidelines for diagnosis and treatment of sleep-related breathing disorders in adults and children: Definition and classification of sleep related breathing disorders in adults. Different types and indications for sleep studies (Part 1)[END_REF]. Apneic episodes are characterized by partial reduction or complete cessation of the respiratory process during sleep and they occur mainly due to partial or complete obstruction of the upper airway for at least 3 respiratory cycles. A single episode of apnea/hypopnea results in oxygen blood desaturation [START_REF] Heinzer | Prevalence of sleep-disordered breathing in the general population: the HypnoLaus study[END_REF], arousal of the brain and sympathetic activation. The gold standard for screening the body's response to the apneic episodes and detect apnea events is polysomnography (PSG). This medical examination constitutes a supervised in-hospital sleep study with a variety of cardiopulmonary and neurological signals recording, including encephalogram (EEG), electrocardiogram (ECG), electrooculogram (EOG), electromyogram (EMG), nasal airflow variations through thermistors and cannula pressure sensors, thoracoabdominal movement revealing respiratory effort, blood oxygen saturation and leg movement [START_REF] Jafari | Polysomnography[END_REF]. The current recommendations for sleep apnea diagnosis impose the combined study of all aforementioned signals for the accurate detection of apneic events and the diagnosis of apnea syndrome.

Among these signals, tracheal sound recordings, though included in PSG examination, have been mainly used to monitor snoring events rather that detect apnea/hypopnea episodes [START_REF] Penzel | The use of tracheal sounds for the diagnosis of sleep apnoea[END_REF]. Tracheal sound has been clinically validated as a "convenient and reliable method of monitoring breathing and determining the acoustic input to the bronchopulmonary system" [START_REF] Gavriely | Breath Sounds Methodology[END_REF] and it is believed to be rich in information related to breathing disorders and OSA [START_REF] Cummiskey | The detection and quantification of sleep apnea by tracheal sound recordings[END_REF]. However, the field of automatic tracheal sound processing and classification was, until recently, dominated by studies focusing on snore detection [START_REF] Rodrigues | Correlation between subjective classification of snoring and the apnea-hypopnea index[END_REF] and acoustic characteristics variation within snoring events [START_REF] Abeyratne | Pitch jump probability measures for the analysis of snoring sounds in apnea[END_REF]- [START_REF] Alencar | Dynamics of snoring sounds and its connection with obstructive sleep apnea[END_REF].

The discomfort of patients undergoing a full, inhospital sleep study led to an increasing interest in home sensory systems for the early and automated screening of sleep apnea. The developed systems attempt to employ a restricted number of sensors in order to detect apneic events. Tracheal sound has been used as part of these 'point-of-care' systems [START_REF] Nakano | Validation of a new system of tracheal sound analysis for the diagnosis of sleep apnea-hypopnea syndrome[END_REF], mostly combined with additional signals such as blood oxygen desaturation and/or ECG [START_REF] Behar | SleepAp: An automated obstructive sleep apnoea screening application for smartphones[END_REF]. Among the reported approaches, machine learning techniques have been gaining noticeable success in the route towards patient classification concerning the severity of apneic syndrome, by implementing support vector machines (SVM) [START_REF] Kim | Exploiting temporal and nonstationary features in breathing sound analysis for multiple obstructive sleep apnea severity classification[END_REF], regression models [START_REF] Doukas | Automated sleep breath disorders detection utilizing patient sound analysis[END_REF] and deep neural networks [START_REF] Nakano | Tracheal sound analysis using a deep neural network to detect sleep apnea[END_REF]. In these efforts, feature extraction in the spectro-temporal domain remains of critical importance for the efficiency of the used classifier. Most of available studies concentrate on the apnea severity estimation [START_REF] Kim | Exploiting temporal and nonstationary features in breathing sound analysis for multiple obstructive sleep apnea severity classification[END_REF] rather than determining the exact time of apnea events [START_REF] Halevi | Can we discriminate between apnea and hypopnea using audio signals?[END_REF]. Therefore, the possibility to accurately discriminate apnea episodes from normal breathing via sound recordings during sleep remains a field open to further investigation.

Herein, we examine the spectro-temporal changes of tracheal sound that occur during apneic events and use a deep convolutional network in order to reveal deep features in the spectrogram of the sound events. The proposed system performs efficiently in distinguishing apneic events from normal-breathing events, exhibiting an accuracy of 86.53 % (sensitivity 77.48 %, specificity 93.69 %). The classification performance of the proposed system proves its capacity to identify apnea episodes based solely on tracheal sound recordings. This approach can be part of a home system for counting sleep apnea/hypopnea episodes, thus contributing to the early diagnosis of sleep apnea syndrome.

DATA COLLECTION

Data of PSG and tracheal sound recordings were collected from 151 patients (38 females and 112 males), undergoing a full sleep study in Sismanogleio General Hospital of Athens. Mean age of the participating subjects is 58 years (women range: 34-76 years, men range: 27-83 years). The full sleep study consists of a standard PSG examination which includes the following signals: EEG, EOG, EMG, ECG, oxygen desaturation (SpO2), heart rate (HR), tracheal sound as well as thoracic and abdomen movement, representing the body's respiratory effort. More than 670 hours have been recorded that correspond to a mean recording time per patient of 266 min. In most cases a split protocol has been followed in which CPAP (Continuous Positive Airway Pressure) titration has been provided to the patient with moderate to severe apnea observed in the first 4 hours of recording [START_REF] Kapur | Clinical practice guideline for diagnostic testing for adult obstructive sleep apnea: An American academy of sleep medicine clinical practice guideline[END_REF]. Data collected from CPAP treatment period have been excluded from this study.

A recording system comprising a contact microphone placed at the trachea of the patient has been used separately from the PSG system. Tracheal sound is recorded at a sampling frequency of 48 kHz and stored in uncompressed form of 24 bit .wav files in an SD card. The used high quality contact microphone (electret, 900 Ω impedance) is sensitive to the vibrations of the region of trachea with a spectral response in the range of 350 Hz -8 kHz.

EVENTS ANNOTATION

Annotation of the recorded PSG signals was performed by the doctors of the sleep study clinic of the hospital, indicating all respiratory related disorders and patterns combined with periods of reduced oxygen saturation, arousals and different sleep stages. The resulting annotation leads to the general characterization of the participating subjects concerning the severity of the apnea syndrome they present. Apnea severity is defined by the total apneic episodes they exhibit per sleeping hour. Apneic episodes are designated to last at least for 3 respiratory cycles (~12 s) and are categorized into the following types: (a) obstructive apnea (OSA), defined as the period of reduced airflow at a percentage greater than 90 % of the airflow in normal breathing. In OSA episodes respiratory effort indicated by the variations of abdominal and thoracic movement is present. (b) central apnea, defined as absence of both airflow and thoracoabdominal respiratory effort, (c) mixed apnea, defined as the combination of the aforementioned types and (d) hypopnea episodes defined as periods of reduced airflow at a percentage greater than 50 % of the normal breathing airflow [START_REF] Berry | Rules for scoring respiratory events in sleep: Update of the 2007 AASM manual for the scoring of sleep and associated events[END_REF]. Among the participating subjects, 5 exhibited no-apneic breathing during sleep (AHI<5 apneic episodes per sleeping hour), 23 presented mild apnea (AHI<15 apneic episodes/h), 16 moderate apnea (AHI <30 episodes/h) and 105 severe apnea syndrome (AHI>30 apneic episodes/h). Annotation of the events has been performed by the medical team through manual observation and validation of all PSG signals through Sleepware G3 software.

Manual observation of the signals may induce false positive detection of apneic periods that do not fully comply with the AASM protocol for apnea scoring [START_REF] Thornton | AASM Criteria for Scoring Respiratory Events: Interaction between Apnea Sensor and Hypopnea Definition[END_REF]. In order to examine the compliance of the annotated apneic periods with the protocol and reject false positive events a simple algorithm has been developed in Matlab environment. The algorithmic process applied in airflow signals -signals from the thermistor and the cannula pressure sensor -includes de-trending of both signals, estimation of the amplitude during normal breathing periods and comparison with the amplitude of the airflow signal during the labeled event. The process results in rejection of the annotated apneas/hypopneas that do not present a reduction in amplitude of at least 40 % of the estimated normal breathing airflow amplitude. The above process leads to a rejection of 2657 events (among 27860 manually annotated events), thus the finally employed events were 25203, including apneas (obstructive, central, mixed) and hypopneas.

SIGNAL SEGMENTATION AND PREPROCESSING

Signal synchronization

Information on the starting point and apnea duration of each episode is extracted from data annotation on PSG signals and transferred on tracheal sound recordings through synchronization process between the signal of high quality electret contact microphone and the low quality tracheal sound recorder of the PSG system (500 Hz sampling rate, 16 bit audio). The two separate systems are activated manually by the medical staff at the sleep study clinic prior to each examination with a delay of a few seconds. Finite determination of this delay is measured at this step, in which tracheal sound recordings are filtered with a cut-off frequency of 250 Hz and downsampled to 500 Hz. Cross-correlation of the envelop of the two signals -determined through their envelopes, derived by means of Hilbert transform -is extracted to accurately determine the delay between them as the point of maximum cross-correlation.

Apnea events

After signal synchronization, the information on the starting point of each apnea event is used for creating a database of audio excerpts corresponding to the labeled apnea events. These audio excerpts range between 10 s prior to annotated apnea starting point and 10 s after the annotated apnea ending point. Thus, each audio excerpt includes information of the breathing sound changes exhibited in each apnea event including gasping and chocking sounds frequently present prior and during the event [START_REF] Olson | A community study of snoring and sleep-disordered breathing: Prevalence[END_REF] as well as the acoustic properties of usually strong post-apneic snoring bursts (Figure 1A). The spectrogram image is used without axis information when given as input to the CNN.

The audio excerpts are then de-noised with universal thresholding in the wavelet domain, using Daubechies wavelet family. The spectrogram of each excerpt was created by applying Short Time Fourier Transform (STFT) with a hamming window of length equal to 1/100 of the time length of each excerpt and 45 % overlap. Each spectrogram was stored as an image of 434 x 343 pixels (Figure 1B). The final "apnea" events database consists of 25203 images, a number equal to the total number of the finally employed annotated apnea events (see Section 3). The extracted images correspond to variable time length of events from 32 s (minimum annotated apneas lasts 12 s) up to 148.5 s (maximum annotated apnea lasts 128.5 s).

Normal breathing events

Normal breathing is assumed to be present in the entire recording period except for the annotated apnea/hypopnea events. In order to create a normal breathing events database the distribution of time duration of labeled apnea events was extracted and the normal breathing events were segmented so that they exhibit approximately the same time duration distribution. The segmented audio excerpts were subjected to the same de-noising process and their spectrogram was equally stored in the form of 434 x 343 pixels image. The resulting data base contains 28296 spectrogram images corresponding to a class named "non-apneic/normal breathing".

CLASSIFICATION OF APNEA AND NORMAL BREATHING TRACHEAL SOUNDS

A residual convolutional neural network (ResNet50) was used as a deep learning framework to learn the characteristics of the correlation between the visible data of spectrogram images and the corresponding labels of "apnea" and "non-apnea/normal breathing" events. In particular, a ResNet50 was trained on the 70 % of the available labeled images and validated with the use of the 30 % of them. In our data, the total recording time participating to "apnea" labeled events is approximately 300 h out of 670 h of the total recording time. Given the segmentation policy described above, the resulting classes -containing "apnea" and "non apnea" annotated events -present a low degree of imbalanced data. However, a downsampling process was followed in order to use equal number of training images for both classes. 17642 events -corresponding to 70 % of the smaller class, the "apnea" annotated events -were used for each class in the training process. The rest of the images were used to validate the trained network.

RESULTS

Visualization of channels with maximum activation for convolution layers

Figure 2. Visualization of channels with maximum activation for some of the convolution layers of the employed network, given an input image that corresponds to an Obstructive Apnea episode. The images from top to bottom and left to right correspond to deeper layers.

Deep convolutional networks perform classification based on the learnable low/mid/high level features detected as we proceed deeper into the network. In order to investigate the features of the spectrogram images that are learned by the employed convolutional network, we extracted the activation channels for all convolution layers of the trained network. The maximum activation criterion is selected as representative of the features maps in each layer. For this purpose we selected and plotted one channel from some of the convolution layers for an example of a spectrogram labeled as 'apnea' event.

The selected channel corresponds to the maximum activation in each of these layers.

By observing the feature maps (Figure 2) we can conclude that the network detects the sound events that are related with this specific apneic episode: normal breathing prior to the actual apneic event, absence of sound in the actual apneic event and strong port apnea snoring. While in the first levels intra sound event features are learned, the pattern of transition from normal breathing to actual apnea/hypopnea event and back to normal breathing indicated by the corresponding spectral changes is learned in deeper layers of the network.

Classification accuracy.

The classification performance of the employed CNN was calculated over the validation data set, comprising images that were not used for training. The extracted values are accuracy, sensitivity, specificity and precision of the network in discriminating 'apnea' from 'nonapnea' annotated events, following the equations: Performance indices are tabulated in Table 1; we can see that the classification accuracy reaches a satisfactory value of 86.53 %.

DISCUSSION AND CONCLUSION

In this work a Convolutional Neural Network is employed as a feature detector of the spectro-temporal changes of tracheal sound recordings in order to distinguish apnea-related events from non-apneic/ normal breathing periods. Our work is motivated by the successful implementation of CNNs in the fields of acoustic events detection [START_REF] Bae | ACOUSTIC SCENE CLASSIFICATION USING PARALLEL COMBINATION OF[END_REF], automatic speech recognition [START_REF] Sainath | Deep Convolutional Neural Networks for Large-scale Speech Tasks[END_REF] and speech-based emotion recognition [START_REF] Cummins | An image-based deep spectrum feature 10.48465/fa.2020.0465 representation for the recognition of emotional speech[END_REF]. The use of deep Convolutional Network to learn feature representation from physiological signals such as tracheal sound during sleep exempts the need of handcrafted feature extraction [START_REF] Kim | Detection of sleep disordered breathing severity using acoustic biomarker and machine learning techniques[END_REF]- [START_REF] Azarbarzin | Snoring sounds variability as a signature of obstructive sleep apnea[END_REF] that remains critically important in traditional shallow networks.

With regards to the selection of ResNet, the latter consists a residual convolutional network that has been proven beneficial in performing easier training compared to simple deep convolutional neural networks. In general, in residual learning the network is trained over some residual rather than some features by using shortcut connections [START_REF] He | Deep residual learning for image recognition[END_REF]; thus, the frequent problem of training accuracy degradation is efficiently avoided. Spectro-temporal features of breathing sound have been investigated in previous works as a means to diagnose apnea severity. However, in most cases, the researchers concentrated in specific parts of breathing sound time series emphasizing in acoustic properties occurring solely in snoring periods [START_REF] Azarbarzin | Snoring sounds variability as a signature of obstructive sleep apnea[END_REF], inhalation periods [START_REF] Mikami | AUTOMATIC CLASSIFICATION OF ORAL / NASAL SNORING SOUNDS BASED ON THE ACOUSTIC PROPERTIES Tsuyoshi Mikami Yohichiro Kojima[END_REF] or post apnea sounds [START_REF] Karci | Detection of post apnea sounds and apnea periods from sleep sounds[END_REF]. In our study, the proposed segmentation policy for creating the database of apneic events benefits from the inclusion of all changes in spectro-temporal properties that are present prior, during and after the apneic event. It is considered that these data provide an adequate representation of the majority of the sound patterns related to apnea. Therefore, the sensitivity performance of the developed system is equal to 77.48 %. Moderate sensitivity is attributed to the variety of apnea related tracheal sound patterns. Thus, further augmentation of the data base of recordings is believed to further increase the provided sensitivity to apneic events.

The main contribution of the reported study is the proof of the possibility of accurate discrimination between apneic and normal breathing events achieved through tracheal sound only processing. The accuracy of the classification by the proposed system is 86.53 %. In this sense, it can be effectively used as a system to optimize diagnosis accuracy -usually prone to false detection when performed manually -by interpreting the tracheal sound channel of the PSG in hospital accomplished sleep studies. It can also be part of a fully automated home-based system for apneic episodes detection and apnea severity estimation, by the sole use of tracheal sound recordings, provided the combination with a preprocessing step for proper signal segmentation.

Figure 1 .

 1 Figure 1. A. Tracheal sound of a typical obstructive apnea event, after segmentation, including 10 s prior and after the annotated episode. The duration of the apneic event that is presented here is 30 s. Thus, the segmented excerpt has duration of 50 s. The tracheal sound of the episode is plotted here after denoise process. B. The corresponding spectrogram of the plotted sound event. The spectrogram image is used without axis information when given as input to the CNN.

  where TP are the True Positive predictions of the model, TN the True Negative, FP the False Positive and FN the False Negative predictions.

Table 1 .

 1 Accuracy, sensitivity, specificity and precision of the performed classification between apneic and non-

		Detected events Percentage
	Accuracy	15414/17813	86.53 %
	Sensitivity	6092/7863	77.48 %
	Specificity	9322/9950	93.69 %
	Precision	6092/6720	90.65 %

apneic/normal breathing events. These statistical measures are presented in both number of detected events and percentage.

10.48465/fa.2020.0465
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