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Abstract— Audio-based sleep apnea detection methods
hold great potential to improve access to diagnosis, by
providing unattended sleep apnea screening at home via
sound collected from mobile sensors during sleep. Our
research involved a thorough comparison and evaluation
of tracheal and ambient microphone recordings for sleep
apnea detection with different granularities. Utilising a va-
riety of acoustic representations and sophisticated deep
learning architectures, we performed an extensive analysis
on the open PSG-Audio dataset, which encompasses over
850 hours of audio data from 194 subjects. For sleep apnea
classification, the most effective model showed a 90.8 %
accuracy in detecting sleep apnea, 83.3 % accuracy when
hypopneic and apneic events were detected separately, and
75.7 % accuracy when apneic events were further divided
into three sub-categories. On overnight recordings, the
model achieved a sensitivity of 0.93 and a specificity of 1.0
for moderate sleep apnea screening, and a sensitivity of
0.84 and a specificity of 0.97 for severe sleep apnea screen-
ing. This research also provided a unique study to compare
and combine respiratory sounds from two different types of
sensors for sleep apnea detection. The high performance of
our model provides a promising avenue for enabling remote
diagnosis and monitoring of sleep apnea.

Index Terms— Sleep apnea detection, apnea-hypopnea
index, tracheal sound, ambient sound, acoustic analysis.

I. INTRODUCTION

Sleep disorders are very common and may significantly
impact various aspects of daily life. Sleep-related breathing
disorders, notably Sleep Apnea Syndromes (SAS), have a
high prevalence in the community and are often significantly
underdiagnosed and undertreated [1]. Obstructive sleep ap-
nea (OSA), the most important category in SAS, has been
estimated to affect nearly one billion adults aged 30–69 years
worldwide while approximately 80% of cases remain undiag-
nosed [2]. SAS is often associated with various symptoms,
including loud and habitual snoring [3], disrupted sleep [4],
daytime fatigue [5], morning headaches [6], difficulty with
memory or concentration [7], mood changes [8], and decreased
quality of life [9]. Earlier studies have also shown that this
syndrome is a substantial risk factor for severe pathological
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conditions such as hypertension, stroke, diabetes, cardiovas-
cular diseases, and depression [10]–[14]. As a consequence,
it is imperative to increase awareness of SAS and reduce the
number of individuals with undiagnosed and untreated SAS.
In particular, effective and early SAS detection strategies are
needed to not only alleviate the immediate symptoms of SAS
but also address the associated long-term health risks [2].

Currently, polysomnography (PSG) is considered the gold
standard for SAS diagnosis. It is performed in a hospital
or clinic, with multiple sensors continuously monitoring the
electrophysiological and cardio-respiratory patterns during a
full-night sleep, under the supervision of a specialised physi-
cian [15]. Although laboratory-based PSG can provide pre-
cise medical diagnoses, its drawbacks, including low cost-
effectiveness and limited accessibility pose significant barriers
to large-scale and population-level sleep screening.

In the past decade, the rapid advancement of biomedical
sensing technologies has significantly transformed health-
care applications, enabling continuous, remote, and person-
alized monitoring across various clinical and home-based
settings [16]–[19]. Particularly, to enhance SAS detection, nu-
merous sensor-based solutions have been proposed by exploit-
ing biomedical sensors to collect user sleep data [20]–[23].
Among these initiatives, approaches leveraging sleep sound
analysis have demonstrated promising results [24]–[26]. This
is because that SAS is characterised by the recurring partial or
complete collapse of the upper airway. Breathing and snoring
sounds during sleep can be utilised to detect the presence of
these apneic and hypopneic events. Subsequently, SAS can be
identified if the frequency of apnea/hypopnea events exceeds
a certain threshold. These audio-based approaches hold great
promise for facilitating automatic, easy, and convenient SAS
detection and monitoring.

In light of recent advancements in deep learning techniques,
considerable efforts have been invested in advancing sleep
apnea research [27], using different signal sources such as
electrocardiogram (ECG) [28], oxygen saturation (SpO2) [29],
and respiration signals [30]. Particularly, when it comes to
audio-based deep learning models for sleep apnea analysis,
researchers have explored the analysis of either tracheal sounds
(captured by a contact tracheal microphone on the neck)
or ambient sounds (recorded by a non-contact microphone
positioned near the bed) [31], [32]. However, a notable limi-
tation across many of these studies is that they reported their
performance exclusively on their self-collected datasets [33],
[34]. These datasets are typically privately held and cannot
be shared for research purposes, making it infeasible to fairly
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compare with others. Also, existing research predominantly
focuses on either tracheal or ambient sound analysis, with
a noticeable absence of comprehensive investigation into
the different diagnostic capabilities of the two sound types.
Moreover, recent findings have pointed out that long aver-
age apnea duration is a factor for morning tiredness and
hypertension [35], [36]. Additionally, a potentially important
correlation has been observed between the respiratory event
duration and the risk of mortality associated with apnea [37].
However, most previous work addresses the binary classifi-
cation of the disease or the estimation of disease severity,
and only a limited number of studies have undertaken event-
by-event analyses [38]–[40]. These aforementioned issues
underscore the need for more comprehensive investigations
on publicly available sleep sound data, exploring both sound
types and carrying out fine-grained disease analysis beyond
SAS screening and severity estimation.

In this context, the goal of this paper is to explore fine-
grained apneic/hypopneic event detection from overnight sleep
sounds using advanced deep-learning techniques. The pri-
mary objective is to benchmark performance on a large open
database, PSG-Audio [41]. The secondary objective is to
conduct a detailed examination of the distinct capabilities of
tracheal sounds and ambient sounds for this task. To the best
of our knowledge, no existing study has yet undertaken a
detailed comparison of the two sound types for this task. Addi-
tionally, we also compare the obtained performance from our
tracheal/ambient-based sleep apnea detection model against
other state-of-the-art works on SAS screening, demonstrating
superior performance in most cases.

The contributions of this study are as follows:
• An innovative audio-based sleep event detection pipeline.

We conducted evaluations on an open sleep dataset and
presented the efficacy of our approach in detecting ap-
nea/hypopnea events in a segment-by-segment manner.

• Extensive evaluations on various acoustic feature sets
and advanced deep-learning structures. We demonstrate
the potential of utilising a pre-trained model as a feature
extractor. The integration of EBranchformer, a novel ar-
chitecture combining convolution and self-attention, also
brings beneficial enhancements to this task.

• Thorough comparison of two audio sources. We not
only highlighted performance differences between the
two sources but also looked into cross-evaluation scenar-
ios. We showcased further performance gains achieved
through the combination.

• Performance Benchmarking. We compared our work with
existing SOTA studies, demonstrating superior perfor-
mance across multiple metrics, affirming the effectiveness
and advancements introduced by our proposed approach.

The remainder of this paper is organised as follows. In
Section II, we introduce related studies. Section III describes
the overall structure of the audio-based sleep apnea detection
pipeline. In Section IV, we describe the experimental setups.
Then, we present and discuss the results of the experiments in
Section V. Finally, we provide the conclusion in Section VI.

II. RELATED WORK

As aforementioned, the limited accessibility and high cost
associated with PSG highlight the need for a more cost-
effective and convenient option for SAS screening. Here, we
focus on methods based on sleep sound recordings. Several
sound-based studies addressing SAS screening have been
published [33], [42], [44]. Tasks performed in these studies
can be categorised into three tasks based on their diverse
objectives: SAS screening, SAS severity prediction, and AHI
estimation [33]. SAS screening involves a binary classifica-
tion task, distinguishing between the presence and absence
of the disease. Severity prediction, on the other hand, is a
multiclass classification task, predicting the severity degrees
using the AHI index, ranging from non-apnea (AHI<5) to mild
(5≤AHI<15), moderate(15≤AHI<30), and severe (AHI≥30)
apnea. Additionally, AHI estimation tasks a more fine-grained
estimation, computing the average number of apneic and
hypopneic events per hour during sleep. For instance, Romero
et al. developed a deep neural network architecture, reporting
a sensitivity of 0.79 and a specificity of 0.80 in screening
moderate SAS among 103 participants [33]. Likewise, Kim
et al. employed 132 handcrafted features as acoustic biomark-
ers for SAS severity prediction, achieving an accuracy of
88.3% across 120 participants [42]. Additionally, Castillo-
escario et al. analysed the sample entropy of audio signals,
demonstrating a remarkable correlation coefficient of 0.99
between the real and estimated AHIs for 13 participants [44].

However, all the above-mentioned studies lack an in-depth
examination of individual respiratory events, and only pro-
vide a singular diagnosis per participant based on overnight
recordings. Recent studies link longer apnea episodes to
serious health risks, including hypertension and increased
mortality [36], [37]. Given the potential clinical implication
of the temporal characteristics of abnormal respiratory events,
understanding the timing of the events may offer valuable
insights into disease analysis. Therefore, in this work, our
focus is on developing a predictive model capable of detecting
apnea and hypopnea events. This SAS event detection can
subsequently facilitate various downstream tasks, including
SAS diagnosis, SAS severity prediction, and AHI estimation.
This will be beneficial to the follow-up and treatment of the
disease, by providing a more nuanced understanding of the
temporal dynamics of the respiratory events.

In addition, several studies have investigated SAS event de-
tection using sleep sounds [38], [40], [45]–[49]. For instance,
in [40], a Voice Activity Detection (VAD) algorithm was
explored and achieved an accuracy of 73.6% for the detection
of all varied apneic events. Likewise, in [38], a real-time
epoch-by-epoch apneic event detector was proposed, yielding
an accuracy of 88.8% in a three-class classification scenario
(apnea, hypopnea, and no-event). In [46], sleep audio features
with semantic features and employ XGBoost to classify sleep
apneic events and reporting an accuracy of 77.6%. An accu-
racy of 66.3% was reported in [47] when a pre-trained VGG19
and the long short-term memory (LSTM) fused model was
explored to dingtinguish normal snoring and apnea-hypopnea
snoring of OSA patients. In another work, a CNN-based model
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TABLE I: Summary of related audio-based sleep apnea studies.

Data Source Task Method Window

Availability Tracheal Ambient Event Detection AHI estimation SAS Screening (Feature + Model) Size

[32] ✗ ✓ ✗ ✓ ✗ ✗ MFCCs + HMM 60-ms
[33] ✗ ✗ ✓ ✗ ✓ ✓ FBanks + DNN 30/40-second
[38] ✗ ✗ ✓ ✓ ✓ ✓ Spectrogram + DNN 30-second
[39] ✗ ✗ ✓ ✓ ✓ ✓ Spectrogram + DNN 5-minute
[40] ✓ ✓ ✓ ✓ ✗ ✗ VAD 100-ms
[42] ✗ ✗ ✓ ✗ ✗ ✓ MFCCs + DNN 5-second
[43] ✗ ✓ ✗ ✓ ✓ ✓ Spectrogram + DNN 60-second

this work ✓ ✓ ✓ ✓ ✓ ✓ FBanks&HuBERT + DNN 40-second

MFCCs: Mel Frequency Cepstral Coefcients, HMM: Hidden Markov Model, VAD: Voice Activity Detection,
FBanks: Mel filter banks, HuBERT: features from a pre-trained model.

with novel snore sound features and multi-task learning was
proposed [48]. Compared with the studies as mentioned above,
our work not only demonstrated comparable performance but,
in certain aspects, exhibited better performance.

For the aim of sound-based apnea detection, audio signals
can be obtained from various positions. The signals may be
collected from a tracheal microphone attached to the trachea,
or an ambient microphone positioned near the head of the
person. While some prior works have utilised tracheal sound
signals [24], [32], [43], [50], most of the others have explored
ambient microphone signals [26], [31], [44]. Note that, due to
concerns such as patient privacy, confidentiality, and copyright
issues, most if not all prior works were evaluated using
private datasets. This practice introduces challenges in direct
performance comparisons due to diverse and often privately
held datasets. To overcome this limitation, our research eval-
uates both tracheal and ambient sound types simultaneously
using the publicly available PSG-audio dataset [41], enabling
fair and reproducible comparison under unified experimental
settings. Prior studies have compared the two sound sources
on the same dataset and reported performance differences
between tracheal and ambient recordings [40]. Building upon
these comparative analyses, our study provides a systematic
benchmark across multiple model architectures and feature
representations. This could offer valuable insights for re-
searchers and developers to assess performance differences
and make informed decisions when considering other factors
such as cost and comfort. In addition, previous studies have
overlooked the evaluation across the two sound types; the
effect of sound type mismatch for sleep apnea detection has
not been investigated. Furthermore, there have been yet no
studies integrating the two sound types: tracheal microphone
signals and ambient microphone signals. Our study marks the
first exploration of the cross-evaluation of tracheal and ambient
sounds and the integration of the two for sleep apnea detection.

Earlier studies have primarily focused on leveraging feature
engineering techniques to identify distinctive features for sleep
apnea detection. Various sets of optimal audio features have
been explored as potential acoustic biomarkers for apnea sever-
ity estimation in the literature [26], [42], [51]. In more recent
developments, researchers have achieved promising results by
harnessing deep learning models for this task. Specifically,
without manual feature selection, Mel-spectrogram or Mel-

filterbank features directly extracted from raw audio can be
employed as inputs for deep models. Convolutional neural
networks (CNNs) and their variants have been frequently
utilised for their efficacy in capturing complex patterns from
audio, showcasing enhanced capabilities for sleep apnea de-
tection [33], [38], [39]. Recently, Transformer and its variants
have emerged in audio processing, due to their capabilities
to capture both spatial and temporal dependencies within se-
quential signals [52]–[54]. Here, we undertook an exploration
of three Transformer architectures, marking the first instance
of such investigation. Our research unveiled the exceptional
efficacy of EBranchformer in sleep apnea detection, due to
the integration of CNN blocks and self-attention mechanisms.

Furthermore, we pioneered the application of transfer learn-
ing techniques in sleep apnea detection, leveraging feature
extraction from a pre-trained model HuBERT [55]. We demon-
strated the effectiveness of this approach by comparing its
performance with conventional features, marking a novel con-
tribution to the field. In addition to HuBERT, other pretrained
audio foundation models such as BEATs [56], PaSST [57],
AST [58], and BYOL-A [59], could also be considered for
feature extraction. Unlike HuBERT, which is pretrained on
large-scale speech corpora, these models are trained on more
diverse general audio datasets. We selected HuBERT because
respiratory sounds originate in the human airway and share
certain acoustic characteristics with speech, such as airflow-
induced turbulence and overlapping frequency ranges.

Table I provides a summary of related studies, highlighting
the distinctive contribution of the current research in relation
to prior works.

III. AUDIO-BASED SLEEP APNEA DETECTION

This study aims to establish a benchmark for audio-based
methods in sleep apnea detection, utilising a publicly available
sleep sound dataset. Specifically, we focus on evaluating the
distinct detection capabilities of tracheal and ambient micro-
phones, as well as the deployment of transfer learning-based
features for sleep monitoring.

A. Overview

The proposed pipeline for audio-based sleep apnea detection
comprises several key components, including pre-processing,
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Fig. 1: An overview of our sleep apnea detection framework.

feature extraction, classification, and post-processing stages.
In the first stage, we downsampled the original sleep sound
recordings and segmented the data into 40-second segments, as
well as labelling these segments according to the presence or
absence of a certain apnea/hypopnea event. Moving to feature
extraction, multi-dimensional segment-level representations
were extracted for each segment. We explored two different
feature types. In the third stage, the derived representations
were fed into varied deep structures for three segment-level
classification tasks. Specifically, we first conducted a binary
classification task, distinguishing abnormal respiratory events
from normal ones. We further delved into finer-grained tasks,
including discriminating between apneic and hypopneic events
and detecting various types of apneic events. In the last stage
of post-processing, we integrated the segment-level predictions
to deliver overall estimations of the overnight recording. This
final step targeted three tasks, including SAS detection, severe
SAS prediction, and AHI estimation. In this way, our proposed
framework not only captures the nuances of individual sleep
segments but also provides an overall understanding of the
overall sleep apnea profile of the participant. Fig. 1 illustrates
the whole framework.

B. Signal Preprocessing and Feature Extraction

The original whole-night sleep audio recordings were ini-
tially sampled at 48 kHz. We downsampled the audio signals
to 8 kHz, as the frequency of respiratory sounds is typically
within the frequency range of 50-4000 Hz [60]. According
to the Nyquist theorem, an 8 kHz sampling rate sufficiently
preserves this frequency range. This also aligns with other
established practices in the field (8 kHz used in [34, 42] and
8.82 kHz utilised in [39]). Then, we segmented the long audio
recordings into 40-second segments. While an apneic event
can last from at least 10 seconds to several minutes [33],
[39], [41], a temporal window of 40 seconds is chosen in
the present study to effectively capture the temporal patterns
of respiratory events. Various window sizes have been utilised
in previous studies (see Table I), and research in [33] demon-
strated that a longer window size (i.e., 40 seconds) improved
detection performance compared to shorter window sizes (i.e.,
30 seconds). Our preliminary study aligns with these findings,
indicating that a 40-second window size outperforms shorter
window sizes (e.g., 10 or 30 seconds). However, increasing
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Fig. 2: Duration distribution of respiratory events.

the window size beyond 40 seconds did not yield additional
performance improvements. Consequently, we have fixed the
window size at 40 seconds for the remainder of our study.
The duration distributions of four distinct respiratory events
on the PSG-Audio dataset are demonstrated in Fig. 2. It can be
observed that, while more than 92% of the respiratory events
are shorter than 40 seconds and can be covered by a single
segment, there are a few cases where the events are longer
and cannot be completely covered by one segment.

Following audio segmentation, we apply feature extraction
to these segments. In this paper, we focus on two distinct
feature types. First, we employ log Mel-filterbank features
(FBank) for sleep apnea detection, which is classic and also
used in many prior studies [33]. Specifically, a spectrogram
is first computed from 100 ms windows with a hop size
of 60 ms by applying short-time Fourier transform (STFT).
These specific configurations were identified through empirical
exploration and were found to produce optimal results for the
task at hand. Subsequently, a bank of 80 triangular Mel-filters
is applied to the raw power spectrogram, in accordance with
human cochlea. Furthermore, a log transform is applied, lead-
ing to 80-channel log Mel filterbank features. Consequently,
for every 40-second segment, the final obtained feature is a
two-dimensional array of size 667*80.

In addition to the classic FBank features, our research
also explores the potential of self-supervised representation
learning (SSL), by leveraging a cutting-edge pre-trained SSL
model, Hidden-unit BERT (HuBERT) as feature extractor [55].
Recently, the effectiveness of pre-trained models has been
assessed and shown excellent performance across various
tasks. For our study, we chose HuBERT as it has been
demonstrated to be the top-performing SSL model compared
to various others and exhibited superiority in multiple down-
stream tasks [55]. Specifically, the HuBERT Base model has a
seven-layer CNN and a twelve-layer transformer encoder and
has been trained with the 960-hour LibriSpeech dataset [61].
Despite being pretrained on speech data, the model has demon-
strated impressive representation capabilities across various
non-speech audio datasets [62], [63]. Here parameters of the
pre-trained HuBERT model are frozen, and the model is
utilised as a feature extractor, to generate representations for
the sleep apnea detection. Operating at a frame rate of 20 ms,
the features produced by the HuBERT model for each 40-
second segment is of size 2000*768.
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C. Deep Structures

Features extracted from audio segments are fed into deep
structures for sleep apnea recognition. Here, we explore four
deep learning architectures to examine which method is op-
timal for sleep apnea detection. In particular, our exploration
encompasses both conventional and cutting-edge deep models
designed for audio signal analysis. These models include a
recurrent neural network (RNN), Conformer [52], Speech-
Former [54], and E-branchformer [53]. Note that, the latter
three structures were initially designed for solving speech
recognition; however, previous studies have demonstrated their
outstanding performance when applied to various non-speech
audio tasks, such as sound event classification and human
action classification [64], [65]. Descriptions for each model
are provided below, while architecture hyper-parameters of the
latter three Transformer-based models are given in Table II.

The first structure we examine is an RNN. This network
features a two-layer structure, using 512 bidirectional long
short-term memory (BLSTM) cells per layer. Such a structure
is effective in learning long-term dependencies within audio
inputs in both forward and backward directions, offering a bet-
ter understanding of the context information. Furthermore, to
improve the network’s capability for generalisation, a dropout
rate of 0.2 is applied to each RNN layer.

The second architecture we investigate is the Convolution-
augmented Transformer (Conformer) [52]. This model has
been widely used and achieved good success in a wide
range of different speech and non-speech audio processing
tasks/applications [64], [66]. For our specific task, we utilise
only the Conformer encoder, followed by an additional linear
layer and activation function to predict the presence of respira-
tory events. Specifically, the encoder is composed of multiple
stacked identical blocks, and each block is composed of four
modules stacked together. Within each Conformer block, a
multi-head self-attention (MHSA) module and a convolution
(CONV) module are sandwiched between two feed-forward
(FFN) modules. The MHSA module can learn long-range
global context, surpassing the capabilities of traditional RNNs
in this respect. Meanwhile, CONV module can capture fine-
grained local patterns synchronously. The integration of these
two modules enables a comprehensive analysis of both global
interaction and local correlations in sleep sound, which is
crucial for respiratory event detection in our study.

The third architecture we explore is the Hierarchical Trans-
former (Hierformer). This model is a purely Transformer-
based architecture without convolutions. In a hierarchical
setup, the model processes data at multiple levels. The specific
architecture we apply here is similar to the one detailed
in [54], which consists of four Transformer blocks and three
merging blocks. Each Transformer block employs a multi-head
attention mechanism, focusing on the part of input dependent
upon its importance; the merging block is used after two suc-
cessive Transformer blocks and refine redundant features by
averaging pooling. Intermediate representations are generated
by the four Transformer blocks at different granularities: the
lower blocks learn fine details from smaller analysis windows,
and the higher blocks process signals from larger windows

TABLE II: Model hyper-parameters for Conformer, Hier-
former, and EBranchformer.

Model Conformer Hierformer EBranchformer

Num Params (M) 27.3 1.05 27.8
Encoder Layers 8 2-2-2-4 (4 blocks) 12
Encoder Dim 256 256 256
Attention Heads 8 8 8
Linear Units 1024 1024 1024

to derive broader contextual information. This hierarchical
structure enhances the model’s capability to understand and
represent sleep sound data at various scales, and thus more
manageable at handling long segments of sleep sound than
traditional Transformer models.

The final architecture we evaluate is the Enhanced Branch-
former (EBranchformer), as proposed in [53]. As mentioned
earlier, convolution and self-attention can capture local pat-
terns and global context, respectively. In the aforementioned
Conformer model, the strengths of the two are combined
sequentially. In contrast, Branchformer applies two distinct
branches in parallel, later merging their outputs by concate-
nation [67]. The EBranchformer further introduces depth-wise
convolution in the merging block to combine local and global
information both sequentially and in parallel. Although orig-
inally developed for automatic speech recognition, EBranch-
former has demonstrated its superior performance in various
speech-related tasks, often outperforming both Conformer and
Branchformer [68]. This suggests its potential in processing
non-speech audio signals. In this study, we aim to investigate
the effectiveness of EBranchformer in analysing sleep sound.

D. Postprocessing
The outputs of the aforementioned deep model are prob-

abilities indicating the presence of sleep apnea within a
provided 40-second segment. For instance, when the deep
model is tasked with classifying one segment into one of three
categories: no-event, hypopnea, or apnea, and if the output
probability corresponding to the apneic event is larger than
the other two (no-event and hypopnea), the specific segment
then is categorised as one containing apnea. Moreover, when
the model is applied to analyse night-long audio recordings
spanning several hours, we evaluate the sleep sound data in
streaming mode. That is, the long recording is first segmented
into a series of 40-second segments (with a hop size of 1
second to facilitate fine-grained temporal resolution during
inference), which are then sequentially fed into the model.
This yields sequential outputs, indicating the presence of sleep
apnea/hypopnea per segment over time.

To accurately locate each event, these outputs undergo
further processing. Particularly, one event can span multiple
segments. In our analysis, both hypopnea and apnea are
considered abnormal and are thus grouped into one single
category, thus the task is transformed as binary classification.
We take three steps to process the sequential output probability
of abnormal events. First, we apply a moving average to
smooth the probabilities over every ten successive outputs (this
was chosen via grid search and consistently yielded better
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performance), and this can effectively mitigate single mis-
classification. Note that smoothing is only applied for night-
long audio analysis; no post-processing steps are applied to
the segment-level classification evaluation. Subsequently, these
smoothened probabilities are converted into binary values,
where 0 denotes the absence of an event, and 1 indicates
the presence of hypopnea or apnea. Next, we refine the
binary outputs by identifying clusters of 1s and reducing each
cluster to a single 1 positioned at the cluster’s midpoint. This
consolidation method ensures that multiple detections of the
same event are treated as a single detection within each event
cluster. Consequently, we can calculate the total number of
apnea/ hypopnea events across long full-night recordings. By
dividing this count by the total recording time, we derive
the Apnea-Hypopnea Index (AHI). The AHI serves various
purposes, including AHI estimation, sleep apnea screening,
and assessing sleep apnea severity.

E. Evaluation

In this study, we conduct a comprehensive evaluation and
comparison of tracheal and ambient microphone sounds when
being applied for audio-based sleep apnea analysis. The origi-
nal sleep sound dataset is partitioned into three participant-
independent splits, namely training, development, and test
sets. Throughout the training phase, the aforementioned deep
architectures are optimised based on the minimisation of
the cross-entropy loss. In this manner, we provide a robust
measure of each model’s effectiveness and reliability in sleep
apnea detection. Our evaluation encompasses three key as-
pects: respiratory event classification on a segment-by-segment
basis, AHI estimation from full-night recordings, and (severe)
sleep apnea screening using AHI-based criteria.

Segment-based sleep apnea classification. We divide this
analysis into three distinct sub-tasks: (1) binary classification:
each segment is categorised as either normal or abnormal; (2)
three-class classification: segments are classified into one of
three categories: normal, hypopnea, or apnea, (3) five-class
classification: this involves a more detailed classification where
segments are identified as no-event, hypopnea, obstructive
sleep apnea (OSA), central sleep apnea (CSA), or mixed sleep
apnea (MSA). For each sub-task, we conduct a thorough
comparison between tracheal and ambient sounds in terms
of their effectiveness, reporting the performance in terms of
accuracy and macro averaged F1 score. Another part of our
analysis is the cross-evaluation of models: we investigate
how models trained on one type of sound (either tracheal
or ambient) perform when tested on the other. This cross-
evaluation helps in understanding the generalizability of the
models when there is a sound type mismatch. Moreover,
we explore the potential of combining tracheal and ambient
sounds by aggregating their outputs. This investigation aims
to reveal any complementary information that the integration
of both sound types might offer. Note that, no post-processing
steps are performed on this segment-level classification task.

AHI estimation. After applying postprocessing steps, audio-
based AHI estimations can be computed over the whole night
recordings. This is achieved by analysing the recordings in

a streaming mode using a binary classifier for respiratory
event detection. Correlation plots are generated to illustrate
the agreement and association between the audio-based AHI
estimation and the PSG-based AHI reference. Additionally,
We assess the correlation by reporting Pearson correlation
coefficient between the two.

Sleep apnea screening. To evaluate the effectiveness of our
method in screening for sleep apnea, we report the perfor-
mance in terms of sensitivity, specificity, precision, and F1
according to various AHI diagnostic cutoffs. We focus on three
commonly used AHI cut-offs: 5, 10, and 15. Additionally, for
the detection of severe sleep apnea detection, we also examine
the performance at a higher cut-off value of 30.

IV. EXPERIMENTS

A. Data

We evaluated the proposed method using the open-access
PSG-Audio dataset [41], which contains high-quality sound
recordings collected during sleep along with PSG-based ap-
nea/hypopnea event annotations. This data was collected dur-
ing a full-night PSG study involving 212 participants by the
Sleep Study Unit of the Sismanoglio-Amalia Fleming General
Hospital of Athens, including 56 female subjects and 156 male
participants, aged between 23 and 85 years old. Audio signals
from two microphones – one positioned on the participant’s
trachea and the other situated approximately one meter above
the participant’s bed – were recorded simultaneously with the
PSG study. Both the PSG data and the supplementary audio
data were saved in one European Data Format (EDF) file for
each participant. The labelling process of sleep stages and
respiratory events was conducted by two health specialists.
In particular, four specific respiratory events were annotated,
including obstructive apnea, central apnea, mixed apnea, and
hypopnea. For each event, the starting time and duration of
the event were provided. These annotations were stored in
Redline Markup Language (RML) files. Note that, the total
number of participants explored in this study is 194 (50 female
subjects and 144 male participants), less than the initially
stated 212 from the original dataset due to the inaccessibility
of some annotation files. In addition, the birth date of each
participant was encrypted, making it impossible to retrieve
age information from the dataset provided. Ethical clearance
approvals were obtained from the Local ethics committee
of Sismanoglio Hospital. All participants provided signed
consent, permitting the use of their anonymised recorded data
for research purposes.

In this study, we explored the tracheal and ambient micro-
phone sound recordings and compared their performance for
sleep apnea detection. The original tracheal recordings stored
in the EDF files were sampled at 48 kHz, and we reduced
the sampling rate to 8 kHz for our analysis. The down-
sampled audio was then divided into 40-second segments for
further analysis. In particular, positive segments (indicating
apnea/ hypopnea events) were extracted according to the
annotations of the respiratory events. The cut-off time for a
positive segment was set to five seconds after the end of a
respiratory event to include subsequent breathing or snoring
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TABLE III: Data distribution of the PSG-Audio dataset over the subjects, duration hours, five categories (normal, hypopnea,
obstructive sleep apnea [OSA], central sleep apnea [CSA], and mixed sleep apnea [MSA]) in training, development, and test
sets. The apnea contains OSA, CSA, and MSA; the abnormal includes OSA, CSA, MSA, and hypopnea.

Data # subjects (#f:#m) hours # normal # hypopnea # OSA # CSA # MSA
∑

apnea
∑

abnormal
∑

Train 162 (42:120) 730.3 33 426 8 295 22 381 1 519 4 463 28 363 36 658 70 084
Dev 8 (3:5) 37.2 1 972 613 937 85 350 1 372 1 985 3 957
Test 24 (5:19) 102.2 5 382 1 468 2 860 114 608 3 582 5 050 10 432

All 194 (50:144) 869.7 40 780 10 376 26 178 1 718 5 421 33 317 43 693 84 473

sounds. The choice of five seconds was based on our initial
investigation, although a different cut-off time could be used
for the same purpose. This ensures the segment contains a
complete end of apneic/hypopneic event, preventing the model
from confusing events with silent segments and misclassifying
entirely silent segments as SAS. From this, we obtained 33 317
apnea segments and 10 376 hypopnea segments. To extract
negative segments (segments without any respiratory events),
the entire night recording of each participant was divided
into 40-second segments with a step size of 10 seconds.
The step size of 10 was chosen to balance the number of
negative segments with the number of segments containing
abnormal respiratory events. Subsequently, segments that had
no overlaps with any respiratory events were retained, resulting
in 40 780 normal segments. As a result, a total of 84 473
segments were split into training, validation, and test sets in a
subject-independent manner, as detailed in Table III.

B. Implementation Details
To assess diverse deep models for audio-based sleep apnea

detection, we used the open-sourced S3PRL toolkit [69]. We
built aforementioned deep models, designed the data pre- and
post-process, and defined the performance evaluation metrics
(see Sec. III). The use of open-source data and libraries
ensures that our results can be easily reproduced, facilitating
benchmark comparisons by others in future studies. Moreover,
all code used in the study will be available to public for
purposes of reproducing or extending the analysis.

For each specific combination of sub-task (binary, three-
class, or five-class), feature type (FBank or HuBERT), model
structure (RNN, Conformer, Hierformer, or EBranchformer),
and sound source (Tracheal or ambient), a dedicated model
was trained. Particularly, each model was trained for 15k steps
on the training set, with a batch size of 32. We employed
the Adam optimiser, setting the learning rate as 0.0001. Note
that an exhaustive grid search over all possible hyperparameter
combinations during training was computationally infeasible
due to the complexity of our model, which involves multiple
hyperparameters as well as different training tasks, model
architectures, and feature types. We narrowed the searching
space via heuristic selection, and this allowed us to maintain
strong performance while keeping computational requirements
manageable. This is evidenced by our results that are compa-
rable to SOTA performance in other studies (cf Section V).

The model yielding the highest F1-score on the development
set was stored. Then we evaluated the performance of the
saved model on another independent test set. Note that for

the three Transformer variants we tested, we retained the
original encoder structure, including the same number of
heads and layers as initially proposed. Specifically, these deep
models embedded the input features per segment into a 256-
dimensional feature, which was subsequently fed into a fully
connected layer and softmax for each classification task.

While the segment-level classification evaluation followed
the partitions outlined in Table III, the evaluation of
overnight recordings was conducted using a three-fold subject-
independent cross-validation, as the original test set consisted
of only 24 subjects. This approach resulted in a total of 194
AHI estimations, corresponding to each individual subject. For
this experiment, a consistent ratio was maintained across three
folds regarding gender distribution.

V. RESULTS AND DISCUSSION

A. Segment-based Sleep Apnea Classification
We first examined three classification tasks, distinguishing

sleep apnea from coarse to fine granularity on segment level.
Results are presented in Table IV.

Our results demonstrate that tracheal sounds possess en-
hanced discriminatory capabilities for sleep apnea detection
when compared to ambient microphone sounds. This obser-
vation is in line with our expectations, considering the direct
capture of respiratory sounds at the trachea. Notably, in the
binary classification task, the best tracheal sound-based model
obtains an accuracy of 90.8%, with a macro F1 score of
90.7%. This performance surpasses that of the best ambient
sound-based model, which gains an accuracy of 89.2% and F1
score of 89.2%. The distinction becomes more pronounced
in more complex classification scenarios. For instance, in
the three-class case, the top-performing tracheal sound model
detects hypopnea and apnea with an 83.3% accuracy and a
76.0% F1 score, exceeding the 80.1% accuracy and 71.4%
F1 score achieved using ambient sounds. Likewise, in the
five-class classification, the best tracheal sound-based model
maintains a 75.7% accuracy and 57.9% F1 score, compared
to 71.8% accuracy and 47.6% F1 score for ambient sounds.
These findings highlight the robustness of tracheal sound-
based models for sleep apnea detection across various scales.

Confusion matrices of the most effective models are de-
picted in Fig. 3, for tracheal and ambient sounds, respectively.
The top three matrices represent results from tracheal sounds.
In the binary classification, the tracheal sound-based model
attained an accuracy of 96% for normal and 85% for abnormal.
In the three-class setting, while the model performs well in
distinguishing normal and apnea events, hypopnea remains the
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TABLE IV: Performance of segment-level sleep apnea detection through the tracheal and ambient microphone audio recordings
via four context-aware audio models with manual-crafted features (FBanks) or high-level representations extracted from a
pre-trained model (HuBERT). We examined binary-class, three-class, and five-class cases, respectively.

features models
ambient tracheal

binary-class three-class five-class binary-class three-class five-class
F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

FBanks

BLSTM-RNNs .851 .852 .643 .749 .387 .694 .898 .898 .734 .812 .481 .759
Conformer .866 .867 .677 .783 .471 .682 .894 .895 .725 .802 .524 .731
Hierformer .866 .867 .687 .749 .389 .666 .907 .908 .741 .823 .576 .764

EBranchformer .879 .880 .694 .782 .469 .688 .900 .900 .760 .833 .579 .757

HuBERT

BLSTM-RNNs .858 .859 .677 .746 .371 .651 .878 .879 .720 .798 .382 .703
Conformer .875 .875 .711 .791 .459 .710 .887 .888 .729 .809 .514 .716
Hierformer .881 .882 .713 .796 .451 .651 .903 .904 .735 .819 .515 .729

EBranchformer .892 .892 .714 .801 .476 .718 .903 .903 .746 .819 .546 .749
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Fig. 3: Confusion matrices of best-performed models for
binary-class, three-class, and five-class sleep apnea detection,
for tracheal (a)-(c) and ambient (d)-(f) microphone, separately.

most challenging class. Specifically, 24% of hypopnea events
are misclassified as normal and 20% as apnea. This may be
attributed to the relatively subtle acoustic characteristics of
hypopnea events, which often exhibit weaker airflow reduction
and less pronounced sound patterns compared to apnea, mak-
ing them acoustically less distinctive. In the five-class setting,
when apnea is further divided into OSA, CSA, and MSA,
CSA and MSA are frequently misclassified as OSA (31% of
CSA and 47% of MSA predicted as OSA). This confusion
likely arises because the acoustic manifestations of different
apnea subtypes share overlapping respiratory sound patterns,
while their physiological differences (e. g., respiratory effort)
are not directly observable from sound alone. Similar patterns
are observed in ambient sound-based models, as illustrated in
the lower three confusion matrices of Fig. 3. These findings
highlight the intrinsic limitation of sound-only approaches in
distinguishing fine-grained apnea subtypes. In future work,
integrating complementary physiological signals (e. g., respi-
ratory effort or oxygen saturation) may help mitigate these
confusions and improve subtype classification performance.

Comparing the four deep structures, our results also indicate
the dominance of the EBranchformer architecture in sleep
apnea detection, surpassing the performance of the other three

architectures studied. Remarkably, in 10 out of all 12 cases
analysed (spanning two sound sources, two feature types,
and three classification tasks), the EBranchformer consistently
emerged as the best model. This underscores the architecture’s
efficacy in aggregating both local and global information both
sequentially and in parallel. Additionally, our analysis reveals
unique responses of the two sound types to different feature
extraction methods. While HuBERT features demonstrate ad-
vantages over FBank features in models based on ambient
recordings, a slight preference for FBank features is observed
in tracheal recordings. A possible explanation lies in the
nature of HuBERT’s pretraining data. HuBERT is trained on
speech corpora, whose acoustic characteristics could be more
similar to ambient recordings. In contrast, tracheal sounds
are captured via contact microphones placed on the neck and
exhibit distinct spectral and physiological characteristics, in-
cluding lower-frequency dominance and reduced resemblance
to speech. As a result, representations learned from speech data
may transfer more effectively to ambient recordings than to
tracheal ones. On average, the combination of FBank features
and the EBranchformer structure yielded the best performance
over the other combinations. Consequently, this combination
was chosen for use in subsequent analyses.

We further analysed the impact of varying the offset length
(0 to 10 seconds) of the endpoint in sleep apneic event
windows on classification accuracy and F1 score, as shown in
Figure 4. The results indicate that, across all tasks and sound
sources, classification accuracy generally increases with larger
offset lengths, peaking around five seconds, before declining
as the offset length extends further. A similar trend is observed
for the F1 scores. These findings suggest that extending the
window endpoint improves model performance, potentially by
capturing more relevant contextual information beyond the
immediate sleep apneic event.

B. More about Tracheal and Ambient Sounds

We further compared the potential of tracheal and ambient
sounds in the context of sleep apnea detection, conducting a
statistical comparison between the two sound sources. Specif-
ically, we categorised all segments into four groups: segments
accurately predicted by both sound sources, segments iden-
tified only by the tracheal sound, segments detected only
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Fig. 5: Detailed performance in terms of the number of
correctly predicted samples for the binary (a), three (b), and
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predicted correctly by both modalities, predicted correctly only
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Fig. 6: Performance comparison in terms of accuracy (a) and
F1 (b) among different model settings, i. e., ambient only,
tracheal only, and the combination of the two (Combined).

by the ambient sound, and segments incorrectly predicted
by both. As illustrated in Fig. 5, the majority of segments
across all three classification levels were correctly predicted
by both sources, indicating the overall effectiveness of both
sound types. In addition, though tracheal sounds generally
outperformed ambient sounds, a notable portion of segments
were detected exclusively by ambient sound. We also note that
the distribution of classes detected by each source was similar.
This suggests that there are no significant differences in the
responses of the two sound types to varied sleep apneic events.

As shown in Fig. 5, certain events were accurately predicted
by only one sound source. Considering that the model outputs
a probability value, which can be interpreted as a confidence
level, we explored a joint prediction approach. This involved
comparing the confidence levels from both sources when they
disagreed and selecting the prediction with higher confidence.
The results of this combined approach, as shown in Fig. 6,

indicate enhanced accuracy across all levels of sleep apnea
detection. Furthermore, the combination also improved the F1
score in binary and three-class classifications, highlighting the
potential benefits of integrating tracheal and ambient sounds
for sleep apnea detection during sleep.

Additionally, we investigated the scenarios where the train-
ing and test sets came from different sound sources. This
cross-source evaluation assesses the models’ robustness and
generalisation capabilities, enhancing our understanding of the
different sources. A model that performs well on both tracheal
and ambient recordings is likely more robust. Additionally, it
helps detect if the model overfits to any source-specific noise
rather than learning the relevant signals for SAS detection. The
results, presented in Table V, reveal a decline in performance
due to source mismatch. Models trained on tracheal sounds
exhibited a more significant performance drop when tested on
ambient sounds, likely due to a lack of noise tolerance. Con-
versely, models trained with ambient sounds showed reason-
able performance on tracheal sounds, though slightly inferior
to their performance with ambient sounds. This suggests that
while tracheal sound-based models excel with matched data,
they require further adaptation or preliminary data denoising
for effective application to ambient sound recordings. Hence,
if a model is exclusively trained on tracheal sounds, it requests
additional adaptation to suit ambient sleep sound recordings.
In the future, it would be interesting to investigate augmenting
the training data with a mix of both tracheal and ambient
recordings to improve the model’s robustness.

C. AHI Estimation
Upon processing overnight recordings through a trained

model, the sequential outputs were aggregated and utilised
to calculate corresponding AHI estimations, as detailed in
Section III-D. As a result, Fig. 7 presents the Bland-Altman
plots and correlation plots between the PSG-based AHI labels
and the AHI estimations derived from sleep sounds, for
tracheal and ambient microphones, respectively. Overall, our
sound-based predictions match the reference AHI patterns. In
particular, a substantial correlation is shown between tracheal
sound-based AHI estimations and the PSG-based AHI, with
a correlation coefficient of 0.84. In comparison, the ambient
sound-based AHI estimations exhibited a slightly lower cor-
relation coefficient of 0.77 with the PSG-based AHI. These
findings indicate the feasibility of our proposed methods in
estimating the AHI from sounds.

D. Sleep Apnea Screening
Table VI presents the performance of our method in di-

agnosing sleep apnea across various AHI cut-off values. We
also demonstrate a comparison to other state-of-the-art (SOTA)
studies. Our approach in most cases surpassed these SOTA
methods in effectiveness. However, it is important to note
that these comparisons are based on results from different
datasets, making the comparison somewhat indirect. Despite
this limitation, the comparison still offers valuable insights,
particularly considering that the number of subjects evaluated
in our study is comparable to those in other studies. Most
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TABLE V: Performance in terms of F1 score and accuracy (Acc) when training and evaluating different sound sources.

Training
Test ambient tracheal

binary-class three-class five-class binary-class three-class five-class
F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

ambient .879 .880 .694 .782 .469 .688 .839 .842 .677 .743 .420 .655

tracheal .756 .759 .499 .618 .361 .565 .900 .900 .760 .833 .579 .757
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Fig. 7: Agreement between AHI-PSG and AHI-Audio, for tracheal sounds and ambient sounds, respectively. In Bland-Altman
plots (a) and (b), the red and grey dashed lines indicate the mean difference and 1.96 times the standard deviation of the
differences, respectively. In scatter plots (c) and (d), the red diagonal line indicates when two observations correlate perfectly.

TABLE VI: Performance comparison between our methods and other state-of-the-art approaches. Results are reported in terms
of sensitivity (Se), specificity (Sp), precision (Pr), and F1 score. Three AHI cut-off points (5, 10, and 15) are explored for
sleep apnea screening, and one AHI cut-off value (30) is applied for severe sleep apnea screening.

AHI Cut-off=5 AHI Cut-off=10 AHI Cut-off=15 AHI Cut-off=30
Method (#Subjects, Sound Source) Se Sp Pr F1 Se Sp Pr F1 Se Sp Pr F1 Se Sp Pr F1

Ours (194, Tracheal) .99 1.0 1.0 .83 .96 1.0 1.0 .72 .93 1.0 1.0 .71 .84 .97 .99 .80
Ours (194, Ambient) .98 1.0 1.0 .74 .96 1.0 1.0 .70 .89 1.0 1.0 .66 .75 1.0 1.0 .73

SoundSleepNet [38] (150, Ambient) .97 .89 - - - - - - .85 .84 - - .96 .91 - -
DNN [33] (103, Ambient) .87 .71 - - .73 .70 - - .77 .80 - - .73 .95 - -

OSAnet [39] (59, Ambient) .94 .83 .96 - .83 .79 .89 - .89 .96 .97 - .96 .92 .88 -
Firefly [34] (120, Ambient) - - - - - - - - .88 .80 .82 - - - - -

TS-DNN [43] (304, Tracheal) .98 .76 - - - - - - .97 .90 - - .92 .94 - -

SOTA methods focus solely on OSA detection. In particular,
SoundSleepNet [38] employed a two-step training strategy
to sequentially learn a CNN+RNN+Transformer structure,
enabling a three-class OSA event detection task. Various CNN
structures were explored in [33], [34], [39], [43] for OSA.
Moreover, [34] further utilised active sonar signal processing,
which improved the detection of CSA, even in the absence
of passive snoring or recovery breaths that typically accom-
pany obstructive events and not central ones. In contrast, our
best-performing EBranchformer model exclusively exploited
passive acoustic signals and aggregated relevant information
both sequentially and in parallel. Also, we investigated SAS
in general, considering both OSA and CSA.

Our method demonstrated exceptional screening capabilities
for tracheal sound-based sleep apnea diagnosis. On the PSG-
Audio dataset, it achieved over 90% sensitivity and 100%
specificity across different AHI cut-off points. Similar patterns
can be seen for ambient sound-based models. For the detection
of severe sleep apnea, the models showed sensitivities of 84%
and 75% for tracheal and ambient sounds, respectively. As
indicated in Fig. 7, there were instances where the AHI esti-
mations fell short of the reference values, especially when the
reference AHI exceeded 40. This resulted in a subset of partic-

ipants being incorrectly classified as non-severe, consequently
reducing the sensitivity in severe sleep apnea screening. This
implies that the respiratory event patterns in certain severe
sleep apnea patients might exhibit diverse characteristics and
reveals a limitation in our current model’s ability to detect
specific types of sleep apnea in these individuals. Particular, a
small percentage of SAS patients, especially those with CSA,
do not habitually snore or produce heavy breathing sounds
during sleep, making them difficult to identify with our model.
We consider to address this issue in future by integrating other
wearable devices to leverage other biosignals.

VI. CONCLUSION

This study comprehensively examined the capability of
tracheal and ambient sounds in sleep apnea research, focusing
on detailed segment-by-segment sleep apnea detection. Eval-
uating on PSG-Audio, our research highlighted the significant
potential of audio-based analysis in remotely monitoring sleep-
rated respiratory anomalies. In particular, the EBranchformer
model emerged as the most promising model among the
four models tested, underscoring the importance of consid-
ering both local and global information in model design.
Additionally, the study demonstrated enhanced performance
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through the use of a pre-trained model for extracting deep
representations from ambient sounds. Moreover, our findings
indicate that while tracheal sounds inherently possess superior
capabilities for distinguishing sleep apneic events, combining
them with ambient sounds can lead to even more accurate
detection. In the cross-source validation, a notable decrease
in performance was observed, suggesting the need for model
adaptation and noise reduction in response to these variations
raised by difference sources. Overall, our method yields out-
standing performance in overnight AHI estimation and sleep
apnea screening across various AHI cut-offs, setting a new
benchmark that surpasses existing state-of-the-art methods.

In conclusion, this study offers valuable insights into the
development of IoT-enabled, audio-based sleep apnea detec-
tion systems. By thoroughly comparing tracheal and ambient
sound recordings, we lay a foundation for future innovations in
non-invasive, scalable sleep monitoring solutions. Our findings
highlight the promise of audio sensing as a viable approach for
unobtrusive, at-home screening of sleep apnea, with potential
to transform current diagnostic practices.

Yet, several limitations should be acknowledged. The
present study was evaluated on PSG-Audio only, which was
collected in a single clinical setting with a specific record-
ing configuration. Variations in recording devices, placement,
background noise conditions, and patient populations may
introduce domain shifts that affect performance. In particular,
real-world home settings may involve higher ambient noise
levels and less standardised sensor positioning. Moreover,
although HuBERT was adopted as a representative pretrained
model in this study, other foundation models trained on large-
scale general audio datasets may also be suitable for deep
feature extraction. As our objective was not to identify the
optimal pretrained model, systematically evaluating alternative
general-purpose audio representations remains an important
direction for future work and may further improve robustness
and generalisation in sleep apnea detection.

Looking ahead, we plan to integrate signals from diverse
sleep-related sensors and develop noise-robust models, with
the goal of advancing real-world deployable solutions that
align with the vision of more accurate and efficient sleep health
monitoring.
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