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Abstract. This paper investigates the application of Audio Spectrogram Transformers (AST) for the
task of respiratory rate estimation from audio recordings, a critical metric in the screening for sleep apnea.
Traditional methods like polysomnography, used for sleep apnea diagnosis, are resource-intensive and
not widely accessible, making automated respiratory rate estimation a valuable alternative. Recent
advancements in deep learning, particularly transformer-based models, offer promising solutions. This
study adapts a pre-trained AST model, originally designed for audio classification tasks, for respiratory rate
estimation by incorporating attention mechanisms and a regression layer.

We fine-tune the AST model on the ICBHI 2017 challenge dataset, utilizing transfer learning to
leverage the robust feature representations learned from large-scale audio datasets like AudioSet. Our
methodology includes resampling audio files, applying band-pass filters, and converting audio signals
into mel-spectrograms. To address the limited size of the ICBHI dataset, we employ data augmentation
techniques such as SpecAugment, which introduces variations in the spectrograms to improve the model's
generalizability.

We propose two pooling approaches — attention pooling and convolutional pooling — to effectively capture
temporal dependencies in respiratory sounds. Experimental results demonstrate that the convolutional
pooling variant of our model achieves a Mean Absolute Error (MAE) of 0.8320 and a Mean Relative Error
(MRE) of 12.56% on the ICBHI dataset, outperforming the previous model by 16.8% in MAE. These findings
highlight the efficacy of transformer-based models in handling complex audio patterns and underscore the
potential of AST models for broader applications in respiratory sound analysis.

Our research contributes to the machine learning field by presenting an effective method for respiratory
rate estimation using transformer-based models. Future work will explore further refinements in model
architecture and the integration of additional physiological signals to enhance predictive accuracy.
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AHomauyjis. Lia cmamms docnidxye 3acmocysaHHs aydiocriekmpoepaMHux mpaHcgopmepie (AST)
019 3a0aui BU3Ha4YeHHs1 Yacmomu OuxaHHS 3 aydio3anucis, Wo € Kpumu4yHUM MOKa3HUKOM i@ 4ac CKpu-
HiHey Ha arHoe ysi cHi. TpaduuiliHi MemodOu, maki siKk noslicomHozpadpisi, W0 8UKOPUCMOBYHOMbCS O
diagHOCMUKU arHoe y8i CHi, € pecypCoOEMHUMU ma He WUpOoKo 0ocmynHUMU, wo pobums asmomamu-
308aHe 8U3Ha4YeHHs1 Yacmomu OuxaHHs UiHHOt anbmepHamueor. OcmaHHi 00Ccss2HeHHs 8 2ary3i enu-
60K020 Hag4YaHHs, 30Kpema Modersi Ha OCHO8I mpaHcghopmMmepis, MPONoOHyMb NepPCrneKmMuU8Hi pilueHHS.
Lle docnidxeHHs1 adanmye rnornepedHbo Hag4yeHy modesnb AST, nepsicHO po3pobrieHy Ons 3aday Knacu-
ikauii aydio, 0ns1 suU3Ha4YeHHs1 Yyacmomu OuxaHHS Wrisixom 0o0asaHHsI MexaHi3Mie yeasu ma pezpecili-
Ho20 wapy.

Mu doHasuyaemo modernib AST Ha Habopi daHux ICBHI 2017 challenge, 3acmocosyroqu nepedasgasibHe
Hag4yaHHs1 01 euKopucmaHHs cmilikux rnpedcmaerneHb 03HaK, ompuMaHuXx i3 eenukux Habopie aydioda-
Hux, makux sik AudioSet. Hawa memodornozisi gkrnodae nepeduckpemusauito aydioghalinie, 3acmocyeaHHs
cmyeosux ¢hinbmpie ma nepemeopeHHs1 aydiocueHanig y men-cekmpozpamu. LLjob supiwumu npobnemy
0bmexeHo20 po3mipy Habopy OaHux ICBHI, mu eukopucmogyemMo Memoou HapoWEeHHs1 0aHUX, makKi sK
SpecAugment, ki Hocsimb eapiauil y criekmpozpamu 0111 NoKpaWeHHs y3az2asibHK8aHocmi Moderii.

Mu nponoHyemo dsa nidxodu 00 azpezauii: agpeaysaHHs 3 MEXaHI3MOM yg8aa2u ma 320pmKose azpeay-
8aHHs — 0119 eqheKmuBHO20 8paxy8aHHs YHacosuX 3anexHocmel y duxarnbHUX 38yKkax. EkcriepumeHmarnsHi
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pe3yrnbmamu deMOHCMPYoMb, W0 Hawa MOOerb 3i 320pMKO8UM azpeaysaHHsIM Oocsizae cepedHboi abco-
nromHoi noxubku (MAE) 0,8320 ma cepedHboi gidHocHOT noxubku (MRE) 12,56% Ha Habopi daHux ICBHI,
nepesepuwyrodu rioriepedHro modesnb Ha 16,8% 3a MAE. Lli pesynsmamu nioKpeciroroms echeKmuesHicmb
MmoOderneli Ha OCHo8i mpaHcgopmepie 8 06pobui cknadHux aydionamepHie i aUC8imMIMb nomeHujana Mo-
Oenell AST 0nst wupwo20o 3acmocyeaHHs 8 aHasi3i QuxarbHUX 38YKie.

Hawe docnidxeHHs1 pobumb 8HECOK y early3b MawUuHHO20 Hag4aHHs, MPOrOHyrHU eghekmusHUl Me-
mod 8u3Ha4YeHHs Yacmomu QuxaHHs 3 sUKopucmaHHsIM Mmodesiell Ha ocHosi mpaHcghopmepis. Nodanbuwi
oocnidxeHHs1 6ydymeb cripsiMogaHi Ha 800CKOHareHHs1 apximekmypu moodeni ma iHmeezpauito dodamkogux
gpizionioeiqyHUX cuzHarie 0515 nid8uUU,eHHs MO4YHOCMI.

Knrovoei crnoea: aydiocriekmpozpamMHuli mpaHcghopmep, rnepedasarnibHe Hag4aHHS, 8U3HAYEHHS Ya-
cmomu QuxaHHS, ariHoe y8i CHi.

Introduction

Sleep apnea is a prevalent sleep disorder characterized by repeated interruptions in breathing during
sleep. These interruptions, or apneas, can lead to various health complications, including cardiovascular
disease, cognitive impairment, and daytime fatigue. Early detection and continuous monitoring of sleep
apnea are crucial for effective management and treatment. One critical metric in screening for sleep apnea
is the respiratory rate, as irregular breathing patterns indicate the disorder.

Traditionally, respiratory rate estimation and sleep apnea diagnosis have relied on polysomnography (PSG),
a comprehensive recording of the bio-physiological signals that occur during sleep. However, PSG is expensive,
labor-intensive, and requires specialized equipment, making it inaccessible for widespread screening. In
contrast, using audio recordings for respiratory rate estimation offers a cost-effective and accessible alternative.
Audio-based methods can leverage readily available recording devices and simplify the screening process.

Recent studies have explored various machine learning models for respiratory rate estimation using
the ICBHI dataset [1]. Notably, a BiLSTM (Bidirectional Long Short-Term Memory) model [2] achieved a
mean absolute error (MAE) of 1.0, demonstrating the potential of deep learning techniques in this domain.
However, given the advancements in transformer-based models, we hypothesize that Audio Spectrogram
Transformers (AST) [3] could outperform existing approaches due to their superior ability to capture and
model temporal dependencies in audio data.

In a related study, the authors of [4] used an AST-based model to achieve state-of-the-art results on
the ICBHI dataset for respiratory sound classification. Their success underscores the efficacy of AST
models in capturing complex audio patterns and highlights their potential for broader applications, including
respiratory rate estimation.

In this study, we investigate an adaptation of the AST model for respiratory rate estimation using audio
recordings, specifically incorporating attention mechanisms and a regression layer. This paper details our
methodology, the architecture of the proposed model, and the experimental setup, followed by an evaluation
of the results.

Methodology and results

Audio Spectrogram Transformer

The Audio Spectrogram Transformer (AST) is a deep learning model designed for audio classification
tasks. It converts raw audio waveforms into mel-filter bank features, which are refined representations
capturing essential frequency components over time. These mel-filter bank features are treated as images
and fed into a vision transformer (ViT) [5]. The vision transformer leverages self-attention mechanisms to
model the complex temporal and frequency dependencies in the audio data, allowing it to learn hierarchical
representations of the audio signals. The transformer consists of multiple layers of attention heads and
feed-forward networks, enabling the model to capture intricate patterns within the spectrogram images.

This study employed a pre-trained Audio Spectrogram Transformer (AST) model [6]. The AST model
achieved a mean average precision (MAP) score of 0.4593 on the AudioSet evaluation. Initially, the Vision
Transformer (ViT) component of the model was pre-trained on the ImageNet dataset. Subsequently, the
entire AST was fine-tuned on the AudioSet dataset, enabling it to learn robust audio and visual features
from these extensive datasets.

Transfer learning was employed to adapt the pre-trained AST model for respiratory rate estimation.
This involves fine-tuning the model on the ICBHI 2017 challenge dataset, enabling it to leverage the rich
feature representations learned from the large-scale AudioSet and ImageNet datasets while adapting to
the specific characteristics of respiratory sounds. Given the relatively small size of the ICBHI dataset, using
a pre-trained model was crucial for achieving the observed performance improvements, as it allowed the
model to build on the comprehensive knowledge acquired from diverse audio and visual data.

Dataset and feature extraction

The dataset utilized is the ICBHI 2017 challenge dataset, containing audio recordings annotated with
start and end timestamps of respiratory cycles. The ICBHI dataset contains 6898 respiratory cycles,
spanning around 5.5 hours (Table 1). It is officially divided into a training set (60%) and a test set (40%),
ensuring no patient appears in both sets.
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Table 1
Dataset characteristics
Train set Test set
Number of recordings 539 381
Number of patients 79 49
Average length, seconds 21.03 19.14
Average number of respiratory cycles 7.68 7.23

The raw audio files are resampled to 16 kHz for consistency. Band-pass filters, focusing on the 50-2500
Hz range — generally accepted [7] as the range where breathing sounds are — are applied to remove noise
and enhance the quality of the recordings. Each audio file is segmented into fixed lengths of 10.24 seconds,
compatible with the input requirements of the AST model.

The AST feature extractor converts raw audio into mel-filter bank features (or mel spectrograms).
Mel-filter bank features transform the spectrogram (the raw frequency content of the signal over
time) into a representation that mimics human auditory perception. The extractor generates 128 mel-
frequency bins. It pads or truncates the features to a fixed length of 1024 frames and normalizes
them using a mean of -4.27 and a standard deviation of 4.57, parameters chosen to match those from
AudioSet.

Model adaptation for respiratory rate estimation

To adapt the AST model for respiratory rate estimation, the following modifications were implemented
(figure 1):

1. Pretrained Model and Fine-Tuning: The AST model was initialized using the pre-trained checkpoint
[6]. During the fine-tuning phase, we chose to freeze the first ten layers and only fine-tune the last two
layers. This approach leverages the pre-trained knowledge encoded in the initial layers while adapting the
final layers to the specific task of respiratory rate estimation. Freezing most layers helps retain the general
audio feature extraction capabilities while allowing task-specific features to be learned in the fine-tuned
layers.

2. Pooling Approaches: Two different pooling methods were explored to aggregate features across the
time dimension: attention pooling and convolutional pooling.

» Attention Pooling: Attention pooling computes a weighted sum of input features, where the weights
are learned during training. This approach allows the model to focus on the most relevant parts of the audio
signal for respiratory rate estimation. The following formulas describe the attention mechanism:

- Compute attention scores using a simple dot product: s=xW, , where x is the input feature matrix of
the shape [batch, time, features] and W, are the learnable attention weights of shape [features,1] .

- Apply softmax to get attention weights: a = softmax(s)

- Compute the weighted sum of input features: y=> xa , where i indexes the time dimension.

i

» Convolutional Pooling: Convolutional pooling involves passing the input features through a series
of convolutional layers followed by global pooling. Specifically, the input features are first transposed to
shape [batch, features, time| . They are then processed by two 1D convolutional layers, each with a kernel size
of 5, stride of 1, padding of 2, and dilation of 1. Each convolutional layer is followed by batch normalization
and RelU activation. Dropout with a rate of 0.1 is applied after each batch normalization layer to prevent
overfitting. Finally, an adaptive average pooling layer reduces the time dimension to one, producing a fixed-
length feature vector for each input sample.

3. Fully-Connected Layer: The output of the pooling layer, whether from attention pooling or
convolutional pooling, is fed into a fully-connected layer. This layer produces the final prediction of the
number of breathing cycles, which can be converted to respiratory rate.

The modified architecture thus combines the AST model's powerful feature extraction capabilities with
task-specific adaptations for effective respiratory rate estimation.

| Input: [B, W] |—D| Feature extractor: [B, W] -> [B, T, F] I—'Pl AST model: [B, T, F] -> [B, T, F] H Pooling: [B, T, F] -> [B, F] I—'D" FC: [B, F] -> [B, 1] |

Fig. 1. Overall architecture of AST model adapted for respiratory rate estimation. In square brackets are
tensor shapes: B — batch, W — waveform, T — time, F — features. FC denotes the fully connected layer

| Input: (B, T, F) I—Pl Scores: S=x*W I—PI Softmax: A = softmax(S) I—Pl Weighted sum: H = sum(x * A) l—.l Output: (B, F) |
| IN: (B, T, F) I—>| T:(B,F, T) I—DI ConviD |—>| ReLU m M m Avg Pool |—>| OUT: (B, F) |

Fig. 3. Convolutional pooling. Layer abbreviations: BN — batch normalization, DO — dropout
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Data Augmentation

To improve the robustness and generalizability of the AST model, data augmentation was applied
using the SpecAugment technique (introduced in [8], applied to the classification problem on the ICBHI
datasetin [4]). SpecAugment is particularly effective for audio data, as itintroduces spectrogram variations
without altering the underlying audio content. The augmentation process involved both frequency and
time masking. Frequency masking was applied with a parameter F =48 (maximum number of masked
frequency bins; the actual length is sampled for each batch uniformly from [0;48)) and two frequency
masks per spectrogram. Time masking was applied with a parameter T=160 (maximum number of
masked audio frames) and two time masks per spectrogram. This augmentation strategy helps the model
learn more invariant features by simulating the effect of missing frequencies and time segments in the
input spectrograms.

Training

The training was conducted with a batch size of 64, and the model was trained for up to 100 epochs.
Throughout the training process, we observed that the best performance was typically achieved between
epochs 30 and 50. This observation guided the early stopping criteria, ensuring the model training was
efficient and effective without overfitting.

The Mean Absolute Error (MAE) was used as the loss function, which is suitable for regression tasks like
respiratory rate estimation. The MAE formula is:

MAE:lZ
where y, and y are the true and predicted values, respectively.

Our Audio Spectrogram Transformer (AST) model was optimized using the AdamW optimizer [9]. This
optimizer is well-suited for transformer architectures due to its ability to handle weight decay decoupled
from the gradient update step. The learning rate was set to 10, with betas (0.9,0.999), an epsilon value of
10, and a weight decay of 0.01. To enhance the training process, a cosine learning rate scheduler with
warmup was employed. This scheduler included 120 warmup steps and was applied over 2000 training
steps, adjusting the learning rate dynamically at each step to improve convergence and model performance.

Results

The results are summarized in Table 2 below and include two variants of our model: one with attention
pooling and another with convolutional pooling. The parity plot (figure 4) compares predicted and expected
respiratory cycle counts for our best model (convolutional pooling). The result from the prior publication
[2] is also included for comparison. Note that its authors used a smaller dataset with 335 samples in the
training set (out of 539), and the test set consisted of 84 samples (out of 381). Our results are from a final
training run performed on the entire training dataset and evaluated on the whole test set. In addition to the
MAE described above, the table includes two other metrics:

* MRE (Mean Relative Error, %):

Yi= Vi

w | Vi TV
MRE = @z
n S5y
* R? (coefficient of determination)
Table 2
Results
Method Dataset MAE MRE, % R?
Prior work — BiLSTM [2] ICBHI 1.0 Not specified | Not specified
(subset)
Our model (AST + attention pooling) IBGHI (full) 0.9948 15.33 0.7594
Our model (AST + convolutional pooling) 0.8320 12.56 0.8192

Conclusions

In this study, we successfully adapted the Audio Spectrogram Transformer (AST) model for respiratory
rate estimation using audio recordings. Our approach leverages the AST's robust feature extraction
capabilities and introduces task-specific adaptations, such as attention pooling and convolutional pooling,
to effectively capture the temporal dependencies and complex patterns in respiratory sounds.

The results indicate that our model, particularly the variant with convolutional pooling, outperforms
previous approaches, achieving a Mean Absolute Error (MAE) of 0.8320 and a Mean Relative Error
(MRE) of 12.56% on the ICBHI dataset. This result represents a 16.8% improvement in MAE over the
previous best result. This performance highlights the efficacy of transformer-based models in handling
audio data for respiratory rate estimation. Furthermore, the use of data augmentation techniques like
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Fig. 4. Parity plot comparing actual respiratory cycle counts to those predicted
by our convolutional pooling model variant. The dashed 45-degree line corresponding
to perfect predictions is shown for reference

SpecAugment significantly enhances the model's robustness, ensuring reliable predictions across
diverse audio samples.

Our findings underscore the potential of utilizing pre-trained AST models for health-related applications,
where capturing subtle variations in audio signals is crucial. The approach presented in this paper offers
a cost-effective, non-invasive alternative to traditional methods like polysomnography, making continuous
monitoring and early detection of sleep apnea more accessible.

Future work could explore further refinements to the model architecture and investigate the integration
of additional physiological signals to enhance the predictive accuracy.
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