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Abstract— This paper focuses on the use of an
attention-based encoder-decoder model for the task
of breathing sound segmentation and detection. This
study aims to accurately segment the inspiration
and expiration of patients with pulmonary diseases
using the proposed model. Spectrograms of the lung
sound signals are used to train the model. The model
would first encode the spectrogram and then detect
inspiratory or expiratory sounds using the encoded
image on an attention-based decoder. With the use
of the attention mechanism, physicians would be able
to make a more precise diagnosis based on the more
interpretable outputs.
Clinical relevance— An attention-based approach is
proposed for the task of lung sound segmentation and
detection. The results revealed that the most consistent and accurate outputs are achieved by attending
at 0.1-second time segments. Future research on the
segmentation of adventitious lung sounds based on
our proposed model will be able to provide more
precise diagnosis recommendations to physicians with
more predictability and eﬀiciency.

I. INTRODUCTION
Respiratory diseases are among the deadliest diseases
worldwide. According to the World Health Organization
(WHO), chronic obstructive pulmonary disease (COPD)
ranks third, and lower respiratory infection ranks fourth
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in terms of fatality. Some of the most common chronic
respiratory diseases are COPD and asthma. COPD
caused approximately 3.17 million deaths in 2015, which
accounted for 5% of the deaths in that single year.
Symptoms of asthma include reduced airflow into and
out of the lungs due to the swelling of the bronchial
tubes, which narrows the airway. Both these diseases
cannot be cured and affect a high proportion of the global
population. However, the symptoms can be relieved with
appropriate management and the right treatments [1],
[2].
Lung sound serves as a crucial indicator of the health
and disease of the respiratory system. Physicians widely
use auscultation to evaluate pulmonary conditions, which
is usually performed using a stethoscope. However, an
inexperienced technician may provide a wrong diagnosis.
There are two kinds of lung sounds, normal breathing sounds or adventitious breathing sounds. Normal
breathing sounds are lung sounds that do not indicate
any disorder. An adventitious breathing sound usually
indicates the presence of pulmonary disease and can be
heard alongside normal breathing sounds. Two kinds of
adventitious breathing sounds exist, namely continuous,
which includes wheezes, and non-continuous, which provides for crackles [3].
Consequently, to relieve patients of the inconvenience
caused by their symptoms, new methods must be developed for identifying respiratory diseases. Incorporating
computer analysis and electronic auscultation in the
study of lung sounds ensures high accuracy and timely diagnosis. It eliminates the subjectivity of the listener and
identifies pathological features that physicians cannot
identify. With computer analysis, physicians can provide
accurate diagnosis and initiate treatment early, relieving
the discomfort of their patients.
Currently, several studies have attempted to incorporate computer algorithms using convolutional neural
networks (CNNs) for detecting adventitious lung sounds
[3], [4], [5]. However, most of these works focused only
on lung sound classification instead of segmentation of
the sound signal. This study proposed an attentionbased encoder-decoder architecture audio segmentation
neural network shown in Fig. 1 to enhance the quality

of computer-assisted lung sound analysis, focusing on
the segmentation of the inspiration phase and expiration
phase of human breathing.
II. LITERATURE REVIEW
A. Inspiration/Expiration and Adventitious Lung Sound
Inspiratory–expiratory (I : E) ratio is the ratio of the
duration of inspiration and expiration time shown in (1)
[6]. The duration for each phase is dependent on this
ratio and the overall respiratory rate (1) [7]. A typical
breathing sound for most situations typically has an I : E
ratio of 1:2 for adults, whereas children tend to have an
I : E ratio of 1:3.
I : E ratio = tinspiration : texpiration

(1)

Adventitious lung sounds refer to lung sounds that
are heard in addition to normal breathing sounds. The
first characteristic observed to classify adventitious lung
sounds is whether it is continuous or non-continuous.
Non-continuous sounds include crackle, which typically
lasts for less than 25 ms. Wheezes and rhonchi are
constant sounds and last for more than 250 ms. A relationship exists between adventitious lung sounds and the
inspiration/expiration phase. For instance, crackles are
generated due to small airways and short openings during inspiration. Thus, crackles are typically inspiratory.
Wheezes and crackles occur during the expiratory phase
or both inspiratory and expiratory phases. However, they
are not observed in the inspiratory phase alone [8].
B. Neural Networks for Lung Sound Classification
Several studies have focused on the classification of
lung sounds; they have used recordings of lung sounds
for classification tasks [3], [4], [5].
These tasks [3], [4], [5] typically include the classification of lung sounds (normal sounds, crackles, wheezes,
stridors, and squawks). Other classification tasks are
aimed toward the detection of five diseases (asthma,
bronchitis, pneumonia, pneumoconiosis, and COPD) and
whether a patient is healthy [4]. These studies used
the architecture of CNN. Due to the introduction of
CNN, capabilities of computer vision tasks, including
object detection [9], and object classification [10] have
drastically improved. Moreover, CNN architecture has
been used in several cases regarding the domain of
medical sound detection. A study [11] presented a cough
sound detection system on a wearable device. Heartbeat
detection [12] and heart sound classification [13] have
been applied in a CNN for their respective tasks.
C. Encoder-Decoder Architecture
Despite being a powerful machine learning model, deep
neural networks (DNNs) can be applied only to problems
that have a fixed length of inputs and targets. They cannot be used for tasks such as audio segmentation because

most of these problems have arbitrary sequence lengths
[14]. An encoder-decoder model takes input in a fixed
form using an encoder and decodes it using a decoder.
With this mechanism, encoder-decoder models can overcome challenges faced by DNNs by having different input
and output lengths. Therefore, this kind of architecture
has been popular for sequence-to-sequence tasks, which
include image captioning, speech recognition [15], and
machine translation [14]. As the aim was to apply audio
segmentation to respiratory sounds, a typical sequenceto-sequence task, the encoder-decoder is a perfect model
for this goal.
D. Attention Mechanism
The attention mechanism was introduced as a solution
to the issue of recurrent neural network sequence-tosequence models, where the standard version of the
sequence-to-sequence model is unable to process long
input sequences because only the latest hidden state
is used as the context in the decoder [16]. The attention mechanism surmounts this challenge by mapping
between the decoder output and the encoder hidden
states. It provides the decoder with the capability to
access the entire sequence and to focus on specific regions
to produce the output. Thus, “attention” on the relevant
area of the input sequence is formed.
E. The Attention Model for Image Captioning
In [17], an attention-based encoder-decoder automatic
image captioning model was introduced. Exploiting the
power of the attention mechanism, the model is able
to output a sentence describing an image. Not only
does it produce state-of-the-art results, but the attention
mechanism also makes the output more interpretable by
visualizing where the model focuses on at each timestamp.
III. MODEL AND DATA ACQUISITION
The proposed model can segment lung sounds by
taking recordings of lung sounds as input and returning
an analysis indicating the start time and end time of each
inspiration or expiration.
A. Data Acquisition and Data Preprocessing
The data collection is approved by the review of the
institutional review board at the Far East Memorial Hospital, IRB No. 107052-F. The patient informed consent
was done by the approved inform consent form. The data
was encoded to de-linkage patient identity. 22 Patients
were enrolled in this study at the gender ratio of Male: Female 1.2: 1. Digital stethoscope (Littmann 3200, 3M corp:
sampling frequency 2000Hz) or anti-noising microphone
set (Accursound, Heroic Faith Medical Science Co., Ltd:
sampling frequency 4000Hz) were used for acoustic data
acquisition. The acoustic data are 15 seconds recordings
in .wav format.
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Fig. 1: System Architecture.
TABLE I: PERFORMANCE ON VARIOUS PARAMETER SETTINGS
Performance Metrics
Seconds per Segment Encoder Model

Accuracy

Inspiration Recall

Expiration Recall

Inspiration Precision

Expiration Precision

Inspiration F1-Score

Expiration F1-Score

0.1

ResNet50

0.91908

0.90476

0.9322

0.90476

0.9322

0.90476

0.9322

0.1

ResNet101

0.91751

0.857143

0.9

0.85714

0.9

0.85714

0.9

0.1

ResNet152

0.91605

0.90476

0.9322

0.90476

0.9322

0.90476

0.9322

0.5

ResNet50

0.87638

0.46667

0.61538

0.875

0.88889

0.6087

0.72727

0.5

ResNet101

0.92006

0.28571

0.5

0.5

0.5

0.36364

0.5

0.5

ResNet152

0.90153

0.6

0.76923

0.81818

1

0.69231

0.86957

1

ResNet50

0.88123

1

1

0.16667

1

0.28571

1

1

ResNet101

0.9113

0.28571

0.85714

1

0.85714

0.44444

0.85714

1

ResNet152

0.91359

0.14286

1

0.33333

0.77778

0.2

0.875

Meanwhile, the research associate will record the preannotated adventitious sound and the demographics of
the patient into the metadata chart. All of the acoustic
data were then annotated by experienced respiratory
therapists or medical doctors to indicate the period of
inspiration, expiration, and adventitious sound at the
resolution of a sub-millisecond range. The segmentation
of inspiration and expiration episodes were modeled using the spectrogram of the acoustic signal and acoustic
features extracted with ResNet encoder.
B. Model
Next, a neural network must be defined for lung sound
audio segmentation; an attention-based encoder-decoder
architecture (inspired by image captioning systems) was
used. The encoder uses a ResNet, which converts our
spectrogram into a fixed form. The decoder consists of
a long short-term memory (LSTM) block for sequence
analysis and an attention mechanism for creating a
weighted image so that the model can focus on specific
part of the spectrogram at each step of time.

The input spectrogram first passes through a ResNet
model, which acts as an encoder, encoding the spectrogram into a fixed encoded image (E). A transformation
must first be applied to the encoded image, outputting
a hidden state of the encoder (h0 ). Then, h0 must be
used in an attention mechanism along with the previously
encoded image to compute a weighted image (a0 ) for
timestamp t1 .
At timestamp tt , the weighted image (at−1 ) and the
encoded image (ht−1 ) serve as the inputs for the LSTM
block. The output of the LSTM block (ht ) is used in a
classifier to determine the result of tt . Then, ht is used
in the attention mechanism with the encoded image (E),
creating the weighted image (at ), which indicates the area
of focus for the next timestamp (tt+1 ).
IV. EXPERIMENT AND RESULTS
In this section, the methodology proposed and the experiment environment deployed in are described. Several
variations of ResNet (ResNet50, ResNet101, ResNet152)
models were adopted to encode the input spectrogram

into encoded images. Three different lengths of time
segments (0.1 sec, 0.5 sec, 1 sec) with their respective
labels as the inputs were experimented to see which
yields the best output. The outputs have to be at the
granularity given for accuracy check.
The original dataset contains 489 recordings of lung
sounds. Of all the recordings, 440 recordings were used
for training, while the residual 49 recordings were used
as evaluation data. All the data have been converted to
spectrograms prior to the training stage.
When evaluating the performance of our models, several performance metrics are used. The performance
metrics are segment-based, as were introduced in [18].
The following performance metrics are adopted, accuracy
as well as the recall, precision, and F1-Score of inspiration
and expiration, respectively.
The models were trained for 150 epochs on computers
with either of two GPU cards, correspondingly (NVIDIA
GTX1080Ti and NVIDIA GTX1080). Table 1 shows
the performance of the model under each parameter
combination. The data are obtained at the 150th epoch.
The ten-fold cross-validation is performed on the
model using the 0.1 seconds per time segment and
ResNet101-as-encoder setting for validating the consistency of our model. The accuracies of each fold of the
cross-validation are presented in Table 2.
TABLE II: TEN-FOLD CROSS-VALIDATION ACCURACY
Fold

Accuracy (%)

1

91.72085212

2

91.71504896

3

91.52566394

4

91.78356289

5

91.4852517

6

91.91226181

7

91.80739176

8

91.31752191

9

91.95257249

10

91.76185349

The learning curves of accuracy for each time segment
length (0.1 sec,0.5 sec, and 1 sec), using ResNet101 as
encoder, are shown in Fig. 2, 3, 4, respectively. Learning
curves can help us further understand how fast the
models converge under their given parameters.
V. DISCUSSION
In Table 1, it is observed that the parameter settings of
0.5 seconds time segment with ResNet101 as the encoder
has the best accuracy score. However, the performance
of using 0.5 seconds segments is somewhat inconsistent,

and the performance in F1-Score is rather poor while
applying the 0.1 seconds per time segment granularity
can produce a consistent 0.91-0.92 accuracy. Not only is
using 0.1 seconds granularity more consistent, but it is
also observed that this model yields better performance
in other metrics.
In the case of 0.1 second time segments, the model
applied to the encoder does not have a significant impact on the performance. Yet, the achievements of other
granularities yield unstable returns, with the ResNet50
models generally producing the worst outcomes.

Fig. 2: Learning Curve in Case of 0.1 Seconds per Time
Segment with ResNet101

Fig. 3: Learning Curve in Case of 0.5 Seconds per Time
Segment with ResNet101

Fig. 4: Learning Curve in Case of 1 Second per Time
Segment with ResNet101
Typically, the training time with the cases of 0.1, 0.5,
1 second time segment models take about 3, 5, 12 hours
of training time for 150 epochs, respectively. Despite
having the longest training time for 150 epochs, from
Fig. 2, 3, 4, the results show that the performance of 0.1second segment models converges at the optimal solution
at around 20 epochs, which is approximately 1.6 hours. It
implies that not only does shorter time segments achieve
better prediction outcomes, it also takes a shorter time
to train as well.
The profound differences in the recall rate of various
time interval may imply a future research target to
improve computer-assisted lung sound and respiratory
phases classification. Performance of the classification
system will be enhanced by time segmentation range
optimization. Our result indicated a potential benefit for

higher sampling frequency on recall rate. However, the
sampling frequency is directly related to the computing
complexity and the scalability of the inference system.
Besides, the higher sampling frequency could introduce
a bias to the recall rate or increase the likelihood of
overfitting the model.
An ordinary respiratory episode consists of an inspiratory phase and an expiratory phase. Between the
inspiration and expiration episode, the resistive pressure
of the chest chamber leads to a temporary pause of
airflow, which results in a long silence period of the
acoustic signal. Therefore, the silenced non-respiratory
episode is predominant instead of the inspiration and
expiration episodes. In our study dataset, each of the
inspiratory epoch ranged from 0.599 to 1.037 seconds
(first and third quantiles), and each of the expiratory
epoch ranged from 0.395 to 1.080 seconds (first and third
quantiles). Most of the 15 seconds recordings contained
3 to 5 times of respiration, which leads to a slight
imbalance of inspiration/expiration and silence episode.
Although, the higher sampling frequency (i.e., the 0.1
seconds sampling timestamp) produced a better recall
rate, it could be a bias, caused by the increased minority
subsets by oversampling. Further examination could be
done to delineate insight of higher sampling frequency.
It is also worth noting that an attention-based model
has the advantage of higher interpretability than others.
In Fig. 5, each sub-figure of the upper row reveals the output of each timestamp, with the lighted area indicating
the area of the spectrogram that the model is “attending”
to. The bottom row shows the ground truth for each
ŦťġŤŢűŵŪŰůĻ timestamp. It can be seen that for each timestamp, the
įġŎŰťŦŭġŢŵŵŦůťŪůŨ
modelŵŰġťŪŧŧŦųŦůŵġűŢųŵŴġŰŧġŵũŦġŴűŦŤŵųŰŨųŢŮ
attends to a different area of the spectrogram for
events. Therefore, it can be inferred that the model has
learned to attend to the relevant field in each timestamp
⼿忁ℑ⻝㭼庫⤥炻⽆⇵ᶨ⣄恋ℑ⻝⚾㇒䘬ι
throughout the time sequence.

Fig. 5: Attending to Different Parts of the Spectrogram
throughout the Time Sequence
VI. CONCLUSIONS
While previous studies have focused on the classification of lung sounds as a whole, An attention-based
approach is proposed to the task of lung sound segmentation. By attending at 0.1 seconds time segment, the
most consistent and accurate outputs are yielded. The

results of this paper will be able to fuel future research
on the segmentation of adventitious lung sounds. With
the use of the attention-based model, more accurate
segmentation outputs will be obtained. Physicians would
be able to make more precise diagnosis with the results
that have more interpretability.
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