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The early detection of lung diseases in community healthcare settings is crucial, yet clinicians
face challenges such as equipment limitations and heavy workloads. While Al-based automated
screening using wearable devices offers a solution, developing robust models is difficult owing
to the scarcity of abnormal data and the prevalence of environmental noise in real-world settings.
We propose a noise-robust unsupervised anomaly detection framework for lung sounds acquired
from wearable devices. This framework relies on continuous acoustic data acquired through a
microphone sensor embedded in a prototype wearable device. The model is trained exclusively
on normal lung sounds using a U-Net—based autoencoder with a composite loss function (mean
squared error and structural similarity loss) to learn the manifold of normal respiration. The
primary contribution of this work is a novel anomaly detection algorithm designed to distinguish
between pathological anomalies and environmental noises. While pathological sounds (e.g., fine
crackles) are stationary and synchronized with respiration, environmental noises (e.g., coughing
and friction) are typically transient. The proposed algorithm evaluates the temporal persistence
of reconstruction errors across sliding windows to calculate an anomaly detection rate.
Experimental results demonstrate that while standard autoencoders struggle with noise, the
proposed method successfully differentiates between persistent disease-related anomalies and
transient noise artifacts. In this work, we demonstrate the feasibility of robust, unsupervised
lung sound screening in noisy, real-world environments.
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1. Introduction

In regions with aging populations and limited medical resources, the burden on healthcare
caregivers in community and home-visit settings is becoming increasingly significant.) The
early detection of lung diseases, which have a high prevalence among the elderly, is a pressing
issue. However, home-visit care is often constrained by the lack of portable diagnostic equipment
and the limited time medical professionals can spend with each patient. Consequently, there is a
growing demand for systems that can automatically screen for respiratory abnormalities without
requiring constant expert supervision.

The integration of wearable devices and Al into medical diagnostics offers a promising
solution to these challenges.?) Wearable devices capable of measuring vital signs, including lung
sounds, can enable continuous monitoring in home-care settings. Recent advancements in
acoustic sensing technology for wearable devices have enabled the capture of high-resolution
respiratory sounds in real-world settings, providing the essential data for our proposed diagnostic
system. By automatically detecting abnormalities and guiding patients to specialized medical
institutions only when necessary, such systems can significantly optimize medical resource
allocation. However, deploying Al models in real-world environments presents distinct technical
hurdles compared with controlled clinical settings.®)

A primary challenge is the scarcity of labeled abnormal data® and the susceptibility to noise.
Collecting large-scale, accurately labeled abnormal lung sound datasets is practically infeasible
owing to the rarity of specific pathologies and the high cost of expert annotation. This
necessitates an unsupervised learning approach trained solely on easy-to-collect normal data.
However, data from wearable devices are inevitably corrupted by various types of noise,® such
as environmental sounds, device friction, and coughing. Conventional unsupervised anomaly
detection methods, which rely on reconstruction errors, often fail in this context because they
flag both “pathological anomalies” and “noise anomalies” as defects. Specifically, standard
methods lack the ability to distinguish between stationary abnormal sounds characteristic of
lung diseases (e.g., fine crackles) and sudden, transient noise events.

To address the above challenges, we propose a robust anomaly detection algorithm tailored
for wearable lung sound monitoring. We employ a convolutional autoencoder(®-based
architecture to learn the characteristics of normal breath sounds. Beyond simple reconstruction
error-based anomaly detection, we introduce a novel post-processing algorithm that leverages
the temporal characteristics of sound events. By analyzing the persistence of anomalies across
sliding temporal windows, our method distinguishes between persistent pathological patterns
and transient noise artifacts. This research demonstrates a practical approach to achieving robust
lung sound screening in noisy, real-world environments.

2. Problem Formulation and Preliminaries
In this section, we formalize the problem of unsupervised anomaly detection in lung sounds

collected via wearable devices and provide the theoretical background for the time—frequency
representations used in this study. We first define the anomaly detection task under the constraint
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of training exclusively on healthy data. Subsequently, we detail the signal processing pipeline,
specifically the mathematical derivation and configuration of Mel-spectrograms tailored for
interstitial lung disease (ILD) characteristics.

2.1 Unsupervised anomaly detection in lung sounds

The primary objective of this research is to construct a binary classifier f: X — {0, 1} capable
of distinguishing between normal lung sounds (y = 0) and anomalous lung sounds (y = 1), where
X denotes the space of audio signal segments. In a conventional supervised learning setting, the

training dataset D,,,,;, consists of pairs {(x;,y;)}~, covering both classes. However, in the context

rain
of community healthcare and home-visit settings, acquiring a comprehensive dataset of labeled
abnormal sounds is practically infeasible owing to the scarcity of patients with specific
anomalies and the high cost of expert annotation. Furthermore, almost all data collected in the
field are normal.®)

Therefore, we adopt an unsupervised anomaly detection framework.(”) The model is trained
exclusively on a dataset of normal lung sounds.
Dl‘

rain

:{xiEXnormal‘i:L”"N} (1)

The goal is to learn a reconstruction mapping gq(-) that captures the manifold of normal
respiratory patterns. During the inference phase, the model evaluates an unseen sample x,,,,. An
anomaly score A(x,,,,) is computed using the deviation from the learned normal manifold. The
classification decision is determined by a threshold 7.

@

o {1 (anomaly) if A(x,,,)>7

0 (normal) otherwise

2.2 Challenge of environmental and transient noise

A critical challenge in using wearable devices for lung sound recording is the susceptibility to
noise. Unlike the recordings obtained in controlled clinical environments or using simulation
mannequins, real-world data are corrupted by the following.

1. Environmental Noise: Ambient speech, background sounds
2. Device Friction: Noise generated by the movement of the device against clothing or skin
3. Physiological Artifacts: Heart sounds, muscle movements, and coughing

Let x(f) be the observed signal. Ideally, x(f) = s(f), where s(¢) is the clean lung sound. In

practice, the observed signal is

x(t)=s(t)+ Rstationary )+ Ny ansient (), A3

where nionqr,(f) Tepresents continuous background noise and 7;,,.,(f) represents sudden,
high-amplitude events such as coughing and friction.
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Conventional autoencoder-based anomaly detection calculates the reconstruction error
|x — %||* as the anomaly score.(”) However, autoencoders trained only on clean breathing sounds
will fail to reconstruct both pathological abnormal sounds (e.g., fine crackles in ILD) and
transient noises, resulting in high anomaly scores for both cases. Thus, the problem formulation
must extend beyond simple reconstruction error. We must distinguish between the following.

» Pathological Anomalies: Stationary or quasi-periodic signals synchronized with the
respiratory cycle (e.g., fine crackles occurring repeatedly during inspiration®)

» Noise Anomalies: Transient, nonperiodic events (e.g., a single cough and friction spike)
This distinction is the core motivation for the temporal consistency algorithm proposed later.

2.3 Characteristics of target lung sounds

To design an appropriate input representation, we must consider the acoustic characteristics
of the target disease. We focus on ILD. The hallmark auscultatory finding in ILD is fine crackles
(also known as Velcro rales). Fine crackles are discontinuous, explosive sounds.®)

* Frequency Content: Fine crackles typically have a higher frequency content than normal
vesicular breath sounds but are generally contained within the range of 100 to 2000 Hz.
Normal breath sounds are dominant below 1000 Hz.®)

* Duration: Individual crackles are extremely short (<20 ms).*)

2.4 Mel-spectrogram representation

We utilize the Mel-spectrogram as the input feature for the convolutional neural network
(CNN)10-1D_based autoencoder. The Mel-spectrogram provides a time—frequency representation
that aligns with human auditory perception and effectively captures the transient nature of
crackles while maintaining frequency resolution. Figure 1 illustrates the Mel-spectrogram of
respiratory sounds recorded using the wearable device employed in this study. Further details
regarding the wearable device and the preprocessing methods are provided in Sects. 3.1 and 3.2.

Fig. 1. (Color Online) Example of a Mel-spectrogram. The horizontal axis represents time, vertical axis represents
frequency, and brightness of colors indicates amplitude.
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2.4.1 Short-time Fourier transform

First, the discrete time-domain signal x[n] is transformed into the time—frequency domain
using the short-time Fourier transform (STFT). The signal is divided into overlapping frames
and the discrete Fourier transform (DFT) is computed for each frame:

N1 —j 2mkn
X(m,k)= Z x[mH +nw[nle N, “)
n=0

where m is the time frame index, £ is the frequency bin index, Nyrr is the fast Fourier transform
(FFT) window size, H is the hop length (stride), and w[n] is the window function (e.g., Hann
window) to reduce spectral leakage. The power spectrogram is then obtained by taking the

squared magnitude: P(m,k) = |X(m,k)|2.
2.4.2 Mel-scale filter bank
The frequency resolution of the human ear is nonlinear; it is more sensitive to differences in

lower frequencies than those in higher frequencies. The Mel scale approximates this perception.
The conversion from hertz (f) to Mel-frequency (f,,.1) is defined by Eq. (5).

Forg =2595-log, (1 + 7{0] )

A Mel-scale filter bank consists of N, triangular filters spread equidistantly on the Mel
scale. Let Hj(k) be the j-th filter bank. The Mel-spectrogram S(m,j) is computed by applying
these filters to the power spectrogram:

S(m, j) = P(m,k)-H ; (k). ©)

Finally, a logarithmic scaling is applied to compress the dynamic range, matching the
logarithmic perception of loudness (decibels):

Siog (M, ) =10g(S(m, j) +€), (7)
where ¢ is a small constant for numerical stability.
3. Data, Materials, and Methods
3.1 Data acquisition and materials

Data were recorded using a prototype wearable device developed by DENSEI COMTEC Inc.,
within the framework of a joint industry—academia—government collaboration involving
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Hokkaido University and Ebetsu City Hospital.(!?) The device is small, portable, and designed
for vital sign measurement, with dimensions of 45 mm in length, 70 mm in width, and 30 mm in
thickness. Lung sound data were acquired using the device’s built-in microphone, held by an
operator against the participant’s chest, at a sampling frequency of 16,000 Hz. We collected “real
data” from participants under a protocol approved by the Ethical Review Board for Life Science
and Medical Research, Hokkaido University Hospital (Approval No. 022-0282). The dataset was
partitioned such that there was no overlap of participants between the sets to ensure a rigorous
evaluation. Data from 26 healthy volunteers were allocated for training, while those from one
healthy volunteer were reserved for validation. The test set consisted of data from six patients
diagnosed with ILD to represent the anomaly class and those from three healthy volunteers
deliberately contaminated with noise (e.g., coughing) to evaluate robustness (Table 1). Among
the primary medical abnormal sounds (e.g., coarse crackles, fine crackles, and wheezes), ILD is
associated with fine crackles, and the test set is based on ILD-derived sounds.

3.2 Preprocessing and input representation

Raw audio signals, sampled at 16000 Hz, were segmented into fixed 5 s clips to generate
model inputs. This fixed-length configuration was established to force the model to perform
consistent reconstruction rather than variable-length processing, which avoids the negative effect
of padding on reconstruction accuracy.('> This specific duration was selected to ensure the
capture of at least one complete phase of inspiration or expiration, where the characteristics of
abnormal sounds are clearly represented. According to a physician’s assessment, if neither phase
is present within a 5 s interval, the segment should be categorized as a different type of anomaly
and does not require representation in the training data. For the training phase, segments were
extracted with a stride of 0.3 s to balance the trade-off between securing sufficient data volume
and avoiding excessive overlap. This yielded a total of 3,891 segments. For validation and testing,
segments were extracted sequentially with a stride of 2.5 s (resulting in a 50% overlap). This
overlap strategy was employed to prevent the loss of critical features that might otherwise occur
at the boundaries of the input window while also facilitating the time-series analysis described
in the anomaly detection algorithm (Sect. 3.5). This resulted in 17 segments for validation, 66
segments for the anomaly test set, and 21 segments for the noise test set.

Subsequently, each 5 s segment was then converted into a Mel-spectrogram. A crucial step in
this conversion was restricting the frequency range to 0-2048 Hz. This bandwidth covers the
fundamental frequencies of breath sounds and fine crackles while excluding high-frequency

Table 1

Distribution of participants allocated for the anomaly detection model.
Data type Attribute No. of participants
Train Healthy 26
Validation Healthy 1

Test ILD Patient (anomaly) 6

Test Healthy + Noise (noise) 3
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environmental noise. The STFT parameters were calibrated to map the 5 s clip to a final
resolution of 64 x 128 (frequency bins x time steps).

3.3 Model architecture

The proposed anomaly detection model is built upon a convolutional autoencoder architecture
derived from the U-Net(!®) framework. To prevent the model from learning simple identity
mappings, which would compromise the anomaly detection capability, skip connections between
shallow layers of the encoder and decoder were removed. Deeper skip connections were retained
to aid in reconstructing fine details. Furthermore, standard CNNs typically apply the same
kernel across the entire image,(!>!9) which can lead to a loss of frequency-dependent information
in spectrograms. To address this, the model accepts a two-channel input. The first channel
contains the standard 64 x 128 Mel-spectrogram, while the second channel encodes the
frequency position, with the upper half set to 1 and the lower half to —1. This explicit frequency
encoding compensates for the spatial invariance of CNN kernels, allowing the model to better
learn frequency-specific features. The model outputs a single-channel 64 x 128 reconstructed
Mel-spectrogram.

3.4 Model training

The model was trained exclusively on the 3891 normal segments from the train set. The
objective is for the model to learn the manifold of normal lung sounds, such that any input
deviating from this manifold will result in poor reconstruction.

We compared three loss function configurations: Model A using only mean squared error
(MSE) loss,1” Model B using a composite of MSE and structural similarity'® (SSIM) loss()
(0.5-Lysg +0.5- Lggs), and Model C using only SSIM loss. Here, Lgg;,, is calculated as
1 — SSIM(x, y). While L5, focuses on pixel-wise local errors, Lgg, evaluates structural
similarity considering luminance, contrast, and structure. On the basis of qualitative
reconstruction results (Sect. 4.1), Model B was selected as the final model because it produced
sharp, accurate reconstructions without the blurring seen in Model A or the convergence issues
seen in Model C.

3.5 Anomaly detection algorithm

A simple anomaly score on an isolated 5 s window is insufficient, as transient, high-amplitude
noises (e.g., coughing and device friction) can produce high reconstruction errors and be
mistaken for anomaly. To solve this, we developed an algorithm that analyzes the temporal
characteristics of the detected anomalies. This approach was conceptually inspired by the real-
time event-counting framework proposed in Ref. 20, which analyzes sequences of classified
segments to count wheezing events. However, our method differs fundamentally in both its
architecture and objective. Whereas their method relies on supervised classification to identify
discrete events, our model uses an unsupervised autoencoder’s reconstruction error.



3278 Sensors and Materials, Vol. 38, No. 6 (2026)

Furthermore, our goal is not to count discrete events, but to calculate the anomaly detection rate
(ADR). This rate measures the persistence of the anomaly, allowing us to robustly separate
stationary abnormal sounds (which occur periodically with respiration) from brief, transient
noises.

The trained autoencoder (Model B) is used to detect anomalies based on reconstruction error.
We developed a multistep algorithm to quantify this error and ensure robustness against noise.

First, the anomaly score is calculated using a weighted error metric. Since low-amplitude
regions in a spectrogram typically contain less significant information, we emphasize errors in
high-amplitude regions by weighting the pixel-wise difference by the input intensity.?) The
anomaly score a; for each pixel i is defined as the squared standardized weighted error:

ai:(xi(xi _Ayi)_'&jz, ®)

o

where x; and y; are the input and reconstructed values, and £ and 6 are the mean and standard
deviation of the weighted error derived from the training set, respectively. Assuming that the
standardized weighted error follows a normal distribution, this score follows a chi-squared (y2)
distribution with one degree of freedom. Pixels are flagged as “anomalous” if their score exceeds
a threshold determined by the 99th percentile of this distribution.

Finally, to distinguish between transient high-amplitude noises, such as coughing, and
persistent abnormal sounds such as fine crackles, we leverage the temporal consistency of these
events. Abnormal sounds are typically stationary and linked to the respiratory cycle, whereas
noise is often sudden and short-lived. The robust detection algorithm proceeds as follows.

1. A long measurement (e.g., 1 min) is segmented into n overlapping 5 s windows (2.5 s slide).
2. For each window j, the anomaly mask M; is computed, flagging pixels that exceed the v

threshold.
3. A window is defined as an “anomalous window” (4W) if the proportion of anomalous pixels

exceeds 7% (Ipixer), Which is based on empirical tuning.

e 2M g
AW, = [Zotal pixelsJ pixel )

0 otherwise

4. According to Eq. (10), the final output is ADR, calculated as the proportion of anomalous
windows over the total number of windows (n).

n
2. AW,
ADR=1
n

(10)

A high ADR indicates a persistent anomaly, while a low ADR suggests transient noise.
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4. Results
4.1 Model training and reconstruction quality

The training performance varied significantly across the three loss function configurations.
Model A (L,,;) and Model B (0.5- Lz +0.5-Lggs) converged stably. However, Model C
(Lggpy) failed to learn effectively and fell into a local minimum, likely because SSIM loss alone
does not sufficiently penalize outputs that are all zero if the input contrast is low.

Figure 2 illustrates the reconstruction quality on a validation segment from a healthy
participant. The reconstruction from Model A was notably blurry, suffering from a loss of detail
typical of MSE-based autoencoders. Conversely, Model B produced a sharp reconstruction that
faithfully reproduced the structure of the input, including low-frequency components. Model C
failed to reconstruct key components, consistent with its poor convergence. Consequently,
Model B was adopted for the subsequent anomaly detection tasks.

4.2 Anomaly detection performance
We applied the trained Model B to the test set containing abnormal data. Figure 3 shows the
reconstruction of a segment from a patient with ILD. Since the model was trained only on

normal sounds, it failed to reconstruct the abnormal features (fine crackles), resulting in a
discrepancy between the input and the output. When visualizing the pixel-wise anomaly scores,
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Fig. 2.  (Color Online) Reconstruction results for a normal (healthy) lung sound. (a) Original input, (b) Model A
(MSE only), (c) Model B (MSE + SSIM), and (d) Model C (SSIM only).
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Fig. 3. (Color Online) Reconstruction of an anomalous (ILD) lung sound. (a) Original input spectrogram and (b)
reconstructed output from Model B.

healthy participants showed universally low scores [Fig. 4(a)], whereas patients exhibited high
anomaly scores concentrated in the mid-to-high frequency bands, corresponding to the timing of
fine crackles [Fig. 4(b)].

4.3 Robustness to noise: algorithm results

We evaluated the complete algorithm (Sect. 3.5) on data of all participants. The algorithm
demonstrated a strong capability to separate healthy, noisy, and abnormal recordings, though
specific outliers were identified. Table 2 shows the 4ADR values for all participants. As shown,
the separation was highly effective. 26 of the 27 healthy participants in quiet environments had
ADRs near zero (0.00-5.26%). In contrast, five of the six ILD patients showed high ADR values
(63.64-100.00%). The three healthy participants exposed to transient noise (e.g., coughing)
produced a distinct, moderate ADR cluster (22.22-37.50%). If we set the diagnostic threshold at
approximately 50%, the algorithm correctly classifies 29 of 30 healthy cases as normal and five
of six anomaly cases as abnormal.

Two notable outliers were observed: one healthy participant registered an unusually high
ADR of 60.00% and one patient registered an unusually low ADR of 25.00%. These outliers are
analyzed in Sect. 5.

Figure 5 shows the visualizations of results of applying the proposed algorithm for each
participant attribute and environment. The color-coded status bar is plotted above each
spectrogram to visualize the temporal diagnosis based on the sliding windows. White indicates
that the overlapping windows covering that duration were consistently classified as normal,
while black indicates that at least one window was flagged as anomalous. Consequently, Fig. 5(a)
displays a continuous white bar and Fig. 5(b) shows a continuous black bar reflecting persistent
anomaly. In Fig. 5(c), the bar turns black only during the 12.5-17.5 s interval, demonstrating the
algorithm’s ability to temporally isolate the transient cough noise.
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Fig. 4. (Color Online) Heatmap of reconstruction errors transmitted through the Mel-spectrogram. (a) Normal and
(b) anomaly spectrograms.

Table 2
ADR values for all participants, demonstrating separation between healthy, noise-affected, and abnormal recordings.
Attribute No. of Participants ADR (%) Classification (threshold @ 50%)
Patient 5 63.64-100.00 Correct (anomaly)
1 25.00 Incorrect (normal)
Healthy + Noise 3 22.22-37.50 Correct (normal)
26 0.00-5.26 Correct (normal)
Healthy 1 60.00 Incorrect (anomaly)

5. Discussion

We successfully developed an unsupervised anomaly detection model for lung sounds using
data from a novel wearable device. The choice of a composite MSE and SSIM loss function was
critical; combining pixel-level accuracy with structural fidelity allowed the model to learn a
robust representation of normal lung sounds.

The primary contribution of this work is the algorithm that distinguishes transient noise from
stationary abnormal sounds. Simple pixel-error thresholding is insufficient for real-world data,
as it flags both coughs and crackles as “anomalous”. By introducing the ADR metric over a
sliding window, we leverage the temporal nature of these sounds. Abnormal sounds such as fine
crackles are persistent and linked to the respiratory cycle, leading to high ADR values. In
contrast, transient noises such as coughs are sudden and short-lived, resulting in low-to-moderate
ADR values. This distinction allows for a reliable classification of abnormal recordings while
rejecting most noise-corrupted normal recordings.

The algorithm’s performance on the two outliers (Table 2) warrants discussion. The patient
who registered a low ADR of 25.00% was noted to have a very short recording time of
approximately 10 s. This brief duration is insufficient for the sliding-window algorithm to
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Fig. 5. (Color Online) Results of the robust detection algorithm. (a) Healthy participant: 0/18 anomalous windows
(ADR=0%). (b) Patient: 21/21 anomalous windows (ADR = 100%). (c) Noise (cough): 2/9 anomalous windows
(ADR=22.2%)).

reliably establish the persistence of the anomaly, leading to a skewed, low ADR. Conversely, the
healthy participant with a high ADR of 60.00% was recorded in an environment with persistent,
steady-state noise from the surrounding medical equipment. The algorithm correctly identified
this sound as “persistent” but misclassified it as abnormal because its temporal characteristic
(steady) was different from the transient noise (cough) it was designed to reject.
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This highlights a key limitation and a direction for future work. The current algorithm
effectively separates transient noise from persistent signals but does not distinguish between
persistent abnormal sound (e.g., crackles) and persistent environmental noise (e.g., machine
hum). Future iterations must incorporate more detailed medical features—such as specific
frequency signatures, periodicity, or the inspiratory/expiratory phase timing of anomalies—to
achieve a more granular and medically informed separation between different types of persistent
sounds.

6. Conclusions

In this study, we validated a lung sound anomaly detection model designed for a new
wearable device. We demonstrated that a U-Net-based autoencoder with a composite MSE-
SSIM loss function, trained only on normal data, can effectively detect abnormal sounds from
ILD patients.

Most importantly, the proposed robust algorithm that analyzes the temporal persistence of
anomalies successfully distinguished between stationary abnormal sounds (high ADR) and
transient noises (low ADR), addressing a key challenge for practical deployment. While the
model showed high binary classification accuracy (correctly identifying 29 of 30 healthy and
five of six anomalous cases), it was shown to be susceptible to steady-state, nonabnormal noise
that can be mistaken for a persistent anomaly.

Future work will focus on integrating more detailed medical and signal characteristics to
differentiate between abnormal and environmental persistent sounds. Additionally, we will
continue to collect a larger volume of data to perform a more detailed and continuous verification
of the model’s performance. The integration of acoustic sensor technology with our robust
unsupervised learning algorithm establishes an effective automated screening system capable of
handling environmental noise. The results of this research confirm the potential of unsupervised
Al models paired with wearable devices to serve as effective, low-cost screening tools for lung
diseases in community healthcare.
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