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Abstract—Respiratory diseases are among the leading causes of
mortality worldwide, including in the United States. Respiratory
sounds provide critical insight into pulmonary health, as they
are directly influenced by airflow dynamics, changes in lung
tissue, and the presence of secretions within the tracheobronchial
tree [1]. In this work, we present an artificial intelligence
(AI)-based approach for predicting respiratory diseases from
lung sounds, integrated into a wearable platform for on-device
monitoring. Using the ICBHI 2017 Respiratory Sound Database
[2], our method demonstrates strong performance in both binary
classification (Healthy vs. Unhealthy) and multiclass classification
(six respiratory diseases). The proposed solution employs an
analog reservoir computer (RC) fabricated in a 28§ nm CMOS
process, achieving energy-efficient operation with a consumption
of only 12.9n]J per prediction for multiclass and 7.4nJ per pre-
diction for binary class, while reaching 91% accuracy for binary
classification and 89% accuracy for multiclass classification.

Index Terms—Reservoir-computing, respiratory sounds, ma-
chine learning, analog circuits, switched-capacitor

I. INTRODUCTION

Respiratory diseases such as chronic obstructive pulmonary
disease (COPD) is among the leading causes of mortality
worldwide, responsible for over 3 million deaths annually
according to the World Health Organization (WHO) [3].
These conditions remain widely underdiagnosed and poorly
managed, imposing a significant burden on healthcare sys-
tems. The COVID-19 pandemic further exacerbated this chal-
lenge, introducing additional respiratory complications such as
wheezing and stridor, and underscoring the need for early and
accurate detection of respiratory disorders [4]. Advances in
digital health technologies, including digital stethoscopes, have
transformed respiratory monitoring by enabling continuous,
noninvasive, and objective assessment of lung health. Lung
sounds carry critical diagnostic information—adventitious
sounds such as crackles and wheezes are key indicators of
pulmonary dysfunction [2], [5]. However, traditional auscul-
tation remains subjective and dependent on clinical expertise,
often leading to variability and missed early signs of disease.
Computational Lung Sound Analysis (CLSA) addresses these
limitations by integrating digital sound acquisition with sig-
nal processing and machine learning to automatically detect,
classify, and interpret abnormal respiratory sounds [6]. This
computational framework enhances diagnostic consistency and
supports scalable, automated monitoring in telemedicine and
wearable platforms.

Within CLSA, two main classification tasks are typically
explored: (i) detection of adventitious lung sounds and (ii)

Fig. 1. Chest locations for recording of respiratory sounds [2]

respiratory disease classification (RDC). This work focuses on
the latter, performing both binary (healthy vs. unhealthy) and
multiclass classification across pathological categories using
a reservoir computing (RC)-based approach evaluated on the
ICBHI 2017 dataset [2].

Several studies have utilized the ICBHI 2017 dataset for res-
piratory disease classification (RDC). Dang et al. [7] achieved
F1-scores of 96.6% and 93.22% for binary and multiclass tasks
using a CNN with Log-Mel features. Chua and Cheng [8]
proposed a lightweight multi-head attention model achieving
an ICBHI score of 59.2% on a four-class task, while Ordas
et al. [9] employed a CNN with a variational convolutional
autoencoder to mitigate class imbalance, reaching a 99.3% F1-
score for three classes. Despite these advances, deploying such
models on wearable devices remains constrained by high com-
putational and energy demands. Existing approaches—such
as low-bit precision and in-/near-memory computing—offer
partial relief but still incur energy costs of hundreds of nJ
to few uJ per inference [10]-[14]. To address this limitation,
we introduce an analog reservoir computing (RC) framework
that harnesses inherent analog non-idealities to simplify cir-
cuit design and drastically reduce energy consumption. The
remainder of this paper is organized as follows: Section II
describes the dataset, Section III details the RC architecture,
Section IV presents 28 nm test-chip results, and Section V
concludes the paper.

II. THE ICBHI 2017 DATASET

The International Conference on Biomedical and Health
Informatics (ICBHI) 2017 dataset [2] comprises 920 annotated
audio samples from 126 subjects, covering both healthy and
seven respiratory disease categories: Pneumonia, Bronchiec-
tasis, COPD, Upper Respiratory Tract Infection (URTI),
Lower Respiratory Tract Infection (LRTI), Bronchiolitis, and
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Asthma. Recordings were collected using multiple stetho-
scopes (AKGC417L, Meditron, Litt3200, and LittC2SE), with
durations ranging from 10-90 s and sampling rates between 4
kHz and 44.1 kHz. Each recording contains several breathing
cycles annotated with start and end times, as well as the
presence or absence of crackles and wheezes. In total, the
dataset includes 6898 respiratory cycles, consisting of 3642
normal, 1864 crackle, 886 wheeze, and 506 mixed (crackles +
wheezes) cycles. The average cycle duration is 2.7 s, ranging
from 0.2 s to 16 s.

(a)

(b)

Fig. 2. Plot of Lung Sound a) before pre-processing and b) after pre-
processing and noise filtering

During preprocessing, each lung sound segment was re-
sampled to 4 kHz for uniformity. A 4th-order Butterworth
band-pass filter (1002000 Hz) was then applied to remove
background noise and retain the frequency range relevant to
respiratory sounds as shown in Fig. 2. The Asthma and LRTI
classes were excluded due to their limited sample counts,
yielding a more balanced dataset for multiclass classification.

This work addresses the Respiratory Disease Classification
(RDC) task, consisting of two sub-tasks. The first is a binary
classification that distinguishes healthy and unhealthy samples,
where the unhealthy class combines five disease categories
(excluding Asthma and LRTT). The second is a multiclass clas-
sification that differentiates between healthy and five disease
categories. The dataset was divided by the ICBHI challenge
into 60% for training and 40% for testing. Both sets are
composed with different patients (i.e. non-overlapping). The
train set was further divided into 80% train and 20% validation
set with no overlapping between the patients.

III. PROPOSED ARCHITECTURE

A. Overview of RC circuits

RC is a bio-inspired framework derived from Recurrent
Neural Networks (RNNs), originating from two independent
models in early 2000s: the echo state network (ESN) [15] and
the liquid state machine (LSM) [16]. Related approaches, in-
cluding the back-propagation decorrelation (BPDC) algorithm

[17] and corticostriatal models of the prefrontal cortex [18],
were later unified under the RC paradigm by Verstraeten et
al. [19]. An RC network consists of a reservoir and a readout
layer. The reservoir, formed by randomly connected neurons,
produces complex transient responses to inputs that serve as
high-dimensional states. These states are linearly combined
by the readout layer to generate outputs. During training,
the reservoir weights remain fixed, and only the readout
layer is trained by learning algorithms [20] which leads
to low computation, and simple hardware realization. With
inherent temporal memory, RC efficiently handles sequential
and time-varying signals and has been implemented across
several hardware domains, including optical, neuromorphic,
and quantum systems. Early optical RCs were demonstrated
in [21], [22], followed by photonic implementations [23]—
[25], FPGA-based realizations [26], and memristive reservoirs
for pattern classification [27]. Analog silicon RCs have been
reported in [28]-[31], though many rely on large capacitors
to emulate biological time constants or require analog delay
calibration, both of which limit energy efficiency. Our prior
work [31] introduced an on-chip analog RC using time-
multiplexing to create multiple virtual neurons from a single
physical neuron, eliminating large capacitors and calibration.
However, it used continuous-time circuits, which are inefficient
for biomedical signals due to static power dissipation. The
present work advances beyond [31] by employing a switched-
capacitor RC architecture that achieves a 5x reduction in
energy consumption and enables complete on-chip neuron
integration.

RST

d1
Rj+1[n] —o\o—| Cir{\tlg
¢ cy

Rialn] —

Wi ior ¢ | ¢ 63
GX{nl _é)—-o o AN

. b2 o1 vy V. 37 D-cycles
Off-Chip ‘17 i m 25
neuron " 5 ¢1_”.”.|-L |-||-|
Integrator IZ
3 S [ S—

Fig. 3. Schematic of the Reservoir layer Neuron

B. Circuit design

Fig. 3 shows the schematic of the reservoir layer neuron.
Output of the RC with /V reservoir neurons can be mathemat-
ically expressed as

Riln) = H (Gin/ x X[n] + Gy W, x Ryn — 1]) )
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where Ry, [n] is output of the k-th reservoir neuron at the n-th
time sample, X is the input with D samples, Wis N x D
input weight matrix, W, W, is N x N inter-connection weight
matrix for the reservoir layer, H(-) is nonlinear activation for
the reservoir neuron, G; is input scaling factor and Gy is
feedback gain. Weights in both the input and reservoir layers
are generally initialized from random distributions, while only
the output layer undergoes training. Elements in the input
and reservoir weight matrices are restricted to 0/1, reducing
computation complexities. At the input layer, RC receives an
input vector X with D features, multiplies it with input weight
matrix. Multiplication of the input samples with W is carried
off-chip which facilitates testing the chip with different input
sample sizes D. This output is then send to the reservoir
which performs non-linear projection with N neurons. The
interconnect matrix W, is sparsely populated and provides the
reservoir layer with the memory, enabling the RC to display
high-dimensional characteristics despite having a relatively
small number of neurons. Since RC uses non-linearity for
input projection, the otherwise undesired non-linearities in
analog circuits become useful attributes and relaxes the circuit
design allowing it to be low power and small area. The
recurrent neural network behavior is realized in circuit using a
leaky integrator with a low-gain amplifier (=~ 25). Matrix mul-
tiplications are performed in charge-domain using switched-
capacitors. The integrator is reset if its output exceeds a
threshold voltage. Each reservoir neuron is connected to two
immediately neighbouring neurons. The reservoir employs
lateral inhibition, such that all three neurons within a cluster
reset when any one neuron triggers a reset. This mechanism,
inspired by the human retina, enhances transient detection.
The feedback gain (Gf) and input scaling factor (G;) are set
by the ratios of sampling capacitors Cj,, Ci, and Cyo to
the integration capacitor Cjp.y. The nonlinearity in reservoir
originates from multiple sources: (a) amplifier nonlinearity
during slew mode, (b) integrator reset behavior, and (c) charge
injection in the switching network. Unlike conventional analog
designs that demand precise matching or high linearity, the
proposed RC neurons are compact and mismatch-tolerant, as
these non-idealities are naturally absorbed into the reservoir
kernel. Key parameters - including neuron count (V), feedback
gain, input scaling, and interconnect sparsity - were optimized
using software based RC simulations. The RC layer output
feeds a two-layer artificial neural network (ANN). The number
of hidden neurons was determined through hyperparameter
optimization using the software RC model.

Before analysis with the RC, time-domain feature extraction
is performed on the lung sound samples. Seven time-domain
features are computed to capture key statistical properties of
the waveform: mean and standard deviation of peaks, mean
and standard deviation of peak-to-peak distances, number of
peaks, and mean and standard deviation of the lung sound
segment. Only time-domain features are used, rather than a
combination of time and frequency features, to reduce energy
consumption. As reported in [32], combining frequency and
time-domain features yields comparable classification perfor-

mance to time-domain features alone while consuming sig-
nificantly more energy. Software simulations were performed
to determine the optimal network configuration. The reservoir
uses N = 20 neurons, and the ANN comprises a hidden layer
of 60 neurons and an output layer of 1 neuron. Additional
simulations were conducted to optimize input scaling (G;) and
feedback gain (Gy), ensuring efficient RC performance. As
shown in Fig. 4, software model for RDC task of multiclass
achieved a maximum accuracy of around 90% for GG;=0.2 and
G¢=0.1.

(a) (b)

Fig. 4. For 6-class RDC a) Plot of Test Accuracy vs GG; and b) Plot of Test
Accuracy vs Gy

IV. EVALUATION

A test chip was fabricated in a 28 nm CMOS process, with
the layout and die micrograph shown in Fig. 5. The chip
occupies a area of 1.64mmx1.04mm and integrates 30 on-
chip neurons. Operating from a 0.9 V supply at 31.25 kHz, the
measured energy consumption for the multiclass RDC task is
0.1 nJ for input, 0.1 nJ for reservoir, and 12.7 nJ ANN layer,
resulting in a total energy of 12.9 nJ. For the binary class
RDC task, the corresponding energy consumption is 0.1 nJ
for input, 0.1 nJ for reservoir, and 7.2 nJ for ANN, yielding a
total of 7.4 nJ. Input samples are applied to the test chip using
National Instruments Data Acquisition (DAQ) hardware, and
the chip outputs are captured via a logic analyzer, as illustrated
in Fig. 6.

Fig. 5. Layout view and die microphotograph.
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Fig. 6. Picture of the test setup and test board with the chip and equipment
interfaces.

Fig. 7. Distribution of diseases in test set

(a) (b)

Fig. 8. 2-Class (1 — Healthy, 2 — Unhealthy) RDC Confusion Matrix for (a)
Software Model (b) 28nm Test-Chip.

(2) (b)

Fig. 9. 5-Class (1 — Bronchiectasis, 2 — Bronchiolitis, 3 — COPD, 4 — Healthy,
and 5 — URTI) RDC Confusion Matrix for (a) Software Model (b) 28nm Test-
Chip.

The test-set confusion matrices for the binary and multiclass
RDC tasks are shown in Fig. 8 and Fig. 9, respectively. In the
binary task, Class 1 represents healthy and Class 2 unhealthy
subjects. The multiclass task includes six training categories:
(1) Bronchiectasis, (2) Bronchiolitis, (3) COPD, (4) Healthy,
(5) URTI, and (6) Pneumonia. As shown in Fig. 7, the test set
contains only five classes, with Class 6 (Pneumonia) appearing
exclusively in the training data.

Table I compares the proposed method with state-of-the-art
approaches. CNN-based models [33], [34] achieve Fl-scores
of 81% and 88%, respectively, but are compute-intensive and
unsuitable for low-power deployment. ResNet50 with Log-
Mel features [35] and Log-Mel/MFCC feature based mod-
els in [36] require computationally intensive preprocessing.
TriSpectraKAN [37] combines spectral features with the Kol-
mogorov—Arnold Network (KAN), leading to high hardware
cost and latency [38]. The VGGish-BiGRU model [39] relies
on a pretrained CNN, increasing model complexity and overfit-
ting risk on small datasets. In contrast, the proposed switched-
capacitor RC is compact, energy-efficient, and achieves com-
parable F1 performance for binary and multiclass classification
while being optimized for on-device, low-power respiratory
disease classification.

V. CONCLUSION

This work presents an analog switched-capacitor RC archi-
tecture for respiratory disease classification using lung sounds.
The proposed design achieves enhanced energy efficiency
compared to prior implementations by leveraging the low-
power operation of switched-capacitor circuits. Owing to its
scalable architecture and relaxed analog design requirements,
the system can be readily ported to advanced technology nodes
for further reductions in energy and area. The demonstrated
results highlight the potential of the proposed energy-efficient
neuromorphic circuit for integration into next-generation edge
and wearable health-monitoring devices.

TABLE I
COMPARISON WITH THE STATE-OF-THE-ART

Design Classes|F1-Score|Energy/Inf.
Zhang et al. [33] Software (CNN) 6 81.0% -
A.Roy et al. [37] Software (TriSpectraKAN) 6 97.0% -
Y.Choi et al. [36] |[Software (LACM Attention)| 6 92.3% -
TNyugen et al. [35] Software (ResNet50) 2 80.7% -
K.N. Lal et al. [39] Software (BiGRU) 2 95.0% -
D.Perna et al. [34] Software (CNN) 2 88.0% -
£3
This Work ASIC (28nm test-chip) i g?ggj 172491:]‘]

" test set consists of only 5 classes
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