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Abstract: Respiratory diseases such as asthma pose significant global health challenges, necessitating
efficient and accessible diagnostic methods. The traditional stethoscope is widely used as a non-
invasive and patient-friendly tool for diagnosing respiratory conditions through lung auscultation.
However, it has limitations, such as a lack of recording functionality, dependence on the expertise
and judgment of physicians, and the absence of noise-filtering capabilities. To overcome these
limitations, digital stethoscopes have been developed to digitize and record lung sounds. Recently,
there has been growing interest in the automated analysis of lung sounds using Deep Learning (DL).
Nevertheless, the execution of large DL models in the cloud often leads to latency, dependency on
internet connectivity, and potential privacy issues due to the transmission of sensitive health data.
To address these challenges, we developed Tiny Machine Learning (TinyML) models for the real-
time detection of respiratory conditions by using lung sound recordings, deployable on low-power,
cost-effective devices like digital stethoscopes. We trained three machine learning models—a custom
CNN, an Edge Impulse CNN, and a custom LSTM—on a publicly available lung sound dataset.
Our data preprocessing included bandpass filtering and feature extraction through Mel-Frequency
Cepstral Coefficients (MFCCs). We applied quantization techniques to ensure model efficiency. The
custom CNN model achieved the highest performance, with 96% accuracy and 97% precision, recall,
and F1-scores, while maintaining moderate resource usage. These findings highlight the potential
of TinyML to provide accessible, reliable, and real-time diagnostic tools, particularly in remote and
underserved areas, demonstrating the transformative impact of integrating advanced AI algorithms
into portable medical devices. This advancement facilitates the prospect of automated respiratory
health screening using lung sounds.

Keywords: TinyML; lung disease classification; early detection

1. Introduction

According to the World Health Organization (WHO), lung diseases are among the
leading causes of mortality worldwide, resulting in the deaths of millions of people each
year [1]. Respiratory diseases are often detected late, making treatment less effective [2].

Various clinical approaches have been developed to diagnose and assess lung health
issues, including computed tomographic scans, chest X-rays, and pulmonary function
tests. However, these techniques are restricted to specialized medical facilities due to their
complexity, high cost, and time-consuming nature [3]. Additionally, medical professionals
in hospitals are often overworked, which increases the likelihood of errors and patient
waiting times [3]. Therefore, it becomes apparent that a different approach is needed to
better assist practitioners in making an initial diagnosis.
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In contrast, the stethoscope is used as a non-invasive and patient-friendly tool for
diagnosing respiratory conditions through lung auscultation [4]. This procedure involves
listening to the sounds produced by air moving in and out of the lungs.

During lung auscultation, experts are able to identify various abnormal respiratory
sounds, like wheezing and crackling [4]. These sounds serve as indicators of possible
respiratory conditions for the patient. However, traditional stethoscopes come with several
associated challenges. Firstly, their effectiveness relies heavily on the physician’s expertise
and judgment, introducing potential for diagnostic errors [5]. Secondly, they lack a record-
ing feature, preventing other medical personnel from analyzing the sounds heard during
consultations [6]. Thirdly, they are not equipped with noise-canceling capabilities, making
it difficult to hear lung sounds in noisy environments such as emergency rooms or busy
clinics [7].

The digital stethoscope has introduced a new approach to auscultation, benefiting
research, education, and clinical practice [8]. It digitizes lung sounds, allowing for record-
ing and playback, which reduces reliance on a single physician’s judgment and enables
collaboration with other medical professionals [8]. It incorporates digital filters to eliminate
noise and isolate the relevant acoustic signals within specific frequency bands [8]. This
enhances diagnostic accuracy and improves clinical decision making. It also allows for the
visualization and retrospective analysis of lung sounds. The integration of wireless trans-
mission capabilities, such as Bluetooth or WiFi, with the digital stethoscope will facilitate
remote diagnosis, greatly enhancing convenience and application in a variety of medical
contexts [8].

In recent years, there has been growing interest in the automated analysis of lung
sounds. By using machine learning, particularly Deep Learning (DL) techniques, the ex-
perience, quality of diagnosis, and care for both patients and healthcare professionals
have significantly improved [3,8]. The utilization of DL algorithms to examine lung sound
patterns captured by digital stethoscopes represents a promising approach for the early and
precise detection of disease [9]. Moreover, these technologies aim not only to reduce depen-
dency on specialist facilities but also to overcome the limitations of traditional stethoscopes,
making diagnosis more accurate by removing human error [3].

However, coupling digital stethoscopes with DL presents certain limitations. DL
algorithms require significant computational resources, posing challenges in resource-
constrained environments [10,11]. Latency in cloud-based solutions can impact real-time
analysis, particularly in areas with insufficient internet bandwidth for large data transmis-
sion [10–12], and privacy concerns arise when transmitting sensitive health data over the
internet [10,11]. To address these limitations, Tiny Machine Learning (TinyML) [13] offers a
compelling solution by enabling efficient ML codes to run on small, energy-efficient devices.

TinyML is a fast-growing field of ML including hardware, algorithms, and software
that aims to facilitate running ML models on ultra-low-power devices having very limited
power (under 1 mW), less memory, and limited processor capabilities [14]. TinyML offers
tiny IoT devices the ability to analyze data collected by various sensors and act based on
the decisions made by the embedded ML model without the need for the cloud. TinyML
finds applications in diverse fields [11], including agriculture [11,15], healthcare [10,11,16],
and environmental monitoring [11,17].

The hardware limitations of tiny IoT devices require the minimizing of the ML model
in order to deploy it in extremely resource-limited devices. The minimization of the model
can be performed by the following techniques: pruning and quantization [14]. These
techniques aim to reduce the size of the ML model while trying not to impact its accuracy.
The pruning technique is the process of removing unused weights in the model to increase
speed inference and minimize its size, while quantization reduces the precision of the
model parameters from floating-point (e.g., 32-bit) to lower (e.g., 8-bit) precision [11]; this
decreases the model’s memory footprint as well as the amount of processing required.

TinyML holds immense potential in the healthcare sector [10,11,16]. TinyML’s ability
to run directly on devices at the edge offers numerous advantages. One of the most
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significant benefits is the ability to perform real-time data analysis without the need for
continuous data transmission to centralized cloud systems [11,16,18]. This reduces latency,
enhances data privacy by minimizing the transfer of sensitive patient data, and lowers
dependency on reliable internet connections [10,16], which is particularly beneficial for
remote health monitoring in remote and undeserved areas [12,16].

Many studies have demonstrated the practical applications of TinyML in healthcare,
showcasing its potential to optimize real-time health monitoring and diagnostic tools.
The authors of [19] optimized a Convolutional Neural Network (CNN) model through
pruning and quantization, making it deployable on low-cost microcontrollers like the
Raspberry Pi Pico and ESP32 for real-time blood pressure estimation using photoplethys-
mogram (PPG) signals. This approach enables efficient, low-power solutions for continuous
blood pressure monitoring. The authors of [20] proposed a TinyML-based solution for
predicting and detecting falls among elderly individuals, utilizing a wearable device placed
on the leg to capture movement data. The system employs a nonlinear support vector
machine classifier for real-time fall detection and prediction. Similarly, the authors of [21]
used CNN models combined with audio data to detect falls. In [22], researchers devel-
oped a system that predicts blood glucose levels in individuals with type 1 diabetes by
deploying DL models on edge devices. This system, which relies on recurrent neural
networks (RNNs), processes continuous glucose monitoring (CGM) data on low-power,
resource-constrained devices, enabling real-time monitoring without the need for cloud
infrastructure. Additionally, the authors of [23] introduced a lightweight solution based on
Temporal Convolutional Networks (TCNs) for heart rate estimation in wearable devices.
By leveraging optimized TCN models, the system achieved accurate heart rate monitoring
while maintaining low latency and energy consumption, making it suitable for use in
resource-constrained environments like wearable health devices.

In this paper, we present a new approach focused on creating TinyML models to
distinguish between asthma and non-asthma conditions by using lung sound recordings.
We developed and compared various ML models based on different metrics. To ensure
these models are suitable for cost-effective platforms such as the Arduino Nano 33 BLE, we
employed quantization techniques.

The remainder of the paper is organized as follows: Section 2 reviews existing studies
that have addressed similar challenges. Section 3 details the materials and methodologies
used in our experiments. Section 4 provides a comprehensive analysis of the empirical
results and their implications. Finally, Section 5 presents our conclusions and proposes
directions for future research.

2. Related Works

Numerous research papers have examined the application of DL to identify patterns
and distinguish among various lung conditions by using raw respiratory sound data.

The authors of [24] developed a framework for classifying various respiratory diseases
by using lung sound recordings. They employed a CNN with Mel-Frequency Cepstral
Coefficients (MFCC) for feature extraction. The proposed model achieved a classification
accuracy of 95.7%, effectively distinguishing among different respiratory diseases, such as
asthma, COPD, URTI, LRTI, and bronchiectasis, and a class representing healthy people.

In [25], the authors developed a framework for classifying lung sounds, addressing
the challenge of noise interference from the heart and lung sounds. By utilizing two
public datasets with 280 lung sounds of varying durations and sampling rates, the study
preprocessed signals for uniformity and employed Mel-Frequency Cepstral Coefficients
(MFCCs) [26] and Short-Time Fourier Transform (STFT) [27] for feature extraction. It tested
several models, achieving the highest accuracy with an STFT+MFCC-ANN combination,
demonstrating promising results for automatic respiratory diagnosis with high precision
and recall rates.

In the paper [5], the authors evaluated the efficacy of various deep learning models
for diagnosing respiratory pathologies by using lung auscultation sounds. The study
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compared three deep learning models across both non-augmented and augmented datasets,
revealing that the CNN–LSTM model outperformed others with high accuracy rates in all
scenarios. Augmentation significantly enhances model performance, with the CNN–LSTM
hybrid showing particular strength by combining the CNN’s feature extraction capabilities
with LSTM’s [28] classification efficiency.

In [29], the authors explored the effectiveness of Mel Frequency Cepstral Coefficients
(MFCCs) in classifying cough sounds for diagnosing five respiratory diseases, such as
asthma and chronic obstructive pulmonary diseases (COPDs). The study employed a
unique ensemble of recurrent neural network models with LSTM cells and tested various
meta-classifiers, achieving over 87% accuracy. This approach underscores MFCCs’ poten-
tial as standalone features for cough signal classification and suggests future directions,
including further disease characteristic diagnosis and COVID-19 cough classification.

In [30], the authors tackled the challenge of detecting respiratory pathologies from
sounds, using the ICBHI Benchmark dataset. Given the dataset’s imbalance, the study
employed a Variational Convolutional Autoencoder for data augmentation, alongside
traditional oversampling techniques. A CNN was employed for classification into healthy,
chronic, and non-chronic categories, achieving an F-score of 0.993 in the three-label clas-
sification. For the six-class classification, which included RTI, COPD, Bronchiectasis,
Pneumonia, and Bronchiolitis, the CNN achieved an F-score of 0.99.

In [31], the authors developed a non-invasive method for classifying respiratory
sounds by using an electronic stethoscope and audio recording software. By using MFCC
with SVM and spectrogram images with CNN, they benchmarked the CNN’s performance
against the SVM method across various sound classifications. The CNN and SVM both
reached 86% in distinguishing healthy versus pathological sounds; for rale, rhonchus,
and normal sounds, the CNN achieved 76% and SVM 75%; in singular-sound-type classifi-
cation, both achieved 80%. These results underline the effectiveness of CNNs and SVM in
respiratory sound analysis.

In [32], the authors developed a system for diagnosing asthma using deep learning
by analyzing respiratory sounds from asthmatic and non-asthmatic individuals. They
developed a web interface and a mobile app for real-time prediction, aiding doctors in
performing accurate diagnoses. Utilizing features such as chroma, RMS, Spectral centroid,
Rolloff, and MFCCs, the ConvNet model demonstrated impressive performance metrics,
including 99.8% accuracy, 100% sensitivity, 100% specificity, and a 99% F-score.

In [33], the authors proposed RDsLINet, a novel lightweight inception network for
classifying a broad spectrum of respiratory diseases through lung sound signals. The frame-
work involves preprocessing, melspectrogram image conversion, and classification via
RDsLINet. The proposed RDsLINet achieved impressive accuracy rates: 96% for seven-
class, 99.5% for six-class, and 94% for healthy vs. asthma classifications.

In [34], the authors proposed a novel approach to respiratory disease detection through
a wearable auscultation device. They developed a Respiratory Sound Diagnosis Proces-
sor Unit (RSDPU) utilizing LSTM networks to analyze respiratory sounds in real time.
The study highlights the implementation of Dynamic Normalization Mapping (DNM)
to optimize quantization and reduce overfitting, crucial to maintaining model accuracy
with limited computational resources. The hardware implementation of the RSDPU in-
cludes a noise corrector to enhance diagnostic reliability. The results show that the RSDPU
achieved an 81.4% accuracy in abnormality diagnosis, with a minimal power consumption
of 381.8 µW. The study demonstrates the potential of combining advanced machine learn-
ing techniques with efficient hardware design to create effective and practical healthcare
solutions for continuous respiratory monitoring

A startup called Respira Labs [35] has introduced an innovative, cost-effective wear-
able sensor that leverages TinyML to analyze cough sounds for signs of respiratory diseases
like pneumonia. This compact device integrates a microphone and a microcontroller ex-
ecuting a neural network to discern specific cough characteristics such as wheezing and
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crackling. Designed for ease of use, it features a simple strap mechanism, operates without
batteries, and communicates results via LED indicators and sound signals.

Table 1 summarizes existing research on lung disease detection and classification
using audio data, covering diseases such as asthma, COPD, lung fibrosis, bronchitis, and
pneumonia and various pathological lung sounds. Datasets vary from publicly available
ICBHI 2017 to self-collected data, indicating diversity in data sources. The extracted audio
features include STFT, MFCC, and spectrograms, with MFCC being the most common.
The models used range from ANN, CNN, and LSTM, to hybrid CNN-LSTM, achieving
high accuracy rates and mostly deploying solutions on cloud platforms. While some
studies [33,34] have explored computation directly on edge devices, our work leverages
TinyML to push the boundaries of what can be achieved on resource-limited hardware. This
approach allows for efficient real-time analysis and model deployment on compact, low-
power devices, making advanced diagnostics more accessible in a wide range of settings.

Table 1. Related work summary.

Work Lung Diseases Dataset Feature(s) Model Results Deployment

[24]

Asthma, COPD,
URTI, LRTI, and

bronchiectasis and
normal

Respiratory Sound
Database MFCC CNN 95.7% Cloud

[25] Normal and
abnormal

ICBHI 2017 and
KAUH STFT and MFCC ANN, SVM, KNN,

DT, and RF

ANN: 98.61%;
SVM: 93%; KNN:
93%; DT: 88%; RF:

95%

Cloud

[5]

Asthma, BRON,
COPD, heart
failure, lung

fibrosis, normal,
and pleural

effusion
pneumonia

ICBHI 2017 and
KAUH - CNN and LSTM

and CNN-LSTM

CNN: 99.81%;
LSTM: 99.81%;

CNN-LSTM: 100%
Cloud

[29]
Asthma, COPD,
ILD, bronchitis,
and pneumonia

Self-collected data MFCC LSTM 88.5% Cloud

[30] Healthy, chronic,
and non-chronic ICBHI 2017 MFCC CNN Accuracy: 99% Cloud

[31] Healthy and
pathological Self-collected data MFCC and

spectrogram
SVM-MFCC,

CNN-Spectrogram

MFCC-SVM: 86%;
Spectrogram-

CNN: 86%
Cloud

[31] Rale, rhonchus and
normal Self-collected data MFCC and

spectrogram
SVM-MFCC,

CNN-Spectrogram

MFCC-SVM: 76%;
Spectrogram-

CNN: 76%
Cloud

[32] Asthma and
non-asthma Self-collected data Chroma, RMS, and

MFCC ConvNet Accuracy: 99.8% Mobile

[33] Healthy and
asthma KAUH Mel-spectrogram RDsLINet Accuracy: 94% Edge

[33]

Asthma, BRON,
COPD, pneumonia,
heart failure, and
pleural effusion

KAUH Mel-spectrogram RDsLINet Accuracy: 94% Edge

[34] Normal and
unnormal ICBHI 2017 MFCC LSTM Accuracy: 81.4% Edge
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3. Materials and Methods

In this section, we describe the various methods employed to acquire, preprocess,
and build models for distinguishing between normal and asthma conditions. The devel-
opment process was conducted by using Edge Impulse, a platform specifically designed
for training models, adjusting hyperparameters, and optimizing them for operation on
various edge devices. Figure 1 depicts our approach, which involves the standard stages
found in traditional machine learning projects, with added steps for real-time processing
on the microcontroller:

Step 1: Data collection and preparation: Lung sound data were acquired from a publicly
accessible dataset, divided into 80% for training and 20% for testing. These data
were then processed by using bandpass filtering to reduce external noise.

Step 2: The lung sound data were uploaded to the Edge Impulse platform [36] and seg-
mented into 5-second windows, with MFCC features extracted from each window.

Step 3: A custom CNN, a CNN proposed by Edge Impulse, and a custom LSTM were
created, trained, and optimized for deployment on a microcontroller.

Step 4: The three models were tested by using the test data, and performance metrics
were computed.

Figure 1. Workflow of lung sound analysis and model training process.

3.1. Dataset

In this study, we used a publicly available dataset from King Abdullah University
Hospital in Jordan [37]. The dataset comprises 310 records from 105 patients with various
respiratory conditions, including normal, asthma, pneumonia, heart failure, bronchiectasis,
and chronic obstructive pulmonary disease. The duration of each recording ranges from 5
to 30 s, for a total of 88 min of data. The patients’ ages range from 12 to 90 years, with a
mean ± SD age of 48 ± 18 years. For each patient, three types of recordings were obtained,
each using a different filtering mode—bell mode filtration, diaphragm mode filtration,
and extended mode filtration—to minimize interference from heartbeats and external noise.

The audio recordings were captured by using a single channel at a sampling rate of
4 kHz. The audio files, in WAV format, were captured by using a single-channel stethoscope-
based acquisition system (electronic stethoscope 3200; 3M Littmann) positioned at various
locations on the chest wall. Table 2 presents the quantity of patients in each disease
classification along with the associated count of recordings utilized from this dataset.
The dataset demonstrates an unequal distribution, containing more data for the normal and
asthma categories compared with the others. Given this situation, we decided to distinguish
between two distinct kinds of lung sounds: normal and asthma. Before uploading data to
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Edge Impulse, each audio file was processed with a 5th-order Butterworth bandpass filter,
with upper and lower cut-off frequencies set to 100–1800 Hz, to reduce external noise [4,34].

Table 2. Demographic summary and recording details by disease category.

Category Subjects Age (Mean ± SD) Number of Records Duration

Normal 35 (11F, 24M) 43 ± 19 105 31 m 10 s

Asthma 32 (17F, 15M) 45 ± 15 94 28 m 06 s

Heart failure 21 (9F, 12M) 58 ± 18 56 13 m 59 s

Pneumonia 5 (2F, 3M) 55 ± 13 17 4 m 53 s

Bronchiectasis 3 (1F, 2M) 37 ± 26 9 2 m

COPD 9 (1F, 8M) 57 ± 9 29 07 m 54 s

Upon uploading our dataset, we proceeded to create an ML pipeline called an “im-
pulse”. This impulse comprises three primary building blocks: the input block, the process-
ing block, and the learning block. The input block identifies the data type employed during
the training of the model. It can either be an image or a time series. In our specific case, we
utilized time series as the input data. The window size was set to 5000 ms, and the window
increase was set to 5000 ms [34]. This duration is sufficient to cover at least one respiratory
cycle, given the average resting respiration rates for adults (12–20 breaths per minute) [37].

3.2. Feature Extractor

Feature extraction is an essential phase in lung sound analysis, where raw audio signals
are converted into useful representations for classification. This process includes several
categories: time-domain, frequency-domain, and time–frequency-domain features. Time-
domain features capture the temporal characteristics of lung sounds, including metrics
such as the zero-crossing rate, root mean square, and signal envelope. Frequency-domain
features provide insights into the energy distribution across different frequency bands and
include measures like MFCCs. Time–frequency-domain features, like wavelet transform
and spectrograms, present a combined view of both time and frequency characteristics [6].

MFCCs are commonly used as features [6,25,29] in lung analysis derived from the
Fourier transform, which can capture the distribution of energy in different frequency
bands. The MFCCs consist of a series of coefficients that capture the characteristics of the
signal’s spectrum. These coefficients are derived by taking the logarithm of the discrete
cosine transform applied to the signal’s spectrum. The particular parameters utilized to
produce MFCCs are detailed in Table 3.

Table 3. Relevant parameters used to generate MFCCs.

Parameter Value

Number of coefficients 13

Frame length 0.256

Frame stride 0.064

Filter number 20

FFT length 256

In order to obtain the MFCC parameters presented in Table 3, we were inspired by
the methodology used in [34], where the authors tested multiple configurations of MFCC
parameters to optimize model performance and resource consumption. Following a similar
procedure, we conducted multiple iterative tests to explore different parameter settings
and find the optimal balance between performance and computational efficiency. While we
initially tested the parameters used in their study, we found that these configurations did
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not yield the desired results in our specific case. As a result, we experimented with other
configurations to achieve the best balance between model accuracy and resource efficiency.

Given the constraints of TinyML, where devices are resource-limited and power-
sensitive, it was essential to choose parameters that minimized memory usage and compu-
tational time. The final selected parameters consume 38 KB of RAM and have a processing
time of 763 ms, based on estimates provided by the Edge Impulse platform for an Arduino
Nano 33 BLE [38].

3.3. Model Proposition

In this work, we developed three classifiers, i.e., a custom CNN model, the CNN
model proposed by Edge Impulse, and a custom LSTM model, that can diagnose two
distinct respiratory conditions, that is, asthma and normal. We drew inspiration from the
existing literature [31,34], which demonstrated promising results in lung disease detection.
Tables 4–6 illustrate the architectures of these three models.

Table 4. Our CNN model.

Custom CNN Model

Input(shape=(975, ))

Reshape((975 / 13, 13))

Conv1D(32, kernel_size=3, activation=’relu’)

MaxPooling1D(pool_size=2)

BatchNormalization()

Dropout(20%)

Conv1D(64, kernel_size=3, activation=’relu’)

MaxPooling1D(pool_size=2)

BatchNormalization()

Dropout(20%)

Conv1D(128, kernel_size=3, activation=’relu’)

MaxPooling1D(pool_size=2)

BatchNormalization()

Dropout(20%)

Flatten()

Table 5. Custom LSTM model.

Our LSTM Model

Input(shape=(975, ))

Reshape((975 / 13, 13))

LSTM(128)

Dropout(20%)

LSTM(64)

Dropout(20%)

LSTM(32)

Dropout(20%)

Dense(512, activation=’relu’)

Dropout(40)
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Table 5. Cont.

Our LSTM Model

Dense(8, activation=’relu’)

Dropout(40%)

Dense(classes, activation=’softmax’)

Table 6. CNN model proposed by Edge Impule.

CNN Model Proposed by Edge Impule

Input(shape=(975, ))

Reshape((975 / 13, 13))

Conv1D(8, kernel_size=3, activation=’relu’)

MaxPooling1D(pool_size=2)

Dropout(25%)

Conv1D(16, kernel_size=3, activation=’relu’)

MaxPooling1D(pool_size=2)

Dropout(25%)

Dense(classes, activation=’softmax’)

To tune the hyperparameters, a total of 396 combinations of epochs, learning rates,
and mini-batch sizes were explored across all three models. Specifically, we tested epochs
ranging from 10 to 300, with learning rates of 10−3, 10−4, 6 × 10−3, and 6 × 10−4, and mini-
batch sizes of 32, 16, and 8. The Adam optimizer was consistently applied across all models
to facilitate the optimization process. Table 7 summarizes the optimal hyperparameters,
presenting the configurations that show the highest accuracy.

Table 7. Optimal hyperparameters showing the highest accuracy.

Model Learning Rate Epochs Batch Size

Custom CNN 6 × 10−3 300 32

CNN Edge Impulse 6 × 10−3 100 16

Custom LSTM 6 × 10−3 100 32

3.4. Target Device

The target device for deployment is an Arduino Nano 33 BLE Sense [38], featuring a
Cortex-M4F 64 MHz processor, chosen for its compact size and versatility across various ap-
plications. With 256 kB of RAM and 1024 kB of ROM, the device has limited computational
resources. To optimize model deployment, we used post-training quantization provided
by the Edge Impulse platform, utilizing implementations from the TensorFlow Lite Micro
library [39]. This technique reduces the precision of a model’s internal representations by
converting 32-bit floating-point parameters into lower-precision int8, significantly reducing
the model’s memory (ROM) requirements. This optimization makes deployment on a
constrained device more feasible and accelerates computation, enabling quicker predic-
tions and responses. Post-training quantization is thus a crucial step, preserving core
functionality and accuracy while adapting the models to the device’s limited resources.

Given the deployment on the Arduino Nano 33 BLE Sense, additional metrics, such
as inference time, memory usage, and storage footprint, were considered. These factors
are essential to ensuring the models’ efficiency and smooth performance on the device.
By evaluating classification metrics, computational efficiency, and suitability for the tiny
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device, we made informed decisions regarding model selection. Edge Impulse offers a
functionality that estimates the performance of the model on the target device before
deployment, facilitating a more informed deployment process.

4. Results and Discussion

In this section, we compare the performance of the three models by using metrics such
as accuracy, precision, recall, F1-score, and Area Under the Curve (AUC), as well as model
size, inference time, and peak RAM usage, which are critical for deployment on TinyML
devices. The dataset was split into 72% training, 10% validation, and 18% testing. Each
model was trained and quantized by Edge Impulse for deployment suitability.

Table 8 shows the results of our experiments. the custom CNN model achieved the
highest performance, with an accuracy of 96% on the test set and an AUC of 0.96. In contrast,
the CNN Edge Impulse model, while faster and less resource-intensive, demonstrated
lower accuracy, 85%, and an AUC of 0.85. This difference can be attributed to the simpler
architecture of the Edge Impulse model. The custom LSTM model, however, achieved
lower accuracy, 90%, compared with the CNN.

Table 8. Model evaluation on validation and testing sets.

Model Accuracy Precision Recall F1-Score Loss Value Area Under
ROC Curve

Custom CNN
Validation 100% 100% 100% 100% 0.03 1.00
Testing 96% 97% 97% 97% - 0.96

CNN Edge Impulse
Validation 92% 92% 92% 92% 0.24 0.91
Testing 85% 86% 86% 86% - 0.85

Custom LSTM
Validation 93% 93% 93% 93% 0.28 0.93
Testing 90% 93% 92% 92% - 0.90

The confusion matrix in Table 9 provides a detailed evaluation of the classification
performance of the CNN, LSTM, and CNN-EDGE-IMPULSE models on the test set data.
The custom CNN outperformed the other models, correctly classifying 94.1% of “Asthma”
cases and 98.3% of “Normal” cases, while the LSTM achieved 82.4% and 98.3%, respec-
tively. CNN Edge Impulse, while more resource-efficient, had the lowest performance, with
accuracy of 76.5% for “Asthma” and 88.1% for “Normal”.

Table 9. Confusion matrix of test set data. Green: correct classifications, Red: misclassifications.

Asthma
(CNN)

Normal
(CNN)

Asthma
(LSTM)

Normal
(LSTM)

Asthma
(CNN-
EDGE-

IMPULSE)

Normal
(CNN-
EDGE-

IMPULSE)

Uncertain

Asthma (CNN) 94.1% 5.9% 0% 0% 0% 0% 0%
Normal (CNN) 1.7% 98.3% 0% 0% 0% 0% 0%
Asthma
(LSTM)

0% 0% 82.4% 17.6% 0% 0% 0%

Normal
(LSTM)

0% 0% 1.7% 98.3% 0% 0% 0%

Asthma
(CNN-EDGE-
IMPULSE)

0% 0% 0% 0% 76.5% 20.6% 2.9%

Normal
(CNN-EDGE-
IMPULSE)

0% 0% 0% 0% 10.2% 88.1% 1.7%

F1-score 0.96 0.97 0.89 0.94 0.79 0.88
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Table 10 compares the models based on resource consumption, as estimated by the
Edge Impulse cloud platform on the Arduino Nano 33. The CNN Edge Impulse model
demonstrates its clear advantage for low-power, resource-constrained environments, requir-
ing only 4.5 KB of RAM. However, this comes at the cost of lower classification performance.
The custom CNN, which uses more RAM (12 KB) and has a longer inference time, strikes a
balance between resource usage and accuracy, making it a more suitable option when both
high classification performance and moderate resource usage are required.

Table 10. Performance comparison of different models.

Model Inferencing Time Peak RAM USAGE Flash Usage

Our CNN 127 ms 12.0 K 249.6 K

CNN Edge Impulse 6 ms 4.5 K 31.7 K

Our LSTM 324 ms 23.2 K 190 K

On the other hand, the LSTM model, while providing good accuracy (90%) and the
ability to process sequential data, has the highest resource demands, consuming 23.2 KB of
RAM. This makes it less practical for highly resource-constrained devices.

Table 11 presents a comparative analysis between our proposed CNN model and
similar works that utilize Edge ML models. Our TinyML model demonstrates superior
performance, achieving higher accuracy, 96%, while also excelling in resource efficiency,
making it more suitable for deployment on low-power devices.

Table 11. Qualitative performance comparison of the proposed CNN with existing works.

Work [33] [34] Our Work

Dataset KAUH ICBHI 2017 KAUH

Feature Mel-spectrogram MFCC MFCC

Preprocessing

Discrete Fourier
transform (DFT)-based

filtering and
segmentation into 5 s

windows

Zero padding,
segmentation into 3 s

windows, Butterworth
bandpass filter, and

Z-score normalization

Zero padding,
Butterworth bandpass

filter, and
segmentation into

5 s windows

Lung diseases Asthma and healthy Normal and
subnormal Asthma and healthy

Target device - Alinx AX7A200 FPGA Arduino Nano 33 BLE

Model RDsLINet LSTM CNN

Accuracy 91% 81.4% 96%

Total execution
time 5.439 s - 890 ms

Peak RAM
USAGE - 32 KB 12.0 KB

Flash usage 498 KB - 249.6 KB

One of the key reasons our model outperforms that of [33], which used the same
dataset, lies in the application of pruning and quantization techniques. These methods
allowed us to significantly reduce both model size and inference time, optimizing the
model for resource-constrained environments. Pruning effectively removes less critical
weights from the network, thus speeding up computation and reducing memory usage,
while quantization lowers the precision of the model’s parameters without substantially
affecting its accuracy, leading to more efficient deployment on embedded devices.
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In contrast, in [33], the authors applied depthwise separable convolutions and global
average pooling (GAP) layers instead of fully connected layers to reduce the model size and
execution time. This likely contributes to the differences in execution time and accuracy
observed in our model compared with [33].

5. Conclusions and Future Work

In this work, we have exploited TinyML models for detecting respiratory diseases,
particularly asthma, using lung sound recordings. Our custom CNN model achieved
an accuracy of 96% while maintaining efficient resource usage. This demonstrates the
feasibility of deploying real-time, accurate diagnostic tools on resource-constrained devices,
making them suitable for portable medical applications.

The potential impact of this approach on healthcare is significant. By offering a low-
cost, portable solution for respiratory disease detection, our models can enhance access to
reliable diagnostics in remote and underserved areas, reducing the reliance on traditional
medical facilities and expensive equipment. This advancement is crucial to improving early
disease detection and patient outcomes.

In future work, we will address the challenges encountered with dataset imbalance,
which limited the diversity of the training data. To overcome this challenge, we will explore
merging multiple publicly available lung sound datasets and applying data augmentation
techniques, such as variational autoencoders [30]. Additionally, real-world clinical valida-
tion and the inclusion of more respiratory conditions will be key steps toward refining and
extending the applicability of our models.
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