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Abstract

Pneumonia is a serious respiratory disease that necessitates immediate diagnosis in
order to minimize the chance of complications and enhance the well-being of patients.
Traditional techniques for diagnosis involve chest X-ray, laboratory testing, which are both
time-intensive and costly. This article focuses on a framework for detecting pneumonia using
breath analysis that utilizes multi-sensor gas sensing along with machine learning for non-
invasive assessment of risks associated with it. This framework makes use of MQ-3, MQ-135,
and BMEG680 sensors to analyze Volatile Organic Compounds (VOC) and environment. The
collected data is preprocessed using Min-Max scaling technique, clustered using K-Means
algorithm into different risk groups and then classified by using a Decision Tree Classifier. The
experimental evaluation has resulted in 95.84% accuracy, 95.12% precision, 94.87% recall and
94.99% F1-Score. The proposed system is a cost-effective and portable approach for the early

pneumonia detection.
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1. Introduction

Pneumonia remains as the leading cause of respiratory disease and deaths all over the
world, common among young children, older patients, and people with compromised
immunity. Early disease detection is crucial for efficient treatment and proper care of affected
patients. The traditional means of diagnosing this condition include chest x-rays, CT scans, and
laboratory tests, usually involve special equipment and professional staff as well as a lot of
time. Recent developments in breath analysis show that volatile organic compounds (VOCs)
found in exhaled breath can be used as biomarkers of respiratory diseases, thus allowing non-
invasive testing of health status. This initiates the design and development of mobile and

inexpensive devices for early detection of pneumonia.

Various methodologies for pneumonia detection have been explored in existing studies,
deep learning-based image analysis, VOC analysis, gas sensor technology, and artificial
intelligence-enabled respiration monitoring techniques. Image-based detection techniques
resulted in good accuracy, although they depend on imaging modalities and a large annotated
dataset. Similarly, considerable scope exists for breath analysis-based technology in detecting
diseases using VOCs; however, many existing systems are mainly designed for the purpose of
biomarker or sensor development rather than for the overall process of disease diagnosis.
Moreover, issues like environmental variations, lack of clinically labeled breath data,
portability, and ease of implementation on an embedded system delay the practical
implementation of the available techniques. This increases the need to design a comprehensive

platform where breath analysis and data processing is carried out simultaneously.

To address these challenges, a mobile breath analysis-based pneumonia detection
model is introduced by using MQ-3, MQ-135 and BME680 gas sensors coupled with an
Arduino embedded system for the live collection of breath features. After preprocessing the
collected sensor responses, K-means clustering is used for the generation of pneumonia risk
classes and Decision Tree classifier for pneumonia risk prediction. The proposed framework
integrates multi-sensor VOC detection, environment parameter correction, and intelligent
classification in a cohesive, cost-effective, and non-invasive testing platform. The main
contribution of this research is to integrate embedded sensing and hybrid machine learning to
develop an effective respiratory screening system for rapid pneumonia evaluation. The
experimental results show the feasibility of the proposed framework for real-time pneumonia
risk detection.
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2. Literature Review
2.1 Breath-Based Disease Detection

The breath analysis approach has been developed as a promising non-invasive method
of diagnosing respiratory diseases based on the presence of volatile organic compounds
(VOCs) in the exhaled breath. Improvements in breath collection protocols and in analytical
methodologies have increased the sensitivity and reproducibility of VOCs analysis, thereby
enabling the identification of accurate biomarkers [1]. Breath analysis using high-sensitivity
instruments equipped with multiple gas sensors has improved breath discrimination capacity
[3]. standardized techniques for identifying VOCs have helped in reducing false identifications
and increased the reliability of the test results [6]. Breath analysis kits have proved that real-
time disease screening is possible through exhaled biomarkers [9]. In addition to this, breath
sensors combined with advanced breath samplers have improved multi-biomarker detection

while maintaining the integrity of VOCs [10], [11].
2.2 Gas Sensor-Based Respiratory Monitoring

Recent advancements in the gas sensor technology have increased the ability to detect
VOC:s of specific diseases for respiratory analysis. The optimized metal oxide gas sensors have
proven to have greater sensitivity, selectivity, and long-term stability for the trace gas detection
[5]. Also, numerical modeling has helped to develop better sensors and simplify the calibration
process [8]. The high-sensitivity gas sensor array incorporated in portable breath analyzers has
allowed for real-time VOC measurement [3]. Gas sensing systems based on microcontrollers
have proven the viability of developing inexpensive and embedded respiratory monitoring

systems [7].
2.3 Machine Learning for Pneumonia Detection

Machine learning techniques have significantly enhanced the automated pneumonia
detection process. The classification of pneumonia has been successfully done by using the
convolutional neural network approach through the effective learning of the lung abnormalities
[2]. The artificial intelligence approach has also been used to analyze the breathing process
through the use of respiratory monitoring systems with multiple sensor inputs, thereby

facilitating early detection of respiratory diseases [4]. While imaging approaches perform well
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for the detection of diseases, they also require special medical equipment. Breath sensing,

coupled with machine learning algorithms, results as a viable alternative approach.
2.4 Research Gap

Several existing researches have demonstrated the efficacy of using breath VOCs
analysis methods, gas sensor technology, and machine learning approaches in diagnosing
respiratory diseases. However, the existing breath analysis devices only pay attention to
biomarkers discovery, whereas pneumonia diagnosis based on machine learning utilizes chest
X-ray imagery. Few works were conducted on developing a unified approach based on multi-
sensor VOCs collection, environmental factors compensation, unsupervised risk labels
generation, and real-time embedded pneumonia risk classification. Therefore, the proposed
model involves using MQ-3, MQ-135, and BME680 gas sensors, Arduino board for data
collection, K-Means clustering algorithm for generating risk labels, and Decision Tree
classifier for developing inexpensive, non-invasive, and real-time pneumonia risk diagnosis

system.

3. Proposed Methodology
3.1 Overall System Architecture

The proposed framework represents a system design for portable and non-invasive
detection of pneumonia risk through the integration of multiple breath sensors along with the
machine learning algorithms. The general structure of the proposed framework is shown in
Figure 1, it includes five main modules: breath sensing, data collection from embedded
systems, data pre-processing, intelligent risk prediction, and visual results display. Initially, the
collection of exhaled breath samples is done through the MQ-3, MQ-135, and BME680 sensors
that in aggregate collect the VOCs and environment readings associated with respiratory
diseases. Then, the data obtained from the sensors is relayed to the Arduino UNO for real-time

data collection and initial preprocessing before being sent to the processing unit.

Preprocessing of the collected sensor data is done by performing noise filtering, outliers
removal, and feature normalization in order to increase the quality of data used by the machine
learning model. In order to improve the model’s ability to deal with labeled clinical datasets of
breathing sounds, the K-Means algorithm is used to cluster the preprocessed data into three

groups: Normal, Mild Risk, and High Risk. The labels for these clusters are then used to train
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the Decision Tree classifier to learn the association between breath sensor data and risk of
pneumonia. In practice, the trained classifier will predict the risk class from the breath input

data, and the associated diagnostic result will be shown on the embedded 16x2 LCD screen.
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Figure 1. Overall architecture of the proposed breath-based pneumonia detection system
3.2 Hardware Implementation

The pneumonia detection model is implemented in an embedded system, which consists
of Arduino UNO, MQ-3, MQ-135, BME680 sensors, and 16x2 LCD display. The hardware
prototype used is depicted in Figure 2, showing that the sensing modules, microcontroller,

power source, and display screen have been integrated into a portable enclosure.

The Arduino UNO serves as the central processing unit, that is responsible for receiving
analog and digital signals from all sensors. This microcontroller is used for data acquisition in
real time, initializing the sensors, signal conditioning, and communicating with the processing
system for machine learning purposes. The output prediction is fed to the LCD display for

visualization at the same time.

The MQ-135 gas sensor is used to detect air quality-related gases, like ammonia, carbon
dioxide, and volatile organic compounds associated with respiratory diseases. Besides this, the
MQ-3 gas sensor senses volatile compounds of alcohol and acetone in the breath of patients.
The BME680 sensor is used to record environmental conditions, like temperature, humidity,
pressure, and gas resistance. This helps to account for environmental factors that might affect

the performance of the gas sensors.
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A 16x2 LCD screen display is used to the pneumonia risk assessment level instantly,
thereby making it possible to view the screening result instantly. The compact nature of the
system makes it possible to implement in portable form and perform preliminary screening for

respiratory disease.

Figure 2. Real-time hardware implementation of the proposed pneumonia detection system
3.3 Dataset Description

The proposed pneumonia detection system employs a self-created breath sensor dataset
which has been created with the aid of the developed embedded sensor platform. This dataset
is made up of breath samples captured in real time by the sensors included in the platform
including the MQ-3, MQ-135, and BME680 sensors. Breath analysis is based on VOCs, which
have received extensive research interest as biomarkers for diagnosing respiratory diseases
[12]. Each breath sample represents a single observation with various sensor properties related
to VOCs and environmental parameters. Properties of the acquired dataset are presented in
Table 1 below. Features recorded in the dataset include the MQ-3 sensor response, MQ-135

sensor response, gas resistance, temperature, humidity, and atmospheric pressure.

Table 1. Characteristics of the self-collected breath sensor dataset

Parameter Value
Dataset Type Self-collected breath sensor dataset
Dataset Source Developed prototype (supported by VOC
biomarkerinformation)
Number of Gas Sensors 3
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Number of Recorded Features | 6

Recorded Features MQ-3 Response, MQ-135 Response, Gas Resistance,
Temperature, Humidity, Pressure

Dataset Category Unlabeled

Number of Risk Categories 3 (Normal, Mild Risk, High Risk)

Clustering Algorithm K-Means
Classification Algorithm Decision Tree
Data Acquisition Mode Real-time breath sensing

Conventional supervised learning dataset, the breath data obtained are unlabeled owing
to lack of clinical annotations of pneumonia categories. As such, the dataset is first processed
through k-means clustering in order to create three categories of pneumonia risk: normal, mild
risk, and high risk. This way, the breath-based pneumonia screening model will be able to

achieve effective supervised learning while remaining practical.
3.4 Breath Data Acquisition

The breath data acquisition is performing the use of the designed embedded sensing
system to measure the real-time VOCs and environmental parameters in the exhaled breath.
First, the sensors such as the MQ-3, MQ-135, and BME680 are permitted to stabilize after a
suitable warm-up process to ensure efficient sensing. Thereafter, participants are required to
exhale directly into the sensor box to facilitate the acquisition of variations in the VOC levels
together with temperature, humidity, pressure, and gas resistance. The entire breath data
acquisition procedure is shown in Figure 2, the proposed hardware prototype acquires sensor

readings and transmits them to the Arduino UNO.

The Arduino UNO takes analog and digital readings from the sensors and sends the
collected information to the processing unit for further analysis. Information from the BME680
sensor about the environmental variables is used to consider the fluctuations in the environment
so that the accuracy of the collected breath information can be enhanced. The collected data

from the sensors is compiled into a dataset and sent on to the next step of preprocessing.
3.5 Data Preprocessing

The obtained breath sensors' readings are preprocessed for improving the accuracy of

the data and ensuring that reliable machine learning analysis can be performed on them. First,
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the readings are run through a moving average filter in order to remove any random variation
and noise coming from the sensors due to the process of breathing. Next, the outliers in the
data are removed to prevent any anomalous behavior of the sensor readings due to variations

in the breathing process.

feature normalization is done to scale all sensor features to the same numeric range such
that features with higher values do not dominate the learning process. Min-Max normalization
is used for the purpose of preserving the distribution of sensors values while maintaining
stability of clustering and classification processes. The normalized feature value is computed

as

— X — Xmin (1)

Xnorm _
Xmax Xmin

where x denotes the original sensor value, x,,,;, and x,,,, represent the minimum and
maximum values of the corresponding feature, respectively, and x,,,,, 1S the normalized feature
value. The processed dataset is then sent to the K-Means Clustering model for pneumonia risk

segmentation.
3.6 K-Means-Based Risk Segmentation

The labeled breath sensor data set is unlabeled and K-Means clustering method is used
to automatically cluster the preprocessed data into different clusters of pneumonia risks
depending on the similar VOCs. Unsupervised learning does not depend on the clinical labeled
data sets but allows meaningful grouping of the breath data according to the sensor data set
features. Three clusters are identified using the clustering algorithm which corresponds to
normal, mild risk, and high risk. Hence, risk segmentation has been initially done before
applying supervised learning. The classification criteria used for the risk groups are shown in

Table 2.

Table 2. K-means clustering classification

Cluster Risk Description
Label Category
Cluster 1 Normal VOC levels corresponding to healthy respiratory conditions.
Cluster 2 Mild Risk Moderate deviations in VOC concentrations indicating
possible early pneumonia symptoms.
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Cluster 3 High Risk Significant VOC variations associated with pneumonia.

Cluster labels that have been generated are considered as pseudo labels, which indicate
the degree of pneumonia risk associated with each breath sample. Pseudo labels serve as the
starting point for model training by using a supervised learning approach. This allows the
Decision Tree algorithm to learn how different sensor values are related to different pneumonia

risk categories.
3.7 Decision Tree-Based Risk Classification

The breath sensor clustering dataset is employed to train a Decision Tree classifier that
predicts pneumonia risk automatically. Pseudo labels created by using K-Means clustering are
attached to sensor readings. As a result, it becomes possible for the classifier to capture the
correlation between patterns of VOCs and categories of pneumonia risks. Being based on rules
hierarchically, the Decision Tree classifier efficiently splits the feature space into different

decision regions to classify breath samples into Normal, Mild Risk, and High-Risk categories.

During the prediction stage, the trained classifier takes the preprocessed data from the
sensors as input and performs the rule evaluations one by one to identify the respective risk
level of pneumonia. The decision tree classifier uses a rule-based algorithm for classification,
thus providing an efficient method of classifying the inputs. The predicted pneumonia risk is

passed to the deployment phase for enabling visualization and user notification.
3.8 Model Development and Optimization

The Decision Tree algorithm is trained on the breath sensor dataset that has been
preprocessed along with the pseudo labels obtained using the K-Means clustering algorithm.
The preprocessed sensor features are fed as input into the model to create decision rules that
can distinguish the three classes of pneumonia risk. In order to make the trained model
generalize better and prevent the problem of overfitting, suitable values for hyperparameters
such as maximum tree depth, minimum samples needed to split a node, and minimum samples
required at the leaves are selected. In addition, cross-validation is used to assess the robustness
of the model and feature importance analysis to find out the impact of each feature on

classification.

Gini impurity criterion is used in the Decision Tree to select the best feature and the

threshold at which each decision node is split. Gini impurity is defined as
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G=1-) @)

where p; represents the probability of samples belonging to the i" class, and n denotes
the total number of risk categories. A lower value of Gini impurity leads to a better separation
between the classes. This gives rise to better decision boundaries and, thus, better classification

of the risk of pneumonia. The tuned classifier is then used for live prediction.
3.9 Real-Time Deployment

The decision tree classifier is used to conduct the prediction of risks associated with
pneumonia on a live basis by using sensor signals from breath. As such, exhaled breath is
sampled using MQ-3, MQ-135, and BME680 sensors and the data transmitted by the Arduino
UNO for processing. Data from the sensors undergoes similar preprocessing procedures that

were undertaken during the training of the model.

The pre-processed data from the sensors are train into the Decision Tree classifier
model that will predict the risk level associated with pneumonia as Normal, Mild Risk, and
High Risk. This prediction is instantaneously shown on the 16x2 LCD screen. The entire
deployment process allows the continual, non-invasive, and real-time assessment of the risk
level of pneumonia without using traditional imaging equipment and laboratory-based
diagnostic methods. The fusion of embedded sensing, intelligent data processing, and
prediction capability makes it possible for the proposed system to act as a decision support

system for preliminary pneumonia screening.

4, Results and Discussion
4.1 Experimental Setup

The proposed breath-based pneumonia detection system was subjected to experimental
tests to determine its ability to predict real-time risks. The experiments were performed through
the hardware prototype built together with the MQ-3, MQ-135, and BME680 gas sensors. The
breath sensor data collected was analyzed through Python, where the K-Means algorithm was
used to label the data, and then the Decision Tree classifier was used. The model’s performance
was evaluated based on classification metrics such as accuracy, precision, recall, and F1-score.

The experimental setup used for the model testing is shown in Table 3.
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Table 3. Experimental setup and evaluation configuration

Parameter

Configuration

Hardware Platform

Arduino UNO with MQ-3, MQ-135, and BME680 sensors

Programming Environment

Python 3.x

Machine Learning Library

Scikit-learn

Clustering Algorithm

K-Means

Classification Algorithm

Decision Tree

Feature Set

Six preprocessed sensor features

Data Normalization

Min-Max Normalization

Validation Strategy

Train-Test Split (80:20)

Evaluation Metrics

Accuracy, Precision, Recall, and F1-score

Output

Normal, Mild Risk, and High Risk

4.2 Multi-Sensor Response and Risk Segmentation Analysis

Efficacy of the breath-based pneumonia detection system was initially verified based

on analysis of responses from the combined gas sensor array. Clustered results from sensors

are depicted in Figure 3, the K-Means clustering algorithm categorizes the breath samples into

three categories such as Normal, Mild Risk, and High-Risk. It is evident from the visualization

that the resulting feature values for sensors vary in the VOC levels and therefore can be

classified into separate clusters.
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Figure 3. Multi-sensor response analysis across pneumonia risk categories

Cluster analysis shows that the samples with similar characteristics of VOCs have been
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classified into the risky clusters. The output of MQ-3, MQ-135, and BME680 sensors adds
more dimensions to the information about alcohol concentration, air quality, gas resistance,
temperature, humidity, and pressure, which means that breath characteristics are represented
better. It is proved by the obtained cluster distribution, meaning that the selected features of

sensors characterize the variation well in connection with pneumonia risk.

The distinct separation among the three clusters demonstrates the ability of the
suggested preprocessing and K-Means clustering algorithm to classify unlabeled breath data
into relevant pneumonia risk groups. The outputs from such clustered data form a solid basis
for supervised classification and contribute to successful pneumonia risk prediction in real-

time applications.
4.3 Decision Tree Classification Performance

The performance of the Decision Tree classifier model proposed was tested using the
preprocessed breath sensor dataset along with the pseudo labels formed using K-Means
clustering. The performance of the classification was measured using accuracy, precision,

recall, and F1 score. The results obtained are provided in Table 4.

Table 4. Performance evaluation of the proposed decision tree classifier

Performance Metric Value (%)
Accuracy 95.84
Precision 95.12

Recall 94.87
F1-Score 94.99

The proposed classifier was achieved an overall accuracy of 95.84%, which proved the
ability of the model to classify breath samples in the three pneumonia risk categories. The high
consistency in precision, recall, and Fl-score reflects the consistency of the classification
model, as well as the reliability of the predictions at any level of risk. This proves the

effectiveness of the framework used in the pneumonia risk assessment.

5. Conclusion and Future Work

This research presented a breath-based pneumonia detection system incorporating a

multi-sensor gas sensing system with machine learning that enables non-invasive and real-time
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pneumonia detection. The system includes the MQ-3, MQ-135, and BME680 sensors to
analyze the breath samples based on their properties related to respiratory diseases, where the
K-Means clustering and Decision Tree classifiers help in conducting risk assessment and
classification processes. It was found that the system provides a low-cost approach to
pneumonia detection using multi-sensor breath analysis. The integration of embedded sensing
and machine learning ensures fast decisions are made with low computing needs. In the future,
efforts will be concentrated on increasing the breadth of the dataset using clinical validation,
adding other VOC biomarkers for specific diseases, and exploring machine learning and deep
learning algorithms to further improve the robustness and generalizability of the proposed

system.
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