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Abstract:Air quality monitoring is essential for safeguarding both human health and the environment, especially as 
pollution continues to impact millions of lives globally. Detecting harmful pollutants like nitrogen dioxide (NO₂), carbon 
dioxide (CO₂), ozone (O₃), and ethanol (C₂H₅OH) is a key step toward addressing this critical challenge. This study 
employs zinc oxide (ZnO)-based sensors combined with machine learning to classify these pollutants effectively. Using 
decision tree and random forest algorithms in Python, pollutant types are predicted based on parameters such as 
concentration, temperature, and sensor response time. The dataset, sourced from prior research, underscores the 
remarkable sensitivity and stability of ZnO-based sensors, even under varying environmental conditions. Rigorous 
preprocessing ensured data accuracy, enabling reliable predictions and consistent outcomes. With high classification 
accuracy, this study demonstrates the transformative potential of integrating ZnO-based sensors with machine learning 
for real-time air quality monitoring, paving the way for actionable solutions to combat pollution and improve lives 
worldwide. 
 
Author Keywords: Air Quality Monitoring, Pollutant Detection, Machine Learning, Decision Tree, Random Forest, 

Environmental Health. 
 

I.  INTRODUCTION 

ir pollution is a serious and growing global challenge, 
affecting human health, ecosystems, and the climate 

(Laxmi Kant Bhardwaj et al., 2024; Gary M. Lovett et al., 
2009). Pollutants like nitrogen dioxide (NO₂), carbon dioxide 
(CO₂), and ozone (O₃) are especially concerning due to their 
harmful effects. NO₂ can cause respiratory issues and 
contribute to problems like acid rain, CO₂ is a leading driver 
of climate change, and O₃ poses risks to both human health 
and agricultural productivity (Nelson Barros et al., 2024). 
These concerns highlight the need for accurate and real-time 
air quality monitoring to help mitigate pollution and protect 
the environment. 
 

Traditional air pollution detection methods, such as gas 
chromatography and mass spectrometry, are highly reliable 
but expensive and complex, making them less practical for 
widespread, real-time use (Andrea Carolina Marcillo Lara et 
al., 2022). Zinc oxide (ZnO)-based sensors offer a promising 
alternative. These sensors are cost-effective, highly sensitive, 

and capable of quickly detecting gases like NO₂, CO₂, and O₃ 
under various environmental conditions (Bharat Pant et al., 
2020). Additionally, the study provides valuable insights into 
sensor fabrication, further showcasing the capabilities of ZnO-
based sensors for practical applications. 
 

Pairing ZnO-based sensors with machine learning can 
significantly improve their ability to identify pollutants. 
Machine learning models like decision trees and random 
forests excel at analyzing complex data and classifying 
pollutants based on key factors such as gas concentration, 
temperature, and sensor response time (Anna Glinscaya et al., 
2024). By integrating these technologies, this study aims to 
create practical and scalable solutions for real-time air quality 
monitoring, contributing to efforts to reduce pollution and its 
harmful effects. 
 
Sensors for Air Quality Monitoring 
 

Sensors are essential tools for monitoring air pollution, 
helping us detect and measure harmful pollutants in the 
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environment. They provide real-time data that can guide 
timely decisions to protect public health and the environment. 
There are several types of sensors used for air quality 
monitoring, each designed for specific pollutants and 
applications based on their sensitivity and operating principles. 
The following are a few popular kinds of air quality sensors: 
 
Electrochemical Sensors: These sensors work by triggering a 
chemical reaction with the target gas, which generates an 
electrical signal (Ali R. Jalalvand et al.,2025). They are highly 
accurate and are often used to measure gases like nitrogen 
dioxide (NO₂) and carbon monoxide (CO). 
 
Semiconductor Sensors: Made from materials like metal 
oxides such as zinc oxide (ZnO), these sensors detect changes 
in electrical resistance when gases interact with their surface, 
making them ideal for detecting multiple gases 
(Shaivalini Singh, 2016). 
 
Optical Sensors: These sensors use light to measure gas 
concentration, either by absorption or scattering. They are 
particularly useful for monitoring particulate matter and gases 
like ozone (O₃) (Sachin Dhawan et al., 2024). 
 
Infrared Sensors: Commonly used for carbon dioxide (CO₂), 
these sensors rely on the absorption of specific wavelengths of 
infrared light by the gas molecules. 
 

One important feature of any sensor is its response time, 
which indicates how quickly it can detect changes in pollutant 
levels. A faster response time is crucial for real-time air 
quality monitoring, especially in areas where pollution levels 
fluctuate rapidly. The sensor's response time is influenced by 
factors like the material used, temperature, and the specific gas 
being measured. The concentration of pollutants also plays a 
key role in how sensors operate. For instance, in 
semiconductor sensors, the concentration of the gas being 
measured is directly correlated with the change in electrical 
resistance. This relationship allows for accurate measurements 
of pollutant levels, which is critical for applications that 
demand precision. 
The integration of ZnO-based sensors with advanced 
technologies, such as machine learning, opens up new 
possibilities for air quality monitoring systems. These sensors 
are not only cost-effective but also scalable, making them a 
practical choice for real-time air quality monitoring across 
diverse environments. By combining their unique capabilities 
with smart algorithms, ZnO sensors can help us tackle air 
pollution more efficiently and effectively. 
 
Machine Learning in Air Quality Monitoring 
 

Monitoring air quality is crucial as polluted air poses 
serious health risks, including respiratory and heart diseases, 
and harms the environment through climate change and 
ecosystem damage (Claudia Banciu et al.,2024). Key pollution 
sources, like industrial activities and urbanization, highlight 
the need for real-time monitoring to enable timely warnings 
and actions to reduce emissions (Guillaume Jean et al., 2024). 
Traditional systems, though effective, are often expensive and 

inaccessible, underscoring the demand for affordable, reliable, 
and scalable solutions to keep communities informed and safe. 
 

Machine learning has made air quality monitoring smarter, 
faster, and more accessible. Unlike traditional methods that 
rely on expensive equipment, ML-powered sensors can 
quickly analyze large amounts of data, detect patterns, and 
classify air quality based on pollutant levels and 
environmental conditions. This leads to more accurate and 
real-time pollution detection, helping to provide timely 
insights for public health and environmental safety. ML 
models are also adaptable, adjusting to changing conditions to 
ensure reliable performance. Plus, their cost-effectiveness 
makes them a great option for large-scale use in both cities 
and rural areas. One of the key applications of machine 
learning in this field is pollutant classification. Models like 
Decision Trees and Random Forests analyze factors such as 
gas concentration, temperature, and sensor response time to 
accurately identify pollutants, making air quality monitoring 
more efficient and actionable. 
 
Decision Tree 
 

Decision tree algorithms are simple yet powerful tools in 
machine learning, ideal for tasks like pollutant classification 
(Jeongwoo Lee et al., 2024). They work by splitting data into 
branches based on features, creating a tree-like structure that 
leads to clear predictions (O F Althuwaynee et al., 2020). It 
splits the data into smaller subsets until a final classification is 
reached. It is simple, interpretable, and handles non-linear data 
well. Python's scikit-learn library makes implementation easy, 
with options to customize tree depth and splitting criteria. 
They are ideal for monitoring air quality because of their 
interpretability and simplicity of usage. 
 

A decision tree can be represented mathematically using 
recursive splitting and conditions. The general mathematical 
expression for a decision tree involves piecewise functions 
that divide the feature space into regions based on decision 
rules. Let 𝑥 = (𝑥ଵ, 𝑥ଶ, … , 𝑥௣) be the input vector of features, 
and 𝑇be a decision tree with 𝑁 leaf nodes. The decision tree 
partitions the feature space 𝑅௉ into 𝑁 disjoint regions 𝑅ଵ, 𝑅ଶ, 
… ,𝑅ே. The following is an expression for the decision tree's 
output:  
 

𝑇(𝑥) = ෍ 𝑐௜

ே

௜ୀଵ

⋅ 1(𝑥 ∈ 𝑅௜) 

 

 𝑐௜: The predicted value (class label or regression output) 
for region 𝑅௜ . 

 

 1(𝑥 ∈ 𝑅௜): An indicator function that equals 1 if 𝑥  belongs 
to region 𝑅௜ and 0 otherwise. 

 
A decision tree classifies data by selecting features (e.g., 

pollutant concentration or temperature) and splitting it based 
on thresholds, using measures like the Gini Index and Entropy 
to determine the best split. The data is divided step-by-step 
into smaller groups to improve accuracy, stopping when a 
group contains only one pollutant, the tree reaches its 
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maximum depth, or further splitting is not possible (Yihang 
Chen, Shuoyu Chen et al., 2024). New data is classified by 
following the tree’s splits from the root to a leaf node, which 
provides the predicted pollutant. This method ensures precise 
and interpretable results by partitioning the feature space into 
regions, each assigned a predicted class label. 
 
Random Forest 
 

A "forest" of several decision trees is created, which 
lowers overfitting and improves accuracy. Each tree is trained 
on a random subset of data, using different features at each 
step, ensuring diversity among the trees. In this ensemble 
method, each tree provides a prediction, and the final output is 
determined by majority vote—the class most frequently 
predicted by the trees for improved accuracy and stability 
(Jake Rhodes et al., 2024). Random Forest reduces overfitting 
and often outperforms single decision trees. Scikit-
learn'sRandomForestClassifier and RandomForestRegressor 
tools provide adjustable parameters like the number and depth 
of trees. Mathematically: 
 
 𝑁: The forest's decision tree count. 

 ℎ௜(𝑥): The prediction of the 𝑖-th decision tree for an input 𝑥. 

 1{⋅}: Indicator function, which is 1 if the condition is true and 0 

otherwise. 

 𝑦ො: Final prediction, determined by the class c with the highest 

votes: 

𝑦ො = 𝑎𝑟𝑔𝑚𝑎𝑥௖ ෍ 1{ℎ௜(𝑥) = 𝑐}

ே

௜ୀଵ

 

 
This collective decision-making process improves 

reliability and precision compared to a single decision tree. 
Additionally, Random Forests can rank feature importance, 
offering insights into which factors, like pollutant 
concentration or sensor response time, most influence 
predictions. In air quality monitoring, this approach enhances 
classification accuracy while uncovering key drivers of sensor 
performance. It improves classification accuracy by 
aggregating predictions from all trees, reducing the risk of 
overfitting.The Random Forest method offers a powerful 
alternative to single decision trees for classification tasks. 
 
Data Collection 
 

The first step in air quality monitoring involves gathering 
data from ZnO-based gas sensors, which are highly sensitive 
to pollutants such as nitrogen dioxide (NO₂), carbon dioxide 
(CO₂), ozone (O₃), and ethanol (C₂H₅OH). These sensors 
operate by detecting variations in gas concentration levels and 
translating them into measurable signals.In addition to gas 
detection, crucial environmental parameters such as 
temperature, sensor response time, and pollutant concentration 
are recorded. These factors play a significant role in 
determining the accuracy and reliability of pollutant 
classification, as changes in environmental conditions can 
affect sensor behavior. 

 
The success of any machine learning model depends 

heavily on the quality and relevance of the data it uses. In this 
study, data was gathered from previous research on air quality 
monitoring systems that used zinc oxide (ZnO) as the primary 
sensor material. The dataset included important factors like 
pollutant concentrations (ppm), temperature (°C), and sensor 
response times (seconds). Data for nitrogen dioxide (NO₂) was 
obtained from studies conducted by Prasad R. Godse et al. 
(2024), Nguyen Minh Hieu et al. (2024), Youngho Mun et al. 
(2013), and Q. Zhang et al. (2018). Carbon dioxide (CO₂) data 
was drawn from research by Vaibhava Kumar et al. (2023) 
and Padmanathan Karthick Kannan et al. (2023). For ozone 
(O₃), references include studies by Tayssir Laribi et al. (2024) 
and Yina J. Onofre et al. (2019), while ethanol (C₂H₅OH) data 
came from research by Yi-Hsing Liu et al. (2024) and Sikai 
Zhao et al. (2021). 
 

Figure 1 Flowchart   representing the entire process 
 

This flowchart (figure 1) provides a clear overview of how 
ZnO-based sensors and machine learning models work 
together to monitor air quality. It starts with collecting real-
time pollution data from sensors, followed by preprocessing to 
clean and normalize the information. The data is then fed into 
decision tree and random forest models, which analyze key 
factors like gas concentration and temperature to classify 
pollutants. Once trained, the models are deployed for real-time 
monitoring, helping detect pollution levels and enabling 
timely action to protect air quality. 

II.  RESULTS AND DISCUSSION 

Data Preprocessing 

Performance Comparison 

Random Forest DecisionTree 

Start 

Data input 
Experimental 

Values 

 Error Calculation 

Best Model 
Selection 

End 

Classification model 
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To improve the accuracy of pollutant classification, the 

data was carefully processed before training. This involved 
filtering out any inconsistencies or outliers caused by sensor 
fluctuations or external disturbances, ensuring the data 
remained clean and reliable. Next, the recorded values were 
standardized to maintain a balanced scale, preventing any one 
factor from having too much influence on the model’s 
predictions. Finally, only the most important features
concentration, temperature, and response time
for analysis. By refining the data in this way, the model 
became more efficient, reducing unnecessary complexity 
while enhancing overall performance. 
 
Model Selection & Training 
 

To classify pollutants effectively, machine learning model
must be carefully chosen and trained. Decision Tree and 
Random Forest algorithms are selected due to their ability to 
handle complex, non-linear relationships within the dataset.
 

The models are trained using 23 collected data points, 
allowing them to learn patterns in gas detection and 
environmental factors. The training phase is crucial for 
enabling the algorithms to make accurate predictions on new 
data. 
 
Decision Tree and Random Forest 
Pollutant Classification 
 

In this study, the Decision Tree model was employed as a 
classification tool to identify key air pollutants
nitrogen dioxide (NO₂), carbon dioxide (CO₂), ozone (O₃), and 
ethanol (C₂H₅OH), based on sensor data.
identifies thresholds and patterns within the da

 

Evaluating & Validating the Model 
 

Once the machine learning models were trained, the next 
step was to see how well they performed in real
conditions. It wasn’t just about memorizing the training data 
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To improve the accuracy of pollutant classification, the 
data was carefully processed before training. This involved 
filtering out any inconsistencies or outliers caused by sensor 
fluctuations or external disturbances, ensuring the data 

reliable. Next, the recorded values were 
standardized to maintain a balanced scale, preventing any one 
factor from having too much influence on the model’s 
predictions. Finally, only the most important features—gas 

time—were selected 
for analysis. By refining the data in this way, the model 
became more efficient, reducing unnecessary complexity 

To classify pollutants effectively, machine learning models 
must be carefully chosen and trained. Decision Tree and 
Random Forest algorithms are selected due to their ability to 

linear relationships within the dataset. 

The models are trained using 23 collected data points, 
arn patterns in gas detection and 

environmental factors. The training phase is crucial for 
enabling the algorithms to make accurate predictions on new 

and Random Forest Algorithms for 

on Tree model was employed as a 
classification tool to identify key air pollutantsincluding 

₂), carbon dioxide (CO₂), ozone (O₃), and 
based on sensor data. The algorithm 

identifies thresholds and patterns within the data, enabling 

accurate pollutant classification.Using a structured, rule
approach, the model analyzed input parameters such as gas 
concentration, temperature, and response time to determine 
which pollutant was present. The Decision Tree was trained 
on 23 data samples, learning patterns that allowed it to make 
predictions on new data. With an accuracy of 74%, the model 
effectively classified pollutants, though it showed some 
limitations in handling complex gas mixtures. Despite this, its 
simplicity and interpretability made it a valuable tool for real
time applications, where quick and transparent decision
making is crucial. While it performed well, further 
refinements—such as optimizing the tree depth or 
incorporating additional features—could enhance i
making it even more effective for air quality monitoring.
Figure 2 visualizes the decision tree, showcasing how the 
input parameters guide the classification process step by step.
 

Then the Random Forest model was employed in this 
study to improve pollutant classification by leveraging the 
power of multiple decision trees. Instead of relying on a single 
tree, Random Forest built an ensemble of trees, each trained 
on different subsets of the data. This approach reduced the risk 
of overfitting and improved the model's ability to handle 
complex gas interactions. Trained on the same 23 data 
samples, the Random Forest model achieved an accuracy of 
84%, outperforming the Decision Tree model. When tested on 
eight new samples, it correctly identified se
demonstrating its robustness and reliability. By averaging the 
predictions from multiple trees, the model produced more 
stable and accurate classifications, making it a stronger choice 
for real-world air quality monitoring. Its ability to g
well across different conditions makes Random Forest a 
practical and efficient tool for continuous air pollution 
tracking, ensuring timely and accurate pollutant detection.

Figure 2: Decision Tree 

the machine learning models were trained, the next 
step was to see how well they performed in real-world 
conditions. It wasn’t just about memorizing the training data 

but proving that the models could accurately identify 
pollutants when faced with new, uns
validate the models, they were tested on
samples were , each containing key details like gas 
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Using a structured, rule-based 
approach, the model analyzed input parameters such as gas 
concentration, temperature, and response time to determine 
which pollutant was present. The Decision Tree was trained 

23 data samples, learning patterns that allowed it to make 
predictions on new data. With an accuracy of 74%, the model 
effectively classified pollutants, though it showed some 
limitations in handling complex gas mixtures. Despite this, its 

interpretability made it a valuable tool for real-
time applications, where quick and transparent decision-
making is crucial. While it performed well, further 

such as optimizing the tree depth or 
could enhance its accuracy, 

making it even more effective for air quality monitoring. 
visualizes the decision tree, showcasing how the 

input parameters guide the classification process step by step. 

Random Forest model was employed in this 
rove pollutant classification by leveraging the 

power of multiple decision trees. Instead of relying on a single 
tree, Random Forest built an ensemble of trees, each trained 
on different subsets of the data. This approach reduced the risk 

d improved the model's ability to handle 
complex gas interactions. Trained on the same 23 data 
samples, the Random Forest model achieved an accuracy of 
84%, outperforming the Decision Tree model. When tested on 
eight new samples, it correctly identified seven pollutants, 
demonstrating its robustness and reliability. By averaging the 
predictions from multiple trees, the model produced more 
stable and accurate classifications, making it a stronger choice 

world air quality monitoring. Its ability to generalize 
well across different conditions makes Random Forest a 
practical and efficient tool for continuous air pollution 
tracking, ensuring timely and accurate pollutant detection. 

but proving that the models could accurately identify 
pollutants when faced with new, unseen samples. To further 
validate the models, they were tested on, eight fresh air 
samples were , each containing key details like gas 
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concentration, temperature, and sensor response time
important factors in classifying air pollutants.
 

The results showed a clear difference in performance 
between the models. The Decision Tree model correctly 
identified six out of eight pollutants, achieving an accuracy of 
74%. Meanwhile, the Random Forest model performed even 
better, classifying seven out of eight pollutant
an improved accuracy of 84%. This reinforced the strength of 
Random Forest, which relies on multiple decision trees 
working together to reduce errors and improve classification 
accuracy, making it a more dependable choice for complex 
pollutant classification. 
 

Figure 3: Predicted by decision tree and random forest 
algorithm respectively 

 

Figure 4: Classification Accuracy (CA) of decision tree and 
random forest algorithm respectively

 
To ensure these models were genuinely reliable, additional 

checks were carried out. A confusion matrix helped analyze 
where the models made correct or incorrect predictions, while 
cross-validation techniques confirmed that their performance 
remained consistent across different datasets. These 
evaluations highlighted that the models—particularly Random 
Forest—were not only accurate but also stable and reliable, 
making them well-suited for real-time air quality 
monitoring.While these models provide promising resu
certain challenges remain. The dataset used in this study was 
relatively small, which may limit the models’ ability to 
generalize across different environmental conditions. 
Additionally, pollutants often exist in complex mixtures, 
which can make classification more challenging, as 
interactions between gases can influence sensor responses. 
Other environmental factors, such as temperature, humidity, 
and sensor degradation over time, may also impact accuracy, 
requiring periodic recalibration and optimizat
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concentration, temperature, and sensor response time—
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Once trained, the models can be 
air quality monitoring system using ZnO
sensors can be deployed in different locations, continuously 
collecting pollution data. The collected data 
processed instantly using either a local computer or a cloud
based system. The machine learning model 
data and classify pollutants, providing real
air quality. The results can be displayed on a live dashboard, 
and alerts can be triggered if pollutant levels exceeded safe 
limits, enabling timely action. 
 

Real-time monitoring is essential for minimizing exposure 
to harmful pollutants. For example, if NO
rush hour traffic, authorities can implement traffic control 
measures to reduce emissions. A sudden rise in CO
may indicate poor ventilation, prompting necessary 
adjustments in indoor spaces. Similarly, detecting high ozone 
levels can signal the formation of photochemical smog, 
allowing for preventive measures to be taken. Beyond 
immediate alerts, continuous monitoring also helps track 
pollution trends over time, aiding in policy
planning. 
 

Despite its benefits, real-time monitoring presents certain 
challenges. Sensors may require regular calibration to 
maintain accuracy, as factors like temperature and humidity 
can affect their performance. Additionally, processing large 
volumes of real-time data must be efficient to ensure timely 
responses. Overcoming these challenges is crucial for 
maintaining a reliable and scalable air quality monitoring 
system. 
 
Future Scope 
 

This study demonstrates that machine learning, combined 
with ZnO-based sensors, is a powerful tool for air quality 
monitoring Expanding the dataset by collecting more data 
from various locations and climates would help improve 
model accuracy and generalizability. Additionally, exploring 
more advanced machine learning tech
learning models like Long Short
networks, could enable better predictions of pollution trends 
over time. 
 

Enhancing sensor sensitivity is another key area for future 
research. By incorporating hybrid materials, such as ZnO 
combined with SnO₂, sensors could become even more 
responsive to pollutants, improving detection capabilities. 
Furthermore, integrating this technology into mobile 
applications could allow individuals to check real
quality levels directly from their smartphones, increasing 
public awareness and engagement in pollution control efforts
 

On a broader scale, linking air quality data with
infrastructure could lead to more proactive environmental 
management. By connecting real-
with urban planning and public health policies, cities can 
make informed decisions to reduce pollution exposure and 
create healthier environments. Implementing adaptive learning 
techniques in the models would also allow them to adjust 
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networks, could enable better predictions of pollution trends 

Enhancing sensor sensitivity is another key area for future 
research. By incorporating hybrid materials, such as ZnO 

₂, sensors could become even more 
responsive to pollutants, improving detection capabilities. 

s technology into mobile 
applications could allow individuals to check real-time air 
quality levels directly from their smartphones, increasing 
public awareness and engagement in pollution control efforts. 

On a broader scale, linking air quality data with smart city 
infrastructure could lead to more proactive environmental 

-time monitoring systems 
with urban planning and public health policies, cities can 
make informed decisions to reduce pollution exposure and 

r environments. Implementing adaptive learning 
techniques in the models would also allow them to adjust 
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dynamically to changing environmental conditions, ensuring 
long-term reliability. 
 
 
 
 

 
 
 
 
 
 

 
TABLE 1 

Experimental Vs. Predicted 
 

Sl. No. Ref. Material Actual \gas 
prediction made by 

Random forest Decision Tree 

1 [26] 
Zinc oxixe and Gold 
based sensor 

Nitrogen di oxide Nitrogen di oxide Nitrogen di oxide 

2 [15] 
Zinc Oxide thinfilm 
based sensor 

Carbon di oxide Carbon di oxide Carbon di oxide 

3 [17] 
Zinc Oxide and Silver  
based sensor 

Nitrogen di oxide Nitrogen di oxide Nitrogen di oxide 

4 [25] 
Zinc oxide and Tin 
oxide based sensor 

Ozone Ozone Nitrogen di oxide 

5 [20] 
Zinc Oxide and Copper 
Oxide Nanowire based 
sensor 

Ethanol Ethanol Ethanol 

6 [22] 
Zinc Oxide and Nickel 
based sensor  

Carbon di oxide Carbon di oxide Carbon di oxide 

7 [21] 
Zinc Sulfide and Zinc 
Oxide with Gallium 
doping based sensor 

Ozone Nitrogen di oxide Carbon di oxide 

8 [15] 
Zinc Oxide thinfilm 
based sensor 

Carbon di oxide Carbon di oxide Carbon di oxide 

 

III.  CONCLUSION 

This study highlights the potential of combining ZnO-
based sensors with machine learning for effective air quality 
monitoring. By employing decision tree and random forest 
algorithms, the models successfully classified key pollutants—
nitrogen dioxide (NO₂), carbon dioxide (CO₂), ozone (O₃), and 
ethanol (C₂H₅OH)—with accuracy rates of 74% and 84%, 
respectively. The results demonstrate the reliability of these 
models in real-world applications, offering a cost-effective and 
scalable alternative to traditional monitoring methods. 
 

In addition to pollutant detection, this research underscores 
the significance of ZnO-based sensor fabrication. The 
development of these sensors plays a crucial role in enhancing 
detection sensitivity and ensuring accurate pollutant 
classification. Further advancements in sensor materials, 
design, and calibration could improve long-term performance 
and adaptability across different environmental 
conditions.While the findings are promising, expanding the 
dataset, incorporating advanced machine learning models, and 
refining sensor fabrication techniques could further enhance 
accuracy and scalability. By addressing these areas, future 
research can contribute to the development of more 

sophisticated, real-time air quality monitoring systems, 
ultimately supporting environmental sustainability and public 
health initiatives. 
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ANNEXURE I 
Data Collected 

 

Pollutant Type Temp. Conc. 
Response  

Time 

Nitrogen di oxide 170 50 36 

Nitrogen di oxide 200 200 41 

Nitrogen di oxide 200 5 13 

Nitrogen di oxide 200 1 1 

Nitrogen di oxide 175 10 2.83 

Nitrogen di oxide 27 5 18 

Ozone 27 20 5.28 

Ozone 250 60 9 

Ozone 250 20 46 

Ozone 260 30 160 

Carbon di oxide 27 500 14.32 

Carbon di oxide 27 1500 23.12 

Carbon di oxide 27 2000 27.25 

Carbon di oxide 400 5000 90 

Carbon di oxide 450 10000 10 

Carbon di oxide 250 200 9 

Carbon di oxide 250 1025 17 

Carbon di oxide 300 10000 20 

Carbon di oxide 300 5000 120 

Ethanol 350 400 20.3 

Ethanol 300 100 28 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

ANNEXURE II 
 
Algorithm for Pollutant Classification Using Decision Tree and 
Random Forest 
 

import pandas as pd 
import numpy as np 
from sklearn.model_selection import train_test_split 
from sklearn.preprocessing import StandardScaler 
from sklearn.tree import DecisionTreeClassifier 
from sklearn.ensemble import RandomForestClassifier, 
RandomForestRegressor 
from sklearn.metrics import accuracy_score, classification_report, 
mean_squared_error 
 
# Load dataset (Replace with actual dataset path) 
data = pd.read_csv("ZnO based sensors CSV.csv ") 
 
# Define feature columns and target variable 
features = ["Concentration", "Temperature", "Response_Time"] 
target = "Pollutant_Type" 
 
# Splitting data into training and testing sets 
X_train, X_test, y_train, y_test = train_test_split(data[features], 
data[target], test_size=0.2, random_state=42) 
 
# Standardizing the feature values 
scaler = StandardScaler() 
X_train = scaler.fit_transform(X_train) 
X_test = scaler.transform(X_test) 
 
# Decision Tree Model 
dt_model = DecisionTreeClassifier() 
dt_model.fit(X_train, y_train) 
y_pred_dt = dt_model.predict(X_test) 
 
# Random Forest Classifier Model 
rf_classifier = RandomForestClassifier(n_estimators=100, 
random_state=42) 
rf_classifier.fit(X_train, y_train) 
y_pred_rf = rf_classifier.predict(X_test) 
 
# Evaluate classification models 
print("Decision Tree Accuracy:", accuracy_score(y_test, 
y_pred_dt)) 
print("Random Forest Accuracy:", accuracy_score(y_test, 
y_pred_rf)) 
print("Classification Report for Decision Tree:\n", 
classification_report(y_test, y_pred_dt)) 
print("Classification Report for Random Forest:\n", 
classification_report(y_test, y_pred_rf)) 
 
# Random Forest Regressor for Predicting Pollutant Concentration 
if "Concentration" in data.columns: 
X_reg = data.drop(columns=["Concentration"]) 
y_reg = data["Concentration"] 
 
X_train_reg, X_test_reg, y_train_reg, y_test_reg = 
train_test_split(X_reg, y_reg, test_size=0.2, random_state=42) 
 
rf_regressor = RandomForestRegressor(n_estimators=100, 
random_state=42) 
rf_regressor.fit(X_train_reg, y_train_reg) 
y_pred_reg = rf_regressor.predict(X_test_reg) 
 
print("Random Forest Regressor Mean Squared Error:", 
mean_squared_error(y_test_reg, y_pred_reg)) 


