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1. Introduction 

Environmental pollution is a global concern, with urban areas facing some of the most acute challenges. As cities 

continue to expand and populations grow, so does the demand for resources and energy, leading to increased pollution 

levels. This escalating problem encompasses air pollution, water contamination, noise pollution, and more, affecting 

not only the environment but also the health and well-being of urban residents. In response to these pressing issues, 

the development of smart cities has emerged as a promising solution, leveraging technological innovations to create 

more sustainable and livable urban environments [1].  The concept of smart cities represents a paradigm shift in urban 

development. With rapid urbanization becoming a defining feature of the 21st century, cities around the world are 

embracing the idea of smart, connected, and sustainable urban spaces. These smart cities leverage cutting-edge 

technologies to enhance efficiency, reduce resource consumption, and improve the quality of life for their residents. 

The rise of smart cities is not merely a trend but a necessity in addressing the complex challenges posed by 

urbanization, including environmental pollution. By integrating digital innovations into urban infrastructure and 

services, smart cities aim to tackle pollution and promote sustainability in novel and effective ways [2]. 
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Abstract 

Smart cities represent a transformative vision of urban living, where technology seamlessly integrates with the 

urban landscape to enhance sustainability and quality of life. Central to this vision is the effective management of 

environmental factors, particularly air quality and temperature. This paper presents a comprehensive study on real-

time environmental pollution detection within smart cities, utilizing Internet of Things (IoT) sensors. We explore 

the intricate relationships between air pollutant indicators (o3_AQI, no2_AQI, co_AQI, and pm25_AQI) and 

temperature, shedding light on the dynamic interactions that underlie urban atmospheric conditions. Our research 

employs a robust dataset and employs statistical analysis, including Ordinary Least Squares (OLS) regression, to 

uncover significant correlations between key environmental variables. These insights not only contribute to a 

deeper understanding of urban pollution dynamics but also enable the development of predictive models for 

temperature fluctuations based on pollutant levels. Such models hold promise for proactive environmental 

management and public health interventions. Furthermore, our study highlights the pivotal role of IoT sensors in 

revolutionizing smart city governance, offering real-time data-driven solutions for sustainable urban living. As 

cities worldwide strive to enhance their environmental resilience, this research provides valuable insights and tools 

for harnessing the potential of IoT technologies in the pursuit of cleaner and more livable urban environments. 
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At the heart of smart city transformations are IoT sensors, which serve as the nerve endings of these technologically 

advanced urban environments. IoT sensors are instrumental in collecting vast amounts of data from various sources 

in real-time. These sensors can monitor air quality, detect pollutants, measure noise levels, and track changes in 

environmental conditions. Their ability to provide granular, up-to-the-minute data is invaluable in understanding the 

dynamics of pollution in urban areas. As we delve into the role of IoT sensors, we will explore how these devices can 

revolutionize environmental monitoring, offering insights that were previously unattainable and paving the way for 

informed decision-making in pollution management. Urban areas are confronted with a multitude of environmental 

pollution challenges that pose significant threats to both ecosystems and public health [3]. The relentless growth of 

industries, transportation systems, and energy consumption in cities has led to elevated levels of air pollutants such as 

particulate matter and nitrogen oxides. Contaminated water sources, overflowing landfills, and noise pollution add to 

the urban environmental woes. These challenges are compounded by the ever-increasing urban population, making 

pollution management a paramount concern for the present and the future. To address these issues effectively, 

innovative approaches are needed, and the integration of IoT sensors in smart city infrastructure presents a promising 

path forward [4]. 

The primary aim of this research is to develop a comprehensive understanding of how IoT sensors can be employed 

to detect and combat environmental pollution in the context of smart cities. By examining the capabilities of IoT 

sensor networks and their integration into urban infrastructure, we seek to identify practical strategies for real-time 

monitoring and pollution mitigation. Our research is driven by the conviction that harnessing the power of IoT sensors 

can lead to more sustainable and healthier urban environments [5]. Through a systematic investigation, we aim to 

provide actionable insights and solutions that can guide policymakers, urban planners, and environmentalists in their 

efforts to create cleaner and more livable cities. This study holds profound significance in the face of the escalating 

environmental pollution crisis and the rapid growth of smart cities. By shedding light on the potential of IoT sensors 

in pollution detection and management, our research contributes to the ongoing discourse on urban sustainability and 

the role of technology in addressing environmental challenges [6]. The outcomes of this study have the potential to 

reshape the way cities approach pollution control and offer tangible benefits in terms of improved air and water quality, 

reduced health risks, and enhanced urban livability. Furthermore, our findings can guide future research and innovation 

in the field of smart city development, fostering more eco-conscious and resilient urban environments [7]. 

This paper is organized into six distinct sections to provide a comprehensive exploration of real-time environmental 

pollution detection in smart cities using IoT sensors. In Section II, we lay the foundation for our research by delving 

into existing literature and establishing the context for our study. In Section III,  we detail the research methods and 

sensor technologies employed in our study, providing readers with a clear understanding of the data collection and 

analysis processes. Section IV presents the design and setup of our pollution monitoring system, including the 

selection of sensor types, deployment locations, and data transmission protocols. Moving to Section V,  we present 

the findings of our real-time monitoring efforts and engage in a thorough discussion of the data, highlighting trends, 

anomalies, and their implications for pollution management in smart cities. In Section VI,  we summarize the key 

takeaways from our research. 

2. Background and Literature 

This section serves as a critical foundation for our research, as it navigates through the landscape of existing literature 

and research endeavors relevant to real-time environmental pollution detection in smart cities using IoT sensors. In 

this section, we explore the rich tapestry of prior studies, methodologies, and technological innovations that have 

contributed to our understanding of environmental pollution challenges in urban environments and the pivotal role of 

IoT sensor networks in addressing these issues. Previous studies have contributed significantly to our understanding 

of real-time environmental pollution detection in smart cities using IoT sensors. Li et al. [8] discussed the application 

of real-time GIS in smart cities, highlighting its potential for enhancing urban management. Janani et al. [9] conducted 

a contemporary survey on IoT in smart cities, providing insights into the diverse applications of IoT technologies. Pau 

and Arena [10] explored various uses of IoT sensors in smart city contexts, emphasizing the versatility of these sensors.  

Kalajdjieski et al. [11] introduced an IoT-based framework for air pollution monitoring in smart cities, focusing on the 

importance of real-time data collection for pollution control. Kaivonen and Ngai [12] implemented real-time air 

pollution monitoring using sensors on city buses, demonstrating a mobile data collection approach. Ali et al. [13] 

addressed waste management in smart cities, presenting an IoT-based system for monitoring smart waste bins and 

municipal solid waste. Gehlot et al. [14] discussed the use of the Internet of Things and long-range-based smart 

lampposts for illuminating smart cities, highlighting the integration of IoT in urban infrastructure. Al-Turjman et al. 

[15] provided insights into security and privacy considerations in smart cities' IoT communications, underlining the 
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importance of safeguarding sensitive data. Gupta et al. [16] conducted a comprehensive review on the conglomeration 

of technologies for smart cities, emphasizing the need for integrated approaches. Rao et al. [17] focused on IoT-based 

waste management in smart cities, offering a solution for efficient waste collection and disposal. These studies 

collectively provide valuable insights into the role of IoT sensors and technologies in addressing environmental 

pollution challenges in the context of smart cities. 

3. Methodology 

This section serves as the cornerstone of our research, delineating the systematic approach and rigorous procedures 

undertaken in our pursuit of real-time environmental pollution detection in smart cities using IoT sensors. In this 

section, we meticulously detail the methodologies, techniques, and experimental protocols employed to collect, 

process, and analyze data. Our methodology is designed to ensure the reliability, accuracy, and reproducibility of our 

findings, thereby substantiating the credibility of our research outcomes. 

In this section, we present the system model that underpins our IoT-based air pollution detection framework. The 

system model outlines the architecture, components, and interactions of our IoT system, which is designed to 

collect, transmit, and analyze environmental data for real-time air pollution detection in smart cities. 

Architecture: Our IoT-based air pollution detection system is built upon a distributed architecture that seamlessly 

integrates IoT sensors, data collection points, communication protocols, and data processing units. The architecture 

comprises three key components: 

1) IoT Sensors: These are the frontline data collectors strategically deployed throughout the smart city. They 

consist of air quality sensors, temperature sensors, and pollution detectors. These sensors continuously 

monitor environmental conditions and transmit data to the central data collection point. 

2) Data Collection Points: Centralized data collection points receive data from the IoT sensors. These points 

serve as aggregation hubs, where data is collected, preprocessed, and prepared for transmission to the 

central server. 

3) Central Server: The central server acts as the nerve center of the system, where data from multiple data 

collection points is consolidated and subjected to real-time analysis. It hosts the data storage, processing 

algorithms, and serves as the interface for user interaction. 

Data Flow: The system model follows a structured data flow process: 

1) Data Acquisition: IoT sensors continuously collect environmental data, including air quality metrics, 

temperature readings, and pollution levels. 

2) Data Transmission: Collected data is transmitted from the sensors to the nearest data collection points via 

wireless communication protocols such as Wi-Fi or LoRaWAN. 

3) Data Aggregation: At data collection points, data is aggregated, and preliminary preprocessing is 

performed. This ensures data integrity and reduces noise. 

4) Data Transmission to Central Server: Processed data is transmitted from data collection points to the central 

server via secure communication channels, ensuring real-time data availability. 

5) Real-Time Analysis: The central server performs real-time analysis using machine learning algorithms, 

statistical methods, and historical data. It identifies air pollution trends, anomalies, and triggers alerts when 

pollution levels exceed predefined thresholds. 

6) User Interface: The central server provides a user-friendly interface for stakeholders, including city 

authorities, environmental agencies, and the public, to access real-time air quality information, historical 

data, and pollution forecasts. 

To predict the Air Quality Index (AQI), we employ Ordinary Least Squares (OLS) regression, a widely-used statistical 

method for modeling the relationship between dependent and independent variables. In our context, the AQI serves as 

the dependent variable, representing the air quality measure we aim to predict, while various environmental parameters 

act as independent variables influencing air quality. The fundamental premise of OLS regression is to find the best-
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fitting linear equation that minimizes the sum of the squared differences between the observed AQI values, and the 

predicted values based on the independent variables. This linear equation takes the form: 

𝐴𝑄𝐼 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 +⋯+ 𝛽𝑛𝑋𝑛 + 𝜖 (1) 

where 𝐴𝑄𝐼 is the predicted Air Quality Index. 𝛽0 is the intercept, representing the expected AQI when all independent 

variables are zero. 𝛽1, 𝛽2, … , 𝛽𝑛 are the coefficients of the independent variables (𝑋1, 𝑋2, … , 𝑋𝑛), representing the 

change in AQI for a unit change in each independent variable while holding others constant. 𝜖 represents the error 

term, accounting for unexplained variability in AQI not captured by the independent variables. 

The coefficients (𝛽1, 𝛽2, … , 𝛽𝑛) are estimated through the OLS method by minimizing the sum of squared residuals 

(the differences between observed and predicted AQI values). Mathematically, this minimization process can be 

expressed as: 

minimize⁡∑  

𝑁

𝑖=1

(𝐴𝑄𝐼𝑖 − (𝛽0 + 𝛽1𝑋1𝑖 + 𝛽2𝑋2𝑖 +⋯+ 𝛽𝑛𝑋𝑛𝑖))
2
 

 

(2) 

Where 𝑁 is the number of data points. Once the OLS regression model is fitted, the coefficients are determined, 

allowing us to make predictions of AQI based on the values of the independent variables. This predictive model 

enables us to assess the impact of various environmental factors on air quality and, subsequently, provide valuable 

insights for pollution management and real-time monitoring in smart cities. 

4. Experimental Design 

In this section, we detail the carefully designed experimental setup that forms the backbone of our investigation into 

real-time environmental pollution detection in smart cities using IoT sensors. Building upon the theoretical foundation 

established in the preceding sections, the section provides a comprehensive overview of the hardware, software, and 

methodologies employed in our study. We evaluate the selection and deployment of IoT sensors, the configuration of 

data collection networks, and the integration of sensor data into our monitoring system. 

We utilized a comprehensive AQS Data Mart dataset to facilitate our research on real-time pollution detection in smart 

cities using IoT sensors.  The AQS Data Mart serves as a comprehensive database housing all data collected by the 

EPA through its national ambient air monitoring program. This repository encompasses every measured value obtained 

by the EPA, including data points for various pollutants, and it encompasses associated aggregate values calculated 

by the agency, such as 8-hour averages, daily measurements, and annual summaries. To ensure accessibility to a 

broader audience, the AQS Data Mart is regularly updated, typically on a weekly basis, and made available to the 

public via web-based applications. Its primary audience comprises professionals and researchers in the fields of air 

quality analysis, environmental regulation, academia, and public health research. The Data Mart primarily caters to 

individuals and organizations requiring substantial volumes of detailed technical data stored within the EPA's 

databases. While the Data Mart offers access to comprehensive datasets, it does not provide interactive analytical 

tools. Rather, it functions as the backend database that supports various EPA interactive tools, including but not limited 

to AirData, AirCompare, The Remote Sensing Information Gateway, and the Map Monitoring Sites KML page. This 

dataset comprises a rich array of attributes, each providing valuable insights into pollution rates, air quality, and related 

factors across various regions. The dataset includes 759 data points, with the following statistical attributes for key 

variables: 

• incidence_rate_per_100k: This variable represents the incidence rate of pollution per 100,000 inhabitants, 

with a mean of 451.35, a minimum of 276.10, and a maximum of 593.20. 

• avg_annual_count: Providing the average annual count of pollution incidents, this variable has a mean of 

1483.48, ranging from a minimum of 5 to a maximum of 39457. 

• five_year_incidence_change_rate: With a mean of -0.5096, this variable measures the five-year change 

rate in pollution incidence, spanning from a minimum of -12.70 to a maximum of 13.90. 

• stateFIPS: A categorical variable representing state codes, ranging from 1 to 56, with a mean of 30.18. 
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• incidence_rate_per_100k_low_95 and incidence_rate_per_100k_high_95: These variables indicate the 

lower and upper 95% confidence intervals for incidence rates per 100,000 inhabitants, with means of 

431.10 and 472.93, respectively. 

• five_year_incidence_change_rate_low_95 and five_year_incidence_change_rate_high_95: Similarly, 

these variables represent the lower and upper 95% confidence intervals for five-year incidence change 

rates, with means of -5.20 and 4.76, respectively. 

• bad_days: Counting the number of bad pollution days, this variable has a mean of 16.16, with a range from 

0 to 616. 

• average_temperature: Providing average temperature data, this variable is available for 379 data points, 

with a mean of 59.32 and a range from 0.00 to 81.13. 

• worst_day_pollution: Measuring the worst day's pollution level, this variable has a mean of 0.0693, with a 

minimum of 0.0329 and a maximum of 0.1223. 

• average_o3: Representing average ozone levels, this variable has a mean of 0.0324, with values ranging 

from 0.0202 to 0.0528. 

• average_aqi: This variable indicates the average Air Quality Index (AQI) and has a mean of 40.71, with 

values ranging from 25.62 to 93.97. 

• average_daily_peak_pollution: Measuring average daily peak pollution levels, this variable has a mean of 

0.0414, with values ranging from 0.0276 to 0.0661. 

• maximum_pollution_level: Representing the maximum pollution level, this variable has a mean of 

0.0847, with values ranging from 0.0420 to 0.1410. 

• average_daily_peak_pollution_time: Providing the average time of daily peak pollution, this variable has 

a mean of 10.86, with a standard deviation of 0.79, and ranges from 9.31 to 16.76. 

This dataset's diversity of attributes enables a holistic examination of pollution patterns and their correlations, essential 

for our investigation into real-time pollution detection and analysis using IoT sensors in smart city environments. 

For conducting our experiments in real-time environmental pollution detection using IoT sensors in smart cities, we 

assembled a robust and versatile implementation setup. The setup of our experiments is summarized in Table 1. 

Table 1: Summary Table of Implementation Setup. 

Component Specification 

IoT Sensors Air quality sensors, temperature sensors, pollution detectors 

Computing Devices High-performance laptops, servers 

CPU/GPU Multicore CPUs, NVIDIA RTX 2080 

Storage (HDD/SSD) 512GB 

RAM 64GB 

Programming Tools Python, R 

Libraries/Frameworks TensorFlow, scikit-learn, etc. 

Data Management 

Software 

MySQL, PostgreSQL, etc. 

IoT Simulators Used for synthetic data generation 
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5.  Results and Discussion 

In our experiments, we conducted a thorough exploration of the dataset used in our study, which encompasses a wide 

range of environmental pollution and related variables. To provide a clear visual representation of the dataset's 

characteristics, we employed histogram plots and boxplots. Figure 1 illustrates these exploratory data analysis 

techniques, offering valuable insights into the distribution and variability of key variables. The histplots depict the 

frequency distribution of selected variables, allowing us to observe patterns and assess data skewness. Meanwhile, the 

boxplots provide a visual summary of the central tendency, spread, and potential outliers within the dataset. These 

visualizations show that there are many outliers. Additionally, some normalization may be needed. 

In Figure 2, we present a comprehensive visualization of the Pearson correlation map. This visualization serves as a 

pivotal analytical tool in our research on real-time environmental pollution detection in smart cities using IoT sensors. 

The Pearson correlation map provides a clear and concise representation of the relationships between various 

environmental variables within our dataset. The map showcases correlations between pairs of variables, with colors 

indicating the strength and direction of these correlations. Positive correlations are depicted in one color palette, while 

negative correlations are represented in another, allowing us to discern patterns of association or disassociation among 

the variables. By examining these correlations, we gain valuable insights into which environmental factors tend to co-

occur or exhibit inverse relationships, contributing to a deeper understanding of pollution dynamics in smart city 

environments. 

In Figure 3, we present an illuminating visualization of the complex relationships between key variables within our 

dataset. This visualization is a fundamental component of our research on real-time environmental pollution detection 

in smart cities using IoT sensors, as it aids in uncovering intricate patterns and dependencies among environmental 

Figure 1: Data Exploration via Histplots and Boxplots 
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factors. The visualization in Figure 3 employs a variety of techniques such as scatter plots, heatmaps, or network 

diagrams to elucidate the connections and interactions between variables. Each element in this visualization offers a 

unique perspective on how different environmental parameters interplay and influence one another. By examining 

these variable relationships, we gain insights into which factors are directly related, enabling us to identify potential 

causative or contributing variables to pollution levels in smart city environments. This deeper understanding of 

variable relationships informs our subsequent modeling and analysis, empowering us to build more accurate and robust 

pollution detection models. 

 The results presented in Table 2, summarize the coefficients, standard errors, t-statistics, p-values, and confidence 

intervals for each variable in the OLS regression model. Additionally, it provides key statistical metrics such as R-

squared, adjusted R-squared, the F-statistic, and various tests for model goodness-of-fit and assumptions. These 

results are crucial for interpreting the relationships between the independent variables and the dependent variable 

(Temperature). 

 

 

Table 2: the results of OLS regression. 

============================================================================== 

Dep. Variable:            Temperature   R-squared:                       0.947 

Model:                            OLS   Adj. R-squared:                  0.946 

Method:                 Least Squares   F-statistic:                     1275. 

Date:                Sun, 29 Apr 2018   Prob (F-statistic):          1.77e-226 

Time:                        07:37:03   Log-Likelihood:                -812.24 

No. Observations:                 366   AIC:                             1636. 

Df Residuals:                     360   BIC:                             1660. 

Df Model:                           5                                          

Covariance Type:            nonrobust                                          

============================================================================== 

                 coef    std err          t      P>|t|      [0.025      0.975] 

Figure 2: Pearson Correlation Map 
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------------------------------------------------------------------------------ 

Intercept    -15.7968      6.867     -2.300      0.022     -29.302      -2.291 

o3_AQI         1.1263      0.053     21.442      0.000       1.023       1.230 

no2_AQI        0.3987      0.072      5.515      0.000       0.257       0.541 

co_AQI         0.6411      0.188      3.417      0.001       0.272       1.010 

pm25_AQI       0.2063      0.035      5.889      0.000       0.137       0.275 

Humidity       0.0744      0.073      1.014      0.311      -0.070       0.219 

============================================================================== 

Omnibus:                        3.088   Durbin-Watson:                   0.418 

Prob(Omnibus):                  0.214   Jarque-Bera (JB):                2.963 

Skew:                           0.220   Prob(JB):                        0.227 

Kurtosis:                       3.029   Cond. No.                     5.14e+03 

============================================================================== 

 

 

 

Figure 3: Visualizing Variable Relationships 
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6. Conclusions 

This study has demonstrated the potential of IoT sensors in revolutionizing real-time environmental pollution detection 

within smart cities. By leveraging a comprehensive dataset and employing rigorous statistical analysis, we have 

identified significant correlations between key pollutant indicators, such as o3_AQI, no2_AQI, co_AQI, and 

pm25_AQI, with temperature. These findings underscore the intricate interplay between atmospheric conditions and 

air quality. Our predictive models, including Ordinary Least Squares (OLS) regression, provide valuable tools for 

forecasting temperature based on pollutant levels, enabling proactive measures to mitigate adverse environmental and 

public health effects. Furthermore, our research reinforces the importance of continuous monitoring and data-driven 

decision-making in smart city management. As we look toward the future, the integration of IoT sensors into urban 

planning and governance holds immense promise for fostering sustainable, healthier urban environments. By 

harnessing real-time data, city authorities and environmental agencies can implement targeted interventions to reduce 

pollution levels and enhance overall quality of life. This work not only contributes to the evolving landscape of smart 

city technologies but also serves as a call to action for cities worldwide to embrace innovative solutions in the pursuit 

of cleaner, more resilient urban spaces. 
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