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Abstract: In this research, we present the development and validation of a compact,
resource-efficient (low-cost, low-energy), distributed, real-time traffic and air quality mon-
itoring system. Deployed since November 2023 in a small town that relies on burning
various fuels and waste for winter heating, the system comprises three IoT units that
integrate image processing and environmental sensing for sustainable urban and environ-
mental management. Each unit uses an embedded camera and sensors to process live data
locally, which are then transmitted to a central database. The image processing algorithm
counts vehicles by type with over 95% daylight accuracy, while air quality sensors measure
pollutants including particulate matter (PM), equivalent carbon dioxide (eCO2), and total
volatile organic compounds (TVOCs). Data analysis revealed fluctuations in pollutant
concentrations across monitored areas, correlating with traffic variations and enabling the
identification of pollution sources and their relative impacts. Recorded PM10 daily average
levels even reached eight times above the safe 24 h limits in winter, when traffic values
were low, indicating a strong link to household heating. This work provides a scalable,
cost-effective approach to traffic and air quality monitoring, offering actionable insights for
urban planning and sustainable development.

Keywords: air quality; traffic monitoring; pollution detection; IoT; image processing; object
recognition; decarbonization; sustainable urban management

1. Introduction
Air pollution is affecting the world’s climate and ecosystems and has significant

negative effects on human health [1,2]. Depending on the location of the pollutant-emitting
activities, it is classified as internal or external air pollution [2,3]. Outdoor or external
air pollution occurs in open environments and can impact the entire atmosphere. It is
primarily driven by fossil fuel combustion for industrial, energy, and transportation needs,
particularly in agriculture and mining. Major pollutants include various gases, chemical
compounds, and particulate matter (PM) of varying sizes, such as nitrogen oxides (NOx),
nitrogen dioxide (NO2), sulfur dioxide (SO2), ozone (O3), carbon monoxide (CO), and
hydrocarbons [2]. These pollutants are generally classified as primary (directly emitted)
or secondary (formed through atmospheric chemical reactions). The extent of their health
impact depends on factors such as concentration and exposure duration, both short-term
high exposure and long-term lower-level exposure, can lead to serious consequences [4,5].
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Alarmingly, air pollution is the second leading cause of deaths related to noncontagious
diseases [2,6].

Among these pollutants, particulate matter (PM)—a complex mixture of solid and
liquid particles suspended in the air—is particularly harmful. PM can penetrate deep
into the lungs, increasing the risk of cardiovascular disease, lung cancer, and neurological
disorders [7,8]. It is generally categorized by size:

• PM10 (particles < 10 µm): can enter the upper respiratory tract.
• PM2.5 (particles < 2.5 µm): can reach deep into the lungs and bloodstream [9].

Urbanization and increased vehicle use have led to rising traffic-related air pollution
in many cities. Vehicles emit harmful substances such as NOx, CO2, PM2.5, and PM10.
According to the World Health Organization (WHO), air pollution is a major contributor to
premature mortality, especially in urban areas where traffic is a dominant source [10].

1.1. Air Quality Monitoring, Current Low-Cost Solutions, Related Works

Current monitoring methods often rely on static sensors placed at fixed locations,
but data availability varies greatly [11]. Furthermore, traditional systems are often costly,
limiting scalability—particularly in smaller towns and developing regions [12].

As an alternative, various Internet of Things (IoT)-based air quality monitoring sys-
tems using micro-sensors for data collection have been proposed. These systems often
incorporate open-source technologies for data processing and transmission [13–19].

Most low-cost IoT air quality monitoring systems are based on the following data
acquisition solutions:

• ESP32/ESP8266—Popular for low power consumption, built-in Wi-Fi, and affordabil-
ity [2,20];

• Arduino boards (e.g., Uno, Nano)—Common in educational and prototype
projects [21,22];

• Raspberry Pi (Zero/3/4)—Used when higher processing power or extended connec-
tivity is required (e.g., for edge processing or camera integration) [23,24];

• STM32—Increasingly used in industrial-grade deployments due to low power use
and advanced peripherals.

1.2. Traffic Monitoring Solutions, Related Works

There are several automated methods for traffic counting, utilizing different technolo-
gies. Common approaches include

• Video cameras with computer vision—cameras installed at key locations analyze video
feeds using computer vision algorithms to detect and count vehicles [25,26];

• Inductive loop sensors—electromagnetic sensors embedded in road surfaces [27,28];
these systems typically have the highest implementation costs;

• Acoustic, radar, and LiDAR-based sensors that are based on sound waves, radio
waves, and laser to detect moving objects [29–33].

These methods vary in cost, accuracy, and resilience to environmental conditions. In
parallel, IoT systems continue to expand across sectors such as health, education, agricul-
ture, and energy. Environmental monitoring remains a key application, offering actionable
data for smart city management and public health [2,8,18,34].

1.3. The Paper’s Main Research Goals

This research presents the in-house development of a low-cost, distributed, real-time
monitoring system at the University of Petros, ani. The system consists of three smart units
combining image-based traffic analysis (via embedded cameras and machine learning)
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with air quality monitoring using IoT-enabled sensors. The objective is to monitor both
traffic flow and pollution levels across multiple urban hotspots [35].

The novelty and main contributions of this work include

• The integration of air quality and traffic monitoring into a single compact, deploy-
able system;

• Real-time data processing with minimal user input;
• A user-friendly web interface for data visualization.

1.4. Research Questions

The main research question is whether low-cost, lower-precision sensors—when de-
ployed continuously—can generate more practical insights than occasional high-precision
measurements. The system’s insights may assist decision-makers in urban planning, envi-
ronmental policy, and public health interventions.

• Can low-cost, low-precision IoT sensors combined with image-based traffic analysis
provide more actionable air quality data than periodic state-run measurements?

• To what extent can such a system distinguish pollution sources (e.g., traffic vs. house-
hold heating) in real-world conditions?

Our long-term field deployment has demonstrated the system’s automated, reliable op-
eration. The collected data revealed meaningful patterns in traffic and pollution, suggesting
that such systems could address gaps in existing institutional monitoring.

The remainder of this paper is structured as follows: Section 2 describes the system
architecture and components, outlines the deployment and data collection process. Section 3
presents results and analysis. Section 4 discusses the system’s scalability, limitations,
and real-world implications. Section 5 concludes the study and proposes directions for
future work.

2. Materials and Methods
2.1. Overview of the Chosen Location and the Need for an Alternative Monitoring System

The location chosen for deploying the proposed monitoring system is the Munici-
pality of Petros, ani, Hunedoara County, Romania—a former coal-mining region currently
undergoing decarbonization but still facing serious air pollution issues [36]. Petros, ani, the
administrative center of the Jiu Valley conurbation, is situated in southwestern-central
Romania in a mountain depression along the Eastern Jiu River [5,37,38].

Due to its elevation (590–650 m) and placement within a mountain basin, Petros, ani
experiences lower average annual temperatures and slightly higher humidity compared to
the national average while being somewhat shielded from extreme meteorological events
(Figure 1).

The area has a low-altitude mountain climate transitioning into a submontane one.
The average annual temperature is 6.8 ◦C, with a historical low of −31.4 ◦C recorded on
14 January 1893. July is the warmest month (average 16.7 ◦C), while January is the coldest
(−4.5 ◦C). Summers include around 50 days with temperatures exceeding 25 ◦C. Annual
precipitation ranges from 700 to 800 mm.

A notable climatic phenomenon is thermal inversion, occurring frequently during
winter. During inversion, clouds descend into the valley and, above approximately 800 m
(measured from the cloud base), a normal temperature gradient re-establishes. This results
in a trapped, colder air layer that retains atmospheric pollutants—hindering dispersion
and prolonging pollution events [36].
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Figure 1. Monthly weather data averages taken over the last 30 years [meteoblue.com].

Despite Romania’s EU membership and the strict European air quality regulations [39],
the local air quality situation appears neglected. Although some small-scale renewable
energy investments have been made [5], significant action remains limited.

One exception is the “Green Line” ecological public transport project for the Jiu Valley.
This EUR 12.2 million project—funded through Regio-POR 2014–2020 and continued
through the Regional West Program 2021–2027—includes the acquisition of 26 electric buses,
112 public transport stations, and 34 electric charging stations [40]. Four routes have been
planned (one main, three secondary), totaling about 128 km. Current transport demand is
1.58 million trips annually, with a projected increase to 1.75 million by 2030 [41,42].

Local air quality monitoring is limited. Only one station (HD5), part of the National
Air Quality Monitoring Network (RNMCA), is located near Vulcan rather than Petros, ani
(Latitude: 45.3727951, Longitude: 23.2779579). Although the RNMCA has over 100 stations
across Romania, many—including HD5—frequently lack continuous data [5,43]. HD5 lies
about 8 km from our Monitoring Station 3 and 10 km from Station 2.

The monitoring station placement enabled the observation of pollution patterns pre-
viously noted by the local population and reported in earlier studies [5,44]. The general
pollution level in cold months was influenced predominantly by residential heating using
fossil fuels and waste.

Some weather apps report AQI and PM values for the region, but these sources are
undisclosed and likely rely on simulations or interpolated data—especially considering the
frequent gaps in HD5’s readings [43].

Although precise pollutant measurements have been taken using professional-grade
equipment, such monitoring is infrequent and costly. Limited access to such resources
explains the outdated and sparse data for the region [5,36].

Previously, two major pollution sources have been identified: (1) increasing road traffic
and vehicular emissions, and (2) the continued burning of fuels—including waste materials
such as textiles and shoes—in Petros, ani’s historic district [5,36,45].

From these previous studies, we conclude that

• Air pollution remains a serious issue in the Petros, ani/Jiu Valley region due to its coal
mining legacy and lack of clean energy alternatives.

• Instrumental monitoring reveals persistent pollutants like PM and VOCs, while alter-
native methods like snow analysis offer sustainable options.

meteoblue.com
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• Geography, human activity, and incomplete decarbonization efforts continue to cause
poor air quality across the region.

Installation sites for our system were chosen based on the above observations and
view of traffic intersections or roundabouts (Figures 2–4).

Figure 2. Map of the Jiu Valley conurbation showing our monitoring stations 1, 2, and 3, along with
the existing national HD5 station.

Figure 3. Traffic and air quality observations adjacent to monitoring station No. 1.



Sustainability 2025, 17, 5003 6 of 26

Figure 4. Image as captured by the first installed monitoring station at location No. 1. with the red
box and green circle indicating vehicle detection by the counter algorithm.

2.2. General Considerations and Proposed Monitoring System Concept

The monitoring system is designed to continuously measure air quality, compute
vehicle traffic data, and transmit the results to a database server for storage and subsequent
analysis. Several major topics across different domains had to be addressed:

• Vehicle counting, with category separation if possible;
• Measurement of airborne pollutant variation over time;
• Data transmission to a database from multiple locations;
• Integration of the above into an autonomous, compact, and robust system.

A robust system should be capable of handling failures gracefully, without crashing.
It must recover from errors or unexpected input while maintaining core functionality. This
can involve redundant components (e.g., backups), automated error detection, and recovery
mechanisms [46,47].

Software engineering principles were applied during development. A key require-
ment was robustness, especially since physical access to the units would be limited post-
deployment. As such, the monitoring systems were designed to be:

• Fault-tolerant and weather-resistant;
• Scalable and easily reproducible;
• Highly available, with minimal downtime.

By capturing air quality data locally every few seconds and processing image data
on-device, the amount of transmitted data is reduced to only a few bytes per minute. An
alternative approach would involve streaming live video to a central server for processing;
however, this would significantly increase bandwidth usage as more devices are added.

2.3. Sensor Selection and Description for the Proposed Monitoring Devices

The CCS811 made by “ams AG”, Premstaetten, Austria is a low-power digital gas
sensor that integrates a metal oxide (MOX) element to detect a wide range of volatile
organic compounds (VOCs) for indoor air quality monitoring. It features a microcontroller
unit (MCU) with an analog-to-digital converter (ADC) and an I2C interface. Built on ams’
proprietary micro-hotplate technology, the CCS811 enables fast cycle times and reduced
power consumption. The integrated MCU controls drive modes, processes raw data, and
outputs TVOC values or equivalent CO2 (eCO2) levels using embedded algorithms [48].

The BME280 made by Bosch Sensortec GmbH, Reutlingen, Germany, is a digital
sensor that measures humidity, pressure, and temperature. It is compact, packaged in a
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2.5 × 2.5 mm2 metal-lid LGA case, and has low power consumption, making it suitable for
battery-powered applications. It operates within ranges of –40 to +85 ◦C, 0–100% relative
humidity, and 300–1100 hPa [49].

The MiCS-6814 made by SGX Sensortech, Corcelles-Cormondrèche, Switzerland, is
a robust MEMS sensor capable of detecting pollutants from vehicle emissions as well as
agricultural and industrial sources. It contains three independent sensor chips: one for
oxidizing gases (OX), one for reducing gases (RED), and one for ammonia (NH3). However,
this sensor was ultimately excluded after several months of field testing due to insufficient
signal variation; detected gas levels were too low to provide relevant outdoor readings [50].

For particulate matter detection, we selected the SN-GCJA5 optical sensor made by
Panasonic Photo & Lighting Co., Ltd., Saiwai-cho, Takatsuki-city, Osaka, Japan. This sensor
uses a laser diode (LD) as the emitter and a photodiode (PD) as the receiver. The PD detects
scattered light from airborne particles, and the signal is processed by an embedded MCU
using an optimized algorithm. The output is transmitted over I2C and UART interfaces as
mass concentration values [51].

2.4. Processing Unit Selection for Local Image Processing

The idea of using a lightweight, mobile processing unit like the Raspberry Pi was
inspired by previous projects and the feasibility of implementing onboard object recognition
for vehicle counting. This approach enables a compact, non-invasive system (unlike
inductive sensors embedded in the road) that is scalable and power-efficient—consuming
only 10–12 W per unit and potentially operable using a small solar cell.

We selected the Raspberry Pi 4 made by Raspberry Pi (Trading) Ltd., Cambridge, UK,
primarily due to its ability to run object detection models on the CPU. Key advantages include

• Performance: Powered by a quad-core ARM Cortex-A72 processor made by ARM
Limited, Cambridge, UK, the Raspberry Pi 4 offers a significant performance boost
over previous models. We selected the 4 GB RAM variant to support multitasking and
image processing workloads.

• Connectivity: It features built-in dual-band Wi-Fi (2.4 GHz and 5 GHz), Bluetooth 5.0,
and Gigabit Ethernet for high-speed wired connections.

• Affordability: The Raspberry Pi 4 delivers strong computing capabilities at a low cost,
making it accessible for researchers, students, and professionals.

• Energy Efficiency: Its low power consumption supports continuous operation in
remote or energy-constrained setups [52].

Figure 5 shows the system’s component interconnection diagram, and Figure 6
presents images of the assembled hardware.

Initially, a small Arduino Nano was used to handle sensors lacking I2C output. How-
ever, once these sensors were phased out, the Arduino was removed from the final hard-
ware configuration.

As seen in Figures 6 and 7, the monitoring unit is housed in a rigid case with a
ventilation grid at the base. This design protects it from precipitation and physical inter-
ference while maintaining airflow for sensor accuracy and cooling. A passive heatsink
mounted on the Raspberry Pi is sufficient to keep the processor below 82 ◦C and prevent
thermal throttling.

We tested the use of a battery power pack but found that it could not simultaneously
recharge and power the unit reliably. As such, the system is currently powered either via
grid electricity or a solar-based solution. The total power draw is approximately 10 W (up
to 12.5 W peak at 5 V, 2–2.5 A). Sensor power requirements were considered during design
to avoid overloading the Raspberry Pi’s 5V output rail.
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Figure 5. Monitoring unit component interconnection diagram.

(a) (b)

Figure 6. These images show different stages of development: (a) Analog sensors were used,
connected to an Arduino Nano board. (b) Better sensor versions using I2C serial communication
directly with Raspberry Pi.

(a) (b)

Figure 7. Installation at location No. 2: (a) Physical positioning. (b) Monitored road section.
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2.5. Programming and Traffic Counter Algorithm of the Proposed System

Two major programming languages were used in the system’s development: C++ 14
and Python v3.9.2. A small C++ program runs in a loop on the Arduino Nano board (used
to interface with analog-output sensors). This program interprets the values and sends
them to the Raspberry Pi. Upon startup, the system’s first task is to establish an internet
connection via a 3G modem, managed by a startup script configured to run once.

The main program, shown in Figure 8, is written in Python and configured as a service
that runs automatically when the Raspberry Pi is powered on. Its core functions include

• Capturing frames from the Raspberry Pi camera feed;
• Running TensorFlow Lite with the EfficientDet Lite0 model to perform real-time object

recognition on each frame;
• Identifying and counting vehicles, with a focus on avoiding multiple counts of the

same object in successive frames;
• Reading sensor values received from the auxiliary Arduino Nano;
• Managing connectivity status, database communication, and data transmission.

Figure 8. Main program logic and functions.
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If the program crashes due to an unhandled exception, the operating system is config-
ured to automatically restart the service.

During development, when the monitoring application was run directly for debug-
ging, overlay labels (in Romanian) were added to the captured images. These displayed
the number and types of vehicles counted over each 30-s interval, after which the coun-
ters reset. Additional sensor data (eCO2, TVOC, temperature, humidity) are also shown
(Figures 9 and 10). Specific functions and a counting algorithm written in Python v3.9.2
can be found in Appendix A.

Figure 9. Captured frame with overlays showing vehicle detection at location 1, red box and green
circle indicating detection by the counter algorithm.

Figure 10. Nighttime view from device at location 1.

To make the logged air quality and traffic data more accessible, a web application was
developed and hosted on the same server as the database. This application allows users
to select specific time periods and graph types. It uses the publicly available JavaScript
library Chart.js to generate interactive charts, where individual elements can be toggled on
or off (Figure 11). This tool allows non-expert users to easily interpret data trends across
selected timeframes, though the number of visible samples (x-axis) may be limited by
chart resolution.
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Figure 11. User interface of the developed web application, graphs with a strikeout are not shown.

Implementing this interface required experience with JavaScript, PHP, and MySQL in
order to retrieve values within the specified range and dynamically render them as charts.

2.6. Challenges in the System Development and Validation Process

Loss of connectivity: Continuous internet access is required for real-time data acquisi-
tion. Due to variable deployment locations, each unit uses a USB 3G modem with a SIM
card connected to a GSM network. Data are sent twice per minute.

In early deployments, internet disconnection occurred approximately every two days,
likely due to poor signal coverage. When disconnected, sensor and traffic readings re-
mained unsent. Since the 3G modem failed to reconnect automatically and no Linux-based
recovery documentation was available, we implemented a connectivity check followed by
a system reboot when needed.

I2C communication issues: The Raspberry Pi 4 occasionally exhibits I2C instability
due to “clock stretching.” This was mitigated by reducing the I2C baud rate to a safe value
of 20 kHz.

Library conflict: An early Python library version for the SN-GCJA5 PM sensor pro-
duced valid data for only 3–4 min. The issue led to the discontinuation of that library’s use.

Traffic counting challenges: Although using OpenCV and TensorFlow Lite with the
EfficientDet Lite0 model on the Raspberry Pi is well documented, object tracking across
frames is more complex. Counting the same object multiple times must be avoided. Our
solution assumes that vehicles maintain approximately consistent positions across frames.
As long as the detected object remains in a similar area, the algorithm updates its position
rather than recounting it.

To summarize,

• Detected objects in each frame are added to a list with their position and size;
• In the next frame, object positions are compared to the prior list;
• If object radii (scaled down slightly) overlap, it is treated as the same object and updated;
• Otherwise, it is counted as a new object and classified accordingly.
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Processing unit stability: The Raspberry Pi has operated continuously for over a year
with no stability issues. Internal case temperatures have ranged from –12 to 40 ◦C (peak in
July 2024). No OS-level faults were recorded.

To improve processing speed, the recognition algorithm halts after detecting seven ve-
hicles per frame. This threshold is sufficient for the camera’s field of view and can be
increased if needed. During development, a “debug” flag enabled or disabled detailed
logging. View from Station 3 is visible in Figures 12 and 13.

Figure 12. Captured frame with overlays showing vehicle detection at location 3, red box and green
circle indicating detection by the counter algorithm.

Figure 13. Same location at night.

Separate database tables were used for traffic and air quality parameters. The structure
is shown in Table 1. This modularity allows the system to function in traffic-only or air-
quality-only modes if required.
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Table 1. SQL database table structures: air quality table and traffic table.

Column Type

id int

Temp (C) float

Humidity (%) float

Pressure (hPa) float

TVOC (ppb) float

eCO2 (ppm) float

PM1.0 (ug) float

PM2.5 (ug) float

PM10 (ug) float

datetime datetime

id int

car_count int

bus_count int

truck_count int

motorcycle_count int

person_count int

datetime datetime

2.7. Testing and Validation of the Monitoring System’s Accuracy and Effectiveness

Traffic counting accuracy was evaluated through two methods: visual verification by
a human operator and comparison against hourly and daily traffic averages reported in
independent studies [41]. During daylight hours, the system achieved very good accuracy,
with a deviation of fewer than 5 vehicles per 100 (i.e., 95% accuracy). Occasional false
positives were observed, where the system overcounted vehicles.

At night, detection accuracy dropped significantly due to the basic camera’s lack of
low-light sensitivity. The accuracy was approximately 25%, though this improved in areas
with good street lighting. The image processing rate—covering both capture and object
recognition—was satisfactory, averaging around 6 frames per second. Vehicle classification
by type was acceptable, although the “trucks” category occasionally included SUVs, small
platforms, and pickup trucks.

Air quality (AQ) accuracy was verified by placing two identical systems in the same
indoor environment (control conditions) for several days to compare sensor output. The
readings between the units were nearly identical, with no significant differences or anoma-
lies. Additionally, the outdoor air quality data recorded during the winter months were
compared to results from a previous study conducted in the same area and season. The
average values were very similar, confirming consistency in performance [36].

To improve temperature and humidity readings, calibration was performed against
reference sensors. Each monitoring unit was enclosed in a rigid case, with ventilation
grids composed of 4 mm holes around the sensors to enable passive airflow (see Figure 6a).
However, it is worth noting that the Raspberry Pi generates a small amount of heat,
which slightly raises the internal case temperature and can lower the reported humidity.
Additionally, case temperature is influenced by environmental factors such as sunlight
exposure, depending on the installation location.

3. Results
A selection of recorded data from three consecutive months (October, November, and

December 2024) is presented to demonstrate the system’s functionality in the field. During
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these periods, we observe a degradation in air quality, primarily caused by the increasing
frequency of household heating as temperatures gradually decline.

Nighttime intervals were shaded on the graphs (Figures 14–16), revealing low PM10
values in October nights but a noticeable increase in November and December. Notably,
PM10 daily average levels in November and December exceeded almost every day the
World Health Organization (WHO) air quality guidelines—some days in December exceed-
ing up to eight times the recommended limit of 40 µg/m3 for a 24 h average [53]—with
spikes consistently beginning after sunset, when traffic volumes decreased and heating
activity increased. Daily 24 h measurement averages are available in Appendix B.1.

The PM2.5 component consistently accounted for approximately 95% of PM10. There-
fore, to improve visual clarity, only PM10 values are shown in the selected graphs. Addi-
tionally, to prevent distortion of the Y-axis due to volume disparity, traffic data labeled as
“Cars” were scaled down by a factor of five.

Figure 14. Measurements taken late in October 2024, graphs with a strikeout are not shown.

Figure 15. Measurements taken late in November 2024, graphs with a strikeout are not shown.
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Figure 16. Measurements taken late in December 2024, graphs with a strikeout are not shown.

Variation of PM10. Data from late 2024 show a progressive increase in PM varia-
tion (Appendix B.1). Summarized monthly averages can be seen in Table 2, which lists
the average, minimum, and maximum for the selected transition months obtained from
all readings:

Table 2. Average, minimum and maximum values of PM10 (µg/m3).

Station 1 October November December

PM10 (avg) 64.08 100.34 84.54
PM10 (min) 0.6 0.14 0.17
PM10 (max) 750 989 999
Temp (◦C) 12.18 6.09 5.35

Humidity (%) 50.68 55.98 59.16
Pressure (hPa) 957.10 950.49 948.57

To reject possible abnormal values produced by glitches, we imposed minimum
(0.1 µg/m3) and maximum (1000 µg/m3) limits on PM10, outside which values are ignored.
Only a couple of records were found above 1000 µg/m3.

Basic statistical analysis like Variability (Std Dev—standard deviation) increases from
October to December, suggesting more fluctuation in PM10 levels later in the year (Table 3).
The confidence intervals show the range within which the true mean likely falls with
95% certainty.

Table 3. Monthly statistical summary of PM10 concentrations (µg/m3).

Month Mean PM10 Std Dev 95% Confidence Interval

October 64.08 27.56 (49.40, 78.77)
November 100.34 57.05 (79.03, 121.64)
December 84.54 67.57 (57.81, 111.27)

The Pearson/Spearman correlation coefficients were calculated between PM10 levels
and traffic counts on hourly averages for two days recorded in November (Appendix B.2)
and also represented visually in Figure 15:

1. Cars: Pearson correlation: −0.789, Spearman correlation: −0.796;
2. Trucks: Pearson correlation: −0.532, Spearman correlation: −0.742;
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3. Buses: Pearson correlation: −0.618, Spearman correlation: −0.631.

All correlations are negative, meaning as traffic counts increase, PM10 levels tend to
decrease, which is counterintuitive and suggests that PM levels might be more influenced
by non-traffic sources (e.g., overnight emissions, meteorology). There could be a time
lag between emissions and PM accumulation. PM10 levels are higher during low-traffic
hours (e.g., night), potentially due to lower dispersion but mainly because of other sources
(burning of other fuels for heating). Spearman values (rank-based) are consistently stronger
for trucks, suggesting nonlinear relationships.

These extreme PM10 values persisted through the winter. Only in March 2025 did
PM10 levels drop below the 24 h WHO guideline, with a daily average of 38.4 µg/m3, a
minimum of 1.1 µg/m3, and a maximum of 736 µg/m3.

We also considered the role of meteorological conditions—particularly wind speed
and direction—which explain lower-than-expected values on certain days, although there
is no possibility of recording wind speed with this system.

The monitoring stations can optionally capture still images via the embedded camera.
An unexpected outcome of saving these frames was the ability to generate time-lapse
videos, which can visually reveal pollution events. Figure 17 shows visible smoke rising
from residential areas, suggesting a direct visual correlation with PM peaks.

Figure 17. Captured image showing the primary source of atmospheric pollution in January.

This visual functionality could also support public outreach or urban diagnostics,
enhancing the interpretability of pollution events. Generated time-lapse videos were
presented when the project received media attention and had the expected impact, raising
awareness of the need for finding alternatives for household heating.

A potential use for the time-lapse feature would be to analyze images and data to
find the relationship between visible smoke appearing and the time needed to register
degradation of air quality. The captions added to the images already show air quality
parameters, and this gives the possibility to correlate real-time between visual cues in the
image and data.

We consider the main result of the study to be the development and validation of
a fully functional, real-time environmental and traffic monitoring system. The data are
available through a publicly accessible web interface.

4. Discussion
4.1. System Deployment and Maintenance

The monitoring system and its accompanying web interface have proven effective for
real-time data logging. Although not yet packaged as an end-user product, deployment
only requires minor adjustments—such as assigning a new device name, copying the
preconfigured software, and creating corresponding database tables and GUI entries.
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These tasks currently require basic Python programming and Linux OS knowledge,
but future versions could include auto-detection and database integration features to
simplify deployment. The estimated hardware cost per unit is EUR 200–250, assuming
an existing database server. Operational costs such as maintenance, sensor calibration, or
software updates are not included.

4.2. Sensor Accuracy and Calibration

Sensor longevity must be considered, as certain components require recalibration
or replacement every 1–2 years. Although initial calibrations were performed during
setup, periodic recalibration should be scheduled to ensure accuracy over time. From our
observation, TVOCs and eCO2 sensors are most prone to drift but benefit from periodic
automatic recalibration. Optical PM sensors will eventually accumulate fine particles over
the sensing area, degrading their ability to record correct PM values. Our chosen PM sensor
is rated to provide accurate readings for up to 5 years. There is always the possibility to
install better, higher-grade, and more costly sensors if better accuracy is demanded.

4.3. Scalability and Usability

The system is scalable, with no strict hardware limits beyond network and bandwidth
capacity. A modest number of additional nodes can be added without significant reconfig-
uration. We estimate bandwidth usage for one unit to be very low at 2 kB/minute. The
database, on the other hand, would become quite large with 2.1 million entries/year/unit
and would probably benefit from a maximum record storage limit of 2 years, or some kind
of archival procedure not yet implemented. While the current setup requires some technical
knowledge, future updates could enable non-expert deployment.

We propose expanding to a matrix of at least nine units: three in the area most polluted
by household heating, another three in the main intersections with the highest traffic, and
three devices in areas like parks and university campuses, where air quality levels are
expected to be very good. This would take our study further by allowing us to make an AQ
map and clearly view differences between monitored areas. The addition of six new units
would cost between EUR 1200–1500 for hardware and an estimated time for configuration
and deployment between 2 and 4 weeks if we work without external assistance. The
integration of the additional units is straightforward, with no modification necessary on
the existing systems.

4.4. Cybersecurity and Data Integrity

The monitoring units transmit data to a central server using direct MySQL connections
over the local network or internet. Although the data transmitted this way are not encrypted
and may be vulnerable to a “man in the middle” attack, the transmitted information consists
of non-sensitive environmental data (e.g., sensor readings, timestamps). Access to the server
requires proper authentication credentials, and no personal or location-identifiable data
are stored on the units. Remote access is limited to predefined operations, and the system
does not expose control functions over the network. The devices are practically invisible
on the internet, a port scan of a unit does not return any results, and the device does not
respond to echo requests (pings). Firmware updates are performed manually to avoid risks
associated with remote modification. Images used in this study were manually triggered
and are not stored or streamed continuously.

4.5. Connectivity and Reliability

Connection loss occurred 3–4 times weekly but was automatically resolved by watch-
dog functions. A loss triggers a retry protocol and soft restart, typically resulting in no more
than four minutes of lost data per event. To reject possible abnormal readings produced by
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glitches, we imposed minimum (0.1 µg/m3) and maximum (1000 µg/m3) limits on PM10,
outside which values are ignored. Data are recorded raw but for visualization and statistics
calculations, values exceeding a certain threshold were discarded.

4.6. Time-Lapse and Visual Feedback

The ability to generate time-lapse visualizations from captured frames, although only
used in testing, adds a secondary layer of insight. Visual cues, such as visible smoke
plumes, offer intuitive validation of air quality trends and can help communicate findings
to the public or policymakers. These visual indications were used when the project received
media attention and certainly raised awareness of the need for finding alternatives for
household heating. Time-lapse videos can be created upon request of policymakers for
future time intervals, which could be used for municipality air quality reports or environ-
mental programs.

5. Conclusions
The monitoring system offers a reliable, real-time perspective on air quality fluctuations

and traffic conditions. It provides an efficient, cost-effective, and scalable solution—particularly
relevant in contexts where national monitoring networks have limited coverage.

While three monitoring units cannot map pollution patterns with high spatial res-
olution across a city of 19.5 km2, the study demonstrates the system’s viability over an
extended period of time. The high frequency of two readings per minute and strategic
placement build an image of air quality and traffic variation throughout the day, thus giving
the possibility to report values on a desired time-frames, providing valuable temporal
pollution patterns.

Collected data and statistical analysis show that PM levels increase during winter,
with notable differences between daytime and nighttime. The case study was focused on
PM values to avoid using eCO2 and TVOC data, which tend to be influenced by sensor drift.
While traffic contributes slightly during the day, PM10 concentrations rise significantly at
night, implicating household heating as the dominant source.

We recommend ongoing monitoring to enable local authorities to evaluate the impact
of ecological transport projects such as the “Green Line” and to assess progress toward
goals like transport decarbonization and improved air quality. Our study shows that, at
least during the winter, household heating—not traffic—is the primary contributor to local
air pollution.

This research not only supports but also provides a strong rationale for future initia-
tives targeting cleaner residential heating solutions, better spatial monitoring, and informed
environmental planning.

The developed monitoring system successfully combines real-time traffic and AQ
monitoring with a user-friendly interface, using affordable components, distinguishing it
from traditional air quality networks, and it has proven to be a reliable source of data over
time. Future long-term benefits include data-driven policy-making to support sustainable
urban and environmental management.
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Appendix A
Appendix A.1. Main Program Code

Specific Python libraries and used and developed functions are mentioned in the
following code segments:

1 import argparse #Parses command -line arguments.
2 import sys #Provides system -specific functions and

parameters.
3 import time #Handles time -related operations like delays
4 import serial #Enables communication with serial ports.
5 import cv2 #Handles image processing using OpenCV.
6 import mysql.connector #Connects Python to MySQL databases.
7 import os #Interacts with the operating system (files ,

paths , environment).
8 import utils #Contains utility/helper functions (module -

specific).
9 import subprocess #Runs system commands and external processes.

10 import datetime #Manages date and time operations.
11 import board #Provides access to hardware board interfaces.
12 import busio #Handles I2C and SPI communication for embedded

systems.
13 from adafruit_bme280 import basic as adafruit_bme280 #Sensor

specific library
14 import adafruit_ccs811 #Sensor specific library
15 from ecomet_i2c_sensors.sn_gcja5 import sn_gcja5 #Sensor

specific library
16 pm_sensecom=sn_gcja5.SN_GCJA5 ()
17 from tflite_support.task import core #TensorFlow library core

http://dev.upet.ro/aer
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18 from tflite_support.task import processor #TensorFlow
19 from tflite_support.task import vision #TensorFlow
20 from time import sleep #Specific library component to enable

delays
21 show_preview=False # parameter to be used in development and

physical installation , allowing the camera view to be seen
22 debug=False #useful to enable or disable certain messages

implemented to help development
23 connection_tests =0 # if this count goes above a certain number ,

the system will consider the data network to be unavailable.
24

25 # -- Developed functions ----------
26 def check_internet_connection (): #uses system functions to check

connection.
27 subprocess.check_output (["ping", "-c", "1", "8.8.8.8"])
28 def reconnect_db (): #with the purpose of retrying a connection to

the server if for some reason it would fail;
29 def counter_reset (): #to reset the traffic counters after each

data transfer to the server;
30 def serialread (): #to get and interpret data recieved from an

optional Arduino with analog sensors;
31 def i2cread (): #to get and interpret data from i2c connected

devices. To be mentioned that specific sensors have a "data
available" check , ensuring real data is read and the sensor
was given the required time to warm -up.

32 def get_os_data (): #this function can get a few system parameters
like CPU temperature , free storage space , free memory and up -

time.
33 def close_db (): #basicaly ensures closure of the sql connection;
34 def insert_nox_data_table(temp ,humid ,pressure , tvoc ,eco2 ,pm1_0 ,

pm2_5 ,pm10): #checks for connection to the database server and
if true sends a record composing of the above mentioned

parameters
35 def insert_traffic_data_table (): #the function checks for

connection to the database server and if it receives true , it
sends the record consisting of traffic values since the last
successful send.

36 def run(model: str , camera_id: int , width: int , height: int ,
num_threads: int , enable_edgetpu: bool) -> None: #This is the
main program start , after witch the main focus is the
initialization of the capture device , object detection options
and setup of a few global parameters. Also the recognition

algorithm ca run on multiple threads , one of the parameters
being the thread count.

37 while cap.isOpened (): #This "while" loop represents the
continuous loop in witch everything happens , starting from an
image capture from the camera , continuing with recognition ,
same objects recognition from previous frames , external
sensors readout and , every 30 s, data transmission to the
database server.
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Appendix A.2. Traffic Counting Algorithm

1 # Code section
2 for i in range (0,6): #crosscheck all previous detections with the

current one
3 if debug ==True:
4 print("ObjX=",obj_center [0],"OldObjX=",

old_objects[i][0], "␣X␣abs␣differece",abs(
obj_center [0]- old_objects[i][0]))

5 print("ObjY=",obj_center [1],"OldObjY=",
old_objects[i][1], "␣Y␣abs␣differece", abs
(obj_center [1]- old_objects[i][1]))

6 if abs(obj_center [0]- old_objects[i][0])<
nearby_dist and abs(obj_center [1]- old_objects[
i][1])<nearby_dist: #if any last detections
overlap by "nearby_dist" the new detection
will be assumed same object and not counted

7 found_nearby=True
8 if debug ==True:
9 print(object_nr , i, "are␣the␣same ,␣x␣dif"

,abs(obj_center [0]- old_objects[i][0]),
"y␣diff", abs(obj_center [1]-
old_objects[i][1]))

10 if found_nearby == False and category_name =="car":
11 car_count +=1
12 if debug ==True:
13 print("Detected␣new␣car␣")
14 if found_nearby == False and category_name =="truck":
15 truck_count +=1
16 if debug ==True:
17 print("Detected␣new␣truck␣")
18 if found_nearby == False and category_name =="bus":
19 bus_count +=1
20 if debug ==True:
21 print("Detected␣new␣bus␣")
22 if found_nearby == False and category_name =="bicycle":
23 bicycle_count +=1
24 if debug ==True:
25 print("Detected␣new␣bicycle␣")
26 if found_nearby == False and category_name =="motorcycle

":
27 motorcycle_count +=1
28 if debug ==True:
29 print("Detected␣new␣motorcycle␣")
30 objects[object_nr ]= obj_center
31 object_nr +=1
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Appendix B
Appendix B.1. Weather and PM10 Daily Averages

Date
Humidity

(%)
Temp
(◦C)

Pressure
(hPa)

PM10, 24 h Avg.
(µg/m3)

PM10 min.
(µg/m3)

PM10 max.
(µg/m3)

16 Oct. 2024 40.45 17.93 955.77 38.4 4.59 225.25
17 Oct. 2024 47.24 12.39 957.44 30.53 5.14 216.88
18 Oct. 2024 49.09 11.07 955 27.61 1.98 179.15
19 Oct. 2024 51.83 9.31 954.7 20.95 3.13 125.5
20 Oct. 2024 51.07 9.87 958.27 36 2.89 255.77
21 Oct. 2024 48.82 10.38 961 62.57 2.24 393.81
22 Oct. 2024 47.27 10.8 959.59 84.73 3.92 354.12
23 Oct. 2024 46.27 10.74 959.62 90.45 2.93 439.27
24 Oct. 2024 56.12 9.49 961.51 113.5 8.85 401.49
25 Oct. 2024 54.32 11.76 957.69 80.19 6.97 427.23
26 Oct. 2024 47.84 11.95 955.94 71.76 3.79 750.98
27 Oct. 2024 47.31 12.89 954.73 93.87 4.74 488.33
28 Oct. 2024 50.28 15.61 953.93 86.52 5.02 310.73
29 Oct. 2024 51.65 14.47 954.66 69.58 7.1 604.45
30 Oct. 2024 53.18 12.44 954.51 71.21 2.12 452.51
31 Oct. 2024 54.83 14.81 954.08 47.47 1.46 556.84
01 Nov. 2024 53.49 13.3 952.96 51.61 3.28 268.9
02 Nov. 2024 53.42 11.97 950.62 46.4 0.67 271.87
03 Nov. 2024 56.65 9.31 957.22 55.36 0.17 428.09
04 Nov. 2024 53.14 4.95 955.07 91.07 2.82 349.37
05 Nov. 2024 52.79 5.02 958.97 98.96 6.6 551.25
06 Nov. 2024 48.08 6.34 959.97 163.01 5.75 797.74
07 Nov. 2024 41.66 7.21 962.08 201.46 1.82 760.98
08 Nov. 2024 45.67 5.71 960.34 207.97 7.94 793.33
13 Nov. 2024 52.63 6.95 954.07 38.95 6.27 156.65
14 Nov. 2024 55.17 5.57 951.19 35.9 6.06 213.94
15 Nov. 2024 57.91 4.19 949.97 41.52 4.91 553.52
16 Nov. 2024 53.88 4.22 952.5 109.76 4.69 727.07
17 Nov. 2024 54.18 4.24 944.21 160.83 4.86 772.16
18 Nov. 2024 52.19 5.02 942.43 156.56 1.04 799.8
19 Nov. 2024 48.79 6.02 943.47 132.33 1.34 751.66
20 Nov. 2024 52.06 10.19 930.22 16.21 0.17 144.14
21 Nov. 2024 64.42 1.62 934.27 57.18 0 369.49
22 Nov. 2024 67.22 2.77 931.12 35.45 0.17 360.94
23 Nov. 2024 62.13 1.44 947.17 37.14 0.31 377.03
24 Nov. 2024 55.59 1.46 960.13 132.32 7.12 611.01
25 Nov. 2024 56.11 6.32 956.64 159.79 4.89 768.37
26 Nov. 2024 59.51 6.09 949.7 196.62 17.67 791.24
27 Nov. 2024 59.66 7.83 952.56 99.04 6.45 770.33
28 Nov. 2024 61.24 7.68 952.09 109.69 10.85 462.06
29 Nov. 2024 66.97 6.51 950.03 61.66 0.67 427.64
30 Nov. 2024 66.28 6.15 955.2 140.86 31.43 517.92
01 Dec. 2024 58.05 8.17 956.67 40.81 1.65 269.35
02 Dec. 2024 54.07 5.55 953.24 60.32 2.43 599.96
03 Dec. 2024 59.71 3.45 948.04 142.68 3.3 618.78
04 Dec. 2024 58.94 5.6 948.7 128.66 16.35 398.93
05 Dec. 2024 59.8 6.22 952.12 33.93 2.02 223.01
06 Dec. 2024 61.92 5.3 947.14 27.9 0 254.51
07 Dec. 2024 67.85 5.45 941.78 68.31 6.17 285.27
08 Dec. 2024 64.66 5.29 937.99 58.66 9.38 334.69
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Date
Humidity

(%)
Temp
(◦C)

Pressure
(hPa)

PM10, 24 h Avg.
(µg/m3)

PM10 min.
(µg/m3)

PM10 max.
(µg/m3)

09 Dec. 2024 61.15 7.12 940.43 63.98 1.17 389.68
10 Dec. 2024 64.03 4.84 946.84 96.56 21.34 432.79
11 Dec. 2024 59.45 5.87 949.21 65.68 3.56 444.31
12 Dec. 2024 56.32 3.75 954.05 24.07 3.85 177.67
13 Dec. 2024 49.81 4.29 958.73 33.68 3.51 324.42
14 Dec. 2024 51.9 4.22 952.09 30.06 8.81 290.98
15 Dec. 2024 58.03 4.1 947.58 27.9 3.25 328.25
16 Dec. 2024 56.56 6.41 955.64 10.43 0.17 181.43
17 Dec. 2024 57.45 9.95 954.54 16.6 0.67 132.77
18 Dec. 2024 56.05 7.64 953.56 85.03 3.1 654.41
19 Dec. 2024 60.43 5.08 945.4 214.27 44.82 798.76
20 Dec. 2024 61.38 4.01 936.73 318.18 97.64 799.08
21 Dec. 2024 65.38 5.75 942.38 69.37 3.77 612.34
22 Dec. 2024 56.35 4.3 940.93 42.28 1.76 324.42
23 Dec. 2024 57.02 3.52 931.76 75.25 5.86 419.02
24 Dec. 2024 65.74 4.16 935.76 147.72 23.12 723.03
25 Dec. 2024 60.83 5.87 950.84 61.73 1.65 436.97
26 Dec. 2024 59.13 5.76 958.83 101.88 9.39 491.25
27 Dec. 2024 57.84 4.76 957.06 109.27 7.31 459.28
28 Dec. 2024 56.4 5.24 954.86 116.11 12.9 647.46
29 Dec. 2024 62.58 3.45 955.71 94.06 20.89 679.32
30 Dec. 2024 53.62 5.79 956.96 119.93 1.62 734.23
31 Dec. 2024 60.86 1.7 958.48 169.74 7.8 581.02

Appendix B.2. Traffic Count and Hourly Average PM10

Date, Hour PM10 (µg/m3) Cars Trucks Buses

17 Nov. 2024 , 00:00 301.95 63 6 0
17 Nov. 2024, 01:00 216.99 31 7 0
17 Nov. 2024, 02:00 172.43 36 4 0
17 Nov. 2024, 03:00 211.71 21 11 0
17 Nov. 2024, 04:00 175.20 40 9 0
17 Nov. 2024, 05:00 174.95 31 7 0
17 Nov. 2024, 06:00 110.35 63 12 0
17 Nov. 2024, 07:00 107.05 180 22 0
17 Nov. 2024, 08:00 113.87 278 27 1
17 Nov. 2024, 09:00 84.83 546 29 4
17 Nov. 2024, 10:00 83.31 845 33 8
17 Nov. 2024, 11:00 41.40 997 65 14
17 Nov. 2024, 12:00 24.82 1179 69 13
17 Nov. 2024, 13:00 22.56 1241 74 7
17 Nov. 2024, 14:00 13.11 1212 47 9
17 Nov. 2024, 15:00 39.24 888 33 2
17 Nov. 2024, 16:00 88.41 788 18 3
17 Nov. 2024, 17:00 190.97 553 15 4
17 Nov. 2024, 18:00 170.18 377 7 4
17 Nov. 2024, 19:00 290.31 170 7 2
17 Nov. 2024, 20:00 227.20 89 9 2
17 Nov. 2024, 21:00 213.00 67 0 1
17 Nov. 2024, 22:00 417.07 36 1 1
17 Nov. 2024, 23:00 359.78 33 3 0
18 Nov. 2024, 00:00 226.35 18 6 0
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Date, Hour PM10 (µg/m3) Cars Trucks Buses

18 Nov. 2024, 01:00 199.25 12 3 0
18 Nov. 2024, 02:00 310.63 14 3 1
18 Nov. 2024, 03:00 236.98 8 7 0
18 Nov. 2024, 04:00 185.34 53 7 0
18 Nov. 2024, 05:00 152.08 57 8 0
18 Nov. 2024, 06:00 159.13 130 11 1
18 Nov. 2024, 07:00 174.51 278 49 3
18 Nov. 2024, 08:00 224.95 260 38 3
18 Nov. 2024, 09:00 177.18 1034 180 15
18 Nov. 2024, 10:00 123.21 995 159 8
18 Nov. 2024, 11:00 87.95 1117 174 22
18 Nov. 2024, 12:00 51.66 1001 189 17
18 Nov. 2024, 13:00 13.24 1333 200 15
18 Nov. 2024, 14:00 10.18 1182 128 9
18 Nov. 2024, 15:00 10.38 1060 74 13
18 Nov. 2024, 16:00 30.13 1082 61 14
18 Nov. 2024, 17:00 81.46 699 43 4
18 Nov. 2024, 18:00 162.24 334 32 1
18 Nov. 2024, 19:00 129.05 267 19 0
18 Nov. 2024, 20:00 209.82 192 16 1
18 Nov. 2024, 21:00 301.03 131 15 0
18 Nov. 2024, 22:00 234.09 98 25 1
18 Nov. 2024, 23:00 358.96 50 12 0
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