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Abstract

Existing air quality monitoring infrastructure in Kazakhstan provides limited spatial
coverage, particularly in cities with extreme continental climates and coal-dominated PM2.5
emissions. This thesis presents the design, deployment, and evaluation of an IoT-based sensor
network for real-time PM2.5 monitoring in Astana. Four ESP32-based sensor nodes with
PMS5003 sensors were deployed across the city, collecting 14,444 measurements over 28 days
(February—March 2026) with 89.95% data completeness at temperatures down to —26.8 °C. Co-
location with the Kazhydromet-14 reference station enabled machine learning calibration, with
Random Forest achieving the highest accuracy (R* = 0.84, RMSE = 3.80 pg/m?), satisfying the
EPA performance criterion. Age-based calibration analysis revealed that linear model coefficients
degrade by 76.8% within one week during seasonal transitions, while Random Forest maintains
stable performance (R* = 0.93-0.99), leading to a weekly retraining recommendation. For 7-day
PM2.5 forecasting, LSTM was identified as the best model (R*=0.23, RMSE = 11.62 pg/m?).

Keywords: air quality, [oT sensor network, PM2.5 monitoring, machine learning

calibration, Random Forest, low-cost sensors, PMS5003, LSTM forecasting.
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Chapter 1 — Introduction

1.1. Context and Background

Air pollution is a worldwide ecological problem, which negatively affects human health
and the environment. Air pollution level can be determined by the key indicator, which is known
as the concentration of fine particulate matter (PM2.5). The World Health Organization (WHO)
recommends that the annual average PM2.5 value should be lower than 5 pg/m? [1]. The annual
PM2.5 concentrations in Kazakhstan is 22.2 pg/m?, which exceed the WHO’s annual standards by
4.4 times [2]. The majority of residents remain unaware of risks due to limited public awareness,

despite the current deplorable state of air pollution [3].

Traditional regulatory-class stations are used for the air pollution monitoring. Such
traditional monitoring stations provide highly accurate measurements. However, they can face
several limitations such as high cost, maintenance complexity and limiting covering area [4]. In
contrast, the monitoring system based on the Internet of Things (IoT) can overcome these
limitations. Such [oT-based monitoring systems can effectively collect air pollution measurements
and transmit them for further analysis via wireless data transmission. These systems are easily

scalable and cost-effective solutions, which can improve air pollution monitoring in urban areas.

1.2. Problem Statement

IoT-based monitoring systems face several limitations, such as sensor degradation over
time, which reduces air pollution measurements accuracy [5]. Identical sensor nodes located close
to each other collect different measurements [6], especially in regions with extreme climatic
conditions like Kazakhstan. These factors often lead to premature failure of such IoT sensors and
create data gaps. These challenges limit the reliability and long-term usability of IoT-based air

quality monitoring systems.
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The novelty of this study is a systematic age-based calibration analysis, determining the
minimum retraining frequency in changing environmental conditions. This approach provides new
empirical knowledge about the behavior of calibration parameters during the transition between
seasons, and practical recommendations for retraining based on the real deployment. In contrast
to the isolated solution of the above-mentioned parts, this study combines calibration, forecasting,

automated health monitoring and real-time visualization into an end-to-end system.

1.3. Aim and objectives

General Objective: To design and evaluate a multi-node IoT-based monitoring network for air
pollution assessment in Astana, which uses machine learning to calibrate raw data from designed
sensor nodes and PM2.5 forecasting.
Specific Objectives:
1. To design and implement a prototype loT-based monitoring device, which combines low-
cost [oT sensors to collect PM2.5 and weather parameters.
2. To compare different machine learning techniques for PM2.5 calibration and determine the
most efficient calibration model.
3. To investigate the impact of seasonal variations, especially the heating season, on the
measurement accuracy from low-cost sensors.
4. To develop an automated cloud-based dashboard for real-time data visualization.

1.4. Research Questions

1. Which machine learning algorithms provide the highest calibration accuracy for low-cost
IoT sensors for air pollution assessment?

2. What is the minimum frequency of updating ML models required to maintain high
calibration accuracy?

3. How do seasonal variations, especially in the heating season, affect the accuracy and

stability of low-cost [oT air quality sensors?
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Chapter 2 — Literature Review

This chapter provides an overview of the existing literature, which is related to the design
and implementation of an ML-calibrated loT-based sensor network for real-time air quality
assessment. This chapter is divided into four sections. Section 2.1 examines the air pollution state
in Kazakhstan and identifies critical gaps in the current air pollution monitoring infrastructure.
Section 2.2 provides an assessment of loT-based monitoring systems as a cost-effective alternative
to traditional monitoring stations. Section 2.3 analyzes the sources of measurement errors and
ways to eliminate these errors using different calibration methods in low-cost PM sensors. Section
2.4 considers different machine learning (ML) approaches for low-cost sensor calibration and

PM2.5 forecasting, and identifies methodological issues, which motivate this study.
2.1. Challenges and Gaps in Air Quality Monitoring in Kazakhstan

Kazakhstan has one of the highest PM2.5 concentration values in Central Asia. This air
pollution issue is becoming more urgent year after year [7]. In 2021, Kazakhstan was ranked 23rd
among the most polluted countries in the world with a PM2.5 value of 31.1 pg/m?. This value
exceeds the WHO limits of 5 pg/m?® by 6.2 times [8][9]. Also in 2021, the annual PM2.5
concentrations in cities of republican significance such as Astana and Almaty exceeded the WHO
standards by 4.5 and 7.1 times, respectively [8]. Later measurements confirm that this situation
persists. From August 2022 to July 2023, the annual PM2.5 concentrations in Almaty (35.6 ng/m?)
and Astana (19.4 pg/m?) continued to exceed the WHO recommended levels [1][10]. In 2021, the
daily PM2.5 concentrations exceeded the WHO 24-hour standards (15 pg/m?) [1] on 151 days in
Astana and 217 days in Almaty [8]. Such exceedances of the WHO standards indicate that the
population of both cities is exposed to dangerous air quality for a large part of the year.

The health consequences of such prolonged exposure are serious, and they remain largely
unexplored in Kazakhstan [11]. Between 2015 and 2017, about 8 thousand deaths occurred
annually in Kazakhstan due to diseases related to poor air quality [7]. In 2021, the number of

deaths increased to more than 16 thousand [12]. Environmental exposure to PM2.5 has led to an
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increase in mortality at the urban level. In 2022, the number of PM2.5-related deaths was
approximately 2100 in Almaty and 660 in Astana [11]. These mortality rates exceeded deaths from
other preventable causes such as traffic accidents and HIV/AIDS in both cities. Figure 2.1
illustrates the distribution of excess mortality by age group and major categories of diseases

associated with PM2.5 exposure.
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Figure 2.1: The total premature deaths attributable to PM2.5 exposure during 2022-2024
(summed for 3 years) in Almaty (left) and Astana (right) [11].

Kazakhstan is also facing large economic losses from PM2.5 exposure. At the national
level, the impact of PM2.5 on human health in 2019 was estimated at $12 billion, which is
equivalent to 6.7% of gross domestic product [8]. Economic losses at the city level from PM2.5-
related mortality were estimated at $2.8—4.6 billion for Almaty and $0.9—1.5 billion for Astana per
year [11]. This economic burden demonstrates that air pollution not only harms public health, but
also slows down economic growth, reducing a high percentage of national economic production.

The high level of air pollution in Kazakhstan is mainly determined by the climatic and
geographical features of the country, which create favorable conditions for PM2.5 accumulation.
Long cold winters and frequent temperature inversions limit the vertical mixing of air and trap
pollutants in the surface layer of the atmosphere [12]. Winter anticyclones, low boundary layer

height and high relative humidity also increase the probability of fine particle accumulation

[12][13].
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These meteorological conditions become especially critical during the heating season
(October-April), when coal burning at combined heat and power plants, autonomous boiler houses
and residential heating systems leads to a substantial increase in PM2.5 emissions [14]. During
this period, average PM2.5 concentrations at air pollution monitoring stations increase
approximately twice [14], with winter averages reaching 35.3 ug/m? in Astana and 76.0 pg/m? in
Almaty [8]. The chemical characterization of PM2.5 confirmed these seasonal patterns. In winter,
both of these cities showed high peaks in the content of ammonium, nitrates, sulfates, and
carbonaceous substances. These elevated concentrations indicate an increase in combustion
emissions and limited atmospheric dispersion during the cold months, which are typical for the
Kazakhstan climate [10]. Seasonal variations in PM2.5 levels in Astana and Almaty are illustrated
in Figure 2.2, which shows higher PM2.5 concentrations in the heating season, especially in

Almaty.
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Figure 2.2: Seasonal average PM2.5 concentrations for Almaty and Astana in 2021 [§].
In Kazakhstan, air pollution sources are transportation, industrial emissions, and coal,

which provides 69% of energy [7]. Coal-fired combined heat and power plants (CHPs) consume
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3.7 and 2.2 million tons of coal annually in Almaty and Astana, respectively [10]. Such CHPs in
Kazakhstan operate without SO2 and NO: emission-control technologies [13]. Despite the high air
pollution level caused by coal burning, the transition to cleaner fuels such as natural gas is still
slow and is mainly limited to large cities [7]. In Astana, 100% of households used coal or wood
for heating, and 26% of households in Almaty used solid fuels for heating [8]. A comprehensive
survey of 11,944 households in Astana demonstrated that households annually consumed 39
thousand tons of coal and 13 thousand m® of biomass to heat residential premises [10]. These
heating processes directly increase PM2.5 levels, causing air pollution peaks at monitoring stations
in the heating season. Five different sources were identified in Almaty: resuspended urban road
dust (32%), urban atmosphere (20%), power plants (18%), residential heating (16%) and exhaust
emissions (14%). In Astana, residential heating, regional and local power plants, and traffic
emissions accounted for 20% each. In addition, resuspended urban road dust and industrial
emissions accounted for 22% and 18%, respectively [10]. Despite the fact that pollution sources
were distributed relatively evenly across both cities, numerous pollution factors showed a strong
correlation with coal and biomass combustion markers, with the total coal-related combustion
sources reaching approximately 40% of the total amount of PM2.5 in both cities [10]. In addition,
the growing number of outdated passenger cars and the lack of exhaust emission control systems
contribute to additional air pollution [8].

Despite these negative statistics, the air pollution monitoring system in Kazakhstan remains
substandard, fragmented, and often insufficient for collecting spatial and temporal variability of
PM2.5 concentrations. The National Air Quality Monitoring Network, managed by Kazhydromet,
provides only minimal coverage. Most cities in Kazakhstan are absent from global air quality
rankings due to insufficient monitoring. Although Almaty and Astana have some level of
monitoring infrastructure, these resources are unevenly distributed. Astana has only 4 monitoring
stations, which is much less than in Almaty [12], and even those stations are poorly located near

combined heat and power plants, as shown in Figure 2.3 [8].
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Figure 2.3: Locations of air quality monitoring stations and coal-fired power plants in Almaty
and Astana [§].

Air quality data collection can have large gaps even at traditional regulatory stations such
as the Beta Attenuation Monitoring station (BAM-1020). According to [7], even a globally reliable
station such as the BAM-1020 can face problems with data completeness. This experiment showed
an observed data gap of 8.8%. Actual industrial emissions cannot be independently checked
because Kazakhstan lacks continuous emission monitoring systems (CEMS) at coal-fired power
plants and metallurgical plants [12]. Such lack of CEMS leads to incomplete emission datasets,
limiting their applicability in assessing industrial contributions and developing accurate
forecasting systems. The lack of a comprehensive monitoring system further complicates the
development of methods for analyzing the air pollution formation mechanisms, forecasting
capabilities, early warning systems, and evidence-based assessment of measures [10]. In highly

developed industrial cities, where air pollution levels are among the highest in the country, air
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pollution monitoring networks remain extremely sparse. Despite the existence of CHPs,
metallurgical complexes and winter smog, in the highly developed industrial cities such as
Temirtau, Ust-Kamenogorsk, Balkhash and Ekibastuz, air pollution monitoring networks have

only 1-3 stations [12].

2.2. IoT Solutions for Real-Time Air Quality Monitoring

Currently, air quality monitoring uses traditional monitoring stations based on reference
devices such as stationary environmental stations like BAM-1020 [5][15]. Such traditional air
quality monitoring stations provide high data accuracy and data completeness [16]. However, these
stations are costly to install and maintain, limiting their spread over a large area [17]. These
limitations make it economically impossible to create dense air quality monitoring networks [5].
Such sparse placement of monitoring stations leads to large geographical gaps, forcing authorities
to extrapolate air pollution measurements over large areas, which reduces measurement accuracy
and makes pollution trends unclear in areas far from stationary environmental stations [16]. In
addition, these limitations demonstrate the low efficiency of traditional stations in harsh weather
conditions and in responding to sensor failures, which is necessary for modern spatiotemporal air
pollution analyses [18].

As a low-cost alternative, air quality monitoring can use systems based on the Internet of
Things (IoT) sensors to measure gaseous and particulate concentrations in real-time [15][16][18].
Unlike traditional monitoring stations, which collect less detailed datasets due to sparse placement
and high operating costs [17], IoT-based air pollution monitoring systems use low-cost sensor
nodes that can be densely located in urban areas to achieve detailed spatiotemporal monitoring
[19]. Dense monitoring networks based on low-cost sensors can assess the risk of PM2.5 exposure
with higher spatial and temporal resolution than in regulatory monitoring systems. Such regulatory
monitoring systems include the Federal Reference Method or the Federal Equivalence Method

(FRM/FEM), which are usually located in sparse locations due to their high cost and complexity
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of the system [20]. One example of such networks, the PurpleAir platform has increased from over
10,000 sensors in 2021 [21] to over 30,000 sensors by April 2022 [20] proving the easy scalability
of such monitoring networks. In the Washington State metropolitan area alone, more than 700
PurpleAir sensors worked side by side with only about 15 regulatory stations. Such density
demonstrates the advantage of low-cost sensor networks in spatial coverage [22].

IoT-based air quality monitoring nodes consist of a microcontroller like ESP32 and low-
cost PM and environmental data sensors [23]. A typical IoT-based air quality monitoring system
has a multi-level architecture consisting of several key components: outdoor-located sensor nodes,
a communication network between nodes, the server-side application with cloud integration, and
a user-oriented client application [24]. Such systems transmit collected data to storage via wireless
sensor networks (WSNs) using Wi-Fi, LoORaWAN, or ZigBee communication protocols, providing
an loT sensor network and covering a large area [4][25][26][27]. Among these protocols,
LoRaWAN has specific advantages for outdoor air quality monitoring due to its autonomous
network architecture, low power consumption, wide range of connectivity, and low operating costs
compared to Wi-Fi [24]. For multi-node IoT architectures, Message Queuing Telemetry Transport
(MQTT) Protocol provides efficient communication between sensor nodes and edge or cloud
devices [28][29]. There are alternative approaches to achieve full autonomy in remote locations.
For example, hybrid power systems based on solar cells and batteries combined with 4G IoT SIM
cards, which eliminate dependence on external electricity and fixed network infrastructure [30].

However, for the city-level deployment, where residential Wi-Fi infrastructure is easily
available, a direct Wi-Fi connection remains the most practical choice. A direct Wi-Fi connection
does not require additional gateway hardware and provides sufficient bandwidth for periodic data
transmission with real-time Network Time Protocol (NTP) clock synchronization, which is
essential for accurate definitions of time-series parameters. The above-mentioned low-cost
PurpleAir monitoring system also uses Wi-Fi, which confirms this approach [21]. However, offline

data recorded without Wi-Fi access may contain timestamp errors [21]. This data transfer approach
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provides continuous data collection, data processing, and data transfer of air pollution

measurements to the cloud storage without human intervention [31] as shown in Figure 2.4.
Sensors /Actuators
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Figure 2.4: Internet of Things system modules for real-time air quality monitoring [19].

Low-cost particulate matter (PM) sensors, which are the major component in loT-based air
pollution monitoring nodes, are compact optical or nephelometric devices. These sensors estimate
fine particle concentrations by measuring the intensity of light scattered by aerosols [32]. PM
sensors use different approaches and architectures, depending on their cost and measurement
accuracy. Plantower devices like the PMS5003 and PMS7003 or Honeywell HPMA115S0 are
based on laser scattering cameras with a fan and fixed airflow [33]. Advanced sensors such as the
Alphasense OPC-N2 are based on larger optical cameras and particle-counting capabilities. Such
sensors provide higher measurement accuracy, but they are much more expensive than their
Plantower analogues [32]. Therefore, the gold standard for IoT-based air pollution monitoring
systems is the Plantower PMS5003, which is several times cheaper than the Alphasense OPC-N2
and provides higher measurement accuracy. Plantower devices are not efficient at measuring larger
PM particles because these particles must make two or three 90-degree turns before passing the
laser and photodetector assembly, reducing the sampling efficiency for coarse particles [34].
However, in the monitoring systems used in [7][27][32][33][35], the PMS5003 was a key
component. These studies also demonstrate the successful long-term implementation of portable
and stationary low-cost IoT-based devices integrated into large-scale network models such as

MegaSense [36], which enable real-time air pollution monitoring using different sensor nodes.
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Table 2.1 adapted from [32] shows the main characteristics of the above-mentioned PM sensors
such as their physical size, cost, particle detection range, claimed accuracy, and so on.

Table 2.1: Main characteristics of the low-cost PM sensors. Adapted from [32].

Model Size (mm) Price | Detection | Concentration | Declared Accuracy
(HxW xD) | (USD) | range (um) | range (ng/m?) (ng/m?)

Alphasense | 60 x 64 x 75 | 443 0.38to 17 | 0.01 to 1,500 Not known

OPC-N2

Plantower 38 x21 x50 |28 0.3to0 10 0 to 500 +10
PMS5003

Plantower 37 x 12 x 48 | 28 0.3 to 10 0 to 500 +10
PMS7003

Honeywell 36 x43 x24 | 33 Not known | 0 to 1,000 +15
HPMAT115S0

Despite the advantages of an IoT-based air pollution monitoring system such as easy
scalability and low-cost, their practical implementation faces technical limitations, which affect
data reliability and long-term performance [5][16]. Low-cost [oT sensors have lower measurement
accuracy compared to reference stations [16]. Measuring signals of low-cost IoT sensors are very
sensitive to different environmental factors such as humidity, temperature, wind speed, and
pressure, which affect the accuracy of the fine particle concentrations and gaseous pollutants [26].
In a study conducted in Almaty using a PMS5003 sensor to measure PM2.5 levels, data gaps were
identified. These sensors were installed in two places, at the Kazakh National University and on
Seifullin street, located close to each other. The results showed data gaps of 27% and 32%,
respectively. In contrast, a traditional monitoring station, a BAM-1020, showed a data gap of 8.8%
during the same period [7].

IoT-based monitoring systems also face infrastructural limitations. Many existing 1oT
architectures still depend on power or fixed Wi-Fi networks, which limits their deployment in low-

maintenance or remote urban areas [23]. Data completeness also remains one of the challenges of
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such systems, as [oT nodes often lose data due to communication failures, hardware failures, or
the impact of environmental conditions [18]. Depending on the Wi-Fi connection and the power
source stability, when IoT-based monitoring systems are really implemented, their data
completeness can range from 54.2% to 99.5% [15]. High humidity and extreme temperatures,
which are typical for Kazakhstan [12], degrade long-term data collection [18]. One of the key
limitations of low-cost IoT air pollution sensors is long-term sensor drift, which reduces
measurement accuracy over time. This makes uncalibrated data unreliable for scientific or
regulatory purposes [5][35]. Such drifts can occur as early as several weeks or months after

deployment, causing shifts in sensor response and reducing measurement accuracy [6].

2.3. Improving Accuracy of Low-Cost Air Quality Sensors

Using IoT sensors without any calibration can lead to inaccurate measurements, because
their raw measurements often deviate from the reference stations [5]. These inaccuracies are
caused by cross-sensitivities between different airborne pollutants, external factors, such as traffic,
climatic conditions, and human activity, and sensor drift [ 14]. The regular overestimation of PM2.5
concentrations by about 40% has been reported in different independent studies, which were
conducted in the United States, Europe and India [15][20][21][38]. The reason for this
overestimation is the factory calibration of Plantower sensors, which is performed using
atmospheric aerosol in some Chinese cities. Therefore, such factory calibration does not reflect the
aerosol characteristics in the places where the sensor is actually deployed [21][39]. While PM2.5
concentrations are usually overestimated, PM10 concentrations are often underestimated due to
the inability of optical sensors to detect large particles accurately [30].

In addition, low-cost IoT sensors demonstrate inconsistencies between the same IoT nodes,
collecting different measurements even in the case of identical models, placement and weather
conditions. This inconsistency further increases the importance of calibration for data analyses [6].

This variability between sensor nodes has been quantified in long-term field studies. Plantower
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devices such as the PMS1003, overestimated the PM2.5 measurements by 1.89 times, and two
PMS5003 sensors showed deviations of 1.47 and 1.08 times relative to the reference
measurements, respectively [34]. These inconsistencies occur due to inherent manufacturing
tolerances, as the electronic components have different performance parameters. During manual
or automated assembly, changes are made that also affect the final device consistency [30][40].
Harsh weather conditions accelerate sensor degradation, thereby limiting long-term and high-
quality air pollution monitoring [14]. This underlines the need for calibration for low-cost loT
sensors in Kazakhstan. Therefore, the accuracy of low-cost IoT sensors without any calibration
remains insufficient for scientific or regulatory purposes, and their collected incorrect
measurements can lead to incorrect findings during data analysis [26].

Relative humidity (RH) is the main source of measurement error in low-cost optical PM
sensors due to a physical mechanism, known as hygroscopic particle growth [20][40]. In
conditions of high humidity, aerosol particles absorb water vapor and increase in size, which
enhances the light scattering signal and leads to an overestimation of the mass PM concentrations
by the sensor [20][39]. Such visible distortions are detected already at RH of about 50%. The effect
becomes critical at values above 80-85% [40]. Overall, RH can account for up to 30% of the
variance of PM2.5 measurements, which are obtained by using low-cost optical sensors [40].
Internal heating of the electronic components inside the sensor can partially reduce the effect of
RH on the accuracy of PM measurements, as proved by PurpleAir sensors, which show RH values
10-20% lower than reference RH. However, this approach does not eliminate completely the
humidity-related bias [20][21][39]. In addition, the PMS5003 sensors demonstrate a strong
seasonal dependence. During two subsequent winters, PM2.5 concentrations correlated well with
reference devices, showing R? > 0.87, but in spring and during the forest fire season, the R? values
decreased to 0.18-0.72 [34]. This pattern is also confirmed by experiments conducted in India,
where PurpleAir sensors slightly overestimated PM2.5 measurements during the wet winter

period, but underestimated PM2.5 values by 2-6 times in the dusty pre-monsoon season [38]. These
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observations are especially relevant for Kazakhstan, where the heating season produces coal-
dominated aerosol, and spring winds bring mineral dust from the steppe regions.

There are various calibration methods to improve low-cost [oT sensor accuracy. The most
popular calibration method is co-location calibration, where low-cost sensors are installed near
reference stations [35]. As illustrated in Figure 2.5, a network of low-cost sensors can be located
next to the BAM 1020, where the calibration algorithm compares their data and builds an empirical
calibration model [15]. Due to its adaptability to the installation location, this calibration method
accounts for local climate conditions, and improves measurement accuracy [6]. For the correct co-
location calibration, the low-cost sensors have to locate close to reference stations, usually within
50 m of the active FRM/FEM monitoring systems [21], but in some studies, the low-cost sensors
were located within 0.5km of the reference station, which remains the standard in the calibration
literature [20]. However, performance is improved by reducing the distance between reference

stations and low-cost sensors.
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Figure 2.5: Co-location calibration method based on BAM 1020 and IoT sensors [15].
Different studies use different periods of co-location calibration, ranging from a few days
to several months, highlighting that there is currently no standardized duration for such calibration
method. Two independent studies indicate that approximately 6 weeks is the practical minimum
duration for a co-location calibration period. When the calibration period exceeds approximately

6 weeks, RMSE values become small for several types of sensors [41]. When the training dataset
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contains less than ~1000 hourly observations, which corresponds to about 6 weeks of continuous
measurements, then the calibration accuracy is reduced [42]. Figure 2.6 illustrates that after 6
weeks (42 days) the calibration accuracy reaches the optimal value to be used in real air pollution
monitoring systems.
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Figure 2.6: Impact of co-location duration on PM2.5 calibration accuracy. Adapted from [41].

The key factor is the representativeness of the calibration period relative to the full range
of conditions in which the sensor nodes will operate. For PM2.5 optical sensors, RH has to cover
at least 70% of the expected range, and temperature has to cover at least 50% [41]. The choice of
the wrong calibration period can reduce calibration accuracy 6 times, while RMSE can range from
3.1 to 18.3 pg/m? depending on the meteorological conditions, which are included in the
calibration dataset [41]. These findings are especially relevant for Kazakhstan, where extreme
seasonal climate variability, from -30°C in winter to +35°C in summer, requires longer co-location
periods or season-adapted calibration strategies.

However, calibration methods do not guarantee high measurement accuracy. Calibration
accuracy degrades because one calibration lasts for two weeks, after which sensor drift and other
errors appear again [6]. A comprehensive analysis of 14,927 PurpleAir sensors in the United States
showed that optical PM sensors like the PMS5003 will remain stable only during the first three
years. About 2% of all these sensors have demonstrated permanent calibration accuracy reduction,
which is not related to sensor age. The reasons for this behavior were external factors such as dust

accumulation, insect intrusion, and physical damage [43]. The speed of such degradation of optical
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sensors is also influenced by the climate zone where this optical sensor is located. In hot and dry
climates, degradation occurs faster than in other zones due to the dust accumulation in the airway
and on optical components. In hot and humid climates, sensors degrade due to moisture damage
to electronic components. Based on these observations, it is recommended to delete the first 20
hours of sensor data collection due to the initial measurement instability and replace the Plantower
sensors after about 4 years of usage, or after about 3 years in hot and dry climate zones [43].

Despite these limitations, calibration methods enhance the accuracy of low-cost sensors in
different environmental conditions. For example, correction equations obtained via co-location
calibration enhance the raw sensor data accuracy in multiple independent systems. Monitoring
stations in the United States reduced RMSE values from 8 to 3 pg/m?® [21], in Dublin they reduced
RMSE values from 52.5 to 2.3 pg/m? [15], at 22 monitoring stations in Delhi calibration accuracy
increased by 37-66% [44]. RH and temperature values collected from the sensor nodes themselves
can be used as predictors in calibration models, since the meteorological parameters collected from
the sensors correlate well with the reference environment values (R? > 0.85) [44]. However, the
temporal correction coefficients stability remains a crucial limitation for different calibration
methods. This variability of the correction coefficients is better explained by the measurement date
(44%) than by differences between individual devices (3%). This indicates that the main source of
calibration errors is changes in aerosol properties over time [45]. These observations highlight the
necessity of automated, adaptive calibration approaches, which can take into account temporary

changes in aerosol composition and environmental conditions by using different ML methods.

2.4. Machine Learning for Sensor Calibration and Forecasting

Periodic recalibration can show the most efficiency if this calibration method is based on
machine learning (ML) or deep learning (DL) models [46]. It is preferable that these ML or DL
models use cloud resources to reduce model execution time, enhancing the efficiency and stability

of the chosen ML model [47]. Correctly chosen ML algorithms can improve the quality of low-
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cost [oT sensors, providing high-accuracy measurements similar to traditional monitoring systems
but at a lower cost [35]. There is no universal solution for calibrating low-cost IoT sensors, since
each approach can face some limitations. However, any chosen ML models can improve their
calibration accuracy by increasing their historical knowledge base [46]. In addition to calibration,
ML methods have been applied to predict future PM2.5 concentrations based on historical PM and
weather measurements, which is essential for early warning systems and active air pollution
management [47][48].

The development of ML-based calibration methods requires the correct selection of
suitable input features. The most commonly used bias correction parameters for Plantower sensors
are temperature and RH [20][21]. However, including the linear RH term in the calibration model
provided the lowest value of RMSE (2.52 pg/m®), while using temperature term just slightly
improved the model quality (RMSE = 2.84 pg/m?®). Therefore, particle number and RH have the
greatest impact on calibration accuracy, while temperature plays a secondary role [42]. In addition,
the calibration equations can include other meteorological variables, such as boundary layer
height, wind speed, and surface atmospheric pressure [49]. In addition to using different variables
for the calibration equation, using spatial autocorrelation based on near-located air pollution
monitoring stations can enhance calibration accuracy (R? from 0.783 to 0.888) [30].

Determining the basic effectiveness of simple calibration methods is essential before using
different ML algorithms. The most widely used correction equation was developed by Barkjohn
for usage in the United States:

PM,5 = 0.524 X PA.,— 0.0862 X RH + 5.75
where PA_cfl is a channel with the Plantower PMS5003 correction factor, which provides lower
calibration error than the alternative atmospheric correction channel (CF_atm). This linear
correction allowed PurpleAir sensors to correctly determine the category of the air quality index
(AQD) in 91% of cases [21]. Multiple linear regression (MLR) models can enhance results

compared to this basic Barkjohn correction equation. Three-factor MLR model achieved R? = 73%
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and RMSE = 2.96 ug/m? at hourly resolution and R* = 79% and RMSE = 2.24 pg/m? at daily
resolution. This corresponds to a 16-23% improvement in error metrics compared to the Barkjohn
equation [20]. Nonlinear formulations of the RH effect, including theoretical models of
hygroscopic particle growth (k-Kohler) do not improve calibration accuracy compared to a simple
linear dependence on RH [21][38]. When the time averaging period increases, the accuracy of any
calibration model increases. For PurpleAir sensors in Dublin, the R? value increased from 0.74 at
hourly resolution to 0.91 at 24-hour resolution, while the RMSE value reduced from 6.6 to 2.3
pg/m? [15]. Simple equation-based calibration models are able to achieve high correlation with
minimal computational effort. However, linear regression is not enough to calibrate PM
concentrations under changing meteorological conditions. The correlation between the PM
concentrations and environmental weather parameters is nonlinear [30][44]. Table 2.2 shows a
comparison of empirical calibration equations developed for PMS5003-based sensors in various
geographical and climatic conditions. Despite using the same sensor equipment, the calibration
coefficients vary depending on the region and the aerosol characteristics.
Table 2.2: Comparison of Empirical Calibration Equations for PMS5003-Based Sensors

Across Different Regions.

Region Calibration Equation R? RMSE | Dataset Avg. Source
(ng/m?) | Size Period

Dublin, 0.536xCF1 - 0.008xRH | 091 |23 9264 hours | 24-h [15]

Ireland +3.21

SE United 4.33 +0.418xCF1 — 0.79 |2.24 5 666 24-h [20]

States 0.045xRH + 0.075xT observations

United States | 0.524xCF1 —0.0862xRH | — 3.0 ~12 000 24-h [21]
+5.75 observations

Different ML algorithms can be used for low-cost sensor nodes to resolve these non-linear
dependencies. These ML algorithms can include tree-based ensemble methods like Random Forest

or Gradient Boosting with the highest calibration accuracy from different independent comparative
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studies among classic ML algorithms, deep learning models such as ANN or LSTM with
advantages in capturing temporal patterns with sequential air quality measurements, etc [42][49].
Table 2.3 provides a comparative analysis of ML-based calibration methods with an accuracy
indicator and practical aspects.

Table 2.3: Comparative Analysis of Machine Learning Models for Air Quality Calibration.

ML Model Advantages Disadvantages R2value | Sources

Linear Simple, interpretable, Limited for nonlinear 0.72-0.81 | [35][42]

Regression fast relationships

(LR)

K-Nearest Simple, good for small Struggles with high- 0.74-0.86 | [35][42]

Neighbors datasets dimensional data

(KNN)

Support Vector | Good for nonlinear data | Computationally heavy, | 0.77-0.79 | [48][49]

Regression O(n?) training

(SVR)

Random Robust ensemble, Larger memory 0.86-0.94 | [42][49]

Forest (RF) feature importance, footprint
handles nonlinearity

Gradient Best for transferable Sensitive to 0.87 [44]

Boosting (GB) | calibration networks hyperparameters

Decision Tree | Minimal computational | Prone to overfitting 0.92 [49]

Regression requirements

(DTR)

Artificial Captures complex Computationally heavy, | 0.89 [42][50]

Neural relationships less transparent

Network

(ANN)

LSTM Handles sequential data | Needs large dataset, 0.82—0.86 | [49][50]
well slow training

BiLSTM Bidirectional context Highest parameter 0.98 [49]
capture count




29

The choice of algorithm also depends on the available training dataset size. Tree-based
ensemble methods remain the most stable choice for small datasets, which are typical of short-
term co-location experiments [49]. At the same time, with very small datasets, like two weeks of
hourly measurements, SVM methods and neural networks show high calibration accuracy,
demonstrating low sensitivity to the training sample size. Regression methods like Support Vector
Regression (SVR) are recommended for projects with limited resources to adjust hyperparameters,
because such methods provide an optimal balance between calibration accuracy and computational
efficiency [42]. In addition to dataset size, ML-based calibration faces several practical limitations.
Firstly, some complex ML algorithms cannot be broadly implemented into city monitoring systems
due to limited interpretability and transferability. Secondly, most ML algorithms assume a
Gaussian distribution and data independence, while air pollution data exhibit temporal
dependencies and an unstable distribution [48]. Thirdly, the only two-year lifetime of low-cost IoT
sensors limits the training dataset size, reducing initial model accuracy, especially in early
deployment stages [50].

Temporal and spatial stability of calibration methods remains a critical limitation despite
the improvements, which are achieved by using ML-based calibration. A calibration model, which
1s trained during one season is unreliably transferred to other seasons. For example, a calibration
model trained on data collected before the monsoon in India was evaluated during the post-
monsoon and winter seasons and showed normalized RMSE (NRMSE) greater than 100% and R?
below 0.1. These results indicate complete breakdown of calibration characteristics in different
seasonal conditions [38]. Figure 2.7 illustrates this temporal instability across three sites in India.
These results highlight that seasonal differences in aerosol composition and meteorological
conditions can lead to large calibration inaccuracies during different seasons. In Kazakhstan, the
heating season produces an aerosol with a predominance of coal and PM2.5 concentrations several
times greater than in summer. This seasonal variability requires seasonal recalibration and adaptive

ML models.
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Figure 2.7: Inter-seasonal transferability of 4-week calibration models at three sites in India
(Delhi, Hamirpur, and Bengaluru) [38].

An additional limitation is the spatial transferability of calibration models, since the spatial
distance between training and deployment locations is a poor indicator of model transferability. In
a comprehensive evaluation across 22 monitoring sites in Delhi, only 2 sites (9%) produced
calibration models that met the U.S. Environmental Protection Agency (EPA) performance
criterion (R*>0.70) at all other sites in the network, as illustrated in Figure 2.8 [44]. This heatmap
demonstrates that the highest R? values are concentrated along the diagonal, where the training
and testing data were collected from the same location. Most of the non-diagonal cells are below
the 0.7 threshold. The transferability is asymmetric, a model trained at location A can be
successfully transferred to location B, but a model trained at location B cannot necessarily be

transferred to location A [44].



Sites| S1 [ S2 [ S3 | S4[ S5 sS6 | S7 [ S8 S9 [S10]/S11 S12[S13[S14[S15/S16[S17[S18]S19 S20 [ S21 | S22
S1 | 091 | 081|073 082 | 058 | 0.79 | 0.80 | 0.84 | 0.86 | 0.82 | 0.86 0.85 | 0.81 | 057 | 0.82 | 0.82 | 0.10 | 0.75 | 0.86 | 0.76 | 0.68 | 0.53
| S2 0.88 093 | 0.82 0.88 | 067 0.88  0.87 | 0.87 091 | 090 090 0.89 | 0.77 | 0.70 | 0.87 | 0.88 | 0.23 | 0.77 | 0.86 0.89 | 0.69 | 0.54
S3 [ 079 | 088 | 094 091 | 0.88 | 0.92 | 0.89 | 0.81 | 0.85 | 0.90 | 0.87 0.84 | 0.72 | 0.91 | 0.85 | 0.88 | 0.25 | 0.87 | 0.82 0.90 | 0.90 | 0.86
"Sa [ 084 | 092 | 092 094 | 0.87 093 | 091 | 0.89 093 | 091 088 | 0.79 | 0.85 | 0.90 091 | 0.16 | 0.88 | 0.85 0.89 | 0.90 | 0.80
S5 | 0.74 | 088 | 0.88  0.87 | 091 | 0.86 | 0.83 083 082 | 0.74 | 0.88 | 0.84 | 0.85 | 0.07 | 0.87 | 0.79 0.85 | 0.88 | 0.84
7S6 | 084 | 093 | 093 095 | 090 096 | 0.93 092 0.0 | 0.78 | 0.90 | 0.90 | 0.93 | 0.62 | 0.91 | 0.87 0.94 | 0.90 | 0.85
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S14 | 0.79 | 0.86 | 092  0.90 | 0.91 | 0.90 | 0.88 | 0.81 | 0.83 | 0.86 | 0.86 0.83 | 0.69 | 0.93 085 | 0.88 | 0.32 | 0.89 | 0.78 | 0.88 | 0.89 | 0.87
S15| 0.79 | 0.85 | 0.77 0.86 | 0.71 | 0.81 | 0.84 | 0.86 | 0.87 | 0.87 | 0.87 0.85 | 0.82 | 0.73 | 0.90 | 0.87 | 0.32 | 0.80 | 0.82 0.83 | 0.82 | 0.59
S16 | 0.71 | 094 | 091 095 | 0.90 | 0.93 | 093 | 0.91 | 0.94 | 0.95 | 0.94 093 | 0.79 | 0.89 | 0.95 097 | 0.36 | 0.94 | 0.87 092 | 0.86 | 0.76
S17 | 0.60 | 068 | 0.76 | 0.73 | 0.73 | 0.74 | 0.72 | 0.61 | 0.66 | 0.70 | 0.65 0.63 | 0.49 | 0.77 | 0.65 | 0.70 | 0.92 | 0.70 | 0.61 | 0.69 | 0.74 | 0.75
S18 | 0.88 | 0.79 | 0.79 0.80 | 0.81 | 0.77 | 0.78 | 0.75 | 0.75 | 0.77 | 0.79 0.80 | 0.67 | 0.80 | 0.79 | 0.80 | 0.48 | 0.89 | 0.70 0.74 | 0.80 | 0.76
S19 | 0.77 | 0.74 | 0.62 | 0.69 | 0.50 | 0.70 | 0.66 | 0.72 | 0.76 | 0.72 | 0.77 0.7 | 0.74 | 0.47 | 0.73 | 0.72 | 0.46 | 0.66 | 0.82 0.76 | 0.51 | 0.25
'S20 | 083 | 0.85 | 0.81 0.84 | 0.71 | 0.84 | 0.85 | 0.84 | 0.87 | 0.86 | 0.85 0.86 | 0.73 | 0.69 | 0.84 | 0.84 | 0.24 | 0.82 | 0.82 0.88 | 0.75 | 0.66
S21 | 071 | 078 | 0.82 081 | 0.78 | 0.81 | 0.80 | 0.74 | 0.76 | 0.78 | 0.77 0.77 | 0.59 | 0.81 | 0.78 | 0.80 | 0.06 | 0.80 | 0.70 | 0.80 | 0.85 | 0.72
S22 | 066 | 0.76 | 0.81  0.79 | 0.84 | 0.80 | 0.76 | 0.71 | 0.72 | 0.77 | 0.76 0.72 | 0.59 | 0.83 | 0.72 | 0.76 | 0.08 | 0.82 | 0.69 0.77 | 0.82 | 0.89
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Figure 2.8: Spatial transferability of calibration models across monitoring sites [44].

An important practical aspect in the development of calibration models based on machine
learning methods is the validation methodology. Most studies use K-fold cross-validation with k
= 5-10 as a standard approach. Specialized strategies such as leave-one-state-out (LOSO) and
leave-out-by-date (LOBD) cross-validation are used to evaluate the spatial and temporal
generalization. More complex models demonstrate greater instability of coefficients between
different data folds [21]. Large air pollution monitoring networks can use a common calibration
model for the entire batch of sensors with minimal loss of quality. However, small monitoring
networks with a limited number of sensors can use personal models for each sensor [40].

ML methods are used not only for calibration, but also for forecasting PM2.5
concentrations. Such forecasting is essential for early warning systems and proactive air pollution
management. The task of forecasting is essentially different from calibration. Calibration corrects
the current sensor reading using simultaneously measured environmental weather parameters,
while forecasting predicts future concentrations based on historical patterns. Traditional ML
models such as Random Forest and XGBoost use lag features and rolling statistics as input and
are able to predict PM concentrations several days in advance by using multi-objective regression

[47]. Deep learning models such as LSTM are well suited for predicting air quality level due to
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their ability to capture long-term time dependencies in consistent data. These architectures provide
more resistance to sensor drift compared to static calibration coefficients [48][50]. However, deep
learning (DL) models require larger training datasets and a longer training time compared to
traditional ML methods. This data requirement limits their applicability in the early stages of
sensor network deployment, when the dataset is still small [50].

The analyzed literature shows that Kazakhstan faces high PM2.5 concentrations. Such high
air pollution level is caused by coal-dominated heating, extreme continental climate, and
insufficient monitoring infrastructure. [oT-based sensor networks offer a cost-effective and easily
scalable alternative solution to traditional monitoring stations. However, their raw measurements
require calibration due to humidity, variability of parameters between sensor nodes, and long-term
sensor drift. Co-location calibration using reference instruments remains the most widely adapted
approach, with ML-based models, in particular tree-based ensemble methods, regularly
outperforming simple empirical correction equations. However, three critical gaps remain in the
existing literature. First, no study has implemented and evaluated an ML-calibrated IoT sensor
network for PM2.5 monitoring under the extreme continental climate conditions of Central Asia,
where winter temperatures below -30°C and coal-dominated aerosol composition pose unique
calibration challenges. Second, while calibration drift has been recorded in temperate and tropical
climates, the minimum recalibration frequency required to maintain acceptable measurement
accuracy has not been systematically investigated. Third, most forecasting research is based on
dense monitoring networks by regulatory authorities, while the integration of calibrated, low-cost
sensor data with ML-based forecasting models remains poorly understood. This study addresses
these gaps by designing, deploying, and evaluating a three-node IoT sensor network with one co-
located calibration sensor node in Astana, calibrated against a Kazhydromet-14 reference station
using nine ML models, as well as by evaluating both forecasting performance and age-based

calibration coefficient stability.
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Chapter 3 — Methodology

This chapter describes the design and implementation of the IoT-based air pollution
monitoring system developed in this study. The methodology consists of three main components
of the proposed system: 1) the sensor node used to collect PM concentrations and environmental
measurements; 2) the firmware, which is running on the ESP32 microcontroller to control data
collection, wireless communication, and power management in C++; and 3) the server-side
application, which is used to store, organize, and visualize collected measurements from the cloud

database, as illustrated in Figure 3.1.
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Figure 3.1: Proposed loT-based System for Real-time Air Pollution Monitoring
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3.1. Hardware Design and Implementation

3.1.1. Sensor Node Components

The prototype is a single loT-based node on ESP32 microcontroller, which is designed to
measure three types of parameters: particulate matter concentrations (PM1, PM2.5, PM10),
environmental parameters such as temperature, humidity, and atmospheric pressure, and metadata
such as coordinates, timestamp and device identifiers.

The proposed prototype uses the Plantower PMS5003 sensor to measure PM concentrations,
which are the key parameters for any air pollution monitoring system. This is a low-cost optical
PM sensor, which collects PM1, PM2.5 and PM10 concentrations in pg/m? via a digital interface.
The key part of this sensor is a small fan that pulls air into the optical chamber, where an infrared
laser and a photodiode measure light scattering from particles. Its popularity in various low-cost
air pollution monitoring systems is due to the presence of a well-documented UART protocol and
support for three PM channels (PM1, PM2.5 and PM10) in one package [21][32]. In addition, the
PMS5003 has a stable frame structure and a warm-up process, and a built-in deep sleep mode
controlled by GPIO output for reducing battery power consumption of sensor node.

The proposed prototype uses a compact and low-power digital BMP280 sensor to measure
atmospheric pressure and temperature. These measurements can substantially affect the accuracy
of low-cost particulate sensors [16]. In addition, the temperature measurements help to assess the
sensor stability in cold weather conditions, which is essential for the Kazakhstani case. The
BMP280 is suitable for collecting environmental measurements for this prototype due to stable
performance over a wide temperature range, sensor drift, fast measurement time, low power
consumption, and easy interaction via an I*C interface.

The proposed prototype uses the AHT10 sensor to measure relative humidity, which is also
connected via an I?C interface. This is a digital humidity sensor that provides stable and accurate
relative humidity measurements with low power consumption. Unlike temperature and

atmospheric pressure, relative humidity has a strong effect on the PM measurements. These
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Plantower sensors show a stronger correlation with the reference PM optical sensors in the upper
quartiles of humidity (76-98% RH) [32]. Due to this high sensitivity, the collected relative
humidity measurements will be used as a key input feature in ML calibration models to correct
deviations in raw PM measurements.

To enable geolocation into the proposed monitoring system, this prototype uses the NEO-6M
module. This is a widely used GPS module, which provides latitude, longitude, and timestamp
data via a UART interface. Geospatial metadata is not a physical measurement, unlike PM and
weather measurements, but it is essential for air pollution monitoring networks, which require
spatial analysis. Coordinates display air pollution levels in different locations, determine spatial
gradients, and support multi-node deployment, where each node is uniquely located in
geographical space. However, the current embedded code transmits coordinates only at the initial
stage of deployment to reduce power consumption.

The core of the sensor node is an ESP32 microcontroller that manages all IoT node operations
like data collection and data transfer to a cloud server. This microcontroller is chosen due to its
high-performance dual-core Xtensa LX6 processor, embedded Wi-Fi module, multiple UART and
I>C interfaces, and low-power modes, which is suitable for battery-powered standalone devices.
This microcontroller is a practical solution for real-time air pollution monitoring systems that
require frequent measurements, wireless data transmission, and long battery life due to above-
mentioned capabilities. The PMS5003 communicates with the ESP32 via the UART?2 interface,
where the RX/TX pins are connected to GPIO 25 and GPIO 26. The BMP280 and AHT10 sensors
communicate via a common [2C interface over the SDA and SCL lines. The PMS5003 deep sleep
mode manage pin is connected to a special GP1O, which allows the ESP32 to switch the sensor to
low-power mode between measurement cycles at a certain interval. The NEO-6M GPS module is
connected to an additional UART interface that supports geolocation measurements. Table 3.1

shows the list of hardware components, which is used in the sensor node.



Component

ESP32 DevKit

PMS5003

BMP280

AHTI0

NEO-6M

LM2596S

Tactile button
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Table 3.1: Summary of IoT sensor node components.

Function

Microcontroller

PMI, PM2.5, PM10

Temperature and

pressure

Relative Humidity

GPS (lat, lon)

Voltage regulation

Wi-Fi reset

3.1.2. Hardware Assembly

Interface

UART?2 (GPIO 25/26)

I’C (GPIO 21/22)

I’C (GPIO 21/22)

UARTI (GPIO 16/17)

GPIO 27

Key Specifications

Dual-core 240 MHz, Wi-Fi,
deep sleep

0-500 pg/m?, £10 pg/m?3

—40 to +85°C, 300-1100
hPa

0-100% RH, £2% accuracy

2.5m accuracy, 4+ satellites

Input up to 40V, output 5V
stable

Long press (3 sec) to reset

credentials

The sensor node was constructed on a solderless breadboard to provide flexibility for fast

changing the circuit. All above-mentioned components were connected by pin assignments, which

is described in Table 3.1. This implementation on the breadboard is shown in Figure 3.2. Since the

plug-in connections on the breadboard provided sufficient mechanical reliability for a stationary

outdoor installation, such a breadboard-based assembly was kept as the final configuration for

deployment. During the data collection at temperatures ranging from —26.8°C to +25.6°C, there

were no electrical connection failures or problems with pin desynchronization on any of the

deployed sensor nodes. Each sensor node was assembled according to an identical connection

scheme.
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Figure 3.2: Hardware implementation of the IoT air pollution monitoring node

3.1.3. Custom PCB Design

To adapt the prototype based on breadboard to a more compact and reliable solution, which
is suitable for field deployment, a special printed circuit board (PCB) was developed by using the
special online design tool EasyEDA. This PCB layout integrates all the electrical connections
between the ESP32 microcontroller, all above-mentioned sensor modules, reset button, and power
supply on a single board to eliminate loose wiring and pin reliability issues. In this PCB layout,
the ESP32 DevKit module is placed in the center and is mounted using two 15-pin connectors.
The proposed PCB layout uses net labels rather than physical wires in the schematic, which is
consistent with the recommendations for ensuring clarity of the PCB design. The PCB was
designed as a two-layer board with a blue solder mask and a lead-free HASL surface coating, as

shown in Figure 3.3.
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Figure 3.3. Custom PCB design: (a) PCB layout; (b) 3D rendering.
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However, the PCB could not be delivered to Kazakhstan within the thesis timeline due to
international transport restrictions. The manufacturing order with the proposed PCB was placed
via JLCPCB, which is one the most popular PCB fabrication service due to its direct export of
EasyEDA design files. Despite the successful manufacturing, the fabricated boards could not arrive
in Astana due to unresolved bureaucratic issues, which are related to the customs clearance process
of electronic components imported into Kazakhstan. Several attempts to remove these
administrative barriers within the established time frame have not been successful. As a result, the
breadboard-based version on sensor-node described in section 3.1.2 remained the final deployment
configuration for all four sensor nodes. During the 28-day data collection period at temperatures
from -26.8°C to +25.6°C, there were no electrical failures or problems with pin desynchronization,
which confirms sufficient mechanical reliability during the study. The final PCB design remains
available at EasyEDA for future sensor assembly improvements, where it will increase mechanical
reliability, reduce the overall form factor, and eliminate the risk of loose contact connections during

prolonged outdoor use.

3.1.4. Power Supply of Sensor Node

The sensor node is powered by a multi-section battery pack based on four 18650 Li-ion cells,
each rated at 3.7V, which ensures autonomous operation during long-term field measurements.
This battery pack can reach up to 16.8 V when fully charged, which exceeds the allowed range of
the ESP32 input signal and the connected sensors. Therefore, the power supply system includes
an LM2596S buck converter, which lowers the voltage to a stable level suitable for the
microcontroller. The LM25968S forms a stable 5V line for the PMS5003 and provides stable 3.3V
for the ESP32 and I?C sensors via the microcontroller's onboard regulators. Figure 3.4 illustrates
how this power system is assembled directly on the breadboard, which simplifies testing of

different voltage configurations.



Figure 3.4: Power supply system of the IoT prototype, including the 4%18650 battery pack
and LM2596S buck converter.

The total nominal battery capacity of the 4-cell series pack is 3500 mAh at 14.8V, which
provides an energy reserve of 51.8 Wh. Considering the LM2596S conversion efficiency of up to
92%, the available energy at the output of 5 V is approximately 47.7 Wh. In the deep sleep mode,
which is described in section 3.2.1, the measured 24-hour energy consumption is 7.6 Wh. This
energy consumption provides a theoretical battery life of approximately 6 days under nominal
conditions. However, at low temperatures, the lithium-ion cells capacity is reduced. At -15°C, the
effective battery capacity decreases by 30-50% compared to the nominal value. The battery packs
were replaced every 2-3 days during the entire observation period to ensure continuous data

collection, since priority was given to data completeness over maximum battery utilization.
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3.1.5. Field Enclosure and Sensor Deployment
The assembled sensor nodes were enclosed in an [P65-rated ABS enclosure (200 x 120 x
75 mm) to protect against precipitation, dust and direct wind exposure when placed outdoors as
illustrated in Figure 3.5. All sensor modules and a rechargeable battery are compactly housed in
the enclosure. The PMS5003 was installed near to the wall of the enclosure to provide an direct
airflow. The BMP280 and AHT10 were installed in a partially open part of the enclosure to ensure
that temperature and humidity measurements would be based on the environmental conditions, not

inside the enclosure.

Figure 3.5: Sensor node in IP65 ABS enclosure prepared for field deployment.
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Three IoT-based sensor nodes were assembled and deployed in different locations of
Astana to provide spatial coverage of PM2.5 concentrations. Each node was placed on an open
balcony at an elevation corresponding to the 3rd—4th floor level to ensure sufficient access to
outdoor air and at the same time partially protected from direct precipitation and strong wind.
However, balcony-level deployment can result in lower PM2.5 measurements compared to
ground-level monitoring.

A fourth sensor node (Sensor-4) was installed approximately 20-30 meters from the
Kazhydromet-14 air quality monitoring station, which is equipped with a BAM-1020. Such co-
location distance of 20-30 meters is within the available range, which is described in the calibration
literature (up to 500 meters) [20][21]. This Beta Attenuation monitor is installed at an altitude of
11-12 meters above ground level. This co-location installation provides paired measurements
between the low-cost PMS5003 sensor and the BAM-1020 as reference station. These paired

measurements are used for ML-based calibration, which is described in Section 3.4.

3.2. Software Implementation

The code running on the ESP32 microcontroller defines the full pipeline of data collection,
data processing and data transfer inside the IoT node. This is written in C++ using the Arduino
framework and initializes several communication interfaces, which are required to connect all
above-mentioned sensors.

3.2.1. Deep Sleep Architecture

The embedded code works in a duty-cycled mode, which is based on the ESP32 deep sleep
function. In deep sleep mode, the main processor, most of the RAM, and all digital peripherals are
turned off. This reduces current consumption to about 10 pA. The real-time clock (RTC) controller
and the RTC memory remain active. Since these components allow the ESP32 to turn off itself
after the time interval has expired. Each time the microcontroller wake up, the function setup() is

executed as a new boot. The function loop() is never executed, because the node moves into deep
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sleep mode again at the end of setup(). This design turns each measurement cycle into an isolated,

autonomous operation, which consists of the following sequential phases, which is illustrated in

Figure 3.6:

1.

The ESP32 wakes from deep sleep and initializes all communication interfaces: UART2
for the PMS5003 (RX on GPIO 25, TX on GPIO 26), I>C for the BMP280 and AHT10
(SDA on GPIO 21, SCL on GPIO 22).

The PMS5003 is powered on via the pin SET (GPIO 33) by setting it to HIGH mode, which
starts a 30-second warm-up period. During the warm-up, the laser diode and the internal
fan switch to continuous operation mode.

During the warm-up period, the ESP32 connects to Wi-Fi and synchronizes its internal
clock with an NTP server using the GMT+35 offset for Astana, as described in Section 3.2.3.
After warm-up, the PMS5003 starts a 30-second data collection phase. Each valid frame
contributes PM values to a running total sum, as described in Section 3.2.2.
Environmental measurements such as temperature, pressure, and humidity are read from
the BMP280 and AHT10 sensors. Also, the heat index is calculated from temperature and
humidity from sensors.

The code calculates average PM values from all valid samples, writes a JSON payload
object, and transmits it to the server on cloud. If at the transmission stage Wi-Fi was
unavailable, the record is buffered in RTC memory for the next cycle, as described in
Section 3.2.3.

The ESP32 calculates the sleep duration needed to bring the next wake cycle in line with
the nearest 10-minute boundary. (e.g., :00, :10, :20). This calculation takes into account the
approximately 90-second duration of the active phase, which is subtracted from the time
remaining until the next boundary. If the waiting time is less than 30 seconds, the code
assigns the next 10-minute boundary. The ESP32 then turns off the PMS5003's power by

setting the pin LOW mode, and start deep sleep mode until the estimated wake-up time.
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Figure 3.6: Deep sleep duty cycle of the IoT sensor node.

The power consumption of the IoT node was evaluated under two operating regimes:
continuous operation (without deep sleep) and duty-cycled operation (with deep sleep), using a
USB power analyzer connected in series with the power supply. In both cases, the device was
monitored over a 24-hour period under identical conditions. Without deep sleep, the loT-based
sensor node kept a constant current of approximately 90 mA at a voltage of 5.10 V, resulting in a
total energy consumption of 14,050 mAh for 24 hours. With enabled deep sleep mode, when the
sensor node wakes up approximately every 10 minutes for a 90-second active phase, the total
energy consumption during the same period decreased to 1,492 mAh. This means a reduction in
power consumption of about 9.4 times. This finding directly leads to increased battery life when
deployed offline.

3.2.2. Sensor Data Collection

The Plantower PMS5003 sensor is configured on the UART?2 interface, where the RX and
TX are connected to GPIO 25 and GPIO 26. This optical PM sensor transmits data in the form of
binary frames of 32 bytes each at a rate of one frame per second. The code includes a custom parser
that checks the header, frame length, checksum and extracts the values of PM1, PM2.5, and PM10.
This parser checks each frame by checking the initial bytes (0x42, 0x4D), checking the frame
length field, and calculating the checksum from the first 30 (0-29) bytes to compare with the

checksum field in bytes 30-31. Only those frames, which have passed all three validation checks
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are accepted for further processing. Using this approach ensures that only correct PM data is
processed, which is important in case of a cold start or unstable airflow. During the 30-second data
acquisition period described in Section 3.2.1, the firmware typically collects 25-30 acceptable
frames. The concentrations of PM1, PM2,5, and PM10 are accumulated as sums, and then divided
by the number of frames used, and this average value is sent to the server.

The BMP280 and AHT10 sensors run on a common I?C interface, which is connected via
SDA and SCL in GPIO 21 and GPIO 22, respectively. The data from these sensors is read once
per cycle using the corresponding Adafruit libraries. The BMP280 displays temperature in degrees
Celsius and atmospheric pressure in pascals, which converted to hectopascals before its
transmission to the server. The AHTI10 displays relative humidity as a percentage. These
measurements include ambient temperature, atmospheric pressure, and relative humidity, which
are essential for calculating the heat index during each measurement loop. The heat index is
calculated based on temperature and humidity values because it reflects the air temperature at
different humidity levels using the computeHeatIndex method from the DHTI11 library. This
variable is essential as an additional environmental value for further calibration, because the heat
index is more correlated with PM values [18].

The NEO-6M module uses UART1, which is connected to GPIO 16 and GPIO 17. This
GPS module is enabled only until a valid coordinate is received. The code always reads the GPS
UART stream and checks whether the location is valid and supported by at least four satellites,
which is a typical condition for such air pollution real-time monitoring systems. After these
conditions are met, the latitude, longitude, and number of satellites are stored in memory, and the
GPS module is immediately shut down by using gpsSerial.end() to prevent unnecessary energy
consumption. This is because GPS modules are among the highest-power sensors in the low-cost
IoT segment. If the [oT node is moved, the Wi-Fi configuration reset button can be used to clear

the stored coordinates and turn on the GPS module again to get new coordinates.
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3.2.3. Wi-Fi Management and Data Transmission

Wi-Fi configuration is performed using the WifiManager library, which allows the node to
automatically connect to available Wi-Fi networks. In addition, the system switches to access point
mode if no saved Wi-Fi credentials are found. When the ESP32 starts up, it checks whether the
reset button on the GPIO 27 is pressed down for more than three seconds. If yes, all saved Wi-Fi
settings are erased, and WifiManager opens a captive portal named “AirQualitySensor-1_Setup”,
which allows it to configure the Wi-Fi connection without flashing the device. This logic is
important in the context of mobility for air pollution real-time monitoring. Figure 3.7 demonstrates
the workflow of Wi-Fi configuration for the IoT air pollution monitoring node. After establishing
a Wi-Fi connection, the firmware synchronizes the ESP32 internal clock with the NTP server
(pool.ntp.org), using the GMT+5 offset for Astana. This synchronization is performed during the
PMS5003 warm-up period in parallel to avoid loss of data collection phase time. Accurate clock
synchronization is crucial for the calibration process. Since the paired sensor and reference
measurements are synchronized in time by hour, and timestamp errors exceeding several minutes

can lead to incorrect data pairing.
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Figure 3.7: Wi-Fi configuration process: (a) ESP32 access point; (b) WiFiManager setup

interface.
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The final stage of the measurement cycle is the data transfer process, which is performed
every ten minutes at the time of the next aligned timestamp. The firmware calculates the average
values of PM concentrations and environmental measurements, using all correct measurements
collected during the 30-second data collection phase from PMS5003, BMP280, and AHT10
sensors. These aggregated values and other values such as coordinates, the number of satellites,
and the device metadata form the JSON object. This JSON object transmits to the server-side
application via the opened HTTP connection by HTTPClient library of ESP32. The request to the

POST HTTP request contains the special header Content-Type: application/json.

3.3. API Design and Cloud Integration

The server-side application provides storage and structured access to all measurements
collected from the designed IoT nodes. This application is implemented as a RESTful API based
on the Express.js framework and Mongoose library on top of the MongoDB Atlas cloud database.
Using MongoDB Atlas as a managed cloud database provides high availability, auto backups, and
easy scaling in case of memory shortage due to using additional [oT nodes in the future. This
application is deployed on a cloud hosting platform with continuous integration and delivery
(CI/CD) called Render. CI/CD provides automatic deployment of updates without manual server
configuration. This architecture is designed such that the IoT node is responsible only for
measuring and sending PM and environmental measurements, and the server-side application
validates, stores, and then provides collected data for further visualization and calibration. In
addition, the server-side application manages four automated background processes:

1) hourly air quality data collection from the Kazhydromet-14 reference station;

2) real-time calibration of incoming raw sensor measurements;

3) periodic retraining of the calibration model and PM2.5 forecasting;

4) automated sensor health monitoring with email alert notifications.
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The starting point for collected measurements from the designed [oT nodes is the POST
/measurement/create endpoint. On the server side, the Express.js parses the JSON body of the
HTTP request and verifies the existence of all required fields (pm1_raw, pm25 raw, pml10 raw,
temperature, humidity, pressure, heat index, latitude, longitude, satellites, and deviceld) to
validate them. These collected measurements are stored in the MongoDB collection. The
Mongoose models create such collections and define the schema of each document. The schema
reflects the structure of the JSON object, which is received from ESP32. In addition to the raw
sensor measurements, the schema includes fields for PM calibrated values. These fields are filled
in asynchronously after each measurement is saved, because the server starts a calibration model
for a specific sensor, calculates the calibrated PM measurements, and updates the database record
without blocking the HTTP response. After receiving the raw PM measurements, the server-side
application determines the sensor deployment (starting from the first recorded measurement for
this DevicelD) and calibrates the PM raw values using the corresponding weekly calibration
coefficients from MongoDB. Using MongoDB's flexible document model makes it possible to
extend the schema by adding calibration flags, anomaly indicators, or machine learning model
results without disturbing existing records. Indexing by createdAt, deviceld, or latitude/longitude
fields provides efficient queries by time ranges, nodes, or locations. Such an approach to querying
i1s important for further generating time-series plots, daily summaries, and spatial views of air
quality.

To provide the sensor calibration data reliability, the server-side application also
automatically collects reference air quality and weather measurements using hourly scheduled
tasks. Air quality measurements are taken from the AQICN service for the Kazhydromet-14 station
located in Astana, which provides PM2.5 and PM10 as AQI index or pg/m* values. Weather
measurements such as temperature, pressure, and humidity are collected from the OpenWeather
API for the coordinates of the reference station. Both data sources are extracted in parallel and

stored as measurement reference documents in a separate MongoDB collection.



49

The server-side application also manages two periodic ML tasks using the scheduling node-
cron library. The calibration model retraining task is performed weekly (every Monday at 3 a.m.),
running Python script, which combines sensor and reference data and trains a new ML model for
calibration. The forecasting procedure is run daily at 4 a.m. by executing a Python script that
processes the latest PM2.5 data and generates a 7-day forecast using a pre-trained machine learning
model. This process is run as a child process to isolate Python dependencies from the Node.js
runtime environment.

During the data collection, there were some hardware failures. To solve the problem of
delayed detection of such hardware failures, the server-side application has an automated sensor
health monitoring system, which runs hourly. This monitoring system evaluates three conditions
for each registered sensor node:

1) whether the sensor has transmitted data in the last 30 minutes;

2) whether any measurements contain physically implausible values, such as pressure equal
to zero or temperature greater than £50°C;

3) whether the data completeness over the last hour exceeds 67% (at least 4 out of 6
expected records at 10-minute intervals).

After detecting an emergency, the server-side application sends an email notification with
HTML template to the system administrator via SMTP by using the Nodemailer library. The
deduplication mechanism, which is implemented based on the MongoDB warning collection,
prevents repeated notifications of the same emergency by checking for an unresolved warning of
the same type for the chosen sensor node.

The server-side application is a data source for the web-based dashboard, which is
described in Section 3.5. A separate set of read-only endpoints allows the dashboards to query the
latest measurements, filter them by device or time interval, and display them in plots. Separating
write and read endpoints ensures the simplicity and reliability of the data reception channel from

the designed IoT nodes, and the visualization and analysis layers can be developed independently.
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3.4. Machine Learning Pipeline for Sensor Calibration and PM2.5 Forecasting

Machine learning in this project solves two different tasks, which are fundamentally
different from each other: (1) calibrate raw PM2.5 measurements from the designed and deployed
IoT sensor nodes compared data from selected reference station, and (2) forecast PM2.5
concentrations for a 7-day horizon. Figure 3.8 illustrates the complete ML pipeline, including the

calibration and forecasting parts and their integration with the production system.

Weekly retrain with 5-fold CV
Sensor-4 Y

PMS5003

Comparison of
9 models

Hourly pairing Feature vector VIR T AR

Temporal align 8 features + scalar RF vs XGB vs DTR vs
ANM vs LSTM vs
BILSTM

PMS5003

Age-based
Weekly windows

————

| “calibration® L
l Mo ngoDB I‘ Weekly coefficients

“————

N N N
T —

L

s

I T T T T T T I OTTTTTTTTTTTTTIT’TTTTTTTY

,.—" Calibration coefficients

Forecasting Pipeline

Daily forecast at 4 am

3 ref. stations

US Emb and KHM
Comparison of

e Feature eng. 4 models

AQI » pg/m? XGBoost vs LSTM vs
BiLSTM vs CNN-LSTM
OpenMeteo

Weather API

Best (LSTM)

e
| ‘forecasts’ I
| MongoDB

™ N
S

Production System

New measurement P Age-based lookup pEme React dashboard

POST /measurement Load coefficients AQI map, etc.

-
T —————— —

Figure 3.8: Machine learning pipeline for PM2.5 calibration and forecasting.
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3.4.1. Data Preparation and Feature Engineering

The ML-based calibration process uses data from Sensor-4, which is co-located with
Kazhydromet-14 reference station, as described in Section 3.1.4, and PM2.5 measurements in
png/m? from the reference station. The 10-minute Sensor-4 readings are aggregated with hourly
values to match the temporal resolution of the reference station, as calibration accuracy enhances
with increasing averaging periods [15]. The hourly resolution provides a practical balance between
temporal granularity and measurement accuracy [20][21]. The paired dataset is created using an
inner join based on an hour timestamp with a minimum value. This approach collects only those
hours when both sensor and reference values are available, ensuring each training record contains
concurrent observations from both data sources.

The AQICN API returns the PM2.5 concentrations in both pg/m?® or Air Quality Index
(AQI) numbers. Therefore, the Python program has conversion method from AQI to mass
concentrations in pug/m?, which is running in the data fetching pipeline. The breakpoints of AQI
for this conversion is described in Table 3.2. This conversion method runs only during the data
fetching from AQICN API. Since the designed IoT sensor node based on the PMS5003 sensor
collects PM values in pg/m’.

Table 3.2: AQI breakpoints for PM2.5 (ug/m?).

AQI Category AQI Range | PM2.5 Concentration (ng/m?)
Good 0-50 0.0-12.0

Moderate 51-100 12.1-35.4
Unhealthy for Sensitive Groups | 101-150 35.5-55.4
Unhealthy 151-200 55.5-150.4

Very Unhealthy 201-300 150.5-250.4
Hazardous 301400 250.5-350.4
Hazardous 401-500 350.5-500.4
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The feature vector for the calibration models consists of eight variables, as shown in Table
3.3. The raw PM2.5 concentration from the PMS5003 sensor is the primary predictor. Relative
humidity is included as the second most important feature into vector, since the hygroscopic
particle growth at high humidity is the main source of measurement error for optical PM sensors
and can explain up to 30% of the variance in PM measurements [40]. Temperature and atmospheric
pressure are used as meteorological predictors, which influence sensor response characteristics
[42]. In addition, the model consists of the heat index, a composite indicator that combines
temperature and humidity and demonstrates a stronger correlation with PM measurements than
each of these variables separately [23]. The heat index is calculated using the NOAA formula,
which is implemented in the DHT library on the ESP32 microcontroller. The feature vector also
includes three temporal features:

1) the hour of day due to heating activity and traffic flows;

2) the month reflects seasonal variability due to the heating season [14];

3) the weekday, which reflects weekly patterns of human activity.

Table 3.3: Feature vector for calibration models.

Feature name Source Unit | Justification

pm25 raw PMS5003 pg/m? | Primary predictor

humidity AHTI10 % | Hygroscopic growth correction
temperature BMP280 °C | Secondary meteorological factor

pressure BMP280 hPa | Atmospheric conditions

heat_index Computed °C | Compound temperature—humidity indicator
hour Timestamp 0-23 | Diurnal PM2.5 cycle

month Timestamp 1-12 | Seasonal variability

day of week Timestamp 0-6 | Weekly activity patterns
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All features are normalized using a StandardScaler, which subtracts the mean value and
divides it by the standard deviation. The scaler is installed exclusively on the training set and
applied to the test set to prevent data leakage. The forecasting process uses a separate historical
dataset from several reference stations, which is described detailed in section 3.4.4.

3.4.2. Calibration Model Comparison

The calibration model comparison pipeline evaluates nine ML algorithms to determine
which provides the highest accuracy for correcting raw PM2.5 values. This comparison directly
addresses Research Question 1. The target variable is the reference station PM2.5 concentration in
png/m?. The calibration models are trained based on the paired dataset. This co-location approach
is consistent with the literature, according to which low-cost sensors are installed near the reference
stations to receive measurements to train an empirical model [15][20][21].

The following nine models are compared: Multiple Linear Regression (MLR), K-Nearest
Neighbors (KNN), Support Vector Regression (SVR) with RBF kernel, Random Forest (RF),
XGBoost, Decision Tree Regression (DTR), Artificial Neural Network (ANN) with two hidden
layers and ReLU activation, Long Short-Term Memory (LSTM), and Bidirectional LSTM
(BILSTM). These models were selected based on the comparative analysis presented in Table 2.3.
For the classical ML models, hyperparameter tuning is performed using GridSearchCV or
RandomizedSearchCV with cross-validation on the training dataset.

The verification strategy uses 5-fold cross-validation. For classic ML models (MLR, KNN,
SVR, RF, XGBoost, DTR, ANN), a shuftfled KFold is used. For the deep learning (LSTM,
BiLSTM) models, TimeSeriesSplit is used to preserve the chronological order of observations and
prevent temporal data leakage. Three evaluation metrics are computed for each model: the
coefficient of determination (R?), the root mean square error (RMSE, pg/m?), and the mean
absolute error (MAE, ng/m?), which are consistent with the evaluation framework used throughout
the calibration literature (Table 2.3). The best model is selected based on the highest mean R?

across the 5 cross-validation folds, with the lowest RMSE used as a tiebreaker.
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3.4.3. Age-Based Calibration Strategy

The paired dataset is divided into weekly intervals to explore the temporal stability of
calibration parameters and determine relevant model update frequency. Two models are
independently trained in each window, each of which serves its own purpose. The most efficient
model is trained in each window to evaluate whether its calibration accuracy remains stable or
degrades as environmental conditions change. In addition, Multiple Linear Regression (MLR) is
trained on each window only for analytical purposes. Unlike tree-based or neural network models,
MLR generates explicit numerical calibration coefficients for each input feature. Such calibration
coefficients can be directly compared in different windows to evaluate changes in the sensor node-
reference ratio over time, answering Research Question 2. This approach is based on the
methodology of Campmier et al. [38], who demonstrated that regression performance and
coefficient stability in different seasonal conditions depend on the calibration period. If MLR
coefficients show a systematic drift between weekly intervals, this indicates that periodic model
retraining is essential to keep calibration accuracy in the EPA performance criterion (R? > 0.70).

For each weekly period, the MLR model generates a set of calibration coefficients based
on the eight input features defined in Table 3.3. These calibration coefficients are stored in a
separate MongoDB collection with corresponding performance metrics (R?, RMSE) and
environmental context of the training weekly period such as mean temperature or mean reference
PM2.5 value.

In production, after receiving a new measurement from the IoT sensor node, the server-
side application calculates the sensor deployment time as the number of days since the first
recorded measurement for this device. The appropriate coefficients are selected from the
MongoDB collection, which are applied to incoming raw PM2.5 measurements based on this age.
This automatic age search process provides that the calibration parameters reflect the
environmental conditions closest to the current stage of deployment without manual recalibration

or continuous co-location with a reference station.
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3.4.4. Forecasting Model Comparison

The forecasting pipeline predicts daily PM2.5 concentrations for a 7-day horizon based on
historical patterns. Unlike calibration, which corrects a current sensor measurement, forecasting
generates predictions for future time steps without requiring simultaneous IoT sensor data. The
forecasting models are trained on historical reference station data combined with weather
parameters, which allows the use of substantially longer time series for training compared to the
IoT sensor deployment period.

The training dataset for forecasting is constructed from three reference air quality stations
in Astana: the US Embassy station (AQICN), Kazhydromet-9, and Kazhydromet-14. Historical
PM2.5 data from these stations is combined with weather parameters (temperature, humidity,
pressure, and wind speed) obtained from the OpenMeteo History API for the coordinates of each
station. The data preparation pipeline includes AQI-to-pug/m? conversion for the US Embassy
station, filtering of physically implausible values (PM2.5 outside the 0-500 pg/m?® range), linear
interpolation to fill gaps of up to 7 consecutive days per station, and selection of the longest
continuous data segment per station. The multi-station approach increases the training dataset size
and exposes the models to diverse PM2.5 distributions from different locations in Astana.

The feature engineering follows two separate approaches depending on the model type. For
XGBoost, explicit lag and statistical features are constructed: 30 lag features (PM2.5 values from
the previous 1 to 30 days), rolling means over 7-day, 14-day, and 30-day windows, rolling standard
deviation over a 7-day window, weather features with a one-day shift to prevent data leakage, and
three temporal features (month, day of week, and day of year), resulting in a total of 41 input
features. For the deep learning models, raw feature sequences are used without explicit lag
construction: the input consists of the last 30 days of measurements with 8 features per day (PM2.5,
temperature, humidity, pressure, heat index, hour, month, and day of year), forming a tensor of
shape (batch size, 30, 8). The deep learning models learn temporal patterns directly from the raw

sequences, while XGBoost relies on the handcrafted lag and rolling features.
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The following four models are compared: XGBoost, trained as a MultiOutputRegressor
with 7 separate regressors (one per forecast horizon day), LSTM with two stacked layers (64 and
32 units) followed by a dense output layer with 7 neurons, BiILSTM with the same architecture but
bidirectional processing, and CNN-LSTM, a hybrid architecture combining a one-dimensional
convolutional layer (64 filters, kernel size 3) with max pooling, followed by an LSTM layer (64
units) and a dense output layer with 7 neurons. The deep learning models are trained with the
Huber loss function (6 = 15.0) for robustness to outliers, the Adam optimizer with a learning rate
of 0.001, a batch size of 32, and early stopping with a patience of 15 epochs and a maximum of
200 epochs.

The validation strategy employs TimeSeriesSplit with 5 folds. The evaluation metrics are
computed per horizon day (RMSE for day 1 through day 7) and as the overall average across all 7
days. The best forecasting model is selected based on the lowest mean RMSE across the cross-

validation folds.

3.5. Dashboard and Visualization

The visualization layer of the air quality monitoring system is implemented as a single-
page web application (SPA), which provides real-time reading to sensor measurements, calibration
results, forecasts, and alert history. This client application was developed using React and
TypeScript to ensure type security, styled using TailwindCSS, and Leaflet with OpenStreetMap
tiles is used for geospatial visualization. The Recharts library is used to display interactive and
dynamic charts to illustrate PM2.5 time-series. The client application interacts with the backend
API described in Section 3.3 via HTTP requests, which returns the latest sensor readings with
calibrated values, device metadata, historical measurements, 7-day PM2.5 forecasting results, and
sensor health monitoring data. Figure 3.9 demonstrates the user interface (UI) architecture and the
interaction between the dashboard components and the REST API endpoints from the server-side

application.
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Figure 3.9: UI architecture and interaction flow of the air quality monitoring dashboard.
The dashboard displays color-coded AQI markers on the map for each sensor node location.
During hover on the marker application, the modal windows display current raw and calibrated
PM2.5 measurements and 7-day forecasts. The time-series panel supports interactive filtering by
different time ranges (24 hours, 3 days, 7 days, 30 days). The Sensor Health Monitoring section
displays a summary of detected warnings and a history of sensor failures, which allows the system

administrator to view past hardware failures.
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Chapter 4 — Results and Discussion

4.1. Dataset Overview

The dataset used in this study was collected by four IoT sensor nodes deployed across
different locations in Astana. The observation period is 28 days, from 25 February 2026 13:40 to
25 March 2026 15:50. The three main sensor nodes (Sensor-1, Sensor-2, Sensor-3) were placed on
open balconies at elevated positions (379-4" floor) to ensure sufficient access to outdoor air while
providing partial protection from direct precipitation and wind. A fourth sensor node (Sensor-4)
was placed at a distance of 20-30 meters from the Kazhydromet-14 reference station as described

in Section 3.1.4.
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Figure 4.1: Spatial distribution of the four loT sensor nodes.

Table 4.1 summarizes the deployment parameters and data volume for each sensor node.
The dataset consists of 14,444 measurements collected from four designed IoT air pollution

monitoring nodes. In particular, local features of air flows around the balconies of high-rise
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buildings and the effects of vertical dispersion can reduce the PM concentrations, leading to
artificially low or even zero PM values. These limitations should be taken into account when
interpreting the dataset, especially during periods of high winds or snowfall when PM
concentrations can decrease sharply. This dataset, which contains particulate matter concentrations
(PM1, PM2,5, and PM10), environmental parameters (temperature, humidity, pressure, and heat

index), and device metadata, including GPS coordinates and timestamps, and has 89.95% of data

completeness.
Table 4.1: Summary of IoT sensor node deployment.
Sensor ID Latitude Longitude fotal Completencss Observation Period
Records (%)
Sensor-1 51.0999 71.4016 3,394 84.5 Feb 25 — Mar 25
Sensor-2 51.1013 71.4296 3,840 95.6 Feb 25 — Mar 25
Sensor-3 51.1138 71.4301 3,832 95.4 Feb 25 — Mar 25
Sensor-4 51.1580 71.4154 3,378 84.3 Feb 25 — Mar 25
Total — — 14,444 89.95 28 days

Sensor-2 and Sensor-3 showed data completeness above 95%, but Sensor-1 showed a lower
completeness of 84.5% due to a hardware interruption described in Section 4.2. The lower data
completeness of Sensor-4 was not related to sensor-side failures like in Sensor-1, but due to the
absence of buffering mechanism, which is described in Section 3.2.1. The data gaps in the Sensor-
4 reflect communication-level losses rather than hardware failures. The data completeness of the
real IoT air pollution monitoring systems is in the range from 54.2% to 99.5% [15]. Therefore, the

proposed monitoring system demonstrates data completeness within this range.
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Table 4.2 illustrates the summary statistics of the collected measurements for all four
deployed sensor nodes. PM2.5 concentrations ranged from 0.0 to 378.5 pg/m*® with an average
value of 38.8 ug/m?, which is much higher than the WHO recommended daily level of 15 pg/m?
[1]. Environmental measurements reflect the late winter-early spring period in Astana, with

temperatures ranging from -26.8 °C to +25.6 °C, and relative humidity ranging from 22.8% to

99.7%.

Table 4.2: Summary statistics of all collected measurements.
Variable Unit Mean  Median Min Max Std
PMI1 pg/m? 23.5 11.5 0.0 256.3 28.9
PM2.5 pg/m? 38.8 27.5 0.0 378.5 38.4
PM10 pg/m? 53.6 27.3 0.0 494.9 64.5
Temperature °C —2.7 -1.8 —26.8 25.6 5.8
Humidity % 68.2 67.8 22.8 99.7 14.1
Pressure hPa 982.0 982.1 960.4 1007.3 7.8
Heat Index °C —4.8 -3.9 -31.4 24.9 6.2

The atmospheric pressure measurements ranging from 960.4 to 1,007.3 hPa, which
correspond to the expected values of atmospheric pressure in Astana (altitude approximately 347
m above sea level). Figure 4.2 demonstrates that the PM2.5 time series have two distinct modes
during the 28-day data collection period, which captures different weather seasons and shows the
behavior of the monitoring system during these periods.

During the first mode (25" February — 5™ March), all four sensor nodes recorded high

PM2.5 concentrations, with peaks often exceeding 100 pg/m?, and separate observations greater
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than 250 pg/m?. This period corresponds to the peak of the heating season in Astana, when coal-
fired thermal power plants and domestic coal-fired heating generate large PM2.5 emissions
[10][14].

During the second period (from March 6 onwards), the PM2.5 concentrations reduced
sharply to the range of 10-50 ug/m?, which is explained by two meteorological factors. Firstly,
several snowfalls occurred during this period, which act as a natural mechanism for air cleaning
from PM2.5 particles due to wet deposition, due to the effective removal of suspended particles
from the atmosphere. Secondly, since the beginning of March, there was a warming (from about -
20 °C at the end of February to +7 °C by mid-March), which reduced the domestic heating intensity
and enhanced the vertical mixing of the atmosphere [12]. Despite the decrease in PM2.5
concentrations in the second half of data collection period, their levels remained above the WHO
daily standard on most days. This confirms that even during the transition period between the
heating season and spring, the air pollution level in Astana exceeds the WHO recommended limits.

PM2.5 concentration time series (hourly mean)
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Figure 4.2: Time series of raw PM2.5 measurements from all three IoT sensor nodes with

Kazhydromet-14 reference station data overlay.
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An analysis of the average daily values of PM2.5 showed that the WHO recommended
daily guideline (15 pg/m?) [1] was exceeded in 78% of the observation days for Sensor-1 (21 out
of 27 days), in 72% of cases for Sensor-2 (21 out of 29 days), and 72% for Sensor-3 (21 out of 29
days), compared to 24% for the reference station (7 out of 29 days). The difference in WHO
exceedance rates between the IoT sensors and the reference station reflects two factors: the
systematic overestimation of PM2.5 by the PMS5003 sensors, which is consistent with the factory
calibration error reported in the literature [15][20][21][38], and a genuine spatial deviation from
the norm. variability of PM2.5 concentrations in different districts of Astana. This finding confirms
the need for machine learning calibration, which is discussed in Section 4.3.

Correlation analysis between sensors has demonstrated high consistency between the three
main [oT-based sensor nodes. The Pearson correlation coefficients between hourly PM2.5 readings
were r = 0.96 (Sensor-1 vs Sensor-2, n = 566), r = 0.98 (Sensor-1 vs Sensor-3, n = 566) and r =
0.97 (Sensor-2 vs Sensor-3, n = 639). These strong correlations confirm that the three PMS5003
sensors exhibit consistent measurement behavior and that the observed PM2.5 characteristics are
due to atmospheric conditions rather than noise from individual sensors [6][34]. The correlation
between each IoT sensor and the control station was moderate: r = 0.69 (Sensor-1), r = 0.66
(Sensor-2), and r= 0.70 (Sensor-3), reflecting both the spatial distance between the sensors and the
control station (~6 km) and the systematic overestimation error. PMS5003 [21][38].

Three evaluation indicators are used to evaluate the effectiveness of the model. The
coefficient of determination (R?) measures the fraction of deviation in the reference values of
PM2.5, which are explained by the model, where R? = 1 indicates a perfect match. The root mean
square error (RMSE) quantifies the average magnitude of forecasting errors in pg/m3. The average
absolute error (MAE) is a linear measure of the average error. According to the efficiency criteria
of the United States Environmental Protection Agency (EPA), low-cost calibration of sensors

requires R? > 0.70 and RMSE < 7 pg/m3 [21][40].
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4.2. Sensor Nodes Stability

During the 28-day data collection period, the designed IoT-based sensor nodes
demonstrated stable operation in real outdoor conditions, including temperatures up to -26.8 °C.
The software worked correctly in the deep sleep mode, which is described in Section 3.2.1,
operating the duty cycle at 85%, and there was no UART desynchronization or sensor
communication failures during normal operation. The PMS5003 sensor provided sequential
measurements across all particulate channels. The AHT10 humidity sensor recorded smooth and
physically realistic relative humidity fluctuations. However, during the data collection period,
three data collection issues were found, which are described below.

The first data breach occurred between March 10 and March 13, 2026, when Sensor-1 was
shut down due to a hardware problem and required a manual restart. During this three-day period,
Sensor-2 and Sensor-3 continued to operate without interruption, demonstrating the benefits of a
multi-node monitoring network in terms of sustainability. This event is the main reason for the
lower completeness of Sensor-1 data (84.5%) compared to Sensor-2 (95.6%) and Sensor-3
(95.4%). The occurrence of such hardware failures is due to the fact that [oT-based sensor nodes
often experience data loss due to hardware failures and environmental conditions [18].

The second data transmission failure occurred between March 14 and March 15, 2026,
when the cloud server became unavailable due to the expiration of the cloud hosting subscription.
During this period, all three sensor nodes continued to work and tried to transmit data, but the
server did not accept incoming HTTP requests. The sensor nodes were unable to store all unsent
record during this 2-day extended outage due to the limited size of the RTC memory buffer on the
ESP32. This demonstrates the well-known infrastructure vulnerability of IoT-based monitoring
systems as dependence on external cloud infrastructure creates a single point of failure in the data
collection pipeline [23]. For future deployments, expanding the RTC memory buffer or
implementing SD card-based local storage will ensure resilience to temporary server

unavailability.
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The third data completeness issue was related to BMP280 on Sensor-1 node, which stopped
recording valid atmospheric pressure measurements after March 15. However, the temperature due
to backup version AHT10, relative humidity and PM values continued to record stable. The
atmospheric pressure values from the OpenMeteo API for the corresponding coordinates and
timestamps of Sensor-1 are used to restore these missing measurements. The BMP280 sensors on
the other sensor nodes operated correctly without failures during the entire data collection period.

Figure 4.3 shows an email notification sent when BMP280 failure on Sensor-1 was detected.

Sensor Health Monitoring

Total Alert Active Alerts Most Recent

3 1 10 days ago

DATE/TIME SENSOR TYPE DESCRIPTION STATUS
R Pressure readings dropped to 0 hPa for the last & consecutive readings. The BMP280
Mar 15, 17:30 Sensor-1 Field Anoma N - Active
sensor has stopped responding.

Mar 10, 07:30 Sensor-1 Sensor Offline No data received from Sensor-1 in the last 30 minutes. Resolved
Mar 8, 19:30 Sensor-2 Only 2 of expected 4+ records received in the last hour. Resolved

@ CRITICAL: Sensor-1 — BMP280 pressure failure | Astana AQ Monitor (sl inbox = e B

Astana AQ Monitor exenof Mon, M 7:19 AN T O «

A\ Sensor alert

CRITICAL

» Sensor-1 — BMP280 pressure failure

0 0 hPa for the last 6 consecutive readings. The

pressure
0 hPa

992.15 hPa

Mar 15, 5:59 PM (GMT+5)

RECOMMENDED ACTION

Open dashboard

(b)

Figure 4.3: Automated sensor health monitoring: (a) alert history on the web dashboard;

(b) example of email notification.
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4.3. Calibration Model Comparison

The calibration model selection process was performed based on the paired dataset, which
is described in Section 3.1.4. The raw PM2.5 measurements from the co-located Sensor-4 node
showed a systematic overestimation compared to the PM2.5 measurements from the reference
station with an average ratio of approximately 4:1, based on mean PM2.5 concentrations of 41.4
pug/m? for Sensor-4 and 11.4 pg/m? for the reference station. This overestimation is due to the
factory calibration errors of the PMS5003 sensor as described in the literature, where
overestimation coefficients were observed several times depending on the aerosol composition,
relative humidity and temperature conditions [15][20][21][38]. Table 4.3 demonstrates results of

cross-validation for all nine calibration models, which are described in Section 3.4.2.

Table 4.3: Calibration model comparison results.

Model R? (meanz=std) RMSE (ng/m*) MAE (ng/m?) Time (sec)
RF 0.839+0.033 3.80 2.24 0.7
XGBoost 0.795+0.102 4.17 2.33 0.3
KNN 0.788+0.054 4.34 2.64 1.0
ANN 0.780+0.031 4.47 2.73 0.1
MLR 0.743+0.023 4.83 3.16 0.1
DTR 0.737+0.141 4.68 2.67 0.1
SVR 0.515+0.068 6.65 3.44 0.1
BiLSTM —0.798+0.993 6.28 4.46 6.5

LSTM —0.817+0.775 6.75 4.84 4.6
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Figure 4.4 shows the R? values for cross-validation from Table 4.3, highlighting ML models
that have passed the EPA efficiency threshold of R* > 0.70 [21][40]. This barchart demonstrates a
clear division into three groups of models:
1) high-performance models (RF, XGBoost, KNN, ANN, MLR, DTR), which are
exceeded the EPA efficiency threshold;
2) moderate-performance model (SVR), which is below the EPA efficiency threshold;
3) deep learning models (LSTM, BiLSTM), which are showed negative R? values due to

small dataset size.
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Figure 4.4: Bar chart comparing cross-validation R? values across all nine calibration models.

RF is the best-performing calibration model, which is achieved the highest R? of 0.839 +
0.033 and the lowest RMSE of 3.80 pg/m?® and satisfied EPA efficiency threshold for low-cost
sensor calibration [21][40]. RF showed higher efficiency than MLR on the paired co-located
dataset, confirming that the PMS5003 sensor bias is nonlinear in real conditions in Astana
[30][44][49]. MLR can be adjusted using simple regression equations like Barkjohn formula [21],

while RF captures complex nonlinear characteristics [20][40][44].
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Deep learning models LSTM and BiLSTM showed negative R? values (-0.82 and -0.80,
respectively), indicating lower calibration efficiency than the predicted mean value due to the
limited dataset size of 563 paired hourly measurements, which are aggregated from Sensor-4. This
size is lower than the 1,000 paired hourly measurements, which is recommended as the practical
minimum size for reliable low-cost sensor calibration [42]. The high cross-validation variance,

which ranges from 0.77 and 0.99, confirms the instability of these DL models on small training

datasets [50].

Figure 4.5 shows the visualization on the web-based dashboard of the raw and calibrated
PM2.5 measurements for Sensor-1 over a 7-day period. The raw PM2.5 values (blue dashed line)
are greater than both the calibrated PM2.5 values (blue solid line) and the reference station values
(gray dashed line), while the calibrated values correspond more closely to the reference station.

The red dashed horizontal line indicates the WHO 24-hour guideline (15 pg/m?) [1].
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Figure 4.5: The raw and calibrated PM2.5 measurements for Sensor-1 with the Kazhydromet-

14 reference station overlay and WHQO daily guideline on the web-based dashboard.
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4.3.1. Analysis of Feature Importance
The feature importance analysis based on the RF model provides a quantification of the
contribution of each input variable to the calibration efficiency. Figure 4.6 demonstrates the
corresponding feature importance estimates based on the trained RF model, with an emphasis on

the variables with the greatest predictive relevance.

Feature importance for PM2.5 calibration (RF)

PMZ2.5 raw
Humidity 0.080
Pressure 0.065
Hour of Day 0.051
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Temperature - 0.013
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Figure 4.6: Feature importance scores from the Random Forest calibration model.

The most dominant predictor is the raw PM2.5 concentration, which is expected since the
calibration task is to adjust the sensor output. Relative humidity (RH) is the second most important
feature (0.08), which follows the literature, in which RH is defined as the main source of
measurement error due to the hygroscopic particle growth, accounting for up to 30% of PM2.5
variance [40]. The temporal features like month (0.002) and day of week (0.039) demonstrated the
minimum importance scores, since the observation period covers only 28 days, and therefore does
not consider seasonal variability. Mathieu-Campbell et al. [20] also identified RH as the most

important bias correction parameter for PMS5003 sensors, which is confirmed by this analysis.
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4.3.2. Calibration Coefficient Stability Analysis
The 28-day paired dataset is divided into four weekly intervals to investigate the temporal
stability of calibration parameters and determine the relevant model update frequency, answering
Research Question 2. The most efficient Random Forest (RF) model and Multiple Linear
Regression (MLR) were trained for each weekly window independently. Table 4.4 shows the MLR

calibration coefficients and model performance indicators for each weekly period.

Table 4.4: Age-based calibration coefficients (MLR) and Random Forest performance

during four weekly windows.

Metric Week 1 (Feb Week 2 Week 3 Week 4
25-Mar3) (Mar4-10) (Mar11-17) (Mar 18-25)

Number of records 175 174 39 175
Mean temp (°C) -7.7 -1.9 0.4 -1.0
Mean PM2.5 ref (ug/m?) 15.8 4.9 7.2 13.0
MLR Intercept 15.83 4.9 7.24 13.04
PM2.5 raw coefficient 13.35 0.9 0.42 2.96
Humidity coefficient -0.86 1.08 -2.76 -1.94
Temperature coefficient -8.30 -5.52 -115.59 -59.39
MLR R? 0.951 0.221 0.714 0.211
RF R? 0.991 0.927 0.946 0.952
MLR RMSE (pg/m?®) 2.62 2.08 2.26 9.08
RF RMSE (pg/m?) 1.11 0.64 0.98 2.25
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This age-based calibration analysis highlights two important findings. First, the RF model
maintains consistently high performance within all four weeks, showing R? in the range from 0.93
to 0.99. RF is stable to changing environmental conditions. In contrast, the MLR model shows that
R? decreased from 0.95 in Week 1 to 0.22 in Week 2. Such instability confirms that linear models
like MLR cannot adequately reflect sensor bias when environmental conditions change between

weekly intervals, while the nonlinear RF model adapts successfully.
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Figure 4.7: Calibration model performance within four weekly windows for RF and MLR.

Second, the MLR calibration coefficients show a systematic drift over weekly windows,
decreasing the raw PM2.5 values from 13.35 in Week 1 to 0.42 in Week 3, as shown in Figure 4.8.
This sharp change in values reflects a change in the ratio between sensor readings and the reference
station as PM2.5 concentrations decrease from heating season levels (mean 15.8 pg/m?®) to lower
spring values (mean 4.9-7.2 ug/m?). The temperature coefficient demonstrates extreme values of
-115.59 and -59.39 in the third and fourth weeks, respectively, indicating multicollinearity in the
linear model with a small dataset and during periods of rapid environmental changes. Such changes
in coefficients confirm that static calibration parameters become unreliable after 1-2 weeks in

conditions of seasonal transitions.
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MLR coefficient drift across weekly windows
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Figure 4.8: MLR calibration coefficient drift across four weekly deployment windows.

This temporal instability confirms the findings of Campmier et al. [38], who demonstrated
that calibration models trained over 4-week periods showed that the normalized RMSE exceeds
100% when applied in different seasons in India (see Figure 2.7). In addition, this variability of
correction coefficients confirms that 44% of the deviations in the calibration coefficient are due to
the measurement date, rather than differences between sensor nodes [45]. As the minimum update
frequency, weekly retraining is recommended based on these observations to ensure that the
calibration model adapts to changing environmental conditions. This implemented monitoring
system supports the proposed weekly calibration ML model retraining via cron job, which is
described in Section 3.3. However, the 28-day observation period covers only the transition from
the heating season to early spring, which limits the possibility of summarizing this observation
within a single seasonal transition. A multi-season IoT-based sensor network deployment dataset
is required to comprehensively determine the optimal update frequency, especially under different

climatic and pollution conditions across different regions.
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4.3.3. Comparison with State-of-the-Art
Table 4.5 shows the comparison between the calibration results of this study and the
published results of PMS5003 calibration studies, which are conducted under different
geographical and climatic conditions. RF R? value of 0.84 achieved in this study is within the
reported range provided in comparable studies using a physical location and meets the EPA

performance criterion.

Table 4.5: Comparison of calibration results with published PMS5003 studies.

Study Location Best Model R? RMSE
(ng/m?)
Chen (2025) [37] Dublin MLR 0.81 2.3 (24-h)
Barkjohn (2021) [21] uUsS MLR+RH 0.65-0.94 3.0 (24-h)
Campmier (2023) [38] India RF 0.86-0.94 —
Nan (2025) [30] China XGBoost 0.88 —
Malyan (2024) [44] Delhi RF 0.70-0.95 —
This system Astana RF 0.84 3.80 (1-h)

This comparison creates several observations based on its results. First, the RF is the most
efficient model for PMS5003 calibration and its R? value of 0.84 corresponds to the range as
reported in the literature [38][44]. Second, only those studies, which were conducted in
environments with more stable aerosol composition [21][37], where linear correction is sufficient,
conclude that the MLR is the most efficient model for PMS5003 calibration. In Astana, a coal-
dominated aerosol and high temperature variability create nonlinear bias patterns. Therefore, the
nonlinear RF model outperforms MLR by about 10% in terms of R? (0.84 vs 0.74), which is similar

to the performance gap observed in India [38] and Delhi [44].
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4.4. Forecasting Model Comparison
The forecasting model comparison was performed based on a multi-station dataset, which
includes 1,331 daily recordings from three reference stations in Astana (US Embassy,
Kazhydromet-9, and Kazhydromet-14), with a total of 1,220 acceptable training sequences after
feature construction as described in Section 3.4.4. Table 4.6 shows the results of cross-validation

and final testing for all four models.

Table 4.6: Forecasting model comparison results.

Model R? (meanzstd) RMSE (png/m?) MAE (pg/m?®)
LSTM 0.232+0.128 11.62 3.08
CNN-LSTM 0.209+0.121 11.79 3.12
BiLSTM 0.204+0.124 11.83 3.05
XGBoost —0.346+0.242 15.95 4.93

Based on the selection criterion of the lowest mean RMSE across the cross-validation folds,
LSTM was identified as the best-performing forecasting model with R>=0.232 and RMSE = 11.62
pg/m*. CNN-LSTM and BiLSTM showed comparable performance, while XGBoost showed
substantially worse results with a negative R? across cross-validation folds (R?= —0.346). The
presence of built-in delay and shift functions that do not reflect temporal patterns creates a negative
R? value for XGBoost, unlike learned representations in recurrent models. Traditional ML models
such as XGBoost rely on explicitly created lag features and rolling statistics, while deep learning
architectures learn temporal dependencies directly from raw data sequences [47][48]. Therefore,
LSTM and similar recurrent architectures are well suited for PM2.5 forecasting due to their ability

to capture long-term time dependencies [48][50].



74
The relatively low R? values for all four forecast models are expected over the 7-day
forecast horizon, since PM2.5 concentrations show high variability and depend on weather events,
heating patterns, and atmospheric dynamics, which become unpredictable over longer horizons
[47]. Figure 4.9 illustrates the RMSE values for each horizon for all four models over a 7-day
forecast period. LSTM has the best balance between short-term accuracy and long-term stability,
with RMSE for each horizon ranging from 9.60 pg/m?to 12.13 pg/m?*. XGBoost shows stable high

RMSE values (14.17-16.64 pg/m?) on all horizons, which confirms its unsuitability for the PM2.5

forecasting.
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Figure 4.9: Per-horizon RMSE for all forecasting models across the 7-day forecast period.

Improving the forecasting accuracy is expected with additional training dataset. The current
dataset of 1,331 daily observations is limited compared to multi-year datasets used in large-scale
forecasting studies. The daily automated retraining of the forecasting ML model ensures that the
LSTM model is updated with the latest dataset. This process is important during seasonal changes

as described by the calibration analysis in Section 4.3.2.
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4.5. System Demonstration

During the 28-day data collection period, the complete air pollution monitoring system was
deployed and operated, demonstrating a full workflow from data collection by loT-based sensor
nodes with consideration of ML-based calibration and forecasting to real-time visualization in the
web application. The map interface shows the spatial distribution of PM2.5 concentrations at four
sensor locations in Astana in real time. Color-coded markers based on the Air Quality Index (AQI)
provide a visual assessment of the air quality at each sensor installation point. The web dashboard

during active operation of the system on March 25, 2026 illustrated in Figure 4.10.
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Figure 4.10: Web-based dashboard of the air quality monitoring system.
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The time series panel provides a 28-day historical overview with a choice of time ranges
(24 hours, 3 days, 7 days, 30 days), filtering by sensor nodes, and the option to show measurements
from the Kazhydromet-14 reference station. The 30-day overview mode clearly highlights the
transition from high air pollution period during the heating season (February — early March) to a
lower air pollution level after snowfall and warming (mid-March onwards), which is consistent
with the temporal patterns described in Section 4.1. The sensor health monitoring section at the
bottom of the dashboard has a summary of detected warnings and a history of sensor failures,
which allows the system administrator to view hardware failures, as shown in Section 4.2. The
markers for each sensor node open the modal window, which displays the current raw and
calibrated PM2.5 measurements, weather parameters (temperature, relative humidity, and

atmospheric pressure), and 7-day PM2.5 forecasting as illustrated in Figure 4.11.
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Figure 4.11: Sensor-2 detail modal with calibrated PM2.5 measurements and 7-day forecast.

The Sensor-2 modal window demonstrates the practical effectiveness of the ML pipeline.
The raw PM2.5 value of 31.4 pg/m? is reduced to 22.2 pg/m? after Random Forest calibration,
showing a 29.4% of reduction. The 7-day LSTM forecast provides predicted values ranging from
14.0 to 26.3 pg/m? for the following week. This UI/UX approach allows the user to evaluate both

the current air pollution level and the expected dynamics without moving to other pages.
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Chapter 5 — Conclusion

This thesis presented the design, implementation, and evaluation of an IoT-based air
pollution monitoring system for real-time PM2.5 assessment in Astana. The proposed system
integrates the designed sensor nodes based on the ESP32 microcontroller and the PMS5003 sensor,
a cloud-based server-side application on Express.js with MongoDB Atlas, a machine learning
pipeline for sensor co-location calibration and 7-day PM2.5 forecasting, sensor health monitoring
system with email alerts, and a React-based web dashboard for real-time visualization.

Four sensor nodes were located in different locations in Astana, including co-located
Sensor-4 with the Kazhydromet-14 reference station based on BAM-1020. During the 28-day data
collection period at the end of the heating season (February—March 2026), 14,444 measurements
were collected. The deployed sensor nodes demonstrated stable operation at temperatures down to
-26.8 °C. The data completeness ranged from 84.3% to 95.6%, which corresponds to the range
observed in real loT-based monitoring systems [15]. The average PM2.5 concentration was 38.8
png/m?, which exceeds the WHO daily recommendation level on 72-78% most days of observation.
These findings confirm the air pollution issue in Astana during the heating season.

This chapter provides detailed answers to the three research questions, based on the
experimental results from Sections 4.1-4.5. Research Question 1 explores which machine learning
algorithms provide the highest calibration accuracy for low-cost [oT sensors. Random Forest (RF)
showed the highest calibration accuracy among nine calibration models using paired dataset
collected from co-located Sensor-4 and the Kazhydromet-14 reference station (see Table 4.3),
showing a cross-validation R? of 0.839 + 0.033 at RMSE 3.8 ug/m?. The calibration accuracy of
RF satisfies the EPA performance criterion (R? > 0.70, RMSE < 7 pg/m?) [21][40]. Using the RF
model for calibration reduced the overestimation of PM values from the PMS5003 sensor, showing
the average sensor node-to-reference ratio of approximately 4:1. This study demonstrates the
practical effectiveness of the ML-based calibration pipeline under different extreme climate

conditions, which are included in the 28-day observation period.
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Research Question 2 calculates the minimum retrain frequency of ML models required to
keep high calibration accuracy based on sensor-age analysis. The MLR calibration coefficients
show a spread over weekly intervals as shown in Table 4.4. For example, the MLR performance
degraded by 76.8% during one week (from R* =0.951 to 0.221), while Random Forest keeps the
calibration accuracy in a small interval (R? = 0.927-0.991) during the entire observation period.
The difference in behavior during calibration between the tree-based ensemble models and linear
models confirms that linear calibration coefficients become unreliable within 1-2 weeks during
the transition between different seasons [45]. This proposed monitoring system recommends
weekly retraining as the minimum retrain frequency, which is implemented by using the automated
weekly cron job based on these observations. However, the current recommendation may change
if the dataset is based on multi-season deployment at least one full year.

Research Question 3 considers the impact of seasonal variations on the accuracy and
stability of low-cost IoT sensors. As the 28-day dataset includes the heating season and early spring
in Astana, providing direct evidence of seasonal effects on both PM2.5 concentrations and sensor
performance. The average PM2.5 value collected from the proposed IoT-based sensor network 1s
38.8 ng/m?, which exceeded the WHO 24-hour guideline (15 pg/m?) [1]. The time series shows a
clear decrease in PM values from the end of February with peaks exceeding 200 pg/m? during the
heating season to mid-March with an average value below 50 pg/m?, which is consistent with a
coal-burning decrease, as the environmental temperature increased from -26.8°C to +14°C during
the heating season during the data collection period [10][14] as illustrated in Figure 4.2. The age-
adjusted calibration analysis also demonstrates that the transition between seasons affects not only
the PM2.5 concentration, but also the sensor bias characteristics. Since the MLR calibration
coefficients change between the heating season and the spring transition weeks. These findings
confirm the air pollution issue in Astana during the heating season and demonstrate the potential
of low-cost loT-based sensor networks to provide the spatial and temporal resolution, which is

needed for evidence-based air quality management.
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Some limitations inherent in the current study should be noted. The 28-day observation
period covers only the transition from the heating season to early spring, which limits the
possibility of generalizing calibration results and age-based results to a single seasonal transition.
The shared location dataset, consisting of 563 paired hourly records, is below the recommended
minimum of approximately 1,000 observations [42], which has caused the deep learning
calibration models to fail. The accuracy of the prediction model (R? = 0.23) is limited by a limited
set of training data consisting of 1,331 daily recordings from three stations. The location at the
balcony level (3rd-4th floors) and the vertical height difference between sensor—4 (2.5-3 m) and
BAM-1020 (11-12 m) can lead to systematic differences in paired measurements. The failure of
the BMP280 pressure sensor on Sensor-1 after March 15 required data recovery using the external
OpenMeteo API, and using the RTC memory buffer with a single entry resulted in data loss during
a 31-hour server downtime.

The following improvements are planned for further work. First, an expanded co-location
installation is needed, covering at least one full year to assess the effectiveness of calibration in all
four seasons in Astana, including the summer period with a predominance of aerosol dust and the
beginning of the autumn heating season. This dataset will provide a sufficient amount of training
data for calibration models of deep learning over several seasons and will comprehensively
determine the optimal frequency of retraining. Secondly, the forecasting system will be improved
by including weather forecast data as external input and expanding the training dataset with multi-
year historical records. Third, the sensor hardware will be improved through the introduction of
local storage based on SD cards to prevent data loss during server failures and optimize the GPS
data collection strategy for mobile deployment scenarios. Fourth, the monitoring network can be
expanded with additional sensor nodes to increase spatial coverage around Astana, using the
modular system architecture, which supports the addition of new nodes without making changes

to the server side application or the ML pipeline.
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