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Abstract: As a tool for processing and analyzing multiple types of data in various fields, GIS is of significant
importance and contributes greatly to the digitization, automation, and management of diverse processes. The
functionalities of these systems can be enhanced with the capabilities of artificial intelligence (Al) for improving
analysis algorithms. Their combined use, based on machine learning aimed at discovering features and generating
solutions unnoticed by human factors, can significantly improve the quality of research and the results obtained.
This is especially true in cases where large volumes of data in the form of time series need to be handled. This
article analyzes the potential for the productive use of GIS and Al in the field of air pollution research and
forecasting, based on available data on the distribution of different types of pollutants and climatic data for
urbanized areas. The generated digital models through the functionalities of GIS are supplemented by using Al
for time series analysis. The results of the study will be used in future developments aimed at using Al and GIS to

study pollen pollution in urban conditions and reduce health risks.
Keywords: Al, Urban environment, Ecologization, GIS

Introduction

Although artificial intelligence is not a new technology, it has undergone explosive development in recent

years, both in terms of its scope and the attitudes toward its use and areas of application. In more and more fields,
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it is taking a major or a minor part, significantly supporting all other technologies. GIS, on the other hand, due to
their long-term use in numerous ways in the fields of ecology and human health preservation, are of key importance
in automating the processes of analyzing and modeling a number of related factors.

In recent years, the focus on their use has shifted from their application mainly as a means of acquiring,
analyzing, and presenting spatial data based on cartographic principles, to the additional possibilities related to
supporting well-founded decision-making in the sustainable management of ecological processes, including air
pollution. As a tool for processing and analyzing multiple types of data in various fields, GIS is of significant
importance and contributes greatly to the digitization, automation, and management of diverse processes.

Artificial intelligence enhances the functionalities of GIS by improving analysis algorithms. Machine
learning focused on established computer systems, learning from data with included techniques, allows GIS to
improve their performance over time. On the other hand, time series analysis is a useful tool in accounting for
changes of certain characteristics over time, related to ecology, as well as comparing changes in other variables
for the same period. The combined use of all these approaches and technologies finds its application in numerous
studies.

Trends in the combined use of AI and GIS

As one of the main and valuable water resources, groundwater and its characteristics can be accurately
mapped and classified based on hybrid models using artificial intelligence and GIS, combining modified
RealAdaBoost, bagging, and rotation forest ensembles with functional tree [1]. The combined use of GIS and Al
can be applied as neural networks together with machine learning to create predictions and interpretable scenarios
in building explanatory models of demographic and social profiles of specific territorial areas, used for analysis
and testing of pre-formulated hypotheses [2]. An integrated approach using remote sensing and GIS in the
preservation of ecological zones associated with land use conflicts and environmental pressures [3] can be applied
in building effective models for the optimal protection of ecological species.

The combined application of modern GIS and artificial intelligence is essential for facilitating sustainable
agriculture worldwide by integrating them into conventional agricultural practices [4]. GIS and Al can be used in
modeling ecosystems and landscape processes occurring on larger scales by extrapolating data or model
predictions from fine scales to the larger landscape, requiring assumptions of spatial homogeneity or knowledge
of resource heterogeneity [5]. With the introduction of autonomous GIS as an Al-based Geographic Information
System (GIS), self-generation, self-organization, self-verification, self-execution, and self-expansion of the system
are achieved, which improves spatial analysis and its accessibility to a wider audience [6]. The use of GIS in

combination with time series can be employed for natural resource management and modeling the spatial behavior
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of various natural sources through the collection of satellite images, their radiometric and atmospheric correction,
and subsequent analysis [7].

Use of GIS and Al for Air Quality Monitoring

In recent years, the development of internet technologies and the creation of high-quality and relatively
inexpensive sensors have deepened research in various fields, especially in ecology and environmental protection.
Sensors can generate large volumes of data on an hourly or daily basis, which can serve as the basis for subsequent
analyses and final decision-making. Combining air quality data with environmental factors can support the
development of smart cities and more efficient urban management.

Air quality monitoring is important for forecasting its quality, a problem that is ubiquitous in large cities. In
this regard, Al can be reliably used to create models based on hourly concentrations of NO, and CO from
multisensor data and local meteorological data. For them to be reliable, properly trained models need to be
developed that combine sensor outputs with weather data, considering that many factors can affect the accuracy
of the models. Research in this area shows that combining multisensor data with advanced Al techniques offers a
powerful tool, especially for modeling nonlinear processes like determining air quality [8].

The increasing construction in cities leads to serious consequences related to the circulation of air flows in
cities, thereby deteriorating air quality. Many models related to pollution forecasting and mitigation consider air
pollutants like particulate matter (PM) with the help of machine learning algorithms (MLA). There are also studies
evaluating spatial hazard in terms of the Air Quality Index (AQI), which account for the crucial importance of PM
in the AQI due to its easily inhalable microsize, which adversely affects ecology, the environment, and human
health.

By developing machine learning models like eXtreme Gradient Boosting (XGBoost), K-Nearest Neighbor
(KNN), and other spatially processed data like slope and elevation, and subsequently integrating them into a GIS
environment, it is possible to generate spatial data on air quality [9].

GIS and related remote sensing methods are technologies that enable real-time monitoring and mapping of
changing phenomena, including air pollution. The evaluation of pollutants, obtained by combining data from
satellites (Terra, Aqua, OMI, and Sentinel-5P) and data collected from air quality monitoring stations located in
various parts of the areas of interest, confirms the possibility of using Sentinel-5P data for such purposes. The
presence of strong and acceptable correlations between satellite data and on-site measurements indicates the ability
of satellite imagery to monitor air pollution, especially over urban areas during fires [10]. Other studies
complement the analyses related to remote sensing methods, sources of satellite data, and geospatial data analysis,
considering aerosol optical depth (AOD) for air pollution monitoring. They highlight the important role of machine

learning in correcting its values and filling gaps for missing aerosol values compared to ground sensors [11].
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Developed as a tool for decision-makers, including city managers, air monitoring models in urban
environments over the past decades have been divided into three main classes: statistical methods, machine
learning methods, and hybrid methods. Combining these with GIS can improve forecasting methods. An analysis
from a similar study [12] shows that forecasting with the help of machine learning and hybrid methods provides
better results and also demonstrates that it is better to use emission inventories when choosing data, as they contain
structured information from various sources of air pollution. Geographic Information Systems (GIS) offer
potentially powerful tools for exposure assessment in support of both air pollution epidemiology and air quality
policy. As noted in [13], most epidemiological applications rely on relatively simple techniques such as buffering
and distance functions, while interpolation methods and dynamic modeling techniques, including time-activity
pattern modeling with appropriate levels of spatial and temporal accuracy, can also be applied in such cases.

In some European projects funded by the EU related to urban air quality, GIS also finds application in the
form of developed methodologies for mapping traffic-related pollution. In [14], a GIS containing data on observed
air pollution levels, road network, traffic volume, land cover, elevation, and other locally determined
characteristics is presented. Data from conducted monitoring based on predictive environmental variables and the
composed regression equation are used to map air pollution in the study areas. As a tool related to the analysis and
assessment of climate change and air quality, GIS combined with time series is used in the statistical and spatial
assessment of investigated sequences of temperature and precipitation data from meteorological stations
distributed over a certain territory. In [15], the analysis of trends, variability, and spatial patterns of temperature
and precipitation is conducted based on linear regression, coefficient of variation, inverse distance weighting
interpolation techniques, and geographic information systems. An autoregressive integrated moving average
(ARIMA) model is used to simulate temperature and precipitation data.

Air pollution in urban environments can also be analyzed through long-term variations in the mean value
(trend) of cyclic or periodic components using GIS and time series. In [16], statistically significant periodic
components with higher frequency were observed. The developed model is based on a step-by-step approach to
time series analysis applied to the mean daily concentrations of strong acidity (SA) and black smoke (BS) in the
study area, with each step completed by correlation analysis of the residuals, allowing the identification of an
optimal structure with residual white noise.

Studies related to air quality find broad application in analyses related to population morbidity. Time series
analysis is a suitable solution here, which can be applied to a retrospective study aimed at determining whether
the air quality index (AQI), its main pollutants (PM2.5, PM10, NO,, and CO), and corresponding meteorological
variables (daily temperature, highest temperature, lowest temperature, temperature difference, and sunshine

duration) can increase morbidity [17]. The model is based on an initial descriptive analysis providing an overview
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of morbidity and air quality over the study period, followed by a linear regression model related to each
independent variable.

GIS and time series data analysis from sensor observation infrastructure have proven effective for
controlling and managing air quality in megacities. Their combined use based on the SWE framework of OGC for
integrating both sensors and their observations allows them to be used in spatial data infrastructure [ 18]. Developed
in this way, it enables the collection, transfer, sharing, and processing of sensor observations, calculation of air
quality status, and real-time reporting of critical conditions. By implementing it in the form of a four-layer
architectural structure, including sensor, web service, logical, and presentation layers, and using defined routine
procedures and subsystems, the system applies data from web-accessible sensors to a set of web services to
generate warning information.

Another direction in the use of GIS in the field of ecology and urban air pollution is placing them at the core
of methods for optimizing the air quality monitoring network (AQMN) through interpolation techniques and
historical data. In a similar approach [19], existing air quality stations are systematically removed, and missing
data are filled in using the most appropriate interpolation technique, followed by comparison of observed and
interpolated data. Accuracy verification is conducted using predefined performance measurements such as root
mean square error (RMSE), mean absolute percentage error (MAPE), and correlation coefficient (r). Based on a
developed algorithm, the process is simulated for several sets of variables, and overall, the technology allows
determining the optimal number of stations without compromising concentration coverage in the study area.

Air quality and its monitoring through traditional methods are expensive and have limited spatiotemporal
capability. The use of Al in combination with geospatial analyses, based on a specific controlled Al algorithm,
represents a method that provides a good solution when supplemented with satellite imagery and GIS data to
improve the accuracy and efficiency of air quality monitoring [20]. Based on the analysis of data collected from
air quality sensors (public and private) through machine learning algorithms and geospatial data such as traffic
density and land use, the results demonstrate the effectiveness of Al and geospatial analysis in predicting air quality

parameters such as particulate matter and nitrogen oxides with high accuracy.

Material and Methods

The analysis shows that specialized neural networks such as RNNs and their variants (e.g., LSTM and GRU)
are designed for processing sequential data and are highly effective for forecasting time series. They can capture
long-term trends in the data, which makes them useful for predicting future values. At the same time, Al can detect

anomalies or outliers in time series, which is important for detecting unusual events. Machine learning algorithms
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can identify data points that significantly deviate from expected behavior. Al can analyze and separate trends and

seasonal components in time series data.
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Figure 1. Studied geographic area — Republic of Bulgaria, Sofia District

The research hypothesis of the current study is that based on the combined use of time series analysis with
Al and data interpolation with GIS, users can obtain a specialized tool that not only forecasts the development of
specific phenomena in the context of their geographic characteristics but also enables the determination of critical
values at a given point on the Earth's surface, regardless of the small number of measurement sensors. Such a tool
can be crucial for efficiently managing various processes - for example, air pollution or assessing various measures

to improve it. Figure 1 shows the study area, and Figure 2 shows the location of the Automatic Monitoring Stations

(AMS) in the study area.
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Figure 2. Location of automatic measuring stations, Sofia District

6

Corresponding author: gmilchev(@ltu.bg Full Paper
DOI: 10.2478/asn-2025-0014 ©2025 Radoslav Miltchev et al., published by Sciendo

This work is licensed under the Creative Commons Attribution 3.0 Public License


mailto:gmilchev@ltu.bg

s sciendo ASN, Vol. 12, No 3, Pages 1-16, 2025

Primary Air Pollutants in Urban Environments

Air pollution is a deeply concerning issue that affects nearly every corner of the world, primarily due to
human activities such as extensive industrialization, automotive activities, increasing fuel consumption, and all
other urbanization, construction, electricity production, and essentially all other anthropogenic activities. Air
pollution contributes to various health hazards and increases the risk of chronic and respiratory diseases. It is
important to measure a range of pollutants to determine the dynamics of air pollution in a given area. Table 1

shows the primary pollutants and environmental factors used in the current study.

Table 1. Primary pollutants and environmental factors related to air pollution

Air pollutants Environmental factors

» Fine particulate matter < 10um [PM10] | * Temperature [AirTfemp]

» Ozone [03] * Wind direction [WD]

* Nitric oxide [NO] * Wind speed [WS]

* Nitrogen dioxide [NOZ2] * Relative humidity [UMR]

* Sulphur dioxide [SO2] » Atmospheric pressure [Press]
* Benzene [Benzene] » Solar radiation [GSR]

According to California Air Resources Board (https://ww?2.arb.ca.gov/resources):

* Particulate matter (PM) - airborne particulate matter (PM) is a complex mixture of various chemical
species, including small droplets of liquid, dry solid fragments, and solid cores with liquid coatings. For air quality
regulatory purposes, particles are classified by their diameter. Specifically, particles with a diameter of 10 microns
or less (PM10) are considered inhalable into the lungs and can cause adverse health effects.

* Sulphur dioxide (SO») - Sulfur oxides (SOx), including sulfur dioxide (SO>), are emitted when sulfur-
containing fuels are burned. Sources of such emissions in general, include motor vehicles, locomotives, ships, and
off-road diesel equipment using high-sulfur fuels. Additionally, SO, and other SOx could be released from
industrial processes such as natural gas and petroleum extraction, oil refining, and even metal processing.

* Nitrogen dioxide (NO;) - although nitrogen dioxide (NO,) can be directly emitted from combustion
sources, much of it in ambient air is formed through photochemical reactions between nitric oxide (NO) and other
air pollutants in the presence of sunlight. NO; levels in the air vary based on direct emission levels and changing
atmospheric conditions, particularly the amount of sunlight.

* Ozone (03) - Ozone is formed in the atmosphere through chemical reactions between pollutants emitted

from vehicles, factories, industrial sources, fossil fuel combustion, consumer products, and etc. Hydrocarbons and
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nitrogen oxide gases react in the presence of sunlight to create ozone, with hot, sunny, and calm weather conditions
promoting its formation.

Creating a dataset

Problems with the Source Data - during the course of the study, it was found that the data publicly
available was not in a suitable format either for artificial intelligence analysis methods or for visualization in GIS.

Figure 3 displays O3 data with added georeferenced data before their processing.

RangeIndex: 1241 entries, @ to 1240
Date Kopitoto Paviove Hipodruma Madezhda Miladost Druzhba Temp Hum pata columns (total 9 columns):

0 20210101 7872 1937 1761 2420 NeN 2280 51 483 #  Colum - Non-Kull Count  Diype

1 20210102 8002 170 15.30 17.50 MaN 2307 30 488 ® Date 1241 non-null  object
1 Kopitoto 1241 non-null floatsa

2 20210103 73.24 978 23.51 16.04 MaN 2029 57 774 2 Paslwo 19241 non-null  float6a

3 20210104 57.12 1088 1361 8.38 MaN 1205 67 834 3 Hipodruma 1241 non-null  floated
4  Nadezhda 1241 non-null  floatea

4 2021-01-05 7319 3882 35.32 32.06 NaN 2788 67 NaN 5 Mladost @ non-null floatea

§ 20210106 7970 1174 12.16 16.05 MaN 2057 55 559 6 Druzhba 1241 non-null  floatéd
7 Temp 1220 non-null  floatea

§ 20210107 76.44 3380 300 29.97 MaN 2071 48 812 8 Hum 1095 non-null float6a

7 2021-01-08 6730 1445 17.35 26.09 MaN 18156 44 921

8 2021-01-09 57.41 26868 3071 31.57 NaN 2775 03 943

9 2021-01-10 4381  16.02 24.18 27.08 MaN 2800 1.0 934

aee

1236 2024-05-21 8242 57.30 4244 57.07 NaN 6385 215 698

1237 70240522 10083 5058 3015 44.45 NaN 4655 198 814

1238 2024-05-23 11622 19 4093 56.90 NaN 56.07 200 745

1239 20240524 11357 84.00 5051 6563 NaN 6728 211 679

1240 2024-05-25 12076 7398 4279 5322 NaN 6227 N9 817

Figure 3. Data before processing for O3

Preliminary data analysis showed significant gaps in measurements—missing data for certain periods and
pollutants; stations do not have an equal set of sensors—some stations lack sensors for temperature and humidity
or for ozone; data is not in a format that allows for automatic importation—there are differences in types even for
the same parameter; data written in Cyrillic requires transformation. This necessitates data preprocessing and
subsequent transformation to achieve the objectives set forth in this study.

Formation of an Adequate Dataset

To form a suitable dataset, scripts were developed that automatically extract data from online repositories,
verify data types, and convert them into the correct format for GIS and Al analysis. Additionally, data interpolation
at the daily average level was used, excluding periods with missing sensor data spanning three to six months to
avoid significantly distorting forecasts. The study data covers the period from January 1, 2021, to May 25, 2024,
on a daily basis.

Methods Used for Time Series Analysis

For the purposes of this study, two methods for time series analysis and forecasting were tested based on

their characteristics:
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* Method using the “Prophet” model — time series forecasting tool developed by Facebook (now Meta,
https://facebook.github.io/prophet/) designed for easy and accurate forecasting at scale. It is particularly effective
for time series that have strong seasonal effects. The following advantages can be noted when using it: quick setup
- the model can be quickly set up and applied to time series data, making it accessible for fast prototyping and
implementation; missing data — designed to handle missing data gracefully, which is a common issue in real-world
time series datasets; automatic seasonality detection - automatically detects and models daily, weekly, and yearly
seasonality in the data; custom seasonalities - users can add custom seasonal components to capture specific
periodic patterns that are not covered by default; holiday effects - allows users to specify holidays and special
events that might affect the time series, and these effects are automatically included in the model; outliers - the
model is robust to outliers, reducing their impact on the overall forecasting accuracy; trend changepoints -
automatically detects changepoints in the data where the trend changes. This is crucial for time series with sudden
shifts in trends due to external factors.

* Method using the “LSTM” model [21] - Long Short-Term Memory (LSTM) is a type of recurrent neural
network (RNN) architecture that is particularly well-suited for modeling and forecasting time series data. Unlike
traditional RNNs, LSTMs can capture long-term dependencies in the data, making them ideal for sequences where
relationships between distant time steps are important. The advantages of its use can be summarized as follows:
ability to Learn Long-Term Dependencies - LSTM networks can capture long-range dependencies in time series
data, which is crucial for accurate forecasting; robust to Noisy Data - LSTM models are robust to noise and can
handle irregular time series data effectively; flexibility - LSTM networks can be used for a variety of tasks,
including classification, regression, and anomaly detection.

GIS Methods Used for Analysis and Visualization

From the perspective of analyses and visualizations executed in the GIS environment during the study,
Spatial Analysis and IDW Interpolation were applied. Spatial analysis is the process of manipulating spatial
information to extract new information and meaning from the original data. Spatial interpolation is the process of
using points with known values to estimate values at other unknown points. Spatial interpolation can estimate the
concentration of pollutant at locations without recorded data by using known temperature readings at nearby
weather stations. In the IDW interpolation method, the sample points are weighted during interpolation such that
the influence of one point relative to another declines with distance from the unknown point in which we want to
calculate missing value. IDW interpolation method also has some disadvantages: the quality of the interpolation
result can decrease, if the distribution of sample data points is uneven. In GIS, interpolation results are usually

shown as a two-dimensional raster layer.
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Results

Initial conditions during the study and related to the forecasting process, the dataset was divided into training
and testing sets in an 80:20 ratio. Forecasting was conducted for pollutants: Fine particulate matter < 10um
[PM10], Ozone [O3], Nitrogen dioxide [NO:], Sulphur dioxide [SO;]. Forecasting was performed separately for
each monitoring station. IDW interpolation has been used in the QGIS environment to illustrate concentration
maps derived from real and forecasted data. Subsequent figures and tables display results for O; studied similarly

to analyses conducted for other air pollution parameters, the subject of this article. Figure 4 shows O3 data from

all stations for the period 2021 —2024.

03 Measurments from all stations, Sofia 2021-2024
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Figure 4. O3 Measurements 2021-2024, Sofia

Figure 5 shows the O; data with temperature and humidity included before interpolation for applying the
"Prophet" model.

05, Temp, Himidity Pavlovo Station O3 Daily Values 2021-2024
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Figure 5. O3 Before interpolation for temperature and humidity
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Figure 6 displays the individual components of the "Prophet" model, while Figure 7 demonstrates the

model's predictability compared to observations and measurements, utilizing an 80% Uncertainty Interval.
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Figure 6. Prophet model — components Figure 7. Prophet model — forecast and observation

Figures 8 and 9 illustrate data from training and results from using the LSTM method during the study.

Epoch 1/50 13/13 - 1s - 110ms/step - loss: 0.0266 - val loss: 0.0075
Epoch 2/50 13/13 - Os - 4ms/step - loss: 0.0121 - val loss: 0.0096

Epoch 48/50 13/13 - 0s - 4ms/step - loss: 0.0072 - val loss: 0.0043
Epoch 49/50 13/13 - Os - 4ms/step - loss: 0.0072 - val loss: 0.0043

Epoch 50/50 13/13 - Os - 4ms/step - loss: 0.0071 - val loss: 0.0043
Loss

— tain

— test
0,025

015

010

005

E) 40 50

Figure 8. LSTM Training
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Figure 9. LTSM results
Table 2, as well as Figure 10, presents a comparative analysis and results when using both methods.

Table 2. Comparative analysis of the results of using different methods

Kopitoto 120.76 72.46 96.61
Pavlovo 73.98 44.39 59.18
Hipodruma 42.79 25.71 34.23
Nadezhda 53.22 31.93 42.58
Druzhba 62.27 37.36 49.81

The values shown in the table, obtained from both research methods, represent the midpoint of the range
formed by maximum and minimum forecasted values, indicating that LSTM closely approximates the real

measured results to a much greater extent.
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Prophet model for 25-05-2024

Real data for 25-05-2024
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Figure 10. Comparison between different methods
Discussion

Currently, there are various sources of pollution-related data, but their formats require additional processing
to be used in GIS or for artificial intelligence analysis. Preliminary analysis and screening are necessary due to
occasional missing single measurements or periods of varying duration, which could complicate the fine-tuning
of analyses both in GIS and Al. The quantity of data strongly influences time series analyses and forecast
preparation, necessitating subsequent study of parameters for fine-tuning models. Challenges in using the proposed
models include:

Related to the Prophet model and Computational Resources - while “Prophet” is relatively efficient,
large datasets or complex models with many seasonalities and holidays can become computationally expensive;
customization limits - while users can add custom seasonalities and changepoints, other aspects of the model are
less customizable compared to more flexible machine learning models; stationarity assumptions - prophet assumes
that the time series data is approximately stationary or can be made stationary with transformations; non-stationary
data may require additional pre-processing; trend saturation - the logistic growth model in prophet assumes a
saturation point for trends, which may not be appropriate for all datasets; historical data requirement -the model’s
performance heavily relies on having several seasons of historical data to accurately detect and model seasonality
and trends; limited short-term forecasting - prophet may not perform as well for short-term forecasting if there is
insufficient historical data; changepoint sensitivity - the default settings for changepoint detection may not always
be optimal, and tuning these parameters can be challenging.

Regarding LSTM and Computational Complexity - training LSTM networks can be computationally

intensive, especially for large datasets; hyperparameter tuning - selecting appropriate hyperparameters (e.g.,
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number of layers, number of neurons) can be challenging and often requires extensive experimentation; overfitting
- LSTMs can be prone to overfitting, particularly with small datasets. Regularization techniques and proper cross-
validation are essential to mitigate this risk. As an alternative option for similar studies related to air pollution
research, the ARIMA method can be used. (Autoregressive Integrated Moving Average) proposed by [22]. The
predictions obtained from the application of this method would converge the mean of the time series for a further
period if a stationarity is ensured [23]. The ARIMA method gives consistent results for short-term predictions. It
is not preferable for long-term predictions, especially in the case of periodicity in time series. Long-term
predictions, e.g., annual, might be more useful for city authorities to define long-term policies and measures. Thus,
the periodicity of the time series has to be considered in order to provide reasoning based on the hidden data cycles.
The knowledge about the underlying structure can be used as the measurement of effectiveness of the measures

taken by policy makers [24].

Conclusions

The achieved results demonstrate good forecasting capabilities and their integration with GIS. The research
results can be used to both make informed final decisions for implementing management practices, and to monitor
the long-term effects of these practices. Integrating the results into GIS provides an easy and convenient tool not
only for visualizing the results but also for obtaining values resulting from interpolation and at points other than

the measurement stations.
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