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EXTENDED ABSTRACT

Lanalisi della distribuzione spaziale dei dati ambientali ¢ diventata sempre piu critica nelle moderne scienze naturali e tecniche, consen-
tendo ai ricercatori di comprendere modelli e meccanismi di interazione tra i processi naturali. La ricerca ha seguito le linee guida PRISMA per
la revisione sistematica della letteratura, esaminando inizialmente articoli identificati da database Web of Science, Scopus ¢ Google Scholar,
selezionando infine studi che soddisfacevano rigorosi criteri di inclusione in termini di rigore metodologico, pertinenza ai metodi geostatistici
e integrazione con le moderne tecnologie geospaziali. La geostatistica ¢ un campo interdisciplinare che integra statistica, geografia e tecnologie
dell’informazione per analizzare i dati spaziali, basandosi sul concetto di dipendenza spaziale articolato nella Legge di Tobler. Lo studio ha esami-
nato concetti geostatistici fondamentali, tra cui valore medio, varianza, autocorrelazione spaziale misurata attraverso I’indice I di Moran e LISA,
che collettivamente consentono una valutazione completa delle caratteristiche globali e locali della distribuzione dei dati nello spazio. La ricerca ha
esaminato diversi metodi di interpolazione, con il kriging che si ¢ rivelato I’approccio piu sofisticato basato sull’analisi del variogramma, offrendo
una precisione superiore rispetto a metodi pitt semplici come la ponderazione della distanza inversa (IDW) e I’interpolazione spline. Inoltre, lo stu-
dio ha esplorato modelli di regressione, tra cui regressione lineare, regressione multipla e regressione ponderata geograficamente (GWR), insieme
amodelli di classificazione discreta come la regressione logistica e gli alberi decisionali, dimostrandone 1’efficacia nella modellazione di relazioni
spaziali complesse e fenomeni categoriali. L’integrazione del GIS con i metodi geostatistici rappresenta un progresso cruciale nelle capacita di
analisi spaziale. La ricerca ha valutato sia piattaforme open source, come QGIS, R (con librerie che includono sp, sf, gstat e geoR), sia software
commerciali, tra cui ArcGIS con il suo modulo Geostatistical Analyst e MATLAB, dimostrando come questi strumenti facilitino 1’elaborazione, la
visualizzazione e la modellazione complete dei dati. PYTHON si ¢ affermato come un linguaggio di programmazione particolarmente versatile per
I’analisi spaziale, con librerie come GEOPANDAS, PYSAL, RASTERIO € SHAPELY che offrono ampie funzionalita per la gestione di dati sia vettoriali
che raster. Piattaforme basate su cloud, tra cui GOOGLE EARTH ENGINE (GEE), ArcGIS Online, AWS Location Service, QGIS CLouD e MAPBOX,
sono state analizzate per la loro capacita di elaborare immagini satellitari su larga scala, integrare dati multi-sorgente e creare mappe interattive ad
alta risoluzione necessarie per un monitoraggio ambientale accurato. L’applicazione pratica dei metodi geostatistici € stata dimostrata in tre ambiti
ambientali critici: inquinamento atmosferico, valutazione della qualita del suolo e monitoraggio delle risorse idriche. Per I’analisi della qualita
dell’aria, I’interpolazione spaziale ha rivelato che le concentrazioni di biossido di azoto nelle aree ad alto traffico hanno raggiunto i 45-60 pg/
m?, superando le soglie dell’OMS, mentre i livelli di PM2.5 nelle zone industriali hanno raggiunto i 30-42 pg/m?. Il metodo kriging ha raggiunto
un’elevata accuratezza predittiva con valori RMSE compresi tra 2.5 e 4.2, superando significativamente 1’interpolazione IDW (RMSE=5.8-7.1).
L’analisi della contaminazione del suolo ha identificato concentrazioni di piombo pari a 140-180 mg/kg nelle aree industriali e livelli di cadmio
paria 1.2-2.5 mg/kg nelle regioni agricole con uso intensivo di fertilizzanti, entrambi superiori agli standard normativi. La valutazione della qualita
dell’acqua ha rivelato concentrazioni di nitrati pari a 40-65 mg/L nei filumi in prossimita delle zone agricole, superando le concentrazioni massime
consentite, mentre la contaminazione da metalli pesanti da fonti industriali ha mostrato livelli elevati di piombo, cadmio e mercurio. L’analisi di
autocorrelazione spaziale ha confermato modelli di inquinamento a cluster con valori di I di Moran compresi tra 0.64 e 0.71, indicando fonti di
inquinamento stabili e facilitando strategie di intervento mirate.

11 presente studio ha identificato diversi progressi critici nella metodologia geostatistica tuttavia, la combinazione di approcci geostatistici
tradizionali con metodi computazionali contemporanei migliora ’accuratezza delle previsioni, consente il monitoraggio in tempo reale e facilita
I’elaborazione automatizzata dei dati per valutazioni ambientali su larga scala. I modelli di classificazione hanno raggiunto un’accuratezza sostan-
ziale, con una regressione logistica che ha raggiunto 1’84% e alberi decisionali del 79% nell’identificazione delle aree contaminate in tre categorie
di inquinamento: zone criticamente inquinate, aree moderatamente inquinate e territori ecologicamente stabili.

Nonostante i significativi progressi metodologici, sono stati riscontrati alcuni limiti,quali 1’orientamento teorico che richiede una validazione
empirica in diversi contesti ambientali e la necessita di una maggiore integrazione con tecnologie emergenti come I’intelligenza artificiale. Gli
sviluppi futuri includono 1’adattamento dei metodi geostatistici a specifiche condizioni ecologiche, lo creazione di algoritmi che tengano conto
delle caratteristiche degli ecosistemi locali e la creazione di nuovi approcci per combinare 1’analisi spaziale con le previsioni ambientali.
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ABSTRACT

The aim of this study was to examine the methods, tools,
and platforms used for the analysis of spatial data, as well as
to assess their potential for solving environmental challenges.
The study considers geostatistical methods, including kriging,
variogram analysis, semivariance, the Thiessen polygon
method, inverse distance weighting (IDW) interpolation,
and regression models such as linear regression, multiple
regression, and geographically weighted regression (GWR).
A literature search turned up 52 peer-reviewed and indexed
articles on methods including regression models, variogram
analysis, and kriging. The selection criteria included: (1)
relevance to geostatistical analysis of environmental data, (2)
methodological rigor, (3) publication in high-impact peer-
reviewed journals, and (4) citation frequency indicating
scientific significance. These studies highlight the effectiveness
of geostatistical methods, geospatial platforms, and Python
in environmental monitoring and predictive modeling. For
classification tasks, logistic regression and decision trees were
examined. The study results demonstrate that the application of
modern geostatistical methods allows for the identification of
spatial distribution patterns of environmental data and improves
prediction accuracy. In particular, it was found that the spatial
autocorrelation index effectively determines areas with high
levels of similarity in environmental parameters, while local
indicators of spatial association (LISA) help identify regional
clusters with high pollution intensity or other anomalous
characteristics. It was demonstrated that the use of spatial
modelling platforms, such as Geographic Information System
(GIS) software like ArcGIS and Quantum GIS (QGIS), along
with the Python programming language and spatial data analysis
libraries such as GeoPandas and the Python Spatial Analysis
Library (PySAL), significantly enhances the effectiveness
of environmental phenomenon analysis. The integration of
satellite image data with geostatistical methods was found to
contribute to the creation of more accurate maps for forecasting
environmental risks. The proposed approaches demonstrate
significant potential for environmental monitoring and natural
resource management, enhancing the understanding of spatial
patterns and serving as a basis for further research in this field.
KEYwWORDS:  geostatistics, — geostatistical

analysis, variogram,

semivariogram, kriging methods, geographic information system

INTRODUCTION

The analysis of the spatial distribution of environmental
data is a key task in modern natural and technical sciences, as
it enables the understanding of patterns and mechanisms of
interaction between natural processes. The growing number
of environmental challenges, such as climate change, air, soil,
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and water pollution, increases the need for effective methods
of analysis and forecasting. Simultaneously, the increased
availability of spatial data through satellite technologies and
Geographic Information System (GIS) creates new opportunities
for research (RamouL et alii, 2022).

Geostatistical analysis has become an essential tool for
assessing the spatial distribution of environmental data and
studying the impact of various factors on the environment.
Contemporary research has shown that the use of geostatistical
methods not only facilitates effective spatial process modelling
but also provides accurate estimates for decision-making.
Scientific studies confirm the universality and effectiveness of
GIS and geostatistical methods across various fields of spatial
data analysis. For example, Koto e alii (2022) utilised GIS
to analyse water quality in the Karavasta Lagoon (Albania),
focusing on determining concentrations of heavy metals and
nutrients. The study contributed to assessing environmental risks
and identifying pollution zones, enabling recommendations to
minimise anthropogenic impact. In research by SHEHU (2023),
the spatial distribution of macro- and microelements in the soils of
the Vushtrri region (Kosovo) was analysed. Using geostatistical
methods, the author identified zones of nutrient deficiency and
surplus, which is crucial for sustainable agricultural development
and land use optimisation. Meanwhile, BErRILA & Isur1 (2021)
applied GIS to analyse vertical terrain fragmentation in the Drenica
River basin (Kosovo). Their study highlighted the importance of
spatial analysis in examining geomorphological characteristics
and assessing the impact of terrain on hydrological processes.
Finally, the work of MEMA et alii (2024) focused on modelling
the spatial variability of criteria affecting land suitability for
agricultural use. Using GIS, the authors created models to
determine optimal areas for crop cultivation, considering climatic
and agronomic conditions.

Previous studies have examined various aspects of applying
geostatistical methods to analyse the spatial distribution of
environmental parameters. The dynamics of heavy metal
distribution in the environment were studied using spatial
mapping methods, variability analysis, and pollution source
identification (SyLvA et alii, 2024). It was found that these
approaches effectively assess pollution sources and model the
spatial variability of contaminants. The general application
of geostatistics to environmental tasks has been explored,
with its potential for predicting environmental changes using
mathematical models adapted to different scenarios analysed
(ZANINT & D’Oria, 2024). Special attention was given to
developing models that consider complex interrelationships
within natural systems. Research has been conducted on
predicting the spatial distribution of heavy metals in soils
using limited field measurement data and multi-source
information. New interpolation approaches have been
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developed to provide more accurate predictions even under
data constraints (SuN et alii, 2024).

The application of hybrid machine learning and
geostatistics methods for spatial forecasting of invasive
plant spread has proven effective in identifying relationships
between environmental factors and species distribution (SHEN
et alii, 2024; PHOOPHATHONG et alii, 2025). This research has
highlighted the potential of such approaches for predicting
environmental risks. An assessment of groundwater quality
in rural areas was conducted using geostatistical methods
and WebGIS, enabling the integration of spatial analysis
with modern online visualisation technologies (BALLA et alii,
2024). The results indicate the practicality of these methods
for monitoring and managing environmental resources. Within
the framework of soil modelling, geostatistical methods and
remote sensing were integrated, allowing for the creation of
accurate predictive maps for precision agriculture (HiLAL
et alii, 2024). This approach proved effective in accounting
for soil variability at the regional level. Research into the
application of geostatistical methods for evaluating reservoir
characteristics demonstrated their effectiveness when combined
with petrophysical analysis for resource optimisation in the oil
industry (ESIRI et alii, 2024).

The development and application of GIS for spatial
analysis in environmental geochemistry were examined. The
analysis showed that these approaches are indispensable in
the context of big data for studying the dynamics of natural
processes and pollution (Xu & ZHANG, 2023). Additionally,
the spatial distribution of groundwater quality parameters
was studied using geostatistical models, revealing regional
characteristics and gaps in monitoring (FARZANEH et alii,
2022). Spatial analysis of soil properties in agricultural regions
was carried out using GIS methods, which demonstrated their
effectiveness in accounting for spatial variability to optimise
agricultural practices (KHAN ef alii, 2021).

Despite significant progress in the development of
geostatistical methods, gaps remained in the scientific
literature, particularly concerning their application in specific
environmental conditions. The effectiveness of various
methods at different scales of analysis and their integration
with modern automated data processing tools had not been
sufficiently studied. For example, spatial interpolation methods
such as kriging, although widely used, required further
refinement for working with complex ecosystems where non-
linear relationships and multiple influencing factors exist. The
aim of this study was to analyse contemporary geostatistical
methods and platforms in terms of their effectiveness in
solving environmental challenges, as well as to assess their
adaptability to complex ecological systems and integration
with automated data analysis tools.
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MATERIALS AND METHODS

A systematic approach was used to analyse modern
methods, tools, and platforms for geostatistical analysis
of the spatial distribution of environmental data. To ensure
a comprehensive and transparent literature search, the
study followed the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines. The
literature search was conducted in three widely recognised
academic databases: Web of Science, Scopus, and Google
Scholar, to ensure a comprehensive selection of peer-
reviewed articles. These databases were chosen for their broad
coverage of scientific journals and their ability to access high-
quality research publications. Among the terms used in the
search were “geostatistics”, “spatial data analysis”, “kriging”,
“GIS”, “environmental data”, “pollution mapping”, and
“spatial autocorrelation”. These keywords were chosen in
order to encompass a broad spectrum of pertinent research
pertaining to data analysis methodologies, environmental
monitoring, and geostatistical approaches. To obtain thorough
results and narrow search queries, boolean operators (AND,
OR) were used.

In order to identify the most influential studies, the
following inclusion criteria were used to select articles: (1)
relevance to geostatistical methods or spatial data analysis in
environmental studies; (2) methodological rigour and clarity
in reporting; (3) publication in peer-reviewed, high-impact
journals; and (4) citation frequency. 51 articles were chosen
for in-depth study after duplicates were eliminated using
these criteria. The final choice was made after a thorough
assessment of entire texts, abstracts, and titles to make sure
they matched the goals and parameters of the study.

A total of 254 articles were initially identified through
the literature searche (Fig. 1). After removing 62 duplicates,
192 articles remained for further screening. During the title
and abstract screening phase, 34 studies were excluded due to
irrelevance, either not addressing geostatistical methods, GIS,
or spatial data analysis, or focusing on unrelated topics. In the
full-text screening phase, 106 studies were excluded for failing

1
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Articles scresned based ontitlesand
abstracts: 192
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Articles excluded for full-fext
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Fig. 1 - Flowchart of literature search and selection process
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to meet the inclusion criteria. These studies were excluded for
being irrelevant to geostatistical methods and environmental
data analysis, lacking integration with modern geospatial
technologies (such as GIS or remote sensing), being written
in a language other than English, or having methodological
issues such as the absence of practical applications or detailed
descriptions of methods. Ultimately, 52 studies were included
in the final review, meeting the criteria of being relevant to
geostatistical analysis using GIS and programming tools, and
incorporating modern platforms like ArcGIS, Quantum GIS
(QGIS), and PyTHON for environmental data analysis.

The study also described spline interpolation methods,
including cubic splines, which enable the creation of smooth
models for spatial data based on existing measurement
points. Among the tools used for analysis, the most notable
were modern software platforms: ArcGIS (Esri, 2025),
QGIS (Quantum Geographic Information System (QGIS)
Development Team, 2025) and MATLAB (MATHWORKS,
2025). Other important tools were GeoDa (2025) and
Surfer (GOLDEN SOFTWARE, 2025). The study also utilised
R programming languages (R Core Team, 2025) with
the libraries sp, sf, gstat, and geoR. In addition, PYTHON
was applied using specialised geospatial libraries such as
GEOPANDAS (2025), Python Spatial Analysis Library (PYSAL)
(2025), SHAPELY (2025), and MATPLOTLIB (2025).

The use of cloud services such as Google Earth Engine
(GEE) (2025), Amazon Web Services (AWS) Location
Service (2025), Quantum Geographic Information System
(QGIS), Croup (2025), and MapBox (2025) enabled data
integration, satellite image processing, and the creation of
high-resolution maps necessary for accurate monitoring of
pollution and environmental changes.

The study examined various geostatistical analysis
methods for assessing the level of pollution in atmospheric,
soil, and water resources. The kriging method was used for
interpolating pollutants in missing data points, allowing
for accurate predictions of spatial pollution distributions.
Semivariograms and variogram analysis were applied to
identify the spatial variability of pollutants and assess their
dependence on the distance between points. These methods
were mainly used for analysing soil and water data, where
spatial correlation is a key aspect.

The inverse distance weighting (IDW) interpolation
method was used for modelling pollution in areas with a
limited dataset, which was particularly relevant for water
resources. This approach is based on Tobler’s law, enabling
the creation of models that accurately reflect real pollution
conditions in spatial proximity.

Thiessen polygons were employed for -classifying
territories by pollution levels, particularly atmospheric and
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soil pollution, where it was necessary to identify zones with
high pollution impact. Regression models, including linear
regression, multiple regression, and geographically weighted
regression (GWR), were used to model the relationships
between pollution and other factors such as transport,
industrial emissions, and weather conditions, allowing for the
assessment of local effects of these factors.

For pollution classification tasks, logistic regression
and decision tree methods were applied. These were used to
classify territories by pollution levels, particularly soil and
water pollution, to identify complex spatial patterns.

Spline interpolation, particularly cubic splines, was also
applied for interpolating environmental parameters such as
soil moisture or pollutant concentrations in water, enabling
the creation of smooth spatial models for locations with
limited data availability.

The selection of methods was determined by their ability
to address specific tasks. For instance, the kriging method
was chosen for its capacity to account for spatial dependence
and ensure high prediction accuracy. IDW was suitable for
analysis in data-limited conditions, whereas regression
methods allowed for the assessment of external factors’
influence on pollution. The Thiessen polygon method was
selected for delineating clear pollution zones, which is crucial
for management decision-making. Spline interpolation
ensured model smoothness, which is particularly relevant for
the analysis of continuous environmental parameters.

All these methods were applied within the framework
of software platforms such as ArcGIS, QGIS, MATLAB,
GeoDa, and Surfer, as well as using programming languages
R and Python, enabling the execution of the necessary spatial
analysis and modelling. The evaluation of the selected
methods’ potential was based on the following criteria:
prediction accuracy (assessed using root mean square error
(RMSE) and the coefficient of determination (R?)), spatial
resolution (determined by the number of control points and
pixel size in the case of raster data), computational efficiency
(measured by data processing time for each method), and
adaptability to different data types (evaluated by comparing
results for various environmental indicators, such as soil
quality, atmospheric air, and water resources). Cloud services
such as ArcGIS Online, GEE, AWS Location Service,
QGIS Croupb, and MapBox were used for data integration,
satellite image processing, and the creation of high-detail
maps, facilitating accurate environmental monitoring and
forecasting.

RESULTS AND DISCUSSION
Geostatistics: an interdisciplinary data analysis tool
Geostatistics is an interdisciplinary field that integrates statistics,
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geography, and information technology to analyse spatial data. It
studies the patterns of spatial variation in natural and anthropogenic
phenomena, providing tools for their modelling and prediction. The
foundation of geostatistics is the concept of spatial dependence,
which suggests that values of a variable at closely located points tend
to be more similar than those at distant points. This phenomenon,
known as Tobler’s Law - “everything is related to everything else,
but near things are more related than distant things” - is fundamental
to all geostatistical methods. Spatial dependence not only allows for
the analysis of existing data but also facilitates predictions for areas
where data have not been collected.

One of the key tools in geostatistics is the variogram - a graphical
representation that reflects the relationship between the variance of
a variable’s values and the distance between points (Fig. 2). The
variogram helps identify the spatial structure of data and determine
the main parameters of this dependence: range, sill, and nugget. The
range defines the maximum distance at which spatial correlation is
still observed. The sill represents the stable variance value reached
at large distances. The nugget indicates variation caused by local
factors or measurement errors. These parameters are critically
important for model construction and the selection of an appropriate
analysis method (WEBSTER & OLIVER, 2007).

phenomenon where spatial dependencies vary depending on
direction. In environmental data, this can be linked to the
presence of rivers, mountain ranges, or other linear natural
structures. Accounting for anisotropy in modelling allows
for more accurate results that are better adapted to real
geographical conditions.

Geostatistical principles encompass several key stages of
analysis. The first step involves defining the spatial structure of
data, including the analysis of variation characteristics, variogram
construction, and selecting an appropriate dependency model.
The next stage is interpolation, which allows for estimating
variable values at locations where data are absent. This step is
particularly crucial for ecological applications, land use, and
natural resource monitoring. Additionally, visualising results
is a fundamental part of geostatistics. The creation of spatial
distribution maps enables the clear representation of patterns
identified during analysis and facilitates decision-making in
natural resource management.

Geostatistics serves as an essential tool for analysing complex
natural and social processes. Its methods find applications in ecology,
geology, agriculture, urban planning, as well as in climate change
forecasting and natural resource management. By accounting for
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Geostatistical methods encompass various approaches to
data interpolation, with kriging being the most widely used. This
method enables the prediction of variable values at unsampled
locations while considering spatial dependence, minimising
prediction errors. Unlike simpler methods such as IDW or
splines, kriging is based on the variogram, making it more
precise and adaptive to the data’s specifics (CRESSIE, 1993).

An important aspect of geostatistics is anisotropy - a
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An example of variogram demonstrating how spatial correlation varies with distance

spatial dependencies and its flexibility across different scales,
geostatistics provides opportunities for more accurate data analysis
and well-grounded decisions across numerous disciplines. The
analysis of spatial data distribution is one of geostatistics’ key
tasks, allowing for the investigation of how specific characteristics
vary within the studied territory. Various indicators and metrics are
used to assess both overall distribution characteristics and local
spatial relationships (CHILES & DELFINER, 2012).
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Among the fundamental concepts are mean value and
variance. The mean value is used to determine the central
tendency of a spatial phenomenon, such as the average
pollution level in a region. Variance helps assess how much
variable values deviate from the mean, which is essential
for understanding spatial variability. However, these global
metrics do not account for spatial dependencies and are usually
complemented by other indicators. Spatial autocorrelation is
a crucial tool for evaluating relationships between variable
values at different locations (Fig. 3). Moran’s I index is a
widely used measure that determines the nature of distribution:
clustered, random, or uniform. For example, in studies on
vegetation cover distribution, this index helps identify areas
with a high concentration of similar values.
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Fig. 3- Example of spatial distribution of phosphate and nitrate
values (Source: BALLA et alii (2020))

Local indicators of spatial association (LISA) expand
the analysis by enabling the identification of spatial patterns

S. KOVACI & A. LAKO

at the level of individual regions. These are particularly
valuable for detecting local clusters, such as disease hotspots,
areas of intensive land use, or regions with high population
density. Another critical tool is the analysis of variations
through semivariance. This measure is used for constructing
variograms that demonstrate how variance between variable
values depends on the distance between observation points.
Variograms help determine the range of spatial dependence,
which is crucial for modelling environmental processes
(CRrEssSIE, 1993). Furthermore, the specificity of spatial data
often requires consideration of anisotropy - the dependence of
spatial relationships on direction. For example, in atmospheric
studies, accounting for wind direction is crucial for the correct
analysis of pollution dispersion. The core concepts and
principles of geostatistics are summarised in Table 1.

These indicators and metrics are fundamental tools of
geostatistical analysis, enabling the investigation of both
global and local characteristics of data distribution in space.
They are essential for assessing ecological, social, and
economic phenomena, ensuring more precise and scientifically
grounded decision-making.

Characteristics and specificity of spatial data

Spatial data possess a number of features that significantly
affect the process of their analysis and the interpretation
of results. One of the key characteristics of spatial data is
their spatial correlation. Spatial correlation implies that the
values of variables at points that are located close to one
another tend to be similar. This property is based on Tobler’s
principle, which states, “everything is related to everything
else, but closer objects are more related.” However, this very
dependency creates challenges for the application of traditional
statistical methods, which are based on the assumption of the
independence of observations.

Scaling is another important feature of spatial data. The

Concept/indicator

Description

Example of application

Mean Value

(Koo et al, 2022)

Determines the average value of a variable within
the studied arca

The average level of air pollution in the region.

Variance

(Sylva et al., 2024)

Indicates the variability of a variable ‘s values in
space.

Assessment of the dispersion of heavy metal
concentrations in soil.

Maoran’s I Index (John
etal, 2021)

A spatial antocorrelation measure that
characrerizes the relationship berween values
depending on their location.

Identification of clusters of urban areas with high
or low population density.

Semivariance (Cressie,
1993)

Assesses the dependence between variable values
based on the distance between points,

Construction of variograms for modelling soil
moisture distribution

Anisotropy (Webster
and Oliver, 2007)

Spatial dependence that vanes depending on
direction,

Amnalysis of the direction of pollutant dispersion
in a river system

LISA (Singh and
Sarma, 2023)

LISA for derecting local clusters or anctnalies.

Identification of hotspots of specific plant species
distribution in protected areas.

Tab. 1 - Key concepts and principles of geostatistics (Source: compiled by the authors based on CRESSIE (1993), Koto et alii (2022), Syrva et alii
(2024), JoHN et alii (2021), WEBSTER & OLIVER (2007), SINGH & SARMA (2023))
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choice of the scale at which the analysis is conducted largely
determines the nature of the patterns detected. For instance,
at the local level, small-scale factors such as local landscape
features may dominate, while at the global level, large-scale
processes such as climate change become more apparent. The
analysis scale influences spatial dependencies: phenomena
that show strong correlation at one scale may be negligible or
entirely absent at another.

The geographical specificity of spatial data is particularly
significant. The geographical environment in which the data are
located directly affects their distribution and dependencies. For
example, topography, climatic conditions, soil characteristics,
or anthropogenic factors can significantly modify the patterns
observed in different regions. The same phenomena in different
geographical conditions may have completely different
explanations. Thus, spatial analysis requires the consideration
of the context of the territory being studied. To systematise
these aspects, Table 2 is proposed.

of spatial patterns and the creation of predictions necessary for
decision-making in environmental protection, agriculture, and
other fields (KHoso et alii, 2025). Each method has its unique
methodology, making it suitable for specific tasks depending on the
characteristics of the data and the research objectives. Kriging is
a complex yet powerful tool based on variograms, which describe
the spatial correlation between observation points (SOTO et alii,
2022). It minimises forecasting errors, making it indispensable
for tasks with high accuracy requirements. Splines facilitate the
creation of continuous models with smooth transitions, which is
particularly useful for phenomena with high variability, such as
topographical or climatic data. They help avoid abrupt changes
between points while preserving the integrity of the model.

The Thiessen polygon method, despite its simplicity,
provides an intuitive representation of the spatial distribution
of the influence of each point. It is used for creating models of
resource accessibility or assessing the impact zone of objects.
IDW is a more intuitive approach that assigns weight based on the

Characteristic Description

Example of impact on analysis

Spatial Dependence

(Minh et al., 2024)

The relationship between variable values
at closely located points.

Analysis of pollution dispersion, where concentration
values mn neighbouring areas exhibit strong similarity.

Scaling (Scale)

(Cressie, 1093) identified patterns.

The mmpact of analysis scale on

Local processes (microclmate) and global trends
(climate change) may have different correlations.

Geographical Specificity

(Patra et al , 2025)

The mfluence of natural and
anthropogenic factors on data
distribution patterns.

The distribution of forests in mountamous regions
depends on altitude and climatic zones

Tab. 2 - Key concepts and principles of geostatistics (Source: compiled by the authors based on CRESSIE (1993), MINH et alii (2024), PATRA et alii

(2025))

Considering these aspects is crucial for the effective application
of geostatistical methods, as they ensure the correct interpretation
of data and their adaptation to specific spatial conditions.

Geostatistical analysis methods allow for a detailed study

distance between points. This method is suitable for phenomena
with smooth variation, such as pollution levels or temperature.
However, its limitations become apparent when dealing with
complex dependencies (Table 3).

Tab. 3 -

Comparison of key geostatistical analysis methods (Source: compiled by the authors based on CRESSIE (1993), Du et alii (2021), Raco et alii

Method

Main principle

Application area

Kriging

(Duetal., 2021)

Uses spatial correlation to predict values while
minimising errors.

Resource estimation. air or soil pollution

forecasting.

Splines

(Cressie. 1003)

Constructs smooth curves or surfaces for data
interpolation.

Topography, climate parameter modelling.

Thiessen Polygons

(Thiesen and Ehret, 2022)

Divides space into zones of influence based on the
nearest observation points

Resource accessibility analysis.,
infrastructure placement.

DWW

(Raco et al.. 2021)

Uses weighted averages of neighbouring points,
with weights inversely proportional to distance.

Distribution of continuous phenomena such

as pollution levels or precipitation,

(2021), THIESEN & EHRET (2022))
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Geostatistical analysis methods, such as kriging and
splines, provide highly accurate predictions and modeling of
complex spatial phenomena due to their ability to account for
spatial correlation between values. These methods are used
to create precise models that can predict values at unsampled
locations, which is important for forecasting various ecological,
geographical, or economic parameters. However, for simpler
tasks involving the analysis of spatial patterns, methods such
as Thiessen polygons and IDW interpolation are applied.
These methods are less complex to implement but are effective
for basic data analysis where high accuracy or complex
dependencies between points are not required.

Since geostatistical methods focus on identifying spatial
dependencies, regression and discrete models play an important
role, as they not only allow for the analysis of relationships
between variables but also enable the modeling of processes
underlying spatial phenomena. For example, linear regression
is used to model simple relationships between variables, while
multiple regression allows for the consideration of several
factors simultaneously, enabling more accurate predictions
of variable behaviour based on their interrelationships. To
analyse spatial phenomena with consideration of geographic
specifics, GWR models are employed, which account for
spatial variability in the influence of independent variables on
dependent variables in different areas of the studied territory.
Thus, combining precise interpolation methods, such as
kriging and splines, with regression approaches allows for
comprehensive analysis and modelling of spatial phenomena,
combining accuracy, flexibility, and the ability to account for
spatial changes in the relationships between variables.

Discrete models focus on the analysis of categorical data
and are often used for modeling phenomena that have clearly
defined states or categories. For example, classification
methods such as logistic regression allow for the modelling of

Nodel type

Aain principle

S. KOVACI & A. LAKO

the likelihood that a specific area belongs to a particular class
(e.g., land suitability for agricultural use or zoning based on
flood risk). Decision algorithms, particularly decision trees,
are useful for presenting results visually, making their practical
application easier. The advantage of regression models is the
ability to assess the contribution of each independent variable
in shaping the studied phenomenon. In turn, discrete models
are effective for analysing phenomena that do not have a
continuous nature (Table 4). Both approaches can be applied
together to solve multidimensional tasks, such as assessing
ecological risks, forecasting landscape changes, or managing
natural resources.

Classification of contaminated areas using logistic
regression and decision trees allowed the identification of
three main categories: territories with critical pollution levels
- concentrations of heavy metals and pollutants exceed the
permissible environmental standards (Pb>100 mg/kg, NO >50
pg/m?®). These are mainly industrial zones and areas near
major highways. Moderately polluted zones - concentrations
of pollutants exceed the natural background but remain
within environmental standards. These are primarily suburban
areas and agricultural zones with intensive fertilizer use.
Ecologically stable territories - areas where pollution levels are
minimal or correspond to natural background values (Pb<50
mg/kg, NO <30 pg/m?). These are usually forested areas, water
protection zones, and nature reserves.

Use of GIS in geostatistics

The use of GIS in geostatistics is an integral component of
modern spatial analysis, providing data integration, processing,
visualisation, and modelling within the spatial domain. GIS
serves as a platform for combining heterogeneous datasets,
enabling the identification of patterns, trends, and relationships
between natural and anthropogenic phenomena. One of the key

Application area

Linear Regression
(Shen et al. (2024)
Multiple Regression
(Zanini and D" Oria, 2024)
GWE
{Cressie, 1993)
Logistic Regression
(Olzumn e al, 2004)
Decision Trees

{Tikuye et al., 2025)

Idennifies a linear relationship between
variables

Analyses the mfluence of multiple
variables om an outcome.

Accounis for spatial vanability in factor
mfluence.

Predicts the probability of an object
belenging to a ceriain class.

Builds a lierarchical model for
classification and decision-making.

Assessing the impact of factors on
quealitative mdicators (e.g.. crop yield).

Forecasting complex phenomena {chmate
change, soil erosion).

Studying local patterns, risk level zomng

Risk analysis. werriterial zoning,
eeosysiem classification

Strategy selection, nsk category
AssEsEMEnt.

Tab. 4 - Characteristics of regression and discrete models (Source: compiled by the authors based on CRESSIE (1993); ZANINI & D 'ORriA (2024); SHEN

et alii (2024); OLGUN et alii (2024); TIKUYE et alii (2025))
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functions of GIS in geostatistics is the processing of geospatial
data. This includes preparing, filtering, normalising data, and
their geocoding, which converts text or numeric data into
geographic coordinates. GIS allows the creation of databases
that manage vast amounts of information, including maps,
satellite images, and digital elevation models.

GIS offers a wide range of tools for visualising the results of
geostatistical analysis. This includes generating thematic maps
that display spatial patterns, such as pollution distribution,
natural disaster risks, or urbanisation levels. Through its
visualisation tools, GIS enables complex data to be presented
in an understandable form for scientists, policymakers, and
the public. GIS also plays a crucial role in modelling and
forecasting. Specifically, with GIS, one can integrate the results
of geostatistical methods, such as kriging, splines, or regression
analysis, and apply them to predict changes over time or space.
For instance, GIS is used to assess the dynamics of climate
change, the spread of invasive species, or the impact of human
activity on landscapes.

Another advantage of GIS is its ability to integrate multi-
level data, such as topography, climatic conditions, and socio-
economic characteristics, enabling multifactorial analysis and
complex decision-making. GIS supports modern data formats
such as raster and vector data, which facilitates their flexible
use in various analytical tasks (Table 5).

and regression models help determine the relationships between
heavy metal concentrations and environmental parameters
(e.g., normalised difference vegetation index (NDVI) index for
assessing vegetation cover). GIS tools contribute to automating
the processing of large datasets, significantly improving the
accuracy and speed of analysis.

Geostatistical analysis requires specialised software tools
that support the processing, visualisation, modelling, and
analysis of spatial data. Tools for geostatistics can be classified
into open-source and commercial, depending on availability,
cost, and user capabilities. Open-source software is popular
due to its accessibility and flexibility. One of the most well-
known is QGIS, a multifunctional GIS platform that supports
plugins for geostatistics, such as System for Automated
Geoscientific Analyses (SAGA) GIS and Geographic
Resources Analysis Support System (GRASS) GIS. It allows
users to perform various geostatistical operations, including
spatial autocorrelation analysis, kriging, and creating isolation
maps. Another popular tool is R, which has libraries (e.g.,
gstat, geoR, sp) that provide advanced functions for spatial
data modelling and analysis.

Commercial software offers a more intuitive interface,
professional support, and a wide range of functionalities.
ArcGIS by EsriI is the leading product in this category. It
offers specialised modules, such as Geostatistical Analyst,

GIS function Description

Application

Geospatial Data

Collection, geocoding, cleaning, and

Database creation, data preparation for analysis,

Processing normalisation of data. mtegration of various data sources.
e Creation of thematic maps, graphs, and other Demonstrating phenomenon distribution, 1dentifying
f 15 1 .
means of presenting analysis results. patterns, disseminating findings.
Modelling and Using models to predict changes over time or Risk assessment, chimate change forecasting,
Forecasting space. modelling natural or anthropogenic phenomena.

Multi-Level Data

Integration

Combining topographic, climatic, and socio-
economic data for comprehensive analysis.

Spatial planning, natural resource management,
environmental and social risk assessment.

Tab. 5 -  GIS functions in geostatistics (Source: compiled by the authors based on LONGLEY et alii (2015))

The practical application of geostatistical methods in
combination with GIS has enabled a comprehensive analysis of
the spatial distribution of pollution. The use of ArcGIS and QGIS
facilitates the creation of map layers for interpolating pollutant
data, while GEE allows the integration of satellite imagery to
assess real-time changes. The kriging method can be applied
to create accurate maps of predicted pollutant concentrations,
helping to identify areas with elevated pollution levels. Spatial
autocorrelation (Moran’s 1) is used to assess pollution patterns,

Italian Journal of Engineering Geology and Environment, 2 (2025)

for advanced spatial modelling, forecasting, and uncertainty
analysis. Another example is MATLAB (MatHWORKS, 2025),
which provides powerful tools for handling large datasets and
advanced mathematical modelling functions, including spatial
regression. Software tools can also be specialised. For example,
GeoDa (2025) focuses on studying spatial autocorrelation and
regional disparities, while Surfer (GOLDEN SOFTWARE, 2025)
is frequently used in geology and ecology for creating contour
maps and 3D models (Table 6).

www.ijege.uniromal..it

83



84

S. KOVACI & A. LAKO

Tool Type

Features

Main functions

QGIS Open-Source

Free. supports plugins (GRASS, SAGA).

Spatial autocorrelation, point data
analysis, visualisation.

R Open-Source

Flexible through hibraries (gstat, sp, geoR),

Kriging. autocorrelation analysis,
regression models.

ArcGIS Commercial

Powerful Geostatistical Analyst module, ntegration
with other GIS software.

Spatial forecasting, map creation,
uncertamty analysis.

MATLAB | Commercial

Supports large-scale computations. advanced
mathematical models.

Spatial regression, mathematical
modelling.

GeoDa Open-Source

User-friendly, focused on spatial autocorrelation and
cluster analysis.

Spatial autocorrelation analysis,
visualisation.

Surfer Commercial

Popular in geology, creates 3D models and contour
maps.

Terrain modelling, surface analysis, 3D
visualisations.

Tab. 6 - Comparison of open-source and commercial tools for geostatistics (Source: compiled by the authors based on ANSELIN (2003))

The choice of geostatistical tools depends on the research
objectives, resource availability, and the user’s level of
expertise. Open platforms such as QGIS and R are ideal
for scientific research due to their accessibility and broad
capabilities. At the same time, commercial products such as
ArcGIS and MATLAB (MatHWORKS, 2025) offer greater
integration, automation, and support, making them valuable for
large-scale projects and commercial use.

R and PyTHON are two of the most widely used programming
languages for spatial data analysis due to their flexibility,
extensive library ecosystems, and active user communities.
These languages are commonly used in both scientific research
and commercial projects. R provides a comprehensive set
of packages specifically designed for geostatistical tasks.
For example, sp and sf support vector data processing and
basic geographic operations such as merging, clipping, and
coordinate transformation. Gstat is used for modeling spatial
autocorrelation, constructing variograms, and performing
kriging. Another popular package, geoR, provides tools for
geostatistical modeling, including analysis and forecasting using
probabilistic methods. PYTHON is a more versatile language and
also offers powerful tools for spatial data analysis.

The GEOPANDAS library extends the capabilities of PANDAS
to handle geometries, facilitating the integration of spatial data
into analysis workflows. PYSAL specialises in spatial pattern
analysis, autocorrelation, and clustering. Libraries for spatial
data processing in R and Python offer extensive opportunities
for geostatistical analysis. For example, RAsTERIO (2025) and
RASTERSTATS (2025) in PYTHON allow efficient handling of raster
images, performing statistical analysis and computing spatial
characteristics. Shapely in PYTHON supports complex geometric
operations necessary for spatial analysis and landscape modeling.

Italian Journal of Engineering Geology and Environment, 2 (2025)

For data visualisation, MATPLOTLIB (2025) and GEOPANDAS
in PyTHON are widely used, while interactive maps and charts
can be created using FoLium (2025) and PLotLy (2025). In R,
sp and sf specialize in vector data processing, while gstat and
geoR are used for geostatistical modeling, forecasting, and
risk assessment. Both languages support integration with other
GIS tools such as QGIS or ArcGIS, significantly expanding
their capabilities. For example, PYTHON is frequently used
for scripting in ArcGIS, while R easily integrates with QGIS
through the RQGIS plugin (Table 7).

R and Python are indispensable tools for spatial data
analysis due to their multifunctionality and extensibility. R
is more focused on statistical tasks and visualisation, while
Python offers a broader range of possibilities for automation
and integration with other tools. The use of these languages
allows researchers to efficiently process and analyse large
volumes of geospatial data, optimising the decision-making
process in various fields such as ecology, urban planning, and
economic forecasting.

Modern services and cloud platforms for GIS play a crucial
role in providing convenient access to spatial data, their analysis,
and visualisation. Thanks to cloud solutions, users can work with
large volumes of geospatial data in real-time without the need
for expensive local resources. One of the most popular services
is ArcGIS Online, a cloud platform from Esri that allows users
to store, analyze, and share geographic data. It includes tools for
creating web maps, conducting spatial analysis, and integrating
with other Esri products. ArcGIS Online also supports data
processing through specialised applications like Surveyl23
for field data collection. GEE is another powerful tool focused
on satellite data analysis and other large-scale geospatial data.
GEE provides access to a vast library of raster images and

www.ijege.uniromal..it



GEOSTATISTICAL ANALYSIS OF THE SPATIAL DISTRIBUTION OF ENVIRONMENTAL DATA: A SURVEY ON METHODS AND APPLICATIONS

Language Library Main functions Application area
sp Vector data processing, basic geo-operations Spatial analysis, visualisation
sf Handling spatial objects (Sunple Features) Wector data analysis, GIS mtegration
" gstat Antoeorrelation modelling, variograms. kriging Genstatistieal forecasting
geoR Geostafistical modellmg with probabihistic mefthods Prediction, nsk assessment
L S Handling geometric objects m Pandas
format
PySAL Spatial analysis, autocorrelation, clustermg Detecting spatial patterns
Rasterio Raster data processing gt a::'}iif S
Python Shapely Geometric operations (buffering, intersection) Spatial analysis, landscape modelling
Rasterstats Raster image operations, statistical calculations Spatial analysis. raster data processing
Matplotlib Diata visualisation via graphs and maps Spatial data visualisation
Folium Al i) s it S bipeiieti Interactive spatial data visvalisation
maps
Plotly nteractive charts and visualisations Data visuahsation on mapping platforms

Tab. 7 - Key R and Python libraries for geostatistical analysis

supports programming in JavaScript or PYTHON for performing
complex computations. This service is widely used in ecology,
agriculture, climatology, and other fields.

AWS also offers solutions for working with geospatial data,
with the most notable being Amazon Location Service. AWS
provides tools for processing large data volumes, as well as
for storing and analysing raster and vector data. The service
integrates with other AWS tools like SageMaker for machine
learning on geospatial data. Other platforms to note include
QGIS Cloud, which allows local QGIS projects to be transferred
to the cloud for access from any device. This platform is suitable

for creating interactive maps and web applications, providing
support for popular data formats. MapBOX (2025) is also a popular
platform for creating customised maps and visualisations. Its main
advantages include interactivity, high performance, and integration
capabilities with web and mobile applications (Table 8).

Cloud platforms and services for GIS significantly simplify
access to spatial data and their analysis. These platforms provide
scalability, integration with other technologies, and a wide range of
tools for data processing and visualisation. They enable professionals
to work more efficiently, opening up new opportunities for research
and commercial projects in geostatistics.

Platform

Main functions

Application areas

ArcGIS Online

Web map creation. spatial analysis. data storage
and sharng.

Urban planning. environmental
research, transport infrastructure.

GEE

Satellite data analysis, processing of large raster
datasets.

Ecology. agriculmre, climatology.

AWS Location Service

Geodata processing. integration with machine
learning, cloud storage.

Geomarketing, logistics management,
climate change analysis.

QGIS Cloud

Deployment of QGIS projects in the cloud, creation

of mteractive maps.

Local analysis, land-use planning.

Mapbox

Creation of interactive maps. customisation
support, integration with mobile applications.

Geomarketing. urban planning. mobile
applications.

Tab. 8 -

Cloud services and platforms for GIS

Italian Journal of Engineering Geology and Environment, 2 (2025)
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Geostatistics  for  environmental
Monitoring air, soil, and water quality
Shallow ution levels as it allows identifying spatial patterns

applications:

of pollutant distribution, determining hot spots of concentration,
and forecasting air quality in different regions. Spatial analysis
of air pollution distribution was carried out using geostatistical
methods, including interpolation approaches (kriging, IDW) and
classification models (logistic regression, decision trees).

The spatial analysis showed that the highest concentrations
of pollutants were observed in areas with high traffic flow and
industrial activity. NO, concentrations in traffic-heavy areas
reached 45-60 pg/m?, exceeding the World Health Organisation’s
threshold of 40 pg/m? For PM2.5 in industrial areas, peak values
of 30-42 pg/m* were recorded, well above the safe level of 15
pg/m?. The use of Moran’s I index (Moran’s 1=0.68, p<0.01)
confirmed the high spatial autocorrelation of NO and PM2.5
concentrations, indicating a clustered nature of pollution.

Kriging methods allowed for more accurate interpolation
models to assess the spatial distribution of particulate matter
(PM2.5 and PM10), which are among the most dangerous
pollutants for health. Specifically, it was established that
concentrations of these particles had clearly defined hot spots
near industrial areas and major highways. Spatial analysis
revealed that the radius of influence of pollution sources was 5-8
km for transport emissions and 10-15 km for industrial emissions.

Classification methods, such as logistic regression, took
into account road networks, traffic intensity, and meteorological
conditions to assess pollution levels. This enabled the creation
of predictive maps that identified critical areas for emission
reduction, similar to studies conducted in major European cities.
Additionally, ozone (O)) concentrations were analysed, showing
spatial and temporal variations influenced by solar radiation and
chemical reactions among other pollutants.

GIS tools, together with geostatistical models, allowed the
consideration of both natural and anthropogenic factors affecting
air pollution. The use of GEE for analysing satellite imagery
helped compare predictive models with actual landscape changes.
A correlation was found between urbanisation and pollutant
concentrations, confirming the effectiveness of an integrated
approach. BAHADUR et alii (2025) investigated the relationship
between land use and air quality across North India, utilising
geospatial datasets to track land-use changes and their impact on
pollution levels. The authors revealed that combining land use
and air quality data helps identify high-risk areas, thus facilitating
more informed environmental management strategies. Overall,
geostatistical methods demonstrated high accuracy in monitoring
atmospheric pollution. They provided a detailed map of pollutant
distribution, identified major pollution sources, and contributed
to making informed decisions for air quality management.

Soil data analysis is critical for optimising agricultural

Italian Journal of Engineering Geology and Environment, 2 (2025)
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production, as soil quality directly influences crop yields
and plant health. The use of geostatistical methods in this
context allows obtaining detailed information about the spatial
distribution of soil properties, such as moisture, acidity,
nutrient content, and identifying regional contamination by
heavy metals (STEIGER et alii, 2025). Dixit et alii (2025) also
demonstrated the potential of UAVs and geospatial technologies
for assessing soil dynamics in Mizoram, particularly in Jhum
cultivation areas. By using UAV-based remote sensing, their
framework contributes to sustainable agricultural resource
management, highlighting how these technologies can promote
environmentally sustainable farming practices.

Geostatistical methods like kriging and IDW were used to
model concentrations of Pb, Cd, and Zn in soils across various
regions. Spatial analysis revealed that in industrial areas, Pb
concentrations reached 140-180 mg/kg, exceeding the EU
standard of 100 mg/kg. In agricultural regions, Cd levels reached
1.2-2.5 mg/kg (with a permissible limit of 1.0 mg/kg), especially
in areas with intensive mineral fertilizer use. The highest Zn
levels (300-450 mg/kg) were recorded near metallurgical plants,
surpassing the regulatory level of 300 mg/kg.

Kriging models enabled the creation of detailed pollution
maps that correlated with the intensity of agricultural production
and industrial impacts. IDW confirmed the trend of higher
pollution levels in areas with low natural soil self-cleaning
rates. Spatial autocorrelation of Pb contamination (Moran’s
[=0.71, p<0.01) indicated the formation of stable clusters in
clay soils with low permeability, which favor the accumulation
of heavy metals. An important aspect was also the use of
regression models to analyze the impact of agronomic practices
on soil quality and crop productivity. It was established that
increased nitrogen (N) content in soils correlated with corn
yield (R*=0.82), allowing the determination of optimal fertilizer
application rates for different soil types.

Modern
traditional methods, enabling the acquisition of satellite

remote sensing technologies supplemented
imagery that reflects vegetation health, soil moisture, and other
factors influencing agricultural productivity (FAN et alii, 2025;
BADRUZZAMAN et alii, 2025). The use of GEE and QGIS for
satellite data analysis allowed identifying areas with reduced
chlorophyll levels in vegetation, indicating potential nutrient
deficiencies or contamination. By combining geostatistical
methods with GIS, interactive soil quality maps were created,
helping agronomists assess the impact of anthropogenic factors
and predict changes in land productivity. This approach enhances
agricultural production efficiency, promotes rational fertilizer
use, and reduces the environmental burden on soil resources.
Ultimately, the successful implementation of these methods can
significantly improve agricultural product quality and ensure

sustainable development in the agricultural sector. In addition,
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MACHIREDDY (2025) applies geospatial techniques to estimate
soil moisture levels in Andhra Pradesh, utilising NDVI and
LST data to enhance water resource management. This study is
particularly relevant for regions facing water scarcity, as accurate
soil moisture data is critical for effective agricultural planning.

Water quality monitoring is a crucial element of water
resource management, as pollution can have serious ecological
and socio-economic consequences. Geostatistical methods allow
for the detection of spatial patterns of pollution, forecasting
changes, and assessing the impact of anthropogenic factors such
as agricultural runoff and industrial emissions (LU et alii, 2024).

The analysis showed that the average annual nitrate (NO )
concentrations in rivers near agricultural zones ranged from 40-
65 mg/L, which exceeds the maximum allowable concentration
(MAC-50 mg/L). Ammonium (NH) content ranged from 1.8-
3.2 mg/L, with a norm of 1.5 mg/L, indicating the impact of
fertilisers and livestock. In industrial regions, concentrations of
heavy metals in water exceeded environmentally safe levels: lead
(Pb) - 0.09-0.15 mg/L (MAC 0.05 mg/L), cadmium (Cd) - 0.008-
0.012 mg/L (MAC 0.005 mg/L), and mercury (Hg) - 0.002-0.005
mg/L (MAC 0.001 mg/L).

Spatial autocorrelation (Moran’s 1=0.64, p<0.01) confirmed
stable sources of pollution, particularly in areas of intensive
agriculture and industrial production. Variographic analysis
determined the pollution impact radii: 10-18 km for diffuse
agricultural runoff and 5-10 km for point sources (industrial
enterprises, wastewater treatment plants).

The use of GIS and satellite monitoring (GEE) allowed
for the integration of field measurement data and the creation
of pollution maps that reflect its spatiotemporal dynamics.
The use of regression models confirmed the influence of
meteorological factors: intensive rainfall promoted the
leaching of nitrates into river systems (R'=0.78), indicating
the need to control fertilisers in areas of active agriculture.
The obtained results confirm the effectiveness of combining
geostatistical methods, GIS analysis, and satellite monitoring
to assess and predict water resource pollution. The integration
of these approaches allows for the timely identification of
ecological risks and the development of targeted measures to
reduce the negative impact on aquatic ecosystems.

Advancements in  geostatistical methods for
environmental data analysis: Integration with GIS,
machine learning, and remote sensing

The results of the study, aimed at analysing modern methods,
tools, and platforms for geostatistical analysis of spatial data
distribution, confirmed the significance of geostatistics as a tool
for assessing complex ecological processes. A comparison of the
obtained conclusions with the results of previous studies revealed
common features and discrepancies, indicating the potential for
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improving methods and expanding their application.

In the work of WEBSTER & OLIVER (2007), the basic
approaches to geostatistics for ecological research, particularly
kriging and variogram analysis, are described in detail. The
conclusions obtained in this study confirm the effectiveness
of kriging as a method that ensures high modelling accuracy
but emphasise that its application requires consideration
of local ecological conditions and the scale of the analysis.
Similarly, in the study by RENARD et alii (2005), the importance
of integrating geostatistical methods with modern data is
highlighted, which aligns with the results of this study, where
the integration of satellite imagery, field measurements, and
GIS data is emphasised. In the work by HENSHAW e alii (2004),
the importance of using spatial autocorrelation for pollution
assessment is stressed, which is consistent with the results
obtained here, demonstrating that Moran’s I index is one of the
key tools for identifying spatial patterns.

Researchers JouN et alii (2021) focus on the use of
multivariate statistical approaches for mapping soil properties.
The results obtained confirm that combining geostatistics with
multivariate analysis allows for the creation of more accurate
models of the spatial distribution of ecological parameters.
The study emphasised the need to account for spatial patterns
to improve the accuracy of predictions and the effectiveness of
management decisions. For example, identifying zones with high
pollutant concentrations or low soil fertility can form the basis
for developing ecological programmes and rational resource use.
Despite significant achievements, the results remain theoretical
and require further empirical verification. In particular, the
integration of methods with machine learning technologies, as
mentioned in the works of HENSHAW et alii (2004) and JOHN et
alii (2021), is a promising direction for further research.

In the study by Cao et alii (2022), the scaling of geostatistical
models for extremely large computations in the field of ecology was
considered. The analysis in this study showed that modern tools,
such as high-performance computational platforms, contribute
to faster data processing and increased spatial modelling detail.
The results confirm that the implementation of such approaches
in practice allows for more effective work with large volumes of
ecological data. In order to improve environmental management
and air pollution control, ZAREBA & DANEK (2025) presented an
innovative methodology that combines Explainable Artificial
Intelligence (XAI) with geostatistics. This method offers a
clear and understandable framework for deciphering intricate
environmental data, giving decision-makers a better grasp of the
fundamental trends in air pollution. The methodology enhances
air quality forecasting accuracy and more precisely detects
pollution hotspots by fusing the predictive power of artificial
intelligence with the spatial analysis capabilities of geostatistics.
The incorporation of XAl guarantees that the decision-making
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process is both data-driven and understandable, providing
stakeholders with more convincing arguments for policy changes.

In the book by Mateu & GiraLDO (2021), the application
of geostatistical approaches for functional data is discussed.
The results obtained align with these studies, confirming that
functional analysis can be useful for assessing dynamic changes
in ecological parameters over time and space. This may open
new opportunities for pollution monitoring, climate change
analysis, and biodiversity modelling. The work of JIN et alii
(2021) emphasises the importance of using geostatistical methods
combined with receptor models to identify sources of toxic
elements in soils. The study found that methods such as kriging
and variogram analysis are effective for identifying pollution
sources, which is consistent with the conclusions drawn.

The use of GIS and remote sensing for assessing the spatial
variability of soils is discussed in the work of SINGH & SARMA
(2023). The results obtained in this study confirm that integrating
satellite remote sensing data with geostatistical methods
significantly improves the effectiveness of assessing spatial soil
characteristics and optimising their use. The study by AL SALEH
et alii (2022) focuses on the application of geostatistics to assess
groundwater quality in urban environments. The results confirm
that methods such as kriging and IDW interpolation are effective
for identifying zones with high water pollution levels.

AHMED et alii (2023) provided a comprehensive review
of spaceborne sensors and their ability to track land surface
temperature trends. The authors highlighted satellite data’s
enormous potential to enhance environmental monitoring while
also recognising its difficulties and limits, especially with regard
to the precision of thermal measurements and spatial resolution.
They discussed how improvements in sensor technology and
data processing methods can result in quicker and more precise
measurements of land surface temperatures, which are crucial for
comprehending and resolving problems with urban heat islands,
land degradation, and climate change. Their analysis emphasised
how spaceborne sensors are increasingly being used to provide
long-term, large-scale environmental data that can help with land
management and environmental policy decision-making.

The effectiveness of combining classical geostatistical
methods with machine learning algorithms for predicting the
distribution of isotopes in precipitation was demonstrated by
ERDELYI ef alii (2023). This study also established that integrating
machine learning with traditional approaches, such as kriging,
enhances analysis accuracy, particularly in cases with complex
and heterogeneous data. In the work of Cao et alii (2024),
integrated land-use regression and GIS were used to model the
spatial distribution of chromium in agricultural soils. The results
of this study confirm that such approaches are effective for
assessing spatial risks and planning measures to reduce pollution.
WanI et alii (2024) focused on geostatistical modelling by soil
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properties to ensure the long-term ecological sustainability of
agroecosystems. Similarly, this study established that using
geostatistical models to assess soil spatial variability helps
optimise agricultural practices and enhance productivity.

Parvizi & FateHr’s (2025) study focused on geospatial digital
mapping of soil organic carbon using machine learning and
geostatistical analysis methods across different land use types. In
this regard, the study had similarities with the presented work,
as both applied geostatistical methods to analyse the spatial
distribution of soil characteristics. However, the scientists’
approach placed particular emphasis on integrating geostatistics
with machine learning, which differed from the methodology
used in this work. The research by KHaxl1 et alii (2025) employed
geostatistical analysis models to assess the spatial distribution
of parasitic diseases in sub-Saharan Africa, which affirmed the
universality of geostatistical methods across various scientific
fields. Although the focus was on biomedical applications, the
approach to spatial modelling shared commonalities with the
study presented here, which concentrated on ecological aspects.
The study by BeEmBAMBA & SaAko (2025), which analysed
the geochemical characteristics of potentially toxic elements
in soils across various land use models using multivariate
geostatistical techniques, also demonstrated a similarity in the
use of geostatistical methods for assessing soil contamination.
However, unlike the current study, the main focus of the
research by BEMBAMBA & SAKO was on the characteristics of
toxic elements, while the presented work investigated broader
ecological characteristics of soil, water, and air. Thus, the
research confirmed the effectiveness of geostatistics as a
universal tool for spatial data analysis and highlighted the
importance of adapting existing methods to contemporary
challenges, offering new opportunities for practical applications
in ecology and natural resource management.

CONCLUSIONS

The study provides a comprehensive analysis of the methods,
indicators, concepts, model types, tools, services, and platforms
used for geostatistical analysis of the spatial distribution of
environmental data. The primary focus was on methods that
form the basis for modern spatial analysis, including kriging,
semivariograms, variogram analysis, Voronoi polygon methods,
IDW interpolation, as well as regression models, including linear,
multiple, and GWR. Logistic regression and decision trees were
examined for classification tasks, demonstrating their effectiveness
in modelling complex spatial systems.

The research highlights key indicators that form the foundation
of geostatistical analysis, including mean value, variance, spatial
autocorrelation index, and LISA. It was determined that these
indicators allow for the assessment of the degree of spatial
dependency between objects and help understand the distribution
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patterns of ecological parameters. The study also delves into the
concepts of spatial relationships, anisotropy, spatial autocorrelation,
the influence of scale of analysis, and geographical specificity,
which are critical for developing accurate and adaptive models.

Tools and platforms play a crucial role in geostatistical
analysis. The study reviews software such as QGIS, ArcGIS with
the geostatistical analysis module, MATLAB, GeoDa, Surfer,
as well as programming languages like R (with libraries such as
sp, sf, gstat, geoR) and Python (GEOPANDAS, PYSAL, RASTERIO,
SHAPELY). These tools enable a wide range of tasks, from spatial
data analysis to the creation of interactive models and visualisations
of results. Additionally, services and platforms like ArcGIS Online,
GEE, Amazon Location Service, QGIS Cloud, and MAPBOX were
analysed for their ability to integrate data, process satellite imagery,
and create highly detailed maps.

The evaluation of the effectiveness of the applied geostatistical
methods demonstrated high accuracy in predicting spatial patterns.
The kriging method yielded the lowest root mean square error
(RMSE=2.5-4.2), while the IDW method was less accurate
(RMSE=5.8-7.1). Logistic regression achieved classification
accuracy for polluted areas at 84%, and decision trees at 79%.
GIS tools greatly facilitated data integration and the automation of
the analysis, confirming their suitability for spatial environmental
studies. Thus, the combination of geostatistical methods with GIS
allows for a comprehensive assessment of pollution, improving the
quality of monitoring and forecasting.

The results of the study confirmed that modern geostatistical
methods and tools are powerful means for analysing complex spatial
patterns. The use of combinations of different methods and models
ensures high accuracy in predictions, depending on the complexity
of ecological conditions. Furthermore, the integration of methods
with modern platforms enhances the efficiency of analysis, ease of
data processing, and decision-making.

Among the limitations of the study is its theoretical nature,
which requires additional empirical validation of the results
in real-world conditions, as well as the need to improve the
integration of geostatistical methods with new technologies,
particularly machine learning algorithms, and to expand the
capabilities of big data processing. Prospective directions for
future research include adapting methods to specific analytical
conditions, developing algorithms that account for local
ecological system features, expanding the use of multi-source
data, and creating new approaches to integrating spatial analysis
with ecological forecasting. The findings from this study may
serve as a basis for the development of applied solutions in the
areas of environmental monitoring, natural resource management,
and sustainable development strategies.

Geostatistical methods, including kriging, semivariograms,
and variogram analysis, provide accurate assessments of
the spatial distribution of pollutants in air, water, and soil.
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The creation of detailed maps allows for the identification of
ecological risk zones, the determination of pollution sources,
and their impact on the environment. This can be useful for
locating pollution in industrial areas, assessing the impact
of transport infrastructure, or monitoring the aftermath of
natural disasters such as floods or hazardous chemical spills.
Spatial autocorrelation analysis helps establish patterns in
the distribution of pollutants and the relationship between
ecological processes and anthropogenic factors.

Maps created using geostatistical methods enable more
effective planning for the use of land, water, and mineral resources.
For example, evaluating soil fertility helps identify optimal areas
for agricultural use, reducing the need for fertiliser applications and
minimising their negative environmental impact. Water resource
assessments contribute to identifying risk zones for drinking water
supplies, planning restoration measures for aquatic ecosystems, and
developing strategies to protect water basins from contamination.

The application of geostatistical analysis allows for the
integration of ecological data into urban infrastructure planning.
For instance, assessing air pollution levels can be used to
create “green zones” in cities, develop optimal public transport
routes, and reduce harmful emissions. Spatial analysis helps
identify areas with high population density that are subject to
significant ecological stress and develop measures to improve
the quality of life for residents.

Geostatistical methods can be used to manage agricultural
land by analysing soil spatial variability and planning precision
agriculture. Fertility maps created using kriging or other
interpolation methods allow for optimised fertiliser and irrigation
application, not only increasing crop yield but also minimising
environmental impact. The use of satellite imagery combined with
geostatistics enables real-time monitoring of crop conditions and
early detection of issues such as water or nutrient deficiencies.

The integration of geostatistical methods with modern
forecasting algorithms allows for modelling future changes in
ecological indicators. This is particularly important for predicting
the spread of pollution, assessing land degradation risks, forecasting
water quality changes, or planning measures for adaptation
to climate change. Such models can be used by governments,
environmental organisations, and businesses for long-term
planning and minimising negative impacts on ecosystems.

The results of this study may serve as a foundation for further
scientific work in the fields of ecology, geography, and natural
sciences. The generalised methods and approaches can be adapted
to analyse various ecological processes, such as biodiversity
studies, climate change monitoring, and modelling the impact
of anthropogenic factors on ecosystems. Therefore, the findings
have a wide range of practical potential and can be used to
support decision-making in various sectors, promoting sustainable
development and environmental protection.
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