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Abstract

Soil is a critical component of terrestrial ecosystems and is increasingly exposed to a wide range of pollutants, particularly heavy metals and
potentially toxic elements (PTEs), which are intensified by rapid industrialisation, urbanisation and agricultural intensification. Heavy metal
pollution is a significant concern in many regions worldwide that requires systematic and regular monitoring of soils to track contamination
levels and prevent associated health risks. Traditional soil pollution monitoring methods, while accurate at localised scales, are limited in
their ability to capture the spatial complexity and heterogeneity of heavy metal distribution. Thus, recent advances in geostatistical and
modelling approaches have enhanced the accuracy, efficiency and scalability of soil pollution assessment. Geostatistical methods such as
kriging, cokriging and empirical Bayesian kriging are known for their ability to generate high-resolution spatial maps and quantify uncertainty
in unsampled areas. The integration of geostatistics with remote sensing, machine learning and proximal sensing technologies has
significantly improved predictive performance and enabled large-scale monitoring. Advanced hybrid models, such as random forest-ordinary
kriging (RF-OK) combinations, artificial neural networks (ANN) and empirical Bayesian kriging regression prediction (EBKRP), have
demonstrated superior performance in spatial interpolation, with consistent improvements of 20-40 % in accuracy metrics compared to
traditional methods. Despite notable advancements, challenges remain regarding computational complexity, data scarcity, implementation
in developing regions and the integration of uncertainty quantification. This review synthesises state-of-the-art geostatistical advancements,
hybrid modelling approaches and emerging technologies to provide a comprehensive framework for soil pollution monitoring and risk
assessment, aligning with global sustainability and environmental protection goals.
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Introduction critical spatial variability necessary for regional risk management
(5, 6). Consequently, reliance on point-based measurements alone
often leads to an incomplete representation of contamination
patterns and uncertainty in exposure and risk assessment (7).

Rapid industrialisation and urbanisation have significantly
increased the number of contaminated sites worldwide, polluting
over 20 million hectares of soil with toxic heavy metals (1). The
most prevalent elements include zinc (Zn), copper (Cu), chromium To overcome these limitations, recent research has
(Cr), lead (Pb), nickel (Ni) and cadmium (Cd). These non- increasingly adopted spatially explicit assessment frameworks,
biodegradable contaminants persist in the environment, enabling contamination mapping at regional and global scales.
accumulate in food chains and cause a wide range of diseasesand ~ CuTent research has expanded towards large-scale regional
health complications (2). Consequently, this bioaccumulation assessments, with investigations across the Middle East (8), Asia
hinders the progress toward several United Nations sustainable ~ (9) and Europe (10), employing diverse methods including
development goals (SDGs), such as clean water and sanitation proximal sensing, remote sensing, machine learning algorithms

(SDG 6), good health and well-being (SDG 3) and sustainable land and geostatistical interpolations (11, 12). These approaches
use and ecosystem protection (SDG 15) (3, 4). facilitate the identification of pollution hotspots, estimation of

contaminant migration patterns and evaluation of the

Therefore, effective monitoring and management of soil effectiveness of remediation techniques (13).

contamination are critical. While conventional analytical )
techniques such as atomic absorption spectroscopy provide high . In the past two decades, there has l?een a shift fro.m
localised precision and accuracy, they often fail to capture the exclusively laboratory-based assessments to integrated spatial
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assessment frameworks (14). Geostatistical approaches such as
kriging and variogram analysis remain foundational for mapping
spatial variability of contaminants, but their integration with
machine learning (ML) (15), receptor models, fuzzy logic and
geographic information system (GIS) (16) has led to more
accurate, source-specific and actionable risk assessments (17).
Hybrid models routinely combine geostatistics with ML (e.g.,
random forest, support vector machines), receptor models [e.g,
positive matrix factorisation (PMF), absolute principal component
scores-multiple linear regression (APCS-MLR)] and probabilistic
simulations (e.g., Monte Carlo) to improve spatial prediction (18),
source apportionment (19) and risk quantification for heavy
metals, PAHs and other pollutants in diverse environments, from
agricultural soils to urban and mining-impacted areas (20). These
advancements enable not only more precise mapping of
contamination but also the identification of pollution sources and
quantification of their contributions to ecological and human
health risks (21). These hybrid approaches enable the processing
of large, multidimensional datasets and facilitate muiltiscale
contamination analysis (22). The integration of geostatistics with
GIS, as well as the use of hybrid evaluation models, further
enhances the ability to delineate risk zones and inform targeted
remediation strategies (23, 24).

Despite the extensive application of geostatistical and
hybrid models for heavy metals, current reviews rarely critically
compare the gains of hybrid models across contexts, integrate
uncertainty into decision frameworks and extend these tools to co
-occurring non-metal contaminants such as polycyclic aromatic
hydrocarbons (PAHs), pesticides, per- and polyfluoroalkyl
substances (PFAs), pharmaceuticals and other emerging
contaminants. The existing literature predominantly focuses on
either traditional sampling or laboratory techniques (25) or
isolated applications of geostatistical methods (26), with fewer
studies providing a holistic view of how these approaches can be
combined to enhance pollution monitoring accuracy (27).
Addressing these gaps, this review provides a critical and
integrative synthesis of recent advances in geostatistical and
hybrid modelling approaches for soil pollution monitoring and risk
assessment. By evaluating methodological evolution,
comparative performance, uncertainty handling and practical
applicability, this review aims to guide researchers, policymakers
and practitioners toward data-driven, scalable and decision-
relevant frameworks for sustainable soil management and
precision remediation.

Data collection and processing: Methodology
Literature search strategy

A comprehensive, systematic literature review was conducted to
examine the evolution and current state of geostatistical methods
in soil pollution monitoring. The review focused on peer-reviewed
studies published between 2000-25, with particular emphasis on
the integration of ML and hybrid modelling approaches. Multiple
scientific databases were systematically searched, including
Scopus, Web of Science and Google Scholar, using structured
keyword combinations. The main search term used was:
(“geostatistics” OR “geostatistical methods”) AND (“soil pollution”
OR “heavy metal contamination”) AND (“potentially toxic
elements”) AND (“machine learning” OR “empirical Bayesian
kriging” OR “inverse distance weighting”) AND (“kriging” OR
“empirical Bayesian kriging” OR “inverse distance weighting”)
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AND (“artificial intelligence”) The following second search string
was used: (“plant uptake” OR “phytoaccumulation” OR “crop
production” OR “precision agriculture”) AND (“contaminated soil”
OR “risk mapping” OR “site-specific management” OR “soil
remediation”). Reference lists from relevant review papers and
from articles that were cited several times were also scanned to
identify further eligible studies.

Study selection and eligibility criteria

Studies were selected if they: (i) included in geostatistical research,
spatial interpolation studies or hybrid geostatistical-ML studies for
soil pollution assessment; (ii) included studies to assess the spatial
distribution of heavy metals, potentially toxic elements (PTEs) or
associated contaminants in soils; (i) reported model validation
metrics such as root mean square error (RMSE), mean absolute
error (MAE), R, cross validation statistics or equivalent measures
of model performance; (iv) included soils contaminated by
agricultural, industrial, urban or mining activities; and (v) included
studies on plant uptake, phytoaccumulation, precision
agriculture, risk mapping, crop management or remediation
applications, if present.

The following studies were excluded: (i) those without an
analysis of a spatial component; (i) those which were only
laboratory based studies but did not include mapping
applications at the field scale; (iii) those that were conference
abstracts, editorials, notes or non-peer-reviewed publications; (iv)
those focusing solely on water, sediment or atmospheric pollution
and did not directly address soil contamination; and (v) those that
did not include enough methodology information to be evaluated.

PRISMA screening process

The database search initially identified 642 records. Duplicate
records (n = 148) and preliminary exclusions (n = 24) resulted in
470 records being retained for title and abstract screening. Of
these, 318 records were excluded because they did not directly
relate to geostatistical soil pollution assessment. The remaining
152 articles were reviewed for full text. After thorough
assessment, 66 studies were rejected for being too poorly
described, lacking spatial analysis or otherwise being
inconsequential to the goals of the review. Finally, 102 studies
were chosen for detailed synthesis and critical evaluation. The
complete study selection procedure is presented in the
preferred reporting items for systematic reviews and meta-
analyses (PRISMA) flow diagram (Fig. 1) (28).

Bibliometric and thematic analysis

To understand research trends, knowledge networks and
methodological developments a bibliometric analysis was
performed using VOSviewer (Fig. 2), which revealed four key
research clusters: (i) methodological innovations focusing on
geostatistical techniques and spatial variability; environmental
applications; (i) environmental applications emphasising heavy
metal contamination and monitoring; (i) health and risk
assessment connecting contamination to human health
implications; and (iv) technological integration highlighting
convergence of traditional methods with modem analytical
approaches. Due to significant variation in study objectives,
datasets and modelling techniques, no formal meta-analysis was
carried out.
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Fig. 1. PRISMA flowchart of the systematic literature search and study selection process for soil pollution assessment.
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monitoring.
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Sources of heavy metal contamination in soil

Heavy metals are hazardous substances characterised by high
density (=5 g cm?®) and atomic weight, with some being
carcinogenic. These include both essential (e.g., copper (Cu), Zn,
iron (Fe), manganese (Mn), cobalt (Co) and molybdenum (Mo))
and non-essential elements (e.g., Cd, Pb, mercury (Hg) and arsenic
(As)). The essential metals have significant physiological roles in
plants, animals and humans but are toxic when their
concentrations exceed biological requirements. In contrast, non-
essential heavy metals have no known biological function and can
exert toxic effects even at relatively low concentrations owing to
their tendency to accumulate in living organisms and disrupt
cellular metabolism. In addition, the term “heavy metals” is
increasingly complemented by PTEs in modern environmental
science to more accurately reflect the impact and chemical
diversity of these soil pollutants, including metalloids such as
arsenic (As), which pose significant toxicity despite not being true
metals (29). Their occurrence in soil systems and the environment
is attributed to both natural processes and anthropogenic
activities (Fig. 3) (30).

Natural sources

Geogenic (natural) sources arise from parent rock weathering,
volcanic emissions, atmospheric deposition and groundwater-soil
interactions. These processes establish the regional base levels of
concentration in soil, which vary depending on the geological and
climatic conditions (31, 32). The geogenic metal concentrations
serve as a critical baseline for evaluating anthropogenic
contamination, even if they are present below the threshold of
ecological concern (15).

Anthropogenic activities

Beyond natural processes, heavy metal concentrations in
agricultural and urban soils are elevated by human activities,
especially in industrial and urban regions. The anthropogenic
sources are diverse in nature and origin, including urban and
industrial activities, mining operations and agricultural practices
(33,34).

4

Urban and industrial sources: Rapid urbanisation in metropolitan
areas has altered the physical and chemical properties of soil,
negatively influencing infiltration, organic matter content and
contaminant pathways. Owing to population growth, industrial
expansion and increasing transportation, urban centres have
become hotspots for ecological risks at different scales. Heavy
metals are introduced into urban soils via multiple sources, such as
vehicle emissions, industrial effluents, municipal waste, improper
waste disposal and excessive use of agrochemicals (35). Urban soils
adjacent to major traffic routes often have two to five times higher
levels of Cu, Zn and Pb than the less-trafficked adjacent areas due to
brake and tyre wear, fuel combustion and road dust suspension.
Besides heavy metals, urban runoff has been found to have heavy
loads of emerging contaminants such as persistent organic
pollutants (POPs), PAHs, personal care products, pharmaceuticals,
hydrocarbons and human-origin microorganisms (36).

Industrialisation is a primary driver of heavy metal
contamination in the environment. Industrial and various
manufacturing  activities, including electroplating, tanning,
petrochemicals, dyes, pigments, textiles and ceramics, release
pollutants into the atmosphere, water and soil, which accumulate
over time (8). In addition, untreated industrial wastewater
introduces heavy metals into the soil when used for irrigation (37).
The crops irrigated with this wastewater have recorded the
bioaccumulation of potentially toxic concentrations of metals like
Cu, Fe, Zn and Pb. Besides metals, emerging contaminants are
deposited into the environment by industrial activities, emissions,
effluent and wastewater disposal (38).

Mining operations: Mining and ore processing activities significantly
contribute to soil pollution by releasing heavy metals such as As, Cd,
Cr, Pb, Hg, Zn, Cu and Ni (39). These operations cause the release
and deposition of heavy metals in adjacent soils, which remain in
the soil even after the closure of the mine area (40, 41).
Investigations conducted in mining areas worldwide have
quantified high levels of Hg, Mn, Cd, Cr, As and Pb in arable and non-
arable lands. Moreover, agricultural soils around mines are
contaminated with heavy metal(loid)s, which adversely affect

Natural sources

Erosion & leaching

Sources of
soil
contamination

Anthropogenic sources

\ \ 2 . f

Mining activities

Intensive agriculture

Fig. 3. Natural and anthropogenic sources of heavy metal contamination in soils.
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ecosystems and human health (42).

Agricultural sources: Agricultural activities are another major source
of heavy metal contamination in soils. The extensive use of fertilisers
and chemical pesticides introduce heavy metals into the soil
Although phosphatic fertilisers are vital for crop production, they can
introduce Cd and other PTEs into agricultural soils (43). The use of
sewage sludge as a soil amendment, although beneficial for organic
matter, carries the risk of introducing heavy metals into soils and crops.
Many pesticides, such as copper-based fungicides (Bordeaux mixture,
copper oxychloride, etc.) and arsenical pesticides (historically used in
orchards and cotton cultivation), contain metal-based active
ingredients that persist in the soil and generate toxic residual
substances (44). These compounds are increasingly being considered
emerging contaminants because of their high toxicity,
bioaccumulation and biomagnification in soil (45).

Geostatistical principles and interpolation methods
Theoretical basis: Regionalised variables and stationarity

Geostatistics is based on the theory of regionalised variables, which
emphasises that the value of a spatial variable is influenced by its
location and its neighbouring values. By exploring spatial
correlation to produce minimum variance and using regional
variables as a foundation, geostatistics has proven to be one of the
most effective tools for assessing the spatial pattern and variation of
soil characteristics (Table 1) (26). Geostatistics emerged in the mid-
20% century and was initially developed to address challenges in
predicting ore grades during mining. This field originated from
Danie G. Krige’s pioneering work on spatial correlation techniques,
which laid the foundation for modern geostatistics. Over time,
geostatistics evolved beyond mining applications, finding relevance
in petroleum geology, environmental science, contamination
studies and public health (46).

A regionalised variable, denoted as z(x), is a spatially
dependent random variable that assumes different values of z at
each spatial location x, varying continuously across a geographic
domain. The ability to model and quantify spatial dependence is
fundamental to effective pollution monitoring, as it enables more
accurate predictions of contamination levels across unmonitored
areas (26).

Spatial autocorrelation and the first law of geography

Spatial autocorrelation refers to the degree to which geographically
proximate areas exhibit similar characteristics. It represents the
inherent spatial dependence of environmental variables and
violates the classical assumption of independence among

variables. This concept is formalised by Tobler's First Law of
Geography, which states that “everything is related to everything
else, but near things are more related than distant things” (47).
Spatial autocorrelation is a ubiquitous phenomenon in
environmental systems and can be observed at various spatial
scales, from microscale soil heterogeneity to regional gradients. In
geostatistical analysis, it is vital to factor in spatial autocorrelation to
ensure accurate prediction and interpolation. It serves as the
theoretical basis for interpolation methods such as kriging and
deterministic methods, in which the predictions conform to the
spatial structure of the observed data (48, 49).

Semivariogram theory and structure analysis

The semivariogram is a foundational tool for quantifying spatial
dependence and the computation of semivariance is the first step
in geostatistical analysis. It quantifies spatial variability by
computing the average squared difference between sample pairs
as the distance between them increases. Mathematically, the
semivariance is described as the mean square variability between
two neighbouring points of distance h and expressed as (50-52):

) 1 n(h)
y(h) = () 25:1 [z(x;) —z(x; + D)]? (Egn. 1)

Here, h is the separation distance (lag) between two
sample points, n(h) is the number of pairs of differences at
distance h and z(x) and z(x; + h) are observed values at
corresponding locations.

Semivariogram modelling involves fitting a theoretical
model to experimental data, commonly spherical, exponential,
Gaussian or linear models. The objective was to select the best-
fitting model to make reliable predictions (53). The standard
variogram model is characterised by three basic parameters: (i)
range (a), (i) nugget (Co) and (iii) sill (Co + C) (Fig. 4). The range of
impact determines the distance beyond which spatial correlation
becomes negligible. The nugget specifies the internal credibility of
data, comprising measurement errors and microscale variation.
The sill is the value of the variances of all measurements,
indicating the total semivariance (54). The degree of spatial
independence is determined by the ratio of nugget to sill, which
indicates the relative contribution of the random soil variable to
the total spatial variability. A higher ratio suggests weaker spatial
dependence and vice versa, while the slope reaches zero when the
semivariogram is constant, that is, y(h) = C, indicating a pure
nugget effect and absence of spatial correlation. Knowledge of
these parameters is essential for selecting appropriate kriging

Table 1. Summary of the key differences between classical statistics and geostatistics in soil contamination mapping

Aspect Classical statistics

Geostatistics

Data assumption

Objective

Spatial information heterogeneous soil

Typical methods used
Data requirements Any (location-free)

Handling of uncertainty heterogeneous soils

Risk assessment indicating the specific location

Output

Application

Random, independent and identically distributed samples
Describes global patterns (averages and trends)

Limited capacity to capture spatial variability in

Descriptive and inferential statistics (mean, variance,
regression and hypothesis testing)

Limited capacity to capture spatial variability in

Checks if contamination exceeds safe limits, but without

Global summary statistics and generalised trends

Overall contamination evaluation and regulatory reports

Spatially correlated samples (autocorrelation)

Predict values at unsampled locations and produce site-
specific predictions

Captures spatial variability and directional patterns of
contamination
Spatial interpolation, variograms and kriging variants
Requires georeferenced (spatial) data
Maps of prediction error and uncertainty
Creates risk maps that show the probability of

contamination at specific sites

Continuous spatial distribution maps of heavy metals
with uncertainty estimates

Distribution and hotspots of contamination, remediation
planning and precision monitoring
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Fig. 4. Conceptual semivariogram showing nugget, sill and range parameters used in spatial analysis.

methods and interpreting spatial patterns of contamination (5, 53,
55).

Kriging: Principles and methodological variants

Basic kriging principles: Kriging is a geostatistical technique
developed on the theory of regionalised variables, which yields the
best linear unbiased estimators (BLUE). This method is a weighted
linear estimator that relies on mathematical models to define
spatial covariance. This technique uses a variogram-based model to
account for spatial correlation within a generalised least-squares
framework and it is a weighted linear estimator that predicts
unknown values as a linear combination of observed data (56).

The key characteristics of kriging include the following: the
estimates are computed as linear combinations of the available
data, the average of the prediction errors is zero and it minimises
the variance of errors, ensuring the most accurate linear unbiased
estimators (57). To apply kriging, an experimental variogram is
calculated from sample data and fitted to a theoretical model,
commonly linear, spherical, exponential or Gaussian. This model
captures the spatial dependency in the data, enabling kriging to
estimate unknown values and assess prediction uncertainty (42).

Variants of kriging: Kriging comprises a collection of interpolation
methods based on a stochastic approach.

Ordinary kriging: This is the most common and standard type of
kriging, in which the average value of the variable is assumed to be
non-uniform across the study area. The ordinary kriging (OK) is
expressed as a linear-weighted average of observation data in the
neighbourhood of the unsampled location being estimated (58).

Simple kriging: |n this type of kriging, the average of the data is
assumed to be known and independent of the coordinates (49).

Cokriging: As OK is a univariate interpolation method, it cannot
directly utilise auxiliary information from other variables (59). Co
-kriging compensates for this deficiency, using covariate
information between the primary and secondary variables to
obtain more accurate interpolation results. This is particularly
useful for mapping properties that are expensive to measure by
leveraging their strong spatial correlation with more readily
measured attributes. This approach incorporates auxiliary
variables to enhance estimation. This method requires the

generation of variograms and cross-variograms to model the
spatial relationships between variables (26, 50).

Universal kriging: In the case of the occurrence of a trend in data
(e.g,, soil contaminant spread influenced by proximity to
industrial sources), universal kriging (UK) is often preferred as
the best estimation method when spatial trends are present
(49).

Regression kriging: This is a hybrid approach that combines
kriging with regression analysis. This method uses an auxiliary
variable significantly correlated with the variable of interest,
enhancing the accuracy of spatial forecasting. The regression
krigihng (RK) has been reported to outperform several
conventional interpolation methods, even when the auxiliary
variables exhibit only weak correlations with the variable of
interest (52).

Indicator kriging: Indicator kriging (IK) is a non-parametric
geostatistical method is used to estimate the probability of
exceeding threshold value at a given location. Unlike traditional
methods, it does not rely on assumptions about the distribution
of data. Instead, it estimates the probability of exceeding a
specified threshold at unsampled locations, making it
particularly useful in soil pollution mapping (60).

Empirical Bayesian kriging: Empirical Bayesian kriging (EBK)
differs from classical kriging methods by accounting for the error
introduced by estimating the semivariogram model using many
semivariogram models rather than one. The EBK provides a
more robust framework for uncertainty quantification and is
increasingly preferred for contamination assessments where
model uncertainty is substantial (61, 62). The mathematical
expressions, model hypotheses and common applications of
each kriging variant are listed in Table 2.

Inverse distance weighting

Inverse distance weighting (IDW), also known as Shepard’s
method, is a widely used interpolation technique based on the
principle that points closer together are more similar than those
farther apart. It assumes that the influence of a data point on the
estimated value decreases as its distance from the target
location increases (42, 55).
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In IDW, greater weight is assigned to data points nearer
to the target location and these weights decrease as an inverse
function of distance raised to the power p. The parameter p, a
positive real number, controls the rate at which the influence of
a point diminishes with distance. Higher values of p increase the
influence of nearby points while reducing the impact of distant
ones. It is expressed as:

~ ¥R z(xi)dij P

Z(xo) = W (Egn. 2)

Here, Zis the estimate value of x,, which is the estimation point
and x; are the data points within a chosen neighbourhood. The power
parameter (p) are related to distance by dijj, which is the distance
between the estimation point and the data points (63, 64).

Inverse distance weighting depends on generating surfaces,
taking into consideration the distance relationship between the
measured values in geographically known sites. The measured values
closest to the prediction site have more effect on the predicted values
than those further away. Nevertheless, it’s important to note that the
computational process of IDW relies solely on geometric structural
feature data and does not consider the influence of environmental
factors on the spatial distribution of pollutants (65). Given the diversity
of interpolation methods available for spatial prediction, Table 3
provides a comparative overview of their fundamental principles,
advantages, disadvantages and applications in soil contamination
mapping to aid in method selection under different environmental
scenarios.

Evaluation methods for spatial interpolation accuracy

Cross-validation : A variety of techniques can be implemented to
assess the correlations between the measured and predicted data
values. For comparing the relation between predicted and
measured values, cross-validation requires removing randomly
measured data points and interpolating a value from the
remaining dataset. The MAE, mean relative error (MRE) and the
RMSE were calculated from the measured and predicted values to
evaluate the accuracy of different interpolation techniques (14).
The lower value of these indices indicates higher accuracy of
spatial interpolation (42).

MAE = > %1Z(x;) — 2" (x;)]| (Eqn. 3)

MRE = 231, |20e) - 2 (x)/2(x)|  (Ean.4)

RMSE = J%E[Z(xi) — Z*(x)]? (Eqn. 5)

where Z(x)) is the observed value at location x, Z*(x) is the
interpolated value at location x; and n is the sample size.

Uncertainty quantification: Modern methods of accuracy
assessment go beyond providing point estimates and explicitly
quantify and propagate uncertainty into environmental decision-
making. Conditional simulation, probabilistic kriging and empirical
Bayesian kriging are geostatistical methods that provide several
realisations of contaminant distributions and enable the prediction
uncertainty to be included in ecological and human health risk
assessments instead of only a single deterministic estimate (66).
Threshold exceedance probability maps are created to determine
areas that are likely to exceed regulatory limits and Monte Carlo
simulation can propagate uncertainty in the contaminant
concentration and exposure parameters to provide a probabilistic
risk estimate (67). Furthermore, adaptive sampling and value-of-
information (Vol) strategies utilise spatial uncertainty maps to
determine the optimal sampling locations, thereby minimising
monitoring expenses while enhancing the reliability of predictions.
The combination of uncertainty-aware geostatistical modelling and
risk-based decision frameworks allows for a more transparent
prioritisation of monitoring, remediation and land-use management,
which can assist in more reliable and cost-effective environmental
decision-making (68, 69).

Applications of geostatistics in soil pollution

Geostatistical methods have become essential tools for
characterising, analysing and predicting soil pollution patterns,
offering critical insights for environmental management and
remediation strategies (Fig. 5). These techniques address several key
aspects of assessing soil contamination through advanced spatial
analysis approaches (23, 70).

Spatial mapping and hotspot identification

Geostatistical interpolation provides robust frameworks for
spatially mapping contamination patterns and identifying potential
pollution sources. The OK remains widely used for interpolating

Table 3. Comparative summary of geostatistical and deterministic interpolation methods for soil contamination mapping

Method Principle

Strengths

Recommended

Limitations applications

Unbiased, quantifies
prediction variance and
strong for spatially
structured data

Handles broad directional
gradients and source-driven
trends

Improves prediction when

auxiliary variables are
informative

Uses spatial autocorrelation

Ordinary kriging and an estimated variogram

Accounts for spatial trend

Universal kriging plus local variation

Uses the primary variable
plus correlated secondary
variable

Co-kriging

Combines regression with

Regression kriging kriging of residuals

Models the probability of

Indicator kriging exceeding a threshold

Repeats the semivariogram
estimation to reflect
uncertainty

Empirical Bayesian kriging

Weights nearby points more

Inverse distance weighting strongly than distant points

Captures environmental
drivers and spatial
dependence simultaneously

Useful for compliance and  Loses information on exact
risk zoning

More robust under
uncertainty and sparse
sampling

Simple, transparent and
easy to implement

Regional soil pollution
mapping with moderate-to-
high sampling density

Assumes stationarity; may
smooth hotspots

More assumptions and
model complexity

Areas exhibiting large-scale
contamination gradients

Requires cross-variogram  Soil pollution mapping with
and well-correlated auxiliary environmental
covariates variables
Digital soil mapping and
contamination prediction
using environmental
covariates

Regulatory compliance,
probability mapping and
hotspot delineation
Sparse datasets and
uncertainty-aware
environmental assessments

Requires reliable predictor
variables and model tuning

concentration values

Computationally heavier
than standard kriging

No explicit spatial structure Preliminary mapping and
or uncertainty estimation exploratory spatial analysis
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heavy metal concentrations across unsampled locations, though its
smoothing effect may underestimate peak contamination levels
(64). More sophisticated approaches like IK overcome this limitation
by generating probability maps of threshold exceedance, proving
particularly valuable for regulatory compliance assessments (60).
Empirical studies consistently demonstrate the effectiveness of
these methods, with industrial zones typically showing 2-5 times
higher concentrations of Cu, Zn and Pb compared to adjacent areas
(71). Table 4 provides a global overview of reported heavy metal
concentrations, geostatistical methodologies and major pollution
Sources across various regions.

High-resolution mapping with sensing technologies

High-resolution mapping has been revolutionised through the
integration of geostatistics with modern sensing technologies.
Portable X-ray fluorescence (pXRF) sensing, when coupled with
regression kriging, can achieve prediction accuracy improvements of
30-40 % compared to traditional laboratory-based methods (72).
Hyperspectral remote sensing extends these capabilities to landscape
scales, with ML-enhanced geostatistical models achieving sub-meter
resolution in mining-impacted areas (15). These approaches are
particularly valuable for initial site assessments, allowing rapid
identification of contamination gradients and prioritising areas for
detailed investigation.

Source apportionment

Source apportionment represents one of the most sophisticated
applications of geostatistics in soil pollution studies. Multivariate
techniques like factor kriging analysis (FKA) can discriminate
between geogenic and anthropogenic sources with >85 % accuracy
in well-characterised sites (73). Isotopic fingerprinting combined
with spatial interpolation has proven particularly effective for lead
source identification, distinguishing between historical gasoline
emissions, industrial releases and natural background (74).
Bayesian geostatistical models provide quantitative estimates of
source contributions while accounting for measurement
uncertainty, revealing that agricultural inputs may account for 15-
32 % of heavy metal loads in intensively farmed regions (75).

Geostatistical simulation and uncertainty analysis

Geostatistical modelling can generate realistic and equiprobable 3D
images of contaminant grades, enabling the identification of
potential contamination sources and areas of uncertainty (53). The
treatment of spatial heterogeneity and uncertainty has seen
significant methodological advances. Conditional simulation
approaches like sequential Gaussian simulation generate multiple
equally probable realisations of contamination patterns, enabling
probabilistic risk assessment (69). Modern implementations
leverage high-performance computing to process millions of spatial
data points, making these methods practical for large-scale
assessments. Ensemble modelling techniques combine predictions
from multiple geostatistical algorithms, reducing overall
uncertainty by 20-30 % compared to single-model approaches (27).

Geostatistical risk mapping for site-specific crop management

Contamination of agricultural lands is a major risk factor affecting
sustainable crop production and risk mapping is an important
tool for integrating geostatistical techniques. This process is not
limited to diagnosis of contamination but encompasses a
complete workflow beginning with georeferenced sampling in the
field, through hybrid spatial modelling, to site-specific agronomic
management practices (Fig. 6). In this respect, the uptake and

phytoaccumulation of contaminants mapped using geostatistical
methods are important factors. The major pathways of
accumulation of the heavy metals and other PTEs in plant tissues
involve root uptake, foliar deposition of atmospheric fallout and
irrigation with contaminated water sources. The resulting spatial
variability of plant-available fractions of these contaminants in
agricultural soils is characteristic of the type of contamination that
geostatistical methods are well suited to describe. Concentration
maps generated from the kriging interpolation results provide
continuous estimates of bioavailable metal pools in unsampled
areas, which can be useful for input into plant uptake models. The
validity of using interpolated soil data to assess crop quality has
been demonstrated through studies of a significant positive
correlation between predicted soil Cd concentrations from OK
and the actual grain Cd concentrations in crops such as rice and
wheat. In addition, IK maps have been successfully used to
delineate areas where phytoaccumulation risk exceeds regulatory
limits to allow for targeted interventions before cultivation (76, 77).

The most direct contribution of geostatistics to plant
science lies in aiding the site-specific application of soil
amendments and nutrients on polluted farmlands. A combination
of geostatistical risk maps and variable rate technology (VRT)
systems in moderate-risk areas will enable the optimised
application of lime, subsequently lowering metal uptake by up to
40 % (78). Similarly, biochar prescriptions based on RF-kriging
residual maps have shown promise for immobilising
contaminants such as Pb within fields with varying contamination
levels. The incorporation of the metal-nutrient interaction maps
further supports the ability to tailor nutrient management
strategies to reduce the risk of metal phyto-availability increasing
because of interaction with different nutrients, such as phosphate
(79). Geostatistical outputs inform a strategic placement of
phytoremediation crops in high-risk areas, with a special focus on
hyperaccumulator species to remove contaminants from the soil.
These spatial models help identify optimal locations for deploying
hyperaccumulators like Thlaspi caerulescens, Pteris vittata or
Sedum alfredii, based on the severity and extent of contamination
(80). Geostatistical monitoring is conducted continuously over
several seasons to monitor the decrease in topsoil metal loads,
thereby documenting the remediation efforts and when a
restored area is safe for food crops. From contamination mapping
to the production of safe crops, this cycle demonstrates the utility
of geostatistical methods in sustainable agriculture by integrating
advanced spatial modelling with crop quality protection,
enhanced yield productivity and resource conservation.

Soil-to-plant transfer factors, bioavailability modelling and
validation with crop contamination data

The conversion of geostatistically predicted soil contamination
into crop-level risk depends on the soil-to-plant transfer factor
(TF), defined as the ratio of metal concentration in plant tissue to
that in the corresponding soil. Since TF differs among crop species
and cultivars and is influenced by soil characteristics, it is not
possible to reliably extrapolate dietary exposure from total soil
metal concentrations. Therefore, the use of geostatistical
approaches is increasingly combined with the use of crop-specific
transfer factors and bioavailability models to estimate the spatial
distribution of plant-available metals, instead of total metal
concentrations (34).

Bioavailability modelling further enhances prediction by
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Table 4. Global overview of heavy metal contamination in soils: pollution characteristics, geostatistical methods and health implications

Contaminant Concentration Background/threshold Geostatistical

Location Primary pollution source References

elements (mg kg ) value (mg kg ) method
Pb: up to 8000
Carsington (mean 3512); Zn: . o . . Anthropogenic (past heavy metal
Pasture, Pb, Zn,Ba,Cu upto 3100 (mean Pb: 2000’52}:’88’ Cu: 130; OK mining); geogenic (sulphide (68)
Derbyshire, UK 975); Ba: 3702- : mineralisation)
3734; Cu: 84-100
Chilmari Pb: 105-174; Cr: CEn. o e .
Upazila, Pb, Cr, Mn, Cu, 68-280; Mn: 287- CPubl%%Czrnlggélvlcr:)zs,gol(\)l,l EBK Industrial effluents, brickfields (22)
Northern Zn, Co, Ni, As 321;As: 25-33 : ’106, /-\S”ZO i and agrochemicals
Bangladesh (means) i
Douala, Cr:2.18-168.70; A~ . .
Cameroon Cr, Cd Cd0.02-34.13 Control sites: Cr: 20; Cd: 10 OK; IDW E-waste recycling (64)
Dahetan Cd: 1.04; Hg: 0.16;
subbasin, As: 41.57; Pb: Cd: 0.07; Hg: 0.07; As: Anthropogenic (industrial/
Xiangjiang ~ CHHE&ASPDCr 19655 €' 7527 13.41; Pb: 30; Cr: 68 IDW mining); Geogenic (Hg, Cr) (55)
River, China (means)
. Pb: 6.16-14.1; Cr: . .
Sheikhupura ) FAO/WHO: Cr: 30; Pb: 100; . Untreated industrial effluents
. ’ Pb, Cr, Cd 17.55-26.0; Cd: . ’ ’ Kriging AR (37
Pakistan 5.22-6.0 (means) Cd: 300 used for irrigation
Agricultural - Cu:
Isfahan Cu. Pb. Zn. Cd 35.7; Pb: 34.6; Zn: Thresholds: Cu: 30.3; Pb: Anthropogenic (mining/
Industrial Zone, Ni. Co. ¢r 111.5; Ni: 66.2; Co: 37.5; Zn: 120; Ni: 83; Co: NR industrial/pesticides); geogenic (40)
Iran s 14.7;Cd: 0.43;Cr:  17.9;Cd: 0.42;Cr: 105.8 (Ni, Co, Cr)
85.9 (means)
Zhoucun As: 8.51; Cd: 0.16; . A e
County, iﬁl’ ISQ %’l’ zsg’ Cr: 71.91; Hg: 64/?6-8|-.|99’0C(§iig.g{3$’2ir.!50- EBK Industrial emissions, traffic and (70)
Shandong “CoMn 0.07; Pb: 28.60; o gz'n-'eo % fertilisers
Province, China ’ Zn: 73.27 (means) s
As: 10.61; Cd: e A 1 o 1
Hamedan As, Cd, Cr, Co, Ni, 0.15; Cr: 76.95; Ni: Clr(')t'ﬁ?lsgscluo’zgzsr}’ GC(? OK; RBF (for Cu Geogenic (bedrocks); (44)
Province, Iran Pb,V,Zn,Cu  53.50; Pb: 10.06; " Pbi2s Cd 3 and Cd alone) anthropogenic (fertilisers)
Zn: 63.35 (means) Te
. Ag: 0.60-11.31;
Eﬂzirétr]ougtznco’ Ag, Cd, Co, Cr, Li, Cd:0-2.18;Cr:  Cd:0.8; Cr: 100; Li: 25; Ni: OK: IDW: RBF: LP Anthropogenic (metallurgical (14)
Mexi ’ Ni 0.28-11.10; Ni: 35;Ag: 4.4 ’ ’ ’ waste); geogenic (Co, Cr, Li, Ni)
exico
0.24-8.37
Cd: 0.120; Hg:
Wuhan, Yangtze 0.051; As:9.93; Background: Cd: 0.08; Hg: o .
River Delta, cgr, He. %, PN?’ Pb: 27.8; Cr: 71.71; 0.02; As: 11.05; Pb: 24.32: oK Zinc p'ztrzggécﬁgbft%f‘ebus“on (58)
China » U, 20, Zn: 70.77; Cu: Cr: 73.59; Zn: 67.99 g
27.01 (means)
pksaray Pb: 10-39; Cu: 8- Geogenic (57.49 %);
Campus Y Pb, Cu, Ni, Cr, Zn 36; Ni: 24-214; Cr: NR IDW anthropogenic (industrial, traffic (33)
Turkey 12-56; Zn: 98-220 and agricultural)
. Ni: 0-2720; Co: 0- . . .
North Nile . e . Industrial drainage; agricultural
Delta, Egypt Ni, Co, Cr, B 269@,.%[.3% 521327, NR IDW Wastoveater (63)
Northern Fe: 20406.9; Mn: . _— : .
indusial zone, U CoIn 5535 P o e OB splinei L Petiochecal and metallugical (g
Kazakhstan » <U, NI, Hg Hg: detected ’ y
Ledo Coal Cr:>100; Cd: >3;
Mining Area, Cr,Cd,Ni,Pb  Pb:>50 (exceed  FAO permissible limits OK; IK Acid mine drainage (32)
India FAO limits)
Heavy
Abteymour . contamination .- Petroleum drilling and oil
QOilfield, Iran Cr, Ni, V, Cu, Pb (values not NR Co-kriging extraction (34)
specified)
Policoro Coast, Sb, As, Cd, Hg, Not fully IDW; spline . : .-
italy Pb, Zn quantified NR interpolation Agricultural runoff; pesticide use (41)

Pb: lead; Zn: zinc; Ba: barium; Cu: copper; Cr: chromium; Mn: manganese; Co: cobalt; Ni: nickel; As: arsenic; Cd: cadmium; Hg: mercury; V:
vanadium; Ag: silver; Li: lithium; B: boron; Fe: iron; Sb: antimony; NR: not reported; OK: ordinary kriging; IK: indicator kriging; EBK: empirical
Bayesian kriging; IDW: inverse distance weighting; ML: machine learning; RBF: radial basis functions; LP: local polynomial; FAO: Food and
Agriculture Organization of the United Nations; WHO: World Health Organization.
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Fig. 5. Methodology for geostatistical spatial interpolation of soil heavy metal contamination. GIS: geographic information system; IDW:
inverse distance weighting; RBF: radial basis function; OK: ordinary kriging; UK: universal kriging; RK: regression kriging; EBK: empirical

Bayesian kriging; RMSE: root mean square error; MAE: mean absolute error; R?: coefficient of determination; NSE: Nash-Sutcliffe efficiency.
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Fig. 6. Geostatistical risk mapping for contaminated agricultural lands and its application in sustainable crop production.
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including the exchangeable fraction and other readily available
soil fractions of metal, as well as key soil properties including pH,
cation exchange capacity, organic matter content and clay content.
These variables may be used as auxiliary covariates for regression
kriging and ML-geostatistical hybrid models and produce more
realistic predictions of contaminant uptake than traditional
concentration-based interpolations (20).

Geostatistical predictions must be validated against
independently collected data on crop contamination before use in
food safety or precision agriculture. Bioavailable soil metal
concentrations should therefore be correlated and regressed
against measured metal concentrations of harvested crops. Studies
on rice and wheat have reported moderate to strong correlations
between predicted soil Cd and measured grain Cd, demonstrating
the potential of geostatistical models for identifying crop
contamination hotspots while highlighting the influence of crop
genotype and soil chemistry on transfer efficiency (76, 77).

Advanced and emerging geostatistical methods

Soil contamination assessment has seen substantial methodological
advances through the integration of ML with traditional geostatistical
approaches, yielding hybrid modelling frameworks that markedly
enhance predictive accuracy and spatial resolution. These
approaches exploit the strength of geostatistics in modelling spatial
dependence while leveraging ML algorithms to capture complex,
nonlinear interactions among soil contaminants and environmental
covariates (81). Algorithms such as random forest (RF), support vector
machine (SVM), extreme gradient boosting (XGBoost) and artificial
neural networks (ANN) have consistently demonstrated superior
performance over conventional interpolation techniques across a
wide range of soil prediction applications (26).

Each geostatistical method relies on specific assumptions
and often excludes key environmental explanatory variables that
influence the spatial prediction and distribution of PTEs in soils.
Hence, no single method has shown better performance for soil PTE
prediction and distribution studies (9); thus, combining different
techniques can neutralise their weaknesses. A combination of
different techniques, hereafter called hybrid methods, refers to
combining two conceptually different approaches to model the
spatial variation of soil properties (20, 24, 82).

Hybrid machine learning-geostatistical models

Hybrid ML-geostatistical models have shown remarkable
improvements in contamination mapping. The RF-kriging
approach exemplifies this synergy, wherein RF captures complex
feature interactions and kriging accounts for spatial autocorrelation
in model residuals (83). Studies have reported that RF-kriging
outperformed standalone methods in abandoned mine sites,
achieving 15-25 % improvements in prediction accuracy (23).
Similarly, support vector machine kriging (SVMK) has proven
effective in complex terrains by handling multivariate nonlinear
relationships. More recently, deep learning integrations, particularly
convolutional neural networks (CNNs) for spatial pattern
recognition and recurrent neural networks (RNNs) for temporal
dynamics, have expanded the capacity of geostatistical frameworks
to handle high-dimensional covariate datasets (62, 84).

The hybrid models have also improved the predictive
power of phytoaccumulation models by adding other variables,
including soil pH, soil organic matter content, CEC and heavy
metal concentrations. The models, such as random forest, have
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resulted in good prediction accuracy for estimating
concentrations of Pb and Cd in crops such as spinach and lettuce
in contaminated fields (85). They can be used to map
phytoaccumulation risk continuously on different scales, which
can lead to valuable insights that cannot be obtained by using
discrete sampling only. Furthermore, the results of a sequential
Gaussian simulation can be employed to produce probabilistic
estimates of contamination of crops, which can be incorporated
into food safety risk assessment and to support regulators in
establishing safe zones around industrial and mining sites (81).

Influence of sampling density and sampling strategy on
geostatistical performance: The predictive performance of both
conventional geostatistical and hybrid ML-geostatistical models is
strongly influenced by sampling density and sampling strategy. The
density of sampling is crucial to the successful estimation of the
semivariogram; too few observations lead to more uncertainty in
prediction and less accuracy in interpolation. Although increasing
sample density generally improves model performance, accuracy
gains diminish beyond a site-specific threshold, indicating that an
optimal rather than maximum sampling density should be achieved
within practical and economic constraints (85, 86).

Sampling strategy is also significant. Regular grid sampling
provides uniform spatial coverage, whereas stratified and risk-based
sampling designs are better suited to detect contamination gradients
and localised hotspots that are likely to be found around industrial
facilities, mining sites or waste sites. Adaptive sampling approaches, in
which an initial survey guides subsequent sampling in areas of high
uncertainty, further improve prediction accuracy while reducing
unnecessary sampling effort. Thus, variogram analysis, nested
sampling and cross-validation can be useful tools for optimising
samplingintensity and sampling spacing,

Conventional kriging models typically need less dense and
representative data sets than hybrid ML-geostatistical models, as the
ML component requires adequate amounts of training data and
environmental variables. It is therefore important to interpret the
prediction accuracy of the hybrid models in the light of the sampling
design used in the original studies.

Innovative interpolation techniques

The genetic algorithm-neural network (GANN) model
incorporates multiple environmental covariates, including soil
properties, atmospheric deposition patterns and agricultural
practices, resulting in 20-30 % error reduction compared to OK
(86). Similarly, the two-point ML method simultaneously utilises
spatial neighbour information and high-dimensional covariates
through a difference-based modelling strategy (87). These
innovative interpolation techniques have emerged to address
longstanding limitations of traditional geostatistical methods
(Table5).

Advanced geostatistical frameworks and uncertainty handling

Advanced geostatistical frameworks are increasingly overcoming
traditional limitations in spatial analysis. The variance-octree kriging
(VOK) method addresses variance non-stationarity through three-
dimensional spatial deformation, achieving a 9 % improvement in
interpolation accuracy via anisotropic-to-isotropic transformation
(88). Bayesian maximum entropy (BME) approaches have also
emerged as powerful tools for spatiotemporal modelling, enabling
reliable forecasting of contaminant distributions across both space
and time (42). These methods are particularly valuable for long-
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term monitoring and remediation planning. Uncertainty
quantification and model optimisation have become integral
components of modern geostatistical practice. Cross-validation and
hyperparameter tuning are now standard procedures, with
evidence suggesting that proper optimisation can enhance model
performance by 15-20 % (13, 89). Recent studies have further
emphasised the need to address interpolation uncertainty,
particularly smoothing effects that may obscure contamination
hotspots critical for remediation decision-making (26, 66, 69).

Data integration and spatiotemporal modelling

The integration of multi-source data is expanding the boundaries of
soil pollution assessment. The combination of proximal sensing data
with geostatistical modelling has proven particularly effective, with
RF-empirical Bayesian kriging regression prediction (EBKRP) models
achieving RMSEs 30-40 % lower by incorporating soil organic
carbon, nutrient status and topographic variables (24). Remote
sensing integration has further enabled landscape-scale
contamination mapping, with hyperspectral data providing
unprecedented spatial resolution (15). Temporal dynamics
modelling represents the next frontier in geostatistical analysis.
Dynamic Bayesian networks and space-time kriging approaches
now allow simulation of contamination evolution over time, offering
critical insights for long-term environmental management,
remediation effectiveness assessment and future contamination
forecasting (46, 90).

Emerging applications and decision-support implications

Emerging applications include the integration of geostatistics with
ML for dynamic and real-time pollution monitoring. Real-time
sensor networks combined with streaming geostatistical analysis
enable near-instantaneous detection of contamination events in
industrial areas, with adaptive sampling strategies driven by
uncertainty metrics to optimise monitoring costs while maintaining
data quality (91). These innovations are shifting soil pollution
management from reactive approaches to proactive, early-warning
systems. Practical implementations of advanced geostatistical
methods have demonstrated tangible benefits. In brownfield
redevelopment projects, geostatistically optimised sampling designs
have reduced investigation costs by 25-40 % while improving data
quality (92). Remediation programs guided by geostatistical analysis
have achieved 50-70 % greater efficiency in contaminant removal
compared to uniform treatment strategies (3, 93, 94). Consequently,
regulatory frameworks in several countries now explicitly
recommend geostatistical approaches for site characterisation,
reflecting their growing importance in evidence-based environmental
decision-making, Overall, hybrid geostatistical-ML models frequently
outperform traditional methods and often provide substantial
improvements in predictive accuracy (24, 95). These methodological
advances not only enhance scientific understanding of soil pollution
dynamics but also directly inform more effective, cost-efficient and
sustainable remediation strategjes.

Challenges and future directions
Current challenges inimplementation

Despite rapid methodological progress, several challenges
continue to limit the widespread implementation of advanced
geostatistical and hybrid modelling approaches. A primary
constraint is computational complexity and data demand, as
hybrid ML and geostatistical models often require substantial
computational resources and dense, high-quality datasets. Many
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advanced models still rely on dense, high-quality samples;
performance under sparse or biased sampling is less studied.
Many developing regions lack sufficient historical soil
contamination data to train robust ML models, limiting model
transferability. Although transfer learning, adapting models
trained in data-rich regions to data-poor environments, shows
promise, its reliability across diverse climatic, geological and land-
use conditions remains insufficiently validated (37, 96).

Despite the potential for significant data reduction, the
utility of transfer learning across regions is difficult to assess, as the
spatial relationships between environmental predictor variables
and contaminant concentrations may vary across climates, soils
and pollution sources. Differences in rainfall, temperature, parent
material, soil texture, organic matter and contaminant pathways
can substantially reduce model performance when transferred to
new environments (53, 82). Thus, transferable geostatistical
frameworks need to account for domain adaptation, local
recalibration and region-specific validation before operation.
However, transfer learning should supplement, not supersede,
site-specific sampling and field validation for accurate
environmental assessment (96).

A key gap in digital soil mapping is that ML and hybrid
models often optimise accuracy but provide limited and poorly
calibrated estimates of local uncertainty. Few frameworks jointly
map concentration, risk and uncertainty in an interpretable way
for regulators (97). Explainable Al approaches, such as SHapley
Additive exPlanations (SHAP) are increasingly recognised as
essential tools for addressing this limitation by quantifying the
contribution of individual environmental variables to spatial
predictions. However, systematic integration of XAl into
geostatistical workflows remains limited. Many studies are limited
to concentration mapping; fewer integrate full ecological/human
health risk assessments, linking them quantitatively to sources
(source-oriented risk) (98, 99). Besides, current research is
dominated by heavy metals, while organic and emerging
pollutants such as POPs, PAHs, microplastics and other emerging
contaminants are underrepresented.

Emerging solutions and future research directions

Emerging technological and methodological innovations are
steadily addressing the abovementioned challenges. Further
exploration of geostatistics-ML hybrids (e.g., RF-kriging, RF-
EBKRP, RF-OK) should be carried out for different contaminants
and sampling densities, including formal guidelines on when
hybrids outperform single models (23, 24, 83). ML-assisted source
attribution, combined with isotopic analysis and elemental
fingerprinting, is enabling more precise differentiation between
anthropogenic and geogenic metal sources, supporting targeted
remediation that preserves natural background levels. Ensemble
and stacking models with embedded feature selection and
interpretability should be developed to tailor high-dimensional
soil data. Model transferability should be investigated across
regions, years and pollution types, including transfer learning
strategies and domain adaptation. Integrative frameworks that
couple spatial prediction, receptor/source models and ecological
and health risks in a single workflow should be extended to
include explicit source-oriented risk mapping. Such frameworks
should be applied beyond heavy metals to organic pollutants and
mixed contaminant systems.
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Sampling designs should be optimised for hybrid models
(how many, where and when to sample) under budget
constraints. Adaptive sampling algorithms can identify optimal
sampling locations that maximise information gain while
balancing cost and logjstical constraints (100). Early studies indicate
that such approaches can reduce sampling costs by 30-40 % while
improving predictive accuracy by 15-25 % (101, 102). The focus
should be on developing strategies that safely combine coarse
open data with targeted field sampling, given high
misclassification when open data are used alone. These directions
collectively aim at robust, transferable, interpretable hybrid
systems that fuse diverse data sources and deliver actionable,
uncertainty-aware risk maps for management and policy.

Conclusion

Soil contamination, particularly from heavy metals and PTEs,
remains a critical and multifaceted environmental issue with severe
implications for human health, ecological integrity and sustainable
development. This review demonstrates that the integration of
geostatistical methods with ML and sensing technologies has
fundamentally transformed soil pollution monitoring. Hybrid
frameworks consistently achieved significant improvements in
prediction accuracy, reduced uncertainty and enabled high-
resolution hotspot identification. Geostatistically ~optimised
sampling and remediation strategies can lower investigation and
cleanup costs by 25-40 % while enhancing environmental
protection outcomes. Integrating geostatistics with advanced
computational and sensing technologies represents a paradigm
shift in soil pollution monitoring and risk assessment.

Future endeavour should lie in embracing interdisciplinary,
data-rich and computationally empowered frameworks that bridge
the gap between scientific knowledge and practical environmental
stewardship. The following key topics are identified for future
research: (i) development of standardised benchmark datasets and
shared validation protocols for fair cross-study comparison, (i)
extension of the hybrid spatial models to other contaminants, such
as PAHs, microplastics and pharmaceuticals, (jii) integration of
explainable Al tools (such as SHAP) to enhance interpretability for
regulators and practitioners, (iv) design of adaptive, uncertainty-
guided sampling campaigns instead of uniform grid protocols, (v)
development of transferable, domain-adapted models validated
across contrasting climatic and pedological conditions, especially in
data-poor tropical and global South environments and (vi) Coupling
multi-contaminant spatial models with real-time sensor networks
for proactive early-warning monitoring. Achievement of these
priorities  will be crucial for converting methodological
developments into tools for environmental management that are
actionable, equitable and policy relevant.
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