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ABSTRACT

Contamination of soil with heavy metals poses a serious risk to ecosystems, agriculture, and human health. The
spatial and temporal constraints limit the use of traditional techniques of predicting contamination, such as soil sampling
and geochemical mapping. New developments in geospatial methods and artificial intelligence (Al) provide promising
options for large-scale, real-time monitoring and prediction. Geospatial tools, such as remote sensing and Geographic
Information Systems (GIS), can provide important spatial information for mapping contamination patterns. In contrast,
Al-based applications, such as machine learning and deep learning, can process multifaceted datasets to forecast
contamination trends. A combination of these two methods increases the predictability of measuring soil contamination
dynamically and at high resolution. Nevertheless, there are still difficulties with data quality, model interpretability,
and computational complexity. Notwithstanding these issues, the interrelation between geospatial and Al approaches
represents a major breakthrough in environmental monitoring, offering a more in-depth and efficient tool for regulating
heavy-metal pollution in soil. The review highlights the potential of these next-generation approaches and offers insights
into their use, limitations, and future directions for enhancing soil health and environmental sustainability.
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1. Introduction

Heavy metal contamination of soil is a serious world-
wide environmental problem that poses significant threats
to human health, agriculture, and the environment """, Lead
(Pb), cadmium (Cd), arsenic (As), and mercury (Hg) are
non-biodegradable heavy metals whose accumulation in soil
may have long-term adverse effects on plant growth, water
quality, and food safety . Industrial activities, agricultural
practices, and urbanization often lead to soil contamination,
creating a complex, pervasive issue that is difficult to ad-
dress. This has made the proper prediction and monitoring
of soil heavy metal contamination a major agenda for envi-
ronmental scientists and policymakers worldwide.

The conventional methods for measuring soil con-
tamination have relied on direct soil sampling and labora-
tory analysis . Although these are effective for identify-
ing contamination at a particular site, they are laborious,
time-consuming, and expensive, especially when dealing
with extensive geographic areas. In addition, traditional
sampling techniques can only provide a snapshot of con-
tamination levels at a given time and are usually insuffi-
cient for forecasting the spatial distribution and temporal
variation of pollutants. Given the growing urgency to com-
bat soil contamination on a larger scale, there is a need to
develop more effective, less expensive, and more accurate
methods for forecasting and mapping contamination risks.

The emergence of next-generation technologies, es-
pecially geospatial techniques and artificial intelligence,
holds promise for addressing the shortcomings of conven-
tional methods. Geospatial technologies, including remote
sensing and Geographic Information Systems, have trans-
formed environmental monitoring by providing high-res-
olution, large-scale spatial information . An example of
this is remote sensing, which enables continuous observa-
tion of soil conditions through satellite imagery, drones,
and other aerial vehicles, and enables the identification
of contamination patterns across large territories. GIS, in
turn, provides an effective means for spatial data analysis,
enabling the mapping of areas where contamination occurs
and the integration of various environmental data influenc-
ing soil pollution, including land use, climate, and industri-
al activity ©.

Simultaneously, Al-based techniques, such as ma-

chine learning (ML) and deep learning (DL), have become
influential predictive tools for soil contamination and com-
plex environmental data . These artificial intelligence
methods can discover patterns and correlations in large
datasets that would otherwise be undetectable or require a
long time to identify by humans. Using Al models to pre-
dict the odds of soil heavy metal contamination would be
highly accurate, aided by ML algorithms such as decision
trees, support vector machines, and neural networks, even
with large datasets containing more than a few variables.
Moreover, Al-based approaches are dynamic and contin-
ually improve as more data emerge, making them highly
applicable to dynamic environmental circumstances, where
the level of contamination may change over time.

The combination of geospatial techniques and Al-
based solutions is especially innovative, as it can be used
not only to make spatial predictions about contamination
but also to make temporal ones . As an illustration, geo-
spatial data can provide information on pollutant distribu-
tion at a given moment, and Al models could predict how
contamination will evolve or diffuse over the next several
years, accounting for environmental and anthropogenic
factors. Such spatial and temporal prediction is a signifi-
cant step forward compared to classical approaches, which
fail to capture the dynamics of soil contamination.

Furthermore, blending geospatial and Al strategies
can promise greater predictive accuracy by leveraging nu-
merous data sources ¥, For example, remote sensing data
can be combined with soil properties, weather conditions,
historical land-use data, and socio-economic variables to
produce more detailed and robust predictive models. These
models can provide more detailed information about the
factors causing contamination and the areas at highest risk
of pollution, enabling targeted interventions to prevent fur-
ther pollution.

Although the application of geospatial and Al-based
tools to environmental monitoring is not novel, predicting
the occurrence of heavy metal contamination in soil remains
a relatively recent area. Current studies have shown the po-
tential of these methods in other fields, including air pollu-
tion forecasting, climate research, and biodiversity conser-
vation . Nonetheless, their use in addressing soil pollution,
especially heavy metals, has not yet been fully explored,

and multiple obstacles must be addressed, including data
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quality, model generalizability, and integration complexities.
Specifically, a critical examination of existing review liter-
ature on geospatial-Al integration reveals three persistent
deficiencies: (1) the “black box” nature of most Al models
severely limits their interpretability for environmental de-
cision-making; (2) existing approaches rarely integrate all
relevant exposure pathways (e.g., ingestion, inhalation, and
dermal contact) within a unified predictive framework; and
(3) the lack of user-friendly, automated tools for cross-scale
prediction hinders the translation of research findings into
routine environmental management practice. Recent studies
have begun to address these gaps, for example, by combin-
ing explainable Al (SHAP analysis) with multi-heuristic op-
timization to clarify the decision logic of contamination risk
models ', and by developing GIS-based automated hazard
index tools that integrate multiple exposure pathways in a

U1 Nevertheless, the integra-

reproducible, timely manner
tion of geospatial data, Al-driven prediction, and interpre-
table risk assessment remains incomplete in the context of
soil heavy metal contamination, particularly for cross-scale
applications that link local sampling data with regional pre-
diction models.

The goal of this review is to address this gap and
discuss current developments in geospatial and Al-based
approaches for predicting soil heavy metal contamination.
We hope to give us a comprehensive overview of these
innovative approaches by synthesizing the existing state

of knowledge, and bring up the strengths and limitations

of the approaches and suggest ways in which they can be
used to enhance soil health monitoring and management.
The unusual feature of the review is not only the use of the
latest technologies in the specific issue of soil heavy metal
contamination, but also the integration of these methods
to form more effective, scalable, and accurate predictive
systems %), It is on this synthesis that we hope to stimulate
further research and development in this essential area, ul-

timately safeguarding soil ecosystems and human health.

2. Traditional Methods for Predict-
ing Soil Heavy Metal Contamina-
tion

The traditional methods for assessing soil heavy
metal contamination have been the cornerstone of environ-
mental monitoring for decades . These approaches pri-
marily rely on direct soil sampling and laboratory analysis,
which provide valuable insights into the contamination
levels of specific sites. While effective in certain contexts,
these methods have significant limitations for large-scale
monitoring, real-time predictions, and understanding the
spatial distribution of contaminants (Table 1). In this sec-
tion, we will discuss traditional techniques for predicting
soil contamination, assess their advantages and drawbacks,
and explore why newer, more advanced methods are in-

creasingly being considered.

Table 1. Comparison of Traditional and Next-Generation Approaches for Predicting Soil Heavy Metal Contamination.

Approach Methodology Advantages Limitations Cost Scalability
Soil Sampling Collection of soil samples followed High accuracy, direct measure- Tlme-consuml.ng, labor-in- High Low
by laboratory analysis ment tensive
Geocher.mcal Mapping of contammapts using §011 Provides an overview of con- Limited by samplm.g densi- Moderate  Moderate
Mapping sample data and spatial analysis tamination areas ty and resolution
Risk Assessment  Quantification of risks based on soil ~ Predicts potential impacts on Un?e‘nalnty " pre@lctlpg
. mobility and bioavailability Moderate ~ Moderate
Models and environmental factors ecosystems and human health .
of contaminants
Geospatial & Al Integration of remote sensing, GIS, High accuracy, scalable, Data quality issues, compu-  Low to Hich
Approaches and machine learning models real-time predictions tational complexity High g

2.1. Soil Sampling and Laboratory Analysis

Laboratory analysis and soil sampling have been
regarded as the gold standard for measuring heavy metal
contamination of the soil. In this technique, soil samples
are collected from different locations within a particular

area, and laboratory analysis is conducted to determine

levels of heavy metals such as lead, cadmium, and mercu-
ry. Sampling is usually performed at varying depths and
locations within a contaminated site to obtain a representa-
tive sample of contamination levels ">,

The major benefit of the technique is its accuracy.

Atomic absorption spectroscopy (AAS) or inductively cou-
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pled plasma mass spectrometry (ICP-MS) may be used to
measure heavy metal concentrations in soil with high accu-

U4 This great accuracy renders

racy, even at very low levels
soil sampling a useful method of establishing contamination
in such areas where there is little existing information or
where contamination is suspected but not yet proved.
Nevertheless, reliance on soil sampling has several
disadvantages. One, it is a time-consuming and labor-in-
tensive process, particularly when extensive areas must
be surveyed "*. It may take hundreds or even thousands
of soil samples to build a complete picture of contamina-
tion in a particular area. Such assessments are very costly
and time-consuming due to the extensive fieldwork, sam-
ple transport, and laboratory analysis involved. Also, the
process is mostly manual and relies on human judgment,
and thus, it is always possible to have sampling errors and
biases "', For example, when samples are not taken at rep-
resentative sites, the findings may be biased and will not
accurately reflect the true picture of contamination.
Moreover, the conventional method of soil sampling
gives a picture of contamination at a particular time ",
The levels of heavy metals in the soil may vary over time
due to factors such as rainfall, human activities, and land
use. Consequently, a single sampling is unlikely to be suf-
ficient to bring the dynamic nature of soil contamination
into focus. This time constraint will complicate any at-
tempt to forecast future levels of contamination or to deter-

mine how soil pollution trends change over time.

2.2. Geochemical Mapping

Another conventional method which is used in the

evaluation of soil contamination is geochemical mapping.
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This is done by mapping the geographic location of chem-
ical elements, such as heavy metals, on a large scale. The
geochemical data is usually obtained by sampling using
soil samples at routine intervals and displayed on maps to
determine areas that contain high concentrations of heavy
metals. These maps may be used to identify contamination
hotspots and areas of concern, leading to further investiga-
tion or remediation "'

Geochemical mapping is advantageous in that it
helps give a wide view of contamination in large regions,
which is more beneficial in tracing trends or patterns of
pollution in different landscapes. Geochemical maps can
be used to identify priority areas that need remediation or
further analysis by creating a spatial image of soil contam-
ination ",

Similar to soil sampling, however, geochemical
mapping has the disadvantages of sampling density and
the absence of time . The frequency and distribution
of soil samples are extremely important to the effective-
ness of geochemical mapping. In low-density sampled
areas, the maps cannot provide the exact degree of con-
tamination, and incomplete or erroneous conclusions can
be drawn. Also, the approach fails to provide a real-time
or dynamic picture of contamination, which is critical
for forecasting future contamination. Consequently, geo-
chemical mapping can serve as an initial step in iden-
tifying regions that may be contaminated, but it cannot
provide a long-term monitoring solution. As shown in
Figure 1, the usual workflow of traditional methods for
predicting soil contamination is summarized as: soil sam-

pling to risk assessment.

Data Analysis &

Mapping & Reporti
Risk Assessment apping eporting

Spatial visualization, hotspot
contamination indices, and identification, and

risk evaluation. communication of results.

i+ Maps,

= CF

+  Igeo, Reports,

< RI, ¢ Remediation Priorities
* Health Risk

Figure 1. Soil heavy metal contamination prediction workflow.
Note: Traditional linear workflow used for soil heavy metal contamination assessment and prediction.
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2.3. Risk Assessment Models

Risk assessment models have been developed to
quantify the potential risks posed by heavy metal contami-
nation of soil to human health, agriculture, and ecosystems.
These models depend on soil properties, pollutant concen-
trations, and environmental conditions (including soil pH,
organic matter content, and moisture levels) to forecast the
potential effects of heavy metals on the environment and
human health. Models that quantify the bioavailability and
mobility of heavy metals in soil, as well as their potential
leaching into groundwater or absorption by plants, are usu-
ally used in risk assessment ",

The beauty of risk assessment models is that they can
be used to forecast the possible impacts of contamination
under different environmental conditions **. Such models
may be used to focus remediation efforts on areas based on
risk severity and the local population’s vulnerability. In oth-
er words, highly contaminated areas may be prioritized and
addressed immediately around agricultural zones or residen-
tial neighborhoods, while lower-risk areas can be tracked.

Nevertheless, risk assessment models face several
challenges. Among the major constraints is the uncertainty
that is involved in forecasting the movement and bioavail-

1 ™. The behavior of con-

ability of heavy metals in soi
taminants in soil is a dynamic phenomenon and can vary
under the influence of numerous factors, such as soil type,
weather conditions, and anthropogenic influences. Con-
sequently, these models may require extensive calibration
and validation, which can be difficult to obtain in the ab-
sence of sufficient empirical data. Moreover, the precision
of risk assessment models depends on the quality and ac-
cessibility of data on soil characteristics and contamination
levels, which are not always available, especially in remote

or underdeveloped locations.

2.4. Challenges of Traditional Methods

Although conventional practices such as soil sam-
pling, geochemical mapping, and risk assessment models
have been useful for providing information on soil con-
tamination, these techniques are increasingly viewed as
insufficient to address the magnitude and complexity of
the issue. The space and time coverage of these methods is
one of the primary issues. Soil contamination is usually not

uniform, and concentrations may exhibit a wide range of

variation within a local area **. Consequently, convention-
al approaches based on a small number of samples or fixed
maps may be unable to capture the actual contamination
across a large region.

In addition, conventional techniques are not partic-
ularly effective at forecasting future patterns of contami-
nation or responding to a dynamic environment. Various
factors can affect the amount of heavy metals in soil, in-
cluding land use, industrial activity, and climate **. To
anticipate how these factors interact and influence future
contamination levels, more sophisticated methods are
needed that can accommodate complex, multidimensional
data and account for changes over time.

The other major disadvantage of the traditional
methods is that they are not able to offer real-time moni-
toring **'. It may take weeks or even months to collect soil
samples, send them to a laboratory, and analyze the results.
The level of contamination can vary during this period,
and the data collected might not provide a true picture of
the environmental situation. It is especially problematic
when there is a need to respond to contamination immedi-

ately, and the data is not available in real-time.

2.5. The Need for Next-Generation Approaches

Against the backdrop of the limitations of conven-
tional methods, the need for next-generation techniques to
anticipate soil heavy metal contamination is increasingly
recognized. Emerging technologies such as remote sensing,
Geographic Information Systems, and artificial intelligence
offer new opportunities to overcome the shortcomings of
conventional methods. These sophisticated technologies will
be able to offer more detailed, real-time, and predictive in-
formation about soil contamination, enabling more efficient
decision-making and environmental control ",

The combination of geospatial and Al-related solu-
tions, e.g., can lead to the precision and scalability of pre-
dictions of soil contamination, providing the opportunity
to analyze large territories with high spatial and time res-
olution. Moreover, Al-powered models can be trained on
available data to discern patterns and infer future contam-
ination trends, which are dynamic given the nature of soil
pollution .

Conclusively, although conventional approaches to

predicting soil heavy metal contamination have proved
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invaluable over the years, they are increasingly viewed as
inadequate to address the demands of extensive, dynamic
contamination. This need for more advanced, efficient, and
real-time methods has led to the emergence of next-gen-
eration technologies that will revolutionize environmental

1 These technologies will enhance our capac-

monitoring
ity to predict, manage, and remediate soil contamination,
ultimately leading to healthier soils and a more sustainable

environment.

3. Geospatial Approaches for Heavy
Metal Prediction

Geospatial technologies have transformed the way

environmental scientists learn about and forecast soil

contamination, especially heavy metal contamination ",

They have made these tools essential for monitoring and
managing the environment, as they can map, analyze, and
visualize data across large regions. Geospatial techniques
are vital for understanding the distribution and concentra-
tion of soil contaminants and can enable large-scale as-
sessments that were previously impossible with traditional
soil sampling techniques. Table 2 provides an overview
of geospatial methods used to predict soil contamination,
along with their strengths and weaknesses. In this section,
the authors discuss the use of geospatial technologies, in-
cluding remote sensing, Geographic Information Systems,
and spatial modelling, for predicting soil heavy metal con-

tamination.

Table 2. Summary of common geospatial techniques used in soil contamination prediction.

Technique Description Advantages

Applications Limitations

Remote Sensing Use of satellite imagery or drones

to capture environmental data

Geographic Infor-  Software for spatial data analysis Data integration and visu-
mation Systems and mapping alization of contamination
(GIS) patterns

Spatial Modeling Mathematical models predicting ~ Allows for prediction of fu-

the spread of contaminants

Non-invasive, large-scale
monitoring, real-time data

ture contamination, scalable

Limited by weather condi-
tions and resolution

Detecting vegetation health,
mapping contamination
hotspots

Mapping contamination
areas, risk assessment

Requires high-quality data
for accuracy

Complex to calibrate,
requires high computational
power

Predicting contaminant
migration over time

3.1. Remote Sensing Technologies

Remote sensing is a method of obtaining data about
the surface of the Earth without directly touching it, that is,
in most cases, through satellite imagery, drones, or aerial
surveys ). Remote sensing could be used in the context of
soil contamination to identify contamination patterns over
large areas, helping environmental scientists identify the
source of pollution, measure trends, and determine spatial
changes in contamination. Increased access to high-resolu-
tion satellite imagery, along with advances in drone tech-
nology, has enhanced the ability to monitor soil contami-
nation at global and local scales.

Among the main benefits of remote sensing is that
it can provide real-time, non-invasive information about
soil conditions *”. Satellite imagery can measure several
environmental parameters linked to heavy metal contam-
ination, including vegetation health, soil moisture, and
temperature. Satellite data, such as the Normalized Dif-

ference Vegetation Index (NDVI), could be used to assess

the well-being of vegetation that may be affected by heavy
metal toxicity. A major decline in vegetation health may in-
dicate contaminated soil. Likewise, the presence of heavy
metals can be detected in multispectral and hyperspectral
imagery due to changes in vegetation and soil properties.
Although it has potential, remote sensing has certain
limitations in terms of direct detection of soil contamina-
tion. Most remote sensing systems cannot directly measure
heavy metal concentrations in soil but instead use proxies
(e.g., vegetation health or surface reflectance) to assess
contamination levels. In some cases, this indirect method
may cause errors or misinterpretation, especially in regions
where land cover is highly complex or where soil proper-
ties vary. Also, because the resolution of satellite images
is not always fine enough, it may not always be possible
to detect contamination in smaller, more localized regions.
However, remote sensing is a vital tool for large-scale en-
vironmental monitoring and offers invaluable information

for predicting potential hotspots of contamination ®*.
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3.2. Geographic Information Systems (GIS)

Geographic Information Systems have established
themselves as indispensable components of environmental
management, enabling the storage, analysis, and visual-
ization of geospatial data. With regard to soil heavy metal
contamination, GIS can integrate a broad spectrum of data,
such as soil properties, land-use patterns, industrial activ-
ities, climatic factors, and remote sensing data, to forecast
and assess the extent of contamination. GIS can be used to
develop extremely detailed maps that indicate areas at risk
of contamination, and it is an invaluable resource for both
predictive modeling and decision-making .

Visualization of complex data relations in space is one
of the key benefits of GIS in contamination prediction "V,
As an example, GIS may be applied to superimpose data on
heavy metal levels with other environmental conditions like
location near industrial areas, farmlands and garbage dispos-
al sites. It is this spatial relationship that allows a researcher
to identify potential sources of contamination and determine
which areas might be at higher risk.

Furthermore, GIS-based spatial analysis, including
buffer analysis, spatial interpolation, and hotspot analysis,
can be used to identify areas with high levels of contam-
ination and highlight those requiring remediation or fur-
ther analysis. As a case in point, predicting heavy metal
concentrations at unmeasured locations can be done using
spatial interpolation methods such as kriging or inverse
distance weighting (IDW) of sample points in the sur-
rounding area. This enables the formation of continuous
maps of contamination, even when sample data are sparse
or unevenly distributed ",

GIS has its limitations, although it has some
strengths. The availability of high-quality, accurate data is
one of the major challenges in using GIS to predict con-
tamination. The success of GIS models largely depends on
the quality of the input data, including soil samples, land-
use data, and environmental factors ", The data used may
be inaccurate or too old, potentially leading to misleading
results that could undermine the accuracy of the predic-
tions. Moreover, GIS models tend to be computationally
intensive, especially when performing spatial analysis on

large datasets and intricate operations.

3.3. Spatial Models for Contaminant Distribu-
tion

Spatial models are mathematical or statistical models
that are used to predict the distribution of contaminants,
e.g., heavy metals, in an area °”. These models use geo-
spatial data and environmental variables to simulate the
spread and accumulation of contaminants over time. Spa-
tial models are important for predicting contaminated risk
areas and determining factors that lead to heavy metal con-
tamination in soil. Contamination prediction models can
be broadly divided into two categories: deterministic and
stochastic.

Deterministic models are models whose output is
predetermined by a set of fixed rules and assumptions,
with the output directly determined by the input param-
eters. As an illustration, a deterministic spatial model
could be used to forecast the propagation of contamination
based on predefined environmental conditions such as soil
type, rainfall, and land use ®*. Such models are also fairly
straightforward and capable of making rapid estimates, al-
though they may fail to capture the full spectrum of uncer-
tainties that can occur within an environmental system.

Stochastic models, on the other hand, incorporate
randomness and uncertainty into their forecasts, which
is more appropriate for modeling the unpredictability of
environmental systems "*. It is possible to use stochastic
models to simulate scenarios based on different inputs and
evaluate the range of possible outcomes under varying
conditions. The models are mainly used in situations in-
volving complex environmental systems with multiple in-
teracting variables that behave unpredictably.

The Geographically Weighted Regression (GWR)
is a spatial model widely applied to contamination predic-
tion and a local regression model that enables the study of
spatially varying relationships between variables °*. GWR
has found extensive applications in environmental research
for forecasting the distribution of pollutants, including
heavy metals, by accounting for global and local spatial
patterns. Spatial dependence can also be explained using
other spatial models, such as spatial autoregressive (SAR)
and spatial lag (SLM), to examine the impact of adjacent
areas on contamination levels.

The biggest problem with spatial models is that
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they are complex and require precise and high-resolution
data "), Although these models can be very useful for
predicting contamination, they are frequently computa-
tionally expensive and require substantial expertise to
calibrate and validate. Also, assumptions used in certain
spatial models are not necessarily true in real-life situa-

tions, and therefore, predictions can be erroneous.

3.4.Integration of Geospatial and Environ-
mental Data

The ability to integrate multiple sources of environ-
mental information is one of the most powerful features
of geospatial methods for predicting contamination . By
integrating geospatial data and other environmental vari-
ables, the researchers can develop more precise and de-
tailed models of heavy metal contamination. This integra-
tion also enables a subtler interpretation of the factors that
lead to contamination and provides a more comprehensive
view of the contamination process.

For example, GIS may be used with remote sensing
data to monitor variations in vegetation health and associ-
ate them with heavy metal pollution *”’. Moreover, envi-
ronmental factors such as soil pH, the presence of organic
matter, and temperature can be incorporated into spatial
models to assess their influence on the mobility and bio-
availability of heavy metals. Climatic information, such
as precipitation and temperature distributions, can also
be included to estimate how these factors may affect the
propagation of contamination, especially in regions where
heavy metals could be washed away by rain or carried by
groundwater.

The incorporation of socioeconomic data is also
becoming a significant consideration in predicting con-
tamination. With the inclusion of land-use data, industrial
activity records, and population density data, geospatial
models can be used to determine where human activities
contribute to contamination and to forecast the social and
economic consequences of heavy metal pollution. Such
holistic data integration would help make contamination
predictions more accurate and relevant and may inform
more effective policy and remediation plans %,

Although this has potential, there are challenges en-
countered in data integration in geospatial modeling. Infor-
mation found in various sources may differ in resolution,

accuracy, and format, making it difficult to combine and

analyze. Also, the combination of several variables adds
further complexity to the modeling process, necessitating
more complicated computational methods and a high level
of spatial analysis expertise. However, the ability to inte-
grate diverse data sources is one of the main advantages of
geospatial modalities, and it is necessary to develop more

. . .. . . 8
precise and comprehensive predictions of contamination ™!

3.5.Challenges and Limitations of Geospatial
Approaches

Geospatial methods, such as remote sensing, GIS,

and spatial modeling, offer significant benefits for pre-
dicting soil heavy metal contamination, but they also have
their challenges. Dependence on data quality is one of the
major limitations. The quality of geospatial models is no
better than the data on which they are built, and poor or
incomplete data may lead to poor predictions. E.g., remote
sensing data can be constrained by cloud cover, atmo-
spheric degradation, or satellite resolution, and it is hard
to detect contamination in some regions. Likewise, GIS
models require good-quality soil data, which is not always
available, particularly in remote areas or under-researched
areas 7.
The complexity of the environmental systems is
another problem. Myriad factors affect soil contamina-
tion, which include soil properties, land use, climate, and
human activities *. Geospatial models must account for
such factors in a way that best captures their interactions in
real life. Although one may model several variables using
spatial models, their interactions are not always linear and
may not be easily modeled.

Lastly, there is the issue of the scalability of geospa-
tial techniques. Remote sensing and GIS are very useful
for large-scale assessment, but may not be as useful for
fine-scale, local predictions. At small, highly specific sites,
ground-truth data may still require traditional soil sampling

to obtain accurate results *”,

4. Artificial Intelligence (AI) and
Machine Learning in Soil Con-
tamination Prediction

Artificial Intelligence and Machine Learning are

revolutionary technologies that have been increasingly
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used for environmental monitoring and prediction . Such
technologies, especially in relation to soil contamination,
are a great improvement over traditional methods, as they
enable more precise, efficient, and dynamic models that
can predict the occurrence and spread of heavy metals in
soil. Al and ML can process complex data, identify trends
and correlations, and make predictions that are challenging
or impossible for conventional statistical algorithms. The
sub-topic discusses how Al and ML can be used to predict
soil heavy metal contamination, the types of models, the
incorporation of big data, successful case studies, and the

benefits and limitations of Al in environmental monitoring.

4.1. AlI-Based Predictive Models

The last few years have seen remarkable growth
in Al-based predictive models because of their ability to
handle large datasets and learn complex patterns with-
out explicit programming. Within the context of soil

pollution, machine learning, deep learning, and neural

networks as Al techniques have demonstrated their effec-
tiveness in predicting contamination levels, identifying
factors that affect pollution, and forecasting future trends
in contamination .

Machine Learning (ML) models, especially super-
vised learning methods, have been used to predict soil
contamination by training them on historical soil data,
including heavy metal concentrations and environmental
factors such as soil type, land use, temperature, and pre-
cipitation . The usual ML models include support vec-
tor machines (SVM), decision trees, random forests, and
k-nearest neighbors (KNN), which classify areas based on
the likelihood of contamination or estimate the amount of
heavy metals present in unmeasured locations. Using these
techniques, researchers can develop models that general-
ize from current data and forecast contamination levels in
areas where no soil samples have been obtained. Table 3
outlines the popular Al methods in soil contamination pre-

diction, their application, strengths, and weaknesses.

Table 3. Al and machine learning techniques applied to soil contamination prediction.

AI/ML Technique Description Applications Advantages Limitations
A supervised learning algorithm Classifying contaminated vs.  Effective in high-dimen- Requires careful parameter
Support Vector used for classification and regres- non-contaminated areas, predict-  sional spaces, robust tuning, computationally
Machines (SVM) ’ y >

sion tasks

Tree-like model used for classifi-

Decision Trees . .
cation and regression tasks

An ensemble method that con-
structs multiple decision trees
and merges their outputs

Random Forests

Neural Networks
(Deep Learning)

Multi-layered networks that learn
patterns from complex datasets

ing contamination levels

Predicting contamination levels
based on environmental variables

Predicting soil heavy metal
concentrations based on large
datasets
Analyzing remote sensing data
for contamination patterns, soil
contamination forecasting

against overfitting expensive for large datasets
Easy to interpret, han-
dles both numerical and

categorical data

Prone to overfitting with
small datasets

Reduces overfitting,
handles large data well

Less interpretable than indi-
vidual decision trees

Can handle complex,
non-linear relationships

Requires large datasets and
high computational power

Multi-layered neural networks, known as deep learn-
ing, which is a subdivision of Al, are especially helpful
where the correlation between variables and contamina-
tion levels is very non-linear "', Deep learning algorithms,
including convolutional neural networks (CNNs) and re-
current neural networks (RNNs), are particularly useful
in modeling soil contamination on a large scale, capturing
intricate interactions, and learning with very large volumes
of data. By way of illustration, satellite images or remote
sensing data have been analyzed using CNNs to detect
heavy metal pollution. In contrast, RNNs can be used to
identify temporal variations, such as seasonal changes in

contamination levels.

One of the advantages of Al-based models is flexi-
bility. These models can continually learn and improve as
new information becomes available, and they are particu-
larly well-suited to dynamic settings where soil conditions
and the extent of contamination can vary over time. In
contrast to conventional techniques, which rely on prede-
termined rules or assumptions, Al models are updated and
become more precise as they are exposed to more data,

leading to more reliable predictions over time /.

4.2. Data Integration and Big Data Analytics

The success of Al and ML models in predicting soil

contamination is highly dependent on the quality and di-

1183



Journal of Environmental & Earth Sciences | Volume 08 | Issue 08 | August 2026

versity of the datasets. Conventional soil contamination
research is usually based on small, localized samples,
which limits the extrapolation of findings. Nevertheless,
Al models perform best with big data, which enables the
incorporation of diverse data sources to make more precise
predictions .

The term big data analytics refers to the extraction,
analysis, and processing of meaningful patterns from large,
complex datasets *'!. Big data for soil contamination pre-
diction can originate from various sources, including soil
samples, remote sensing images, meteorological data, land-
use data, and socioeconomic factors. For example, satellite
images can provide more information on the health of veg-
etation, land cover, and other environmental factors, which
can be compared with levels of contamination. Equally,
climate information like precipitation, temperature and hu-
midity may affect the mobility and bioavailability of heavy
metals and therefore, the factors are paramount in predict-
ing contamination accurately.

This huge volume of data is especially well-suited
to Al models. The machine learning algorithms are able
to combine heterogeneous data, to factor in the temporal
and spatial variations and to discover patterns in complex
multi-dimensional data. To illustrate, Al models can be
built using data on soil properties, climate conditions, and
land use, combined with data on heavy metal concentra-
tions, to create predictive maps indicating the probability
of contamination across regions. Moreover, historical data
can be used to predict how things will go in the future, en-
abling proactive management and remediation *”',

Among the main benefits of big data analytics for
predicting soil contamination are the ability to discover
hidden patterns and relationships that are not easily ob-
served with conventional tools. Al models can reveal latent
relationships between numerous variables (e.g., soil struc-
ture, industrialization, and proximity to water bodies) and
contamination rates, enabling more precise risk analysis
and targeted interventions °*. Moreover, Al models can
improve over time and adjust their predictions as new data

emerges, continuously refining them.

4.3.Case Studies of Al in Soil Contamination
Prediction

The use of Al and machine learning methods in a

number of case studies dedicated to the prediction of soil

heavy metal contamination have been a success . An ex-
ample is a study that was carried out in a mining-affected
area where the distribution of heavy metals like arsenic,
lead and cadmium in the soil was predicted using ML algo-
rithms. The analysis used soil sample data, remote sensing
images, and environmental variables (including vegeta-
tion cover and land use) to train machine learning models,
achieving high accuracy in predicting contamination levels
over a large area. These models could identify soils more
likely to be contaminated, enabling more focused soil sam-
pling and remediation.

Another interesting use of Al in predicting soil con-
tamination is in agriculture, where AI models have been
employed to identify crops capable of absorbing heavy
metals . Using information on soil characteristics, crop
types, irrigation, and heavy metal concentrations, machine
learning algorithms can predict the likelihood of high
heavy metal levels in crops, which is vital for food safety.
These models are very handy in areas that have high agri-
cultural practices where heavy metal pollution is becoming
a major issue as a result of excessive use of pesticides, fer-
tilizers, and industrial waste.

Convolutional neural networks (CNNs) and other
deep learning methods have also been applied to satellite
and drone data to identify heavy metal contamination in
agricultural and urban soils ), CNNs can detect vegeta-
tion stress and land-cover changes in high-resolution imag-
es, which may indicate soil contamination. These models,
when used with other data sources, including soil samples
and climate data, can provide real-time forecasts of soil
quality and contamination levels.

These case studies demonstrate the potential of Al
and ML models not only to predict levels of contamination
but also to enhance the accuracy, efficiency, and scalabil-
ity of environmental monitoring . These models can be
useful because they provide details on the distribution and
dynamics of heavy metal contamination, enabling better
decision-making and more effective management by pro-

cessing large datasets.

4.4. Advantages of Al in Soil Monitoring

The use of Al for predicting soil contamination of-
fers several notable benefits over conventional approaches.

The fact that it can process large, intricate datasets is a ma-
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jor advantage Y. AT models can process large volumes of
data in different forms, such as soil samples, remote sens-
ing data, and environmental variables, to provide more de-
tailed and precise predictions. Conventional approaches, in
turn, are often constrained by smaller, less heterogeneous
data sets, which may lead to less accurate findings.

The second major benefit of Al models is that they
enable real-time predictions. Conventional methods of soil
sampling can be time-consuming, as laboratory tests can
take a long time to detect contamination and therefore slow
down decision-making. Conversely, Al models have the
potential to continually update with new information, offer
real-time evaluations of soil contamination, and respond
more promptly to emerging pollution threats. This is es-
pecially crucial in places where contamination levels may
change rapidly, such as industrial areas or fields “*.

Al models are also highly flexible and can be en-
hanced over time as more data is provided. Al models do
not rely on fixed rules and assumptions, unlike traditional
models, which learn from new data and update their pre-
dictions. This adaptability enables Al models to be useful
in dynamic settings where contamination patterns and en-
vironmental conditions evolve *%.

Moreover, resource allocation and decision-making
can be optimized using Al models. By accurately forecast-
ing zones at risk of contamination, Al models can be used
to implement specific measures, eliminating expensive and
time-consuming soil testing across extensive regions. Such
a focused strategy can result in more effective remediation

activities and the management of the polluted locations .

4.5.Challenges of Al in Soil Contamination
Prediction

Even though Al and ML offer numerous benefits for
predicting soil contamination, several issues must be over-
come before these technologies can realize their potential.
Data quality is one of the key challenges. The success of
Al models depends on high-quality, accurate data, and
faulty predictions can result from faulty or missing data. In
other places, especially in developing nations or isolated
locations, high-quality soil information is not readily avail-
able, making it challenging to create precise Al models °.

The other difficulty is the complexity of environ-
mental systems. The factors that affect soil contamination

are numerous, including soil properties, climatic condi-

tions, land-use practices, and human activities °*. These
complicated interactions are not easily modeled, and much
remains to be understood regarding the contribution of
these factors to contamination. Also, AI models can be
data-intensive to operate effectively, and gathering data to
train them can be time- and resource-intensive.

Another typical problem of AI models is overfitting.
When an AI model is trained with a small dataset, it can
overfit to that particular data, resulting in poor generaliza-
tion to new, unseen data. It is important to ensure that Al
models are trained on diverse, representative datasets to
avoid overfitting and enable them to make trustworthy pre-
dictions across a wide range of settings “*.

Lastly, there is the issue of interpretability. Many Al
models, especially deep learning models, are often called
black boxes because they make predictions without re-
vealing the underlying logic. Such non-transparency can
be problematic in environmental monitoring, where stake-
holders may need to know how a model arrived at a spe-
cific conclusion. Attempts to enhance the interpretability
of Al models, including explainable Al, are underway and

could serve to solve this problem .

5. Synergy of Geospatial and Al Ap-
proaches

Geospatial techniques have a strong synergy with
artificial intelligence-based techniques in predicting and
controlling soil heavy metal contamination. Although
both methods have their advantages, combining them
would increase predictive accuracy, scalability, and re-
al-time monitoring. Geospatial tools provide spatial
context for contamination, and AI models can absorb
complex, multidimensional data to help detect patterns
and forecast future trends . This section discusses the
complementary nature of these two approaches, the bene-
fits of integrating them, and the challenges that should be
overcome to achieve effective and efficient contamina-

tion predictions.
5.1.Integration for Enhanced Predictive Ac-
curacy

A combination of geospatial and Al-based approach-

es provides a more robust model to predict soil heavy
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metal contamination . Table 4 provides a comparative
overview of geospatial tools (remote sensing and GIS) that
can be used with Al models to enhance soil contamination
forecasting.

Through geospatial techniques, including remote
sensing and Geographic Information Systems, researchers
can obtain comprehensive spatial information, enabling

them to understand how contaminants are distributed
across large areas. These techniques are known to be effec-
tive for hotspot detection, contamination pattern mapping,
and high-level spatial analysis. Nonetheless, they generally
use indirect proxies (e.g., vegetation health or land use) to
determine the contamination levels, which may limit their

predictive power 7,

Table 4. Integration of geospatial and Al models for soil contamination prediction.

Integration Approach  Geospatial Component Al Component

Predicted Outcome Advantages

Satellite imagery or Machine learning

Remote Sensing & ML drone data

CNN)

Deep learning models
(e.g., CNN, RNN)
Random forest algo-
rithms

Geographic data layers
(soil type, land use)
Spatial data for contami-
nation spread

GIS & Neural Networks

Spatial Models & Ran-
dom Forests

Remote sensing,
weather, land use, soil
properties

Ensemble models,

Big Data Integration Al-driven data fusion

algorithms (e.g., SVM,

Predicts contamination levels
from vegetation stress and sur-
face features

Identifies contamination hotspots
and predicts future contamination
Models contamination spread
over time, and predict risk zones

High accuracy, scalable, real-time
predictions

Can process large datasets and
capture complex relationships
Robust and interpretable, effec-
tive in handling complex datasets
Real-time, dynamic prediction
of contamination across large
regions

Dynamic, up-to-date predictions,
multi-dimensional data integra-
tion

Instead, Als are efficient at examining extensive,
complex data and can discover hidden trends that conven-
tional models can hardly detect. By combining Al with
geospatial data, researchers can leverage both the spatial
context and the predictive capabilities of machine learn-
ing algorithms to produce more accurate predictions. As
an illustration, Al models can process geospatial data on
soil characteristics, vegetation health, land use, and envi-
ronmental factors such as temperature and precipitation
to forecast heavy metal levels *. Such a combination can
provide more in-depth insight into the factors affecting
contamination, resulting in greater predictive power.

The relationship between Al-based and geospatial
methods is especially relevant in predictive mapping. For
example, a geospatial model that identifies high-contamina-
tion regions can be improved with an Al model trained on
historical data to predict future levels of contamination *”.
This makes it possible to create dynamic, real-time maps
that not only show existing contamination but also forecast
its future development. These types of models can inform
policy responses, cleanup actions, and land-use plans, pro-
viding a more practical and precise view of the risks of soil
contamination. Figure 2 shows how Al models can be used
alongside geospatial tools, including remote sensing and

GIS, to improve the prediction of soil contamination.

Remote sensing, GIS
layers, and
soil/environmental
observations

Geospatial
Data

Machine-learning
models extract complex
spatial patterns and
nonlinear relationships

Al
Algorithms

Data fusion, feature
engineering, calibration,
and validation improve
model reliability

Integration
Process

Dynamic contamination
maps, hotspot detection,
and risk forecasting for
decision support

Prediction

Figure 2. Integration of geospatial and Al models for soil con-
tamination prediction.

5.2. Multidimensional Data Fusion

The ability to integrate multiple data sources to en-
hance predictive models is one of the most important bene-
fits of combining geospatial and Al approaches . Various
factors that affect soil contamination include soil composi-
tion, land use, climatic conditions, and industrial activity.
Geospatial methods can deliver useful spatial information,
whereas Al models can combine this information with oth-

er environmental variables to generate multidimensional
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models that account for the complex interactions among
these variables.

An example is using satellite data with soil proper-
ties, including organic matter content and pH, to determine
the risk of contamination ", Some of the environmental
variables that can also be factored in the model include
rainfall patterns, temperature, and land use history because
these factors affect the mobility and bioavailability of the
heavy metals in the soil. By fusing these datasets, AI mod-
els will be able to forecast contamination hotspots and the
most vulnerable areas to heavy metals much more accu-
rately. This data fusion method is not only more accurate
in making predictions but also allows researchers to dis-
cover factors that could cause soil pollution they had not
previously considered.

Furthermore, geospatial and Al data can be com-
bined to create decision-support systems that provide re-
al-time forecasts ”’. With a constant stream of information
from sources such as remote sensing platforms, weather
stations, and soil sensors, AI models can refresh contami-
nation forecasts in real time and respond more quickly to
new contamination hazards. This dynamic methodology
offers a significant advantage over conventional tech-
niques, which generally provide a single, static evaluation

of contamination rates.

5.3. Case Studies of Geospatial + AI Models

A number of case studies have shown how geospatial
and Al methods can be successfully integrated to predict
heavy metal contamination in soil. An example of this is
the use of machine learning algorithms to forecast the spa-
tial distribution of heavy metals in areas affected by min-
ing. In an experiment in a mining region, the researchers
used remote sensing data, including multispectral imagery
and soil sample data, to train machine learning models
that forecast the presence of arsenic, cadmium, and lead in
the soil. The combination of geospatial data and Al made
it possible to identify contamination hotspots and create
predictive models that forecast future contamination levels
based on environmental factors such as precipitation and
land use .

In a different study, the contamination of agricultural
soils by heavy metals was predicted using Al-based mod-

els. Researchers combined GIS data on land use and crop

types with soil sample data and climate variables to devel-
op a predictive model of contamination risk. This model
employed machine learning algorithms to understand the
multifaceted relationships among land use, soil properties,
and weather conditions, producing risk maps that could be
used by farmers and policymakers to reduce contamination
and safeguard food safety ).

These case studies underscore the power of integrat-
ing geospatial and Al to enhance the accuracy and scalabil-
ity of soil contamination prediction. By integrating geo-
spatial methods with Al models, researchers will be able
to develop more dynamic, real-time predictions that detect
contamination risks and forecast future trends. This com-
bined method provides a more holistic view of the factors
that cause soil contamination, with subsequent effective

strategies for addressing and remediation "'\

5.4. Challenges in Integration

Even though integrating geospatial and Al solutions
has numerous advantages, there are several obstacles to
overcome for successful integration. The variability and
quality of the data are among the major challenges. Low
resolution, cloud cover, and atmospheric interference are
common problems in geospatial data, such as satellite im-
agery and remote sensing data, that can reduce prediction
accuracy . Likewise, data on soil samples may be sparse,
particularly in remote or under-researched areas, making it
challenging to develop credible models.

Combining these various data sources, with their
respective advantages and constraints, requires advanced
data processing methods. A typical problem is that the spa-
tial resolution of geospatial data (satellite imagery, etc.)
and other environmental data (soil samples, etc.) differs.
Combining high-resolution geospatial data with lower-res-
olution datasets may lead to a mismatch in spatial scales,
which can impair prediction accuracy. Moreover, the com-
bination of various data types, including satellite, soil, and
meteorological data, needs to be carefully harmonized so
that the models can efficiently handle and analyze the data.

The computational complexity of combining large,
multidimensional data is another obstacle **. Al-based and
geospatial models can be computationally intensive and
require substantial resources to compute and analyze data.

This may be especially tricky when large geographic areas
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are involved or when real-time model updates are required.
Researchers and policymakers must strike a balance be-
tween the need to achieve high accuracy and the practical
constraints of computing power and resources.

And lastly, there is the issue of interpretability *'. In
many cases, Al models, in particular deep learning algo-
rithms, can be black-box, i.e., it can be hard to know how
the model came to its conclusions. Such intransparency
may be critical when making environmental decisions, as
stakeholders have to know what underlies the predictions
of a model. Projects to develop explainable Al (XAI) are
still in progress and could help resolve this problem by

providing insights into how Al models make decisions.

5.5.Future Directions for Geospatial and Al
Integration

Nevertheless, the future of combining geospatial and
Al methods in predicting soil heavy metal contamination
is bright. Technological improvements, especially those re-
lated to data gathering and processing, will likely enhance
data quality and accessibility, enabling the combination of
various datasets. As an illustration, the increasing use of
Internet of Things (IoT) sensors for soil monitoring is like-
ly to provide real-time, high-frequency data on soil condi-
tions that can be integrated into Al models to enhance pre-
diction precision ',

Moreover, the development of faster computational
tools and cloud computing will enable the processing and
analysis of big data in real time, allowing predictions to be
updated more often. It will increase the chances of moni-
toring soil contamination in real time and responding more
promptly to emerging contamination threats. High-per-
formance computing (HPC) and distributed computing
systems will also enable the management of large-scale
models that combine many data sources and account for
complex interactions among variables *”,

One more point where growth can be achieved is the
use of citizen science and crowdsourced data ©”. With the
increased accessibility of smartphones and remote sensing
platforms, individuals and local communities will be able
to provide data on soil contamination, which will help fill
data gaps, especially in remote or underserved regions.
This crowdsourced data can be incorporated into Al mod-
els, further enhancing the accuracy and scalability of con-

tamination predictions.

Lastly, explainable AI will enhance the interpret-
ability and transparency of Al models as it continues to

[ AT will assist in developing trust among the

develop
stakeholders, including policymakers and environmental
managers, and allow them to make more effective deci-
sions by shedding light on how Al models generate predic-
tions. Data-driven, informed decision-making for soil con-
tamination management and remediation will be enabled

by integrating Al with geospatial models.

6. Conclusions

Heavy metal contamination of soil is a growing en-
vironmental challenge that poses serious threats to the en-
vironment, human health, and food safety. Conventional
techniques for predicting and monitoring soil contamina-
tion, however important, are proving inadequate to serve
the needs of large, dynamic environmental systems. With
the increased complexity and spread of soil pollution in
the future, the next-generation technologies, specifically
geospatial tools and Al-driven models, provide a good per-
spective to fill the gaps in the existing monitoring practic-
es.

The combination of geospatial techniques, including
remote sensing, GIS, and spatial modeling, with Al tech-
nologies represents a new approach to predicting heavy
metal contamination in soil. Geospatial tools can provide
spatial context, allowing hotspots of contamination to
be identified and the distribution of contamination to be
mapped. In contrast, Al models are good at processing
complex, multi-dimensional data, identifying patterns, and
making predictions. The combination of these technologies
provides greater accuracy, improved prognostic prediction,
and scalability, making environmental management and in-
tervention measures more effective.

Nevertheless, several challenges remain, including
data quality, computational complexity, and the interpret-
ability of Al models. Recent efforts to integrate explain-
able Al (XAI) into health risk modeling and to develop
automated GIS-based hazard assessment tools represent
important steps toward overcoming these barriers, yet
cross-scale prediction, linking local sampling data with
regional-scale models—remains a persistent challenge. It

will be important to overcome these barriers to realize the
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full potential of these next-generation methods. With the
future progress of remote sensing, big data analytics, and  [2]
Al, geospatial and Al synergy will provide more valuable
data to inform proactive, effective action to maintain soil
health, safeguard human health, and ensure sustainable
land-use practices.

In summary, the combination of geospatial and Al
technologies represents a revolutionary change in how soil
heavy metal contamination is predicted and controlled.
Further research and development in this field will cer-
tainly help make environmental monitoring more efficient,
providing the necessary means to fight soil pollution on an

international level.
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