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Abstract: Lead ion (Pb*) contamination in agricultural soils poses serious risks to ecosystem stability and
human health due to its persistence and bioaccumulative toxicity. Traditional detection techniques are constrained
by complex sample preparation, matrix interference, long analysis cycles, and limited in situ applicability. To
overcome these limitations, artificial intelligence (Al)-based approaches have been increasingly adopted. Given
the heterogeneity of agricultural soils and sensing signals, model selection is inherently scenario-specific:
Support vector machine/support vector regression are suitable for complex matrices and multi-ion interference;
artificial neural networks are preferred for low-concentration or multi-ion detection; convolutional neural
networks are effective for high-dimensional, weak, or multi-modal signals; and least absolute shrinkage and
selection operator/Ridge methods enable rapid, low-cost field screening. The performance of Al models depends
on key factors—such as training dataset, hyperparameter optimization, and validation metrics. Coordinated
optimization of these parameters enables robust, precise, and interpretable Pb*" quantification. Al applications
in soil Pb* detection are categorized into three main approaches: (i) single-modality approaches enhance
sensitivity and specificity to address Pb** alloying and weak signal issues; (ii) multi-modal fusion strategies
effectively mitigate interferences from complex soil matrices; and (iii) automated integrated platforms enable
fast, field-deployable analyses while minimizing manual intervention. The approaches form a coherent technical
chain that progressively addresses key bottlenecks in agricultural soil Pb?* detection. Nevertheless, research in
this area still faces challenges, including field adaptability, chemical speciation decoupling, and interference
under variable soil conditions. Future research should focus on synergistic strategies that integrate materials,
Al and field applications. This review provides a targeted reference for the accurate tracking and control of Pb**
contamination in farmland soils.

Keywords: Agricultural soils; Lead ion contamination; Artificial intelligence-based detection techniques; Meta-
evaluation of artificial intelligence-based techniques; Applications of lead ion detection
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1. Introduction

As a core dynamic natural entity on the Earth’s surface
that underpins crop growth, agricultural soil plays a
fundamental role in sustaining plant development and
ensuring food security by regulating nutrient cycling,
water retention, and biological activity.' Its formation is
attributed to the long-term integrated effects of multiple
factors, including climate, biological processes, parent
material, and topography.? Agricultural soil serves
as a critical interface linking the farmland biosphere,
atmosphere, and hydrosphere.® Its quality exerts a direct
impact on the quality of farmland aquatic environments
and surrounding atmospheric environments, thereby
triggering cascading effects on the health of farmland
ecosystems, the safety of crops, and the health of
humans and animals.*

However, with the advancement of the Industrial
Revolution and the Green Revolution, the scale
and intensity of chemical production, extraction,
application, and disposal have increased dramatically.®
Against this backdrop, the sources of pollutants in
agricultural soils have become increasingly diverse,
encompassing both anthropogenic inputs and naturally
occurring contaminants, thereby exacerbating the
pollution burden on farmland soils.® Anthropogenic
pollutants are spread through inadequate management
of urban and hazardous wastes, the exploitation of
minerals and raw materials, and their direct introduction
through agricultural practices.” In addition, natural
pollutants are also released in farmland areas, for
instance, through the weathering of parent materials
that liberate heavy metals, the enrichment of metals in
regions with high geological background levels, or the
deposition of volcanic ash and aeolian dust carrying
elemental constituents.® The continuous accumulation
of contaminants in agricultural soils has progressively
exceeded their environmental carrying capacity, posing
serious threats not only to crop growth but also to water,
air, and biological communities.” At present, the complex
and combined contamination of agricultural soils has
emerged as a central issue in global environmental
research.

Among the diverse pollutant systems entering
agricultural soil environments, heavy metals—
characterized by their strong stability, high accumulation
potential, and bioavailability—have emerged as the
predominant contaminant form.!° They exert profound
impacts on the structural integrity of agricultural soil
ecosystems and the safety of agricultural products. In
addition, heavy metals pose serious threats to human

health.!! Lead ion (Pb*") is a significant focus of
research on heavy metal pollution due to its widespread
presence and strong bioaccumulative toxicity.'> The
toxicity of Pb?" to agricultural ecosystems exhibits
pronounced specificity. In crops, Pb** in soils may
inhibit chlorophyll synthesis and cell division, induce
oxidative stress and reactive oxygen species production,
reduce photosynthetic efficiency, and lower fruit set,
with severe exposure potentially causing plant death.'

In humans, children absorb Pb* at a much higher
rate (40-50%) compared to adults (3—10%).'"*15 After
consuming lead-contaminated agricultural products,
lead (Pb) accumulates in bones and impairs neural
development.'® In addition, Pb** exposure in adults likely
results in liver and kidney damage, and inorganic Pb
has been classified as a Group 2A probable carcinogen,
posing long-term health risks to populations exposed
through contaminated food.'*!

Efforts such as ensuring agricultural product safety,
maintaining farmland ecosystem health, and supporting
soil remediation require accurate, efficient, and spatially
representative detection of Pb* in agricultural soils.
Conventional methods for detecting heavy metal ions
involve collecting soil samples through field drilling,
which are then analyzed in laboratories using techniques
such as inductively coupled plasma mass spectrometry
(ICP-MS), atomic absorption spectroscopy (AAS),
atomic emission spectroscopy, and X-ray fluorescence
spectroscopy (XRF)."” These methods offer high
accuracy and sensitivity. However, although these
techniques are applied to agricultural soils, they still
face several limitations. Spatial variability across
farmland plots and single-point sampling fail to capture
the heterogeneous distribution of contaminants.'®
Furthermore, the sampling and analysis processes are
time-consuming, labor-intensive, and costly, generate
secondary waste, and cannot provide real-time guidance
for field management.'” Baydarashvili et al.** proposed
a hydrated silicate-based method for soil heavy metal
detection, employing color changes from interactions
between heavy metal ions and silicate materials as
indicators. While simple, cost-effective, and suitable
for rapid screening, its sensitivity is insufficient for
detecting the low Pb concentrations required for
agricultural product safety.

Recent advances in artificial intelligence (Al)
provide new opportunities to overcome these
limitations. Al spans key areas such as natural language
processing, computer vision, robotics, planning, and
expert systems.”! Through algorithms and models, these
technologies enable the processing of multi-source
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data, feature recognition, and trend prediction.?? Their
capabilities for efficiently handling large heterogeneous
datasets and automatically identifying complex features
make them highly suitable for agricultural soil detection.
They generalize across different scenarios and provide
real-time analysis, meeting the needs for in-field
monitoring, accurate data, and visualization results.?*
By integrating sensor and interactive technologies,
spectral and elemental data obtained in the field using
portable devices, including XRF and near-infrared
spectroscopy, are collected for analysis.”® Machine
learning algorithms (e.g., random forests [RFs] and
neural networks) then process these data to achieve
precise detection of key heavy metals.?>2

Despite these advances, Al-based Pb** detection
in agricultural soils remains underdeveloped. Most
existing Al studies focus on aqueous systems, while
soil-specific challenges—including complex matrices,
multi-ion interference, Pb?" speciation effects, and
limited model interpretability—are insufficiently
addressed. Current research is fragmented, with a lack
of systematic integration of Pb?*-specific bottlenecks,
interpretable Al frameworks, and standardized pathways
for field deployment. Pb*" is the key contaminant in
agricultural soils and requires efficient and accurate
detection methods. Developing such methods is crucial
for protecting farmland ecosystems, ensuring the safety
of agricultural products, safeguarding public health,
and promoting sustainable agricultural development.
This study systematically reviews the research progress,
technical challenges, and future directions of Al-based
Pb?* detection in agricultural soils. It aims to provide
both theoretical guidance and practical insights for
advancing Pb*" detection in agricultural soils, thereby
supporting sustainable agricultural development.

2. Agricultural soil lead ion contamination

Agricultural soil, a foundational component that
sustains food security and maintains the stability
of agricultural ecosystems, plays a crucial role in
determining the sustainability of agricultural production
and the integrity of regional ecological systems. Yet,
under the combined pressures of intensive farming,
industrial emissions, and domestic waste accumulation,
the issue of agricultural soil contamination has become
increasingly pronounced. This challenge now stands
as a major environmental concern that limits the
progress of green agriculture and poses a significant
threat to human well-being. Agricultural soil pollution
typically encompasses heavy metal pollution, organic

pollution, and emerging microplastic pollution. Among
these, heavy metals—due to their chemical stability
and bioaccumulation potential—constitute the most
persistent threat to the soil-crop system.

Compared with common heavy metals such as
cadmium (Cd) and zinc (Zn), Pb is more easily
immobilized in soil with weaker mobility. Once
accumulated, it is difficult to remove, and its residual
period is much longer than that of most heavy metals.?’
Specifically, after entering the soil, the immobilization
of Pb?" is primarily achieved through chemical binding
with organic matter, and is supplemented by carbonate
precipitation and adsorption by hydrated metal oxides.?
Due to its limited mobility and pronounced surface
enrichment effect, coupled with an exceptionally long
half-life of up to 2,000 years in soil, Pb*" is regarded
as a classic severe soil contaminant.? Furthermore,
Pb* migrates and accumulates through the soil-plant
system. Key links in its entry into the food chain from
the environment include the passive diffusion and active
uptake of Pb* by plant roots via Zn-iron (Fe) permease/
natural resistance-associated macrophage protein
transporters, which also serve as important pathways for
human intake of Pb** through food.**3! Pb* pollution
poses a long-term, multi-system, multi-organ threat to
biological organisms and human health, and even low-
level exposure may result in irreversible damage.

The sources of heavy metal contamination in
agricultural soils are mainly classified into natural and
anthropogenic categories.” Human activities are the
dominant drivers of most heavy metal pollution, whereas
natural contributions are relatively minor. This pattern
has been consistently observed in monitoring studies
of agricultural soils across multiple regions worldwide.
Historically, large-scale agricultural activities driven by
humans have employed substantial amounts of Pb*'-
based insecticides and modern agricultural chemicals
containing Pb*" impurities, resulting in the continuous
accumulation of Pb in agricultural soils.*?

In terms of fertilizers, phosphate fertilizers often
contain Pb* and Cd* impurities originating from
the phosphate rock used as the raw material.>* The
continuous application of these fertilizers progressively
raises the concentrations of these heavy metals in the
soil. Research has shown that Pb** levels in soils reach up
to 1.9 times the regional background value, while Cd**
concentrations exceed the agricultural soil risk screening
threshold.>>*¢ In addition, excessive application of
micronutrient fertilizers enriched with Zn>* and copper
ions (Cu®") further elevates their accumulation in soil,
aggravating heavy metal enrichment in localized areas.
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Furthermore, industrial activities are one of the major
driving factors of heavy metal pollution in agricultural
soils. Pollutants from industries such as metallurgy,
electroplating, and coatings contain substantial amounts
of Pb.* The contribution of industrial sources to
soil metal ions is illustrated in Figure 1. Quantitative
assessments conducted via the positive matrix
factorization model indicate that industrial sources
account for approximately 59.60% of accumulated Pb**
in soil, with Cd*" and chromium ions (Cr*") contributing
approximately 59.70% and 35.50%, respectively.®’
When industrial wastewater is used for irrigation of
farmland without adequate treatment, it introduces
heavy metals into the soil system. In many industrial
areas across Europe, farmland adjacent to factories has
been subject to long-term industrial discharge, causing
markedly higher concentrations of Cd*" and arsenic ions
that exceed local agricultural soil quality standards and
give rise to regional heavy metal pollution hotspots.*®

In addition, transportation activities also contribute
to the entry of heavy metal pollutants into agricultural
soils. Although leaded gasoline has been gradually
banned in most regions worldwide, historical Pb*
deposition from its combustion, Zn?** released from tire
wear, and Cu®" from brake component abrasion still
reach farmland near roads through atmospheric dry and
wet deposition or surface runoftf.* In soils, these metals
largely persist in low-solubility forms—Pb often occurs
as stable compounds (e.g., PbCO; and Pb;[PO%), and
Zn** associates with clay particles to form relatively
immobile complexes.** Monitoring of farmland adjacent
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Figure 1. Percentage and absolute contributions of
industrial sources to soil metal ions.’” Data compiled
from Ref.*” and illustrated by the authors.
Abbreviations: Cd: Cadmium; Co:  Cobalt;
Cr: Chromium; Cu: Copper; Ni: Nickel; Pb: Lead;
Zn: Zinc

to roads at site 3 1 E shows that surface soil concentrations
of Pb*" and Zn*" are 2.3- and 1.8-fold higher than in
fields farther away, respectively, with contamination
decreasing progressively with distance from the road.?¢4!

Overall, agricultural soil constitutes the foundation
of food security and the core hub of material cycling
within farmland ecosystems, integrating the roles of
production support, ecological regulation, and strategic
resource storage. Its quality is fundamentally connected
to the safety of agricultural products and human health.
Currently, agricultural soils are threatened by Pb**
contamination, which, due to its persistence and strong
bioaccumulation potential, poses the most enduring risk
to the soil-crop system. Pb*" has become a major focus
in studies of agricultural soil pollution because of its
widespread occurrence, high toxicity, long half-life, and
strong retention in soil environments. Therefore, this
review primarily focuses on Pb*".

3. Agricultural soil lead ion detection
technologies

3.1. Traditional methods

Heavy metal detection in agricultural soils is typically
organized around the core framework of “sample
pretreatment—separation-detection.” The central objective
is to realize efficient isolation of metals from complex
soil matrices while maintaining precise qualitative and
quantitative determination, thus fulfilling the demands
of trace analysis and adaptation to heterogeneous
substrates.*

During the pretreatment phase, research and
technological development focus on removing
interfering substances and effectively concentrating
metals. Density separation, oil-assisted extraction,
and electrostatic separation techniques are the major
approaches. Hot plate digestion represents a classical
approach, utilizing strong acids (e.g., nitric acid,
hydrofluoric acid, and perchloric acid) with continuous
heating over several hours to decompose the matrix.*
However, this method consumes large volumes of
solvents and may cause volatilization losses of thermally
unstable metals. Microwave digestion enhances mass
transfer through the application of microwave energy,
completing digestion within 5-30 min while reducing
solvent use to 10-30 mL.** Recoveries for elements
like Pb** and Cr** reach 88-98%, substantially
outperforming traditional hot plate digestion. Water
bath digestion is widely applied to lightly contaminated
soils for extracting easily soluble metals.**¢ It is simple
to operate but exhibits lower digestion efficiency.
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In addition, sequential extraction methods—
including the classic Tessier five-step procedure and
the Community bureau of reference (BCR) three-step
protocol—allow heavy metals to be classified into distinct
chemical forms (e.g., exchangeable, carbonate-bound,
and Fe-manganese oxide-bound), providing essential
data for evaluating the bioavailability of elements like
Pb. Nevertheless, the reagents used in these procedures
lack strict selectivity, which may trigger redistribution
of metals within the soil matrix. The degree of such
interference varies among different metals, contributing
to potential errors in speciation analysis.

In the analytical phase, the pursuit of high sensitivity
and selectivity is paramount. The predominant detection
techniques are generally divided into spectroscopic and
electrochemical categories. Within the spectroscopic
group, ICP-MS stands out for its exceptional sensitivity,
achieving detection limits as low as 107°-10712 g’kg.*748
It allows for simultaneous multi-element determination
and isotopic characterization, which makes it especially
effective for ultra-trace analysis of heavy metals such as
Cd and mercury.*** However, its practical use is limited
by the considerable cost of the equipment and the need
for operators with advanced technical expertise.

Inductively coupled plasma atomic emission
spectrometry offers a broad linear dynamic range,
typically spanning 4—6 orders of magnitude, and is well
adapted for simultaneous determination of multiple
elements at medium to high concentrations.*'*> However,
its analytical performance is hindered by spectral
interferences. In comparison, AAS, encompassing both
flame and graphite furnace modes, demonstrates strong
selectivity.”® Graphite furnace AAS reaches detection
limits in the range of 1072 to 107° g’kg, which renders
it well suited for trace detection of elements like Pb and
Cd.>* Tts main limitation, however, lies in the fact that
only one element is measured at a time. XRF eliminates
the need for sample digestion, allowing in situ screening
to be completed within seconds to minutes, and facilitates
rapid preliminary assessments of contamination
hotspots.” Nevertheless, its analytical reliability is
greatly influenced by matrix effects involving soil
organic matter and moisture content, and its response to
light elements remains comparatively low.

Electrochemical techniques, such as anodic stripping
voltammetry, employ a preconcentration step to lower
detection limits to the range of 10°-107° g'kg.>>¢
The instrumentation is portable and cost-effective,
making it well-suited for on-site rapid measurements.
However, the method is susceptible to interference
from coexisting ions.

In practical soil heavy metal analysis, the detection
of Pb?" poses greater challenges compared with other
elements, forming a key bottleneck that constrains both
accuracy and stability. This issue manifests across three
specific dimensions. On the one hand, Pb** loss and
speciation interference during the pretreatment stage are
difficult to control. Due to its high volatility, Pb tends
to be lost with acid vapors during hot plate digestion
at temperatures above 180°C, resulting in recoveries of
only 78-85%.°% Even when microwave digestion is
employed, variations in soil organic matter content may
lead to fluctuations in Pb recovery of 5-8%, considerably
higher than the variability observed for Cr** (2-3%)
and Cu*" (3-5%).* In sequential extraction procedures,
including the BCR method, Pb* exhibits even more
pronounced redistribution. For instance, the acetate
buffer (pH 5.0) simultaneously dissolves 10-15% of
both organically bound and carbonate-bound Pb*,
producing deviations in speciation analysis.>*>® This
deviation has a far greater impact on the assessment of
Pb*" bioavailability than it does for elements. On the
other hand, matrix interferences during instrumental
analysis of Pb*" are especially difficult to eliminate.
In inductively coupled plasma atomic emission
spectrometry measurements, the Fe 238.20 nm line
overlaps with the Pb?" 238.32 nm line.> Given that soil
Fe content commonly exceeds 20 g kg™!, Pb*" readings
are consequently overestimated by 15-25%, a bias that
conventional spectral subtraction techniques fail to
fully correct.”

In XRF analysis, soil organic matter strongly
influences the Pb** Lo characteristic line (10.55 keV).%°
For every 10% increase in organic matter content, the
relative error (RE) in Pb** measurement rises by 3—5%.
In agricultural soils with Pb** levels below 10 mg/kg,
this error likely expands to —20% to 10%, whereas Cr**
is less influenced by organic matter, exhibiting only
—5% to 5% error.*® During AAS detection, aluminum
tends to form thermally stable alloys with Pb*, reducing
atomization efficiency. The addition of a releasing
agent is necessary, but it may introduce background
absorption interference for Cd*".

Trace-level detection of Pb* shows poor
consistency. For example, measurements of Pb’" in
the same agricultural soil by XRF and ICP-MS differ
by approximately 24%, with an F-test confirming
a significant difference (p<0.05).* By comparison,
inter-method discrepancies for Cr** and Cu?' are only
5-10%.%3*  Moreover, variations in pretreatment
parameters (e.g., digestion temperature, acid volume)
and instrument settings among different operators result
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in a relative standard deviation (RSD) of 5-8% for Pb**
measurements, exceeding the variability observed for
other heavy metals.®!

Traditional methods for detecting Pb** in agricultural
soils face significant challenges, being complex, time-
consuming, and prone to partial Pb* loss. Moreover,
Pb* may undergo speciation redistribution during
pre-treatment and within complex soils, leading to
poor consistency and limited precision in trace-level
measurements. Addressing these limitations through
optimized pre-treatment, improved analytical methods,
and robust detection technologies is essential for
accurate Pb?" risk assessment in agricultural soils.

3.2. Al-based soil contamination detection
technologies

3.2.1. Al-based technologies

Al-based technologies have emerged as a fundamental
tool in soil science, providing data-driven modeling
approaches that underpin precise and multidimensional
soil management. Their applications primarily
concentrate on two major areas: (i) prediction and
evaluation of soil properties and (ii) management and
dynamic monitoring of soil systems. The effectiveness of
Al-based technologies strongly depends on appropriate
model selection, as different algorithms exhibit distinct
strengths under specific detection scenarios.

Regarding soil property prediction and evaluation,
artificial neural networks (ANNSs) integrate readily
measurable parameters to estimate indicators that are
difficult to obtain quickly, such as hydraulic conductivity
and field water-holding capacity.”> When combined
with digital terrain models, ANNs promote the spatial
accuracy of soil enzyme activity mapping.®® In contrast,
convolutional neural networks (CNNs) utilize visible and
near-infrared spectral data to simultaneously estimate soil
organic carbon, resulting in a reduction of approximately
30% in prediction error for deep soil carbon compared to
traditional approaches.®* CNNs enhance the accuracy of
soil organic carbon detection through spectral data. RF
and fuzzy logic systems assist in soil quality classification
and preliminary pollution risk assessment. The RF model
classifies soil quality based on indicators such as pH and
organic matter, performing better than support vector
machines (SVMs), while fuzzy logic systems are capable
of identifying contaminated soils and evaluating risks
using only a limited set of parameters.

In the field of soil management and dynamic
monitoring, management-oriented modeling integrated
with Al optimizes nitrogen fertilizer application
to mitigate leaching, whereas Al-based analysis

of soil-mineral interfacial interactions supports
carbon sequestration. Portable Internet-of-Things-
integrated Al systems (e.g., Agropad) enable the rapid
assessment of key soil parameters, and soil digital twin
technologies are capable of simulating dynamic soil
processes.® Collectively, these advancements drive
the modernization of agricultural soil management.
Preventing and controlling soil pollution represents
a critical component in safeguarding agricultural soil
health. Al-based soil pollution detection technologies,
capable of overcoming the limitations of traditional
methods—including low efficiency and limited
resistance to interference—have emerged as a major
focus in contemporary soil science due to their ability to
accurately identify pollutant types and concentrations.
Nevertheless, realizing rapid and precise detection of
soil contamination remains a major bottleneck.

For soil heavy metal detection, Al refines the core
workflow of “signal analysis—interference control-
concentration prediction,” thereby addressing the
constraints of traditional methods in accuracy, efficiency,
and generalizability.® This is particularly evident for
Pb*, where targeted technological optimizations have
substantially strengthened detection performance. In
spectral and electrochemical signal processing, CNNs
combined with convolutional autoencoders execute
dimensionality reduction and feature extraction on
high-dimensional visible-near-infrared spectroscopy
data. This effectively removes interference from soil
organic matter and moisture, providing high estimation
accuracy for Pb*, arsenic ions, and Cu? in mining
soils. The models reach coefficients of determination
(R?) of 0.82-0.86. Specifically, the Pb**-focused model
achieves an R? of 0.82, explaining 82% of the variability
in Pb** concentration, and yields a root mean square error
(RMSE) of only 0.63 ppm, indicating minimal random
error in concentration prediction.®” This performance
markedly surpasses that of traditional ANNs and RF
regression.

Signal overlap of Pb?*, Cu*', and Zn?" often interferes
with Cd*" detection, as Pb*" signals are easily masked,
causing quantitative deviations. SVM and RF models
facilitate the disentanglement of non-linear relationships
between current signals and interferences, which
markedly increases the recovery of exchangeable heavy
metals to 94.1-99.8%. Pb?* recovery reaches 98.8%,
approaching the ideal value, and the corresponding
concentration shows minimal deviation, ensuring
accurate quantitative analysis.

In the concentration prediction and model
optimization phase, the extremely randomized trees
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(ExtraTrees) model integrates exchangeable heavy
metal concentrations, soil properties (e.g., clay content,
cation exchange capacity), and elemental descriptors
to predict total heavy metal concentrations in soils at a
global scale.®*’® The model demonstrates high accuracy
on the test set, with an R* of 0.90, explaining 90% of
the variability in total soil heavy metal concentrations.”!
The predictions for typical heavy metals, including Pb*",
show excellent fitting performance. SHapley Additive
exPlanations (SHAP) values and partial dependence
plots highlight exchangeable concentrations and
elemental magnetic moments as key driving factors.
Among them, the exchangeable Pb?* concentration
contributes most linearly to total Pb*" levels, providing
essential data support for tracing Pb*" pollution sources.
Meanwhile, Bayesian optimization efficiently selects
model hyperparameters, reducing computational cost
by over 60% compared with traditional grid search, and
enhancing the model’s generalization ability for Pb*
prediction across different soil types.”

In summary, traditional methods, based on a “sample
pretreatment-instrumental ~ analysis”  framework,
have matured for heavy metals, yet they generally
involve complex preparation, long analysis cycles, and
susceptibility to matrix interference. Pb?*" detection
remains challenging due to volatility and the overlap of
multi-ion signals, highlighting a critical knowledge gap.
Al approaches enhance signal interpretation and image
analysis, optimizing efficiency and robustness. Notably,
Al offers targeted solutions for the key difficulties in
Pb* measurement, justifying the focus of this study on
its application for precise and high-throughput soil Pb**
monitoring. In preliminary Pb* detection, multiple Al
models are typically employed to address the challenges
posed by weak signals, high interference, complex soil
matrices, and diverse field conditions.

3.2.2. Key parameters affecting lead ion detection

(a) Training data sets
The performance of soil Pb** detection models
strongly depends on the extent to which the training
dataset captures the complexity of the matrix.”
For relatively simple sandy soils with low organic
matter content (<3%), linear or weakly non-linear
models, such as least absolute shrinkage and
selection operator (Lasso) or Ridge (regularized
linear regression variants), typically require no
fewer than 35 effective samples to achieve stable
predictive performance.”’ In contrast, for clay-
rich soils with high organic matter (>5%), where
organic complexation, clay adsorption, and

(b)

multi-ion interference are more pronounced, non-
linear models like SVM or CNN generally need at
least 64 orthogonal experimental samples to ensure
sufficient generalization.”>’® The training dataset
should systematically encompass variations in soil
texture (e.g., sandy, clayey, and loamy), organic
matter content (1-10%), and Pb* concentration
ranges (0.1 nM—1,000 uM), enabling the models
to adapt effectively to typical agricultural soil
matrices.”

During dataset partitioning and model validation,
the principle of consistent concentration distribution
should be followed to avoid sample bias. Single-
modality detection techniques, such as ANN,
commonly adopt an 80:20 random split,”” whereas
multi-modal data, such as spectral—electrochemical
fused CNN, are better suited to a 3:1 SPXY(sample
set partitioning based on XY distances) partitioning
method to preserve both feature—space and
concentration—space consistency.”® Furthermore,
model validation should employ a dual-system
approach combining laboratory standard samples
and actual soil specimens. The soil samples should
span a range of pH conditions (4.5-8.0) and
typical interfering ion concentrations (Cu*/Zn*":
50-350 ug/L) to rigorously assess the model’s
robustness against soil-specific interferences.”
Hyperparameter settings

Hyperparameter settings critically determine a
model’s capacity to resolve Pb?* signals and resist
matrix-induced interference. These settings should
be tailored according to soil physicochemical
properties, such as organic matter content and pH,
as well as the type of sensing modality, including
spectral, electrochemical, or visual signals.

In SVM/support vector regression (SVR) models,
the radial basis function (RBF) kernel penalty
parameter C typically ranges from 1 to 50. For
soil spectral signals with low noise, smaller values
(1-5) of C are preferred, while electrochemical
signals subject to significant multi-ion interference
require larger C values (20-30) to enhance model
fitting.”>7® The kernel coefficient y is generally set
between 0.01 and 0.5. High-dimensional spectral
data often adopt y = 1/(feature dimension x variance)
to prevent overfitting.” However, low-dimensional
peak area features typically use 0.3—0.5 to improve
signal discrimination (064). Parameter optimization
methods include grid search, particle swarm
optimization (PSO), and Bayesian optimization.
Grid search is suitable for low-dimensional
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parameter spaces, PSO performs well for non-
linear, multi-interference scenarios, and Bayesian
optimization effectively reduces computational cost
while maintaining high predictive accuracy in high-
dimensional feature settings.
Key hyperparameters of ANN (e.g., multilayer
perceptron [MLP]) models include the number of
hidden layer nodes (4-20), learning rate (0.001-0.1),
and regularization strength  (0.0001-0.01).%°
Scenarios involving multi-ion detection or signal
superposition typically require more hidden nodes
(8-20), whereas weak spectral signals benefit from
lower learning rates to improve fitting accuracy. In
soils with high organic matter or salinity, applying
L2 regularization and selecting A through cross-
validation can effectively mitigate overfitting
caused by matrix-induced noise.*'
Convolutional neural network model parameters
balance feature extraction and hardware constraints.
Convolutional kernels are typically 3 x 3 with 32—-64
filters, with larger sizes used for complex matrices.®
Dropout rates are set at 0.2—0.3 to reduce overfitting,
batch sizes are typically 16-32, and training
epochs may reach 80-100 for low-concentration
Pb?* detection.”* Common optimization strategies
include random search, early stopping, and model
pruning. Pruning effectively reduces model size
while maintaining accuracy, which enhances field
deployment efficiency.
In addition, Lasso/Ridge regression typically uses
a = 0.001-0.1 to remove scattered or background
interference  features.®*  Conversely, Ridge
regression often adopts oo = 0.5-1.0 for visual or
colorimetric signals to mitigate signal drift induced
by salinity.* In soils with high organic matter or
salinity, regularization strength (C, 4, or o) should
be appropriately increased to suppress matrix-
induced noise. Alternatively, for low-concentration
Pb*" detection (<1 nM), a lower learning rate and
extended training epochs are required to enhance
the model’s sensitivity to weak signals.

(c) Validation metrics
Model performance evaluation is recommended
to address three dimensions: accuracy, anti-
interference capability, and practicality. Accuracy
is typically assessed using R* > 0.93 and RMSE
< 15 ug/L.>% Anti-interference capability is
quantified by RE < 6.5% and RSD < 8%.%%
Practicality focuses on recovery rate (95-105%)
and single-sample detection time (<75 min).* All
measurements are benchmarked against ICP-MS,

AAS, or XRF, and deviations in actual soil samples
are controlled within 5% to ensure reliability and
traceability for agricultural pollution assessment.”
As a whole, Pb* detection performance in
agricultural soils arises from the interplay of
training dataset design, hyperparameter tuning, and
validation strategy rather than any single model.
Comprehensive training samples capturing soil
matrix variability and interference are essential
for stable generalization. Hyperparameters aligned
with soil properties and sensor signals govern the
model’s ability to resolve multi-ion interference and
weak Pb* signals. Standardized, multidimensional
performance metrics ensure comparability and
transferability in field applications. Coordinated
optimization of these factors lays a solid foundation
for translating Al models from laboratory validation
to reliable field deployment.

3.2.3. The interpretability of Al-based models

In soil Pb*" detection, existing Al models exhibit three
major categories of interpretability challenges. First,
the characterization of interference sources remains
ambiguous. For example, Liu er al.” reported that a
feature-SVR model selected numerous Pb?**-related
features, yet the high contribution of specific potential
intervals lacked mechanistic justification, and the temporal
effects of the interfering ion Cu*" were not explicitly
represented. Second, the linkage to chemical speciation
is insufficient. In the ANN model developed by Kudr
et al.,” prediction accuracy declined in soils with high
organic matter content, failing to capture the influence of
organic binding on the bioavailable Pb*" fraction. Third,
field adaptability is questionable. The Lasso regression
proposed by Yu et al.”* showed pronounced performance
variability across soil types, while explanations for
salinity interference or for adjustments of regularization
parameters were largely absent.

In response to these issues, prior studies have
explored interpretability from the perspectives
of features, decision processes, and chemical
mechanisms. At the feature level, methods such as
SHAP are employed to quantify the contributions
of input variables. For instance, ANN-based models
are able to identify Cu?' interference thresholds and
rationalize the selection of Pb*" stripping peaks. At
the decision level, tools including local interpretable
model-agnostic explanations are used to construct local
linear approximations, linking abrupt variations in
fluorescence or colorimetric signals to changes in Pb**
concentration. Coupling with chemical mechanisms
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further integrates stripping thermodynamic parameters

or alloy adsorption principles into model architectures,

aligning predictions closely with electrochemical
theory, which enhances their verifiability.

Based on the analysis of interpretability limitations in
existing Al models for soil Pb?* detection, four optimization
directions are proposed to enhance interpretability:

(1) Hybrid models with embedded physical mechanisms:
Incorporate  electrochemical or  spectroscopic
parameters as constraint layers within Al architectures,
thereby endowing model parameters with clear
physical meaning while reducing reliance on labeled
data.

(i) Hierarchical SHAP for interference tracing:
Develop a layered SHAP framework to quantify
and accurately trace the contributions of matrix and
ionic interferences.

(ii1) Region-adaptive meta-learning framework:
Combine meta-learning with local interpretability
techniques to enable rapid adaptation across soils
from different regions and generate site-specific
explanation reports.

(iv) Chemistry-signal mapping database: Establish
a reference linking Pb* chemical forms to
detection signals, allowing models to output
both concentration and speciation proportions,
supporting pollution risk assessment.

In summary, by integrating feature contribution
analysis, decision visualization, chemical mechanism
embedding, and database support, Al models can
transition from black-box predictions to a mechanism-
driven, multidimensional interpretability framework.
This approach enables traceable interference sources,
improved regional adaptability, and explicit links to
chemical speciation, providing a robust foundation for
precise detection and field-level application.

4. Al-based techniques: Meta-evaluation for
lead ion detection in agricultural soils

4.1. Evaluation of the relationship between
Al-based techniques and lead ion detection
Agricultural soils present several critical challenges for
Pb*" detection. These include complex matrices with
coexisting clay minerals and organic matter, significant
multi-ion interference, and the need for high adaptability
in field measurements. To tackle these issues, various
Al techniques have been applied, exhibiting notable
performance advantages. The characteristics and
suitability of different approaches are summarized as
follows:

(a) Support vector machine and support vector regression
Support vector machine and its regression variant
(SVR) employ kernels to map low-dimensional
sensor signals into high-dimensional feature spaces.
This enables non-linear fitting of Pb** signals while
effectively handling multi-ion interference and
matrix-induced noise. Baseline correction and
feature selection help mitigate interference from
organic fluorescence and clay scattering. Studies
indicate that, for Cu?"/Pb*" interference in high-
organic soils, Feature-SVR reduces detection error
by 83% and achieves a recovery rate of 107.10%."
RBF-SVM models across varying pH conditions
improve accuracy by approximately 27% in red and
alluvial soils.”® Rapid parameter optimization allows
SVR to meet real-time requirements for automated
devices, shortening single-sample detection time
from 45 s to 12 s while maintaining R*> =~ 0.975.7>%
Overall, SVM/SVR exhibit strong adaptability to
complex matrices and multi-ion interference, with
feature selection and parameter tuning being key
factors for performance enhancement.

(b) Artificial neural networks
Multilayer perceptrons separate Pb** signals from
other ions through non-linear transformations
in hidden layers, while regularization strategies
suppress overfitting caused by matrix noise. In
scenarios with multi-ion coexistence or cross-
reactive sensor arrays, ANNs achieve high-precision
detection with R*> > 0.99, maintaining sensitivity
to low-concentration signals.””* Their multilayer
topology and strong signal decoupling capability
make ANNSs particularly effective for detecting low-
concentration Pb?** amid multiple interfering ions.
However, training duration and parameter selection
markedly influence model performance.

(c) Convolutional neural networks
One-dimensional ~ convolutional  architectures
automatically extract deep features from high-
dimensional sensor signals, efficiently handling weak
Pb?**signalsin surface-enhanced Raman spectroscopy
(SERS) spectra or multi-modal data. Dropout layers
and model pruning suppress overfitting and reduce
model size, facilitating deployment on portable
detection devices. Experiments demonstrate that
CNNs achieve detection limits as low as 0.4 nM in
sandy and high-organic soils, improve resistance to
scattering interference by 40%, and substantially
accelerate detection.”*”® When CNNs excel with
high-dimensional, weak, and multi-modal signals,
they require relatively high computational resources.
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(d) Regularized linear regression variants
The least absolute shrinkage and selection operator
induces sparsity in feature weights, thereby
removing soil matrix-related interference features.
By comparison, Ridge constrains the squared
magnitude of coefficients to improve model stability
under signal fluctuations. Both methods exhibit
low computational complexity and are readily
deployable on smart terminals, enabling rapid
and low-cost in-field detection. In high-salinity
soils or during in situ sampling, Lasso and Ridge
achieve R? values above 0.99 and markedly reduce
detection errors.”” These models are particularly
suitable for cost-sensitive and rapid field screening,
with performance being most strongly influenced
by feature selection and regularization strength.
Taken together, Al techniques show differentiated
suitability for Pb?* detection in agricultural soils. SVM/
SVR excel under complex matrices and multi-ion
interference. ANN is beneficial for multi-ion coexistence
and low Pb?*" levels. CNN is advantageous for high-
dimensional weak and multi-modal signals, while
Lasso/Ridge support low-cost and rapid field screening.
Across methods, functional feature preprocessing
and targeted parameter optimization are essential for
soil adaptability, enabling reduced detection errors,
improved recovery, and practical field deployment.

4.2. A meta-evaluation of soil lead ion detection
performance

Based on a systematic review and comparative analysis
of existing studies, the key performance metrics of
various Al models for Pb?* detection in agricultural
soils are summarized in Table 1. The meta-analysis
reveals notable differences among models. Although

all optimize for Pb?*-specific response features, they
differ in detection sensitivity, interference resistance,
operational efficiency, and engineering feasibility. These
differences highlight each model’s practical limits and
trade-offs in field applications.

Based on Table 1, RBF-SVM performs robustly
under complex matrices and multi-ion interference,
but declines at ultra-low Pb*" concentrations and high-
salinity conditions. ANN (MLP) enables accurate
topsoil screening with strong signal decoupling, yet
relies on large training sets. CNN excels in high-organic
soils with enhanced weak-signal detection, though it
requires high-cost computational resources. Lasso/
Ridge regression offers fast, low-cost field screening
but loses accuracy under strong interference. Hybrid
Wavelet-Support  Vector Regression (H-W-SVR)
balances sensitivity and engineering feasibility, meeting
typical soil Pb*" background levels, though cross-soil
generalization needs improvement.

In summary, the strengths of Al models for Pb*
detection in agricultural soils lie not in single metrics,
but in their adaptation to specific soil types, interference
levels, and use scenarios. Complex models excel in high-
precision analysis of low-concentration Pb*" in organic-
rich soils, while lightweight models suit rapid, low-cost
field screening. Future Pb* detection should move
from individual model optimization toward integrated
“model-soil-engineering” design to simultaneously
enhance sensitivity, robustness, and scalability.

4.3. Technical bottlenecks in lead ion detection and
Al-driven breakthrough

The environmental chemistry of Pb*—characterized
by strong alloying tendency, high affinity for organic
matter, and weak-acid-dominated dissolution—creates

Table 1. Comparative performance of artificial intelligence-based models for lead ion detection in

agricultural soils

Performance metrics SVM (RBF) ANN (MLP) CNN Lasso/ridge regression

Quantitative accuracy  LOD=5.7+4.8 Nm; LOD=6.3+5.5 nM; LOD=0.4+0.1 nM; LOD=0.05+0.01 nM;
R*=0.94+0.04 R*=0.93+0.05 R*=0.98+0.01 R*>=0.99+0.003

Interference resistance ~ RE=5.2+1.0% RE=6.5+2.0% RE=3.84+0.5% RE=2.1+0.3%

Detection efficiency 25410 min 15£7.5 min 35£15 min 10£5 min

Equipment cost (RMB) 50,000-150,000 <50,000 >200,000 <30,000

Soil scenario Detection in complex Rapid screening in ~ High-precision detection On-site, low-cost in situ

adaptability matrices with surface soils in high-organic-matter ~ detection

multi-ion interference

soils

Note: Data adapted from Refs.’>7475.78

Abbreviations: ANN: Artificial neural network; CNN: Convolutional neural network; Lasso: Least absolute shrinkage and selection
operator; LOD: Limit of detection; MLP: Multilayer perception; RBF: Radial basis function; RE: Relative error.

Volume 23 Issue 2 (2026) 10

doi: 10.36922/AJWEP025460350


https://dx.doi.org/10.36922/AJWEP025460350

Al-based Pb** detection in agricultural soils

critical bottlenecks for its detection. To solve these
problems, Al-driven approaches leverage targeted
feature extraction and mechanism-informed constraints,
enhancing signal detection and model generalization.
Specific strategies include: extracting multidimensional
features of alloying peaks to mitigate peak distortion;
employing dual-mode signal fusion and regularization to
improve recognition of weak signals; and incorporating
regional soil physicochemical parameters to optimize
model generalizability.

A systematic summary of these technical bottlenecks
and corresponding Al solutions is presented in Table 2,
facilitating intuitive comparison of different Al
strategies and their effectiveness in Pb*" detection.

5. Application of Al in lead ion detection in
agricultural soils

Lead ion, as a representative non-biodegradable heavy
metal, may trigger neurotoxicity, impair renal function,
and accumulate within ecosystems even at sub-
nanomolar concentrations. This underscores the urgent
need for sensitive, on-site, and interference-resilient

detection in environmental monitoring. Agricultural soil
Pb?* analysis faces three primary challenges: Complex
matrices, interference from coexisting ions, and limited
field applicability. Coupling Al with diverse sensing
modalities—optical, electrochemical, and colorimetric
or fluorescent—enables the precise interpretation of
detection signals, systematic mitigation of confounding
factors, and automated workflows. Current approaches
are categorized into single-modality Al detection,
multi-modal Al fusion, and automated integrated Al
systems. These strategies span from foundational sensor
optimization to advanced interference management and
practical field deployment, forming a coherent technical
chain that progressively addresses key bottlenecks in
agricultural soil Pb*" detection.

5.1. Single-modality Al-based detection technology

Single-modality technology forms the fundamental
application of Alinsoil Pb** detection. Characteristic Pb*
signals are captured using a single sensing principle—
such as optical, electrochemical, or colorimetric/
fluorescent sensors analyzed via Al algorithms,
including ANNs, SVM, and Lasso regression—which

Table 2. Artificial intelligence-based strategies for addressing key challenges in lead ion detection

Technical bottleneck Pb*-specific manifestation Artificial intelligence breakthrough path
Multi-ion interference Cu?tforms Cu-Pb alloys, causing 1. Peak-area feature mining (A_algo-SVR): Capture
(mainly Cu*"/Zn*") peak shifts (—0.54V Pb*+peak Pb*+peak variations, RMSE reduced from 32.20 pg/L to

overlaps with Cu*+peak); high
Zn*+concentrations suppress Pb?*
stripping current

13.16 pg/L
2.2D-COS analysis of interference sequences: Prioritize
Cd**—Pb*—Bi3*—Cu’+correlated features

Strong matrix
adsorption (organic
matter/clay)

Pb*+binding to humic acids

baseline drift

(K=10*7) weakens signals (<5 pA at
<1 nM); clay minerals induce SERS

1. Dual-mode signal fusion
(fluorescence+electrochemistry): CNN extracts
1,050 cm—! Pb*+peak, MAE=0.60 pg/L

2. Swab-type COF sensor+Lasso regression: Remove
scattering redundancy, LOD=50 pM

Field signal fluctuation
(pH/salinity/dissolved
state)

Acidic red soils (pH <5.5) proton
interference; saline-alkaline soils
cause colorimetric signal drift
([G+B]/R+0.05)

1. Federated learning to update regional models: Optimize
proton interference correction for southern red soils, RE
reduced from 8.7% to 3.8%

2. H-W-SVR combining peak height+width: adapt to
weakly acidic dissolved Pb*, LOD=0.33 pg/L

Exchangeable Pb*+15.9-53.2%,
organic-bound 30-60%; models
cannot differentiate, causing
prediction bias >10%

Decoupling of chemical
speciation and measured
values

1. Coupling BCR-extracted data: Use exchangeable/
organic-bound fractions as constraints, ANN prediction
versus speciation analysis R>=0.98

2. LIME visualization: Interpret (G+B)/R inflection points
in relation to Pb?*-COF binding mechanism

Note: Adapted from Refs.”¥!

Abbreviations: ANN: Artificial neural network; B: Blue; BCR: Community Bureau of Reference; COF: Covalent organic framework;
COS: Correlation spectroscopy; G: Green; H-W-SVR: Hybrid Wavelet—Support Vector Regression; LIME: Local interpretable
model-agnostic explanations; LOD: Limit of detection; MAE: Mean absolute error; R: Red; RE: Relative error; RMSE: Root mean square
error; SERS: Surface-enhanced Raman spectroscopy; SVR: Support vector regression.
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are applied to enhance signal processing and improve
concentration prediction.”> This approach mainly
addresses the limitations of conventional single-modality
detection, including poor specificity and susceptibility
to single-source interferences. Considering the complex
composition of agricultural soils, these techniques
increase selective Pb** responses through algorithmic
refinement or sensor material modification, providing a
foundation for subsequent detection in more complex
matrices.

5.1.1. Optical single-modality Al-based detection of
lead ions in soils
Optical sensing techniques are widely employed in
soil Pb*" detection due to their rapid response and non-
contact operation. They generate characteristic signals
through optical interactions between Pb** and the sensing
material.”® Al algorithms are then applied to suppress
interferences from soil organic matter fluorescence and
particulate scattering, enabling accurate quantitative
analysis of Pb?".
(a) Fiber Bragg grating sensor-ANNs coupling
technology
The fiber Bragg grating (FBG)-ANN coupling
approach was developed by Ghosh et al.*’ as a Pb**
detection system based on a hybrid fiber grating
configuration, combining long-period gratings
(LPG) and FBG with nanocomposite materials
(Figure 2). A feedforward ANN was introduced to
calibrate the non-linear response, enabling accurate

Sensor module

Coated LPG FBG

D SMF Pigtail

*Q o .
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Figure 2. Schematic illustration of (A) the hybrid
fiber grating sensor device and (B) the operating
principle of the LPG. Image created by the authors.
Abbreviations: BB: Broadband light source; FBG: Fiber
Bragg gating; LPG: Long-period grating; OSA: Optical
spectrum analyzer; SMF: Single-mode fiber.

quantification of Pb*". In this design, the FBG
simultaneously monitors ambient temperature to
eliminate thermal cross-interference (Figure 2A). At
the same time, the LPG serves as the Pb*" detection
unit, with its surface coated by an ammonia-
doped graphene oxide-chitosan-polyacrylic acid
nanocomposite (Figure 2B). Both elements are
integrated in a single-mode optical fiber, and signal
acquisition is achieved using a 785 nm laser source
coupled with a spectrometer. The inset shows the
transmission spectrum of the hybrid fiber grating,
where the prominent peak corresponds to the LPG
and the smaller peak to the FBG. The multilayer
structure of the nanocomposite provides abundant
chelation sites, including —-NH, and -COOH, which
specifically bind Pb** and induce a shift in the LPG
cladding mode resonance wavelength. This design
achieves a sensor sensitivity of 2.547 nm/nM
and a limit of detection (LOD) as low as 0.5 nM,
outperforming conventional tilted FBG sensors
(LOD=1.2nM) and fiber surface plasmon resonance
sensors, which, despite a LOD of 0.158 nM, exhibit
a lower sensitivity of 2.101 nm/nM.

To mitigate non-linear responses caused by
heterogeneous Pb*" adsorption, a feedforward ANN
with two hidden layers (20 nodes each) was trained
using Pb** concentration and adsorption isotherm
data as inputs, with LPG LP,, wavelength shift
(ALyy) as output.”

Figure 3 illustrates the architecture of the ANN.
The predicted AL values exhibit a high correlation
with experimentally measured values, achieving a
correlation coefficient () of 0.9999.% Within the
0-5nM concentration range, the model demonstrates
excellent linear response performance, with a linear
fit R? value of 0.9969. This ANN model achieves
outstanding fitting accuracy for the Toth adsorption
isotherm, with an R? value as high as 0.9997. Its
exceptional fitting capability ensures detection
stability across the broad concentration range from
0.5 nM to 1,000 uM. As shown in Figure 3, the
sensor displays a strong linear response in the low
concentration range, where both the neural network
prediction curve and the Toth-fitted curve closely
match the experimental data. Moreover, the model
precisely captures the sensor’s non-linear response
characteristics (quantified by |AFBG—ALPGy|),
demonstrating outstanding consistency  with
observed results.

Although initially designed for aqueous systems, the
sensor is applicable to Pb?* detection in agricultural
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Figure 3. Schematic illustration of the artificial
neural network architecture. Image created by the
authors.

Abbreviations: C: Concentration; Expt.: Experiment;
HK: Hidden layer kernel; LA: Learning algorithm;
SI: Signal intensity; TO: Target output.

soil leachates by optimizing the nanocomposite
to resist adsorption by soil clay minerals, thereby
minimizing non-specific binding. The sensor’s
practicality was validated through spiked recovery
experiments in tap water. For Pb** spiked samples
at 0.5 nM, 5 nM, and 10 nM, the recoveries were
95.05%, 97.32%, and 98.72%, respectively, with
REs ranging from 2.48% to 12.85%. In selectivity
tests, the AAy response to 5 nM Pb** was
significantly higher than for interfering ions of the
same concentration, including Hg?*, Cu?", and Cd?*".
(b) Surface-enhanced Raman spectroscopy-machine
learning integrated technology
Park et al’® constructed a Pb*" detection system
by integrating SERS with machine learning. The
overall system architecture, sample preparation
procedure, and signal acquisition workflow are
clearly illustrated in Figure 4. The core experimental
setup consists of a 785 nm laser source (Figure 4A),
a commercial SERS substrate, and a spectrometer
(Figure 4B). For sample preparation, 2.5 uL of

Pb(NOs), solution was deposited onto the substrate
and allowed to air-dry at room temperature. During
detection, the laser power was maintained at
200 mW with a 500 ms exposure time, and signals
were collected every 10 s to prevent degradation.
They designed cross-batch benchmark datasets
(Batch 1 and Batch 2), each containing 500 negative
samples (Pb*" concentration <0.01 uM) and 1,500
positive samples (Pb** concentration > 0.01 uM),
with positive samples covering concentrations
of 0.01 uM, 0.1 uM, 10 uM, and 1,000 uM. This
design simulates device and operational variability
encountered in practical detection scenarios.”

To reduce the impact of background noise and
batch effects on SERS signal detection accuracy,
the study compared three preprocessing methods:
Raw data (RAW), power spectrum normalization
(PSN), and iterative constrained least squares
baseline correction (BC). The analysis revealed
that RAW data, containing substantial background
noise, led to overlapping clusters across batches,
whereas PSN excessively amplified noise, causing
the model to misclassify all samples as positive.
Conversely, BC effectively removed low-frequency
background noise, producing clear -clustering
boundaries between positive and negative samples
across batches, significantly reducing batch effects
and lowering background noise intensity by 52%
compared with raw data. The preprocessing effect
on Pb (NOs), SERS spectra is depicted in Figure 5.
For machine learning model selection, an RBF-
SVM was adopted, with £ regularization penalty
coefficient C = 1 and kernel coefficient y = 1/
(2,000%0,*) (04 representing spectral variance)
to balance model fitting and generalization.
Comparison with six other algorithms—Ilogistic
regression, linear kernel SVM, naive Bayes,
decision tree, RF, and MLP—demonstrated that
RBF-SVM performed best for Pb*" detection. Its
cross-batch average balanced accuracy reached
84.6%, outperforming MLP (82.5%) and NB
(78.9%). Notably, when Batch 2-trained models
were applied to Batch 1 samples, a remarkable
batch average balanced accuracy of 93.4% was
achieved.”

5.1.2 Electrochemical single-modality Al-based
detection of lead ions in soils

Electrochemical techniques, owing to their portability
and low cost, constitute a key approach for in situ
detection of Pb*" in soils. These methods rely on the
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Figure 4. (A) Schematic illustration of the proposed SERS-based Pb(NQOs), molecular detection system.
(B) Sample preparation and signal acquisition steps. (C) Hypothetical decision boundary learned by the

proposed RBF-SVM model. Adapted from Ref.

Abbreviations: 1D: One-dimensional; Ag: Silver; Pb(NO;),: Lead(Il) nitrate; RBF: Radial basis function;
SERS: Surface-enhanced Raman spectroscopy; SVM: Support vector machine.

redox reactions of Pb*" at the electrode surface to

generate current or potential signals. By integrating Al

algorithms, interferences from coexisting ions and soil

organic matter are efficiently suppressed, improving

detection accuracy.

(a) Thin-film mercury electrode-ANNs automated
electrochemical detection
Kudr et al”” engineered an automated
electrochemical detection system combining a
thin-film mercury electrode (TFME) with an ANN
for the simultaneous determination of Pb*, Zn*",
Cd*, and Cu?' in environmental samples. Its core
architecture, as illustrated in Figure 6, comprises
an electrochemical robotic platform (Figure 6A), a
three-electrode system (Figure 6B), and ANN-based
signal analysis (Figure 6C). This robotic platform
employs motorized x-, y-, and z-axis controls to
precisely position electrodes within a 24-well
microplate. The three-electrode system comprises
a TFME electrode with a carbon tip formed by
electrodeposited mercury as the working electrode,
a silver/silver chloride reference electrode, and a
platinum wire counter electrode. An automated
pipetting system permits the mixing of samples and

buffer solutions. Relative to bare carbon electrodes,
the TFME supplies a wide cathodic potential
window and high adsorption capacity due to the
mercury film, thus allowing the detection of metal
ion signals that bare electrodes cannot capture
and lowering the Pb** LOD from 0.2 ug/mL to
0.03 ug/mL.*

To mitigate signal interference in Pb** detection
arising from the coexistence of multiple metals,
initial attempts employed linear regression and
linear-exponential hybrid numerical regression
models. However, the R? value for Cu?>* concentration
was only 0.87, which is insufficient to meet the
accuracy requirements.”” Consequently, an MLP
type ANN model was constructed with a 4-8—4
architecture: four input neurons corresponding to
the peak heights of the four metals, eight hidden
neurons, and four output neurons representing the
metal concentrations, as illustrated in Figure 7.
An exponential activation function was applied in
the hidden layer, and a logistic activation function
was used in the output layer. After 1,237 training
cycles, the model achieved R? values above 0.99 for
the training, testing, and validation sets. The final
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Figure 5. D-tSNE embedding visualization of Pb (NO;), SERS spectra, showing (A, D) RAW, (B, E) PSN,
and (C, F) BC preprocessing methods. PCA embeddings were learned using 80% of the training data from
one batch, and the remaining 20% were projected using the learned PCA embedding. D-tSNE was then
applied for dimensionality reduction, preserving the intrinsic data distribution in the projected feature space.

Adapted from Ref™.
Abbreviations:

BC: Baseline correction; D-tSNE: Dynamic t-distributed stochastic neighbor embedding;

Pb (NOs),: Lead(Il) nitrate; PCA: Principal component analysis; PSN: Power spectrum normalization; RAW: Raw

data; SERS: Surface-enhanced Raman spectroscopy.

deployed model yielded an R? of 0.9933 for Pb*
detection. The model structure and test data are
illustrated in Figures 8B and C.

The system was successfully applied for Pb*
detection in three types of environmental and
biological samples. First, rock samples from
Madan, Croatia, and Panasqueira, Portugal,
containing minerals such as sphalerite and galena,
were analyzed. The Pb** content in galena samples
reached 37%, consistent with XRF measurements.”
Second, liver and brain tissues of 16-day-old chicken
embryos injected with Cd(NQO;), were examined,
and the measured Pb* concentrations differed by
<10% from AAS results.'” Third, 22 artificially
spiked plasma samples (Pb** concentrations ranging
from 0 to 6 ug/mL) were tested, with the ANN
model achieving an R* of 0.993 for Pb** detection.
Square wave anodic stripping voltammetry-machine
learning-based interference-resistant technology

(b)

In agricultural soils, the coexistence of Cu?* and
Pb** may generate Cu-Pb alloys that suppress Pb”
dissolution, while Zn** competes for electrode
active sites, resulting in square wave anodic
stripping voltammetry (SWASV) detection errors
exceeding 25%." To address these challenges, Liu
et al.” first employed two-dimensional correlation
spectroscopy to explore multi-ion interference
mechanisms. The analysis of the synchronous and
asynchronous spectra revealed that the interference
intensity followed the descending order of Cu?,
Zn*', and Cd*', suggesting that variations in the Pb**
peak current occurred earlier than those associated
with Zn*. To overcome the limited information
provided by peak currents, they selected 98
characteristic dissolution currents from a total of
281 full-range currents (—1.2 to 0.2 V) through an
RF algorithm.”>'” These currents captured both
target ion peaks and background interference.
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Based on these features, feature-RF (for Cd*") and
feature-SVR (for Pb*") models were developed.

The feature-SVR model for Pb* detection
employed an RBF kernel, with optimal parameters
determined via PSO. On the validation set, the
feature-SVR model for Pb*" detection achieved a
validation set coefficient of determination Rv’ of
0.992 and an RMSE of the validation set (RMSEV)
of 5.348 ug/L. Compared with the conventional
peak—SVR model (which had an RMSEV of
25.119 ug/L for Pb** detection), this represents an

approximately 4.70-fold improvement in detection
accuracy (calculated based on the reduction in
RMSEV). For practical evaluation, agricultural
soil extracts from two Chinese provinces
(Zn** 100-250 ug/L, Cu*" 50-125 ug/L) were
measured. SWASV signals were collected and
input into the feature-SVR model, producing Pb*
results with deviations of <5% relative to I[CP-MS
and recovery rates of 107.10%. Figure 8 depicts
the workflow of feature—SVR-based Pb** detection
applied to soil extracts.
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(c) Automatic peak-area extraction algorithm coupled (A,e) for Pb*, Zn*", Cd*', Bi**, and Cu**, combining
with support vector regression for square wave Savitzky—Golay (S—G) smoothing with the peakdet
anodic stripping voltammetry function for extreme point detection and iterative
Ye et al® sought to solve a key limitation of slope-matrix processing.
conventional SWASYV, where peak height signals are Using A, as input, an A,,,—SVR model was
highly susceptible to potential shifts caused by soil constructed. For Pb?" detection in soils, the model
pH variations. They proposed replacing peak height attained an R* of 0.98 and an RMSE of 13.12 pg/L,
with the dissolution peak area, which physically representing a 34% improvement over the
represents the total ion charge and exhibits stronger manually extracted peak height-based I..,—SVR
resistance to potential drift. A custom algorithm model (R? = 0.88, RMSE = 200 ug/L). The model
facilitated the automatic extraction of peak areas demonstrated higher stability, with only a 2.69 ug/L
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difference in RMSE between the calibration
and validation sets. Model wvalidation results
for Cd** and Pb** concentrations are illustrated
in Figures 8A and B. In applications to various
agricultural soils, this approach showed strong
adaptability. In southern red soils (pH 4.8-5.2) and
northern saline soils (pH 7.2-7.8), the predicted
Pb?* concentrations closely matched the measured
values, with deviations from ICP-MS results
ranging from 0.18 to 0.47 ug/L and an RSD of
1.83%, as shown in Figure 8C and D.
Potentiometric sensor array combined with an
ANNSs for simultaneous multi-ion detection

Wilson et al.*' engineered an array of nine polyvinyl
chloride membrane potentiometric  sensors,
comprising four Pb*-selective sensors, two Zn>*
sensors, one Cu?* sensor, one Cd** sensor, and two
general-purpose sensors. By leveraging sensor
cross-sensitivity and integrating their outputs with
an ANN, simultaneous multi-ion detection was
achieved. The sensor array exhibited a response
range for Pb?* from 1.0 x 10°to 1.0 x 102 mol/L,
with slopes close to the Nernstian response
(28.87-30.42 mV/dec). The ANN was trained using
Bayesian regularization, and the optimal network
topology was determined to be “9-6-4” (input-
hidden-output layers). For the external test set, the
predicted Pb*" concentrations yielded an R? value
of 0.99, with a slope of 1.03 and an intercept of
—6.39 x 1073, consistent with previously reported
findings.

In the analysis of real soil samples, this technique
was applied to eight roadside soil samples collected
from suburban areas of Barcelona, Spain. The
samples were digested using a mixture of 35%
hydrochloric acid and 65% nitric acid in a 3:1
(v/v) ratio. The resulting solutions were analyzed
using the potentiometric sensor array to obtain
electromotive force signals, which were then
processed by the pre-trained ANN model to estimate
Pb** concentrations. The predicted values were
subsequently compared with AAS measurements.
The results demonstrated a linear relationship
between the Pb?* concentrations determined by the
sensor array and the AAS reference values, described
by the regression equation Y = 1.07 (£0.14) X +
2.65 x 1072 (£5.98 x 107?), with R* = 0.950. Paired
t-test analysis yielded a calculated z-value of 0.12,
which is lower than the critical value (¢* = 2.36)
at seven degrees of freedom and a 95% confidence
level. The correlation between Pb*" concentrations

in soil samples and the reference values is depicted
in Figure 9. The detected Pb** concentrations
ranged from 6.60 to 36.10 mg/kg, with an RSD of
+3.70 mg/kg, well below the maximum permissible
limit of 300 mg/kg set by EU Directive 86/278/EEC.

5.1.3. Smartphone-coupled colorimetric and
Sfluorescence single-modality detection
The colorimetric- or fluorescence-based smartphone-
coupled single-modal detection technique combines the
visual advantages of colorimetric or fluorescent sensors
with the portability and accessibility of smartphones.
By employing Al algorithms to convert visual signals
into Pb* concentration data, this technique meets the
demand for rapid, on-site qualitative and quantitative
analysis of soil Pb*. This method does not require
large-scale instrumentation and is well-suited for use in
local agricultural settings.
(a) Fluorescence-smartphone dual-modal technology
based on polyimide covalent organic framework
Yu et al.”* synthesized a novel polyimide covalent
organic framework (COF) that exhibits strong
fluorescence at 496 nm on excitation at 436 nm.
The presence of Pb** reduces fluorescence intensity
through a combination of fluorescence resonance
energy transfer, photoinduced electron transfer,
and dynamic quenching mechanisms, while
simultaneously inducing a visible color change in
the solution from yellow to green.” Red—green—blue
(RGB) images were acquired using a smartphone at
a fixed working distance of 30.00 = 0.50 cm. The
operating principle of the fluorescence-smartphone
dual-modal platform is schematically represented
in Figure 10.
Yu et al.’™ employed a Lasso regression model,
utilizing the rate of fluorescence intensity change
and the (G + B)/R ratio as input variables, with
Pb*" concentrations ranging from 0.10 nM to 1 uM
as the output. In the analysis of Dianchi Lake
water samples, the model achieved recoveries of
104.00%, 102.10%, and 101.9% for 1, 5, and 10 nM
Pb*, respectively, with an RSD below 6.73%. The
LOD was 50 pM, which is well below the United
States Environmental Protection Agency drinking
water limit of 15 pug/L.
In addition, a swab-type sensor, prepared by coating
the COF onto a medical swab, was applied for
detecting Pb* residues on the floor of an electronics
factory. Following direct surface swabbing, the
collected samples were analyzed via smartphone-
based imaging, achieving 90% accuracy at 0.10 uM
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Pb**. Compared with conventional portable colorimetric probes. The presence of Pb*" induced
fluorometers, which require laboratory analysis and GNP aggregation, resulting in a distinct color change
approximately 1 h per measurement, this approach of the solution from red (absorption peak at 525 nm)
reduced analysis time by approximately 80%. to purple (absorption peak at 575 nm). Images
(b) Guanine-functionalized gold nanoparticle-based acquired using a smartphone (Samsung Galaxy
colorimetric smartphone technology A3) were processed using a custom-developed
Sajed et al.”® employed guanine-functionalized gold application to extract RGB features. To address the
nanoparticles (GNPs; diameter 18 + 1.20 nm) as non-linear relationship between RGB signals and
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Pb*" concentration, a non-linear regression model
(In[Pb*" concentration] = §,.X;) was constructed using
18 feature variables, achieving an LOD of 0.5 ppb
over a concentration range of 0.50-2,000 ppb.

The system achieved recoveries of 86%
(RSD = 2.70%) for 0.15 ppb Pb* spiked in tap
water from Tehran, Iran, and 93% (RSD = 2.40%)
for 15 ppb Pb* spiked in Zamzam water from
Mecca, Saudi Arabia, with deviations from ICP-MS
results below 5%. The predictive performance of the
model was validated in Figure 11, with correlation
coefficients exceeding 0.99 for both the training and
test datasets. Compared with conventional dithizone-
based colorimetric methods, which often exhibit
RSDs >10% and require toxic chloroform extraction,
this system demonstrates improved accuracy while
eliminating the risk of secondary contamination.

5.2. Multi-modal Al fusion detection technology

Single-modal techniques are prone to interference
from complex soil matrices, including fluorescence
quenching caused by high organic matter and electrode
passivation induced by high salinity, as well as the
synergistic effects of multiple interfering factors,
which reduce detection accuracy. Multi-modal fusion
technologies integrate two or more sensing signals based
on distinct principles. By exploiting the differential
responses of these signals to interference and applying
deep learning algorithms such as CNN to extract cross-
modal features, multi-modal approaches significantly
enhance the anti-interference capability and stability of

Prediction vs Ground-truth (Training dataset)

soil Pb?* detection. This strategy represents a promising
approach for addressing challenges associated with
complex soil matrices.

A typical example is the fluorescence-electrochemical
dual-modal sensor coupled with CNN technology. Wang
et al’® designed a dual-modal sensor that employs
etched CdTe/CdS quantum dots as the fluorescent
sensing material and gold electrodes modified with
sea urchin-like iron oxyhydroxide (FeOOH) as the
electrochemical sensing material (Figure 12). In the
fluorescent component, Cd** vacancies were created by
ethylenediaminetetraacetic acid etching. Filling these
vacancies with Cd*" restores fluorescence, whereas Pb?*
interferes by competitively binding to thiol ligands on the
quantum dot surface. In the electrochemical component,
the unique FeOOH structure enhances Pb*" adsorption
and produces stripping peaks within the potential range
of —0.3 to 0.1 V. The modification of sensing materials
and the detection procedure of the dual-modal sensor are
illustrated in the one-dimensional CNN model, which
was designed to predict Pb*" concentrations (10-49.10
ug/L) using fluorescence spectra (450-680 nm) and
electrochemical current curves. The model was trained on
44 sets of simulated water samples containing 10 mg/L
humic acid, producing an R? of 0.999 and a mean absolute
error (MAE) of 0.60 pug/L. This performance represents
an approximately 13-fold improvement over a linear
regression model (MAE = 8.22 ug/L).

In soil leachates containing 10 mg/L. humic acid
(Pb** 25 ug/L), the CNN model enabled direct
analysis without pre-treatment, providing a recovery
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of 98.60% with an RSD of 4.27%. By comparison,
single fluorescent sensors were adversely affected by
fluorescence quenching and competitive interference
from Pb*, commonly exhibiting recoveries of only
75-85%.

For seawater samples (salinity 35%, Pb** 30 pg/L),
the CNN model employed selective feature filtering
to mitigate the influence of chloride ions on the
electrochemical signal. The predicted results deviated
by <4% from ICP-MS measurements, whereas
conventional electrochemical sensors typically showed
REs exceeding 20% due to electrode passivation
induced by high salinity.

5.3. Automated integrated Al-based detection
system
Most of the single- and multi-modal techniques described

Ethylenediaminetetraacetic acid; FeOOH: Iron oxyhydroxide;
FL-EC: Fluorescence-electrochemical; QD: Quantum dot.

above still rely heavily on laboratory operations,
such as manual sample pre-treatment and instrument
calibration, which limits their suitability for rapid, multi-
site analysis of agricultural soils. Automated integrated
systems address these limitations by combining
modules for sample preparation, detection, and data
analysis, while leveraging Al algorithms to enable fully
automated workflows and real-time data interpretation.
This approach substantially reduces analysis time
and minimizes human intervention, serving as a key
platform for translating Al-based Pb*" detection from
the laboratory to in-field applications.

An illustrative example is a smartphone-controlled
automated integrated detection system. Liu et al®®
developed a smartphone-operated device that integrates
automated sample pre-treatment, SWASV detection, and
machine learning analysis. This system enables rapid,
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in-field determination of Pb?* in agricultural soils. The
core workflow is schematically illustrated in Figure 13,
showing the entire process from soil sampling to Pb*
concentration output without manual intervention.

The procedure includes ultrasound-assisted
extraction using an acetate buffer, vacuum filtration,
and ultraviolet photolysis of dissolved organic matter.
Ultrasound-assisted extraction was performed at 150 W
for 30 min using a 0.30 M acetate buffer (pH 5.0). This
approach enhanced extraction efficiency by 32-fold
relative to the conventional 16 h BCR method. The
weakly acidic soluble Pb*" fraction reached 17.13%,
significantly higher than the 11.85% obtained with the
BCR procedure.

The device and its smartphone application interface
demonstrate an integrated automated system for
the detection of heavy metals in soil. The hardware
incorporates an ultrasonic processor, vacuum pump,
ultraviolet photolysis module, and a custom-built
potentiostat. The application enables remote operation
of both sample pre-treatment and detection.

The Al component of this technology is centered
on the combination of a peak information acquisition
algorithm and machine learning models. The algorithm
first removes noise using Savitzky-Golay filtering and
then uses the Bi** peak as a reference to correct for peak
position shifts caused by potential drift. It automatically
identifies the peak heights and widths of Zn*", Cd*,
Pb?', and Cu?". Even when Cu?" concentrations are
below 25 ug/L and shoulder peaks are formed, the
algorithm accurately recognizes them wusing first-
derivative feature points. The extracted peak parameters
demonstrate strong consistency with manually obtained
values, with R? = 0.99 for peak heights and R> = 0.94 for

Start

peak widths. Based on these parameters, an H-W-SVR
model was constructed using peak heights and widths
as input variables.

For Pb® in agricultural soils, the model achieved
a validation set R*> of 0.94 and an RMSEV of
17.73 ug/L. This represents a 5.40% improvement in
stability relative to the H-SVR model using only peak
heights as input (R*> = 0.89, RMSEV = 23.27 ug/L).
In practical applications, the device was tested on
simulated contaminated samples of eight representative
Chinese soils, including red soil, black soil, and tidal
soil, each spiked with 200 pug/L Pb*". The measured
Pb?* concentrations showed no significant difference
from those obtained using the BCR-ICP-MS method
(¢ =10.040 < critical value 1.76), with spiked recoveries
reaching 105.19 £ 11.47%. Individual sample analysis
required only 75 min, corresponding to a 13.60-fold
improvement in efficiency compared with the
BCR-ICP-MS procedure, which takes 17 h per sample.

In summary, Al has been integrated with optical,
electrochemical, and colorimetric/fluorescent sensors to
detect Pb*"in agricultural soils. The framework includes
single-modality optimization, multi-modal fusion, and
fully automated processes. It enhances sensitivity, anti-
interference capability, and efficiency through precise
signal analysis. Some methods adapted to soil leachates
have shown preliminary field applicability, supporting
farmland contamination screening.

However, several limitations remain. One major
issue is limited adaptation to diverse soil matrices, as
most systems originate from aqueous Pb*" detection
and do not fully address interferences such as clay
adsorption or organic matter complexation. Another
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Figure 13. Workflow for the determination of weakly acid—soluble heavy metals in soil using the newly
designed integrated automated device. Image created by the authors.
Abbreviation: SWASV: Square wave anodic stripping voltammetry.
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concern is the lack of in situ detection, as many systems
rely on ultrasonic extraction or filtration. A further
challenge is the limited interpretability of Al models,
which provides little insight into soil-Pb interactions or
interference signals, thereby restricting deployment in
complex farmland environments.

6. Conclusion and future directions

6.1. Conclusion

This review systematically examines Al-based

techniques for Pb* detection in agricultural soils.

Traditional “sample pre-treatment-instrumental

analysis” methods are accurate but labor-intensive,

require laboratory settings, and are prone to matrix

interference or Pb volatilization. In contrast, Al-based

techniques efficiently extract information from

spectroscopic and electrochemical signals, overcoming

limitations. Their applications can be categorized into

three main strategies:

(i) Single-modality models, which improve sensitivity
and specificity.

(il)) Multi-modal fusion methods, which mitigate
interference from complex soil matrices.

(ii1) Fully automated platforms, which enable rapid,
field-deployable detection.

Together, these strategies form an integrated
framework from signal optimization to practical
deployment, supporting efficient farmland Pb*
screening. Despite progress, challenges remain. Existing
Al detection prototypes are largely based on aqueous
Pb* studies and, when applied to soils, primarily focus
on leachates, insufficiently addressing matrix-specific
interferences. In addition, optimization for diverse soils
is limited.

Automated systems reduce pre-treatment effort but
still rely on ultrasonic extraction or vacuum filtration,
preventing true in situ measurements and limiting the
monitoring of spatial heterogeneity. Furthermore, Al
models mainly predict Pb* concentrations with limited
interpretability of soil-Pb interactions or interference
signals, restricting their applicability in complex
farmland conditions.

6.2. Future directions

Future research on Pb** detection should emphasize
synergistic strategies integrating materials, Al, and
field applications. At the material level, amino-
functionalized COF probes targeting exchangeable
Pb*" enable selective detection, while CNN-based
automatic feature extraction enhances weak signals.

Degradable nanosensor arrays, coupled with unmanned
aerial vehicle remote sensing and ground-based Al
networks, can facilitate multi-scale mapping from
field plots to rhizosphere microzones. At the Al level,
hybrid models that combine physical constraints with
data-driven learning can embed stripping kinetics and
SERS characteristics, and leverage two-dimensional
correlation spectroscopy interference sequences to
quantify feature contributions, thereby advancing
both predictive accuracy and interpretability. For field
applications, assembling specialized training sets
across diverse soil types and chemical forms, alongside
dynamic updates via Internet-of-Things devices and
federated learning, can strengthen model stability and
generalization under complex environmental conditions.
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