
Academic Editor: Dusan Gleich

Received: 8 December 2025

Revised: 26 January 2026

Accepted: 28 January 2026

Published: 1 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Mapping Soil Trace Metals Using VIS–NIR–SWIR Spectroscopy
and Machine Learning in Aligudarz District, Western Iran
Saeid Pourmorad 1 , Samira Abbasi 2 and Luca Antonio Dimuccio 1,*

1 University of Coimbra, Centre of Studies in Geography and Spatial Planning (CEGOT), Department of
Geography and Tourism, Faculty of Arts and Humanities, 3004-530 Coimbra, Portugal;
uc2023140908@student.uc.pt

2 University of Coimbra, Department of Earth Sciences, Faculty of Science and Technology,
3030-790 Coimbra, Portugal; uc2025161649@student.uc.pt

* Correspondence: luca@ci.uc.pt

Highlights

What are the main findings?

• VIS–NIR–SWIR spectroscopy combined with ML (ANNs, SVR) accurately predicts
soil Cr, As, Cu, and Cd.

• Predicted spatial patterns match key geological features of the Sanandaj–Sirjan Zone
(western Iran).

What are the implications of the main findings?

• Provides a fast, non-destructive, and scalable alternative to laboratory geochemical assays.
• The workflow can be transferable to airborne and satellite hyperspectral missions for

large-area soil metal mapping.

Abstract

Detecting trace metals in soil across geologically diverse terrains remains challenging due
to complex mineral–metal interactions and the limited spatial coverage of traditional geo-
chemical tests. This study develops a scalable VIS–NIR–SWIR spectroscopy and machine
learning (ML) framework to predict and map soil concentrations of Cr, As, Cu, and Cd in
the Aligudarz District, located within the geotectonically complex Sanandaj–Sirjan Zone
of western Iran. Laboratory reflectance spectra (~350–2500 nm) obtained from 110 soil
samples were pre-processed using derivative filtering, scatter-correction techniques, and
genetic algorithm (GA)-based wavelength optimisation to enhance diagnostic absorption
features linked to Fe-oxides, clay minerals, and carbonates. Multiple ML-based approaches,
including artificial neural networks (ANNs), support vector regression (SVR), and partial
least squares regression (PLSR), as well as stepwise multiple linear regression (SMLR), were
compared using nested, spatial, and external validation. Nonlinear models, particularly
ANNs, exhibited the highest predictive accuracy, with strong generalisation confirmed
via an independent test set. GA-selected wavelengths and derivative-enhanced spectra
revealed mineralogical controls on metal retention, confirming that spectral predictions
reflect underlying geological processes. Ordinary kriging of spectral-ML residuals gener-
ated spatially consistent metal-distribution maps that aligned well with local and regional
geological features. The integrated framework demonstrates high predictive accuracy and
operational scalability, providing a reproducible, field-ready method for rapid geochemical
assessment. The findings highlight the potential of VIS–NIR–SWIR spectroscopy, combined
with advanced modelling and geostatistics, to support environmental monitoring, mineral
exploration, and risk assessment in geologically complex terrains.
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1. Introduction
Soil-borne trace metals, including chromium (Cr), copper (Cu), arsenic (As), and

cadmium (Cd), have a significant impact on environmental quality, ecosystem stability,
and human health [1–4]. Their mobility, bioavailability, and ecological effects are influ-
enced by complex interactions among mineralogical composition, redox conditions, and
sorption–desorption processes. Conventional laboratory-based geochemical methods, such
as inductively coupled plasma mass spectrometry (ICP-MS) and X-ray fluorescence (XRF),
offer precise quantitative measurements but are inherently destructive, costly, and limited
in spatial coverage, restricting their usefulness for large-scale environmental monitoring
and prompt risk assessment [5–7].

Reflectance spectroscopy across the visible, near-infrared, and shortwave infrared
(VIS–NIR–SWIR; ~400–2500 nm) spectral ranges has thus become a fast, non-invasive, and
scalable remote sensing method for characterising soil mineralogy and related geochemical
properties [8–12]. The physical basis of VIS–NIR–SWIR spectroscopy lies in electronic
transitions and molecular vibrational processes that give rise to diagnostic absorption
features linked to specific mineral components. In soils, Fe-oxides and hydroxides (e.g.,
hematite and goethite) dominate spectral behaviour in the VIS–NIR region via crystal-field
electronic transitions, resulting in broad absorptions between ~400 and 550 nm and dis-
tinctive reflectance shifts across the red/near-infrared boundary [13]. Conversely, clay
minerals and carbonates mainly influence the SWIR region, where overtone and combi-
nation absorptions of OH− and CO3

2− molecular bonds produce diagnostic features near
~1400 and ~1900 nm, as well as near ~2200–2250 nm for Al–OH–bearing phyllosilicates and
around ~2300–2350 nm for carbonate minerals [14]. In addition, moisture content decreases
reflectance across the entire spectrum, with a more pronounced effect on specific absorption
features near 1400 nm and 1900 nm, as well as throughout the SWIR region [15]. These
absorption mechanisms and their mineralogical relevance are well understood in rock and
mineral spectroscopy and underpin soil spectral interpretation within the VIS–NIR–SWIR
domain [8,9].

When combined with appropriate calibration and modelling strategies, VIS–NIR–
SWIR spectroscopy enables indirect estimation of trace-metal concentrations in soils, plants,
and rocks, offering strong potential for environmental monitoring and mineral explo-
ration [16–23]. However, most trace metals do not exhibit unique or directly observable
absorption features within the VIS–NIR–SWIR range. Their spectral detectability therefore
depends largely on indirect mineralogical proxies, such as Fe-oxides, hydroxides, and
phyllosilicates, which govern metal retention, adsorption, and co-precipitation processes in
soils [24,25]. This indirect spectral–geochemical relationship requires analytical frameworks
that prioritise robust spectral pre-processing to enhance subtle diagnostic features, trans-
parent and reproducible feature-selection strategies, and modelling approaches capable
of capturing high-dimensional and nonlinear relationships between spectral responses
and geochemical variables [23–26]. Recent studies have shown that derivative-based spec-
tral transformations and targeted wavelength selection can substantially improve model
stability, predictive accuracy, and physical interpretability [27–29].

Over the past decade, the integration of VIS–NIR–SWIR spectroscopy with machine
learning (ML) techniques has become increasingly common for soil geochemical characteri-
sation and for assessing mining-related contamination, demonstrating strong potential for
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predicting the levels of potentially toxic elements in various environments [30–32]. At the
same time, notable progress has been made in mineral exploration, including mapping Cu
mineralisation, identifying hazardous mineral fibres, and detecting regional hydrothermal
alteration zones [23,33–35]. Despite these advances, several methodological challenges still
exist. Many studies rely on single-model workflows, which limit systematic comparisons
of spectral pre-processing, feature selection, and modelling approaches, thereby reducing
reproducibility [36–41]. Model validation often remains limited to internal k-fold cross-
validation, with infrequent use of independent test sets, nested validation, and spatial or
block-based cross-validation, leading to overly optimistic accuracy estimates and limited
robustness assessment [42,43]. Moreover, spectroscopic predictions are often presented
without sufficient geological context, which diminishes their interpretability and opera-
tional usefulness for environmental monitoring and mineral exploration [42–45]. As a
result, issues related to reproducibility, transferability, and uncertainty quantification are
still widely acknowledged in the remote sensing literature (e.g., [16,19,46]).

To address these limitations, this study develops an integrated and reproducible
framework that combines VIS–NIR–SWIR spectroscopy, ML, and geostatistics to predict and
map soil trace-metal concentrations. The methodological innovation involves systematically
evaluating spectral pre-processing techniques, using genetic algorithms (GA) to optimise
wavelength selection, and comparing both linear and nonlinear modelling strategies within
a unified workflow. Modelling performance and robustness are assessed using nested,
spatial/block, and external validation strategies, and the results are interpreted within a
clear geological and mineralogical context. By explicitly linking spectral–ML predictions to
lithological and structural controls and integrating them with geostatistical interpolation,
the framework produces spatially consistent and physically interpretable maps of trace-
metal distribution.

The framework is applied to the Aligudarz District in Lorestan Province, western Iran,
situated within the Sanandaj–Sirjan zone of the Zagros orogenic belt. This region is char-
acterised by a complex tectono-magmatic history involving magmatism, metamorphism,
sedimentation, active faulting, and hydrothermal alteration, leading to significant spatial
heterogeneity and enrichment of Cr, As, Cu, and Cd [47–49]. Hydro-climatic variability
further influences trace-metal mobility, particularly Cr in ultramafic-hosted terrains [50,51],
making the area a challenging yet representative natural laboratory for testing predictive
geochemical mapping approaches under heterogeneous geological conditions.

Accordingly, the objectives of this study are: (1) to develop a reproducible VIS–NIR–
SWIR spectroscopy-ML modelling workflow for predicting soil Cr, As, Cu, and Cd con-
centrations; (2) to systematically evaluate the impact of spectral pre-processing, feature
selection, and modelling strategy on predictive performance; (3) to assess the robustness
and generalisation of modelling outcomes using nested, spatial/block, and external valida-
tion schemes; and (4) to integrate spectral–ML predictions with geostatistical interpolation
and geological information to produce spatially continuous and interpretable soil trace-
metal maps relevant to environmental monitoring, public health risk assessment, and
mineral exploration.

2. Regional Setting and Study Area
The study area is in the Aligudarz District of Lorestan Province, western Iran, within

49◦40′08′ ′–49◦41′10′ ′E and 33◦25′47′ ′–33◦26′38′ ′N (Figure 1). The landscape features
rugged mountains that rise to more than 2000 m. The average annual precipitation varies
from 450 to 800 mm in a temperate montane climate, resulting in distinct weathering
regimes that notably influence soil mineralogy and geochemistry [52].
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Shaped by long-term tectono-magmatic geological processes, the district lies within
the Sanandaj–Sirjan Zone (SSZ) of the Zagros orogen, a primary tectono-magmatic belt
formed through successive phases of convergence and continental collision between the
Arabian and Eurasian plates [47,49,53]. This evolution has produced a heterogeneous as-
semblage of Palaeozoic–Cenozoic igneous, metamorphic, and sedimentary units, extensive
fault networks, and chemically variable alteration zones, creating complex spatial patterns
in the near-surface geochemistry. Thus, the region contains extensive intrusive and vol-
canic rocks, including basalts, andesites, diorites, and granitic bodies, that record multiple
episodes of emplacement and deformation. Hydrothermal alteration linked to these units
has enhanced Cu–Cr enrichment through magmatic differentiation and fluid-mediated
remobilisation [54]. Iron-rich minerals such as magnetite and hematite are abundant and
exhibit distinctive VIS–NIR–SWIR spectral features that aid in predicting Cu and Cr. Meta-
morphic rocks, including schists, amphibolites, and gneisses, reflect high-temperature,
high-pressure tectono-thermal events within the SSZ [55]. Contact metamorphism be-
tween intrusions and carbonate hosts has generated skarn-type Cu–Cr systems [56]. These
metamorphic units contain chlorite, epidote, and amphibole, adding to spectral diversity
in the SWIR region and providing a valuable test of spectral modelling generalisation.
Jurassic–Neogene sedimentary successions, comprising sandstone, limestone, and shale,
are widespread. Carbonate and shale units may host As and Cd, mobilised through
weathering and leaching processes [48]. These lithologies induce subtle spectral variations
related to carbonate absorption and clay content, further increasing the heterogeneity of
the geochemical landscape.

 

Figure 1. The regional geographic location of the study area, the corresponding geological
map [47,49,57], and the spatial distribution of the 110 soil samples collected are shown.

Beyond its geological complexity, the SSZ is recognised as one of Iran’s most important
metallogenic belts, hosting numerous mineral deposits and small-scale mining operations
related to Cu, Fe, Cr, and associated trace elements [47,49]. In the study area, mineralisations
are primarily structurally controlled and linked to intrusive activity, alteration zones, and
fault-guided fluid pathways. Although large-scale industrial mining remains limited,

https://doi.org/10.3390/rs18030465

https://doi.org/10.3390/rs18030465


Remote Sens. 2026, 18, 465 5 of 31

historical and artisanal extraction, along with documented mineral prospects, indicate a
long-standing interaction between mineralised bedrock and surface environments. From an
environmental perspective, this context is vital: elevated soil concentrations of trace metals
may reflect natural geogenic enrichment rather than direct human activities, yet they still
pose potential ecological and human health risks when mobilised into soils, waters, and
food chains. This issue is particularly relevant in the context of Iran’s strategic objectives to
expand and modernise its mining sector, which includes increasing mineral production
and developing exploration and extraction activities in resource-rich regions such as the
Aligudarz District.

The regional active compressional tectonic regime promotes the movement of hy-
drothermal fluids through fractures, leading to structurally controlled enrichments of Cu,
Cr, and As [47,49]. These features create significant spatial anisotropy in trace-metal distri-
butions and induce spectral overprinting, facilitating a detailed assessment of geological
sensitivity in spectral modelling.

3. Materials and Methods
Figure 2 shows the main methodological stages and procedures of this investiga-

tion, highlighting (1) field sampling and laboratory analysis, (2) spectral data processing,
(3) model-building strategies, and (4) geostatistical integration and mapping.

 
Figure 2. Methodological flowchart used in this work (more details in the text).

All used analytical techniques, processing procedures, modelling parameters, and
spatial integration approaches were predefined to ensure reproducibility and prevent post
hoc adjustments [58–60].

3.1. Field Sampling and Laboratory Analysis

The sampling strategy was developed through a geological assessment of the study
area. A regional 1:100,000-scale geological map was examined to characterise the spa-
tial lithostratigraphic variability and the structural controls related to the SSZ [47,49,57]
(Figure 1). Additional insights from more recent structural and metallogenic studies have
further enhanced the understanding of the interactions among deformations, intrusive
activity, and hydrothermal processes in shaping the near-surface geochemical patterns of
the study area [61,62].
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In the field, 110 soil samples were collected across the study area as composite samples
from the continuous 10–20 cm depth interval. Material was extracted throughout the entire
interval and homogenised to reduce the influence of transient surface contamination and
organic inputs, while capturing the geochemically active sub-surface soil horizon. This
depth range was selected to ensure consistency among samples and to represent soil lay-
ers most relevant to weathering processes, trace-metal mobility, and surface–subsurface
geochemical interactions (e.g., [7]). Sampling locations were selected using a stratified
random design, in which the study area was first divided into spatial domains defined by
lithostratigraphic units, major structural features, and hydrothermal alteration (metallo-
genic) zones. Within each sampling domain, locations were randomly assigned to ensure
unbiased spatial coverage while maintaining geological representativeness. This method
aimed to capture both regional- and local-scale variability related to lithology, structure,
and alteration intensity. All samples were georeferenced, and lithological attributes along
with structural context were recorded during fieldwork to support the interpretation of the
predictive geochemical maps.

Concentrations of Cr, Cu, As, and Cd were measured at the Geological Survey of
Iran, Central Laboratory, in Tehran. Before analysis, soil samples were oven-dried at
40–45 ◦C, homogenised, sieved through a 2-mm nylon mesh, and then ground to less
than 75 µm using an agate mill to prevent metal contamination. For ICP–MS analysis,
approximately 0.5 g of homogenised soil sample was digested with a multi-acid proto-
col (HF–HNO3–HClO4) in a closed-vessel microwave digestion system (Milestone Ethos
UP, Sorisole, Italy). Major and trace element concentrations were analysed using an Agi-
lent 7900 ICP–MS (Santa Clara, CA, USA), following internationally recognised protocols
for soil geochemistry. Sample preparation, digestion, calibration, and quality control
procedures adhered to U.S. Environmental Protection Agency (EPA) methods for total
metal determination in soils (e.g., EPA Method 3052) and relevant ISO standards for el-
emental analysis in solid matrices (e.g., ISO 17294-2 and ISO 11466). Detection limits
for the instruments typically were Cr < 0.2 mg/kg, Cu < 0.1 mg/kg, As < 0.05 mg/kg,
and Cd < 0.01 mg/kg. Analytical precision, evaluated through repeated measurements
of certified reference materials (NIST 2711a, GBW 07405), was generally better than 5%.
To independently verify the ICP–MS results and ensure inter-instrument consistency, X-
ray fluorescence analyses were performed using a PANalytical Axios FAST wavelength-
dispersive XRF (WD-XRF) spectrometer (Malvern Panalytical, Almelo, The Netherlands)
(see https://www.malvernpanalytical.com/en/products/product-range/axios-fast (ac-
cessed on 10 January 2026)), operated under vacuum conditions on pressed powder pellets.
The XRF analytical uncertainty for the target elements was less than 3%. Quality assurance
and quality control included instrument calibration with multi-element standards, proce-
dural blanks, laboratory duplicates (10% of all samples), and certified reference materials
to guarantee accuracy and reproducibility of the geochemical dataset.

After data acquisition, geochemical raw data were subjected to statistical analy-
sis, including Pearson’s correlation to elucidate relationships among elements within
the dataset [63,64], and a one-way analysis of variance (ANOVA) (see https://www.
sciencedirect.com/topics/psychology/analysis-of-variance (accessed on 10 January 2026))
to assess spatial variation across data subsets [65–67].

3.2. Spectral Data Processing

VIS–NIR–SWIR reflectance spectra were acquired in the laboratory using an ASD
FieldSpec® 3 spectroradiometer (Analytical Spectral Devices, Boulder, CO, USA; see
www.asdi.com), covering the spectral range of ~350–2500 nm. Measurements were per-
formed under consistent lighting conditions and free from atmospheric interference. Prior
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to each measurement, the instrument was calibrated using a Spectralon white reference
panel (Labsphere, Inc., North Sutton, NH, USA) to ensure radiometric accuracy. A uniform
spectral geometry was maintained with a probe height of approximately 30 cm and an
illumination incidence angle of 30◦, using a fixed measurement stand to ensure consistency
across samples. Each sample was scanned three times, and the average spectrum was calcu-
lated after discarding any spurious or noisy scans [21,68]. Although the mid-infrared (MIR)
region beyond 2500 nm was inaccessible, the SWIR range encompasses many diagnostic
overtones and combination bands related to Fe-oxides, hydroxyl-bearing minerals, and clay
structures, which are key indicators of trace-metal adsorption mechanisms in soils [69–71].

Mineralogical interpretation and spectral identification were supported by reference
spectral libraries, including the ASTER Spectral Library Version 2.0 [72] and the USGS
Spectral Library Version 7 [73]. These library spectra were supplemented by in-house
measurements of pure mineral standards under controlled laboratory conditions. All
reference spectra were acquired at the same resolution as the sample measurements (3 nm
in the VIS–NIR, 10 nm in the SWIR).

Spectral pre-processing aimed to reduce noise, correct scattering effects, and enhance
diagnostic absorption features while preserving spectral interpretability. Raw spectra
were trimmed to 400–2450 nm to remove detector-edge noise and spectral overlap arte-
facts [74,75], then smoothed using a Savitzky–Golay filter (window size = 11, polynomial
order = 2) [58]. First- and second-derivative transformations were applied to highlight
broad, overlapping absorption bands typically associated with Fe-oxide and clay miner-
als [32,76]. Baseline offsets and scattering due to grain-size heterogeneity were corrected
using standard normal variate and multiplicative scatter correction sequentially [77,78],
improving visibility of subtle features critical for indirect geochemical modelling [79,80].
For interpretative and visualisation purposes, selected spectra were also expressed in ab-
sorbance units, calculated as A = log10(1/R), where R is reflectance. While reflectance is
the conventional representation for mineral spectral signatures, absorbance representation
enhances subtle absorption features by linearising weak spectral responses and reducing
continuum effects, particularly in the VIS and NIR regions. This transformation is widely
used in derivative-based spectral analysis and chemometric applications to improve the
identification of overlapping absorption bands associated with Fe-oxides, clay minerals,
and other indirect mineralogical proxies relevant to trace-metal retention. Importantly,
absorbance was derived directly from reflectance measurements and does not alter the
underlying spectral information used for modelling.

Outlier spectra were identified using Mahalanobis distance analysis within the princi-
pal component analysis (PCA) space [81]. PCA was also employed to characterise major
variance components and to facilitate reproducible calibration–validation partitioning [82],
serving as a quality-control step for internal spectral consistency.

Feature selection for predicting soil concentrations of Cr, Cu, As, and Cd was per-
formed using a genetic algorithm (GA) [36,83]. GA parameters included a population
size of 100, crossover probability of 0.8, mutation rate of 0.05, 100 generations, and 5-fold
RMSE cross-validation as the fitness criterion, balancing exploration and convergence while
reducing overfitting risk [28,84]. Only the GA-selected wavelength subsets were used as
inputs for spectral modelling.

3.3. Model-Building Strategies

Spectral ML-based modelling was conducted using artificial neural networks (ANNs),
support vector regression (SVR), and partial least squares regression (PLSR) approaches.
ANNs offer nonlinear, multilayer computational frameworks capable of learning com-
plex relationships between spectral variables and geochemical concentrations [85–87].
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The ANN architecture used was a two-layer feedforward network with 64 and 32 neu-
rons, respectively, and ReLU activations. ANN training employed the Adam optimiser
(learning rate = 0.001; batch size = 16), with early stopping to prevent overfitting. SVR,
based on statistical learning theory, utilises kernel functions to transform high-dimensional
spectral features into an optimised regression space while balancing model complex-
ity [88,89]. SVR was implemented with a radial basis function kernel, and optimal hyper-
parameters (C = 10, γ = 0.01, ε = 0.1) were identified using 5-fold cross-validation with a
grid search. PLSR, a commonly used latent-variable method, reduces spectral collinearity
by projecting predictors onto orthogonal components that maximise covariance with the
response [90,91]. PLSR employed the NIPALS algorithm [92], selecting 15 latent variables
based on the lowest cross-validated RMSE.

To provide a transparent statistical benchmark, stepwise multiple linear regression
(SMLR) was also utilised. Although not an ML technique, SMLR provides a clear linear
comparison with nonlinear approaches [93]. It iteratively selects significant predictors
using information-theoretical criteria, providing a complementary linear baseline [83].
SMLR was implemented using an AIC-based forward–backward procedure as described
in [94,95].

All models were trained using identical data partitions to enable fair comparison. The
dataset of 110 samples was divided into a calibration subset (85 samples; 77%) and an
internal validation subset (25 samples; 23%) using stratified random sampling to preserve
the distribution of element concentrations.

Modelling evaluation followed a multi-stage protocol aligned with best-practice guide-
lines for predictive modelling [96,97]. Nested cross-validation was used to separate hyper-
parameter tuning from unbiased performance estimation: a 5-fold inner loop optimised
ANNs and SVR hyperparameters and selected PLSR latent variables [98], while a 10-fold
outer loop generated independent estimates of predictive performance. Metrics included
the predictive coefficient of determination (R2

p), root mean square error of prediction
(RMSEP), and the ratio of performance to deviation (RPD), following [65,99].

To evaluate spatial transferability and reduce inflation caused by spatial autocorre-
lation, block-based cross-validation was used. Sampling locations were split into five
geographically contiguous subsets, each of which was excluded in turn to test robustness
across geological zones, following established procedures in geospatial modelling [100,101].
An external test set of 25 samples from outside the calibration area was also used to assess
regional generalisation, in line with hydrogeochemical modelling guidelines [102]. Cd
was excluded from external testing due to its narrow concentration range, which limited
meaningful extrapolation [103].

All modelling and evaluation procedures were conducted in Python (v. 3.10) using
scikit-learn (v. 1.3), Keras (v. 2.11) and statsmodels (v. 0.14) [104], as well as in MATLAB
R2022b. Fixed random seeds were applied to ensure reproducibility, following [105]. Pre-
processing configurations, wavelength-selection methods, and all modelling parameters
are summarised in Table S1 of the Supplementary Material for reproducibility.

3.4. Geostatistical Integration and Mapping

Spatial prediction grids for Cr, As, Cu, and Cd in the study area were created using
an integrated spectral–ML and geostatistical method based on residual ordinary kriging.
This method clearly separates the deterministic component captured by spectral–ML mod-
elling from the spatially autocorrelated component not explained by spectroscopy, thereby
preventing bias and double-counting of spatial trends.
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Formally, the observed concentration of a trace metal at location s can be expressed as:

Z(s) =
ˆ
ZML(s) + ε(s)

where

Z(s) is the true soil trace-metal concentration,
ˆ
ZML(s) is the concentration predicted by the spectral-ML modelling, and
ε(s) represent the residual component.

Residuals were calculated at each sampling location as:

ε(si) = Z(si)−
ˆ
ZML(si)

Ordinary kriging was then applied to the residuals because it offers optimal
linear unbiased predictions by explicitly modelling spatial dependence through the
variogram [59,106,107]. Experimental variograms were computed from the residuals for
each element, ensuring that the captured spatial structure reflected unexplained spatial
variability rather than deterministic patterns already accounted for by the spectral–ML
modelling. This residual-based approach is widely recommended when integrating ML
outputs with geostatistical interpolation to maintain statistical consistency and avoid
spatial overfitting.

Spherical variogram models were fitted because they best represented the short- to mid-
range spatial continuity observed in the study area, which is characteristic of structurally
controlled geochemical processes. Variogram parameters—including nugget, sill, partial
sill, and effective range [108,109]—were estimated using weighted least-squares fitting
of the experimental variograms. The resulting models exhibited stable structures and
physically meaningful spatial ranges for all analysed elements.

Residuals were interpolated at unsampled locations using the ordinary kriging estimator:

ε̂(s0) =
n

∑
i=1

λiε(si)

where λi are the kriging weights derived from the fitted variogram model, and n is the
number of neighbouring observations.

The final predicted trace-metal concentration at each grid cell was obtained by recom-
bining the spectral–ML prediction with the kriged residual:

ˆ
Z(s0) =

ˆ
ZML(s0) + ε̂(s0)

Continuous geochemical prediction surfaces on a regular spatial grid covering the
entire study area were generated. These kriged surfaces illustrate the predictive ability
of spectral-ML modelling and the spatial distribution of residuals, producing spatially
coherent maps suitable for assessing contamination gradients, identifying geochemically
anomalous zones, and supporting spatial risk evaluations.

4. Results
4.1. Geochemical Characterisation of Collected Samples

The raw results from the geochemical laboratory analysis are summarised in a com-
prehensive Table S2 of the Supplementary Material. Descriptive statistics for the entire
geochemical dataset are displayed in Table 1. These statistics show that Cr and Cu exhibit
relatively moderate variation, while As and Cd display higher coefficients of variation. The
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distributional patterns of all four selected elements generally resemble a normal distribu-
tion, supporting the use of both linear and nonlinear regression modelling approaches for
subsequent predictive analyses.

Table 1. Descriptive statistics results that were used to assess the distributional assumptions for
concentrations of selected heavy metals obtained from laboratory analyses of 110 soil samples
collected from the study area. Std. Dev. = Standard deviation; CV = Coefficient of variation.

Element Mean
(mg/kg)

Median
(mg/kg)

Mode
(mg/kg) Skewness Kurtosis Std. Dev.

(mg/kg) CV (%)

Cr 85 82 78 0.42 −0.8 15.0 17.6
Cu 70 68 65 0.15 −0.5 12.5 17.9
As 35 34 32 0.68 −0.3 10.5 30.0
Cd 2.5 2.3 2 0.51 0.1 0.8 32.0

The results of the Pearson correlation indicate moderate relationships between the
analysed metal pairs: Cr-Cu (0.58), Cr-As (0.41), Cr-Cd (0.65), Cu-As (0.44), Cu-Cd (0.69),
and As-Cd (0.55). This suggests partly shared mineralogical or geochemical controls
and highlights the low potential for multicollinearity among elemental concentrations.
Additionally, the ANOVA results show spatially significant heterogeneity for Cu and Cd
(p-values < 0.05), while Cr and As display more uniform distributions (p-values of 0.3
and 0.1, respectively). These statistical findings demonstrate that the geochemical dataset
collected exhibits sufficient variability, structure, and spatial differentiation across the study
area, supporting reliable spectral modelling.

4.2. Spectral Pre-Processing and Outlier Detection

The VIS–NIR–SWIR reflectance raw spectra of the collected samples showed significant
heterogeneity, reflecting the complex mineralogy of the study area. Variations in Fe-
oxide abundance, phyllosilicate hydration levels, and carbonate content caused systematic
differences in both albedo and absorption-band geometry, resulting in a diverse range of
spectral curves that form the foundation for all subsequent pre-processing steps (Figure 3).
These initial patterns observed in the raw and continuum-removed spectra highlight the
importance of thorough spectral conditioning before modelling.

Figure 3. Examples of VIS–NIR–SWIR reflectance spectra of representative soil samples collected
from the study area, demonstrating spectral variability linked to differences in mineralogical
composition (A). Continuum-removed spectra highlight diagnostic absorption features indicative of
the dominant mineral constituents in the soils (B). Key absorption features include Fe-oxide-related
bands in the visible spectrum (~450–550 nm), OH-related overtones of clay minerals (~1400 nm),
H2O-related absorptions (~1900 nm), Al–OH clay mineral features (~2200–2250 nm), and carbonate
and/or Mg–OH-related absorptions (~2300–2350 nm). Each coloured curve in both panels repre-
sents the same representative soil sample, with solid and dashed lines used solely to distinguish
individual samples.
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Figure 4 presents a PCA score plot highlighting several anomalous spectra from
collected samples that fall outside the 95% confidence ellipse, likely caused by illumination
artefacts, particle-size irregularities, or surface roughness. These outliers were removed to
avoid bias in subsequent modelling steps and to ensure the dataset’s statistical consistency.

 
Figure 4. PCA of the absorption spectra for the studied soil samples, showing a two-dimensional plot
of the first two principal components. Red circles indicate outliers, yellow circles represent calibration
samples (training set), and blue squares denote validation samples. The dashed ellipse marks the
95% confidence region of the main data distribution in the PCA space. This analysis was conducted
to reduce data dimensionality and enhance spectral feature extraction.

Following outlier removal, VIS–NIR–SWIR spectra were resampled at 10-nm intervals,
resulting in a harmonised dataset of 205 spectral variables per sample. This resampling
step improved numerical stability across applied algorithms by standardising dimensional-
ity. Derivative processing further emphasised diagnostic mineralogical features that had
previously been obscured by broad continuum curvature. Iron-oxide overtones near ap-
proximately 0.55 µm and the Al–OH/Mg–OH absorption complexes around 2.17–2.25 µm
became more visible, enabling more accurate identification of mineralogical controls on
trace-metal behaviour (Figures 5 and 6). The quantitative benefits of the pre-processing
sequence in spectral modelling are summarised in Table S3 of the Supplementary Material.

 

Figure 5. Raw absorption spectra of representative soil samples in the visible spectral range
(~400–700 nm) (A) and in the near-infrared to shortwave infrared range (~1100–2500 nm) (B), ex-
pressed in absorbance units (A = log10(1/R), where R is reflectance). Different coloured curves
represent individual soil samples and illustrate inter-sample spectral variability. The absorbance
representation is used here to enhance subtle and overlapping mineral absorption features and to fa-
cilitate comparison of spectral behaviour across samples. (A) highlights variability in Fe-oxide-related
absorption features in the visible range, while (B) emphasises absorption characteristics linked to
clay minerals, hydroxyl-bearing phases, and carbonates in the NIR–SWIR domain. In both (A) and
(B), wavelength (nm) is shown on the x-axis and absorbance on the y-axis.
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Figure 6. Second-derivative absorption spectra of representative soil samples in the visible spectral
range (~400–700 nm) (A), and in the near-infrared (~1100–2500 nm) (B). The spectra emphasise key
absorption features related to mineralogical and geochemical properties of the soils. In both (A) and
(B), the x-axis indicates wavelength (nm). Each coloured curve in the two graphs corresponds to the
same representative soil sample.

4.3. Spectral Feature Selection

Pre-processed VIS–NIR–SWIR spectra revealed distinct, element-specific wavelength
relationships that align with known mineralogical controls on trace-metal retention and
mobility in hydrothermally altered soils. These relationships only became apparent after
derivative transformation, which enhanced subtle, overlapping absorption features and
enabled the identification of diagnostically relevant spectral domains associated with Fe-
oxides, phyllosilicates, and carbonate-rich matrices. Since trace metals do not show direct
electronic absorptions in the VIS–NIR–SWIR range, their spectral predictability is inherently
indirect and is controlled by mineral phases that influence metal sorption, substitution, and
surface complexation.

Chromium showed notable spectral responses in the visible region around 540–560 nm,
near 1400 nm, and in the SWIR region around 2200 nm. The visible wavelengths correspond
to Fe-oxide-related ligand-field transitions, indicating Cr’s strong affinity for Fe-bearing
phases via substitution and adsorption mechanisms. The significance of the ~1400 nm
region does not denote direct Cr absorption but instead reflects OH-related absorptions in
clay minerals, such as kaolinite and smectite, which serve as indirect mineralogical proxies
that influence Cr retention. Similarly, the ~2200 nm region corresponds to Al–OH and
Mg–OH vibrational features typical of phyllosilicates that affect Cr distribution through
cation exchange and surface complexation.

Arsenic showed diagnostic spectral responses primarily in the visible spectrum, be-
tween approximately 460 and 580 nm. These wavelengths are associated with Fe-oxide
absorption features and are consistent with the well-documented regulation of As mobility
and accumulation by adsorption and co-precipitation on Fe-oxides. Additional contribu-
tions in the SWIR region further indicate the influence of clay minerals on As retention, rein-
forcing the indirect mineralogical basis of the observed spectral–geochemical relationships.
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Copper exhibited correlated spectral features at 470, 660, 1280, and 2210 nm, indicating
its association with hematite-rich, clay-dominated soil fractions. The features in the visible
region relate to Fe-oxides and organic–mineral complexes that influence Cu adsorption,
while the SWIR responses suggest the involvement of clay minerals and carbonate phases
that provide additional sorption sites under different geochemical conditions.

Cadmium, which has no direct absorptions in the VIS–NIR–SWIR domain, displayed
consistent spectral shoulders near 570 nm, around 920 nm, close to 1390 nm, and throughout
the 2200–2340 nm range. These wavelength regions are associated with Fe-oxides, phyl-
losilicates, and carbonate-related absorption bands, which serve as indirect mineralogical
indicators of Cd binding and retention via cation exchange and surface complexation.

The contribution of the ~1400 nm region indicates OH-related mineral absorptions
rather than moisture effects. All soil samples were oven-dried prior to spectral measurement
and analysed under controlled laboratory conditions, minimising the influence of soil
moisture and atmospheric water absorption near 1400 and 1900 nm. Moreover, spectral
trimming, scatter correction, and derivative pre-processing significantly reduced the impact
of residual water-related absorptions while highlighting mineral-specific spectral features
relevant for trace-metal estimation.

Additional support for these wavelength–metal relationships is provided by the
GA feature selection results (Figure 7), which identify spectral intervals exhibiting the
strongest covariance with laboratory-measured metal concentrations. The GA-selected
bands cluster within mineralogically interpretable absorption regions, reinforcing the
idea that trace-metal predictability in the VIS–NIR–SWIR spectrum arises from indirect
mineralogical proxies rather than metal-specific absorptions. Derivative-based correlation
analysis further clarifies these relationships (Figure 8), with each element (Cr, As, Cu, and
Cd) displaying distinct correlation peaks that coincide with Fe-oxide, Al–OH, and Mg–OH
absorption features.

 
Figure 7. Wavelength intervals identified by the GA and PLSR as the most informative spectral fea-
tures for predicting soil Cr concentrations from VIS–NIR–SWIR spectra using indirect mineralogical
proxies. The selected intervals largely match mineralogically diagnostic absorption characteristics, in-
cluding Fe-oxide-related electronic transitions in the visible range (~540–560 nm) and OH-related clay
mineral absorptions in the NIR–SWIR regions around ~1400 nm and ~2200–2250 nm. The distribution
of chosen wavelengths indicates that Cr predictability mainly depends on indirect mineralogical
proxies rather than direct spectral responses of chromium.
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Figure 8. First-derivative spectral correlation profiles between VIS–NIR–SWIR reflectance and
laboratory-measured concentrations of Cr (A), As (B), Cu (C), and Cd (D). Correlation maxima
generally occur near mineralogically interpretable absorption features, including Fe-oxide-related
ligand-field transitions in the visible region (~460–580 nm) and OH-bearing clay and carbonate ab-
sorptions in the NIR–SWIR regions (~1400, ~2200, and ~2300 nm). These element-specific correlation
patterns suggest that trace-metal predictability mainly relates to indirect mineralogical controls rather
than to direct electronic absorption by the metals themselves.

The importance of the identified wavelength regions is independently supported by
PLSR loading patterns (Figure 9). Dominant loadings consistently highlight the same
spectral areas previously selected by the GA and confirmed through derivative-based
correlation analysis, indicating that these features reflect genuine mineralogical differences
rather than artefacts of model optimisation. The observed loading peaks align with min-
eralogically interpretable absorption features within the VIS–NIR–SWIR spectral range,
underscoring their physical significance for trace-metal prediction.

 

Figure 9. PLSR loading plot showing the contribution of individual spectral variables across the VIS–
NIR–SWIR domain to the variance structure of the chosen trace-metal prediction model. Each point
indicates a wavelength variable projected onto the first two latent factors (Factor 1 and Factor 2), which
account for the greatest proportion of covariance between spectral data and measured trace-metal
concentrations. The highlighted light-green point marks the wavelength with the highest absolute
loading value, indicating the spectral region with the strongest influence on modelling performance.
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Together, these results establish a consistent spectral–geochemical framework in
which diagnostic mineralogical proxies—primarily Fe-oxides, clay minerals, and carbonate
phases—govern trace-metal estimates. The agreement among GA-selected wavelengths,
derivative-based correlations, and PLSR loading structures confirms the robustness and
reproducibility of these spectral–metal relationships. This integrated validation provides a
solid foundation for future predictive modelling across the study area.

4.4. Modelling Prediction, Evaluation and Mapping

Using the GA-selected and derivative-enhanced spectral features as input variables,
spectral predictive modelling with ANNs, SVR, PLSR, and SMLR was performed. As noted
earlier, the performance of all models was assessed using R2

p, RMSEP, and RPD metrics.
The overall results for the four selected soil trace metals are summarised in Table 2, where
the nonlinear approaches (ANNs and SVR) consistently outperform the linear techniques
(PLSR and SMLR).

Table 2. Results of the overall performance of the spectral predictive modelling conducted for the
selected geochemical elements (Cr, As, Cu, and Cd).

Modelling Approach R2
p RMSEP RPD

ANNs 0.83 1.06 2.61
SVR 0.78 1.15 2.24
PLSR 0.72 1.82 2.1
SMLR 0.65 2.05 1.92

When analysing each element individually, the behaviour of the spectral modelling
approaches varies considerably (see Tables S4–S7 of the Supplementary Materials). For
Cr, a clear trend emerges: predictive accuracy steadily improves as the complexity of the
derivative or pre-processing increases, and among all configurations, the second-derivative
ANNs achieve the highest performance. For As, the first-derivative SVR performed best,
as evidenced by spectral group error patterns. Figure 10 displays the PLSR-derived diag-
nostic wavelengths related to As prediction, while Figure 11 illustrates the corresponding
loading profiles highlighting As-sensitive spectral intervals. In addition to scalar prediction
accuracy, a comparative plot of predicted versus measured As-concentrations for PLSR and
SVR is shown in Figure 12, confirming SVR’s superior alignment in the validation space.

 

Figure 10. Wavelengths chosen by the PLSR model as the most informative spectral variables for
trace-element prediction in the studied soil samples across the VIS–NIR–SWIR range (~400–2500 nm).
Red markers denote wavelengths with high significance in the PLSR model, indicating spectral
regions linked to mineralogical absorption features that indirectly affect trace-element variability.
These selected wavelengths emphasise the spectral domains that contribute most significantly to the
modelling performance.
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Figure 11. PLSR loading plot showing the distribution of spectral variables linked to As concentration
in soil samples from the study area. Blue points indicate individual spectral loadings across the VIS–
NIR–SWIR domain, while the highlighted yellow point emphasises a wavelength with a relatively
high loading magnitude, suggesting its greater contribution to the PLSR model.

 
Figure 12. Comparative performance of PLSR and SVR models in predicting As concentrations in soil
samples from the study area. Scatter plots display predicted versus measured As concentrations for
the PLSR (left) and SVR (right) models, with modelling performance assessed using the coefficient
of determination (R2). In both panels, measured As concentrations are shown on the x-axis and
predicted As concentrations on the y-axis. The SVR model demonstrates higher predictive accuracy
(R2 = 0.8325) compared to the PLSR model (R2 = 0.7139).

For Cu, the modelling results showed significant improvements with derivative-based
pre-processing, with the first-derivative SMLR achieving the highest predictive accuracy
(R2

p = 0.92, RPD = 3.43, RMSEP = 0.96). Among nonlinear ML-based techniques, ANNs
performed well under derivative transformations (R2

p = 0.82 for the first derivative), while
SVR showed moderate but consistent results across all pre-processing options. In contrast,
the PLSR demonstrated comparatively lower accuracy, confirming that derivative-enhanced
linear and nonlinear techniques are more effective at capturing the spectral–geochemical
relationships that influence Cu variability in the study area. Cd benefits greatly from
derivative enhancement combined with a linear regression strategy, achieving the best
performance with the first-derivative SMLR.

Spatial prediction diagnostics derived from model residuals were employed to assess
the suitability of the regression outputs for kriging. For Cr and As, the variogram parame-
ters, including nugget, sill, and effective range, are summarised in Table 3, confirming the
presence of moderate spatial continuity within each element’s residual structure. The corre-
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sponding variogram characteristics for Cu and Cd are shown in Table 4, demonstrating
similar behaviour and supporting subsequent spatial interpolation.

Table 3. Variogram parameters for Cr and As, including nugget, sill, sill/nugget ratio, effective range,
and kriging cross-validation RMSE.

Element Nugget Sill Sill/Nugget Effective
Range RMSE

Cr 0.745 0.868 0.85 442 1.07
As 0.475 0.862 0.552 561 0.95

Table 4. Variogram parameters for Cu and Cd, including nugget, sill, sill/nugget ratio, effective
range, and kriging cross-validation RMSE.

Element Nugget Sill Sill/Nugget Effective
Range RMSE

Cu 0.313 0.924 0.338 456 0.82
Cd 0.372 0.831 0.48 372 0.88

Collectively, these results indicate that nonlinear models (ANNs and SVR) deliver
the strongest overall predictive performance for most selected elements. Meanwhile,
derivative-enhanced linear approaches, such as first-derivative SMLR and PLSR, can
outperform nonlinear methods for Cu and Cd concentrations. The convergence of scalar
performance metrics, wavelength-selection behaviour, and variogram diagnostics confirms
the internal consistency of the modelling framework and its appropriateness for integration
with external validation and spatial prediction mapping.

Additionally, the results of external validation for ANNs and SVR, using the 25 soil
samples that were entirely excluded from previous calibration and internal cross-validation,
are reported in Table 5, where ANNs consistently achieved the highest external predictive
accuracy across the considered trace metal concentrations.

Table 5. External validation results for the ML-based approaches (ANNs and SVR) for predicting As,
Cr, and Cu concentrations using an independent test dataset.

Element Approach R2
p RMSEP RPD

As ANNs 0.929 3.35 3.76
As SVR 0.877 4.41 2.85
Cr ANNs 0.82 5.74 2.35
Cr SVR 0.39 10.56 1.28
Cu ANNs 0.867 4.45 2.74
Cu SVR 0.707 6.61 1.85

To visualise the alignment between predicted and observed concentrations, Figure 13
shows scatter plots for Cr, As, and Cu using both ANNs and SVR. Error diagnostics
confirmed the reliability of these predictions. The residual–prediction plots in Figure 14
demonstrate that errors for both ANNs and SVR are symmetrically distributed around zero,
with no visual signs of heteroscedasticity. This pattern indicates consistent modelling per-
formance throughout the entire concentration range. Further examination of prediction un-
certainties was performed using histogram analysis. As shown in Figure 15, the prediction
error distributions for Cr, As, and Cu resemble a normal distribution across both ML-based
modelling approaches. The slight skewness observed in the distributions of As-ANNs and
Cu-ANNs appears minor and does not influence the overall predictive behaviour.
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Figure 13. Scatter plots showing the predicted versus observed concentration values for soil
trace elements using different ML-based approaches. These include the predicted As by the
ANN (As–ANN) (A); the As predicted by the SVR (As–SVR) (B); the Cr predicted by the ANN
(Cr–ANN) (C); the Cr predicted by the SVR (Cr–SVR) (D); the Cu predicted by the ANN
(Cu–ANN) (E); and the Cu predicted by the SVR (Cu–SVR) (F). The red dashed line indicates the 1:1
line, representing good agreement between predicted and observed values and demonstrating the
model’s predictive accuracy.

 

Figure 14. Scatter plots showing the residuals versus predicted concentration values for soil trace
elements using different ML-based approaches. These include the residuals of As predicted by the
ANN (As–ANN) (A); the residuals of As predicted by the SVR (As–SVR) (B); the residuals of Cr
predicted by the ANN (Cr–ANN) (C); the residuals of Cr predicted by the SVR (Cr–SVR) (D); the
residuals of Cu predicted by the ANN (Cu–ANN) (E); and the residuals of Cu predicted by the SVR
(Cu–SVR) (F). The red dashed line indicates zero residuals, and the distribution of residuals around
this line confirms the absence of bias. The randomness and symmetry of the residuals suggest that
both modelling procedures are stable and unbiased, with no signs of heteroscedasticity or systematic
errors across the prediction range.
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Figure 15. Histograms depict the distributions of prediction errors for soil trace element concentra-
tions using different ML-based approaches. These include the error distribution for As predicted
by the ANN (As–ANN) (A); the error distribution for As predicted by the SVR (As–SVR) (B); the
error distribution for Cr predicted by the ANN (Cr–ANN) (C); the error distribution for Cr predicted
by the SVR (Cr–SVR) (D); the error distribution for Cu predicted by the ANN (Cu–ANN) (E); and
the error distribution for Cu predicted by the SVR (Cu–SVR) (F). The red-dashed line indicates
the zero-error line, which shows the central tendency of the errors. The histograms mainly show
symmetric error distributions, with some mild skewness in As-ANN and Cu-ANN, likely due to
local variations in spectral behaviour or geochemical anomalies. The distributions suggest that both
modelling approaches offer reliable predictions with only minor deviations from the actual values.

Finally, to assess local deviations and the smoothness of error distributions, kernel
density functions were calculated. The resulting curves, shown in Figure 16, are unimodal
and centred near zero for all models and elements, confirming that deviations between
predicted and observed concentrations are minimal and largely symmetric.

Figure 16. Kernel density plots showing the distribution of prediction errors for soil trace element
concentrations using different ML-based approaches. These include the error density for As predicted
by the ANN (As–ANN) (A); the error density for As predicted by the SVR (As–SVR) (B); the error
density for Cr predicted by the ANN (Cr–ANN) (C); the error density for Cr predicted by the SVR
(Cr–SVR) (D); the error density for Cu predicted by the ANN (Cu–ANN) (E); and the error density for
Cu predicted by the SVR (Cu–SVR) (F). The plots display nearly unimodal, symmetric distributions
centred around zero, indicating that most errors are minor and that the models provide accurate
predictions. Slight deviations from perfect symmetry are observed for As-ANN and Cu-ANN,
suggesting minor local variations or anomalies in spectral behaviour.
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Overall, the external validation results demonstrate that both ANNs and SVR gen-
eralise effectively to new samples, with ANNs consistently delivering higher predictive
accuracy. The close agreement between observed and predicted external concentrations,
along with stable and well-behaved error distributions, affirms the robustness of the pro-
posed nonlinear methods for spectral modelling and supports their use in subsequent
spatial interpolation of selected geochemical elements and mapping.

To convert point-based predictions into continuous concentration fields, ordinary krig-
ing was applied using variograms derived from modelling residuals. Effective ranges of
approximately 442 m for Cr, 561 m for As, 456 m for Cu, and 372 m for Cd (Tables 3 and 4),
combined with low cross-validation errors, suggest moderate yet meaningful spatial auto-
correlation. The resulting maps accurately reflect the measured geochemical heterogeneity
(Figure 17).

Figure 17. Spatial distribution maps of measured (A,C,E,G) and model-predicted (B,D,F,H) soil
concentrations of Cr, As, Cu, and Cd in the study area. Measured grid surfaces were generated
using ordinary kriging applied to geochemical assays, and predicted surfaces were interpolated
from spectral modelling outputs. Values are expressed in mg/kg. These spatial patterns should
be interpreted alongside Figure 1, which provides the geological context for the observed trace-
metal distributions.
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5. Discussion
5.1. Modelling Performance and Predictive Fidelity

Benchmarking the four spectral modelling approaches reveals a clear hierarchy in
their ability to capture nonlinear spectral–geochemical relationships. Across all selected
trace metals, nonlinear algorithms (ANNs, SVR) consistently outperform linear baselines
(PLSR, SMLR), confirming the well-documented suitability of neural- and kernel-based
models for high-dimensional, collinear soil spectra [110,111]. The ANNs approach achieves
the highest overall predictive accuracy (R2

p = 0.83; RMSEP = 1.06), with element-specific
gains notably pronounced for Cr (R2

p = 0.92).
Derivative-based pre-processing proved vital for enhancing subtle absorption features

and reducing scattering noise, aligning with established theory [58]. First- and second-
order derivatives enhanced the detectability of diagnostic clay, Fe-oxide, and carbonate
features, explaining the superior results of derivative-enhanced approaches, most notably
the second-derivative ANNs for Cr, the first-derivative SVR for As, the first-derivative
SMLR for Cu, and the first-derivative PLSR for Cd. These improvements show that
derivative transformations pinpoint chemically meaningful inflexion points that relate to
mineralogical proxies of metal retention.

Variations in ANNs performance among individual elements mainly stem from differ-
ences in the strength and complexity of their spectral–mineralogical coupling. Elements
like Cr and As are closely associated with spectrally active mineral phases, especially
Fe-oxides and clay minerals, which display diagnostic but overlapping absorption features
in the VIS–NIR–SWIR range. These interactions result in nonlinear spectral responses
that are effectively modelled by ANN architectures. Conversely, elements such as Cu
and Cd are often present at trace levels, in sulfide phases, or in organic–metal complexes,
producing weaker or more indirect spectral signals, thereby limiting the effectiveness of
highly nonlinear models.

The integration of GA-based feature selection further enhanced predictive accuracy
by decreasing spectral redundancy and pinpointing the most informative wavelengths.
The resulting ANNs and SVR models demonstrated minimal bias, random residuals, and
near-normal error structures. External validation confirmed strong generalisability (e.g.,
ANN R2 values of 0.929 for As, 0.867 for Cu, 0.82 for Cr), showing that high-resolution
VIS–NIR–SWIR spectroscopy, when combined with derivative filtering and targeted feature
reduction, can produce reliable geochemical estimates even without MIR inputs.

Together, these findings demonstrate that computational optimisation can address
spectral gaps and highlight the benefits of physically informed spectral pre-processing in
ML-based geochemical modelling.

5.2. Geological Controls and Mineral–Metal Coupling

The integrated geochemical, spectral, and spatial analyses demonstrate that the dis-
tributions of Cr, As, Cu, and Cd in the study area are primarily governed by lithological
heterogeneity, alteration mineralogy, and the tectono-magmatic fabric of the SSZ. The strong
association between diagnostic VIS–NIR–SWIR absorption features and metal-enriched
zones suggests that the models developed capture mechanistic mineralogical interactions
rather than merely empirical correlations, in accordance with previous soil spectroscopy
studies [110]. This convergence underscores the reliability of the employed techniques in
hydrothermally altered terrains where soil formation closely relates to underlying lithology
and weathering processes.

Cr shows characteristic spectral responses near 540–550 nm, 1400 nm, and around
2200 nm, corresponding to overtone and combination bands of kaolinite and montmoril-
lonite minerals that are known to retain Cr through cation exchange and surface complex-
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ation mechanisms [7,112]. The spatial clustering of Cr anomalies along ultramafic units
and fault-controlled alteration belts highlights the combined influence of hydrothermal
remobilisation and subsequent weathering, aligning with regional tectono-magmatic re-
constructions [49,54]. Additionally, Cr demonstrates strong spectral coupling with ferric
iron oxides, evidenced by absorption features between 460 and 580 nm characteristic of
hematite and goethite [113]. The spatial coincidence of Cr enrichment with Fe-oxide-rich
horizons supports redox-controlled adsorption as a dominant immobilisation process [114].

Cu and Cd show similar mineralogical associations. Cu spectral features at roughly
470, 660, and 2210 nm are consistent with sorption onto hematite and aluminosilicate
phases [115], while Cd exhibits broader responses between 1390 and 2340 nm, indicating its
preferential association with phyllosilicates and secondary carbonate minerals [35]. These
element-specific yet convergent spectral signatures highlight the importance of alteration-
driven mineralogical variability as the main factor influencing trace-metal retention across
the study area.

The robustness of these spectral–geochemical relationships, however, is affected by
geomorphological and pedogenetic context. In regions dominated by residual soils formed
in place, the VIS–NIR–SWIR response accurately indicates local mineralogical assem-
blages, creating a strong link between spectral features and trace-metal concentrations.
Conversely, areas influenced by colluvial or alluvial regolith transport may show partial
decoupling from local bedrock geology due to sediment mixing, varying provenance,
and post-depositional reworking. In such conditions, trace-metal distributions are influ-
enced by upstream lithologies and secondary weathering processes, thereby increasing
spatial uncertainty. Nonetheless, because the proposed framework relies on mineralogical
proxies—particularly Fe-oxides, clay minerals, and carbonate phases—rather than direct
metal absorptions, it remains valid in transported settings as long as these sorptive phases
dominate the soil matrix.

Ordinary kriging was used to convert point-based measurements and model predic-
tions into continuous geochemical surfaces. Spherical variogram models show moderate
spatial autocorrelation, with effective ranges of 442–561 m for Cr and As, and 372–456 m for
Cd and Cu. Nugget-to-sill ratios below 0.5 indicate significant spatial structure, supporting
the suitability of kriging for interpolation. The resulting prediction maps display strong
spatial coherence, with metal enrichment zones aligning with recognised SSZ tectono-
stratigraphic boundaries and hydrothermal alteration belts [116].

As noted by [117], ordinary kriging can introduce smoothing effects and yield rela-
tively coarse spatial resolution, potentially reducing the accuracy of heavy metal mapping
in geologically complex areas. In our study, several factors help to mitigate these limi-
tations. The soil sampling network was designed to capture the main lithological and
tectono-stratigraphic variability, reducing undersampling effects that often amplify smooth-
ing. Spherical variogram models were carefully fitted for each metal to accurately represent
both short- and medium-range spatial autocorrelation, thereby preserving meaningful
local heterogeneity. Cross-validation confirmed that kriging predictions were unbiased
and accurate, while integrating measured data with derivative spectral and ML-based
predictions further improved effective spatial resolution and accounted for local variations
that kriging alone might smooth out.

Localised mismatches between observed and predicted values, most evident for Cd,
likely reflect residual micro-scale heterogeneity or local variations in soil chemistry. These
discrepancies could be further addressed in future work by incorporating additional en-
vironmental covariates (e.g., pH, organic carbon, and moisture content) or by applying
advanced geostatistical approaches such as co-kriging and sequential Gaussian simula-
tion [118,119]. By combining careful sampling, variogram modelling, cross-validation, and
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integration with predictive models, our approach provides a statistically robust representa-
tion of soil heavy metal distributions while maintaining meaningful spatial detail, despite
the inherent limitations of ordinary kriging.

5.3. Environmental and Practical Implications

The mapped geochemical heterogeneity offers essential insights for environmental
management in the Zagros region. Elevated Cr and Cu levels coincide with ultramafic and
hematitic terrains, indicating mainly geogenic enrichment [47,55]. In contrast, the more
localised As and Cd hotspots linked to drainage networks and alteration zones suggest
secondary mobilisation driven by redox fluctuations and hydro-climatic processes [50].

Predicted concentrations of As (≈35 mg kg−1) and Cd (≈2.5 mg kg−1) surpass
WHO/FAO [120] thresholds in several sub-catchments, indicating potential ecological
and human health risks under varying moisture and redox conditions. The potential
ecological risk index (PERI) yields an RI ≈ 156, categorising the study area as having a
low-to-moderate ecological risk, predominantly due to Cd (Eri ≈ 62) and As (Eri ≈ 48).
Consequently, these elements warrant targeted monitoring.

The demonstrated predictive accuracy and spatial fidelity of VIS–NIR–SWIR with
ML–kriging integration highlight its usefulness as a quick, non-destructive, scalable alter-
native to laboratory-based ICP–MS and XRF analyses [8,9]. The workflow developed here,
including derivative pre-processing, GA-based wavelength selection, multi-model bench-
marking, and geostatistical interpolation, can be applied to other geologically complex
regions. Paired with field-deployable VIS–NIR sensors, this approach can support real-
time hotspot detection, land-use planning, agricultural management, and contamination
mitigation in orogenic terrains.

5.4. Limitations and Future Perspectives

Although the modelling framework demonstrated strong predictive capacity and spa-
tial accuracy, several limitations should be acknowledged to guide future methodological
enhancements and remote sensing applications. First, the sample size (110 + 25) restricts the
ability to fully address micro-scale heterogeneity, especially in geologically complex areas
where weathering gradients, alteration fronts, and soil mineralogical transitions occur over
short distances. Increasing sampling density, particularly across fault-controlled alteration
belts and along drainage networks, would reduce kriging uncertainty and improve model
stability. Although the calibration dataset is moderate relative to the dimensionality of
hyperspectral data, effective modelling complexity was substantially constrained through
derivative-based pre-processing and GA-driven wavelength selection, and robust gen-
eralisation was confirmed using nested, spatial/block, and external validation, thereby
reducing the risk of overfitting in high-dimensional spectral space.

Second, while VIS–NIR–SWIR spectroscopy captured key mineralogical proxies for
Cr, As, Cu, and Cd, specific soil processes, such as organic–metal complexation, micro-
aggregate effects, and poorly crystalline Fe phases, produce weak or ambiguous spectral
signals. Extending the spectral range to include MIR (e.g., 2500–25,000 nm), where funda-
mental vibrations of clays, carbonates, and organic compounds are more prominent, may
further enhance predictive accuracy, in line with prior studies emphasising MIR’s benefits
in soil chemistry estimation [121].

It should be emphasised that this study does not perform direct or synchronous in-
version of airborne or spaceborne hyperspectral imagery in mountainous terrain. Instead,
laboratory VIS–NIR–SWIR spectroscopy was deliberately used to establish physically
interpretable spectral–geochemical relationships under controlled conditions, thereby elim-
inating topographic, illumination, and adjacency effects that commonly degrade airborne
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and satellite observations in rugged landscapes. The derivative-based pre-processing and
mineralogical proxy approach adopted here relies on absorption feature positions and
shapes rather than absolute reflectance magnitudes, making the framework inherently
robust to illumination-induced spectral distortions. Future extension of this workflow
to airborne or satellite hyperspectral data will nevertheless require explicit topographic
and bidirectional reflectance distribution function corrections [122] to preserve predictive
accuracy at the regional scale.

Third, uncertainty propagation remains a vital area for development in operational
remote sensing. Although nested cross-validation, external validation, and bootstrap
resampling confirmed high model stability, future efforts should incorporate Bayesian
inference, ensemble modelling, and Monte Carlo error propagation to more accurately
quantify prediction intervals [42]. Such approaches would improve transparency and
facilitate risk-based decision-making for environmental monitoring authorities.

In terms of geospatial modelling, local inconsistencies, especially for Cd, probably
reflect lithological anisotropy and sub-sampling of fine-scale sedimentary patches. Adding
additional predictors, typically available from remote sensing platforms (e.g., NDVI, soil
moisture indices, terrain derivatives, SWIR mineralogical indices), could reduce mapping
uncertainty and improve the representativeness of spatial interpolation. The intentional
exclusion of auxiliary environmental covariates in the present study allowed isolation
of spectral–mineralogical controls on trace-metal behaviour and avoided location-driven
overfitting; their integration is therefore viewed as a logical extension for future operational
mapping rather than a prerequisite for validating the spectral–ML relationships established
here. Hybrid methods, including co-kriging, regression kriging, or ML geostatistical
ensembles, might further improve spatial predictions in structurally complex terrains.

From an applied remote sensing perspective, the demonstrated ability of spectral-
ML integration to quantify trace metals in heterogeneous orogenic environments has
important implications. The method can be expanded to imagery spectroscopy plat-
forms such as PRISMA, EnMAP, DESIS, and upcoming missions, including CHIME (see
https://www.eoportal.org/ (accessed on 10 January 2026)), enabling object-based detec-
tion of geochemically enriched zones across large areas. The mechanistic links identified
between spectral characteristics and mineral–metal associations provide a strong basis
for developing transferable spectral indicators of soil metal dynamics. When used with
handheld sensors suitable for field deployment, these spaceborne capabilities can sup-
port rapid environmental risk assessments, near-real-time hotspot detection, and sustain-
able land-use planning, particularly in regions where laboratory testing is logistically or
economically challenging.

Overall, while additional sampling, advanced uncertainty quantification, and the
incorporation of supplementary environmental data could further improve predictive
modelling, the present study develops a practical, transferable spectral–ML–geostatistical
workflow that is directly applicable to remote sensing in environmental geochemistry, soil
monitoring, and mineralogical mapping.

6. Conclusions and Recommendations
This study demonstrates that combining VIS–NIR–SWIR spectroscopy with deriva-

tive spectral pre-processing, GA feature selection, ML-based modelling, and geostatistical
interpolation methods offers a reproducible and scalable framework for predicting and
mapping soil trace metals (Cr, As, Cu, and Cd) in geologically complex orogenic terrains.
The transparent benchmarking of modelling components addresses major reproducibil-
ity issues that have constrained the wider practical use of spectroscopic techniques in
environmental geochemistry.
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Systematic evaluation of pre-processing, feature-selection strategies, and model types
confirms that derivative transformations and GA-based wavelength reduction are essen-
tial for enhancing diagnostic absorption features and stabilising modelling performance.
Nonlinear algorithms—particularly ANNs and SVR—consistently outperform linear ap-
proaches, emphasising the importance of adaptable learning structures for capturing non-
linear spectral–geochemical relationships in heterogeneous soils. These findings highlight
the need to carefully match modelling complexity to soil mineralogical variability and
geochemical processes.

The use of nested, spatial/block, and external validation shows that the proposed
workflow achieves strong generalisation under real-world conditions, reducing overfitting
and increasing confidence in predictive performance. The demonstrated reliability supports
applying this framework to decision-making tasks such as environmental assessment, agri-
cultural management, and contamination risk mitigation. However, the results also indicate
that modelling performance still depends on sampling density and the representativeness
of training datasets, especially in highly diverse environments.

Combining spectral–ML predictions with geostatistical interpolation produces spa-
tially continuous, geologically meaningful soil trace-metal maps. The identified mineral–
metal associations—Cr with clay minerals, As with ferric iron oxides, Cu with hematite
and aluminosilicates, and Cd with phyllosilicates and carbonates—correlate spatially with
the main tectonostratigraphic structures of the Sanandaj–Sirjan Zone. Environmentally, the
results suggest mostly geogenic enrichment of Cr and Cu in ultramafic and hematitic units,
whereas As and Cd hotspots are linked to redox-sensitive drainage pathways. Several
sites exceed international soil guideline standards, emphasising the importance of targeted
monitoring and risk-based land-use planning.

The robustness of the proposed framework is greatest in residual soils where spectral
responses directly reflect local mineralogical compositions and weathering processes. In
areas affected by colluvial or alluvial transport, trace-metal patterns may combine mixed
sediment sources, requiring careful interpretation while remaining manageable through
mineralogical proxy-based modelling.

To improve transferability, future research should evaluate the robustness of this frame-
work across regions with different climates, weathering regimes, soil-forming processes,
and mineralogical compositions. Considering the indirect nature of spectral–metal relation-
ships, it is advisable to develop adaptable, region-specific training datasets to accurately
reflect variations in mineralogical controls and enhance both linear and nonlinear predic-
tive models. Comparative studies across multiple regions will be especially valuable for
identifying thresholds where nonlinear modelling approaches become necessary. Moreover,
integrating multi-temporal imaging spectroscopy from emerging hyperspectral satellite
missions (e.g., PRISMA, EnMAP, CHIME), along with advanced uncertainty quantification,
transfer-learning strategies, and physically informed soil–process models, is recommended
to boost scalability and operational reliability.

Overall, this study presents a reproducible, physically grounded, and operationally
reliable method for predicting and mapping soil trace metals. By clearly integrating
spectroscopy, ML, geostatistics, and geological interpretation, the proposed framework
improves remote sensing applications for environmental intelligence across tectonically
and lithologically diverse landscapes and provides a solid foundation for future regional-
to-global monitoring efforts.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs18030465/s1, Table S1: Overview of used pre-processing pipelines
and modelling configurations, including hyperparameters and feature selection settings; Table S2:
ICP–MS/XRF assay concentrations (mg/kg) of Cr, Cu, As, and Cd; Table S3: Predictive performance
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(R2
p) of applied ML approaches (ANNs and PLSR), as well as SMLR, for different spectral-component

groups related to iron-oxide/hydroxide and clay-mineral absorption features. “Group” indicates the
mineralogical component subset, “Number” shows the count of GA-selected wavelengths within
each subgroup, and values in model columns represent cross-validated predictive coefficients derived
from derivative-enhanced spectra; Table S4: Performance metric results of the spectral modelling
approaches used to predict Cr concentrations in the soil sampled from the study area; Table S5:
Performance metric results of the spectral modelling approaches used to predict As concentrations in
the soil sampled from the study area; Table S6: Performance metric results of the spectral modelling
approaches used to predict Cu concentrations in the soil sampled from the study area; Table S7:
Performance metric results of the spectral modelling approaches used to predict Cd concentrations in
the soil sampled from the study area.
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62. Tasan, M.; Demir, Y.; Taşan, S.; Ozturk, E. Comparative analysis of different machine learning algorithms for predicting trace
metal concentrations in soils under intensive paddy cultivation. Comput. Electron. Agric. 2024, 219, 108772. [CrossRef]

https://doi.org/10.3390/rs18030465

https://doi.org/10.1016/j.geoderma.2020.114208
https://doi.org/10.3390/min11101046
https://doi.org/10.1016/j.geogeo.2025.100361
https://doi.org/10.1016/j.ejrs.2024.12.001
https://doi.org/10.3390/min15101045
https://doi.org/10.1007/s00477-024-02678-3
https://doi.org/10.1109/TKDE.2019.2912815
https://doi.org/10.1016/j.jhazmat.2021.125856
https://doi.org/10.3390/su17083732
https://doi.org/10.1016/j.compag.2024.109831
https://doi.org/10.1016/0040-1951(94)90030-2
https://doi.org/10.1029/2003TC001529
https://doi.org/10.1007/s00531-005-0481-4
https://doi.org/10.1016/j.scitotenv.2024.177826
https://doi.org/10.1002/cem.70006
https://doi.org/10.1007/s11069-023-05925-y
https://doi.org/10.1016/j.jseaes.2005.01.003
https://doi.org/10.1016/j.tecto.2002.06.004
https://doi.org/10.1016/j.lithos.2009.03.047
https://doi.org/10.1130/2008.2444(07)
https://doi.org/10.1021/ac60214a047
https://doi.org/10.1186/s40069-023-00627-y
https://doi.org/10.1016/j.geoderma.2024.116954
https://doi.org/10.1016/j.compag.2024.108772
https://doi.org/10.3390/rs18030465


Remote Sens. 2026, 18, 465 29 of 31

63. Fusaro, L.; Lanni, F.; Varone, L.; Falasca, G.; Serranti, S.; Gasbarrone, R.; Gattabria, D.; Cozzolino, V.; Piccolo, A.; Manes, F.
Functional traits as indicators of maize (Zea mays L.) strategies to cope with Zn, Pb and Cr heavy metal-induced stress. Chem. Biol.
Technol. Agric. 2025, 12, 82. [CrossRef]

64. Li, J.; Zhang, Y.; Wang, F.; Wang, L.; Liu, J.; Hashimoto, Y.; Hosomi, M. Arsenic immobilization and removal in contaminated soil
using zero-valent iron or magnetic biochar amendment followed by dry magnetic separation. Sci. Total Environ. 2021, 768, 144521.
[CrossRef]

65. Willmott, C.J. On the Validation of Models. Phys. Geogr. 1981, 2, 184–194. [CrossRef]
66. Fouad, Y.; Soltani, I.; Cudennec, C.; Michot, D. Using near-infrared spectroscopy to estimate soil water retention curves with the

van Genuchten model. Geoderma 2025, 454, 117175. [CrossRef]
67. Ramsey, M.H.; Thompson, M.; Hale, M. Objective evaluation of precision requirements for geochemical analysis using robust

analysis of variance. J. Geochem. Explor. 1992, 44, 23–36. [CrossRef]
68. Ramifehiarivo, N.; Barthes, B.; Cambou, A.; Chapuis-Lardy, L.; Chevallier, T.; Albrecht, A. Comparison of near and mid-infrared

reflectance spectroscopy for the estimation of soil organic carbon fractions in Madagascar agricultural soils. Geoderma Reg. 2023,
33, e00638. [CrossRef]

69. Parish, R.M. Reflectance spectroscopy as a chert sourcing method. Archaeol. Pol. 2016, 54, 115–128.
70. Beriro, D.; Vane, C. Infrared spectroscopy and chemometric modelling of organic carbon measured by Rock-Eval pyrolysis of UK

shale rock. Geol. Soc. Lond. Spec. Publ. 2023, 534, 165–182. [CrossRef]
71. Zhao, L.; Deng, A.; Hong, H.; Zhao, J.; Algeo, T.J.; Liu, F.; Luozhui, N.; Fang, Q. Unraveling clay-mineral genesis and climate

change on Earth and Mars using machine learning-based VNIR spectral modeling. Am. Mineral. 2025, 110, 217–231. [CrossRef]
72. Baldridge, A.M.; Hook, S.J.; Grove, C.I.; Rivera, G. The ASTER spectral library version 2.0. Remote Sens. Environ. 2009, 113,

711–715. [CrossRef]
73. Kokaly, R.F.; Clark, R.N.; Swayze, G.A.; Livo, K.E.; Hoefen, T.M.; Pearson, N.C.; Wise, R.A.; Benzel, W.M.; Lowers, H.A.;

Driscoll, R.L.; et al. USGS Spectral Library Version 7: U.S. Geological Survey Data Series 1035 (61 pp.) [Data Set]; U.S. Geological
Survey: Reston, VA, USA, 2017.

74. Zhou, Y.; Wang, T.; Fan, F.; Chen, S.; Guo, W.; Xing, G.; Sun, J.; Xiao, F. Advances on Exploration Indicators of Mineral VNIR-SWIR
Spectroscopy and Chemistry: A Review. Minerals 2022, 12, 958. [CrossRef]

75. Patel, C.M.; Patel, C.D.; Rami, J.M.; Patel, K.R. Optical spectroscopic study of natural rock’s minerals. Mater. Today Proc. 2021, 43,
497–501. [CrossRef]

76. Kemper, T.; Sommer, S. Estimate of heavy metal contamination in soils after a mining accident using reflectance spectroscopy.
Environ. Sci. Technol. 2002, 36, 2742–2747. [CrossRef]

77. Bi, Y.; Yuan, K.; Xiao, W.; Wu, J.; Shi, C.; Xia, J.; Chu, G.; Zhang, G.; Zhou, G. A local pre-processing method for near-infrared
spectra, combined with spectral segmentation and standard normal variate transformation. Anal. Chim. Acta 2016, 909, 30–40.
[CrossRef]

78. Helland, I.S.; Næs, T.; Isaksson, T. Related versions of the multiplicative scatter correction method for preprocessing spectroscopic
data. Chemom. Intell. Lab. Syst. 1995, 29, 233–241. [CrossRef]

79. Santos, U.J.; Demattê, J.A.M.; Menezes, R.S.C.; Dotto, A.C.; Guimarães, C.C.B.; Alves, B.J.R.; Primo, D.C.; Sampaio, E.V.S.B.
Predicting carbon and nitrogen by visible near-infrared (Vis-NIR) and mid-infrared (MIR) spectroscopy in soils of Northeast
Brazil. Geoderma Reg. 2020, 23, e00333. [CrossRef]

80. Wu, J.; Huang, C. Machine learning-supported determination for site-specific natural background values of soil heavy metals.
J. Hazard. Mater. 2025, 487, 137276. [CrossRef] [PubMed]

81. Mahalanobis, P.C. On the Generalised Distance in Statistics. Natl. Inst. Sci. India 1936, 2, 49–55. Reprint in Sankhya A 2018, 80, 1–7.
[CrossRef]

82. Hastie, T.; Tibshirani, R.; Friedman, J. The Elements of Statistical Learning: Data Mining, Inference, and Prediction, 2nd ed.; Springer:
New York, NY, USA, 2009.

83. Tsakiridis, N.L.; Tziolas, N.V.; Theocharis, J.B.; Zalidis, G.C. A genetic algorithm-based stacking algorithm for predicting soil
organic matter from vis–NIR spectral data. Eur. J. Soil Sci. 2019, 70, 578–590. [CrossRef]

84. Moradpouri, F.; Dolatshahi, M.B. Optimization and machine learning methods in multivariate geochemical analysis for anomaly
detection. In Optimizing Solutions for Real-Life Problems; Springer: Berlin/Heidelberg, Germany, 2025; pp. 181–236.

85. Baalousha, H.M. Machine learning approaches for groundwater vulnerability assessment in arid environments: Enhancing
DRASTIC with ANN and Random Forest. Groundw. Sustain. Dev. 2025, 30, 101496. [CrossRef]

86. Abd-Elmaboud, M.E.; Saqr, A.M.; El-Rawy, M.; Al-Arifi, N.; Ezzeldin, R. Evaluation of groundwater potential using ANN-based
mountain gazelle optimization: A framework to achieve SDGs in East El Oweinat, Egypt. J. Hydrol. Reg. Stud. 2024, 52, 101703.
[CrossRef]

87. Lu, Q.; Liu, S.H.; Mao, W.Z.; Yu, Y.; Long, X. A numerical simulation-based ANN method to determine the shear strength
parameters of rock minerals in nanoscale. Comput. Geotech. 2024, 169, 106175. [CrossRef]

https://doi.org/10.3390/rs18030465

https://doi.org/10.1186/s40538-025-00798-8
https://doi.org/10.1016/j.scitotenv.2020.144521
https://doi.org/10.1080/02723646.1981.10642213
https://doi.org/10.1016/j.geoderma.2025.117175
https://doi.org/10.1016/0375-6742(92)90046-B
https://doi.org/10.1016/j.geodrs.2023.e00638
https://doi.org/10.1144/SP534-2021-67
https://doi.org/10.2138/am-2023-9299
https://doi.org/10.1016/j.rse.2008.11.007
https://doi.org/10.3390/min12080958
https://doi.org/10.1016/j.matpr.2020.12.022
https://doi.org/10.1021/es015747j
https://doi.org/10.1016/j.aca.2016.01.010
https://doi.org/10.1016/0169-7439(95)80098-T
https://doi.org/10.1016/j.geodrs.2020.e00333
https://doi.org/10.1016/j.jhazmat.2025.137276
https://www.ncbi.nlm.nih.gov/pubmed/39837028
https://doi.org/10.1007/s13171-019-00164-5
https://doi.org/10.1111/ejss.12760
https://doi.org/10.1016/j.gsd.2025.101496
https://doi.org/10.1016/j.ejrh.2024.101703
https://doi.org/10.1016/j.compgeo.2024.106175
https://doi.org/10.3390/rs18030465


Remote Sens. 2026, 18, 465 30 of 31
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