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Highlights

What are the main findings?

e An improved spectral estimation and mapping framework for soil cadmium (Cd)
was developed using geospatial information-guided machine learning (GIGS) and
principal component spectra.

e Compared to commonly used models (e.g., XGBoost, RF, SVR), the GIGS model
achieved a maximum performance improvement of approximately 27.87% and a
minimum improvement of approximately 16.42% (with reference to the R? value).

What are the implications of the main finding?

o  GIGS-based spectral estimation framework provides an accurate and reliable tool
for proximal or satellite estimation of soil Cd, thereby supporting cost-effective soil
pollution management and environmental sustainability worldwide.

Abstract

Integrating machine learning with spectral data provides an effective and cost-efficient
scheme for estimating cadmium (Cd) contents in soils compared with labor-intensive
laboratory analyses. However, conventional machine learning—based spectral estimation
methods often yield unsatisfactory performance because they rely on an unrealistic as-
sumption that the functional relationships across geographically distinct subregions are
homogeneous, thereby reducing the accuracy and stability of soil Cd estimation. To address
this issue, a geospatial information-guided XGBoost (GIGS) model was developed, in which
a spatial weighting module was incorporated into the XGBoost framework to account for
spatial heterogeneity in functional relationships among sampling locations. The spatial
heterogeneity of each soil spectral sample was quantified and assigned a corresponding spa-
tial weight, which was subsequently incorporated during model calibration. The optimal
principal component spectra (PCS) derived from spectral data were used as model inputs,
with measured soil Cd content as the dependent variable, thereby establishing a robust
spectral estimation model for soil Cd. Results indicated that the GIGS model exhibited
satisfactory performance in the spectral estimation of soil Cd content, with R2, RMSE, and
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RPIQ values of 0.78, 0.04, and 2.02, respectively. Compared to commonly used spectral esti-
mation models (e.g., XGBoost, random forest, support vector regression), the GIGS model
achieved a maximum performance improvement of approximately 27.87% and a minimum
improvement of approximately 16.42% (with reference to the R? value). Five PCS of soil
spectral data were extracted as predictors for the model. PCS-1 was found to be closely
associated with iron oxides, while PCS-2 primarily reflects the spectral characteristics of
clay minerals. The spectral bands at 600 nm and 815 nm contribute most strongly to PCS-3,
which is linked to soil organic matter and indirectly reflects the soil Cd status. PCS-4 and
PCS-5 represent mixed spectral information derived from materials associated with soil
Cd. An integrated framework combining the GIGS model and PCS data developed in this
study provides an accurate and reliable tool for spectral estimation and mapping of soil
Cd, thereby supporting cost-effective soil management and environmental sustainability
worldwide.

Keywords: soil potentially toxic elements; spectral estimation; digital mapping; spatial
heterogeneity; machine learning

1. Introduction

Soil is a vital component of the Earth’s land ecosystem and provides the foundation for
human life and production activities [1]. Approximately 95% of the food humans consume
comes from soil, while only 5% comes from aquatic sources and other sources [2]. With
intensive industrial and agricultural activities, large amounts of pollutants are released into
the soil environment. Potentially toxic elements (PTEs) are naturally occurring chemical
substances in soils. When combined with large external inputs, they have become some
of the most significant pollutants [3-5]. Hou et al. [6] reported that PTE concentrations
exceed risk thresholds on about 14% to 17% of arable land worldwide. According to the
Food and Agriculture Organization of the United Nations (FAO), by 2050, nearly 90% of
global soil resources may be at risk of degradation due to soil erosion, improper fertilizer
and pesticide use, and industrial pollution [7].

Cadmium (Cd) is one of the most common PTEs found in soils, with about 19% of soils
exceeding the soil quality standard according to a nationwide soil survey in China [8,9].
Cd in soil comes from both natural and anthropogenic sources. Cd is naturally present in
bedrock, which acts as the parent material for soil formation [10]. During the processes
of bedrock weathering and soil development, Cd gradually moves into the soil through
various transformation mechanisms. Anthropogenic sources of Cd in soil mainly include
agricultural, domestic, and industrial activities [11]. Facilities and products produced
by human activities often contain higher levels of Cd, which can greatly increase the
possibility of Cd accumulation in the soil environment [12]. Cd is non-essential and harmful
to the human body; exposure can easily cause cancer, genetic mutations, and other health
hazards [13]. The accumulation of Cd in soil is considered a significant threat to ecosystems,
food safety, and public health [14,15]. Therefore, establishing an accurate and efficient
method to detect Cd content in soil would support health risk assessments and pollution
control efforts [16].

Proximal or satellite spectra have shown great potential for rapid, efficient, and
non-destructive monitoring of soil Cd. The traditional approach for monitoring soil Cd
involves soil sampling combined with laboratory chemical analysis [3]. This method is
simple and requires low technical expertise; however, it is costly, time-consuming, and
inefficient, making it unsuitable for large-scale or repeated monitoring of soil Cd status [17].
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Laboratory analyses, such as atomic absorption spectroscopy and inductively coupled
plasma mass spectrometry, also generate experimental waste that may cause environmental
pollution if not properly managed [18]. In contrast, proximal or satellite spectral sensors
can detect soil properties and subtle variations using hundreds of continuous, narrow
spectral bands, making it an attractive method for analyzing soil components [3,19]. When
combined with data-driven machine learning algorithms, spectral models can effectively
extract soil property information and accurately estimate the soil Cd [20,21].

Establishing a functional relationship between the soil Cd contents and spectral data
using data-driven machine learning methods is a key step in spectral estimation modeling
of soil Cd [22,23]. Data-driven machine learning methods are effective for identifying
nonlinear relationships within spectral data and establishing spectral estimation models
for soil Cd [24-26]. Compared to traditional spectral estimation models based on empirical-
based linear relationships, data-driven machine learning models offer higher accuracy and
reliability in the spectral estimation of Cd contents in the soil [27]. The spectral features for
the soil Cd are selected from spectral data as independent variables, while the measured
Cd contents in soil are used as the dependent variable. The spectral estimation model of
soil Cd was constructed after model training, parameter optimization, and validation.

The key assumption for the development of data-driven spectral estimation models
of soil Cd is that the soil environment within a target geographic region is homogeneous.
Specifically, this assumption presumes that the relationship coefficients between soil Cd and
spectral data are consistent across different locations within the target geographical area,
thereby allowing data-driven spectral estimation models to effectively identify functional
relationships within the spectral data [28-30].

Although such an assumption simplifies the identification of empirical-based rela-
tionships from the spectral data and shortens the training time of the model, ignoring
the spatial heterogeneity may lead to a spectral estimation model of soil Cd with poor
accuracy and low generalization. Under the combined influence of human activities (such
as agricultural and industrial activities) and natural environmental factors (winds and
rainfall), soil ecosystems within a region exhibit significant spatial heterogeneity. This soil
heterogeneity is reflected in differences in soil structure, composition, and habitat types;
the influence of soil Cd contamination on spectral data varies across different geographic
locations [30,31].

However, the assumption that spectral relationships remain unchanged and that geo-
graphical regions are homogeneous in spectral modeling contradicts the actual conditions
of regional soil environments [29,32]. As a result, data-driven spectral estimation mod-
els often underestimate high soil Cd contamination, which reduces the models” accuracy
and reliability.

Therefore, this study proposes a geospatial information-guided machine learning
(GIGS) framework to account for spatial heterogeneity in functional relationships among
sampling locations, and to enhance the spectral estimation of soil Cd. Firstly, a spatial
weighting module was incorporated into the XGBoost model to analyze the spatial hetero-
geneity of soil spectral samples and assign a spatial weight to each sample during model
calibration. This approach eliminates the influence of spatial heterogeneity on the fitting
of empirical relationships in spectral modeling. Furthermore, the GIGS model is able to
integrate results from both local and global modeling modes, which contributes to further
improving the spectral estimation of soil Cd.

This study aims to: (1) develop a GIGS model for estimating soil Cd content; (2) derive
principal component spectral (PCS) data to characterize soil Cd; and (3) evaluate the
performance of the GIGS model.
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2. Materials and Methods
2.1. Study Areas

The study area was a sewage-irrigated region located on the coastal plain north of
Longkou City, Shandong Province, China (Figure 1). Its geographical coordinates are
(37°34'35""N~37°44/12""N, 120°20'56"E~120°40"47"E), which extends for totally 527.85 km?.
It belongs to the temperate monsoon climate; the monsoon is more obvious, the four seasons
are distinct, the average annual temperature is about 12 °C, and the annual precipitation
is about 600 mm~700 mm. The soil types in the study area cover tidal soil, brown soil,
and mortar soil, with pH ranging from 6.5 to 7.5 [33]. The study area is located in the
Longkou Coal mine area, which is rich in coal resources. Coal mining waste water and coal
gangue waste residue caused a serious threat to the soil environment [3]. The residue and
waste liquid produced by metal smelters and thermal power plants also aggravated the
enrichment of heavy metals in the soil [34,35].
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Figure 1. Geographical Locations of the study area and soil samplings: (a) Shandong Province in
China; (b) Study area in Shandong Province; (c) Details of the study area and soil sampling.

2.2. Data Collection
2.2.1. Soil Sample Collection

After considering the soil types, land use, and sewage irrigation conditions in the
study area, the sampling locations (1 = 67) were predefined on a digital map using ArcGIS
10.8 software (Esri Inc., Redlands, CA, USA) (Figure 1). At each sampling site, the five-
point sampling method was used to collect approximately 1 kg of soil from a depth of 0 to
20 cm. Soil samples were collected from five sites using a shovel. The collected samples
were thoroughly mixed to form a composite sample, which was then placed in a clean self-
sealing bag. The latitude, longitude, and elevation of each sampling point were determined
using a handheld GPS. Additionally, the environmental conditions such as land use and
temperature of the sampling locations were recorded with a smart camera. The field survey
and sample collection were completed in June 2022.
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2.2.2. Soil Spectral Measurement and Chemical Analysis

Soil pretreatment is crucial for the laboratory chemical analysis of soil samples. In
the laboratory, the soils were air-dried under natural conditions, and gravel, as well as
animal and plant residues, were removed. The soils were then ground and passed through
a 100-mesh nylon sieve. Afterward, the soil samples were divided into two parts: one for
chemical analysis and the other for spectral measurement.

The ASD FieldSpec-4 portable spectrometer (ASD Inc., Boulder, CO, USA) was
used to measure the spectral reflectance of soil samples. The ASD FieldSpec-4 covers
a spectral range of 350-2500 nm, with spectral resolutions of 1.4 nm (350-1100 nm) and
2 nm (1000-2500 nm). Soil spectral measurements were conducted in an adjustable light-
controlled darkroom. Two 50 W halogen lamps, positioned 30 cm above the sample, were
used as the light source, with a lighting angle of 15° and a probe distance of 20 cm.

Before measurement, the spectrometer was preheated for 30 min, and whiteboard
calibration was performed to minimize the impact of instrument errors on data acquisition.
Whiteboard calibration was repeated several times during the measurement process to
reduce noise effects. To avoid random errors, each soil sample was measured five times,
and the spectral ranges with a low signal-to-noise ratio were removed [3]. Abnormal spectra
were identified, and the average of the remaining spectra was taken as the spectral data for
the soil sample.

The inductively coupled plasma mass spectrometer (ICP-MS) method was used to
determine the Cd contents in the soil samples [36]. Blank samples and standard soil
samples (GBW 07449) were incorporated into the laboratory experiments for soil sample
analysis [37]. Ten percent of the samples were randomly selected as parallel samples, with
the relative standard deviation (RSD) of their measurements being less than 5%. The
recovery rates of the standard samples ranged from 95% to 105%, demonstrating the
reliability of the laboratory analysis for Cd in soil samples.

2.3. Principal Component Spectral Data

The direct spectral signatures of soil Cd are difficult to capture due to its low concen-
tration and environmental interference. Therefore, spectrally active substances associated
with Cd, such as soil organic matter, iron oxides, and clay minerals, are commonly used as
proxies for soil Cd content. In this study, principal component transformation was applied
to hyperspectral data for dimensionality reduction and feature extraction. The resulting
principal component spectral (PCS) data, which represent spectral information related
to Cd-associated materials, were used as input variables for spectral modeling, thereby
reducing model convergence time and improving model robustness.

2.3.1. First-Order Derivative

Spectral transformation aimed to highlight the spectral signals of soil Cd and eliminate
the noise information generated by environmental factors and instrument errors [38,39].
In this study, the Savitzky—Golay (SG) and First-order derivative (FOD) were used to
transform the soil spectra data [40,41]. The SG transformation is a technique used to
reduce random noise in soil spectral data. The SG transformation applies a kth-order
polynomial fitting within a specified window width to the data. The expression for the SG

transformation is as follows:
hn +w
Ri=1+ Y Rign )

n=-—w

where R; represents the ith spectral band, w is the filter window width, H is the normal-
ization coefficient, and hy, is the smoothing coefficient, which is obtained by least-squares
polynomial fitting.
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First-order derivative (FOD) transformation is an effective technique to enhance fea-
tures in soil spectra, including inflection points of the spectral curve and positions of
reflectance extrema [42]. These features are associated with the Cd content in the soil. The
FOD can be expressed as:

R(Aiy1) —R(Aiq)

FOD();) = =

)

where R(Ai;2), R(Air1), and R(A;_p) indicate the reflectance values at the spectral bands of
the (i + 2) th, i th, and (i—2) th, respectively. AA represents the wavelength interval between
the 7 th spectral band and the (i + 1) th spectral band.

2.3.2. Principal Component Transformation

Principal component transformation is a dimensionality reduction method that can
extract the effective information of soil spectral data through information compression by
using the orthogonal transformation [43,44]. Soil spectral data included a large number of
spectral bands, and collinearity and redundancy existed. Principal component analysis can
effectively reduce the data dimension, extract key information in the soil spectral data, and
support the GIGS model construction. Principal component transformation was expressed

as follows: o
X=X
T d

where X is the spectral reflectance, X is the average of the spectral reflectance, and d

z 3)

represents the standard deviation.

Yhen (i — xi) (xgj — ;)
n—1

cov(x;,yj) = 4)
where k indicates the k-th soil sample, i and j denote the i-th and j-th spectral bands,
respectively, Xj; is the reflectance of the i-th band of the k-th soil sample, and # is the

number of soil samples.
Ak

YA

where c represents the cumulative variance contribution rate of the principal component

C

)

spectrum, A represents the eigenvector, and i is the number of eigenvectors. Principal
component calculations were performed using the Python software (Version 3.14).

2.4. GIGS Model

The GIGS model is an improved spectral estimation model for soil Cd that was de-
veloped using the XGBoost modeling framework (Version 2.1.0) and offers advantages in
soil properties estimation in geographic environments with significant spatial heterogene-
ity [45,46]. The GIGS model integrates the results of two sub-models under global and local
modes, and incorporates a spatial weighting module, thereby improving the robustness
of soil Cd spectral estimation [47,48]. The framework for the GIGS model is illustrated in
Figure 2.

We assume that a soil spectral dataset consisting of n samples was collected, where
y; denotes the target variable and x; represents the explanatory variable at location i. The
GIGS model under the global mode can be expressed as follows:

9 = Lke1 fk(xi), fk € F (6)
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where ?g indicates the estimated value at location i, K is the number of decision trees,
and f is a function belonging to the function space F; F represents the set of all possible
decision trees.

I : Data Il: Global mode
Field survey Spectra data J{}E ' J{}%
f Soil spectra - Treen YTree
A A | A|A U»OW PE analy51s i XGBoost algorithm
A | A |A|A Soect Hyperparameter
T Ta K& meaggfe;r?ent Covariates (X) optimization
-u’
Soil samples || Chemical analysis Cd contents (Y) Global model
IV: GIGS model Il:Local mode W,

: Spatial
Global estimates [.ocal estimates kernels
Spectral samples

Weighted average | Results ensemble K-S method

~ *
Yg = YR fi (), fk €F (D Maximum distance

Ye=a;yi + (1 —a)y, (2 Samples grouping ||| Kernel function
+ .

Model evaluation] |Model application Model calibration * Spatial weights

L RMSE] | Soil Cd estimation Local model Gradient product

Figure 2. Flowchart for the construction of the geospatial information-guided spectral (GIGS) model.

The GIGS model in the local mode consists of three steps. First, the distances between
all spectral samples are calculated using the Kennard-Stone algorithm, and two sample
subsets are partitioned based on the principle of maximizing spectral distance [49]. Subse-
quently, a neighborhood is constructed within each sample subset. The Gaussian function is
defined as the kernel function, and spatial kernels are used to calculate the spatial weights
(ws) for each sample subset [47].

dz
wsjj = eXP(*bflzj) 7)
where dj; represents the Euclidean distance between the i th and j th samples with different
geographic locations, and b is the threshold defined for the distance.

Spatial weights function in the GIGS model are used to assign the spatial weight
for the spectral samples. By adopting a gradient product approach, the conventional
weights obtained from the XGBoost algorithm are replaced with spatial weights during the
model calibration [50]. The spatial weights are multiplied by the first- and second-order
gradients, assigning a weight to the spectral samples. In addition, the GIGS model can also
be calibrated by the soil spectral samples without the spatial weights.
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In the end, the estimation results from the local mode and global mode in the GIGS
model were integrated by using a weighted averaging approach, the ensemble model as
shown in the following equation:

_ ?g IXZ':O
Vo= |aiy;+ (1 —a;)y i €(0,1) ®)
v & =1

where y . indicates the estimated value of soil Cd from the GIGS model at location i. o
is a hyperparameter of the GIGS model, related to the spatial heterogeneity of the soil
spectral samples, and is used to guide the model. The « value ranges from 0 to 1 and is
optimized by the residuals of the global (? o) and local sub-models (? 1)- The estimation
of the ensemble model is the weighted average of the prediction results from the local
and global sub-models at location i. The case where o« equals zero is a special scenario in
which the estimation at location i is computed solely by the global mode of the GIGS model,
without considering the local mode.

During the calibration of the GIGS model, the hyperparameters in the objective function,
loss function, and regularization term for each decision tree are optimized by grid search and
cross-validation, thereby improving the accuracy of the GIGS model and avoiding overfit-
ting [46,50,51]. The GIGS model was implemented using Python software (Version 3.14).

2.5. Model Calibration and Evaluation

Model performance was evaluated using three indices: coefficient of determination
(R?), root mean square error (RMSE), and ratio of performance to quartiles (RPIQ) [52,53].
A well-performing model is characterized by lower RMSE values and higher R? and RPIQ
values [54]. The collected soil samples (1 = 67) were divided into the calibration set (1 = 50)
and the validation set (n = 17) based on the Kennard-Stone algorithm. The calibration
set was used to train the GIGS model, while the validation set was used for independent
evaluation of model performance and did not participate in model calibration.

In addition, several commonly used machine learning algorithms were applied to
construct spectral estimation models of soil Cd, including extreme gradient boosting
(XGBoost), random forest (RF), and support vector regression (SVR) [55,56]. Five-fold
cross-validation and grid search were used to tune the hyperparameters to achieve the
best performance of the above models. The accuracy of these algorithms was evaluated to
provide a better assessment of the GIGS model’s performance.

3. Result and Analysis
3.1. Descriptive Statistics Characteristics of the Cd Contents in the Soil Samples

The descriptive statistical characteristics of Cd contents in soils of sewage irrigation
areas are shown in Figure 3. The soil Cd contents range from 0.14 to 0.87 mg kg !, with a
mean of 0.33 mg kg ! and a standard deviation of 0.12 mg kg ~!. The coefficient of varia-
tion is 35.65%. This coefficient, which is a dimensionless measure of standard deviation,
reflects the variability of Cd concentrations among soil samples [10,57]. The coefficient of
variation is less than 36% and higher than 15%, indicating that Cd exhibits moderate spatial
heterogeneity in the study area.
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Figure 3. Descriptive statistical characteristics of the Cd contents in the soil samples in the sewage
irrigation areas, China/(mg kg_l).

According to the “Agricultural Land Pollution Control Standard in China” (GB
15618-2018) [58,59], the threshold for Cd pollution is 0.30 mg kg~!. The mean Cd con-
tent (0.331 mg kg~ !) in the sewage irrigation areas exceeds this threshold, indicating a
notable level of Cd pollution in the study area. One of the main sources of soil Cd is
the untreated wastewater, exhaust gas, and solid waste discharged from industrial and
coal mining activities. These pollutants are transported to rivers and farmlands through
hydrological processes and atmospheric transport, leading to soil Cd pollution. A compre-
hensive analysis of the statistical characteristics of soil Cd not only provides a basis for the
construction and optimization of the GIGS model, but also supports agricultural practices
and precise environmental management.

3.2. Soil Spectral Analysis

The spectral reflectance of soil samples with different Cd contents shows clear differ-
ences in the Vis-NIR region (Figure 4a). Overall, the spectral curves (in the wavelength
range of 400-2500 nm) of all soil samples increase, but the rate of increase differs across
spectral ranges. Between 500-1000 nm, reflectance rises rapidly, while from 1000-2500 nm,
it increases more slowly. Distinct absorption features around 1400 nm and 1900 nm are
mainly related to soil moisture. The absorption feature near 2200 nm, as noted by [60,61],
is mainly associated with the clay content in the soil. Figure 4b shows the average spec-
tral curves with the FOD transformation. After FOD transformation, the spectral features
of soils become more pronounced, local characteristics are enhanced, and small spectral
changes are amplified. In addition, Figure 4b also reveals a negative correlation between
soil spectral reflectance and Cd content. The spectral curves of soils with different Cd
contents are more clearly separated, laying a solid foundation for building accurate spectral
models to estimate soil Cd content.
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Figure 4. Spectral curves for soil with different Cd contents and the first-order derivative (FOD)
spectra data.

3.3. Selecting the PCS from the Spectral Data as Covariates

PCS analysis was performed on the soil spectral data to extract the key information and
remove redundant spectral data. The first ten principal components and their eigenvalues
are presented in Figure 5. PCS-1 explained 45.85% of the total variance in the spectral data,
while PCS-2 and PCS-3 accounted for 23.36% and 10.56% of the total variance, respectively.
In addition, to improve the computational efficiency of the spectral model and prevent
overfitting, the five PCS were selected as covariates for spectral modeling.

5

Eigen value
(8]

\S}

1 2 3 4 5 6 7 8 9 10
Component number
Figure 5. Key information and the principal component spectra (PCS) extracted from the soil spectra data.

3.4. Model Comparison and Evaluation

Five PCS were used as input variables, and the measured Cd content in the soil
samples was taken as the dependent variable. Soil Cd spectral estimation models were
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developed using GIGS, XGBoost, RF, and SVR algorithms. The results of these models are
presented in Figure 6. Detailed accuracy metrics can be found in Table S1. XGBoost, RF,
and SVR models exhibited moderate performance, with RPIQ values of 1.35,1.01, and 1.15,
and R? values of 0.67, 0.61, and 0.63, respectively. In contrast, the GIGS model achieved
satisfactory performance, with the precision indices of R2, RMSE, and RPIQ of 0.78, 0.04,
and 2.02, respectively. Compared to the other models, the performance of the GIGS model
improved by 16.42%, 27.87%, and 23.81% (with reference to the R? value), respectively.
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Figure 6. Scatter plots of measured versus estimated Cd contents in soils, and the accuracy indices
for the geospatial information-guided spectral (GIGS), extreme gradient boosting (XGBoost), random
forest (RF), and support vector regression (SVR) models.

4. Discussion
4.1. Mechanism Exploration of the Principal Component Spectral Data of Soil Cd

In this study, a spatial weighting module was added to the GIGS model to analyze
the spatial heterogeneity of soil spectral samples. Each sample was given a spatial weight
during model calibration. The estimation function captured by the GIGS model effectively
explains the spatial heterogeneity of the spectral samples. Moreover, the GIGS model com-
bines both local and global models for the spectral estimation of soil Cd, which improves
the accuracy of spectroscopic estimation in sewage irrigation areas.

The information from spectrally active bands related to soil Cd was effectively inter-
preted by the extracted PCS. The loading values of these bands on the PCS are shown in
Table 1. Scores of spectral samples on the principal components in the projection space
are indicated in Figure 7. The absolute loading values at 429 nm, 490 nm, and 1000 nm
were significant on PCS-1, indicating that PCS-1 captures most of the information for these
spectral bands. The 490 nm and 1000 nm bands are absorption peaks that have been
reported to be closely related to soil iron oxides [62]. Therefore, PCS-1 can be regarded
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as an indirect spectral indicator of soil Cd associated with iron oxides [63]. The loading
values at 900 nm, 1415 nm, 1915 nm, and 2205 nm were higher than those of other spectrally
active bands on PCS-2, and the spectral information contained in these bands showed
the strongest correlation with PCS-2. The bands at 1415 nm and 1915 nm correspond to
the combined spectral features of moisture-related (-OH) stretching vibrations and Al-OH
bending vibrations in soil clay minerals [22,60,64]. The 2205 nm band is an absorption peak
of soil clay minerals, and the peak near 900 nm is caused by Fe3* in the soil, indicating
that PCS-2 mainly reflects the information of soil Fe?*, moisture, and clay minerals [65].
The spectral information of PCS-3 was mainly derived from the bands at 600 nm and
815 nm. The 600 nm band is a typical reflection peak for soil organic matter, and the region
near 815 nm is a sensitive band for organic matter response [66,67]. Thus, the indirect
spectral indicators for soil Cd in PCS-3 represent the spectral information of soil organic
matter [31,68]. Overall, the extracted PCS represent the comprehensive spectral information
of soil Cd and indirectly characterize Cd in sewage-irrigated soils through indicators such
as organic matter, clay, and iron oxides.

Table 1. Loading values of important spectral bands on the top three principal component
spectra (PCS).

Spectrally Active Bands PCS-1 PCS-2 PCS-3
429 nm —0.711 —0.448 0.361
490 nm 0.758 —0.492 0.201
600 nm 0.661 —0.361 0.792
815 nm 0.410 0.448 0.867
900 nm 0.431 0.766 0.418
1000 nm —0.937 —0.041 —0.010
1415 nm 0.494 0.778 —0.140
1915 nm 0.341 —0.843 —0.137
2205 nm —0.074 0.812 0.203
2455 nm 0.694 0.700 —0.103
50 a
Group 1
L l. [ ] L
. " . " - GYO“‘) 7"
& - ° "o *
?; L [ ] . [ ]
o d o
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Figure 7. Scores of spectral samples on the principal components in the projection space.

4.2. Performance and Error Analysis of the GIGS Model

The sample set division is important for calibrating the GIGS model using both local
and global modeling approaches. Moosavi et al. [69] and Shi et al. [70] found that local
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models can perform better than global models in estimating soil properties from spectra,
because they take into account the spatial heterogeneity of soil spectral samples. Choosing
a suitable sample set is key to achieving the best performance of the local model in the
GIGS model [48,71,72]. In this study, the Kennard—-Stone algorithm was used to divide the
calibration sample set into two equally sized subsets. Although this was the best choice for
the current study;, if the total number of samples, spatial heterogeneity, or soil properties
change, the way the sample set is divided should be reassessed.

The GIGS model can recognize the spatial heterogeneity in soil spectral samples,
but it does not model the spatial autocorrelation of samples within specific geographic
environments. Due to spatial heterogeneity, the functional relationship and those weight co-
efficients between spectral data and soil Cd content vary across different locations [29,30,32].
The GIGS model addresses this negative effect from the spatial heterogeneity by using
spatial weighting in the modeling process. Furthermore, the GIGS model did not achieve
perfect accuracy (with R? and RPIQ values of 0.78 and 2.02, respectively). This shows
that the spatial relationships or dependencies among soil spectral samples within a given
region are not fully represented, which impacts the performance of the model. At present,
the soil environment in sewage irrigation areas is complex and highly variable [73]. The
GIGS model offers a way to reduce the negative influence of spatial heterogeneity on soil
spectral estimation.

Both conventional machine learning models and the GIGS-based spectral estimation
model were run for 50 iterations, with the resulting standard deviations of soil Cd estimates
serving as indicators of model accuracy and uncertainty. The distribution of standard devi-
ations across all soil samples is illustrated in Figure 8. Among the four models evaluated,
GIGS (Figure 8a) achieved the lowest mean standard deviation (0.045), indicating the most
stable and consistent estimation performance. XGBoost (Figure 8b) and RF (Figure 8c)
ranked second and third, with mean standard deviations of 0.059 and 0.065, respectively,
while SVR (Figure 8d) exhibited the largest variability, with a mean standard deviation
of 0.071. To further investigate spatial performance, the study area was partitioned into
four subregions (E, W, N, and S) based on differences in soil environmental conditions
and anthropogenic disturbance. Subregion E displayed the highest coefficient of variation
in soil Cd content (44.72%), substantially exceeding those of subregions W (36.13%), N
(35.57%), and S (33.17%), thus reflecting significant spatial heterogeneity. GIGS maintains a
relatively low standard deviation (0.055) in subregion E, while all three conventional ma-
chine learning models exhibit values exceeding 0.06. These findings highlight the superior
performance of the GIGS model for spectral estimation of soil Cd, particularly in areas
characterized by strong spatial heterogeneity.

4.3. Transferability and Limitations Analysis

To evaluate the transferability and robustness of the GIGS model, two case study
areas, Chanqing County (CQC), China, and Thessaly and Central Greece (TCG), Greece
(see Figure 9), were selected for validation. The CQC is located in eastern China, with
geographic coordinates ranging from 36°14’ to 36°41'N and 116°30’ to 117°4’E, covering
an area of approximately 1180 km?. It belongs to a warm temperate continental monsoon
climate zone. The region lies on the alluvial plain of the lower Yellow River and is charac-
terized by three main soil types: brown soil, loam, and alluvial soil. The TCG is situated in
the central plain of Greece, covering an area of about 1315 km?. Its geographic coordinates
range from 39°23' to 39°45'N and 22°10’ to 22°47'E. The region has a typical Mediterranean
climate. The main soil types include brown soil, terra rossa, and vertisols. The dominant
crops in this area are wheat, lentils, and cotton.
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Figure 8. Standard deviation of soil Cd spectral estimation using the GIGS model in a sewage

irrigation area of China: The solid blue lines represent the boundaries of the four subregions within

the study area; the solid red lines indicate the boundaries of the towns within the study area; and the

dashed red lines represent the mean frequency of standard deviations across different ranges.
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Figure 9. Transferability of the GIGS model in two case study areas, Chanqing County (CQC), China,
and Thessaly and Central Greece (TCG), Greece: (a) The geographic locations of the CQC and TCG
areas in the world; (b) Estimated map of soil Cd in the CQC area; (c) Estimated map of soil Cd in the
TCG area.

The soil samples and corresponding spectral data for both the CQC and TCG areas
were obtained from publicly available datasets [53,74]. A total of 304 soil samples were
collected in the CQC area. Near-synchronous Landsat 8 OLI imagery (22 April 2020) was
acquired from the Google Earth Engine platform to derive PCS data corresponding to
the soil samples. Detailed information about the dataset can be found in Xu et al. [53].
Similarly, soil samples for the TCG area were obtained from Téth et al. [74], along with
near-synchronous Landsat 8 OLI imagery (26 July 2013). The preprocessing of soil samples
and spectral data is described in Section 2, which supports a comprehensive and reliable
evaluation of the GIGS model framework.

The estimated soil Cd and its spatial distribution are shown in Figure 9. The GIGS
model achieved acceptable accuracy in both the CQC area and TCG area for spectral
estimation of soil Cd. The R? and RPIQ values were 0.59 and 1.00 for the CQC area, and
0.64 and 1.17 for the TCG area. As shown in Figure 9b, areas with high soil Cd content are
mainly distributed in the eastern part of the CQC area, which may be related to the parent
material of the soil [10,16]. Figure 9b also indicates that hotspots of soil Cd contamination in
the TCG area are mainly located in the eastern region, which are associated with agricultural
activities and parent material [35,74]. These results provide evidence for the reliability and
transferability of the GIGS model.

The GIGS model is combined with Sentinel-2 MSI imagery to generate a distribution
map of soil Cd in the study area (Figure 1). The Cd content in the soils in the northern
part of the study area is higher than that in the southern part, which is related to industrial
activities and coal mining (as indicated in Figure S1). The mapping results show that soil Cd
contents range from 0.12 mg kg ! to 0.79 mg kg~!. This range is basically consistent with
the statistical results from ground-based soil samplings (0.14 mg kg~ ! to 0.87 mg kg~ 1).
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These findings confirm that the GIGS model framework is effective for proximal estimation
of soil Cd and for satellite-based mapping.

Selecting strong spectral features as input variables can improve the performance of
the GIGS model. Advanced supervised search methods such as the genetic algorithm and
successive projection algorithm have been used to select spectral features from the numer-
ous bands in soil spectral data [75-77]. The selected spectral features are closely related
to soil components, which can greatly improve the accuracy of soil spectral estimation
models. Although the PCS analysis method used in this study helps extract key spectral
information and reduce data redundancy and collinearity, further research is needed to
achieve more precise spectral feature extraction and to develop robust spectral feature sets.

Future research should focus on developing new theoretical frameworks for the
spectral estimation and monitoring of soil Cd. The GIGS method proposed in this study
improves estimation accuracy by accounting for the spatial heterogeneity of soil spectral
samples and reducing spatial non-stationarity between spectral data and Cd content. This
study represents a meaningful improvement over existing theoretical frameworks for soil
Cd spectral estimation [20,78]. Building on this work, new theoretical frameworks should
be developed in the context of rapid advances in Al technologies to enable the analysis of
spatiotemporal dynamics, driving factors, and future trends of soil Cd [79].

We acknowledge that the GIGS approach has several limitations that should be care-
fully considered and addressed as a priority. First, the XGBoost model shows stable and
strong performance across different application scenarios [50,78]. Considering the balance
between efficiency and cost, the GIGS approach was developed based on an XGBoost model
framework with a spatial weighting module. In future work, the GIGS approach should be
further improved by incorporating advanced Al frameworks, such as transformer-based
deep learning and pretrained foundation models [79,80]. In addition, although represen-
tative soil samples were collected for calibrating the GIGS model, and both independent
validation and cross-validation were used to improve model reliability, limitations such as
small sample size, limited validation samples, and the risk of overfitting cannot be avoided
and should be addressed in future studies. Finally, the spectral estimation and digital
mapping of soil Cd in this study focused on topsoil (0-20 cm). Future work can integrate
multi-source remote sensing data and soil process models to obtain PTEs information in
deeper soil layers [81].

5. Conclusions

Integrating the PCS data with a GIGS model developed in the study provided a
framework for efficiently estimating and mapping soil Cd content and achieved satisfactory
performance in a case study. A spatial weighting module from the GIGS model was used to
analyze the spatial heterogeneity of each soil spectral sample. Each sample was assigned a
spatial weight based on its geographical location, which helped reduce the negative effects
of spatial heterogeneity on spectral modeling. The optimal principal component spectra
(PCS) derived from spectral data were used as model inputs, with measured soil Cd content
as the dependent variable, thereby establishing a robust spectral estimation model for
soil Cd. Results indicated that the GIGS model exhibited satisfactory performance in the
spectral estimation of soil Cd content, with R2, RMSE, and RPIQ values of 0.78, 0.04, and
2.02, respectively. Compared to commonly used spectral estimation models (e.g., XGBoost,
RE, SVR), the GIGS model showed an improvement of about 27.87% at the highest and
about 16.42% at the lowest (based on R?). Five PCS of soil spectral data were extracted
as predictors for the model. These predictors were closely associated with clay minerals,
organic matter, and iron oxides in the soil, thereby indirectly reflecting the state of Cd
content. This study provides an efficient spectral estimation and mapping framework for
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soil Cd content, which can strongly support soil quality monitoring and environmental
sustainability around the world.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390 /1518142341 /s1: Table S1: Accuracy indices for the GIGS, XGBoost,
RF, and SVR models; Figure S1: Map of soil Cd distribution in the study area.
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