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Abstract

Soil heavy metal pollution threatens agricultural safety and human health, with Cd ex-
ceeding standards being the most common problem in contaminated farmland. The
development of hyperspectral remote sensing technology has provided a novel method-
ology of quickly and non-destructively monitoring heavy metal contamination in soil.
This study aims to explore the potential of an interpretable Stacking ensemble learning
model for the estimation of soil Cd contamination in farmland hyperspectral data. We
assume that this method can improve the modeling accuracy. We chose Zhangjiagang
City, Jiangsu Province, China, as the study area. We gathered soil samples from wheat
fields and analyzed soil spectral data and Cd level in the lab. First, we pre-processed
the spectra utilizing fractional-order derivative (FOD) and standard normal variate (SNV)
transforms to highlight the spectral features. Second, we applied the competitive adap-
tive reweighted sampling (CARS) feature selection algorithm to identify the significant
wavelengths correlated with soil Cd content. Then, we constructed and compared the
estimation accuracy of multiple machine learning models and a Stacking ensemble learning
method and utilized the Optuna method for hyperparameter optimization. Ultimately, the
SHAP method was used to shed light on the model’s decision-making process. The results
show that (1) FOD can further highlight the spectral features, thereby strengthening the
correlation between soil Cd content and wavelength; (2) the CARS algorithm extracted
3.4-6.8% of the feature wavelengths from the full spectrum, and most of them were the
wavelengths with high correlation with soil Cd; (3) the optimal estimation precision was
achieved using the FOD1.5-SNV spectral pre-processing combined with the Stacking model
(R? = 0.77, RMSE = 0.05 mg/kg, RPD = 2.07), and the model effectively quantitatively
estimated soil Cd contamination; and (4) SHAP further revealed the contribution of each
base model and characteristic wavelengths in the Stacking modeling process. This research
confirms the advantages of the interpretable Stacking model in hyperspectral estimation of
Cd contamination in farmland wheat soil. Furthermore, it offers a foundational reference
for the future implementation of quantitative and non-destructive regional monitoring of
heavy metal contamination in farmland soil.

Keywords: soil heavy metal; Cd contamination; hyperspectral; stacking ensemble learning;
SHAP; fractional-order derivative
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1. Introduction

Soil contamination poses a significant threat to global agricultural security and human
health [1,2]. Recent studies have shown that about 14-17% of the agricultural land in the
world has at least one toxic metal in excess, with a significant excess of Cd [3]. Cd is a highly
toxic heavy metal that exhibits high mobility, bioaccumulation, and long-term residue. It is
easily assimilated by plants and subsequently accumulates within the food chain, thereby
presenting a significant risk to both ecosystems and human health [4,5]. Traditional soil
Cd detection relies on laboratory chemical analysis, which is highly accurate. However,
there are defects such as complicated sample pretreatment, a long cycle time, high cost,
and difficulty in obtaining spatial distribution information over a large area [6]. These
issues prevent it from meeting the needs of large-scale dynamic monitoring. Recently,
hyperspectral remote sensing technology has emerged as an innovative method for the
rapid and non-destructive assessment of heavy metal concentrations in soil [7,8]. This
advancement can be attributed primarily to its numerous spectral bands and high spectral
resolution. The hyperspectral technique can quickly monitor soil Cd contamination by
capturing detailed spectral characteristics of soil in the visible and near-infrared ranges.
This method indirectly indicates the Cd levels and its interactions with iron oxides, or-
ganic matter, and clay minerals [9]. Nevertheless, hyperspectral data has extremely high
dimensionality (hundreds to thousands of bands), a high band correlation, and interference
from ambient noise [10]. This results in a serious challenge to extract effective information
from hyperspectral data and construct robust estimation models. Competitive adaptive
reweighted sampling (CARS) is a feature selection method based on variable competitive
screening. Research by Liu et al. [11] and Li et al. [12] shows that CARS is an efficient
method for extracting sensitive spectral information and reducing redundant bands.

Since the inherent noise (e.g., scattering effect, baseline drift) of hyperspectral data can
mask the target signal, the effective information needs to be enhanced by pre-processing [13].
The derivative transform is a widely used spectral pre-processing method. For example,
researchers often utilize first-order or second-order derivatives to mitigate baseline drift,
resolve overlapping peaks, and enhance minor changes in spectral features [14]. This
approach is undertaken to enhance the precision of estimations regarding heavy metal
content in soil. The fractional-order derivative (FOD) represents an extension of the integer-
order derivative, thereby providing a more detailed treatment of the spectral derivative.
Finer quantization on the order means that curvature and tilt variations in each band
can be captured more sensitively, highlighting spectral features [15,16]. For instance,
Chen et al. [17] and Cao et al. [18] studied optimization of the order of the FOD by optimiz-
ing the order of the fractional-order derivatives in fine steps (e.g., 0.1 or 0.25) between the
integer-order derivatives. They found the most sensitive spectral information for soil heavy
metal elements, which subsequently enhanced the predictive accuracy and reliability of
the model. Furthermore, various spectral pre-processing techniques, including derivative
transformation and standard normal variate (SNV) transformation, have been integrated by
some researchers to maximize the benefits of different spectral transformation approaches.
This combination serves to highlight spectral characteristics and enhance the accuracy of
modeling [19,20].

The advancement of computer technology has facilitated the extensive applica-
tion of diverse machine learning algorithms in the analysis of hyperspectral data [21].
Qi et al. [22,23] successfully employed machine learning models, including random forest
(RF), XGBoost, LightGBM (LGBM), and AdaBoost, to rapidly identify heavy metal Ni and
Cu contamination in the European LUCAS spectral library. Zhou et al. [24] modeled the
hyperspectral estimation of various soil heavy metal elements (Cr, Pb, Ni, Cu, Zn, and Mn)
in the Sanjiangyuan region of China by RF, support vector regression (SVR), and partial
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least squares regression (PLSR) methods. However, most of the existing studies rely on a
single model, whose performance is easily constrained by data distribution and parameter
settings, making it difficult to break through the accuracy bottleneck. For example, SVR is
highly sensitive to kernel functions and penalty coefficients, while RF is prone to overfitting
when features are redundant [25,26]. In machine learning, ensemble learning is defined
as a method that utilizes the prediction results of several base models to enhance overall
accuracy. The key idea is to reduce variance and bias through diversity among models (e.g.,
algorithmic differences, data subsets, or feature subsets) to improve prediction accuracy
and robustness [27]. The Stacking ensemble learning model integrates the prediction re-
sults of multiple base models by training a meta-model. This approach comprehensively
utilizes the advantages inherent in each base model while concurrently circumventing the
limitations associated with a single model [28,29]. However, complex ensemble learning
models are usually perceived as “black boxes”, which makes it difficult to understand how
they make decisions. This lack of interpretability constrains their applicability in real-world
scenarios [30].

In the domains of environmental monitoring and agriculture, the interpretability of
models is of paramount importance. Models that are interpretable facilitate a deeper grasp
of the decision-making mechanisms underlying predictions, thereby fostering greater trust
among researchers and decision-makers in the reliability of these predictions [31]. The
SHapley Additive exPlanations (SHAP) methodology, which is grounded in game theory,
serves as a model interpretation technique that facilitates the allocation of a value to each
feature [32,33]. The visualization of SHAP values enables researchers to gain an intuitive
comprehension of the features that exert a substantial influence on the predictions made by
the model. This practice enhances the transparency and credibility of the model’s outcomes.

This study aims to examine the validity of interpretable Stacking ensemble learning
models for hyperspectral estimation of Cd contamination in farmland soil. Furthermore,
the value of interpretable ensemble learning in the hyperspectral estimation of soil contami-
nation will be clarified. First, we pre-processed the spectra using FOD and SNV transforms
to highlight spectral features. Second, we applied the CARS feature selection algorithm
to identify the significant wavelengths associated with soil Cd content. Then, we con-
structed and compared the estimation performance of multiple machine learning models
and the Stacking model. Among them, we used simple, efficient, and widely used PLSR
as the meta-model. Ultimately, the SHAP method was used to shed light on the model’s
decision-making process.

2. Materials and Methods
2.1. Study Area

Zhangjiagang City (31°43/-32°02" N, 120°21'-120°52’ E) is situated in the southeastern
part of Jiangsu Province, China, as well as on the southern bank of the lower Yangtze
River (Figure 1). The city is an early open port industrial city in the intersection area of
the coastal and Yangtze River economic zones and covers a total area of about 989 km?.
The area is situated within the southern humid climate zone of the northern subtropical
region, which is characterized by a temperate climate, the presence of four distinct seasons,
and a significant amount of precipitation. The average annual temperature, precipitation,
and sunshine hours are 16 °C, 1078 mm, and 1887 h, respectively. The terrain of the whole
region is flat, with the elevation located from —8 m to 135 m, which is suitable for large-scale
farming. As a result, agriculture in Zhangjiagang City is well developed, with a cultivated
area of 313 km?, which is mainly cultivated in two seasons a year, with wheat and rice
in rotation. During the development of industrialization, some farmlands are vulnerable
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to the influence of industrial and domestic wastewater, atmospheric dust fall, etc., which
adversely affect the soil environment of farmlands.
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Figure 1. Location of study area and sampling points.

2.2. Data Collection and Determination

During 16-21 May 2024, we sampled 152 soil samples from the 0-20 cm surface layer
of farmland wheat in the study area (Figure 1). At the time of sampling, we collected
soil samples (approximately 1 kg) using the five-point mixing method at each sample
point and brought the samples back to the laboratory in sealed bags [24]. At the same
time, we recorded the number, location, and surrounding environment information of each
sampling point.

In the lab, the soil samples were subjected to a series of processing steps. Firstly, they
were air-dried, then ground, and subsequently sieved. The processed samples were then
split into two distinct parts. A portion of the samples was utilized for the purpose of
determining the soil Cd content by ICP-MS [34]. An additional portion of the samples
was utilized to determine soil spectral data through the utilization of an ASD FieldSpec3
ground spectrometer (Analytical Spectral Devices Inc., Boulder, CO, USA). The instrument
operates within a wavelength range of 350 to 2500 nm, a resampling interval of 1 nm, and
2151 bands of data per spectral output. The scans were repeated five times for each sample,
and the average value was calculated to represent the soil spectral result for that sample.
During the measurement process, calibration was carried out every 10 min using a standard
white plate.

2.3. Research Methods
2.3.1. Workflow

The workflow of this study is illustrated in Figure 2. (1) Data collection and deter-
mination: soil samples were obtained from agricultural fields, and subsequent laboratory
analyses were conducted to determine the content of soil Cd as well as to acquire soil
spectral data. (2) Spectral pre-processing: the spectra were pre-processed using FOD and
SNV. (3) Feature selection: CARS was utilized to select the feature wavelengths of soil Cd.
(4) Modeling: a Stacking ensemble learning method consisting of multiple machine learning
models was constructed, and the modeling performance was evaluated. (5) Model interpre-
tation: the contributions of the base models and feature wavelengths were calculated using
the SHAP method.
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Figure 2. Flowchart for estimating Cd contamination in farmland soil.

2.3.2. Spectral Pre-Processing

Initially, the raw spectral data underwent a Savitzky—Golay smoothing process and
then further FOD transformed using the Griinwald-Letnikov algorithm [35]. This resulted
in 1-order (FOD1), 1.25-order (FOD1.25), 1.5-order (FODL1.5), 1.75-order (FOD1.75), and
2-order (FOD2) transformed spectra. Then, for each FOD spectrum, the SNV transform
process was performed. Finally, the spectral bands within the ranges of 350400 nm and
2451-2500 nm, characterized by low signal-to-noise ratios, were excluded from the analysis.
Conversely, the bands spanning from 401 to 2450 nm were preserved for the purposes of
spectral analysis and modeling at each sampling location.

2.3.3. Feature Selection

CARS is a feature selection technique that employs a competitive screening process
for variables. It is extensively utilized for identifying critical wavelengths in the modeling
of high-dimensional spectral data [36]. The core idea is to gradually screen out the subset
of features that contribute most to the regression or classification task through an iterative
process. At the same time, redundant and irrelevant features are removed to enhance
both the performance and computational efficiency of the model. The CARS algorithm
is operated in the following steps. First, the algorithm initializes the feature weights and
samples the original dataset. In each iteration, the significance of each feature in relation
to the target variable is assessed through the computation of the weighted correlation
coefficient associated with that feature. Then, the features are ranked according to their
importance, and the feature weights are adjusted by an adaptive reweighting strategy. This
process is repeated until a preset stopping condition is met, such as when the number of
features attains a specified threshold or when the number of iterations reaches a defined
upper limit. Eventually, the algorithm outputs a filtered subset of features for subsequent
modeling and analysis [37]. In the present study, the number of iterations was established
at 50.
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2.3.4. Spectral Modeling

Stacking ensemble learning represents a method approach within ensemble techniques
aimed at enhancing both the performance and the robustness of models through the
integration of predictive outcomes derived from various foundational models [38]. The
core idea is divided into two layers. The first layer comprises several heterogeneous base
models that have been trained in parallel to produce initial predictions on the original
dataset. The second layer retrains the primary predictions by a meta-model to learn the
optimal combinatorial relationship among the base models. The base models selected in
this study include K-nearest neighbors (KNN), SVR, RF, AdaBoost, XGBoost, and LGBM.
The meta-model is the PLSR algorithm, which is capable of efficiently handling high-
dimensional collinear data. In addition, it extracts key information from the output of the
base model by projective dimensionality reduction, which enhances the generalization
capability [39].

KNN is a simple and classical nonparametric supervised learning algorithm, whose
core idea is to make predictions based on the similarity of samples. For unknown samples,
the K-nearest neighbor samples are selected by calculating the distance to all samples
within the training dataset. The prediction of the unknown samples is then determined by
voting or weighted averaging based on the category (classification task) or attribute values
(regression task) of these neighbors [40].

SVR is a supervised learning algorithm grounded in statistical learning theory. It
facilitates the prediction of the target variable by identifying a hyperplane that maximizes
the margin, thereby transforming input features into a high-dimensional space. SVR has
good generalization ability and is able to effectively handle nonlinear relationships as well
as high-dimensional datasets [41].

RF is an ensemble learning algorithm that utilizes decision tree methodologies. RF
improves the robustness of models by generating multiple decision trees and employing
ensemble learning techniques to aggregate their predictions. The algorithm is designed to
construct each tree by randomly selecting a subset of samples and a subset of features. This
process introduces randomness, thereby reducing the variance of the model and enhancing
generalization. Consequently, this approach effectively avoids overfitting [42].

AdaBoost is an iterative ensemble learning algorithm. A strong learner is constructed
by combining multiple weak learners. The main idea is to change the weights of the
samples gradually through an iterative approach, which makes the subsequent weak
learners to focus more intently on the samples that were incorrectly predicted by the
previous model [43].

XGBoost is an ensemble learning algorithm that utilizes the principles of gradient
boosting. By using second-order Taylor expansion to approximate the loss function, XG-
Boost also adds a regularization term to manage the model’s complexity and prevent
overfitting. In addition, XGBoost supports parallel computing and distributed training,
which can effectively improve the training speed [44].

LGBM is a machine learning algorithm that has been developed by Microsoft and is
based on the gradient boosting framework. LGBM significantly improves the speed of
model training and memory usage of the model by employing a histogram-based decision
tree algorithm and a series of optimization techniques, such as one-sided gradient sampling
and mutually exclusive feature bundling [45].

2.3.5. Hyperparameter Optimization

Optuna is an effective framework for hyperparameter optimization that combines a
dynamic pruning mechanism with an intelligent sampling strategy. In the sampling phase,
Optuna adopts the tree-structured parzen estimator algorithm to dynamically predict the
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hyperparameter combinations that are more likely to produce optimal results by modeling
the results of historical trials [46]. This method significantly improves the search efficiency
compared to traditional techniques, including random search and grid search. At the
same time, Optuna introduces an early-stop mechanism, which terminates the experiment
in time when the model performance during the experiment is significantly worse than
the historical optimum, avoiding ineffective computational resource consumption. The
advantages of Optuna are as follows: first, it is highly automated and scalable, supports
various machine learning frameworks, and is able to adapt to the structure of complex
models; second, through parallelization and distributed computing, the optimization
time is significantly reduced; third, it is rich in visualization tools, which makes it easy
for researchers to intuitively analyze the relationship between hyperparameters and the
objective function [28].

In the present research, the Optuna methodology was utilized for the optimization of
hyperparameters across several machine learning models (Table 1). The objective function
was a 5-fold cross-validated root mean square error (RMSE) with a termination condition
of 100 iterations of optimization. All modeling processes were run on a laptop with a
Windows 11 operating system equipped with an i7-12700H CPU with 16 GB of memory
and an NVIDIA GeForce RTX 3060 GPU with 6 GB of memory, and the modeling was
completed using the Python 3.9 (https://www.python.org/ (accessed on 8 April 2025))
language environment. The modeling times for KNN, SVR, RF, AdaBoost, XGBoost, LGBM,
and Stacking were approximately 5s,15s,100s,90s, 80 s, 10 s, and 290 s, respectively.

Table 1. Model hyperparameter optimization range settings.

Model Parameters Range Step Size
KNN n_neighbors (1,10) 1
leaf_size [1,5, 10, 20, 30, 40, 50]
) (1,10) 1
SVM C [1,5, 10,50, 100, 500, 1000]
gamma [‘scale’, ‘auto’]
RF n_estimators [50, 100, 150, 200]
max_depth (2,10) 1
min_samples_split (2, 10) 1
min_samples_leaf (1, 10) 1
AdaBoost n_estimators [50, 100, 150, 200]
learning_rate [0.001, 0.01, 0.1, 1]
XGBoost n_estimators [50, 100, 150, 200]
max_depth (2,10) 1
num_leaves (10, 50) 10
learning_rate [0.001, 0.01, 0.1, 1]
LGBM n_estimators [50, 100, 150, 200]
max_depth (2,10) 1
num_leaves (10, 50) 10

learning_rate
reg_lambda

[0.001,0.01, 0.1, 1]
[0.001,0.01, 0.1, 1]

2.3.6. Model Evaluation

We chose the coefficient of determination (R?), RMSE, and relative percent deviation
(RPD) for modeling accuracy evaluation. Among them, a value of R? that approaches 1
indicates superior model fit and stability, while a lower root mean square error (RMSE)
signifies enhanced model accuracy. When the RPD value exceeds 2.00, this signifies that
the model is capable of being quantitatively estimated. When the RPD value is between
1.50 and 2.00, this suggests that the model can be estimated with a degree of approximation.
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When the RPD value falls below 1.50, this indicates that the model exhibits inadequate
estimation capability [47].

2.3.7. Model Interpretation

SHAP is a model interpretation method that is based on the concept of the Shapley
value, as it appears in the field of game theory [48]. The purpose of this method is to
quantify the contribution of each feature to the prediction of the model. The core idea is
to consider the prediction result as the “game gain” of all features working together and
to assign importance through the calculation of the marginal contribution of features in
different combinations. SHAP values ensure fairness of interpretation, satisfying additivity
(the total sum of SHAP values of all features is equivalent to the deviation of the predicted
value from the baseline value) and consistency (the ordering of feature importance is
consistent with the model behavior). Feature importance ranking is consistent with model
behavior. Its advantages include the following: (1) the method can analyze the prediction
basis of individual samples as well as assess the overall feature importance, realizing the
unification of global and local interpretations; (2) the method is model-independent and
applicable to any machine learning model; (3) the method explicitly shows the positive
or negative impact of features on prediction, enhancing interpretability; (4) the method is
based on game theory, providing stable and reliable contribution assignments [49].

3. Results
3.1. Soil Sample Statistics

We randomly divided the total dataset into an 80% modeling set (122 samples) and a
20% testing set (30 samples) (Table 2). During the training process, the modeling set
underwent 5-fold cross-validation to obtain the optimal hyperparameters. In the to-
tal dataset, the range of soil Cd content was 0.004-0.438 mg/kg, with a mean value of
0.221 mg/kg, a standard deviation of 0.109 mg/kg, and a coefficient of variation of 0.492.
According to the risk control standards of soil contamination in agricultural land, a total of
43 sampling points within the dataset surpassed the risk screening threshold of 0.3 mg/kg
for farmland, accounting for 28%. These over-standard sample points are mainly dis-
tributed in the eastern and central regions of the study area (Figure 1). This indicates that
there is a certain degree of pollution risk in wheat soil in the study area. The statistical
characteristics of the modeling and testing sets were basically consistent with the total
dataset, with mean values of 0.221 mg/kg and 0.219 mg/kg and standard deviations of
0.110 mg/kg and 0.106 mg/kg, respectively. This indicates that the divided subset can
better represent the distribution characteristics of the original dataset, thereby fulfilling the
requirements for model construction and evaluation.

Table 2. Statistical characteristics of soil Cd content in different sample types.

Dataset Sampling  Minimum Maximum Mean (me/ke) Standard Coefficient of
Points (mg/kg) (mg/kg) 848 Deviation (mg/kg) Variation
Total set 152 0.004 0.438 0.221 0.109 0.492
Modeling set 122 0.004 0.438 0.221 0.110 0.497
Testing set 30 0.007 0.381 0.219 0.106 0.482

3.2. Spectral Transformation Features

The results obtained from the combination of different FOD transforms with SNV
pre-processing are illustrated in Figure 3. The figure shows that the detailed features of the
spectral curves are gradually enhanced with the increase in the fractional-order derivative
order. Among them, the low-order derivatives (Figure 3a) retain the overall trend of the
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Spectral reflectance

original spectra, while the high-order derivatives (Figure 3e) significantly highlight the local
absorption peaks and minor fluctuations. This helps to extract finer spectral information.
The SNV transform further eliminates baseline drift and scattering interference, making
the spectral data more consistent with a normal distribution. The combination of different
orders reflects the flexibility of FOD in balancing noise suppression and feature extraction,
providing diverse input features for subsequent modeling.
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Figure 3. Characterization of spectral curves with different pre-processing.

3.3. Spectral Feature Wavelength

In Figure 4, the black line indicates the correlation coefficient (r) between the soil
Cd content and spectral data, while the blue line indicates the characteristic wavelengths
chosen with CARS. It is evident that the correlation between the spectral features and Cd
content increases significantly as the derivative order increases, while the range of fluctua-
tion of r diminishes progressively. This demonstrates that the noise is suppressed more
effectively, making the correlation analysis steadier and more reliable. In addition, the dis-
tribution of the blue lines shows that CARS mainly selected the wavelengths with stronger
correlation with soil Cd. The results of CARS feature selection are further quantified in
Table 3, where CARS selected 69-139 feature wavelengths for soil Cd from 2050 full-
spectrum wavelengths, reducing spectral redundancy. Although FOD1.25-SNV showed
improved correlation with FOD1-SNV at some wavelengths, most of the improved wave-
lengths were not sensitive wavelengths for soil Cd. Therefore, the absolute values of
maximum positive ¥ and maximum negative r for the characteristic wavelengths ex-
tracted by CARS for FOD1.25-SNV were small, although FOD2.0-SNV reached the max-
imum positive r at 1996 nm (r = 0.69) and showed the maximum negative r at 1243 nm
(r = —0.63). However, the wavelengths of the maximum positive and negative correlation r
are different for the different pre-processed spectra, suggesting that there is a difference in
the prominence of the FOD for different wavelength ranges.
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Figure 4. Correlation coefficient r (black line) and CARS feature selection (blue line) for different
pre-processed spectra.

Table 3. CARS feature selection for different pre-processing spectra. r, correlation coefficient.

. Number of Feature Maximum Positive Maximum Negative r
Spectral Pre-Processing
Wavelengths Wavelength r Wavelength r
FOD1-SNV 105 2350 0.53 2287 —0.51
FOD1.25-SNV 69 1295 0.42 1123 —-0.41
FOD1.5-SNV 105 1294 0.52 2417 —0.56
FOD1.75-SNV 139 893 0.63 2263 —0.55
FOD2-SNV 139 1996 0.69 1243 —0.63

3.4. Hyperspectral Estimation of Soil Cd Contamination

Table 4 compares the estimation performance of each model on the testing set under
different spectral pre-processing. In terms of the impact of various spectral pre-processing
methods on the model performance, the estimation accuracy for each model initially in-
creases and then subsequently decreases as the order of the fractional derivative increases.
Among them, all models except KNN achieved the highest accuracy under the FOD1.5-SNV
pre-processing spectrum. This is mainly because the correlation coefficient between the
characteristic wavelength and soil Cd has a significant impact on the modeling accuracy of
KNN. In terms of the impact of various models on the estimation performance, the Stacking
model outperforms the single machine learning model in most of the pre-processing sce-
narios, showing its ability to improve the estimation stability by integrating the advantages
of multiple models. Under FOD1.5-SNV pre-processing, the Stacking model demonstrated
the best estimation ability, with R2 reaching 0.77, RMSE as low as 0.05 mg/kg, and the RPD
value exceeding 2.00. These metrics suggest that the model possesses robust capabilities
for quantitative estimation. The results showed that both spectral pre-processing methods
and model selection had an impact on the estimation results, and the combination of
FOD1.5-SNV and Stacking ensemble learning provided an optimal solution for estimation
of soil Cd content.
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Table 4. Comparison of the precision of each model testing set with different spectral pre-processing.

Spectral Pre-Processing Model R? RMSE (mg/kg) RPD
FOD1-SNV KNN 0.52 0.07 1.44
SVR 0.61 0.07 1.60

RF 0.52 0.07 1.45

AdaBoost 0.63 0.06 1.64

XGBoost 0.52 0.07 1.44

LGBM 0.50 0.07 1.41

Stacking 0.62 0.06 1.63

FOD1.25-SNV KNN 0.37 0.08 1.26
SVR 0.59 0.07 1.55

RF 0.53 0.07 1.46

AdaBoost 0.57 0.07 1.52

XGBoost 0.56 0.07 1.51

LGBM 0.61 0.06 1.60

Stacking 0.64 0.06 1.66

FOD1.5-SNV KNN 0.61 0.07 1.59
SVR 0.67 0.06 1.75

RF 0.62 0.06 1.62

AdaBoost 0.70 0.06 1.84

XGBoost 0.69 0.06 1.80

LGBM 0.73 0.05 191

Stacking 0.77 0.05 2.07

FOD1.75-SNV KNN 0.65 0.06 1.70
SVR 0.61 0.06 1.61

RF 0.62 0.06 1.62

AdaBoost 0.62 0.06 1.63

XGBoost 0.59 0.07 1.57

LGBM 0.63 0.06 1.64

Stacking 0.70 0.06 1.83

FOD2-SNV KNN 0.63 0.06 1.64
SVR 0.61 0.06 1.61

RF 0.62 0.06 1.62

AdaBoost 0.59 0.07 1.56

XGBoost 0.60 0.07 1.58

LGBM 0.58 0.07 1.54

Stacking 0.66 0.06 1.72

3.5. SHAP Interpretation from Models and Wavelengths

Figure 5 shows the summary and importance plots of the base model SHAP values

for optimal Stacking learning. In Figure 5a, the horizontal axis denotes the SHAP value,

which quantifies the extent to which the base model contributes to the output of the

Stacking model. A positive value signifies that the estimations derived from the base model

contribute to an increase in the model output, whereas a negative value indicates that these

estimations lead to a decrease in the model output. Each point in the figure corresponds to

the estimated value of the base model, with the color gradient transitioning from blue to red

signifying a range from low to high estimated values. It can be seen that the SHAP values

of the different base models are dispersed on both the positive and negative influence sides.

Figure 5b further quantifies the average absolute SHAP value of each model, which is the

overall degree of influence of each model on the prediction results. From the figure, SVR,

KNN, and AdaBoost have a relatively large degree of influence on the Stacking model.
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Figure 5. (a) Summary plot and (b) importance plot representing the base model SHAP values in the
optimal Stacking model.

Figure 6 shows the summary and importance plots of the SHAP values for the first
10 wavelengths in the best Stacking learning. In Figure 6a, there are differences in the
distribution of SHAP values at different wavelengths, and the positive and negative SHAP
values of the eigenvalues at the 2417 nm wavelength are larger, indicating that this wave-
length has a strong influence on the output in the model. Subsequently, the distribution
of SHAP values at each wavelength is gradually concentrated near 0, indicating that the
wavelength’s impact on the model output is gradually diminishing. Figure 6b further
quantifies the average absolute SHAP value of each wavelength, i.e., the overall degree
of influence of each wavelength on the prediction results. From the figure, it can be seen
that the 2417 nm wavelength contributes most prominently to the model output, and the
10 most important wavelengths affecting the output of the Stacking model are, in order,
2417, 2263, 2395, 1294, 2405, 1525, 1703, 1996, 2292, and 1104 nm.

(2) (b)

High
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Feature value
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1104
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Figure 6. (a) Summary plot and (b) importance plot representing the top 10 wavelength SHAP values
in the optimal Stacking model.

4. Discussion
4.1. Effect of Spectral Pre-Processing on Model Performance

In this study, the effects of different FOD combined with SNV spectral pre-processing
methods on the performance of soil Cd content estimation models were analyzed by com-
paring them. The results showed that the FOD1.5-SNV pre-processing method performed
most prominently in terms of model accuracy and feature extraction. Comparing the
low-order (FOD1 or FOD1.25) and high-order (FOD1.75 or FOD2) derivatives, FOD1.5-SNV
was optimal in model performance. It is shown that the appropriate derivative order
can effectively enhance the spectral features (e.g., r = 0.52 at 1294 nm and r = —0.56 at
2417 nm in Table 3) while avoiding the noise interference that may be introduced with the
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higher-order derivatives (e.g., the R? of the LGBM is reduced to 0.58 under FOD2-SNV in
Table 4). This outcome is consistent with the study by Hong et al. [50], who also found that
the 1.5-order attained the highest accuracy in their hyperspectral estimation of soil organic
matter. This is primarily attributable to the fact that FOD eliminates the baseline drift effect
and reduces the overlapping spectral bands. Utilizing smaller intervals for variation can
facilitate gradual changes in the spectral information, thereby allowing for the extraction
of more nuanced characteristics of the spectral signals [51,52]. Meanwhile, in light of the
redundancy and collinearity inherent in hyperspectral data, it is typically necessary to
conduct feature selection on the spectral data prior to the modeling process. The CARS
algorithm screened 69-139 feature wavelengths of soil Cd in different pre-processed spec-
tra, which only accounted for 3.4-6.8% of the 2050 full-spectrum wavelengths. And the
feature wavelengths screened by the CARS algorithm were highly matched with the highly
correlated wavelengths. This indicates that the method can effectively identify key spectral
information while reducing spectral redundancy, which effectively improves the modeling
accuracy and efficiency, consistent with previous studies [53,54].

4.2. The Advantages of the Interpretable Stacking Ensemble Learning Model

Among the modeling results obtained from various spectral pre-processing methods,
the Stacking method showed superior estimation performance compared to the base model.
Tan et al. [55] also found the Stacking method to be more accurate than other machine
learning (e.g., PLSR, SVR, RE, XGBoost, AdaBoost, etc.) methods for estimating heavy metal
As, Cr, Pb, and Zn contamination of soils in a mining area by using airborne hyperspectral
imagery methods with higher accuracy. Yang et al. [56] utilized Stacking ensemble learning
consisting of PLSR, SVR, BPNN, XGBoost, and RF in the high Cu content of farmland soil
spectral estimation. Their findings also show that stacked models outperform individual
machine learning models. This is primarily because the Stacking ensemble learning model
optimizes the base model estimation results through the linear weighting of the meta-
model (PLSR). The approach successfully combines the robust parsing capabilities of
tree-based models, such as LightGBM and AdaBoost, with the adaptive strengths of SVR in
addressing nonlinear relationships. This integration enhances both estimation accuracy
and generalization performance [29]. Interestingly, although KNN performs poorly in
standalone modeling, it achieves a high contribution in stacking. This is likely because
the estimation results of KNN are more suitable for further learning and optimization by
the meta-model.

The SHAP method further reveals the transparency of the Stacking model decisions by
facilitating the visualization of the contributions made by each base model and wavelength
to the ultimate prediction outcomes. For example, SVR did not achieve the best accuracy
in the base model estimation (Table 4) but contributed the most in the Stacking model
(Figure 5). This shows that the Stacking model can capture complementary information
between base models through secondary learning to reduce the bias of the final model. We
choose to display the top 10 most important wavelengths. On the one hand, the contribution
ratio of each of these 10 wavelengths to all characteristic wavelengths exceeds 2%, and their
total contribution is close to 40%. On the other hand, most of the other important feature
wavelengths are distributed near the 10 most important wavelengths because, usually, the
wavelengths near the important feature wavelengths also have large contributions [32].
Among the top 10 feature wavelengths with the largest contribution, the 2417 nm and 1294
nm wavelengths are ranked 1st and 4th, respectively (Figure 6), which is consistent with
the highly correlated wavelengths under FOD1.5-SNV in Table 3. This further explains the
sensitivity of the Stacking model to key spectral features that are highly correlated with
the characteristic wavelengths of organic matter, clay minerals, and iron oxides [57-59].
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Therefore, the interpretable Stacking ensemble learning model in this study is not only able
to improve performance by fusing multiple types of models but can also deeply understand
the model decision logic, clarify the role of each base model and feature wavelength, and
help model optimization and practical application.

4.3. Limitations and Future Work

Although the interpretable Stacking model is able to integrate the advantages of multi-
ple machine learning base models and performs well in improving estimation accuracy and
model interpretation, it also has certain limitations. The model is required to incorporate
various base models (KNN, SVR, RE, etc.) during its execution. This integration frequently
demands substantial computational resources and time as well as specific hardware capa-
bilities. In this study, stacking ensemble learning required approximately 2.9 to 290 times
more computing time than a single model. Meanwhile, optimizing a large number of
model hyperparameters (including the parameters of each base model and meta-model)
makes the modelling process more complex and time-consuming [60]. This study used
the Optuna method to perform global, automatic hyperparameter optimization through
iteration, effectively improving search efficiency [61]. To reduce the model complexity
and increase the modeling efficiency, future research could examine ways to optimize the
base learner’s selection and combination strategy or simplify the model structure while
preserving model performance [56]. In addition, this study mainly considers the effect of
FOD on model accuracy. Future studies can further explore more spectral pre-processing
methods and their combination methods to further raise the precision and reliability of
estimating soil heavy metal pollution [62].

5. Conclusions

In this study, we explored the potential of interpretable Stacking ensemble learning
for estimation in soil Cd contamination. We found that the best estimation accuracy came
from the FOD1.5-SNV spectral pre-processing with Stacking ensemble learning model
(R? =0.77, RMSE = 0.05 mg/kg, RPD = 2.07), which has the ability to quantitatively esti-
mate soil Cd contamination. Compared with the modeling accuracy of a single machine
learning model in FOD1.5-SNV spectral pre-processing, the Stacking model improved R?
by 5-26%, reduced RMSE by 0-29%, and improved RPD by 8-30%. This result is mainly
attributed to the FOD1.5-SNV pre-processing method, which performs well in removing
spectral noise, extracting key features, and enhancing the model’s predictive performance.
It is the optimal spectral pre-processing method for estimating soil Cd contamination. In
addition, the interpretable Stacking model fuses the advantages of multiple base models.
Meanwhile, the SHAP method was used to explain how the model made decisions, which
demonstrated strong predictive ability and good interpretability. This study shows the ad-
vantages of interpretable Stacking ensemble learning in hyperspectral estimation of heavy
metal pollution in farmland soils. The findings offer a valuable reference for the future
implementation of dynamic monitoring of soil heavy metal contamination in farmland
across extensive areas.
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