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Fig S1. Principal component analysis (PCA) of soil spectra from laboratory (orange) and in-situ (blue)
measurements. Training samples are shown as 95% confidence ellipses representing the PCA space defined by
laboratory spectra. Test samples are plotted as points, with laboratory (Lab) samples as circles and in-situ samples

as triangles.
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Fig. S2. (a) Distribution of in-situ soil moisture content (SMC) for the 2024 (orange) and 2025 (purple)
datasets; (b) principal component analysis (PCA) of laboratory (solid) and in-situ (dashed) soil spectra.
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Fig. S3. Pairwise relationships among SOC, POC, and MAOC across all soil samples. Scatterplot matrix showing
pairwise relationships among SOC, POC, and MAOC. The lower panels show scatterplots with linear regression
lines and 95% confidence intervals. The upper panels display Pearson correlation coefficients (r) with

significance levels (* p <0.001). Diagonal panels represent the density distributions of each variable.



Supplementary Methods S1. Machine learning model specifications
S1.1 Principal Component Regression (PCR)

PCR employs Principal Component Analysis (PCA) to reduce the dimensionality of spectral data.
This simplifies the data structure and eliminates the influence of multicollinearity among variables
(Conforti et al., 2018). When constructing a PCR model, the extracted principal components are taken as
independent variables, and the soil properties to be predicted are used as dependent variables. The key
factor affecting the accuracy of this model lies in determining the number of principal components. To
determine the optimal number of principal components, we use a five-fold cross-validation algorithm
and select the appropriate number of principal components with the goal of minimizing the RMSE. In

this process, we utilize the ‘pls’ package (Liland et al., 2024).
S1.2 Partial Least Squares Regression (PLSR)

PLSR as a multivariate statistical method, integrates the characteristics of principal component
analysis, canonical correlation analysis, and linear regression (Wold et al., 2001).The difference between
PLSR and PCR lies in that when extracting principal components, PLSR takes into account the
information of both independent variables and dependent variables simultaneously. It projects the
independent variables onto the direction with the highest correlation to the dependent variables to
construct a regression model, thus emphasizing the association between them. Its working principle is to
extract a set of latent variables from the hyperspectral data matrix (Abdi, 2010). This process can
effectively eliminate the collinearity among independent variables. These latent variables not only
represent the key features of the hyperspectral data but also demonstrate the highest covariance with the
target variable. Subsequently, a linear regression model is established between the latent variables and
the target variable to predict the target variable. We use 5-fold cross-validation to determine the minimum
RMSE to determine the optimal number of latent variables (ncomp; ranging from 1-10) for spectral data

from different pretreatment methods. PLSR was performed using the R package ‘pls’ (Liland et al., 2024).
S1.3 Lasso Regression

Lasso Regression extends the ordinary least squares method by introducing an additional shrinkage
regularization term. This term enables the selection of important wavelength bands based on the data
(Tibshirani, 1996). Specifically, the regularization term shrinks the coefficients that are uncorrelated with
the target variable towards zero. As a result, the bands with significantly non - zero weights can be
identified as relevant bands. In LASSO regression, o is set to a fixed value of 1, which means that LASSO
regression is L1 regularization. Therefore, the LASSO model has only one hyper-parameter A, which
controls the strength of L1 regularization and thus affects the complexity of the model. In this study, five-
fold cross-validation is used to select the optimal A. This allows for efficient selection of hyper-parameter
and reduces the number of times a model needs to be trained. The ‘glmnet’ package (Rahman et al., 2022)

in R to implement the Lasso regression model.



S1.4 Cubist

Cubist recursively partitions the hyperspectral data matrix using a decision - tree - like structure.
Starting from the entire matrix, it divides the matrix into multiple non - overlapping regions according
to specific rules, such as the spectral intensity values of key bands. Subsequently, a linear model is fitted
for each subset. Due to factors such as soil texture and moisture, the relationship between soil properties
and spectral features is complex and non - linear (Breiman et al., 2017). Cubist takes these local variations
fully into account by constructing local linear models, enabling the linear models in each region to
accurately adapt to the relationship between the two. The performance of the Cubist model is affected by
multiple hyper-parameters. Among them, the number of committees determines the number of regression
trees, influencing the comprehensiveness of data pattern exploration, computational cost, and sensitivity
to overfitting. The number of neighbors determines the number of nearest neighbors when generating
piece-wise models, affecting the utilization of local data, model smoothness, robustness to noise, and
sensitivity to local fluctuations. In the current study, 5 - fold cross - validation was utilized to determine
the optimal values for the number of committees (10, 50) and the number of neighbors (ranging from 1
to 6, incrementing by 1). The cross - validation procedure was exclusively conducted on the calibration
set, with the folds being randomly assigned. We utilized the ‘Cubist’ R package (Kuhn and Quinlan,
2025)to implement Cubist.

S1.5 Random Forest (RF)

Random Forest, a widely - applied ensemble learning algorithm, boasts several advantages such as
high training efficiency, the ability to handle large - scale datasets, and the natural capacity to evaluate
feature importance (Breiman, 2001). Its principle involves constructing multiple decision trees through
the bootstrap method of sampling with replacement. The diversity among these trees reduces the model's
variance and enhances its generalization ability (Douglas et al., 2018). RF has two hyperparameters,
namely mtry (the number of variables per tree) and ntree (the number of trees). The mtry parameter,
which influences the randomness and diversity of the trees, may lead to high bias or low diversity when
taking inappropriate values. The ntree parameter, which determines the size of the forest, generally allows
for improved model performance with an increase in its value, yet improper values of it may result in
overfitting (Nawar and Mouazen, 2019). We set mtry as a variable ranging from 1 to 15 and fix ntree at
500. Subsequently, five - fold cross - validation is employed to select the optimal parameters. The

‘randomForest’ package (Liaw, 2002) in R was used for this purpose.
S1.6 Gradient Boosting Decision Trees (GBDT)

GBDT is an ensemble algorithm that combines multiple decision trees to construct a powerful
predictive model. Its learning process is based on the residuals of the preceding decision trees. Initially,
training samples are assigned initial weights. After the first decision tree is fitted, the error between the
predicted values and the true values is calculated. Subsequent decision trees use this error as a new target,

assigning higher weights to samples with larger errors to iteratively optimize the predictive capability



(Hastie et al., 2009; Krishnapuram et al., 2016). In terms of specific model settings, the squared error
loss function is used as the objective function for regression tasks, with a learning rate set to 0.1, a
maximum tree depth of 6, and 2 threads are used. Both the sample and feature sampling ratios are set to
0.8. The evaluation metric is RMSE, with the number of iterations set to 100, and training is set to stop
early if there is no improvement in the evaluation metric within 10 rounds. We utilized the 'xgboost'

(Chen et al., 2014) in R to accomplish this.
S1.7 Memory-Based Learning (MBL)

MBL is a spectral inversion method (Ramirez-Lopez et al., 2013). It makes use of historical spectral
data and corresponding target parameters, retrieving relevant information and conducting inferences
through similarity measures (such as distance functions). We employed PLSR to establish a local model.
Principal Component Analysis (PCA) was utilized to extract the first two principal components. These
components were then used to compute the Mahalanobis distance, which served as the basis for the
nearest - neighbor search. The number of nearest neighbors (k) was systematically varied from 50 to 140,

with an increment of 10 at each step, to explore the optimal parameter setting for the model.
S1.8 Support Vector Machine Regression (SVMR)

SVMR is a machine learning algorithm based on statistical learning theory. It has excellent
generalization ability and performs remarkably well when dealing with small sample data (Vapnik, 2000).
Its principle is to find an optimal hyperplane in the feature space, minimizing the distance from all
training data points to this hyperplane. SVMR uses a kernel function to map the data from a low-
dimensional space to a high-dimensional space, transforming nonlinear relationships into linear
relationships in the high-dimensional space. Meanwhile, slack variables are introduced to handle noise
and outliers in the data (Smola and Scholkopf, 2004). In this study, we employ a linear kernel function,
set the € value to 0.1, and select different penalty parameter values (specifically 0.001, 0.01, 0.1, and 1).
Based on the RMSE, the optimal penalty parameter value is screened out from these parameter values
through 10-fold cross-validation. R package ‘€1071” (Meyer et al., 2024) and ‘caret’ (Kuhn, 2008) was
used to implement the SVMR model.

S1.9 Gaussian Process Regression (GPR)

GPR is a non-parametric regression method based on Bayesian statistics and Gaussian process
theory (Rasmussen and Williams, 2005). First, the Gaussian process prior described by the mean function
and the covariance function is set, the likelihood function is calculated according to the training data, and
then the posterior distribution of the objective function is obtained with the help of Bayes' theorem for
prediction. The kernel function is the core of the GPR model, which determines how the model captures
nonlinear relationships in the data. Due to the smoothness of spectral data, this paper chooses Radial
Basis Function (RBF) as the kernel function of the model, which has local characteristics and can
effectively balance the similarity between data points. For smooth spectral data, the RBF kernel function

can well capture the correlation between adjacent wavelength data points. Improve model performance



by adjusting the scale parameter sigma (range from 0.0005 to 0.1, length = 50) representing the RBF
kernel. We used the R package 'kernlab' (Karatzoglou et al., 2004) to implement the GPR model.

S1.10 Artificial Neural Network (ANN)

Artificial neural network is a computational model that simulates the structure and function of
biological neural networks (Rossel and Behrens, 2010). It is composed of interconnected neurons and
possesses powerful learning ability and adaptability, especially excelling in solving nonlinear problems
(McCulloch and Pitts, 1943). Its network structure includes an input layer, hidden layers, and an output
layer. In the practical application scenario of soil spectral model inversion, this model can adjust neurons
and weights to focus on the characteristic bands related to target variables (such as soil organic carbon
content, etc.), thereby improving the prediction accuracy and applicability. The artificial neural network
constructed in this study has two hidden layers. The first hidden layer is equipped with 64 neurons, and
the second hidden layer is equipped with 32 neurons. Both layers adopt the Rectified Linear Unit (ReLU)
(Heaton, 2018) as the activation function. The output layer has only one neuron and uses a linear
activation function. To optimize the model training process, the Adam optimizer is used, which can
adaptively adjust the learning rate according to the gradient situations of different parameters. In this
study, the learning rate is set to 0.001. The entire construction work of the model is completed with the

‘TensorFlow’ package (Abadi et al., 2016) in Python.
S1.11 Recurrent Neural Network (RNN)

RNN is a type of neural network specifically designed for processing sequential data. Different from
traditional feed - forward neural networks, RNN has recurrent connections between its recursive neurons,
which enables the output signals to be fed back to the input layer (Yang et al., 2020). By capturing long
- term dependencies in sequences, RNN can improve the prediction accuracy of target variables. However,
when dealing with long spectral sequences, RNN models may encounter the problems of gradient
vanishing or gradient explosion. Therefore, Long Short - Term Memory networks (LSTM) and Gated
Recurrent Units (GRU) have been developed to address these issues. In this study, we attempt to use the

GRU model set by (Yang et al., 2020).
S1.12 Convolutional Neural Network (CNN)

CNN is a type of deep learning network designed to process grid-structured data. Its network
architecture is mainly composed of convolutional layers, pooling layers, and fully connected layers
(Lecun et al., 1998). In the field of soil spectral research, soil spectral data is used as the input data. In
the convolutional layer, multiple convolutional kernels slide point by point over the spectral data to
precisely capture the characteristic bands within the spectral data. The captured feature data will then
undergo down sampling in the pooling layer, aiming to reduce the computational load and minimize the
risk of overfitting. Finally, the fully connected layer, leveraging its powerful nonlinear mapping ability,
conducts in-depth analysis and integration of the previously processed data, and then performs regression

analysis tasks (Malek et al., 2018). In this study, the setting of the CNN network architecture mainly



refers to the method of (Haghi et al., 2021). Since the current grid structure, from a theoretical perspective
and based on previous practices, is suitable for processing soil spectral data, we have not made any

modifications to it.
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