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Abstract

Soil organic carbon (SOC) is an important indicator of plantation-forest soil quality, but
Vis-NIR models calibrated at one site may show systematic bias at another. This study used
370 Gaofeng samples as the source domain and 119 Yachang samples as the target domain
to evaluate SOC-gradient-constrained spectral similarity weighting (SOC-SSW). Unla-
beled target spectra guided source-sample weighting, while source SOC strata maintained
calibration-gradient coverage. In Gaofeng-to-Yachang transfer, direct PLSR produced R?
=0.809, RMSE = 6.676 g kg !, and bias = —3.842 g kg ~!. SOC-SSW increased R? to 0.855,
reduced RMSE to 5.800 g kg~ !, and decreased absolute bias by 75.42%. Paired bootstrap
analysis confirmed lower RMSE and MAE, and paired absolute errors remained signifi-
cantly lower after Holm correction (p = 0.0018). Similar accuracy was retained when weights
were constructed from 10 or 40 target spectra, although the complete target set yielded the
smallest absolute bias. Reverse transfer was unsuccessful, indicating direction-dependent
applicability. SOC-SSW can therefore support conditional reuse of laboratory soil spectral
datasets when target-site SOC labels are unavailable, provided that the source dataset is
sufficiently representative.

Keywords: soil organic carbon; plantation forest; Vis-NIR spectroscopy; cross-site prediction;
instance weighting; SOC-SSW; PLSR

1. Introduction

Soil organic carbon (SOC) is a key indicator for evaluating forest soil quality, nutri-
ent cycling, and ecosystem carbon sequestration [1,2]. Plantation forests support timber
production, ecological restoration, and regional carbon sinks; rapid SOC assessment is
therefore important for soil-quality evaluation and forest management. Conventional SOC
determination relies on field sampling and laboratory chemical analysis, which are time-
consuming and costly and cannot easily meet the requirements of multi-site, large-scale,
and high-frequency monitoring [3,4]. Hence, rapid, low-cost, and non-destructive SOC
prediction is of practical importance [5].

Visible-near-infrared (Vis-NIR) spectroscopy continuously records soil reflectance
information and indirectly reflects SOC variations through the integrated responses of soil
color, organic matter, mineral composition, moisture status, and particle-size composition.
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It has been widely used to predict SOC and other soil properties [6-10]. In soil spectral
modeling, PLSR, random forest (RF), support vector regression (SVR), and deep learning
methods have often been used to characterize relationships between spectral features and
soil properties, including SOC, soil organic matter, and soil water content [11,12]. However,
the transferability of existing models across different forest farms remains an important
limitation to the broader application of soil spectroscopy.

The spectral response of SOC in plantation forests is influenced not only by organic
carbon content, but also by soil texture, mineral composition, soil color, stand structure,
management history, and pedogenic environment. When source and target forest farms
differ in soil background, SOC distribution, or spectral response, a model developed
from the source forest farm may show reduced accuracy or systematic bias when directly
applied to the target forest farm. Such bias can affect the reliability of SOC-level assessment
and soil carbon monitoring in the target forest farm. To address cross-regional or cross-
site prediction problems, previous studies have used target-domain calibration samples,
spectral-library localization, spiking, transfer learning, or model updating to improve
model generalization [13-17]. Recent reviews and localization studies have further shown
that the spectral similarity between calibration samples and the target domain, as well
as the SOC coverage of the training set, strongly influences cross-regional prediction
performance in soil spectroscopy [18-20]. However, the use of measured SOC samples from
the target domain increases sampling and laboratory costs, which conflicts with the goal
of rapid and low-cost monitoring. These approaches differ in their use of target-domain
information. Spiking and most local-calibration strategies incorporate target samples
with measured SOC, whereas unsupervised domain adaptation and instance weighting
use unlabeled target spectra to adjust source features or source-sample contributions.
Calibration transfer mainly addresses instrument- or protocol-induced spectral differences,
while the present study focuses on site-related distribution differences under a unified
laboratory measurement workflow.

In practical forest soil carbon monitoring, a new target forest farm may have only Vis-
NIR spectra but no SOC or other physicochemical measurements. Therefore, improving the
transferability of a source-domain model to the target forest farm using only the unlabeled
spectral distribution of the target domain, without using target-domain SOC labels, is a
key issue for the cross-site reuse of existing soil spectral databases. Source-domain sample
selection or weighting guided by the target-domain spectral distribution is a direct and
feasible strategy [16,18-20]. Further introducing a source-domain SOC-gradient constraint
can help avoid excessive concentration of training samples within a narrow SOC range
and thereby improve the stability of transfer prediction. Accordingly, SOC-SSW should be
regarded as an instance-weighting strategy that combines target-spectrum similarity with
source-domain SOC-gradient balancing, rather than as a new regression algorithm.

This study used plantation-forest soil samples from Gaofeng and Yachang Forest
Farms in Guangxi, China, as the source and target domains, respectively. Without using
Yachang SOC labels for model training, spectral-similarity calculation, or sample weighting,
we compared direct source-domain transfer, target-domain spectral similarity selection,
PCA-CORAL distribution alignment, and SOC-SSW. The objectives were to: (1) evaluate the
accuracy and systematic bias of direct cross-site transfer; (2) analyze the role of unlabeled
target spectra in constraining source-domain sample selection and weighting; and (3) assess
whether SOC-SSW improves target-site SOC prediction without target-domain physico-
chemical data. The results provide methodological support for rapid SOC monitoring and
cross-site reuse of existing laboratory soil spectral databases.
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2. Materials and Methods

To support rapid SOC monitoring in plantation forests, this study developed a source-
domain-assisted Vis-NIR prediction workflow comprising soil sampling, laboratory spectral
acquisition, unified preprocessing, source-target partitioning, cross-site scenario design,
model training, and target-site evaluation. Gaofeng was used as the source-domain dataset
and Yachang as the target-domain dataset to test whether an existing laboratory soil spectral
dataset could support prediction under an unlabeled-target setting.

2.1. Study Area and Data Collection

This study was conducted in two subtropical plantation forest areas in southern China,
namely Gaofeng Forest Farm and Yachang Forest Farm in Guangxi (Figure 1). The cross-site
SOC prediction experiment was based on laboratory Vis-NIR proximal spectral data. The
study area has favorable hydrothermal conditions, diverse vegetation types, and concurrent
soil organic matter accumulation and mineral weathering processes, resulting in spatial
heterogeneity. Random sampling was adopted to select sampling sites within each forest
farm, and surface soil samples (020 cm depth) were collected, yielding 370 valid samples
from Gaofeng Forest Farm and 119 from Yachang Forest Farm.
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Figure 1. Location of the study area and the relative positions of Gaofeng and Yachang Forest Farms
in Guangxi, China.

After being transported to the laboratory, soil samples were air-dried, plant residues
and gravel were removed, and the samples were ground and passed through a 2 mm
sieve to reduce the effects of particle-size differences and sample heterogeneity on spectral
measurement. A portion of each processed sample was used for SOC determination, while
another portion was used for laboratory Vis-NIR spectral acquisition (Figure 2). SOC con-
tent was determined using the potassium dichromate oxidation method. Soil reflectance
spectra were collected using an ASD FieldSpec 4 Hi-Res portable spectroradiometer (Ana-
lytical Spectral Devices Inc., Boulder, CO, USA) over the wavelength range of 350-2500 nm,
and reflectance data were exported at 1 nm intervals. Each sample was scanned five
times at different positions, and the average spectrum was used as the original reflectance
spectrum of that sample. Recent forest SOC mapping and soil spectroscopy studies em-
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phasize the need for consistent spectral data acquisition and preprocessing workflows to
ensure comparability [21]. In this study, the larger Gaofeng dataset was used as the source
domain and the Yachang dataset as the target domain. The spectra and SOC data from
Gaofeng were used for model training, source-domain internal validation, and transfer
modeling; the Yachang samples provided only their unlabeled spectral distribution during
transfer modeling, and their SOC measurements were used only for the final independent
evaluation of prediction performance.

Figure 2. Laboratory Vis-NIR spectral acquisition of soil samples.

2.2. Vis-NIR Spectral Preprocessing

All spectra were preprocessed using a unified combination of Savitzky—Golay smooth-
ing and standard normal variate transformation, hereafter referred to as SG-SNV. The
SG smoothing window length was 11, the polynomial order was 2, and the derivative
order was 0; similar smoothing and scatter-correction procedures are widely used in recent
Vis-NIR SOC studies [22,23]. Each spectrum was then transformed using SNV to reduce
scattering effects and baseline shifts caused by particle size, sample surface condition, and
optical-path differences. Neither SG nor SNV used SOC label information, and SNV was
applied independently to each spectrum without using any test-set statistics. The same
preprocessing workflow was used in all modeling scenarios to ensure that differences
among scenarios were not caused by different preprocessing methods. The comparison
between the raw and SG-SNV mean spectra was used as a descriptive visualization only.
No formal domain-discrepancy statistic was used to claim a quantitative reduction in
source-target difference. The numbers of PCA components and nearest neighbors used in
the subsequent similarity calculation were fixed before examining target SOC performance.
All wavelengths from 350 to 2500 nm were retained for modeling, and no wavelength
intervals were removed separately. The SG-SNV configuration and the use of the complete
wavelength range were predefined before transfer evaluation and were applied uniformly
to both domains. They were not selected using target-domain SOC performance, and no
claim is made that this preprocessing configuration is superior to alternative derivative,
detrending, or scatter-correction methods.
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2.3. Cross-Site SOC Prediction Modeling Scenarios
2.3.1. Scenario A: Source-Domain Internal Validation

Scenario A was designed as source-domain internal validation. The Gaofeng source-
domain samples were split into approximately 50% training and 50% testing subsets, and
the procedure was repeated 20 times to evaluate the modeling feasibility and stability of the
relationship between Gaofeng SOC and Vis-NIR spectra. This scenario did not involve the
Yachang target domain and was used only as a reference for source-domain data usability
and model stability.

2.3.2. Scenario B: Direct Source-Domain Transfer

Scenario B represented direct source-domain transfer. All Gaofeng samples were
used to train the model, which was then applied directly to all Yachang samples. Yachang
SOC values were used only to calculate prediction metrics and were not involved in
model training. This scenario assessed direct transferability and systematic bias when no
target-domain physicochemical data were available.

2.3.3. Scenario C: Target-Domain Spectral-Guided Source-Domain Similarity
Selection Transfer

Scenario C used only the unlabeled spectral distribution of the target domain to select
source-domain samples that were spectrally closer to the target forest farm. Let X; denote
the preprocessed spectral matrix of the Gaofeng source domain, y, the measured SOC
values of the source domain, and X; the preprocessed unlabeled spectral matrix of the
Yachang target domain. First, X; and X; were combined and standardized. Principal
component analysis (PCA) was then performed on the combined spectral matrix [24], and
the first 20 principal components were extracted to obtain representations Zs and Z; of the
source and target domains in a common latent-variable space.

In the latent-variable space, a nearest-neighbor model was built using the target-
domain samples, and Euclidean distance was used to calculate the distance from each
source-domain sample to the target-domain spectral distribution. For the i-th source-
domain sample, its five nearest target-domain neighbors were selected, and the mean
distance to these five neighbors was defined as its similarity distance:

1

K
4= gLi]

where z¢ is the feature vector of the i-th source-domain sample in PCA space and ZE NN (i) is

(1)

S— .
Zi — ZLNN;(i) )

its j-th nearest target-domain sample. A smaller d; indicates that the source-domain sample
is closer to the unlabeled target-domain spectral distribution.

Source-domain samples were ranked by increasing similarity distance, and predefined
retention ratios of 40%, 50%, 60%, and 70% were evaluated. These ratios were treated as
an exploratory sensitivity analysis rather than as target-label-free optimized hyperparam-
eters. Target-domain SOC values were not used to select an operational retention ratio.
Consequently, the 40% result is reported only as the best observed similarity-selection
result for the present Gaofeng-to-Yachang combination, while all four ratios are shown to
demonstrate the dependence of sample-selection performance on the retained proportion.

2.3.4. Scenario D: PCA-CORAL Spectral Distribution Alignment Transfer

Scenario D used PCA-CORAL for unsupervised spectral distribution alignment.
CORAL reduces the discrepancy in second-order statistics between domains by align-
ing the covariance matrices of source and target features [25]. This scenario did not use
target-domain SOC labels and used only the distributions of source and target-domain

https://doi.org/10.3390/£17080954


https://doi.org/10.3390/f17080954

Forests 2026, 17, 954

6of 21

spectral features. Because the original Vis-NIR spectra had high dimensionality, direct
covariance alignment could lead to numerical instability. Therefore, source and target-
domain spectra were first combined, standardized, and reduced to the first 50 principal
components to obtain feature matrices Zs and Z; in a common PCA space.

Let us and y¢ be the mean vectors of Z; and Z;, respectively, and Cs and C; their covari-
ance matrices. To improve numerical stability in matrix decomposition, a regularization
term was added to each covariance matrix:

Cs = cov(Zs — ps) + €l (2)

Ct =cov(Zy — ut) + €l 3)

where € = 107 and I is the identity matrix. Eigenvalue decomposition was then used
to calculate Cg /2 and Ctl/ 2, and the source-domain PCA features were aligned to the
covariance structure of the target domain as follows:

Z&M = (Ze = )GV + 4)

After alignment, the transformed source-domain features Z5"*! and their measured SOC
values y; were used to train the regression model, and the target-domain PCA features Z;
were used for SOC prediction. This scenario was used to test the effect of unsupervised
spectral covariance alignment on cross-site SOC prediction. Except for Scenario D, all other
scenarios used the SG-SNV-preprocessed Vis-NIR spectra as regression features.

2.3.5. Scenario E: SOC-Gradient-Constrained Spectral Similarity Weighting Transfer

Scenario E was the proposed SOC-gradient-constrained spectral similarity weighting
method (SOC-SSW), and its overall workflow is shown in Figure 3. This method used
the same source-target spectral similarity distance as Scenario C, but instead of directly
discarding source-domain samples, it constructed sample weights by combining target-
domain spectral similarity with the source-domain SOC-gradient distribution. Sample
weighting can be regarded as a form of importance weighting for addressing distribution
differences between the source and target domains [26,27]. Source-domain samples that
were closer to the target-domain spectral distribution contributed more to model training,
whereas SOC stratification prevented the training samples from being overly concentrated
within a single SOC level and maintained coverage of the source-domain SOC gradient.

First, the similarity distance of each source-domain sample was converted into a

_ d;
s; = exp(—w> 5)

where d; is the mean nearest-neighbor distance from the i-th source-domain sample to the

Gaussian-kernel similarity weight:

unlabeled target-domain spectral distribution, and o is the kernel bandwidth. In this study,
the median of all non-zero d; values was used as ¢. To avoid numerical instability caused
by extremely small weights, the lower bound of the similarity weight was set to 107°.
Second, the Gaofeng source-domain samples were stratified by their measured SOC
values using equal-frequency stratification. Specifically, the source-domain samples were
sorted by SOC from low to high and divided into five SOC-gradient strata based on
quantiles. Target-domain SOC labels were not involved in this stratification process. Within
each SOC stratum, the similarity weights were normalized and the total weight of each
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SOC stratum was set to be equal. If the i-th source-domain sample belonged to the g-th
SOC stratum, its stratified similarity weight was calculated as:
/ Si 1

“i= YjeG, 5 e ©
where G denotes the set of source-domain samples in the g-th SOC stratum and G = 5
is the number of SOC strata. This operation ensured that different SOC-gradient strata
contributed equally to the overall training weights, while the relative contribution of
samples within the same SOC stratum was determined by their spectral similarity to the
target domain.

Source-domain samples (Gaofeng Forest Farm) Target-domain unlabeled Vis-NIR spectra
Vis-NIR spectra + SOC (Yachang Forest Farm)

_____________________________________________________________________

i 1. Spectral similarity calculation I
! Compute similarity of S !
! Merge and PCA reduction source samples to Obkain §|m||ar|ty i
!'| standardize spectra B weights !
\ the target domain !
i 2. SOC gradient stratification and weight adjustment g
! g g

i Stratify source Normalize similarity Obtain stratified i
! samples by SOC weights within each stratum similarity weights '
L '

3. Final weight normalization

1 1
1 1
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:' 4. Weighted PLSR ensemble modeling

Bootstra_p resampling w!t_h_ Build PLSR submodels Average predic_t_i(_)ns
sample weights as probabilities across probabilities

[ Output SOC predictions for target-domain samples ]

Figure 3. Workflow of SOC-SSW.

Third, the sample weights were further standardized to have a mean of 1:

w'

Wi = ———— 7

l 7 LA ] 7

where 75 is the number of source-domain samples and w; is the final sample weight used
for model training.

Because PLSR does not directly support sample weights, this study implemented PLSR
sample weighting using a weighted bootstrap ensemble strategy. Specifically, the normal-
ized sample weights were used as sampling probabilities to resample, with replacement,
a training set of the same size as the source domain. This process was repeated to build
50 PLSR submodels. Bootstrap ensemble modeling can improve model robustness through
repeated resampling and model averaging [28]. The number of latent variables in each
PLSR submodel was determined by five-fold cross-validation within the corresponding
training set, with an upper limit of 30 latent variables. The final prediction of Scenario E was
obtained by averaging the predictions of the 50 submodels for the target-domain samples.
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For RF and SVR, the sample weights described above were used directly because
both models accept sample weights. In all scenarios, target-domain SOC values were used
only for final performance evaluation and were not involved in similarity calculation, SOC
stratification, sample weighting, or model training. The predefined Scenario C retention
ratios were assessed only as an exploratory sensitivity analysis and were not treated as
operationally optimized parameters.

2.3.6. Additional Robustness and Sensitivity Analyses

Two additional analyses were conducted to assess the robustness and practical appli-
cability of the transfer framework. First, direction dependence was examined by reversing
the source and target domains: the 119 Yachang samples were used as the labeled source
domain and the 370 Gaofeng spectra as the unlabeled target domain. The same SG-SNV
preprocessing, similarity-selection ratios, PCA-CORAL procedure, SOC-SSW weighting
rule, and PLSR configuration were retained, and Gaofeng SOC labels were used only for
final evaluation. Second, because the principal SOC-SSW experiment used all 119 Yachang
spectra to characterize the target distribution, random subsets of 10 and 40 target spectra
were also used to construct the similarity weights. Each partial-target setting was repeated
three times, and the resulting models predicted all 119 target samples; the complete-target
condition corresponded to the principal SOC-SSW experiment. Target SOC labels were not
used to select the subsets or calculate the weights.

To avoid target-label-driven tuning, the transfer parameters were fixed before target
evaluation and applied consistently in both directions: 20 PCA components and five nearest
neighbors for spectral similarity, five equal-frequency source SOC strata for SOC-SSW, and
50 PCA components for CORAL. These a priori settings were intended to balance local target
representation, numerical stability, and adequate sample numbers within each SOC stratum.
A comprehensive multi-parameter optimization was not conducted because the objective was
to evaluate the transfer framework rather than optimize it for a single target site.

2.4. Prediction Models

In this study, PLSR, RF, and SVR were selected as representative regression models
for SOC prediction. PLSR was used as the main transfer-evaluation model because it is
suitable for high-dimensional and multicollinear soil spectral data. RF and SVR were used
as nonlinear ensemble and kernel-based baseline models, respectively, to compare model
responses to the distribution discrepancy between the source and target domains [29-31].
The number of PLSR latent variables was determined by five-fold cross-validation within
each training set, with an upper limit of 30 latent variables; the test set was not involved
in component selection. The RF model used 500 decision trees, max_features = “sqrt”,
min_samples_leaf = 3, and max_depth = 10. The SVR model used a radial basis function
(RBF) kernel, with C = 10, gamma = “scale”, and ¢ = 0.1. As representative baseline
nonlinear machine-learning models, RF and SVR used preset empirical parameters to avoid
excessive model-specific tuning. All models used the same SG-SNV-preprocessed spectral
features and evaluation metrics to ensure comparability across transfer strategies. The
focus of this study was not to develop a new regression model, but to evaluate the effects
of different source-domain sample selection and weighting strategies on target-domain
SOC prediction performance and systematic bias.

2.5. Model Evaluation Metrics and Statistical Analysis

Model performance was evaluated using the coefficient of determination (R?), root
mean square error (RMSE), mean absolute error (MAE), ratio of performance to deviation
(RPD), ratio of performance to interquartile distance (RPIQ), and bias. Higher R?, RPD,
and RPIQ values indicate better prediction performance, whereas lower RMSE and MAE
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values indicate lower prediction error. Bias was used to assess systematic overestimation
or underestimation. RPD and RPIQ are commonly used for comprehensive evaluation of
soil spectral prediction models [32]. The metrics were calculated as follows:

n )2
RMSE = \/ %Z?:l (yi = 91)° ©)
MAE =3[9 — il 10)
RPD = R?\]/[Dsy}z (11)
RPIQ :éﬁ;% (12)
Bias :%Z?:l (i —vi) (13)

where y; and j; are the measured and predicted SOC values of the i-th sample, respectively;
y is the mean measured SOC value of the test set; n is the number of test samples; SDy, is
the standard deviation of measured SOC in the test set; IQRy is the interquartile range of
measured SOC in the test set; a positive bias indicates overall overestimation, whereas a
negative bias indicates overall underestimation.

Statistical uncertainty in the principal Gaofeng-to-Yachang transfer was quantified
using 5000 paired bootstrap resamples of the target samples. Percentile 95% confidence
intervals were calculated for R2, RMSE, MAE, bias, RPD, and RPIQ, and paired bootstrap
confidence intervals were calculated for differences between SOC-SSW and the principal
baselines. Paired absolute errors were compared using the Wilcoxon signed-rank test,
with Holm adjustment for the three comparisons of SOC-SSW against direct transfer,
40% similarity selection, and CORAL. An adjusted p value below 0.05 was considered
statistically significant. Prediction errors were also summarized by quartiles of measured
target SOC and by whether target SOC values fell below, within, or above the source-
domain SOC range. For the target-spectrum availability analysis, the 10- and 40-spectrum
settings are reported as means =+ standard deviations across three random subsets; the
complete 119-spectrum condition corresponds to the single principal SOC-SSW experiment.

ChatGPT (GPT-5.6 Sol; OpenAl) was used to assist with drafting and revising Python
3.9 scripts for the additional analyses and organizing statistical outputs. All code, analyses,
and numerical results were independently reviewed and verified by the authors.

3. Results
3.1. Source-Target Differences and Baseline Transfer

The Gaofeng source-domain samples and the Yachang target-domain samples differed
in both Vis-NIR spectral characteristics and SOC distribution (Figure 4). Gaofeng SOC
ranged from 6.665 to 64.535 g kg~!, with a mean of 19.984 g kg~! and an SD of 8.517 g
kg~ !. Yachang SOC ranged from 4.260 to 80.040 g kg~!, with a mean of 22.379 g kg !
and an SD of 15.321 g kg~ ! (Table 1). The Yachang dataset therefore covered a wider SOC
range and had a larger IQR than the Gaofeng dataset. In the raw reflectance spectra, the
Yachang samples generally showed higher reflectance than the Gaofeng samples, with
more evident separation in the near-infrared and shortwave-infrared regions. After SG-
SNV preprocessing, visual inspection showed that the mean spectral shapes became more
similar; however, this descriptive comparison did not quantify a reduction in source-target
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domain discrepancy. Local differences nevertheless remained around 1400 nm, 1900 nm,
2200 nm, and the end of the shortwave-infrared region. The Gaofeng SOC values were
concentrated mainly in the low-to-medium range, whereas Yachang covered a wider range
and included more high-SOC samples. Thus, both spectral and SOC distributions differed
between the source and target domains.
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Figure 4. Spectral and SOC distribution characteristics of samples from Gaofeng and Yachang Forest
Farms. (a) Raw Vis-NIR reflectance spectra; (b) SG-SNV-preprocessed Vis-NIR spectra; (c) SOC

distribution. Solid lines indicate mean spectra, and shaded areas show variability among samples.

Table 1. Descriptive statistics of SOC in Gaofeng and Yachang Forest Farms.

Forest Farm n Minimum Q1 Median Mean Q3 Maximum  SD IQR
Gaofeng 370 6.665 13.757 18.827 19.984 24.623 64.535 8.517 10.866
Yachang 119 4.260 11.280 17.300 22.379 29.685 80.040 15.321 18.405

Note: SOC values are expressed in g kgfl. Q1 and Q3 denote the first and third quartiles; IQR = Q3 — Q1.
The source-domain internal-validation results are presented in Table 2. PLSR showed
the highest mean R? and the lowest RMSE and MAE, whereas RF and SVR produced similar
results. Table 3 shows that model differences became more pronounced after transfer to
Yachang. PLSR retained the best target-domain performance and captured the overall SOC
trend, but its negative bias indicated systematic underestimation. RF and SVR produced
substantially higher errors and weaker target-domain fits.
Table 2. Scenario A: Source-domain internal validation performance in Gaofeng Forest Farm.

Model R? RMSE (gkg=)) MAE (gkg™1) RPD RPIQ Bias (g kg—1)

PLSR 0.772 £ 0.022 3.980 £ 0.192 3.019£0.150 2.105£0.099 27294+0.124 —0.366 & 0.441
RF 0.648 £ 0.034 4.941 £ 0.242 3.523 £0.167 1.696 £0.083  2.199 +0.111 0.007 £ 0.323

SVR 0.645 £ 0.029 4.962 £ 0.208 3.351 £0.151 1.688 £0.068 2.188 +£0.092 —0.662 £ 0.457

Note: Values are means + standard deviations from 20 repeated splits. This table is used only to
describe source-domain modeling feasibility and is not used to rank cross-site transfer scenarios.
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(a) Source and target domains

Table 3. Scenario B: Prediction performance when directly transferring the source-domain model to
Yachang Forest Farm.

Model  R? RMSE (gkg=)) MAE(gkg™!) RPD RPIQ Bias(gkg™1)
PLSR  0.809 6.676 5.165 2295  2.757 —3.842
RF 0.382 11.991 9.084 1278 1535 3.167
SVR 0371 12.097 7.564 1266  1.521 ~1.913

Note: Yachang SOC measurements were used only for final evaluation and were not involved in
model training or parameter selection.

3.2. Source Sample Selection and PLSR Transfer Performance Under Target-Domain
Spectral Constraints

The PCA score distribution based on SG-SNV-preprocessed spectra is shown in
Figure 5. PC1 and PC2 explained 66.4% and 21.1% of the total spectral variance, respec-
tively, accounting for 87.5% cumulatively. The Gaofeng source-domain samples and
the Yachang target-domain samples partially overlapped in the principal component
space, but their distributions were not completely consistent. Some Gaofeng samples
were located near the distribution area of the Yachang samples, whereas others were
distributed farther away from the target-domain samples. After similarity selection
guided by unlabeled target-domain spectra, the retained source-domain samples were
mainly concentrated in the overlapping region between the source and target domains.
The final SOC-SSW weights were non-uniform. Within each SOC stratum, source-
domain samples located closer to the target-domain spectral distribution generally
received larger relative weights, while the normalization procedure maintained an
equal total contribution from each SOC stratum. Figure 5b therefore provides a qual-
itative visualization of the concentration of highly weighted source samples in the
source-target overlap region.

(b) Selected and weighted source samples
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Figure 5. PCA score distribution based on SG-SNV-preprocessed Vis-NIR spectra. PC1 and PC2
explained 66.4% and 21.1% of the total spectral variance, respectively, accounting for 87.5% cu-
mulatively. (a) Distribution of source-domain Gaofeng samples and target-domain Yachang sam-
ples; (b) similarity-selected samples and highly weighted source-domain samples guided by the

target-domain spectra.

The PLSR prediction performance under different similarity selection ratios is shown
in Table 4. The 40% retention setting had the lowest observed RMSE (6.627 g kg ') and the
smallest absolute bias (1.719 g kg ') among the four ratios. The 50%, 60%, and 70% settings
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produced RMSE values of 7.307, 9.272, and 8.513 g kg !, respectively. The 40% result
was therefore retained in the main strategy comparison as the best observed exploratory
similarity-selection baseline, not as an operational ratio selected without target labels. When
the top 40% most similar source-domain samples were retained, PLSR achieved the best
performance among the selection schemes, and the absolute Bias was markedly lower than
that of direct transfer. The response to the retention ratio was non-monotonic: performance
deteriorated at 50% and 60%, while the 70% setting recovered slightly but remained worse
than the 40% setting. The target-domain prediction results therefore differed clearly among
different source-sample retention ratios. The prediction results of different PLSR transfer
strategies are shown in Table 5 and Figure 6. The direct transfer scheme captured the overall
SOC variation trend in the Yachang target site, but the prediction points were generally
lower than the 1:1 line. After 40% similarity selection, the underestimation was reduced.
The PCA-CORAL distribution alignment scheme showed prediction points that deviated
more clearly from the 1:1 line, with overall performance lower than the other PLSR schemes.
The SOC-SSW scheme achieved the best overall performance across the evaluation metrics,
and its prediction points were closer to the 1:1 line.

(@) 804 r2=0.800 (b) &0 r2=-0s811
. RMSE = 6.676 _ RMSE = 6.627
T Bias =-3.842 6 o Bias =-1.719 R
> 60 /,/ . 2 60
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Figure 6. PLSR prediction results for SOC in Yachang Forest Farm under different transfer strategies.
(a) Direct source-domain transfer; (b) similarity selection 40%; (c) CORAL distribution alignment;
(d) SOC-SSW. The dashed line denotes the 1:1 fitting line.
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Table 4. PLSR prediction performance under different source-domain similarity selection ratios in

Scenario C.

Scenario C R? RMSE (gkg~1) MAE (gkg™1) RPD RPIQ Bias (g kg~1)
Similarity selection 40% 0.811 6.627 4.910 2.312 2.777 —-1.719
Similarity selection 50% 0.771 7.307 5421 2.097 2.519 —3.495
Similarity selection 60% 0.631 9.272 7.439 1.652 1.985 —6.553
Similarity selection 70% 0.689 8.513 6.566 1.800 2.162 —5.555

Table 5. Comparison of PLSR prediction performance under different transfer strategies in the target
forest farm.

Scenario R2 RMSE (gkg~!) MAE(gkg™)) RPD RPIQ  Bias(gkg™1)
Scenario B: Direct source-domain transfer 0.809 6.676 5.165 2.295 2.757 —3.842
Scenario C: Similarity selection 40% 0.811 6.627 4910 2312 2777 —-1.719
Scenario D: CORAL distribution alignment ~ 0.542 10.322 6.789 1.484 1.783 —2.395
Scenario E: SOC-SSW 0.855 5.800 4.309 2.642 3.173 —0.945

3.3. Responses of Different Regression Models to Transfer Strategies

The target-domain prediction performance of different regression models under the
main transfer strategies is presented in Table 6. Overall, PLSR outperformed RF and SVR
across all transfer schemes and maintained relatively stable predictive performance under
direct transfer, similarity selection, PCA-CORAL distribution alighment, and SOC-SSW. RF
and SVR showed generally higher prediction errors in the target domain, with relatively
small differences between the two models. Under direct transfer, PLSR performed markedly
better than RF and SVR in the target domain. After 40% similarity selection, RF showed a
slight improvement compared with direct transfer, whereas SVR changed only slightly.

Table 6. Target-forest prediction performance of different regression models under the main transfer

strategies.
Transfer Strategy Model R? RMSE (g kg—1) MAE (g kg1) Bias (g kg~ 1)
PLSR 0.809 6.676 5.165 —3.842
Scenario B: Direct RF 0.382 11.991 9.084 3.167
source-domain transfer
SVR 0.371 12.097 7.564 —1.913
PLSR 0.811 6.627 4910 —1.719
Scenario C: Similarity
) RF 0.425 11.573 8.769 3.431
selection 40%
SVR 0.308 12.688 8.140 —1.952
_ PLSR 0.542 10.322 6.789 —2.395
Scenario D: CORAL RF 0.362 12.182 8.428 ~1.974
distribution alignment
SVR 0.377 12.040 7.847 —2.532
PLSR 0.855 5.800 4.309 —0.945
Scenario E: SOC-SSW RF 0.366 12.149 9.177 3.334
SVR 0.374 12.074 7.208 —2.553

Note: Scenario A was source-domain internal validation and is not included in this table.

Under the PCA-CORAL distribution alignment scheme, none of the three models
achieved better performance than their respective best transfer schemes, and the perfor-
mance decline was more evident for PLSR. Under the SOC-SSW scheme, PLSR achieved
the best prediction performance among all model-strategy combinations, whereas RF and
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SVR did not show simultaneous improvement. The responses of different models to the
transfer strategies varied, with PLSR showing the most evident response to SOC-SSW and
RF and SVR showing limited responses to the weighting strategy. In the overall comparison,
PLSR remained the most stable model for cross-site SOC prediction in this study, and the
improvement brought by SOC-SSW was mainly concentrated within the PLSR framework.

3.4. Statistical Robustness of the Principal Transfer

Bootstrap analysis supported the performance ranking shown in Table 5. The 95%
confidence interval for direct-transfer bias remained entirely below zero, whereas the SOC-
SSW bias interval included zero (Table 7), indicating that the systematic underestimation
observed under direct transfer was substantially reduced. In paired comparisons, the
confidence intervals for the SOC-SSW improvements in R2, RMSE, MAE, and absolute bias
relative to direct transfer did not cross zero. The reduction in paired absolute error also
remained significant after Holm correction (adjusted p = 0.0018). Compared with the best
observed 40% similarity-selection baseline, SOC-SSW likewise showed lower RMSE and
MAE, with a significant paired absolute-error difference (adjusted p = 0.0263). These results
indicate that the principal improvement was not attributable only to sampling variability
in the target set.

Table 7. Prediction metrics and bootstrap 95% confidence intervals for the principal Gaofeng-to-
Yachang PLSR transfer.

Method

R2 (95% CI) RMSE (95% CI) MAE (95% CI) Bias (95% CI)

Direct transfer
Similarity selection 40%
CORAL
SOC-SSW

0.809 (0.739-0.853)
0.811 (0.730-0.859)

6.676 (5.670-7.594)
6.627 (5.603-7.669)

(
0.542 (0.431-0.644) 10.322 (7.876-12.658)
(

0.855 (0.789-0.898)

5.800 (4.893-6.652)

5.165 (4.418-5.934)
4.910 (4.157-5.767)
6.789 (5.511-8.260)
4.309 (3.627-5.031)

—3.842 (—4.814-—2.892)

~1.719 (—2.874——0.594)

—2.395 (—4.240-—0.644)
—0.945 (—1.967-0.068)

Note: RMSE, MAE, and bias are expressed in g kg~!. Confidence intervals were calculated from
5000 paired bootstrap resamples.

3.5. Error Distribution Across SOC Levels and Source-Range Coverage

The error analysis showed that the effect of SOC-SSW was not uniform across the
target SOC gradient (Table 8). Relative to direct transfer, the largest RMSE reductions
occurred in the lowest and highest SOC quartiles, and the underestimation bias was also
markedly reduced in these groups. In the second quartile, the main improvement was a
reduction in bias, whereas the third quartile showed a moderate increase in RMSE and a
shift toward overestimation. Of the 119 Yachang samples, 108 were within the Gaofeng
SOC range, seven were below it, and four were above it. SOC-SSW still reduced RMSE and
absolute bias for the within-range samples, showing that the overall improvement was not
driven only by the small number of range-extrapolation cases. For the four samples above
the source-domain maximum, underestimation was alleviated but remained pronounced,
and this result should be interpreted cautiously because of the small subgroup size.

Table 8. PLSR prediction errors by measured Yachang SOC quartile.

SOC
Group

sOC
Range

Direct Direct Direct Bi SOC-SSW SOC-SSW  SOC-SSW
n RMSE MAE ect bras RMSE MAE Bias

Q1 (low)
Q2
Q3

Q4 (high)

4.26-11.21

11.35-17.30
17.66-29.34
30.03-80.04

30 4.456 3.796 —3.680 3.014 2.369 —0.407
30 3.899 3.183 —2.100 3.811 2.796 —-0.109
29 6.025 4.945 —0.924 6.795 5.510 1.790
30 10.327 8.728 —8.568 8.075 6.602 —4.960

Note: SOC range and error metrics are expressed in g kg 1.
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3.6. Target-Spectrum Availability and Reverse Transfer

The target-spectrum availability analysis showed that using only 10 or 40 unlabeled
Yachang spectra produced prediction accuracy broadly comparable to the complete-target
condition (Table 9). The complete set yielded the lowest RMSE and smallest absolute
bias, whereas the partial-target results varied slightly among random subsets, indicating
that subset representativeness may be as important as sample number. In contrast, the
exploratory Yachang-to-Gaofeng analysis produced negative R? values for all evaluated
PLSR strategies (Table 10). Although CORAL had the lowest RMSE in this direction,
none of the methods achieved acceptable reverse-transfer performance, and SOC-SSW
did not improve the result. This contrast indicates that cross-site transfer was strongly
direction-dependent.

Table 9. Sensitivity of Gaofeng-to-Yachang SOC-SSW to the number of unlabeled target spectra used
for weighting.

Target Spectra Fraction R? RMSE (g kg™1) MAE (g kg1 Bias (g kg~1)
10 8.4% 0.851 = 0.010 5.886 £ 0.199 4.264 £ 0.137 —1.451 £ 0.447
40 33.6% 0.846 + 0.003 5.991 £ 0.068 4.411 £ 0.066 —1.859 + 0.147
119 100.0% 0.855 5.800 4.309 —0.945
Note: The 10-spectrum and 40-spectrum values are means + SD from three random subsets. The
119-spectrum result is the complete-target principal experiment and was evaluated once.
Table 10. Exploratory Yachang-to-Gaofeng reverse-transfer performance using PLSR.
Strategy R? RMSE MAE RPD RPIQ Bias
Direct transfer —7.607 24.954 22.455 0.341 0.435 22.426
Similarity selection 40% —2.527 15.973 11.707 0.533 0.680 —1.885
Similarity selection 50% —1.108 12.349 9.936 0.690 0.880 —4.168
Similarity selection 60% —2.669 16.293 12.514 0.523 0.667 —11.693
Similarity selection 70% —31.951 48.826 45.946 0.174 0.223 45.409
CORAL —0.503 10.429 8.001 0.817 1.042 2.395
SOC-SSW —14.190 33.152 30.739 0.257 0.328 30.603

Note: Yachang (n = 119) was used as the labeled source domain and Gaofeng (n = 370) as the target
domain. Gaofeng SOC labels were used only for final evaluation. RMSE, MAE, and bias are expressed
ing kg‘l.

4. Discussion
4.1. Systematic Bias and the Role of Unlabeled Target-Domain Spectral Constraints

Direct source-domain transfer produced an underestimation bias, indicating that the
spectral-SOC relationship established in Gaofeng Forest Farm could not be fully applied to
Yachang Forest Farm. As shown in Figure 4, the raw reflectance of Yachang samples was
generally higher than that of Gaofeng samples, but the Yachang SOC distribution was not
concentrated in a low-SOC range and had a wider high-value range. This suggests that
spectral differences between the two sites were not controlled only by SOC content, but
may also have been influenced by soil color, mineral composition, particle-size composition,
and scattering background [8,33]. However, these factors were not directly measured in this
study. Although the mean spectral shapes appeared more similar after SG-SNV preprocess-
ing, this visual comparison did not quantitatively demonstrate a reduction in source-target
domain discrepancy. Local shifts nevertheless remained at several wavelengths. Therefore,
unified preprocessing alone was insufficient to completely remove cross-site spectral distri-
bution differences. For forest soil carbon monitoring, systematic underestimation may lead
to underestimation of SOC levels in the target forest farm. SOC concentration predictions
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cannot be directly interpreted as carbon-stock estimates without bulk density, soil depth,
and other required variables. This systematic bias was the main reason for introducing
unlabeled target-domain spectral constraints in this study. Although the direct-transfer
R? in Yachang was numerically higher than the mean source-domain internal-validation
R?, the two values were calculated from datasets with different SOC variances and should
not be interpreted as evidence of higher target-domain accuracy. RMSE, MAE, and bias
provide more direct information for cross-dataset error comparison.

4.2. Roles of Target-Domain Spectral Similarity and SOC-Gradient Constraints

Similarity selection mitigated the bias of direct transfer, but its effectiveness depended
on the selection ratio. When the top 40% most similar source-domain samples were retained,
model bias was substantially reduced. Because the ratios were evaluated as an exploratory
sensitivity analysis, the 40% result represents only the best observed setting for this source-
target combination and should not be treated as an operationally optimized parameter. The
response to the retention ratio was non-monotonic. Performance deteriorated at 50% and
60%, whereas the 70% setting recovered slightly but remained substantially worse than
the 40% setting. This variability indicates that the number of retained samples alone does
not determine transfer performance; the spectral and SOC-gradient representativeness
of the retained source subset is also important. The advantage of SOC-SSW lies in not
simply deleting samples but instead reducing the influence of dissimilar source-domain
samples through similarity weights while maintaining the training contribution of different
S0C levels through SOC stratification. This strategy used the distribution information
provided by unlabeled target-domain spectra and avoided excessive concentration of
source-domain samples within a local SOC range, thereby achieving higher prediction
accuracy and lower systematic bias. The target-spectrum availability analysis further
showed that useful weights could be constructed from 10 or 40 target spectra, although the
complete target set produced the lowest RMSE and absolute bias. In practical terms, when
SOC measurements are not yet available for a target forest farm, an existing source-forest
spectral database can still be reused through the unlabeled spectra of the target domain,
reducing the need for target-site SOC chemical analysis; however, target-soil sampling,
sample preparation, and laboratory spectral acquisition are still required. This finding is
consistent with studies on regional spectral libraries, local calibration, and memory-based
learning that emphasize the importance of matching calibration samples with the target
domain [34-38]. Compared with direct transfer and similarity selection, SOC-SSW required
greater computation because 50 weighted-bootstrap PLSR submodels were trained rather
than a single PLSR model. Nevertheless, the additional computation remained manageable
for the present dataset on a standard laptop. Because wall-clock time depends strongly
on hardware, the software environment, and parallel settings, no platform-independent
runtime ratio is reported.

4.3. Performance Differences in CORAL and Regression Models, and Transfer Direction

CORAL did not improve target-domain prediction performance, suggesting that
simply reducing the global covariance difference between source and target domains is not
necessarily suitable for SOC spectral transfer. This outcome may be related to the relatively
small dataset and to CORAL’s emphasis on global second-order statistics rather than local
SOC-related spectral structures. SOC prediction depends not only on consistency in global
spectral distribution, but also on local spectral structures related to SOC concentration
variation. If global alignment modifies these structures, it may reduce the model’s ability
to extract useful latent variables. The results for different models also showed that RF and
SVR performed worse than PLSR in the target domain, possibly because they were more
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likely to learn source-domain-specific nonlinear relationships. In contrast, PLSR is better
suited to high-dimensional and multicollinear spectral data and can extract relatively stable
spectral-SOC covariance information. It is therefore more suitable for combination with
the SOC-SSW sample-weighting strategy. However, because RF and SVR did not improve
under SOC-5SW, the present evidence supports mainly the SOC-SSW-PLSR combination
rather than a model-independent benefit.

The failure of all evaluated methods in the reverse Yachang-to-Gaofeng transfer indi-
cates that the difficulty was not specific to SOC-SSW. Reversing the domains reduced the
labeled source set from 370 to 119 samples, which may have weakened the stability and
representativeness of the calibration relationship. Direct reverse transfer already produced
a strongly negative R?, showing that the spectral-SOC relationship learned from Yachang
was not transferable to Gaofeng before adaptation. Because the Gaofeng SOC range
(6.665-64.535 g kg 1) was fully contained within the Yachang range (4.260-80.040 g kg 1),
the failure cannot be attributed to SOC-range extrapolation alone and more likely reflects a
direction-dependent mismatch in the spectral-SOC relationship. Similarity selection and
CORAL reduced RMSE relative to direct transfer, but their negative R? values indicated
that they could not recover a stable calibration relationship. For SOC-SSW, equalizing the
contributions of SOC strata within the smaller and more heterogeneous source dataset
may have increased the influence of sparsely represented high-SOC samples, contribut-
ing to the observed overprediction. This interpretation requires verification using larger
multi-site datasets.

4.4. Limitations and Future Research

This study has several limitations. First, the current experiment used Gaofeng Forest
Farm as the source domain and Yachang Forest Farm as the target domain; the applicability
of the method to more target forest farms, different soil types, stand ages, and management
backgrounds requires further validation. The exploratory reverse transfer was unsuccessful
for all evaluated strategies, indicating strong direction dependence; the smaller Yachang
source dataset (119 samples) may also have limited model stability. Second, this study
used Vis-NIR spectra collected under laboratory conditions, where sample preparation and
measurement environments were relatively stable. Therefore, the results cannot be directly
equated with prediction performance under field in situ spectroscopy, UAV hyperspectral
imagery, or satellite remote-sensing conditions. Third, the transfer strategy was constructed
mainly from spectral distribution and the source-domain SOC gradient, without incorpo-
rating auxiliary variables such as soil texture, mineral composition, topography, and stand
structure. Fourth, the numbers of PCA components, nearest neighbors, and SOC strata
were fixed empirically. Although these settings were applied consistently without target-
label-driven tuning, a comprehensive parameter-sensitivity analysis remains necessary.
Fifth, a systematic comparison of alternative spectral preprocessing configurations and
wavelength-exclusion schemes was not conducted. In addition, the stability of the Scenario
C retention-ratio results under repeated perturbation or bootstrap resampling of the target
spectral set was not evaluated; these issues should be examined in future work.

Spiking and many local-calibration methods were not included because they require
measured target-domain SOC and therefore do not match the unlabeled-target setting
considered here. Deep transfer-learning models were not evaluated because the datasets
were relatively small and the study focused on transparent source-sample selection, covari-
ance alignment, and instance weighting. These methods remain important benchmarks
for future multi-site studies. Future research should extend the experiment to multiple
source and target domains, examine how source-dataset size and representativeness affect
transfer direction, and evaluate incremental or small-batch updating as target spectra be-
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come available sequentially. Integrating sample weighting, feature-band selection, domain
adaptation, and auxiliary soil variables may further improve stability and interpretability
when target-domain physicochemical data are unavailable. Calibration-transfer methods
and deep spectral models should also be compared under multi-source and multi-target
conditions [39,40]. After independent multi-site validation, coupling the framework with
digital soil mapping may support spatial assessment of SOC concentration.

5. Conclusions

This study proposed and evaluated the SOC-gradient-constrained spectral similarity
weighting method (SOC-SSW) for the practical scenario in which a target forest farm lacks
measured SOC samples and has only unlabeled Vis-NIR spectra. The main conclusions are
as follows:

(1) The Gaofeng source-domain Vis-NIR spectral dataset showed stable SOC modeling
feasibility. PLSR outperformed RF and SVR in source-domain internal validation and was
therefore suitable as the main transfer-evaluation model in this study.

(2) Direct source-domain transfer captured the overall SOC variation trend in the
Yachang target forest farm, but produced clear systematic underestimation. This indicates
that, in cross-site applications, bias should be considered in addition to R? and RMSE when
assessing SOC levels in the target forest farm.

(3) Unlabeled target-domain spectra provided effective distribution information for
source-domain sample selection and weighting. The 40% similarity selection strategy
mitigated direct-transfer bias, but simple sample selection depended on the SOC-gradient
coverage of the retained source-domain samples. The retention ratios should therefore
be interpreted as exploratory settings rather than target-label-free optimized parameters.
Comparable accuracy was retained when weights were constructed from 10 or 40 target
spectra, although the full target set produced the smallest absolute bias.

(4) SOC-SSW achieved the best cross-site prediction performance, with R?, RMSE, RPD,
and bias values of 0.855, 5.800 g kg !, 2.642, and —0.945 g kg1, respectively. Compared
with direct source-domain transfer, SOC-SSW reduced RMSE by 13.12% and the absolute
bias by 75.42%. Bootstrap and paired-error analyses confirmed the statistical robustness of
this improvement in the Gaofeng-to-Yachang direction. However, the unsuccessful reverse
transfer showed that the method is direction-dependent and requires a sufficiently large
and representative source-domain dataset.

Overall, SOC-SSW combined with PLSR improved Gaofeng-to-Yachang SOC predic-
tion and reduced systematic transfer bias without using target-domain SOC labels during
model development. This benefit was conditional rather than universal, and broader
multi-site validation is required before application to other plantation-forest settings.
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SG Savitzky-Golay

SNV Standard normal variate

PCA Principal component analysis
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