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Abstract 14 

Forest soil organic carbon (SOC) stability is influenced by its relative composition of particulate organic 15 

carbon (POC) and mineral-associated organic carbon (MAOC) fractions. However, conventional SOC 16 

fractionation methods are labor-intensive and restrict large-scale monitoring of SOC dynamics. Visible–17 

near infrared (Vis–NIR) spectroscopy offers a rapid alternative, yet its applicability for predicting SOC 18 

fractions in forest soils under field conditions remains poorly understood. This study developed an 19 

integrated framework to evaluate the feasibility of in-situ Vis–NIR spectroscopy for predicting SOC 20 

fractions by comparing four in-situ application workflows, including direct laboratory-to-field transfer, 21 

EPO-assisted transfer, direct in-situ modeling, and EPO-assisted in-situ modeling. Direct transfer of 22 

laboratory models to in-situ spectra resulted in substantial performance degradation due to moisture-23 

driven spectral domain shifts (POC: R² = 0.80; MAOC: R² = 0.59). In contrast, direct in-situ modeling. 24 
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The highest accuracy for POC was achieved using EPO-corrected in-situ spectra (R² = 0.90), whereas 25 

MAOC prediction performed best using uncorrected in-situ spectra (R² = 0.71). Independent cross-year 26 

validation further demonstrated that environmental variability, particularly soil moisture, constrained 27 

model robustness. The analysis of the fitted models revealed distinct spectral mechanisms controlling 28 

SOC fraction predictions, linking POC to shortwave infrared organo–clay absorption features (~2200 29 

nm) and MAOC to visible wavelengths associated with iron oxides. These findings highlight the 30 

conditional feasibility of in-situ Vis–NIR spectroscopy for forest SOC fraction prediction and guide field-31 

based soil carbon monitoring. 32 
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 36 

Introduction 37 

Soil organic carbon (SOC) plays a central role in regulating the global carbon cycle, and forest soils 38 

constitute one of the largest terrestrial carbon reservoirs. However, the stability and persistence of SOC 39 

are governed not only by its total stock but also by the behavior of its constituent fractions. Increasing 40 

evidence indicates that the response of SOC to environmental change is strongly controlled by the relative 41 

proportions of particulate organic carbon (POC) and mineral-associated organic carbon (MAOC), which 42 

differ fundamentally in their formation pathways, residence time, persistence, and ecological functions 43 

(Lavallee et al., 2020; Zhou et al., 2024). POC represents a relatively labile carbon pool derived primarily 44 
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from partially decomposed plant residues and microbial products, whereas MAOC forms a more stable 45 

carbon pool through associations with mineral surfaces. Consequently, the distribution of these fractions 46 

provides key insights into soil carbon stability, vulnerability to loss, and long-term sequestration potential 47 

(Abramoff et al., 2022; Viscarra Rossel et al., 2024). 48 

Despite their importance, quantifying SOC fractions remains challenging. Conventional approaches 49 

rely mainly on physical, chemical, or thermal fractionation techniques (Delahaie et al., 2024), with 50 

physical fractionation being the most widely used (Wu et al., 2025). Although conceptually robust, these 51 

methods are labor-intensive, time-consuming, and costly, limiting their applicability for large-scale 52 

monitoring or high-frequency assessments of soil carbon dynamics (De Vos et al., 2015). Developing 53 

rapid and scalable approaches to estimate SOC fractions is therefore essential to advancing soil carbon 54 

research and monitoring. 55 

Diffuse reflectance spectroscopy in the visible–near infrared range (Vis–NIR, 350 to 2,500 nm) 56 

provides a promising alternative for rapid soil analysis. Because soil organic matter and minerals exhibit 57 

characteristic absorption features across the Vis–NIR region, this technique enables the simultaneous 58 

estimation of multiple soil properties (R. A. Viscarra Rossel et al., 2006; Rossel and Behrens, 2010). 59 

Over the past two decades, laboratory-based Vis–NIR spectroscopy has demonstrated strong predictive 60 

capability for bulk SOC and other soil properties (Jaconi et al., 2017). However, the application of Vis–61 

NIR spectroscopy to SOC fractions remains comparatively limited. Existing studies have predominantly 62 

relied on mid-infrared spectroscopy to capture fundamental vibrational features of organic functional 63 

groups and minerals (Janik et al., 2007; Pacini et al., 2025), whereas relatively few have explored the 64 

potential of Vis–NIR spectroscopy to predict SOC fractions (Qi et al., 2024). 65 
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While most current spectral models for SOC fractions were developed using air-dried soils 66 

measured under controlled laboratory conditions, the recent emergence of portable Vis–NIR 67 

spectrometers offers a practical solution for acquiring soil spectra directly in the field (Conforti et al., 68 

2018; Silvero et al., 2020). In contrast to laboratory spectroscopy, spectra recorded under field conditions 69 

are strongly influenced by environmental factors such as soil moisture, surface roughness, and sensor–70 

soil contact conditions, which can substantially alter spectral signatures and reduce the transferability of 71 

laboratory-based models (Roudier et al., 2017; Koch et al., 2021). This challenge is even more 72 

pronounced in forest ecosystems when acquiring soil reflectance data via airborne or satellite remote 73 

sensing, as dense canopy cover and litter layers often prevent the spectral signal from reaching the soil 74 

surface. Consequently, the reliability of in-situ Vis–NIR spectroscopy for predicting SOC fractions in 75 

forest soils remains poorly understood. 76 

Several methodological strategies have been proposed to address the discrepancy between 77 

laboratory and in-situ spectra. One approach involves directly transferring laboratory-calibrated models 78 

to in-situ spectra, while another involves calibrating models with in-situ measurements. In addition, 79 

spectral correction techniques such as external parameter orthogonalization (EPO) have been proposed 80 

to mitigate environmental interference by removing spectral variance attributable to external factors, 81 

such as soil moisture (Minasny et al., 2011; Roudier et al., 2017). However, the relative effectiveness of 82 

these strategies for predicting SOC fractions remains unclear, particularly in forest soils where 83 

environmental variability is high. Moreover, the spectral mechanisms underlying model predictions are 84 

rarely examined, limiting the ability to determine whether machine learning models capture physically 85 

meaningful soil signals. 86 
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To address these gaps, this study systematically evaluates the potential of Vis–NIR spectroscopy to 87 

predict forest SOC fractions using both laboratory and in-situ measurements. Specifically, we compare 88 

multiple modeling strategies, including laboratory calibration, laboratory-to-field model transfer, 89 

spectral-correction-assisted transfer, and direct in-situ modeling, under varying environmental conditions. 90 

The specific objectives of this study were to: (1) evaluate the feasibility of predicting forest SOC fractions 91 

(POC and MAOC) using in-situ Vis–NIR spectroscopy; (2) compare the effectiveness of different 92 

modeling strategies for field-based spectral prediction; (3) identify the dominant spectral regions 93 

contributing to model predictions and examine their consistency with known soil mineral–organic 94 

interaction mechanisms; and (4) assess the robustness of spectral models under environmental variability 95 

using independent cross-year validation. 96 

2. Materials and methods 97 

2.1. Study area and soil samples 98 

The study was conducted on the northern slope of Changbai Mountain, within the Changbai Mountain 99 

National Nature Reserve (41°41′49″-42°51′18″ N, 127°42′55″-128°16′48″ E), Jilin Province, Northeast 100 

China (Fig. 1a, b). The area lies at an average elevation of 758 m and experiences a typical East Asian 101 

continental monsoon climate, with mean annual temperatures of 2.5-5.5°C, 700-900 mm of precipitation, and 102 

roughly 2300 hours of sunshine per year. Soils are predominantly albic dark brown soils developed on basalt, 103 

characterized by a humus-rich dark surface layer and a grayish albic subsurface horizon. 104 

Soil sampling was conducted during two independent field campaigns in 2024 and 2025 across seven 105 

representative forest sites (Fig. 1c). The same sampling protocol and sample preparation procedures were 106 

applied in both years. The spatial arrangement of sampling points differed between the campaigns due to 107 
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field constraints, as described below. In 2024, three forest sites were sampled. At each site, nine 2 × 2 m 108 

quadrats were established, and three sampling points were randomly selected within each quadrat. In 2025, 109 

four forest sites were sampled. At each site, five 2 × 2 m quadrats were established, with four sampling points 110 

randomly selected per quadrat. At each sampling point, two adjacent soil cores were collected and combined 111 

to form a composite sample. Soil samples were taken from four depth intervals (0-10, 10-20, 20-30, and 30-112 

40 cm), yielding ~1 kg per composite sample. A total of 624 soil samples were collected across two sampling 113 

campaigns: 324 in 2024 and 300 in 2025. After removing visible roots and coarse debris, samples were placed 114 

in labeled plastic bags, air-dried, gently crushed, and sieved through a 2 mm mesh prior to laboratory analyses 115 

and spectral measurements. 116 

 

Figure 1. The location of the study area and soil sampling sites. 

2.2 Laboratory measurement of SOC fractions 117 
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SOC was fractionated into particulate organic carbon (POC, ≥53 μm) and mineral-associated organic 118 

carbon (MAOC, <53 μm) using a size fractionation methodology similar to that outlined in Cotrufo et al. 119 

(2019). Briefly, 10 g of air-dried soil was mixed with 50 mL of 5.0 g L⁻¹ sodium hexametaphosphate by 120 

manual shaking for 5 min, then oscillated at 90 rpm for 18 h. The suspension was then washed through a 53 121 

μm sieve until the resulting filtrate was clear. The fraction retained on top of the sieve (e.g., POM, >53 μm) 122 

and the fraction which passed through the sieve (e.g., MAOM, <53 μm) were collected in pre-weighed 123 

aluminum containers, dried at 60°C for at least 48 h. After drying, each fraction was gently ground with a 124 

mechanical grinder and sieved through a 0.15-mm mesh. Material retained on the sieve was re-ground until 125 

complete passage was achieved, ensuring sample homogeneity prior to elemental analysis. The carbon 126 

content for each isolated fraction was determined using an elemental analyzer (Vario MACRO cube). 127 

2.3 Spectral data acquisition and analysis 128 

2.3.1 Laboratory and in-situ spectral measurements 129 

Both in-situ and laboratory spectra were acquired using an ASD FieldSpec4 spectrometer 130 

(Analytical Spectral Devices, Inc.) equipped with a high-intensity contact probe, covering the 350-2500 131 

nm range at 1 nm resolution. The spectrometer was calibrated before each measurement using a white 132 

Spectralon® panel. 133 

For in-situ measurements, soil cores from the four depth intervals were measured immediately after 134 

extraction. Care was taken to avoid gravel, roots, litter, and other debris. Five replicate spectra per layer 135 

were averaged to reduce surface heterogeneity. This approach preserved vertical soil stratification and 136 

minimized the lag between sampling and measurement. 137 
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Laboratory spectra were obtained from air-dried, ground, and sieved samples placed in 8 cm 138 

diameter containers with leveled surfaces. For each sample, five replicate spectra were measured and 139 

averaged to produce a single representative spectrum. Consequently, 624 averaged spectra were obtained 140 

for in-situ measurements and 624 for laboratory measurements, resulting in 1248 spectra used for 141 

analysis. 142 

2.3.2 Spectral morphology analysis 143 

To provide a physically grounded interpretation of model outputs and to assess whether statistically 144 

significant wavelengths correspond to meaningful spectral features, spectral morphology was examined 145 

alongside machine-learning results. Spectra were grouped by soil horizon and averaged for each depth. 146 

The resulting depth-specific mean spectra from laboratory and in-situ measurements were compared, 147 

yielding eight representative spectral curves (Fig. 4a). The Morphological Interpretation of Reflectance 148 

Spectra (MIRS; Demattê et al., 2014) framework was applied to extract three key attributes: (1) absolute 149 

reflectance, (2) spectral shape (slope and curvature), and (3) absorption features (depth, width, and area). 150 

These morphological descriptors were used to interpret the influential spectral regions identified by the 151 

models and to link them to soil properties. 152 

2.4 Model development, transfer, and validation 153 

Model development and evaluation were conducted using a stepwise framework under laboratory 154 

and in-situ conditions. The workflow consisted of: (1) laboratory-based model development and 155 

evaluation, in which six preprocessing methods were combined with twelve machine learning algorithms 156 

(72 combinations) to identify robust approaches; (2) direct transfer of laboratory-calibrated models to in-157 

situ spectra (Workflow A); (3) transfer of laboratory models to EPO-corrected in-situ spectra (Workflow 158 
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B); (4) direct in-situ model development using field-acquired spectra (Workflow C); and (5) EPO-159 

corrected in-situ model development (Workflow D) (Fig. 2). The laboratory-based modeling step served 160 

as the baseline for evaluating the transferability and applicability of the four subsequent in-situ 161 

application workflows. Based on laboratory performance and stability, the three best-performing models 162 

were selected for subsequent in-situ analyses. Model robustness was further evaluated through 163 

independent cross-year validation. 164 

 

Figure 2. Flowchart of the modeling framework. Gray arrows: Shared Steps; Red arrows: In-situ-specific Steps 

(Dashed arrows distinguish laboratory-to-field model transfer from direct in-situ model development); Blue 

arrows: Lab-specific Steps. 

2.4.1 Dataset partitioning strategy 165 

The train and test datasets were partitioned using the Kennard-Stone (KS) algorithm (Kennard and 166 

Stone, 1969) based on laboratory spectra to ensure a representative coverage of the spectral space. To 167 

avoid potential data leakage arising from within-site correlations, the KS algorithm was implemented at 168 

the sampling-location level rather than at the individual-sample level. Specifically, all depth layers 169 
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corresponding to the same sampling location were assigned collectively to either the calibration or test 170 

set. This grouping strategy ensured strict independence between datasets by preventing samples from the 171 

same site from being split across calibration and validation subsets. This design was adopted to maximize 172 

spectral diversity within each subset and to support the primary objective of this study, which focuses on 173 

assessing the transferability of laboratory-calibrated models to in-situ spectral measurements under 174 

varying environmental conditions, rather than on strict spatial or site-level extrapolation. 175 

2.4.2 Spectral preprocessing 176 

Spectral preprocessing was applied to reduce noise, correct scattering effects, and highlight 177 

chemically relevant signals. Different preprocessing options were considered. The reflectance spectra 178 

(REF) were first truncated to 400-2500 nm to remove the noisier parts of the spectra. Reflectance data 179 

were then converted to absorbance (AB = log₁₀(1/REF)) to improve linearity between spectral response 180 

and soil constituent concentrations. Additional preprocessing included first derivative (FD) and standard 181 

normal variate (SNV), as well as their combinations with AB (AB_FD, AB_SNV). FD was calculated 182 

using a simple finite difference approach (i.e., first-order difference between adjacent wavelengths) 183 

without additional smoothing, whereas SNV corrected for scattering and intensity variations (Wang et 184 

al., 2022). The influence of different preprocessing approaches on model stability and transferability, 185 

assessed using internal and external validation sets, was evaluated during model development, and the 186 

strategy yielding the most robust performance was ultimately retained. 187 

2.4.3 Laboratory model development 188 

To assess the predictive performance of different modeling approaches under controlled laboratory 189 

conditions and to select models suitable for in-situ application, twelve widely used spectral algorithms 190 
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were evaluated using laboratory spectra. These models cover a broad range of linear and nonlinear 191 

approaches commonly applied in soil spectroscopy studies. Linear models included Principal Component 192 

Regression (PCR), Partial Least Squares Regression (PLSR), and Lasso regression. Nonlinear 193 

approaches comprised memory-based learning (MBL), tree-based methods (Cubist, Random Forest, 194 

Gradient Boosting Decision Trees), kernel-based methods (SVMR, GPR), and neural networks (ANN, 195 

RNN, CNN). All models were trained and optimized using five-fold cross-validation on the 2025 training 196 

set. Model training and evaluation were implemented in R (v4.4.3) and Python (v3.9.0) using standard 197 

packages for modeling and machine learning. The detailed descriptions of the models and their 198 

hyperparameters are provided in Supplementary Material S1. 199 

2.4.4 Spectral correction method 200 

In-situ soil spectral measurements are strongly influenced by environmental factors, particularly 201 

soil moisture, which may obscure spectral features associated with intrinsic soil properties and degrade 202 

predictive performance (Roudier et al., 2017). To harmonize measurement conditions between laboratory 203 

and in-situ spectra, the in-situ Vis–NIR spectra were corrected using the EPO method (Minasny et al., 204 

2011). 205 

Paired laboratory and in-situ spectra were constructed by matching samples collected from identical 206 

sampling locations and depth layers. For each paired observation, a difference spectrum (laboratory 207 

minus in-situ) was calculated to characterize systematic measurement-induced variability. The matrix of 208 

difference spectra was subjected to principal component analysis (PCA), and the resulting eigenvectors 209 

were used to define an orthogonal subspace representing external parameter effects. A projection matrix 210 

was subsequently constructed to remove this subspace from the in-situ spectra prior to model transfer or 211 
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in-situ model calibration. 212 

The number of principal components retained (c) was determined as the minimum number required 213 

to explain 95% of the variance in the difference spectra. This threshold was selected as a conservative 214 

compromise to remove dominant measurement-related variability while minimizing the risk of 215 

eliminating soil-intrinsic spectral information. The derived projection matrix was consistently applied in 216 

all subsequent analyses. 217 

2.4.5 Transfer of laboratory models to in-situ spectra 218 

To evaluate the transferability of laboratory-calibrated models under field conditions, the three best-219 

performing models identified in the laboratory evaluation were selected for subsequent in-situ analyses 220 

(Fig. S4). The laboratory-calibrated models served as the baseline reference for all transfer analyses. As 221 

Workflow A, laboratory-calibrated models were directly applied to in-situ spectra without recalibration 222 

or spectral correction. This direct transfer reflects the intrinsic ability of spectral–property relationships 223 

learned under controlled laboratory conditions to generalize to field-acquired spectra. As Workflow B, 224 

in-situ spectra were first corrected using EPO (Minasny et al., 2011) before model transfer. The same 225 

EPO projection matrix derived from the training dataset was applied consistently across workflows. 226 

2.4.6 In-situ spectral model development with and without spectral correction 227 

Accordingly, direct in-situ spectral models were developed using field-acquired Vis–NIR spectra 228 

(Workflow C). The same three modeling algorithms identified from the laboratory evaluation were 229 

employed to ensure direct comparability with the transfer workflows. In addition, an EPO-assisted in-230 

situ modeling workflow (Workflow D) was implemented, in which in-situ spectra were first corrected 231 

https://doi.org/10.5194/egusphere-2026-2666
Preprint. Discussion started: 26 May 2026
c© Author(s) 2026. CC BY 4.0 License.



13 

 

using the same training-sample-derived EPO projection matrix before model calibration. For both 232 

Workflow C and Workflow D, model calibration, validation, and hyperparameter optimization strictly 233 

followed the procedures described above, ensuring methodological consistency and unbiased comparison 234 

across all workflows. 235 

2.4.7 Cross-year environmental transfer evaluation 236 

The dataset collected in 2025 served as the model development dataset and was used for calibration–237 

test partitioning, cross-validation, hyperparameter optimization, spectral preprocessing parameterization, 238 

and EPO transformation matrix construction. 239 

In contrast, the dataset collected in 2024 was kept fully independent of all model development 240 

procedures and used exclusively as an external validation dataset to evaluate model transferability and 241 

robustness across different environmental conditions. All preprocessing parameters, EPO projection 242 

matrices, and model hyperparameters were determined solely based on the 2025 data and subsequently 243 

fixed prior to prediction on the 2024 dataset. 244 

Differences in spectral distributions between the 2024 and 2025 datasets are illustrated in Fig. S2, 245 

reflecting variations in soil moisture conditions and measurement environments between sampling 246 

campaigns. 247 

2.5 Evaluation metrics 248 

Model performance was assessed on both internal test sets and independent external validation sets 249 

using R², Root Mean Squared Error (RMSE), Bias, and the ratio of performance to deviation (RPD). 250 

During model development, a five-fold cross-validation (CV) procedure was applied to the training 251 
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dataset for model tuning and selection, and the optimal models were subsequently evaluated on the 252 

independent test and external validation datasets. The equations are as follows: 253 

𝑅2 = 1 −
∑ (𝑦̂𝑖 − 𝑦𝑖)2𝑛

𝑖

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖

 (1) 254 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦̂𝑖 − 𝑦𝑖)2𝑛

𝑖

𝑛
 (2) 255 

𝐵𝑖𝑎𝑠 =
∑ (𝑦𝑖 − 𝑦̂𝑖)𝑛

𝑖

𝑛
 (3) 256 

𝑅𝑃𝐷 =  
𝑆𝐷

𝑅𝑀𝑆𝐸
 (4) 257 

where 𝑛 is the number of samples, 𝑦𝑖  and 𝑦̂𝑖 are the measured and predicted values, respectively, 𝑦̅ 258 

is the mean of measured values, and SD is the standard deviation of measured values. R² indicates the 259 

proportion of variance explained by the model, RMSE reflects the average prediction error, Bias reveals 260 

systematic over- or underestimation, and RPD evaluates predictive capability. RPD was used as a relative 261 

indicator of predictive performance with respect to data variability and was interpreted in a comparative 262 

rather than categorical manner (R.A. Viscarra Rossel et al., 2006). 263 

2.6 Model interpretation analysis 264 

Model interpretation was conducted using SHapley Additive exPlanations (Lundberg and Lee, 2017) 265 

to quantify the contribution of individual spectral bands to model predictions. SHAP has been widely 266 

applied in soil spectroscopy to identify informative wavelengths and to improve the interpretability of 267 

machine learning models (Padarian et al., 2020; Haghi et al., 2021), particularly when combined with 268 

spectral morphology analysis (Viscarra Rossel et al., 2022; Ma et al., 2023).In this research, SHAP was 269 

conducted exclusively for the best-performing model identified for each target variable. Given the 270 

fundamental structural differences between Cubist (global, rule-based modeling) and MBL (locally 271 
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adaptive modeling), distinct SHAP strategies were implemented to ensure consistency between the 272 

prediction mechanisms and the attribution analysis. 273 

2.6.1 SHAP interpretation of Cubist models 274 

Cubist operates under a single global prediction structure defined by rule-based regression functions. 275 

SHAP values were therefore computed directly from the fitted Cubist models to quantify wavelength-276 

level contributions under a consistent global mapping between spectral inputs and target variables, 277 

enabling interpretation of global spectral importance patterns across the dataset. 278 

2.6.2 Local SHAP interpretation for MBL models 279 

In contrast to Cubist, MBL generates predictions using locally calibrated models that vary among 280 

target samples. Because standard SHAP implementations assume a fixed global prediction function, 281 

applying global SHAP directly to MBL outputs may yield ambiguous interpretations. 282 

To ensure consistency between prediction and attribution, SHAP analysis for MBL was conducted 283 

at the local model level. For each test sample, a local calibration set was constructed by retrieving its k 284 

nearest neighbors in spectral space using Euclidean distance, consistent with the neighborhood definition 285 

and optimal k used in MBL prediction (Wold et al., 1998; Daelemans, 2009) A local PLSR model was 286 

fitted within each neighborhood, and SHAP values were computed relative to this local prediction 287 

function using a model-agnostic framework (Sokol and Flach, 2020). Ten test samples were selected via 288 

stratified sampling across the full target range to balance representativeness and computational feasibility. 289 

SHAP values were calculated separately for each local model and aggregated by averaging absolute 290 

contributions to derive stable spectral importance patterns. 291 
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3. Results 292 

3.1 Forest SOC fractions 293 

The mean contents of POC and MAOC were 19.04 and 4.56 g kg⁻¹ (Fig.3), respectively. Both POC 294 

and MAOC exhibited positively skewed distributions, with skewness values of 1.87 and 1.70, 295 

respectively, indicating the presence of high-value observations. The training and test sets showed 296 

comparable ranges (Fig. 3). For POC, values ranged from 1.28 to 134.88 g kg⁻¹ in the training set and 297 

from 1.76 to 67.89 g kg⁻¹ in the test set. For MAOC, the corresponding ranges were 0.48–17.62 g kg⁻¹ 298 

and 1.05–11.47 g kg⁻¹, respectively (Fig. 3a). POC exhibited greater variability than MAOC across 299 

samples. 300 

The relationships between SOC and its fractions were further examined using Pearson correlation 301 

analysis, showing a strong correlation between SOC and POC (r = 0.99) and a moderate correlation 302 

between SOC and MAOC (r = 0.72) (Fig. S3). 303 

The distributions of POC and MAOC in the training and test sets were further compared using 304 

probability density functions (Fig. 3b). The density curves showed a high degree of overlap between the 305 

two subsets, indicating consistent distribution patterns and suggesting that the dataset partitioning is 306 

representative with minimal sampling bias. 307 

  308 
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3.2 Spectral characteristics of laboratory and in-situ soil measurements 309 

The mean reflectance of in-situ soil samples was, on average, 71.45% lower than that of laboratory 310 

air-dried samples across the 400–2500 nm spectral range (Fig. 4). Reflectance reduction was particularly 311 

evident near 1400 nm and 1900 nm. Principal component analysis further revealed a clear separation 312 

between laboratory and in-situ spectra (Fig. S1), indicating a distinct shift in the spectral domain. 313 

Across all soil layers, the raw reflectance spectra (Fig. 4a) exhibited a consistent three-stage pattern: 314 

increasing reflectance in the visible region (400–700 nm), a relatively stable plateau in the near-infrared 315 

region (700–1300 nm), and a gradual decline in the shortwave infrared region (1300–2500 nm). Under 316 

laboratory conditions, subsurface layers (10–40 cm) generally showed higher reflectance than the surface 317 

layer (0–10 cm), while the surface layer exhibited lower reflectance and smoother spectral concavity. 318 

The second derivative of the Kubelka–Munk function (Fig. 4b) revealed distinct spectral features 319 

in the visible region (Demattê et al., 2014). A feature around 580 nm showed higher intensity in the 320 

surface layer, whereas features near 450 nm were more pronounced in subsurface layers. The feature 321 

 

Figure 3. (a) Distributions of particulate organic carbon (POC) and mineral-associated organic carbon (MAOC) for 

the training (210 samples) and test (90 samples) sets; (b) probability density functions showing the distributions of 

POC and MAOC in the training and test sets. 
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around 710 nm also displayed clear vertical variation, with higher intensity in the surface layer. In the 322 

shortwave infrared region (Fig. 4c), several diagnostic features were observed. A prominent feature near 323 

2210 nm showed stronger intensity in subsurface layers, whereas a feature near 2180 nm was more 324 

pronounced in the surface layer. Additional features around 2310 nm also exhibited depth-dependent 325 

variation. 326 
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3.3 Laboratory predictions of SOC fractions 327 

Among all evaluated models, PLSR, Cubist, and MBL consistently outperformed the others. For 328 

 

Figure 4. Spectral characteristics and feature analysis of soil samples. (a) Comparison of mean spectral 

reflectance (0–40 cm) between laboratory (solid lines) and in-situ (dashed lines) measurements; (b) Second 

derivative of Kubelka–Munk transformed laboratory spectra (400–800 nm); (c) Second derivative of Savitzky–

Golay (SG) smoothed laboratory spectra (2150–2450 nm). 
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POC prediction, R² values ranged from 0.85 to 0.92 for PLSR, 0.88 to 0.92 for Cubist, and 0.86 to 0.96 329 

for MBL (Fig. 5). In contrast, MAOC prediction exhibited substantially lower accuracy, with R² values 330 

ranging from 0.30 to 0.65 for PLSR, 0.48 to 0.74 for Cubist, and 0.45 to 0.69 for MBL. 331 

For both of the carbon fractions, the AB_SNV preprocessing consistently yielded the highest 332 

prediction accuracy. Under this unified preprocessing condition, POC achieved the best performance 333 

with MBL, with predictions yielding an R² of 0.96, RMSE of 3.05, Bias of 0.48, and RPD of 4.67. By 334 

comparison, under the same preprocessing conditions, MAOC prediction achieved its optimal 335 

performance with Cubist, reaching an R² of 0.74, an RMSE of 1.15, a Bias of -0.26, and an RPD of 1.90. 336 

 

Figure 5. Comparison of predictive performance (R²) of twelve machine learning models for particulate organic 

carbon (POC) and mineral-associated organic carbon (MAOC) based on laboratory Vis-NIR spectra. Radar charts 

illustrate model performance under different spectral preprocessing methods. The radius along each axis indicates 

the R² coefficient, with higher values indicating better predictive accuracy. 

3.4 In-situ predictions of SOC fractions 337 

Model transferability and in-situ applicability for POC and MAOC were assessed by comparing the 338 

predictive performance of the three best-performing laboratory models (Fig. S4) across the four in-situ 339 
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application workflows (A–D), including two laboratory-to-field transfer workflows (A–B) and two direct 340 

in-situ modeling workflows (C–D), with the optimal model–preprocessing combinations identified under 341 

each workflow (Fig. 6). 342 

The direct application of laboratory-calibrated models to in-situ spectra (Workflow A) resulted in 343 

pronounced declines in predictive performance across all carbon fractions. POC showed a substantial 344 

decline in predictive performance following transfer, with R² decreasing from 0.85–0.96 under laboratory 345 

conditions to 0.04–0.70. In contrast, MAOC exhibited the weakest transfer performance, with R² 346 

declining from 0.30–0.74 to mostly below 0.43. 347 

Workflow B partially mitigated the decline observed under Workflow A. For POC, R² values 348 

increased to 0.23–0.85, respectively, with reductions in RMSE relative to Workflow A. However, 349 

improvements varied across model–preprocessing combinations; for example, under SNV + PLSR, R² 350 

for POC decreased compared with Workflow A. MAOC prediction showed only marginal gains in R². 351 

Workflow C consistently outperformed the transfer-based workflows. POC prediction improved 352 

substantially, with R² values ranging from 0.57 to 0.89. MAOC prediction also improved, with R² 353 

increasing to 0.50–0.71. 354 

Calibrating models using EPO-corrected spectra (Workflow D) achieved performance comparable 355 

to or slightly better than Workflow C, although improvements were primarily observed for the Cubist 356 

model (POC: R² 0.74–0.90; MAOC: R² 0.53–0.66). For PLSR and MBL, EPO correction led to minor 357 

reductions or negligible changes in predictive accuracy compared with Workflow C. 358 

For in-situ applications, Workflow D provided the most robust and stable performance for POC, 359 
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with the Cubist model and AB preprocessing yielding the best balance of accuracy and robustness. In 360 

contrast, MAOC prediction performed best under Workflow C with MBL and AB-SNV preprocessing, 361 

whereas EPO correction did not provide additional improvement. The optimal in-situ modeling strategy 362 

identified for each target variable was subsequently evaluated using the independent 2024 dataset. 363 

 

Figure 6. Performance of PLSR, Cubist, and MBL models across the four in-situ application workflows: (A) 

direct transfer of laboratory-calibrated models to in-situ spectra; (B) transfer of laboratory-calibrated models to 

EPO-corrected in-situ spectra; (C) direct in-situ model development; and (D) EPO-corrected in-situ model 

development. Acronyms in the legend denote preprocessing methods: REF, raw reflectance spectra; FD, first 

derivative; SNV, standard normal variate; and AB, absorbance transformation. The red dashed line indicates the 

optimal R² obtained under laboratory conditions. 

3.5 Interpretation of the optimal SOC fractions prediction models 364 

SHAP analysis was first conducted to interpret the best-performing laboratory models (models using 365 

spectra preprocessed with the AB_SNV transformation (Fig. 7a). The patterns of relative contributions 366 

for POC and MAOC were relatively stable across wavelengths, reflecting the consistent spectral 367 

responses observed under controlled laboratory conditions. For POC, the most influential wavelengths 368 
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were primarily concentrated between 2,200 and 2,400 nm, which are commonly associated with aliphatic 369 

C–H absorption features and mineral–organic matter interactions. In contrast, MAOC contributions were 370 

mainly located in the 500–600 nm region, likely related to iron oxide absorption features and aromatic 371 

organic matter components. 372 

For the in-situ models, the optimal POC model was developed using EPO-corrected spectra. SHAP 373 

analysis indicates that EPO enhances chemically relevant spectral bands, resulting in wavelength 374 

contribution patterns that more closely resemble those observed under laboratory conditions (Fig. 7b). 375 

This suggests that EPO effectively suppresses environmental noise while preserving meaningful spectral 376 

information for POC prediction, which is consistent with its underlying. In contrast, the best MAOC 377 

model was constructed directly from uncorrected in-situ spectra and exhibited weak, localized SHAP 378 

responses across the spectral range. This indicates that environmental noise in field-acquired spectra 379 

strongly masks the characteristic spectral signals of MAOC, and that EPO correction may further remove 380 

weak but informative features. These results highlight the inherent difficulty of retrieving MAOC from 381 

in-situ hyperspectral observations. 382 
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Figure 7. Feature importance for different kinds of organic carbon derived from the SHAP values of the optimal 

models. (a) Laboratory models; (b) In-situ models. The heatmap below each line graph shows SHAP-derived 

feature importance for stratified sampling. The bars above each heatmap represent absolute mean SHAP values 

across all samples. 

3.6 Cross-year transferability of the prediction models  383 

To evaluate model robustness across varying environmental states, an independent dataset collected 384 

in 2024 was used to externally validate models developed on the 2025 dataset. Because both datasets 385 

were acquired at the same site but under different field conditions, the cross-year comparison mainly 386 

reflects environmental effects, particularly differences in soil moisture and in-situ measurement states, 387 
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rather than true temporal dynamics. Therefore, this analysis focuses on environmental transferability 388 

driven by spectral domain shifts. 389 

Overall, predictive performance declined on the independent 2024 dataset compared with the 2025 390 

test dataset (Fig. 8), indicating reduced robustness under altered environmental conditions. For 391 

laboratory-based models, POC predictions retained relatively high accuracy on the external dataset (R² 392 

= 0.81, RPD = 1.88), suggesting moderate environmental transferability. In contrast, MAOC predictions 393 

showed substantial degradation, with an R² of 0.35 and RPD below 1.0, indicating very limited 394 

transferability for this fraction. 395 

In-situ models exhibited consistently lower predictive performance on the external dataset. POC 396 

predictions declined to fair accuracy (R² = 0.62), whereas MAOC predictions remained unreliable (RPD 397 

< 1.0). Comparison of marginal density distributions (Fig. 8) further revealed that laboratory-based POC 398 

predictions exhibited greater overlap between the calibration and external datasets, whereas in-situ 399 

models showed pronounced distributional shifts, indicative of a stronger spectral-domain mismatch. 400 

  401 
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Figure 8. Comparison of environmental transferability between optimal laboratory and in-situ models. The left 

column shows the prediction performance of laboratory-based models, while the right column shows the 

prediction performance of in-situ models. Marginal density distributions of the test (2025) and external (2024) 

datasets are shown along the top and right axes. 

4. Discussion 402 

4.1 Feasibility of Vis-NIR prediction for SOC fractions 403 

This study systematically evaluated 12 machine learning algorithms to predict forest soil organic 404 

carbon fractions from laboratory Vis-NIR spectra. Under controlled laboratory conditions, the models 405 

achieved reliable predictions for POC and MAOC (Fig. 5), confirming the feasibility of Vis-NIR 406 
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spectroscopy for estimating SOC fractions in forest soils. Similar levels of accuracy have been reported 407 

in previous studies, with R² values of 0.65 and 0.67 for POC and MAOC, respectively (Dai et al., 2024). 408 

Among the evaluated algorithms, PLSR, Cubist, and MBL consistently ranked among the best-409 

performing models, indicating that both linear and nonlinear approaches can achieve high predictive 410 

accuracy when spectral variability is minimized and measurement conditions are well controlled. 411 

However, previous studies have reported inconsistent conclusions regarding the optimal modeling 412 

strategy, with model performance varying across datasets, target fractions, and spectral configurations  413 

(Das et al. 2023; Munnaf and Mouazen, 2022). Together with our results, this variability suggests that no 414 

single algorithm can be universally recommended for Vis-NIR-based prediction of SOC fractions. 415 

Instead, systematic comparison of multiple modeling strategies remains necessary to identify models that 416 

best match the spectral characteristics and compositional properties of the target fractions. 417 

When the best-performing laboratory models were directly applied to in-situ spectra, prediction 418 

accuracy declined markedly (Fig. 6). This reduction is consistent with the pronounced spectral 419 

discrepancies between laboratory and in-situ measurements (Figs. 4a, S1), where in-situ spectra 420 

exhibited lower reflectance due to soil moisture effects. Moisture-induced attenuation masked intrinsic 421 

absorption features, reduced the signal-to-noise ratio, and shifted the spectral feature space, thereby 422 

limiting the applicability of models trained under controlled laboratory conditions (Piccini et al., 2024). 423 

Under this transfer scenario, POC retained only moderate predictability, whereas MAOC prediction 424 

deteriorated substantially, reflecting its weaker and more indirect spectral expression. 425 

By contrast, models developed directly from in-situ spectra achieved higher predictive accuracy 426 

than laboratory models applied to in-situ spectra. Because these models incorporate environmental 427 
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variability during calibration, they better capture both intrinsic spectral–chemical relationships and 428 

systematic field-induced spectral variation. These results highlight the importance of calibrating models 429 

directly under in-situ conditions when accurate field predictions are required, particularly for fractions 430 

such as MAOC that are sensitive to environmental noise. 431 

4.2 Role of EPO correction across in-situ spectral application 432 

EPO played a differentiated role across the in-situ spectral application scenarios examined in this 433 

study, highlighting both its advantages and limitations depending on the modeling strategy and target 434 

variable. For laboratory-to-field model transfer, EPO substantially improved the applicability of 435 

laboratory-calibrated models to in-situ spectral data. Compared with the direct application of laboratory 436 

models to raw in-situ spectra, the use of EPO-corrected spectra consistently resulted in higher predictive 437 

performance and lower prediction errors (Fig. 6), particularly for the PLSR and Cubist models. This 438 

improvement demonstrates the effectiveness of EPO in reducing spectral discrepancies between 439 

laboratory and field measurements. 440 

By removing spectral components orthogonal to the target soil properties—such as variability due 441 

to soil moisture, surface roughness, and particle-size heterogeneity—EPO reduces non-informative 442 

spectral variance and improves the statistical compatibility between laboratory and in-situ spectral 443 

domains. As a result, models calibrated under controlled conditions become more transferable to field-444 

acquired spectra. 445 

In contrast, the influence of EPO on models calibrated directly with in-situ spectra was strongly 446 

model-dependent. For PLSR and MBL, EPO correction resulted in reduced predictive performance, 447 

suggesting that the orthogonalization process may inadvertently remove spectral information relevant to 448 
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soil carbon fractions. Both PLSR and MBL rely strongly on covariance structures and spectral similarity 449 

patterns, which may be partially disrupted when spectral components are removed during EPO correction. 450 

Conversely, Cubist models exhibited improved performance after EPO correction. The rule-based 451 

structure and local linear regression framework of Cubist allow it to exploit the simplified feature space 452 

generated by EPO while retaining relevant predictive information, explaining its stronger robustness 453 

under EPO-corrected in-situ modeling conditions. 454 

These results indicate that the effectiveness of EPO depends strongly on the modeling objective and 455 

algorithmic structure. Rather than acting as a universally optimal preprocessing method, EPO functions 456 

as a conditional tool whose benefits are most evident when reducing measurement-condition mismatch 457 

between laboratory and in-situ spectra. 458 

4.3 Spectral band contributions and mechanistic interpretation of SOC fractions 459 

SHAP analysis of the optimal laboratory models showed that the spectral regions contributing to 460 

SOC fraction predictions align with known soil organic–mineral interactions (Fig. 7a). These 461 

contributions match the diagnostic spectral patterns identified in the visible and shortwave infrared 462 

regions (Fig. 4), indicating that the models capture physically meaningful relationships rather than purely 463 

statistical correlations. 464 

For the POC, dominant contributions were concentrated in the shortwave infrared region, 465 

characterized by absorption features associated with organic functional groups. These signals are directly 466 

associated with plant-derived residues and microbial products, which constitute the main components of 467 

particulate organic matter (Demattê et al., 2004; Stenberg et al., 2010). As a result, POC exhibits a 468 

relatively strong and direct spectral expression, enabling robust and stable model predictions across 469 
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different modeling scenarios. 470 

In contrast, MAOC showed stronger contributions in the visible region, where spectral variability 471 

is largely controlled by mineralogical features. This reflects the fact that MAOC is primarily associated 472 

with mineral surfaces rather than existing as a spectrally distinct organic phase. Consequently, its spectral 473 

representation is mediated through mineral-related signals, which are not uniquely specific to MAOC 474 

but are influenced by broader soil compositional characteristics (Schwertmann and Taylor, 1989; Chen 475 

et al., 2014; Kleber et al., 2015). 476 

The comparatively lower prediction accuracy of MAOC is therefore not attributable to a single 477 

factor but rather reflects the combined effects of its spectral representation and the data characteristics. 478 

First, the mineral-mediated nature of MAOC results in a less specific, more context-dependent spectral 479 

signal than POC. Second, the narrower concentration range and lower variability of MAOC observed in 480 

this study reduce the effective signal-to-noise ratio available for model calibration. Third, because 481 

mineral-associated spectral signals are particularly sensitive to environmental conditions such as soil 482 

moisture and surface heterogeneity (Dai, 2025), which can substantially alter spectral responses in the 483 

field (Roudier et al., 2017), MAOC predictions are more susceptible to spectral-domain shifts under in 484 

situ and cross-year conditions. 485 

These factors highlight two fundamentally different modes of spectral detectability: a direct, 486 

organic-dominated signal for POC in the shortwave infrared region, and an indirect, mineral-mediated 487 

signal for MAOC in the visible region (Breure et al., 2025). This contrast is consistent with the conceptual 488 

basis of soil organic matter fractionation, in which size-based separation distinguishes functionally 489 

distinct carbon pools. POC represents a relatively labile pool dominated by plant residues and microbial 490 
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products, characterized by rapid turnover and strong intrinsic spectral signatures. In contrast, MAOC 491 

represents a more stable pool in which organic compounds are associated with mineral surfaces and 492 

protected from decomposition, resulting in a weaker and less specific spectral expression mediated by 493 

mineral-related signals (Wang et al., 2024; Yang et al., 2023). 494 

These differences indicate that the observed variation in spectral contributions and model 495 

performance reflects not only spectroscopic behavior but also fundamental differences in the form and 496 

function of SOC fractions. This mechanistic distinction explains the contrasting predictive accuracy and 497 

transferability between POC and MAOC. It highlights the importance of considering both compositional 498 

characteristics and data structure when interpreting and applying Vis–NIR-based soil carbon models. 499 

4.4 Challenges in the robustness of soil carbon models under cross-year environmental 500 

variability 501 

The cross-year validation results highlight the challenges of achieving robust Vis–NIR-based 502 

prediction of soil carbon fractions under changing environmental conditions. The observed performance 503 

degradation is primarily attributable to environmental state–induced spectral domain shifts rather than to 504 

model instability alone (Fig. S2). Variations in soil moisture and associated changes in surface conditions 505 

substantially alter the statistical structure of in-situ spectra (Roudier et al., 2017), thereby limiting model 506 

generalization beyond the calibration domain. 507 

Differences in robustness between laboratory-based and in-situ models reflect contrasting levels of 508 

spectral control. Laboratory spectra are obtained under standardized conditions, resulting in more stable 509 

spectral–chemical relationships and relatively stronger transferability for POC. In contrast, in-situ spectra 510 

integrate multiple sources of uncontrolled variability, including moisture fluctuations and surface 511 
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heterogeneity, which increase spectral domain mismatch when models are applied across environmental 512 

states. These findings demonstrate that high predictive accuracy in a single sampling campaign does not 513 

necessarily guarantee stable performance across years or conditions. 514 

The influence of spectral correction further illustrates the conditional nature of model robustness. 515 

EPO improved laboratory-to-field transferability for POC by suppressing moisture-dominated spectral 516 

variance that is largely orthogonal to the target variable. However, the benefits of EPO were limited or 517 

even negative for MAOC. This likely reflects a violation of the orthogonality assumption underlying 518 

EPO: unlike POC, MAOC is closely associated with mineral surfaces and surface-bound water, resulting 519 

in statistical coupling between moisture-related spectral features and MAOC content. 520 

SHAP analysis further supports this mechanistic interpretation by demonstrating that dominant 521 

spectral contributions captured by the models correspond to known soil mineralogical and organic 522 

interaction processes. Together, these results indicate that robust application of Vis–NIR spectroscopy 523 

for predicting forest SOC fractions requires explicit consideration of environment–driven spectral 524 

domain shifts and independent validation under contrasting field conditions. 525 

From a methodological perspective, the optimal modeling strategy depends strongly on the intended 526 

application context. Laboratory-based models remain valuable for controlled spectral characterization 527 

and for establishing standardized spectral–chemical relationships. However, when the objective is 528 

reliable field prediction under environmentally variable conditions, direct in-situ calibration offers a more 529 

robust strategy because it incorporates environmental variability into model development. 530 

The role of EPO should likewise be interpreted conditionally. EPO is most effective when the 531 

objective is to improve laboratory-to-field model transfer by reducing systematic spectral discrepancies, 532 
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particularly for spectrally intrinsic fractions such as POC. In contrast, when models are calibrated directly 533 

using in-situ spectra, the benefits of EPO become model- and target-dependent and may even be negative 534 

for proxy-mediated variables such as MAOC. Overall, these findings demonstrate that robust field 535 

spectroscopy depends not only on algorithm selection but also on aligning preprocessing and calibration 536 

strategies with the spectral expression of the target soil property. 537 

5. Conclusion 538 

This study evaluated the capability of Vis–NIR spectroscopy to predict SOC fractions in forest soils 539 

using either laboratory or in-situ spectra, multiple modeling strategies, spectral pre-processing options, 540 

and independent cross-year validation. Under laboratory conditions, reliable predictions were obtained 541 

for both POC and MAOC. The AB_SNV preprocessing strategy produced the most consistent results, 542 

with MBL performing best for POC and Cubist providing the most accurate predictions for MAOC. 543 

Model performance declined substantially when laboratory-calibrated models were directly 544 

transferred to in-situ spectra, primarily due to environmental spectral discrepancies associated with soil 545 

moisture and surface conditions. This illustrates the importance of dedicated transfer strategies. Spectral 546 

correction using EPO improved laboratory-to-field model transfer for POC, but its effectiveness varied 547 

across algorithms and target fractions. In contrast, models calibrated directly using in-situ spectra 548 

achieved more stable predictions, indicating that incorporating environmental variability during 549 

calibration is essential for reliable field applications. 550 

The interpretation of the calibrated models further demonstrated that they captured physically 551 

meaningful spectral information: POC predictions were mainly associated with organic absorption 552 

features in the shortwave infrared region, whereas MAOC predictions relied more strongly on mineral 553 
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proxy signals in the visible range. 554 

Overall, this study demonstrates the feasibility of directly quantifying SOC fractions (POC and 555 

MAOC) in-situ using Vis–NIR spectroscopy under forest field conditions. Providing new methodological 556 

insights into soil spectroscopy under field conditions and establishing a foundation for advancing in situ 557 

monitoring of forest soil carbon dynamics. 558 

  559 
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