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A B S T R A C T

Predicting continuous soil properties from limited field observations remains a central challenge in precision 
agriculture, particularly when models must operate across multiple spatial scales. This study develops a multi- 
scale framework that combines multi-temporal Sentinel-2 imagery with legacy soil maps to estimate spatial 
variation in soil organic matter (SOM). Bare-soil pixels were extracted and spectral indices calculated after cloud 
and snow masking, and a LASSO-based procedure was used to select informative images before modelling. Two 
strategies were evaluated: one using only satellite-derived indices, and another integrating soil texture 
information.

At the farm scale, twelve Sentinel-2 images yielded 422 field–image records. A simple field-level averaging 
baseline achieved RMSE = 0.14 log(%SOM) and R² = 0.74, while the hybrid model predicting at the zone level 
achieved RMSE = 0.16 log(%SOM) and R² = 0.83, capturing within-field variability despite slightly higher point- 
wise error. Remote-sensing-only models performed poorly (RMSE ≈ 0.35–0.37 log(%SOM) and R² < 0.10), 
demonstrating that spectral indices alone cannot represent subsurface conditions.

The framework was then scaled to the province of Québec. Multi-year images, soil texture, topography, and 
climate variables were combined, and Random Forest, LightGBM, and CatBoost were tested after feature 
screening. At the province scale, predictive performance decreased (R² = 0.287–0.364), reflecting the increased 
agroclimatic, edaphic, and management heterogeneity across Québec. However, the corresponding RMSE values 
(≈ 0.101–0.103 log(%SOM)) indicate that prediction errors remain quantitatively moderate after back- 
transformation. Therefore, model performance at this scale should be interpreted not only in terms of 
explained variance, but also in terms of operational prediction error and regional differentiation capability. At 
the regional level, the framework supports decision-oriented applications that rely on relative field differentia
tion rather than precise point estimation.

1. Introduction

As demand for high-resolution soil information grows, precision 
agriculture increasingly relies on spatially detailed predictions of 
continuous soil properties, such as pH, texture, bulk density, and organic 
matter. These properties govern key soil processes and directly influence 
crop productivity, nutrient cycling, and land management decisions. 

Traditional soil mapping methods, based on sparse sampling and labo
ratory analyses, often fall short of capturing within-field heterogeneity, 
which is critical for site-specific interventions [1,2]. In this context, 
recent advances in earth observation technologies and machine learning 
have opened new avenues for generating spatially continuous, scalable, 
and cost-effective estimates of soil attributes. By leveraging remote 
sensing data, legacy soil survey maps, and data-driven models, re
searchers can now predict complex soil variables over large areas with 

* Corresponding author.
E-mail address: hamed.etezadi@mail.mcgill.ca (H. Etezadi). 

Contents lists available at ScienceDirect

Smart Agricultural Technology

journal homepage: www.journals.elsevier.com/smart-agricultural-technology

https://doi.org/10.1016/j.atech.2026.102035
Received 3 February 2026; Received in revised form 2 March 2026; Accepted 21 March 2026  

Smart Agricultural Technology 14 (2026) 102035 

Available online 21 March 2026 
2772-3755/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 
nc-nd/4.0/ ). 

https://orcid.org/0000-0003-2689-9299
https://orcid.org/0000-0003-2689-9299
https://orcid.org/0000-0003-1487-2945
https://orcid.org/0000-0003-1487-2945
https://orcid.org/0000-0001-7279-3597
https://orcid.org/0000-0001-7279-3597
https://orcid.org/0000-0001-7097-1636
https://orcid.org/0000-0001-7097-1636
https://orcid.org/0000-0001-8494-8971
https://orcid.org/0000-0001-8494-8971
mailto:hamed.etezadi@mail.mcgill.ca
www.sciencedirect.com/science/journal/27723755
https://www.journals.elsevier.com/smart-agricultural-technology
https://doi.org/10.1016/j.atech.2026.102035
https://doi.org/10.1016/j.atech.2026.102035
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


increasing accuracy and temporal resolution [3]. Among the many 
variables of interest, a few stand out due to their dual agronomic 
importance and environmental relevance. One such variable is soil 
organic matter (SOM), which plays a central role in both soil health and 
carbon sequestration [4,5].

SOM monitoring has traditionally been accomplished by sampling at 
high density and analyzing soil samples in the laboratory. Despite the 
possibility of obtaining high-precision mapping results, traditional SOM 
monitoring requires considerable financial and labour resources. Many 
scholars have focused on optical remote sensing (RS) as a powerful Earth 
observation technique. SOM content can be mapped efficiently and non- 
destructively using RS. With the development of quantitative remote 
sensing techniques, it has become possible to rapidly and cost-effectively 
determine SOM content at regional scales [6]. To determine whether 
SOM and proximally sensed Vis-NIR spectra are related, Krishnan [7] 
used a spectrometric approach. For estimating SOM content, they 
developed a multivariate regression model. Liu et al. [8] developed a 
similar model using spectral bands from 550 to 810 nm as input vari
ables. A correlation between satellite spectral bands (e.g., Landsat-8, 
Sentinel-2, etc.) and SOM contents was also determined by Wang [9], 
Castaldi [4], Mohamed [10], and Luo [11]. To map the distribution 
pattern of SOM, a quantitative remote sensing model was developed 
based on the spectral absorption characteristics of SOM in Vis-NIR 
spectra [12]. Due to their refined spectral resolution, hyperspectral 
satellite images are usually considered ideal data for SOM mapping. 
Hyperspectral data, however, cannot be used in SOM mapping at a 
regional scale due to a lack of data and the high cost of acquisition and 
processing [4].

Multispectral optical reflectance is one of the most widely available 
and accessible satellite data types and is currently recognized as one of 
the most valuable sources of satellite measurements for mapping 
regional SOM content [13]. Landsat-8/9 OLI sensor, with its low tem
poral frequency (16 days) and medium spatial resolution (30 m), offers 
free access for estimating SOM content, thanks to its multiple 
Vis-NIR-SWIR spectral bands. Even better, Sentinel-2A&B MSI sensor 
provides 13 spectral bands (443 nm to 2190 nm) and covers key spectral 
features for SOM estimation (450, 590, and 665 nm). Furthermore, 
Sentinel-2 has a shorter revisit time (5 days) and higher spatial resolu
tion (10-20-60 m), making it better suited for evaluating large areas of 
SOM and monitoring them at high spatial resolution. Thus, according to 
studies performed by Castaldi, multispectral Sentinel-2 imagery can be 
used for predicting SOM over a 10,000 km² cropland area in 
north-eastern Germany by calibrating soil organic carbon (SOC) indices 

from the LUCAS topsoil spectral library and applying them to carefully 
selected bare-soil pixels using NDVI, visible-based vegetation indices, 
and NBR2 moisture/residue thresholds [4,14]. Using ASD FieldSpec 
spectroradiometer measurements and airborne hyperspectral measure
ments, Gholizadeh compared Sentinel-2′s capability to estimate SOM 
[15]. The results demonstrate that the spatial resolution and spectral 
characteristics of Sentinel-2 are sufficient to describe the variability of 
SOM across four agricultural fields in Czechia, which are dominated by 
Chernozems, Luvisols, Cambisols, and Stagnosols, where SOC was pre
dicted from Sentinel-2 bands and 18 spectral indices using site-specific 
SVM regression models. Other studies have shown that vegetation 
indices (VIs) are important indicators of vegetation cover and growth 
status [16–18], and that the Normalized Difference Vegetation Index 
(NDVI) is an influential indicator of SOM. According to Bhunia [19], 
Ratio Vegetation Index (RVI) and the NDVI were used as auxiliary var
iables to predict SOM. Based on the results, VI and SOM are highly 
correlated. In addition to RVI and SAVI, Zeraatpisheh et al. [20] high
lighted RVI as an equally important covariate. According to Gholizadeh 
et al. [15], the Sentinel-2 constellation can predict SOM using spectral 
indices such as NDVI and SAVI. Modified Normalized Difference Water 
Index (MNDWI) was also found to be sensitive to soil when Lu [21] used 
it as an ancillary variable in Landsat-based models to predict soil organic 
carbon distribution and its dynamic change between 2008 and 2013 in a 
mountainous hickory plantation region in western Lin-An District, 
Zhejiang Province, China.

Furthermore, to alleviate the effect of vegetation on remote sensing 
images, more research has focused on bare soil or low-density crop re
gions [22]. In an agricultural setting, the ideal time window for a 
bare-soil study varies with soil moisture, vegetation cover, and crop 
residue cover, limiting studies of SOM to small areas. Synthetic Soil 
Image - SYSI (Synthetic Bare Soil Image) was developed by Demattê [23] 
using multi-temporal satellite images for the purpose of constructing 
synthetic bare soil images. Using synthetic images, Gasmi [24] showed 
that bare soil pixel mean spectral reflectance improved the accuracy of 
the prediction model. It is important to note, however, that the optimal 
synthetic image differs for each soil property prediction. For digital soil 
mapping, Diek [25] analyzed Landsat time series to extract the barest 
pixels, and soil texture and soil organic matter were also mapped. When 
remote sensing data of bare soil is combined with measured soil property 
data, it is possible to develop more accurate soil property prediction 
models [26,27].

On the other hand, legacy soil series have garnered significant 
attention from researchers as a critical factor in determining SOM [28]. 

Nomenclature

Abbreviation
BI Brightness Index
BSI Bare Soil Index
CatBoost Categorical Boosting
CI Coloration Index
CV Cross-Validation
DEM Digital Elevation Model
EVI Enhanced Vegetation Index
GEE Google Earth Engine
LASSO Least Absolute Shrinkage and Selection Operator
LightGBM Light Gradient Boosting Machine
LOI Loss-On-Ignition
MAD Median Absolute Deviation
ML Machine learning
MNDVI Modified Normalized Difference Water Index
MSI MultiSpectral Instrument
NBR2 Normalized Burn Ratio 2

NDMI Normalized Difference Moisture Index
NDSI Normalized Difference Snow Index
NDVI Normalized Difference Vegetation Index
NIR Near-Infrared
OLI Operational Land Imager
OOF Out-Of-Fold
OMI Organic Matter Index
R2 Coefficient of Determination
RF Random Forest
RI Redness Index
RMSE Root Mean Square Error
RS Remote Sensing
RVI Ratio Vegetation Index
SAVI Soil-Adjusted Vegetation Index
SI Soil Index
SOC Soil Organic Carbon
SOM Soil Organic Matter
SWIR Short-Wave Infrared
VI Vegetation Indices
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Organic matter stabilization, decomposition rates, and water retention 
are all affected by the distribution of sand, silt, and clay within the soil 
matrix. Several studies have consistently shown that soil texture and 
SOM content are correlated, emphasizing their importance in soil 
fertility prediction and management [29–33]. Despite their availability, 
soil survey maps are often underutilized in large-scale RS-based SOM 
frameworks. Researchers aim to enhance the accuracy and reliability of 
SOM estimation models by incorporating soil texture, providing valu
able insights for sustainable soil management [34].

Machine learning (ML) is a conventional approach for estimating 
SOM from RS data. For RS-based SOM mapping, multivariate regression 
models were applied, such as partial least squares regression [4], 
multivariable linear regression [19], support vector machine [6], and 
random forest algorithms [11]. In remote sensing prediction, the 
random forest (RF) model is widely used due to its good performance 
and interpretability [35–38]. In many studies, RF regression has been 
utilized to estimate grain yields, predict surface temperatures, calculate 
water quality parameters, and predict soil physical and chemical prop
erties [39,40]. RF algorithms have proven to be effective at predicting 
SOC and/or SOM [41,42]. Nevertheless, RF has known limitations when 
applied to large, highly heterogeneous datasets, where interactions and 
nonlinearities become more complex. Recent advances in gradient 
boosting decision tree algorithms, particularly LightGBM and CatBoost, 
address these challenges by offering superior scalability, better handling 
of categorical variables, and improved accuracy in remote sensing ap
plications [43–45]. Despite their potential, their application to SOM 
prediction has been limited, highlighting a critical gap that motivates 
the present study.

In addition, cultivated regions exhibit strong temporal fluctuations 
in soil exposure driven by vegetation dynamics, crop residue, and 
management practices. The change in SOM content can, however, be 
ignored in the short term, i.e. over periods of several years up to about a 
decade, due to the slow pace at which it occurs over extended periods 
[46]. This stability provides an opportunity: multi-temporal satellite 
imagery can be combined with soil sampling to mitigate seasonal surface 
noise while still yielding reliable predictions of underlying SOM 
variability.

Despite increasing use of Sentinel-2 imagery for soil property pre
diction, several methodological limitations remain. Many studies rely 
primarily on spectral indices without systematically evaluating the 
added value of ancillary soil information, particularly across multiple 
spatial scales. In addition, image selection is often treated implicitly or 
based on predefined temporal composites, rather than being explicitly 
ranked and filtered according to predictive contribution. As a result, 
limited attention has been given to how image informativeness, scale 
transitions (from farm to region), and integration of categorical soil 
information jointly influence model robustness and generalization per
formance. Addressing these gaps requires a structured, scale-aware 
framework that explicitly evaluates the contribution of multi-temporal 
imagery and ancillary soil data under grouped validation schemes. 
Building on this premise, the present study pursued two complementary 
approaches for SOM spatialization based on Sentinel-2 data: (i) a farm- 
scale case study designed to test whether adding soil series/texture to 
remote sensing indices improves within-field prediction, and (ii) a 
province-scale study across Québec designed to evaluate scalability and 
algorithmic performance. The study focuses on SOM as a representative 
continuous soil property to evaluate how multi-temporal satellite im
agery and ancillary soil data jointly influence predictive robustness. The 
central hypothesis is that explicitly ranking multi-year imagery and 
integrating soil information within a grouped validation framework can 
enhance predictive stability across spatial scales. Accordingly, the study 
pursues four primary objectives: (1) to construct a multi-temporal 
Sentinel-2–based SOM prediction framework using adaptive bare-soil 
extraction; (2) to implement and evaluate an image-ranking strategy 
based on predictive contribution; (3) to assess the added value of inte
grating categorical soil texture information with spectral features; and 

(4) to examine model generalization and performance transitions from 
farm to province scale.

2. Methodology

2.1. Modelling Framework Overview

This study presents a multi-scale and generalizable framework for 
predicting continuous soil attributes by integrating satellite-derived 
indices with zone-based categorical information. The framework is 
designed to operate under data-scarce conditions where only composite 
field-level soil samples and a corresponding zone map are available, 
making it suitable for both small-scale experiments and large-scale ap
plications. Although soil organic matter is used as the primary case study 
in this work, the framework is generalizable to other continuous soil 
properties with comparable spatial behaviour. The modelling pipeline 
consists of three main components: 1) RS-based feature extraction using 
Google Earth Engine (GEE) and feature generation; 2) predictive 
modelling using spectral indices with and without categorical zone-level 
information; and 3) progressive evaluation of image informativeness to 
improve model performance. This modular design allows the framework 
to test the added value of legacy soil maps, quantify the role of image 
quality and temporal diversity, and evaluate its scalability from field- 
scale case studies to province-wide applications. The framework 
explicitly assumes the availability of categorical soil delineations of 
reasonable quality. While detailed legacy soil surveys can provide high 
local fidelity, the positional and thematic accuracy of soil maps typically 
decreases at broader spatial scales. This variability in map quality rep
resents a fundamental source of uncertainty that propagates into zone- 
based modelling approaches. The progressive concept is used in two 
distinct roles: exploratorily at the farm scale (to quantify marginal image 
informativeness) and diagnostically at the province scale (training-only, 
out-of-fold (OOF)-based image cleaning), with a single leak-free test 
evaluation. After validating the framework at the farm scale, the same 
methodology was extended to a province-wide implementation to assess 
its generalization capacity across heterogeneous landscapes. Because 
large-scale modelling often exhibits weaker local correlations between 
spectral indices and soil properties, additional topographic (elevation, 
slope, aspect, etc.) and climatic (temperature, precipitation, etc.) pre
dictors were incorporated only at the regional scale to represent spatial 
variability. Topographic attributes were chosen because terrain position 
strongly influences soil formation [47], water accumulation, and the 
redistribution of organic matter. In contrast, climatic variables capture 
long-term influences and moisture regimes that control decomposition 
rates, as well as the variability across the wide spatial scale of agro
climatic regions. Together, these predictor groups provide comple
mentary, physically grounded information that cannot be reliably 
inferred from spectral indices alone, while remaining globally available 
and computationally scalable. This ensures that the framework remains 
both physically interpretable at the process level and transferable to 
other regions.

2.2. Remote Sensing Data Acquisition and Feature Generation

In the first component of the framework, satellite imagery was used 
to derive a set of spectral indices known to be informative for soil and 
vegetation analysis. A curated collection of Sentinel-2 surface reflec
tance images (COPERNICUS/S2_SR) was processed in GEE, with strin
gent cloud filtering applied for key agricultural periods. Imagery was 
restricted to April–June (spring, post-snowmelt) and September–De
cember (post-harvest and residue-exposed periods), ensuring temporal 
consistency and minimizing vegetation interference. Sentinel-2 was 
selected because it provides high-quality Level-2A surface reflectance 
data, making it suitable for quantitative biophysical assessments. Its 
spatial resolution of up to 10 meters enables the detection of fine-scale 
soil surface variability and intra-field heterogeneity. Additionally, 
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Sentinel-2A&B constellation features a short revisit cycle (5 days) and a 
rich spectral configuration spanning 13 bands, including visible, red- 
edge, near-infrared (NIR), and short-wave infrared (SWIR) wave
lengths. Together, these properties enable repeated observation of 
transient soil-exposure conditions rather than continuous spatial 
mapping.

For each image, multiple spectral indices, including vegetation 
metrics, bare soil indicators, and colour-based ratios, were computed 
and spatially aggregated within delineated field boundaries. These ag
gregations yielded image-level summaries (mean and standard devia
tion) that captured temporal variability in surface conditions rather than 
explicit spatial patterns. In addition to cloud masking (GEE default 
method) and to ensure only relevant surface conditions were analyzed, 
two critical masks were applied to the imagery: a snow mask and a bare- 
soil mask. The Normalized Difference Snow Index (NDSI) was used to 
identify and exclude snow-covered pixels, based on the reflectance 
contrast between green and short-wave infrared (SWIR) bands: 

NDSI =
B3 − B11
B3 + B11

(1) 

where B3 corresponds to the green band and B11 to the SWIR band. 
Snow typically reflects visible light but absorbs SWIR, producing high 
NDSI values. Following ESA recommendations [48], pixels with NDSI >
0.42 were masked from further analysis. To isolate bare soil conditions, 
the Bare Soil Index (BSI) was applied: 

BSI =
(B11 + B4) − (B8 + B2)
(B11 + B4) + (B8 + B2)

(2) 

where B2, B4, B8, and B11 are the blue, red, near-infrared (NIR), and 
SWIR bands, respectively. The BSI distinguishes exposed soil from 
vegetation and water using spectral brightness and moisture sensitivity. 
To account for field-level heterogeneity and varying acquisition condi
tions, a relative, field-adaptive thresholding strategy was employed. For 
each field, the mean BSI value was calculated, and pixels with BSI values 
exceeding this field-specific mean were retained as bare soil: 

Bare Soil Mask =

{
1 if BSIpixel > BSImean field

0 Otherwise (3) 

This approach prioritizes the barest soil fractions within each field 
and acquisition date rather than enforcing a fixed global threshold, 
ensuring consistent soil detection across heterogeneous surface condi
tions and imaging dates [49,50]. By defining bare-soil pixels relative to 
field-specific reflectance distributions, the method reduces sensitivity to 
absolute threshold selection and enhances robustness across agro
climatic gradients. Following masking, two groups of indices were 
calculated specifically over bare soil pixels. The first group focused on 
physical and chemical soil properties (Table 1), while the second 
captured vegetation or residue-related characteristics (Table 2).

Collectively, these indices provided a diverse set of predictors related 
to soil brightness, organic content, mineral composition, moisture, and 

vegetation status.
To represent broader environmental gradients that influence soil 

development, a set of topographic and climatic descriptors was prepared 
exclusively for the province-scale analysis, Table 3. Topographic vari
ables were derived from the NASADEM HGT digital elevation model 
(NASA/NASADEM_HGT/001). Elevation, slope, and aspect were 
computed from the Digital Elevation Model (DEM) using standard geo
morphometric operators and summarized for each field polygon using 
combined mean–standard-deviation statistics at the native 30 m reso
lution. These summaries describe local relief, surface inclination, and 
landscape orientation at the field scale. Climatic conditions were char
acterized using long-term bioclimatic normals from the WorldClim v1 
BIO dataset (WORLDCLIM/V1/BIO), selected for consistency with 
established GEE implementations and because its 1 km resolution is 
sufficient for capturing regional climatic gradients relevant to SOM 
formation. Two variables, BIO1 (annual mean temperature, scaled by 
10) and BIO12 (yearly precipitation), were aggregated over each field 
boundary at a 1 km target resolution using the same summary statistics. 
Given their coarse spatial resolution relative to Sentinel-2 imagery, these 
variables related to the climate are not intended to resolve within-field 
variability. Instead, they serve as contextual covariates capturing 
regional climatic gradients and long-term constraints on SOM forma
tion. Because these layers represent multi-decadal climatic averages, the 
resulting descriptors are temporally invariant and remain constant 
across all Sentinel-2 acquisitions associated with a given field. Accord
ingly, topographic and climatic predictors were treated as static ancil
lary variables for regional-scale modelling, whereas the farm-scale 
analysis relied solely on spectral indices and categorical soil 
information.

2.3. Data Augmentation through Temporal Variation

To enrich the dataset and improve model generalization, temporal 
variability in satellite imagery was explicitly leveraged as a form of data 
augmentation. It was assumed that soil organic matter content remains 
relatively stable over short time periods, especially in mineral soils 
under consistent management [51,52]. This assumption enabled the use 
of multiple satellite images per field without requiring repeated field/
soil sampling. Each field was paired with several Sentinel-2 images, each 
providing a distinct snapshot of surface conditions. While the SOM label 
remained fixed within a given field, the satellite-derived features varied 
over time, effectively creating unique training instances. Importantly, 
this strategy does not imply temporal prediction of SOM change but 
rather exploits temporal diversity to better characterize the underlying 
soil signal. This strategy increased the size and diversity of the training 
dataset, capturing the variability introduced by changing surface states 
such as soil moisture, residue cover, and transient vegetation, thereby 
reducing overfitting risks and enhancing model robustness.

Table 1 
Soil-related Indices calculated from Sentinel-2 surface reflectance.

Index Name Formula/Equation Description

Brightness Index 
(BI)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
B22 + B32 + B42

3

√ Measures the brightness of soil using 
visible bands.

Coloration Index 
(CI)

B4 − B3
B4 + B3

Distinguishes soil coloration based on 
the contrast between red and green 
bands.

Organic Matter 
Index (OMI)

1
B32

Soil-sensitive index derived from the 
green band (B3), evaluated empirically 
for SOM prediction.

Redness Index 
(RI)

B42

B2 × B32
Highlights reddish soils, often linked to 
iron oxide content.

Soil Index (SI) B4 − B2
B4 + B2

Enhances soil detection by highlighting 
contrast between red and blue bands.

Table 2 
Vegetation-related Indices calculated from Sentinel-2 surface reflectance.

Index Name Formula Description

Normalized 
Difference 
Moisture Index 
(NDMI)

B8 − B11
B8 + B11

Reflects vegetation water 
content, utilizing near- 
infrared and short-wave 
infrared bands.

Normalized 
Difference 
Vegetation Index 
(NDVI)

B8 − B4
B8 + B4

Evaluates vegetation 
greenness and health by 
measuring the contrast 
between red and near- 
infrared bands.

Enhanced 
Vegetation Index 
(EVI)

2.5 ×

B8 − B4
B8 + 6 × B4 − 7.5 × B2 + 1

Reduces atmospheric effects 
and improves sensitivity to 
vegetation.

Soil-Adjusted 
Vegetation Index 
(SAVI)

B8 − B4
B8 + B4 + 0.5

× 1.5 Enhances vegetation 
detection in areas with 
significant bare soil.

H. Etezadi et al.                                                                                                                                                                                                                                 Smart Agricultural Technology 14 (2026) 102035 

4 



2.4. Informative Image Identification Using LASSO

To reduce dimensionality and identify the most informative pre
dictors, the modelling framework employed the Least Absolute 
Shrinkage and Selection Operator (LASSO) regression. LASSO is a linear 
regression method that introduces L1 regularization, which penalizes the 
absolute size of regression coefficients. As a result, it simultaneously 
performs variable selection and regularization by shrinking less impor
tant coefficients to exactly zero, thereby yielding a sparse model that 
retains only the most relevant features [53]. This property makes LASSO 
particularly suitable for high-dimensional datasets with multi
collinearity, a frequent condition in remote sensing where numerous 
correlated indices are available. In this study, LASSO was used to select 
the most influential spectral index from the satellite-derived feature set 
for predicting the target value, here, the SOM. By filtering out redundant 
or irrelevant variables, LASSO enhances both the efficiency and inter
pretability of the subsequent modelling stages.

The response variable, SOM content, was log-transformed using a 
base-10 logarithm before model training [54,55].This transformation 
was applied to reduce skewness, stabilize variance, and mitigate the 
impact of extreme values in the data. By bringing the distribution closer 
to normality, the log transformation also helped satisfy the assumptions 
of linear regression models such as LASSO and facilitated more stable 
coefficient estimation. Overall, the application of LASSO served two key 
purposes: (1) improving prediction accuracy by focusing on the most 
relevant features, and (2) increasing interpretability by simplifying the 
model structure. These advantages align with the broader goal of pre
cision soil mapping: developing data-efficient, transparent, and repro
ducible models. In this study, LASSO is not the final predictive model; it 
is used solely as a leak-free, linear screening tool to suppress multi
collinearity and reduce the candidate set of image-derived indices before 
training the non-linear learners (RF/LightGBM/CatBoost). L1-penaliza
tion yields sparse and reproducible subsets under group-aware cross-
validation, which simplifies downstream modeling and improves 
interpretability without imposing linearity on the final predictor. This 
design separates feature screening (linear, transparent, fast) from 
function learning (non-linear, flexible), thereby retaining the capacity to 
model complex soil-spectral relationships while keeping the pipeline 
auditable and reproducible. Wrapper-based feature selection methods 
directly coupled to non-linear learners (e.g., recursive feature elimina
tion with Random Forest) were intentionally not adopted. While 
potentially capable of capturing complex interactions, such approaches 
substantially increase computational cost, reduce reproducibility, and 
entangle feature selection with model-specific behavior. The adopted 
decoupled screening strategy therefore prioritizes stability, trans
parency, and scalability across modelling scenarios.

2.5. Integration of Cross-Validation in LASSO

To ensure reliable feature selection and prevent overfitting, cross- 
validation (CV) was incorporated into the LASSO regression process. 

The effectiveness of LASSO depends critically on the choice of the reg
ularization parameter α (alpha), which controls the strength of coeffi
cient penalization. Selecting an appropriate α balances model sparsity 
with predictive accuracy [56].

In this study, a five-fold group-based CV scheme was applied to 
identify the optimal α that minimized prediction error. Empirically, five- 
fold provides a strong compromise between variance and bias: they 
avoid the instability of leave-one-out CV while reducing the potential 
bias of fewer folds [57]. The dataset was partitioned into five equal 
subsets (folds defined by field groups); during each iteration, four folds 
were used for training and one for validation. The process was repeated 
five times so that each fold served as a validation set once, and the 
average error across folds provided a robust estimate of generalization 
performance under a grouped data structure. This grouped structure also 
prevents statistical pseudo-replication, since multiple temporal image 
records sharing the same SOM label are assigned to the same fold rather 
than being split across training and validation sets.

This integration of CV served three key purposes: 1) Hyperparameter 
tuning: it enabled the selection of an optimal regularization parameter 
that balances model complexity and predictive accuracy; 2) General
ization control: by evaluating performance across different data splits, it 
ensured that the selected features generalized well to unseen data; 3) 
Stability and robustness: averaging performance over folds reduced the 
variance in feature selection outcomes, especially in the presence of 
correlated predictors or noise. By embedding a group-aware CV directly 
into feature selection, the final set of spectral indices retained for 
downstream modelling was both parsimonious and robust to field-level 
dependence, providing a stable and reproducible basis for soil organic 
matter estimation.

2.6. Train–Test Structure and Prevention of Spatial and Temporal 
Leakage

To ensure unbiased evaluation and prevent spatial or temporal 
leakage, the dataset was partitioned into 80% training and 20% testing 
fields, based solely on FIELD_ID. All samples, soil zones, and image–field 
combinations associated with a given field were assigned entirely to 
either the training or test subset. This guarantees that: 1) no soil zone or 
polygon from a test field is ever observed during model development, 2) 
no temporal record from a test field contributes to image ranking or 
feature selection, and 3) all hyperparameter tuning and LASSO-based 
feature screening remain fully leak-free. All internal validation within 
the training set used GroupKFold cross-validation, with FIELD_ID as the 
grouping variable. This ensured that individual folds never share spatial 
information and that cross-validation reflects the model’s ability to 
generalize across independent fields rather than across repeated obser
vations of the same field. Within this structure, all model-building op
erations were performed exclusively on the training fields, including: 1) 
LASSO-based feature selection, 2) per-image OOF error profiling, 3) 
progressive image accumulation, 4) robust ΔR² filtering, and 5) Random 
Forest hyperparameter tuning.

Table 3 
Summary of topographic and climatic ancillary covariates used in the province-scale analysis.

Covariate 
Group

Variable Name Source Dataset Resolution Description Field-level 
Aggregation

Topography Elevation NASADEM HGT (NASA/ 
NASADEM_HGT/001)

30 m Represents terrain height and broad-scale relief Mean, Standard 
Deviation

Topography Slope Derived from NASADEM 30 m Indicates surface steepness and influences drainage and 
erosion

Mean, Standard 
Deviation

Topography Aspect Derived from NASADEM 30 m Describes landscape orientation and potential exposure 
effects

Mean, Standard 
Deviation

Climate BIO1 (Annual Mean 
Temperature)

WorldClim v1 – BIO 1 km Long-term average temperature (scaled by 10), influencing 
decomposition and SOM stabilization

Mean, Standard 
Deviation

Climate BIO12 (Annual 
Precipitation)

WorldClim v1 – BIO 1 km Long-term annual precipitation controlling moisture 
regime

Mean, Standard 
Deviation
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The held-out test fields were evaluated once, after all modelling steps 
were finalized, using the final model trained on the cleaned training 
subset. This strict separation preserves the integrity of the evaluation 
and ensures that no information from the test fields influences any in
termediate stage of the modelling pipeline.

2.7. Image-Based Feature Ranking

Building on the augmented Sentinel-2 dataset described earlier, this 
study introduces a modelling strategy that evaluates the predictive 
utility of individual satellite images for estimating a target variable. 
Each satellite image, previously linked to field-specific observations via 
multi-temporal augmentation, is treated as a distinct data source that 
captures unique spectral and surface conditions. The resulting image- 
field records, each corresponding to a specific field observed on a spe
cific date, serve as the analytical basis for model training and perfor
mance evaluation. This formulation allows the informativeness of each 
image to be assessed both independently and in combination with 
others.

Following feature selection using LASSO regression with integrated 
cross-validation, each image was independently evaluated using only 
the training subset of fields to prevent leakage. Specifically, a model was 
trained using only the records associated with a given image, and the 
root-mean-square error (RMSE) of the predictions was computed under 
a group-aware validation structure. Images were then ranked by average 
RMSE to determine their relative informativeness. The progressive 
modelling framework iteratively accumulated images according to this 
ranking. For each top-ranked image subset, a Random Forest model was 

trained on the corresponding training records. At the same time, the 
held-out test fields (defined earlier in the 80/20 split) were used for final 
performance evaluation. This strategy (1) quantifies the incremental 
contribution of each image to predictive accuracy, and (2) identifies a 
subset of temporally diverse and reliable satellite acquisitions that 
provide the strongest foundation for SOM prediction. By emphasizing 
the informativeness of images rather than their quantity, the method 
enables more efficient, targeted remote-sensing workflows, particularly 
in data-constrained agricultural systems.

2.8. Progressive Modelling Approaches

The impact of input data type on model performance was assessed 
via two approaches (Fig. 1). Both share a common framework in which 
satellite images are ranked by informativeness and models are trained 
progressively on larger subsets. The key difference is the inclusion or 
exclusion of soil categorical data, here, soil texture, in the feature set. 
Notably, the LASSO step serves exclusively as a linear screening tool for 
feature/image selection; the final reported accuracies derive from non- 
linear ensemble models trained on these features. This ensures com
plex non-linearities and interactions are captured during final model
ling, rather than being restricted by the linear selector. During 
progressive modelling, images were added sequentially in order of their 
ranking. At each iteration, models were trained only on the training 
fields, while the held-out test fields remained fixed.

2.8.1. Approach 1: Spectral Indices Only
This approach investigates how predictive accuracy improves as 

Fig. 1. Detailed flowchart of the method for predicting SOM (Farm Scale).
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more informative satellite images are incorporated into the training 
data. The analysis begins by selecting features via LASSO regression 
with cross-validation, yielding a subset of spectral indices with nonzero 
coefficients. These selected features are used in all iterations of model 
training. An iterative, scenario-based framework is employed. In the first 
scenario, only the top-ranked image (based on training RMSE) is used for 
training. In the second scenario, the top two images are combined. This 
continues incrementally until all ranked images are included. For each 
scenario: 1) the dataset is filtered to include only records corresponding 
to the selected images; 2) the model is trained using a Random Forest 
Regressor on the filtered training set; and 3) the test set remains fixed 
across all iterations, consisting of a set of fields withheld entirely from 
the training process.

The objective of this approach is to quantify the marginal value of 
each image and determine how the progressive inclusion of high-ranked 
satellite observations improves target value prediction. By systemati
cally prioritizing informative inputs, the method promotes efficient data 
use and enhances modelling outcomes in precision agriculture.

2.8.2. Approach 2: Integrating Soil Texture with Spectral Indices
In the second approach, spatially explicit categorical information, 

namely soil texture classes derived from legacy soil series maps, is 
incorporated alongside the satellite-derived spectral indices. This re
flects a more realistic scenario in which both remote sensing data and 
zone-based field characteristics are available for modelling. After one- 
hot encoding the soil texture variable, the expanded feature set (spec
tral indices + soil Indices) is subjected to LASSO regression with cross- 
validation. This process identifies a refined set of relevant features 
from both data sources. The same iterative training procedure is then 
applied: 1) in each scenario, progressively ranked images are added to 
the training set; 2) the selected features (including soil texture if 
retained by LASSO) are used for model fitting; and 3) a fixed test set of 
unseen fields is used for evaluation. This approach aims to determine 
whether incorporating soil-specific categorical information improves 
predictive performance relative to using spectral data alone. It also 
provides insight into the relative contributions of spatial context and 
surface reflectance in predicting SOM at the field scale.

2.9. Machine Learning Algorithms for Province-Scale Modelling

The modelling workflow followed a stepwise structure designed to 
distinguish local, within-field behaviour from broader province-scale 
drivers. The process progressed from farm-scale exploratory modelling 
to the construction of hierarchical province-scale scenarios, with each 
stage clarifying how different groups of covariates should be incorpo
rated into the overall framework. 

1. Farm-scale exploratory phase: The modelling process began with 
farm-level experiments whose purpose was to characterize the roles 
of bare-soil spectral reflectance and soil texture zones in explaining 
within-field spatial patterns of SOM. This stage was used to under
stand the information content of Sentinel-2 indices under controlled, 
limited spatial heterogeneity and to determine whether legacy soil 
map delineations should be explicitly represented in subsequent 
large-scale formulations.

2. Establishing the province-scale baseline (S1): To ensure that 
province-scale modelling incorporated mapped pedological struc
ture, the baseline scenario (S1) was defined as a combination of 
remote-sensing spectral indices and soil-texture categories. At this 
stage, RS-only formulations were not extended to the provincial 
context, as they had already served their exploratory role in the farm- 
scale phase of the workflow.

3. Progressive covariate enrichment (S2 and S3): Because SOM at 
regional scales is influenced by environmental gradients that extend 
beyond local soil units, two structured extensions were introduced to 
assess the contribution of additional covariate groups: 1) S2: 

incorporation of topographic descriptors (elevation, slope, aspect) to 
represent geomorphological variation across Québec; 2) S3: addition 
of climatic covariates (mean annual temperature and annual pre
cipitation) to account for broader biophysical controls operating at 
regional scales. In this scenario, climate covariates primarily act as 
regional stratification variables rather than local predictors, allowing 
the model to adjust baseline SOM expectations across climatic zones 
while finer-scale variability is governed by soil texture, topography, 
and spectral information.

4. Final hierarchical structure: This stepwise design resulted in three 
province-scale scenarios, S1 (RS indices + Soil indices), S2 (S1 +
Topography indices), and S3 (S2 + Climate indices), forming a hi
erarchical modelling framework for evaluating how different co
variate groups contribute to SOM prediction at progressively larger 
spatial scales.

Three tree-based ensemble models were evaluated at the province 
scale: Random Forest (RF), LightGBM, and CatBoost (Table 4). To ensure 
comparability and prevent overfitting with limited samples per image, 
all models were trained using compact, conservative hyperparameter 
grids. This design prioritizes generalization and stability over aggressive 
optimization, reflecting realistic operational constraints in large-scale 
soil modelling. The two boosting models were included to assess 
whether sequential error-correction and enhanced handling of hetero
geneous predictors could improve performance beyond that of bagging- 
based RF under province-wide conditions. However, boosting ap
proaches can be more sensitive to hyperparameter settings, class 
imbalance in categorical encodings, and noise, which may reduce 
robustness under conservative tuning and highly heterogeneous 
regional data. The motivation for including these methods was to 
examine whether more recent boosting approaches, designed for scal
ability and heterogeneous data, can effectively enhance soil property 
prediction performance at larger spatial scales. All three algorithms 
were embedded within the same modelling pipeline: 

1. Feature selection using LASSO regression with cross-validation to 
identify the most informative predictors from spectral indices and 
categorical soil variables.
2. Progressive image ranking was performed using OOF residuals 
from a group-aware Random Forest model trained with GroupKFold. 
Rather than training a separate model for each image, the code 
generated global OOF predictions and then computed RMSE per 
Image_ID by grouping residuals. Images were ranked from lowest to 

Table 4 
Key characteristics of LightGBM and CatBoost algorithms and their role in the 
present study.

Characteristic LightGBM CatBoost

Core principle Histogram-based gradient 
boosting with leaf-wise tree 
growth

Ordered boosting with 
categorical feature handling

Handling of large 
datasets

Highly efficient due to 
histogram binning and leaf- 
wise split selection

Efficient, but optimized for 
smaller to medium-sized 
heterogeneous data

Categorical 
variables

Requires explicit one-hot or 
label encoding

Native treatment of categorical 
variables (ordered statistics)

Regularization Supports L1/L2 
regularization and 
constraints on leaves

L2 regularization built-in; 
robust to overfitting with 
smaller datasets

Training speed Very fast on large, high- 
dimensional datasets

Slower than LightGBM but 
more stable with complex 
categorical interactions

Strengths Scalability; good 
performance with large- 
scale, high-dimensional RS 
data

Robustness; reduces target 
leakage; improved accuracy in 
heterogeneous data

Limitations May be sensitive to noisy 
categorical encodings

Longer training time; more 
computationally demanding
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highest OOF RMSE to form the initial ordering. The ranking pro
cedure was reproducible because the GroupKFold strategy is deter
ministic (no shuffling), and model stochasticity was controlled 
through fixed initialization parameters.
3. Group-aware data partitioning, with fields used as the grouping 
unit, to ensure spatial independence between training and testing 
subsets and to avoid information leakage.
4. Robust removal of detrimental images was implemented using a 
cumulative OOF-based evaluation. Images were progressively accu
mulated in ranked order, and for each cumulative set of top-k im
ages, a new OOF prediction was computed to obtain the cumulative 
performance measure R²(k). This progressive ΔR²-based filtering 
procedure was applied only at the province scale and was not part of 
the farm-scale workflow described in Fig. 1. The first-difference se
ries ΔR²(k) = R²(k) – R²(k− 1) was then calculated, and robust z- 
scores of these differences were derived using the median and me
dian absolute deviation (MAD). Unlike the earlier description, the 
robust filtering in the final code was applied to ΔR²(k) rather than to 
raw R² or RMSE values, making the detection directly sensitive to 
harmful performance drops. Images yielding Z < -2.5 were flagged 
and removed. The robust z-score was computed using the median 
and median absolute deviation (MAD), scaled by 1.4826 to approx
imate standard deviation. A cutoff of − 2.5 was selected as a con
servative outlier-detection threshold to identify substantial negative 
ΔR² deviations while avoiding excessive removal of marginally 
informative images. This ΔR²-based robust filtering step was used 
only at the province scale, where the larger and more heterogeneous 
image set required a formal detection rule. In the farm-scale case 
study, where fewer images were available and conditions were more 
homogeneous, a simple RMSE-based ranking was sufficient, and no 
ΔR²-based filtering was applied. The robust z-score was calculated 
as: 

Zi =
di − Median(d)

1.4826 × MAD(d)
(4) 

where di represents the successive difference in cumulative, Median(d) is 
the median of all differences, MAD(d) is the median absolute deviation, 
and the constant 1.4826 is used to make the scale consistent with the 
standard deviation under normality. 

5. Performance evaluation was implemented twice: first in log- 
transformed space (log10(SOM)), and second in the original SOM 
scale using Duan’s smearing factor. In the final pipeline, the smear
ing factor was computed from aggregated out-of-fold (OOF) residuals 
across all training folds for each progressive subset of clean images, 
and again for the final one-shot model trained on all cleaned images, 
ensuring unbiased and stable back-transformation. This adjustment 
allowed comparability across models and interpretability in the 
original units. For the farm-scale case, evaluation in log space alone 
was sufficient given the narrower SOM distribution. The smearing 
factor was defined using: 

Ŝ =
1
n

∑n

j=1
10εj (5) 

where n is the total number of training observations, εj is the residual for 
observation j in log-transformed space, defined as: 

εj = ylog,j − ŷOOF
log, j (6) 

where ylog,j is the observed SOM in log space and ŷOOF
log, j is its out-of-fold 

prediction. 10εj represents the back-transformed residual, converting 
the error from log space (base 10) back to the original scale.

Hyperparameter tuning was performed once per algorithm using 
group-aware cross-validation on the training set, with groups defined at 
the field level. The optimization was conducted under a fixed train/test 
partition and controlled model initialization to ensure reproducibility; 
no repeated multi-seed tuning was performed. For Random Forest, the 
tuning focused on tree depth and the number of estimators. For 
LightGBM, the search explored learning rate, number of leaves, 
maximum depth, and regularization terms. For CatBoost, tuning was 
performed on the number of boosting iterations, learning rate, tree 
depth, and L2 regularization. These compact yet representative grids 
ensured a fair comparison across algorithms without requiring repeated 
searches. For the final evaluation, models were trained on the cleaned 
image set and all training fields, then tested once on the held-out fields. 
Predictions in the original SOM scale were obtained using Duan’s 
smearing correction to back-transform log-space outputs. To isolate the 
contribution of ancillary soil information, models trained on spectral 
indices alone were directly compared with those trained on spectral 
indices combined with soil-texture classes.

Model evaluation was conducted at two complementary levels: the 
image level, assessing the predictive informativeness of individual sat
ellite acquisitions, and the field level, evaluating overall model accuracy 
for independent agricultural fields. This dual assessment enabled dif
ferentiation between temporal variability associated with image quality 
and spatial variability driven by soil and management differences. 
Following the comparative analysis of the three machine-learning al
gorithms, the best-performing model, which achieved the highest pre
dictive accuracy and stability across both evaluation levels, was selected 
for further enhancement. 

6. In the final stage, topographic (elevation, slope, aspect) and cli
matic (BIO1, BIO12) variables were incorporated into this optimal 
model to test whether integrating physically meaningful environ
mental predictors could improve its performance. These variables 
were chosen because terrain position governs soil moisture and 
organic-matter redistribution, while climatic gradients control tem
perature and precipitation regimes that influence organic-matter 
decomposition. By augmenting the best-performing algorithm with 
these complementary covariates, the framework sought to 
strengthen its predictive capacity and assess its generalizability 
under broader environmental conditions.

2.10. Model Evaluation and Comparison with Baseline

Model performance was assessed using two standard regression 
metrics: Root Mean Squared Error (RMSE) and Coefficient of Determi
nation (R²). RMSE quantifies the average magnitude of prediction error 
in the same scale as the response variable (log-transformed SOM), while 
R² reflects the proportion of variance explained by the model. To 
benchmark the results, a baseline model was implemented using field- 
level averaging. In this traditional method, a single SOM value is 
calculated for each field, typically as a composite or arithmetic average, 
and then assigned to all zones or sampling points within the field. This 
approach, while commonly used in agricultural practice, does not ac
count for intra-field variability or spatial differentiation among zones. 

RMSEbase =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=0
(
Log(SOM)point − Log(SOM)Field

)2

n
2

√

(7) 

where Log(SOM)point is the log-transformed SOM value measured at a 

sampling point within a given field, Log(SOM)Field is the average of the 
log-transformed SOM values across all sampling points in that field, and 
n is the number of samples collected within the field.

For completeness, the formula for R² was also used to quantify the 
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proportion of explained variance in both the baseline and the proposed 
models: 

R2 = 1 −

∑n
i=1(xi − x̂i)

2

∑n
i=1(xi − xi)

2 (8) 

where xi are observed log-transformed SOM values, x̂i are predicted 
values, and xi is the mean of the observed values.

The baseline serves as a reference point to assess whether the pro
posed model, which integrates satellite-derived indices and, optionally, 
soil zone information, offers meaningful improvements in predictive 
accuracy. By directly comparing both RMSE and R² values between the 
baseline and the modelling approaches, the analysis quantifies the 
added value of incorporating spatial and temporal information. This 
comparison enables a clear assessment of whether using remotely sensed 
data and feature selection strategies justifies the additional complexity 
introduced, especially in the context of site-specific soil management.

The farm-scale baseline provides a reference point to assess whether 
the proposed modelling approach captures meaningful within-field 
variation beyond a simple field-average estimate. At the province 
scale, no baseline averaging was used because the evaluation focuses on 
cross-field generalization, and assigning a single average SOM value to 
entire fields would not constitute a meaningful comparator. At the 
regional scale, however, constructing a single temporal composite from 
heterogeneous fields with asynchronous bare-soil exposure was 
considered inappropriate. A province-wide median composite would 
primarily encode broad spatial gradients rather than field-specific soil 
signals and therefore does not represent a meaningful baseline for the 
decision context of this study. By comparing RMSE and R² between the 
farm-scale baseline and the farm-scale modelling results, the analysis 
quantifies the added value of incorporating remotely sensed information 
and feature-selection strategies in site-specific soil management.

2.11. Study Site and Data Description

2.11.1. Farm-scale case study
The study was conducted at McGill University’s Macdonald Campus 

Farm, located in Sainte-Anne-de-Bellevue, Québec, Canada. The site 
encompasses 30 agricultural fields totalling 193 ha and exhibits a wide 
range of soil types, from deep organic to mineral soils, including clay, 
sand, and intermediate textures. A detailed soil survey conducted in 
1971, using the Canadian System of Soil Classification, documented 19 
distinct soil series across the landscape [58]. In 2020, a 1-hectare 
center-point grid sampling design was implemented, yielding 184 soil 
samples from the 0–15 cm depth interval. Each sample was collected as a 
composite of 5-10 cores collected within a 3 × 3 m area. All samples 
were georeferenced and subsequently assigned to both a field and a 
soil-type zone based on the legacy soil series map and analyzed in the 
laboratory for SOM using the loss-on-ignition method. This grid-based 
approach ensured systematic coverage of all fields and soil zones 
while maintaining a practical sampling effort consistent with standard 
agronomic monitoring practices. The SOM measurements were 
log-transformed to mitigate skewness and stabilize variance. These 
transformed values are used as the response variable. The SOM dataset 
exhibited substantial variability (Table 5). Soil type, derived from the 
legacy map, served as the primary categorical predictor in the modelling 
framework. No independent quantitative assessment of positional or 

thematic accuracy of the legacy soil maps was conducted in this study. 
However, soil information was aggregated within field boundaries and 
used as categorical contextual variables, thereby reducing sensitivity to 
pixel-level boundary uncertainty. At the farm scale, the availability of a 
detailed, field-verified soil survey provides relatively high confidence in 
zone delineation. This setting represents a best-case scenario for 
assessing the potential of zone-based categorical information to support 
SOM modelling.

To complement the ground-based measurements, a multi-temporal 
collection of Sentinel-2 Level-2A surface reflectance (S2_SR) images 
was obtained from Google Earth Engine (GEE) and covered the 
2019–2023 growing seasons. To ensure comparability across years, 
imagery was restricted to two consistent seasonal windows: April–June 
(spring, post-snowmelt bare-soil conditions) and September–December 
(post-harvest and residue-exposed periods) to maintain temporal con
sistency and maximize bare-soil detection. Images with less than 1% 
cloud cover were retained, and spectral indices were computed after 
applying snow and bare-soil masks as described. Image-derived features 
were spatially aggregated at the field level and paired with soil obser
vations to construct the farm-scale modelling dataset (Fig. 2).

2.11.2. Province-scale dataset
To extend the analysis beyond a single farm and evaluate scalability, 

a larger dataset was compiled for the province of Québec. A total of 1412 
soil samples were collected from 440 agricultural fields across the 
province during 2021-2022 (Fig. 3). Sampling points were georefer
enced using an iPad GPS to ensure accurate positioning. Each soil 
sample was obtained as a composite of 8–10 soil cores taken to a depth of 
17 cm (≈7 in.), thoroughly mixed in a bucket, and subsequently pro
cessed for laboratory analysis using the same loss-on-ignition (LOI) 
method applied in the farm-scale case study. For this province-wide 
dataset, a multi-temporal collection of Sentinel-2 Level-2A surface 
reflectance (S2_SR) imagery was acquired for the 2019–2023 growing 
seasons using the same Google Earth Engine (GEE) workflow, assuming 
short-term SOM stability over this multi-year window as justified in the 
Introduction [46]. As in the farm-scale analysis, imagery was restricted 
to the April–June and September–December windows to maximize 
bare-soil visibility and ensure temporal consistency across datasets. The 
same adaptive cloud, snow, and field-specific BSI filtering procedure 
described for the farm-scale workflow was consistently applied at the 
province scale. The same set of spectral indices used in the case study 
was computed to ensure comparability. Importantly, the farm-scale and 
province-scale datasets are both temporally and spatially independent, 
with no overlap in sampling locations or imagery coverage. Accordingly, 
results from the two analyses are interpreted separately, with the 
farm-scale case study exploring within-field behaviour under 
high-quality soil mapping, and the province-scale dataset used to eval
uate generalization and robustness under heterogeneous regional 
conditions.

3. Results and Discussion

The primary objective of this study is to evaluate the predictive 
capability of different data configurations and image-selection strate
gies, rather than to generate a final spatial prediction map. While spatial 
visualization can be valuable in applied mapping contexts, such maps 
are only meaningful when prediction uncertainty and spatial resolution 
are well aligned with the decision scale. The focus here is therefore on 
model performance, generalization, and robustness across scales. 
Accordingly, results are assessed using quantitative validation metrics 
rather than visual inspection of mapped outputs.

3.1. Farm-scale performance

The SOM data showed substantial variability across fields and among 
soil types, as summarized in the descriptive statistics (Table 5) and 

Table 5 
Summary statistics of SOM values (raw and log-transformed).

Statistic %SOM log(%SOM)

Minimum 1.40 0.14
Maximum 61.00 1.78
Mean 7.29 0.73
Median 4.60 0.66
Standard Deviation 8.45 0.27
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illustrated in the distribution plots (Figs. 4). To reduce skewness and stabilize variance, SOM values were log-transformed prior to analysis, 

Fig. 2. (a) Map of Canadian provinces showing southern Quebec, where the field survey was conducted; and (b) map of agricultural fields showing soil sampling 
locations and the dominant loamy sand and sandy loam soils from the 1971 soil survey.

Fig. 3. Map of soil sampling locations in Quebec illustrating soil organic matter dynamics, with values ranging from 0% to 57%.
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and the transformed values were used as the response variable. Soil type 
delineated from the legacy soil-series map served as the only categorical 
predictor in this phase.

A total of twelve cloud-free Sentinel-2 images produced 422 
augmented field–image records across all sampled fields. To establish a 
benchmark, a simple field-level averaging model was constructed in 
which all soil samples within a field were assigned a single mean SOM 
value. This baseline, although producing a low error (RMSE = 0.14 log 
(%SOM); R² = 0.74), is inherently limited because it assumes spatial 
homogeneity within fields and collapses all soil zones to a constant 
value. In contrast, the proposed RS+soil model operated at the zone 
level by integrating spectral indices with categorical soil-texture classes 
derived from the legacy soil series map. This model achieved RMSE =
0.16 log(%SOM) with R² = 0.83. While the RMSE was slightly higher 
than the baseline, an expected outcome due to increased prediction 
granularity, the large improvement in R² demonstrates substantially 
stronger explanatory power and accurate differentiation among soil 
zones within the same field. Models relying solely on spectral indices 
performed poorly (RMSE ≈ 0.35–0.37 log(%SOM); R² < 0.10). These 
results confirm that multi-temporal remote-sensing signals alone are 
insufficient for representing subsurface SOM variation, and that zone- 
level soil delineations provide essential structural information.

To interpret these results correctly, it is important to recognize that 
the baseline and hybrid models operate at different conceptual levels. 
The baseline is evaluated at the field level and minimizes error by 
design, whereas the hybrid RS+soil model is evaluated at the zone level 
and explicitly resolves within-field variability. As a result, RMSE alone is 
not a sufficient indicator of model usefulness in this setting. Instead, R² 
provides a more meaningful measure of explanatory capacity by quan
tifying how well the model captures relative variability among zones. 
From a precision agriculture perspective, the ability to discriminate 

spatial patterns within fields is more informative for management de
cisions than minimizing point-wise error through spatial averaging.

To further support the quantitative evaluation, spatial maps were 
produced to visualize the observed field-mean SOM, the model- 
predicted SOM, and the associated prediction uncertainty. The 
observed and predicted SOM maps (Fig. 5) demonstrate a strong spatial 
correspondence at the field scale, confirming that the RS+soil model 
successfully captures the dominant spatial patterns of SOM across the 
study area, including areas with relatively higher SOM content. In 
addition, uncertainty maps (Fig. 6), quantified as the interquartile range 
(IQR) and standard deviation (STD) of predictions derived from multi- 
temporal Sentinel-2 imagery, identify fields with higher prediction 
variability, indicating locations of reduced model confidence. Together, 
these visual diagnostics provide an essential spatial interpretation of 
model behaviour, illustrating not only agreement between observations 
and predictions but also the spatial reliability and temporal stability of 
predictions. Such spatially explicit assessment complements RMSE and 
R² metrics and reinforces the practical relevance of the proposed 
approach for precision agriculture decision-making.

3.2. Province-scale performance

3.2.1. Baseline performance (Remote sensing+ Soil indices, Scenario S1)
Province-scale modelling combined multi-year Sentinel-2 indices 

with soil-texture categories across 440 agricultural fields and 1412 SOM 
samples. Under Scenario S1, which included only spectral indices and 
soil-texture categories, Random Forest achieved moderate but stable 
performance. At the image level, the model obtained RMSE = 0.1135 log 
(%SOM) and R²_log = 0.131, while aggregation at the field level 
improved performance to RMSE = 0.1116 log(%SOM) and R²_log =
0.218 (Table 6).

Fig. 4. Boxplot of measured SOM (%) values by field ID.

Fig. 5. The observed and predicted SOM maps.
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These values are lower than those observed at the farm scale, which 
is expected given the substantial increase in spatial extent, pedological 
diversity, and management heterogeneity across Québec. At this 
broader scale, many sources of spectral variability (e.g., moisture, crop 
residue, roughness, and tillage timing) are only partially related to SOM, 
making optical reflectance a noisy and indirect proxy for subsurface 
carbon content. Random Forest consistently outperformed LightGBM 
and CatBoost under S1, particularly at the image level, suggesting that 
RF was more robust to heterogeneous image–field combinations and 
noisy spectral observations in this baseline configuration. This perfor
mance gap does not imply an inherent superiority of RF over boosting 
algorithms. Rather, it reflects the interaction between model structure, 
conservative hyperparameter tuning, and the nature of the input data. In 
this study, province-scale modelling involves heterogeneous fields, 
noisy categorical soil information, and relatively limited effective sam
ple sizes per image. Under these conditions, RF’s bagging-based aggre
gation appears less sensitive to local noise and misclassification, 
whereas boosting methods may amplify unstable patterns when 
aggressive regularization is intentionally avoided.

3.2.2. Province-scale progressive covariate enrichment (Scenarios S1 → S2 
→ S3)

Because Random Forest provided the strongest and most stable 
baseline, it was used to evaluate whether adding environmental cova
riates improves SOM predictability at large scale. Incorporating topo
graphic attributes (Scenario S2) produced a modest but systematic 
improvement over S1, increasing image-level R²_log from 0.131 → 0.137 
and field-level R²_log from 0.218 → 0.239 (Table 7). These improve
ments reflect the influence of slope and elevation on water redistribu
tion, drainage, and organic matter accumulation across Québec. The 
largest improvement occurred when both topography and climate were 
added (Scenario S3). Under this full configuration, Random Forest 

achieved: Image level: RMSE = 0.1029 log(%SOM), R²_log = 0.287, 
and Field level: RMSE = 0.1006 log(%SOM), R²_log = 0.364. This 
represents a ~9% reduction in RMSE log(%SOM) relative to S1 and 
more than a doubling of R²_log at the image level (0.131 → 0.287). At 
the field level, where noise is reduced through aggregation, the model 
reached R²_log = 0.364, the strongest performance observed in the 
study. This improvement reflects the ability of coarse-resolution climate 
variables to capture broad geographic clustering and regional environ
mental gradients, rather than an enhancement of within-field spatial 
detail.

Although the R² values are moderate, such reductions are expected 
when scaling from farm-level modelling to province-wide prediction, 
given increased spatial heterogeneity and unobserved drivers. In large- 
scale environmental modelling, RMSE and predictive stability across 
folds often provide a more meaningful indicator of practical reliability 
than variance explanation alone. When interpreted in this context, the 
observed error magnitude supports the framework’s applicability for 
field-level ranking and regional stratification. Achieving this level of 
explanatory power at the provincial scale, using only freely available 
remote-sensing data, legacy soil maps, and coarse environmental cova
riates, demonstrates the practical transferability of the framework under 
realistic data constraints. The performance gains observed in S3 further 
confirm that SOM variability at large scales is driven primarily by long- 
term ecological gradients rather than instantaneous surface reflectance. 
Climate and topography, therefore, provide essential complementary 
information that remote sensing alone cannot capture, making the 
improved accuracy under S3 a more realistic representation of 
landscape-level soil-forming processes. From a decision-support 
perspective, the framework is not intended to provide precise point es
timates of SOM. Rather, it supports relative differentiation among fields 

Fig. 6. Uncertainty maps.

Table 6 
Performance of the three algorithms under RS + Soil (S1) at the province scale.

Algorithm Level RMSE log(% 
SOM)

R² log(% 
SOM)

RMSE_linear R²_linear

Random 
Forest

Image 0.1135 0.131 1.245 0.11

Random 
Forest

Field 0.1116 0.218 1.287 0.211

LightGBM Image 0.1188 0.05 1.317 0.003
LightGBM Field 0.1116 0.217 1.293 0.203
CatBoost Image 0.1167 0.083 1.296 0.035
CatBoost Field 0.1145 0.176 1.333 0.153

Table 7 
Performance of the three scenarios using RF.

Scenario Level RMSE log 
(%SOM)

R² log(% 
SOM)

RMSE_linear R²_linear

S1: RS + Soil Image 0.1135 0.131 1.245 0.11
S1: RS + Soil Field 0.1116 0.218 1.287 0.211
S2 = S1 +

Topography
Image 0.1132 0.137 1.214 0.153

S2 = S1 +
Topography

Field 0.11 0.239 1.245 0.261

S3 = S2 +
Climate

Image 0.1029 0.287 1.133 0.262

S3 = S2 +
Climate

Field 0.1006 0.364 1.151 0.368
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and zones, which is sufficient for applications such as stratified man
agement, sampling prioritization, and regional-scale agronomic 
planning.

3.2.3. Cross-validation stability and error behaviour across scenarios
Beyond average accuracy metrics, model robustness and stability 

across cross-validation folds are critical for evaluating large-scale soil 
prediction frameworks. To assess the consistency of model performance 
under different covariate configurations, the distribution of cross- 
validation RMSE values across folds was compared for Scenarios S1, 
S2, and S3 (Fig. 7).

The boxplots reveal a clear reduction in both median RMSE and 
interquartile range as additional environmental covariates are incor
porated. Scenario S1 (spectral indices + soil texture) exhibits the largest 
spread, indicating higher sensitivity to fold composition and greater 
instability under heterogeneous conditions. Incorporating topographic 
variables in S2 reduces both central error and variability, while the full 
configuration (S3) shows the lowest RMSE values and the narrowest 
dispersion across folds.

This trend is further reinforced by the distribution of individual 
cross-validation realizations. The tighter clustering of individual fold 
RMSE values (grey points) in S3, compared with the more scattered 
pattern observed in S1, indicates improved stability and reduced sensi
tivity to fold-specific data composition. This progressive tightening of 
the RMSE distribution demonstrates that adding topographic and cli
matic information does not merely improve average predictive accuracy 
but also enhances model stability and generalization. In the context of 
province-scale modelling, where training data span diverse soil–climate 
regimes, this reduction in variance across folds is as important as gains 
in mean performance.

Complementary insight is provided by examining the distribution of 
prediction errors on the held-out test fields (Fig. 8). Kernel density es
timates of log-space prediction errors show that all scenarios are broadly 
centred around zero, indicating limited systematic bias after model 
calibration. However, a slight rightward shift in the error peaks is 
observed, suggesting a weak tendency toward overestimation of log- 
transformed SOM values. This slight positive bias is most pronounced 
in Scenario S1 and progressively diminishes as additional environmental 
covariates are included, reaching its minimum extent under Scenario S3.

In addition to biased behaviour, marked differences are observed in 
dispersion and tail behaviour. Scenario S1 displays the widest error 
distribution, with heavier tails reflecting sensitivity to image-specific 
noise and unmodelled environmental gradients. Scenario S2 shows a 
modest contraction of the error spread, whereas Scenario S3 exhibits the 
most concentrated distribution around zero, with reduced variance and 
fewer extreme errors.

Notably, the narrowing of the error distribution under S3 indicates 

that performance gains are not driven by a small subset of well-predicted 
fields, but rather by a global reduction in uncertainty across the test set. 
This behaviour confirms that the inclusion of climatic covariates pri
marily improves large-scale consistency rather than fine-scale point 
accuracy, aligning with the interpretation that climate acts as a regional 
stratification variable rather than a local predictor.

3.2.4. Progressive image accumulation: identifying the optimal number of 
clean images

Province-scale modelling relied on a ranked set of 78 “clean” 
Sentinel-2 images, identified using the LASSO-based, training-only 
screening procedure and the ΔR²-based robust filtering. Progressive 
modelling curves (Fig. 9) reveal a consistent pattern: 

1) When only a few images are used, the model is unstable because each 
acquisition reflects surface conditions.

2) Performance improves rapidly between approximately 10 and 25 
images, where temporal diversity becomes sufficient to smooth out 
transient moisture and residue effects.

3) Beyond about 45–55 images, the gains plateau and additional images 
contribute only marginal improvements.

4) The best performance in Scenario S3 is obtained with roughly 47 
images, near the onset of the plateau.

This behaviour indicates that SOM prediction is not driven by a 
single “optimal” image or narrow seasonal window. Inspection of the 
temporal distribution of these high-ranking images indicates that most 
were acquired during early spring and late autumn, when vegetation 
cover is minimal, and soil exposure is highest. Mid-summer acquisitions, 
typically dominated by dense vegetation, were rarely retained among 
the top-ranked images.

Rather than relying on any individual image, the model benefits from 
aggregating multiple clean acquisitions that collectively sample a wide 
range of surface states. Each image provides a partial, noisy view of the 
underlying soil condition, influenced by transient factors such as mois
ture, residue, roughness, and viewing geometry. By progressively 
combining images, the framework effectively suppresses these transient 
effects and reinforces the persistent soil signal associated with SOM. This 
result provides a mechanistic explanation for why single-date or narrow- 
window approaches often underperform in regional SOM mapping and 
highlights the importance of multi-temporal strategies for robust digital 
soil assessment.

3.2.5. Field-level prediction behaviour and sources of uncertainty
Field-level parity plots (Fig. 10) show that the Random Forest model 

under Scenario S3 reasonably captures the overall SOM gradient across 
fields but exhibits systematic, scale-dependent biases. High-SOM fields, 
often associated with organic-rich or poorly drained soils, tend to be 
underpredicted, whereas coarse-textured, low-SOM fields are mildly 
overpredicted. These patterns reflect both data limitations and intrinsic Fig. 7. Cross-validation stability across modelling scenarios.

Fig. 8. Distribution of prediction errors on the independent test set.
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ambiguities in large-scale soil prediction, rather than solely random 
model error. Several factors contribute to these patterns: 

1) Uncertainty in legacy soil maps. The province-level soil series map 
was not explicitly designed for quantitative SOM prediction. At this 
scale, soil unit boundaries are necessarily generalized, and positional 
mismatches between mapped polygons and sampling locations are 
more likely. Such misclassification introduces noise into the cate
gorical predictors and weakens the statistical link between soil 
classes and observed SOM. This effect represents a structural limi
tation of zone-based modelling approaches that rely on legacy soil 
information.

2) Spectral ambiguity under bare-soil conditions. Dark organic soils and 
moist mineral soils can produce similar reflectance signatures, 
especially in the visible and near-infrared bands. Even with SWIR- 
based indices and strict bare-soil masking, complete separation of 
organic matter effects from moisture and residue effects is not 
achievable, leading to uncertainty in residual prediction at the field 
level.

3) Missing management information. Tillage regime, crop rotation, 
residue management, and manure application history are not 
included in the covariate set. These management factors can sub
stantially affect SOM and surface conditions, but they are treated as 
unobserved sources of variability in the current framework.

Despite these limitations, the model preserves broad class separa
bility at the field level, enabling consistent differentiation among low-, 
medium-, and high-SOM fields. This level of relative ordering is suffi
cient for many decision-support workflows, including stratified soil 
sampling, prioritization of soil testing, and preliminary delineation of 
management zones, where ranking stability is more critical than mini
mizing absolute prediction error.

From an uncertainty perspective, the combination of group-aware 
cross-validation, out-of-fold residual analysis, and Duan’s smearing 
correction mitigates over-optimism in performance estimates and yields 
realistic error metrics in both log-transformed and original SOM units. 
Nevertheless, the current framework reports global summary statistics 
rather than spatially explicit uncertainty measures. Extending the 
approach to include prediction intervals or probabilistic outputs, such as 
quantile regression forests or ensemble-based variance estimates, rep
resents a logical next step toward risk-aware and operational soil man
agement applications.

3.2.6. Comparison with previous studies
The performance observed in this study is broadly consistent with, 

and in several respects complementary to, findings from previous SOM 
mapping efforts using multispectral and synthetic bare-soil imagery. At 
the farm scale, performance (R² = 0.83 at the zone level) falls within the 
upper range of values reported under high-quality soil delineations and 
controlled conditions. Studies using Sentinel-2 or Landsat-based indices 
together with detailed local covariates have typically reported strong 
within-field fits, especially when SOM variation is large, and sampling 
density is high [59–61]. In this context, recovering fine-scale variability 
using only a single legacy soil map, multi-temporal imagery, and a 
limited number of samples per field highlights the structural value of 
zone-level categorical information, rather than relying on dense sensing 
alone.

At regional scales, several authors have reported that multispectral 
SOM prediction rarely exceeds moderate explanatory power, particu
larly when models are calibrated across diverse soil types and land uses. 
Reported R² values for Sentinel-2–based SOM or SOC mapping at land
scape to regional scales often range from low (≈0.1) to moderate (≈0.4), 
depending on the richness of auxiliary data and the strength of moisture 
and residue artifacts [62–64]. In comparison, the province-scale results 
under Scenario S3 (R²_log = 0.287 at the image level and 0.364 at the 
field level) place this framework near the upper portion of that spec
trum, despite relying only on freely available imagery, a legacy soil map, 
and coarse topographic and climatic layers. This suggests that the 
combination of LASSO-based image ranking, robust image cleaning, and 
explicit integration of soil texture, topography, and climate is at least 
competitive with, and in some cases more efficient than, approaches 
based solely on synthetic bare-soil composites or single-date acquisi
tions. The fact that downstream Random Forest and boosting models 
consistently improved with LASSO-selected images suggests that the 
screening step did not suppress critical non-linear signal but rather 
removed redundant or noisy acquisitions that would otherwise degrade 

Fig. 9. Progressive image accumulation (Image Level Prediction).

Fig. 10. Predicted vs Measured SOM.
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model stability.
The relative advantage of Random Forest observed here is consistent 

with findings from other regional-scale soil and environmental studies, 
where RF often outperforms boosting models under noisy or weakly 
informative predictor sets. In such contexts, the variance-reduction 
mechanism of bagging can be more effective than sequential error 
correction, particularly when categorical predictors carry positional 
uncertainty, as is the case with legacy soil maps.

An additional contributor to the reduced explanatory power at the 
provincial scale is the variable quality of legacy soil maps. While such 
maps provide valuable categorical structure, they were not originally 
designed for quantitative digital soil modelling. Errors in boundary 
placement and thematic classification can attenuate model perfor
mance, particularly when predictions are evaluated at the field level. 
Rather than invalidating the approach, this limitation defines the 
operational envelope of zone-based frameworks: achievable accuracy is 
bounded by the fidelity of the underlying soil delineation.

Another distinction from prior work lies in the explicit quantification 
of image informativeness. Many studies implicitly assume that carefully 
chosen dates or seasonal windows are sufficient to obtain representative 
bare-soil conditions [65]. In contrast, the present framework treats each 
image as a candidate information source, ranks images based on 
out-of-fold performance, and discards those that demonstrably harm the 
model. This design directly links the quality of multi-temporal imagery 
to prediction accuracy and provides a transferable recipe for practi
tioners working with heterogeneous archives and limited ground truth.

4. Conclusion

This study developed a scalable and interpretable framework for 
predicting soil organic matter (SOM) by integrating multi-temporal 
Sentinel-2 imagery, legacy soil maps, and structured image ranking. 
At the farm scale, combining spectral indices with soil categorical in
formation resulted in strong predictive performance (RMSE = 0.16 log 
(%SOM), R² = 0.83), demonstrating that fine-scale SOM variability can 
be reliably recovered when local soil-type structure is explicitly incor
porated. At the province scale, model performance improved substan
tially once topographic and climatic covariates were added: under the 
full-feature configuration (Scenario S3), the Random Forest model 
achieved RMSE = 0.1029 log(%SOM) and R²_log = 0.287 at the image 
level, and RMSE = 0.1006 log(%SOM) and R²_log = 0.364 at the field 
level. Although an R² of approximately 0.36 at the field level is moderate 
in absolute terms, its value is best interpreted in a decision-oriented 
rather than purely statistical context. At regional scales, SOM vari
ability is influenced by partially unobserved drivers such as long-term 
management history, drainage modification, and manure application, 
as well as uncertainties in legacy soil delineations. These factors impose 
an upper bound on the achievable explanatory power when relying 
exclusively on open and spatially consistent covariates. Within this 
constraint, explaining roughly one-third of the variance remains infor
mative because many agronomic workflows rely on relative spatial 
differentiation, such as separating low-, medium-, and high-SOM fields 
for targeted sampling, amendment prioritization, or preliminary man
agement zone delineation, rather than on exact absolute SOM estimates. 
Importantly, the decoupled use of linear screening and non-linear pre
diction provides a transparent and computationally tractable pathway 
for large-scale SOM modelling.

In practical terms, the achieved accuracy is sufficient for decision- 
support tasks that rely on relative spatial differentiation, such as delin
eating management zones, prioritizing sampling locations, or guiding 
adaptive nutrient experiments, rather than for precise estimation of 
absolute SOM concentrations. Overall, the framework demonstrates 
both the potential and the conditional limitations of scalable SOM 
modelling, with its performance at broader scales constrained by the 
quality of available legacy soil delineations. It generalizes effectively 
beyond individual farms while remaining interpretable. Yet its 

explanatory capacity at broader scales is constrained by uncertainties in 
legacy soil maps, unobserved management practices, and residual 
environmental gradients.

By explicitly ranking and filtering multi-temporal satellite images, 
and by integrating soil texture, topography, and climate, the framework 
provides a transparent recipe for constructing SOM prediction models 
that are both data-efficient and operationally realistic. In this sense, it 
offers a bridge between local case studies and province-scale digital soil 
assessments built entirely on open data.

Future research should focus on three main directions. First, sys
tematic offset-based correction strategies could be introduced to reduce 
persistent bias after model fitting. Second, a residual-informed adaptive 
correction layer could be developed to dynamically model structured 
prediction errors using flexible learners. Third, extending the framework 
toward probabilistic mapping with spatially explicit uncertainty esti
mates and region-stratified modelling would enhance its robustness and 
usefulness for risk-aware decision-making. Collectively, these exten
sions would strengthen the framework as a practical foundation for 
multi-scale digital soil assessment across heterogeneous agricultural 
landscapes.
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