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Abstract

Forest soil organic carbon plays a vital role in the terrestrial carbon cycle. Accurately analyzing the spatial distribution of
soil organic carbon density (SOCD) is therefore necessary for sustainable forest management and climate change mitigation.
Previous studies explored the potential of random forest (RF) in modeling forest SOCD using various environmental data
sources. However, how forest SOCD prediction would be affected by using random forest regression kriging (RFRK), which
integrates the predictive power of RF in generating deterministic trends and the capability of the ordinary kriging (OK)
in handling spatial autocorrelation structure of residuals, based on the environmental data sources and their combinations
remains elusive and deserves further exploration. For this purpose, 104 soil samples were collected at a depth of 30 cm in
forest ecosystems of Central Vietnam, and 33 environmental covariates were derived from Sentinel-2 (S2) imagery, Advanced
Land Observing Satellite-2 Phased Array L-band Synthetic Aperture Radar-2 (AL2) imagery, digital elevation model (DEM),
and climatic data. Using a leave-one-out cross-validation procedure to evaluate and compare the model performances, four
metrics, including coefficient of determination (R?), mean absolute error (MAE), root mean square error (RMSE), and relative
improvement (RI), were calculated. The results showed that enhanced RFRK performance for forest SOCD estimation was
found with the inclusion of additional environmental data sources, with RFRK based on all data sources achieving a high
accuracy (R*=0.78, MAE=8.28 t-ha™', and RMSE =10.54 t-ha™"). The comparison of the RF and RFRK models exhibited
that additionally interpolated residuals by OK were more accurate than only considering the influences of predictor covariates.
The relative improvement of the RFRK models over the RF models in forest SOCD estimation was notable, with R/, ranging
from 8.20 to 65.00%, RI,, ; ranging from 8.18 to 21.07%, and RI s, ranging from 6.76 to 18.18%. The result from our case
study emphasizes the robustness of RFRK using S2, AL2, DEM, and climatic data in accurately predicting forest SOCD.
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Introduction

The rise in carbon emissions has resulted in a significant
focus on the worldwide terrestrial carbon cycle (Scharle-
mann et al. 2014; Zhao et al. 2021; Liu et al. 2022). Forest
P4 Viet Hoang Ho ecosystems contain two-thirds of terrestrial carbon, with the

paoe9ws1 @s.okayama-u.ac.jp soil responsible for the majority (Kumar et al. 2018, 2022).
The capacity of soils to retain organic carbon is a crucial
characteristic that impacts both soil quality and functional-
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forest SOC pools under human disturbance, with land-use
change emerging as a prominent driver (Don et al. 2011).
Most of this decrease occurred in tropical nations, contrib-
uting 30% to the global carbon sink (Ameray et al. 2021;
Satdichanh et al. 2023). Therefore, it is crucial to accurately
analyze the soil organic carbon density (SOCD), particularly
in tropical forests, to conduct spatially explicit assessments,
which would aid in preserving soil quality and devising
strategies for climate change mitigation (Vagen and Win-
owiecki 2013; Zhou et al. 2020a).

Digital soil mapping (DSM) approaches have growingly
emphasized mapping SOCD in the last decade due to their
efficiency and convenience for accurately predicting soil
properties over unsampled locations (Keskin et al. 2019;
Emadi et al. 2020). DSM characterizes the spatial variation
of SOCD by establishing the quantitative relationships
between soil observations and georeferenced information
(McBratney et al. 2003). Numerous machine learning (ML)
algorithms have been extensively applied to capture these
relationships, including Random forest (RF), Boosted
Regression Tree, Support Vector Regression, Bagged CART,
Extreme Gradient Boosting, and Artificial Neural Networks
(Guan et al. 2019; Wang et al. 2020a; Odebiri et al. 2020;
Zhou et al. 2020b; Emadi et al. 2020; Shafizadeh-Moghadam
et al. 2022). Among these algorithms, RF has consistently
demonstrated exceptional performance in predicting SOCD
in most studies due to its robust resistance to over-fitting
and insensitivity to noise in data (Camera et al. 2017,
Lamichhane et al. 2019; Mahmoudzadeh et al. 2020).
However, a major drawback of this tree-based ML algorithm
is that it only accounts for the relationship between SOCD
and predictor covariates while ignoring the influences of
nearby observed data, known as spatial autocorrelation,
which can lead to suboptimal prediction of the spatial
distribution of SOCD (Guo et al. 2015). Meanwhile, soil
attributes, including organic carbon content, often exhibit
strong spatial autocorrelation structure due to the combined
effects of climate (e.g. temperature and precipitation),
topography (e.g. elevation, aspect, and slope), biotic
activities (e.g. organisms), and parent material (e.g. original
minerals) interacting over time (Cambardella et al. 1994).
To overcome this shortcoming, random forest regression
kriging (RFRK), a hybrid approach of RF and kriging
technique, is proposed for SOCD modeling in this study.
This method involves interpolating the spatially correlated
component of RF residuals by using ordinary kriging (OK)
and then adding the kriged residuals to the deterministic
trend component generated by RF, boosting the prediction
accuracy with lower error (Pouladi et al. 2019). Veronesi and
Schillaci (2019) pointed out that there is no ‘one-size-fits-
all algorithm’ for estimating SOCD across all landscapes.
Accordingly, although it demonstrated outperformance over
RF in predicting the spatial distribution of soil properties
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in agro-ecosystems (Guo et al. 2015; Tziachris et al.
2019; Matinfar et al. 2021), RFRK still needs to be further
explored in forest ecosystems.

In the DSM system, a wide range of environmental
covariates rooted in the SCORPAN framework (including
soil, climate, organisms, relief, parent material, age,
and space) were proposed to enhance the performance
of predictive models for estimating SOCD (Zhou et al.
2022; Xia et al. 2022). These environmental variables can
be retrieved from various available data sources, such as
remote sensing (RS) data, digital elevation model (DEM),
and climatic data (Lamichhane et al. 2019; Zhou et al.
2020a). Numerous RS sources have been applied for forest
SOCD prediction, each with certain advantages over the
others (Radocaj et al. 2024). Optical multispectral (MSI)
sensors are the most commonly used (Zhou et al. 2022).
Nevertheless, they often experience information loss due
to sensor failures and unfavorable weather conditions,
especially in tropical regions with frequent cloud cover and
rainfall (Wang et al. 2020c; Li et al. 2022). Among MSI
imageries, Sentinel-2, Landsat, and MODIS are the most
popular in forest SOCD prediction (Kumar et al. 2018,
2022; Zhou et al. 2019; Wang et al. 2020a, b; Odebiri
et al. 2020; Suleymanov et al. 2023). Compared to MSI
sensors, Synthetic Aperture Radar (SAR) sensors offer the
advantages of all-day and all-weather monitoring, as well
as the ability to penetrate vegetation canopies (Balzter
2001; Lausch et al. 2019; Wu et al. 2020; Zhang et al.
2020; Zhou et al. 2020a). However, its full potential for
application in DSM has not been extensively studied due
to its complexity, diversity, and limited accessibility (Zribi
et al. 2019). Several studies have investigated the capability
of SAR sensors to map SOCD in forest regions, among
which the most commonly used are C-band from Sentinel-1
and L-band from Advanced Land Observing Satellite Phased
Array L-band SAR (ALOS PALSAR) (Ceddia et al. 2017;
Sothe et al. 2022; Zhou et al. 2022; Shafizadeh-Moghadam
et al. 2022; Vatandaglar and Abdikan 2022). Combining
MSI and SAR data is a feasible approach to increase the
accuracy of SOCD prediction in the forests (Zhou et al.
2022). Previous studies have explored the MSI-SAR
fusion of different satellite datasets, such as Sentinel-1 and
Sentinel-2 data, Landsat and ALOS PALSAR data, Landsat
and Sentinel-1 data, and the combination of Landsat,
MODIS, Sentinel-1 and ALOS PALSAR data, and suggested
superior performances for estimating forest SOCD than a
standalone source (Ceddia et al. 2017; Zhou et al. 2020a,
b; Sothe et al. 2022; Shafizadeh-Moghadam et al. 2022).
The fusion of Sentinel-2 and ALOS PALSAR data offers
new opportunities for predicting the spatial distribution
of SOC content, as these sensors possess significant
advantages. Specifically, Sentinel-2 imagery features three
red-edge bands and a higher spatial resolution compared
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to Landsat imagery, while ALOS PALSAR imagery has
the capability to penetrate deeper into vegetation canopies
and soil compared to Sentinel-1 imagery (Ceddia et al.
2017; Zribi et al. 2019; Jha et al. 2021; Sothe et al. 2022).
However, the fusion of Sentinel-2 and ALOS PALSAR
data for forest SOCD estimation is still limited and rarely
reported in the literature. Apart from RS data, topographic
and climatic indices are also helpful in determining the
variation in SOCD at regional scales (Zhou et al. 2019,
2020b; Shafizadeh-Moghadam et al. 2022). According
to Lamichhane et al. (2019), due to the local variations
in SOC dynamics, the relationships of environmental
covariates to SOC levels depend upon the environmental
conditions of the area under concern. Additionally, the
selection of environmental covariates significantly impacts
the performance of predictive models in estimating
SOCD (Zhou et al. 2020b; Shafizadeh-Moghadam et al.
2022). Thus, how environmental covariates derived from
Sentinel-2 imagery, ALOS PALSAR imagery, topographic
data, and climatic data, as well as their combinations, affect
the prediction accuracy of RFRK for predicting SOCD in
forested areas deserves further assessment.

The main purposes of this study are to: (1) investigate the
impact of environmental variables derived from different
data sources, including Sentinel-2 (S2), Advanced Land
Observing Satellite-2 Phased Array L-band SAR-2 (AL2),
topographic data (T), and climatic data (C), as well as their
combination on the performance of RFRK; (2) examine
to what extent RFRK can improve prediction accuracy

Fig. 1 The location of the study 107°51'00"E

compared to RF for estimating SOCD in Central Vietnamese
forests.

Materials and methods
Study area

The study area is located in Danang city, Central
Vietnam (107.81°-108.34°E, 15.92°-16.22°N), covering
approximately 960 km? (Fig. 1). The city consists of two
primary topographic settings: mountains and plains. More
than 50% of the city’s territory is occupied by mountainous
regions along the northern and western boundaries, and the
coastal lowlands are characterized mainly by flat terrain in
the city’s southern and eastern areas, with altitudes varying
between 0 and 1661 m.

Danang has a tropical monsoon climate, with an
annual average temperature of 25 °C and annual average
precipitation of 2134 mm, characterized by distinct rainy
and dry seasons. The rainy season, with heavy rains and
occasional typhoons, typically occurs from August to
December, while the remainder of the year is the dry season,
with hot and humid weather (Hoang Khanh Linh and Van
Chuong 2015). Since Danang lies in a tropical rainforest
zone, the forest ecosystems are dominated by evergreen
broadleaf vegetation (Huy et al. 2016). The primary soil
types found in the forested areas of the study site are Ferralic
Acrisols (54.86%), Arenic Acrisols (34.11%), and Humic
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Acrisols (6.13%) (National Institute of Agricultural Planning
and Projection of Vietnam 2005).

In situ data and laboratory analysis

Soil samples were collected from 104 sampling locations
(Fig. 2a) between 13th July and 21st September 2023.
The sampling locations in the forest landscapes were
determined using a systematic unaligned sampling design,
where a sampling point was randomly chosen within each
2.5x%2.5 km grid. However, due to accessibility limitations,
some locations could not be reached, so the farthest
accessible ones to these locations were replaced. At each
location, soil samples were collected at three different depths
(0-10 cm, 10-20 cm, and 20-30 cm) using soil probes and
cores, labeled, and brought to the laboratory for SOCD
measurements, following a standard protocol of Pearson
et al. (2007). In the laboratory, the samples from soil probes
were air-dried and sieved through a 2-mm sieve before
being put in a CN-corder machine to measure their carbon
concentration. Meanwhile, the samples in soil cores, which
were used to determine the bulk density, were subjected
to oven-drying at a temperature of 105 °C for 48 h and
sieved using a 2-mm sieve to separate into coarse fragments
(>2 mm) and fine fractions (<2 mm). The bulk density was
estimated as follows:
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Fig.2 LULC map and sampling locations (a), and boxplots of sam-
ple SOCD at different soil depths (b) with colors ranging from light
brown to dark brown illustrating increasing mean values of SOCD
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where BD is bulk density of fine fractions (g.cm_3), ODW is
oven-dry mass of fine fractions (g), CV is core volume (cm?®),
Rf is mass of coarse fragments (g), and Pd is density of rock
fragments (given as 2.65 g.cm™).

The SOCD content of soil samples was measured by:

SOCD(t/ha) = BD X D x %C )

where D is the soil depth at which the sample was taken
(cm), and %C is carbon concentration (%).

The SOCD data at a soil depth of 0-30 cm were
calculated by summing the SOCD values from three sampled
soil depths and were then used for SOCD modeling.

Environmental data
Remote sensing data

S2 MSI instrument, launched by the European Space
Agency (ESA), has 13 spectral bands (spanning from the
visible and the near-infrared to the short-wave infrared)
with high spatial resolution and a frequent revisit of 05
days (Drusch et al. 2012). In this study, we downloaded
S2 images with less than 10% cloud cover from the https://
dataspace.copernicus.euwebsite. AL2 instrument, devel-
oped by the Japan Aerospace Exploration Agency (JAXA),
offers four possible polarizations (HH, HV, VH, VV) with
a 14-day revisit time and various resolutions depending on
observation modes (Truong et al. 2019; Yang et al. 2021).
AL2 fine beam dual—polarized (HV, HH) mode level 2.1
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Table 1 Detailed information on the acquired RS data

No RS data Number of Acquisition date (yy/mm/dd) Processing level Spatial
images resolution/pixel
spacing (m)
AL2 02 23/06/04 Level 2.1 6.25
2 S2 09 23/05/07, 23/05/22, 23/06/01, 23/06/21, 23/07/06, Level 1C 10-20

23/07/11, 23/07/21, 23/08/08, and 23/08/15

Data preprocessing and predictors extraction In situ data
ALOS-2 PALSAR-2 Sentinel-2 MSI
level 2.1 data level 1C data SRT;\;)[ DEM WO']'llg'Ehm SOCD field data
6. 25m ]0m LU
Preprocessmg: Preprocessmg: Preprocessmg:
- Speckle filtering; - Atmospheric correction; - Reprojection; LOOCYV
- Resampling to 10 my| | - Cloud detecting and removing; - Resampling to 10 m
- Conversion to dB; - Mosaicking;
- Mosaicking. - Resampling to 10 m;
- Band filtering. Training Test
' ' ' dataset dataset
(" q
SAR polarizations Spectra‘l ba'nd§ and T(?pograp h'.c and
vegetation indices L climate variables

Statistics analysis: .| Random forest
- Pearson correlation; (RF)
- Predictor variables selection. 1

]

Accuaracy assessments
and comparisons

OCD maps from
five RF models

Data Groups:
[ (1). Sentinel-2 )[2) ALOS-2 PALSAR- 2)(3) Sentinel-2 + ALOS-2 PALSAR- 2)

[(4), Topographic and climate variables J(S) Sentinel-2 + ALOS-2 PALSAR: ]
s

Residuals from
five RF models
1

+ Topographic and climate variable

Statistics and machine learning

. Results
S !
:3 Ordinary kriging Accuarac
=|[ - Exponential model; assessmen);s || Residuals ive SOCD Accuaracy Five SOCD
‘E - Gaussian model; d A interpolations esiduals maps assessmel{ts maps based
S| |- Spherical model. and comparisons and comparisons on RFRK
&)
s Auxiliary data
. Legend:
E Method LULC Forest land
: map cover
Fig.3 Flow chart of predicting forest SOCD using RFRK and multi-source environmental data
CEOS format data was obtained from the https://www. The research procedures for preprocessing and using
eorc.jaxa.jpwebsite. The details of RS data are shown in  the RS data are displayed in Fig. 3. In our study, RS data
Table 1. was preprocessed using the ESA SNAP toolbox. The AL2
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Table 2 Variable information

Types Variables  Descriptions References
SAR polarizations HH Horizontal/horizontal intensity data
HV Horizontal/vertical intensity data
HH-HV Difference between HH and HV
HH/HV Ratio between HH and HV
Spectral bands B2 Blue, 490 nm
B3 Green, 560 nm
B4 Red, 665 nm
BS Red edge, 705 nm
B6 Red edge, 749 nm
B7 Red edge, 783 nm
B8 Near-infrared, 842 nm
BSA Near-infrared, 865 nm
Bl11 Short wave infrared, 1610 nm
B12 Short wave infrared, 2190 nm
Vegetation indices NDVI Normalized difference vegetation index, (B8 — B4)/(B8 + B4) Tucker (1979)
GNDVI Green Normalized Difference Vegetation Index, B7 — B3/B7 + B3 Gitelson and Merzlyak (1998)
DVI Difference Vegetation Index, B8 — B4 Richardsons and Wiegand (1977)
SAVI Soil Adjusted Vegetation Index,(1 + 0.725) X B8 — B4/B8 + B4 +0.725  Huete (1988)
MSAVI Modified Soil Adjusted Vegetation Index, (1 + L)(B8 — B4)/B8 + B4+ L  Qietal. (1994)
Where: L=1-2 X s x NDVI x WDVI and s is the soil line slope
EVI Enhance Vegetation Index, 2.5 x B8 — B4/(B8 + 6 X B4 —7.5x B2+ 1) Matsushita et al. (2007)
TVI Transformed Vegetation Index, \/W +0.5 Nellis and Briggs (1992)
Topography ELEV Elevation
ASPECT  Aspect
SLOPE Slope
LSF Slope steepness factor
MBI Mass Balance Index
CNBL Channel Network Base Level
PC Plan curvature
TRI Terrain Ruggedness Index
TWI Topographic Wetness Index
VD Valley depth
Climate MAP Mean annual precipitation
MAT Mean annual temperature

scenes were preprocessed in several steps, including a
Lee speckle filter with a 3 X 3-pixel kernel, resampling
to a pixel spacing of 10 m, and conversion to normalized
radar backscattering coefficients (y ) as shown in Egs. 3
and 4 before mosaicked together.

¢ % =10.log,(DN)* + CF 3)
0
0 _ [0}
re= cosg @
where ¢  is sigma-nought backscattering coefficients in

decibels (dB), DN is digital numbers, ¢ is the incidence
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angle, and CF is the calibration factor. For AL2 imageries,
the CF is -83.0 dB (Shimada et al. 2009).

Considering cloud cover, a cloud-free mosaic was
created using the S2 time series. The S2 level 1 C
orthorectified images were processed into orthoimage
bottom-of-atmosphere corrected reflectance level 2 A
products and clouds removed using the Sen2Cor plug-in
and the Idepix-assembly plug-in in the SNAP toolbox.
These images were then mosaicked, resampled to a 10 m
spatial resolution, and processed using a 3 X 3-pixel mean
filter to reduce band noise.

Twenty-one environmental variables were derived from
RS data, including four from AL2 and seventeen from the
S2 mosaic, as shown in Table 2. These variables were
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reported to be strongly correlated with forest SOCD in
previous studies (Wang et al. 2020a, 2020c; Odebiri et al.
2020; Zhou et al. 2020a; Abbaszad et al. 2024).

Topographic and climatic variables

Topography and climate are among the most commonly
used predictor variables for SOCD prediction (Luo et al.
2017; Ayele et al. 2019; Odebiri et al. 2020). Shuttle
Radar Topography Mission (SRTM) DEM at a resolution
of 30 m, downloaded from Google Earth Engine (https://
code.earthengine.google.com), used to calculate
topographic indices in the SAGA-GIS software platform.
In addition, mean annual precipitation (MAP) and mean
annual temperature (MAT) data with a spatial resolution
of 1 km, downloaded from the Worldclim website (https://
www.worldclim.org), were used as climatic variables
in this study. WorldClim provides interpolated climate
data for global land areas, developed using thin-plate
splines to interpolate weather station data, with a detailed
methodology described by Fick and Hijmans (2017). All
topographic and climatic variables, as shown in Table 2,
were resampled to 10 m resolution.

Auxiliary data

In addition to the above data, a 2023 land use/land cover
(LULC) map of Danang city was used as auxiliary data.
This LULC map, created based on simple non-iterative
clustering segmentation, the interpretation of time series
Sentinel-1 and S2 images, and kernel-principal component
analysis supporting the RF classifier, classified the study
area into six LULC types: forest land, cropland, grassland,
wetlands, settlements, and other land (bare soil and all land
areas that do not fall into any of the other five categories) as
the guideline of Intergovernmental Panel on Climate Change
(IPCC 2006). The LULC classification was considered
acceptable if it met the following criteria: a Kappa statistic
(K) greater than 0.80 and an overall accuracy (OA)
exceeding 85% (Nyamekye et al. 2021).

Statistical analysis

A Pearson’s product-moment correlation analysis was
performed to ascertain the relationship between field-
based SOCD and environmental indices. The role of the
Pearson correlation coefficient (r) has been demonstrated
in the context of noise reduction (Benesty et al. 2008). The
strength of the correlation is identified based on r values,
where r values of 0.00-0.29 indicate little to no correlation,
0.30-0.49 indicate low correlation, 0.50-0.69 indicate

moderate correlation, 0.70-0.89 indicate high correlation
and 0.90-1.00 indicate very high correlation (Asuero
et al. 2006). Environmental variables that did not show a
significant correlation with observed SOCD (p-value > 0.05)
were excluded from the modeling process. Correlation
analysis results were also used to determine the collinearity
among each data source. Predictor covariates from the
same source with r values greater than 0.8 were considered
collinearity and eliminated from predictor covariates of the
modeling (Xu et al. 2018). Besides, the differences in SOCD
between soil depths (0—10 cm, 10-20 cm, 20-30 cm, and
0-30 cm) were examined by ANOVA using Tukey’s test for
multiple pairwise comparisons.

Modeling techniques
Random forest

RF is a popular ensemble learning technique using tree-
based models for classification and regression tasks
(Breiman 2001). The model training process involves
generating numerous decision trees from the training
dataset using bootstrap samples (Zhou et al. 2020b). For
RF implementation, the training parameters that should be
taken into consideration include (1) the number of trees to
grow in the forest (n_estimator), (2) the maximal number
of randomly selected predictor variables at each node
(max_feature), and (3) the minimal number of samples
at leaf nodes (min_sample_leaft) (Forkuor et al. 2017).
These were set to 100, 1 (indicating “max_features” is
the number of training features), and 1, respectively, as
defaults in the Scikit-learn package. The training data not
included in the bootstrap samples, also known as out-of-bag
(OOB) samples, can be used for validation by comparing
it to the model outputs and calculating the corresponding
relative errors (Camera et al. 2017). An additional feature
of RF is the capacity to assess the relative importance of
the variables. In this study, Gini importance, known as the
impurity importance and computed by the mean impurity
decrease measures of all nodes in the forest (Nembrini et al.
2018), was used to identify the variable importance.

Random forest regression kriging

RFRK is a hybrid technique that integrates the prediction
of RF for the deterministic trend of the response variable
and the interpolation of the OK technique for residuals.
The execution included three sequential stages. Firstly,
based on the relationships between the observed SOCD and
the environmental variables, RF was used to estimate the
predicted SOCD values (SOCDyg). Secondly, the residuals
(RES) obtained by RF were interpolated using OK. Thirdly,
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SOCD prediction by RFRK (SOCDyrx) Was calculated by
adding the values of SOCDy and RES.

SOCDpgpri = SOCDyy: + RES (5)

In OK, the weights were estimated using the
semivariogram model, and the values of the response
variable at unsampled locations were determined using Eq. 6
(Kravchenko and Bullock 1999). The assumption regarding
the distribution of data, namely normality and stationarity,
needs to be satisfied to utilize the OK method (Meul and
Van Meirvenne 2003). In this study, we confirmed the
normality by using the Kolmogorov-Smirnov (K-S) test
(p-value >0.05) and the stationarity by utilizing the intrinsic
hypothesis (Webster and Oliver 2007).

Z,ox(%0) = Z A iZ (%) (6)
i=1

where Z, o (%) is the interpolated residual value of SOCD,

A is the weight at location x;, Z,(x;) is the SOCD residual
at location x;, and n is the number of sample points used for
interpolation.

The semivariograms were modeled in the Gstat
package in the R-Studio software environment, employing
exponential, Gaussian, and spherical functions. These
models are characterized by three primary parameters:
(1) range, which presents the distance beyond which little
or no spatial autocorrelation occurs; (2) sill, which is the
semivariance value where the spatial distance between two
locations reaches the range; and (3) nugget, which reflects
the small-scale variability of the data (Hohn 1991). Positive
sill values indicate measurable spatial variability influenced
by substrate effects and sampling errors (Yao et al. 2019).
Nugget values reflect the degree of spatial randomness
caused by sampling error, and undetectable and inherent
variability (Brownstein et al. 2012; Yao et al. 2019). The
nugget-to-sill value (N/S), which defines the proportion of
short-range variability that geostatistics cannot describe
based on a variogram, has been used to quantify the strength
of spatial autocorrelation structure (Zhu and Lin 2010). N/S
values of <0.25, 0.25-0.75, and > 0.75 represent a strong,
moderate, and weak spatial autocorrelation, respectively
(Cambardella et al. 1994).

Model performance evaluation

The performances of the RF, OK, and RFRK models were
evaluated using the leave-one-out cross-validation (LOOCV)
procedure. This method entails partitioning the dataset into
training and validation sets, where during each iteration, one
data point is eliminated and used as the validation set, while
the remaining data points are employed as the training set
(Yue et al. 2018). Three distinct metrics were selected to
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compare the performance of the models: the mean absolute
error (MAE), the root-mean-square error (RMSE), and the
coefficient of determination (R%). A model is considered
superior performance if the values of MAE and RMSE are
lower while the value of R? is greater (John et al. 2020).

1 ¥ A
MAE—;Z{Iyi—y,-I 7
LS G-
RMSE =17, 2, 0:=3) ®)
e ;
= ©

2?:1 (yi_ §>2

where 7 is the number of observed values, y, is the observed
SOCD value for observation i, ¥, is the predicted SOCD
value for observation i, and Y is the mean of the observed
SOCD values.

Additionally, the relative improvement (RI) indices were
used to evaluate the performance gain of RFRK compared
to RF (Mishra et al. 2010).

MAE g, — MAE gppix

Rlyp = VAR x 100 (10)
RF
RMSE . — RMSE
Rlgyse = I;?MSE RERK % 100 (11)
RF
R? - R
RIp = —E-—XL x 100 (12)
R RF

where Rl g, RIpysr, and RI pare the relative improvement

values of MAE, RMSE, and R?, respectively. A positive
RI indicates that RFRK has shown improvement over
RF, whereas a negative Rl indicates the opposite. In
addition, higher values of the R/ suggest more substantial
enhancements.

Results

Land Cover Mapping and descriptive statistics
of SOCD

A total of 427 global positioning system (GPS) points, rep-
resenting the ground truth for LULC classification, were col-
lected from July to September 2023. The dataset was divided
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Table 3 Summary of classification accuracies

LULC type Producer  User accuracy Kappa Overall
accuracy (%) statistics accuracy
(%) (%)

Forestland ~ 97.50 95.12 0.88 91.86

Cropland 70.00 77.78

Grassland ~ 100.00 100.00

Wetlands 100.00 100.00

Settlements  92.31 100.00

Other land ~ 86.67 81.25

into 80% (341 observations) for calibrating the RF classifier
and 20% (86 observations) for validating the model.

Table 3 shows that the RF classifier achieved a large K
value of 0.88 and a high OA value of 91.86% for LULC
classification. K value was above 0.80, showing a strong
level of agreement with classification accuracy, and the OA
value was higher than the accepted OA threshold of 85.00%
for LULC classification. Furthermore, all classes exhibited a
high level of accuracy in terms of both the producer’s and
user’s accuracy, surpassing 70.00% and 77.78%, respectively.
Therefore, the LULC map of the study site in Fig. 2a was
deemed suitable for further processing.

The boxplots of SOCD at different soil depths are also
shown in Fig. 2b. The ANOVA (p-value <0.05) and Turkey
test results revealed a difference in SOCD among soil depths.
The soil layer of 0—10 cm had the greatest figure of SOCD,
followed sequentially by the soil layer of 10-20 cm and
20-30 cm. Moreover, the observed SOCD of topsoil (0-30 cm)
ranged from 43.40 to 149.07 tha~! and had a mean value of
96.97 tha™".

Correlation analysis

According to Pearson’s product-moment correlation
analysis (Table 4), 24 out of 33 predictor variables were
significantly correlated to SOCD (p-value < 0.05), and
no collinearity was detected within each data source
(Fyariapies < 0.8). MAT from climatic factors exhibited the
strongest but negative correlation with forest SOCD (r =
—0.67), indicating that the increasing MAT values related
to lower SOCD values. It was followed by elevation and
CNBL with the same r value (0.65). In SAR-derived vari-
ables, HH-HV showed the closest relationship with forest
SOCD. It revealed that variations of HH-HV conveyed
more useful information than HH and HV on forest SOCD.
Meanwhile, vegetation indices showed the most critical
influence among S2 variables. Several MSI-derived vari-
ables recorded higher values of r than SAR-derived ones,
revealing that variables from S2 provided more valuable

Table 4 Correlation coefficients of predictor variables derived from
MSI, L-band SAR, topography, and climate for forest SOCD estima-
tion. “FF¥’ kR CE means that p values were below 0.001, 0.01, and
0.05, respectively

Sources Types Predictor variables r
S2 Reflectance B2 -0.55™"
B3 —0.41™
B4 -0.55™"
B5 -0.30™
Bl1 -0.32"
B12 —0.49™
Vegetation indices ~ NDVI 0.58"
GNDVI 0.50""
SAVI 0.48™"
MSAVI 045
DVI 0.36™"
EVI 0.44™"
TVI 0.58™"
AL2 Backscatter HH 0.23"
HV 0.44™
HH-HV -0.50""
Topography  Topographic indices CNBL 0.65""
and climate Elevation 0.65"
Slope 0.34™
TRI 027"
TWI -0.33"™
VD -0.23"
Climatic indices MAP 0.60""
MAT —-0.67"

information regarding forest SOCD in the study area. From
the results, r values of all environmental variables ranged
from 0.23 to 0.67, indicating little to moderate linear rela-
tionships with forest SOCD. This suggests that non-linear
modeling was necessary to capture the complexities of
the data.

Random forest models
Evaluation of random forest models

To assess the influence of environmental data from different
sources and their combinations on predictive models for top-
soil SOCD (0-30 cm) estimation in the Central Vietnamese
forests, we created the following data groups: Group One
and Group Two included only S2 and AL2 data, respectively,
while Group Three used both S2 and AL2 data. Group Four
(T+C) and Group Five (S2+ AL2+ T+ C) were a combi-
nation of topographic and climatic data without and with
RS data, respectively. Table 5 shows the evaluation metrics
of RF using different data groups. Overall, an increase in
the number of environmental data sources can enhance the
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Table 5 Evaluation metrics

Models  Group  Variable sources MAE RMSE R? Rlyag Rlgyvise Rlg,
o.f RF and RFRK based on (T ha™") (T ha™") (%) (%) (%)
different data groups
RF One S2 14.31 17.83 038 - - -
Two AL2 16.37 20.16 020 - - -
Three S2+AL2 12.62 15.84 051 - - -
Four T+C 11.50 14.05 061 - - -
Five S2+AL2+T+C 10.49 12.88 067 - - -
RFRK One S2 13.14 16.11 049  8.18 9.65 28.95
Two AL2 14.87 18.50 033 9.16 8.23 65.00
Three S2+AL2 11.45 14.14 0.61  9.27 10.73 19.61
Four T+C 10.30 13.10 0.66 1043 6.76 8.20
Five S2+AL2+T+C 8.28 10.54 0.78  21.07 18.18 16.42

performance of RF. Among the RF models, RF using all
environmental variables performed best, whereas the AL2-
based RF model showed the lowest accuracy.

Regarding RS data, RF using Group One outperformed
RF using Group Two, suggesting that the predictive power
of S2-derived variables was superior to that of AL2-derived
ones for SOCD estimation. The prediction accuracy of RF
increased when SAR data were integrated with MSI data.
Specifically, the addition of AL2 to S2 using RF resulted
in enhanced MAE (decreasing from 14.31 to 12.62 t-ha™"),
RMSE (decreasing from 17.83 to 15.84 t-ha™!), and R?
(increasing from 0.38 to 0.51). Besides, the combination
of topographic and climatic data (Group Four) achieved
a high accuracy for RF prediction (MAE =11.50 t-ha™!,
RMSE = 14.05 t-ha™!, and R*=0.61). It even outperformed
RF for SOCD estimation based on dual-source RS data.
Similar to the observed improvement in RS data fusion
over standalone RS data, the prediction accuracy of RF was
raised when topographic and climatic variables were added
to dual-source RS data. This enhancement was confirmed by
the Group Five-based RF model, which achieved the highest
R? of 0.67 and the lowest MAE and RMSE of 10.49 and
12.88 t-ha™!, respectively.

Attribute importance

The attribute importance of the five RF models is depicted
in Fig. 4. For single-source RF models, NDVI and HH-HV
were shown to be the most significant variables for S2 data
and AL2 data, respectively. In dual-source RF models, SAR-
derived variables had a lower impact than MSI predictors in
estimating SOCD. The reflectance of MSI bands and vegeta-
tion indices were less important after being combined with
L-band SAR backscatters. When combined with topographic
and climatic factors, the influence of MSI bands, vegeta-
tion indices, and L-band SAR backscatters was marginal,
with only HV, TVI, and NDVI showing some importance.
This suggests that topographic and climatic indices had a
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greater influence than both SAR and MSI-derived variables
in predicting forest SOCD. Among correlated predictor vari-
ables, elevation was identified as the primary determinant
for SOCD estimation in forested regions.

Random forest regression kriging models

Residuals of random forest-derived soil organic carbon
density and semivariogram analysis

Spatial autocorrelation of the RF residuals was detected by
visual inspection of the semivariograms (Fig. 5). Prior to
semivariogram analysis, residual data was tested to deter-
mine whether it met the normality and stationarity assump-
tion. Figure Sa, e, i, m, q summarize the descriptive statistics
of the residuals from RF across the five data groups. The
absolute skewness values (ranging from 0.05 to 0.26) and
absolute kurtosis values (ranging from 0.04 to 0.58) deviated
from the expected values of 0 and 3, respectively, which are
indicative of a normal distribution. Thus, we implemented
the Box-Cox transformation to obtain data distributions
more closely approximate normality (Fig. 5b, f, j, n, r).
The results from the K-S test showed that the transformed
residuals from Group One (Rg,, skewness =0.00, kurtosis =
—0.18), Group Two (R 5} 5, skewness=0.02, kurtosis=0.01),
Group Three (Rg,, A1, skewness =0.00, kurtosis =0.05),
Group Four (Ry ¢, skewness = —0.04, kurtosis = —0.58),
and Group Five (Rgy, a1 04140, Skewness = —0.02, kurtosis
=—0.51) all had p-values above 0.05 (Fig. 5b, {, j, n, r), sug-
gesting that they possessed a normal distribution. Moreover,
the semivariogram clouds of Box-Cox transformed residu-
als (Fig. 5¢, g, k, o, s) exhibited that there was no trend in
the semivariograms and semivariances were nearly constant
across the entire study area, indicating that the transformed
data satisfied the intrinsic stationarity assumption. After
confirming the data normality and stationarity condition,
those five groups of the transformed residuals were used
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Table 6 . Par.ameter estimgtions Model parameters  Functions Nugget  Sill Nugget/Sill Range MAE RMSE R?
for semivariogram analysis (m)
Ry, Exponential ~ 8.65 27.15 0.32 287929  3.62 443  0.18
Gaussian 13.36 26.49 0.50 371476  3.64 445 0.18
Spherical 9.99 25.89 0.39 604334  3.65 444 0.18
R Exponential ~ 0.00 188.60  0.00 152419 993 1240 0.15
Gaussian 74.20 187.25 0.40 261074 999 1240 0.15
Spherical 35.05 185.03 0.19 417695 10.04 1244  0.15
Rgyiarn Exponential ~ 7.33 21.79  0.34 2411.10 321 401  0.18
Gaussian 12.33 21.83 0.56 404392 322 399 0.19
Spherical 8.76 21.24 041 563343 322 400 0.19
Rric Exponential ~ 0.00 249.12  0.00 1590.34 1099 1397  0.13
Gaussian 67.53 24404 0.28 1947.13 11.07 14.09 0.12
Spherical 30.30 24248 0.12 393697 11.05 1401 0.12
RgrAL+T4C Exponential ~ 0.00 494 0.00 2203.12 1.36 .72 033
Gaussian 0.76 473 0.16 1710.50  1.39 175 0.31
Spherical 0.00 4.69 0.00 4438.32 1.37 172 033

to calculate experimental semivariogram models for OK  groups displayed spatial autocorrelation structures. The
interpolation. functions that achieved the highest R and lowest MAE and

Table 6 shows the basic information on experimental =~ RMSE were chosen to fit the experimental semivariograms.
semivariogram models of transformed residuals across five ~ As a result, the exponential function was selected to best fit
data groups. In general, the transformed residuals of all data ~ the experimental semivariograms in most cases, except for
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transformed residuals (d, h, 1, p, t) based on five data groups. N, me,
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Rg 4410, Which employed the Gaussian function. The sill
values of all fitted experimental semivariogram models were
positive (ranging from 4.94 to 249.12), indicating measur-
able spatial variability, likely influenced by inherent sub-
strate properties and potential sampling errors. The higher
nugget value for Rg,, o1, (12.33) compared to R, (8.65) and
R, (0.00) suggested that the transformed residuals from
dual-source RS data exhibited the greater spatial random-
ness, which may be caused by random factors (e.g. sam-
pling error, and undetectable and inherent variability). When
dual-source RS data were combined with topographic and
climatic variables, the nugget value decreased to 0.00, sug-
gesting reduced spatial randomness in Rg, a1 5, 1+c. When
considering the N/S value, integrating S2 and AL?2 data did
not reduce the N/S value compared to single-source RS data.
However, after the inclusion of topographic and climatic
variables alongside S2 and AL2 variables, the N/S value
was significantly reduced from 0.56 in Rg,, o1, to 0.00 in
Rgy4 ar2+140, indicating a reinforcement of the spatial auto-
correlation structure. Furthermore, among the transformed
residuals, Rg,, o1 2414c achieved the lowest MAE (1.36),
lowest RMSE (1.72), smallest nugget (0.00), and N/S value
(0.00) while obtaining the highest R? (0.33). These results
suggest that Rg,, a5, 1,c Was the most suitable for kriging
interpolation compared to the others. Additionally, the N/S
values of R 5, Ry,c, and Rgy, a10,14c Were all 0.00, indi-
cating the existence of strong spatial autocorrelation. Mean-
while, the N/S values of Rg, and Ry, 51, were 0.32 and 0.56,
respectively, suggesting the existence of moderate spatial
autocorrelation. The strong to moderate spatial autocorre-
lation structures of the transformed residuals revealed that
intrinsic sources of variability (e.g. soil texture, soil types,
mineral composition, biological activity, and pedogenesis)
highly affected the spatial dependence of SOCD across the
entire study area.

Based on the optimal parameters derived from the
best-fitted experimental semivariograms, the OK method
was used to estimate the spatial patterns of the Box-Cox
transformed residuals of forest SOCD from five RF models,
which were then back-transformed to the original scale
(Fig. 6b). The range of SOCD residuals was —27.93-24.91
t-ha~! for Group One, —43.87-39.48 t-ha~! for Group Two,
—~20.73-25.02 t-ha™! for Group Three, —28.88-24.45 t-ha™!
for Group Four, and —22.71-25.12 t-ha™! for Group Five.
Comparing absolute values of residuals, it was noted that
increasing the number of data sources resulted in decreasing
the values of residuals. Moreover, all maps of residuals
showed the overestimation of low SOCD values located
close to non-forest areas in the low-altitude terrain and
the underestimation of high SOCD values in the western,

northern, and northwestern parts of the study area in high-
altitude terrain.

Evaluation of random forest regression kriging
models

Based on Eq. 5, the predicted SOCD values from five RFRK
models were calculated. Table 5 presents the accuracy met-
rics for RFRK in estimating SOCD across the validation set
for five data groups. Similar to RF, increased data sources
also found better performance in RFRK. The results showed
that RFRK using Group Two (AL2) obtained lower accuracy
for estimating forest SOCD than that using Group One (S2).
The values of R*, MAE, and RMSE were 0.33, 14.87 tha™",
and 18.50 t-ha™! for the former and were 0.49, 13.14 t-ha™!,
and 16.11 t-ha™! for the latter, respectively. Integrating S2
and AL2 data in Group Three improved the prediction accu-
racy of RFRK, resulting in RZ of 0.61, MAE of 11.45 t-ha™,
and RMSE of 14.14 t-ha™, compared to using single-source
RS data. The prediction accuracy of RFRK continued to
elevate considerably after the addition of topographic and
climatic variables to SAR-MSI data fusion in Group Five,
with R? increased to 0.78, MAE decreased to 8.28 t-ha™",
and RMSE decreased to 10.54 t-ha™!. Notably, the influ-
ence of topographic attributes and climatic factors was more
significant than RS data fusion in forest SOCD prediction
using RFRK, according to the comparison of Group Three
(S2+ AL2) and Group Four (T +C).

The comparison between the RF and RFRK models
demonstrates that incorporating the kriged residuals via
OK to account for spatial autocorrelation resulted in higher
accuracy than relying solely on environmental variables.
The superior performance of RFRK over RF was visually
confirmed through graphical analysis. Figure 7 presents
scatter plots of observed versus predicted values from the
model validation process, with different colors used to
distinguish the models. The RFRK scatter points (blue) were
consistently closer to the 1:1 trend line than the RF scatter
points (grey) across all data groups. In addition, the results
from Table 5 showed that all hybrid models had positive
values of Rlp, Rlgyse, RIg simultaneously, indicating a
relative improvement in the RFRK models compared to the
RF models for predicting forest SOCD. The improvement in
the RFRK models was notable, with Rl ranging from 8.20
to 65.00%, Rl ranging from 8.18 to 21.07%, and RI s
ranging from 6.76 to 18.18%. Among the five data groups,
the most noticeable improvement in accuracy was observed
in the RFRK models using single-source RS data, with RI,
reaching 28.95% in Group One and 65.00% in Group Two.
Although the extent of improvements varied, RFRK based
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Fig.6 The SOCD maps by RF
(a), residuals maps by OK (b),

and SOCD maps by RFRK (¢),

based on five data groups
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Fig. 7 Scatter plots of predicted versus observed SOCD from validation data by RF (grey dots) and RFRK (blue dots) based on Group One (a,
b), Group Two (¢, d), Group Three (e, f), Group Four (g, h), and Group Five (i, j)

on all environmental variables provided the highest accuracy
for estimating forest SOCD in our study.

Spatial distribution of SOCD

The distribution of SOCD based on the RFRK models
(Fig. 6¢) was acquired by combining Fig. 6a and b.
Five maps had a similar distribution of SOCD with the
RFRK models, while values changed a lot. Forest SOCD
maps generated by the RFRK models showed a clumped
distribution compared to those produced by the RF models.
By combining the interpolated values of residuals, the
spatial distribution of forest SOCD was smoothed, and
spatial randomness was reduced. Apart from accuracy
evaluation, the generalization capability of the models
was also important. The variability of SOCD values in

the predicted maps could reflect the adaptability of the
models to new samples to some extent. The range of SOCD
predictions obtained from the RF models was 50.71-138.08
t-ha~! for Group One, 50.70-134.58 t-ha™! for Group Two,
51.40-136.47 t-ha™' for Group Three, 47.78-144.36 t-ha™'
for Group Four, and 49.28-141.45 t-ha™! for Group Five. The
range for SOCD from the RFRK models was 27.04-153.91
t-ha~! for Group One, 14.55-167.26 t-ha~! for Group Two,
32.80-151.19 tha™' for Group Three, 32.97-158.39 t-ha™'
for Group Four, and 32.83-162.87 t-ha™! for Group Five.
The ranges of predicted SOCD using the RFRK models were
more extensive than those using the RF models, showing
that RFRK had enhanced generalization capabilities
compared to RF. Moreover, the RFRK maps showed that
the spatial distribution of SOCD in forest areas of the study
site gradually decreased from west to east, roughly in line
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with the topographic features. The low SOCD was majorly
distributed in the eastern and southeastern parts of our study
site because of lower vegetation coverage and intensive
human activities. In contrast, high SOCD areas mainly
appeared in the western, northern, and northwestern parts
of the study site, where a large area of the primary forests
was under the protection and conservation of the Danang
Department of Forest Protection.

Discussion

Influence of multi-source environmental data
on random forest regression kriging for predicting
forest SOCD

The comparison of prediction accuracy in this study revealed
that choosing environmental covariates from various data
sources and their combinations greatly impacted the
performance of the predictive model for SOCD estimation
in forest landscapes. This finding is in line with the result
of Zhou et al. (2020b), who reported that the prediction
accuracy of predictive models in estimating forest SOCD
could be susceptible to the selection of different data
sources. This comparable result was also supported by
Shafizadeh-Moghadam et al. (2022). Our study shows
that selecting an optimal data combination could lead to
an increase in predictive power of RFRK as high as up to
136.36% in R? values, according to comparing Group Two
(AL2) and Group Five (S2+ AL2+ T+ C). In addition,
better performance in RFRK was found with increasing
data sources.

The influence of different data groups on the prediction
accuracy of RFRK for forest SOCD estimation was
illustrated through attribute importance analysis (Fig. 4)
and the implementation of the RFRK models (Table 5).
RFRK based on AL2-derived variables demonstrated less
accuracy in predicting SOCD than that based on S2-derived
variables, according to our findings, caused by the saturation
problem of SAR backscatters in forested areas. Within
forest ecosystems, soils are typically obscured by dense
vegetation, which poses challenges for the application
of RS in soil mapping, as sensors cannot directly detect
soil surfaces (Zhou et al. 2020b). Given this background,
many previous DSM studies for SOCD mapping have
incorporated vegetation indices derived from MSI imagery
and backscatter data from SAR imagery into soil prediction
models for vegetated areas (Odebiri et al. 2020; Sothe et al.
2022; Shafizadeh-Moghadam et al. 2022; Kumar et al.
2022). Theoretically, vegetation structural parameters,
such as biomass, basal area, tree density, tree height, and
trunk diameter, are particularly susceptible to the capability
of SAR backscatters in vegetation estimation (Joshi et al.
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2017). As these vegetation parameters increase, SAR
backscatter signals tend to reach their saturation point more
quickly, limiting the effectiveness of SAR data in forest
landscapes (Yunjin Kim and van Zyl 2001). Contrary to SAR
backscatters, many MSI vegetation indices are sensitive to
canopy structure variations over all of the forested biomes
with minimal saturation problems (Huete et al. 1997). An
improved accuracy of RFRK was observed when S2 MSI
variables were combined with L-band AL2 variables. This
was not surprising as more helpful information related to the
horizontal vegetation structures captured by the MSI sensor
(Wood et al. 2012) and the vertical vegetation structures
captured by the SAR sensor (Treuhaft and Siqueira 2000;
Tello et al. 2018) was aggregated to estimate forest SOCD.
Besides, this RS data fusion can harness the spatial and
temporal advantages of different sensors, rather than relying
solely on a single sensor, to address the saturation problem
in vegetation estimation (Mutanga et al. 2023). Given
the lack of studies integrating S2 MSI and L-band AL2
imageries for forest SOCD estimation, we used Landsat 8
imagery as a commonly employed alternative to S2 imagery
for evaluating the benefits of combining MSI with L-band
SAR. Similar to our study, Ceddia et al. (2017) found that
under forest coverage, the integration of vegetation indices
derived from Landsat 8 and ALOS PALSAR backscattering
coefficients improved the prediction accuracy of soil carbon
stock. Wang et al. (2020c) also examined the fusion of
Landsat 8 and ALOS PALSAR data in predicting SOC
content in entire Spain land covers, including forest land,
and pointed out that the integrated approach held better
prediction accuracy than only the Landsat 8 image and only
the ALOS PALSAR image.

Likewise, an accuracy improvement was observed in
RFRK when topographic and climatic variables were
integrated into the fusion of S2 and AL2 variables. It was
revealed that the limits of using the dual-source RS data
could be significantly reduced by the addition of topographic
and climatic data, resulting in a greater accuracy of RFRK
for SOCD prediction in forested areas. In other words,
topography and climate were more effective than RS data for
predicting forest SOCD with RFRK in our study site. This is
attributed to stronger influences of topographic and climatic
variables on the spatial variability of forest SOCD compared
to RS data and RS data fusion in our study site (Fig. 4).
According to Mulder et al. (2011), in densely vegetated
areas, soil properties, including SOC, mineralogy, texture,
soil iron, soil moisture, soil salinity and carbonate content
typically rely on indirect retrievals using soil indicators, such
as plant functional groups and productivity changes, rather
than being assessed through the use of RS data. As two of
the five soil-forming factors (Jenny 1994), topography and
climate exert direct influences on these soil indicators at the
regional scale (Lamichhane et al. 2019), which in turn affect
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the variation in SOC content. That is to say, topography
affects the water balance by promoting lateral water
exchange through surface runoff, which helps to create areas
with favorable moisture conditions for vegetation growth
and subsequent accumulation of plant litter but promotes
soil erosion by moving soil material to different places,
thereby altering the patterns of SOC storage (Schwanghart
and Jarmer 2011). Similarly, climate determines not
only the nature and intensity of the weathering of parent
materials that occur over large geographic areas but also
net primary productivity, which is more significant to
SOC accumulation (Lamichhane et al. 2019). Specifically,
temperatures ranging from 10 to 30 °C generally facilitate
the decomposition process of soil organic matter due to
strong microbial activity, thereby accounting for a decrease
of SOC stock at the surface soil layer (Rasel et al. 2017;
Wang et al. 2022; Kumar et al. 2022). Precipitation not only
encourages plant growth, resulting in SOC enrichment of the
topsoil through the decomposition of leaves, branches, and
other organic materials (Leff et al. 2012; Huang and Zhang
2016), but it also causes the soil to absorb soil organic matter
from the litter layer (Cleveland et al. 2006). The greater
effectiveness of topography and climate compared to RS
data in estimating SOCD in mountainous forests, as shown
in our results, aligns with findings from previous studies
(Wang et al. 2017, 2018; Zhou et al. 2020b). Contrary to our
study, the result of Wang et al. (2020a, 2023) considered that
SOC stocks were primarily determined by MSI variables,
followed by topographic and climatic variables in forest
ecosystems of dense natural vegetation. The discrepancy is
possibly due to the local variations in SOC dynamics, where
the dominant driving factors likely differ between study sites
(Lamichhane et al. 2019).

Enhancement of random forest regression kriging
over random forest

The results in Table 5 demonstrate that RFRK improved
the prediction accuracy by incorporating interpolated values
of residuals to RF in all data groups. Theoretically, the RF
algorithm can effectively exploit the non-linear relationship
between the response variable and the predictor covariates
(Lamichhane et al. 2019). However, the implementation
of this tree-based ML model for spatial estimation is a
challenging task, as it assumes that the data are independent
and spatially uncorrelated (Erdogan Erten et al. 2022).
The detection of the spatial autocorrelation structures of
the residuals through semivariogram analysis in Table 6
confirmed that the RF models could not adequately
extract structured information of forest SOCD in our
study. According to Guo et al. (2015), if the ML residuals
demonstrate spatial autocorrelation, then the performance of
the ML model could be enhanced by interpolating residuals

using the kriging method and then adding these kriged
residuals back to the ML prediction. Thus, the accuracy
improvement of the RFRK models over the RF models in
this study for forest SOCD estimation can be explained
by the successful integration of the predictive power
of the tree-based ML approach in exploiting non-linear
relationships and the capability of geostatistics in accounting
for unexplained information in residuals component. The
outperformance of this two-step hybrid approach over RF in
our findings is consistent with previous studies (Guo et al.
2015; Tziachris et al. 2019; Silatsa et al. 2020).

The relative improvement values of the RFRK models
compared to the RF models were notable (Table 5). The
notable enhancement is attributed to the strong to moderate
spatial autocorrelation of residuals from the RF models
(Silatsa et al. 2020), indicated by the N/S value of the
experimental semivariogram models (Table 6). Two main
reasons can explain those high spatial autocorrelations in
our study. Firstly, in areas with complex topography (e.g.
mountainous regions) with little impact of anthropogenic
activities, SOCD often shows strong spatial autocorrelation
(Cambardella et al. 1994; Long et al. 2018; Yao et al. 2020).
This spatial structure was passed through the RF models to
the residuals of SOCD due to the RF’s limitation, causing the
residuals to still retain considerable spatial autocorrelation in
space. Secondly, the number of sampling points in our study
was likely sufficient for the OK interpolation. Several studies
have reported that the size of sampling points will affect the
accuracy of the kriging interpolation (Zhu and Lin 2010;
Yao et al. 2020). A large enough number of sampling points
is vital for detecting underlying spatial autocorrelation
structures by reducing the sampling density (Brus and
Heuvelink 2007; DlugoB et al. 2010). According to Webster
and Oliver (1992), at least 100 data points are required to
estimate reliable semivariograms. In this study, 104 data
points were utilized to assess the spatial autocorrelation
of the residuals, ensuring the robustness of the spatial
analysis. On the one hand, the notable enhancement of
RFRK over RF in our study is consistent with the results
of Guo et al. (2015) and Tziachris et al. (2019). On the
other hand, our finding is contrary to that of Silatsa et al.
(2020), who pointed out a limited increase in the accuracy
of RFRK. The contradictory result can be explained by the
much lower point data spacing density for SOCD estimation
at the national scale in the study of Silatsa et al. (2020),
which caused the poor capture of spatial autocorrelation in
the semivariogram analysis. Besides, compared to RF, the
relative improvement of RFRK using single-source RS data
was more noticeable in prediction accuracy than that using
multi-source environmental data. It was revealed that RFRK
can significantly lower the limitations of using single-sensor
RS data in RF for forest SOCD prediction.
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Uncertainties and limitations

This study had several potential uncertainties, even
though the RFRK models performed well in predicting
the spatial distribution of forest SOCD. Firstly, some
sampling locations randomly predetermined with a
2.5% 2.5 km grid could not be approached due to the
obstructions of surface dense vegetation and complex
terrain in the forests, so there might be sampling errors.
Secondly, the bilinear interpolation approach was used to
resample environmental variables to a spatial resolution
of 10 m, which would cause method errors. Thirdly, the
environmental variables included as input for RFRK were
acquired from various data sources, possibly contributing
to modeling errors. Fourthly, it is worth noting that the
upper 30 cm soil layer is known to contribute to about
50% of the total SOC in the top 100 cm of the soil (Kumar
et al. 2022). However, our study focused exclusively on
estimating the SOC in the topsoil (0—30 cm) of the forest,
possibly leading to the underestimation issue. Finally, the
used RS data encountered issues that need to be considered
for future research. These included: (1) The cloud-free S2
mosaic contained inconsistency in atmospheric conditions
due to different image capture times; (2) The average tree
height of 17.5 m in the study site (Huy et al. 2016) could
increase shadow distribution within each pixel, negatively
effect on variables derived from RS imageries (Alavipanah
et al. 2022); (3) In forest areas, AL2 data was influenced
by the topography of the surface beneath the vegetation
(Van Zyl 1992).

Conclusions

We applied the RF plus residuals kriging approach to
predict SOCD in Central Vietnamese forests using multi-
source environmental data. The following main conclu-
sions can be drawn from this study: (1) The selection of
environmental covariates affected the performance of
RFRK. The prediction accuracy of RFRK increased with
the inclusion of additional environmental data sources,
with RFRK based on all data sources (S2+ AL2+T+C)
achieving high accuracy (R? = 0.78, MAE =8.28 t-ha™,
and RMSE =10.54 t-ha™!). (2) The RFRK models con-
sistently outperformed the RF models in forest SOCD
prediction across five data groups, with a notable rela-
tive improvement. Our study highlighted the potential of
combining the strengths of the RF algorithm and the OK
technique based on environmental covariates derived from
S2, AL2, topographic, and climatic data to create a reliable
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framework for accurately analyzing the spatial distribution
of SOCD in forest ecosystems.
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