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Abstract

Purpose Understanding the spatial variability of soil organic carbon density (SOCD) in tropical forests is necessary for
efficient climate change mitigation initiatives. However, accurately modeling SOCD in these landscapes is challenging due
to low-density sampling efforts and the limited availability of in-situ data caused by constrained accessibility. In this study,
we aimed to explore the most suitable modeling technique for SOCD estimation in the context of tropical forest ecosystems.
Methods To support the research, thirty predictor covariates derived from remote sensing data, topographic attributes,
climatic factors, and geographic positions were utilized, along with 104 soil samples collected from the top 30 cm of soil
in Central Vietnamese tropical forests. We compared the effectiveness of geostatistics (ordinary kriging, universal kriging,
and kriging with external drift), machine learning (ML) algorithms (random forest and boosted regression tree), and their
hybrid approaches (random forest regression kriging and boosted regression tree regression kriging) for the prediction of
SOCD. Prediction accuracy was evaluated using the coefficient of determination (R?), the root mean squared error (RMSE),
and the mean absolute error (MAE) obtained from leave-one-out cross-validation.

Results The study results indicated that hybrid approaches performed best in predicting forest SOCD with the greatest values
of R? and the lowest values of MAE and RMSE, and the ML algorithms were more accurate than geostatistics. Addition-
ally, the prediction maps produced by the hybridization showed the most realistic SOCD pattern, whereas the kriged maps
were prone to have smoother patterns, and ML-based maps were inclined to possess more detailed patterns. The result also
revealed the superiority of the ML plus residual kriging approaches over the ML models in reducing the underestimation of
large SOCD values in high-altitude mountain areas and the overestimation of low SOCD values in low-lying terrain areas.

Conclusion Our findings suggest that the hybrid approaches of geostatistics and ML models are most suitable for modeling
SOCD in tropical forests.

Keywords Digital soil mapping - Hybrid approaches - Kriging - Machine learning - Soil organic carbon density - Tropical
forests
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making it necessary to maintain and enhance these signifi-
cant soil organic carbon (SOC) stocks at high levels in order
to address climate change effectively (Md. Shoaibur Rahman
et al. 2023). Over the past several centuries, deforestation
and forest degradation have been prevalent in most tropi-
cal nations due to land-use conversion, unsustainable forest
practices, and human-induced deterioration, resulting in a
significant decrease in forest SOC (Li et al. 2022; Qin et al.
2024). This diminution could occur in a rise in global car-
bon emissions, emphasizing the importance of implementing
reliable monitoring systems to understand better SOC stocks
and flows in tropical forests, as well as to support effective
climate change mitigation initiatives (Padarian et al. 2022;
Duarte et al. 2022).

Digital soil mapping (DSM) is a commonly employed
approach for not only evaluating soil attributes but also
monitoring their spatial distribution based on discrete sam-
ples (Fathololoumi et al. 2020; Shafizadeh-Moghadam et al.
2022). In recent studies, digital mapping of soil organic car-
bon density (SOCD) in forest ecosystems is a prevalent use
of DSM owing to its high efficiency, accuracy, and afford-
ability (Zhou et al. 2020c; Emadi et al. 2020; Bortivka et al.
2022). The DSM approach utilizes mathematical relation-
ships between field soil measurements and corresponding
environmental covariates (the SCORPAN framework) to
quantitatively predict the spatial and temporal variation of
SOCD (Dash et al. 2022). In the DSM system, a wide range
of environmental covariates were introduced to leverage the
covariance of the SOCD variable, commencing with soil-
forming elements (e.g., climate, organisms, relief, parent
material, and age) (Jenny 1994), and subsequently expand-
ing to include geographic position variables to enhance its
estimation (Zhou et al. 2022; Xia et al. 2022; Xu et al. 2022).
Those environmental variables can be retrieved from various
available data sources, such as remote sensing (RS) data,
digital elevation model (DEM), and climatic data (Veronesi
and Schillaci 2019; Sun et al. 2019; Emadi et al. 2020; Li
et al. 2024b). Along with the progress in data acquisition,
selecting an appropriate predictive model is required to accu-
rately quantify SOCD (Shafizadeh-Moghadam et al. 2022;
Garsia et al. 2023). Soil, in its natural condition, is the final
outcome of the interplay of environmental factors through
certain physical, chemical, and biological processes (Zhu
et al. 2022). As a consequence of the localized variations in
soil-forming processes, the determination of these influenc-
ing factors in different geographical locations is challenging,
leading to intricate and uncertain spatial patterns of SOC
content (Liu et al. 2015). Hence, the choice of predictive
models for mapping SOCD in surface forest soils may differ
depending on different study regions (Wang et al. 2020b).
Numerous modeling techniques have been applied in SOCD
estimation. Among these, geostatistics used quantitatively to
quantify spatial autocorrelation of regionalized variables and

create a spatial prediction model for interpolating unsampled
locations (Chen et al. 2019a) is a long-standing and widely
utilized method in DSM (Shafizadeh-Moghadam et al.
2022). Among geostatistical methods, SOCD estimation is
mainly conducted using kriging models, such as ordinary
kriging (OK), universal kriging (UK) — also known as krig-
ing with internal drift, and kriging with external drift (KED)
(Mishra et al. 2009; Asa et al. 2012; Nussbaum et al. 2014;
Tziachris et al. 2019; Gia Pham et al. 2019). However, there
was a strong progression from geostatistics to a relatively
new technique—machine learning (ML) for predictive mod-
eling, due to several reasons. Firstly, the great explosion in
information technology has culminated in the proliferation
of vast amounts of data (e.g., remotely sensed and high-res-
olution climatic data), which may not be essential for most
geostatistics but are well-suited for ML algorithms (Wang
et al. 2018). Secondly, geostatistics-based models may strug-
gle to capture the intricate nonlinearities present in the data
adequately and typically rely on assumptions regarding the
spatial distribution of data, such as normality and stationar-
ity, which do not accurately reflect real-world conditions
(Nussbaum et al. 2014; Fouedjio and Klump 2019). Thirdly,
geostatistics may exhibit lower accuracy than more sophisti-
cated techniques and tend to generate smooth map surfaces
because it is inclined to minimize the variance of predic-
tions relative to the variation of observations to mitigate the
influence of outliers (Veronesi and Schillaci 2019). Fourthly,
the interpolation of geostatistics is normally restricted by
the amount of observed samples and the configuration of
their locations (Delmelle 2021). Given that ML is capable
of addressing these drawbacks of geostatistics, ecological
modelers are likely to reduce their dependence on spatial
interpolation (Minasny and McBratney 2016; Veronesi and
Schillaci 2019). A variety of ML techniques have been uti-
lized in DSM for predicting SOCD, namely artificial neural
networks, support vector regression, Cubist, boosted regres-
sion tree (BRT), and random forest (RF) (Lamichhane et al.
2019; Emadi et al. 2020). According to Lamichhane et al.
(2019), no ML model can consistently reach optimal per-
formance across every situation, yet the tree-based models
provide exceptional predictive capabilities within numerous
investigations. Recently, two tree-based ML models, includ-
ing RF and BRT, have been popular in DSM methodologies
for estimating SOCD (Lamichhane et al. 2019) since they
possess the ability to reduce over-fitting and are insensitive
to multicollinearity (Gu et al. 2019; Zhou et al. 2022; Li
et al. 2024a). Although ML is typically reliable and adapt-
able for evaluating intricate data, it neglects to account for
the possibility of spatial autocorrelation, which can lead
to biased outcomes, especially in strongly heterogeneous
terrain areas (Erdogan Erten et al. 2022; Liu et al. 2022;
Zhu et al. 2022). Meanwhile, soil attributes, including SOC
content, are considered regionalized variables, showing a
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strong spatial heterogeneity and autocorrelation structure
(Liu et al. 2015; Marchant 2018). Consequently, the rela-
tionship between SOCD and the predictor variables, which
ML regression models are unable to explain, is transmit-
ted to the residuals of SOCD, resulting in the existence of
trends and spatial dependence structure in residual compo-
nents (Zhu et al. 2022). Therefore, the hybrid approaches
integrate the advantages of ML algorithms and geostatistical
models, which not only exploit the non-linear relationships
between SOCD and predictor variables but also account for
unexplained information of residuals, is considered a poten-
tial initiative to improve the prediction accuracy for esti-
mating SOCD since they significantly mitigate errors aris-
ing from extraneous predictors and instability of predictive
models (Song et al. 2017; Chen et al. 2019a; Lamichhane
et al. 2019; Ho et al. 2024). Table 1 summarizes previous
research on using geostatistics, ML algorithms, and their
hybrid approaches in estimating SOCD in forest ecosys-
tems. Despite the demonstrated superior performance, the
hybrid approaches of geostatistics and ML algorithms have
rarely been used (Zhu et al. 2022), whereas geostatistics and
especially ML models appear to be utilized frequently to
map SOCD in forest ecosystems that are characterized by
complex terrain and dense vegetation coverage (Clough and
Green 2013; Nussbaum et al. 2014; Scolforo et al. 2016;
Ceddia et al. 2017; Dai et al. 2018; Wang et al. 2020b, a;
Odebiri et al. 2020; Zhou et al. 2020a, b; Shafizadeh-Mogh-
adam et al. 2022; Farooq et al. 2022; Meliho et al. 2023).
Additionally, when the soil mapping community has focused
extensively on exploring the efficacy of ML methods, there
has been comparatively less research on the performance
comparison between geostatistics and ML for SOCD map-
ping in forested areas (Veronesi and Schillaci 2019). Even
within a recent work, Beguin et al. (2017) stated that kriging
outperformed both RF and BRT in predicting soil proper-
ties in Canadian forests, causing a significant controversy
surrounding whether ML is truly superior to geostatistical
methods in this ecosystem category. Accordingly, it remains
unclear which class of algorithms—geostatistics, ML, and
hybrid approaches—performs most accurately in spatial
modeling of SOCD in forest landscapes.

This study aimed to compare DSM techniques in map-
ping SOCD in Central Vietnamese tropical forests through
three geostatistical models (OK, UK, and KED), two ML
algorithms (RF and BRT), and two hybrid approaches of
ML and geostatistics, namely random forest regression krig-
ing (RFRK) and Boosted regression tree regression kriging
(BRTK), utilizing a range of covariates derived from RS,
climatic factors, topographic attributes and geographic posi-
tion data. We expect that the findings of this study can aid in
selecting the most appropriate and optimal DSM methods
for tropical forest ecosystems, thereby promoting more fre-
quent monitoring and assessment of SOC pools.
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2 Materials and methods
2.1 Studyarea

The research site, Danang city, is situated in the South
Central Coastal zone of Vietnam, lying between
107.81°-108.34°E and 15.92°-16.22°N, with the total
mainland covering 960 km? (Fig. 1). The topography of
Danang city gradually slopes downward from west to east.
The western areas exhibit a predominantly mountainous
terrain, while the eastern part is characterized by flat
plains.

The city is predominantly forested, with the rest of
the land cover primarily including settlement and crop
areas. Specifically, forests cover about 658.91 km? (nearly
68.64% of the city's whole expanse) and are almost entirely
distributed in mountainous regions, with altitudes from 0
to 1659 m. Due to having a tropical monsoon climate,
climatic conditions in forests are characterized by mean
annual precipitation of 1959-2523 mm and mean annual
temperature of 11.1-26.2°C. The dominant forest type is
evergreen broadleaf vegetation, such as Syzygium levinei
(Merr.) Merr., Scaphium lychnophorum (Hance) Pierre,
Lithocarpus annamensis (Hickel & A. Camus) Barnett,
Canarium littorale Blume, and Polyalthia nemoralis Aug.
DC (Huy et al. 2016). There are three main soil types
within forest landscapes of the research area: Ferralsols
(56.09%), Arenic Acrisols (31.77%), and Humic Acrisols
(5.62%), with pHg, values of 4.0-5.5 (National Institute
of Agricultural Planning and Projection of Vietnam 2005).

2.2 Soil collection and analysis

Field data for this study were obtained over the course of
three months from July to September 2023. Systematic una-
ligned sampling, which combines features of simple ran-
dom and systematic sampling designs, is suitable for for-
est assessment (FAO 2015) and was used for determining
sampling locations. The guiding for determining sampling
locations consists of two fundamental steps: (1) based on the
forest administrative map in 2013 provided by the Danang
Department of Forest Protection, a 2.5 km X 2.5 km grid was
generated, and (2) the geographic coordinate of sampling
points was selected by using a random number generator
in QGIS. The produced sampling points were later trans-
ferred to portable GPS receivers (Garmin GPSMAP 64) and
utilized for navigation to the field site. 104 locations were
surveyed during fieldwork. At each sampling location, two
soil samples were taken from the 30-cm topsoil layer: one
with soil cores and the other with a soil probe. The collected
samples were then bagged, labeled, and dispatched to the
laboratory for SOCD measurement.
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Table 1 A literature summary of using geostatistics, ML algorithms, and their hybrid approaches in estimating SOCD in forest ecosystems

Study

Research site

Models

Findings

Clough and Green (2013)

Nussbaum et al. (2014)

Scolforo et al. (2016)

Dai et al. (2018)

Wang et al. (2020a)

(Wang et al. 2020b)

Odebiri et al (2020)

Zhou et al. (2020a)

Zhou et al. (2020b)

New Jersey, USA

Switzerland

Minas Gerais State, Brazil

Zhejiang Province, China

Liaoning province, China

Liaoning province, China

KwaZulu-Natal province, South
Africa

Heihe River Basin, northwestern
China

the southern part of Central
Europe

Geostatistics

Geostatistics

Geostatistics

Geostatistics

ML algorithms

ML algorithms

ML algorithms

ML algorithms

ML algorithms

OK, co-kriging, and regression
kriging achieved acceptable accu-
racies with RMSE values ranging
from 53.43 tha™ to0 67.90 tha™!

The predictive power of the KED
model was moderate (R>= 0.34
and RMSE =0.49 for SOC stock
in 0-30 cm and R?= 0.40 and
RMSE =0.56 in 0~100 cm)

OK, co-kriging, and regression
kriging presented satisfactory
results, with R? ranging from 0.54
to 0.67 and MAE ranging from
0.58 t0 0.63

The OK method could be utilized to
interpolate the spatial distribution
of SOCD effectively

BRT provided considerable predic-
tion accuracy, with R? ranging
from 0.53 to 0.65 and RMSE
ranging from 0.07 to 0.19

BTR was compared to other
traditional regression models,
and BRT was more accurate,
with R?= 0.56 and RMSE =8.50
t.ha™!

Four ML models including RF,
Stochastic Gradient Boost-
ing, Support Vector Machine,
and Artificial Neural Network
achieved substantial accuracies,
with R? ranging from 0.77 to
0.84 and RMSE ranging from
0.77 tha=! t0 0.92 t.ha™!. Among
these, RF was the most accurate,
with the highest R? and lowest
RMSE

The prediction accuracies of RF
and BRT varied corresponding to
the data combination. Specifically,
RF had R? ranging from 0.19 to
0.75 and RMSE ranging from
0.55 to 1.01, meanwhile, BRT had
R? ranging from 0.22 to 0.75 and
RMSE ranging from 0.55 to 1.00

Four machine-learners including
RF, BRT, support vector machine,
and Bagged CART were used to
predict the spatial distribution
of SOCD. Among them, BRT
achieved the highest R? (0.44) and
the lowest RMSE (0.57)
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Table 1 (continued)

Study Research site

Models

Findings

Shafizadeh-Moghadam et al.
(2022)

Golestan province, Iran

Meliho et al. (2023) The High Atlas Mountains,

Morocco

Beguin et al. (2017) Canada

Farooq et al. (2022) Wangath watershed, Western

Himalayas, India

Zhu et al. (2022) Jiangsu Province, China

ML algorithms

ML algorithms

Geostatistics and ML algorithms

Geostatistics and ML algorithms

ML algorithms and hybrid

RF and support vector regression
provided moderate accuracies,
with support vector regression
being more accurate than its
counterpart. Specifically, R? of
0.43 and RMSE of 1.32% were
in RF, and R? of 0.58 and RMSE
of 0.94% were in support vector
regression

Cubist, RF, support vector machine,
and gradient boosting machine
were used, with Cubist (R2= 0.86,
RMSE =11.62 t.ha™') and RF
(R?=10.79, RMSE =13.26 t.ha™")
exhibiting the highest predictive
power

Kriging techniques (OK and regres-
sion kriging) consistently had
higher R? and lower RMSE values
than ML models (boosted regres-
sion trees, random forests, Cubist,
and weighted k-nearest neighbors)

OK, regression kriging, and RF
were used for assessing the spatial
distribution. Additionally, RF
(R*=0.90) performed better than
ordinary kriging (R*= 0.53) and
regression kriging (R%= 0.29)

The ML models (RF, Cubist,
stochastic gradient boosting, and
Bayesian regularized neural net-
works) had moderate accuracies,
with R? values of 0.36, 0.45, 0.34,
and 0.28, respectively. Compared
to these ML models, the hybrid
approaches of integrating ML
models with the kriging technique
showed an increase in R? by 0.36,
0.23, 0.39, and 0.34, respectively

approaches

The laboratory analysis of forest SOCD determination
was conducted using the methodology outlined by Pearson
et al. (2007). Soil samples in probes were air-dried at room
temperature (approximately 25°C) for seven days in a well-
ventilated area to ensure consistent moisture removal, passed
through a 2-mm sieve to eliminate debris and larger parti-
cles, and finely ground to achieve homogeneity for carbon
concentration analysis. Carbon concentration in soil was
measured by the dry combustion method with a CN-corder
MT- 700 (Yanaco, Japan) (Liyanage et al. 2022). Specifi-
cally, the soil samples were combusted at around 950°C in
an oxygen-rich environment, converting carbon into CO,,
which was subsequently detected by a thermal conductiv-
ity detector to provide quantitative measurements. The
instrument was calibrated before analysis using hippuric

@ Springer

acid (C4gHgNO;) as a standard substance to ensure accuracy.
Whereas, the soil samples in cores were oven-dried at 105°C
for 48 h and sieved through a 2-mm sieve for separating
into coarse fragments and fine fractions to calculate the bulk
density using Eq. (1).

ODM

SBD = v —(CF/RF) M

where: SBD is soil bulk density (g.cm™3), ODM is oven-dry
mass of fine fractions (g), CV is core volume (cm?), CF is
mass of coarse fragments (g), and RF is density of rock frag-
ments (given as 2.65 g.cm™).

The SOCD content of soil samples was then measured by:

SOCD(t/ha) = SBD X D X C )
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Fig. 1 Location of the research site and sampling points

where: D represents the thickness of the respective soil depth
layer (cm), and C is the concentration of soil carbon (%).

2.3 Environmental covariates

In this study, thirty environmental covariates derived from
RS data, terrain attributes, climatic factors, and geographic
positions, as illustrated in Fig. 2, were utilized as predic-
tors for estimating forest SOCD in ML algorithms. These
covariates were projected to the WGS 84/UTM Zone 48 N
coordinate reference system, resampled to a 10 m spatial
resolution using bilinear interpolation, and co-registered to
align with the pixel grid of the reference data (Sentinel- 2
Band 2) for further analysis.

2.3.1 Remote sensing data

The used RS data included Sentinel- 2 (S2) and Advanced
Land Observing Satellite- 2/Phased Array L-band Syn-
thetic Aperture Radar- 2 (ALOS- 2/PALSAR- 2). In for-
est landscapes, the effectiveness of RS in soil mapping is
significantly limited by the dense vegetation that typically
covers the forest floor, preventing RS sensors from directly
detecting the underlying soils (Odebiri et al. 2020). In light
of this context, numerous prior DSM research have utilized
RS-based spectral bands and vegetation indices (VIs) as
valuable predictors in predictive models for SOCD estima-
tion in vegetation cover situations (Lamichhane et al. 2019).
This method's efficacy is rooted in the ability of vegetation
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in tropical forest

Model performance ranking

Fig.2 Flowchart of the comparison of geostatistics, ML algorithms, and hybrid models for estimating SOCD

to influence the spatial variability of soil characteristics
through the modulation of soil biophysical processes (Zhou
et al. 2020a).

The European Space Agency (ESA) S2 satellites are
outfitted with a multispectral (MSI) instrument capable of
detecting 13 spectral bands, offering spatial resolutions of
10, 20, and 60 m, and a revisit time of around four days
(Vizzari 2022). S2 imageries was acquired from Google
Earth Engine (https://code.earthengine.google.co.in). Hav-
ing cloud-free coverage of S2 imagery for the research site

@ Springer

was challenging because of the persistent cloud cover in
tropical regions. Thus, a cloud-free Sentinel- 2 composite
was generated for a period of approximately five months,
spanning from May to September 2023, with a total of 270
images from both S2 A and S2B level- 2 A. The creation of
this composite adhered to three fundamental steps: (1) Senti-
nel- 2 Surface Reflectance and Cloud Probability image col-
lections in Google Earth Engine (GEE) were refined using
spatial and temporal criteria, (2) a cloud masking function
is employed to exclude pixels with a cloud probability over
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30%, (3) a median composite image was generated from the
filtered S2 datasets and the cloud-masked dataset. For this
study, band 2 (B2), band 3 (B3), band 4 (B4), band 5 (BY),
band 6 (B6), band 7 (B7), band 8 (B8), band 8 A (B8 A),
band 11 (B11), and band 12 (B12) were used. Besides, five
VIs including NDVI, GNDVI, RVI, SAVI, and EVI, were
also computed and extracted from GEE (see Table 2). These
VIs were proven as applicable variables for forest SOCD
estimation (Wang et al. 2020a, b; Odebiri et al. 2020).

Along with MSI imagery, ALOS- 2/PALSAR- 2 imagery
was also used due to its L-band's high sensitivity to for-
est structure (Shimada 2011). L-band ALOS- 2/PALSAR-
2 sensor leverage enhanced image contrasts achieved by
multi-looking capabilities, allowing for the quantification
of within-canopy properties and minimizing vulnerability
to spectrum saturation relative to MSI data (Mutanga et al.
2023). Compared to other shorter-frequency SAR sensors
(X- and C-band), the L-band possesses the capability to
penetrate more deeply into vegetation canopies, making
them resistant to the saturation issue in vegetation estima-
tion (Ji et al. 2024). To encompass the full research region,
two scenes of ALOS- 2/PALSAR- 2 level 2.1 fine beam
dual (HV, HH) format image tiles with a 6.25-m spatial
resolution on 4 th June 2023 were obtained from the Japan
Aerospace Exploration Agency (JAXA) via the https://
www.eorc.jaxa.jp website. Before mosaicking, the images
underwent preprocessing with the ESA SNAP toolbox. This
was accomplished by transforming digital numbers (DN)
into gamma-nought (y°) backscattering coefficients using
the following equation:

¢® = 10.log,o(DN)* + CF 3)
0
0 _ [0}
4 cos@ @
where 6 is sigma-nought backscattering coefficients (dB),

@ is the incidence angle, and CF is the calibration factor. For
ALOS- 2/PALSAR- 2 data, the CF is — 83.0 dB (Shimada
et al. 2009).

The capacity of the difference and ratio between ALOS-
2/PALSAR- 2 backscatters for SOCD prediction was dem-
onstrated (Wang et al. 2020a). Hence, HH and HV were

Table 2 Details of Sentinel- 2 vegetation indices

used together with HH-HV and HH/HV as predictor vari-
ables in this study.

2.3.2 Topographic attributes

Geo-morphometric data are frequently utilized as predictors
for SOCD in forest ecosystems (Clough and Green 2013;
Wiesmeier et al. 2013; Nussbaum et al. 2014) because they
can influence the hydrothermal conditions, which might
potentially impact SOCD variation by speeding soil loss
and runoff water drainage (Clough and Green 2013; Zhou
et al. 2022). This research employed the ALOS World 3D-
30 m digital surface model (DSM) from GEE to compute
topographic attributes using the SAGA-GIS 9.4.1 software.
Topographic variables consisted of aspect (ASPECT), chan-
nel network base level (CNBL), elevation (ELEV), slope
(SLOPE), valley depth (VD), topographic wetness index
(TWI), and terrain ruggedness index (TRI).

2.3.3 Climatic factors

Climate exerts influence over the amount of aboveground
net primary output in tropical forests (Cleveland et al. 2011),
which subsequently impacts the spatial variability of SOCD
(Leff et al. 2012). Thus, we employed two climatic variables
in the form of raster files, namely mean annual temperature
(MAT) and mean annual precipitation (MAP), to estimate
SOCD in the study area. These climate indices were sourced
from the https://www.worldclim.org website, which was pro-
posed by Fick and Hijmans (2017).

2.3.4 Geographical positions

Forest biomass and soil parameters exhibited considerable
variations as the distance from the road to the inner part of
the forest increased (Zhou et al. 2020c¢). In addition, rivers
and streams can contribute to the ongoing deposition of soil
materials and cause instability (Zhou et al. 2022). Therefore,
two raster files were generated: the distance to roads (DTR)
based on the road layer in the forest administrative map and
the distance to rivers/streams (DTW) determined from DEM
data. These variables were expected to correlate with SOCD
in the study site.

Indices Descriptions References

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)
RVI Ratio vegetation index:B8 /B4 Broge and Leblanc (2001)
SAVI Soil adjusted vegetation Index:(1 + 0.725) X B8 — B4/B8 + B4 + 0.725 Huete (1988)

EVI Enhanced vegetation index:2.5 % (B8 — B4)/(B8 + 6 X B4 — 7.5 X B2 + 1) Huete et al.(2002)
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2.4 Feature selection

We employed correlation analysis and recursive feature
elimination (RFE) algorithm to decrease data dimensional-
ity while preserving the majority of valuable information.
The pairwise Pearson’s product-moment correlation analysis
was applied to assess the relationships between predictors
and SOCD observations, as well as to exclude any unneces-
sary factors for ML algorithms. The magnitude of correla-
tion is assessed by the Pearson correlation coefficient (r).
Specifically, r values of 0.00-0.29, 0.30-0.49, 0.50-0.69,
0.70-0.89, and 0.90-1.00 indicate little to no correlation,
low correlation, moderate correlation, high correlation, and
very high correlation, respectively (Asuero et al. 2006).
Besides, r values greater than 0.80 were also employed to
indicate the existence of multicollinearity issues among pre-
dictor variables from the same source (Chen et al. 2019b;
Zhi et al. 2021). Furthermore, prior to implementing ML, the
RFE algorithm was utilized for feature selection. This algo-
rithm, combined with fivefold cross-validation, is known for
its effectiveness in selecting a limited number of variables
while maintaining high prediction accuracy (Shi et al. 2018;
Veronesi and Schillaci 2019; Luo et al. 2022). RFE began
by evaluating predictors based on the significance criteria
of each ML algorithm, systematically removing the least
important variable from the model until a single predictor
persisted. Subsequently, the feature's optimal subset size was
determined, characterized as the number of predictors yield-
ing the largest negative Root Mean Square Error value.

2.5 Predictive models
2.5.1 Geostatistics

Kriging, described as the best linear unbiased predictor,
employs the semivariogram to apply weights that assist in
estimating the values of unsampled data (Goovaerts 1999;
Oliver and Webster 2014). The semivariogram is constructed
by calculating the average semivariances for all pairs of
points within distance bins (Kravchenko and Bullock 1999),
as follows:

1 m(l)
y(h) = ——

Ty 2ot {2 () = 25}’ )

where y(h) denotes semi-variance, m(h) denotes the count
of point pairs, x; and x;,, are sampling points separated by
adistance h, Z (x[) and Z(x;,,) represent measured values of
variable Z at the respective points.

We examined spherical, Gaussian, and exponential theo-
retical models for fitting the sample semivariogram, and the
three main parameters of nugget, sill, and range were then
determined. Positive sill serves as an indicator of the positive
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substrate effects (Yao et al. 2019). The nugget illustrates
the extent of spatial variability resulting from random ele-
ments (Goovaerts 1999). The nugget-to-sill (N/S) ratio is
employed to quantify the intensity of spatial dependence,
with a lower N/S value indicating a more pronounced spatial
autocorrelation (Sun et al. 2019). A variable exhibits strong
spatial dependence when the N/S is below 0.25, moderate
spatial dependence when the N/S ranges from 0.25 to 0.75,
and weak spatial dependence when the N/S exceeds 0.75
(Cambardella et al. 1994). In addition, the ratio of sample
spacing over correlation range (SS/CR) was utilized as a
measure for the effectiveness of a certain training set in cap-
turing the spatial structure, with a smaller SS/CR indicating
a better capturing of spatial structure (Zhu and Lin 2010). To
achieve a high kriging interpolation accuracy, the assump-
tions of stationary and normality need to be met (Webster
and Oliver 2007). Here, we used the intrinsic hypothesis for
the stationarity assumption and the Kolmogorov—Smirnov
test for the data normality assumption. In this study, three
forms of kriging, namely OK, UK, and KED, were used to
model SOCD.

OK is the predominant method used in soil science (Goo-
vaerts 1999). Once the semivariogram is modeled, the value
of a random variable at unsampled points Z (xo) is approxi-
mated through a linear weighted sum of n observations, as
shown in Eq. (6) (Mishra et al. 2009).

Z (%) = X0, 4 Z(x), with ¥ 4 =1 (6)

Where 4, represents the weights and z(x;) is the known
value of variable Z at the sample location x;.

OK presupposes that the mean of the variable of interest
remains unchanged across the whole research site. However,
in practical situations, the local mean may vary, making it
necessary to use UK and KED. UK and KED, known as
kriging with the trend, involve estimating both the deter-
ministic trend component m(xi) and the parameters of the
semivariogram model of the residual component R(x;), as
depicted in Eq. (7) (Asa et al. 2012). The main difference
between them is that UK accommodates a nonstationary
mean where the expected value Z (xo) is a deterministic func-
tion of the spatial coordinates, whereas KED accommodates
a nonstationary mean where Z (xo) is a deterministic function
of external drift variables (Webster and Oliver 2007).

Z (x) =m &) + R(x;), withm (x;) = X B v (%)
(N

Where y,(x;) are known deterministic functions, and f,
are unknown coefficients to be determined. In this study,
the external drift variable was MAT, which had the strong-
est correlation to SOCD (Fig. 3). A first-order polynomial
(which can mitigate erratic behavior at the data set's outer
margins) model and linear regression model were used to set
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Fig.3 Pearson correlation analysis for the relationship between forest topsoil organic carbon density and predictor covariates used in this study
(PR xR ok N’ mean that p-values were below 0.001, 0.01, 0.05, and non-significant, respectively)

the trend in UK and KED, respectively. Geostatistical mod-
els were implemented by the gstat package in the R software.

2.5.2 Machine learning algorithms

RF, derived from CART, is a tree-based ML technique
(Breiman 2001) that divide the training dataset using a
sequence of if-then rules to determine probabilities for dif-
ferent classes (Veronesi and Schillaci 2019). During the
training process, RF generates multiple trees without prun-
ing, utilizing a distinct bootstrap sample from the original
training data set (Wang et al. 2018). RF necessitates the
usage of user-defined parameters in order to enhance their
predictive accuracy (Yang et al. 2016). We implemented

hyperparameter tuning by using grid search to identify three
optimal parameters for RF, including the number of trees
in the forest (n_estimators), the maximum number of fea-
tures permitted for node splitting (max_features), and the
minimum amount of data points eligible for in a leaf node
(min_samples_leaf). In addition, RF utilizes certain obser-
vational values that are not employed in tree construction
as the out-of-bag sample to calculate the associated relative
error (Yang et al. 2016).

BRT is a sophisticated technique that combines the boost-
ing technique with regression trees to enhance predicting
accuracy (Zhou et al. 2020b). Specifically, the boosting strat-
egy involves iteratively fitting regression trees by employ-
ing recursive binary splits to detect inadequately modeled
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observations in existing trees until a low model deviation is
attained (Yang et al. 2016). Similar to RF, BRT also needs
to ascertain the appropriate values for performing (Wang
et al. 2018). In the BRT algorithm, we applied grid search
for three parameters: 1. Number of trees (n_estimators), 2.
Learning rate (learning_rate), and 3. Maximum depth of the
individual regression estimators (max_depth).

For this study, hyperparameter tuning and ML algorithms
were conducted via the scikit-learn package.

2.5.3 Hybrid approaches of machine learning
and geostatistics

RFRK and BRTRK combined the strength of RF and BRT
in prediction with the capability of OK in spatial interpola-
tion, which was used with the expectation of enhancing the
prediction accuracy for forest SOCD in the study area. Their
implementations included two steps. First, RF and BRT were
generated predicted SOCD values QRF /grr(%;). Secondly, OK
was applied to the residuals from RF and BRT £, and then
added to 2RF /Br7(X;) at th/e: x; locations. The SOCD values
of RFRK and BRTRK (Zg g /rrri (X;)) were estimated
according to Eq. (8).

ZRFRK/BRTRK(xi) = ZRF/BRT(xi) +Eok (8)

2.6 Model validation

The performance of OK, UK, KED, RF, BRT, RFRK, and
BRTRK was evaluated using a leave-one-out cross-valida-
tion (LOOCYV) procedure. Three metrics, including mean
absolute prediction error (MAE), root mean square error
(RMSE), and coefficient of determination (R?), were calcu-
lated for model accuracy evaluation. The smaller the MSE
and MAE and the larger the R?, the superior the predictive
capability. Besides, we used mean error (ME) to identify
whether the model tends to systematically over- or under-
predict, with ME close to zero indicating an unbiased model.

1 n
MAE = - 21’:1 |P; -0 ©)

1 n
RMSE = \/ ~ Y Pim Oy (10)
:lzl (Ol - ?)l ’
R=l-—— 5 an
2?:1 <0i - 0)
1 n
ME = — > (Pi—0) (12)

where P; is the predicted SOCD, O; is the observed SOCD
at the location i, O is the mean of the observed values, and
n is the number of sampling locations.

3 Results

3.1 Descriptive statistics of forest soil organic
carbon density

The descriptive statistics of SOCD at 30-cm topsoil in for-
ests are shown in Table 3. The SOCD ranged from 43.40
t.ha~! to 149.07 t.ha~!, with a mean value and standard
deviation of 96.97 t.ha~! and 22.68 t.ha™!, respectively.
The skewness and kurtosis coefficients were — 0.15 and
— 0.28, respectively, indicating that the field-based SOCD
observations exhibited slight left skewness with a light tail.

3.2 Feature selection

Linear correlations between SOCD in forest topsoil and
thirty quantitative predictors were calculated as shown in
Fig. 3. We found correlations of twenty-three covariates
(p-value <0.05), including B2, B3, B4, BS5, B11, B12,
EVI, NDVI, GNDVI, RVI, SAVI, HH, HV, HH-HV, DTR,
CNBL, ELEV, SLOPE, TRI, TWI, VD, MAP, and MAT
with SOCD in the study site. According to Pearson cor-
relation coefficients, it is worth noting that most of the
variables derived from climate factors and topographic
attributes had stronger correlations with SOCD than those

Table 3 Descriptive statistics

. . Variables  Mean Std. Deviation ~ Value Range Skewness  Kurtosis ~ Kolmogorov—
of SOCD and residuals derived (tha™")  (tha™") (tha™") Smirnov
from UK, KED, RF, and BRT
Statistic  p-value

SOCD 96.97 22.68 43.40—149.07 -0.15 -0.28 0.08 0.11
Ryx 0.00 21.15 —4837—44.11 -0.13 -0.29 0.06 0.20
Ryep 0.00 16.93 —39.77—40.86 - 0.07 -0.23 0.05 0.20
Rgyp 0.07 13.50 -26.79-3490 0.23 - 0.47 0.08 0.08
Rgrr -0.80 13.28 -36.61-31.62 0.02 0.00 0.06 0.20
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extracted from RS and geographical position data. In par-
ticular, MAT and ELEV exhibited the highest correlations,
with r values of — 0.67 and 0.65, respectively. Besides,
absolute r values of these twenty-three environmental
covariates ranged from 0.22 to 0.67, indicating the pres-
ence of little to moderate correlation with forest SOCD.
It also suggested that non-linear modeling was essential
to leverage the relationship between SOCD and its envi-
ronmental covariates.

The RFE method was employed to identify the most
critical predictors from significantly correlated variables,
subsequently used as input variables for RF and BRT.
Figure 4 shows the change in negative RMSE with the
increasing variable number. The highest negative RMSE
values of variable groups were — 14.70 and — 14.83 for
RF and BRT, respectively. The results indicated that the
optimal variable number for RF was eleven, while BRT
achieved the most efficient performance with twenty vari-
ables. The retained variables for RF and BRT are listed
in Fig. 4.

To avoid multicollinearity in the ML models, pairs of
variables from the same data source with absolute r values
greater than 0.8 were identified. For each pair, the variable
with lower relative importance in Fig. 6a was withdrawn. As
a result, two variables (CNBL and MAP) were eliminated
from the set of eleven optimal variables for RF, and eight
variables (TRI, CNBL, B12, NDVI, GNDVI, EVI, MAT,
and HH) were removed from the set of twenty optimal vari-
ables for BRT.

(a) RFE-RF
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3.3 Deterministic component modeling for SOCD
estimation

Following feature selection through correlation analysis
and RFE, the deterministic components of forest SOCD in
our study were generated by UK (Fig. 5a), KED (Fig. 5b),
RF (Fig. 9d), and BRT (Fig. 9¢). Regarding geostatistical
models, the UK employed a first-order polynomial model to
derive trend component between field-based SOCD observa-
tions and their corresponding coordinates (X, Y). According
to the implementation of the polynomial model, the coef-
ficients of intercept and Y variable were omitted as their
p-values exceeded 0.05 (Fig. 5a). Also, in order to derive
trend components between field-based SOCD observations
and the MAT variable, KED utilized a linear regression
model. Once this model was implemented, the coefficients
of both the intercept and MAT variables were found to be
less than 0.05 (Fig. 5b), and hence, they were retained in the
prediction model.

In the case of ML algorithms, nine optimal environmental
covariates for RF and twelve optimal environmental covari-
ates for BRT were used to generate the trend components of
forest SOCD. The hyperparameter tuning process provided
optimal external configuration parameters for both models.
For RF, the best performance was achieved with n_estima-
tors value =300, max_features value =4, and min_samples_
leaf value =1, whereas BRT gained optimal performance
with n_estimators value =400, learning_rate value =0.35,
and max_depth value =3. For SOCD estimation using RF

b
(b) RFE-BRT
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Selected features: B11, EVI, NDVI, HV, HH-HV,
CNBL, ELEV, TWI, VD, MAP, MAT

Selected features: B2, B11, B12, EVI, GNDVI, NDVI,
RVI, SAVI, HH, HV, HH-HV, DTR, CNBL, ELEV,
SPOLE, TRI, TWI, VD, MAP, MAT

Fig.4 RFE implementation for RF (a) and BRT (b) in selecting variables
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Coefficients:
Estimate p-value
(Intercept) 3.168e+02 0.55
X -7.912e-04 0.00%***
Y 2.416e-04 0.39

Fig.5 Spatial distribution and model summary of the deterministic components of UK (a) and KED (b)..

0.001

and BRT, the ranking of environmental covariates after
multicollinearity analysis ordered by relative importance is
illustrated in Fig. 6b. The top three variables for RF were
ELEV, MAT, and NDVI, while for BRT, they were ELEV,
MAP, and HV. Notably, ELEV was consistently the most
crucial predictor in both models to estimate forest SOCD
within our study site.

3.4 Semivariogram analysis of SOCD and residuals
from predictive models

The study used field-based SOCD data and residuals derived
from the deterministic functions of UK, KED, RF, and BRT
for the semivariogram analysis. The outcomes of the Kol-
mogorov—Smirnov test in Table 3 and histograms in Fig. 7a,
b, c, d, e show that the field-based SOCD data (skewness
=—0.15, kurtosis = — 0.28), as well as the residuals from UK
(Ryk, skewness =— 0.13, kurtosis = — 0.29), KED (Rggp,
skewness =— 0.07, kurtosis =— 0.23), RF (Rgp, skewness
=0.23, kurtosis =— 0.47), and BRT (Rgry, skewness =0.02,
kurtosis =0.00), all had p-values greater than 0.05 and dis-
played bell-shaped curves, indicating all mentioned variables
possessed a normal distribution. Additionally, the semivari-
ogram cloud of these five variables (Fig. 7f, g, h, i, j) exhib-
ited no significant trends in semivariance (the mean value of
semivariance was constant over the research area), suggesting
that the intrinsic stationarity assumption was satisfied.

@ Springer
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Coefficients:
Estimate p-value

(Intercept) 403.487 0.00%**
MAT -12.750 0.00%**%*

indicates that p-values were below

After confirming normality and stationarity assumptions,
these variables were directly utilized in the computation of
experimental semivariograms. From the visual analysis,
there were spatial autocorrelation structures in the SOCD,
UK residuals, KED residuals, RF residuals, and BRT residu-
als (Fig. 7k, 1, m, n, o). Table 4 shows the basic param-
eters of the semivariogram models. The function exhibit-
ing the maximum R? value alongside the minimum MAE
and RMSE values was chosen for the best-fit experimental
semivariogram models. As a result, the semivariogram of
the ML residuals used the Gaussian function, while that of
SOCD and residuals from geostatistical models used the
exponential function, except for the UK, which used the
spherical function. The sill values were all positive, rang-
ing from 189.77 to 595.67, suggesting a variety of positive
substrate effects. The nugget values of Ryp and Rppr (101.81
and 111.36, respectively) were higher than those of SOCD,
Ry, and Rggp, (0.00, 23.09, and 0.00), revealing that residu-
als generated by ML algorithms had a stronger spatial vari-
ability attributed to random elements (e.g., undetectable and
inherent variability), in comparison to SOCD and residuals
from geostatistical models. SOCD, Ry, and Rggp had N/S
ratios of 0.00, 0.05, and 0.00, respectively, signifying the
presence of strong spatial dependence, while Ry and Rgpy
had N/S ratios of 0.51 and 0.59, indicating moderate spatial
dependence. The N/S value for SOCD was lower than that
for most residuals derived from the regression algorithms,
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Fig.6 The relative importance of the environmental covariates in ML models before multicollinearity variables elimination (a) and after multi-

collinearity variables elimination (b)

indicating a reduction in the degree of spatial dependence
after accounting for deterministic trends. Among residual
components, N/S values in Ry and Rygp, were smaller than
those in Ry and Rgpy, suggesting that residuals from geo-
statistical models had stronger spatial dependence than those
from ML models.

Based on the parameters of experimental semivariogram
models (Table 4), we interpolated the spatial distribution
of Ryk (Fig. 7p), Rggp (Fig. 7q), Ryp (Fig. 7r), and Rgpy
(Fig. 7s). The ranges of Ryk (from — 45.36 to 40.94 t.ha™)
and Rygp (from — 38.32 to 37.19 t.ha™') were considerably
larger than Ry (from — 16.14 to 23.35 t.ha™') and Rygy
(from — 19.66 to 14.07 t.ha™"), indicating ML performed
better than geostatistics in forest SOCD estimation with
respect to accuracy in our research site.

3.5 Accuracy assessment and comparison
of geostatistics, ML algorithms, and their hybrid
approaches

The results of LOOCYV for accuracy evaluation are presented
in the numeric format in Table 5 via three metrics, namely
MAE, RMSE, and RZ%. Overall, in our study site, the hybrid
approaches combining ML with geostatistics performed best
for forest SOCD estimation, followed by ML algorithms,
with geostatistical models performing the least effectively.
Among the used seven predictive models, RFRK achieved
the greatest accuracy and the low errors (R>= 0.71, MAE
=10.28 tha™', and RMSE =12.23 tha™'), whereas the
opposite pattern was observed in OK (R?>= 0.53, MAE
=12.69 tha™', and RMSE =15.54 tha™").
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Table 4. Pa.rameter estimgtions Parameters Theoretical models Nugget Sill N/S Range MAE RMSE R?
for semivariogram analysis of (m)
SOCD and residuals from UK,
KED, RF, and BRT SOCD Exponential 0.00 595.67 000 3269.15 1269 1554  0.53
Gaussian 88.63 552.69 0.16  2873.67 12.74  16.12 0.49
Spherical 25.07 544.14  0.05 635838 12,56  15.70 0.52
Ryk Exponential 0.00 549.70  0.00  2996.03 12.66 1542 0.46
Gaussian 109.39 51515 021 321044 12,66 15.69 0.44
Spherical 23.09 507.41  0.05 594031 1240 1530 0.47
Rep Exponential 0.00 337.68 0.00 1765.85 12.04  14.60 0.25
Gaussian 93.07 33175 028 171524 1222  14.83 0.23
Spherical 48.75 328.68 0.15 450597 1197 14.65 0.24
Rgyp Exponential 41.90 20145 021 165027 1040 1234 0.16
Gaussian 101.81 20047 051  2746.65 1028 1223 0.17
Spherical 68.13 19752 034  4329.88 10.32 1226 0.17
Rgrr Exponential 6.10 189.30  0.03  671.51 10.61  12.96 0.04
Gaussian 111.36 189.77 059  1045.04 10.67  12.88 0.05
Spherical 98.26 190.35 052 291934  10.70  12.90 0.05

Table 5 Evaluation metrics for geostatistics, machine learning algo-
rithms, and hybrid approaches

Modeling tech- ME MAE RMSE R?
niques (tha™h) (tha™h) (tha™h)
Geostatistics

OK 0.17 12.69 15.54 0.53
UK 0.12 12.40 15.30 0.54
KED —0.10 12.04 14.60 0.58
ML algorithms

RF -0.07 11.36 13.44 0.65
BRT 0.80 10.69 13.24 0.66
Hybrid approaches

RFRK —0.10 10.28 12.23 0.71
BRTRK -0.07 10.67 12.88 0.67

Although being the least accurate in the forest SOCD com-
pared to ML algorithms and the hybrid approaches, three geo-
statistical models achieved acceptable prediction accuracy.
Among these, KED that used an external drift variable (MAT)
instead of an internal drift variable (spatial coordinate) as in
OK and UK to build the deterministic function, was superior
over others, with R>= 0.58, MAE =12.04 t.ha™', and RMSE
=14.60 t.ha~!. When it comes to ML algorithms, the findings
indicate that both RF and BRT had strong predictive capabili-
ties, evidenced by the R? values ranging from 0.65 to 0.66, the
MAE values ranging from 10.69 to 11.36 t.ha™!, the RMSE
values ranging from 13.24 to 13.44 t.ha™!. After additionally
interpolating residuals by OK as the spatial autocorrelation,
ML modeling plus residual kriging methods enhanced the pre-
diction accuracy in the comparison of ML models. Specifi-
cally, RFRK and BRTRK reduced prediction errors (MAE and

RMSE) and increased R2. MAE, RMSE, and R? were 10.28
tha™!, 12.23 tha™!, and 0.71 for the former and were 10.67
tha!, 12.88 t.ha™', and 0.67 for the latter, respectively. The
prediction accuracy order of the seven models, from highest
to lowest, was RFRK, BRTRK, BRT, RF, KED, UK, and OK.

Regarding ME, the OK, UK, and BRT models had positive
ME values, supporting the fact that these predictive models
tended to overestimate the observed values on average. The
opposite pattern was recorded in the KED, RF, RFRK, and
BRTRK models when their ME values were negative, sug-
gesting that these models had a tendency to underestimate the
observed values on average. Notably, the highest absolute ME
value was found in BRT (0.80). Consequently, although BRT
provided better accuracy than its ML counterpart (RF) and
geostatistical models (OK, UK, and KED) in terms of MAE,
RMSE, and R?, it had a greater tendency to bias. However,
incorporating interpolated residuals into BRT’s deterministic
trend reduced the absolute ME values to 0.07. Overall, the ME
values of geostatistics, ML algorithms, and hybrid approaches
were all relatively close to zero, illustrating the absence of
significant problems with the models’ biases.

The performance of predictive models was also illustrated
through a graphical format (Fig. 8). The predicted-observed
fit lines of ML algorithms along with residual kriging were
closer to 1:1 line than that of both ML algorithms and geo-
statistical models. Additionally, compared to geostatistics,
the slope of the fit lines for hybrid approaches increased
significantly, indicating a substantial improvement in predic-
tion accuracy. In contrast, the slope of the fit lines for ML
methods changed less compared to geostatistics, reflecting
an improvement in forest SOCD estimation, though not as
high as that observed for the hybrid approaches, yet still
outperforming geostatistics.
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Fig.8 Observed vs. predicted values for soil organic carbon density based on OK (a), UK (b), KED (c), RF (d), BRT (e), RFRK (f), and
BRTRK (g). Blue dots, green dots, and yellow dots present values of geostatistics, ML algorithms, and hybrid approaches, respectively

3.6 Spatial distribution of forest SOCD
The spatial pattern of forest SOCD using OK, RF, and BRT

was generated directly after semivariogram analysis or trend
modeling, whereas spatial distributions of forest SOCD

@ Springer

based on UK, KED, RFRK, and BRTRK were obtained by
combining Fig. 5a with Fig. 7p, Fig. 5b with Fig. 7q, Fig. 9d
with Fig. 7r, and Fig. 9e with Fig. 7s, respectively. Signifi-
cantly, there were no considerable discrepancies in the spa-
tial distribution of forest SOCD across the seven utilized
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Fig.9 Spatial distribution of the estimated SOCD in the top 30 cm of forest surface using OK (a), UK (b), KED (c), RF (d), BRT (e), RFRK (f),

and BRTRK (g)

predictive models (Fig. 9). Nevertheless, while these maps
exhibited a comparable spatial distribution pattern, the forest
SOCD values exhibited considerable dissimilarity.

It is evident that the forest SOCD exhibited a clear and
consistent decline from west to east directions, which closely
aligned with the topography characteristics of the research
site. The largest SOCD was recorded in the western and
northwestern zones, encompassing a significant expanse

of predominantly forested areas managed by the Danang
Department of Forest Protection. Contradictorily, SOCD
values were lowest in the middle of Danang city where for-
ested and non-forested areas intersect, likely due to lower
cover of vegetation and the impact of intensive anthropo-
genic activities. Besides, based on the residual maps (Fig. 7),
SOCD maps (Fig. 9), and DEM (Fig. 1), it can be observed
that all models used for estimating SOCD underestimated
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high SOCD values in high-altitude mountainous areas and
overestimated low SOCD values in even terrain areas.

4 Discussion

The primary findings in our study indicate that, regardless
of the influence of environmental covariates, the selection of
the predictive models could substantially affect the accuracy
of predicting SOCD in tropical forest ecosystems. From the
study results, it is worth noting that selecting one subopti-
mal model could result in diminished predictive efficacy by
approximately 25.35%, 23.44%, and 27.06% in terms of R?,
MAE, and RMSE, respectively, when comparing the OK
model and the RFRK model (Table 5).

Our results show that RF and BRT had greater accuracy
and lower errors than OK, UK, and KED, indicating that
ML algorithms comparatively outperformed geostatistics
in forest SOCD estimation. This conclusion contradicted
the results of Beguin et al. (2017), who evaluated the pre-
diction effectiveness of four ML systems (including BRT,
RF, Cubist, and weighted k-nearest neighbors) and OK in
Canadian forests, reported that the kriging method exhibited
greater accuracy than all ML-based models. The success of
ML over geostatistics in our study can be explained by two
main reasons. Firstly, given that the geographical location
of sampling points was suboptimal for geostatistics, it was
unsurprising that kriging did not perform perfectly. The pre-
requisites regarding sampling for kriging and ML differ sig-
nificantly: geostatistics necessitates a sampling strategy that
is intended for accurately accommodating variogram fitting,
while ML involves a design to ensure thorough coverage
of all predictors (Veronesi and Schillaci 2019; Suleymanov
et al. 2024). In spatial soil sampling for geostatistics, the
sampling design is a crucial determinant in achieving effec-
tive outcomes in soil mapping endeavors (van Groenigen
et al. 1999). Given knowledge about the variogram of the
property being studied, it is feasible to enhance the sam-
pling technique to minimize an objective function that is
associated with the error in the survey. However, the knowl-
edge of the variogram is seldom available before sampling
unless it has been calculated based on a preliminary survey
or for the similarity in soil characteristics under compara-
ble circumstances (Wadoux et al. 2019), which was not the
situation in this investigation. For this reason, we chose to
employ a regular grid as a spatial coverage scheme instead,
which can take account of the spatial dependence of soil
parameters in specific sampling regions and minimize the
maximum kriging error (Di et al. 1989; Webster and Oliver
2007). However, implementing a sampling strategy based on
geostatistics in tropical forest landscapes was problematic
due to access issues such as complex terrain and dense veg-
etation (Barker and Pinard 2001; Clough and Green 2013).

@ Springer

Some identified locations from the initial sampling design
could not be reached and were either eliminated or substi-
tuted with the farthest accessible one toward these locations,
resulting in inflated sampling bias (the sampling locations
were densely clustered in some regions and sparsely dis-
tributed across the study site) and increased sample spac-
ing. Consequently, the kriging standard error rose, and the
spatial structure was not accurately represented due to the
elevated SS/CR (Di et al. 1989; Goidsts et al. 2009; Zhu and
Lin 2010; Clough and Green 2013). In contrast to geosta-
tistics, RF and BRT models have proven useful in predict-
ing soil properties in challenging mountainous terrains with
limited accessibility for soil sampling and places with very
low soil sample density (Lamichhane et al. 2019). The pos-
sible explanation for these ML algorithms’ advantage is that,
like standard regression, they typically emphasize optimiza-
tion within feature space rather than considering the geo-
graphic distribution of observations (Brus and Heuvelink
2007). Secondly, from the literature, it is proven that when
a non-linear relationship exists between the target variable
and predictor covariates, and the target variable presents
spatial correlation, ML algorithms outperform geostatistics
in predictive accuracy (Fouedjio and Klump 2019). In our
study, the predictor variables used for modeling were mostly
derived from RS data, which have been demonstrated to have
a non-linear relationship to SOCD (Guo et al. 2015; Akbari
etal. 2021; Abdoli et al. 2023). The little to moderate corre-
lations between field-based SOCD measurements and envi-
ronmental variables, as shown in Fig. 3, further confirmed
non-linear relationships among them. Additionally, SOCD
is considered a regionalized variable and often tends to be
spatially correlated (Di et al. 1989; Bergstrom et al. 2001;
Dai et al. 2018).

Despite the differing methods, the forest SOCD maps
produced by geostatistics and ML algorithms were gener-
ally analogous (Fig. 9). However, the maps of predicted for-
est SOCD based on ML, particularly decision tree-based
algorithms like RF and BRT in this study, showed that ML
methods were inclined to produce more detailed patterns and
the abrupt changes of SOCD level in the forested area. It is
attributed to the ML’s key feature of mainly learning from
data to make the prediction, making it sensitive to the used
predictor covariates such as elevation and climate factors
(Erdogan Erten et al. 2022). Meanwhile, the kriged SOCD
generated from OK, UK, and KED had a smoother pattern
since kriging techniques are able to minimize the variability
of the estimates relative to that of the observations (Oliver
and Webster 1990; Veronesi and Schillaci 2019).

It is clear from Table 5 and Fig. 8 that the performance of
RF and BRT appeared inferior to the performance of RFRK
and BRTRK, suggesting a greater predictive efficacy of the
hybrid approaches relative to ML algorithms in tropical for-
est SOCD estimation. This finding is in accordance with the
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previous research (Guo et al. 2015; Silatsa et al. 2020; Suley-
manov et al. 2023), which was also conducted under forest
vegetation. Theoretically, the application of ML techniques
for spatial estimation is problematic, because they presup-
pose the data are spatial uncorrelatedness (Erdogan Erten
et al. 2022). As a result, the spatial autocorrelation structures
are overlooked and persist in the residuals (Liu et al. 2022;
Zhu et al. 2022). From Table 4 and Fig. 7, it is noticeable
that spatial autocorrelation structures still existed in the
RF and BRT’s residual components, which means that RF
and BRT could not properly extract completely structured
information of forest SOCD. Guo et al. (2015) demonstrated
that when ML residuals exhibit spatial autocorrelation, the
accuracy of ML algorithms can be improved by applying
kriging to interpolate the residuals and subsequently joining
the interpolated residuals into the ML estimates. Therefore,
the enhancement of hybridization in our study came from
the successful combination of the strength of ML algorithms
in predicting deterministic parts and the capability of OK in
handling the remaining spatial autocorrelation structure of
stochastic errors that may provide challenges when relying
solely on either geostatistics or ML algorithms.

The improvement in the accuracy of the hybrid
approaches in tropical forest SOCD estimation was still lim-
ited because of the poor spatial dependence of residual com-
ponents extracted from ML, and the enhancement of RFRK
was somewhat superior to that of BRTRK. The strength of
spatial dependence of the RFRK and BRTRK models was
illustrated by the values of N/S, as shown in Table 4. A
weak and strong spatial dependence suggests that spatial
variability is predominantly driven by external soil factors
and soil internal (e.g., vegetation and soil parent material)
factors, respectively, while a moderate spatial dependence
results from a combination of both these factors (Yao et al.
2019). From the result in Table 4, N/S values of residuals
from both ML algorithms, including RF and BRT, were 0.51
and 0.59, respectively, revealing a moderate spatial depend-
ence of residuals controlled by both external and internal
soil factors. The moderate spatial dependence of Ry and
Rprr 18 probably attributed to the effectiveness of tree-based
ensemble ML models and the competing demands regard-
ing the suitable scheme of sampling points (Brus and Heu-
velink 2007). More specifically, there was a considerable
reduction in the strength of spatial dependence from strong
spatial dependence in the SOCD variable to moderate spa-
tial dependence in residuals after implementing ML models
(Table 4). Meanwhile, the conflict regarding the optimal
arrangement of sample locations arises from the fact that in
hybrid techniques, the observed data was used twice: first, to
fit the ML regression models, and second, to perform kriging
on the residuals. Our sampling scheme, however, appeared
to be more appropriate for ML models, leading to a worse
capacity to capture the degree of spatial autocorrelation

structure in residuals. Besides, Guo et al. (2015) pointed
out that the ML plus residuals kriging approach encountered
difficulty interpreting the relationship between the target
variable and predictor variables. To address this limitation,
Pearson correlation analysis and RFE were integrated with
the hybrid models, making it possible to enhance the predic-
tive accuracy.

The maps of forest SOCD’s spatial distribution produced
by the ML algorithms and the hybrid techniques exhibited
little difference despite their distinct methodologies (Fig. 9).
However, forest SOCD of hybrid approaches showed a
clumped distribution compared to that of ML algorithms.
In other words, when integrating interpolated residuals with
predicted SOCD of ML, the spatial variability of forest
SOCD became smoother, and the occurrence of spatial ran-
domness decreased. Besides, all these models appropriately
estimated SOCD on average, yet underestimation occurred
with higher observed SOCD values and overestimation
appeared with lower observed SOCD values (Fig. 8). Since
the incorporation of the kriged residuals can broaden the
upper and lower bounds of the predicted values, the ranges
of forest SOCD in RFRK and BRTRK exhibited signifi-
cantly greater compared to those of RF and BRT. The more
extensive range partly suggested that the hybrid methods
can handle better the underestimation of high SOCD values
in high-elevation mountain areas and the overestimation of
low SOCD values in low-lying terrain areas compared to
corresponding ML models.

5 Conclusions

In this study, three geostatistical models (OK, UK, KED),
two ML algorithms (RF and BRT), and two combined mod-
els of ML and geostatistics (RFRK and BRTRK) were uti-
lized to model SOCD in tropical forest ecosystems of Central
Vietnam on the basis of the correlated predictor covariates,
including RS data, topographic attributes, climatic factors,
and geographic position variables. Under the similarity in
the quantity and quality of geo-referenced data, along with
the restricted availability of observational information due
to access issues in tropical forest landscapes, all applied
approaches yielded promising results in SOCD estimation,
as revealed via high R? and low error metrics. Nevertheless,
the hybrid methods consistently exhibited the greatest accu-
racy, with the ML algorithms surpassing the geostatistical
models. Regarding visualization, the prediction maps pro-
duced by the hybridization showed the most realistic SOCD
pattern for the forests. Meanwhile, the prediction maps gen-
erated by geostatistics were prone to have smoother patterns
and those produced by ML tended to possess more detailed
patterns. Last but not least, by adding the kriged residuals for
capturing spatial autocorrelation structures, the combined
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models showed superiority in alleviating over- and under-
estimation of the extreme values over the ML algorithms.
Our findings suggest that the use of hybrid models should
be taken into consideration for accurately modeling SOCD
in tropical forest ecosystems.
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