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Soil organic carbon (SOC) is intrinsically linked to global carbon balance, climate change mitigation, soil health,
and agricultural productivity. Therefore, obtaining accurate information on the spatial-temporal of the soil
organic carbon stock (SOCS) is essential. We proposed a four-dimensional (4D) SOCS mapping approach,
encompassing space (two dimensions), depth and time. A 100 x 100 m grid sampling was conducted in 1997 and
2022 at two depths (0-20 cm and 80-100 cm) in a sugarcane farm. Dynamic and static covariates representing
the soil formation processes were used to fit three Cubist models. We tested three strategies for SOCS spatial-
temporal mapping: 1) a model for each year, 2) a model fitted using only the data of the last year (2022) and
3) a multitemporal model using data of both periods. Based on external validation, strategy 1 and 3 produced
more accurate and less biased maps, with coefficient of determination (Rz) of 0.74, root mean square error
(RMSE) of 7.69 ton ha! and bias of 3.43 ton ha! and R? of 0.76, RMSE of 7.19 ton ha! and Bias of 3.25 ton
ha™! for strategy 3, respectively. Strategy 2 was less efficient (R = 0.71; RMSE = 11.06 ton ha™; Bias = 7.93 ton
ha™1). Strategy 3 is particularly useful for SOCS mapping when only limited temporal observations are available.
Soil attributes (static) were most important covariates for modeling, followed by a bare soil image (dynamic) and
vegetation information (dynamic). An increase in SOCS was observed in most sampling sites and predicted maps.
The SOCS dynamic was related to soil type, geology and showed an inverse relationship with bare soil frequency.
Finally, the SOCS saturation deficit was assessed by spatio-temporal mapping.

balance, climate change mitigation, soil health, and agricultural pro-
ductivity (Evangelista et al., 2024; Feeney et al., 2024; Hoffland et al.,
2020; Liptzin et al., 2022; Wiesmeier et al., 2019). However, due to

1. Introduction

Soil organic carbon (SOC) represents two-thirds of the total terres-

trial carbon, accounting for approximately 50-80% (Padarian et al.,
2022; Stockmann et al., 2013) Given this extensive storage capacity,
small changes in SOC can affect atmospheric CO2, concentration and,
consequently, global climate (Lal, 2016; Minasny et al., 2017; Zhang
et al., 2024). In summary, SOC is intrinsically linked to global carbon

natural and anthropogenic factors, such as socioeconomic development
and land use changes including agriculture and urbanization, SOC shows
considerable spatio-temporal variability (Stockmann et al., 2013; Tayebi
et al., 2021; Wiesmeier et al., 2019). Therefore, it is essential to obtain
accurate information on SOC spatio-temporal variations and to
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understand the predominant factors driving them (Heuvelink et al.,
2021; Zhang et al., 2024).

Digital soil mapping (DSM) is an efficient method for spatial pre-
diction of SOC over different scales using a relatively small number of
sampling points and environmental covariates (McBratney et al., 2003).
There has been an exponential increase in publications of content/stock
SOC mapping by DSM and remote sensing in the last two decades. Many
SOC maps have been produced at the local or farm level at detailed
scales, allowing the use of SOC information for better soil management
(Castaldi et al., 2023; Tran et al., 2024; Zhou et al., 2022). Other studies
have reached regional, national, and global levels (Adhikari et al., 2014;
Gomes et al., 2019; Hengl et al., 2017; Kempen et al., 2019). In parallel,
other studies have gone further by mapping other SOC characteristics,
such as fractions, dynamic, maximum potential, and deficit of seques-
tration (Rodriguez-Albarracin et al., 2023, 2024; Roman Dobarco et al.,
2023). Among these, Rodriguez-Albarracin et al. (2023) mapped the
maximum theory potential of SOC sequestration, and the saturation
deficit based on soil mineralogy information.

However, most SOC mapping initiatives are static and do not
represent SOC temporal variations (Rosin et al., 2026). Unlike conven-
tional DSM, which uses only static soil observation point and covariates,
SOC stock (SOCS) spatial-temporal mapping incorporates dynamic
covariates over time and soil observation points collected in different
periods to capture SOC temporal variations (Heuvelink et al., 2021).
This approach allows the derivation of SOC maps beyond the period in
which SOC observations are made, based on the assumption that the
relationship between SOC and covariates can be extrapolated over time.
The accuracy of spatial-temporal DSM machine learning models is
largely influenced by the number and distribution of soil observation
points in space and time, as well as by the ability of selected dynamic
covariates to capture the SOC variations over time (Heuvelink et al.,
2021).

Several studies have been developed in that direction. Heuvelink
et al. (2021) mapped the SOCS of Argentina between 1982 and 2017
at 0-30 cm depth, using a machine learning multitemporal model (a
single model for all periods) and the normalized difference vegetation
index (NDVI) as a dynamic covariate. Ugbaje et al. (2024) also used a
machine learning multitemporal model with NDVI and climate date as
dynamic covariates to predict the SOCS at 0-30 cm depth for Australia
between 1990 and 2018. Bartsch et al. (2025) predicted the SOC content
from 2014 to 2021 at 0-20 cm depth in an agricultural area in Brazil
using points collected in different locations, employing both a multi-
temporal model and different models for each period. Nguemezi et al.
(2021) predicted the SOCSs at reginal scale in Cameroon for 1985 and
2017 at 0-30 cm depth, using different sampling points and different
models for each year. In the same way. Similarly, Szatmari et al. (2019)
mapped SOCS change between 1992 and 2010 for Hungary at 0-30 cm
depth by fitting separate DSM models for both years but using points in
collected in the same location.

Most studies use legacy soil data with soil samples collected in
different periods, but not in the exact same locations, employing mul-
titemporal models or a different model for each period. According to
Heuvelink et al. (2021), repeated measurements over time at the same
locations could favor the modeling of temporal change, as well as the
inclusion of more relevant covaries to capture SOCS dynamics. In this
context, we tested different strategies to SOCS spatio-temporal mapping.
We revisited a study area with the first soil sampling grid established in
1997 and re-collected the samples at the same positions and depths in
2022, to verify SOC variation. We also obtained covariates with strong
correlation with SOCS, such as soil mineralogy (static) and soil reflec-
tance (dynamic).

We proposed a 4D SOCS mapping approach, encompassing space
(two dimensions), depth, and time. We aimed to test three strategies for
SOCS spatial-temporal mapping: 1) a separate model for each year; 2) a
model fitted using only the data of the last year (2022); and 3) a mul-
titemporal model using data of both periods. We evaluated the
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extrapolation capacity of models for locations and periods without
samples, as well as the importance of environmental covariates in each
strategy. We also identified the factors affecting SOCS variations and
calculated the SOC saturation and deficit for both periods, based on the
study by Rodriguez-Albarracin et al. (2023).

2. Material and methods

We tested three different strategies for 4D SOCS temporal mapping.
The flowchart of methodology can be found in Fig. 1a.

2.1. Study area and soil samples

The study was conducted in a 184 ha sugarcane farm in Rafard, Sao
Paulo, Brazil, located within Peripheral Depression of Sao Paulo in the
Capivari River watershed (Fig. 1b). The lithology is composed of alluvial
deposits, diabase, metamorphosed siltstones and siltstones (Nanni,
2000). The climate (Koppen classification) is subtropical mesothermal
(Cwa), with an average annual precipitation of 1200 mm and average
temperatures of 24 °C (Alvares et al., 2013). The altitudes vary from
474.83m to 567.69 m and the maximum slope is 35% (Farr and
Kobrick, 2000). The study area has a high soil variability, including
Cambisols, Gleysols, Chernozens, Nitisols, Lixisols and Leptosols
(Bazaglia Filho et al., 2013; IUSS Working Group WRB, 2015).

The study was carried out in an area that has been used for research
for a long time. The first soil sampling was conducted in 1997 by Nanni
(2000), when a 100 x 100 m grid was demarcated with high precision.
At that time, a total of 184 points were sampled using an auger at depths
of 0-20 cm and 80-100 cm. In 2022, the points were revisited using a
high precision GPS (SP60 GNSS Trimble RTX) and soil sampling was
repeated at 119 point locations for each layer. Sampling was not possible
at some points due to severe anthropogenic alterations, such as road and
terrace construction. It total, we used 119 points from 1997 and 2022 for
model calibration, and the 42 points collected exclusively in 1997 were
used as an external validation dataset (Fig. 1b). Twenty-three points
from the original grid were not used in this study because they are
located outside sugarcane areas or outside the SySI image coverage
(described below).

For laboratory analyses, the soil samples were air-dried, ground, and
passed through a 2 mm sieve. The soil organic carbon (SOC) was
determined by the Walkley-Black oxidation method (Walkley and Black,

a) | sOC Stock Modelling: 4D SOC Stock
content S1) Amodel for each year maps
—_ - : > $2) Amodel for only the
nvironmenta last year Validation/
Covariates $3) Aglobal model Interpretation
A Y

Training data (1997 aid 2092
Test data(1997)

!

Fig. 1. Flowchart of the methodology, study area and sampling points.
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1934) and the clay content was determined by the densimeter method
(Bouyoucos, 1962). The bulk density (BD) was estimated using a
pedotransfer function developed by Benites et al. (2007) for tropical
soils: BD (g cm®) = 1.5688 — (0.0005 x clay (g kg 1)) - (0.0090 x SOC (g
kg‘l)). Finally, the SOCS was calculated by: SOCS (ton ha 1) = soc (g
kg’l) xBD (g cm’3) x t (cm) / 10, being the layer thickness (t) = 20 cm.

2.2. Environmental covariates

In digital soil mapping (DSM), the environmental covariates repre-
sent some factors of SCORPAN model (McBratney et al., 2003). In
temporal DSM mapping, the covariates can be divided into two groups:
static and dynamic. The statics covariates do not change during the
study period, explaining only the spatial variations and, in some cases,
variations with depth. On the other hand, the dynamic covariates show
temporal variation during the study period and explain variations in
space and time. The list of environmental covariates is presented in

Table 1
Environmental covariates list.

Type SCORPAN Predictor name Source /Reference

Static Relief Elevation SRTM (Farr and
Slope Kobrick, 2000)
Northness and TAGEE (Safanelli
Eastness et al., 2020)
Horizontal Curvature
Vertical curvature
Shape index
Soil** Clay
Aluminum XRF
Iron XRF
Silicon XRF
Goethite DRS
Hematite DRS
Kaolinite DRS
Gibssite DRS
Organisms NDVI
MVeg blue
(450-520 nm)
MVeg green
(520-600 nm)
MVeg red (630-690 nm)
MvVeg NIR
(760-900 nm)
MVeg SWIR1
(1550-1750 nm)
MVeg SWIR2
(2080-2350 nm)
Soil, PM and SYSI blue (450-520 nm) GEOS3 (Dematte et al.,
time SYSI green 2018)
(520-600 nm)
SYSI red (630-690 nm)
SYSI NIR (760-900 nm)
SYSI SWIR1
(1550-1750 nm)
SYSI SWIR2
(2080-2350 nm)
Soil and LST
climate
Time and soil

(Mendes et al., 2021b)
(Rosin et al., 2024)

(Mendes et al., 2021a)

(Rouse et al., 1973)
(Rosas et al., 2024)

Dynamic*

(Ermida et al., 2020)

Auxiliar 1997/0-20 cm -
Augxiliar 1997/

80-100 cm

Auxiliar 2022/0-20 cm
Auxiliar 2022/

80-100 cm

Where: PM = parent material; XRF = X-ray fluorescence; DRS = diffuse reflec-
tance spectroscopy; NDVI = normalized difference vegetation index; MVeg
= maximum vegetation; NIR = near infrared; SWIR = short wave infrared; SYSI
= bare soil image; LST = land surface temperature; SRTM = Shuttle Radar
Topography Mission; TAGEE = Terrain Analyses in Google Earth Engine;
GEOS3 = Geospatial soil Sensing System. * The dynamic covariates were ob-
tained for two periods: 1997-1998 and 2022-2023. ** The soil attributes maps
were generated for the layers 0-20 cm and 80-100 cm.
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Table 1.

We used static covariates including relief attributes and soil attri-
butes maps. The relief attributes were derived from Shuttle Radar
Topography Mission (SRTM) (Farr and Kobrick, 2000) using the Terrain
Analyses in Google Earth Engine (TAGEE) (Gorelick et al., 2017; Safa-
nelli et al., 2020). The clay maps were spatialized by Mendes et al.
(2021b) by DSM. The chemical elements maps (aluminum, iron and
silicon) were obtained by X-ray fluorescence and spatialized by DSM
(Rosin et al., 2024). The mineralogical maps (goethite, hematite,
kaolinite and gibbsite) were obtained by diffuse reflectance spectros-
copy and spatialized by DSM (Mendes et al., 2021a). The soil attributes
maps were generated for 0-20 cm and 80-100 cm layers.

The dynamic covariates were derived from different Landsat satel-
lites (5, 7, 8 and 9) for two periods 1997-1998 and 2022-2023 using the
Google Earth Engine (Gorelick et al., 2017). First, the Landsat images
were normalized and corrected according to Roy et al. (2016a), (2016b).
The normalized difference vegetation index (NDVI) (Rouse et al., 1973)
was calculated. A maximum vegetation image (MVeg), which is a
filtered image containing only vegetation pixels, was generated ac-
cording to Rosas et al. (2024). A bare soil image (SYSI), which is a
filtered image containing only bare soil pixels, was generated according
to Dematte et al. (2018). Both MVeg and SYSI have the six Landsat
bands: blue, red, green, near infrared, short wave infrared 1 and
short-wave infrared 2. A land surface temperature (LST) image was
generated according to Ermida et al. (2020). Additionally, four “auxil-
iar” covariates were created, each one consisting of a categorical image
with a single pixel value, where: 1 = 1997 and 0-20 cm; 2 = 1997 and
80-100 cm; 3 = 2022 and 0-20 cm; 4 = 2022 and 80-100 cm.

The resulting environmental covariates have a spatial resolution of
30 m. They were aligned using the “Alling raster” tool and extracted to
the training soil points dataset using the “Point Sampling Tool” in the
QGIS software (QGIS Development Team, 2024).

2.3. Modelling, mapping and validation

Three prediction models were fitted: 1) Model 1: 1997 model, using
only points from 1997 and covariates from 1997 to 1998, 2) Model 2:
2022 model, using only points from 2022 and covariates from 2022 to
2023 and 3) Model 3: a multitemporal model, using all dataset points
(both 1997 and 2022) and covariates from 1997 to 1998 and
2022-2023. The models were used for predicting SOCS for covariates
from 1997 to 1998 and 2022-2023, depending on the strategy tested. In
strategy 1, Model 1 was used to predict the SOCS for 1997-1998 cova-
riates, and Model 2 was used to predict SOCS for 2022-2023 covariates.
In strategy 2, Model 2 was used to predict the SOCS for both 1997-1998
and 2022-2023 periods. Finally, in strategy 3, Model 3 was used to
predict SOCS for both 1997-1998 and 2022-2023 covariates. The maps
were obtained for the 0-20 cm and 80-100 cm layers.

The models were built using the Cubist algorithm (Quinlan, 1992)
implemented in caret R package (Kuhn et al., 2021; R Core Team, 2024).
A 5-fold cross-validation (CV) was used to assess the accuracy of the
prediction models, and the metrics used were the coefficient of deter-
mination (RZ), root mean square error (RMSE), and ratio of performance
to interquartile distance (RPIQ). The importance of independent vari-
ables and the model’s rules were reported based on Model 3.

2.4. External validation

The maps generated using the three strategies for 1997 and for the
0-20 cm and 80-100 cm layers were sampled at the test dataset (42
points from 1997) using the “Point Sampling Tool” in QGIS software
(QGIS Development Team, 2024). The predicted SOCS values were
compared with the measured values based on Rz, RMSE, and Bias met-
rics. External validation was the criterion used to decide which was the
best strategy.
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2.5. Data interpretation

The 1997 and 2022 maps obtained using the best strategy (as
described in 2.4) for the 0-20 cm and 80-100 cm layers were used in the
following analyses. In addition, the SOCS difference map (2022 SOCS —
1997 SOCS) was calculated.

The methodology of Dematte et al. (2020) was used to obtain four
maps of bare soil frequency (BSF), which revel how many times bare soil
occurred in relation to the total number of pixels in an image time series.
The BSF maps were obtained for the periods of two years (1997-1998
and 2022-2023) and for 10 years (1990-2002 and 2010-2022) using
GEE (Gorelick et al., 2017). The relationship between BSF and the SOCS
and SOCS difference maps was evaluated visually and by Person corre-
lation. Person correlation was performed using the stats R package (R
Core Team, 2024).

A detailed geological map was obtained from Nanni (2000), while an
ultra-detailed soil map was obtained from Bazaglia Filho et al. (2013).
The SOCS and SOCS differences were compared with geology and
pedology maps and their temporal changes were analyzed for each soil
and geology type. Additionally, the SOCS and SOCS differences were
also compared visually with a clay map for 0-20 cm and 80-100 cm
layers obtained by Mendes et al. (2021b).

2.6. SOCS saturation and deficit estimation

For the region where the study area is located, Rodriguez-Albarracin
et al. (2023) obtained a map of SOC saturation potential (SOCg,), which
represents the amount of SOC that can be stored in the soil fine fraction
through association with minerals. The difference between the SOCS
associated with minerals (SOCSyioan) in 1997 and 2022 and the SOCSgy¢
represents the SOCS deficit (SOCSpef) for each period, i.e., the amount
that soil fine fraction can still sequester (Rodriguez-Albarracin et al.,
2023). To evaluate the SOCSp,s for each period and depth, these ana-
lyses were performed for the 0-20 cm and 80-100 cm using the best
maps obtained from the best strategy. The results were also stratified by
soil class.

First, the SOCgsyt map from Rodriguez-Albarracin et al. (2023) for the
0-20 cm and 80-100 cm layers were converted to SOCSg,t. We used the
equation SOCSgy; (ton ha 1) = SOCsat (g kg’l) x BD (g em ) x t (cm) /
10, where t =20 cm. The BD was obtained using the Benites et al.
(2007) pedotransfer function: BD (g em™3) = 1.5688 — (0.0005 x Clay
(g kg’l)) —(0.0090 x SOCgyt (g kg’l)), and the clay maps were obtained
from Mendes et al. (2021b). The SOCS maps for 1997 and 2022 for both
layers were converted to SOCSpjoan Using the equation developed by

Rodriguez-Albarracin et al. (2023): SOCSmoan = 0.8966 x importance of 24%. The “organism” factor, represented by the Landsat
1997 dataset (train) 2022 dataset (train) 1997 dataset (test)
<0 20 10
mean = 27.15 ton ha"'! mean = 30.51 ton ha™! mean = 25.26 ton ha™'
sd = 13.83 ton ha"! sd = 9.94 ton ha"! sd = 12.28 ton ha"
15 15 75
S B mean = 9.74 ton ha'! mean = 16.41 ton ha"' O mean = 6.40 ton ha'!
2 sd = 7.69 ton ha sd 5.64 ton ha! sd = 5.09 ton ha"
(5]
g 10 10 5.0
[
5 | 5 25
0 IIII Ill N 5, |em Il. x ll a . LAl |
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SOCS + 0.0773. Finally, the SOCSps for each period and layers were
calculated as follows: SOCSpef = SOCSpoan - SOCSsat.

3. Results
3.1. SOCS descriptive analyses

There was an increase of SOCS content from 1997 to 2022 (Fig. 2).
Considering the training dataset, the SOCS increased from 27.15 ton
ha~! with standard deviation (sd) of 13.83 ton ha~! in 1997-30.51 ton
ha™! with an sd of 9.94 ton ha™! in 2022 for the 0-20 cm layer. Simi-
larly, for 80-100 cm depth, an increase was observed from 9.74 ton ha™!
with an sd of 7.67 ton ha™! in 1997-16.41 ton ha~! with an sd of 5.64
ton ha ! in 2022. The test dataset for 1997 showed a mean value of
25.26 ton ha~! with an sd of 12.28 ton ha™! for the 0-20 cm layer and a
mean value of 6.40 ton ha~! with an sd of 5.09 ton ha™! for the
80-100 cm layer.

3.2. SOCS predicted maps

For strategy 1, two Cubist models were built (Fig. 3ab). The first
model, called Model 1, was built with the 1997 dataset, achieving R? of
0.54, RMSE of 10.25 ton ha’l, and RPIQ of 1.91. The second model,
called Model 2, was built with the 2022 dataset, achieving R? of 0.56,
RMSE of 7.51 ton ha™!, and RPIQ of 2.16. Each model was used to
predict SOCS for the 0-20 cm and 80-100 cm layers of the respective
periods. A visual inspection revealed an increase in SOCS from 1997 to
2022. For strategy 2, Model 2 was used to predict the maps for both
periods and layers, and visually, few variations were observed from
1997 to 2022 (Fig. 3c). For strategy 3, Model 3 was built using data from
both periods, achieving R? of 0.57, RMSE of 8.69 ton ha™?, and RPIQ of
1.99 (Fig. 3d). A visual inspection revealed an increase in SOCS from
1997 to 2022, similar to that observed in strategy 1.

3.3. Environmental covariates importance

The dynamic and static covariates showed similar importance for
SOCS modelling in Model 3, accounting for 52% and 48%, respectively
(Fig. 4). Stratifying the results by SCORPAN factors, the “soil” factor,
represented by soil attributes maps and used as static covariates, showed
the highest importance (36.6%), with emphasis on soil chemical ele-
ments and mineralogy composition (Si, Al and Fe from XRF analyses and
kaolinite relative amount from DRS). The SySi image bands, represent-
ing the soil, parent material, and time as dynamic covariates, showed an

30 40 50 10
SOCS (ton ha'’)

Layer:

40 50
SOCS (ton ha')

0-20 cm [ 80-100 cm

10 20 30 40 50
SOCS (ton ha')

Fig. 2. Soil organic carbon stock (SOCS) descriptive statistics of calibration and validation datasets. sd = standard deviation.
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8.5
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Fig. 3. Modelling accuracy and predicted soil organic carbon stock (SOCS) maps using strategy 1 (a), 2 (b) and 3 (c). R? = coefficient of determination; RMSE = root

mean square error; RPIQ = ratio of interquartile internal.

bands and the NDVI index derived from these bands and used as dy-
namic covariates, showed an importance of 20.4%. The other covariates
representing relief, time, climate, and soil together accounted for 19.1%
of the importance. The rules of the Cubist Model 3 are provided in
Supplementary material.

3.4. External validation

In external validation, strategy 2 resulted in more biased predictions
for the 1997 period and showed higher SOCS predicted values than

strategies 1 and 3 (Fig. 5). The most accurate results were observed for
strategy 3. For strategy 1, the external validation achieved R? of 0.74,
RMSE of 7.69 ton ha~! and a Bias of 3.43 ton ha ! in (Fig. 5a). In this
strategy, the predicted map for 0-20 cm layer showed a mean value of
27.73 ton ha™! with an sd of 10.31 ton ha™!, while the 80-100 cm layer
map showed a mean value of 10.40 ton ha~!, with an sd of 3.83 ton ha™ ™.
For strategy 2, we observed R?0f 0.71, RMSE of 11.06 ton ha™!, and Bias
of 7.93 ton ha™! (Fig. 5b). In this strategy, the predicted map for the
0-20 cm layer showed a mean value of 30.12 ton ha~!, with an sd of
6.44 ton ha™!, while the 80-100 cm layer map showed mean value of
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Static (48%)

[ soil 36.5%) [ SoilPMITime (24.0 %) B organisms (20.4 %) [ Relief (1.0 %)
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17.09 ton ha™!, with an sd of 2.35 ton ha™!. For strategy 3, we observed
R?of 0.76, RMSE of 7.19 ton ha’l, and Bias of 3.25 ton ha™! (Fig. 5¢). In
this strategy, the predicted map for the 0-20 cm layer showed a mean
value of 27.35 ton ha™! with an sd of 10.11 ton ha™!, while the
80-100 cm layer map showed a mean value of 10.44 ton ha~!, with an
sd of 3.43 ton ha™?.

3.5. SOCS temporal dynamic and deficit

From 1997-2022, SOCS increased in almost all regions of the area in
both layers, with a more pronounced increase in the 80-100 cm layer
(Fig. 6a). The SOCS increased by 3.54 ton ha™! for the 0-20 cm and by
6.09 ton ha~! for 80-100 cm layer (Fig7ab). There was a reduction in
BSF in almost all areas from the 1997-1998 period to 2021-2022 period
(Fig. 6b) and from the 1990-2002 period to 2010-2022 period (Fig. 6¢).
Significant negative correlations were found between SOCS and BSF,
ranging from —0.15 to —0.50 for the 0-20 cm layer and from —0.25 to
—0.47 for 80-100 cm layer.

All soil classes showed SOCS increase from 1997 to 2022 in both
layers (Fig. 6d and 7ab). The greatest increase for the 0-20 cm layer was
observed in Yellow Lixisols (8.27 ton ha™1), followed by Red Yellow
Lixisols (5.39 ton ha’l), Nitisols (4.43 ton ha’l), Gleysols (3.94 ton
ha™'), Cambisols (3.62 ton ha ') and Red Nitisols (2.47 ton ha™1).
Chernozens (0.94 ton ha™!) and Leptosols (0.01 ton ha_l) showed the
lowest mean increases, with a decrease in some parts of the study area.
For the 80-100 cm layer, the greatest increase was observed in Nitisols
(7.88 ton ha’l), followed by Red Yellow Lixisols (6.65 ton ha’l),
Cambisols (6.31 ton ha™1), Gleysols (5.90 ton ha™1), Red Nitisols (5.86
ton ha_l), Yellow Lixisols (5.38 ton ha_l), Chernozens (4.82 ton ha 1)
and Leptosols (3.87 ton ha_l).

All geology types also showed an increase from 1997 to 2022 for
both layers (Fig. 6e and 7 cd). The greatest increase for the 0-20 cm
layer was observed in Siltstones (5.29 ton ha’l), followed by Alluvial
deposits (3.83 ton ha™h), Metamorphosed Siltstones (3.56 ton ha™!), and
Diabases (2.12 ton ha’l). For the 80-100 cm layer, the greatest increase
was also observed in Siltstones (6.63 ton ha™1), followed by Alluvial
deposits (6.51 ton ha‘l), Metamorphosed Siltstones (6.43 ton ha_l), and
Diabases (5.49 ton ha™1).

The area had a SOCS saturation potential up to 47 ton ha~!, mainly
related to clayey soils and in 80-100 cm depth (Fig 8ab). The SOCS
deficit decreased from 1997 to 2022 due to the fixation of new carbon
(C) in the soil in both layers (Fig. 8cb). Most of the study area is below
the saturation potential in both periods, whit a small proportion of the
area having more SOC than the saturation potential, mainly in 2022
period.

4. Discussion

The sampled grid at the exact same locations showed that the area
exhibited a generalized increase in SOCS from 1997 to 2022 (Fig. 2). The
land use in the study area remained unaltered between the two periods,
with sugarcane cultivation throughout. Thus, the likely explanation for
SOCS increase is the drastic change in sugarcane management that
occurred in the 2000s in the region where the study area is located,
when the conventional system with the pre-harvesting burning was
replaced by mechanized harvesting without burning (green harvesting)
(Aguiar et al., 2011; Campos et al., 2022). Sao Paulo State law n° 11.241
of 2002 established a deadline for the end of burning, and pre-harvest
burning areas have reached levels close to zero in the state nowadays
(Campos et al., 2022). Furthermore, the adoption of good management
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practices, such as conservative tillage, crop residues management,
by-product recycling, and rational fertilization, may have contributed to
the SOCS increase (Cherubin et al., 2021).

Strategy 1 is similar to non-temporal DSM, where two independent
models were used to predict each period without temporal extrapola-
tion. It resulted in reliable maps, representing the variation observed in
the sampled points (Fig. 2 and Fig. 3ab), while the external validation

indicated accurate and unbiased results (Fig. 4a). A limitation of this
approach is that sufficient soil data are needed in each period to cali-
brate at least two independent models, preferably from points at the
exact same locations. We found results similar to those of Nguemezi
et al. (2021), who mapped SOCS at a regional scale in 1985 and 2017,
achieving R? of 0.62 and RMSE of 11.61 ton ha™! in the first period and
R? of 0.58 and RMSE of 13.15 ton ha™! in the second period using
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10-fold CV. Similarly, Bartsch et al. (2025) used similar approach for
SOC content mapping in an agricultural area (pasture and soybean)
considering 2013/2014 and 2020,/2021 periods, achieving R? of 0.47,
RMSE of 3.11 g kg™!, and RPIQ of 0.63 for the first period and R? of
0.25, RMSE of 3.08 g kg%, and RPIQ of 0.74 for the second period in the
validation dataset (30% of data) for each period, respectively. Szatmari

et al. (2019) evaluated the SOC stock changes from 1992 to 2010 across
all Hungary and found an RMSE of 21.99 and 21.39 ton ha™! in 10-fold
CV for the first and second periods, respectively.

Strategy 2 presented more biased results, with the predicted map for
1997 not reflecting the SOCS observed in the sampling points (Fig. 2,
Fig. 3c and Fig. 4b). The predicted values were higher than the observed
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values, indicating that the 2022 model (Model 2) did not perform reli-
able predictions for a different period without samples in the training
dataset (Fig. 4b). Strategy 2 is used in literature mainly to make future
predictions, where a model calibrated in the present or past can be used
to predict the SOC in the future under climate change scenarios (Chen
et al., 2024; Wang et al., 2022; Yigini and Panagos, 2016). On the other
hand, Bartsch et al. (2025) successfully used a multitemporal model
with data from two periods (2013/2014 and 2020/2021) to predict the
SOC content for intermediate periods (2014/2015, 2016/2017 and
2018/2019). However, it is important to point out that the range of all
SOC data from these intermediate periods was covered by the multi-
temporal model of Bartsch et al. (2025), differing from the present
study, in which a dataset from a period of higher SOCS was used to
predict a period with lower SOCS, this is exactly what occur in the
studies of future predictions.

The best results were observed for strategy 3, comprising a multi-
temporal model with points for both periods (Model 3) (Fig. 2, Fig. 3d
and Fig. 4c). Besides slightly better statistical parameters in external
validation, this strategy had other advantages compared to strategy 1.
Strategy 3 requires relatively few available points for model training and

can be performed with an irregular number of points across different
time periods. Bartsch et al. (2025) (described above) used a multi-
temporal model for SOC content predictions at the farm scale, achieving
R? of 0.34, RMSE of 3.11 g kg™, and RPIQ of 0.76 in the validation
dataset (30% of data) for each period. Heuvelink et al. (2021) mapped
SOCS for the whole of Argentina across several periods from 1982 to
2017 using a single model, with an RMSE of 20.4 ton ha™! in 10-fold CV.
Ugbaje et al. (2024) did the same from 1990 to 2018 across Australia,
with an RMSE of 31.43 ton ha™?.

The soil attributes map as a whole, static covariates representing the
soil chemical constitution, mineralogy and texture, showed the highest
importance in the modelling (Fig. 3). These attributes are closely related
to SOC fixation, retention, and dynamics. The soil chemical composi-
tion, which is still little explored in spatial analyses, showed a strong
relation to SOC (Rosin et al., 2024, 2022), with Si, Al, and Fe showing
the highest importance individually. The six SySY bands also showed
great importance, since they provide a direct measurement of soil
reflectance, representing the “soil” factor directly and the “parent ma-
terial” and “time” factors indirectly (Mendes et al., 2021b; Poppiel et al.,
2020). The vegetation reflectance and NDVI index also achieved great
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importance, since the vigor of vegetation is indirectly related to SOCS,
and is widely used as dynamic covariate for its temporal mapping
(Bartsch et al., 2025; Heuvelink et al., 2021; Ugbaje et al., 2024).

The BSF represents how many times a given pixel was exposed in a
satellite image time series (Dematte et al., 2020). We verified a decrease
in BSF from 1997 to 2022, which can be associated with SOCS increase
(Fig. 6abc). Sousa et al. (2024) and Campos et al. (2022) also reported a
decrease in BSF and associated it with the end of pre-harvest burning in
Sao Paulo State and specifically in the region of our study area,
respectively. Lower BSF values can be associated with higher SOC values
and with better soil conditions in general, since soil exposure is a driver
of soil degradation, for example through erosion and SOC decomposi-
tion (Dematte et al., 2020; Sousa et al., 2024).

The SOCS increased for all soil and geology types, with the soil
classes Leptosols and Chrenozens showing smaller increases and even
decreases in some locations (Figs. 6 and 7). The SOCS increased from
1997 to 2022, likely due to changes in sugarcane management
mentioned above. Chernozems and Leptosol are less weathered, contain
lower iron oxide contents, have less aggregation, and have naturally
high SOC content compared to the other soils classes in the study area
(Buol et al., 2011; IUSS Working Group WRB, 2015), which may
contribute to the smaller increases and the decreases at some specific
points. Furthermore, areas with high native SOCS showed decreases in a
national SOCS dynamic study, particularly under sugarcane cultivation
(Rosin et al., 2026).

Rodriguez-Albarracin et al. (2023) mapped the SOCSsy;, which rep-
resents the potential of SOC fixation associated with minerals in the clay
fraction (Fig. 8ab). In general, the 80-100 cm layer has a greater po-
tential to sequester new carbon (C) because of its higher clay content.
Similarly, the SOCS deficit was greater in the 80-100 cm layer because
the current SOCS is lower at this depth (Fig. 8 cd). The SOCS deficit
decreased from 1997 to 2022, particularly in the 80-100 cm layer, due
to the increase of SOCS in the area. The subsoil of agricultural areas has

10

great potential to sequester SOC and mitigate climate change (Button
et al.,, 2022). This approach comparing the 1997 and 2022 deficit
highlighted the importance of spatial-temporal SOCS mapping for
accessing the current soil condition, for evaluating agricultural man-
agement practices and policies related to C sequestration, and for
accessing the possibility of sequestering new C from the atmosphere.

5. Conclusions

The SOCS showed a considerable increase from 1997 to 2022,
probably due to changes in sugarcane management, such as the end of
pre-harvest burning. Strategies 1 (an independent model for each
period) and 3 (a multitemporal model) produced accurate and less
biased maps, while strategy 2 (extrapolation from one period to another
without points) was not efficient. Strategy 3 is particularly useful for
SOCS mapping when limited temporal observations are available. Soil
attributes, mainly total chemical elements from XRF, were most
important covariates for modeling, followed by the bare soil image
(SySI) and vegetation information. The bare soil frequency (BSF), an
important proxy for soil condition monitoring, showed an inverse rela-
tion with SOCS. Soil type and geology also influenced SOC dynamic.
Finally, it is possible to evaluate the SOCS saturation deficit by spatio-
temporal mapping.
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