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Abstract
To address national and global demand for agro-based products, agricultural expansion has rapidly become a norm in 
Brazil since 1950s to date. In recent decades, agricultural expansion and technological advancement have placed the 
country among the top producers and exporters of agricultural products. The paradigm shifts in farming system from 
conventional to integrated approach has brought significant changes in land use, which consequently influenced carbon 
sequestration and soil organic carbon (SOC). This is more prevalent in the State of Mato Grosso, one of the most producers 
of food in Brazil. On this background, we hypothesized that though forests have potential for SOC stock, which decreases 
due to conversion to cropland but in longer-term with sustainable management, carbon might accrual significantly in 
cropland. Therefore, this paper aimed to unveil the nexus between long term land use and carbon stock changes and 
estimate future SOC stocks in Mato Grosso State of Brazil. To achieve this aim, a hybridization of machine learning and 
the InVEST prediction models was applied to estimate the land use changes and the SOC stocks between 1990 and 2020 
and estimate for 2050. The study revealed that between 1990, 2020, and 2050, croplands increased significantly by at 
least 78%, pastures decreased by 32%, while forests decreased marginally by about 4% due to agricultural expansions. 
However, in 1990 and 2020, the SOC stock was slightly up to 147.34 Mg ha−1, it recorded an increase after a longer-time 
(i.e., in 2050). This increase was substantially under the forests, and marginally in the croplands. Climate-smart agricultural 
systems such as crop-livestock forest, integrated crop-livestock, and other conservation agricultural practices have great 
potential to contribute to sustainable development by increasing the levels of carbon in agricultural soils especially, 
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after a longer period. Therefore, agricultural policies geared towards low carbon agriculture should be fully integrated 
into the various government decision making processes as this will guarantee food security and maximize soil carbon 
sequestration and stocks in the long term. Simultaneously, it is crucial to promote the dissemination of best practices 
for implementing and sustaining conservation efforts, thereby safeguarding the carbon stocks established to prevent 
their depletion. This will also support the Brazilian government in achieving its Nationally determined contributions 
(NDCs) through agricultural soils.

Keywords  Integrated agricultural systems · Climate-smart agriculture · MLA · InVEST · Carbon sequestration · Land use · 
Croplands · Food security

1  Introduction

The impacts of climate change have gained widespread attention worldwide. These concerns are mostly linked to 
greenhouse gases (GHG), which are mostly caused by emissions of carbon dioxide (CO2), methane (CH4), and nitrous 
oxide (N2O) due to increase in anthropogenic activities over time [1]. The level of CO2 concentration has increased to 
about 419 parts per million in recent years (ourworldindata.org) [2]. It raises the average surface temperature globally 
by around 40% over preindustrial levels [3, 4]. According to the Intergovernmental Panel on Climate Change [5], high 
emission of CO2 might have negative influence on the agricultural sector, which depends on climate change. Thus, CO2 
requires natural components (e.g., vegetation, soil, and ocean) to serve as sinks. Studies have established that forests 
contribute substantially to mitigating climate change and stocking carbon [6, 7]. It became worrisome to acknowledge 
that growth in population and infrastructure have led to acute deforestation and degradation of the forest ecosystem 
at every scale (local, regional, and global) [7, 8].

Soils have been a natural pool for terrestrial carbon even before the obvious incidents of climate change. Soil is a 
vital element of the global carbon cycle and represents the largest terrestrial carbon storage with an estimate of 2500 
Gt (1 Gt = 109 t) of total carbon stocks [6, 9], of which soil organic had about 1550 Gt up to 1 m layer depth [10]. It has 
been reported that a minuscule loss or release from this large C-stock might stimulate a significant impact on future 
atmospheric CO2 concentration [11]. Organic carbon is an indispensable part of the soil that enhances soil biodiversity, 
soil quality, soil ecosystem services, crop yields, and stabilizes global carbon cycle. In recent decades, much attention 
has been paid on how to promote SOC stocks to mitigate climate change, and various organizations, governments of 
different nations and other stakeholders have been pioneering the campaign [12].

The strong connection between land use changes and SOC sequestration can never be overemphasized [13]. 
According to [14], agriculture, forestry, and other land uses (AFOLU) contribute to 22% of global GHG emissions. However, 
Brazilian GHG accounting reported that AFOLU was responsible for 74% of national GHG emissions with deforestation 
(49%) and agriculture (25%) [15]. Thus, AFOLU need to be given utmost attention in a nation such as Brazil because the 
management of land use could either make or mar the environment. Further, SOC stocks dominate largely in the surface 
soil and are threatened because most anthropogenic activities, especially agriculture, are performed in this soil depth 
[16]. Understanding SOC dynamics and drivers of carbon sequestration within soil horizons is crucial in predicting the 
impacts of land use changes on overall soil quality and carbon emissions [17–19]. Therefore, an effective study about 
the spatio-temporal distribution and variability of SOC in distinct land use requires robust geospatial and statistical 
approaches including Remote sensing, Geographic Information Systems (GIS), Machine Learning Algorithms (MLA), 
geostatistics, and the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) models [20–25]. Random Forests 
(RFs) is one of the popular MLA applicable in modeling and generating spatial predictions of environmental variables 
including SOC [23, 26]. RFs can model nonlinear relationships using both categorical and continuous covariates and 
has been effectively applied globally in digital soil mapping (DSM) studies [27]. Further, RFs do not only guarantee a 
more accurate assessment of prediction uncertainty [28], but it also minimizes the variance relative to some common 
algorithms [29]. Similarly, the InVEST model has been widely used for estimating ecosystem services including carbon 
stocks and sequestration across natural and human altered landscapes under various land use scenarios [25], but not 
very common in Brazil. The InVEST model was developed by the Natural Capital Project to be applied is assessing and 
mapping ecosystem services including carbon sequestration under different land use over time [30].

Agricultural systems characterized by extensification, and intensification have huge impacts on changes in land use 
and SOC stocks [31, 32]. These impacts are typically seen in the dense population growing regions such as Brazil where 
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there have been severe conversions from one land use to the other to increase food production [33, 34]. Generally, 
in similar climate conditions, SOC stocks are assumed to be higher in the forests, pasturelands, and grasslands when 
compared with croplands [19, 35, 36]. However, it has been shown that in most regions, enhanced agricultural system 
such as climate-smart agriculture (CSA) has high potential for SOC enrichment in croplands [37–39]. In Brazil for example, 
several agricultural policies have been introduced to enhance SOC through agriculture. Among the programs include: 
(i) the RenovaBio program (a federal government biofuel, environmental sustainability, and climate change mitigation 
policy), that certifies producers to receive C-credits (CBIOs) [40], and (ii) the ABC Plan, which is a low-carbon agricultural 
policy aimed at increasing SOC stock with a reduced carbon emission [41]. These integrated agricultural systems in Brazil 
are promoting carbon stocks and food security in most regions of Brazil especially in the agricultural frontier States such 
as Mato Grosso State.

As a State that contributes to about 30% of national food production [42–47], and as the 3rd largest State in Brazil, the 
role of Mato Grosso State in carbon balance is crucial. However, there are few studies on land use changes in the region, 
and this is the first time a study has been conducted focusing on longer-term spatial distribution and changes in SOC 
stocks as induced by changes in agricultural land use. In this context, we hypothesized that though forests have potential 
for SOC stock, which decreases due to conversion to croplands but in longer-term with sustainable management, carbon 
might accrual significantly in croplands. Therefore, this paper aimed to unveil the nexus between long term land use and 
carbon stock changes and estimate future SOC stocks in Mato Grosso State of Brazil.

2 � Materials and methods

2.1 � Study area

Mato Grosso State is located within latitude 9.4624° to 17.3142° S, and longitude 50.5144° to 59.2244° W, in the Central 
West region of Brazil (Fig. 1). The State is among the largest States in Brazil. It has an area of 903 k km2 and a population 
of 3.66 million in 2022. If Mato Grosso State was a country, it would be the world’s 33rd largest country, being almost as 
large as Venezuela and Nigeria [48]. Mato Grosso State spans its territory between Tropical Central Brazil and Equatorial. 
It is the only State in Brazil which has Amazon, Cerrado, Atlantic Forests, and Pantanal, representing four of the six 
biomes in Brazil. Mato Grosso State is the most geographically dynamic region within South America because it has 
diverse agro-ecological features including vegetation, land use, climate, and altitude (which ranged from 24 to 1000 m 
above sea level) [21]. The average annual precipitation is 1700 mm, which ranges between 1200 and 2000 mm [49]. Mato 
Grosso state is a major Brazilian agricultural producer in several supply chains, such as cotton, meat, and grains (corn 
and soybean). The 2020/2021 harvest in this State estimated soybean production at 36 million tons, approximately 30% 
of national production [42–44].

2.2 � Data collection, organization, and analysis

Figure 2 shows the flowchart of the research methodology applied in the study. The soil data were acquired from a soil 
survey data from Department of Soil Sciences, Luiz de Queiroz College of Agriculture, University of São Paulo (ESALQ-
USP), which is a subset of a full dataset of the Brazilian soil legacy data (Table 1). The soil survey covered sixty-one sites 
with 693 samples in 1990, and 572 samples in 2020. The synthesized baseline SOC data is summarized in Table 2.

The baseline dataset used as the predictor in this analysis consisted of SOC measurements from field (as shown in the 
soil sampling points in Fig. 1). The data allowed for the establishment of a ground truth that served as both the model 
input and the basis for evaluating the predictive models. The sampling points were strategically distributed across the 
study region ensuring representation of diverse soil types and land cover characteristics. The Brazilian SOC sampling 
dataset was used to produce a subset to Mato Grosso State (which is our specific study area), and the data was converted 
to a geospatial format from a tabular data in CSV format.

In addition to the baseline dataset, various predictive factors, including Average Land Surface Temperature (LST), 
Rainfall, Elevation, Slope, Normalized Difference Vegetation Index (NDVI), Bare Soil Index (BSI), and Land use, were 
also adopted (Table 3). These factors were selected based on their relevance to SOC dynamics, and from previous 
research conducted in different locations, which highlighted their potential as predictors for SOC levels. Similarly, LULC 
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classification was performed based on the information from published literature in the study area on LULC classification 
(Table 3).

Fig. 1   Map of South America showing Brazil (top left), and Brazil showing Mato Grosso State (top right), and Mato Grosso State, the study 
area with the sample points for 1990 and 2020 (bottom)
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2.2.1 � Soil data collection and organization

The scientific inquiry began with the careful collection and preparation of data. Soil Organic Carbon (SOC) measurements 
spanning 1990 and 2020 constitute the focal point of this investigation. Though, the soil data covered broad areas of 
Brazil for many years and recorded different profile depths ranging from 0  to 100 cm. This study considered only data 
with the profile depth of 0–30 cm, and within Mata Grosso State, the study area. In scenarios where there were missing 
soil data, for example SOC stocks, or bulk density, the Pedo-Transfer Functions (PTFs) established for the tropical areas 
were applied for the estimation following Eqs. (1) and (2) by [50]. It is pertinent to mention that the percent of stoniness 
was not considered for the SOC stocks computations because our soil datasets did not contain such information since 
it is negligible in the soils under the study area.

where SOC stocksj denotes the soil organic carbon stocks (gm−2) for layerj, SOCj is the content of soil organic carbon (g 
kg−1) for layer j, BDj is bulk density (g cm−3) for layerj, and Lj is soil thickness layerj (cm). In this study layerj is the soil profile 
depth ranging between 0 and 30 cm.

Where the soil bulk density is missing, the PTFs through the following Eq. (2) was applied for the estimation of the 
bulk density values in the dataset:

where BDj is bulk density (g cm−3) for layerj; SOCj is the content of soil organic carbon (g kg−1) for layerj; while, in this study 
layerj is the soil profile depth ranging between 0 and 30 cm.

In the absence of comprehensive statewide data, this study meticulously utilized measurements gathered at various 
points to model the relationship and predict SOC dynamics for these two pivotal years. By employing advanced statistical 
methodologies and machine learning, this study analyzed the interplay between SOC and environmental parameters to 
derive robust insights for both 1990 and 2020.

To measure the correlation between the predictive variables and the predictors, a correlation analysis was performed 
on the combined datasets. The dataset was then split into training and testing datasets. The training dataset was used 

(1)SOC stocksj =
(
SOCj ∗ BDj ∗ Lj

)
∗ 10

(2)Bulk density
�
BDj

�
= 1.32−0.73 ∗

√
SOCj

�
R2 = 0.73, P < 0.001

�
.
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Fig. 2   Flowchart of research methodology



Vol:.(1234567890)

Research	 Discover Sustainability           (2024) 5:382  | https://doi.org/10.1007/s43621-024-00592-w

Ta
bl

e 
1  

D
es

cr
ip

tio
n 

of
 th

e 
da

ta
se

ts
, s

ou
rc

e,
 a

nd
 th

ei
r c

ha
ra

ct
er

is
tic

s 

S/
N

o.
D

at
a 

ty
pe

D
at

a 
se

ns
or

/t
yp

e
Cl

ou
d 

co
ve

r 
(%

)

D
es

cr
ip

tio
n

Ye
ar

U
TM

 z
on

e
Sp

at
ia

l r
es

ol
ut

io
n

So
ur

ce

1
La

nd
sa

t 4
TM

4.
7

LU
LC

19
90

23
S

30
 m

U
.S

. G
eo

lo
gi

ca
l S

ur
ve

y 
(h

tt
ps

://
​ea

rt
h​e

xp
lo

​re
r.​u

sg
s.​

go
v/

2
La

nd
sa

t 8
O

LI
0.

3
LU

LC
20

20
23

S
30

 m
U

.S
. G

eo
lo

gi
ca

l S
ur

ve
y 

(h
tt

ps
://

​ea
rt

h​e
xp

lo
​re

r.​u
sg

s.​
go

v/
3

G
oo

gl
e 

Ea
rt

h 
im

ag
es

G
oo

gl
e 

Ea
rt

h
–

Cl
im

at
e 

(P
re

c 
an

d 
Te

m
p)

19
90

, 2
02

0
0.

5–
2.

5 
m

CH
IR

PS
 D

A
IL

Y 
(h

tt
ps

://
​w

w
w

.​c
hc

.​u
cs

b.
​ed

u/
​da

ta
/​

ch
irp

s
4

D
EM

SR
TM

–
El

ev
at

io
n

20
20

30
 m

ht
tp

://
​ea

rt
h​e

xp
lo

​re
r.​u

sg
s.​g

ov
5

Se
nt

in
el

-2
Sa

te
lli

te
–

LU
LC

, N
D

VI
, L

ST
19

90
, 2

02
0

10
 m

M
ap

bi
om

as
 (h

tt
ps

://
​br

as
il.

​m
ap

bi
​om

as
.​o

rg
/)

6
So

il 
(S

O
C)

G
eo

tif
–

(G
SO

Cm
ap

)
20

20
25

0 
m

FA
O

 (h
tt

ps
://

​da
ta

.​a
pp

s.​f
ao

.​o
rg

/)
7

So
ilg

rid
G

eo
tif

–
20

20
25

0 
m

so
ilg

rid
s.o

rg
; W

oS
IS

 (W
or

ld
 S

oi
l I

nf
or

m
at

io
n 

Se
rv

ic
e

8
So

il 
pr

op
er

tie
s

Ex
ce

l
–

Br
az

il 
le

ga
cy

 d
at

a 
an

d 
lit

er
at

ur
e

19
90

, 2
02

0
ht

tp
://

​be
sb

br
.​c

om
.​b

r/
9

SO
C,

 B
ul

k 
de

ns
ity

, e
tc

Fi
el

d 
(E

xc
el

)
–

So
il 

su
rv

ey
 d

at
a

20
01

, 2
01

0
ES

A
LQ

, U
ni

ve
rs

ity
 o

f S
ao

 P
au

lo

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://www.chc.ucsb.edu/data/chirps
https://www.chc.ucsb.edu/data/chirps
http://earthexplorer.usgs.gov
https://brasil.mapbiomas.org/
https://data.apps.fao.org/
http://besbbr.com.br/


Vol.:(0123456789)

Discover Sustainability           (2024) 5:382  | https://doi.org/10.1007/s43621-024-00592-w	 Research

to build a model using the Random Forest machine learning algorithm. Random Forest, a powerful ensemble learning 
algorithm was chosen for its ability to handle complex interactions among variables and provide accurate predictions. 
Many previous studies have reported high performance when using Random Forest to model the relationship between 
predictive and predicted datasets. The testing dataset was used to evaluate the model’s performance (refer to Sect. 2.5).

Furthermore, to predict SOC values across various locations where there was dearth of data, a separate set of points 
was generated within the study area at an interval of 100 m. These points were used to extract data from the predictive 
factors, and the information obtained was utilized to predict SOC values at each location.

The Random Forest algorithm used in this study can be expressed as shown in Eq. (3):

where SOC represents the predicted Soil Organic Carbon value, f = function, and commas represent addition ( +). Meaning 
that SOC is dependent on the influence from the independent variables. LST represents the Average Land Surface 
Temperature, Rainfall represents the rainfall data, Elevation represents the elevation information, Slope represents the 
slope of the terrain, NDVI represents the Normalized Difference Vegetation Index, BSI represents the Bare Soil Index, and 
Land use represents the land use classification.

2.2.2 � Land use land cover classification using machine learning

This study utilized Landsat 4 Thematic Mapper and Landsat 8 Operational Land Image to classify LULC patterns in 
Mato Grossa State. The imagery was categorized into eight land use classes: croplands, pastures, bare lands/sparse 
vegetation, forests, settlements/built-ups, shrublands, water bodies, and wetlands considering previous literature on 
LULC classification in the study area (see Table 3).

An ensemble learning technique called random forests is increasingly being applied in land-cover classification 
using multispectral [51]. The classification process involved image extraction, preprocessing, training data selection, 
and machine learning classification using a Random Forest algorithm in Google Earth Engine [51].

A stratified random sampling approach was employed to evaluate the general accuracy of the classification model. 
Eighty percent (80%) of the data was used for training, while the remaining twenty (20%) was reserved for validation. 
The accuracy assessment tool in Google Earth Engine compared the classified results to ground truth labels, providing 
a comprehensive evaluation of the model’s performance. The model was iteratively trained and refined until it achieved 
an accuracy above 80%.

2.3 � Predicting LULC changes

The Cellular Automata-Markov (CA_Markov) chain of TerraSET model was employed to predict future land use changes. 
The model identifies the importance of spatial distribution of transitions [52]. The Markov model is a stochastic model 
that predicts change probability from a given class to another, by considering the LULC changes at different time (Al-sharif 
and Pradhan 2014). For example, the model presumes that the transition probability (Pij) between state (j) and (i) is the 
probability in which LULC (i in pixels) in time (x) changes to LULC class (j) in time (x + 1). So, it has the assumption that 
the change dynamics for a particular area is dependent on the previous or current LULC condition. It is estimated by 
adopting Eqs. 4 and 5 [53].

(3)SOC = f(LST, rainfall, elevation, slope, NDVI, BSI, land use)

Table 2   Mean and standard 
deviation of the summarized/
synthesized baseline SOC 
content 

LULC class N SOC content (g kg−1)

1990 2020

Forests 413 12.72 ± 4.9 14.35 ± 7.6
Wetland 52 6.21 ± 1.5 6.58 ± 2.7
Pastures 243 9.63 ± 4.3 9.19 ± 5.0
Bareland/sparse veg. 30 0.21 ± 0.3 0.20 ± 0.2
Shrubland 66 5.45 ± 2.8 6.11 ± 3.1
Croplands 461 8.98 ± 7.4 10.30 ± 6.8
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The transition probabilities are generated from the transition samples ocurring during a given time frame El-Alfy et al. 
[53] and represented in the transition matrix (P).

where L(x + 1) and L(x) are the LULC status at time (x + 1) and (x), respectively.
0 ≤ Pij < 1 and ∑(j = 1)^m Pij = 1, (i, j = 1, 2, 3, …, m) is the transition probability matrix.
A Markov chain model was applied to generate the transition matrix of the LULC change and the probabilities of 

change from 1990 to 2020, 2020 to 2050, and 1990 to 2050. The transition matrix provided the key for projecting future 
LULC change dynamics [54]. On the same hand, the CA model is commonly applied in LULC prediction because of its 
spatial potential to modify and control processes of complex distributed scenarios. The CA model involves the cell, cell 
space, neighbor, time and rule, and describes the current structure of LULC, considering the condition of preceding 
neighborhood cells [55]. The integration of CA–Markov model is paramount for valid dynamic LULC spatial analysis [53].

We adopted the land change modeler (LCM) in IDRISI-TerrSet v.17 to investigate and model the possible LULC change 
dynamics in 2050. The procedures/steges used in running the CA–Markov in LCM are explained as follows:

Stage I: Creation of the transition probability matrix, and transition area matrix, and transition suitability maps by 
running different models with the LULC maps of 1990 and 2020.

Stage II: Introduction of a standard contiguity filter of 5 × 5 to determine and form each cell’s neighborhoods and 
produce the spatially explicit weighing factors. After calibrating the model, the scenario-bound method was adopted 
to simulate the possible LULC pattern in the final process. The procedure included employing the classified LULC maps 
of 1990 and 2020 to calibrate and refine the Markov chain model. The earliest year (i.e., 1990) was applied as time 1, 
while the later year (i.e., 2020) was introduced as time 2. The transition probabilities between time 1 and 2 were utilized 
to simulate the LULC structure in 2050. We validated the CA–Markov algorithm to find the prediction accuracy of 2020 
LULC change. The study employed kappa statistics tool to estimate the degree of unison between the projected and 
the actual LULC maps for the years. Conclusively, the classified 2020 LULC map was utilized as a base map to predict the 
potential LULC in 2050 by using the transition probabilities of 1990 and 2020.

2.4 � Estimation/prediction of SOC

2.4.1 � Ordinary least square (OLS)

Ordinary Least Squares (OLS) is a statistical method used to estimate the linear relationship between a dependent (SOC) 
variable and one or more independent variables by minimizing the sum of squared differences between observed 
and predicted values. The OLS model assumes linearity, independence of observations, homoscedasticity (constant 
variance of errors), normality of residuals, and no multicollinearity among predictors [56]. The process involves estimating 
regression coefficients that best fit the data by minimizing the residual sum of squares. These coefficients represent 
the expected change in the dependent variable for a one-unit change in each independent variable, while holding 
other variables constant [56]. Model evaluation is done using metrics like R-squared, adjusted R-squared, and p-values, 
alongside residual analysis to check for model assumption validity.

2.4.2 � SOC estimation using random forests (RFs) model

Random Forests (RFs), a powerful machine learning technique known for its ability to capture intricate relationships in 
data, are particularly well-suited for estimating SOC levels. Due to bootstrapping and random feature selection, RFs are 
less prone to overfitting, which allows them to generalize well to unseen data, such as SOC levels projected for 2050 [27]. 
Additionally, RFs often achieve higher accuracy compared to individual decision trees [27].

(4)L(x + 1) = Pij_L(x)
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|||||||||

P
11

P
12

P
13

. . . P
1m

P
21

P
22

P
23

. . . P
2m

P
31

P
32

P
33

. . . P
3m

P
m1

P
m2

. . . . . . P
mm

|||||||||



Vol:.(1234567890)

Research	 Discover Sustainability           (2024) 5:382  | https://doi.org/10.1007/s43621-024-00592-w

Predicting SOC for the year 2050 involved leveraging historical SOC data from 1990 and 2020, alongside various 
environmental parameters such as slope (× 1), elevation (× 2), Land use (× 3), BSI (× 4), rainfall (× 5), LST (× 6), and NDVI 
(× 7). Utilizing a RFs model, with the aim to capture the intricate relationships between these parameters and SOC 
dynamics to forecast SOC levels for the future. We bootstrap samples from the historical SOC dataset combined with 
the environmental parameters (× 1, × 2,…. × 7). Each tree is constructed using a subset of the available data through a 
process known as bootstrap aggregating, or bagging [57]. Moreover, a random selection of features from the total set of 
environmental parameters (slope, elevation, land use and others) is used to build these trees. For each bootstrap sample, 
grow a decision tree (Ti) to its maximum depth without pruning. At each node in the tree, randomly select a subset of 
features (e.g., 3 out of the 7 features). Mathematically, the prediction for a new sample (x) using Random Forest regression 
can be calculated as shown in Eq. (6):

y^ is the predicted value. Ti(x) is the prediction of the i-th decision tree for the input x. I is the total number of trees in 
the forest.

Bootstrapping helps us to prevent overfitting by generating multiple training datasets from our original data (Fig. 3). 
We created each dataset by randomly sampling data points with replacement, meaning a data point can appear multiple 
times in a single training set. This approach ensures that each tree learns from a slightly different perspective of the data, 
thereby improving generalizability [57]. At each decision node within a tree, rather than considering all environmental 
parameters, only a random subset is evaluated [27]. This mechanism forces the tree to identify diverse splitting rules and 
prevents it from becoming overly reliant on any single feature, which leads to more robust models.

Further, each decision tree in the forest learns by partitioning the data into branches based on specific environmental 
parameters. These partitions aim to maximize the separation between data points with different SOC values in our study. The 
tree continues to split until it reaches a stopping criterion, such as a minimum number of data points in a branch. Essentially, 
each tree creates a series of ‘yes/no’ questions based on the environmental features, ultimately predicting the SOC level 
for our data point [58]. Random Forests provide insights into the relative importance of each environmental parameter for 
predicting SOC levels, aiding in understanding the key drivers of soil carbon dynamics [59].

(6)ŷ =

I∑

i=1

Ti(x)

Fig. 3   Random forests-
Bootstrap model 
demonstration chain and 
principles
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The final prediction for a new data point is not made by a single tree. Instead, all the trees in the forest make their individual 
predictions based on their learned decision rules. The final SOC level prediction in this study becomes the average of the 
individual tree predictions, a method known as ensemble voting [27]. This ensemble approach leverages the strengths of 
each tree while mitigating potential weaknesses, resulting in a more robust and accurate SOC prediction in this our study.

2.4.3 � Carbon stock estimation based on The InVEST model

To consolidate the results from the RFs model, the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model 
was also applied in predicting the SOC stocks. Carbon stocks were estimated using the carbon storage and sequestration 
module (CSSM) tool of the InVEST software. The changes in carbon storage resulting from changes in LULC were calculated 
based on carbon pools [25] to determine the current and predicted future changes in carbon stock. The primary assumption 
of the CSSM states that the amount of the carbon content of a given LULC is either at a steady state or fixed, and the carbon 
stock of that specific LULC can be derived by multiplying the amount of carbon content by that of the land area/landmass 
[60]. The carbon stock module in the CSSM of InVEST model splits the ecosystem carbon pool into four basic carbon sinks 
consisting of aboveground biomass (i.e., aerial vegetation), belowground biomass (biogenic/roots), soil carbon, and dead 
organic matter carbon [61, 62]. The sum of the carbon stock of the four carbon pools provides the value for the total carbon 
storage of the ecosystem in the area, and this could be achieved using Eqs. (7) and (8) [62, 63].

The carbon storage ‘Cm,i,j’ for a given grid cell ‘(i,j)’ with LULC ‘m’ can be calculated as:

where A represents the area (of the cell). AGCm,i,j, BGCm,i,j, SOCm,i,j and DOCm,i,j are the aboveground biomass carbon, 
belowground biomass carbon, soil organic carbon, and dead organic matter carbon stocks for the given cell (x, y) with 
LULC ‘m’ respectively and at a particular time.

Ctot means the total carbon stock (or storage) in the area (given cell); Sm signifies the area of the LULC type m; n denotes 
the total number of LULC types. The carbon in water bodies was assumed to be zero (0).

Consequently, in this study, changes in carbon stock were estimated based on the average values reported in relevant 
literature in the study region [64–68], and data from the national legacy/inventory [69, 70]. The inVEST model has a limitation 
of relying on average values, thereby not permitting the use of minimum or maximum values to determine changes in carbon 
stocks. This limitation notwithstanding, it is efficient in the estimation of SOC stocks.

2.5 � Models’ validation

The LULC for 2020 was validated by comparing the observed LULC classification for 2020 and simulated LULC using Land 
Change Modeler for 2020 (as described in Sect. 2.3). Techniques applied in validating the SOC results/models were as shown 
in Eqs. 9, 10, and 11 [71]. The methods include R-squared (R2), Mean Squared Error (MSE), and Mean Absolute Error (MAE). 
The R-squared (R2) value was used to assess the proportion of variance in SOC explained by the model, with higher R2 values 
indicating better model performance. Mean Squared Error (MSE) was employed to calculate the average squared difference 
between observed and predicted SOC values, with lower MSE values indicating more accurate predictions. Mean Absolute 
Error (MAE) was also used to measure the average magnitude of prediction errors, providing a straightforward interpretation 
of model accuracy. The model with the best performance, as determined by the highest R2 and accuracy score, and the lowest 
MSE and MAE was selected for final SOC prediction and mapping.

(7)Cm.i.j = A ∗ (AGCm, i, j + BGCm, i, j + SOCm, i, j + DOCm, i, j)

(8)Thus, total carbon stocks (Ctot) =

n∑

m=1

Cm, i, j ∗ Sm

(9)MSE =
∑(

Y
i
− Ŷi

)2

∕n

(10)R2 =

[
∑

i

(
Ŷi − Yi

)2
]
∕

[
∑

i

(
Yi − Ŷi

)2
]
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where Σ is a symbol that means “sum”, Yi is the observed value for the ith observation, Ŷi is the predicted value for the ith 
observation, and n is the sample size for the prediction.

3 � Results and discussion

3.1 � Models’ evaluation/performance

Table 4 indicates the derived accuracy and comparison between observed and simulated data for the LULC prediction. 
The results show the producer and user accuracies, overall accuracy, and kappa statistics for the LULC classification. The 
results revealed that the overall accuracy was 85.34% for 1990, and 88.17% for 2020, while the kappa index was 0.84 (i.e. 
84%), and 0.85 (85%) for 1990 and 2020 respectively. For the SOC, the evaluation produced a high accuracy of 91.7%, 
and the model’s predictive errors were measured using MAE, which was 4.04, and MSE, calculated at 0.0443, and both 
showed a low level of error in the predictions.

3.2 � Land use

Significant changes in land use were observed between 1990, 2020, and 2050 (Table 5, and Fig. 4). Croplands had the 
highest positive change by recording a significant increase of 77.6% between 2020 and 2050, and 128% between 1990 
and 2050. In contrast, pasture recorded the highest negative change with a significant decrease of 32% between 2020 
and 2050, and 38% between 1990 and 2050. On the other hand, settlement increased marginally by 8.1% and 9.5% 
between 2020 and 2050, and between 1990 and 2050 respectively. Meanwhile, pasture, forests, shrubland, wetland, and 
water bodies decreased marginally between 1990 and 2050. Brazil is the world’s largest producer of many foods such as 
cotton, meat, corn, sugar cane and soybean (accounting for about 34% of the world total). The State of Mato Grosso is a 
major Brazilian agricultural producing State and ranks the largest in the production of most of the crop-based foods [72]. 
The State records a high rate of annual growth, largest cropland expansion and more than 28% of the national soybean 
production [45]. The 2020/2021 harvest estimated for soybean production in the State was at 36 million tons [42–44]. 
In recent decades, Mato Grosso and other Brazilian States have increased their agricultural production exponentially 
to become one of the main global producer and exporter of food, feed, fiber, and fuel [46]. This therefore explains the 
reason croplands significantly increased between 2020 and 2050 while the pastures and forests decreased as observed 
in this study. In affirmation to the findings of this study, the report by [47] demonstrated that Mato Grosso State had the 
largest crop area of 11.78 Mha (i.e.,19.3%) of the total Brazil’s crop area in 2022, and followed by Rio Grande do Sul which 
had 8.92 Mha (14.6%). It was further reported that the agricultural crop expansion potential area of Mato Grosso State 
is 5.12 Mha, and this value is more than 10 times when compared with most of the other Brazilian States including Rio 
Grande do Sul which has 0.35 Mha [47].

(11)MAE =
[∑

|Y
i
− Ŷ

i
|
]
∕n

Table 4   Accuracy assessment 
of the LULC classification

S/No. LULC class 1990 2020

Producer’s User’s Producer’s User’s

1 Forest 90.24 89.95 87.11 84.7
2 Shrublands 86.51 91.07 88.25 79.32
3 Pastures 93.02 73.16 89.54 71.48
4 Wetlands 75.49 81.67 86.03 91.26
5 Croplands 92.53 91.44 90.18 89.51
6 Settlements/built-up 76.99 95.01 88.69 75.36
7 Breland/sparse vegetation 68.17 90.32 81.25 93.04
8 Waterbodies 84.55 95.14 96.07 99.15

Overall accuracy (OA) 85.34% 88.17%
Overall kappa (Kp) 0.84 0.85
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3.3 � Soil organic carbon (SOC) stocks

SOC stocks revealed high variability in area and in time during the study period (Figs. 5 and 6). For example, in 1990 
fewer areas had the SOC stocks of 147.34 Mg ha−1 while in 2020, the SOC stocks had more areas that recorded higher 
amount of SOC stocks (Fig. 5a and b). On the other hand, estimated values in 2050 were substantially higher above the 
values for either 1990 or 2020 (Fig. 6). In terms of spatial variability and distribution, the central areas of the State showed 
the highest SOC stocks when compared with either the Northeast or Southern part. According to Teodoro et al. [21], 
and da Silva Souza et al. [73], spatio-temporal dynamics in SOC stocks could be attributed to many factors including (i) 
land use and its changes, (ii) anthropogenic activities and agricultural intensifications and management systems, (iii) 
environmental drivers (e.g., climate vegetation and elevation), as well as (iv) climate-smart farming policies.

It is important to state that only forests, pastures, and croplands showed significant impacts on the SOC stocks 
(Table 6), and forests had the highest SOC stocks in all the study years including the predicted year. The increase in 
forests might not be a surprise because of the recent policies introduced for forest management which support forest 
under-growth, litter, and microbial biomass activities. The study also observed a marginal increase in SOC stocks under 

Fig. 4   Land use in Mato Grosso State for a 1990 b 2020, and c 2050
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Fig. 5   SOC stocks (Mg ha−1) in Mato Grosso State in a 1990 b 2020
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the croplands in the predicted year (2050). For instance, in 1990 and 2020, the highest SOC stock under the croplands 
was 113.83 Mg ha−1, and this value increased by 6.2% (that is 7.51 Mg ha−1) in 2050 particularly in the Cerrado.

Though increasing the croplands by converting some forests and pastures to croplands reduced the total SOC stocks 
in the study area but over time the croplands might accumulate more carbon (especially in the Cerrado) following a 
sustainable practice. The adoption of good agricultural land use management is of great benefit for both economic and 
ecological sectors. For example, previous studies in the country have established that a 1% increase in land productivity 

Fig. 6   Predicted SOC stocks (Mg ha−1) for 2050

Table 6   Change in SOC stocks 
under the different land use in 
the study years

*Change in SOC stocks (in %) were very insignificant and negligible in shrubland, wetland, and bareland/
sparse vegetation when compared to forests, pastures, and croplands

Land use SOC stocks (Mg ha−1) Change in value (%)

1990 2020 2050 1990–2020 2020–2050 1990–2050

Forests 130.15 141.9 153.08 11.8(9%) 11.2 (8%) 22.9 (18%)
Pastures 112.48 109.5 103.8 2.9 (3%) 5.8 (5%) 8.7 (8%)
Croplands 94.55 113.8 121.34 19.3 (20%) 7.5 (7%) 26.8 (28%)
Shrubland 73.61 72.95 72.88 0.66 (0.8%)* 0.07 (0.1%)* 0.73(1%)*
Wetland 59.32 58.89 59.06 0.43 (0.7%)* 0.17 (0.2%)* 0.26 (0.4%)*
Bareland/sparse 

vegetation
1.53 1.52 1.52 0.01 (0.6%)* 0 0.01 (0.6%)*
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led to a 0.0043% reduction in GHG emissions for all Brazilian regions [74, 75]. The prospects of croplands and the 
Cerrado biome to sequestrate excess CO2 have been established in previous studies. According to Toloi et al. [2], the 
Cerrado biome’s sequestration potential (3.99E + 07 tons of CO2eq) is four times higher than its actual emissions, and this 
neutralizes the impact caused by CO2 emissions. In addition, the soil C stocks in the topsoil under no-till cropping system 
was found to have a generally higher C storage compared to native Cerrado and conventional tillage soils in Cerrado [76]. 
It was also observed that in a-23 year of commercial grain cultivation, there was a SOC stock increase under the cropland 
compared to the native Cerrado soil [77]. Other authors reported that conversion of low-productivity pasture into CSA 
(e.g., agrosilvopastoral) and actively managed pasture systems enhanced soil C and N stocks in the Brazilian Cerrado [78]. 
Further, a recent meta-data analysis by Oliveira et al. [79] also affirmed that sustainable agricultural management such as 
CSA increased SOC in Cerrado in the long run. Considering these findings coupled with our result, it could be assumed 
that over time the croplands might accumulate more carbon (especially in the Cerrado) following a sustainable practice, 
though the contrasting phyto-physiognomies of the region is also an important determinant.

3.4 � SOC stocks, land use, other environmental drivers, and soil physical properties

The correlation result reveals notable interrelationships between the drivers of SOC stocks (Fig. 7). For example, soil 
organic carbon per hectare (Mg ha−1) exhibited a strong positive correlation with land use (r = 0.643), and elevation 
(r = 0.556), whereas a moderate positive correlation with rainfall (r = 0.398), normalized difference vegetation index (NDVI) 
(r = 0.397), bare soil index (BSI) (r = 0.395), and land surface temperature (LST) (r = 0.398). SOC showed a weak positive 
correlation with slope (r = 0.067). Rainfall revealed a strong positive correlation with NDVI (r = 0.919), BSI (r = 0.939), and LST 
(r = 0.999), indicating a robust relationship between higher rainfall and increased vegetation density which consequently 
enhanced vegetation health and surface temperature.

The study also observed a strong relationship between SOC stocks and clay content (r = 0.5646; p < 0.01), while SOC 
stocks decreased with increase in bulk density (r2 = 0.4125; p < 0.01) (Fig. 8). These findings highlighted the interlinks 
among the variables and provided insights into their associations. For instance, strong relationships have been 
demonstrated between average rainfall, average LST, and NDVI (see Fig. A1), which showed that the northern part of 
Mato Grosso State had higher values compared to the south. In addition to land use, the variability in the environmental 
covariables influenced the distribution of SOC stocks in the study area. Many studies have reported strong relationships 
between SOC and land use in Brazil [21, 73], and globally [20, 80, 81]. In a global scale, it has been reported that if the SOC 
content in the topsoil under cropland increased from 0.27% to 0.54%, a stock ranging from 0.56 to 1.15 t C.ha.yr−1 could 
be sequestered, and this could represent 0.90 to 1.85 Pg C yr−1 for at least a continuous 20 years of the sequestration [80]. 
Meanwhile, contrary to the findings in our study, a recent study in China concluded that conversion from grassland to 
cropland produced a negative SOC stock [81]. This could be explained by the short duration of the experiment and other 
environmental and management factors because a positive result could be achieved over a longer period and not in a 
short period. Further, the influence of other variables such as soil texture could be substantial. For instance, some studies 
within and outside Brazil have reported significant relationships between SOC and clay contents [81–84]. Meanwhile, 
our study observed a significant interaction between SOC stocks and soil physical properties (especially clay and bulk 
density). As affirmed in a recent study by Mao et al. [83] who established that clay and silt do not only protect microbial 

Fig. 7   Summary of the 
correlation between 
SOC stocks and other 
environmental drivers
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carbon from decomposition but also enhance its production which consequently increased SOC stocks in the dryland 
soils of Northern Arizona, USA. Similarly, in Brazil, SOC stock was found to have increased with an increase in clay content 
but decreased with an increase in bulk density [84].

The OLS regression analysis was conducted with a dataset consisting of 2,607 observations (Table 7). The model 
yielded an R-squared value of 0.708, indicating that approximately 70.8% of the variability in the dependent variable 
(SOC Mg ha−1) can be explained by the independent variables included in the model (Table 7). The adjusted R-squared 
value was 0.707, suggesting that the model’s predictive power remains consistent even after accounting for the number 

r = 0.5646; p < 0.01; n = 273 
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Fig. 8   Relationships between soil organic carbon (SOC) stocks (Mg ha−1) and a clay content (g kg−1), and b bulk density (g cm−3) in soils 
from the study area (Mato Grosso State) during the study period. r: Pearson’s correlation coefficient, statistically significant at 1% level. n: 
number of samples

Table 7   Summarized ordinary least squares (OLS) regression results used for model validation
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of predictors. Among the independent variables, land use, rainfall, elevation, and LST (Land Surface Temperature) were 
found to be statistically significant predictors of SOC. Land use, rainfall and elevations had positive coefficients of 0.7187, 
0.6898, and 0.6679 respectively which implies that an increase or change in land use, rainfall, and elevations are associated 
with a change in SOC [21, 73, 74]. On the other hand, LST had a negative coefficient of − 0.1439, suggesting that higher 
LST values are associated with lower SOC values.

Across the depths, forests have the highest mean SOC stocks relative to pastures and croplands (Fig. 9). Furthermore, 
the topsoil layer (0–10 cm) under the forests had the largest SOC stocks (162.5 Mg ha−1) in comparison with the deeper 
layer (133.8 Mg ha−1). Pastures and croplands had higher mean SOC stocks in the deeper layer (20–30 cm) than in the 
superficial layers. In all the depths, there were statistically significant differences in SOC between forests and other land 
use, but there were no significant differences between pastures and croplands.

Higher SOC stocks at the topsoil layer of the forests might be attributed to litter [85–87]. On the other hand, low 
SOC at the topsoil layer under pasture and croplands could be explained by the anthropogenic disturbances [87, 88]. 
In consistent with our findings, Amanze et al. [87] reported that forests had the highest SOC stocks in the superficial 
soil layer than in the sub-layers. Meanwhile, they found that the SOC stocks in croplands and pasture decreased with 
increasing depth, and this contradicts with our result. Further, the results in our study differ from the report by Zhang 
et al. [88] who observed that though all the land use had high SOC stocks in the subsoil depths, croplands had lower 
SOC stocks in the topsoil layers when compared to either forest or pastures. The discrepancies in these studies could be 
explained by variability in cropping systems, and geographic/environmental differences (e.g., soil types, and climate).

SOC stocks in forests and croplands increased throughout the investigated years while pastures recorded a decrease 
(Fig. 10). The rates of change in land use were not substantial between 1990 and 2020 when compared with 1990 and 
2050. The highest increase in SOC stocks were found in croplands (28%), and forests (22%) over the longer-term.

Fig. 9   Mean SOC stocks (Mg 
ha−1) under the different 
land use in varying depths 
(0–10, 10–20, 20–30, and 
0–30 cm). Asterisks (*) denote 
the statistically significant 
differences (95% confidence 
interval) in SOC between 
forests and other land use. 
There were no significant 
differences between pastures 
and croplands. Only three 
land use types (forests, 
pastures, and croplands) were 
considered in this analysis 
because (i) they showed the 
largest SOC stocks, (ii) have 
the most noticed impacts in 
SOC stocks dynamics, and (iii) 
occupy more than 93% of the 
entire area
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The relatively low change rates between 1990 and 2020 could be explained by the shorter time frame, and the early 
implementation period of integrated agricultural system (IAS) [89–91]. On the other hand, the long-time estimate 
revealed significant rates of change in forests and croplands because of the adoption of more favorable policies for 
sustainable forestry and farm management (see Fig. 10). Some authors have reported a high increase in SOC stocks 
under croplands in the longer term [91], and the practice of sustainable agricultural system was observed as one of 
the key drivers for the increase [92, 93]. For instance, it has been revealed that SOC for some cropping systems takes 
longer time ranging from 30 to 40 years to develop [91]. Furthermore, over the past 40 years, SOC has been reported 
to have continuously increased in croplands in the Plains of Northern China [92].
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4 � Conclusion

The study revealed significant changes in land use between 1990, 2020, and 2050. Croplands showed the highest 
positive change, whereas pastures indicated the highest negative change. Apart from croplands, settlement also 
increased marginally, while forests, shrubland, and wetland decreased. As obtainable in other high agricultural 
producing regions of Brazil, the State of Mato Grosso has been popular for the expansion of its arable lands by 
converting the pastures and forests to croplands. This approach has placed the State and the nation among the top 
producers and exporters of agricultural products used for different purposes including food, fodder, fibre, and energy 
(biofuel, biogas, etc.). As the demands for these products (e.g., soybean, maize, sugar cane, oil palm, cowpea, and 
others) continue to increase, croplands in Mato Grosso will continue to increase.

The spatio-temporal analysis demonstrated that SOC stocks had high variability across the land use, and 2050 
recorded substantially higher variability (i.e., more than 50%) when compared with the stocks found in either 1990 
or 2020. Strong relationship between land use and SOC can never be overemphasized especially when the topsoil 
layer is concerned as observed in this study. For example, the Central areas of the State prevailed with larger SOC 
stocks because of sustainable land use activities including intensive low-carbon agricultural practices adopted in the 
Cerrado. The increase in SOC stocks in the next 30 years is a promising indication that the adoption of carbon farming 
systems (such as integrated crop-livestock forest, and crop-livestock) in the established croplands will produce 
an economic and environmental sustainability in the long-term. However, in the short-term period, adoption of 
integrated agricultural system (IAS) might not produce a positive result, and this should not deter efforts to introduce 
more agendas to promote sustainable cropping systems. The current evidence that forests had higher SOC stocks than 
croplands should not be the basis for not increasing agricultural areas as this helps in providing food for the growing 
population. Meanwhile, carbon emissions and sequestration should not be treated in isolation since food security, 
biodiversity, the scenic beauty of the landscape, and local communities need to be considered too. The adoption of 
a well-managed IAS will not only support food security but will in the long run improve SOC stocks in the croplands. 
This study will contribute to the decision making on the need to enact more agricultural policies geared towards low 
carbon farming. Regarding food security, the authors argue that opening new agricultural frontiers and/or expanding 
cultivation areas is a viable and sustainable approach. Furthermore, findings from the study will support the Brazilian 
government to implement additional programs to achieve its Nationally Determined Contributions (NDCs) to the 
United Nations Framework Convention on Climate Change (UNFCCC) under the 2015 Paris Agreement for lower CO2 
emissions and climate change mitigation through agriculture.
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