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Abstract 

The Western Santa Catarina region underwent significant changes due to 

the 20th-century colonization, which led to landscape fragmentation and 

Atlantic Forest decline. The present study is an analysis of historical land-

use change dynamics observed from 1985 to 2023, besides predicting 

future changes expected to happen up to 2050. It was done by using 

MapBiomas Collection 9 reclassified into 12 categories. Land use changes 

were modeled with TerrSet Land Change Modeler based on the Weighted 

Normalized Likelihood to model transition potentials; furthermore, the 

Markov chain approach was applied to model future scenarios. Model 

validation was performed through computing accuracy and 

agreement/disagreement statistics to compare a predicted map for 2023 

data to a 2023 ground truth map, which proved highly accurate (0.936). 

Results recorded for the 2023–2050-time frame have shown that soybean 

areas are projected to increase by 38% and planted forests by 37.3%; 

therefore, they remain as key land use drivers. Native forest remnants 

will decline due to Mixed Ombrophilous Forest loss by 37.2% in addition 

to the 25% loss recorded from 1985 to 2023, and to increasing landscape 

fragmentation. The model accurately mapped the 2050 landscape and 

highlighted future regional challenges, according to which, soybeans and 

forest plantations will be the major change drivers in the region. This 

progress will have consequences for the remaining native forests. Result 

scopes are essential to help better understanding future impacts of land 

use change on ecosystems and communities and consequently, to lay the 

foundation for informed decision-making, as well as to guide conservation 

and landscape management. 
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INTRODUCTION 

 

 

Land use change is the primary cause for 

biodiversity loss given the still observed high 

extinction rates (Cabernard et al., 2024). Land use 

changes create a complex challenge 

simultaneously affecting several sustainability 

aspects from ecosystem conservation to social 

equity and food security. These changes must be 

faced head on in order to address global 

sustainability challenges because they affect 

carbon balance, habitat loss, and food production 

(Winkler et al., 2021). The effects of land use 

changes on South American biomes are 

significant, given that non-Amazonian ecosystems 

(excluding Temperate Grasslands) recorded 45% 

forest loss from 2000 to 2012. The Atlantic Forest 

is the second most impacted biome; 81% 

(978,031 km²) of its original potential extent had 

already been lost by 2012 (Salazar et al., 2015). 

Land use changes in Brazil are mostly driven 

by agricultural production fuel that stem from the 

global growing demand for corn, wheat and 

soybeans observed from 1976, onwards 

(Schlindwein et al., 2021). According to global 

studies, forests and grasslands showed conversion 

to 2.87 % and 2.02% croplands from 1992 to 2015, 

respectively (Tian et al., 2021). Araucaria Forests 

in Southern Brazil are part of the Atlantic Forest 

and one of the regions most affected by human 

pressure (Mazza et al., 2016).  

According to “Sistema de Estimativas de 

Emissões e Remoções de Gases de Efeito Estufa” 

(Greenhouse Gas Emissions and Removals 

Estimation System), land use changes are the first 

greenhouse gas emission source in Brazil, 

followed by agriculture and livestock (SEEG, 

2025). Meat, grains and timber production for 

export purposes are an important source of income 

for the country and for the Southern region. The 

agribusiness sector accounts for more than 25% of 

the state's Gross Domestic Product (GDP) 

(Catarinense, 2025). These industries’ expansion 

is closely linked to landscape changes caused by 

fields planted with eucalyptus, soybean and corn 

crops, as well as by swine and poultry farms. 

These businesses dominate a highly fragmented 

landscape responsible for relevant 

homogenization features.  

Thus, it is essential to understand how such 

changes affect the landscape and how they may 

progressively evolve if the current patterns 

remain in place. This analysis can help with 

identifying critical ecosystem health factors, and 

land use changes’ social and economic impacts. 

Currently, Southern Brazil is Characterized by a 

dynamic and expanding economy that spans 

multiple sectors, although agriculture still plays a 

key role in it. The present study is a prospective 

and historical analysis of the Western Santa 

Catarina landscape, which is part of the Atlantic 

Forest biome and a landscape dominated by 

monocultures and growing small towns.  

It is therefore essential to analyze how human 

activities have shaped landscapes over time, 

applying machine learning techniques to guide 

land management and support conservation 

strategies for environmental planning, 

sustainable resource management, and the 

protection of the Atlantic Forest. The present 

study focuses on two phenomena that dominate 

the region: the expansion of monocultures and the 

loss of the Mix Ombrophilous and Deciduous 

forest. The analysis prioritizes understanding 

how monocultures interact with forest loss, 

utilizing classification data from widely 

recognized and validated biome maps. The 

objective of this study is to address an existing 

information gap concerning the region, where 

research on large-scale future land-use changes 

has been limited, and to deliberate on its 

ramifications for territorial planning. 

 

 

MATERIALS AND METHODS 

 

 

Study Site 

 

The Western Santa Catarina State mesoregion, 

which covers 27.314 km² in Southern Brazil, was 

the study site (Figure 1). It comprises 118 

municipalities and has a population density of 

79.5 inhabitants per square kilometer (IBGE, 

2023b). This is a vital region for Santa Catarina 

agribusiness, which is the nation’s largest swine 

meat producer, since it accounts for 29.5% of the 

national output (16.9 million head), in addition to 

being a major poultry producer that contributes 

13.4% (839 million head) of Brazil's total 

production. (Catarinense, 2025). 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/maize
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Figure 1 – Western Santa Catarina State mesoregion 

Source: The authors (2025). 

 

The modeling methodology followed a series of 

structured steps to ensure an understandable 

land use and land cover (LULC) dynamics 

analysis. The main stages were (1) data collection 

and transformation, (2) analysis of changes in 

Land Use Land Change (LULC) recorded from 

1985 to 2023, (3) transition potential modeling, (4) 

LULC changes prediction, (5) model validation 

and (6) simulated time frame analysis (2023–

2050).  

 

Data Collection and Transformation 

 

LULC Maps 

 

The land use land cover (LULC) classification 

obtained at 1985, 1990, 1995, 2000, 2005, 2010, 

2015, 2020 and 2023 from MapBiomas Collection 

9 was used in the study (MapBiomas Project, 

2024). The collected data comprised a set of 

classified rasters at 30-m resolution based on 

Landsat images provided by the U.S. Geological 

Survey (USGS). The MapBiomas collection has 

been used in several studies to assess land use 

changes in Brazil and their outcomes ( Mataveli et 

al., 2022; Ribeiro et al., 2024; Vanin et al., 2024).  

The MapBiomas dataset was reclassified into 

12 classes that have been identified as of 

particular interest for the study. This 

reclassification took place after the initial 13 

classes were? found in the region (Chart 1). The 

distinction for native forests followed the 

phytogeographic distribution in order to 

differentiate the Mixed Ombrophilous Forest 

(MOF) from the Seasonal Deciduous Forest (SDF) 

(Klein, 1978 updated by MonitoraSC, 2021). 
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Chart 1 – MapBiomas Collection 9 reclassified cover classes Collection 9 

Class Description 

MOF* Mixed Ombrophilous Forest. 

Forest Plantation Tree species planted for commercial purposes (e.g., pine, eucalyptus, araucaria). 

Wetland Vegetation presenting fluvial and/or lacustrine influence. 

Pasture 
Planted grassland fields closely related to agricultural activity. These natural 

pasture fields are mostly grassland or wet formations, themselves. 

Grassland Grassy Savannas, Steppe and Shrubby and Herbaceous Pioneers. 

Disturbance 
Non-permeable surface fields (infrastructure, urban sprawl or mining) are not 

mapped in their classes. 

Urban 
Areas presenting significant density of buildings and roads, including 

construction-free areas and infrastructure. 

Water* Rivers, lakes, dams, reservoirs and other waterbodies. 

Soy Fields planted with soybean monoculture (first crop). 

Others 
Fields covered with short or medium-term agricultural crops, usually with ales 

than 1-year vegetative cycle. 

Mosaic 

Agricultural use fields - it is not possible to distinguish grazing from agriculture. 

It may include periurban occupation areas such as farms, sites and 

condominiums. 

SDF* Seasonal Deciduous Forest. 

Source: MapBiomas (Project, 2024). Adapted by the authors (2025). 

 

Driving Factors 

 

Additional data from multiple dataset sources, 

including Brazilian Agricultural Research 

Corporation (Embrapa, 2005) and Brazilian 

Institute of Geography and Statistics (IBGE, 

2023a), were gathered to build the driving factors, 

which influence LULC changes. The main 

regionally varying drivers have had significant 

impact on many environmental aspects. 

Therefore, if drivers behind past changes 

continue, they may remain influential in the 

future (Leta et al., 2021). 

Driver factors were divided into many 

categories (Erro! Fonte de referência não 

encontrada.Chart 2); 19 were selected to 

highlight major land use change drivers based on 

previous studies (e.g.) (Girma et al., 2022; Mutale; 

Qiang, 2024; Zhang et al., 2024), as well as the 

regional work by Souza (2022). A transformation 

was carried out to help the modeling process 

applied for drivers holding a distance raster; a 

natural logarithm (ln) was adopted based on 

recommendations by the TerrSet team. No 

transformation was applied for the remaining 

predictors. 

Some landscape metrics were computed to be 

included as predictive factors, given the high 

regional fragmentation and complexity. These 

metrics were generated in Habitat Biodiversity 

Modeler (HBM), in TerrSet, based on the 

Landscape Analysis module. Edge Density was 

calculated (see Chart 2) through 7 x 7 

neighborhood to maximize the details. 

Furthermore, landscape-level change metrics 

were derived from 2000 and 2020 images in the 

"Landscape Change Process Analysis" module. 

Both outcomes worked as driver factors. 
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Chart 2 – Driving factors set up 

Predictor Type 
Predictor 

type 
State Source 

Slope 

Terrain 

Quantitative 

  

Static  

Computed form (Embrapa, 2005) 

* 

STRM 
(Embrapa, 2005) 

 

Distance from roads 
Infrastructure Static  

Computed from (IBGE, 2023a) 

 

 

 

Distance from Settlements 

Distance from waterbodies 
Environmental 

Static 

Soils Static (IBGE, 2006) 

(IBGE, 2023b) 

 

GDP 

Economic Static  
Demographic Density 

Edge Density - Soy 

Landscape 

Metrics 

Static  
Computed from (Mapbiomas 

Project, 2024) 

 

Edge Density – Others 

Edge Density - Mosaic 

Edge Density – Plantation 

Edge Density - Urban 

Edge Density - SDF 

Edge Density - MOF 

Edge Density – Disturbance 

Edge Density – Wetland 

Edge Density – Grassland 

Landscape Change Process 

Metrics 
Qualitative Static 

Source: The authors (2025). 

 

Building Modeling Constraints 

 

All rivers classified as permanent or temporary 

were selected based on IBGE data. A buffer was 

applied to represent legally established protection 

zones as follows: 30 m buffer for rivers less than, 

or equal to, 10 m wide; 100 m buffer for rivers 

ranging from 50 to 200 m wide; and 500 m buffer 

for major rivers, at least 600 m wide. A minimum 

width buffer (100 m, at least) in rural areas was 

applied to areas surrounding the lakes (Brasil, 

2012). Finally, the output was merged with 

protected areas; the resulting areas were ignored 

throughout the modeling process.  

All datasets were turned into raster formats 

through geoprocessing approaches conducted in R 

software, version 4.5.0 (R Core Team, 2023), and 

in Terra (Hijmans, 2020). Standardized 30-m 

resolution raster was generated and projected for 

CRS at the WGS84 datum. 

 

Analysis of Changes in Land Use Land 

Change (LULC) Recorded from 1985 to 2023 

 

Land use and land cover (LULC) change analysis 

was conducted in the Land Change Modeler 

(LCM) module, in the TerrSet software. A 

historical change analysis was performed based 

on data from 1985 to 2023. This analysis 

demanded calculating net changes recorded for 

each land use class through Equation 1:  

 

RC (ha/year) =
At2−At1

t2−t1
                                           (1) 

 

Data was plotted into a graph to compare the 

T1 (1986) to the T2 (2023) state in order to assess 

landscape dynamics and changes, as well as 

yearly change rates (Girma et al., 2022; Hassen; 

Assen, 2017; Leta et al., 2021).  
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Transition Potentials Modeling  

 

The transition potentials tab accounted for 

organizing land-cover transitions into sub-models 

– each sub-model is linked to specific drivers or 

explanatory variables. A map was plotted for each 

transition to illustrate the time-specific potential 

for changes (Eastman, 2024). A criterion was 

formulated to identify transitions exceeding 

40000 cells with a view to reduce the number of 

transitions to be modelled. The total of 53 

transitions were identified.  

Weighted Normalized Likelihood (WNL) was 

selected among the algorithms available to model 

transition potentials applied to land cover change 

by using an empirical approach based on 

normalized and weighted likelihoods (Eastman et 

al., 2019).  

The 19 drivers were the variables adopted to 

feed the transition potential modeling (Table 2). 

The 150 bins at filter size 7 and 3 filter iterations 

were used. The number of bins sets the histogram 

classes (default 200 for quantitative variables). 

Filter size and iterations control the smoothing 

process to reduce overfitting; the 3-iterations 7-

point filter forms a 19-point Gaussian filter. This 

approach allowed getting the transition potential 

results shown in Table 1. 

 

Table 1 – Weighted Normalized Likelihood output statistics 

Metric Total 

Transitions count 53 

Average Skill 0.848 

Average Accuracy 0.924 

Source: The authors (2025).  

 

LULC Change Prediction (LCM) 

 

LCM uses two LULC maps, one for the initial year 

and one for the final year. Maps plotted for 2000 

and 2020 were used for future predictions 

because, according to the historical change 

analysis carried out in previous stages, soybean 

and plantation areas rose sharply from these 

years onwards.  

LCM uses a Markov chain model to set the 

chances of transitioning from one LULC type to 

another and creates a transition probability 

matrix by using earlier and later LULC maps and 

the date specified for the prediction, based on a 

future projection of transition potentials (Jalayer 

et al., 2022). It was first set for 2023 in order to 

validate predictions; later on, it was applied to 

2050 to predict future land use changes. The 

transitional area matrix holds the number of 

pixels expected to change based on each LULC 

class over the specified time frame (Leta et al., 

2021) (Table 2). LCM provides two change 

prediction types, namely: soft and hard. The hard 

prediction method is based on the multiobjective 

land allocation module (MOLA), and its result is 

plotted into a landcover map presenting the same 

categories as inputs (Eastman, 2024). Hard 

prediction was used to create LULC maps in the 

current study. 
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Table 2 – Markov Probability Matrix 
 SDF 

Forest 

Plantation 
 Wetland Pasture Grassland Disturbance Urban Water Soy Others Mosaic MOF 

SDF 0.556 0.052  0.019 0.057 0.02 0.021 0.026 0.032 0.037 0.049 0.122 0.009 

Forest 

Plantation 
0.006 0.65  0.013 0.025 0.013 0.01 0.014 0.017 0.04 0.03 0.067 0.116 

Wetland 0.004 0.086  0.299 0.183 0.028 0.025 0.033 0.028 0.08 0.053 0.123 0.06 

Pasture 0.022 0.157  0.012 0.228 0.02 0.018 0.029 0.026 0.105 0.089 0.231 0.064 

Grassland 0.004 0.11  0.009 0.353 0.254 0.014 0.012 0.015 0.078 0.043 0.091 0.018 

Disturbance 0.016 0.049  0.006 0.055 0.012 0.197 0.104 0.06 0.083 0.088 0.292 0.039 

Urban 0.001 0.003  0.001 0.006 0.002 0.003 0.901 0.016 0.018 0.017 0.027 0.005 

Water 0.033 0.023  0.009 0.032 0.012 0.013 0.018 0.609 0.058 0.053 0.103 0.039 

Soy 0.002 0.014  0.001 0.014 0.003 0.003 0.013 0.008 0.746 0.118 0.054 0.025 

Others 0.011 0.048  0.004 0.064 0.009 0.01 0.022 0.015 0.368 0.263 0.15 0.038 

Mosaic 0.058 0.117  0.01 0.092 0.016 0.016 0.031 0.026 0.101 0.112 0.305 0.115 

MOF 0.005 0.097  0.006 0.041 0.008 0.008 0.012 0.015 0.056 0.057 0.174 0.521 

Source: The authors (2025). 

 

Constraints were herein set for all transitions. 

The number of recalculation steps was set to one 

transition; only water transitions were excluded. 

The prediction date was adjusted to 2050 based on 

the 2023 map validation. This process was 

reiterated to model the future land use map and 

the LULC analysis applied to the simulated time 

frame (2023-2050). 

 

Model Validation 

 

The 2023 MapBiomas raster worked as ground 

truth to validate the model through result 

comparisons. The CARET R package (Kuhn et al., 

2024) was adopted to find metrics like Accuracy, 

Precision, Recall and F1 Score, which were 

calculated for each land cover class. Accuracy 

showed overall correctness, Precision indicated 

prediction reliability, Recall measured detection 

ability and F1 Score is the balanced combination 

of precision and recall. The TERRSET VALIDATE 

module assessed similarity between the model’s 

simulated map and the reference map based on 

Pontius’ methods (Pontius, 2000, 2002; Pontius; 

Suedmeyer, 2004) which quantify agreement and 

disagreement components. The validation 

procedure broke down the agreement and 

disagreement between the simulated map and the 

reference map into components, which allows the 

identification of different error types. The 

Agreement by Chance estimates the ratio of 

matches attributable to chances, whereas the 

Agreement in Quantity assesses whether the 

model properly reproduces the total amounts from 

each class, regardless of their location (Pontius; 

Millones, 2011). The Agreement at Gridcell Level 

measures the direct spatial agreement between 

pixels by identifying correct matches in the exact 

location. Disagreement at Gridcell Level reflects 

spatial location errors, and Disagreement in 

Quantity captures discrepancies in the amounts 

predicted for each class. Altogether, these metrics 

lead to an understandable spatial and thematic 

quality of the LULC model. This sort of validation 

method gives an idea of agreement or 

disagreement levels between projected and 

current LULC maps (Leta et al., 2021).  

 

 

RESULTS AND DISCUSSION 

 

 

1985-2023 Land Use Change Analysis 

 

Large-scale soy production expanded from 

Southern to Northern regions from the 1950s 

onwards, starting from the Atlantic forest to 

Cerrado and, finally, to the Amazon (Lima et al., 

2019). Although crops have been observed in the 

region assessed herein for decades, the first set of 

analyses has shown that soy emerged as one of the 

main drivers of change, particularly after 2000. 

This trend was followed by forest plantations that 

comply with the 2020 Global Forest Resources 

Assessment (Figure 2) (FAO, 2020). Pasture and 

other landscapes started to decline from 2005 

onwards, while urban expansion experiences 

relatively slow increase.    
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Figure 2 – Areas evolution by class (1985 – 2023) – Interannual trend shown by smoothed splines 

Source: The authors (2025). 

 

Plantations underwent a period of substantial 

expansion from 2005 to 2015, whereas urban 

areas recorded moderate growth rate. Class 

disturbance appointed towards relevant change 

degree (14.99%, inform 2015 to 2023), which 

highlighted anthropogenic pressure acceleration 

(Table 3). 

 

 

Table 3 – Change rate (%) by class from 1985 to 2023 

Class 1985-1995 1995-2005 2005-2015 2015-2023 

SDF -1.48 0.25 0.29 -0.33 

Forest Plantation 3.42 5.49 11.38 1.03 

Wetland 1.69 1.26 1.22 -0.2 

Pasture -0.66 -0.37 -1.9 -0.97 

Grassland -3.52 4.45 0.54 -1.33 

Disturbance -2.29 14.09 11.75 14.99 

Urban 1.78 3.28 3.02 2.15 

Water 0.35 1.91 2.31 0.33 

Soy -3.19 23.43 4.44 4.16 

Others 2.48 -3.77 0.57 -3.78 

Mosaic 0 0.83 -2.31 0.56 

MOF -0.54 -0.53 0.11 -0.14 

Source: The authors (2025). 
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LULC Prediction Results  

 

The map plotted from 2023 LULC prediction 

data showed significant similarity to the ground 

truth (Figure 3). 

 

 

 

 

 

 

Figure 3 – Comparison between ground truth and model prediction for 2023 

Source: The authors (2025). 

 

Higher accuracy was achieved through the 

current configuration. The model overall showed 

robust performance in compliance with results by 

Eastman et al. (2019): 0.94 WNL and 0.93 MLP 

(multilayer perceptron) through model 

comparison (Table 4). A previous model developed 

in this region found similar class “Accuracy” 
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(Souza et al., 2022). Complete statistics for each 

class (Table 6). 

 

Table 4 – Overall model metrics 

Metrics Value 

Accuracy 0.9366802 

95% CI (0.917, 0.936) 

No Information Rate (NIR) 0.427 

Source: The authors (2025). 

 

The model showed high spatial accuracy 

degree highlighted by the pixel-level agreement 

Gridcell, which accounts for most of the overall 

accuracy. Disagree Gridcell Location errors were 

relatively minor, and it points out the model 

correctly assigning classes, but it occasionally 

misplacing them. Similarly, discrepancies in 

quantity were small, and it showed that the model 

effectively predicted the total volume of each class, 

regardless of their location (Table 5). Only 7.69% 

agreement could derive from chances, and it 

implies that the close correlation between the 

simulation and reference maps mainly resulted 

from the model's performance, rather than from 

random coincidences. 

 

Table 5 – Agrement/ Desagreement statistiscs 

Metric Value (%) 

Agreement Chance 0.0769 7.69% 

Agreement Quantity 0.1513 15.13% 

Agreement Strata 0.000 0.00% 

Agreement Gridcell 0.7085 70.85% 

Disagree Gridcell 0.0583 5.83% 

Disagree Quantity 0.0051 0.51% 

Source: The authors (2025). 

 

The model performed well in classes like 

plantation, soy, wetland, grassland, disturbance, 

urban and water, at class level. However, it 

performed lower in pasture, others and mosaic, 

which likely pinpointed classification conflicts 

(Table 6). 

 

Table 6 – Class-specific metrics 

Class Precision Recall F1 Specificity Balanced Accuracy 

SDF 0.963 0.948 0.955 0.998 0.973 

Plantation 0.916 0.907 0.911 0.995 0.951 

Wetland 0.931 1.000 0.964 1.000 1.000 

Pasture 0.859 0.835 0.847 0.992 0.913 

Grassland 0.906 1.000 0.951 0.999 1.000 

Disturbance 0.889 1.000 0.941 0.999 1.000 

Urban 0.933 1.000 0.965 0.999 1.000 

Water 0.929 1.000 0.963 0.999 1.000 

Soy 0.919 0.909 0.914 0.993 0.951 

Others 0.840 0.857 0.848 0.989 0.923 

Mosaic 0.835 0.830 0.832 0.977 0.903 

MOF 0.920 0.914 0.917 0.991 0.952 

Source: The authors (2025). 
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Model Limitations 

 

This study's model has key limitations rooted in 

its modeling approach. It primarily relies on 

historical data and is based on a business-as-usual 

scenario; therefore, it does not account for 

external influences such as future climate 

conditions, and economic and social shifts, as well 

as for public policy implementation.  

Net Change  

 

The comparison of time frames highlighted the 

land use change evolution. The first time frame 

(1985-2023) was mostly driven by soybean 

expansion. On the other hand, the second time 

frame (2023-2050) featured a more complex 

drivers’ interplay. Nonetheless, pasture, mosaic 

and MOF will keep on experiencing losses, 

whereas other classes will experience it through a 

less pronounced intensity (Figure 4). 

 

Figure 4 – Historical (1985-2023) and modeled (2023-2050) time frame net changes 

Source: The authors (2025).  

 

Future land use change rates must be 

projected to accelerate. MOF forested areas will 

face significant increase in loss in the second 

time frame: 98.913 hectares (2023-2050), in 

comparison to the 69.988 hectares recorded in 

the first one (1985-2023). This loss will be a 

threat to an already vulnerable area and 

increase the pressure put on biodiversity. 

Similarly, class mosaic will undergo the greatest 

loss (158.864 hectares from 2023 to 2050) in 

comparison to the 99.383 hectares recorded in 

the previous time frame. 

The following trends were identified for 

soybean when change drivers were the target, 

namely: agricultural expansion. Class others 

was the primary source of new soybean fields 

over the first time frame (1985-2023); it 

accounted for 146.946 hectares and was followed 

by pastures (49.607ha) and mosaic (33.305 ha). 

On the other hand, the land conversion pattern 

was projected to dramatically shift to others in 

the second timeframe. The total area converted 

from pasture, mosaic and MOF (81,587 ha) 

exceeded the total area converted from this 

single class. 

In the first time frame, pasture, mosaic, and 

MOF each transferred ~60,000 ha to plantations. 

In the second, mosaic led with 65,320 ha. 

plantation expansion over agricultural lands is 

expected to continue, worsening tensions 

between agriculture and forestry. This issue has 

already been identified at global scale; forest 

areas will be suitable for agriculture in the next 

few decades, mainly in the Atlantic Forest. It 

contrasts with other Brazilian areas that are 

expected to become less suitable for it; 

consequently, it will increase the pressure on 

other lands (Bousfield et al., 2024). Finally, when 
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it comes to class others, the previously 

mentioned point was confirmed, namely: soybean 

accounts for the largest allocation area in both 

time frames (Figure 5). 

 

Figure 5 – Net change based on the selected classes 

Source: The authors (2025). 
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Figure 6 – Past and future spatial change allocation 

Source: The authors (2025). 

 

The observed spatial trend indicates that 

changes mostly take place primarily in the 

Central and Northern regions of the study site, 

due mainly because of soybean crops expansion 

(Figure 6). Initially (1985), plantations were more 

dispersed; however, by 2050, the trend will mostly 

head East (Figure 7). Observations pointed 

towards marked fragmentation in the last MOF 

remnants as deforestation in the primary forests 

can still be observed in the far Northern and 

Southern parts of the Atlantic Forest (Caballero et 

al., 2023). SDF areas did not present a high 

deforestation rate since deforestation took place 

before 1985. Consequently, the remaining SDF 

patches are currently largely stable, although 

they only represent a fraction of their original 

extension (Figure 7).  
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Figure 7 – Soybean, plantation and native forest expansions from 1985 to 2050 

Source: The authors (2025). 

 

Environmental and Social Implications  

 

According to Song et al. (2021), soybean 

cultivation will remain as main change and 

deforestation driver. From 2000 to 2019, soybean 

cultivated areas nearly doubled across the 

Pampas, Cerrado, and Atlantic Forest regions. 

Continued soybean expansion, driven by 

increasing climate suitability, could undermine 

Brazil's ability to meet its greenhouse gas 

emissions reduction targets under international 

climate agreements (Lima et al., 2019). This 

landscape configuration has been shaped by 

priority high-value agribusiness commodities 

aimed at international markets, which has a 

strong impact on staple food availability for 

domestic consumption and leads to price volatility 

and to growing food–access disparities (Souza; 

Ribeiro, 2025). In 2018, low-income households in 

parts of this region faced a high food insecurity 

risk despite strong income growth, remaining the 

most vulnerable (Cherol et al., 2023). 

Like soybean, plantations are expanding 

globally in tropical forests, especially the Atlantic 

Forest Fagan et al. (2022). Though a carbon sink, 

plantations of pine/eucalyptus threaten 

biodiversity when replacing native forests. The 

Atlantic Forest has few old-growth remnants —

80% are <50 ha. Most landscapes hold <30% 

native forest, with mean cover <20 years; ~1/3 

have cover <10 years (Rosa et al., 2021). Such 

fragmentation endangers biodiversity due to 

small patch sizes (Branco et al., 2022; Scarano, 

2015).  

In this context, restoration action is 

imperative. As discussed by Bachion and 

Antoniazzi (2021), the concept of restoration 

extends beyond the mere recovery of vegetation 

cover. Instead, it encompasses the comprehensive 

revitalization of the landscape in its entirety, 

thereby enhancing its resilience and capacity to 

support both wildlife and human well-being. This 

approach to sustainable landscapes is predicated 

on the reinforcing of a holistic, integrated 

approach. In the context of the Atlantic Forest, the 
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financial implications of restoration are subject to 

considerable variation, contingent on the 

methodology employed. According to Benini and 

Adeodato (2017), the financial outlay required for 

the implementation of the proposed measures 

ranges from R$ 21.271,00 per hectare for total 

planting to R$ 186,00 per hectare for natural 

regeneration. However, the success depends on 

various factors, such as institutional capacity and 

the organization of stakeholders. The Planaveg 

2.0 has expanded the objectives of the restoration 

initiative (Brasil, 2024). In this context, land-use 

planning plays a crucial role, as the application of 

models and the analysis of landscape metrics 

enable the identification of areas with great 

potential to maximize connectivity between 

fragments, minimizing edge effects, and 

generating habitat patches with optimized 

dimensions and configurations.  

 

 

CONCLUSION 

 

 

Future trends analysis is essential for land-use 

planning. This study used machine learning and 

landscape-based variables to model fragmented 

areas across two-time frames: 1985–2023 

dominated by soybean expansion and 2023–2050 

marked by increases in both soybean and 

plantation forestry. This future scenario will 

accelerate losses of Mixed Ombrophilous Forest as 

it converts to eucalyptus and pine. The analysis 

also revealed high future competition between 

agriculture and forestry for land resources. These 

projected changes pose serious threats to 

biodiversity and ecosystem stability, highlighting 

the urgent need for integrated planning, 

conservation policies, and new forest management 

approaches. Without intervention, the ecological 

value of the Atlantic Forest biome will be 

increasingly compromised. 

The preservation of native forest remnants 

must be reinforced by restoration policies and 

land-use planning, as ecosystem health is vital for 

agriculture. It is recommended that future studies 

incorporate climate scenarios to facilitate a more 

comprehensive understanding of the interactions 

between climate and land use change. This 

research constitutes a preliminary investigation 

into the future transformation of the region.  
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