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Abstract

The Cerrado-Amazon Transition (CAT) represents the world’s largest tropical ecotone, demarcating the boundary
between the Brazilian Cerrado and Amazon biomes. Extensive deforestation and degradation within the CAT are
driving irreversible ecological transformations and significant biodiversity loss. The escalating incidence of fire and
agriculture-induced deforestation has rendered the CAT a dynamic ecological frontier, situated within the globally
recognized ‘Arc of Deforestation’. However, our understanding of deforestation and ecosystem degradation in the
CAT is limited due to insufficient knowledge regarding the spatial and temporal patterns of these disturbances. Here,
we utilize satellite image time-series segmentation combined with a convolution neural network (CNN) to identify
and quantify disturbances within the CAT over a 35-year period. Using the Landtrendr algorithm, Landsat time-series
data, and a Residual Neural Network (ResNet), we categorized four distinct types of disturbances—Amazon forest
clear-cutting, Cerrado clear-cutting, Amazon forest fire, and Cerrado fire—based on their temporal-spectral
trajectories and disturbance-recovery patterns. We identified over 384,000 km? of land cover disturbance between
1986 and 2020, with Amazon forest clear-cutting accounting for the largest proportion (35%) of the detected changes.
In the southern CAT, disturbances in the Cerrado vegetation were widespread, while in the northern CAT, Amazon
forest disturbances indicated a gradual loss of native forest boundaries. Our findings also reveal that whilst fire
caused less immediate damage to vegetation than clear-cutting, neither the Amazon forest nor the Cerrado vegetation
fully recovered to their pre-fire conditions within a decade post fire. These findings emphasize the necessity of
adopting targeted conservation strategies and restoration measures to mitigate the long-term ecosystem degradation of
this critical ecological transition zone.

Keywords: Cerrado - Amazon Transition (CAT); Landsat time series; LandTrendr,; Residual Neural Network; Vegetation
disturbance; Cleat-cutting and fire; Vegetation recovery

1. Introduction

The Cerrado-Amazon Transition (CAT) zone is the Earth's largest tropical ecotone, serving as a critical
boundary between Brazil’s Cerrado savanna and the Amazon rainforest Biomes (Marques et al., 2020).
Spanning 6,000 km, the CAT hosts a highly diverse array of plant species and structural formations
(Marques et al., 2020; Projeto RADAMBRASIL, 1981), as it encompasses transitional vegetation types
from both the Amazon rainforest and the Cerrado savanna. This ecological diversity contributes to its
dynamic boundaries and results in substantial spatial heterogeneity in vegetation cover, biomass, and
carbon storage capacity (de Souza Mendes et al., 2019; Marques et al., 2020; Ratter et al., 1973; Torello-
Raventos et al.,, 2013). Yet, despite its ecological significance, the CAT endures a multitude of
environmental pressures from both anthropogenic and natural sources, particularly deforestation and fire.

Driven largely by the Large-scale expansion of agriculture and pasturelands, clear-cutting has become



the dominant disturbance in the CAT (Flores et al., 2024; Ribeiro et al., 2024), causing cascading
ecological consequences such as vegetation carbon loss (Coe et al., 2013; Maia et al., 2010), biodiversity
decline (Almeida et al., 2018; Wearn et al., 2012), and soil degradation (Bonini et al., 2018; Hunke et al.,
2015). Fire activity has also been widespread across the CAT over the past four decades (Ribeiro et al.,
2024), primarily caused by human activities, including the use of fire for land clearing and management
(Cerri et al., 2018; Matricardi et al., 2013), and the conversion of land for agriculture and cattle ranching,
which increases the accumulation of flammable biomass (Fearnside, 2005). Whilst previous studies have
documented patterns of fire occurrence and clear-cutting in specific sites or sub-regions near the
Amazon—Cerrado boundary (Marques et al., 2024; Reygadas et al., 2021; Souza et al., 2021), there
remains limited understanding of where, when and how frequently disturbances occur across the broader
CAT region. This knowledge gap is primarily a consequence of the CAT’s ecological and spatial
complexity, which poses significant challenges for disturbance detection and identification.

Understanding how vegetation recovers after disturbance is essential for assessing ecosystem resilience,
estimating carbon fluxes, and guiding long-term land management and conservation strategies.
Incomplete or slow recovery can lead to sustained carbon emissions, shifts in biome boundaries, and
feedbacks that disrupt regional hydrology and global climate systems (Aragdo et al., 2018; Pellegrini et
al., 2018; Silva Junior et al., 2020). In the CAT zone, only a limited number of studies have examined
vegetation responses to disturbance using field-based approaches ( e.g., Reis et al., 2017, 2015), often
relying on data from relatively small 100 m? plots. These provide valuable insights into localized recovery
processes but lack the spatial coverage to inform regional-scale patterns. Complementary remote sensing
efforts, such as Santana et al., (2020), have assessed post-fire vegetation trends using 250 m MODIS data
over 15 years in parts of the CAT, offering a broader but coarser perspective. While these studies have
advanced our understanding, it remains uncertain whether their findings are representative of the broader
and ecologically diverse CAT ecotone. Some research suggests that seasonally dry forests in the CAT
may be more fire-resilient due to lower fuel loads and fire-adapted species (Balch et al., 2011; Hoffmann
et al., 2012; Ribeiro and Walter, 2008), whereas seasonally flooded Amazonian forests become highly
fire-sensitive during droughts as their moisture-rich root systems dry out and become flammable
(Maracahipes et al., 2014). However, the extent to which these contrasting recovery patterns apply across
the CAT remains poorly understood.

Moreover, while numerous studies have explored post-disturbance recovery within the Amazon or
Cerrado biomes individually (e.g., Bullock and Woodcock, 2021; Driike et al., 2023; Machida et al., 2021;
Silva et al., 2018), extrapolating their findings to the CAT is problematic due to its ecological complexity
and transitional nature. A critical knowledge gap remains: we lack a comprehensive understanding of how
different vegetation types within the CAT respond to various disturbance regimes over time and space.
Addressing this gap requires the integration of long-term satellite time series with advanced classification
and modeling approaches to capture and compare recovery trajectories across the full extent of the
ecotone.

EO data are often used for large-scale temporal vegetation monitoring (Wang et al., 2019). A variety of
time-series detection algorithms—such as LandTrendr (Kennedy et al., 2010), VCT (Huang et al., 2009),
CCDC (Zhu and Woodcock, 2014), and BFAST (Verbesselt et al., 2010) — have been developed to
analyze EO image stacks and identify both abrupt and gradual changes in vegetation (Fang et al., 2018;
Ma et al., 2020; Novo-Fernandez et al., 2018; Zhou et al., 2024). Among these, LandTrendr was
specifically designed for Landsat time series and has been effectively utilized to detect both abrupt
disturbance events and recovery patterns within forests across America, Amazonia, China, and Cerrado
biome (Almeida de Souza et al., 2020; Kennedy et al., 2010; Reygadas et al., 2021; Yin et al., 2022).
Temporal-spectral trajectory features, which can be obtained from time-series detection algorithms, have
also been used to identify specific types of disturbance events, particularly when integrated with
traditional machine learning models (Hermosilla et al., 2015; Li et al., 2022; Murillo-Sandoval et al.,
2018; Zhao et al., 2015). For example, Murillo-Sandoval et al., (2018) applied BFAST and Random
Forest to differentiate conversion to pasture, conversion to agriculture, and non-stand replacing
disturbance in Amazon biome; and (Zhao et al., 2015) combined VCT with Support Vector Machine to



separate wildfires, harvests, and other disturbance categories in Greater Yellowstone Ecosystem.
However, the use of EO data for improving our understanding of disturbance dynamics with the CAT is
limited. Those that have used EO data, have primarily focused on static land cover mapping or have
identified change within the CAT by comparing maps of vegetation cover over a limited number of points
in time (de Souza Mendes et al., 2019; Morton et al., 2006; Wang et al., 2019; Zaiatz et al., 2018). While
these thematic maps are useful for tracking major shifts in land use, they often fail to detect lower-
intensity disturbances, and they fail to capture the temporal dynamics of vegetation responses, which
limits our understanding of post-disturbance recovery processes in this ecologically heterogeneous region.

In this study we use a new methodological approach to produce the first detailed characterization of the
temporal and spatial patterns of major disturbances (i.e. fire and clear-cutting of vegetation) within the
CAT. We use a novel two-step framework utilising Landsat time series data: first the LandTrendr
algorithm is used to identify vegetation disturbances; and second a deep learning model (ResNet) is used
to classify disturbance categories based on the full temporal trajectory of affected pixels. To our
knowledge, this is the first attempt to integrate time-series disturbance detection with deep learning-based
attribution in a complex tropical ecosystem such as the CAT. In contrast to conventional machine
learning approaches, which typically rely on handcrafted temporal metrics derived from time series
(Hermosilla et al., 2015; Li et al., 2022; Murillo-Sandoval et al., 2018; Zhao et al., 2015), deep learning-
based method directly utilizes the full temporal trajectory, enabling the extraction of high-level features
and contextual patterns across time, improving classification accuracy =(Chen et al., 2021). Moreover,
this modular approach, by decoupling the detection of change from land cover classification, not only
alleviates the need for large-scale, fully annotated training datasets, but also lowers the overall
computational burden by limiting classification tasks to pre-identified regions of interest (Pfeiffer et al.,
2023). This framework enables a shift from simple land cover change detection to a more process-based
understanding of disturbance and recovery, ultimately providing a more nuanced characterization of
vegetation dynamics in tropical ecotones. Specifically, we focus on identifying dynamic changes that
have over a 35-year period (1986-2020). Through our analysis we aim to identify the locations and
timings of the most severe disturbance events, and to determine how the rate of vegetation recovery varies,
both between key vegetation types found within the CAT, and in response to different disturbance drivers.
We expect that expanding anthropogenic disturbances are gradually eroding the Amazon forest frontier,
and hypothesise that fire-affected Amazon forest vegetation will demonstrate rapid but often incomplete
recovery, whilst the more fire-adapted Cerrado vegetation will recover more rapidly and completely.
These hypotheses guide our analysis and form a basis for interpreting vegetation recovery patterns in this
ecologically critical transition zone.

2. Material and Methods
2.1. Study area

The study area encompasses a total of 1,145,247 km?, stretching from the southwest to the northeast
along the transitional belt between the Cerrado and Amazon biomes (IBGE, 2019; Fig. 1). Given the
absence of an officially recognized boundary for the CAT, the extent of the study area was defined to
encompass locations of existing vegetation survey plots (i.e. Plant Ecology Laboratory of the
Universidade do Estado do Mato Grosso) that have been widely used to understand vegetation dynamics
with the CAT region (Faria et al., 2024; Lenza et al., 2015; Marimon et al., 2014; Marques et al., 2020;
Reis et al., 2015). The region's climate is primarily classified as Tropical Savanna with a dry winter (Aw)
and Tropical Monsoon (Am) according to the Koppen classification system. The average annual
temperature ranges from 24.1°C to 27.3°C, with localized dry-season temperatures reaching up to 45°C
(Araujo et al., 2021; Reis et al., 2018).
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Fig. 1. The location of the CAT, encompassing part of the Brazilian States of Mato Grosso, Para, Tocantins and Goias. The yellow
border depicts the research area; the black border is the traditional dividing line of biomes in Brazil with the Amazon biome to the
north, the Cerrado biome to the south and the Pantanal at the southwest corner, near Cuiaba (IBGE, 2019). The background image is
a composite of cloud-free Landsat 8 OLI scenes acquired between Jan 1 and Dec 30, 2021.

Based on the ecological heterogeneity found within the CAT, we grouped the vegetation types used in
this study into two major categories; namely Amazon forest and Cerrado, with each encompassing several
structurally distinct vegetation subtypes (Table 1).

Table 1. Classification and structural characteristics of Amazon forest and Cerrado within the CAT.

Categories  Description References

Includes open ombrophilous forests, seasonal forests, gallery forests, and dry
Amazon forests, primarily distributed north of the traditional biome boundary. These (Marimon et al., 2014, 2006;
Forest forests are generally more continuous and closed-canopy, with taller trees and Ratter et al., 1973)

higher biomass than Cerrado.

Mainly located south of the traditional biome boundary, the Cerrado comprises
a gradient of vegetation types:

— Cerraddo (woodland savanna): Trees 8—15 m tall, canopy cover 50%—90%,
featuring a mix of Amazon and Cerrado species, typically in contact zones
between dry forests and other Cerrado vegetation.

— Dense Cerrado: Trees 5-8 m tall, canopy cover 50%—70%

— Typical Cerrado: Trees 3—6 m tall, canopy cover 20%—50%

— Open Cerrado: Trees 2—-3 m tall, canopy cover 5%—20%

Gongalves et al., 2021; Marimon
et al., 2014; Marimon Junior and
Haridasan, 2005; Marques et al.,
2020; Oliveira et al., 2017; Ratter
etal., 1973

Cerrado




2.2. Methods

Fig. 2 presents an overview of the methodological approach employed to identify and understand the
dynamics of disturbances in the CAT from 1986 to 2020. Initially, we identified the presence of
disturbance events using Landsat annual medoid composite images and the LandTrendr disturbance
detection algorithm (Kennedy et al., 2010) within Google Earth Engine (Fig.2a; GEE: Gorelick et al.,
2017). Subsequently, for each identified disturbance event, we extracted temporal trajectories of
individual Landsat spectral bands (NIR, SWIR1, SWIR2) and calculated spectral indices (NBR, NDMI,
TCB, TCG, TCW, TCA; Table 2). The temporal trajectory data were then used as input variables for a
deep-learning model (ResNet), to classify each of the disturbance events into four categories: (i) Amazon
forest clear-cutting, (i) Amazon forest fire, (iii) Cerrado clear-cutting, and (iv) Cerrado fire (Fig.2b)
indicating both the predominant type of vegetation present and the type of disturbance that had occured.
Finally, we constructed disturbance-recovery trajectories based on values of the normalized burn ratio
(NBR) for each identified disturbance category, and quantified differences in post-disturbance responses
across these four disturbance categories using two spectrally-derived indicators: the Relative Differenced
Normalized Burn Ratio (RANBR; Miller et al., 2009) and the Recovery Indicator (RI; Kennedy et al.,
2012; Fig. 2c¢).

(a) Identifying vegetation disturbance

(b) Disturbance Classification

(c) Trajectory Analysis
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Fig. 2. Overall research approach. Abbreviations and their meaning are described in Table 4.
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2.2.1. Data description

We acquired Landsat Tier 1 surface reflectance data for the CAT region for each dry season (June 1 to
September 30) from 1985 to 2020. The data were harmonized across multiple Landsat sensors, including
Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8
Operational Land Imager (OLI), using the equations provided by Roy et al., (2016). Clouds and cloud
shadows were masked using FMASK-derived quality assurance bands(Zhu and Woodcock, 2012), and
annual composites were generated using the medoid compositing method. Although our primary focus is
on the period beginning in 1986, we included data from 1985 as the LandTrendr algorithm used for
detecting breakpoints in the time series requires at least one year of pre-disturbance imagery (Kennedy et
al., 2018).

We used the MapBiomas History of deforestation (MapBiomas, Collection 8), the MapBiomas History
of Fire Scars (MapBiomas, Collection 3), and the Deforestation and Degradation in Tropical Moist
Amazon forest (TMF) data from the European Commission's Joint Research Centre data products
(Vancutsem et al., 2021) as reference data to aid in the preliminary selection of areas for the generation of
the disturbance classification training dataset. The key characteristics of these datasets are summarized in
Table 2.



Table 2. Key characteristics of reference datasets.

Dataset Description Method Spatial Scope Source
MapBiomas Estimates forest and non-forest ;F;?/zlr( gggﬂ;ﬁ&yjs‘i ghaélfrfls ;r:ilr?nd
History of vegetation loss across biomes based y paring Brazil-wide https://brasil.mapbiomas.org/en/metodo-desmatamento/
. . . Annual land cover/use maps
Deforestation on pixel-wise land cover change. .
(Collection 8)

Detects fire scars using Deep Neural Network on Landsat
MapBiomas burned/unburned samples and deep imagery samples, with reference to
History of Fire learning. But it does not distinguish MODIS burned areas product Brazil-wide https://brasil. mapbiomas.org/en/metodo-mapbiomas-fogo/
Scars between the types of vegetation (MCD64A1) and burn scars from

where fires occur. INPE

Tracks deforestation and degradation
TMF (Tropical trajectories over 34 years using . . .
Moist Forest) Landsat time series. But it does not Spectral-temporal trajectory analysis Global tropical https://forobs.jrc.ec.europa.eu/TMF/data#factsheets

. . . from Landsat (1990-2024) humid forests
Dataset include savanna regions like the

Cerrado biome.




2.2.2. Identifying vegetation disturbance

We applied the LandTrendr time segmentation and fitting algorithm within GEE to detect vegetation
disturbances within the CAT based on time series trajectories of the Normalized Burn Ratio (NBR: Key
and Benson, 2006). The LandTrendr algorithm operates on the principle that the temporal evolution of a
pixel can be approximated by a series of linear segments. Stable periods are represented by segments with
minimal slope, whereas disturbances are indicated by segments with abrupt changes in value, followed by
recovery segments exhibiting a gradual increase, potentially returning to the original pixel value. The
algorithm's output is a fitted spectral trajectory represented by multiple interconnected segments for each
pixel within the study area (Fig. 3; Kennedy et al., 2010).

The selection of appropriate model parameters for the LandTrendr algorithm is crucial for accurate
processing(Kennedy et al., 2018). To detect multiple change events without overfitting the model, the
Maximum Number of Segments was set to nine based on trial and error. The spike threshold was set to
0.75 to reduce the overestimation of disturbance magnitude caused by sudden breakpoints. Additionally,
to exclude the effects of NBR fluctuations within the normal range expected for vegetation (especially in
the Cerrado biome) and to eliminate bare ground, only disturbance events with pre-disturbance NBR
values greater than 0.2 and a modeled magnitude greater than 0.15 were considered.

NBR 1 | Is* change event | 2¢d change event |
I I |
0.8 -
s <
£ is
S0k e
- s s
; 3 ¥
HIS =
L TCRVRURT. SR — 2 :
Duration : x year ] H .
: ! Post-disturbance
plateau
Duration : "
Disturbance occurrence year
0 -
1986 2010 2020 Year

Fig. 3. Conceptual example of the disturbance and post disturbance Normalized Burn Ratio (NBR) fitted trajectory. Concept
example showing two change events at the same location, with quantitative indicators of disturbance and recovery.

We define a change event as consisting of two components: (i) the disturbance, characterized by a
decreasing trend in a time-series segment, and (ii) the post-disturbance, which consists of one of two pre-
defined temporal trajectories namely a) recovery, characterized by a positive trend in the time-series
segment following a disturbance event, continuing until a subsequent disturbance event is detected within
the same pixel or b) a post-disturbance plateau, characterized by a stable NBR value maintained and
showing no evidence of recovery within the time series (Fig. 3). The post-disturbance plateau may occur



when forest loss is driven by agricultural or pasture expansion, indicating prolonged suppression of
natural vegetation regeneration due to continuous human activity.

To avoid detecting gradual long-term disturbances, such as those resulting from slow vegetation
degradation, we identified only those change events where disturbances lasted less than two years and the
recovery or post-disturbance plateau time exceeded one year. Where multiple disturbance events occurred
in the same location but in different years, we repeated the analysis outlined above to obtain information
for each disturbance event. Our analysis focuses on a maximum of three disturbance events for each pixel
as more than three disturbance events were rarely observed. As our study focused on disturbances to
natural vegetation, as opposed to disturbances caused by clear-cutting of secondary forests or pasture fires,
prior to analysis we masked all areas of non-natural vegetation that were present before 1985 using land
use and land cover type data from Mapbiomas. In the subsequent disturbance classification process (see
section 2.2.3), we also excluded all disturbance events detected after a clear-cutting event was identified
as the land cover post disturbance is likely to be different to that which was originally disturbed (e.g.
clear-cutting of a forest for agricultural purposes is unlikely to result in the subsequent re-growth of a
similar forest in the same location). Fire disturbances do not necessarily result in land use type
conversions (Andela et al., 2017); therefore, secondary disturbances occurring after fire events were
retained for analysis.

We evaluated the accuracy of vegetation disturbance detection results using TimeSync (Cohen et al.,
2010), which is an interpretation tool for change detection algorithm calibration and map validation based
on Landsat trajectories and Google Earth high-resolution imagery. The validation dataset consisted of 542
pixels, the size of which was determined according to the formula of Cochran, (1977):

2 1—

where z =1.96 (representing a 95% confidence interval), d is the half-width of the confidence interval,
and p is the expected overall accuracy of the population under simple random sampling. We set 0.94 as
the value of p, based on 94% estimation accuracy (Reygadas et al., 2021), and set d as 0.02.

According to the area ratio of disturbed and non-disturbed areas, we randomly sampled and verified
249 disturbed pixels and 293 non-disturbed pixels across the study area. For each selected validation pixel,
we conducted a visual inspection of the NBR trajectory and the associated time series of Landsat images
to ascertain (i) whether a disturbance event had occurred and, if so (ii) the specific year in which the
disturbance occurred.

2.2.3. Classification of Disturbance Events

We aimed to classify four types of vegetation disturbance events based on the temporal trajectories of
disturbance pixels identified by the LandTrendr algorithm (Table 3). To construct robust training and
validation datasets for this classification task we first used the MapBiomas deforestation and fire products,
as well as the TMF deforestation dataset (Section 2.2.1), to identify areas with a high likelihood of
disturbance. This spatial filtering step reduced the search space and improved the efficiency of sample
selection. Within these candidate areas, we randomly selected sample points that had also been
independently detected as disturbances by the LandTrendr algorithm (Section 2.2.2), thereby ensuring
consistency with our time series-based disturbance framework. For each selected sample point we used
the TimeSync tool to manually verify and classify both the vegetation type and the specific disturbance
category based on Landsat time series and high-resolution imagery. To mitigate potential sampling bias
and ensure an even spatial distribution, we applied a minimum distance constraint of 300 meters between
selected points. Ultimately, we obtained a balanced dataset by selecting 2,000 pixels for each of the four



disturbance categories. Ultimately, These labeled samples were randomly split into training (80%) and
validation (20%) datasets for model development and evaluation.

Table 3. Classification and description of vegetation disturbance events.

Event Type Description

The complete removal of forest cover in the Amazon biome, typically through land clearing,
leaving the land devoid of trees.

The full removal of natural vegetation in the Cerrado biome, including both woody and grassy
vegetation, usually for agricultural or land development purposes.

The damage or degradation of Amazon forests caused by uncontrolled or deliberate fires, which
may not result in complete deforestation but can lead to significant ecological disturbances.

The disruption of the natural balance in the Cerrado biome due to fire, which can alter
vegetation composition and ecosystem function, but may not entirely eliminate plant cover.

Amazon forest clear-cutting
Cerrado clear-cutting
Amazon forest fire

Cerrado fire

We used the one-dimensional residual network (ResNet; He et al., 2016), to classify the disturbance
category based on the temporal trajectories of disturbance pixels identified using the LandTrendr
algorithm. The 1D-CNN architecture is primarily employed to extract information from linearly
structured time series datasets and has been extensively used in vegetation and crop monitoring and
classification (Bai et al., 2023; Li et al., 2021; Ma et al., 2023). Specifically, we used the ResNet-50
model (Koonce, 2021) implemented in the Python TensorFlow library. The model was trained using a
batch size of 64, where each sample corresponds to a 90-length time-series vector representing a single
pixel. We used a learning rate of n = 0.001 and optimized the model with the Adaptive Moment
Estimation (Adam) algorithm for mini-batch gradient descent. For each training pixel the temporal
trajectories of three spectral bands and six spectral indices (Table 4) were used as inputs to the classifier,
as previous studies have shown that including multiple spectral indices can reduce noise and improve
classification accuracy (Shimizu et al., 2019). For pixels identified by the LandTrendr algorithm as
having experienced a single disturbance within the study period, the time series trajectory began the year
before the date that the disturbance was detected and continued for 10 years afterward. The 10-year time
frame was selected based on the results of Chen et al., (2021), which demonstrated that a 10-year time
frame has a lower error rate than other time-series lengths in monitoring and classifying deforestation and
fire events by CNN (convolution neural network). In cases where multiple disturbances were detected,
separate time series trajectories were extracted for each event. To handle cases where the time-series
trajectory was shorter than 10 years, such as disturbances occurring after 2012 or in pixels that
experienced subsequent disturbances within a 10-year window, the final year of the trajectory was
replicated to ensure a uniform time-series length across all samples. The ResNet model primarily captures
local features via convolutional layers and is less sensitive to the sequence order (Wei-Jian et al., 2021),
thus we concatenated the nine time series trajectories for each pixel (corresponding to three bands and six
indices) into a single sequence of length of 90 to simplify its structure for improved computational
efficiency. All time-series samples were normalized to the range -1 to 1 in order to accelerate model
convergence and stabilize training (Salimans and Kingma, 2016). We also compared the classification
output from Resnet-50 with a random forest model (ntrees = 200, mtry = 9) through the use of a
confusion matrix and user accuracy, producer accuracy, and overall accuracy statistics were obtained and
compared for both outcomes.



Table 4. Spectral bands and vegetation indicators used for vegetation disturbance monitoring and classification, Blue, Green, Red are the visible blue, visible green and visible red

bands, respectively.

Name Abbreviation  Formula/Band Range Features Reference
Near-Infrared NIR 0.75- 1.4 um Sensm\_/e to chlorophyll content of living
Reflectance vegetation. A d Berli
Shortwave Sensitive to water content in soil and Ver}f and berun,
Infrared 1 SWIRI 1.55- 175 pm vegetation, lignin content of non- 19%%’ g/hgfgo";nd
Shortwave photosynthetic vegetation, and hydrous ode,
Infrared 2 SWIR2 2.08 -2.35 um minerals.
Not easily saturated and sensitive to viable .
. . Bright et al.,
chlorophyll, leaves, soil moisture content, 2019: Key. 2006:
Normalized NIR-SWIR2 char and ash. Responses to different types » Y, ’
. NBR NBR=———— . - Key and Benson,
Burn Ratio NIR+SWIR2 of disturbance (e.g., vegetation clear- .
X X 2006; Schroeder et
cutting, fire, pests and diseases, etc.) are
; al., 2011
evident.
Highly correlated with canopy water
Normalized content, it can track changes in plant DeVries et al.,
Difference NDMI NDMI= NIR-SWIR1 biomass and water stress and therefore 2015; Gao, 1996;
Moisture Index T NIR+SWIR1 respond more effectively to less severe Ochtyra, 2020
disturbance events.
g?issﬁiigss Cap TCB é?lue TCB provides an indication of the overall Banskota et al
T & ed C 0.2043 0.4158 0.5524 0.5741 0.3124 0.2303 reen pixel reflectance, TCG provides an 2014 Crist and
Gasse N ap TCG -0.1603 -0.2819 -0.4934 0.7940 -0.0002 -0.1446| | X% indication of vegetation photosynthetic Cionno. 5007
FeCnness 0.0315 0.2021 0.3102 0.1594 -0.6806 -0.6109 conditions, and TCW is highly sensitive to e
Tasseled  Cap TCW SWIR1 changes in Amazon forest structure Healey et al., 2006
Wetness WIR2 g ’
TCA reveals the ratio of vegetation to non- Gomez ot al
TCG i i i -
Tasseled  Cap TCA TCA=arctan (_) Vegetat}on? with TCA in harve;ted areas 2011: Schroeder et
Angle TCB being significantly lower than in any other al. 2011

Amazon forest cover stage.




2.2.4. Disturbance and recovery trajectory analysis

We generated quantitative trajectory indicators from the model-fitted NBR time series to understand
how vegetation within the CAT responded to different types of disturbance events. For each disturbance
event that we identified (sections 2.2.2 and 2.2.3), we calculated two key indicator trajectories. The first
index quantified the level of vegetation damage caused by the disturbance, as it uses pre and post
disturbance values of NBR to calculate the RANBR, which determines the relative change in vegetation
post disturbance (equation 2).

A

- 2)
|« )

Where ANBR is the NBR change in disturbance, NBR,rais is the absolute value (non negative) of NBR
before disturbance.

We also calculated the RI, which quantifies the degree of vegetation recovery following a disturbance
event The Rl is the ratio of post-disturbance regrowth to the level of vegetation lost during the preceding
disturbance event (Equation 3). Since clear-cutting typically signifies a land-use conversion, which
precludes vegetation recovery, the RI metric was only calculated for fire events. We standardized the
assessment of post-disturbance recovery to a 10-year period as preliminary analysis of the data indicated
little year-to-year variation in NBR for recovery periods longer than 10 years. If the recovery period was
shorter than 10 years, the RI was calculated up to the final year of the available recovery trajectory.

+

i G)

Where NBR, is the NBR value in the disturbance year y, and NBR ,+. is the NBR value in the x” year
after the disturbance. We used analysis of variance (ANOVA) to determine whether the degree of
disturbance (i.e. RANBR) and recovery (i.e RI) differed between four different disturbance categories.

3. Results
3.1. Reliability and Regional Variation of Disturbance Detection

Despite the diverse vegetation types present in the CAT zone, the LandTrendr algorithm achieved an
overall disturbance detection accuracy of 80% (Table 5). Whilst some disturbed pixels were not identified
(~24 %) by the LandTrendr algorithm, 80% of the pixels that were identified as disturbed were correct as
compared with the reference data. These results suggest that while our estimates of disturbance within the
CAT region may be underestimated, we have a high degree of confidence that the pixels identified as
disturbed accurately represent true disturbances.

Table 5. Confusion matrix and performance assessment of disturbance identification in the CAT region.
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LandTrendr
Test Data
Disturbed Undisturbed Row Total User’s accuracy

3 Disturbed 189 48 237 80%

£ g Undisturbed 60 245 305 80%

Ela Total 249 293 542

O Producer's accuracy 76% 84%

Overall accuracy 80%

Over the 35-year period, 33% of the study area (384,717 km?) experienced at least one disturbance
event. Fig. 4 presents the spatial patterns of disturbance events and the years in which each disturbance
was detected. The most recent disturbance events (orange to yellow in colour) were found to the far North
of the CAT dividing line towards the natural vegetation of the Amazon biome, and also tend to be
spatially clustered (Fig. 4a). In contrast, disturbances in the region south of the CAT boundary in the
Cerrado biome were more temporally heterogeneous and their spatial distribution was more dispersed
(Fig. 4b).

Research Area
:I Biome Boundary
I 1956 I 2004
I 1037 B 2005
I 195 I 2006
I 1939 I 2007
I 1900 N 2008
I 1091 BN 2009
BN 1952 M 2010
BN 1993 B 2011
B 1994 I 2012
I 1995 2013
I 1996 2014
I 1997 2015
I 1998 2016
I 1999 2017
I 2000 2018
I 2001 2019
. 2002 2020
I 2003
0 125 25 50 Kilometers
——tt—t——

Fig. 4. Spatial distribution of first vegetation disturbance occurrence time detected in CAT between 1986 and 2020. Illustrations of
regional spatial details showing (a) Amazon forest disturbance erode natural vegetation boundaries over time chosen for its
representativeness of widespread deforestation trends; (b) heterogeneous pattern of Cerrado disturbance events, chosen because of
its representation of the diverse landscape characteristics of the Cerrado biome. The background image is a composite of cloud-free
Landsat 8 OLI scenes acquired between Jan 1 and Dec 30, 202.

3.2. Identifying different types of vegetation disturbance

Our findings indicate that disturbance categories can be accurately mapped using temporal disturbance
trajectories in conjunction with the ResNet classification architecture, achieving an overall classification
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accuracy of 95%, which outperformed the random forest model in terms of both producer and user
accuracy (Table 6). Fig. 5 provides examples of the temporal trajectories that are characteristic of
different mapped disturbance categories. Amazon forest clear-cutting and fires resulted in more
pronounced changes in spectral and vegetation indicators compared to disturbance observed in the
Cerrado vegetation. Clear-cutting in both the Amazon forest and Cerrado vegetation resulted in more
abrupt and longer-lasting change in spectral and vegetation indicators compared to fire disturbances.
Among all indicators, NBR and NDMI exhibited the most pronounced changes in magnitude between
pre- and post-disturbance conditions, regardless of the disturbance category.

Table 6. Classification Accuracy of disturbance category in the CAT region.

ResNet-50
True labels
Amazon forest Cerrado clear- Amazon forest Cerrado User's
clear-cutting cutting fire Fire accuracy
Amazon forest clear-cutting 399 11 3 8 95%
Cerrado clear-cutting 3 381 0 10 97%
Amazon forest fire 5 0 383 7 97%
»  Cerrado Fire 3 18 4 365 94%
E Producer's accuracy 97% 93% 98% 94%
= Total accuracy 95%
B Random Forest
-fs’ Amazon forest clear-cutting 354 14 14 3 92%
;s:: Cerrado clear-cutting 35 360 0 20 87%
Amazon forest fire 11 3 367 2 96%
Cerrado Fire 10 33 99 365 88%
Producer's accuracy 86% 88% 94% 94%
Total accuracy 90%
a
% 075 % 075 - /
% 0.50 % 0.50 //
S N
E E
gos 502 %/'
0.00 0.00
1 2 3 4 6 8 9 10 4 2 3 4 5 6 7 8 9 10
Year Year
Cc
N NBR
075 e 075 NDMI
= s =2 ] SWIR1
E 0.50 E\ 050 </\ — .
E E S Tea
goas N — 5025 \_K_/— wea
TCG
0.00 0.00 TCW
1 2 3 4 5 6 8 9 10 G 2 3 4 5 6 7 8 9 10
Year Year

Fig. 5. Mean values of the time series of spectra and vegetation indicators for different vegetation disturbance categories in the
disturbance classification model. (a) Amazon forest clear-cutting; (b) Cerrado clear-cutting; (c) Amazon forest fire; (d) Cerrado fire.

Abbreviations are defined in Table 4.
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Our disturbance classification results show that Amazon forest clear-cutting was the main type of
disturbance in the CAT zone between 1985 - 2020 and accounted for 35% (167,347 km? ) of the total
disturbed area. Forest clear-cutting was widespread across the CAT and frequently found north of the
traditional ecological boundary (Fig. 6&7a). In contrast to wide-spread forest clear-cutting, forest
disturbances caused by fire tended to be more spatially clustered, smaller in size, and often located
adjacent to forested areas that had been clear-cut (Fig. 6a). Forest fires were also often observed along
river corridors (Fig 6b).

Unlike Amazon forest disturbances, our results showed that disturbances that occured in Cerrado
vegetation were primarily in the southern part of the CAT. Cerrado disturbances were often smaller than
those occurring in Amazon forest vegetation and were distributed across the landscape in a scattered and
irregular manner (Fig. 6a). However, similar to Amazon forest vegetation, a clear spatial association was
observed between disturbed Cerrado vegetation affected by clear-cutting and fire, indicating spatial co-
occurrence of these disturbances (Fig. 7 b&d).

Research Area

[[] Biome dary

I Amazon Forest Clear-Cutting
S Cerrado Clear-Cutting

Amazon Forest Fire

Cerrado Fire

0 125 25 50 Kilometers
-

Fig. 6. Spatial distribution of first vegetation disturbance categories detected in CAT between 1986 and 2020 and examples of
regional spatial details showing (a) fires occurring around clear-cutting areas and (b) fires occurring along rivers.
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Low

0 250 500  1,000Kilometers

Fig. 7. Distribution of high frequency areas by disturbance category. (a) Amazon forest clear-cutting, (b) Cerrado clear-cutting, (c)
Amazon forest fire, (d) Cerrado fire in the CAT. The maps were generated by interpolating the cumulative disturbance area within
each 1000x1000-pixel grid cell (900 km?). If multiple disturbances occurred at the same pixel during the study period, each event

was included in the total area calculation.

Fig. 8 illustrates the temporal dynamics of the Amazon forest and Cerrado disturbances between 1986
and 2020. Our results show a positive trend in the total disturbed area prior to 1998 followed by another
increase in the area affected by clear-cutting in the Amazon forest vegetation between 2002 and 2004 (Fig.
8a). Our analysis also indicates that in the Amazon forest vegetation, an increase in the area disturbed by
fire following increases in the area disturbed by clear-cutting, suggesting a potential lagged relationship
(Fig. 8a); whereas in the Cerrado vegetation, the area affected by both types of disturbances show a

synchronous temporal pattern (Fig. 8b).

== Amazon Forest Clear-Cutting
Amazon Forest Fire
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Area (square kilometer)
2
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Fig. 8. Temporal dynamics of vegetation disturbance in the (a) Amazon forest vegetation and (b) Cerrado vegetation.
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3.3. Influence of the type of disturbance on vegetation disturbance-recovery trajectories

We calculated the RANBR to quantify and compare the level of vegetation damage due to different
types of disturbance events. Our results indicate that the vegetation damage of the disturbance endured
differs according to the type of disturbance event (Table 7; F = 3959, p < 0.001). As expected, we found
that on average, fire disturbances were associated with lower vegetation damage—as indicated by lower
RANBR values—compared to clear-cutting, in both Cerrado vegetation and Amazon forest vegetation
within the CAT (Fig. 9). Our results also suggest that many of the fire disturbances identified within the
Amazon forest vegetation were of low damage, compared to those observed in the Cerrado vegetation,
whereas clear-cutting had a very similar impact on both types of vegetation communities (Fig. 9).

1.0

RdNBR

0.5

Amazon Forest Clear-Cutting Amazon Forest Fire Cerrado Clear-Cutting Cerrado Fire
Disturbance type

Fig. 9. A violin plot of the distribution of RANBR values for the different disturbance categories identified from the ResNet deep
learning classification in the CAT, based on 50,000 randomly sampled pixels.

Table 7. Comparisons between RANBR values for the different types of disturbance events identified in the CAT based on a random
sample of 50,000 pixels.

Comparison Mean difference  Std. Error ¢ value (Tukey)  p value (Tukey)
Amazon forest fire Amazon forest clear-cutting -0.226 0.002 -96.290 <0.001
Cerrado Clear-Cutting Amazon Forest Clear-Cutting 0.009 0.002 3.943 <0.001
Cerrado Fire Amazon Forest Clear-Cutting -0.115 0.002 -52.676 <0.001
Cerrado Clear-Cutting ~ Amazon Forest Fire 0.231 0.003 88.007 <0.001
Cerrado Fire Amazon Forest Fire 0.106 0.002 42.605 <0.001

Cerrado Fire Cerrado Clear-Cutting -0.125 0.003 -49.339 <0.001
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We also compared the recovery of vegetation cover in Amazon forest and Cerrado vegetation
following fire disturbance, as indicated by changes in the annual RI. Our findings revealed that vegetation
began to regrow quickly within both the Amazon forest and Cerrado vegetation, recovering to approx
80% of pre-fire levels in the Amazon forest vegetation by the end of the time series, but only 60% of the
pre-fire levels in the Cerrado vegetation (Fig. 11). Notably, neither vegetation type fully returned to pre-
disturbance conditions within a ten-year period, as indicated by an annual RI value <1.

0.754

0.5

RI

0.254
—— Amazon Forest Fire

—— Cerrado Fire

4 5 6 7 8 9 10
No. of years post disturbance event

-
™o -
w

Fig. 10. Annual Recovery Indicator (RI) of different disturbance categories present within the CAT. An RI value of 1 indicated that
vegetation cover has returned to pre-disturbance levels. The plots have been generated from 50,0000 randomly sampled pixels.

4. Discussion

The CAT represents an ecotonal region of exceptional ecological significance, where the Amazon
forest and Cerrado vegetation converge to create a heterogeneous landscape that supports high
biodiversity (Maracahipes-Santos et al., 2015; Marques et al., 2020). Using the novel combination of
time-series analysis of EO data together with a deep-learning model, our study provides a unique insight
into the extent and intricate spatial patterns of vegetation disturbances within the ecologically sensitive
CAT region over the last 35 years.

With the increasing length of EO data records, time-series-based vegetation monitoring techniques
offer expanded opportunities for studying disturbances. We show that the LandTrendr algorithm in
combination with the ResNet-50 model can be used to detect and classify vegetation disturbances in
complex spatially heterogeneous ecosystems with a high level of overall accuracy ( 80% & 95%; Table 5
& 6). While variations in parameters and threshold selection inherent to the LandTrendr algorithm may
complicate consistent application across different vegetation types, the overall accuracy remains high.
The ResNet-50 classifier significantly outperformer than the more traditional random forest approach
(Table 6), which showed lower accuracy for clear-cutting than fire events - likely because clear-cutting is
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typically followed by diverse land use practices (e.g., agriculture, pasture), resulting in greater spectral
variability. Compared to previous studies that applied deep learning techniques in less complex
environments, our approach maintains or exceeds similar levels of classification accuracy. For example,
Maretto et al., (2020), Dalagnol et al., (2023) and Mota et al., (2024) reported accuracies between 76%—
95% in relatively homogeneous Amazon biome using deep learning, While studies in savanna—forest
mosaics have often faced challenges due to overlapping structural and phenological characteristics
(Bendini et al., 2022). Achieving similar or higher accuracies in a spatially and temporally dynamic
ecotone such as the CAT indicates that our approach is not only robust but particularly suited for
heterogeneous environments. The reason for this robustness lies in the ability of Deep learning techniques
to extract long-term spectral patterns and complex disturbance signals by integrating complex non-linear
signals in time (Perbet et al., 2024). Furthermore, our workflow requires relatively limited training data
compared to typical deep learning applications, as the disturbance trajectories were pre-structured by the
LandTrendr segmentation. This two-step framework reduces the data burden and enhances the model’s
scalability to larger regions and multi-year applications—an important consideration for operational EO-
based disturbance monitoring in data-scarce regions. In summary, our study provides empirical evidence
that integrating temporal segmentation algorithms with residual convolutional architectures offer a robust
and scalable solution for detecting and characterizing multi-type vegetation disturbances, especially
within ecologically heterogeneous and temporally dynamic tropical landscapes.

Using Landsat time series and the LandTrendr algorithm combined with a ResNet-50 model, our
results suggest that Amazon forest clear-cutting has been the cause of the most widespread disturbances
within the CAT over the last 35 years, accounting for approximately 35% of the total disturbed area (Fig.
6). The Amazon forest clear-cutting gradually erodes the edges of intact vegetation (Fig. 4a). Driven
largely by agricultural expansion, Amazon forest vegetation continued to be the primary target for
conversion into croplands and pastures (Fig. 6). Similar patterns of persistent and large-scale clear-cutting
have previously been observed along the so-called "Arc of Deforestation" and are often associated with
the progressive incursion of agricultural zones into forested landscapes (Arvor et al., 2017; Matricardi et
al., 2020; Ribeiro et al., 2025; Verburg et al., 2014). Our results suggest that in the CAT, Amazon forest
clear-cutting reached a peak around the year 1998 (Fig. 8a), and the underlying temporal dynamics reflect
the influence of economic shifts, policy changes, and market conditions. For example, the broader
liberalization of Brazil’s economy in the early 1990s and the introduction of the Real Plan in 1994—
which stabilized inflation and attracted agribusiness investment—are often cited as factors that
contributed to agricultural expansion across the Amazon and Cerrado biomes (Myers, 2023). Global
commodity demand and rising crop prices during the late 1990s may have further accelerated land
clearing during this period (Harding et al., 2021; Nepstad et al., 2006; Ouma, 2020). Following this peak,
a decline in clear-cutting is observed after 2000 (Fig. 8a), which related to the Plano Real having sharply
cut the rate of inflation. By the end of 1997, land prices reportedly dropped by around 50%, reducing the
appeal of land speculation (Fearnside, 2005). Our results also indicate that a second wave of Amazon
forest clear-cutting emerged in 2004 (Fig. 8a), which coincides with evidence of a global surge in
commodity demand and agricultural prices, which also lead to increased agricultural production in the
CAT (Bacha and Vinicios de Carvalho, 2014; Harding et al., 2021; Nepstad et al., 2006; Ouma, 2020).
Another possible contributing factor is the weakening of environmental oversight and enforcement
capacity in the CAT region, which occurred around 2002 due to a significant reduction in IBAMA’s field
personnel and limited resources, leaving large areas without effective monitoring or control (Barreto,
2006). Notably, to this day, while protected areas currently cover approximately 28% of the Amazon
biome, only 2% of this protection falls within the boundaries of our study area (According to conservation
data from Mapbiomas), highlighting the CAT’s institutional vulnerability (Carneiro et al., 2024; Pokorny
etal., 2021, 2013; Pokorny and Pacheco, 2014; Ros-Tonen et al., 2008).

In contrast to the concentrated disturbance patterns observed in Amazon forest vegetation, our results
show that disturbances to Cerrado vegetation were spatially dispersed (Fig. 4b), which is consistent with
the decentralized pattern of land conversion typically observed in the wider Cerrado biome (Rosan et al.,
2022; Sawyer, 2008). Unlike the Amazon forest vegetation, where large contiguous tracts of forest are
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often targeted for conversion, land-use change in the Cerrado vegetation tends to occur in smaller,
scattered patches due to both the mosaic nature of the Cerrado vegetation landscape (Martello et al., 2023)
and the decentralized expansion of agricultural frontiers (Sano, 2019). This pattern contributes to a subtler
but persistent erosion of ecological integrity over time (Dionizio and Costa, 2019; Gomes et al., 2019;
Lucas et al., 2023). A key factor shaping this process is the Cerrado biome’s limited legal protection
relative to the Amazon biome. While nearly 80% of the Amazon biome is covered by legal environmental
frameworks, only 35% of the Cerrado biome within the "Legal Amazon" and 20% outside it fall under
similar protection(Carneiro et al., 2024; Colman et al., 2024; De Marco Jr et al., 2023; Luiz and Steinke,
2022). The discrepancies in governance have resulted in uneven enforcement and monitoring efforts,
allowing for continued expansion of agricultural activities in more vulnerable Cerrado biome. Our results
show that by 1998 large-scale Cerrado clear-cutting had substantially reduced vegetation cover (Fig. 8;
Marques et al., 2024; Vieira et al., 2022), leading to a subsequent decline in clearing activities in
subsequent years.

Our results also identified a strong temporal and spatial association between clear-cutting and fire in
both the Amazon forest and the Cerrado vegetation found within the CAT (Figs.7 & 8), likely driven by
the intentional use of fire to expand grazing land (Andreoni and Londofio, 2019; Medeiros and Fiedler,
2011; Pivello et al., 2021) and to prepare soils for agriculture (Arroyo-Kalin, 2012; Gomes et al., 2019).
For example, our results showed that fire disturbances were frequently located near pastures (Fig. 4c¢),
while Amazon forest fires were also commonly observed along riverbanks (Fig. 4b). These riparian zones
often overlap with indigenous territories (Golin, 2024), where traditional slash-and-burn practices
continue (Ferreira de Alencar Mendes et al., 2023; Schmidt et al., 2021). Notably, Amazon forest fire
activity often peaked several years after clear-cutting, whereas Cerrado fire and clear-cutting tended to
occur simultaneously. This divergence reflects different land management practices: in the Amazon, fire
is commonly used as a post-clearing tool to manage regrowth and prepare land for pasture, while in the
Cerrado, fire is more frequently employed as a direct clearing method and to condition soils for cropping
(Arroyo-Kalin, 2012; Gomes et al., 2019).

Understanding how different vegetation types respond to disturbance is critical for evaluating
ecosystem resilience and informing effective conservation and land management strategies. In this study,
we employed trajectory-based indicators to quantify both the severity of vegetation damage and the rate
of post-disturbance recovery across the Amazon forest and Cerrado within the CAT region, focusing
specifically on disturbances caused by clear-cutting and fire. Our results reveal that fire events in the CAT
tend to cause greater and more prolonged damage to Cerrado vegetation compared to adjacent forested
areas (Fig. 9). To our knowledge, this is the first regional-scale, Earth observation-based study to compare
fire impacts across these two contrasting vegetation types within the CAT. Although Cerrado ecosystems
are often described as fire-adapted, previous studies indicate that their structural characteristics—such as
open canopies and a grass-dominated understory—make them highly flammable (Durigan and Ratter,
2016; Miranda et al., 2009; Rodrigues et al., 2021). During the dry season, rapid desiccation and the
build-up of fine fuels significantly increase fire intensity, frequently resulting in widespread topkill of
woody vegetation (Hoffmann et al., 2012).

This vulnerability is further amplified by human-induced ignitions, which have become increasingly
frequent and severe in recent years (Alvarado et al., 2017; da Silva Arruda et al., 2024; Melo et al., 2021).
Our findings provide empirical, landscape-scale evidence that supports these concerns and highlights the
susceptibility of Cerrado vegetation to fire-driven degradation, even in regions where fire has historically
been part of the disturbance regime. In contrast, the Amazon forest’s closed canopy appears to buffer fire
effects by preserving soil moisture and limiting the accumulation and exposure of fine fuels (Connell and
Slatyer, 1977; Dormann et al., 2020). However, fire-induced losses beneath dense forest canopies may be
underestimated by satellite sensors due to limited spectral penetration, suggesting that some impacts on
forest structure and regeneration dynamics may remain undetected.

While both Amazon forest and Cerrado vegetation began to show signs of post-fire recovery within
approximately three years, our results indicate that both vegetation types failed to return to pre-fire levels,
even a decade post-fire (Fig 10) (Silva et al., 2018; Souza-Alonso et al., 2022). This aligns with our initial
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expectation regarding the Amazon forest vegetation, whose recovery is often incomplete (Silva et al.,
2018; Souza-Alonso et al., 2022) due to the compounding effects of extreme climate events, such as
increasingly frequent droughts (Alencar et al., 2011; De Faria et al., 2021a, 2021b), and anthropogenic
fire recurrence that limits the forest's ability to regenerate fully between events (De Faria et al., 2021a,
2021b). However, contrary to our expectations, despite being a fire-adapted ecosystem the Cerrado
vegetation did not recover more rapidly or more completely than the Amazon forest. This finding
challenges the conventional understanding that the Cerrado vegegtation generally recovers more rapidly
after fire (Hoffmann, 2005; Moreira, 2000), which may reflect recent changes in disturbance regimes.
Repeated anthropogenic fires have disrupted the Cerrado vegetation’s natural fire-adapted equilibrium,
pushing the ecosystem beyond its recovery thresholds (Alvarado et al., 2017; Hoffmann et al., 2012). The
cumulative impacts of such fires reduce structural integrity, limit regeneration potential, and ultimately
undermine long-term ecological resilience (Attri et al., 2020; Pinty et al., 2000; Souza-Alonso et al.,
2022). It is important to note that recovery detected by satellite imagery is mainly related to increases in
canopy coverage (i.e. —the reappearance of green vegetation) rather than the ecological recovery of the
pre-fire ecosystem. For forests in particular, the new vegetation that emerges after fire often differs
significantly in species composition, structure, and ecological function from the original community
(Durigan and Ratter, 2016; Maezumi et al., 2018; Mesquita et al., 2015).

5. Conclusions

The CAT region is a vital ecological zone in the tropics, characterized by frequent agricultural
activities. Historically, there has been a significant gap in understanding the dynamics of vegetation
disturbances in this area, at least in part due to the difficulty of detecting and identifying specific types of
disturbance events across this spatially complex environment. This study provides the first regional-scale
integration of LandTrendr temporal segmentation and deep learning-based classification (ResNet),
offering a novel framework to investigate the spatiotemporal dynamics of vegetation disturbances in the
CAT over the past 35 years. By distinguishing disturbance categories and evaluating their temporal
trajectories, our analysis sheds light on the divergent responses of Amazon forest and Cerrado vegetation
to disturbance events across the CAT. Our findings indicate that between 1986 and 2020, the CAT region
experienced disturbances covering more than 384,000 km2. Amazon forest clear-cutting emerged as the
most prevalent disturbance type (35%), but clear-cutting activities in the Cerrado vegetation accounted
for almost a quarter (24%) of the detected disturbance events. Whilst Amazon forest disturbances tend to
be more concentrated, often representing encroachments into the natural boundaries of the Amazon forest,
the Cerrado vegetation is undergoing severe fragmentation often driven by agricultural activities, which
result in long-term vegetation loss. In addition, fires, though less destructive in the short term, often
prevent full recovery in the long term, particularly in the fire-adapted yet increasingly vulnerable Cerrado
vegetation.

These findings offer valuable insights for future ecological conservation and management efforts in the
CAT and underscore the critical importance of protecting these key transitional ecoregions in the context
of global climate change. The combined use of interpretable temporal segmentation and high-capacity
classification models provides a scalable and transferable methodology for large-area disturbance
monitoring, enabling the identification of priority areas for conservation and intervention. By identifying
areas with high disturbance frequencies and ecological vulnerabilities, we can more effectively formulate
conservation strategies, optimize resource allocation, and enhance the resilience and adaptive capacity of
ecosystems.
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