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ARTICLE INFO ABSTRACT

Keywords: Intra-annual double disturbances (sequential disturbances occurring within a single year, such as slash-and-burn)
Slash and burn in tropical regions result in more significant ecosystem impacts than single disturbances. However, optical data-
3D U-Net

based monitoring is limited by insufficient continuous spatio-temporal observations. Approaches using higher-
frequency Sentinel-1 (S1) data, relying solely on temporal or spatial features, struggle to distinguish double
disturbances due to noise and temporal heterogeneity. To address this issue, we propose an approach that em-
ploys a three-dimensional deep learning architecture to simultaneously extract multi-level embedded spatial
context and temporal change characteristics—such as magnitude and duration features from time series S1 data
to differentiate single and double disturbances. Additionally, we tested the effectiveness of incorporating an
attention mechanism into the model to highlight key spatio-temporal features and suppress irrelevant infor-
mation. The optimal model was applied to map double disturbances in three deforestation hotspot states in the
Brazilian Amazon for 2019, identifying the first disturbance time at a monthly scale and verifying slash-and-burn
by overlaying burned area maps. Results show that (1) the 3D U-Net model effectively extracted the spatio-
temporal information of doubles disturbance in S1 data (F1 score of 0.912), and the integration of the atten-
tion mechanism highlighted distinctive temporal features, improving the balanced accuracy by 2.7%; (2) The
optimal model (i.e., 3D U-Net with attention mechanism) exhibited potential generalization capability when
mapping double disturbances in three states for 2019, with user’s accuracy and producer’s accuracy exceeding
0.85, and the estimated double disturbances area in three states in 2019 were 2685 =+ 189 km?; (3) 53.57% of
mapped forest disturbances were double disturbances, 94.4% of which occurred outside the protected areas,
highlighting the critical role of protected areas in ecological preservation. This study presents a novel S1-based
framework for accurately characterizing intra-annual slash-and-burn events on a finer-grained spatial and
temporal scale, providing useful information for carbon emission estimation and the development of effective
conservation interventions.

Monthly mapping
Amazon fire

1. Introduction exploitation of tropical rainforests (Bourgoin et al., 2024; Flores et al.,
2024). Double disturbances, such as slash-and-burn (Fig. 1a), can lead to

Forest loss in the tropics, particularly in the Amazon, has accelerated more extreme ecological consequences than single disturbances (e.g.,

in recent decades due to intensified human activities and ongoing selective logging, clear-cut), significantly increasing the risk of soil

* Corresponding author.
E-mail address: fzhao@nefu.edu.cn (F. Zhao).

https://doi.org/10.1016/j.jag.2026.105385

Received 4 December 2025; Received in revised form 28 May 2026; Accepted 28 May 2026

Available online 1 June 2026

1569-8432/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-
nc/4.0/).


https://orcid.org/0000-0003-4534-933X
https://orcid.org/0000-0003-4534-933X
mailto:fzhao@nefu.edu.cn
www.sciencedirect.com/science/journal/15698432
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2026.105385
https://doi.org/10.1016/j.jag.2026.105385
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/

R. Sun et al.

erosion, altering ecosystem resilience, and leading to more severe
degradation (Buma, 2015; Kleinman et al., 2019; Seidl and Turner,
2022). Slash-and-burn is a widespread double disturbances in the tro-
pics, primarily driven by agricultural expansion, often results in stand-
replacing levels of canopy loss and is a key driver of long-term forest
degradation (Brando et al., 2019; Chen et al., 2023; Daldegan et al.,
2019; Tinker et al., 1996). However, burning after slashing often occurs
swiftly, with time intervals ranging from one month to several months,
which poses a significant challenge for continuous spatio-temporal
monitoring. Thus, the spatio-temporal distribution of intra-annual
slash-and-burn events in the Brazilian Amazon region remains
unknown.

Compared with traditional ground-based field surveys, remote
sensing technology offers advantages for large-scale dynamic forest
monitoring (Fitts et al., 2022; Meng et al., 2017; Radeloff et al., 2024). In
particular, optical data are widely used for detecting single disturbances
on an inter-annual scale (Hansen et al., 2013; Senf and Seidl, 2021).
However, clouds and shadows limit their ability to provide high-
frequency, continuous observations, especially for detecting tropical
intra-annual double disturbances at the monthly interval. Tang et al.
(2023) reported that during the Amazon rainy season (February—April
and November-December), monthly clear observations from Sentinel-2
do not fully cover the region. Several previous studies have used optical
data to map single disturbances annually (e.g., logging, wildfire), and
then overlapped the results with map products of another disturbance
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type (Nogueira Lisboa et al., 2024; Tao et al., 2019; Ye et al., 2021;
Zhang et al., 2021). Nevertheless, when using optical data to monitor
intra-year double disturbances such as slash-and-burn, achieving stable
data coverage to support spatio-temporally continuous monitoring re-
mains challenging.

Sentinel-1 (S1) data, with the ability to penetrate clouds and rain, is
well-suited for timely mapping of disturbances within a year. Previous
studies show that S1 data enhances the monitoring timeliness of forest
disturbances such as forest harvesting (Zhao et al., 2022), fire
(Belenguer-Plomer et al., 2019; Di Martino et al., 2023), and degrada-
tion (Balling et al., 2021; Bouvet et al., 2018; Fremout et al., 2022)
through disturbance-induced reductions in canopy structure that
weaken volume scattering and decrease radar backscatter coefficient
(o°, typically expressed in dB) (Chuvieco et al., 2019; Tanase et al.,
2015). Building on this mechanism, many pixel-based approaches
analyze temporal trajectories of backscatter to identify disturbance
signals, such as seasonal decomposition-based BFAST and harmonic
regression-based CCDC. These methods were originally developed and
validated on optical time series (e.g., Landsat), which typically benefit
from high signal-to-noise ratios and stable temporal signals. However,
when applied to Sentinel-1 SAR time series, pixel-level backscatter co-
efficients exhibit substantial fluctuations, leading to reduced accuracy
and increased false alarms for disturbance (Hethcoat et al., 2021; Sun
et al., 2023). While they show some capability for detecting disturbance
events over multi-year time series, these approaches rely on specific
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Fig. 1. A) visual representation illustrating the single disturbance(i.e., clear-cut) and double disturbances (i.e., slash-and-burn) activities in the tropics over time.
Each panel includes a sequence of monthly PlanetScope composite images, where polygons represent manually delineated disturbance patches based on visual
inspection. b) Example of a different level sampled S1 time series backscatter value. The patch level data takes the mean of the polygon, while the pixel level data
takes the value of the center of the polygon. For each sampling level, the mean trajectory is shown with shaded areas indicating the 95% confidence interval (CI). The
blue line represents single disturbance, and the red line represents double disturbances. (For interpretation of the references to colour in this figure legend, the reader

is referred to the web version of this article.)
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temporal modeling assumptions, where BFAST requires a recovery stage
between abrupt changes for reliable trend fitting, and CCDC detects
changes based on residual deviations from harmonic models (Bullock
et al., 2022; Hethcoat et al., 2021). However, Intra-annual double dis-
turbances occur over much shorter intervals than multi-year distur-
bances and lack a sufficiently long recovery. In Sentinel-1 SAR time
series, backscatter does not decrease with successive disturbances but
instead exhibits stage-dependent (Fig. 1b). For example, in slash-and-
burn events, post-fire increases in surface roughness and residual char
can elevate backscatter values and produce an apparent signal of re-
covery (Chuvieco et al., 2019). In addition, variability in disturbance
intervals and severity, together with speckle noise, reduces the signal-to-
noise ratio at the pixel level (Fig. 1b) (Ballere et al., 2021; De Luca et al.,
2022; Sun et al., 2023). As a result, for these common pixel-based
change detection approaches, the second disturbance signal is often
weakened, smoothed during temporal fitting, or misclassified as noise or
seasonal variability, and cannot be reliably resolved as a distinct
disturbance event.

To reduce pixel-level noise, some studies incorporated spatial
context, such as patch-level features or boundary effects, improving
robustness for mapping single disturbances (Ballere et al., 2021; Zhao
etal., 2022, 2026). However, methods that rely solely on spatial features
remain lack the temporal context necessary to identify intra-annual
double disturbances. Subsequent time-series strategies do not fully
resolve this limitation, such as fixed moving windows (Tang et al., 2023)
or Bayesian-based updating (Sun et al., 2023)—prioritize trajectory
smoothing or recursive probability accumulation rather than explicitly
modeling multi-phase disturbance dynamics. Consequently, when
disturbance signals in backscatter overlap with seasonal variability or
moisture-driven fluctuations, fixed-window smoothing may merge
adjacent anomalies, while Bayesian updating may accumulate distur-
bance probability without event reset, leading to conflation or misat-
tribution of intra-annual double disturbances. Instead, integrating
spatio-temporal information, which incorporates both neighborhood
context and temporal variation signatures, enables a more comprehen-
sive characterization of dynamic changes and holds promise for
advancing intra-annual double disturbances detection (Cardille et al.,
2022; Tang et al., 2023).

Recently, deep learning-based methods (Md Jelas et al., 2024; Mul-
lissa et al., 2023; Solorzano et al., 2023), especially three-dimensional
(3D) convolution-based deep learning approaches, present a promising
approach to Sl-based forest disturbance monitoring by extracting
complex features end-to-end (Dixon et al., 2023; Hashemi et al., 2024).
Compared with 1D (pixel-based) or 2D convolution (single-scene), the
3D convolution kernel operates across both spatial and temporal di-
mensions, preserving the 3D structure of the data. By using larger
receptive fields, 3D convolution-based deep learning methods can cap-
ture multi-scale change patterns while reducing the spatio-temporal
semantic information loss of subtle change caused by feature separa-
tion (Isaienkov et al., 2021; Masolele et al., 2021). Existing studies have
demonstrated that 3D convolutional methods significantly improve the
monitoring of single disturbance at yearly intervals. For example, Dixon
et al. (2023) used a 3D CNN to map canopy mortality induced by
wildfires, and Soldérzano et al. (2023) used a 3D U-Net combined with
synthetic aperture radar (Sentinel-1) and multi-spectral images
(Sentinel-2) to detect deforestation.

However, the ability of 3D convolutional methods to improve the
accuracy of mapping forest intra-annual double disturbances using time
series S1 data has not been explored. Unlike single-event disturbances,
double disturbances involve temporally proximate events with varying
intervals and durations, introducing strong temporal heterogeneity that
may challenge model generalization. It is unclear whether 3D con-
volutional methods alone can effectively highlight critical spatio-
temporal information associated with double disturbances. Moreover,
previous studies have shown that attention mechanism enable models to
adaptively focus on informative spatial regions and temporal steps based
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on input characteristics (e.g., tree species, crop type, and inland water
bodies) (Huang et al., 2023; Li et al., 2025; Oktay et al., 2018), allowing
more effective feature selection and providing an opportunity to
explicitly capture disturbance interval and duration information in
intra-annual double disturbances.

Thus, we aim to map intra-annual double disturbances at the
monthly scale by fully utilizing the spatio-temporal features of S1 data
with a novel 3D convolutional structure and attention mechanism,
which may also provide a framework for other tropical regions and for
different types of temporally successive intra-annual disturbances
beyond the Amazonian slash-and-burn scenario, such as consecutive
fires within a year or fire followed by logging. We propose the following
research questions:

1) To what extent can the 3D convolution-based deep learning method
detect and differentiate single and double disturbances using spatio-
temporal signals of time series S1 data?

2) Does incorporating the attention mechanism further enhance the
capability of the model to detect key temporal patterns of double
disturbances (e.g., disturbance intervals and intensity changes), and
what improvements in overall accuracy and balanced accuracy can it
achieve over the baseline model?

3) What are the temporal and spatial distribution characteristics of
intra-annual double disturbances among hotspots of the Brazilian
Amazon rainforests in the year 2019?

2. Study area and Materials
2.1. Study area

Brazil, the largest country in South America, is home to vast forest
resources, notably in the Amazon Basin, which contains two-thirds of
the Amazon rainforest. Forest cover in Brazil is approximately
4,079,827 kmz, or 48% of the total area (https://mapbiomas.org)
(Fig. 2). Most areas of the country have a tropical climate, characterized
by high temperatures and substantial rainfall, particularly during the
rainy season (December—May) with monthly precipitation of 200-300
mm and temperatures averaging 25 °C-30 °C. The dry season
(June-November) sees lower rainfall (50-100 mm) and temperatures
between 28 °C and 35 °C (Wright et al., 2017). Forests in Brazil, espe-
cially in the Amazon, have been significant, with 7,900 km? lost in 2018
due to agriculture, logging, mining, and fires (Curtis et al., 2018;
Davidson et al., 2012; Pisl et al., 2024). This study focuses on three
deforestation hotspots—Acre, Rondonia, and Para— selected among the
top ten tree cover loss states in Brazil since 2000 (Global Forest Watch).
Although permanent agriculture expansion dominates across all three
states, the relative contributions of fire and shifting cultivation vary,
reflecting distinct frontier dynamics (Sun et al., 2023), providing het-
erogeneous disturbance contexts to evaluate the generalization of the
proposed model and to analyze intra-annual double disturbances at the
state level.

2.2. Materials

2.2.1. Global forest change product

This study utilized the Global Forest Change product (version 1.9)
(Hansen et al., 2013) to exclude non-forest areas and get forest extent in
2018. This Landsat-based product provides annual forest loss at 30 m
resolution from 2000 to 2019 via Google Earth Engine (GEE). Forests
were defined as areas with a tree cover of at least 30% and a tree height
of at least 5 m. Additionally, forest loss in 2019 was used as a criterion
for determining whether reference labels include annual forest loss (see
Section 3.1).

2.2.2. Fire monitor product
To identify fire events contributing to forest loss, we used the
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Fig. 2. Study areas in Brazil, land cover map is derived from the ESRI 10 m Annual Land Cover (2017) product (Karra et al., 2021). All samples for training, testing,
and validation are displayed in four colors by year. Note: Each sample has a size of 128-by-128 S1 pixels.

monthly Fire Monitor fire product (https://brasil. mapbiomas.
org/en/dados-monitor-mensal-do-fogo/).  This dataset provides
monthly fire maps derived from Landsat imagery (30 m, 1985-2018)
and, since 2019, from Sentinel-2 imagery (10 m), offering consistent,
high-resolution fire monitoring across Brazil. We used this dataset to
determine the timing of burning events and support identifying double
disturbances and fire-related single disturbances.

2.2.3. Reference data

Reference data were derived from monthly PlanetScope composites
(https://www.planet.com), with 575 forest disturbance samples manu-
ally labeled from 2018 to 2021 (Fig. 2), mainly in the Amazon biome.
Each sample covered a 128 by 128 pixels patch of S1 data, equivalent to
1.28 km by 1.28 km. To generate these samples, we identified candidate
sites by randomly selecting 200 points per year within annual forest loss
areas mapped by the Global Forest Change product, with sampling
probability proportional to the spatial distribution of mapped forest loss.
Around each point, a 640 m buffer rectangle was created, and rectangles
with forest loss areas smaller than 1,000 m? (i.e., 10 S1 pixels) were
excluded to minimize spatial uncertainty from the Global Forest Change
product (approximately 1 pixel at 30 m resolution) and avoid unstable
detections due to limited C-band sensitivity and speckle noise at very
small patch sizes. For each valid rectangle, the month with the most
obvious forest loss was selected, and polygon tools were used to delin-
eate disturbed areas (such as vegetation cover change, the appearance of
bare land, or darker areas) (Fig. 1a). Double disturbances were further
identified by examining changes within the same year (e.g., burned
surfaces after logging) using fire monitoring products (Section 2.2.2).
Each polygon was labeled by the month of the first disturbance: single

events as 1-12 and double events as 13-24. Approximately 140 samples
per year were retained (148, 144, 142, and 141 for 2018, 2019, 2020,
and 2021, respectively), ensuring a uniform monthly distribution across
2018-2021 (exact number of samples per month is shown in Fig. S1).

2.3. Sentinel-1 data

The Sentinel-1 synthetic aperture radar (SAR) C-band (5.405 GHz)
data were acquired from Google Earth Engine and preprocessed using
the Sentinel-1 Toolbox (Mullissa et al., 2020; Vitale et al., 2021). Due to
the different revisit intervals of the Sentinel-1A and Sentinel-1B, both
ascending and descending orbits were used to maximize monthly
coverage. The final S1 input images had a spatial resolution of 10 m and
included dual-polarization bands (VV and VH). A 1000-meter inward
buffer was applied along the Sentinel-1 scene boundary to mitigate
potential border noise artifacts, with the buffer distance empirically
determined based on visual inspection of scene edges. A 13-scene
monthly composite S1 stack spanning December of the previous year
through December of the current year was generated using the mean
value for each month. No additional denoising filters were applied, as
multi-temporal composites have been shown to effectively reduce
single-date speckle (Mullissa et al., 2020; Vitale et al., 2021).

3. Methods

The methodological framework is divided into 1) Image pre-
processing and sampling, 2) 3D convolutional deep learning modeling,
3) Model evaluation, and 4) Regional double disturbances mapping and
analysis.


https://brasil.mapbiomas.org/en/dados-monitor-mensal-do-fogo/
https://brasil.mapbiomas.org/en/dados-monitor-mensal-do-fogo/
https://www.planet.com

R. Sun et al.
3.1. Image pre-processing and sampling

To analyze the temporal sensitivity of Sentinel-1 backscatter to forest
disturbances, 267 polygon samples representing stable forest, single
disturbance, and double disturbances classes were selected (Section
2.2.3). Monthly VH backscatter was extracted from composite images
at both pixel-level and patch-level scales for six months before and after
the first disturbance. For model training, 13-scene S1 stacks spanning
from December of the previous year to December of the disturbance year
were sampled based on the reference labels. We cross-checked the
manually annotated monthly disturbance labels against the Global
Forest Change annual forest loss product to ensure that each sample
reflected only the labeled month of disturbance. Samples were cropped
to 32-by-32 S1 pixels to reduce temporal mismatch caused by multiple
disturbance months within the original 128-by-128 patches, and
retained only when the overlap between monthly labels and annual
forest loss exceeded 90% (examples of the different types of reference
data are shown in Supplementary Fig. S2), a threshold determined by
comparing manually interpreted patch boundaries from monthly Plan-
etScope composites with the Hansen 30 m forest loss product, which
effectively mitigates boundary misalignment errors while preserving
representative samples for training (sensitivity analysis of the overlap
threshold is shown in Supplementary Fig. S3). Finally, 90% of the
sampled dataset was used for training (see training, testing, and vali-
dation sets in Table S1), with the remaining 10% reserved for general-
ization evaluation (see Section 3.3.2).

3.2. Training models

3.2.1. 3D deep neural network classifiers

The three baseline models used in this study are: (1) 3D convolu-
tional neural networks (3D CNN), which employs stacked 3*3*3
convolution layers with 2*2*2 max pooling, processing two spectral
bands (VH, VV) and progressively increasing channels from 32 to 128
(Fig. S4a). The network consists of three convolutional blocks, each
including two 3D convolutional layers followed by Batch Normalization,
ReLU activation, and max-pooling, with dropout applied after each
block. A fully connected layer is used before the final softmax output for
classification, and the model contains approximately 7.97 million pa-
rameters. This architecture captures both spatial and temporal features
through volumetric convolutions (Fu et al., 2022; Gallo et al., 2023;
Sagan et al.,, 2021); (2) Convolutional Long Short-Term Memory
(convLSTM) networks consists of two ConvLSTM layers with 64 hidden
units each, integrating 3*3 spatial convolutions with recurrent LSTM
units (Fig. S4b). The model takes the full temporal sequence as input,
where temporal dependencies are captured and propagated through the
internal LSTM gating mechanisms (i.e., input, forget, and output gates)
across time steps. The first layer preserves the sequential information,
while the second layer aggregates it into a compact spatio-temporal
representation. A 2D convolutional layer with a softmax activation is
applied at the output to generate classification maps (Cai et al., 2023;
Chamorro Martinez et al., 2021); and (3) 3D U-Net (Fig. S4c), which uses
an encoder-decoder architecture to extract multi-scale hierarchical
features for volumetric data (Cicek et al., 2016). The encoder consists of
two convolutional blocks with 32 and 64 filters, respectively, each of
which includes two 3D convolutional layers, with batch normalization
and max-pooling applied after each layer. The bottleneck layer contains
two 3D convolutional layers with 128 filters. ReLU is used throughout
the hidden layers, while a softmax activation is applied at the output to
generate class probabilities.

3.2.2. 3D u-net with attention gate

The Attention Gate (AG) is a mechanism used in deep learning
models that directs the focus of model toward important feature regions
while suppressing irrelevant background or noise, demonstrating strong
effectiveness in remote sensing image segmentation (Jamali et al., 2023;
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John and Zhang, 2022). The fundamental concept of AG is to compute a
weight coefficient matrix from the input feature maps using attention-
like operations, typically via a multi-layer perceptron (MLP) or con-
volutional layers, to assign varying weights across positions. In this
study, we implemented a voxel-wise spatiotemporal attention gate
within the 3D U-Net framework, where volumetric feature maps
(time*height*width) are refined through attention gates applied at skip
connections (Fig. 3) prior to feature fusion. Specifically, the attention
weights are computed by first projecting the decoder feature map and
the corresponding encoder feature map into a common feature space
using 3*3*3 convolutions. The projected features are then summed and
passed through a ReLU activation, followed by a 3*3*3 convolution to
generate a single-channel attention map. A sigmoid activation is sub-
sequently applied to obtain normalized attention coefficients, resulting
in a voxel-wise attention map that is multiplied element-wise with the
encoder features.

3.2.3. Model training parameters

To train 3D deep learning models, several parameters were adopted
(see Table S2 for key parameter settings). The model was trained using
classification cross-entropy as the loss function, with Adam adopted as
the optimizer and learning rate was set to 0.001. Considering the
convergence degree of the model, the training epoch of iterations for
updating model weights was set to 100. For each epoch, batch size was
set to 16 to help balance computational efficiency and training stability.
In addition, to mitigate overfitting and avoid redundant computation,
early stopping was set to 10 epochs, stopping training when the loss of
validation data did not improve for 10 continuous epochs.

3.3. Accuracy assessments

3.3.1. Assessment of deep neural network classifiers

Model performance was assessed using five widely adopted accuracy
metrics: overall accuracy (OA), user’s accuracy (UA), producer’s accu-
racy (PA), and the F1 score. Additionally, balanced accuracy was
applied for a more comprehensive evaluation, given that the disturbance
classification at the monthly scale in this study involved multiple classes.

04 = TP+£§1£II\’I+FN @
UA = @
PA= 3)
F1= 2;;11:1:2 :2TP+211~:£+FN “)
BalancedAccuracy = %Z;% )

where TP, TN, FP, FN represent true positive, true negative, false posi-
tive, and false negative, respectively. C represents the total classes of
classified double disturbances map, and i represents each class.

3.3.2. Evaluations of model generalization among three hotspot places

To compare the regional prediction performance and generaliz-
ability of different modeling methods, we selected 50 independent
validation samples (32-by-32 S1 pixels per sample, see 3.1; the distri-
bution of the 50 samples across the three regions is provided in Table S3)
from three deforestation hotspot states: (a) Acre, (b) Rondonia, (c) Para.
In addition, a 30 km by 30 km area in each state was selected to
represent and compare the double disturbances mapping results of
different methods.
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3.3.3. Double disturbances map generation and accuracy estimation

Double disturbances map for the three states were generated using
the 13-scene monthly S1 composite stack spanning December 2018 to
December 2019 and the optimized 3D deep learning model. Temporal
gaps in the 13-scene monthly S1 stacks (Fig. S5) were filled via linear
interpolation to maintain consistent time-series input for model pre-
diction (Li, 2020; Liu et al, 2024). Map accuracy was evaluated
following recommended guidelines (Olofsson et al., 2014), using strat-
ified random sampling to select approximately 2,000 pixels per region.
This approach enabled estimation of class-specific accuracy and area
(stable forest, single disturbance, double disturbances), accounting for
both sample size and class proportions.

3.4. Double disturbances map analysis

The double disturbances monitoring map for 2019 in Acre,
Rondonia, and Para was analyzed, using monthly fire maps (i.e., Map-
Biomas Fire Monitor) to verify fire occurrence within single (i.e., forest
fire) and double disturbances (i.e., slash-and-burn). Considering the
time lag between the two data sources, pixels where fires occurred only
before or after a disturbance by two months can be classified as fire-
related single disturbances. For double disturbances, fires occurring in
the month of the first disturbance or later are counted as slash-and-burn.
Disturbance areas were aggregated on 50 km by 50 km grids to balance

landscape heterogeneity and regional representativeness. Restricted
areas, such as Indigenous lands, were overlaid to assess protected area
effectiveness in limiting forest disturbances (https://geoserver.funai.go
v.br/geoserver/web/) (Cortinhas Ferreira Neto et al., 2024).

4. Results

4.1. Changes in Sentinel-1 SAR backscatter coefficients of double
disturbances

Fig. 1b shows the pixel-level and patch-level S1 monthly composites
for the stable forest, single disturbance, and double disturbances. Tem-
poral VH backscatter at the patch level showed higher separability be-
tween disturbance types. For stable forests, the VH backscatter
coefficient remained consistently around —13 to —13.5 dB. In contrast,
temporal VH backscatter coefficients of other two types of disturbance
decreased after the first disturbance, reflecting changes in canopy
structure or surface roughness. For single disturbance, the mean value of
the VH backscatter coefficient of at patch-level showed a significant
decrease within one month before and after the disturbance, dropping
from approximately — 13.5 to — 17 dB. In the following months, the VH
backscatter coefficient remained relatively stable, with a less obvious
upward trend. For double disturbances, the mean VH backscatter coef-
ficient at patch-level decreased by approximately 1.3 dB (from — 13.5 to
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— 14.8 dB) within one month after the first disturbance, followed by a
further decline of about 1.0 dB to a minimum of — 15.8 dB over the
subsequent months. In addition, the VH backscatter coefficient of double
disturbances rebounded relatively quickly in the months following the
lowest point compared to a single disturbance.

4.2. Accuracy assessments

Based on the validation dataset in final labels #1, the performance of
four 3D deep learning methods was evaluated. Fig. 4a compares the
accuracy in classifying 25 disturbance classes at a monthly scale. The 3D
U-Net model achieved higher performance than the 3D CNN and
convLSTM, with an overall accuracy of 0.89 and an F1 score of 0.89,
respectively. Considering class proportions, the balanced accuracy
decreased to 0.85, 0.81, and 0.77, for 3D U-Net, 3D CNN, and
convLSTM, respectively. Incorporating the Attention Gate module into
the 3D U-Net further improved performance, notably increasing
balanced accuracy by 0.03 (see Table S4 for class-wise results, with more
than half of the classes reaching the highest accuracy among all
compared models). Among the remaining models, 3D CNN consistently
outperformed convLSTM. As shown in Fig. 4b, when disturbance classes
were aggregated into three categories—single disturbance, double dis-
turbances, and others— the 3D U-Net with the Attention Gate achieved
the highest performance, with all metrics around 0.913. The 3D U-Net
model performed slightly worse, while convLSTM outperformed the 3D
CNN across all metrics, achieving an F1 score of 0.874.

4.3. Performance of model generalization

Fig. 5 shows the disturbance classification accuracy (UA and PA) of
different models across regions and classes. Panels a—c present 25-class
classification considering both first disturbance time and disturbance

a)

Overall accuracy  Balanced accuracy

User’s accuracy
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type, while panels d—f show 3-class classification based on disturbance
type only. In general, the 3D U-Net model and the 3D U-Net model with
the attention gate module outperformed other models, with UA and PA
above 0.825 (Detailed statistical significance analysis is provided in the
Fig. S6). In Acre, the 3D U-Net model achieved a UA of 0.873 and a PA of
0.862 for 25-class, and 0.881 for both metrics in three-class classifica-
tion. In Rondonia, UA and PA of 3D U-Net model were 0.864 and 0.825
for 25-class, and 0.857 and 0.859 for 3-class classification. In Para, the
3D U-Net model with the attention gate module slightly outperformed
the 3D U-Net model, with UA and PA values of 0.875 and 0.860 for 25-
class, and 0.879 for both metrics in 3-class. Additionally, for 25-class
classification, the 3D CNN model outperformed the convLSTM model
in all three states, whereas the convLSTM model was more accurate than
the 3D CNN in 3-class classification in Acre and Para.

Fig. 6 shows the annual global forest change product, the fire within
forest loss product, and regional predictions from four models. Most
forest loss in the three hotspot regions overlaps with fire events, pri-
marily between September and November. For classifying disturbances
at different times (Fig. 6a), the 3D U-Net and 3D U-Net models with an
attention gate module show higher accuracy and consistency with the
annual forest loss product, while the convLSTM and 3D CNN models
have higher misclassification rates, particularly in November and
December. Fig. 6b displays the classification results for single and
double disturbances. The convLSTM model has the highest omissions,
especially for large patches in Pard. The 3D CNN model misclassifies
single disturbance and others, while the 3D U-Net model performs best,
with higher accuracy for both disturbance types, though it still misses
double disturbances in Para. The attention gate further reduces
misclassification of small patches.

Producer’s accuracy F1 score
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Fig. 4. Accuracy assessment of classification models. a) Classification of 25 classes considered both the first disturbance time and the disturbance type. b) Classi-
fication of 3 classes considered only the disturbance type. M1-M4 refers to four tested deep learning models.
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Fig. 5. Validation of the model among three areas. a), b), ¢): Classification of 25 classes considered both the first disturbance time and type. d), f) g): Classification of

3 classes considered only disturbance type.

4.4. Double disturbances mapping and analysis in 2019

Using the best method (i.e., the 3D U-Net model with the addition of
the attention gate module) together with monthly composite S1 images,
we generated double disturbances maps for the three states in 2019
(Fig. 7). More than 90% of the forest disturbance in Acre is concentrated
in the dry season (June to September), with double disturbances
exceeding 55%. Rondonia showed higher distribution from January to
May, peak above 300 km? in August. In Pard, forest disturbance
remained below 100 km? from January to May, except for April, then
steadily increased from May to August, exceeding 600 km? in August
and September, while the proportion of double disturbances declined
after September, particularly in November.

The accuracy and area of regional double disturbances maps were
estimated (Table S5) with 95% confidence intervals. The proportions of
single and double disturbances were relatively low in all three states. In
Acre and Pard, UA and PA exceeded 0.92, with estimated areas slightly
larger than mapped areas. In Rondonia, a considerable portion of single
disturbance was misclassified as double disturbances, resulting in lower
UA for double disturbances and an underestimation of single distur-
bance (769 + 95 km?), indicating a tendency of the model to over-detect
multi-phase disturbance signals due to the temporal similarity between
single and compound disturbances and the complex disturbance dy-
namics in the region. Across the three states, the estimated area of single
disturbance was 2920 + 210 km?, while that of double disturbances was
2685 + 189 km?.

4.5. Fire-related disturbance analysis

In 2019, fire-related double disturbances (slash-and-burn) accounted
for over 65% of the total double disturbances area across Acre,
Rondonia, and Para (Fig. 8). In Acre and Rondonia, slash-and-burn
dominated between June and September, representing over 70% of
double disturbances, peaking at 95.18% in Rondonia in July (Fig. 8a and
b). In Par4, it accounted for over 50% of double disturbances, except in
January, February, and December (Fig. 8c). For single disturbances
(Fig. 8d, e and f), forest fire loss accounted for less than 35% of the total
disturbed area in all three states. In Acre, forest fire loss contributed 96%
of annual fire losses between June and September, while in Rondonia
and Para, forest fires contributed 80% and 68% of annual losses,
respectively, during the dry season (July-November).

As shown in Fig. 9, the annual forest disturbance area of all grids in
Acre is less than 30 km? with half dominated by fire-related distur-
bances. In Rondonia, one-quarter of the grids have an annual forest
disturbance greater than 10 km?, and these grids entirely dominated by
fire-related disturbances. In Pard, one-third of grids were fire-
dominated, but over half of grids above 10 km? were non-fire single
disturbances. In addition, most grids with large forest disturbance areas,
especially those dominated by fire-related disturbance, were outside of
the restricted areas.

5. Discussion

Our study provides a novel framework for directly monitoring intra-
annual double disturbances such as slash-and-burn in tropical regions at
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Fig. 6. Detailed double disturbances maps in three hotspots in 2019. a) Classification of 25 classes considered both disturbance types and the first disturbance time.

b) Classification of 3 classes considered only disturbance types.

a monthly scale. Specifically, a 3D deep learning network was used to
simultaneously and effectively extract the spatio-temporal features of
double disturbances in time series S1 data. and accurately characterizing
intra-annual slash-and-burn events on a finer-grained spatial and tem-
poral scale. Through this framework, it is able to accurately characterize
intra-annual slash-and-burn events on a finer-grained spatial and tem-
poral scale. Below we will discuss the challenge of timely monitoring
double disturbances (5.1), the performance of the proposed 3D U-Net
model for S1 based monthly double disturbances mapping (5.2), and
implications and future studies (5.3).

5.1. Challenges for timely monitoring of intra-annual double disturbances

Previous studies have tended to either provide high-accuracy annual
monitoring of continuous disturbances or focus on near-real-time

detection approaches with relatively coarse spatial detail (Chen et al.,
2023; Meng et al., 2022; Stahl et al., 2023), but monitoring intra-annual
double disturbances (e.g., slash-and-burn in tropics, and usually happen
within several months) presents greater challenges (Le Page et al,
2010). High observation frequency is needed to avoid omission, while
dynamic signal changes from varying disturbance severity and timing
add complexity (McGregor et al., 2024).

The monitoring of Sl-based intra-annual double disturbances is
further complicated by the uncertain intervals between sequential
events and the similarity of short-term backscatter responses between
slash-and-burn and deforestation, leading to ambiguous detection
(Cardille et al., 2022; Dutra et al., 2022). To address these challenges,
we propose an approach that integrates a 3D convolutional architecture
with an attention mechanism to adaptively highlight critical signals and
suppress irrelevant features from the time series S1 data. Our results
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show robust and generalizable performance in timely mapping of intra-
annual double disturbances in tropical forests. This study presents a
novel attempt to use intelligent algorithm mapping intra-annual slash-
and-burn from radar data, providing a new perspective on monitoring
timeliness and enhancing characterization of intra-annual double events
(such as drought-induced forest fire, salvage logging, slash-and-burn),
particularly under intensifying climate change and human pressures
(Bullock et al., 2020; Dunn et al., 2019).

5.2. Performance of the proposed 3D u-net model for S1-based intra-
annual double disturbances mapping

To explore the attention weights of different models across single and
double disturbances, Fig. S7 shows the spatio-temporal attention
weights of the 3D U-Net and 3D U-Net with attention gate module in
prediction results, temporal attention weights, and class activation
maps. The attention-enhanced 3D U-Net model provided more accurate
predictions and focused on key temporal features, filtering out irrelevant
information. Grad-CAM analysis revealed that the attention model
produced more coherent activation patterns, improving the delineation
of disturbance areas and separating single and double disturbances more
clearly.

To examine the separability of high-dimensional features extracted
by different models, we exported the penultimate layer predictions for
the validation set, randomly selecting 5,000 pixel-level samples and
using t-SNE for dimensionality reduction (Fig. 10). The average
Euclidean distances (D1 and D2) were calculated to assess intra- and
inter-class distances. The t-SNE visualization showed that the convLSTM
model had the highest D1 and lowest D2, exhibiting mixed and dispersed

a) Extracted features
from 3D CNN

Extracted features
from convLSTM
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features. The 3D CNN captured spatio-temporal patterns better, forming
structured clusters. The 3D U-Net showed improved feature extraction,
but with some overlap. The 3D U-Net with attention mechanism (AG)
achieved the clearest separation, with compact clusters and the highest
D2, demonstrating superior feature discrimination and highlighting the
benefits of attention mechanisms in distinguishing double disturbances.

To assess the transferability of the proposed approach, an additional
experiment was conducted in a region of Bolivia (without any training
data for this region), where wildfires play a relatively larger role in
forest loss compared with the three Brazilian states. Following the same
sampling strategy, an independent validation dataset of 50 patches (32-
by-32 S1 pixels) corresponding to 2019 forest disturbances was
randomly generated based on the spatial distribution of the Global
Forest Loss product (Fig. S8a). The 3D U-Net with attention mechanism
(AG) model achieved an overall accuracy of 0.71 for identifying double
disturbances, and an accuracy of 0.683 for distinguishing disturbance
timing when allowing a tolerance of one month (Fig. S8b). Furthermore,
regional mapping over a 30 km by 30 km area (Fig. S9) shows that the
3D U-Net combined with the attention gate provides the most accurate
forest loss detection and the clearest boundary delineation among the
tested models, suggesting that the framework possesses a certain degree
of transferability to regions with different disturbance drivers.

We assessed the influence of disturbance intervals on double dis-
turbances monitoring by reclassifying validation samples in Section 3.4
into three groups based on the calendar time (in months) between the
first and second detected disturbance events: (1) intervals shorter than
three months, (2) intervals between three and seven months, and (3)
intervals longer than seven months. Fig. 11 shows that the highest ac-
curacy was achieved for intervals of 3-7 months, with an overall
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Fig. 10. Comparison of feature separability using t-SNE visualization of two-dimensional features from second-to-last layer of each model. D1: average intra-class

distance; D2: average inter-class distance. When the intra-class distance (D1) is smaller and the inter-class distance (D2) is larger, the model clustering effect is better.
a) Distinguishing 25 classes considered both disturbance type and first disturbance time. b) Distinguishing 3 classes considered only disturbance type.
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Fig. 11. Accuracy assessment of double disturbances with different intervals.

accuracy of 0.89 and F1 score of 0.84. For intervals longer than 7
months, accuracy decreased slightly (overall accuracy 0.85, F1 score
0.80). The lowest accuracy was observed for intervals shorter than 3
months, with an overall accuracy of 0.82 and F1 score of 0.74. There-
fore, model performance is expected to be higher in regions where intra-
annual double disturbances are typically separated by more than three
months.

5.3. Implications and future studies

This study considered the impact of forest disturbance type and the
first disturbance time at a finer temporal (monthly) and spatial (10-
meter) scale, providing valuable insights for ecological research and
forest management. Finer-scale maps of double disturbances, particu-
larly for slash-and-burn, are critical for more accurate carbon emission
estimation, as fires occurring immediately after logging often result in
incomplete combustion due to high fuel moisture and limited drying
time, whereas fires following a longer interval allow fuel desiccation and
accumulation, leading to more efficient combustion (Brando et al.,
2019; Yu and Ginoux, 2022). Accurate monitoring of disturbance timing
and type can aid in assessing ecological consequences, such as vegeta-
tion recovery during the rainy season, which promotes seed bank pro-
tection and enhances fire resistance (Smith et al., 2023). In addition, the
mapping highlighted that fire-related disturbances were largely outside
protected areas, underscoring the importance of effective forest man-
agement (Cortinhas Ferreira Neto et al., 2024).

The within-year double disturbances we monitored in this study
were primarily related to the two major drivers of forest disturbance in
the Brazilian Amazon—fire and deforestation—typically occurring
within a single year. Potential cases of three or more disturbances, such
as those arising from an interaction of natural and anthropogenic factors
(e.g., drought or hurricanes followed by multiple fires) (Feng et al.,
2021), were not further examined due to high canopy-scale uncer-
tainty. Beyond this, the availability of high-quality reference samples for
intra-annual double disturbances remains limited. Identifying distur-
bance timing and types requires careful interpretation of high-temporal-
resolution imagery, making large-scale annotation labor-intensive.
Although a sensitivity analysis demonstrated that model performance
gradually stabilizes when the number of training samples exceeds 700
patches (Fig. S10), suggesting that the current dataset is sufficient to
support reliable model training, the limited sample diversity may still
constrain the ability of the model to capture the full variability of
disturbance patterns. For example, the lack of samples smaller than
1,000 m? may lead to misclassification or under-detection of very small-
scale disturbances. In addition, variations in topography, forest types,

13

International Journal of Applied Earth Observation and Geoinformation 151 (2026) 105385

and disturbance regimes may influence the applicability and perfor-
mance of the proposed model. For future work, multi-source remote
sensing data—including optical data (such as Sentinel-2 and Planet-
scope) and radar data (such as ALOS-2 PALSAR-2 and GEDI)
sources—combined with large-scale Al models, could be integrated
through data fusion strategies to enhance spectral and structural infor-
mation representation (Lu and Weng, 2026). Approaches such as
SAR-optical translation and multi-source data fusion may further in-
crease temporal observation density, thereby improving spa-
tial-temporal coverage (Fig. S5) and the reliability of double
disturbances monitoring results, while emerging Transformer-based
architectures such as Vision Transformers (ViT) may further enhance
the modeling of complex spatio-temporal disturbance dynamics once
larger training datasets become available (Slagter et al., 2024; Tian
et al., 2025). In our supplementary experiment, a Swin Transformer-
based model (Liu et al., 2021) outperformed the 3D CNN and
convLSTM baselines but remained less accurate than the 3D U-Net and
attention-gated 3D U-Net under the current Sentinel-1 training dataset
(Table S6 and Fig. S11). This suggests that Transformer-based models
are promising for future intra-annual disturbance monitoring, but may
require larger labeled SAR datasets, stronger regularization, or self-
supervised pretraining to fully exploit their representation capacity.

6. Conclusions

This study proposed a 3D deep learning approach for monitoring
intra-annual double disturbances in tropical forests based on time-series
Sentinel-1 data. Among the tested architectures, the 3D U-Net achieved
the best performance by leveraging multi-scale feature fusion and
spatio-temporal contextual information, while the integration of an
attention mechanism further improved accuracy and generalization by
adaptively suppressing redundant signals. Results show that more than
half of intra-annual double disturbances events in three hotspot states of
the Amazon were fire-related disturbances, most of which are outside of
the protected areas. The fine-scale double disturbances maps derived
from this approach provide critical information for carbon emission
estimation, biodiversity conservation, and evaluating the ecological
impacts of tropical forest disturbances under climate change, thereby
supporting the development of more effective management and policy
interventions.
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