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Abstract

Burned area detection plays a critical role in assessing the impact of forest and land fires,
particularly in Indonesia, where both peatland and non-peatland areas are increasingly
affected. Optical remote sensing has been widely used for this task, but its effectiveness is
limited by persistent cloud cover in tropical regions. A Synthetic Aperture Radar (SAR)
offers a cloud-independent alternative for burned area mapping. This study investigates
the performance of a Stacking Ensemble Neural Network (SENN) model using polarimetric
features derived from both C-band (Sentinel 1) and L-band (Advanced Land Observing
Satellite—Phased Array L-band Synthetic Aperture Radar (ALOS-2/PALSAR-2)) data. The
analysis covers three representative sites in Indonesia: peatland areas in (1) Rokan Hilir,
(2) Merauke, and non-peatland areas in (3) Bima and Dompu. Validation is conducted using
high-resolution PlanetScope imagery(Planet Labs PBC—San Francisco, California, United
States). The results show that the SENN model consistently outperforms conventional
artificial neural network (ANN) approaches across most evaluation metrics. L-band SAR
data yields a superior performance to the C-band, particularly in peatland areas, with
overall accuracy reaching 93-96% and precision between 92 and 100%. The method achieves
76% accuracy and 89% recall in non-peatland regions. Performance is lower in dry, hilly
savanna landscapes. These findings demonstrate the effectiveness of the SENN, especially
with L-band SAR, in improving burned area detection across diverse land types, supporting
more reliable fire monitoring efforts in Indonesia.
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1. Introduction

Forest and land fires are catastrophic disasters that occur in Indonesia every year.
Several studies show that these fires have multiple consequences, including long-term
PM2.5 air pollution [1], changes in soil nutrient content [2], and carbon dioxide emissions [3].
In 2019, the burned area in Indonesia reached 1.6 million hectares [4]. Peatland areas
accounted for 30-40% of the forest and land fire incidents in 2019 [5]. They are challenging
to extinguish and last long [6,7]. The smoke from these fires can have severe impacts,
comparable to the 2015 wildfires, which were among Indonesia’s largest forest and land
fire incidents [8,9].

Forest and land fires in Indonesia are primarily caused by deforestation and land-
cover conversion [10]. These activities involve changing secondary forests into shrubs or
converting them into plantations. When El Nifio is active, its effects will contribute to this
issue for most of the year [11]. Anthropogenic activities, particularly in mixed-production
agricultural lands and degraded peatlands, show a high probability of fire [12,13]. By
October 2023, approximately 267,900 hectares of land had burned since January, surpassing
the burned area in 2022. This information is based on data from the Moderate Resolution
Imaging Spectroradiometer (MODIS) sensor on NASA'’s Terra satellite [14].

Remote sensing techniques are extensively employed for forest fire monitoring, which
is crucial in Indonesia. Both optical remote sensing satellite imagery [15-20] and Synthetic
Aperture Radar (SAR) data [21-23] have been investigated to map burned areas. The
Republic of Indonesia’s Ministry of Forestry (MoF) utilizes optical remote sensing data to
provide up-to-date information on burned areas in Indonesia. However, mapping burned
areas can be challenging due to clouds or fog. SAR data, known for its ability to penetrate
clouds and operate day or night, is a powerful tool for accurately mapping burned areas
when combined with machine learning algorithms.

SAR sensor data relies on the backscatter coefficient, representing the signal reflected
or backscattered from an object to the sensor [24]. Backscatter intensity is influenced by
various factors, including frequency, polarization, incident angle, surface roughness, and
relative permittivity [25,26]. In C-band SAR data with VV polarization, the backscatter
intensity decreases in land cover, such as in shrubs and open forests, due to reduced
soil moisture. However, the backscatter intensity of L-band SAR data remains relatively
stable in certain land covers [27]. For burned areas, the sensitivity of radar data to the
severity of the burn decreases as the frequency increases, including the X-band, C-band, and
L-band. The C-band and L-band with cross-polarization exhibit the highest sensitivity to
burn severity. In forest land cover, the backscatter trend in cross-polarization for burned
areas generally has lower values than for unburned areas across all frequencies [28]. The
polarimetric properties and SAR geometry, such as incidence angle, also impact SAR’s
sensitivity in mapping burn severity. Acquiring steep SAR data poses a greater challenge
in differentiating burn severity levels for the C-band compared to the L-band due to
polarimetric properties related to volume scattering [29]. Studies comparing burned area
identification using SAR data remain relatively understudied, particularly in peatland and
non-peatland areas. Furthermore, there has been a shift in the frequency of wildfires in
Indonesia from peatland to non-peatland areas, which must be investigated.

Machine learning techniques have been employed to acquire geospatial information,
including identifying burned areas. The Iterative Self-Organizing Data Analysis Technique
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(ISODATA) unsupervised classification approach utilizes Radar Burn Difference (RBD)
and Radar Burn Ratio (RBR) parameters derived from Sentinel-1 data to detect fire sever-
ity [30]. By employing unsupervised K-means clustering and the fire index and texture
features from the gray level co-occurrence matrix (GLCM) of Sentinel-1 data, burned areas
in the Mediterranean were mapped with a precision and recall value of approximately
80% [31]. The supervised classification uses the Support Vector Machine (SVM) method to
identify burned areas using Advanced Land Observing Satellite—Phased Array L-band
Synthetic Aperture Radar (ALOS-PALSAR(Japan Aerospace Exploration Agency (JAXA),
Tokyo, Japan)) data and considers the influence of topography on classification results [32].
The Random Forest (RF) method has been used to detect burned areas on SAR data [23,33].
It demonstrates advantages such as a reduced sensitivity to training data quality, dimin-
ished risk of overfitting, and simpler hyperparameter settings compared to other shallow
machine learning methods [34,35]. Furthermore, the Explainable Artificial Intelligence
(XAI) framework can potentially improve the efficiency and transparency of the RF model
in assessing burned area severity, hence assisting stakeholder comprehension [36]. Deep
learning techniques, specifically artificial neural networks (ANNs), have been utilized to
identify burned areas. Mithal et al. [37] applied ANN-based approaches to map burned
areas using MODIS data in the Iberian Peninsula, outperforming the MCD45A1 product
regarding commission and omission errors. Another study demonstrates improved av-
erage user accuracy for burned area mapping with a neural network classifier based on
MODIS data [38]. The artificial neural network has also been widely used for burned
area detection [39,40]. Compared to convolutional neural networks and shallow machine
learning, the ANN requires less computation power, allowing it to generate information
on a regional scale [41]. In addition, the ANN often requires less data than other models,
which can effectively deal with incomplete or missing data [42]. Furthermore, ANN is
relatively scalable when handling large-dimension datasets, including the remote sensing
spectral index or texture features, is able to solve non-linear problems, and is more fault
tolerant [43]. However, an artificial neural network tends to undergo overfitting [44].

One of the strategies to overcome that problem is to perform the stacking ensemble
method, but no research exists on burned area detection using the stacking ensemble
method with SAR data [45]. Several studies have shown that using the stacking ensemble
can enhance model performance compared to the base [46—48]. The stacking method has
been used in handling geospatial information when using the ensemble model. Stacking in-
tegrates heterogeneous base learners using a meta-learning approach to improve prediction
accuracy. Several studies have been conducted on comparisons among stacking, bagging,
and boosting, resulting in stacking methods that outperform the others including in the
application of surface soil moisture mapping [49] and landslide susceptibility mapping [50].
This study developed and evaluated a Stacking Ensemble Neural Network model for
burned area classification using C-band and L-band SAR remote sensing data to enhance
the performance of burned area detection. The data used in the experiment encompassed
peatland and non-peatland areas across Indonesia that exhibited various land cover types.

2. Materials and Methods
2.1. Research Area

We selected three areas of interest (AQIs) for this research (Figure 1). Figure 1A shows
the Rokan Hilir Regency, in the northern part of Riau Province, Sumatra Island’s eastern
coastal region. Most of the area consists of lowlands and swamps, particularly along the
Rokan River, with an elevation ranging from 0 to 50 m above sea level [51]. The Rokan Hilir
Regency experiences a tropical climate, with average air temperatures ranging from 22 °C
to 35 °C. The dry season in this area typically spans from February to August, while the
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rainy season occurs between September and January [44]. The land cover within the first
AOQl is predominantly characterized by estate crops, followed by mixed dry agriculture,
secondary swamp forests, and wet shrubs, as shown in Figure 1A.

Figure 1. Area of interest (AOI) with varying land cover types in: (A) Rokan Hilir, (B) Bima and
Dompu, and (C) Merauke Regencies.

Figure 1C represents the peatland area in the Merauke Regency (South Papua
Province). The topography is predominantly flat and swampy along the coastline, with
a 0-3% slope and generally flatland terrain between 0 and 60 m above sea level [52]. The
Regency has a very distinct climate between the rainy and dry seasons. According to [53],
the area falls within agroclimate Zone C, featuring a wet period lasting 5-6 months [52].
The land cover is dominated by savannas, followed by wet shrubs, primary mangrove
forests, and secondary swamp forests, as illustrated in Figure 1B.

Figure 1B is a non-peatland area in Bima and Dompu Regencies (West Nusa Tenggara
Province). The Bima Regency predominantly features highland terrain with mountain-
ous and steep conditions, constituting 70% of its landscape, while the remaining 30% is
lowland. The area experiences a relatively short rainfall duration, with an average annual
precipitation of 79 mm per month, causing it to be classified as a dry region throughout the
year. This condition adversely affects the local water supply and contributes to the aridity
of most rivers. Peak rainfall typically occurs in December, January, and February [54].
The Dompu Regency is characterized by undulating to hilly topography, with some areas
being flat to sloped. Dompu experiences a tropical climate, with the primary rainy season
occurring from October to April [55]. The land cover within the third AOI is more diverse
than other regions, featuring dryland forests, seasonal crops, savannas, settlement areas,
paddy fields, bare ground, fishponds, and open water, as shown in Figure 1C.

We chose those AOIs because peatland has become a topic of global interest since
its smoke has significantly contributed to world carbon emissions [56]. Meanwhile, non-
peatland has reportedly dominated the burned area in Indonesia recently [6], and there is
currently insufficient research regarding burned area identification being undertaken in
Indonesia’s savannas [57].

2.2. Research Data
2.2.1. Remote Sensing Data (SAR, Sentinel-2, Planetscope, and IMERG)

This research used C-band SAR Sentinel-1 and L-band ALOS-2/PALSAR-2. We
obtained Sentinel-1 Ground Range Detected (GRD) products acquired through the Google
Earth Engine (GEE), a geospatial platform based on cloud computing that allows users
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to acquire, process, and analyze satellite images [58]. The ALOS-2/PALSAR-2 Level 2.1
was obtained from the Japan Aerospace Exploration Agency. This level of data has been
orthorectified from Level 1.1 data using a digital elevation model. Sentinel-1 data operates
at a center frequency of 5.405 GHz, whereas ALOS-2/PALSAR-2 data is at 1.2 GHz. Both
sensors have the same resolution and orbit, 10 m and ascending, respectively. Sentinel-1
data have VH (Vertical-Horizontal) and VV (Vertical-Vertical) polarization modes, and
ALOS-2/PALSAR-2 data have HV and HH polarization modes. Table 1 shows the Sentinel-1
and ALOS-2/PALSAR-2 data acquisition employed in this research.

Table 1. Details of SAR and optical data acquisition used in 2019.

AOI Sensor Acquisition Date
Pre-Fire Event Post-Fire Event
Sentinel-1 (C-Band SAR) 10 June 20 October (**-13 days)
Rokan Hilir Regency, ~ALOS-2/PALSAR-2 (L-Band SAR) 11 June 29 October (**—4 days)
Riau Province Sentinel-2 From 1 May to 30 July 17 August, 1 September, and 1 October
PlanetScope * 2 November
Sentinel-1 (C-Band SAR) 16 May 20 August (**~12 days)
Merauke Regency, ALOS-2/PALSAR-2 (L-Band SAR) 21 May 27 August (**-5 days)
Papua Province Sentinel-2 From 1 June to 30 June From 15 August to 31 August
PlanetScope * 1 September
Bima and Dompu Sentinel-1 (C-Band SAR) 11 June 21 October (**-5-8 days)
Regencies, West Nusa ALOS-2/PALSAR-2 (L-Band SAR) 8 June 26 October (**-3 days)
Tenggaré Province Sentinel-2 From 1 June to 15 June From 15 to 31 October
PlanetScope * 2629 October

* No pre-fire images are available. ** Different acquisition dates between radar images and PlanetScope (reference
point testing).

Sentinel-2 Multi-Spectral Instrument (MSI) Level-2A images acquired from GEE, rep-
resenting pre- and post-fire conditions, were used to generate reference points for distin-
guishing burned and unburned classes. The dataset provided an orthorectified surface
reflectance across 13 spectral bands in the visible, near-infrared, and shortwave-infrared
spectrum, with a spatial resolution ranging from 10 to 60 m.

PlanetScope optical imagery with a spatial resolution of 3 m was used as independent
data for generating reference testing points to evaluate model accuracy. The standard
surface reflectance product—with sufficient geolocation accuracy—was selected. Its res-
olution is nearly seven times higher than Sentinel-2 and about three times higher than
ALOS-2/PALSAR-2, enabling assessment across different spatial resolutions. The Plan-
etScope has four bands (red, green, blue, and near-infrared) and was used to generate
burned area maps. The datasets were accessed from the Center for Data and Information,
National Research and Innovation Agency (BRIN).

Table 1 summarizes the data acquisition dates for Sentinel-1 and ALOS-2/PALSAR-2,
Sentinel-2, and PlanetScope imagery used across AOIs. Sentinel-2 and PlanetScope optical
data supported the development of training and testing datasets for the radar-based burned
area model. Given that optical imagery more clearly reflects land surface changes visible to
the human eye, it was used as a reference. Freely available multitemporal Sentinel-2 images
were used to create paired pre- and post-fire composites, with pre-fire scenes representing
vegetation conditions and post-fire scenes selected as the latest cloud-free acquisitions
within the defined period.

In addition, the Integrated Multi-satellite Retrievals for the Global Precipitation Mea-
surement (IMERG) [59] is a global surface precipitation rate estimator with a spatial resolu-
tion of 0.1° or 10 km and a temporal resolution of 30 min. The data were retrieved through
NASA Giovanni “https://giovanni.gsfc.nasa.gov (accessed on 24 July 2024)”. This research
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used the product from January until December 2019 to obtain monthly rainfall rates in
every AOI; this allows us to determine soil moisture conditions in each AOL We used it for
further analysis in the discussion section.

2.2.2. Ancillary Data (Peatland Map, Active Fire, Land Cover Map, and Burned Area Map)

This research also used additional data to support the model building and validation,
including the peatland map, active fire, land cover map, and burned area map. The
following paragraphs describe the details of this data. The peatland map from the Ministry
of Energy and Mineral Resources, Republic of Indonesia, at a scale of 1:250,000, was
necessary to determine the peatland and non-peatland areas in the three AOIs. The
geological formation of peatland lies on old swamp deposits; young swamp deposit
formations in the Merauke Regency; and an old alluvium formation in the Rokan Hilir
Regency. The peatland map is a geological dataset representing landforms developed over
millennia. Peatland boundaries are geologically stable features, and their spatial extent
does not change significantly over short timescales (50-200 years) in the absence of major
anthropogenic or natural disturbances. We verified that no large-scale geomorphological
events (e.g., major canal construction or land reclamation projects) that could significantly
alter the peat dome hydrology and boundaries were reported in our AOI between 2016
and the study period. Therefore, the map remains a reliable source for delineating peat and
non-peat areas.

We used active fire data from the National Aeronautics and Space Administration
(NASA) “https:/ /firms2.modaps.eosdis.nasa.gov/ (accessed on 20 May 2024)” as an ad-
ditional dataset to confirm burned areas beyond those visually identified. The data were
derived from the Moderate-Resolution Imaging Spectroradiometer (MODIS) and the Visi-
ble Infrared Imaging Radiometer Suite (VIIRS) instruments, with 1 km and 375 m spatial
resolution, respectively. The data were collected in alignment with the pre- and post-fire
date range of each radar dataset for each AOI (see Table 1).

We obtained both Land Use/Cover (LUC) and official burned area maps in 2019 from
Indonesia’s MoF to identify land cover types in training and testing datasets, and they
were one of the sources for producing the testing datasets. The annual LUC map was
produced by the MoF, primarily through visual interpretation of Landsat imagery, using
annual composite images available up to mid-2019. Accordingly, the LUC status referenced
in this study represents pre-fire LUC conditions, which aligns well with the objectives of
this research. The burned area product was derived from monthly Landsat mapping, with
acquisition dates closely matching those of the Sentinel-2 imagery used in this study.

2.3. Methodology

The research method was carried out and included several main stages: pre-processing,
feature extraction, training and testing data generation, model development using the
Stacking Ensemble Neural Network method, and model performance evaluation. In the
pre-processing stage, we filter the Sentinel-1 and ALOS-2/PALSAR-2 data using a Boxcar
speckle filter with an 11 x 11 pixel window size using Google Earth Engine. The speckle
filter is essential because it determines the classification result [60]. The Boxcar filter is
selected due to its computational efficiency, making it particularly suitable for developing
classification models in large-scale regions such as Indonesia. In the interim, a window
size of 11 x 11 has been selected based on the previous study conducted by Hasan et al.
(2021) [61], which indicate that the Boxcar filter with this window size has the best perfor-
mance in classifying land cover types, including urban, bare soil, vegetation, water, high
wet soil, low wet soil, lake water, and mixed soil, using SAR data. Therefore, this choice
is appropriate to be used in this research as the burned and unburned samples located in
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diverse land cover. We extracted the polarimetric features that will be used as classifier
input. We built the burned area classification model using the Stacking Ensemble Neural
Network classifier with logistic regression as a meta-learner. To develop the model, we
used a system with specification of Intel Core i7-8750H Processor 2.2 GHz (Intel Corpora-
tion, Taipei, Taiwan), RAM 16 GB (Western Digital Corporation, Pasir Gudang, Malaysia),
NVIDIA GeForce GTX 1050 Ti 4GB (NVIDIA Corporation, Taipei, Taiwan). The model
classification was conducted using the Python 3.7 programming language. The SENN
classifier was developed using “TensorFlow” and “Keras” libraries, while the performance
evaluation was conducted using the “Scikit-learn” library. The Geospatial Data Abstrac-
tion Library (GDAL) was used in handling satellite images, including reading satellite
images, importing raster data, importing vector data, and converting data. All the research
approaches are presented in Figure 2.

Sentinel-1 ALOS-2/PALSAR-2 Sentinel-2 Ancillary data anelocorelipages
(active fires peatland and official burned area
and land cover maps, bt

official burned area
map)
Preprocessing Preprocessing .
Create burned
areas
Y y
Feature Extraction Feature Extraction Visual inspection
Y l’

Dataset (Training
and Testing)

l

Dataset (Training Reference training
and Testing) points

l

~ Model Development

Model Development (<

l

l

Reference testing

Model — Model T .
points
L] Performance Performance ||
Evaluation Evaluation

Comparative Analysis

Figure 2. Research approaches.

2.4. Polarimetric Features

This research uses the sigma nought backscatter coefficient (c¥), the reflected radar
signal per unit area of the ground plane in decibel units [62]. For Sentinel-1 data features, we
used the Radar Burn Difference (RBD) [30], Radar Burn Ratio (RBR) [31], Radar Vegetation
Index (RVI) [63], and Dual-Polarization SAR Vegetation Index (ADPSVI) [31] as burned area
classification input indices. The ALOS-2/PALSAR-2 data used the Radar Ratio Vegetation



Computers 2025, 14, 337

8 of 23

Index (RRVI) [64] and Radar Normalized Difference Vegetation Index (RNDVI) features [64].
In these studies, the radar indices from Sentinel-1 are derived by multi-temporal image
averaging. However, we used a single image for each pre-fire and post-fire event; therefore,

the indices are modified, as shown in Table 2.

Table 2. Polarimetric features used in classification.

Sensors Polarimetric Features Acronyms Equations
Radar post-fire events on VH polarization VHpost-fire events 10log,,(DN 2) 4K
Radar post-fire events on VV polarization VVost-fire events 10l0g,,(DN 2) +K
Radar Vegetation Index on post-fire events RVIost-fire events vé‘f\i T
. Dual-Polarization SAR Vegetation Index on post-fire events DPSVIpostfire events Vi
Sentinel-1 Difference Radar Vegetation Index DRVI RV Lost-fire events — RV Ipye-fre events
C-Band Difference Dual-Polarization SAR Vegetation Index DDPSVI DPS Vst firecvents — DPSVresfre cvents
Post—fire bauksmitcrw
Radar Burn Ratio on VH and VV polarizations RBRyy and RBRyy Pre—fire backscatier
where xy: polarization
Radar Burn Difference on VH and VV polarizations RBDyy and RBDyy Post-fire backscat't Ty — Prefire backscatter.y
where xy: polarization
2
Radar post-fire events on HV polarization HV ost-fire events 1000819 (DN ) +CF
where CF = —83.0
2
Radar post-fire events on HH polarization HH post-fire events 10l0g1o(DN ) +CF
where CF = —83.0
Radar Ratio Vegetation Index on post-fire events RRVIost-fire events %
ALOS- Radar Normalized Difference Vegetation Index on post-fire events RNDVIost-fire events HV;ZZ
2/PALSAR-2 Difference Radar Ratio
L-Band Vegetation Index DRRVI RRVIpost-ﬁre events RRVIpre-ﬁre events
Difference Radar Normalized Difference Vegetation Index DRNDVI RNDVIost-fire events — RNDVIpre-fire events

Radar Burn Ratio on HV and HH polarizations

Radar Burn Difference on HV and HH polarizations

RBRHV and RBRHH

RBDHV and RBDHH

Post— fire backscatterxy
Pre—fire lmcksmlterxy
where xy: polarization
Post-fire backscattery, — Pre-fire backscattery,
where xy: polarization

2.5. Stacking Ensemble Neural Network (SENN)

Wolpert [65] introduced the stacking ensemble method to improve the predictive
performance by combining the outputs of multiple base learners through a meta-learning
strategy. The strategy combines several base learners (level-0), which results in several
models, and uses a meta-learner (level-1) to retrieve the final prediction. Figure 3 illustrates

the stacking ensemble method.

Level-0 Level-1
> Base Learner 1
Training > Base Learner 2 » Meta-Learner > Final Prediction
Dataset
> Base Learner 3

Figure 3. Illustration of a stacking ensemble method.

This research uses the ANN as a base learner, so the method is called a Stacking
Ensemble Neural Network (SENN). The ANN was inspired by the Hebbian Learning Law,
which states that the interconnected neurons of a synapse are stimulated simultaneously
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and repeatedly, causing the synapse’s contribution weight to increase [66]. It can be
expressed by a mathematical operation in Equation (1) as follows [67]:
M
Y = (T(Z Wjk-Xj + bk) (1)
j=1
where wj is the weight of the connection between the neurons, x; is the neuron’s output,
by is a bias, and ¢ is the activation function employed in the output yx. ANN architecture
commonly comprises three layers: an input layer, a hidden layer, and an output layer.
This research used three base learner models of ANN (ANN-1, ANN-2, and ANN-3),
which consist of two hidden layers. The key differences among the three ANN models
lie in the number of hidden layer nodes and dropout rates. The decision for the number
of nodes was based on several considerations, including those from Stathakis et al. [68]
and Rachmatullah et al. (2021) [69], for the first layer by considering that the number
of input features for model development is 10 features both when using Sentinel-1 and
ALOS-/PALSAR-2. All models shared the same architecture structure (two hidden layers

with ReLU activation and sigmoid in the output), but differed in the number of nodes and
dropouts as follows:

e ANN-1: First layer: 8 nodes; second layer: 4 nodes; and dropout of 0.3 after the
second layer.

e  ANN-2: First layer: 8 nodes; second layer: 7 nodes; and dropout of 0.5 after the first
layer and 0.3 after the second layer.

e ANN-3: First layer: 9 nodes; second layer: 5 nodes; and dropout of 0.3 after the
second layer

A Rectified Linear Unit (ReLU) was used in each hidden layer, whereas a sigmoid
activation function was utilized in the output layer. The Rectified Linear Unit (ReLU) was
used based on several considerations, including that the ReLU helps the model converge
faster during training and is able to solve the vanishing gradient problem [70]. In addition,
based on our previous empirical research, the ReLU helps neural networks learn faster.
Each hidden layer used a kernel and activity regularizers. In addition, we utilized a kernel
regularizer and activity regularizer in the first and second hidden layer with a value of
0.0001 to prevent overfitting. In addition, the learning rate was set to 0.001, and the batch
size was 32. In the case of a meta-learner, we chose a logistic regression, as it is widely used
in binary decisions [71] and decreases the overfitting risk [72].

2.6. Training and Testing Dataset Preparation

This research constructed the training datasets using Sentinel-2 MSI images as the
reference, as described in Table 1. The training dataset comprised unburned and burned
classes. In addition, the land cover variety based on land cover maps from 2019 was also
considered in the training dataset production. To ensure the reliability of the training
dataset, we assessed the training dataset using the Separability Index (SI) [73] of the most
utilized spectral index in identifying the burned area, namely the Normalized Burned
Ratio [74], as expressed in Equation (2).

|pb —

SI= (b —ou) @
where pb and pu are the mean values of certain indices for burned and unburned pixels,
respectively, and ob and cu are the standard deviations for burned and unburned pixels.

The training dataset was in the form of a polygon. The number of training datasets
was 205, 126, and 296 polygons for the AOI in Rokan Hilir, Merauke, and Bima and Dompu
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Regencies, respectively. In pixel units, these polygons were equivalent to 10, 125, 5798, and
13,535 pixels for each AOL In addition, we ensured a relatively balanced sample between
burned and unburned classes. The number of training datasets was 3956 unburned pixels
and 6169 burned pixels for the Rokan Hilir Regency; 2957 unburned pixels and 2841 burned
pixels for the Merauke Regency; and 8559 unburned pixels and 4976 burned pixels for the
Bima and Dompu Regencies.

For each AOI, we selected a training dataset for burned and unburned classes following
its land cover. Not all AOIs have training datasets for each land cover because it depends
on the landscape. The training dataset in the Rokan Hilir Regency is mostly in estate
crops, followed by wet shrubs, seasonal crops, secondary swamp forests, and settlement
areas. The training dataset in the Merauke Regency is dominated by savannas, followed by
secondary swamp forests. In contrast, the training dataset in Bima and Dompu Regencies
consists of savannas, seasonal crops, dryland forests, dry shrubs, paddy fields, settlement
areas, and open water. The number of training datasets is different for each land cover type
in the AQ], as it depends on the amount of each land cover type.

For testing dataset production, burned area maps derived from PlanetScope imagery
were used as reference testing points, labeled as burned and unburned. ISODATA unsu-
pervised classification was employed to delineate burned and unburned areas. Studies
have shown that ISODATA can outperform other unsupervised classification methods,
such as k-means and chain clusters, particularly in identifying spatially and spectrally
dominant classes [75,76]. While its accuracy may be lower than that of supervised methods,
ISODATA can leverage abundant unlabeled data to improve classification accuracy when
labeled data is limited. We selected ISODATA to reduce reliance on manual labeling and
ensure objectivity in the labeling of test data.

The testing dataset consisted of points that comprised burned and unburned classes.
The proportion between burned and unburned classes was balanced. We used stratified
random sampling to collect the points where the burned and unburned points were spread
over the area of interest. Also, as the spatial resolution between SAR images and Plan-
etScope images is different (10 m vs. 3 m), three pixels of PlanetScope images must belong
to the same class to make sure the collected point was not a mixed class. In addition, the
collected points must be a minimum of 30 m apart and agree with the burned area map
obtained from Indonesia’s MoF.

The number of testing datasets was 118 (67 unburned samples and 51 burned samples),
182 (99 unburned samples and 83 burned samples), and 199 (99 unburned samples and
100 burned samples) for the AOI in the Rokan Hilir, Merauke, Bima, and Dompu Regencies,
respectively. Rokan Hilir Regency’s testing dataset covers estate crops, seasonal crops, wet
shrubs, and secondary swamp forests. The testing dataset in the Merauke Regency consists
of savannas and wet shrubs, while savannas, seasonal crops, dryland forests, dry shrubs,
and paddy fields dominate in the Bima and Dompu Regencies. There are differences in
savanna conditions between Merauke and the Bima and Dompu Regencies: the savanna is
wet and dry in the Merauke Regency and dry in the Bima and Dompu Regencies.

2.7. Performance Metrics

We used several metrics to evaluate the classification model performance, such as
overall accuracy (OA), precision, recall, F1-score, and Cohen’s Kappa (K), as shown in
Equations (3)—(7). In this research, the overall accuracy means the total number of points
that are exactly predicted from all points, including the true positive (TP), true negative
(TN), false positive (FP), and false negative (FN). Precision implies burned area points
predicted as a burned class out of the total predicted points. The recall shows the burned
class percentage that can be correctly predicted based on the reference data (i.e., the ground
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truth). The F1-score is the harmonic mean of the combined precision and recall. Cohen’s
Kappa is an inter-observer agreement between the predicted results and the reference data.
The p, value in Equation (7) shows the change probability in the measurement between the
predicted results and the reference data.

Overall Accuracy (OA) = P 71:;111;11\)]4_ N 3)
Precision = 7TPTFP (4)

Recall = 7TP];—PFN ()

S =2 i
Cohen's Kappa — Overall accuracy — p, @)

1—-pe

3. Results
3.1. Separability Index of the Training Dataset

This research addresses the SI value of the Normalized Burned Ratio (NBR) obtained
from the training dataset for each AOI. According to Kaufman and Remer [73], this find-
ing shows that the selected training dataset is reasonably representative of burned and
unburned samples. This is because the SI value of NBR results in a high value (SI > 1) for a
dataset in the Papua Regency (3.09), as well as in the Bima and Dompu Regencies (1.13),
which indicates a good degree of separation. However, the lowest SI value is found in
the Rokan Hilir Regency (0.68), because the training data in the Rokan Hilir Regency are
obtained from fire incidents over several months, which can still be visually recognized on
the optical image; much training data is needed to implement this method.

3.2. Performance Evaluation of Burned Area Detection Using Stacking Ensemble Neural
Network (SENN)

3.2.1. Peatland Area

The performance metrics-based evaluation of burned area classifications in the Rokan
Hilir Regency using ANN-1, ANN-2, ANN-3, and SENN methods on C-band SAR data is
displayed in Figure 4a. Using the SENN method, the highest OA, precision, F1-score, and
Cohen’s Kappa were 0.88, 0.80, 0.87, and 0.76, respectively. Meanwhile, the ANN-2 and
ANN-3 methods had the same recall value of 1.00. Increasing the OA ranged from 4.24%
to 10.17%. With Cohen’s Kappa score, according to Landis and Koch’s categorization [77],
all tested methods indicated a substantial agreement. The ANN-2 performed the worst in
terms of the OA, precision, F1-score, and Cohen’s Kappa.

Figure 4b shows the performance of burned area classification using ANN-1, ANN-2,
ANN-3, and SENN methods on L-band SAR data. Of all the methods, the highest OA,
precision, Fl-score, and Cohen’s Kappa values were achieved using the SENN method at
0.93, 0.92, 0.92, and 0.86, respectively. However, the highest recall was at 0.94 using the
ANN-2 method. The SENN methods increased the OA from 1.70% to 6.78%. In the case of
Cohen’s Kappa score, the four methods indicated an almost perfect agreement, varying
from 0.72 to 0.86. The lowest OA came from the ANN-1 and ANN-3 methods, which gave
the same value (0.86). The ANN-1 method has the worst performance for recall, F1-score,
and Cohen’s Kappa, except for the precision value.
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Figure 4. Comparison of burned area classification performance metric values using C-band and
L-band SAR data: (a,b) Rokan Hilir Regency; (c,d) Merauke Regency.

A comparison of the C-band and L-band utilization for burned area classification
in Figure 4a and 4b shows that the highest overall accuracy, precision, Fl-score, and
Cohen’s Kappa are achieved using the SENN method in L-band data with scores of 0.93,
0.92, 0.92, and 0.86, respectively. It indicated that the SENN method on L-band SAR
data outperformed other methods on the C-band SAR in decreasing commission errors.
Regarding recall, the ANN-2 and ANN-3 methods provided the highest score (1.00) when
using C-band SAR data. This result proved that the ANN-2 and ANN-3 methods helped
to decrease omission errors in C-band SAR data. In this case, the SENN method provides
results balanced between precision and recall values, thus maintaining the performance of
both metrics.

Figure 4c reveals the performance of burned area classification for the Merauke Re-
gency derived from the compared methods of C-band SAR data. The highest OA, F1-score,
and Cohen’s Kappa values were achieved using the SENN method; they were 0.96, 0.95,
and 0.91, respectively. Both the SENN and ANN-3 methods gave the highest recall score at
0.96. The highest precision was 0.95 using the ANN-1 method. SENN methods increased
the OA, which varied from 1.09% to 3.29% compared to the ANN-2 and ANN-3 methods.
For Cohen’s Kappa score, using all methods indicated an almost perfect agreement, which
varies from 0.84 to 0.91. The lowest OA, 0.92, occurred when using the ANN-2 method.
This finding shows that the ANN-2 method performs worst for OA, precision, recall, the
F1-score, and Cohen’s Kappa values.

The performance evaluation of burned area classification in the Merauke Regency
for the tested methods on L-band SAR data is shown in Figure 4d. The graph illustrates
that the highest OA, precision, F1-score, and Cohen’s Kappa were at 0.97, 0.93, 0.96, and
0.93, respectively, which were obtained using the SENN method. Meanwhile, the ANN-1,
ANN-2, ANN-3, and SENN methods gave the same recall value at 1.00. The OA value
increase ranged from 1.10% to 3.84% between the SENN and other methods. Based on
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Cohen’s Kappa score, all methods indicated an almost perfect agreement. The ANN-1
performed worst regarding OA, precision, recall, the Fl-score, and Cohen’s Kappa metrics.
The result from C-band and L-band utilization for burned area classification in
Figure 4c and 4d exhibits that the highest OA, precision, F1-score, and Cohen’s Kappa were
achieved using SENN in L-band data with a score of 0.94, 0.94, 0.93, and 0.88, respectively.
These results imply that the SENN methods on L-band SAR data outperformed other
C-band SAR methods in decreasing the AOI commission error in the Merauke Regency.
Regarding recall, both ANN-3 and SENN methods reached the highest score (0.96) when
using C-band SAR data. This result shows that using ANN-3 and SENN methods on
C-band SAR data decreased omission errors. However, it is important to interpret some of
the performance metrics, particularly recall, with caution. For instance, the recall values
reaching 1.00 in Merauke indicate that all reference burn points were correctly identified.
This may reflect the dominance of extensive, homogeneous burned regions in the area, but
it could also signal potential overfitting or optimistic classification in certain landscape
contexts. Although the SENN model consistently outperformed the base learners, we did
not conduct statistical significance testing (e.g., paired f-tests) to confirm whether these
improvements were statistically robust due to the limited number of AOIs and fixed ac-
quisition dates. Additionally, while SENN integrates predictions from three ANN models,
we did not track or quantify the disagreement among them or the specific role of the
meta-learner in resolving classification conflicts. These limitations are acknowledged and
will be addressed in future studies to improve interpretability and statistical validation.

3.2.2. Non-Peatland Area

Figure 5a depicts the evaluation of burned area classification in Bima and Dompu
Regencies for the tested methods using C-band SAR data. The highest OA, recall, F1-score,
and Cohen’s Kappa values occurred using the SENN method at 0.72, 0.72, 0.72, and 0.45,
respectively. Meanwhile, the highest precision is ANN-1 at 0.78. The use of SENN methods
resulted in an increasing OA value, which ranged from 5.02 to 8.04%. Cohen’s Kappa score
was categorized as a moderate agreement using SENN methods. In contrast, the other three
methods result in a fair agreement. The lowest OA, 0.64, occurred when using the ANN-1
method. The ANN-2 method performed worst for OA, precision, recall, the F1-score, and
Cohen’s Kappa values.
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Figure 5. Comparison of burned area classification performance metric values using: (a) C-band and
(b) L-band SAR data in Bima and Dompu Regencies.

Figure 5b depicts the evaluation of burned area classification for the compared meth-
ods on L-band SAR data in Bima and Dompu Regencies. The graph shows that when using
the SENN method, the highest recall and F1-score were 0.89 and 0.79, respectively, using
the SENN method. Furthermore, the ANN-3 and SENN became the highest OA, with a
value of 0.76. Meanwhile, the highest Cohen’s Kappa value occurred in the ANN-3 method,
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with a value of 0.5272. The OA value was raised by approximately 6% between the SENN
and other methods. Based on Cohen’s Kappa score, ANN-3 and SENN methods indicated
a moderate agreement, while ANN-1 and ANN-2 were categorized as a fair agreement.
The ANN-1 method had the worst performance for the precision score, while the ANN-2
method gave the worst performance for the OA, recall, F1-score, and Kappa.

The comparison between C-band and L-band utilization for burned area classification
in Figure 5a and 5b shows that the highest OA, recall, and F1-score occurred using SENN
in L-band data with scores of 0.76, 0.89, and 0.79, respectively. It indicated that using
SENN methods on L-band SAR data outperformed the other methods on C-band SAR in
decreasing omission errors. Regarding precision, the ANN-1 reached the highest score
(0.78) when using C-band SAR data. In addition, the highest Cohen’s Kappa occurred
using ANN-3 (0.53) on L-band SAR data.

3.3. Burned Area Map Using the SENN Method
3.3.1. Peatland Area

Burned area classification maps using C-band and L-band SAR data with the SENN
method for the Rokan Hilir and Merauke Regencies are depicted in Figures 6 and 7,
respectively. As clouds cover the area for most of each month, SAR data is essential to
detect burned areas in the Rokan Hilir Regency, as shown in Figure 6a—e. It can be seen
from the Sentinel-2 image that post-fire events were covered by clouds in several areas, so
burned area detection cannot be optimal using optical data alone (Figure 6e).
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Figure 6. Burned area detection in Rokan Hilir Regency using the SENN method for (a) Sentinel-1
and (b) ALOS-2/PALSAR-2, with visual references: (c) Sentinel-1 (R = VHpre fire event — YHpost-fire event,
G= vare-ﬁre events B= VHpost-ﬁre event) and (d) ALOS-2/PALSAR-2 (R = HVpre-fire event — vaost-fire event,
G = HHpre fire events B = HV post-fire event); (€) Sentinel-2 post-fire RGB composite (B12-B8A-B4); and
(f) PlanetScope post-fire composite (B3-B2-B1).
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Figure 7. Burned area detection in Merauke Regency using the SENN method for (a) Sentinel-1 and
(b) ALOS-2/PALSAR-2, with visual references: (c) Sentinel-1 (R = VHpre fire event — VHpost-fire events
G= vare—fire eventy B= VHpost—fire event), (d) ALOS-2/PALSAR-2 (R = HVpre—ﬁre event — HVpost—ﬁre events
G = HHpre fire events B = HV post-fire event), and (e) Sentinel-2 post-fire RGB composite (B12-B8A-B4).
Two boxes highlight areas where Sentinel-1 (C-band) detects more BA than ALOS-2 (L-band), indicat-
ing overestimation (solid line) and lower detail or more fragmentation (dashed line).

Fortunately, SAR data (Figure 6¢,d) can show surface conditions obscured by clouds in
optical data. As seen in the figures, burned areas are indicated in yellow and orange. The
result is verified by PlanetScope data, which was acquired on 2 November 2019, several
days after the SAR data’s acquisition date (Figure 6f). Visually, the classification results for
the Rokan Hilir Regency imply that many misclassifications occur in the region that should
be categorized as unburned areas, mainly when using C-band SAR data (Figure 6a), which
indicates a false positive. This finding corresponds to the precision value obtained using
C-band SAR data, which is lower than that of L-band SAR data. In addition, the L-band SAR
data could exhibit a more solid burned area pattern, as depicted in Figure 6b, than the C-band
SAR data. This research also showed that misclassifications of burned area detection mainly
occurred due to bare land areas among estate crops in the Rokan Hilir Regency.

Figure 7 displays the classification map of the burned area using the SENN method in
the Merauke Regency. C-band and L-band SAR data can identify burned areas, as shown
in Figure 7a,b. Misclassification of the burned area that should be classified as unburned
mainly occurs in C-band SAR data, as depicted in the solid line polygon in Figure 7a. This
result is confirmed by optical image data, as shown in Figure 7e (brown color). L-band
SAR data seems more able to detect the pattern of burned areas in the dashed-line polygon
than the C-band SAR data. Examining these two peatland areas shows that the C-band
SAR data tends to overestimate more than the L-band SAR data in predicting the burned
areas, as described by Carreiras et al., in whose work the Sentinel-1 increases the burned
area estimation [78].

3.3.2. Non-Peatland Area

The classification map of burned areas using C-band and L-band SAR data with the
SENN method for the Bima and Dompu Regencies is shown in Figure 8. Both bands” SAR
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data could detect the burned areas that were categorized as medium fires. Both bands’
SAR data could identify dryland forests as unburned areas, as shown in Figure 8c,d in blue
and Figure 8e,f in green. However, misclassifications still occurred in the bare land and
seasonal crop areas, as depicted by the black polygon, where unburned areas were falsely
identified as burned. This occurs when most seasonal crops have reached the harvest
season, as illustrated in Figure 8f, allowing the SAR signal to interact directly with the
soil. This research also shows that incorporating only two images in pre- and post-fire
events is insufficient for accurately identifying the unburned class in seasonal crops due
to temporal variations in the backscatter. Using both pre-fire and post-fire SAR imagery
with an acquisition time close to the fire incident is also recommended. In addition to land
cover types, topographical conditions contributed to the misclassification in this area, as
the topography contributed to the distortion of the SAR image.
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Figure 8. Burned area detection in Bima and Dompu Regencies using the SENN method for (a) Sentinel-1
and (b) ALOS-2/PALSAR-2, with visual references: (c) Sentinel-1 (R = VHpre-fire event — VHpost-fire events
G= vare-fire event, B= VHpost—ﬁre event), (d) ALOS-2/PALSAR-2 (R = vare-ﬁre event vaost-ﬁre events
G = HHpre-fire events B = HVpost-fire event), and (e) Sentinel-2 pre-fire RGB composite (B4-B3-B2);
(f) Sentinel-2 post-fire RGB composite (B4-B3-B2).
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Figure 9 presents the backscatter distributions of three land cover types—bare land,
burned area, and vegetation—derived from post-fire SAR data using Sentinel-1 (C-band)
and ALOS-2/PALSAR-2 (L-band) in various polarization modes. Across all polarizations,
vegetation consistently exhibits higher backscatter values, with Sentinel-1 VH (~ —15 dB)
and ALOS-2 HV (~—12 dB) showing the most prominent separation. In contrast, both
bare land and burned areas exhibit lower backscatter values, typically between —20 dB
and —25 dB, with considerable overlap, making them difficult to distinguish based solely
on intensity. This overlap indicates that, post-fire, the structural differences between
bare and burned surfaces are minimal regarding the SAR response. Sentinel-1 VV and
ALOS-2 HH polarizations show similar patterns, though with slightly reduced contrast
among classes compared to their cross-polarized counterparts. Overall, cross-polarizations
(VH and HV) demonstrate a greater sensitivity to vegetation cover, while L-band data
(ALOS-2/PALSAR-2) offer deeper penetration, making it potentially more reliable in de-
tecting structural fire damage beneath the sparse canopy:.
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Figure 9. Boxplot comparison of SAR backscatter values (in dB) for different land cover types—bare
land, burned area, and vegetation—based on post-fire imagery. (a) Sentinel-1 VV polarization,
(b) Sentinel-1 VH polarization, (c) ALOS-2/PALSAR-2 HV polarization, and (d) ALOS-2/PALSAR-2
HH polarization.

4. Discussion

To evaluate the SENN method’s contribution to improving the burned area prediction
result, we analyze the comparison among the results of each AOIL Our experiments imply
that most performance metric values achieve their highest scores using the SENN method
in all AQIs, the Rokan Hilir, Merauke, Bima, and Dompu Regencies. They demonstrate
that the SENN method is acceptably effective for detecting burned areas in peatland
and non-peatland areas with C-band and L-band SAR data. This result supports several
studies that evaluate the use of the stacking ensemble method and suggest that it could
increase performance, such as for wheat grain yield prediction [47], multi-type flood
probabilities [79], and forest aboveground biomass estimations [48]. As there has been
no stacking ensemble method application for burned area detection until now [45], this
research demonstrates a new approach using the stacking ensemble method with SAR data
for burned area detection.
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Comprehending the benefits of SAR data that is not influenced by weather or clouds,
burned area detection using SAR data has been investigated using several machine learning
methods and yields an acceptable accuracy, such as the k-means clustering algorithm [31],
Random Forest with an accuracy of 87% in a forest landscape [80], and deep convolutional
neural network [81]. They used a single machine learning method to identify burned areas.
This research provides a reference for detecting burned areas using the Stacking Ensemble
Neural Network method in a peatland and non-peatland area, with the obtained accuracy
ranging from 76% to 96%.

We investigate the burned area prediction result characteristics using SAR data in
a different AOI between a peatland and a non-peatland condition. For the Rokan Hilir
Regency, we found that L-band SAR data combined with the SENN method provides the
highest overall accuracy. The monthly rainfall rate was in the low to heavy category [82]
during fire events, as shown in Figure 10, which significantly affects soil moisture in
this area [83]. Soil moisture contributes to the burned area classification result because
it influences backscatter values, mainly in co-polarization [84]. We recommend using
time-series images to observe burned areas in the estate crop land type due to phenological
changes. In addition, another method, such as a recurrent neural network — long short-
term memory, should be explored for this land cover type, as it can observe information in
a certain period and handle sequential data [85].
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Figure 10. Monthly rainfall rate for each AOI in 2019.

The highest overall accuracy was achieved using L-band SAR data with the SENN
method in the Merauke Regency because this area’s land cover type is a wet savanna. There-
fore, the land condition is strongly affected by soil moisture due to high relative permittivity,
mainly in HH polarization. In addition, L-band SAR data have a higher sensitivity than
C-band SAR data when looking for fire effects due to a longer wavelength [29]. Moreover,
L-band SAR data can retrieve soil properties in post-fire events better than C-band SAR
data [86], which correlates with soil moisture [87]. This research’s finding implies that
L-band SAR data are promising in identifying burned areas, mainly peatland areas. Besides
soil moisture, other factors may become the factors that enhance the overall accuracy in a
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peatland such as Merauke and Rokan Hilir. Peat soil contains organic matter 657 that tends
to maintain dielectric properties change. In addition, land fires in peatlands often occur on
the subsurface if the surface fire lasts a long time with sufficient fuel and is more persistent,
so L-band SAR data with longer wavelengths could result in a backscatter that is contrasted
strongly. In contrast, fires in non-peatland areas occur on the surface, which result in less
visible structural changes. The increased development of L-band SAR satellites, including
the launch of ALOS-4 in 2024, the forthcoming NASA-ISRO (NISAR) satellite in 2025, and
the development of the ROSE-L satellite by the European Space Agency, makes it possible
to monitor burned areas continually.

This research finds the lowest classification accuracy in the Bima and Dompu Regen-
cies. The land cover and topography strongly influence this region’s classification of burned
areas. This area consists of dry savannas and grasses, unlike the savanna type found in
the Merauke Regency. One study shows that the temporal backscatter in the post-fire
event affects no significant change in the VH polarization of C-band SAR, except in VV
polarization due to soil moisture contribution [88]. However, Figure 10 shows that the
rainfall rate during fire events (July-October 2019) is light (in the range of 20 mm/month)
in the Bima and Dompu Regencies, indicating a small contribution of soil moisture to
the VV polarization value in C-band SAR. This classification result for the burned area is
also similar to that found by Belenguer-Plomer et al. [89], in whose study the burned area
classification does poorly in grassland and crop areas assessed using only Sentinel-1, which
results in a high omission error or low recall. Like C-band SAR, HH polarization L-band
SAR could reveal a slight change in backscatter after fire events due to the humidity factor
of the land and remain stable in HV polarization in a grassland [27]. The topography factor
is another challenge in burned area classification because it leads to misclassification in
steep and hilly areas due to the shadow effect [28].

5. Conclusions

This research provides a new approach using a Stacking Ensemble Neural Network
(SENN) for burned area detection using C-band and L-band SAR polarimetric features. It
indicates that burned areas can be detected using the SENN method because it offers the
highest overall accuracy in C-band and L-band SAR data in peatland and non-peatland
areas compared to the base model. This research shows that L-band SAR outperforms
C-band SAR data in detecting burned areas using the SENN method. The utilization of
L-band SAR data results in an increased overall accuracy (ranging from 93 to 96%) and
precision (ranging from 92 to 100%) for estate crop and wet savanna types in peatland
areas, while it increases the overall accuracy (76%) and recall (89%) in dry savannas and
grasses for the non-peatland areas. Additionally, with the launch of ALOS-4 data in 2024,
the forthcoming NASA-ISRO (NISAR) satellite in 2025, and the development of ROSE-L
satellite by the European Space Agency, the use of L-band SAR data is promising for
the continuous identification of burned areas. The worst performance for burned area
detection using the SENN method occurred in a dry savanna or grass type and hilly area.
While burned area detection using the SENN method is feasible in both peatland and non-
peatland areas, this research highlights that specific land cover types and topographical
features significantly influence the model’s performance.

In future studies, as fire beneath the surface in the peatland area is such a challenging
issue, it will be essential to explore the ability of L-band SAR data to detect fire in the
subsurface zone. In addition, it is important to test the Stacking Ensemble Neural Network
model in other regions with the same landscape to evaluate the robustness. In addition,
studying the combination of C-band and L-band SAR data is essential to learn the benefits of
combining the two SAR sensors. Furthermore, future work should consider incorporating
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statistical significance testing and a deeper analysis of model behavior, such as base learner
disagreement, to enhance interpretability and support a more comprehensive evaluation.
Further work should also include performance evaluations across individual land cover
types to better understand class-specific errors and improve the method’s applicability in
heterogeneous landscapes such as dry savannas.
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