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ABSTRACT
The ability to correctly identify areas damaged by forest wildfires
is essential to plan and monitor the restoration process and esti-
mate the environmental damages after such catastrophic events.
The wide availability of satellite data, combined with the recent
development of machine learning and deep learning methodologies
applied to the computer vision field, makes it extremely interesting
to apply the aforementioned techniques to the field of automatic
burned area detection. One of the main issues in such a context
is the limited amount of labeled data, especially in the context of
semantic segmentation. In this paper, we introduce a publicly avail-
able dataset for the burned area detection problem for semantic
segmentation. The dataset contains 73 satellite images of differ-
ent forests damaged by wildfires across Europe with a resolution
of up to 10m per pixel. Data were collected from the Sentinel-2
L2A satellite mission and the target labels were generated from
the Copernicus Emergency Management Service (EMS) annota-
tions, with five different severity levels, ranging from undamaged
to completely destroyed. Finally, we report the benchmark val-
ues obtained by applying a Convolutional Neural Network on the
proposed dataset to address the burned area identification problem.

CCS CONCEPTS
• Computing methodologies → Image segmentation; Supervised
learning; • Applied computing → Earth and atmospheric sciences.

KEYWORDS
earth observation, machine learning, deep learning

1 INTRODUCTION
Natural resources are limited and fundamental assets that must be
preserved. Public entities and governments are constantly mon-
itoring catastrophic events to preserve natural diversity and the
environment, limiting as much as possible short- and long-term
damages. Furthermore, once a catastrophic event such as a forest

wildfire occurs, planning the post-event restoration process repre-
sents a fundamental activity to be held to contrast climate change.
In this context, in-situ data acquisitions are often preceded by re-
mote sensing, data gathering, and analyses performed jointly with
computer vision techniques to help domain experts promptly iden-
tify areas of interest that require immediate support. Thanks to the
great data availability and the development of deep learning algo-
rithms, the Earth Observation (EO) domain represents an attractive
research field in many different topics: disaster management and
crisis response, agricultural monitoring, and change detection.

Natural hazards are a relevant cause of economic, humanitar-
ian, and environmental losses. In the field of EO, change detection
algorithms are largely adopted to identify land cover changes or
natural calamities occurrences [3, 12, 18, 25, 26, 38], whereas other
techniques and models are known to be well-suited for flood detec-
tion [9, 30, 37] and burned areas delineation [11, 23, 39].

Remote sensing enables domain experts to perform preliminary
analyses and damage assessments immediately after the calamity
ended, without the need for time-expensive in-situ analyses thanks
to the availability of (open) data acquisitions with good resolutions,
generally ranging from 10m to 30m [41]. Satellite images allow
analyzing and characterizing extended areas for multiple purposes,
such as aerosol characterization [5], air quality monitoring [42, 43],
vegetation monitoring [8, 44].

The main difficulty, especially in the context of crisis manage-
ment, is the limited availability of labeled data necessary to train
deep learning models. In this paper, we introduce an open dataset
that can be used for (i) the burned area delineation task and (ii) the
damage severity estimation task. The first task consists in identify-
ing the burned areas after a wildfire, while the second task focuses
on also estimating the severity of the damage. In the dataset we col-
lected, the severity level is an integer value ranging from 0 (undam-
aged area) to 4 (completely destroyed area). It was built leveraging
on the information provided by Copernicus EMS [1] RapidMapping,
Sentinel Hub service [2], and Sentinel satellite missions. The dataset
spans over five different European countries, covering different soil
types, with a total number of 73 regions at different points in time.
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Information is gathered from Sentinel-1 and Sentinel-2 missions.
To the best of our knowledge, no similar open dataset is available
in the context of burned area delineation. The dataset is publicly
available at https://doi.org/10.5281/zenodo.6597139 while the
example code to load the data and apply a baseline deep learning
model is available at https://github.com/lccol/burned-area-baseline.

Section 2 introduces the related work, Section 3 describes the
dataset, the geographical distribution of the monitored areas, and
the damage severity class distributions. Section 4 introduces some of
the tasks that can benefit from the proposed dataset, while Section 5
provides a benchmark for the binary segmentation problem. Finally,
Section 6 concludes the paper.

2 RELATEDWORKS
In the Earth Observation domain, before the development of com-
puter vision based on Convolutional Neural Networks, satellite
imagery analysis was mainly based on spectral index computa-
tion and analysis. Considering the case of burned area delineation,
different studies proposed an in-depth comparative analysis of
different vegetation and burned area indexes [13, 32, 40] and au-
tomatic detection techniques to identify damaged regions based
on thresholding [4, 14, 20, 27, 34]. Furthermore, beyond the burned
area delineation problem, it is extremely important the ability to
estimate severity levels to assess damage to vegetation in case
of widespread wildfires. Such a problem is often tackled by ana-
lyzing the relatedness between different burned area indexes and
the Composite Burned Area Index (CBI) [7, 19, 31, 36], which is
computed by experts after in-situ data measurements and thus is
extremely time-expensive to obtain. Additionally, the robustness of
calibrated methodologies on a specific area to estimate the severity
levels from remote sensing data is not assured to produce good
results when applied to new regions [7]. Over the years, several
methodologies have been proposed based on supervised learning
algorithms [10, 11, 21, 33] to tackle both the delineation and sever-
ity estimation problem. The proposed supervised approaches have
proven to be well-performing and require fewer data preprocessing.
However, the main drawback of such approaches is the need for a
great amount of data, possibly spanning over multiple regions and
countries. Despite multiple methodologies being proposed in the
literature, many researchers analyzed forest fires within a restricted
number of countries [6, 15, 17], making it difficult to quantitatively
compare different methodologies. Furthermore, the data used are
rarely made public.

3 DATASET
Motivated by the lack of labeled datasets representative of different
countries, we created a raster dataset consisting of different burned
areas spread across Europe. For each of the monitored wildfires,
data were retrieved from the Sentinel-2 L2A and Sentinel-1 GRD
missions in a timespan of 2 months given the activation date of each
wildfire provided by Copernicus EMS: 1 month prior and 1 month
after the activation date. More specifically, Sentinel-1 data was
acquired in IW mode with VV+VH polarisation. The images within
the defined temporal range have been selected to (i) be available
for at least the 90% of the desired AoI defined by the delineation,
and (ii) cloud coverage must not exceed 10% of the acquisition.

Figure 1: Sentinel-2 RGB acquisition with missing informa-
tion (left) and its corresponding validity mask (right).

The dataset was collected starting from the Rapid Mapping prod-
ucts publicly released by Copernicus EMS, from which the semi-
automatic annotations are collected for each wildfire event and
the ground truth labels for our semantic segmentation task are
generated. In the following paragraphs, the data retrieval process
is described, as well as the main characteristics of the dataset and
the class distribution.

3.1 Data retrieval
The dataset was collected from the information provided by the
products released by the Rapid Mapping team at Copernicus EMS,
considering the forest wildfire type of events only. Such vector
data completely describes the affected regions, providing useful
information also in the land cover domain, such as the presence of
roads, buildings, and agricultural areas. The vector data of interest
for burned area delineation is the following: bounding box and
delineation of the areas damaged by the wildfire with the associated
severity level.

Given such coordinates and the activation date of a wildfire,
we relied on SentinelHub [2] to download the Sentinel-2 L2A and
Sentinel-1 GRD data available one month before and one month
after the activation date. Each downloaded product available in
the dataset is associated with a prefix, a date, and a validity mask
(coverage), with the prefix being the product name itself (e.g., sen-
tinel2), the date being the point in time in which the product was
acquired from the satellite, and the validity mask (stored as the
last channel of the product itself) being a binary mask indicating
whether a pixel value is valid or not (1 for valid, 0 for invalid pixel).
Invalid pixels are returned in case no valid data was found by the
SentinelHub service at a certain date in the requested area of inter-
est. An example of a Sentinel-2 product with missing information
and corresponding coverage mask is shown in Figure 1.

We downloaded the satellite imagery with the highest possible
resolution, up to a maximum of 5000x5000 pixels. We decided to
download the data available one month before and one month after
the activation date to have information about the pre- and post-
wildfire events, which is needed if we are interested in applying
change detection algorithms. Lastly, the downloaded products were
manually analyzed to determine whether they contained useful
information for the prediction task, i.e., images where the area of
interest was covered with clouds or where data was absent were
discarded.

To generate the ground truth mask necessary for the semantic
segmentation task, we leveraged the vector data of Copernicus
annotations: the coordinates of the area of interest and the bound-
ing box. Such information was used to produce grayscale images
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Figure 2: Forest wildfires event distribution in the dataset.

Figure 3: Pre-fire (top) and post-fire (bottom) samples with
different morphological features and lighting conditions.

representing pixel-by-pixel damage severity levels. Ground truth
masks have the same resolution as the downloaded products.

3.2 Dataset characteristics
The dataset is composed of 73 different forest wildfires, from 2017 to
2019, spread across Europe (Figure 2), for a total area of∼ 19.000km2

with different morphological features and terrain types. Domain
experts may leverage Sentinel information to perform preliminary
analyses, data cleaning, and lighting condition normalization to
improve the robustness of the proposed solutions and assess the
performance of machine learning-based methodologies. The areas
of interest are mainly covered by forests. In some acquisitions,
human settlements and buildings are also present. Some examples
are shown in Figure 3.

Diversity in geographical locations and terrain types underlines
the importance of developing new methodologies compared to
the simplest threshold-based classification, which suffers from the
difficulty of finding a unique threshold and a unique index valid
for every region worldwide [13]. As a motivating example, we
consider the NBR2 burned area index, defined as follows on Sentinel-
2 data:𝑁𝐵𝑅2 = 𝐵11−𝐵12

𝐵11+𝐵12 , where 𝐵𝑁 stands for band𝑁 of Sentinel-2.
Figure 4 represents the NBR2 index distribution of two different
burned areas: one in Sweden (depictedwith blue curves), one in Italy,
near the volcanic area of Vesuvio (depicted with red curves). In such

cases, the definition of a single threshold to classify burned areas,
which is valid for both cases of the NBR2 index is not a trivial task.
This high-level analysis shows the diversity in the collected data
and, hence, its potential usefulness to assess the quality of different
burned area detection techniques under different conditions.

Figure 4: Burnt vs Unburnt pixel distribution for NBR2 index.
Darker curves represent undamaged areas, lighter curves
represent burnt areas instead.

3.3 Severity classes
Annotations released by Copernicus specify 5 different severity
levels, which were encoded in a greyscale image in range [0− 255],
from no damage to completely destroyed area.

Such classes are highly imbalanced: unburnt areas are the 91.9%
of the whole images. Focusing on burnt areas only, class 1 covers
around the 12%, while class 2 to 4 coverages stay around 30% (1%,
2.25%, 2.35%, and 2.5% of the total, respectively for the 4 classes).

4 TASKS
In the experimental section, we focus on the benchmarking of one
specific segmentation problem: the burned area delineation task
based on post-fire imagery only. However, our dataset can be a
valuable resource for benchmarking several tasks.

Some of the tasks that can be performed on our dataset are:
• Burned area delineation based on post-wildfire imagery only
and supervised techniques. In this scenario, a machine learn-
ing algorithm is trained on the post-wildfire images only and
is used to predict for each pixel of the satellite acquisition if
it represents a burned or an unburned area.

• Damage severity estimation based on post-wildfire imagery
only and supervised techniques. This task is similar to the
previous one. However, the damage severity level is predicted
for each pixel of the analyzed post-wildfire images.

• Burned area delineation based on pre- and post-wildfire im-
ages and supervised or unsupervised techniques. For the
unsupervised case, change detection techniques can be used
to identify burned areas by comparing pre- and post-wildfire
images. Labeled data can be used to either assess the per-
formance of the proposed unsupervised approaches or train
and assess the quality of supervised methods.

• Comparison of different spectral indexes and evaluation of
separability by means of separability index [22, 28].
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5 EXPERIMENTS
To assess the complexity and quality of the proposed dataset and
to provide reference performance values, we report the prediction
results for a baseline model. Considering the semantic segmenta-
tion task, we chose the UNet [35] architecture for our evaluation
and compared it to the Otsu method [29] on NBR2. It demonstrated
state-of-the-art performances in many segmentation tasks [16, 24],
including burned area delineation [11]. The experiments were per-
formed using only post-fire Sentinel-2 acquisitions.
Data pre-processing Being the satellite images in the proposed
dataset of variable pixel resolution, we decided to generate 512x512
resolution tiles from the data and perform a random shuffle before
training. The total number of tiles is 957. Partial overlap was ad-
mitted only when the original image was not a multiple of size 512
pixels. In this case, the second-to-last and last tiles overlap. Data
were split into 7 folds according to geographical location, such that
data belonging to the same fold maintains similar morphological
features.
Data augmentation During the training phase, random data aug-
mentation methodologies were applied to improve the performance
and robustness of the model. We applied the following transforma-
tions: rotation (up to 50° on both sides), shear (up to 20°), horizontal
flip, and vertical flip, all of them with a probability of 50%.
Training configurationWe used a system with 128GB of RAM
and an NVIDIA Tesla V100 with 16GB. The training was performed
using 50 epochs, the Adam optimizer with a learning rate of 0.0001
with no weight decay. The Dice loss was used for training. To
evaluate the performance, a 7-fold cross-validation approach was
chosen: 5 folds were used as a training set, 1 fold as a validation
set, and 1 fold as a test set. We implemented an early stopping
mechanism with patience of 5 epochs and tolerance of 0.01 on
validation loss. The final evaluation is performed on the test set.
Experimental results Table 1 shows the results achieved by the
UNet architecture and the Otsu method in terms of accuracy, preci-
sion, recall, and F1-score on every test fold. The UNet achieves good
results in the majority of the folds, being the lime fold the worst
performing one. Such fold contains acquisitions from wildfires that
took place in Southern Italy, including two volcanic areas (Etna and
Vesuvio). The low performance is mainly due to the difficulty of
correctly identifying burned areas in such aforementioned volcanic
areas and by the presence of small burned regions. Three examples
are shown in Figure 5. The first two examples show two areas near
a volcano, with a high overestimation of burned areas. The last
example represents an area with different small burned regions that
are not correctly identified by the model. Otsu achieves low results,
confirming the low quality of threshold-based techniques.

6 CONCLUSIONS
In this paper, we introduced an open dataset for the burned area
delineation and severity estimation task. The dataset covers over 70
regions in Europe with different morphologic features. Data span
over two years (from June 2017 to July 2019) and were collected
from two different satellite missions: Sentinel-2 and Sentinel-1.
Furthermore, since data collection may return incomplete products
with missing information, all data available is associated with a
binary coverage mask, indicating invalid pixel values.

Test Accuracy Precision Recall F1-score
fold UNet Otsu UNet Otsu UNet Otsu UNet Otsu

coral 92.0 75.3 82.9 62.6 97.2 73.9 89.5 67.8
cyan 91.4 82.3 79.0 55.8 80.4 76.1 79.7 64.4
grey 95.0 73.6 70.4 27.5 97.3 80.3 81.7 41.0
lime 92.2 59.0 35.6 8.4 86.9 80.1 50.6 15.1
magenta 94.3 79.4 80.1 51.8 98.5 88.9 88.3 65.5
pink 96.4 79.9 84.8 45.3 97.4 65.3 90.7 53.5
purple 97.5 66.3 86.1 23.5 93.0 90.5 89.4 37.4

Mean 94.1 73.7 74.1 39.3 93.0 79.3 81.4 49.2
Median 94.3 75.3 80.1 45.3 97.2 80.1 88.3 53.5
Std dev 0.02 0.08 0.18 0.20 0.07 0.09 0.14 0.19

Table 1: Performance for each test fold. Values are expressed
in %.

Figure 5: Samples obtained from lime fold: RGB acquisition
(top), ground truth (center) and prediction (bottom).

We believe this dataset can be beneficial to researchers and pub-
lic authorities for many tasks, such as recovery planning, constant
monitoring of affected areas, and the development of deep learn-
ing models for severity estimation. The dataset is made publicly
available to encourage future use and research activities.

REFERENCES
[1] 2022. Copernicus Emergency Management Service. Directorate Space, Security

and Migration, European Commission Joint Research Centre (EC JRC). https:
//emergency.copernicus.eu/. Accessed on March 1, 2022.

[2] 2022. Sentinel Hub. https://www.sentinel-hub.com/. Accessed on March 1, 2022.
[3] Anju Asokan and J Anitha. 2019. Change detection techniques for remote sensing

applications: a survey. Earth Science Informatics 12, 2 (2019), 143–160.
[4] Wu Bin, Liu Ming, Jia Dan, Li Suju, Cong Qiang, Wang Chao, Zhu Yang, Yin

Huan, and Zhu Jun. 2019. A method of automatically extracting forest fire burned
areas using Gf-1 remote sensing images. In IGARSS 2019-2019 IEEE International
Geoscience and Remote Sensing Symposium. IEEE, 9953–9955.

[5] Antonella Boselli, Alessia Sannino, Mariagrazia D’Emilio, Xuan Wang, and Salva-
tore Amoruso. 2021. Aerosol Characterization during the Summer 2017 Huge Fire
Event on Mount Vesuvius (Italy) by Remote Sensing and In Situ Observations.
Remote Sensing 13, 10 (2021), 2001.

4

https://emergency.copernicus.eu/
https://emergency.copernicus.eu/
https://www.sentinel-hub.com/


[6] Jonathan Boucher, André Beaudoin, Christian Hébert, Luc Guindon, and Éric
Bauce. 2016. Assessing the potential of the differenced Normalized Burn Ratio
(dNBR) for estimating burn severity in eastern Canadian boreal forests. Interna-
tional Journal of Wildland Fire 26, 1 (2016), 32–45.

[7] C Alina Cansler and Donald McKenzie. 2012. How robust are burn severity
indices when applied in a new region? Evaluation of alternate field-based and
remote-sensing methods. Remote sensing 4, 2 (2012), 456–483.

[8] Yun Chen, Juan P Guerschman, Zhibo Cheng, and Longzhu Guo. 2019. Remote
sensing for vegetation monitoring in carbon capture storage regions: A review.
Applied energy 240 (2019), 312–326.

[9] Zhen Dong, Guojie Wang, Solomon Obiri Yeboah Amankwah, Xikun Wei, Yifan
Hu, and Aiqing Feng. 2021. Monitoring the summer flooding in the Poyang Lake
area of China in 2020 based on Sentinel-1 data and multiple convolutional neural
networks. Int. J. Appl. Earth Obs. Geoinf. 102 (2021), 102400.

[10] Eleni Dragozi, Ioannis Z Gitas, Dimitris G Stavrakoudis, and John B Theocharis.
2014. Burned area mapping using support vector machines and the FuzCoC
feature selection method on VHR IKONOS imagery. Remote Sensing 6, 12 (2014),
12005–12036.

[11] Alessandro Farasin, Luca Colomba, Giulio Palomba, Giovanni Nini, and Claudio
Rossi. 2020. Supervised Burned Areas delineation by means of Sentinel-2 imagery
and Convolutional Neural Networks. In Proceedings of the 17th International
Conference on Information Systems for Crisis Response and Management (ISCRAM
2020), Virginia Tech, Blacksburg, VA, USA. 24–27.

[12] Bakhtiar Feizizadeh, Thomas Blaschke, Dirk Tiede, and Mohammad Hos-
sein Rezaei Moghaddam. 2017. Evaluating fuzzy operators of an object-based
image analysis for detecting landslides and their changes. Geomorphology 293
(2017), 240–254.

[13] Federico Filipponi. 2018. BAIS2: Burned area index for Sentinel-2. Multidisci-
plinary digital publishing institute proceedings 2, 7 (2018), 364.

[14] RH Fraser, Z Li, and J Cihlar. 2000. Hotspot and NDVI differencing synergy
(HANDS): A new technique for burned area mapping over boreal forest. Remote
sensing of environment 74, 3 (2000), 362–376.

[15] Nancy HF French, Eric S Kasischke, Ronald J Hall, Karen A Murphy, David L
Verbyla, Elizabeth E Hoy, and Jennifer L Allen. 2008. Using Landsat data to
assess fire and burn severity in the North American boreal forest region: an
overview and summary of results. International Journal of Wildland Fire 17, 4
(2008), 443–462.

[16] Changlu Guo, Márton Szemenyei, Yugen Yi, Wenle Wang, Buer Chen, and
Changqi Fan. 2021. Sa-unet: Spatial attention u-net for retinal vessel segmentation.
In 25th International Conference on Pattern Recognition (ICPR). IEEE, 1236–1242.

[17] Rosalie J Hall, JT Freeburn, WJ De Groot, JM Pritchard, TJ Lynham, and R Landry.
2008. Remote sensing of burn severity: experience from western Canada boreal
fires. International Journal of Wildland Fire 17, 4 (2008), 476–489.

[18] Daniel Hölbling, Barbara Friedl, and Clemens Eisank. 2015. An object-based ap-
proach for semi-automated landslide change detection and attribution of changes
to landslide classes in northern Taiwan. Earth Science Informatics 8, 2 (2015),
327–335.

[19] Carl H Key and Nathan C Benson. 2006. Landscape assessment (LA). FIREMON:
Fire effects monitoring and inventory system. Gen. Tech. Rep. RMRS-GTR-164-CD.
Fort Collins, CO: US Department of Agriculture, Forest Service, Rocky Mountain
Research Station. p. LA-1-55 164 (2006).

[20] Warinthorn Kiadtikornthaweeyot, Chanika Sukawattanavijit, and Anusorn
Rungsipanich. 2018. Automatic detection of forest fire burnt scar from Landsat-8
image of northern part of Thailand. In 2018 15th International Conference on
Electrical Engineering/Electronics, Computer, Telecommunications and Information
Technology (ECTI-CON). IEEE, 720–723.

[21] Lisa Knopp, Marc Wieland, Michaela Rättich, and Sandro Martinis. 2020. A deep
learning approach for burned area segmentation with Sentinel-2 data. Remote
Sensing 12, 15 (2020), 2422.

[22] R Lasaponara. 2006. Estimating spectral separability of satellite derived parame-
ters for burned areas mapping in the Calabria region by using SPOT-Vegetation
data. Ecological Modelling 196, 1-2 (2006), 265–270.

[23] Rosa Lasaponara and Biagio Tucci. 2019. Identification of burned areas and
severity using SAR Sentinel-1. IEEE Geoscience and Remote Sensing Letters 16, 6
(2019), 917–921.

[24] Xiaomeng Li, Hao Chen, Xiaojuan Qi, Qi Dou, Chi-Wing Fu, and Pheng-Ann
Heng. 2018. H-DenseUNet: hybrid densely connected UNet for liver and tumor
segmentation from CT volumes. IEEE Trans. Med. Imaging 37, 12 (2018), 2663–
2674.

[25] Jia Liu, Maoguo Gong, Kai Qin, and Puzhao Zhang. 2016. A deep convolutional
coupling network for change detection based on heterogeneous optical and radar
images. IEEE Trans. Neural Netw. Learn. Syst. 29, 3 (2016), 545–559.

[26] Zhunga Liu, Gang Li, Gregoire Mercier, You He, and Quan Pan. 2017. Change
detection in heterogenous remote sensing images via homogeneous pixel trans-
formation. IEEE Transactions on Image Processing 27, 4 (2017), 1822–1834.

[27] Tatiana Loboda, KJ O’neal, and I Csiszar. 2007. Regionally adaptable dNBR-
based algorithm for burned area mapping from MODIS data. Remote sensing of
environment 109, 4 (2007), 429–442.

[28] Giorgos Mallinis, Ioannis Mitsopoulos, and Irene Chrysafi. 2018. Evaluating and
comparing Sentinel 2A and Landsat-8 Operational Land Imager (OLI) spectral
indices for estimating fire severity in a Mediterranean pine ecosystem of Greece.
GIScience & Remote Sensing 55, 1 (2018), 1–18.

[29] Nobuyuki Otsu. 1979. A threshold selection method from gray-level histograms.
IEEE transactions on systems, man, and cybernetics 9, 1 (1979), 62–66.

[30] Giulio Palomba, Alessandro Farasin, and Claudio Rossi. 2020. Sentinel-1 flood
delineation with supervised machine learning. In ISCRAM 2020 Conference
Proceedings–17th International Conference on Information Systems for Crisis Re-
sponse and Management. 1072–1083.

[31] Sean A Parks, Gregory K Dillon, and Carol Miller. 2014. A new metric for
quantifying burn severity: the relativized burn ratio. Remote Sensing 6, 3 (2014),
1827–1844.

[32] José MC Pereira. 1999. A comparative evaluation of NOAA/AVHRR vegetation
indexes for burned surface detection andmapping. IEEE transactions on geoscience
and remote sensing 37, 1 (1999), 217–226.

[33] George P Petropoulos, Charalambos Kontoes, and Iphigenia Keramitsoglou. 2011.
Burnt area delineation from a uni-temporal perspective based on Landsat TM
imagery classification using Support Vector Machines. Int. J. Appl. Earth Obs.
Geoinf. 13, 1 (2011), 70–80.

[34] Luca Pulvirenti, Giuseppe Squicciarino, Elisabetta Fiori, Paolo Fiorucci, Luca
Ferraris, Dario Negro, Andrea Gollini, Massimiliano Severino, and Silvia Puca.
2020. An automatic processing chain for near real-time mapping of burned forest
areas using sentinel-2 data. Remote Sensing 12, 4 (2020), 674.

[35] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. 2015. U-net: Convolutional
networks for biomedical image segmentation. In International Conference on
Medical image computing and computer-assisted intervention. Springer, 234–241.

[36] Luigi Saulino, Angelo Rita, Antonello Migliozzi, Carmine Maffei, Emilia Allevato,
Antonio Pietro Garonna, and Antonio Saracino. 2020. Detecting burn severity
across mediterranean forest types by coupling medium-spatial resolution satellite
imagery and field data. Remote Sensing 12, 4 (2020), 741.

[37] Mrinal Singha, Jinwei Dong, Sangeeta Sarmah, Nanshan You, Yan Zhou, Geli
Zhang, Russell Doughty, and Xiangming Xiao. 2020. Identifying floods and flood-
affected paddy rice fields in Bangladesh based on Sentinel-1 imagery and Google
Earth Engine. ISPRS J. Photogramm. Remote Sens. 166 (2020), 278–293.

[38] Jérémie Sublime and Ekaterina Kalinicheva. 2019. Automatic post-disaster dam-
age mapping using deep-learning techniques for change detection: Case study of
the Tohoku tsunami. Remote Sensing 11, 9 (2019), 1123.

[39] Mihai A Tanase, Miguel A Belenguer-Plomer, Ekhi Roteta, Aitor Bastarrika, James
Wheeler, Ángel Fernández-Carrillo, Kevin Tansey, Werner Wiedemann, Peter
Navratil, Sandra Lohberger, et al. 2020. Burned area detection and mapping:
Intercomparison of Sentinel-1 and Sentinel-2 based algorithms over tropical
Africa. Remote Sensing 12, 2 (2020), 334.

[40] Sander Veraverbeke, Stefaan Lhermitte, Willem W Verstraeten, and Rudi
Goossens. 2011. Evaluation of pre/post-fire differenced spectral indices for
assessing burn severity in a Mediterranean environment with Landsat Thematic
Mapper. International Journal of Remote Sensing 32, 12 (2011), 3521–3537.

[41] Michael A Wulder, Jeffrey G Masek, Warren B Cohen, Thomas R Loveland, and
Curtis E Woodcock. 2012. Opening the archive: How free data has enabled the
science and monitoring promise of Landsat. Remote Sensing of Environment 122
(2012), 2–10.

[42] Yanan Xu, Yanmin Zhu, Yanyan Shen, and Jiadi Yu. 2019. Fine-grained air quality
inference with remote sensing data and ubiquitous urban data. ACM Transactions
on Knowledge Discovery from Data (TKDD) 13, 5 (2019), 1–27.

[43] Man Yuan, Yaping Huang, Huanfeng Shen, and Tongwen Li. 2018. Effects of
urban form on haze pollution in China: Spatial regression analysis based on PM2.
5 remote sensing data. Applied geography 98 (2018), 215–223.

[44] Xiaoyang Zhang, Mark A Friedl, Crystal B Schaaf, Alan H Strahler, John CF
Hodges, Feng Gao, Bradley C Reed, and Alfredo Huete. 2003. Monitoring veg-
etation phenology using MODIS. Remote sensing of environment 84, 3 (2003),
471–475.

5


