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Abstract24

Active fire detection in satellite imagery is of critical importance to the man-

agement of environmental conservation policies, supporting decision-making

and law enforcement. This is a well established field, with many techniques

being proposed over the years, usually based on pixel or region-level compar-

isons involving sensor-specific thresholds and neighborhood statistics. In this

paper, we address the problem of active fire detection using deep learning

techniques. In recent years, deep learning techniques have been enjoying an

enormous success in many fields, but their use for active fire detection is rel-

atively new, with open questions and demand for datasets and architectures

for evaluation. This paper addresses these issues by introducing a new large-

scale dataset for active fire detection, with over 150,000 image patches (more

than 200 GB of data) extracted from Landsat-8 images captured around the

world in August and September 2020, containing wildfires in several loca-

tions. The dataset was split in two parts, and contains 10-band spectral
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images with associated outputs, produced by three well known handcrafted

algorithms for active fire detection in the first part, and manually anno-

tated masks in the second part. We also present a study on how different

convolutional neural network architectures can be used to approximate these

handcrafted algorithms, and how models trained on automatically segmented

patches can be combined to achieve better performance than the original al-

gorithms — with the best combination having 87.2% precision and 92.4%

recall on our manually annotated dataset. The proposed dataset, source

codes and trained models are available on Github1, creating opportunities

for further advances in the field.

Keywords: active fire detection, active fire segmentation, active fire25

dataset, convolutional neural network, landsat-8 imagery.26

1. Introduction27

The use of satellite imagery is of critical importance to the management28

of environmental conservation policies. Active fire detection is a field of re-29

search that extracts relevant knowledge from such images to support decision-30

making (Cardil et al. (2019)). For example, fires can be employed as a means31

to clear out an area after trees are cut down, giving place to pastures and32

agricultural land, so the presence of active fire can be directly related to defor-33

estation (Portillo-Quintero et al. (2013)) in many important biomes around34

the world. Furthermore, there is a direct relation between biomass burn-35

ing and changes to the climate and atmospheric chemistry (Chuvieco et al.36

1https://github.com/pereira-gha/activefire
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(2019)). Active fire detection in satellite imagery is also relevant for other37

monitoring tasks, such as damage assessment, prevention and prediction 2.38

Research on the field of active fire detection focuses on providing appropri-39

ate methods for determining if a given pixel (corresponding to a georeferenced40

area) in a multi-spectral image corresponds to an active fire. As the satel-41

lites orbit in different altitudes and their systems are equipped with different42

sensors, with different wavelengths, usually such methods must be designed43

specifically for each system. For example, images from the Landsat-8 satel-44

lite — the one considered in this work — are usually processed by series of45

conditions such as those proposed by Schroeder et al. (2016), Murphy et al.46

(2016) or Kumar and Roy (2018). These conditions are especially tuned for47

the Operational Land Imager (OLI) sensor on board Landsat-8, as detailed48

in Section 2. Other important sensors and satellites for active fire recognition49

are: the MODIS sensor, with 250 m to 1 km of spatial resolution per pixel,50

that equips the NASA Terra and Aqua satellites (orbiting 705 km height,51

1-2 days of revisit); the AVHRR sensor, with 1 km of spatial resolution per52

pixel, on board NOAA-18 (833 km height), NOAA-19 (870 km height) and53

METOP-B (827 km height) satellites, the three with a daily revisit time;54

the Visible Infrared Imaging Radiometer Suite (VIIRS) sensor, with 375 m55

of spatial resolution and on board the joint NASA/NOAA Suomi National56

Polar-orbiting Partnership (Suomi NPP) and NOAA-20 satellites (824 km57

2https://effis.jrc.ec.europa.eu/about-effis/technical-background/rapid-damage-
assessment
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height), both with daily revisit time; the ABI sensor, that equips the geosta-58

tionary satellite GOES-16 (≈ 36,000 km height), that is able to take images59

each 10 minutes with spatial resolution from 500 meters to 2 km. In addition,60

the Sentinel-2 constellation have also been used for research on this field as61

they produce images similar to Landsat, with spatial resolution between 1062

and 60 meters, with 5 days of revisit.63

Studies on automatic methods for detecting active fire regions date back64

to the 1970s, when the most suitable spectral intervals for detecting forest65

fires were analyzed (Kondratyev et al. (1972)). Matson and Holben (1987)66

argued that remote sensing was the only viable alternative to monitor ac-67

tive fire in isolated regions. In their study, they used the AVHRR sensor68

to detect fire activity in the Amazon area. Other active fire detection algo-69

rithms have also been developed for AVHRR (Flannigan and Haar (1986);70

Lee and Tag (1990)), some of them being used as a basis for the development71

of algorithms for other satellite sensors. Ji and Stocker (2002) and Giglio72

et al. (2003) developed algorithms that include contextual analysis for active73

fire detection for the Visible and Infrared Scanner (VIRS) sensor onboard74

the Tropical Rainfall Measuring Mission (TRMM) satellite. Kaufman et al.75

(1998) proposed an approach for active fire detection using the MODIS sen-76

sor, which was later improved by Giglio et al. (2003). This method is still77

used today due to its relevance, and because the MODIS sensor is still ac-78

tive, and has an almost daily global coverage, being able to detect fires with79

size 100-300 m2 (Maier et al. (2013)). Furthermore, the MODIS detection80
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algorithm was improved in many ways (Morisette et al. (2005); Giglio et al.81

(2016)) and served a reference for developing equations for other satellites.82

As an example, in 2014, Schroeder et al. (2014) proposed an algorithm for83

active fire detection for the VIIRS sensor based on the MODIS algorithm.84

The active fire detection algorithms mentioned above, in general, are based85

on comparisons to fixed threshold in certain bands and statistics from their86

surrounding region.87

In recent years, deep-learning methods (Lecun et al. (2015)) have been88

promoting major advances in artificial intelligence, inspiring the design of89

novel architectures and strategies for a wide range of applications in remote90

sensing, including several related to active fire recognition. That includes ar-91

chitectures for tasks such as: distinguish smoke from similar patterns such as92

clouds, dust, haze, land and seaside by using images from the Aqua and Terra93

satellites (Ba et al. (2019)); super-resolution enhancement for the specific94

context of wildfire on images from the Sentinel-2 satellite; use of temporal95

information from a same location, before and after wildfires, so as to detect96

burned/unburned areas in images of Sentinel-1 or VIIRS data (Ban et al.97

(2020), Pinto et al. (2020)); tackling the imbalanced classification problem,98

usually present in active fire segmentation, that can negatively impact CNN99

performance (Langford et al. (2018)); and the use of generative adversarial100

networks (GAN) to synthesize missing or corrupted multispectral optical im-101

ages with multitemporal data from satellites (Bermudez et al. (2019)). In102

summary, although this is a relatively new field, with no specific architec-103
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ture finding widespread application on remote sensing applications, most of104

these works are based on a particular type of deep learning network, known105

as Convolutional Neural Network (CNN) (Lecun et al. (2015)), that tries to106

discover intricate patterns in massive data by using a sequence of process-107

ing layers that allows to learn representations of data with multiple levels of108

abstraction.109

The use of deep learning techniques for active fire recognition is a rela-110

tively new field, which still lacks large-scale datasets and architectures for111

evaluation. This paper brings several contributions to the field. The first112

contribution is that we introduce a new public dataset for active fire recogni-113

tion, built from 8,194 Landsat-8 images around the world, covering the period114

of August 2020, containing large wildfire events in many areas such as the115

Amazon region, Africa, Australia, United States, among others. The dataset116

contains 146,214 image patches (around 210 GB uncompressed), including117

10-band spectral images and associated outputs produced by three well es-118

tablished, handcrafted algorithms for active fire detection (Schroeder et al.119

(2016), Murphy et al. (2016) and Kumar and Roy (2018)). The second con-120

tribution is a secondary dataset, also public, containing 9,044 image patches121

(around 12 GB uncompressed) extracted from 13 Landsat-8 images captured122

in September 2020, along with manually annotated fire pixels, which can123

be employed for assessing the quality of automatic segmentation compared124

to a human specialist. As a third contribution, we present a study on how125

convolutional neural networks can be used to approximate the handcrafted126
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fire detection algorithms mentioned above, including the possibility of saving127

bandwidth resources by reducing the number of analyzed spectral bands, as128

well as means of combining multiple fire detection outputs to produce more129

robust detection results. As a fourth contribution, we highlight the compar-130

ison between the fire detection algorithms mentioned above and the CNNs131

when tested against manual annotations from a human specialist. Finally, as132

a fifth contribution, all the source code of the deep learning and handcrafted133

algorithms employed for producing this paper are available for free access on134

github, all of them coded in Python language, which is a step forward for135

other researchers in the field towards a benchmark, opening opportunities for136

the study of other Landsat-8 time intervals, or the use of different satellites137

— this is a first effort in this direction, as the algorithms we analyzed here,138

to the best of our knowledge, do not have open source versions available.139

The rest of this paper is organized as follows. In section 2, we describe140

the proposed datasets, including the procedure for generating them. In sec-141

tion 3, we describe the CNN architectures for active fire detection and the142

performed experiments. Results are presented and discussed in section 4.143

Finally, section 5 presents conclusions and points to future work.144

2. Materials145

146

The Landsat program, sponsored by NASA/USGS, provides since 1972147

continuous acquisition of high-quality satellite imagery of the Earth, becom-148
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ing a key instrument for the continuous monitoring of the environment. As149

described by Roy et al. (2014), the Landsat-8 satellite, which we consider in150

this research, orbits the Earth at an altitude of 705 km, with data segmented151

into scenes with 185 × 180 km, defined according to the second World-wide152

Reference System (WRS) in a 16-day revisit period. This satellite uses an153

Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) sensors154

to acquire eleven channels of multi-spectral data {c1, . . . , c11}. The images155

are encoded in the TIFF format, with resolution of ≈ 7, 600× 7, 600 pixels,156

with 16 bits per pixel per channel. Each multispectral pixel corresponds to157

30 meters of spatial resolution (ground).158

Figure 1: Landsat-8 regions used in our dataset: light green regions have one image for
August 2020 and dark green regions have two images. Some regions did not have any
real time images available, and are shown in yellow, along with Antarctica, which was not
considered in this work. Each rectangle corresponds to an Landsat-8 WRS image scene
with ≈ 7, 600× 7, 600 pixels covering a 185× 180 km area.
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We processed all the Landsat-8 real time images available for August 2020159

around the globe, excluding only the Antarctic continent, to a total of 8,194160

images and 1.6 TB of data. Figure 1 shows scene locations and the number161

of real time images available from WRS.162

The choice of this particular time slice was not random. Although the163

northern and southern hemispheres have different climatic behavior along the164

months — especially regarding the seasons, and the occurrence of rain, snow165

or droughts — there is a peak in fire activity around the same time in both166

hemispheres. Ferreira et al. (2020) present a study showing the duration of167

fire seasons, and how they are spread along the months and across the globe.168

They show that August and September are the most critical months, with169

fire seasons occurring in all continents, except Antarctica (but including the170

Arctic region). In 2020 this situation was not different, with several wildfire171

events occurring at the same time in different locations: in mid-August there172

were wildfires in Australia, Sibera, in the Parana Delta in Argentina, in173

several regions of the United States (Colorado, California, Oregon, Utah and174

Washington), and in the Amazon and Pantanal regions in Brazil.175

Unfortunately, it is unfeasible to manually annotate this massive amount176

of data in order to create masks with potential active fire pixels. However,177

such a large amount of data is needed for properly training deep convolutional178

networks. Therefore, in order to automatically generate segmentation masks,179

we relied on three set of conditions, well established in the field, designed180

by Schroeder et al. (2016), Murphy et al. (2016) and Kumar and Roy (2018).181
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Figure 2 shows the regions analyzed by these authors when developing and182

testing their sets of conditions — note that our dataset has a more thorough183

coverage of the globe, as shown in Figure 1.184

In the following sections, we detail the sets of conditions for active fire185

detection proposed by Schroeder et al. (2016), Murphy et al. (2016) and Ku-186

mar and Roy (2018). For the sake of simplicity, let ρi be in the rest of187

this section the reflectance of channel ci. The equation to convert between188

Landsat-8 channels to reflectance are detailed by the USGS 3. For the Mur-189

phy et al. (2016) and Kumar and Roy (2018) sets of conditions, reflectances190

are corrected for the solar zenith angle; while for the Schroeder et al. (2016)191

conditions, this correction is not performed. Moreover, it is worth noting192

that Schroeder et al. (2016) perform a multi-temporal analysis to avoid false193

alarms over persistent heat sources. That approach was adapted and used by194

Kumar and Roy (2018), and could also bring beneficial results to our work.195

However, it was not include here since our focus is on active fire recognition196

for single images. After describing these conditions, we detail the procedure197

for extracting the segmentation masks, and a secondary dataset, containing198

manually annotated images.199

2.1. Schroeder et al. conditions200

Schroeder et al. (2016) proposed a set of conditions that uses seven201

3https://www.usgs.gov/land-resources/nli/landsat/using-usgs-landsat-level-1-data-
product
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Figure 2: Locations covered in the studies from Murphy et al. (2016), Schroeder et al.
(2016) and Kumar and Roy (2018), which observed, respectively, 45 regions, 30 regions
and 11 distinct regions. Multiple temporal views were used for some of these regions.

Landsat-8 channels, c1− c7, to identify active fire pixels. If all conditions are202

satisfied the pixel is classified as true (fire), otherwise as false (non-fire).203

The first set of conditions identifies unambiguous cases:

((R75 > 2.5) and (ρ7 − ρ5 > 0.3) and (ρ7 > 0.5)) or

((ρ6 > 0.8) and (ρ1 < 0.2) and (ρ5 > 0.4 or ρ7 < 0.1))

where Rij is the ratio between the reflectance in channels i and j (ρi/ρj).204

Then, by using a neighborhood of 61 × 61 pixels, centered at each fire

pixel candidate, the above conditions are relaxed so as to consider the region
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context, namely

(R75 > 1.8) and (ρ7 − ρ5 > 0.17) and (R76 > 1.6) and

(R75 > µR75+ max(3σR75 , 0.8)) and (ρ7 > µρ7+ max(3σρ7 , 0.08))

where µ and σ denote the mean and standard deviation of the pixels in a

61 × 61 window pixel neighborhood. These means and standard deviations

are computed excluding fire and water pixels, the latter being classified by:

(ρ4 > ρ5) and (ρ5 > ρ6) and (ρ6 > ρ7) and (ρ1 − ρ7 < 0.2)

and ((ρ3 > ρ2) or ((ρ1 > ρ2) and (ρ2 > ρ3) and (ρ3 > ρ4)))

For further details about the above conditions refer to the work of Schroeder205

et al. (2016).206

2.2. Murphy et al. conditions207

Murphy et al. (2016) proposed a set of conditions that is non-contextual,208

in the sense that it does not rely on statistics computed from each pixel’s209

neighborhood. It is based on channels c5, c6 and c7.210

Unambiguous active fire pixels are first identified by:

(R76 ≥ 1.4) and (R75 ≥ 1.4) and (ρ7 ≥ 0.15)

where Rij is the ratio between the reflectance in channels i and j. Potential
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fires that are in the immediate neighborhood of an unambiguous fire (in a

3×3 window), are also classified as fires. Potential fires are those that satisfy:

((R65 ≥ 2) and (ρ6 ≥ 0.5)) or ((ρ7 is saturated) or (ρ6 is saturated))

Criteria for identifying saturated bands are defined by the USGS 4.211

2.3. Kumar-Roy conditions212

The conditions proposed by Kumar and Roy (2018) are based on channels

c2 − c7. This work is more recent than the others, and builds upon some of

the insights behind previous work. Unambiguous fire pixels are identified as

those that satisfy

ρ4 ≤ 0.53 ρ7 − 0.214

They also take as unambiguous fire pixels those that are in the immediate

8-pixel vicinity of a fire pixel classified by the above condition, and which

satisfy the more relaxed condition

ρ4 ≤ 0.35 ρ6 − 0.044

4https://www.usgs.gov/land-resources/nli/landsat/landsat-collection-1-level-1-
quality-assessment-band
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Potential fire pixels are identified by

((ρ4 ≤ 0.53 ρ7 − 0.125) or (ρ6 ≤ 1.08 ρ7 − 0.048))

and are only kept if they satisfy the contextual test

(R75 > µR75+ max(3σR75 , 0.8)) and (ρ7 > µρ7+ max(3σρ7 , 0.08))

where R75 is the ratio between the reflectance in channels 7 and 5 (ρ7/ρ5),213

and µ and σ denote the mean and standard deviation of the pixels in a214

neighborhood around each candidate fire pixel. This contextual test is the215

same used by the Schroeder et al. (2016) conditions, with two differences.216

The first difference is the condition used to detect water pixels217

(ρ2 ≥ ρ3 ≥ ρ4 ≥ ρ5)

The second difference is that the region size is not fixed: we test progres-218

sively larger neighborhoods (5× 5, 7× 7, 9× 9, and so on, up to maximum219

of 61 × 61 pixels), stopping when the region contains at least 25% of pixels220

not classified as unambiguous or potential fires, or as water — these pixels221

are excluded when computing the means and standard deviations. One point222

that is not addressed in the original paper is how to proceed when the equa-223

tions detect a large area containing potential fire pixels — in these cases,224
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even with a 61× 61 neighborhood there are candidate fire pixels mostly sur-225

rounded by excluded pixels, and the contextual test becomes unreliable. We226

considered such cases as non-fires, since doing otherwise made the algorithm227

highly prone to false detections.228

2.4. Segmentation masks229

In order to create segmentation masks, we used the conditions from Schroeder230

et al. (2016), Murphy et al. (2016) and Kumar and Roy (2018) over the orig-231

inal scenes with ≈ 7, 600 × 7, 600 pixels. Figure 3 shows the locations were232

fires have occurred in our dataset for each set of conditions.

Figure 3: Fire incidence detection and heat map around the globe for August 2020 con-
sidering the outputs of Schroeder et al. (2016), Murphy et al. (2016) and Kumar and Roy
(2018). Dark gray dots represent wildfire locations simultaneously detected by the three
algorithms.

233
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This dataset was then cropped into image patches with 256× 256 pixels234

without overlap. The number of fire pixels per image patch for each set of235

conditions is shown in the histogram in Figure 4. It can be seen that most236

patches have a small number of fire pixels.

Figure 4: Distribution of image patches per fire pixel count. The total number of image
patches (with 256×256 pixel size) for the Schroeder et al. conditions is 62,385, for Murphy
et al. conditions is 82,036 and 143,133 for the Kumar-Roy conditions. The last bin, marked
with *, has a larger interval because some few image patches had a large number of
active fire pixels — keeping the bins with the same interval would result in a very sparse
histogram.

237

Our dataset is publicly available, and contains 146,214 image patches,238

256 × 256 pixels each, around 180 GB uncompressed, along with their cor-239

responding segmentation masks produced by the three sets of conditions240

discussed above (approximately 28 GB uncompressed). The patches are241

10-band, 16-bit TIFF images, with channels c1, . . . , c7 and c9, . . . , c11. The242

panchromatic channel c8, with 15 meters of spatial resolution, will not be243

considered in this work.244

Figure 5 shows some image samples with active fire and the correspond-245
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ing segmentation masks for the three set of conditions. It can be seen that,246

although the three algorithms generally agree on the presence of fire on a cer-247

tain level, the pixelwise segmentation tends to differ between them. The Mur-248

phy et al. (2016) conditions seem more sensitive to low level intensities (em-249

ber), while all the algorithms have problems with very high intensities (which250

appear with a greenish tinge in the RGB visualization). These differences251

will be further discussed in Section 4.252

Input Schroeder et al. Murphy et al. Kumar-Roy

Figure 5: Image patches and the corresponding segmentation masks, extracted from the
proposed dataset. For display purposes we used channels c7, c6 and c2 to compose the
RGB bands, however, the original patches contain 10 bands.

We believe that this dataset can prove useful and relevant for other re-253
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searchers working on active fire detection, since it provides the Landsat-8254

data in a friendly format that can be directly used by existing machine learn-255

ing tools, and provides a challenging target for benchmarking, with samples256

covering a large variety of scenarios, including desert, rain forest, agricultural257

land, water, snow, clouds, cities, mountains, etc.258

2.5. Manually annotated dataset259

To further validate our trained models, we selected 13 Landsat-8 images,260

with ≈ 7, 600× 7, 600 pixels, which were split into 9,044 image patches with261

256× 256 pixels each, without overlap, in a total of 12 GB (uncompressed),262

captured in September 2020, and manually annotated them. Figure 6 shows263

the locations of these images.264

It can be seen that these images are well spread spatially around the265

globe, covering the main continents, as well as the different features that266

may exist in these regions. There are active fires in 10 of these images,267

with different cloud cover and fire properties — some have many fire pixels,268

some have only a few; some have large fires, some have small isolated fire269

pixels; with the fire intensity also varying. The remaining 3 images have no270

active fires, but cover scenarios that proved challenging for at least one of271

the sets of conditions, which produced false positives: one from the Sahara272

desert, where the Schroeder et al. (2016) conditions detected fires, one from273

Greenland, where the Murphy et al. (2016) and Kumar and Roy (2018)274

conditions detected fires, and one from a city (Milan), since all the algorithms275
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Figure 6: Active fire manual annotations: the active fire present in 13 Landsat-8 images
(depicted by red squares) from September of 2020 — with ≈ 7, 600 × 7, 600 pixels and
selected to represent distinct regions of the planet — were manually annotated by the
authors. These images and reference masks are also available as a dataset.

seem to produce false detections inside large urban settlements. Figure 7276

shows an example of manually annotated image.277

The purpose of evaluating the learned models against these images is278

having a second reference for validating them, avoiding some potential bias279

that might arise from training them on the outputs from the Schroeder et al.280

(2016), Murphy et al. (2016) and Kumar and Roy (2018) algorithms. For281

this reason, in this work, the manually annotated images will be exclusively282

for testing the models, but not for training them.283
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Landsat-8 image from California/USA

Manual annotations of active fires

Active fire

Figure 7: Manual annotation example: on the left, a Landsat-8 image from Califor-
nia, USA — reference code LC08 L1TP 046031 20200908 20200908 01 RT, WRS 046/031,
from September 8th, 2020. This image has many wildfire regions, with a total of 55,386
active fire pixels being identified. Highlighted in red, one of the two major wildfire areas
(top right) with an extension of 22× 22 km, with approximately 10,000 active fire pixels;
the corresponding manual annotations are also shown (bottom right).

3. Methods284

3.1. Convolutional Neural Networks for Active Fire Detection285

286

Convolutional neural networks (CNNs)(Goodfellow et al. (2016)) are a287

type of feedforward neural network architecture that, in recent years, have288

been enjoying a lot of attention, due to their success in a large variety of289
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tasks, many of them related to image processing (Garcia et al. (2018); Wang290

et al. (2020)), analysis (Petersson et al. (2016); Litjens et al. (2017)) and291

recognition (Paoletti et al. (2019); Yao et al. (2019)). This popularization is292

mainly because to advances both in processing capabilities — particularly the293

use of Graphic Processing Units (GPUs) for massively parallel computations294

— and algorithms and techniques, which led to the ability of learning deeper295

and more complex models. The reviews by Zhu et al. (2017), Ma et al.296

(2019a) and Yuan et al. (2020) discuss the major breakthroughs of deep297

learning for the remote sensing field, including main challenges, and the298

current state-of-the-art in environmental parameter retrieval, data fusion and299

downscaling, image registration, scene classification, object detection, land300

use and land cover classification and region segmentation.301

A deep convolutional network is composed by a series of layers, each layer302

applying to the output of the previous layer a number of filters via the lin-303

ear convolution operation, followed by some kind of activation function that304

introduces non-linearities (Goodfellow et al. (2016)). Deeper layers combine305

features extracted by previous layers, in such a way that the network is ca-306

pable of encoding progressively more complex concepts (Lecun et al. (2015)).307

The training procedure for a CNN consists of discovering weights (coefficients308

and biases for the filters), which allow the input data to be transformed so309

as to approximate the desired output. In this paper, we consider only the so310

called supervised learning (Chapelle et al. (2010)), in which the network re-311

ceives a number of labeled samples — inputs and their associated outputs —312
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and iteratively adjusts its weights via a backpropagation algorithm (Rumel-313

hart et al. (1986)) to make its output for a given input more and more similar314

to the presented sample output. Although CNNs are the current state of the315

art technique for a number of machine learning and computer vision tasks,316

there are several concerns that must be kept in mind when working with317

them. In this paper, we do not focus on issues directly related to challenges318

faced by CNNs in a mathematical or algorithmic level, but we do highlight319

that complex architectures demand a high computational power to be trained320

(i.e. whenever possible, it is desirable to have smaller and simpler architec-321

tures); and that a proper model must be trained with a large amount of322

unbiased data, something that raises concerns over both the required infras-323

tructure needed for transmission/storage and the availability of good quality324

public datasets.325

The design of robust and highly optimized CNN architectures for active326

fire detection is not the main focus of this work. Nevertheless, it is impor-327

tant to demonstrate that a CNN trained on the proposed dataset is able to328

produce results similar to those obtained by conventional algorithms such329

as those from Schroeder et al. (2016), Murphy et al. (2016) and Kumar and330

Roy (2018). Our tests were based on networks derived from the U-Net ar-331

chitecture from Ronneberger et al. (2015), a very popular architecture for332

image segmentation tasks. U-Net is a fully convolutional network, with two333

symmetric halves, the first with pooling operations that decrease the data334

resolution and the second with upsampling operations that restore the data335

22



to its original resolution. The first half extracts basic features and context,336

and the second half allows for a precise pixel-level localization of each fea-337

ture, with skip connections between the two halves being used to combine338

the features from a layer with more abstract features from deeper layers.339

Figure 8 shows the basic U-Net architecture employed in our tests. It is340

essentially the same concept from the original U-Net, but our implementation341

adds batch normalization after each convolutional layer, and contains addi-342

tional dropout layers, which help avoiding problems with overfitting (Good-343

fellow et al. (2016)) and is related to how the error propagates during training.344

345

We considered 3 variations of the U-Net architecture. The first one, called346

hereafter U-Net (10c), is the basic U-Net architecture, taking as input a 10-347

channel image containing all the Landsat-8 image bands. The second archi-348

tecture, called hereafter U-Net (3c), keeps the same structure, but replacing349

the input with a 3-channel image containing only bands c7, c6, and c2 — the350

rationale behind this decision is checking whether it is possible to obtain a351

good enough approximation of the results while relying on a reduced number352

of bands, something that may be useful for reducing bandwidth, memory353

usage and storage space. E.g. it is possible to have a considerable economy354

of bandwidth resources when processing the images in Amazon Web Services355

(AWS), where the original Landsat-8 images are hosted for free download356

and where is possible to download only selected bands.357

The third architecture, called hereafter U-Net-Light (3c), is a reduced358
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Figure 8: U-Net architecture for image segmentation.

version of the 3-channel U-Net, with the number of filters per layer being359

divided by 4 (i.e. 16 filters in the first layer, 32 in the second, etc.). We call360

this a “light” version of the original U-Net network. Relevant parameters for361

these architectures are shown in Table 1.

Table 1: U-Net-based architectures for active fire recognition.

# of input # of trainable model size inference time

channels parameters (MB) per patch (ms)

U-Net (10c) 10 34,529,153 132 36,8

U-Net (3c) 3 34,525,121 132 36

U-Net-Light (3c) 3 2,161,649 8,5 25,5

362

All the variations have as output a 1-channel binary image, with 256×256363

24



pixels, where 1 and 0 represent, respectively, fire and non-fire locations. To364

obtain these binary outputs, the CNN outputs are thresholded so that any365

pixel with value above 0.25 is set to 1 (this threshold was empirically defined366

after an initial test run on a small fraction of the dataset — we observed367

a performance gain of ≈ 1 − 2% on the F-score, computed as explained in368

Section 3.3, over using the standard 0.5 value).369

Each of the 3 CNN architectures was trained and tested to approximate370

5 different situations: each of the 3 considered sets of conditions, as well as371

their intersection and a “best-of-three” voting (i.e. a pixel in the mask is set372

as active fire if at least two sets of conditions agree that it is a fire pixel).373

This adds up to a total of 15 tested scenarios, as illustrated in Figure 9.374

3.2. Implementation and Experimental Setup375

The proposed CNN architectures were implemented and tested, to verify376

their ability to approximate the results from the sets of conditions from Schroeder377

et al. (2016), Murphy et al. (2016) and Kumar and Roy (2018). We also378

evaluated the performance of the CNNs and sets of conditions on a set of379

manually annotated images.380

The image patches from the dataset were randomly divided in 3 sets, for381

training, validation and test, containing, respectively, 40%, 10% and 50% of382

the samples. The experiments were carried out on an Intel Core i8, 64 GB of383

RAM, running Linux, with a Titan Xp (12 GB) GPU. The implementation384
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Figure 9: Different situations for training and testing the deep convolutional neural net-
works. Each of the 3 network architectures (U-Net (10c), U-Net (3c) and U-Net-Light
(3c)) was trained and tested to approximate the outputs of 5 different sets of conditions:
the 3 algorithms for active fire detection Schroeder et al. (2016), Murphy et al. (2016)
and Kumar and Roy (2018), as shown in (a), (b) and (c), as well as their intersection and
a “best-of-three” voting, as shown in (d).

was in the Python language, using the TensorFlow5 library. We trained each385

architecture using Adam optimization (learning rate of 0.001), a batch size of386

5www.tensorflow.org
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16, and binary cross entropy as the loss function, for 50 epochs, or until the387

loss on the validation set was not improved for at least 5 epochs. Figure 10388

shows an example of one training run (loss × epoch) — in that case, for the389

U-Net (3c) trained on the intersection of the 3 algorithms (Schroeder et al.390

(2016), Murphy et al. (2016) and Kumar and Roy (2018)). All other training391

runs had a similar behavior, with the number of epochs usually fluctuating392

between 13∼50.393

Figure 10: Training loss for the U-Net (3c), taking the intersection of 3 algorithms as
target. Other training runs had a similar behavior. After around 10 epochs, there are
slight variations to the loss, which are hard to see due to the scale in the y axis, which
was automatically selected by the library we used.

3.3. Evaluation metrics394

We evaluated the architectures according to the primary metrics used in

the main semantic segmentation challenges such as PASCAL VOC6 (Ever-

ingham et al. (2010)), KITTI7 (Fritsch et al. (2013)), and COCO8( Lin et al.

6Visual Object Challenge
7Karlsruhe Institute of Technology and Toyota Technological Institute at Chicago
8Common Objects in Context — http://cocodataset.org
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(2014)). The F -score (Chinchor and Sundheim (1993)), also known as dice

coefficient, is a widely used metric for ranking purposes, and consists of the

harmonic mean of precision P and recall R metrics

F =
2

1/P + 1/R
(1)

such that

P =
tp

tp+ fp
R =

tp

tp+ fn
(2)

where tp (true positives) is the number of correctly classified fire pixels, fp395

(false positives) the number of non-fire pixels incorrectly classified as fire,396

and fn (false negatives) the number of fire pixels incorrectly classified as397

non-fire.398

We also report the Intersection-Over-Union (IoU) metric (O. Pinheiro

et al. (2015)), also known as Jaccard index

IoU =
tp

tp+ fn+ fp
(3)

The IoU metric conveys the same information as the F -score — IoU =399

F/(2 − F )) — but it is also widely in many segmentation challenges, so for400

clarity we report both values. All metrics were computed as per the COCO401

evaluation implementation: tp, fp and fn values are accumulated for all the402

images and the metrics are computed only once for the entire dataset (i.e. the403

reported values are not the average per-patch performance, but the global404
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per-pixel performance).405

As in the KITTI challenge (Lyu et al. (2019)), we ranked the algorithm’s406

performances according to the F -score metric. One common metric that we407

do not list in our experiments is the pixel accuracy metric, which takes into408

account the number of true negatives (non-fire pixels detected as such). In409

our tests, we observed a large class imbalance between fire and non-fire pixels410

— more than 99% of the total samples are non-fire pixels — and that always411

resulted in very high accuracy — even for an extreme case of a detector that412

fails to detect any fire pixels could still seem to perform reasonably well,413

making pixel accuracy a misleading metric.414

4. Results and Discussion415

4.1. Performance on the automatically segmented patches416

For the first round of experiments, we used the CNN architectures trained417

and validated with 50% of the image patches against the other 50% reserved418

for testing, in order to show how well each trained architecture can approx-419

imate the original segmentations obtained by the Schroeder et al. (2016),420

Murphy et al. (2016) and Kumar and Roy (2018) conditions, as well as com-421

binations of their outputs (their intersection and a “best-of-three” voting).422

In total, we had 15 testing scenarios, as shown in Table 2, with 3 CNN ar-423

chitectures (U-Net (10c), U-Net (3c) and U-Net-Light (3c)) to approximate424

the 5 target segmentation masks.425

As can be seen, all architectures were able to reproduce the behavior of426
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Table 2: Active fire recognition performance: we used the set of conditions from Schroeder
et al. (2016), Murphy et al. (2016) and Kumar and Roy (2018) to train three convolutional
neural networks for active fire segmentation: U-Net (10c) uses as input a 10-channel image
from Landsat-8; U-Net (3c) uses as input a 3-channel image, containing only bands c7, c6,
and c2, which have a good response for active fire; and U-Net-Light (3c) is a reduced
version of the 3-channel U-Net. The performances are related to the CNN ability to
reproduce the masks from Schroeder et al. (2016), Murphy et al. (2016), Kumar and Roy
(2018), and also the intersection and consensus of their masks, in a testing set never seen
by these architectures.

Mask CNN Architecture Metrics (%)

P R IoU F

U-Net (10c) 86.8 89.7 78.9 88.2

Schroeder et al. U-Net (3c) 89.8 88.8 80.7 89.3

U-Net-Light (3c) 90.8 86.1 79.2 88.4

U-Net (10c) 93.6 92.5 87.0 93.0

Murphy et al. U-Net (3c) 89.1 97.6 87.2 93.2

U-Net-Light (3c) 92.6 95.1 88.4 93.8

U-Net (10c) 84.6 94.1 80.3 89.1

Kumar-Roy U-Net (3c) 84.2 90.6 77.4 87.3

U-Net-Light (3c) 76.8 93.2 72.7 84.2

.Intersection.


Schroeder et al.

Murphy et al.

Kumar-Roy

U-Net (10c) 84.4 99.7 84.2 91.4

U-Net (3c) 93.4 92.4 86.7 92.9

U-Net-Light (3c) 87.4 97.3 85.4 92.1

...Voting.....


Schroeder et al.

Murphy et al.

Kumar-Roy

U-Net (10c) 92.9 95.5 89.0 94.2

U-Net (3c) 91.9 95.3 87.9 93.6

U-Net-Light (3c) 90.2 96.5 87.3 93.2

the different algorithms reasonably well. It is interesting to note that a larger427

network (U-Net (10c)) is not necessarily superior to a network that uses a428

reduced number of channels (U-Net (3c)), nor to a less complex network with429

a reduced number of channels (U-Net-Light (3c)). That means it is likely430

that this particular application does not demand very complex architectures,431

and more importantly, that channels c7, c6 and c2 indeed contain most of the432

information needed for detecting active fires. Moreover, there is a tendency433
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that models with higher precision have lower recall, and vice-versa, but not to434

a large margin in most cases, which shows the learning procedure is balancing435

false and missed detections.436

Figures 11, 12 and 13 compare the outputs produced by the CNNs to the437

outputs of, respectively, the Schroeder et al. (2016), Murphy et al. (2016)438

and Kumar and Roy (2018) sets of conditions, for image samples from the test439

set. It can be seen that the CNNs indeed succeed in approximating the target440

masks, especially considering the presence of fire in a certain area, with most441

differences at the pixel level being small. Even the 3-channel architectures442

are successful in most cases, once again confirming that channels c7, c6 and443

c2 contain most of the information needed for detecting active fires.444

Landsat-8 Schroeder et al. U-Net (10c) U-Net (3c) U-Net-Light (3c)

Figure 11: Active fire segmentation results obtained by the algorithm from Schroeder et al.
(2016), and by the networks trained using those outputs as the target masks.

The second row from Figure 13, which has several small clusters of fire445

pixels detected by the original algorithm and the 10-channel CNN, but which446
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Landsat-8 Murphy et al. U-Net (10c) U-Net (3c) U-Net-Light (3c)

Figure 12: Active fire segmentation results obtained by the algorithm from Murphy et al.
(2016), and by the networks trained using those outputs as the target masks.

were not found by the 3-channel networks (and which are, consistently, hard447

to see in the 3-channel visualization), is an exception of good approximation448

for the networks with 3-channels.449

Landsat-8 Kumar-Roy U-Net (10c) U-Net (3c) U-Net-Light (3c)

Figure 13: Active fire segmentation results obtained by the algorithm from Kumar and
Roy (2018), and by the networks trained using those outputs as the target masks.

In Figures 14 and 15, we compare the outputs from the three sets of450

32



conditions to their combination (first their intersection, then the “best-of-451

three” voting scheme), as well as the output of the 3-channel U-Net trained452

to approximate that combination.453

Landsat-8 Schroeder (S) Murphy (M)

Kumar-Roy (K-R) Intersection (S, M, K-R) U-Net (3c)

Figure 14: The Schroeder et al. (2016), Murphy et al. (2016) and Kumar and Roy (2018)
algorithms had false detections inside a city, but their intersection and the 3-channel U-Net
trained to approximate it were able to avoid them.

Figure 14 shows that, while the three sets of conditions may incorrectly454

detect active fires inside urban settlements, their intersection is usually more455

robust (although that may also result in lower recall). As for Figure 15, it456

shows the voting scheme helps reducing behaviors associated with only one457

of the sets of conditions, such as the tendency of the Murphy et al. conditions458

to produce thicker fire clusters and, in this example, the “hole” in the lower459

fire region from the Kumar-Roy conditions. In both cases, the trained CNNs460

were successful in approximating the combined masks (both samples come461

from the test set). Another question brought by these images is: how do the462
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Landsat-8 Schroeder (S) Murphy (M)

Kumar-Roy (K-R) Voting (S, M, K-R) U-Net (3c)

Figure 15: The 3-channel U-Net was able to approximate a “best-of-three” voting scheme
that takes the outputs from the Schroeder et al. (2016), Murphy et al. (2016) and Kumar
and Roy (2018) algorithms. The voting scheme reduces errors caused by artifacts produced
by only one of the algorithms.

3 sets of conditions compare to each other, and to the networks that learn to463

combine them? This matter will be analyzed in more depth in Section 4.2.464

4.2. Performance on the manually annotated images465

For the second round of experiments, we fed the CNN models trained in466

the first round (Section 4.1) with Landsat-8 image patches from the manu-467

ally annotated dataset, and compared the results with the hand-segmented468

masks. For reference, the outputs from the Schroeder et al. (2016), Murphy469

et al. (2016) and Kumar and Roy (2018) algorithms were also compared to470

the hand-segmented masks. This allows us to observe how well the networks471

learned from the automatically segmented patches perform when compared to472

a human specialist (one must keep in mind, however, that different specialists473
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would produce distinct segmentations, since it is very subjective sometimes474

to separate the frontiers of burnt areas from areas that are still burning, all475

this added to the presence of smoke and many levels of fire intensity). For476

works on burnt areas the reader can refer to Chen et al. (2020); Malambo477

and Heatwole (2020).478

Table 3 shows the performances obtained for each one of the 15 scenar-479

ios involving CNN architectures, as described in section 4.1, as well as, the480

performances for the original set of conditions of Schroeder et al. (2016),481

Murphy et al. (2016) and Kumar and Roy (2018) without the use of any482

CNN architecture. As can be seen, the best F-scores were around 90% —483

this is expected, as there are biases from both the human specialist labeling484

the data and the algorithms themselves, which are tuned to perform under485

certain assumptions. As an example, we also show in Figure 16 a selected486

image patch from Landsat-8, with a large area of active fire, along with its487

associated manual segmentation, and also the segmentation masks produced488

for each scenario being considered.489

As can be seen in Table 3, the original conditions from Murphy et al.490

(2016) performed better than those from Schroeder et al. (2016) and Kumar491

and Roy (2018) in the manually annotated dataset, mostly due to its ten-492

dency to detect more fire pixels than the other conditions, resulting in a very493

high recall, albeit at the cost of a lower precision (i.e. it is more prone to494

false detections). The Kumar and Roy (2018) original conditions had lower495

precision and recall compared to the Schroeder et al. (2016) conditions — in496
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Table 3: Active fire recognition performance against manual annotations for 13 Landsat-
8 scenes. The entries with — do not use a CNN, the performances are computed directly
from the Schroeder et al. (2016), Murphy et al. (2016) and Kumar and Roy (2018) sets
of conditions against the manual annotations. The remaining entries correspond to deep
networks trained with masks automatically extracted using these sets of conditions. All
entries were compared against the same manual annotations and the boldface values show
the best performance for each metric.

Mask CNN Architecture Metrics (%)

P R IoU F

Schroeder et al. (non-CNN) — 88.1 70.2 64.1 78.1

U-Net (10c) 86.9 88.4 78.0 87.7

Schroeder et al. U-Net (3c) 89.5 80.5 73.6 84.8

U-Net-Light (3c) 89.0 78.8 71.8 83.6

Murphy et al. (non-CNN) — 76.6 96.1 74.3 85.2

U-Net (10c) 74.8 96.9 73.0 84.4

Murphy et al. U-Net (3c) 72.7 97.2 71.2 83.2

U-Net-Light (3c) 75.5 96.9 73.7 84.9

Kumar-Roy (non-CNN) — 82.3 68.4 59.7 74.7

U-Net (10c) 82.2 94.2 78.3 87.8

Kumar-Roy U-Net (3c) 84.5 93.4 79.8 88.8

U-Net-Light (3c) 78.8 96.9 76.9 86.9

Intersection (non-CNN) — 92.6 57.6 55.1 71.0

.Intersection.


Schroeder et al.

Murphy et al.

Kumar-Roy

U-Net (10c) 91.8 75.4 70.6 82.8

U-Net (3c) 90.8 73.5 68.4 81.2

U-Net-Light (3c) 90.8 72.8 67.8 80.8

Voting (non-CNN) — 87.7 79.1 71.2 83.2

...Voting.....


Schroeder et al.

Murphy et al.

Kumar-Roy

U-Net (10c) 83.6 94.0 79.3 88.5

U-Net (3c) 86.4 93.0 81.1 89.6

U-Net-Light (3c) 87.2 92.4 81.4 89.7

fact, it fails to detect several fire pixels in the example of Figure 16, an issue497

that will be further discussed briefly. All the sets of conditions had problems498

detecting the core of the fire at the bottom of the image, which has very high499

intensity.500

As for the CNNs, most differences between them and the original sets of501
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Figure 16: Active fire segmentation results produced by the Schroeder et al. (2016), Mur-
phy et al. (2016) and Kumar and Roy (2018) sets of conditions, the deep networks trained
to approximate them, and their combined outputs (intersection and “best of three” vot-
ing), for a Landsat-8 image patch.
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conditions were actually positive, with the deep networks performing better502

than the Schroeder et al. (2016) and Kumar and Roy (2018) sets of conditions,503

with higher recall but without a corresponding hit on precision, as shown in504

Table 3. In Figure 16, the networks trained to approximate the Kumar505

and Roy (2018) conditions were able to detect many fire pixels missed by506

the original algorithm. The deep networks have also shown a higher recall507

(but lower precision) compared to the Murphy et al. (2016) conditions. As508

expected, by taking the intersection of three network outputs, we obtained509

higher precision but a considerably lower recall, since this combination keeps510

only those pixels that all three networks agree are fire pixels, that is, it511

is very restrictive (the intersection of the three original sets of conditions512

leads to the highest precision, but at the cost of a very low recall). The513

best overall performance — including the original sets of conditions — was514

obtained by the voting scheme applied to the outputs of three networks,515

which resulted in high recall without a great impact on the precision, with516

the 3-channel light U-Net being the one whose results were the most similar517

to the manual segmentations, but with no significant difference for the larger518

3-channel U-Net. We emphasize that these networks were trained using only519

automatically segmented samples, so the improved performance cannot be520

caused by some bias learned from the manually annotated patches, which521

were only seen in the tests.522

Besides the quantitative results discussed so far, we analyzed a number523

of individual cases where the performance or recall obtained by one of the524
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approaches was particularly low. One example is the segmentation from525

the Kumar and Roy (2018) original conditions shown in Figure 16, which526

missed many fire pixels. We observed that these pixels were in fact detected527

as fire pixels, but were later discarded after being regarded as water pixels,528

due to some very similar values in bands ρ2 to ρ5. Other cases are presented529

in Figure 17, which shows failure cases for each one of the sets of condi-530

tions. In the first row, Figure 17(a), the Schroeder et al. (2016) conditions531

produced false detections in a Sahara desert region. In the second and third532

rows, Figure 17(b, c), the Murphy et al. (2016) and Kumar and Roy (2018)533

conditions produced false detections in some Greenland regions. In the map534

previously shown in Figure 3 these errors can be seen as green dots in the535

Sahara region and blue and magenta dots in Greenland — but note the map536

refers to data from August 2020, while the examples in Figure 17 were taken537

in September 2020, indicating that the algorithms are consistently producing538

false detections in some situations.539

By analyzing these cases in further detail, by looking at each step and540

component from the conditions, we noticed that most errors were not caused541

by fundamental problems with the conditions themselves, but by reflectance542

values that appear very close to the thresholds from one rule or another. For543

example, some errors could be avoided if the 0.2 threshold from one unam-544

biguous fire condition from Schroeder et al. (2016) was changed to 0.194 —545

but that could potentially also lead to real fires not being detected. This546

highlights one of the challenges faced when handcrafting sets of rules: some547
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Landsat-8 image Schroeder et al. U-Net (10c) U-Net (3c) U-Net-Light (3c)

(a) Segmentations from Schoeder et al. conditions and for U-Net architectures based of his conditions.

Landsat-8 image Murphy et al. U-Net (10c) U-Net (3c) U-Net-Light (3c)

(b) Segmentations from Murphy conditions and for U-Net architectures based of his conditions.

Landsat-8 image Kumar-Roy U-Net (10c) U-Net (3c) U-Net-Light (3c)

(c) Segmentations from Kumar-Roy conditions and for U-Net architectures based of his conditions.

Landsat-8 image Schroeder et al. Murphy et al. Kumar-Roy U-Net (10c)

(d) Segmentations from Schoeder et al., Murphy et al, Kumar-Roy and a U-Net architecture.

Figure 17: Classification errors: (a) region from Sahara desert WRS: 189/046, date
2020/09/18; (b) and (c) from Greenland, WRS: 003/006, date: 2020/09/11; and (d) city
of Milan, Italy, WRS: 193/029, date: 2020/09/14, where all original conditions and CNN
architectures reported misclassifications for bright and/or reflective urban elements.
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situations must be simplified to keep the algorithm readable and understand-548

able, so thresholds are usually rounded to 1 or 2 decimal places, and only549

the most important relations between bands are considered. Machine learn-550

ing techniques are able to encode more complex rules, with more precise551

weights, coefficients and thresholds; although this may also mean that the552

learned rules and relations can be hard to understand and describe by a hu-553

man. In any case, the deep networks were able to avoid the errors in the554

samples shown in the first three rows of Figure 17. One case that was not555

solved by the CNNs is shown in the last row (d) of Figure 17 — all the556

approaches produced false detections around urban areas. From these ex-557

amples, we believe that these kinds of persistent errors must be addressed558

differently, by considering temporal analysis as described by Schroeder et al.559

(2016), since it is very unlikely that an active fire will remain active at the560

same location for several months.561

4.3. Discussion562

In sections 4.1 and 4.2, we discussed particular results regarding, respec-563

tively, how well the deep learning models could approximate the results from564

handcrafted algorithms, and how the CNNs and handcrafted sets of condi-565

tions performed when compared to a human specialist. The main findings566

were that the CNNs can indeed approximate the handcrafted algorithms,567

even with a reduced architecture and relying on only 3 channels of sensor568

data. Moreover, we noted that, by combining multiple CNN outputs, it is569
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possible to obtain better performance compared to the original sets of condi-570

tions, and the situations where the CNNs differ from the original algorithms571

can actually be positive, allowing more complex rules and relations, albeit572

with the trade-off of being hard to understand or describe by a human.573

It is worth noting that the CNN architectures we described in this pa-574

per were the ones that reported the most promising results, however, sev-575

eral other variations were tested, such as architectures without batch nor-576

malization (which failed, most likely due to the vanishing gradients prob-577

lem), variations with more and less convolutional layers or filters per layer578

(i.e. deeper/shallower, and wider/narrower architectures). We emphasize579

that we did not focus on finding highly optimized CNN architectures, the580

feasibility of the approach being our main concern. Thus, the results we581

obtained could be potentially improved in a number of ways: future research582

could explore the use of image super-resolution (Gargiulo et al. (2019), Ma583

et al. (2019b)); ensembles of distinct convolutional neural network architec-584

tures (Minetto et al. (2019)); and spatio-temporal information (Boschetti585

et al. (2017)) to differentiate between temporally-persistent fire pixels from586

places like factories or rooftops from deforestation wildfires. Furthermore,587

machine learning-driven approaches can be quickly adapted to new sen-588

sors (Mateo-Garca et al. (2020)) (e.g. Sentinel-2), possibly relying on transfer589

learning, without requiring specifically designed sets of conditions.590
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5. Conclusions591

592

In this paper, we addressed the problem of active fire detection using593

deep learning techniques. We introduced a new large-scale dataset, con-594

taining 146,214 image patches extracted from the Landsat-8 satellite, along595

with associated outputs produced by three well established handcrafted al-596

gorithms (Schroeder et al. (2016), Murphy et al. (2016) and Kumar and Roy597

(2018)). A second dataset was also created, with 9,044 image patches and an-598

notations manually produced by a human specialist. We hope these datasets599

can prove useful for the community, since they set a challenging target while600

keeping the data in a friendly format for existing machine learning tools,601

allowing researchers to test different architectures and approaches. Besides602

the datasets, we presented a study on how convolutional neural networks can603

be used do approximate the outputs from the considered handcrafted algo-604

rithms, as well as on how the outputs from multiple models can be combined605

to achieve better performance than the individual sets of conditions.606

Our study showed that handcrafted sets of conditions for active fire recog-607

nition are hard to be defined, and small variations in fixed thresholds may608

cause false positives or negatives, on the other hand, deep learning techniques609

are able to encode more complex rules to improve over this aspect but at the610

cost of relations that are hard to understand and describe by a human.611

Future work shall focus on exploring alternative methods for active fire612

detection over the proposed datasets, as well as better exploring the hy-613
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pothesis that models trained over samples from one satellite can perform614

well when applied to other satellites. It is also possible to develop means of615

combining detection results from multiple satellites, with different responses,616

spatial resolutions, and capture cycles; aiming at improving dependability617

and producing estimates with higher resolution in both space and time.618
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