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Abstract

Wildland fires are one of the most important disturbances on Earth

ecosystems, where the combination of remote sensing data and mod-

ern machine learning techniques offer a great potential for detection

and monitoring of burned areas. Many algorithms have been devel-

oped in parallel to locate burned areas at local and global scales,

but more accurate methodologies are still needed to provide precise

and valuable information to climate users, environmentalists and pub-

lic administrations. Gradient boosting-based methodologies have shown

a good performance when dealing with segmentation of burned areas.

In this paper, we propose a new method, called MBAGB, based on

these methodologies for detecting and mapping burned areas in a multi-

temporal setting of satellite imagery. We illustrate the procedure with

the fires occurred in October 2017 in a region covering the North-Central

Portugal and the North-West of Spain. Daily satellite images used for

the definition of spectral indexes are taken from MODIS satellite prod-

ucts, between September and November 2017. The MBAGB accuracy

metrics show the overall goodness of this method, and in particular, a

very small number of false negatives in the identification of burned areas.
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1 Introduction

Identification and mapping of burned areas are essential tasks for monitoring
the Earth surface, where satellite images are crucial sources of information
[1, 2]. More specifically, the generation of global burned area (BA) products
has been an important issue since the late 1990s, but only since the 2000s we
can find periodical and global BA products routinely derived with different
degrees of accuracy, yet not for all over the Earth.

The Moderate Resolution Imaging Spectroradiometer (MODIS) provides
free access to the MCD64A1 version 6 of burned area (BA) data as a monthly
global gridded 500m product containing per-pixel burned-area and quality
information [3]. The surface reflectance imagery is jointly combined with 1km
MODIS active fire observations. The algorithm used for creating this product
lies in a burn sensitive vegetation index (VI) to create dynamic thresholds,
yet some disturbances caused by clouds, atmospheric absorption and sensor-
introduced noises can still be present [4]. There are specific contributions for
detecting BA products with Landsat and Sentinel missions, but regrettably
they are only available in some regions of the Earth. In the conterminous
United States (1984 - 2015) there are Landsat BA products such as Landsat
Burned Area Essential Climate Variable (BAECV) publicly available [5], and
Landsat Burned Area [6]. In Sub Saharan Africa specific algorithms have been
also developed using both the information of MODIS active fires and Sentinel-2
MSI reflectance measurements [7, 8]. On tropical Africa, optical-based algo-
rithms provide a significant performance over the radar-based algorithms [9].
Sentinel 3 offers products for mapping burn scars through the identification of
surfaces sufficiently affected by fire [10].

Satellite products are based on a great variety of algorithms with different
efficiencies depending on image resolutions and ecosystem variety, yet recently
the fast evolution of deep learning and machine learning methods have enabled
to improve the detection of burned areas [11] or the study of wildfire spread
patterns [12]. Commonly, a burned vegetation index is created for allowing
the identification of burned and unburned areas defined on different thresholds
after filtering low-quality pixels, and then combining this information with
active fires. The use of different auxiliary information as input attribute is
also frequent [13]. Very well known methods as random forest [14, 15], support
vector machines [16, 17], artificial neural networks [18], convolutional neural
networks with long short term memory (LSTM) [19], BA-Net deep learning
method [20], U-net convolutional neural networks [21], geometric semantic
genetic programming [22] and XGBoost [23, 24] are now popular methods for
segmentation of burned regions.
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In this paper, we explore the capabilities of the extreme gradient boosting
algorithm (XGBoost) [25] as a machine learning method that can be specifi-
cally designed for classification of very imbalanced data. The whole procedure,
called MBAGB, optimises the detection of burned areas in a multi-temporal
mapping, where the difference between pre-burned and post-burned area spec-
tral indexes are used to identify the magnitude and location of burn scars
[26].

Figure 1 shows the flowchart of the method divided in four steps. The
first one consists of the database collection made with thermal anomalies, the
european forest fire information system (EFFIS) of burned areas perimeters,
the surface reflectance of the satellite images, and the land cover classification.
This step is explained in Section 2. Steps 2 and 3 are reported in Section
3, with the generation of auxiliary attributes based on difference of spectral
indexes in Subsection 3.1, and the process of tuning the hyperparameters of
the XGBoosting algorithm in Subection 3.2. Step 4 shows the results based on
the validation process, that are detailed in Section 4. The paper finishes with
the discussion in Section 5 and the conclusion in Section 6.

Fig. 1 Flowchart for detecting burned areas with extreme gradient boosting algorithm
(MBAGB).

2 Data and Study Region

Galicia is a region of roughly 30,000 km2 located in the north of Spain and
above Portugal, that concentrates the highest number of fires in Spain. Almost
30% of Spanish fires are in Galicia region with a yearly average of 11,000 fires.
In 2017, the 80% of the 620 km2 burned in Galicia were dated in 2 days, where
more than 20 fires burned surfaces were greater than 5 km2. Portugal has
about 92,090 km2. More than two thirds of this surface is covered by forests,
but 97% belongs to private companies. In Portugal, there are between 15,000
and 25,000 wildland fires each year burning from 1,500 to 2,500 km2 [27]. The
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Fig. 2 Burned areas from EFFIS data base in blue, thermal anomalies of MCD14DL and
active fires from VIIRS in red. The shadowed region is the region of interest.

region of interest covers Galicia plus the north and central region of Portugal,
with an extension of about 108,321 km2. MODIS, splits the Earth in 460 non-
overlapping tiles of approximately 10◦ × 10◦ using the sinusoidal projection
(SR-ORG:6974). Getting the entire region requires downloading two MODIS
tiles every date (see shadowed region of Figure 2).

Additionally, more products are necessary for the definition of the classifi-
cation reference and input attributes in the burned detection process:

• The surface reflectance products MOD09GA and MYD09GA version 6 com-
ing from Terra and Aqua satellites. These products are the foundation for
the spectral indexes described in Section 3.1, and they are the source images
of many land MODIS products. Terra crosses the Equator every day at
10h30 a.m. and Aqua at 1h30 p.m. at the same orbit, therefore, the three
hours lag between both satellites can complement the missing pixels of one
satellite image with the other satellite image pixels in the same day. This
multispectral images contains 7 bands of the surface spectral reflectance at
500m of spatial resolution. We draw them in the two tiles of both satellites
from the 91 days of September, October and November 2017.

• The land cover product MCD12Q1 of 2016, because 2016 is the last avail-
able land cover product before the 2017 fires. This product provides yearly
land cover maps at 500m of spatial resolution with 17 classification legends.
From these data we create a filter to categorize the pixels as burnable (0)
and unburnable (1). We assign as burnable the following legends: croplands
(legend 12), urban and built-up lands (legend 13), croplands and natural
vegetation (legend 14), permanent snow and ice (legend 15), barren (legend
16), water bodies (legend 17) and unclassified (legend 18). The rest are cate-
gorized as burnable. Therefore, we create a mask that identifies the burnable
potential pixels from the un-burnable ones.

• The fires location product MCD14DL of October 2017. This is a monthly
product of near real-time (NRT) MODIS Thermal Anomalies or fire loca-
tions representing the center of a 1km pixel of spatial resolution that allows
to identify fires and other termal anomalies such as volcanoes. The pixels
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are flagged by the MODIS MOD14/MYD14 Fire and Thermal Anomalies
algorithm [28].

• The visible infrared imaging radiometer suite (VIIRS) of October 2017. It is
a sensor launched on the Suomi-National Polar-orbiting Partnership satel-
lite (S-NPP) on October 28, 2011, to replace the AVHRRs on the NOAA
satellites. It detects active fires and other thermal anomalies [29] providing
a means to identify fire-induced changes in surface reflectance [30]. VIIRS
data complements MODIS (MCD14DL) fire detection. Both sources provide
vector files [31].

• The burned area product EFFIS wildfire data base of October 2017 [32]. It
contains perimeters of burned areas in Europe since 2003 in vector files. This
product is derived from the daily processing of MODIS satellite imagery
at 250m ground spatial resolution. The perimeters of the burned scars are
detected fromMODIS satellite imagery. They can plot burnt scars of approx-
imately 30 hectares in size but smaller sizes are also included. The perimeter
burnt areas in blue, and the thermal anomalies or active fires in red are
plotted in Figure 2.

• The burned area final product MCD64A1 version 6 of October 2017. It
is a combination of Terra and Aqua burned areas of monthly images of
500m. It uses the atmospherically-corrected level reflectance products 2G
daily surface [33]. Every scene contains per-pixel burned area and quality
information. Layers include burned day, burned data uncertainty and quality
indicators. This product is used for comparison purposes of the proposed
method MBAGB.

After downloading these products we intersect them with the region of
interest.

3 Methods

The MBAGB method needs merging the information coming from the EFFIS
burned areas data base, and the spectral indexes for defining the reference
classification variable and the input attributes. The classification reference is
a binary variable that takes the value 0 when the location is not burned and 1
when it is burned. It is considered as ground truth data. This variable and the
input attributes are defined with the spectral indexes derived from MODIS
satellite imagery, that evaluate the surface reflectance change [34], the land
cover mask of burnable pixels, and the distances from each pixel to the nearest
fires (distAF). We first define the spectral indexes.

3.1 Spectral Indexes

The spectral indexes are given by the combination of spectral bands aimed at
measuring changes due to burning. The spectral reflectance of both MOD09GA
and MYD09GA products provide the required bands for this study: band
1 (red), band 2 (near infrared), band 5 (shortwave-infrared 1), band 6
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(shortwave-infrared 2) and band 31 (thermal infrared TIRS1), denoted by R,
NIR, SWIR1, SWIR2 and TIRS1, respectively. Table 1 shows the definition
of the spectral indexes, and the pre-fire and post-fire differences used in this
study.

Table 1 Definitions of the spectral indexes and pre-fire and post-fire differences identified
with the suffixes pre and post respectively

Spectral indexes Definition Difference index

NBR
NIR− SWIR2

NIR+ SWIR2
dNBR1 = NBR pre−NBR post

NBR2
SWIR1− SWIR2

SWIR1 + SWIR2
dNBR2 = NBR2 pre−NBR2 post

MVI
TIRS1− SWIR2

TIRS1 + SWIR2
dMV I = MV I pre−MV I post

MIRBI 10× SWIR2− 9.8× SWIR1 + 2 dMIRBI = MIRBI pre−MIRBI post

NIR Near Infrared band dNIR = NIR pre−NIR post

The normalized burn ratio (NBR) is the most popular, originally developed
for identifying burned areas [35], and later used for burn severity assessment
[36]. It is defined with two spectral bands, the near-infrared and the shortwave-
infrared wavelength, both sensitive to burning but in opposite way. It generally
ranges between -1 and 1. The rest of the indexes are also very sensitive to the
changes in live green vegetation or moisture content: The normalized burn ratio
2 (NBR2) [37, 38], the burn-sensitive vegetation index (MVI) [39], the mid
infrared bispectral index (MIRBI) [40, 41]. We also use the near infrared (NIR)
band 2 of MODIS, commonly used for monitoring temporal burn signatures
[42, 43]. Higher values of these indexes are associated with high severity, and
negative values are associated with regrowth after the fire. Values close to zero
are associated with non-burned areas. All of these indexes decrease significantly
after a fire, becoming good indicators of burned pixels [44].

In multi-temporal analysis, where time series of images are available, dif-
ference of spectral indexes are a frequent tool in change detection algorithms
for identifying burned areas [45, 46]. The difference process consists in sub-
tracting the index value of the posterior (post) date from the previous (pre)
value of the detected fire [47].

3.2 The eXtreme Gradient Boosting method (XGBoost)

The eXtreme Gradient Boosting procedure (XGBoost) is an advanced imple-
mentation of the gradient boosting method [48, 49]. It is an ensemble learning
method and supervised algorithm, because a single model combines the predic-
tive power of multiple learners. The main ensemble learners are boosting and
bagging, both usually based on decision trees, that predict the target variable
through several input attributes.
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Boosting works with sequential trees reducing errors from previous trees,
and it is appropriate for managing large sets of data without specified assump-
tions. The main advantages of the decision trees are the relative simple
structure, the lack of assumptions, and the flexibility and robustness with
regard to other methods [50]. Decision trees can handle nonlinear relation-
ships between features and classes, they work with missing values and they
can manage categorical and numerical values. Moreover, they do not assume
independence among predictors, and thus they can handle with dependent
variables.

The gradient boosting method is used for producing stronger learners. The
main difference with other bagging methods as random forest, is that boost-
ing uses trees with few splits. In the training step the parameters of the weak
learner are fitted iteratively minimising an objective function such as the pro-
portion of errors or the root mean squared error among others. Every learner
is compared with its previous learners with stopping criterion that avoids over-
fitting. XGBoost has been implemented through the xgboost R package [51],
yet we have also used rsat [52] and dependent packages for downloading, cus-
tomising and managing the images, vector and text files. For the definition
of the classification reference attribute and the input attributes necessary for
running the MBAGB model we proceed as follows.

3.2.1 Preparing indexes

The rsat package helps to define the indexes. It also ensambles the images
by its region and time of interest in a object called rtoi, that includes Galicia
and the Portuguese regions of Santarém, Braga, Vila Real, Coimbra, Guarda,
Aveiro, Viseu, Castelo Branco, Portalegre, Braganca, Porto and Viana do
Castelo. See Figure 2 for the location in the Iberian peninsula. We create
a multilayer called stack with the 91 multispectral images from MOD09GA
and the 91 images from MYD09GA (Terra and Aqua respectively) of Septem-
ber, October and November 2017, necessary for defining the indexes NBR,
NBR2, MIRBI, MVI and NIR band (hereafter managed as another index).
Then, the Terra and Aqua daily cloud masks are intersected with every layer
of the raster for identifying the clouds. These pixels are defined as missing pix-
els, and then excluded in the classification process. The composite images of
indexes are made by covering the indexes defined with MOD09GA with the
corresponding indexes defined with MYD09GA. It means that we substitute
unavailable pixels of MOD09GA indexes with available MYD09GA pixels for
the corresponding indexes, reducing the number of unavailable or erroneous
pixels. Gapfilling methods are also recommended for smoothing the images
[53–55]. After downloading the landcover scene of 2016 from MCD12Q1, we
extract the data from the rtoi, and create a binary mask for reclassifying the
first 11th categories (from a total of 17) in the new category of burnable pix-
els, and the rest in the category of unburnable pixels. The new classification
is used for filtering the composite image of indexes.
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3.2.2 Active Fires

Using the vector file of active fires of October 2017 from MDC14DL and VIIRS
sensors in the rtoi, we obtain the nearest active fires date using the Dirichlet
tesselation, and we define a raster with the distance (distAF) of every pixel in
the raster to the nearest active fire. The Dirichlet tesselation creates a poly-
gon around a center point where any other point inside the polygon is closer
to the center point than any other point. Then, all the pixels in the same
polygon have assigned the same date of the closer fire. The dates of fire are
used for identifying the 8 previous and the 8 posterior available images for
every pixel. These images are drawn from the time series of indexes already
defined between September and November 2017. Next, we calculate the differ-
ence indexes subtracting the median of the 8 previous dates minus the median
of the 8 posterior date of fires. The amplitude of 8 days is empirically the most
convenient for our time series of images, but it can be changed according to
the number of available images, because dates do not need to be sequential.
The fire date can be different for every pixel. We prepare a multilayer raster
with layers of the difference indexes (dNBR1, dNBR2, dMIRBI, dMVI, and
dNIR), the mask of the burnable and unburnable pixels, the distances of every
pixel to the next active fire and the landcover classification.

3.2.3 Classification Reference

The classification reference attribute is a binary variable with burned pixels
(1) and unburned pixels (0). The burned pixels are drawn from the EFFIS
data base of burned areas greater than 2 km2 and dNBR > 0.1. The unburned
pixels are the rest of the pixels with dNBR1 ≤ 0.15 for avoiding isolated
fires not identified in the EFFIS database [36]. These thresholds can be tuned
according to the spatial resolution images.

Next, we prepare the input text file with the input attributes: difference
spectral indexes (dNBR1, dNBR2, dMVI, dMIRBI, and dNIR), distance to
the nearest active fire (distAF), landcover of burnable pixels, and the refer-
ence classification attribute. The input file has around .5 million of features.
In the training process we randomly choose 75% of these features and run
the XGBoost algorithm for a family of hyperparameters, where one of those
is specifically designed for handling imbalanced data. The stopping criterion
consists in minimizing the root mean squared error, a common measure for
evaluating the predictive ability of learning algorithms. Finally, we obtain a
confusion matrix of the classification results, from which we calculate the accu-
racy metrics of Table 2. In the confusion matrices, the number of analyzed
pixels are distributed according to the matches of the reference classification
data and the MBAGB classification method. The true positives (TP) indicate
the matches of pixels that are both defined and predicted as burned pixels.
The false negatives (FN) are those pixels that are defined as burned pixels but
predicted as unburned. The false positives (FP) are those defined as unburned
pixels but predicted as burned, and finally the true negatives (TN) are those
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defined and predicted as unburned pixels. Therefore, the detection rate is the
proportion of correctly classified pixels, the omission error is the rate of unde-
tected pixels over the reference set, and the commission error is the proportion
of uncorrected detected pixels over the reference classified set. The precision is
the rate of detected and true burned pixels over the MBAGB burned classified
pixels. It is also the complement of the commission error (P = 1− CE). The
recall or sensitivity is the proportion of the detected and true burned pixels
over the reference classified pixels. It is the complement of the omission error
(R = 1−OE). The Dice coefficient is a similarity measure lying between 0 and
1. When it is close to 1 two criteria are met. The reference and the predicted
classification are similar in size, and there is a high degree of overlap between
both [56]. The kappa coefficient (κ) is a measure of the agreement between the
two raters, the reference and the classifier.

Table 2 Definition of accuracy metrics

Detection Rate (D) D =
TP

TP + TN + FP + FN

Omission Error (OE) OE =
FN

TP + FN

Commission Error (CE) CE =
FP

TP + FP

Precision (P) P =
TP

TP + FP

Recall (R) R =
TP

TP + FN

Dice coefficient (DC) DC =
2TP

2TP + FN + FP

kappa (κ) κ =
P0 − Pe

1− Pe

∗

Overall Accuracy (OA) OA =
TP + TN

TP + TN + FP + FN

∗ P0 is the relative observed agreement between reference and XGboost assessments and
Pe is the hypothetical probability of chance agreement.

4 Results

The validation process of the MBAGB procedure is based on the interpretation
of confusion matrices and the accuracy metrics. Table 3 provides the predicted
classified pixels versus the reference classified pixels. The confusion matrices
are first calculated in the test set defined with the 25% of remaining features of
the full dataset, second in the whole full data set, and third in the MCD64A1
image of MODIS burned area product. XGBoost procedure learns to reduce
the number of false negatives (FN) and gives the same number of 81 FN in the
test set and in the full dataset. When the predicted classification is made on
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the MCD64A1, the number of FN increases to 800. This is an expected behav-
ior, because this is an external classification only used for validation purposes.
Table 4 gives the proportions of TP, TN, FP and FN over the total number
of pixels analyzed in the test set (126168), the full dataset (504672), and the
MCD64A1 (504672) set, simplifying the interpretation of the confusion matrix.
The detection rate of burned pixels is 3.1%, 3.1% and 2.7% in the training
dataset, full dataset, and MCD64A1 respectively. The percentages of TP and
TN are lower in MCD64A1 product than in the test and full dataset, but
the percentages of FN (0.002) and FP (0.004) are higher. Then, the MBGAB
predicted classification detects a higher proportion of burned pixels than the
product provided by MODIS, and lower percentage of FP and FN. Moreover,
the determination coefficient R2 of the MBAGB classification versus the ref-
erence classification is 0.979 and the R2 of the MBAGB classification versus
the MCD64A1 classification is 0.81.

Table 3 Estimated confusion matrices with MBAGB versus the reference classification
over the test set, the full data set and the MCD64A1 BA product

MBAGB
Reference Burned Unburned Total

Burned 3894 (TP) 81 (FN) 3975
Test set Unburned 144 (FP) 122049 (TN) 122193

Burned 15819 (TP) 81 (FN) 15900
Full set Unburned 239 (FP) 488533 (TN) 488772

Burned 13874 (TP) 800(FN) 14674
MCD64A1 Unburned 2184 (FP) 487814 (TN) 489998

Table 5 shows the accuracy assessment of the MBAGB predicted classi-
fication. The overall accuracy is very high in the three scenarios, and the
corresponding omission errors are very low: 0.020, 0.005 and 0.055 respectively.
The reduction of omission error induces an increase in the commission error,
but the priority of the study is the detection of fires minimizing the under-
estimation of false negatives. Clearly, in the MCD64A1 dataset the accuracy
metrics are not so competitive as in the test and full data sets, but the MBAGB
ability is proven to be satisfactory with new datasets.

Table 4 Proportions of True Positives (TP), True Negatives (TN), False Negatives (FN)
and False Positives (FP) predicted with MBAGB in the test set, the full dataset and
MCD64A1 Burned areas Modis product.

MBAGB
TP TN FN FP

Test set 0.031 0.967 0.001 0.001
Full set 0.031 0.968 0.000 0.000
MCD64A1 0.027 0.967 0.002 0.004

Figure 3 shows the predicted classification in two panels. On the left, the
MBAGB prediction vs. the reference classification considered as ground truth
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Table 5 Estimated accuracy metrics of MBAGB predicted classification versus the
reference classification over the test set, the full set, and the specific MCD64A1 product of
burned areas of MODIS.

MOD09GA/MYD09GA
Metrics test Fulldataset MCD64A1
Detection Rate 0.031 0.031 0.027
Omission error 0.020 0.005 0.055
Commission error 0.036 0.015 0.136
Precision 0.964 0.985 0.864
Recall 0.980 0.995 0.945
Dice coef 0.972 0.990 0.903
κ 0.971 0.990 0.900
Overall Accuracy 0.998 0.999 0.994

classification, and on the right, the MBAGB prediction vs. the MCD14A1
classification of burned area MODIS product. In both panels the TN or green
pixels are the unburned pixels identified with the reference classification, the
MBAGB prediction, and the MCD64A1 classification. The burned pixels or TP
pixels (in blue) show a great coincidence in both panels for the majority of burn
scars. Only some false negatives (FN)(plotted in red) and false positives (FP)
(plotted in yellow) are observed as misclassified pixels, many of them in the
border regions of burned pixels, and more frequent in the right panel. Overall,
the MBAGB predicted classification is very satisfactory over the reference
classification, not only in the high number of TP and TN pixels, and the small
number of FP and FN, but also in their matching locations. There is also
a good performance of MBAGB over the MCD64A1 product, yet more false
negatives are observed.

Figure 4 zooms the highlighted region of Figure 3. The blue burned scars
are well identified in both panels, except for a small spot inside the largest
burn scar, where some pixels are identified as green on the left panel (or true
negatives, meaning that they are unburned pixels by MBAGB prediction and
reference classification), and identified as red on the right panel (or false neg-
atives, meaning that they are predicted with MBAGB as unburned pixels but
MCD64A1 identifies as burned). On the right panel we can also observe more
false positives (in yellow) that in the left panel, but most of them are in the
border of burn scars.

Figure 5 plots the partial contribution of the input variables to the MBAGB
classification method in decreasing order. The dNBR1 variable has the largest
contribution in the classification process, followed by dMVI, dNIR, distAF,
dNBR2, dMIRBI and landcover. This range of contribution is expected,
because dNBR1 is crucial for the definition of reference classification and
dMVI is used in the definition of MODIS BA products [3]. The other indexes
and attributes are less important but they are also needed for improving the
classification.
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Fig. 3 On the left panel, the MBAGB prediction vs. the reference classification, and on
the right panel, the MBAGB prediction vs. the MCD64A1 burned area MODIS product.
NA pixels are missing data, and TP, FN, FP and TN are the true positive, false negative,
false positive and true negative pixels detected in the classification. The highlighted region
is zoomed in Figure 4

5 Discussion

MBAGB is a recommended procedure for calibrating burned areas identifica-
tion when we are interested in reducing the number of false positives. It is
easy and fast to implement, and can be used in any region of the Earth. It can
also be adapted to higher temporal and spatial resolution images yet it will be
more time-consuming. The procedure has also some limitations, for example,
it is true that model performance has an inherent uncertainty, for example if
different datasets are used for testing models, then each metric must be seen
as a realisation of a random variable with a given distribution, and statistical
inferences can be made for checking statistical differences. Covariates used as
input attributes could vary depending on the study region, quality of data or
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Fig. 4 On the left panel, the MBAGB prediction vs. the reference classification, and on
the right panel, the MBAGB prediction vs. the MCD64A1 burned area MODIS product in
the highlighted region of Figure 3. NA pixels are missing data, and TP, FN, FP and TN
are the true positive, false negative, false positive and true negative pixels detected in the
classification.

time period, hence a previous check of the auxiliary information availability is
necessary. The classification accuracy may be measured with different metrics
of the root mean squared method such as binary classification error rate, neg-
ative log-likelihood function, mean absolute error, mean absolute percentage
error or area under the ROC curve (AUC). All of them provide similar results,
but it is acknowledged that the AUC criterion is not recommended for very
imbalanced data sets [57]. XGBoost model exhibits higher accuracy than sin-
gle decision trees, but the interpretability is also more difficult. Other machine
learning methods such as support vector machines, random forest or neural
networks can also be used, yet XGBoost shows also a good performance even
for detecting burned areas with Landsat imagery [58].

6 Conclusion

Detection and mapping of burned areas are a major concern subject for clima-
tologists, environmentalists, forestry engineers, governments and communities
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Fig. 5 Importance matrix of the partial contribution of input variables to the MBAGB
classification method.

for diverse ecological, social and economic reasons. Nowadays, the free access
to time-series of satellite images makes it easier the identification of these areas
not only in accessible places, but also in remote areas where there are many
unreported fires. Optical sensors provide a rich data mine of information, but
they are not free of noise caused by atmospheric or technical reasons. There-
fore, the combination of information coming from different sources is a way
to reduce the errors and to increase the overall accuracy, even in coarse res-
olution images. This accuracy can be improved with new algorithms and the
use of machine learning techniques. In this work, we contribute to this aim by
using the MBAGB method based on the extreme gradient boosting method
(XGBoost) applied to MOD09GA/ MYD09GA images. We need a reference
classification based on EFFIS BA perimeters, and the constraints of some val-
ues of the dNBR1 index. The definition of difference spectral indexes requires
the location and dates of active fires from VIIRS and MCD14DL products, and
the identification of burnable and unburnable pixels through the MCD12Q1
landcover. The reference classification can be interpreted as ground truth data,
so it is expected that the MBAGB procedure classify properly the test set and
the full data set. However, we also check the MBAGB high performance over
a new data set, the MCD64A1 burned area MODIS product. The absence of
these products in Landsat or Sentinel platforms, hinders the definition of a
new reference classification based on higher spatial and lower temporal reso-
lution images, but MBAGB method could be also be fitted to these images
with the reference classification based on MODIS. The MBAGB method shows
not only a good performance through the confusion matrices and accuracy
measures, but also a high runtime performance for improving the detection of
burned areas in the north region of Spain and Portugal. Both areas unfortu-
nately affected by many fires in October 2017. The method reaches a desirable
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high number of true positives (TP) and true negatives (TN), minimizing at
the same time the number of false negatives (FN). Additionally, the proposed
MBGAB procedure has been automated and can be easily reproducible in the
same and other regions of the Earth for improving the detection of burned
areas.
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[35] Garćıa, M.L., Caselles, V.: Mapping burns and natural reforestation using
thematic mapper data. Geocarto International 6(1), 31–37 (1991)

[36] Lutes, D.C., Keane, R.E., Caratti, J.F., Key, C.H., Benson, S. N.C. and-
Sutherland, Gangi, L.J.: Landscape assessment:ground measure of sever-
ity, the composite burn index; and remote sensing of severity, the
normalized burn ratio. FIREMON: Fire Effects Monitoring and Inventory
System, USDA Forest Service, Rocky Mountain Research Station, Ogden,
UT 1, 1–51 (2006)

[37] Santana, N.C., de Carvalho Júnior, O.A., Gomes, R.A.T., Guimarães,
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