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Abstract: Quantifying forest fires remain a challenging task for the implementation of public policies
aimed to mitigate climate change. In this paper, we propose a new method to provide an annual
burned area map of Mato Grosso State located in the Brazilian Amazon region, taking advantage of
the high spatial and temporal resolution sensors. The method consists of generating the vegetation,
soil, and shade fraction images by applying the Linear Spectral Mixing Model (LSMM) to the
Landsat-8 OLI (Operational Land Imager), PROBA-V (Project for On-Board Autonomy–Vegetation),
and Suomi NPP-VIIRS (National Polar-Orbiting Partnership-Visible Infrared Imaging Radiometer
Suite) datasets. The shade fraction images highlight the burned areas, in which values are represented
by low reflectance of ground targets, and the mapping was performed using an unsupervised classifier.
Burned areas were evaluated in terms of land use and land cover classes over the Amazon, Cerrado
and Pantanal biomes in the Mato Grosso State. Our results showed that most of the burned areas
occurred in non-forested areas (66.57%) and old deforestation (21.54%). However, burned areas
over forestlands (11.03%), causing forest degradation, reached more than double compared with
burned areas identified in consolidated croplands (5.32%). The results obtained were validated
using the Sentinel-2 data and compared with active fire data and existing global burned areas
products, such as the MODIS (Moderate Resolution Imaging Spectroradiometer product) MCD64A1
and MCD45A1, and Fire CCI (ESA Climate Change Initiative) products. Although there is a good
visual agreement among the analyzed products, the areas estimated were quite different. Our results
presented correlation of 51% with Sentinel-2 and agreement of r2 = 0.31, r2 = 0.29, and r2 = 0.43 with
MCD64A1, MCD45A1, and Fire CCI products, respectively. However, considering the active fire
data, it was achieved the better performance between active fire presence and burn mapping (92%).
The proposed method provided a general perspective about the patterns of fire in various biomes of
Mato Grosso State, Brazil, that are important for the environmental studies, specially related to fire
severity, regeneration, and greenhouse gas emissions.

Keywords: burned areas detection; shade fraction image; linear spectral mixing model; VIIRS;
PROBA-V; Landsat-8 OLI
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1. Introduction

In Brazil, burning of vegetation biomass is a management practice used to create and to maintain
cattle pasture and to expand agricultural frontier [1]. The burning practice is widely used in the
production process in the Brazilian Amazon (rainforest) and Cerrado (savanna) biomes and is a factor
that drives the agricultural expansion in these regions. Farmers burn their land to convert forests
to cropland or pasture, to control the spread of weeds, pests, or diseases, and to stimulate pasture
regrowth, as well [2–6].

Burns occur every year, and especially during the dry season, with most of the fires occurring
towards the end of the dry season. During this time, risk of fire is highest due to factors, such as
dry weather, the predominance of grass and other flammable materials, and increased exposure to
ignition sources, such as flames, heated surfaces, sparks, lightning, and human action [7], facilitate the
occurrence of the burning process [2,8–10]. Occasionally, non-anthropogenic factors, such as lightning,
are also responsible for burning.

In the Legal Amazon, for example, it is estimated that at least 9% (1.99 million hectares) of the
degraded primary forest areas were caused by fire during 2000–2013 time period [11]. In addition,
prospects of forest degradation resulting from fires escaping from nearby agricultural areas into forests
may be a growing risk in many regions in Brazil [12]. In this context, the intensity, duration, extent,
and period of the year when fires occur will determine how a particular ecosystem will be resistant to
this event and how it will recover to the previous state (resilient). In some cases, this phenomenon
can be beneficial for vegetation, as is the case with pastures of the Brazilian savanna (Cerrado
biome), where the low-intensity burning event accelerates the availability of nutrients for plants by
mineralization [7]. However, successive burnings alter the rates of infiltration and evapotranspiration
of water in the soil, increasing the soil’s susceptibility to wind and water erosion. Moreover, unlike the
Brazilian Cerrado, the Amazon rainforest is not adapted to fire; therefore, vegetation in most cases is
almost entirely consumed by burning, leading to a gradual increase of tree mortality [7,13].

Forest burning brings numerous environmental impacts, such as soil depletion and loss of
biodiversity of flora and fauna [7], as well as causing significant damage to private properties and
society as a whole [14]. In addition, trace gases and aerosols released by burning biomass cause changes
in the energy balance of the atmosphere, leading to local, regional, and global climate changes [9,15].
Biomass burning in tropical regions contributes to ~32% of global CO emissions to the atmosphere.
In this context, Cerrado is one of the most critical sources of trace gases due to the frequency and extent
of burning [16,17], where the interaction of human activities mold temporal and spatial patterns of
fires emissions [18].

Analysis of the timing and distribution of forest fires is a crucial tool for efficient fire management
across regions experiencing various fire events. It provides information for fire prevention planning
and is also critical for assessing economic losses and ecological effects, monitoring changes in land
use and land cover, and developing atmospheric and climate impact models due to vegetation
biomass burning [19].

Remote sensing represents a particularly useful tool for mapping and quantifying burned areas
in large and difficult to reach areas. These data allow for active fire detection, which registers the
instantaneous temperature of objects in combustion using spectral bands between 4 and 11 µm [20,21];
burned area estimation, which uses the spectral bands in the visible, near-infrared, and mid-infrared
regions of the electromagnetic spectrum to detect changes in the spectral characteristics of land
cover before and after the occurrence of fires [22,23]; fire patterns and severity [24,25]; and studies of
vegetation regeneration and risk analysis [26,27]. Moreover, data derived from remote sensing are the
most efficient source of information to understand the fire dynamics as they allow the observation of
large areas of the surface at high temporal resolutions [28,29].

Several studies using burned areas (BA) detection algorithms have been conducted. Reference [30]
used an algorithm based on Normalized Burned Ratio differencing (dNBR) to map the BA from MODIS
(Moderate Resolution Imaging Spectroradiometer) data in three different ecosystems, such as boreal
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forest of Central Siberia, Mediterranean-type ecosystem of California, and sagebrush steppe of the
Great Basin. The results showed that in each ecosystem, the BA estimates were within 15% compared
to the high-resolution base, presenting a strong potential for regional and ecosystem-specific burned
area mapping applications. Reference [31] developed a multitemporal two-phase burned area (BA)
algorithm using Sentinel-2 MSI (MultiSpectral Instrument) reflectance images and active fires from
MODIS sensors in the whole Sub-Saharan Africa. The algorithm used the spectral indices NBR2
(Normalized Burn Ratio 2), MIRBI (Mid Infrared Burn Index), and the NIR (near infrared) spectral
region. The validation was based on a two-stage stratified random sampling of Landsat images and
also compared to MCD64A1. The results showed an omission error of 26.5% and commission error
of 19.3%, and, when compared to MCD64A1, the product presented an 80% larger area than NASA
(National Aeronautics and Space Administration) BA product. The limitations found relies on the
lower temporal resolution, impacting in the mapping due to cloud/cloud shadows.

In this context, some limitations increase errors in burned area products. Significant source of
errors include the presence of clouds, which significantly reduces the ability to detect a fire hotspot
due to the attenuation of the spectral radiance emitted by the flaming and smoldering phases in
the biomass burning process [32], the lack of data on the moment of fire occurrence and, especially,
the incompatibility of the temporal and spatial resolutions of some sensors, making these sensors
unsuitable for the identification of burns. One way to reduce the uncertainty in the detection of
burned surfaces is by using sensors data that have geometric, radiometric, and temporal resolutions
appropriate to map the location and the discrimination of burned areas.

There are several global burned areas maps available, such as MODIS MCD45A1, MODIS
MCD64A1, and Fire CCI (ESA Climate Change Initiative). However, in general, they present
different results due to data characteristics, image dates, and applied methods for mapping [33,34].
These differences in the estimates occur because burning events are dynamics and affect different sizes
on the ground, requiring sensors data with different spatial and temporal resolutions. For example,
Landsat sensors [35,36] with a medium spatial resolution (30 m) are adequate to estimate the burned
areas, but their limited temporal resolution (16 days) reduce their utility in the savanna and pastureland
areas which regenerate rapidly following fires. In addition, product derived from Sentinel-2 imagery
would greatly contribute to better understanding the impacts of small fires in global fire events.
In contrast, the MODIS sensor with daily acquisition and moderate spatial resolution (250 m) provides
useful information for the global mapping of burned areas but underestimates small fire scars [37,38].
Other sensors with similar high temporal resolution as MODIS for burned areas assessment include
NPP-VIIRS (National Polar-Orbiting Partnership-Visible Infrared Imaging Radiometer Suite) and
PROBA-V (Project for On-Board Autonomy–Vegetation) (at each 2 days) [39–41].

Combining information from different sensors can fill the gap between high temporal resolution
and medium spatial resolution in an operational and accurate burned area product. However, this high
volume of data requires approaches that highlight specific information to facilitate further classification
tasks. An alternative approach to reduce the dimensionality of image data and enhance specific
information for digital interpretation is the use of fraction images [42,43]. These images constitute
synthetic bands with information on endmember proportions and they are generated by Linear
Spectral Mixing Model (LSMM). For example, vegetation fraction images highlight the vegetation cover,
especially cropland areas; soil fraction images highlight the contrast between forest and non-forested
areas, and shade fraction images highlight water bodies and burned areas. In this manner, many efforts
have been reported using LSMM to map burned areas, especially in the Brazilian Amazon [44–46].

The main objective of this work was to propose a new method to map burned areas using
multisensor fraction images by taking advantage of the high temporal resolution of Suomi NPP-VIIRS
and PROBA-V, and the medium spatial resolution of Landsat-8 OLI (Operational Land Imager) images
for the year 2015. In order to evaluate the method, we use as reference the burned area map obtained
using Sentinel-2 data, and compare our results with active fire data and the available monthly burned
area products of MODIS MCD64A1, MODIS MCD45A1, and Fire CCI.
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2. Materials and Methods

2.1. Study Area

The study area is Mato Grosso State (Figure 1), the third largest state in Brazil located in the
central-west region and covering an area approximately 904,984 km2. Mato Grosso State consists of
three biomes: Amazon (54%), Cerrado (40%), and Pantanal (6%), according to the official Brazilian
national classification system [47]. Mato Grosso State presents complex biodiversity, which, due to
variable climate and terrain relief, resulted in different vegetation types. The Amazon biome consists
of closed vegetation, high canopy, and a continuous layer of crowns; the Cerrado biome, a savanna
formation, is characterized by tree species with tortuous trunks and typical openness canopy; and the
Pantanal biome, a seasonal wetland, is composed by savannas and marshes [48].
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Figure 1. Location of the Mato Grosso State in the South American continent (inset figure). Mato Grosso
State corresponds to the selected study area of this work, encompassing three biomes: Amazon, Cerrado,
and Pantanal [47].

Mato Grosso Sate stands out as a center of Brazilian agribusiness tied to illegal deforestation.
The state falls partly within the ‘arc of deforestation’ in the southern part of the Brazilian Legal
Amazon, an area with one of the highest annual deforestation rates. According to the Monitoring
Deforestation of the Brazilian Amazon Forest by Satellite (PRODES) data [49,50], the Mato Grosso State
has an accumulated deforestation (1988–2019) corresponding to 146,140 km2 area, which represents
approximately 16% of its territory. In terms of total degraded area, the state is the second in the
ranking among the states of the Legal Amazon. Deforestation activities cause, among others, habitat
fragmentation, which leaves the remaining forest more vulnerable to edge effects and fire [51,52].

Mato Grosso State is among the states that lead in the number of active fires detected [53].
For example, in the 1988–2020 period, 40,000 fires were detected in the state, accounting for
approximately 27% of the total active fires observed in the Legal Amazon [53]. Most of the active
fires occurred between June and November, a period with the least precipitation received. In the dry
season, it is expected the increasing risk of the fire spreading and escaping, affecting nearby forest
areas and causing forest degradation, that is an important source for the REDD+ program (Reduction
of Emissions from Deforestation and Forest Degradation) since these areas remain as forest areas but
with high ecosystem loss.
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2.2. Remote Sensing Datasets

2.2.1. PROBA-V

We acquired data from PROBA-V, a mini-satellite designed as a continuity to the 15 years of the
SPOT-VEGETATION (Satellite Pour l’Observation de la Terre–Vegetation) mission, and for the Sentinel-3
mission of the European Space Agency (ESA). To meet the user’s community, the spectral channels of
the PROBA-V are similar to the SPOT VEGETATION instrument with four bands: blue (438–486 nm),
red (615–696 nm), near-infrared (NIR) (772–914 nm), and medium infrared (MIR) (1564–1634 nm). The
PROBA-V has a spatial resolution of 100 m at nadir and 300 m at the edge of scan.

In this study, we used 5-day Top-Of-Canopy PROBA-V image composite acquired at a spatial
resolution of 100 m for the period between May and October 2015. The images were downloaded from
the Vito Earth Observation portal (http://www.vito-eodata.be/PDF/portal/Application.html#Home),
and all images had their clouds and respective shadows removed using the information from the Status
Map layer in a program developed in the Interactive Data Language (IDL).

2.2.2. Suomi NPP-VIIRS

We downloaded 153 VIIRS daily reflectance (VNP09GA) images acquired between May and
October 2015 from the U.S. Geological survey (USGS) at https://e4ftl01.cr.usgs.gov/VIIRS/VNP09GA.001/.
The downloaded images consisted of three spectral bands, I1 (red, 600–680 nm), I2 (NIR, 846–885 nm),
and I3 (MIR, 1580–1640 nm), and had a spatial resolution of 500 m. The 153 daily reflectance images
were later composited into a cloud-free monthly VIIRS surface reflectance images using a script in
Google Earth Engine and image quality flags 1 (QF1) layer.

2.2.3. Landsat-8 OLI

The Operational Land Imager (OLI) on Landsat-8 satellite has 11 spectral bands (panchromatic,
500–680 nm; multispectral, 430–450 nm; visible, 450–690 nm; NIR, 850–880 nm; MIR, 1570–2290 nm;
cirrus, 1360–1380 nm; and thermal infrared, 10600–12510 nm). The sensor has a temporal resolution
of 16 days and spatial resolution of 30 m except for the panchromatic band (15 m). The Landsat-8
OLI images were acquired during the dry season, from August to November, most acquired in
October (41 images) and September (7 images), with August and November having only one image,
due to the persistency of clouds (Appendix A). The images were downloaded from USGS archive:
https://earthexplorer.usgs.gov/.

2.2.4. Sentinel-2 MSI

The Multispectral Instrument (MSI) on Sentinel-2A Level-1C dataset was used in this study as a
reference to evaluate the burned areas classification by the proposed method. The Sentinel-2A MSI has
13 spectral bands from visible to SWIR (Short-wave Infrared) (B1, 432.2–453.2; B2, 459.4–525.4;
B3, 541.8–577.8; B4, 649.1–680.1; B5, 696.6–711.6; B6, 733–748; B7772.8–792.8; B8, 779.8–885.8;
B8A, 854.2–875.2; B9, 935.1–955.1; B10, 1358–1389; B11, 1568.2–1659.2; B12, 2114.9–2289.9). Each single
satellite (2A and 2B) has a temporal resolution of 10 days and the combined constellation revisit is
5 days, with spatial resolution varying from 10 to 60 m. In this case, only bands with 10 m were used
in this study. Due to the Sentinel-2A launch date (June 2015), only a segment of Mato Grosso State
was available in 2015 in the period from August to November to compare the same period between
the datasets used in this work. The images were downloaded from Joint Research Center website
(https://jeodpp.jrc.ec.europa.eu/forobs/sentinel.py).

2.3. Global Burned Area Products

Burned area is considered as a non-permanent land cover change, and, in this manner, a variety of
algorithms have been applied to detect and to map burned areas, leading to different results spatially

http://www.vito-eodata.be/PDF/portal/Application.html#Home
https://e4ftl01.cr.usgs.gov/VIIRS/VNP09GA.001/
https://earthexplorer.usgs.gov/
https://jeodpp.jrc.ec.europa.eu/forobs/sentinel.py
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and temporally [34]. In this work, the identified burned areas based on the proposed approach were
spatially compared with three available global burned area products for an agreement analysis (Table 1).

Table 1. Overview of burned area products selected for agreement analysis.

Producer Product Collection Sensor Spatial Resolution Period

European Space Agency Fire CCI 5.1 MODIS 250 m Monthly
NASA MODIS Land Science Team MCD45A1 5.1 MODIS 500 m Monthly
NASA MODIS Land Science Team MCD64A1 6.0 MODIS 500 m Monthly

The Fire CCI v5.1 products (https://geogra.uhttps://geogra.uah.es/fire_cci/ah.es/fire_cci/), managed
by the European Space Agency, were obtained combining spectral information in the red and NIR
bands from MODIS at 250 m resolution and thermal information from the MODIS active fire products.
The daily-identified areas are aggregated in monthly compositions [54].

The National Aeronautics and Space Administration (NASA) produces two products of burned
areas from the MODIS sensor onboard the Terra and Aqua Satellites, the MCD45A1 and the MCD64A1.
The MCD45A1 product, monthly and global, uses a bidirectional reflectance distribution function
(BRDF) model and analyzes the daily surface reflectance dynamics to locate rapid changes to identify
burned areas [55]. The product MCD64A1 (https://e4ftl01.cr.usgs.gov/MOTA/MCD64A1.006/) is
also monthly and global and uses images of surface reflectance, coupled with 1 km MODIS active
fire data [56].

The monthly results provided by each product of MODIS MCD45A1, MODIS MCD64A1, and ESA
Fire CCI are summed, individually, to have an annual product for 2015 to be compared with the results
obtained by the proposed approach.

2.4. Fire Hotspots Products

Completing the agreement analysis, we performed a comparison with our results, global products
and active fires detected by the MODIS Aqua and Terra Satellites from January to December 2015.
Comparison with active fire observations indicates which products most reasonably capture the
burning event by relating fire scars to thermal emissions [34,55,57]. The dataset was downloaded
from the Queimadas Program managed by the Brazilian National Institute for Space Research (INPE)
provided at the analyzed year for South America.

2.5. Land Cover Maps

2.5.1. Forest and Non-Forest Map

A thematic annual forest cover map available by the PRODES to 2015 year [50] was used as
auxiliary data to estimate forest degradation by fire and burned areas in non-forested areas (Figure 2a).
The PRODES forest definition cover areas under vegetation dominated or with the predominance of
forest physiognomy, classified as Dense Ombrophilous Forest, Open Ombrophilous Forest, Seasonal
Deciduous Forest, Pioneer Formation of Fluvial Influence Areas (Alluvial Vegetation), Wetland Woody
Vegetation with Sandy accumulations (Campinarana), and ecotones (Forest and savanna contact).

2.5.2. Mato Grosso Cropland Map

We used the thematic 2015 annual croplands extension map from Arai et al. [58] as an auxiliary
data to quantify the extension of burned areas in lands destined to agriculture (Figure 2b). The data
were based on PROBA-V time series available at a 100 m spatial resolution. The annual cropland area
estimation for the Mato Grosso State was 5.3 million hectares.

https://geogra.uhttps://geogra.uah.es/fire_cci/ah.es/fire_cci/
https://e4ftl01.cr.usgs.gov/MOTA/MCD64A1.006/
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Figure 2. (a) PRODES 2015 showing the forest (in green) and non-forest (in magenta), deforestation
(in yellow), and water (in blue) classes [47]; and (b) agriculture areas in 2015 (in light green) obtained
from PROBA-V images [58].

2.6. Methodological Overview

The Linear Spectral Mixing Model (LSMM) was applied to those remote sensors datasets to
generate the vegetation, soil, and shade fraction images based on the three pure pixels adopted
by Arai et al. [58]. The LSMM assumes that pixel values are linear combinations of reflectance from
different components, called endmembers (Equation (1)). The resulting images are the proportion or
fraction of each endmember in each pixel [59] (Figure 3).

ri =
∑m

j=1
x jai, j + ei, (1)

where: ri = the spectral reflectance in the ith spectral band; ai,j = the spectral reflectance of the jth
component (endmember) in the ith spectral band; xj = the proportion of the jth component within the
pixel; i = 1, . . . , n (number of spectral bands used); j = 1, . . . , m = 3 (number of considered components);
and ei = the residue for the ith spectral band.

The generation of these synthetic images is an alternative approach to reduce the dimensionality
of image data and to enhance specific information (in this case, burned areas) for digital interpretation.
Using the fraction images derived from the LSMM, a single image is composed containing the maximum
proportion values of the shade fraction time series, comprising the burned areas information for
PROBA-V and VIIRS datasets. This step was not applied to OLI images due to single images mosaic
analyzed for the period.

Burned areas were obtained through digital classification of the shade fraction images using
SPRING software [60] following a procedure based on image segmentation, unsupervised classification
and assigning the corresponding classes to burned areas [61] for all sensor data (OLI, PROBA-V,
and VIIRS) (Figure 4).

Image segmentation is a technique for grouping spatial information, whereby the algorithm
assembles regions with and similar spectral characteristics. We used a region growing algorithm to
perform the image segmentation. In such technique, two threshold parameters have to be set by the
analyst to define segments (regions) at the subsequent classification procedure: (1) similarity threshold
(the Euclidean distance between two regions with a different mean digital number of spectral clusters);
and (2) an area threshold (the minimum area to be considered as a region, set by the number of
pixels) [62]. In this work, the similarity and area thresholds were defined according to the sensors’
characteristics, as (8, 100), (8, 10), and (8, 4) for Landsat-8 OLI, PROBA-V, and VIIRS, respectively.
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Segmented images were classified using ISOSEG [62], a region classifier algorithm based on clustering
techniques. This unsupervised algorithm uses the covariance matrix and the mean of the spectral
values to estimate the centers of the classes in each region. The analyst defines an acceptance threshold,
and the maximum allowed Mahalanobis distance that a mean digital number may be from the center of
a class, considered as belonging to that class. The algorithm classifies the segments and separates them
by classes based on the mentioned parameters. After the classification process and based on visual
inspection, the labeling process is carried out only once, where all obtained classes from unsupervised
classification were visually defined into classes with a real legend. This method was applied to the
single shade fraction mosaic to obtain a final burned area classification for each sensor (PROBA-V,
VIIRS, and OLI).Remote Sens. 2019, 10, x FOR PEER REVIEW 8 of 24 
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Figure 3. Example of burned areas showed in the sensors images analyzed in this work in purple in
the left panel and in bright spots in the right panel: (a) R(6) G(5) B(4) OLI image and the corresponding
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These images show the characteristics of the spatial and temporal resolutions of those sensors.
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The final result is the mosaic of the burned area obtained from the three individual sensors.
To show the visual consistency, a composite image was made highlighting the burned areas in the
images of the three sensors; that is, the mapped burning pixels correspond to the original images of
the sensors in which these areas were mapped. The burned areas were then calculated for the four
results, including OLI, PROBA-V, NPP-VIIRS, and the final composite between the three products
(OLI+PROBA-V+VIIRS). In addition, the burned area map obtained by the proposed method was
superimposed on a PRODES and cropland datasets in order to analyze the spatial distribution and
estimates of burned areas in the land use and land cover classes of the study area.

2.7. Evaluation and Agreement Analysis

In order to delineate burned areas in this study, 381 randomly distributed points in Sentinel-2
granules that included images from the period analyzed were used to estimate ground truth burned
area, according to Equation (2):

Sample Size =
Nz2p(1− p)

(N − 1)e2 + z2p(1− p)
, (2)

where: N is the population size, z is the confidence level (95%) from Z-score, e is the margin of error
(5%), and p is the sample proportion (50%). Afterward, we used the Goodness of Variance Fit (GVF) to
cluster the Sentinel-2 MSI granules statistics (Equation (3)) [63]:

GVF =

(∑O
i=1(xi − µ)

2
)
−

(∑S
c=1

∑O
i=1(xi −ϕc)

2
)

∑O
i=1(xi − µ)

2 , (3)

where: O is the Sentinel-2 MSI granules, xi is the sum of points inside the Sentinel-2 MSI granules, µ is
the observations average, ϕc is the average of points over all granules, and S is the delimited classes in
the optimization process. The clustering process separated the Sentinel-2 MSI granules in 2 groups,



Remote Sens. 2020, 12, 3827 10 of 23

according to the density of random points (high and low), thus, burned areas were manually estimated
in high density sampled granules (21LTC, 21LTE, 21LTG, 21LUC, 21LUD, and 21LUG).

Therefore, the burned areas derived from S2 MSI (considered the reference), Landsat-8 OLI,
PROBA-V, Suomi NPP-VIIRS, and OLI+PROBA-V+VIIRS and the MCD45A1, MCD64A1, and Fire
CCI global products were separated in several hexagonal grid cells with 10 km. This approach avoids
the misregistration on the calculation of proportional errors for burned areas block sizes, and the
bias in burned area estimation present in coarse and medium resolution burned area maps [34,64].
Then, a convolution mask was performed to estimate the agreement between products (Equation (4)).

BA(x,y.BAS,BAPi) =
∑
∝

a=−α

∑β

b=−β
C(a, b).BAS(x + a, y + b) ∩ C(a, b).BAPi(x + a, y + b), (4)

where C(a,b) represents the convolution mask of M × N size (rows × columns); BAS is the burned
areas estimated from Sentinel-2 data; BAPi is the burned areas estimated from burned areas products;
and BA is the resulting grid defined for all points which the mask of M x N size completely overlaps
the grid (x ε (α, M −α), y ε (β, N −β)).

The agreement analysis considered the same hexagonal grid cell of the evaluation analysis.
We computed the proportion of burned areas of the auxiliary global burned area data products
(MCD45A1, MCD64A1, and Fire CCI) and counted active fire observations by the presence or absence
in each cell compared with the four results (OLI, PROBA-V, NPP-VIIRS, and OLI+PROBA-V+VIIRS).
Based on these data, it was calculated the determination coefficient (r2), root-mean-square error (RMSE),
and bias.

3. Results

3.1. Burned Area Spatial Distribution and Estimates by Land Cover

The total burned area mapped from each sensor and by the final composite is showed in
Figure 5b,d,f. It is important to highlight that burned areas results were obtained during the dry
season and appear in dark color from the RGB mosaic in Figure 5a,c,e. A total of 55,694.32 km2 of the
burned area mapped by OLI sensor represents 6.15% of the study area, followed by VIIRS sensor with
29,768.72 km2 of the burned area (3.28% of the study area); the PROBA-V sensor with 28,443.52 km2

(3.14%); and then 93,027.92 km2 (10.27%) mapped by the final composite (Figure 5h).
The estimates of burned areas superimposed on the PRODES and cropland datasets are shown

in Table 2. The results pointed out that the most burned area estimate is located in non-Forest,
reaching 66.57% (~61 thousand km2) of the total area mapped by the final composite. Deforested areas,
characterized by old (before 2015) and recent clear-cuts (2015 year), presented 21.54% (~19 thousand
km2) and 0.86% (~786 km2), respectively. The results also showed less burn in croplands (5.32%,
representing ~4 thousand km2) than in forested areas (11.03%, ~10 thousand km2).

Table 2. Estimated burned areas in deforested areas, forest, non-forest, and cropland areas using the
final composite mapping.

Classes of Land Cover Burned Area (km2) Total Burned Area (%)

2015 Deforestation 786.15 0.86%
Old Deforestation 19,745.43 21.54%
Non-Forest 61,009.31 66.57%
Forest 10,111.04 11.03%
Cropland 4873.32 5.32%
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21LTG, 21LUC, 21LUD, and 21LUG) of S2 MSI reference data. It is noticed that the correlations vary 
according to the products and with burned areas size and location. The lower values ranged 
between 0.32 and 0.63 and the highest values ranged between 0.66 and 0.81 (all linear regressions 
were significant at p < 0.05, Student t-test). In the Sentinel-2 MSI burned areas, approximately 84% 
of grid cells had values lower than 5 km2, with 41 hexagonal grid cells greater than 30 km2. This 
indicates that burned area patterns correspond to small scars (as shown in density scatter plot of 
Figure 6a–g). 

In analyzed products, we found several commission areas related mainly to dark red latosol, 
relief shading and water bodies that were not mapped in reference data. In these areas, where no 

Figure 5. (a) Landsat OLI mosaic (August and November 2015); (b) burned areas over the mosaic
showed in (a), showing the correspondence with dark areas; (c) PROBA-V mosaic composed of the pixel
with high shade fraction value; (d) burned areas over the image in (c), showing the correspondence
with dark areas; (e) VIIRS mosaic composed of the pixel with high shade fraction value; (f) burned
areas over the image in (e), showing the correspondence with dark areas; (g) RGB Landsat OLI mosaic
composite with the burned areas observed in the OLI, PROBA-V, and VIIRS images analyzed; and (h)
burned areas over the mosaic showed in (g), showing the correspondence with dark areas.

3.2. Evaluation and Agreement Analysis

Figure 6 shows the evaluation graphics of burned areas maps for 6 granules (21LTC, 21LTE, 21LTG,
21LUC, 21LUD, and 21LUG) of S2 MSI reference data. It is noticed that the correlations vary according
to the products and with burned areas size and location. The lower values ranged between 0.32 and
0.63 and the highest values ranged between 0.66 and 0.81 (all linear regressions were significant at
p < 0.05, Student t-test). In the Sentinel-2 MSI burned areas, approximately 84% of grid cells had values
lower than 5 km2, with 41 hexagonal grid cells greater than 30 km2. This indicates that burned area
patterns correspond to small scars (as shown in density scatter plot of Figure 6a–g).

In analyzed products, we found several commission areas related mainly to dark red latosol,
relief shading and water bodies that were not mapped in reference data. In these areas, where
no burned scars occur, Fire CCI, MCD45A1, MCD64A1, Landsat-8 OLI, PROBA-V, NPP-VIIRS,
and OLI+PROBA-V+VIIRS presented an inclusion of 150 km2, 108 km2, 488 km2, 282 km2, 930 km2,
484 km2, and 1712 km2, respectively. Otherwise, we can find several hexagonal grid cells where
burned areas were presented and fire products were unable to estimate (464 km2, 550 km2, 386 km2,
547 km2, 437 km2, 1240 km2, and 126 km2 to Fire CCI, MCD45A1, MCD64A1, Landsat-8 OLI, PROBA-V,
NPP-VIIRS, and OLI+PROBA-V+VIIRS, respectively).

Figure 7 compares only grid cells containing burned area between the results obtained by the
proposed method (OLI+PROBA-V+VIIRS, OLI, PROBA-V, and NPP-VIIRS) with the available global
datasets (MCD64A1, MCD45A1, and Fire CCI). There is a good visual agreement among the results
from the four datasets, highlighted in a majority on the eastern Mato Grosso State, encompassing the
Cerrado biome, and west, encompassing the Amazon biome. In the middle of the state, most cells in
the grid contain only one or two global products with an agreement with the results of our method.
The analysis based on active fire observation showed that most cells with the total agreement of burned
detected by our method and global products present the highest number of active fire observations
(from 51 to 133), being decreased when less agreement occurs.
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Figure 7. Comparison of results by the proposed approach in the Mato Grosso State with the three
global burned area products in terms of an agreement in presence of burned area and final mapped
composite (a); Landsat-8 OLI (b); PROBA-V (c); and NPP-VIIRS (d). In detail, specific areas are showing
active fire spots classified by the number of observations in the cell (e,f,g). Blank areas inside the study
area represents non-burned area by the classification results.
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The analysis with active fire observations showed an agreement of 92.08% compared with the final
composite burned area classification obtained using the proposed method in terms of the presence of
active fire and burned area detection (Table 3). Compared with OLI, PROBA-V, and VIIRS, the agreement
percentage decreases when lower the spatial resolution, with OLI sensor presenting the best result
(71.97%) and VIIRS the lowest comparison (34.17%). Related to commission errors, where there is a
burned area detected but no active fire observed, PROBA-V produced the highest commission error
(51.27%), while the Fire CCI data had the lowest (8.79%).The omission errors (active fire detected and
no burned area mapped) resulted in the best results for OLI sensor (28.03%) and the highest omission
for VIIRS sensor (65.83%). Overall, the final composite classification (OLI+PROBA-V+VIIRS) results
showed lower omission error (7.92%) but a higher commission error (72.73%) than all analyzed datasets.

Table 3. Percentages of grid cells compared by burned area detection and active fire observations.

Product Active Fire and
Mapped (%)

Non-Active Fire and
Mapped (%)

Non-Active Fire and
Non-Mapped (%)

Active Fire and
Non-Mapped (%)

OLI+PROBA-V+VIIRS 92.08 72.73 27.27 7.92
OLI 71.97 44.44 55.56 28.03

PROBA-V 68.08 51.27 48.73 31.92
NPP-VIIRS 34.17 24.89 75.11 65.83
MCD64A1 64.57 16.43 83.57 35.43
MCD45A1 41.47 14.92 85.08 58.53
Fire CCI 51.89 8.79 91.21 48.11

There were substantial differences in mapped areal extent of burned areas across the various
datasets (Table 4). Our results are overestimated compared with MCD64A1, MCD45A1, and Fire
CCI datasets, respectively. However, these overestimates decrease when compared with individual
sensor datasets.

Table 4. Burned area estimated by the proposed method and by the global burned area products.

Product Area (km2)

OLI+PROBA-V+VIIRS 96,461.24
OLI 55,694.32

PROBA-V 28,443.52
NPP-VIIRS 29,768.72

MODIS MCD64A1 40,364.75
MODIS MCD45A1 31,555.25

Fire CCI 34,991.13

Figure 8 shows the regression analysis of burned areas maps for each sensor and final composite
compared with the global burned areas products by cell grid. Compared with the final composite,
it was obtained that r2 = 0.30 for MCD45A1, r2 = 0.32 for MCD64A1, and r2 = 0.43 for Fire CCI
(Figure 8d,e,m, respectively). The RMSE varies from 16.94 to 14.94, and the bias between 7.78% to
5.84%. RMSE measures indicate a generally better spatial agreement between the products when the
results are lower, being used as an indicator of the dispersion or tendency of classifiers to identify
the same amount of burned areas across cells. However, the lack of bias in the regression model not
necessarily has the same indicative [34]. In this case, the bias showed to be positive, and, as mentioned
before, the final composite has a trend to overestimate the results compared with the global burned
area products.

The regression results between the global burned area products and the burned areas mapped
by each sensor showed Landsat-8 OLI with the best results (from r2 = 0.55 to r2 = 0.36), followed
by PROBA-V (from r2 = 0.21 to r2 = 0.12) and NPP-VIIRS (from r2 = 0.18 to r2 = 0.13). The RMSE
values were around 12.63, as observed with MCD45A1 and Landsat-8 OLI (Figure 8a), and 8.83 in
MCD45A1 and PROBA-V (Figure 8b). The bias also showed to be positive for the most analysis, around
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3.60% in MCD45A1 and Landsat-8 OLI (Figure 8a) and 0.74% in MCD45A1 and PROBA-V (Figure 8b),
representing an overestimation. On the other hand, as observed previously, the mapped burned areas
of PROBA-V and NPP-VIIRS sensors were underestimated when compared with MCD64A1 and Fire
CCI products, representing a negative bias around to 1.20% in MCD64A1 and PROBA-V (Figure 8f) to
0.52% in Fire CCI and NPP-VIIRS (Figure 8l).Remote Sens. 2019, 10, x FOR PEER REVIEW 16 of 24 
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Figure 8. Scatter plots of regression by grid cells in comparison with MCD45A1 (a–d); MCD64A1 (e–h);
and Fire CCI (i–m) with the results, considering grid cells with side dimensions of 10 km, to obtain the
r2, root-mean-square error (RMSE), and bias, based on the maximum number of cells.

4. Discussion

4.1. Burned Area by Land Cover

Historically, fire has been the main tool in the land use and land cover changes, and the impacts
of fires on the environment, especially on the climate, require the analysis and monitoring of large
territorial extensions in the long term. In a total of approximately of 96,461.24 km2 of the burned areas
identified in the Mato Grosso State, our results indicate that 66% of the total burned area occurs in
non-forested areas, including savanna formations and grasslands, mainly founded in the Cerrado and
Pantanal biomes. Twenty-one percent and 0.86% of burned areas were identified in older deforestation
(before the 2015 year) and in deforested areas identified in the same year by the PRODES dataset,
respectively. Critically, forested areas experienced 11% of the total burned area, and the occurrence
of fires in forest formations can have negative social, economic, and environmental consequences,
also favoring the conversion to deforestation. Additionally, the most effective policy instruments in
reducing deforestation are not the most effective in reducing forest fires and vice-versa, suggesting that
both objectives cannot be achieved with a single measure of political intervention [65]. In this manner,
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Brazilian government policies still need to be rethought to contemplate the reduction of forest fires and
the mitigation of their negative effects.

4.2. Overall Accuracy and Agreement Analysis

Although using the same MODIS sensor datasets, the existing global burned areas (Fire CCI,
MCD45A1, and MCD64A1) products present different results. These differences are due to the
methodologies and image dates used to generate such products. Our proposed method used image
datasets from OLI, PROBA-V, and VIIRS sensors with different temporal and spatial resolutions.
Then, we generated different results using these sensors datasets individually. We also generated a
composite result by adding those individual results taking the advantages of higher temporal resolution
of PROBA-V and VIIRS sensors and the medium spatial resolution of Landsat-8 OLI sensor. The results
showed a good visual agreement among all burned areas maps produced by different sensors datasets
and methodologies. However, the areal extents of burned areas were very different.

The proposed method used to generate the burned areas maps in this study showed different
results according to the sensor analyzed. When evaluated with the reference data (Sentinel-2 MSI),
the OLI sensor presented the best correlation (r = 0.63), followed by VIIRS (r = 0.46) and PROBA-V
(0.32). In this context, the spatial resolution of OLI sensor (30 m) could explain the highest correlation.
This analysis is corroborated by Reference [64], where the authors cite that a key determinant on the
accuracy of burned area detection is the spatial mapping scale of dataset, with evidence that burned
area maps produced from higher resolution observations presented reduced omission errors.

Although PROBA-V has better spatial resolution than VIIRS (100 m and 500 m, respectively),
both presented similar results. The clouds and shadows were removed in the two products before
the mapping, and the temporal analysis was the same (from May to October months). Therefore,
the number of images utilized may explain the difference in results since VIIRS sensor is a daily
product, compared to the composite of 5-days for PROBA-V, totalizing 153 and 36 images, respectively.
Thus, some fires could be missed in PROBA-V, impacting in the evaluation process.

In relation to the evaluation using Sentinel-2 MSI data to delimited the burned area by visual
interpretation, it is important to notice that the period analyzed (August to November) not coincide
with PROBA-V and VIIRS dataset used in this study (May to November). Moreover, only a segment of
Mato Grosso State was observed. Both limitations are related to the number of available images in 2015,
due to the launch date (June 2015) of Sentinel-2A, which may cause uncertainties in the evaluation.

When comparing the reference data with the global burned area products, the Fire CCI, MCD45A1,
and MCD64A1 presented a better correlation than OLI sensor, with a better agreement to Fire CCI
(0.81), followed by MCD45A1 (0.75) and MCD64A1 (0.66). The number of scenes used to map the
burned areas in OLI sensor may explain these results. Due to the persistency of clouds, some scenes
could not be used and, in general, only one date was mapped for each of the 47 path/rows that comprise
the state of Mato Grosso, most of them in October, missing some burned areas. In addition, the slightly
better correlation of MCD45A1 compared to the MODIS improved product MCD64A1 may be related
to the lower commission error presented by MCD45A1 (108 km2) compared to MCD64A1 (488 km2).
Still, the final product OLI+PROBA-V+VIIRS not presented a good correlation (0.51), even when
compared to OLI.

4.3. Specific Product of Burned Area by Each Dataset

The OLI sensor presented the highest values of the total burned area, with 55,694 km2, followed
by VIIRS and PROBA-V (29,768 km2 and 28,443 km2, respectively). As mentioned before, the better
spatial resolution of OLI sensor could be a factor in detecting more burned areas, as well as the largest
number of scenes used of VIIRS sensor. The OLI sensor resulted in the most total burned areas mapped
comparing these results with global burned areas products, followed by Fire CCI product (34,991 km2)
and MCD64A1 (31,555 km2). The better spatial resolution of Fire CCI (250 m) could be related to
more burned areas detected and, according to Reference [34], Fire CCI and MCD64A1 are efficient in
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identifying burned area in cloudy regions due to their reliance on active fire detections as training data
samples. PROBA-V presented the lowest burned area mapped, which may be linked to the number of
scenes used when compared to the OLI+PROBA-V+VIIRS final product.

The spatial resolution of OLI could also explain the best results of this sensor related to commission
errors (282 km2), followed by VIIRS and PROBA-V (484 km2 and 930 km2, respectively). In Mato
Grosso State, some elements may be confused with burned areas, like the presence of dark red
latosol, especially in agricultural areas where they are most exposed. Cloud shadows, topographic
shadowing, and water bodies have similar spectral characteristics as burned areas. According to
Reference [66], other features that can be confused with the burned areas include clear cuts, land
conversion, and non-fire forests mortality. Compared with the global burned area products, PROBA-V
presented the highest commission error value, followed by MCD64A1 (488), VIIRS (484), OLI (282),
Fire CCI (150), and MCD45A1 (108). The lowest commission error of burned areas by MCD45A1 could
be explained by high omission error from this product, as will be mentioned later.

Related to omission errors, OLI and PROBA-V presented similar results, with 547 km2 and
437 km2, respectively. The number of scenes used to map the burned areas may explain the slight
increase in the omission error of OLI sensor. The VIIRS sensor presented the highest omission error of
burned area (1240 km2), and, when compared to OLI and PROBA-V, the 500 m spatial resolution of the
product may explain the differences, since approximately 84% of the burned areas found in reference
data is composed by scars with less than 5 km2. According to Reference [64], sensors with moderate
and coarse spatial resolution presents a low degree of fidelity in the detection of small or highly
fragmented fires. Besides, omissions can also occur when fires leave little residual heat and spread
rapidly between satellite overpasses and when the differences in the spectral characteristics between
pre- and post-fire are minimal [67]; and, to Reference [68], fires obscured by clouds, with short-lived
thermal signatures and small fires also may not be identified.

Compared with the global burned area products, the VIIRS sensor resulted in higher omission
error of burned area, followed by OLI (547 km2), MCD45A1 (550 km2), Fire CCI (464 km2), PROBA-V
(437 km2), MCD64A1 (386 km2), and OLI+PROBA-V+VIIRS final product (126 km2). The OLI product
showed a high rate of fires omission (ranking second). Thus, the temporal resolution is also crucial in
the analysis and identification of burned areas, avoiding non-identification throughout the season.
Related to global burned area products, the MCD64A1 presented the best performance, mostly due to
the improvement in the algorithm, that integrates reflectance changes with active fire observations.
Several validation studies for global products have identified the good performance of MCD64A1 in the
identification of burned areas with low errors of omission [34,69,70]. Finally, the combined results of
the proposed method presented the lowest omission of burned areas, indicating that the combination of
higher temporal and medium spatial resolution could be a better approach to identifying burned areas.

4.4. Comparison with Active Fires

When comparing the final classification of burned areas with the active fire observations, it is
noticed that related to omissions (active fires detected but not-mapped), the final composite product
(OLI+PROBA-V+VIIRS) presented the best performance (7.92%), followed by OLI (28.03%), PROBA-V
(31.92%), MCD64A1 (35.43%), Fire CCI (48.11%), MCD45A1 (58.53%), and VIIRS (65.83%). Therefore,
sensors that present better spatial resolution and products with algorithms that use active fires present
the best results. In this context, MCD45A1, that uses only reflectance images, and VIIRS, both with
500 m of spatial resolution, did not detect more than half of the burned areas even with active
fires occurring.

Related to commission (burned area mapped with no active fire detected), Fire CCI presented
the best performance (8.79%), indicating that the 250 m spatial resolution with the use of active fire
product is efficient in not including burns that do not exist, or that may exist but are characterized
by small scars where active fires are absent. The next following products presented the best results:
MCD45A1 (14.92%), MCD64A1 (16.43%), VIIRS (24.89%), OLI (44.44%), PROBA-V (51.27%), and OLI
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+ PROBA-V + VIIRS (72.73%). In this context, MCD45A1 and VIIRS that presented high values of
omission errors related to active fires also presented low values of commission errors, the same pattern
demonstrated by OLI + PROBA-V + VIIRS, that presented the best performance related to omission
error and lowest performance related to commission errors.

The last analysis is related to the burned areas mapped that presented active fires.
The OLI+PROBA-V+VIIRS product presented the best performance (92.08%), followed by OLI
(71.97%), PROBA-V (68.08%), and MCD64A1 (64.57%). Besides, Fire CCI presents better spatial
distribution compared to MCD64A1, and this product presented 51.89% of burned areas mapped in
areas with active fires, followed by MCD45A1 (45.47%) that do not use active fires in the algorithm to
map the burned areas. The sensor with the worst performance was VIIRS, with 34.17% of burned areas
mapped, indicating that the 500 m spatial resolution does not perform well in areas with small burn
scars, even with active fires.

In this context, the algorithm accuracies can be influenced by fire patch characteristics, since small
and irregular burned area patches may lead to high omission errors because the spatial resolution of
the pixels is too coarse to detect the smaller fires [71]. On the other hand, small and irregular unburned
areas within large burned patches may lead to an increase in commission errors, particularly for high
sensitivity algorithms [57].

In the Amazon biome, the burning activity is performed to clean newly deforested areas for
agriculture expansion, and sometimes the fires escape to forest areas causing forest degradation.
Nevertheless, these remaining areas contain less biomass and are not considered in the carbon balance
yet. In non-forested areas, burnings are caused by the use of fire to improve the productivity of
grassland and pastureland covers. In this context, previous validation studies have indicated that global
satellite-derived burned area products typically perform best in regions where fire activity is more
prevalent [69], and, for South America, Reference [70] found that the smallest relative uncertainties
occur in the frequently burning savannas and grasslands.

5. Conclusions

The use of remote sensing burned areas products requires confident estimates uncertainties.
Therefore, in this paper, a method combining products with higher spatial and temporal resolutions to
estimate the burned areas, by using OLI, PROBA-V, and NPP-VIIRS datasets, was proposed. The shade
fraction images showed the advantages to reduce the data volume to be analyzed and highlighting
the burned areas facilitating the image classification process, even with a high volume of data. In the
study area, 11% (10,111 km2) of burnings occurred in forested areas, reaching the double of burned
area extension compared with areas destined for agriculture (5%, 4873 km2). This indicates that fire
occurrences are less in areas intended for agriculture using mechanized practices, although it is still a
common practice due to its low cost and cultural habits. On the other hand, Brazilian government
policies still need to be rethought to contemplate the reduction of forest fires and the mitigation of their
negative effects.

Regarding to the total burned area, the 30 m high spatial resolution of OLI sensor resulted in the
best results and the less commission errors; however, when evaluated with reference data (Sentinel-2
MSI), the Fire CCI global burned area product presented the best correlation, and this fact can be
explained by the persistency of clouds in Mato Grosso State of 2015 year, resulting in less available
images of OLI sensor, indicating the crucial importance of temporal resolution in burned areas analysis.

The final product OLI+PROBA-V+VIIRS used by the proposed method overestimated the burned
areas and presented a moderate correlation compared to the reference data; however, it presented the
lowest omission of burned areas and the best performance related to the mapping of burnings in areas
with active fire observations. Therefore, these results indicate that the combination of higher temporal
and medium spatial resolutions sensor data could be a better approach to identifying burned areas,
since the best spatial resolution is indicated to small scars identification and high temporal resolution
is used to avoid omission errors. In this context, the temporal resolution is also extremely important,
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being necessary the use of all scenes available, and a cloud mask could assist in the use of images that
have a longer revisit period, improving the results obtained. For future studies, the recommendation
is to use a machine learning algorithm and cloud processing for monitoring burned areas using
different datasets and a high volume of data for larger areas. In addition, using ancillary information,
e.g., water bodies map, may avoid the confusion of burned areas and water bodies and, consequently,
improve the classification process.

The proposed method provided a general perspective about the patterns of fire in the Amazon,
Cerrado, and Pantanal biomes of Mato Grosso State, Brazil, discriminating by forestland, cropland,
and deforested and non-forested areas. Such information is important for environmental studies,
especially related to fire severity, regeneration, and greenhouse gas emissions.
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Appendix A

Table A1. Landsat OLI images (path/row and dates) used in this study.

Path/Row Date Path/Row Date

223/067 21/Oct/2015 227/067 17/Oct/2015
223/068 21/Oct/2015 227/068 17/Oct/2015
223/069 21/Oct/2015 227/069 17/Oct/2015
223/070 21/Oct/2015 227/070 17/Oct/2015
223/071 21/Oct/2015 227/071 17/Oct/2015
224/067 12/Oct/2015 227/072 17/Oct/2015
224/068 12/Oct/2015 228/066 08/Oct/2015
224/069 12/Oct/2015 228/067 08/Oct/2015
224/070 12/Oct/2015 228/068 08/Oct/2015
224/071 12/Oct/2015 228/069 08/Oct/2015
224/072 29/Nov/2015 228/070 08/Oct/2015
225/067 19/Oct/2015 228/071 08/Oct/2015
225/068 19/Oct/2015 229/065 15/Oct/2015
225/069 19/Oct/2015 229/066 15/Oct/2015
225/070 19/Oct/2015 229/067 15/Oct/2015
225/071 19/Oct/2015 229/068 15/Oct/2015
225/072 19/Oct/2015 229/069 15/Oct/2015

226/067 08/Sep/2015
10/Oct/2015 229/070 15/Oct/2015

226/068 08/Sep/2015
10/Oct/2015 229/071 15/Oct/2015

226/069 08/Sep/2015 230/066 06/Oct/2015
226/070 08/Sep/2015 230/067 06/Oct/2015
226/071 08/Sep/2015 230/068 06/Oct/2015
226/072 23/Aug/2015 231/066 11/Sep/2015

231/067 11/Sep/2015
13/Oct/2015
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