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ABSTRACT:
This study presents an algorithm for automatically mapping burnt areas using high-resolution images. It is applied to the Landsat 4,
5, 7 and 8 Land Surface Reflectance product; specifically, images acquired before and after (or during) the same fire season. It is also
possible to extend the timeframe and use reference images acquired in the preceding year. This approach was adopted as cloudiness
can make the acquisition of long time series impossible. A second advantage is that it avoids huge data transfers. The algorithm
combines traditional, pixel-based image processing (calculation of spectral indexes and image differentiation) with object-based
procedures (segmentation, reclassification, neighbourhood analysis) and consists of four steps. First, spectral indices (the Normalized
Difference Vegetation Index and Normalised Burnt Ratio), and differences between image layers are calculated. The second is a
multi-resolution segmentation, which uses the Normalised Burnt Ratio and near infrared layers. At this phase, masking of clouds,
water and deserts takes place using atmospherically-corrected Landsat images. This is followed by the classification of ‘core’ burnt
areas based on automatically-adjusted thresholds. The characteristics of the whole image (excluding clouds, deserts and water
bodies) are analysed to develop functions that establish these thresholds. The fourth step consists of neighbourhood analysis. This
focuses on objects that have not been classified as burnt areas, but whose spatial and spectral distances suggest that they may be part
of them. The algorithm was tested in various areas (e.g. Spain, Greece, Siberia, California, Australia and Zambia). Comparisons with
manual interpretation show that the fully-automated classification is very accurate (80–100%). The algorithm can be also applied to
MODIS and Sentinel-2 data. It was developed within the framework of the Advanced Forest Fire Fighting (AF3) project, and the
results have been used for damage and risk assessment.

1. INTRODUCTION
1.1 Literature overview
The reconstruction, understanding and characterization of the
fire history of a terrain is important for improving fire
management practices, risk prediction and damage assessment.
It also extends our knowledge of the environmental and
socioeconomic impacts of fire, climate change, the carbon
cycle, biodiversity, ecosystem functioning, and interactions
between land use and vegetation. Burnt area mapping defines at
least three very important aspects of the fire regime: spatial
pattern, size distribution and frequency.
Satellite remote sensing has proven to be an excellent source of
information about forest fires. Burnt area studies have been
carried out successfully all over the world: in tropical
environments (Malingreau et al. 1985, Libonati et al. 2010), in
savannas and grassland environments (Silva et al. 2005,
Goodwin & Collett 2014, Hardtke et al. 2015), in Mediterranean
zones (Fernandez et al. 1997, Garcia & Chuvieco 2004,
Quintano et al. 2011), and in boreal forests (Laboda et al. 2007,
Chen et al. 2016).
Several spectral indices and classification methods have been
developed and tested to map burnt areas; these include the
Normalised Difference Vegetation Index (NDVI) (Rouse et al.
1973, Chuvieco et al. 2002), the Global Environmental
Monitoring Index (Pinty & Verstraete 1992), the Normalised
Burnt Ratio (NBR; the normalised difference of Landsat TM
Bands 4 and 7), multi-temporal variations (Key & Benson 1999,
Miller & Thode 2007, Veraverbeke et al. 2001) and the Burnt
Area Index (Martin 1998). Similarly, a wide range of methods
are used for fire monitoring: manual digitalisation of burned
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areas (Silva et al. 2005), near-real-time active ﬁre detection
(Giglio et al. 2006), spectral indices (Martin et al. 2006, Laboda
et al. 2007), image thresholding (Libonati et al. 2010, Maier
2010, Quintano et al. 2011), fire radiative power estimation
(Maier et al. 2013, Williamson et al. 2013), time series analysis
(Goodwin & Collett 2014, Hardtke et al. 2015), object-based
approaches (Katagis et al. 2014), and Synthetic Aperture Radar
and optical data fusion (Stroppiana et al. 2015).
1.2 Purpose of the study
Regional- and global-scale studies of burnt areas have been
performed on low resolution (5 km) National Oceanic and
Atmospheric Administration (NOAA) Advanced Very High
Resolution Radiometer (AVHRR),
or medium-resolution
(1 km) Moderate Resolution Imaging Spectroradiometer
(MODIS) data (Barbosa et al. 1999, Justice et al. 2002, Roy et
al. 2005, Giglio et al. 2006). Historically, high costs and manual
or semi-automated mapping methods have limited the use of
Landsat images (30 m spatial resolution) to local studies
(Russell-Smith et al. 1997, Edwards et al. 2001, Recondo et al.
2002, Felderhof & Gillieson 2006). However, the Landsat
archive was made freely available in 2008, and surface
reflectance data is available from 1984 to the present day.
Similarly, Sentinel-2 data is freely available. On the other hand,
limitations related to image classification methods remain,
which highlights the need for the development of automatic
classification algorithms for high-resolution data.
Changes in vegetation cover are often unrelated to fire, and can
be caused by other factors such as phenological changes,
harvesting or soil moisture. In addition, burnt areas are
inhomogeneous and their spectral signature is closely related to
fire intensity, fuel type, the meteorological conditions of

combustion, etc. These factors make the development of
automated approaches difficult, and require balancing omission
and commission errors (Goodwin & Collett 2014). Furthermore,
it may not be possible to transfer methods to other locations or
timeframes without recalibration.
Bastarrika et al. (2011) proposed an automated two-phase
approach to mapping burnt areas (core burnt pixel identification
and burnt region growth) using a series of single date Landsat
TM/ETM+ imagery. The algorithm was calibrated and applied
to Portugal and California (kappa coefficient = 0.85). A similar
approach was applied in the Mediterranean region (Stroppiana
et al. 2012), while a trend analysis formed the basis for
automatic burnt area mapping in Australia (Goodwin et al.
2014).
Following these studies, this paper describes an algorithm for
the automatic mapping of burnt areas. It combines a classical
approach, based on the difference between pre- and post-fire
images, with an object-based thresholding approach. Full
automatization is the result of a recalibration procedure,
specifically functions are developed for various parameters. that
adjust thresholds between unburnt and burnt areas basing on the
difference between pre- and post-fire images. As the method
works on two images, it does not require long time series
(unlike trajectory analysis methods). This is an important
benefit given the burden of data transfer for global mapping,
and cloud cover that can prevent the creation of long time
series.

2.1 Data
The algorithm uses atmospherically-corrected pairs of
multispectral optical images (the Landsat 4, 5, 7, and 8 Surface
Reflectance product). This product is supplied with cloud and
water masks, which are also used. Acquisition dates are key to
the algorithm’s performance. The first (reference) image should
be acquired before the fire season. The second image should be
acquired during, or shortly after, it. Alternatively, a reference
image acquired one year before the fire season image can be
used with no loss of accuracy. Finally, the algorithm requires a
thematic layer, namely, the slope layer calculated from Shuttle
Radar Topography Mission elevation data.
The algorithm was tested on long time series for two regions in
Greece: the surroundings of Athens (path 184 row 34) and the
island of Cephalonia (path 185 row 33) and other scenes
worldwide (California, Israel, central Siberia, northern and
southern Spain, and Australia).
2.2 Proposed workflow
Figure 1 presents an overview of the method. It consists of four
main steps: (1) the calculation of spectral indices and band
differences; (2) the segmentation and exclusion of water bodies,
desert and cloud; (3) the detection of ‘core’ burnt areas; and (4)
region growing. All steps were implemented in eCognition
software.
2.3 Raster arithmetic
The first step consists of calculating a set of additional layers
based on pre- and post-fire scenes. The NBR (Key & Benson
2002) is calculated, along with the NDVI (Rouse at al. 1974).
NIR-SWIR

𝑁𝐵𝑅𝐷𝐼𝐹𝐹 = 100 −

𝑁𝐵𝑅𝑇2 ∗100
𝑁𝐵𝑅𝑇1

(2)

where T1 is the pre-fire image, and T2 is the post-fire image.

Figure 1. Burnt Area Mapping workflow
2.4 Segmentation
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NBR = NIR+SWIR

images are calculated. These differences are expressed as
relative values and calculated as follows:

(1)

The differences in near infrared (NIR), short wave infrared
(SWIR1, SWIR2) spectral bands and NBR for pre- and post-fire

Segmentation starts with masking water, cloud and desert,
which are excluded from further analysis. The aim is to reduce
computation time and avoid any interference with the automatic
thresholding process. The first step is based solely on Landsat
thematic layers, and segments are classified into an ‘exclude
from analysis’ group. For example, desert areas are masked
based on a comparison of the NDVI index for the two images
(which should be low in both cases). The second step concerns
multiresolution segmentation. Segmentation layers NBRT1,
NBRT2-T1, and NIRT1-T2 are weighted. The scale parameter is
fixed and remains unchanged when moving from one scene to
another.
2.5 Core burnt areas classification
The classification of core burnt areas starts with a coarse
classification of the NBRT2 layer (Figure 3a). Objects with a
low NBR are considered as potential burnt areas. Specifically,
objects with 𝜇𝑜 < (𝜇2 − 𝜎2 ) (where 𝜇𝑜 is the mean NBR, 𝜇2 is
the mean NBR for the scene, and 𝜎2 is the standard deviation
for the scene) are classified as _temp. In the next step,
thresholds between unburnt and burnt areas are calculated as a
function of the difference between pre- and post-fire images.
threshold = f(imagedifference )

(3)

Threshold functions were obtained for all parameters from a
reference dataset of pairs of images in different regions. The
burnt areas were mapped manually using this dataset. Statistics
for unburnt and burnt segments were extracted from the
difference image for all parameters and used to calculate
thresholds. Thresholds were calculated on the base of the
normal distribution (Woźniak et al. 2016). The polynomial
regressions between thresholds and difference image were
found. An example of a thresholding function is given in
Figure 2. Functions for SWIR1DIFF, SWIR2DIFF, GT2, RT2 are
established in the same way. Areas previously excluded from
the analysis (clouds, water, desert) are not taken into account.

or 10, 000 pixels classified as unburnt depending on the
percentage of the burnt area on the image scene. The results
were compared with a manual classification of points. Mean
overall accuracy for the tested scenes was 97.66% (mean kappa
0.86). Lowest values were obtained for scene from Athens from
1987 (respectively 85.79 and 0.25). Highest values were
obtained also for scene from Athens from 1999 (respectively
99.94 and 0.95). Table 1 presents an example of a detailed
confusion matrix for scene from Siberia.
Figure 2. Relationship between scene difference and threshold
for burnt and unburnt areas discrimination

Reference

Classification
However, although the results are good, the approach produces
two types of misclassification. The first is the misclassification
of crops that are harvested between data acquisitions as burnt
areas. The second relates to partial omissions due to the
inhomogeneous nature of burnt areas. The first problem is easily
addressed using a slope map, as crop areas are usually found on
plains Region growing provides a solution for the latter
problem.

Burnt

Unburnt

Sum

Burnt

14083

1069

15152

92,94

Unburnt

1746

20892

22638

92,29

Sum

15829

21961

88,97

95,13

34975
Overall
accuracy

2.6 Region growing
Region growing (Figure 3c) starts with merging objects
classified as core burnt areas. Neighbouring objects are
classified based on their spectral distance from the core,
calculated as the standard deviation of all areas classified as
burnt in a scene. If a neighbouring object is classified as a burnt
area it is merged into the core and the process is repeated.

92,55

Table 1. Confusion matrix for scene from Siberia.
4. CONCLUSIONS
The burnt area mapping method presented here was tested in
various areas (e.g. Spain, Greece, Siberia, California, Australia
and Zambia). Threshold functions and the region growing
procedure proved easily transferable, and accuracy remained
satisfactory with no loss in automation.
The approach can also be applied to smaller-scale mapping.
Following tuning of threshold functions and segmentation
parameters, it was applied to MODIS Land Surface Reflectance
(1000 m resolution) images. The results are more accurate than
the fire estimates given in the MODIS QA layer.
Finally, similarities between Landsat and Sentinel-2 data mean
that the algorithm can be fully automated when applied to the
latter images, which offers an opportunity to fill in gaps in
Landsat acquisitions.
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2.7 Post-processing
Post-processing is the final step of the classification (Figure 3d).
Here, objects are merged and the minimum mapping unit (1ha)
is applied. An enclosure analysis corrects burnt areas obscured
by clouds.
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