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Wildland fires in the Mediterranean region are regarded as one of the most threatening sources for
property, infrastructures as well as ecosystems.

In this letter, we examine the combined use of selected parametric and non-parametric classifiers
(such as of Maximum Likelihood, Support Vector Machines) with satellite observations from Landsat
TM and Advanced Land Imager (ALI) imagery, in obtaining maps of burnt area. As a case study it
selected a major destructive fire occurred during the summer of 2009 in the Prefecture of Eastern
Attika in Greece, for which both a TM and ALI image were acquired shortly after the fire suppression.

Accuracy of the examined in this study datasets and algorithms for delineating the burnt area was
evaluated on the basis of the analysis of classification accuracy assessment as well as comparisons
from the SAFER rapid response service operated in Greece during the year of 2009, using IKONOS
satellite acquisitions.

A discussion follows the analysis of the results, focusing on the adequacy of the combined use of the
satellite sensors used in this study with the properties of the algorithms in providing burnt area
mapping rapidly and cost-effectively in the study region, representative of a typical Mediterranean
setting.
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o Background

= RS-based methods for obtaining burnt area cartography are
based on the changes of the spectral signatures of the
objects after the fire extinction => strong contrast of the
fire-affected areas with the surrounding environment
context (e.g kokaly et al,, 2007).

o reduction of chlorophyll in vegetation
— lowers reflectance from the visible to near-infrared

e /ncrease in charcoal and soil cover and decrease in the vegetation
moisture

C—> increase both short-wave infrared reflectance and surface temperature

=2 Methods differ with regards to: =2 Classification consists
e the number of images used: one of the most
uni-temporal and multi-temporal common ap proaches
e the type of processing carried employed (e.q. Sunar and

out (e.g. radiometric index, Ozkan, 2001).

classification, sub-pixel level analysis
methods)



. Burned area mapping

. Comparative studies evaluating the performances of the
combined used of different algorithms with different RS-

data, even more in Mediterranean setting are limited (e.g.
Boschetti et al,, 2007; Kontoes et al. 2009).

2 This despite that nearly 90% of all the wildland forest
fires in the European Union take place in the Mediterranean
countries (Rosa et al,, 2008).

Study objective:

2 The present study objective was to undertake in a
Mediterranean setting a detailed investigation of the
use of Maximum Likelihood (ML) and Support
Vector Machines (SVM) classifiers for obtaining
total burnt area cartography from the Landsat TM &
Advanced Land Imager (ALI) satellite radiometers.



Test site

m AS g case study it was
selected a region near the
capital of Greece, where a
catastrophic fire occurred
in August 2207, 2009.

Figure 2: Images of affected area during (left)
and after (right) fire (source: BBC news)
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Datasets

SATELLITE DATASETS:

@ Landsat TM imagery (Sept. 3rd , 2009)
. ALl imagery (Aug. 30th, 2009)

OTHER SPATIAL DATASETS:

@2 CORINE Land Cover 2000 (100m spatial e g emees
resolution) :

e

4230{]00

@ Burnt area estimate from SAFER
(Services and Applications for Emergency
Response), based on Landsat TM
analysis (Kontoes et al,, 2009)
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Figure 3: 7M (top) and ALI (bottom) images acquired. SAFER Zlurmz area is
also overiain in the TM image (shown in yellow, left)



. Methodology
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Figure 4: Methodology flowchart



o Methodology

2 ML (Richards, 1999) assumes that statistics for each
class in each band are normally distributed and
calculates the probability that a given pixel belongs to
a specific class

2 ML was performed by calculating the following
discriminant functions for each pixel using a single
probability threshold value for all classes.

g(v) - In p( rr_:'j) % In \E;\ - (X - ;mtj)-if Zi'l (v - mj)

Where
i=class

» = m-dimensional data (where ris the number of bands)

p(?l;} = probability that class ?r. occurs in the image and is assumed the same for all classes

|Er.| = determinant of the covariance matrix of the data in class 7



o Methodology

m SVM (Vapnik, 1998) is a binary classifie; provides
separation of classes by fitting an optimal separating
hyperplane to a set of training data that maximizes
the separation between the classes. The aata points
closest to the hyperplane are called support vectors.

2 SVM was applied using the Radial Basis Function
kernel.

Radial Basis Function: K (X, X;) =exp(- VH(X.’ J)H 7 >0

where: y is the gamma term.

Penalty parameter was set to its maximum value, probability
threshold value was set zero, y was equal to the inverse of the
number of bands.
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Figure 6: AL/ classification using ML (leff) and SVM (right) classifiers



ML (Landsat TM) SVM (Landsat TM) ML (ALI) SVM (ALI)

Figure 7: Burnt area overlaps between sensor considered each times (blue) , SAFER (red), and the
burnt area identified by both the latter two datasets (green)



Table 2: Summary of total burnt area comparisons

ESTIMATED BURNT AREA FOR THE COMMON
REGION BETWEEN TM & ALI SENSORS

Classification method applied
T™M ML
TM SVIM

ALI ML

ALISVM

SAFER BURNT AREA ESTIMATE
FOR THE SAME REGION:

COMPARISONS FOR THE TOTAL BURNT AREA
(COVERED ONLY IN THE TM IMAGE)

Burnt area estimate (km?)
110.44
115.79

104.15
115.79

126.29

Classification method applied
TM ML
TM SV

SAFERTOTAL BURNT AREA
ESTIMATE:

Burnt area estimate (km?)
113.65
119.37

130.46 ML (Landsat TM) SVM (Landsat TM)

Figure 8: Burnt area overlaps between Landsat TM
(blue), SAFER (red), and the covered area by both
the latter two datasets (green)



° Conclusions

Overall classification accuracy for both TM & ALI was
higher with the SVM in comparison to the ML classifier.

Also for both TM & ALI, (otal burnt area estimate from
SVM was in closer agreement with the SAFER.

Results comparable to other studies particularly for SVM (e.g.
Zammit et a,, 2006; Cao et al,, 2009)

Differences in results obtained are attributed mainly to:

signal-to-noise ratio and DN dynamic range differences between TM
& ALI sensors, relative to the algorithms characteristics on treatment
of land cover heterogeneity , burning responses of different
vegetation types and terrain complexity.

... Thank you for your attention!



