Remote Sensing for Science, Education,
and Natural and Cultural Heritage

Rainer Reuter (Editor)
EARSeL, 2010

MODIS Data Mining to Map Burned Areas
C. QUINTANOa,1 , A. STEINb, W. BIJKERb, and A. FERNÁNDEZ-MANSOc
a
University of Valladolid, Electronic Technology Department, Spain
b
International Institute for Geo-Information Science and Earth Observation (ITC),
Earth Observation Science Department, The Netherlands
c
University of León, Agrarian Engineering Department, Spain
Abstract. Estimation of areas burned by forest fires in Mediterranean countries is achieved by applying an image mining method to MODerate-resolution Imaging Spectroradiometer (MODIS)
satellite data. The proposed image mining based method needs a post-fire image as input and involves three steps: modelling as a sum of Gaussian functions, kernel based smoothing, and thresholding. The optimal stopping rule of the modelling iterative algorithm, the optimal smoothing parameter, and the optimal threshold have been identified by the κ statistic. This statistic measures
the accuracy of the burned areas estimation by relating the estimation area with the burned area perimeters measured by Global Positioning System (GPS). Two indexes, specifically designed for
burned area identification and adequate to distinguish burned areas have been used: the Burned
Area Index (BAI) and the Normalized Burn Ratio (NBR). A Z-test allowed us to compare the accuracy of these estimates with the accuracy obtained by classifying directly the input images. Results show that image mining based methods allowed a higher accuracy of the burned areas estimation. We conclude that MODIS data mining is valid to accurately map burned areas.
Keywords. Burned areas, MODIS, image mining

Introduction
The use of remote sensing data and methods for mapping burnt areas has a long history in the
European Mediterranean region [1]-[4]. It is able to provide temporal and spatial coverage of damage assessment without costly and intense fieldwork. The resulting information is suitable for integration into a Geographic Information System (GIS) that allows the storage and processing of large
volumes of spatial data.
Data from the National Aeronautics and Space Administratiuon (NASA) MODerate resolution
Imaging Spectrometer (MODIS) has been broadly used to map burnt areas [4]-[9]. MODIS is a sensor onboard of Terra (morning) and Acqua (afternoon) satellites with a daily coverage and more
than 30 narrow bands at wavelengths from the visible to the thermal infrared and at a variable spatial resolution (250 m-1000 m).
Concerning the remote sensing methods dealing with fire scars mapping from reflectance satellite data, three groups can be distinguished: 1) single image analysis (unitemporal perspective), in
which one image acquired after the fire event is available; 2) change detection techniques
(multitemporal perspective), in which pre-fire and post-fire conditions are combined to discriminate
changes; and 3) time series analysis, in which a fairly complete set of pre-fire and post-fire scenes
are used. Single image analysis is commonly used for the processing of medium to high or very
high spatial resolution satellite imagery, and any of the classification methods of remotely sensed
data can be used for mapping burnt areas [10].
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Use of spectral indices is widespread among different inputs to the classifier algorithm. Vegetation indices such as the Normalized Difference Vegetation Index (NDVI) whose estimation typically involves data form red and near-infrared (NIR) bands have been commonly used to derive
vegetation properties but also to discriminate and map burned areas [2],[11]-[13]. According to [14],
burned vegetation results in a drastic reduction in NIR reflectance and an increase in shortwave infrared (SWIR) reflectance in most environment and fire regimes. Spectral indices that integrate data
from NIR and SWIR bands and are specifically designed for burned land discrimination have been
recently developed and tested. Novel spectral indices include the Burned Area Index for MODIS
data (BAIM) [15] and the Normalized Burn Ratio (NBR) [16]-[17]. Other studies have investigated
the utility of principal components analysis [18], texture analysis [19] and spectral mixture analysis
[20].
Image mining, and more specifically spatial image mining, is a relatively new field of study that
uncovers patterns or statistically significant structures in spatial data [21]. It allows for detecting
and mapping features that show a spatial pattern. Although there are almost no references relating
spatial image mining to burned areas by forest fires; in [22] the authors showed that the proposed
image mining algorithm successfully obtained accurate estimations of burned areas from satellite
imagery. Spatial mining algorithm comprises three steps: 1) modelling, expressed by applying
Gaussian distributions on individual grid cells with deviating values; 2) pre-classification consisting
of applying a smoothing kernel; and 3) thresholding with the objective to classify the image into
burned and unburned classes.
In [22], we showed that image mining based on modelling and smoothing, produces more accurate burned area estimations than conventional methods based on thresholding an NDVI image. The
accuracy level was measured by means of κ statistic. The objective of this research is to validate the
spatial image mining method to map burned areas from the BAIM and NBR indexes derived from
MODIS that are specifically designed to do so.
1. Study area and dataset
The study area is the Barbanza county in Galicia (Northwest Spain) with an area of 29 000 km2).
The Galician landscape mosaic is heterogeneous due to the high degree of fragmentation caused by
human activity (64% of the total area is forestry land). Most fires occur between June and September, being the dry summer period. During the fire season in 2006 in Galicia, 939 km2 (540 km2 forested) was burned. A total of 1651 fires occurred from 4 to 15 August, mainly caused intentionally
and favored by strong winds and a dry, hot summer [23].
Two types of data were used: 1) the Global Positioning System (GPS) based perimeter of
burned areas in the Barbanza county; and 2) MODIS surface reflectance data. Both data suffered
some preprocessing. The contiguous burned areas on the GPS-based burned area perimeter vector
file were grouped and only burned areas larger than 0.5 km2 were considered. The preprocessed
GPS-based vector file consisted of 15 burned areas, and the total considered burned area was 150
km2.
Next, the MYD13Q1 (vegetation indexes, 16-day, 250 m) MODIS product from 21 August to 5
September was windowed to the study area, re-projected to the Universal Transverse Mercator
(UTM) system, WGS84-29n, and co-registered with the preprocessed GPS based burned area perimeter. This product has a spatial resolution of 250 m and includes four reflectance bands (blue,
red, NIR, SWIR) and two vegetation indexes (NDVI and Enhanced Vegetation Index–EVI-).
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2. Method
The proposed image mining algorithm consists of three independent modules: modelling (M),
smoothing (S), and thresholding (T) that are explained in detail in the next subsections. To obtain a
burnt area estimation from the input image, four alternatives have been considered:
1) Thresholding the input image (T). This estimation method does not include an image mining
based method. Therefore, it serves as a reference to be compared to other burnt area estimations identified below.
2) Thresholding the modelled input image (M+T).
3) Smoothing the image, followed by thresholding the smoothed input (S+T).
4) Modelling the input, followed by smoothing and thresholding (M+S+T).
2.1. Calculation of BAIM and NBR
The BAIM index is estimated using the Equation (1):

1
(1)
( ρCNIR − ρ NIR ) + ( ρCSWIR − ρSWIR ) 2
where ρCNIR and ρCSWIR are the NIR and SWIR reference reflectance values, respectively, and ρNIR
and ρSWIR are the pixel reflectance values in the same bands. Following [15], the reference reflectance values were: ρCNIR = 5 percentile of burned NIR distribution and ρCSWIR = 95 percentile of
burned SWIR distribution.
The NBR index is obtained by applying the Equation 2 to the preprocessed MODIS image:
ρ − ρSWIR
NBR = NIR
(2)
ρNIR + ρ SWIR
where ρNIR and ρSWIR are the NIR and SWIR reflectance values, respectively.
BAIM =

2

2.2. Modelling module (M)

The modelling module (M) models the input image (I) as a sum of N weighted Gaussian functions
(Equation 3), each of them representing a small part of the burned area. Their characteristics, number and weight are determined by using a image mining iterative algorithm based on the two coordinates xi1 and xi2 of the ith observation location in two perpendicular directions, following [24].
N

I ( x1 , x2 ) ≅ ∑ wi fi ( xi1 , xi 2 )

(3)

i =1

2.3. Smoothing module (S)
A kernel smoother uses weights that smoothly decrease when moving away from the pixel under
consideration. The Gaussian kernel function used has a weight function based on the Gaussian density function (Equation 4) and assigns weights to points that decrease exponentially with the
squared Euclidian distance from the pixel under consideration,χ0:
⎛ x−x
0
K λ ( x0 , x) = exp⎜ −
⎜
λ
2λ
⎝
1

2

⎞
⎟
⎟
⎠

(4)

The parameter λ corresponds to the variance of the Gaussian density, and controls the width of
the neighbourhood. A large value of λ implies a low variance as the kernel averages more observations, but it also implies a larger bias, whereas a small value of λ implies a relatively large variance
and a small bias. Its optimal value was defined experimentally at the accuracy assessment stage.
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2.4. Thresholding module (T)
The classification of the input image into “burnt” and “unburnt” allow obtaining a burnt area estimation. In this study, a pixel of the input image will be assigned to the “burnt” class if its value is
higher than a pre-defined threshold. Following [2], instead of absolutes values, relative thresholds
based on the mean value of the image to be thresholded and on its standard deviation have been applied. As happened before, the optimal threshold was defined at the accuracy assessment stage.
2.5. Accuracy assessment
As recommended by [25], confusion matrices and the κ statistic were used to measure the accuracy
of the achieved burned area estimations. In addition the overall accuracy (OA), producer’s accuracy
(PA) (omission error) and user’s accuracy (UA) (commission error) were considered as well. As the
ground truth image, a rasterized map resulting from the preprocessed GPS-based vector file was
used. A stratified random disproportional sampling strategy was employed. All pixels corresponding to the burned areas in the ground truth image were considered and the 50% of the pixels corresponding to the unburned areas were randomly selected.
In addition, we used a leave-one-out cross-validation strategy [26]. In our study, this strategy
meant that of the 15 burnt areas, 14 were used as training data to identify the optimal smoothing
parameter and the optimal threshold that maximize the κ statistic, and one was retained as a validation area. This process was repeated 15 times, with each of the 15 burned areas used exactly once as
the validation area. Finally, the optimal pair of smoothing parameters and thresholds were defined
as the mode of the optimal values obtained for each of the validated burned areas (κ statistic higher
or equal to 0.6); and the definitive estimation of the whole burned area in the Barbanza district was
calculated using this optimal pair of values [22].
A two-sided Z test was applied to the individual κ statistics associated to these definitive estimations to know if there are significant differences between two estimations. Note that z = 1.96 at the
95% confidence level, and that the null hypothesis H : (κ -κ ) = 0 is rejected when Z > z .
c

0

1

2

c

3. Results and discussion

Table 1 displays the highest κ statistics obtained by applying each alternative to the original NIR
band and to the spectral indexes. Note that the κ statistics obtained when (S+T) and (M+S+T) alternatives were applied are almost equal ((S+T) lightly superior) and higher than the κ statistics obtained by using (T) or (M+T) alternatives. Regarding the inputs, NIR band, EVI and BAIM resulted
in more accurate estimations, whereas NDVI and NBR showed the lowest accuracy. The smoothing
parameters and threshold value used to obtain the more accurate burned area estimations for each
input are displayed in Table 2 (OA, PA and UA are also presented).
Table 1. The highest κ statistics obtained by applying each alternative to each input (bold values show the highest κ
statistic obtained for each input).
Input
NIR
NDVI
EVI
BAIM
NBR

(T)
0.66
0.57
0.67
0.64
0.57

Alternative
(M+T)
(S+T)
0.64
0.69
0.40
0.61
0.64
0.68
0.66
0.67
0.51
0.61

(M+S+T)
0.68
0.60
0.67
0.67
0.58

The Z statistics obtained when comparing the burned area estimations achieved applying the
different alternatives to each input are shown in table 3. For the alternatives (T) and (S+T) (the ref442
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erence alternative and the alternative with the highest κ statistics, respectively), significant differences were observed when NDVI or NBR were used as inputs, with the κ statistic being equal to
0.61 in both cases. Noticeably no significant differences were observed when BAIM was used as
input. All the inputs except BAIM showed significant differences between (M+T) and (S+T).
Table 2. Information about the highest accurate burned area estimation (μ: mean, σ: standard deviation).
Input

Optimal
alternative
NIR
(S+T)
NDVI
(S+T)
EVI
(S+T)
BAIM
(S+T)
NBR
(S+T)

Optimal
λ
1.50
1.75
0.75
1.25
2

Optimal
threshold
μ+ 0.25*σ
μ+ 0.25*σ
μ+ 0.25*σ
μ+ 0.25*σ
μ+ 0.25*σ

K statistic

σk

OA

PA

UA

0.69
0.61
0.68
0.67
0.61

0.0105
0.0115
0.0107
0.0109
0.0117

0.84
0.80
0.84
0.84
0.81

0.84
0.80
0.84
0.84
0.80

0.84
0.80
0.84
0.84
0.81

Table 3. Z statistics (bold values show Z > 1.96) comparing the four alternatives: (T): thresholding, (M+T): modeling
and thresholding, (S+T): smoothing and thresholding, and (M+S+T): modeling, smoothing and thresholding.
Alternative 1
(T)
(T)
(T)
(M+T)
(M+T)
(S+T)

Alternative 2
(M+T)
(S+T)
(M+S+T)
(S+T)
(M+S+T)
(M+S+T)

NIR
1.02
1.91
1.56
2.93
2.58
0.36

NDVI
9.51
2.00
1.65
11.51
11.14
0.34

Input
EVI
1.60
1.19
0.12
2.80
1.73
1.07

BAIM
1.21
1.70
1.12
0.48
0.08
0.57

NBR
3.43
2.27
0.48
5.75
3.92
1.80

The simultaneous analysis of Tables 1 and 3 allows identifying the combination of input and alternative with the highest κ statistic that showed significant differences compared to the reference
alternative (T). Such combination is obtained when using NDVI or NBR as inputs of the (S+T) alternative (k = 0.61). Visualizing both burnt area estimations (see Figure 2) the estimation based on
NDVI is preferred because the NBR-based estimation presents an excessive smoothing.

a) Ground truth

b) Input = NIR

c) Input = NDVI

d) Input = BAIM

e) Input = EVI

f) Input = NBR

Figure 2. Burnt area estimations based on thresholding the smoothed input
(S+T alternative with the parameters showed in Table 2).

Regarding the alternative that allowed more accurate estimations our result is in accordance
with other authors (see [22] and [27]) that stated that smoothing used as a pre-classifier leads for
higher accurate burned area estimations. Concerning the inputs used NBR stands as the more adequate index to estimate burnt areas, which is in accordance with several studies (e.g. [28]-[29]) that
show how NBR highlights the severity of burned areas. NDVI performance is, however, unusual.
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.
4. Conclusions

This study assesses the utility of image mining algorithms to map burned areas in Mediterranean
countries from MODIS data. Specifically the smoothing algorithm has been used as a preclassifier.
The results show that image mining algorithms allow burnt areas estimation with higher accuracy
than conventional methods such as thresholding.
The burnt area estimation obtained by using the NBR index as input to the (S+T) alternative was
more accurate than the burnt areas estimation obtained by thresholding the input image (T). In addition, the Z test of the κ statistics showed significant differences between this image mining algorithm and the reference procedure (just thresholding).
We conclude that MODIS data mining is a valid methodology to accurately map burned areas.
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