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ABSTRACT 

The extent, frequency and intensity of forest fires in Mediterranean regions have become 

an important problem in recent decades. Nowadays, remote sensing is an essential tool for 

the planning and management of the land at different scales. In the field of forest fires 

remote sensing images have been used in many different types of studies and currently 

applied to detect burned areas by means of images, providing quickly, easily and 

affordable the limits of burned areas immediately during or after the fire season. The 

importance of these products lies in the possibility to obtain perimeter, area and damage 

level caused by wildfires.  

The objective of this study was the evaluation of multi-scale remotely sensed images and 

various mapping methods for the identification and estimation of burned areas. The area 

of the study was situated in Galicia, a region of Spain punished year after year by 

important wildfires. By employing 7 images before, during and after the occurrence of 

forest fires, and working with different methods it was possible the collection of several 

products and results. 

The satellite imagery used was Landsat TM5 and MODIS, and the methods carried out 

were mainly spectral indices such as Normalized Burnt Ratio (NBR), Short Wave InfraRed 

Index (SWIR), Burnt Area Index (BAI), Burnt Area Index for MODIS (BAIM) and supervised 

classifications. Based on a wide literature review there were selected as suitable 

techniques for assess, localize and quantify burned areas. The work was separated in two 

sections, being differenced monotemporal and multitemporal analyses, depending on the 

images involved in each part. 

The results showed that which indices can distinguish burned areas with the high 

precision. There were found common problems of all indices as the classification of 

burned areas in shaded regions as unburned areas. Landsat images proved to be the most 

accurate images to perform studies with burned areas due to its high spatial resolution 

comparing with MODIS images.  

As a final products were obtained with precision the total burned area, the perimeter, the 

localization and the burn severity of the regions affected by wildfires. The data obtained 

could be used to create a database of burned areas, or based in the repetitive patterns, as 

useful information in order to prevent future forest fires.   
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1. INTRODUCTION 

1.1. Background  

For thousands of years wildfires have been a natural agent that shapes most of the 

ecosystems. The action of fires regulates the composition of the vegetation and it is 

considered as a vital process to initiate the vegetation cycles (Roy, 2003). 

However, the extent, frequency and intensity of forest fires in Mediterranean regions have 

become an important problem in recent decades due to human interaction both 

accidentally and intentionally for neglect or economic reasons (Gillespie, et al., 2007).  

These environmental and social impacts cause the need to seek reliable and profitable 

tools that allow to make estimations about these phenomena (González, et al., 2005).  

In the recent years, remote sensing has become an essential tool for the planning and 

management of the land at different scales. In the field of forest fires remote sensing 

images provide comprehensive information of wide areas and with a high temporal 

frequency. Since 40 years ago remote sensing images have been used in many different 

types of studies and currently applied to detect burned areas by means of images, 

providing quickly, easily and affordable the limits of burned areas immediately during or 

after the fire season (Bastarrika & Chuvieco, 2006). The importance of these products lies 

in the possibility to obtain perimeter, area and damage level caused by wildfires. 

 

1.2. Rationale for the Research 

One of the most important issues that affect the management of forest fires is the lack of 

systematic mapping of burned areas. This makes the assessment of the environmental 

impact difficult, as well as the introduction of appropriate measures to prevent the ground 

erosion and to contribute to the regeneration of vegetation. 

Despite the large and recurrent statistics of forest fires in Spain, there is only a database of 

fires with a perimeter of over 50 Ha (Barbosa, et al., 2002; Martín, et al., 2007). Fire 

perimeters are obtained mostly using GPS, not including interior unburned regions, and 

unable to distinguish the level of damage.  
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Remote sensing is presented as a very solid alternative to map burned areas, allowing a 

systematic identification through the use of spectral bands, sensitive to discrimination of 

burned areas. 

 

1.3. Objective 

The objective of this thesis is the evaluation of multi-scale remotely sensed images and 

various mapping methods for the identification and estimation of wild fires and burned 

areas. Nowadays there are multiple sources of information, publications and studies, but 

there is not a consensus about choosing one method over others, due to the complexity of 

the phenomena. One of the tasks will be to choose the adequate information, working only 

with effective methods in order to obtain the most accurate results. The specific objectives 

purposed are summarized below. 

 Evaluate Landsat and MODIS images for estimation of burned areas.  

 Compare different indices and methods in order to obtain the total burned area, 

quantity of forest fires, size and perimeter. 

 Distinguish different grades of burnt severity in the same fire. 

 

1.4. Structure of the Thesis 

Taking into account a pack of satellite imagery pre-fire and post-fire (for more detail see 

Table 3 and Table 5) a serial of methods will be performed to estimate the burned areas: 

 Indices of Burned Area 

 Normalized Burnt Ratio (NBR) 

 Short Wave InfraRed Index (SWIR) 

 Burned Area Index (BAI) 

 Burned Area Index MODIS (BAIM) 

 

 Supervised Classification 

All the methods will be carried out following the next schema: 
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TASK #1: MONOTEMPORAL ANALYSIS 

The first objective of this task is to determine the best combination of bands to identify 

forest fires. Once chosen the best combination to an optimal visual analysis, it will be 

possible the application of specific indices in the image post-fire to identify burnt areas. 

The objective is to compare the quality and accuracy of these indices in different kind of 

images (Landsat TM5 and MODIS). 

 

TASK #2: MULTITEMPORAL ANALYSIS 

The aim of this task is comparing, also with the application of different indices, the 

changes produced between images pre-fire and post-fire, separated between them 

different time scale:  

 Comparing images just before and after forest fires (16 days of difference on 

Landsat images and 18 days on MODIS images) 

 Comparing images separated with one forest-fire season (From April to October on 

Landsat images) 

 Comparing images separated in 4 years (From 2007 to 2011 on Landsat images) 

The results will be compared with data of validation obtained after the digitalization of 

representative burned areas. 
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2. LITERATURE REVIEW 

Forest fire is a phenomenon usually linked to Mediterranean areas, which involves that 

the vegetation has adapted to fire recurrence cycles through various ecological 

mechanisms. The recent transformation of rural areas and the effects of different fire 

extinction policies have led to a change in historical patterns of recurrence, often 

shortening cycles, intensifying  and altering intensities on other, in short, the traditional 

effects of the fire (Heredia, et al., 2003). 

The discrimination of burned areas caused by forest fires is a key source of information to 

the post-fire management tasks. Remote sensing has proved to be an important tool each 

time more operative developing this kind of job. Then it will try to explain the latest 

remote sensing applications and techniques used to aerial burned cartography focusing in 

terms of spectral viability, scale and precision. 

A system of management of forest fires requires a global evaluation of the areas affected 

by fire, in terms of perimeter and area, as in level of damage caused by fire in the 

vegetation and ground (Bastarrika, et al., 2011). 

The detection of areas affected by fires is possible through differences that have the 

spectral signatures of the burned vegetation in contrast with the no burned vegetation.  

These differences mainly respond to decrease of the photosynthetic vegetation capacity 

(VIS), the shift in its structure (NIR), the loss to water content (SWIR), or even in the 

proportion of ashes and charcoal accumulated in the surface (VIS and SWIR), as it can 

observe in the Figure 1. 

 

Figure 1. Generic spectral reflectance curves of vegetation and char (Smith, et al., 2005). 
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The advances of detection techniques are based in the possibility of capture the spectral 

variations of burned vegetation as to spatial level as multitemporal. On the other hand, the 

improvements of sensors in terms of calibrations, atmospheric correction and cloud 

detection have improved the detection and mapping of burned areas. Different algorithms 

based on combinations of spectral indices (e.g. NRB, BAI) have been developed for the 

production of products and cartographies of burned areas to different scales: global, 

regional and local. The importance of these products lie in the possibility of obtain 

information of the burned total area, the quantity of fires and their characteristics as size 

and perimeter, spatial patterns and temporal dynamics associate to type of affected 

vegetation and even the damage levels caused by these disturbances.  

This information is critical to the time of allocate and prioritize resources (acting before in 

the most affected areas), to minimize the erosion of the ground and helping the recovering 

of the vegetation. Evaluation of these effects requires an accurate mapping of areas 

affected by fires. Despite of good quality that statistics of fire occurrence present in our 

country (Vélez Muñoz, 2009), most part of the fires are not geographically referenced with 

high precision, because its localization is registered in a grid of 10 x 10 km (General 

Direction of the Biodiversity, Ministry of Environment), or in the municipality of origin.  

This lack of spatial referencing makes difficult the ecological assess of fire effects and 

helps regeneration, as well as verification of current systems of risk prediction.  

Different autonomic laws force to register the perimeter of the forest fires of most 

extension (usually above 50 Ha), using GPS techniques, but this methodology is not fully 

homogeneous to national level (Barbosa, et al., 2002; Chuvieco, et al., s.f.; Martín, et al., 

2007; Roy, 2003) and difficult to access. As there are no general guidelines, in the majority 

of cases, perimeters obtained using GPS do not include interior stains and do not 

distinguish damage level. 

Remote sensing from satellite is set out as a very solid alternative for mapping burned 

areas, allowing a systematic observation of all land surfaces, in spectrum bands sensitive 

to discrimination of burned signal and in digital format (Chuvieco, et al., 2002). 

In general guidelines, the fire forest modify the vegetal cover, reducing the chlorophyll and 

the humidity level. Also, they increment the percentage of uncovered ground, colour 

change and carbonized area. These effects in the vegetation and ground produce changes 

in the reflectivity patterns, that they can be detected using analysis of satellite images. For 

this reason, remote sensing is a very solid alternative for mapping burned areas, because it 
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gives a spatial and temporal coverage enough detailed as a spectral information that 

allows the separation of the burned areas regarding to another kind of coverage. 

Numerous studies have confirmed the applicability of remote sensing to the 

discrimination of burnt areas. To accomplish this task, different techniques have been 

proposed, that can to be grouped in two different sections (Heredia, et al., 2003) on the 

one hand the selection of the spectral index most appropriate, on the other side the 

techniques of discrimination (monotemporal and multitemporal). 

The main objective of this paragraph is to analyze and to compare the different existing 

methods to obtain cartography of burned area, according to the scale, from satellite 

images. Thus, it will be able to decide what technique is the best to perform the analysis. 

To carry out a multitemporal comparison in remote sensing it is necessary to remove 

previously, to the extent possible, any change in the digital numbers of the scene that is 

not due to actual changes in the cover. This involves ensuring that it is located in the same 

area for both dates, and that it is comparing the variable refers to the same scale of 

measurement (Chuvieco, et al., 2002).  

It is necessary to remove also the distortions caused by the interference of the atmosphere 

in the radiation reflected by the surface: for this it performs the appropriate radiometric 

corrections to treat to bring closer the original digital numbers to which should in case of 

an ideal reception. This type of corrections are especially necessary when performing 

multitemporal studies, since the factors affecting an image are often not comparable to 

those experienced by other in different date (Martín & Chuvieco, 1998). 

 

2.1.  Spectral Characterization of Burned Areas 

In the spectral characterization of the burned vegetation it is necessary to consider two 

different kinds of signal: one comes from the formation and deposition of the coal and 

ashes, the other signal comes from the modification of the structure and quantity of 

vegetation. The first type of signal is as consequence of the vegetation combustion, and it 

has the disadvantage of it that lasts short time and it is gradient for the action of wind and 

rain. In fact, the effects are eliminated in a few weeks or months after the fire. The second 

signal is more stable, but it is less clear to differentiate the fire effects, because of that the 



7 

 

partial or total elimination of the vegetation can to be caused for other factors, as the 

deforestation, vegetation stress or action of plagues (Pereira, et al., 1999). 

In the visible spectrum (VIS), the reflectivity of one burned area is increased, as a 

consequence of the losing of chlorophyll of the leaves and/or the augmentation in the 

proportion of uncovered ground. However, in recently burned areas with intense fires, 

where the vegetation has been affected severely and the predominance of coal and ashes is 

significant, the reflectivity decreases considerably, resulting confused areas of low 

reflectivity, as the shadows, water, wetlands and dense conifer forests. This is caused 

because both the chlorophyll as the ashes and coal they have low reflectivity in VIS. These 

similarities reduce the possibility of using the visible rank to distinguish burned areas 

(Pereira, et al., 1999). 

The near infrared (NIR) is the region of the spectrum where the signal of the recently 

burned areas is most evident, especially when the quantity burned is big and the 

combustion has produced a great amount of coal above the soil, and as a consequence of 

this fact, a decrease of the reflectivity. 

The changes in the spectral answer caused by the burned areas in the Short Wave Infra 

Red (SWIR) cause an increase in the reflectivity, as the observed in the rank of VIS. In this 

last one, the reflectivity is increased as a consequence of the loss of chlorophyll, while that 

in the SWIR, the reflectivity increases to the humidity decrease in the plants. The 

increasing of the reflectivity in SWIR is bigger than in the VIS spectrum. Finally, the 

reflectivity of the burned areas in SWIR is less than the reflectivity in the unburned areas 

(bare soil, rocky outcrops or urban areas), but higher than the reflectivity of the healthy 

vegetation and the water (Pereira, et al., 1999). 

In conclusion, the deterioration of the internal structure of the leaf and the decreasing of 

chlorophyll and humidity content in the vegetation affected by fire, they lead to an 

increase of the spectral answer in the wave length in SWIR and a decrease in the NIR 

(White, et al., 1996). 

The Figure 2 shows a resume of the changes that suffer the spectral sign of the vegetation 

in relation with the level of damage suffered by the fire. 
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Figure 2. Vegetation spectral response to stress conditions (Nikouravan, n.d.) 

 

2.2. Spectral Indices for Identification of Burned Areas 

The spectral indices have been commonly used to find the burned areas from satellite 

images. The first indices employed were the vegetation indices, initially developed to 

enhance the vegetation signal (because they are based mainly in the contrast between red 

and near infrared bands), minimizing the atmospheric effects and the soil effects. In this 

line different alternatives exist depending of the available sensors (Chuvieco, 2008). The 

Table 1 shows a list of the most used indices. Although the vegetation indices allow 

identifying the loss and/or the vegetation harm caused by fire, the spectral answer of the 

burned vegetation (the high reflectivity in VIS and low in NIR) can cause confusion with 

other surfaces, as water, shadow areas and, in some cases, conifers. In consequence, the 

traditional Normalized Difference Vegetation Index (NDVI) does not result to be a good 

discriminator of burned area in images after the fire, although shows good results in 

multitemporal comparisons (before and after the fire). SAVI has proven to be very 

sensitive identifying the quantity of vegetation in very low density areas. GESAVI 

represents an improvement of the previous index, but it is very dependent of the election 

of the parameter Z, that for its correct definition, it requires a priori knowledge of the 

study area. This limitation has reduced a lot its use. GEMI, is less affected for the 

atmospheric variations and the soil variations than NDVI, also it has been more sensitive 

identifying burned areas. To solve the problems related with the vegetation indices, 

specific indices to map burned area have been developed (Table 1). 
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Table 1. Definition of indices used to map burned area 

 INDEX FORMULATION 
V

E
G

E
T

A
T

IO
N

 I
N

D
IC

E
S

 

Normalized Difference 
Vegetation Index 

(NDVI) 

      
           
           

 

Where        and     = reflectivity of i pixel in the band of NIR 

and R respectively. 

Soil Adjusted 
Vegetation Index 

     
       

         
       

Where L = parameter that considers the difference in 
transmissivity of the top to R and NIR. L = 0.5 is consider 

generally as an optimal value for forests (Huete, 1988). 1+L is 
a multiply factor to keep the same rank of values that in NDVI. 

Generalized Soil 
Adjusted Vegetation 

Index 

       
          

   
 

Where Z = coefficient of adjustment to the soil. 

Global Environmental 
Monitoring Index 
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Normalized Burnt Ratio 
(NBR) 

     
              

              

 

Where         = reflectivity of i pixel in the band of SWIR 

(between 1 and 2.5 microns). 

SWIR Index 

          
    

    

 

Where      and      = reflectivity to the bands 7 (SWIR) and 
4 (NIR) of LANDSAT TM. 

Burned Area Index 
(BAI) 

     
 

          
                

 
 

Where     and       = reflectivity of the center of 
convergence to the burned areas in R and NIR, with values of 

0.1 and 0.06 (Martin, 1998). 

Burned Area Index 
MODIS 

      
 

              
                  

 
 

Where       and        = reflectivity of the center of 
convergence to the burned areas in NIR and SWIR, with 

values of 0.04 and 0.2 (Martin, 1998). 

 

Normalized Burnt Ratio (NBR), is similar to the most old Normalized Difference Infrared 

Index (NDII) developed by (Hunt & Rock, 1989) but (Key & Benson, 2006) called 

Normalized Burnt Ratio. This is one of the most used index whether for mapping the 

burned area or to identify the different levels of damage that the vegetation has suffered 

caused by the fire (García & Chuvieco, 2004). A simplification of NBR is SWIR index (Table 

1). It is a simple ratio between the SWIR band of Landsat TM and the band of NIR and it 

was successful used by (Pereira, et al., 1999; Roy, 2003). 

Finally, (Martín & Chuvieco, 1998) proposed the BAI based in the distance to a 

convergence centre that spectrally identify the signal of the coal. Recently this index has 
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been modified including the SWIR band (1.3 - 2 µm), more effective searching fires. This 

new index, BAI MODIS was specifically developed to the bands of MODIS sensor (B2 = NIR, 

B7 = SWIR). Its efficacy has been widely contrasted (Martín, et al., 2007; Pereira, et al., 

1999). 

 

2.3. Remote Sensing Data for Fire Discrimination 

The ease of obtaining images with different resolutions (temporal, spatial and spectral) 

makes it suitable for such studies. The contributions made so far by various authors 

demonstrate the capabilities of current commercial sensors to locate and define the areas 

affected by forest fires. The accuracy of these estimates will depend mainly on the type of 

image but also the method used (Gómez & Martín, 2008). 

It is possible to determine the burned area in three different scales: global, regional and 

local, regarding to the type of data. The scale of work will condition the smallest unit of 

information that it must to include in the thematic map, what is often called Minimum Map 

Unit (MMU). Also it determines the optimal relation between omission and commission 

errors that it can achieve (Boschetti, et al., 2004).  

Hence, the scale of working is directly related with the kind of sensor more suitable to the 

proposed study. Broadly, in projects with global scale, the most used sensors are NOAA-

AVHRR and MODIS (Barbosa, et al., 2002; Chuvieco, et al., s.f.), with pixel size around 1 Km, 

as for studies with most reduced areas LANDSAT and SPOT are used (Boschetti, et al., 

2010; Anggraeni & Lin, 2011). 

More recently, images of the sensor ATSR (Along-Track Scanning Radiometer) aboard ERS, 

have generated a global mapping of active sites. It is also remarkable the launching of 

MODIS (Moderate-Resolution Imaging Spectre radiometer) aboard the Terra and Aqua 

satellites, being a relatively new sensor geared mostly to global dynamics.  

Thanks to MODIS it is possible the monitoring of burned areas, and which already has 

several operational products in relation to the global inventory of burned areas 

(http://lance-modis.eosdis.nasa.gov/cgi-bin/imagery/firemaps.cgi), furthermore the 

same sensor have been collecting thermal anomaly data since 2000 (see 5.4. section) and 

the recent launch of MERIS (Medium Resolution Imaging Spectrometer) on board Envisat, 

http://lance-modis.eosdis.nasa.gov/cgi-bin/imagery/firemaps.cgi
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which will use hyperspectral technology for the determination of burned areas (Chuvieco, 

et al., s.f.). 

Evidently, it exists a certain overlap in this distinction, caused by it is necessary to find a 

balance between spatial and spectral resolution for each application. 

The fire discrimination techniques can be grouped in two categories according to the kind 

of data used: 

 Monotemporal data: Techniques that only use images of one date, post-fire. 

 Multitemporal data: Techniques that compare images before and post-fire. 

 

2.3.1. Monotemporal Data  

In this first case, the most usual is apply a threshold to the original bands or to the results 

of the application of spectral indices, transformations of the bands, etc. The objective is to 

define homogeneous groups of pixels to find the optimal ratio between errors for omission 

or commission. In the case of the delimitation of the burned area, very demanding 

thresholds reduced the areas not burned that are discriminated as such (commission 

errors), at the same time that they augment the really burned pixels that are no detected 

in this algorithm (omission errors). Due to the difficult to extracting the entire burned 

perimeter, especially when the fires affect different kind of vegetation and with different 

intensities (Chuvieco, et al., s.f.; Chuvieco, et al., 2002; Martín & Chuvieco, 1998), the 

multiphase techniques represent the most viable alternative (Chuvieco, et al., 2002). 

For the results validation it used classified images, due to it was done in several studies as 

(Boschetti, et al., 2010), (Anggraeni & Lin, 2011) and (Mallinis, et al., 2012). Due to an 

image classification approach provides a considerable advantage, because the limited 

availability of multitemporal cloud free imagery significantly constricts the spatial extent 

of validation area, and when multitemporal images are available, a image classification 

allows for several observations of burned area mapping progression throughout the 

burning season to assess burned area mapping accuracy over multiple dates. 

In the Spanish ambit, (Bastarrika & Chuvieco, 2006) propose, for the Mediterranean 

countries, the use of an algorithm of spatial context with LANDSAT images TM and ETM+. 

They use a methodology based in two steps: in the first one, seed pixels are identified 
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(with high probability of that they are fully burned) characteristic pixels of burned area 

(very strict threshold), and in the second, from these seeds, region growing algorithms are 

executed to augment the area selected with different criteria of homogeneity that will 

define the process. 

In the same line, (Oliva & Martín, 2007) uses a technique based in the application of two 

thresholds in the Northwest of the Iberian Peninsula: the first one is very strict, it limits 

the commission errors to 5%, meanwhile the second tries to cover all the burned area, 

reducing to minimum the omission errors. 

 

2.3.2. Multitemporal Data 

The discrimination of the areas affected by fires, more or less recently, it is based 

primarily in the multitemporal comparison of images obtained before and after the fires. 

This is caused for the changes in the spectral characteristics of the burned areas. They can 

be detected using appropriate combinations of bands or spectral indices (Table 1) making 

easier the detection of the changes in the covers. In this case it is fundamental the 

radiometric homogenization and the geometric adjustment between the images of 

reference used. 

In the case of Landsat TM and ETM images, the scientific literature recommends the use of 

the bands 1, 4 and 7 (Chuvieco, et al., 2002) to do the multitemporal compositions, they 

correspond to the blue region of VIS (1), NIR (4) and SWIR (7). This colour composition 

assigns the SWIR band to the red canyon, the NIR to the green canyon and the blue band to 

the blue canyon. In this composition the fire appears very sharp with a red-garnet palette 

very characteristic. This tonality is the result of the increase of the signal in the SWIR band 

and a decrease in the NIR band in the areas affected by the fire forest. 

For the rest of the available sensors, they will be selected in similar way to Landsat case, 

the most optimal use of the bands to detect the signal of burned areas. 

One alternative to the visual interpretation of the fires is the use of change detection 

techniques as, for example, the multitemporal vectors and the analysis of main 

components. 
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The technique of multitemporal vectors tries to incorporate not only the importance, but 

also the duration of the change between images. If two original bands are represented in a 

bivariate axis (for example, red and NIR), each pixel is defined for a point (localization of 

its Digital Number (DN) in both bands). If this pixel changes its coverage between both 

dates, also it will modify its spectral location.  

The magnitude of the change will come given for the length of the vector that separates 

both points. On the other hand, the direction of the change is defined by the angle between 

the own vector with the reference axis (Chuvieco, et al., 2002). With this method, the 

burned pixel will show the changes in the characteristics bands, as it has explained before, 

and the intensity of the damage caused by fire will be correlated with the length of vectors 

of change. 

Finally, the analysis of the Main Components (PCA) is a reduction technique of the image 

dimensionality and it has been widely used in studies of remote sensing. The objective is 

to synthesize the original bands, creating new bands - the Main Components (CP) of the 

image-, that they collect the part most relevant of the original information. The spectral 

sense of these components is obtained from the eigenvector matrix, in where it is noticed 

the association between each component and the original bands (Chuvieco, et al., 2002). In 

the case of the multitemporal discrimination of the fires, for each date can be selected the 

most (CP) in relation with the vegetation (normally the CP2, on Landsat images). In this 

way, using techniques of change detection, areas with changes in the vegetation are 

enhanced. 

 

2.4. Estimation of Burn Severity 

The Burn Severity is defined as the level of environmental change caused by fire. The 

change can be represented by biophysical variables on a continuous scale from unchanged 

to high change. The grade is usually divided into nominal levels, such as low, moderate, 

and high severity (Key & Benson, 2006). 

The analysis of the impact caused by fires on vegetation and soils is a key part of its 

evaluation, in order to mitigate its negative effects. In this context, the definition of 

severity levels is particularly interesting (Key & Benson, 2006). Most studies on post-fire 

severity were based on field work (Epting, et al., 2005), but in recent years some 
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techniques have been proposed to estimate this variable from satellite imagery (Boer, et 

al., 2008); (Chafer, 2008). 

Pre and post fire NBR datasets are differenced to separate the burn from environments 

and offer a scale of change produced by fire. In most cases, the method reliably isolates 

burned from unburned areas, and classifies an extensive gradient of fire effect levels 

within the burn (Key & Benson, 2006). 
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3. STUDY AREA AND DATA DESCRIPTION  

3.1. Study Area 

The analysis is performed in Galicia, which is situated in the northwest of the Iberian 

Peninsula, as shown in Figure 3, occupying an area of 29,575 km2. Two of its sides touch 

the sea, the third side is a boundary with Portugal, and the fourth with other Spanish 

regions. Due to its geographical position, Galicia presents high temperatures and high 

vegetation cover. It is situated in a transitional climate between Oceanic and 

Mediterranean, with mild winters and summers. On the coast, the temperatures range 

between 8-10ºC in winter and 20-25ºC in summer, while in the interior the climate is drier, 

with lower temperatures in winter and higher temperatures in summer.  

 

Figure 3. Location of study area 

Galicia has not high mountains, but the terrain is very hilly and its orography is intricate. 

In addition, there was an important rural exodus within the region. Most of the population, 

the industry, the services and the opportunities are in the main cities near the coast. For 

this reason there are big unpopulated areas inside the region (or with very sparse 

population), covered by dense forests and with poorly maintained infrastructures. All 

these reasons are important risks; extensive areas are potentially dangerous to be burned. 

Indeed, the fast deterioration of the forest since the 70´s caused a rapid decline in wildlife. 

Traditionally, the areas around farmland and rural populations were covered by old forest 

(oak, pine, chestnut, cork oak, laurel, birch, hazel, cherry, elder, alder tree...) with healthy 
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and varied undergrowth. The variety of species well adapted to the humid climate 

contributed to a healthy and moist environment, where fire was difficult to initiate and 

propagate. (Martín-Herrero & Ferreiro-Armán, s.f.). 

The modern Galician forest has suffered a complete transformation. Eucalyptuses were 

intensively introduced in the early 70's to "valorize" "unproductive" land. Most of the 

traditional forest was replaced by eucalyptus. Open land in the lower hill tops near the 

coast were also "reforested" with eucalyptus.  

In addition, eucalyptus is pyrophile specie, which means it favours fire due to high 

concentration in oils and alcohols. Besides, fire favours the germination of eucalyptus 

seeds and eliminates competing species.  

Nowadays, this specie (originally from Australia), due to its rapid growing, is a plague 

without control due to the lack of a serious forest policy and the peculiar characteristics of 

the species. For all the reasons explained above, the problems of fires are unfortunately 

frequent year after year. 

The final study area has been chosen according to a set of parameters. The main reasons 

were based in the availability of images, the absence of clouds and the presence of recent 

and past fire forests to perform a complete study. 

Between 1st and 19th of October, it was burned the 55% of the total area of all the year 

2011, approximately 17,000 hectares. (Coruña, 2011). The immense majority of fires were 

concentrated in the region of Ourense. All these parameters were determinant to choose 

the following area, as can be observed in the Figure 4: 
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Figure 4. Study area 

The red square in Figure 4 represents the final area of the study. Its UTM coordinates are 

comprised between 4,697,175 - 4,607,205 N and 656,295 - 566,325 E. That means the 

total area of the study is 809,460 hectares. 

This area includes, within the Autonomous Community of Galicia, most of the Province of 

Ourense. In addition, small areas in the Province of Pontevedra and in the North of 

Portugal are included in the studied area. 

Ourense is a region very mountainous; is surrounded by mountains on all sides. It is the 

only province of Galicia landlocked. The only big city is its homonymous capital. The rest 

of the province is mainly rural, and covered by forests, without any other particularity to 

add regarding the general explanations given to Galicia. 

 

3.2. Data Description 

3.2.1. Landsat Imagery 

The analysis performed in the present study has been developed with medium-resolution 

images, acquired by the Thematic Mapper (TM) sensor on board Landsat 5. This sort of 
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images has been the most widely used in environmental studies, including studies related 

to forest fires.  

The Landsat 5 satellite was launched in 1984 and, despite it was designed to last three to 

five years, continues operating 25 years later, although with limited capacity. 

This sensor acquires information in the following spectral regions as can be observed in 

the Table 2. Band 1: Visible Blue (VB), Band 2: Visible Green (VG), Band 3: Visible Red 

(VR), Band 4: Near InfraRed (NIR), Bands 5 and 7: Short Wave InfraRed (SWIR), and Band 

6: Thermal InfraRed (TIR). All bands are acquired at a spatial resolution of 30 m, except 

band 6 with 120 m of spatial resolution. 

Table 2. Features of Landsat TM5 sensor 

Band Spectral 

resolution (µ) 

Spatial 

resolution 

(m) 

Temporal 

resolution 

(days) 

Radiometric 

resolution 

(bits) 

Coverage 

area (Km) 

 

B1 VB 0.45 - 0.52 30 16 8 185 x 170 

B2 VG 0.52 - 0.60 30 16 8 185 x 170 

B3 VR 0.63 - 0.69 30 16 8 185 x 170 

B4 NIR 0.76 - 0.90 30 16 8 185 x 170 

B5 SWIR 1.55 - 1.75 30 16 8 185 x 170 

B6 TIR 10.40 - 12.50 120 16 8 185 x 170 

B7 SWIR 2.08 - 2.35 30 16 8 185 x 170 

 

The images were acquired online thanks to the United States Geological Survey (USGS) in 

the next link: http://earthexplorer.usgs.gov/ 

All Landsat standard data products are processed using the following parameters: 

 Geo TIFF output format 

 Cubic Convolution (CC) resampling method 

 30-meter pixel size (reflective bands) 

 Universal Transverse Mercator (UTM) map projection (Polar Stereographic 

projection for Antarctica) 

 World Geodetic System (WGS) 84 datum 

 MAP (North-up) image orientation 

The path and row that define the images used in the study is (204-031) and the date of the 

acquired images appears below these lines in the Table 3: 

http://earthexplorer.usgs.gov/


19 

 

Table 3. Dates of Landsat images 

NAME YEAR MONTH DAY 

Image (1) 2011 10 21 

Image (2) 2011 10 5 

Image (3) 2011 4 28 

Image (4) 2007 9 8 

Each one of these images has a role. This will be justified in the Methodology. The search 

of images was not easy task. It was important to find free-clouds images with the same 

area, and with the adequate date.  

 

3.2.2. MODIS Imagery 

MODIS surface reflectance data are used as starting point to estimate the burned area in 

this study. These images were downloaded from the website of NASA following the next 

link (http://modis.gsfc.nasa.gov).  

Specifically, the kind of MODIS images used were:  

 MOD02HKM: Usually called “Calibrated Geolocation Data Set”. The data set 

contains calibrated and geolocated at-aperture radiances for 36 bands. Spectral 

and spatial characteristics of MODIS sensor are included in Table 4. To perform 

this study only were used the channels 1 to 7.  

 MOD14A2: Is a MODIS product, usually called product of “Thermal Anomalies – 

Fires and Biomass Burning”. These images include fire occurrence (day/night) and 

fire location. The parameters are retrieved at 1-km resolution. All the details can 

be consulted in the next link: 

 http://modis.gsfc.nasa.gov/data/dataprod/dataproducts.php?MOD_NUMBER=14. 

 

Table 4. Features of MODIS sensor 

Channels Spectral Resolution (μm) Spatial Resolution (m) 

1 0.620 – 0.670 

500 x 500 

2 0.841 – 0.876 

3 0.459 – 0.479 

4 0.545 – 0.565 

5 1.230 – 1.250 

6 1.628 – 1.652 

7 2.105 – 2.155 

 

http://modis.gsfc.nasa.gov/
http://modis.gsfc.nasa.gov/data/dataprod/dataproducts.php?MOD_NUMBER=14
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The images acquired were before, during and after the occurrence of forest fires, as it 

shown in the Table 5. 

Table 5. Dates of MODIS images 

NAME YEAR MONTH DAY PRODUCT 

Image (5) 2011 10 22  MOD02HKM  

Image (6) 2011 10 16 MOD14A2 

Image (7) 2011 10 04 MOD02HKM 

 

3.2.3. Validation Data 

Burnt scar perimeter mapping based on field data, mainly the GPS boundaries of the burnt 

areas, is in theory the best option, being a relatively objective method to directly acquire 

the field truth. However, there is not a complete and updated database of forest fires in 

Spain and it is commonly digitalizing the boundaries of the burnt areas in order to obtain 

data of validation (Corona, et al., 2008).  

Thanks to the documentation extracted to Spanish newspapers and articles (localization 

and extension of wild fires) and the images of Landsat TM5, MODIS and other external 

sources as Google Earth, it was possible to digitalize the burnt area with a great level of 

accuracy. The obtained data were used as validation data, in order to compare with the 

results obtained once applied the indices.  

 

  

https://lpdaac.usgs.gov/lpdaac/products/modis_products_table/thermal_anomalies_fire/8_day_l3_global_1km/mod14a2
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4. METHODOLOGY 

The first step taken in a project with satellite imagery is the pre-processing, or the 

operations applied to the images in order to correct them and make them comparables to 

a further analysis. 

 

4.1. Pre-processing of Landsat and MODIS Images 

The software used in the pre-processing was ENVI 4.8. The Landsat images were 

downloaded in single bands that needed to be combined first. The first operation was to 

join them, and create a new *.hdr image with the bands arranged in a logical sequence. 

Once obtained a multi-band imagery, it was necessary to cut these images, in order to 

adjust the final area to the area of interest for the study. The application of this operation 

was performed also in MODIS images. Furthermore, a reprojection was necessary in this 

type of images, because they are originally available in sinusoidal projection. The three 

MODIS images were reprojected to UTM using WGS84 ellipsoid as a reference in order to 

obtain all images involved in the study in the same projection and reference system. 

In this project a multitemporal study has been carried out. The multitemporal comparison 

between images is performed, in most of the cases, comparing pixel by pixel the Digital 

Numbers (DN) of the different dates. Consequently it is necessary to eliminate previously, 

in the measure of possible, each change in DN no caused for real changes in the land cover. 

This implies to ensure the same location in the same area to both dates, and the variable to 

compare has to be referred to the same scale of measure (Chuvieco, 2008). 

It is necessary to remove also the distortions caused by the interference of the atmosphere 

in the radiation reflected by the surface: for this it performs the appropriate radiometric 

corrections to treat to bring closer the original digital numbers to which should in case of 

an ideal reception. These type of corrections are especially necessary when multitemporal 

studies are performed, since the factors affecting an image are often not comparable to 

those experienced by other in different date (Martín & Chuvieco, 1998). 

The multitemporal comparison requires knowing what sort of errors has the satellite 

images to correct them. A satellite imagery is subjected to a serial of interferences that 

make the desired information to obtain appears disrupted by different errors. These 

errors are caused by different reasons, and they are summarized below: 
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 Alterations in the satellites movement and the capture mechanism to the sensors 

generate distortions in the global image (Geometric correction). 

 Mistakes in sensors generate incorrect pixels (Radiometric correction). 

 Interferences of the atmosphere modify in a systematic way the values of the 

pixels (Atmospheric correction). 

 

4.1.1. Geometric Correction 

After applying a geometric correction, potential spatial distortions that can appear in the 

acquisition of the images will be eliminated, with the objective to get an exact matching 

pixel to pixel in the comparison of two images. 

Once verified the type of Landsat images involved in the study, - information available in 

the metadata- it was possible to know what kind of corrections were necessary. In this 

case, the Data Type level is TM L1T in the four Landsat TM5 images used. For each Data 

Type it exist a different level of correction, according to the official webpage of USGS. All 

the details can be consulted in the next link:  

http://landsat.usgs.gov/Landsat_Processing_Details.php 

The Standard Terrain Correction (Level 1T) provides systematic radiometric and 

geometric accuracy by incorporating ground control points while employing a Digital 

Elevation Model (DEM) for topographic accuracy.  

According to USGS, imagery is already corrected, but despite this information it was 

decided to perform another geometric correction, in order to compare the results between 

the provided for the USGS and the obtained after the georeferencing. 

After comparing both results, the new geometric correction did not improve the results, 

even they were worse in terms of positional accuracy. For this reason, the final decision 

was to reject the georeferencing performed and working with the images originally 

corrected by USGS. 

MODIS images were pre-processed by NASA, including the geo-referencing, which present 

digital numbers directly in reflectivity values. Detailed information about the pre-

processing of MODIS images can be checked in the following link: 

http://modis.gsfc.nasa.gov/data/dataprod/dataproducts.php?MOD_NUMBER=02. 

http://landsat.usgs.gov/Landsat_Processing_Details.php
http://modis.gsfc.nasa.gov/data/dataprod/dataproducts.php?MOD_NUMBER=02
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4.1.2. Radiometric Correction 

The operations intended to remove systematic or random noise affecting the amplitude 

(brightness) of an image are called radiometric correction. The original data, in rarely 

occasions, can be used directly and have to follow a set of previous treatment. 

The sensors used in remote sensing, both airborne or implemented in satellites, are 

separated the enough distance of the studied objects to produce atmospheric influence in 

the signal that they receive. The atmospheric components cause alterations in the 

radiation -mainly absorption, refraction, scattering and reflectance- degrading the final 

quality of the images. Also the clouds interact with the radiation because the big clouds 

produce high reflectance in the visible spectral region and in the NIR, a low estimated 

temperature in TIR, besides of generate invisible areas or big shadows. 

In order to eliminate the effect of the atmosphere the correction of the image results 

especially necessary in the following situations: 

 To calculate certain indices between bands whose distortion due to the 

atmosphere present variations. 

 In multitemporal studies, because the atmospheric distortion changes day to day. 

An exactly and precise atmospheric correction is almost impossible, but it is possible 

reducing this effect. The two major types of atmospheric correction are: 

- Absolute atmospheric correction 

The general goal of absolute atmospheric correction is to turn the digital brightness values 

recorded by a remote sensing system into scaled surface reflectance values. These values 

can then be compared or used in conjunction with scaled surface reflectance values 

obtained anywhere else on the planet (Jensen, 2005). 

The method used in order to correct the atmospheric dispersion in absolute way is based 

in the establishment of models of physical behaviour of radiation as it passes through the 

atmosphere. 

It implies an exhaustive knowledge of the atmosphere. Its application produces corrected 

images in a rigorous way. It supposes to have data referred to the situation of the 

atmosphere at the time of shooting and along of all trajectory of the radiation, because the 

atmospheric conditions vary for each instant and height. The application of these models it 
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implies to having data difficult to obtain (percentage of suspension particles, humidity...) 

and expensive this part of the process, for that is a method, even being rigorous, is not 

widely used. 

- Relative atmospheric correction 

Relative radiometric or atmospheric correction may be used; firstly, to normalize the 

intensities among the different bands within a single-date remotely sensed image and 

secondly, to normalize the intensities of bands of remote sensor data in multiple dates of 

imagery to a standard scene selected by the analyst. 

 Single-image Normalization Using Histogram Adjustment 

This simple method is based primarily on the fact that IR data (>0.7 µm) is strongly 

influenced by them. The method involves evaluating the histograms of the various bands 

of remotely sensed data of the desired scene. Normally, the data collected in the visible 

wavelengths (e.g., TM bands 1 to 3) have a higher minimum value because of the increased 

atmospheric scattering taking place in these wavelengths.  

The statistics of the images were studied in order to decide if it was necessary to apply this 

method or not. The histograms of the images were a determinate factor to the final 

decision. As can be observed in the Figure 5, the histogram values are very similar before 

and after the correction, which indicates the quality of the images, and demonstrate that 

the correction is unnecessary. Only in the TM6 TIR the atmospheric dispersion presents 

certain relevance. However, this band does not was used in any part of the study, and the 

appearance before and after the correction was exactly the same (See Figure 6). For all 

these reasons finally the atmospheric correction was not implemented to the images. 
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Figure 5. Histograms of the Image (1) before and after Atmospheric Correction 

 

 

Figure 6. Appearance of Band 6 (TI) before and after Atmospheric Correction 

 Multiple-date Image Normalization Using Regression  

Relative atmospheric corrections between multiple-date imagery aim to reduce variations 

among the images by adjusting the target image to match the base image i.e. to normalize 

the target image regarding to the base image.  

Multiple-date image normalization involves selecting a base image, in the studied case was 

used the Image (1), and then transforming the spectral characteristics of all other images 

obtained on a different dates to have approximately the same radiometric scale as the base 

image. It is important to remember, however, that the radiometric scale used in relative 
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multiple-date image normalization will most likely be simple brightness values rather 

than scaled surface reflectance produced when conducting an absolute radiometric 

correction.  

Multiple-date image normalization involves the selection of pseudo-invariant features 

(PIFs). To be of value in the multiple-date image normalization process, the spectral 

characteristics of PIFs should change very little through time. Deep non turbid water 

bodies, roads and buildings were the chosen candidates.  

Linear regression is used to relate features that have not changed from one date to the 

other. This implies that the spectral reflectance properties of the sampled pixels have not 

changed during the time interval. The linear function can be expressed as: 

y=ax + b (*) 

where a and b are constants and x is the image band being normalized. 

Image regression takes into account each pixel in the target image and relates it to the 

base image and produces a linear function band by band in the form of (*) using least-

square regression or robust regression. 

If the linear correlation coefficient of a PIF is over 0.9 the PIF is accepted; a value of over 

0.9 indicates a strong linear relationship between the pixels in the two images (Du, et al., 

2002). 

An example of obtaining a regression line is shown in the Figure 7: 

 

Figure 7. Correlation of the band 4 between Images (1) and (2) 



27 

 

 

The result of the linear correlation between Landsat images are shown in following tables:  

Table 6. Linear Correlation of Image (2) with respect to Image (1) 

 Linear Regression Correlation coefficient 

TM1 y = 0.7613x + 6.7668 0.8882 

TM2 y = 0.7895x + 2.0156 0.9235 

TM3 y = 0.8523x + 0.7990 0.9737 

TM4 y = 0.8988x - 0.6382 0.9883 

TM5 y = 0.9057x - 0.5239 0.9913 

TM7 y = 0.9017x - 0.0390 0.9823 

 

Table 7. Linear Correlation of Image (3) with respect to Image (1) 

 Linear Regression Correlation coefficient 

TM1 y = 0.6375x + 5.3423 0.9089 

TM2 y = 0.6052x + 2.8508 0.9115 

TM3 y = 0.6567x + 1.3212 0.9537 

TM4 y = 0.5646x + 1.1382 0.9555 

TM5 y = 0.6269x + 1.1924 0.9798 

TM7 y = 0.6353x + 1.1064 0.9784 

 

Table 8. Linear Correlation to Image (4) with respect to Image (1) 

 Linear Regression Correlation coefficient 

TM1 y = 0.6093x + 11.9390 0.9324 

TM2 y = 0.6106x + 4.7673 0.9389 

TM3 y = 0.6568x + 3.1988 0.9640 

TM4 y = 0.6712x + 1.7611 0.9800 

TM5 y = 0.7199x + 1.0874 0.9859 

TM7 y = 0.7254x + 0.7864 0.9825 

 

 

4.2. Monotemporal Analysis 

The analysis was performed with both kind of post-fire images; Image (1) in Landsat and 

Image (5) in MODIS. They present numerous and recent burned areas, also the footprint of 

ancient fires is visible and recognizable. 

Furthermore, the operations performed in the Images (1) and (5) were applied also to the 

rest of the images (except the Image (6) as a final product that already is), because the 

results of the indices in the images will be necessary to carry out the multitemporal study. 
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4.2.1. Choice of Band Combination to Identify Burned Areas 

An efficient visual inspection is vital in projects involving satellite imagery. The Image (1) 

was studied with three well-known band combinations, in order to decide what 

combination highlighted more the burned areas. 

True-colour composite (3-2-1) 

True-colour composite images approximate the range of vision for the human eye, and 

hence these images appear to be close to what we would expect to see in a normal 

photograph. True-colour images tend to be low in contrast and somewhat hazy in 

appearance. This is because blue light is more susceptible than other bandwidths to 

scattering by the atmosphere. Nevertheless, true-colour composite is useful to a first 

approach of the study area and to localize the most important burned areas, although they 

are hardly recognized due to the natural dark colours of the surrounded vegetation. It is 

possible to observe a true-colour composition of the area of study in Figure 8 and in 

Figure 9.   

 

Figure 8. Image (1) - True colour composite 



29 

 

    

            (9a)           (9b) 

Figure 9. (9a) Active fire; (9b) Recent burned area -True colour composite  

 

Near Infrared Composite (4-3-2) 

Adding a near infrared (NIR) band, and dropping the visible blue band creates a near 

infrared composite image. Vegetation in the NIR band is highly reflective due to 

chlorophyll, and an NIR composite vividly shows vegetation in various shades of red.  

The main characteristics of this band combination are summarized below: 

 Water appears dark, almost black, due to the absorption of energy in the visible 

red and NIR bands. 

 Vegetation appears in shades of red, urban areas are cyan blue, and soils vary from 

dark to light browns. 

 Ice, snow and clouds are white or light cyan. 

 Coniferous trees will appear darker red than hardwoods. 

 This is a very popular band combination and is useful for vegetation studies, 

monitoring drainage and soil patterns and various stages of crop growth. 

 Generally, deep red hues indicate broad leaf and/or healthier vegetation while 

lighter reds signify grasslands or sparsely vegetated areas. 

 Densely populated urban areas are shown in light blue. 

 Burned areas are shown in dark gray. 
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The area of the study in Near Infrared Composite is shown in Figure 10 and Figure 11. In 

this case, comparing with band combination 3-2-1, it is easier to recognize burned areas. 

Anyway, burned areas are not completely defined, and they can present confusion with 

shadows or water due to the dark colours of all these classes. 

 

 

Figure 10. Image (1) - Near Infrared composite 

       

            (11a)                (11b) 

Figure 11. (11a) Active fire; (11b) Recent burned area - Near Infrared composite 
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Shortwave Infrared Composite (7-4-3) 

A shortwave infrared composite image is one that contains at least one shortwave infrared 

(SWIR) band. Reflectance in the SWIR region is due primarily to moisture content 

(Barducci, et al., 2002). SWIR bands are especially suited for camouflage detection, change 

detection, disturbed soils, soil type, and vegetation stress. The main characteristics of this 

band combination are summarized below: 

 This combination penetrates atmospheric particles and smoke.  

 Healthy vegetation will be a bright green and can saturate in seasons of heavy 

growth, grasslands will appear green, pink areas represent barren soil, oranges 

and browns represent sparsely vegetated areas.  

 Dry vegetation will be orange and water will be blue. 

 Sands, soils and minerals are highlighted in a multitude of colours. 

 This band combination provides striking imagery for desert regions. 

 It is useful for geological, agricultural and wetland studies. 

 If there were any fires in this image they would appear red. 

 This combination is used in the fire management applications for post-fire analysis 

of burned and non burned forested areas. 

 Urban areas appear in varying shades of magenta. 

 Grasslands appear as light green. 

 The light-green spots inside the city indicate grassy land cover - parks, cemeteries, 

golf courses.  

 Olive-green to bright-green hues normally indicate forested areas with coniferous 

forest being darker green than deciduous. 

The area of study in Shortwave Infrared Composite is shown in Figure 12 and Figure 13. 

Without any doubt, this combination presents more contrast in burned areas. Even is 

very good to identify active fires (See Figure 13a) due to the bright orange-red colours 

with the fires are shown. 
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Figure 12. Image (1) – Shortwave Infrared Composite 

 

                      (13a)             (13b) 

Figure 13. (13a) Active fire; (13b) Recent burned area - Shortwave Infrared Composite 

After this detailed study, the decision taken was to use, as a base to visualization, the band 

combination 7-4-3, especially useful to studies related with forest fires and burned areas. 
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The band combination 7-2-1 was the used in MODIS images, being the equivalent 

combination to the Landsat combination 7-4-3. In studies related with fires and burned 

areas, 7-2-1 is the widely accepted combination in MODIS images according to numerous 

publications (Oliva & Verdú, 2007; Gómez & Martín, 2008). The band combination 7-2-1 is 

also capable to recognize active fires in a bright red-orange palette. 

The area of study in Shortwave IR Composite for MODIS images is shown in Figure 14. 

 

Figure 14. Image (5) – Shortwave Infrared Composite 

 

4.2.2. Application of Burned Area Indices  

For this study only specific indices to localize burned areas were used. Other indices are 

well-known to observe changes in vegetal cover, as the commented NDVI, SAVI, GESAVI or 

GEMI (Alonso, et al., 2009). All of them are able to identify burned areas caused for a 

reduction in the vegetal coverage, but these indices can confuse burned areas with other 

areas of loss vegetation because they are not able to discriminate the cause. 

The indices employed in the study, depending on the kind of image used, Landsat or 

MODIS, were: 

 Normalized Burnt Ratio (NBR) 
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 Short Wave InfraRed Index (SWIR) 

 Burned Area Index (BAI) 

 Burned Area Index MODIS (BAIM) 

The following explains the methodology used in each of these indices. 

 

Normalized Burnt Ratio (NBR) 

The equation is below this line: 

     
              

              
 

Where         = reflectivity of i pixel in the band of SWIR. 

        = reflectivity of i pixel in the band of NIR. 

In the Image (1), according to the equation, were used the bands 7 (SWIR) and 4 (NIR). 

These bands highlight the absence of vegetation, and their combined effect purpose 

optimal results to identify burnt areas (Bastarrika, et al., 2011). 

The result after applied the index was the following: 

(15a)             (15b) 

Figure 15. (15a) Image (1) with band combination 7-4-3; (15b) NBR index in Image (1) 

As it can observe in the Figure 15, the application of the index is effective. It is possible to 

distinguish highlighted the burned areas, but also the index shows the coverage of bare 
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fields and crops. The options that were considered to eliminate the unwanted noise were 

applying thresholds or masks. Finally, the option chosen was the application of masks for 

several reasons: 

After the application of thresholds the information of DN is modified, loosing valuable 

information that allows for a study of wildfires severity degree. 

To apply masks is necessary to make a Supervised Classification. This method allows the 

possibility to obtain an estimation of burned areas as an alternative and comparable 

method to the application of indices. 

Once performed a Supervised Classification (this method will be explained with detail in 

the Section 4.2.3) it was possible to apply masks in the conflictive classes of bare fields and 

crops. The results of the index improved significantly and they will be shown in the section 

of the results. 

In the Image (5) the same equation was performed, but using the band combination 7-2-1, 

ideal for MODIS images, as it was explained previously. The result after applied the index 

was the following: 

 

(16a)             (16b) 

Figure 16. (16a) Band combination 7-2-1 in Image (5); (16b) NBR index in Image (5) 

To extract the burned areas it was necessary to apply an adequate threshold, in this case, 

the values below 0 were assigned as burned areas.   
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As it is observed in the Figure 17, the crops were identify as burned areas after apply the 

threshold, and a mask was necessary to remove the conflictive class. The final result once 

applied the mask will be show in the section of results. 

 

Figure 17.  NBR index in Image (5) once applied a threshold  

 

SWIR Index 

The equation applied is shown below: 

          
    

    
 

Where      and      = reflectivity of bands 7 (SWIR) and 4 (NIR) of LANDSAT TM. 

In a similar way as NBR, SWIR index was implemented in the Image (1). This index is a 

simple ratio between bands 7 (SWIR) and 4 (NIR), due to the capacity of these ranks of 

wavelengths to emphasize burnt areas. The result after the application of the index is 

shown below: 
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(18a)             (18b) 

Figure 18. (18a) Image (1) with band combination 7-4-3; (18b) SWIR index in Image (1) 

Again, the method chosen to eliminate the unwanted noise was the application of masks in 

the classes of bare fields and crops. The final product will be shown in the section of 

results. 

In the MODIS image it was used the same equation, changing as usual the bands 7 (SWIR) 

and 4 (NIR) used in Landsat images for the bands 7 (SWIR) and 2 (NIR) used in MODIS. 

The result after applied the index was the following: 

 

(19a)             (19b) 

Figure 19. (19a) Image (5) with band combination 7-2-1; (19b) SWIR index in Image (5) 

 



38 

 

To extract the burned areas it was necessary to apply an adequate threshold, in this case, 

the values above 1 were assigned as burned areas after a detailed checking and based in 

scientific publications (Boschetti, et al., 2010). 

As it can observe in the Figure 20, the crops were identify as burned areas after applying 

the threshold, and a mask was necessary to remove this conflictive class. The product 

obtained will be shown in the section of results. 

 

Figure 20. SWIR index in Image (5) once applied a threshold 

 

Burned Area Index (BAI) 

The equation corresponding to this index is shown below: 

     
 

          
                

 
 

Where     and       = reflectivity of the center of convergence to the burned areas in R 

and NIR, with values of 0.1 and 0.06. 

Numerous studies (Chuvieco, 2008; Bastarrika & Chuvieco, 2006) indicate that this index 

works better converting DN to reflectance.  

First of all it is necessary an intermediate step, that is the obtaining of the spectral 

radiance, which is calculated using the following equation: 
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Where: 

      is the calibrated and quantized scaled radiance in units of Digital Numbers 

      
is the spectral radiance at     =0 

      
is the spectral radiance at     =         

         is the range of the rescaled radiance in Digital Numbers 

      
 and      

 are derived from tables provided in the Landsat Technical Notes 

with the information provided through the TM Calibration Parameters dialog in 

ENVI. 

         is 255 for all TM data. 

The reflectance (  ) is calculated using the following equation: 

   
      

 

           
 

Where: 

    is the spectral radiance 

   is the Earth-Sun distance in astronomical units 

       is the mean solar exoatmospheric irradiance 

    is the solar zenith angle in degrees. 

The resulting reflectance is unitless. 

Consulting the metadata of the images it was possible to obtain the unknowns needed to 

solve the equations. 

 Sun Elevation: 34.820219 

 Maximum and minimum values of radiance are shown in the Table 9: 

Table 9. Radiance values of Landsat images 

Radiance Values LMIN LMAX 

BAND1 -1.520 193.000 

BAND2 -2.840 365.000 

BAND3 -1.170 264.000 

BAND4 -1.510 221.000 

BAND5 -0.370 30.200 

BAND7 -0.150 16.500 
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Once collected the necessary data, the image was transformed into reflectance values. 

Both images, in DN and in reflectance levels, look the same, but the statistics reveal the 

applied transformation. 

It was decided to perform the index in both images DN and reflectance, to check if really 

there are improvements working with images scaled in levels of reflectance. The 

differences are evident, as it can observe in Figure 21. 

The most important difference is the confusion between classes of water and burned areas 

in the DN image; problem solved applying the index in the image with levels of reflectance. 

It is possible also to observe more highlighted the burnt areas, in a white – light gray 

palette. Even there are some undetected burnt areas in the DN image (green circles), as it 

is observed in Figure 21. 

 

(21a)             (21b) 

Figure 21. (21a) Detail of BAI index in Image (1) with DN; (21b) Detail of BAI index in Image (1) with 

reflectance values 

After these observations, the final decision to work with the image in levels of reflectance 

was definitive. Besides, this decision is supported by many publications (García & 

Chuvieco, 2004; Veraverbeke, et al., 2011; Quintano, et al., 2011). 

The next step necessary was to binarize the image, trying to find the adequate threshold 

that best fits between burned and unburned areas. This step was complicated, because 

slight variations in the thresholds change abruptly the total burned area, and also the 

quantity of unwanted noise. The adequate threshold varies depending on the images used, 
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but takes values of reflectance around 300 (Pelizzari, et al., 2008). In this study, after 

several trials, the value of reflectance to perform the threshold was fixed in 265. The result 

can be observed in the Figure 22. 

  

(22a)             (22b) 

Figure 22. (22a) BAI index in Image (1) with DN; (22b) BAI index in Image (1) with reflectance values 

In BAI index there is also confusion between the classes of bare fields, crops and forest 

fires, but in a lower level than in the other indices. Applying a mask it was possible to solve 

the problem of the unwanted noise. The final image obtained after the application of the 

mask will be shown in the section of results. 

 

Burned Area Index MODIS (BAIM) 

This equation is an adaptation to the traditional BAI to MODIS images. The equation 

corresponding to this index is shown below: 

      
 

              
                  

 
 

Where       and        = reflectivity of the centre of convergence to the burned areas in 

band 2 (NIR) and band 6 (SWIR), with values of 0.05 and 0.1. 

 

The result after applied the index was the following: 
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(23a)             (23b) 

Figure 23. (23a) Image (5) - Combination 7-2-1; (23b) BAIM index in Image (5)  

To extract the burned areas it was necessary to apply an adequate threshold, in this case, 

the values above 700 were assigned as burned areas, as (Boschetti, et al., 2010) performed 

in their study. 

As it is observed in the Figure 24, the bare fields were identify as burned areas after 

applying the threshold, and a mask was necessary to remove the conflictive class. The final 

product obtained after the application of the mask will be shown in the section of the 

results. 

  

Figure 24. BAIM index in Image (5) once applied a threshold 
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4.2.3. Supervised Classification 

As it was commented, in order to eliminate the unwanted noise in Landsat images from 

the classes of bare fields and crops after applying the indices, a Supervised Classification 

was performed, based in the band combination 7-4-3. Also, Supervised Classification 

purposes data of burned area, and this data can be compared with the data obtained from 

the application of indices in the monotemporal analysis. 

Before the classification, representative training sites of land-cover classes of interest was 

acquired using ROI tool. The areas selected to serve as training sites should be relatively 

homogeneous and extensive enough to provide good statistics.  

Two methods were carried out (Supervised Vector Machine and Maximum Likelihood), in 

order to compare to each other and choose the best of them in terms of accuracy.  

SVM is based on statistical learning theory, it separates the classes with a decision surface 

that maximizes the margin between the classes. While Maximum likelihood classification 

assumes that the statistics for each class in each band are normally distributed and 

calculates the probability that a given pixel belongs to a specific class (Anggraeni & Lin, 

2011). 

After comparing the results of both methods, it was decided to use the method of 

Supervised Vector Machine due to his high accuracy.  

To classify the Image (1), seven different classes were assigned with the following 

assignation of colours: 

 

The obtained image, after applying the SVM Classification, is shown in the Figure 25. 
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(25a)              (25b) 

Figure 25. (25a) Image (1)-Shortwave Infrared Composite; (25b) Classified Image using SVM 

A detail zooming of an interest area is observed below this line in the Figure 26. 

  

(26a)                     (26b) 

Figure 26. (26a) Detail of Image (1)-Shortwave IR Composite; (26b) Detail of classified image 

In MODIS Image (5) other classes were defined with the following assignation of colours: 

 

The resulting image, after applying the SVM Classification, is shown in the Figure 27. 
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 (27a)              (27b) 

Figure 27. (27a) Image (5)-Shortwave Infrared Composite; (27b) Classified Image using SVM 

The Supervised Classification was performed in all both, Landsat and MODIS images, in 

order to improve the results obtained after the application of indices applying masks. 

 

4.3. Multitemporal Analysis 

As discussed, the aim of this task is comparing, also with the application of different 

indices, the changes produced between images pre-fire and post-fire. Using as a base the 

Image (1) post-fire, it will be compared with the other images in order to obtain different 

results. 

A) Comparison of the Images immediately before and after forest fires. 

 Landsat Images (1) and (2), only separated 16 days between them, but with 

important changes (pre and post-fires). 

 MODIS Images (5) and (7), separated 18 days between them in the same dates as 

Landsat images, as an alternative to the first comparison. 

B) Comparison of the images from one forest-fire season. 

 Landsat Images (1) and (3), separated from April to October to quantify the total 

burned area in the season of 2011. 

C) Comparison of the images from multiple years. 

 Landsat Images (1) and (4), separated 4 years (from 2007 to 2011) to analyze the 

changes in vegetal coverage and evolution of forest fires in that period. 
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4.3.1. Comparison of the Images immediately before and after Forest Fires 

The pair of Landsat Images (1) and (2), just separated 16 days, are a clear example to the 

situation of pre and post-fire. Different indices, tested in monotemporal study were tested 

also in multitemporal study. 

dNBR 

To compare two images and get the changes between both it is necessary to apply this 

equation, according to numerous publications (Key & Benson, 2006); (Meng & 

Meentemeyer, 2010); (Vogelmann, et al., 2011). 

                              

The chosen images to solve the equation were the monotemporal images after the 

application of the masks, images that shown the real burned area. The product obtained 

will be shown and commented in the section of the results.  

 

dSWIR 

The methodology used to calculate dSWIR index was similar to the used in dNBR index. 

The equation applied is the next: 

                                 

 

dBAI 

This index works different than the others. It proved that the difference between images 

have to perform before the binarization of the images involved in the equation.  

                              

After applied the equation, the obtained result is preprocessed in order to make 

comparable the results of the different indices. 

The raw result of the dBAI is shown in Figure 28: 
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(28a)               (28b) 

Figure 28. (28a) dBAI between Images (1) and (2); (28b) Detail of dBAI image 

Afterwards, a binarization of the image was performed, choosing carefully the appropriate 

threshold to show the final burned areas. The image obtained will be shown and 

commented in the section of the results. 

dBAIM 

The methodology performed in the pair (5) and (7) of MODIS images was similar to the 

used in Landsat images. The equations employed were the same, except in the last index, 

dBAIM, using the specific variation for MODIS images. The two images used are separated 

just 18 days, being other clear example to the situation of pre and post-fire. 

In the indices dNBR, dSWIR and dBAIM, the difference in the methodology regarding to 

Landsat images was the application of a binarization after the use of the equation. The 

final images, they will show in the section of results, were classified in the interest classes 

of burned and unburned. 

 

4.3.2. Comparison of the Images from one Forest-fire Season 

In this time, two images in different period of the year are being compared.  Both are from 

2011, but the Image (3) is from April -beginning of the forest fire season- and the Image 

(1) is from October, - the ending of forest fire season. The scheme followed is similar in 
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this case. Nevertheless, this pair of images was the most conflictive, due to the extreme 

differences in the ground composition between April and October. The results were 

improved applying masks in the problematic classes.  They will be shown and explained in 

the section of the results. 

4.3.3. Comparison of the Images from Multiple Years 

The methodology performed in the pair of Landsat images (1) and (4) was the same 

comparing with the others. The time elapsed between them is 4 years. Despite of the 

passage of the time, the images could be compared easily than other pairs, due to the 

similitude of the ground classes – Image (4) from September and image (1) from October, 

the same period of the year.  The results will be shown later in the following section. 

4.3.4. Estimation of Burn Severity 

The estimation of burn severity was carried out through the results of dNBR index applied 

on the Images (1) and (2), the best example between recent images pre and post-fire. 

The dNBR has a range of normalized difference coefficients between values of -2 to 2 with 

dimensionless units, where there are a direct relationship between sequence of brightness 

and the burn severity. 

For this study, the dNBR was scaled multiplied their values by 1000, obtaining a rank 

between -2000 and 2000. Following the procedure of the article (Key & Benson, 2006) and 

knowing that burn severity ranges are flexible, the dNBR ranges have been fixed with the 

values are shown in Table 10. 

Table 10. Burn Severity Ranges 

Severity level dNBR range 

Unburned <299 

Low severity 300-499 

Moderate severity 500-799 

High severity > 800 

 

4.4. MODIS Product of Thermal Anomalies 

So far, any operation has been carried out with the MODIS Image (6), product of thermal 

anomalies. As it was commented this image includes active fire occurrence and active fire 
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location. Thermal remote sensing can be a useful method for tracking wildfires and 

assessing fire damage. Fire is detected from the MODIS images using a contextual 

algorithm that uses the strong emission of mid-infrared radiation as a signature of fire 

activity. The resulting map identifies pixels that are likely to contain active fires, and 

classifies the active fire pixels.  

As a final product that the image is, the customer does not need processing. In this study 

Image (6) was reprojected and binarized in order to be compared with the other images. 

In Figure 29 are shown all active fires at the time of collection. 

 

(29a)     (29b) 

Figure 29. (29a) Original Image (6); (29b) Binarized Image (6) 

The product will be used to calculate the total amount of burned area in the specific date 

of the collection. 

 

4.5. Validation Data 

The results were based on validation data obtained on-screen digitalization, taking into 

account that there is not a complete and updated database of forest fires in Spain. Two 

main methodologies are addressed in literature to compare the digitalized area with the 

results obtained after the application of different indices. 

a) Filtering the images in order to eliminate forest fires below 1 ha (Boschetti, et al., 

2010; Bastarrika, 2009; Heredia, et al., 2003). 

In studies that involve large areas (in this case more than 800,000 ha) one option 

is to evaluate only forest fires bigger than 1 ha due to the difficulty to identify and 
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digitalize with high precision all forest fires, big and small, without forget any of 

them (in the area of study there are more than 500 forest fires). 

The disadvantage of this method is the loss of exactitude after applying the filter. 

Burned areas and perimeter are modified in different grades depending on the 

type of filter chosen. As consequence, these areas will not fit exactly with the 

digitalized burned area. 

b) Selecting large and representative areas of forest fires (only two or three 

important wildfires) and evaluating the results in function of these fires (Martín, et 

al., 2007; González, et al., 2005). 

A disadvantage of this method is the inability to evaluate the entire study area. The 

relative results obtained will be extrapolated to the entire area. 

The method chosen was the second one, due to its better relative accuracy, but with some 

modifications. To compare MODIS and Landsat images it is necessary big burned areas, 

due to the spatial resolution of MODIS images. But also it wanted to test the accuracy 

assessment between small and large fires, so three small fires were also introduced in the 

study of Landsat images. 

The forest fires chosen can be shown in the Figure 30 (large fires) and Figure 31 (small 

fires). About large fires all of them are recent fires and in a mountainous area. Each burned 

area has a particular feature that can make a difference in their identification, and 

therefore in the final area obtained. Fire (A) has quite internal areas unburned and high 

severity in burned areas. Fire (B) has a few internal areas unburned and high severity in 

burned areas. Fire (C) has quite internal areas unburned and not very high severity in 

burned areas due to the poorest density in the vegetation affected in the fire.   

 

Figure 30. Fires (A), (B) and (C) 
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More similarity is found in the fires (D), (E) and (F). All of them are small and fairly evenly 

burned areas. 

 

Figure 31. Fires (D), (E) and (F) 
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5. RESULTS AND DISCUSSION 

Below will be shown the resulting images obtained after the application of the indices. A 

visual comparative analysis will be conducted, highlighting the differences between the 

kind of images and indices used. 

Later, a selection of specific areas will be presented also as a result, based on the 

validation data explained previously, to perform a numerical comparative analysis. In this 

way it will be possible to obtain and compare two kinds of results, both graphical and 

numerical. 

5.1. Monotemporal Results 

5.1.1. Landsat Images 

The results can be observed in the Figure 32. As it was commented, although indices were 

developed in all Landsat images - useful for the multitemporal study – the meaningful 

results are linked to the post-fire images, in this case, Image (1).  

   

(32a)        (32b) 
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(32c)        (32d) 

Figure 32. Monotemporal results in Landsat. (32a) NBR index in Image (1); (32b) Detail of NBR index; 

(32c) SWIR index in Image (1); (32d) BAI index in Image (1). 

First of all it is necessary to highlight the similarities between NBR and SWIR index. 

However, it is possible to observe also differences between both indices. See Figures 

(32a) and (32c). Despite of the total amount of burned area is similar in both indices, 

SWIR trends to classify more than NBR as burned areas the classes of bare fields and 

crops. Also SWIR index is not able to recognize some shaded and burned internal regions 

as burned areas, while NBR index does. The mistakes by default and excess are 

compensated and the total amount of burned area is similar in both indices. These 

differences are very subtle and they were revealed after careful observations. 

The differences between NBR-SWIR and BAI are more evident. BAI index, see Figure 

(32d), have more problems with the identification of burned areas. Many shaded burned 

areas were classified as unburned areas. The classification of bare fields and crops as 

burned areas was higher than NBR index and similar than SWIR index. 

As a preliminary result, it can be concluded that NBR was the most accurate index, but in 

the same range of SWIR. 

Accuracy Assessment of Landsat images 

Below these lines are explained the two coefficients that have been used to assess the 

quality and precision of the results obtained. 
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 The Overall Accuracy (OA) is obtained dividing the total of pixels correctly 

classified (as summa of the main diagonal in the Confusion Matrix) divided by the 

total number of pixels in the evaluation test.  

 Kappa coefficient is determined through the Confusion Matrix, and expresses a 

statistical measure of the agreement, beyond chance, between two maps. 

Table 11. Accuracy assessment of Landsat images 

  

NBR 

index 

SWIR 

index 

BAI 

index 

Supervised 

Classification 

Image (1) 
OA 98.81% 98.79% 89.62% 97.07% 

k 0.8249 0.8229 0.782 0.9637 

Image (2) 
OA 99.65% 99.63% 91.34% 91.89% 

k 0.8281 0.8223 0.7364 0.8989 

Image (3) 
OA 99.50% 99.49% 91.60% 88.12% 

k 0.7005 0.6988 0.7534 0.8561 

Image (4) 
OA 95.45% 95.20% 95.27% 93.72% 

k 0.8108 0.8038 0.7936 0.9239 

 

According to the results of the classification accuracy assessment in Landsat Images 

(Table 11), in the case of NBR index – Image (2) (99.65%), SWIR index – Image (2) 

(99.63%), NBR index – Image (3) (99.50%) and SWIR index – Image (3) (99.49%) 

approaches proved to be the most accurate, whereas the Supervised Classification – Image 

(3) (88.12%) and BAI index – Image (1) (89.62%) were the least accurate, being the 

unique values under 90% of OA. All these results presented high level of accuracy, and 

differences between all methods and images could not be considered statistically 

significant.  

However it is possible to observe a vertical distribution in the results; the accuracy 

obtained is more dependent on the method used than the image used. Thus the most 

accurate method was NBR index, followed closely by SWIR index. The Image (4) shown a 

little less accuracy compared to the other three Landsat images. 

About kappa coefficient (k) the results vary between the value of 0.9637 in the method of 

Supervised Classification - Image (1) and the value of 0.6988 in the SWIR index - Image 

(3). All values are quite high interpreting the strength of the concordance between 

substantial to almost equal. The highest correlations are found in the method of 
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Supervised Classification, whereas the lowest values of the kappa coefficient correspond 

to BAI index. Clearly the image with the lowest values of kappa coefficient is the Image (3), 

probably influenced by its numerous and conflictive classes.  

5.1.2. MODIS Images 

The results obtained after the application of indices in MODIS images are shown in the 

Figure 33. These images correspond to the Image (5) post-fire. Also, indices were applied 

in the Image (7) pre-fire, being the results obtained useful for the multitemporal study, but 

not for the monotemporal results that are shown below these lines. 

  

(33a)        (33b) 

  

(33c)        (33d) 

Figure 33. Monotemporal results in MODIS. (33a) NBR index in Image (5); (33b) Detail of NBR index; 

(33c) SWIR index in Image (5); (33d) BAIM index in Image (5). 
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As it can be observed, the resolution of MODIS images is the first identified limitation, 

comparing with Landsat images. The subtle differences found between NBR and SWIR 

indices in Landsat images were not found in MODIS images, see Figures (33a) and (33c). 

The results with both indices were virtually identical.  

However BAIM index identified worse the burned areas. Some regions were identified as 

unburned areas when actually they were. As conclusion to MODIS images, SWIR and NBR 

index are effectives, being BAIM index the worst identifying burned areas. 

Accuracy assessment of MODIS images 

The Table 12 shows the accuracy assessment of MODIS images. About the OA, SWIR index 

– Image (7) (99.55%) and BAIM index – Image (7) (99.51%) approaches proved to be the 

most accurate, whereas the Supervised Classification – Image (5) (97.62%) and the 

Supervised Classification – Image (7) (98.48%) were the least accurate, being the unique 

values under 99% of OA. All these results presented very high level of accuracy, and 

differences between all methods and images could not be considered statistically 

significant.  

Table 12. Accuracy assessment of MODIS images 

  

NBR 

index 

SWIR 

index 

BAIM 

index 

Supervised 

Classification 

Image (5) 
OA 99.27% 99.27% 98.77% 97.62% 

k 0.8333 0.8333 0.6826 0.9443 

Image (7) 
OA 99.26% 99.55% 99.51% 98.48% 

k 0.4412 0.4587 0.5236 0.8884 

 

The only difference observed worthy of mention was the less accuracy of the method of 

Supervised Classification regarding to the others. 

In the kappa coefficient the values obtained present high disparity. The lower value is 

found in the method of NBR index – Image (7) (0.4412) and the highest value in the 

method of Supervised Classification – Image (5) (0.9443). Values under 0.4 present 

strength of the concordance moderate, giving as valid all coefficients obtained. The 

method with highest values of kappa coefficient is the Supervised Classification. The Image 

(5) has higher values than Image (7) taking into account the recurrence of some conflictive 

classes in the Image (7). 
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5.2. Multitemporal Results 

The multitemporal results will be presented below these lines. They show the happened 

changes between the dates of the pair of images involved in the study.  

5.2.1. Comparison of the Images Immediately Before and After Forest Fires 
 

The results of Landsat images combination are shown in the Figure 34, below this line: 

 

(34a)        (34b) 

 

(34c)        (34d) 

Figure 34. Multitemporal results between Images (1) and (2). (34a) dNBR index; (34b) Detail of dNBR 

index; (34c) dSWIR index; (34d) dBAI index. 
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Comparing the images obtained it is possible to observe high similarity between the 

results in dSWIR and dNBR indices in the Figures (34a) and (34c). However, dBAI index 

in the Figure (34d) presents more unidentified burned areas, situated in the shaded 

burned regions. Also the presence of noise – unwanted coverage classified as burned areas 

– is more evident in dBAI index. It is remarkable the total amount of burned area in just 16 

days. A detail of the dNBR index is shown in the Figure (34b). It is possible to distinguish 

with great level of detail the burned area between the period involved. The problem of the 

burned regions in the shadows, frequently identified as unburned areas, is inherited of the 

monotemporal results, and the conclusions obtained can be extrapolated also to 

multitemporal results.  

 

In a same way, the results after applying the different indices in MODIS images are shown 

below these lines in the Figure 35. 

 
(35a)        (35b) 
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(35c)              (35d) 

Figure 35. Multitemporal results between Images (5) and (7). (35a) dNBR index; (35b) Detail of dNBR 

index; (35c) dSWIR index; (35d) dBAIM index. 

It is complicated assessing the quality of the indices in MODIS images due to their low 

spatial resolution. Nevertheless, depending of the index used it is possible to observe 

differences in the total amount of burned area. In dBAIM index (Figure (35d)) there are 

several burned areas –especially in shaded regions- classified as unburned areas. By the 

other side, dSWIR index (Figure (35c)) classifies internal unburned areas as burned areas. 

The balance can be found in dNBR index (Figure (35a)), leaving overlook the fact of the 

low resolution of MODIS images, where some large internal unburned areas are correctly 

classified. A detail of dNBR index is shown in the Figure (35b) in which the resolution can 

be appreciated better. 

5.2.2. Comparison of the Images from one Forest-fire Season 

 

(36a)      (36b)    (36c) 
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Figure 36.  Multitemporal results between images (1) and (3). (36a) dNBR index; (36b) dSWIR 

index; (36c) dBAI index. 

As it can observe in the Figure 36 the results are very similar. Also differences are found 

between dBAI and the other two indices, more in tune than the real burned areas. In the 

absence of burned areas at the beginning of the fire season in the year 2011, the results 

that shown the difference of burned areas between the Images (1) and (3) resemble the 

results obtained between the Images (1) and (2). 

 

5.2.3. Comparison of the Images from Multiple Years 

 

(37a)      (37b)    (37c) 

Figure 37.  Multitemporal results between Images (1) and (4). (37a) dNBR index; (37b) dSWIR index; 

(37c) dBAI index. 

The results explained in the section 5.2.1. can be extrapolated to this section. Again dBAI 

index shows problems to identify burned areas in shaded regions. Surprisingly the year 

2007 had a low recurrence of wildfires in the area of study, comparing with the annual 

average. Excepting local differences -small forest fires- the results are similar than 

previous sections 5.2.1 and 5.2.2. 

Accuracy assessment of Multitemporal results 

To assess the quality and precision of the multitemporal results obtained there were used 

again the coefficients of Overall Accuracy (OA) and Kappa coefficient (k).  

According to the results of the OA in Multitemporal images (See Table 11), in the case of 

SWIR index – Pair 5-7 (99.41%), NBR index – Pair 5-7 (99.27%), NBR index – Pair 1-2 

(99.23%) and SWIR index – Pair 1-2 (99.21%) approaches proved to be the most accurate, 
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whereas BAI index – Pair 1-2 (90.48%) and BAI index – Pair 1-3 (90.61%) were the least 

accurate. Still, all the results are above 90% of OA, so the global accuracy is consider 

excellent.  

The most precise index to obtain burned areas was NBR, followed very close by SWIR. BAI 

index was the least accurate. The pair of MODIS Images (5-7) proved to be the most 

accurate, comparing with Landsat images. 

Table 11. Accuracy assessment of multitemporal results. 

    

NBR SWIR BAI/BAIM Supervised 

index index index Classification 

(1) - (2) 
OA 99.23% 99.21% 90.48% 94.48% 

k 0.8265 0.8226 0.7592 0.9313 

(1) - (3) 
OA 99.16% 99.14% 90.61% 92.60% 

k 0.7627 0.7609 0.7677 0.9099 

(1) - (4) 
OA 97.13% 97.00% 92.45% 95.40% 

k 0.8995 0.8959 0.8449 0.9473 

(5) - (7) 
OA 99.27% 99.41% 99.14% 98.05% 

k 0.6373 0.6460 0.6031 0.9164 

 

About the results of kappa coefficient, the values vary between 0.9473 in the method of 

Supervised Classification – Pair (1-4) and 0.6031 in BAI index – Pair (5-7). All values are 

acceptable after the interpretation of the concordance strength, because they are situated 

in the rank between moderate (0.6031) and almost equal (0.9473). The highest 

correlations are found in the method of Supervised Classification, whereas the lowest 

values correspond to BAI/BAIM index. The highest values of kappa coefficient were found 

in the pair 1-4, while the lowest values were in the pair 5-7 from MODIS images. 

 

5.3. Burned Areas obtained  with Validation Data 

As it was commented previously, in order to present numerical results between the 

different images and methods performed in the study, and not just graphical results, it was 

decided to assess an item with a common nexus in all the images. The element chosen to 

compare them was the burned areas. Once obtained data of validation in the pilot areas -

three large and three small burned areas in the post-fire images- it was possible to 

quantify the differences between all methods performed.  
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The validation data was carefully collected, trying to respect the real shape of the burned 

areas, including the unburned interior regions in the big forest fires. See Figure 38. 

 

 

Figure 38. Digitalization of Validation Data 

Once selected the six areas of interest and after digitalized, the burned area was 

calculated, obtaining the following results in the Table 12: 

Table 12. Amount of burned area in Image (1) with Validation Data 

LARGE FIRES (ha) SMALL FIRES (ha) 

FIRE (A) 3,540.87 FIRE (D) 9.63 

FIRE (B) 1,535.31 FIRE (E) 17.19 

FIRE (C) 3,014.28 FIRE (F) 49.32 

 

These results will be compared with all methods performed in the study. 

 

In MODIS images the same data of validation was used, but as can be observed in Figure 

39, the lower spatial resolution of the MODIS images only allows working with the three 

large fires of the study. 
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Figure 39. Extraction of Validation Data in MODIS images 

 

Finally, fire (B) was also discarded due to the presence of clouds above the burned area. 

See Figure 41. The burned areas of the fires (A) and (C) are shown below these lines in the 

Table 13: 

Table 13. Amount of burned area in Image (5) with Validation Data 

VALIDATION DATA (ha) 

FIRE (A) 3,550.00 

FIRE (C) 2,875.00 

 

5.4. Burned Areas obtained by Applying Indices 

5.4.1. Burned Areas with NBR 

The results after applying the index in the areas selected are shown in Figure 40. 
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Figure 40. Burned areas obtained with NBR index 

The areas obtained are shown below: 

Table 14. Amount of burned area in Image (1) with NBR Index 

LARGE FIRES (ha) SMALL FIRES (ha) 

FIRE (A) 3,075.48 FIRE (D) 6.57 

FIRE (B) 1,535.31 FIRE (E) 16.83 

FIRE (C) 2,644.56 FIRE (F) 42.39 

 

The results after the application of NBR Index in MODIS images are shown in Figure 41:  

     

Figure 41. Burned Areas in Image (5) with NBR Index 
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The areas obtained can be checked in the Table 15: 

Table 15. Amount of burned areas in Image (5) with NBR Index 

NBR Index (ha) 

FIRE (A) 2,675 

FIRE (C) 2,700 

 

5.4.2. Burned Areas with SWIR Index 

The results after applying the index in the areas selected are shown in Figure 42. 

 

Figure 42. Burned Areas with SWIR Index 

The areas obtained are shown below: 

Table 16. Amount of burned area in Image (1) with SWIR Index 

LARGE FIRES (ha) SMALL FIRES (ha) 

FIRE (A) 3,121.65 FIRE (D) 6.57 

FIRE (B) 1,452.06 FIRE (E) 16.83 

FIRE (C) 2,658.42 FIRE (F) 42.39 

 



66 

 

In the same way the index was applied in MODIS image post-fire. The fires (A) and (C) can 

be observed in the Figure 43: 

 

Figure 43. Burned Areas in Image (5) with SWIR Index 

And the burned areas obtained are the following: 

Table 17. Amount of burned area in Image (5) with SWIR Index 

SWIR Index (ha) 

FIRE (A) 2,675 

FIRE (C) 2,700 

 

5.4.3. Burned Areas with BAI 

The results after applying the index in the areas selected are shown in Figure 44. 

 

Figure 44. Burned Areas with BAI 
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The areas obtained are shown below: 

Table 18. Amount of burned area in Image (1) with BAI Index 

LARGE FIRES (ha) SMALL FIRES (ha) 

FIRE (A) 2,465.46 FIRE (D) 6.57 

FIRE (B) 1,230.30 FIRE (E) 16.11 

FIRE (C) 2,347.74 FIRE (F) 41.31 

 

5.4.4. Burned Areas with BAIM 

The methodology used in MODIS image to calculate the area was the same as used in 

Landsat image. As it was commented, only in the Fires (A) and (C) the area could be 

calculated. See Figure 45: 

 

Figure 45. Burned Areas in Image (5) with BAIM Index 

The burned areas of these fires are the following: 

Table 19. Amount of burned area in Image (5) with BAIM Index 

BAIM Index (ha) 

FIRE (A) 2,025 

FIRE (C) 2,850 
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5.5. Burned Areas obtained by Applying Supervised Classification 

As it was commented, a supervised classification was carried out to eliminate the 

unwanted noise of the images. Also, this method was used as an alternative to test the total 

burned area. These areas can be seen, after the supervised classification, in the Figure 46.  

 

Figure 46. Burned areas with Supervised Classification 

The areas obtained are shown below: 

Table 20. Amount of burned area in Image (1) with Supervised Classification 

LARGE FIRES (ha) SMALL FIRES (ha) 

FIRE (A) 3,142.53 FIRE (D) 6.21 

FIRE (B) 1,455.75 FIRE (E) 19.08 

FIRE (C) 2,662.38 FIRE (F) 49.95 
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At the same way, in MODIS image it was performed a Supervised Classification. The areas 

evaluated were the Fires (A) and (C). See Figure 47. 

 

Figure 47. Burned Areas in Image (5) with Supervised Classification 

The areas obtained are shown below: 

Table 21. Amount of burned area in Image (5) with Supervised Classification 

Supervised Classification (ha) 

FIRE (A) 3,200 

FIRE (C) 2,925 

 

5.6. Burned Areas obtained with MODIS product of Thermal Anomalies 

As it was commented previously, this product is only valid to assess active fires; in the 

moment of the image acquisition Fire (C) had not started yet. The burnt area of the Fires 

(A) and (B) was extracted as in the other methods. See Figure 48. 

   

Figure 48. Fires (A) and (B) in Image (6)  

The areas obtained are shown below: 

Table 22. Amount of burned area – Image (6) 

  REAL (ha) PRODUCT (ha) 

FIRE (A) 3700 2700 

FIRE (B) 1500 1800 

TOTAL 5200 4500 
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5.7. Comparison of the Burned Areas 

The areas obtained are summarized in the Tables 23, 24 and 25: 

Table 23. Amount of burned area – Image (1) 

 
REAL (ha) NBR (ha) SWIR (ha) BAI (ha) CLASS (ha) 

FIRE (A) 3540.87 3075.48 3121.65 2465.46 3142.53 

FIRE (B) 1535.31 1432.35 1452.06 1230.30 1455.75 

FIRE (C) 3014.28 2644.56 2658.42 2347.74 2662.38 

FIRE (D) 9.63 6.57 6.57 6.57 6.21 

FIRE (E) 17.19 16.83 16.83 16.11 19.08 

FIRE (F) 49.32 42.39 42.39 41.31 49.95 

TOTAL 8166.60 7218.18 7297.92 6107.49 7335.90 

 

Table 24. Amount of burned area – Image (6) 

  REAL (ha) PRODUCT (ha) 

FIRE (A) 3700 2700 

FIRE (B) 1500 1800 

TOTAL 5200 4500 

 

Table 25. Amount of burned area – Image (5) 

  REAL (ha) NBR (ha) SWIR (ha) BAIM (ha) CLASS (ha) 

FIRE (A) 3550 2675 2725 2025 3200 

FIRE (C) 2875 2700 2750 2850 2925 

TOTAL 6425 5375 5475 4875 6125 

 

 

As a first comment to highlight is the underestimation of burned areas in all methods –

Indices and Supervised Classification- performed in the study. The main cause attributable 

is the confusion of indices that sometimes classify burned areas in shadow as unburned 

areas. Some indices are facing the problem better, but any of them solve it completely.  

The differences between methods can be observed studying the large fires (A), (B) and (C). 

See Table 23. About indices, the SWIR index is the method that best approximates the 

estimated areas regarding to the validation data. Results of NBR are almost equal in terms 

of burned area to SWIR. BAI or BAIM indices have the well-known problem of confusion 

classifying shade burned areas as unburned areas. This fact is reflected in the total burned 

area, being the method less accurate. 
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The technique of Supervised Classification sometimes makes mistakes classifying by 

default or by excess burned areas. The fact is reflected in the estimation of the small fires, 

where sometimes the total burned area exceeds the real area of validation.  

Comparing results of MODIS and Landsat, the better spatial resolution of Landsat images 

allows the collection of more accurate burned areas or more close to the real values of 

burned area. 

Additionally burned areas caused by active fires were also calculated, (Table 24), thanks 

to the product of MODIS images, being an approach of the burned areas in one specific 

moment. It is remarkable the big quantity of areas burning at the same time. 

5.8. Accuracy Assessment of the Burned Areas 

The Accuracy Assessment of the burned areas was performed with the software ArcGIS 

and Microsoft Excel. The first step was to create the boundary in every single fire, in order 

to evaluate only the areas involved in the assessment. These boundaries were converted 

to raster and a value of 0 (unburned) was assigned. The next step was to perform a merge 

between the burned areas with a value of 255 and the results of the methods applied 

(indices and supervised classification). Finally the merge was combined with the 

validation data of burned area. The methodology followed is summarized in the Figures 

49, 50 and 51:   

 

(49a)     (49b)   (49c) 

Figure 49. Burned/Unburned – Image (1): (49a) Real; (49b) NBR; (49c) Combination  
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(50a)   (50b)   (50c) 

Figure 50. Burned/Unburned – Image (7): (50a) Real; (50b) NBR; (50c) Combination  

 

(51a)   (51b)   (51c) 

Figure 51. Burned/Unburned – Image (5): (51a) Real; (51b) NBR; (51c) Combination  

 

Once obtained the combined burned areas the confusion matrices were created. After this 

step it was possible to extract the Overall Accuracy and Kappa Coefficient, which are 

shown in the Tables 26, 27 and 28. 

Table 26. Overall Accuracy and Kappa Coefficient – Image (1) 

 
 

NBR 

index 

SWIR 

index 

BAI 

index 

Supervised 

Classification 

FIRE (A) 
OA 88.20% 89.21% 74.60% 89.65% 

k 0.70 0.72 0.46 0.73 

FIRE (B) 
OA 92.15% 92.75% 82.55% 93.25% 

k 0.79 0.80 0.59 0.81 

FIRE (C) 
OA 87.34% 87.69% 80.54% 87.79% 

k 0.68 0.69 0.56 0.69 

FIRE (D) 
OA 77.55% 77.55% 77.55% 75.51% 

k 0.56 0.56 0.56 0.52 

FIRE (E) 
OA 90.67% 90.67% 89.71% 90.91% 

k 0.81 0.81 0.79 0.82 

FIRE (F) 
OA 83.65% 83.65% 83.85% 92.81% 

k 0.67 0.67 0.68 0.85 
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According to the results of the classification accuracy assessment in Landsat images, see 

Table 26, in the case of Supervised Classification - Fire (B) (93.25%) and Fire (F) 

(92.81%), SWIR index - Fire (B) (92.75%) and NBR index - Fire (B) (92.15%) approaches 

proved to be the most accurate, whereas the BAI index - Fire (A) (74.60%) and Supervised 

Classification - Fire (D) (75.51%) were the least accurate. All the results presented 

acceptable level of accuracy, being possible to find differences statistically significant 

between methods and fires studied. 

Measuring the Overall Accuracy, the method that provided more precision was Supervised 

Classification. In the other side, BAI index was the less accurate method. NBR and SWIR 

indices, as usual, presented values of Overall Accuracy very similar. 

Fire (B) was the area of study with the highest values of accuracy, with an average of 

90.18%. The reasons can be found in the homogeneity and sharpness in the regions 

affected by the wildfire in the area (B). On the other hand, Fire (D) was the least accurate, 

with an average of 77.04%. 

According to the results of the kappa coefficient, the variation was between the values of 

0.46 in BAI index - Fire (A) and 0.85 in Supervised Classification - Fire (F). These ranges 

indicate a strength of agreement between moderate to almost equal, so the kappa 

coefficient can be considered as valid. The highest correlations are found, as usual, in the 

method of Supervised Classification. Fire (E) presented the highest values in almost all 

methods used. The least accurate method was BAI index, and the Fire (D) obtained the 

lowest values in kappa coefficient. 

 

Table 27. Overall Accuracy and Kappa Coefficient – Image (5) 

  PRODUCT 

FIRE (A) 
OA 85.71% 

k 0.71 

FIRE (B) 
OA 88.24% 

k 0.46  

 

In the Table 27 it is possible to observe the values of Overall Accuracy and kappa 

coefficient in both fires studied. All parameters are statistically acceptable. 
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Table 28. Overall Accuracy and Kappa Coefficient – Image (7) 

  NBR 

index 

SWIR 

index 

BAIM 

index 

Supervised 

Classification 

FIRE (A) 
OA 83.33% 83.33% 83.33% 83.33% 

k 0.64 0.64  0.51  0.59  

FIRE (C) 
OA 80.14% 81.51% 82.88% 83.56% 

k 0.46  0.49  0.51  0.51  

 

About the results of the Table 28, remarkable differences in Overall Accuracy were not 

found regarding to image (1). All obtained values were high, between 80.14% in NBR 

index – Fire (C) and 83.56% in Supervised Classification – Fire (C). The results of kappa 

coefficient were lower than in image (1), but they are statistically acceptable.  

 

5.9. Estimation of Burn Severity 

The result after applying the estimation of burn severity in the index dNBR of the Images 

(1) and (2) is shown in the Figure 52. Four different grades of severity were defined, as it 

was explained in the Section 4.3.5. The colours assigned were the following: 

 

Table 29. Burn Severity Ranges  

Unburned  

Low severity  

Moderate severity  

High severity  

 

Figure 52. Result of Burn Severity in Image (1) 
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 A detailed zooming of three large fires is observed below this line in the Figure 53.  

 

(53a)     (53b)   (53c) 

Figure 53. Burn Severity (53a) FIRE (A); (53b) FIRE (B); (53c) FIRE(C) 

As it is shown in the Figure 53, it is possible to distinguish different grades of severity in 

the areas affected by wildfires. Fire (A) was the most devastating fire, with many regions 

highly calcined. Fire (B) present several areas in the South with low severity, which 

indicates some difficulty in the progression of the fire caused by topographic conditions, 

vegetal species affected or, in this case, the presence of a large water reservoir, that acted 

as a natural barrier against the progression of the fire. Fire (C) presents many regions 

unburned and with low severity, due to the type of land cover – sparse forests – where the 

fire was produced. 

 

Once obtained the mapping of burn severity it was possible quantifying the area of each 

range. For the FIRE (A) are shown in the Table 30. 

Table 30. Areas of Burn Severity Ranges in FIRE (A) 

Severity Ha 

Low 10,227.6 

Moderate 12,931.9 

High 1,864.6 

 

  



76 

 

6. CONCLUSIONS AND FUTURE RESEARCH 

The purpose of this study was to estimate burned areas in a specific region of Spain based 

on the application of different techniques and varying the satellite imagery involved. 

MODIS and Landsat TM5 are common source of data to evaluate forest fires, but the 

results varied significantly between both. 

The greatest limitation found in MODIS images is linked to their spatial resolution. All 

burned areas below 25 ha are undetectable, therefore the estimation of total burned area 

in a region using MODIS images will be limited to forest fires above this value. As initial 

conclusion, the utility of MODIS images is subjected to studies that involve large burned 

areas or as a first approach. 

Nevertheless, some advantages were found in the use of MODIS images, as the fast 

processing comparing with Landsat images, allowing the collection of results in almost 

real time.  

About the application of the indices, remarkable differences have been observed. There 

are quite similarity between NBR and SWIR index. BAI index, working with values of 

reflectance, has had results quite different.  

NBR and SWIR indices use bands 7 and 4, but the different equations provide some 

variations in the results. After the application of NBR and SWIR indices on the images, 

burned areas are highlighted, but also unwanted classes as bare fields or crops appear 

stressed regarding to unburned areas. The presence of noise is more evident in SWIR 

index than in NBR index, -see Figure 32a and Figure 32c-. Also burned areas in the 

shaded regions are better identified in the NBR index, which indicates an improvement in 

the NBR equation comparing with the simple ratio of SWIR index. However, these 

differences, obtained after careful observations, are not reflected on the overall burned 

area because one effect compensates the other one. 

Before applying the BAI index, several operations as conversion to levels of radiance or 

thresholds were needed in order to identify properly the burned areas. These operations 

are unnecessary in NBR or SWIR indices. Therefore, in terms of calculations, NBR and 

SWIR are better than BAI because they require fewer operations. 
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In terms of results BAI also presents several differences: 

 BAI improves the results with respect to errors of commission. Less unburned 

areas (as bare fields or crops) are identified as burned areas. I.e., there is less 

unwanted noise after the application of the index.  

 There are problems identifying mountainous regions with burned area in the 

shadow. These areas are frequently classified as unburned. 

About Supervised Classification, it was performed to remove the unwanted classes, as bare 

fields or crops, a priori classified as burned areas. Different classes were assigned 

depending of the image. The most problematic image was Image (3) in the spring term. 

Classes of crops present much variety in this period of the year and it was necessary five 

different classes of crops to classify the Image (3) properly, instead of only one class in the 

other images. 

In multitemporal analysis, results were not as conclusive as expected. The results were 

conditioned by two main factors: 

 Strong prevalence of burnt areas in the Image (1) as post-fire image. 

 Low area burnt in the other three Landsat Images (2), (3) and (4).  

It was impossible to establish seasonal or interannual patterns, due to the limitation of the 

images in the study. As it can observe in the Figure 34a, Figure 36a and Figure 37a, the 

results obtained with dNBR index in 2-1 (prefire - postfire), 3-1 (beginning of fire season - 

end of fire season), and 4-1 (4-years-difference) were almost the same. Also in the other 

indices (dSWIR and dBAI) the results were very similar. Basically the results of 

multitemporal study in this thesis show the strong prevalence of burned areas in the 

Image (1). 

Also were found significant differences in the results according to the method employed to 

quantify the burned area. All indices used in the study estimated burned areas below its 

real value. The main cause attributable is the confusion of indices that sometimes classify 

burned areas in shadow as unburned areas. 

Thus, areas obtained through the application of indices varied between the 63.83% and 

87.06% of the real burned area, depending on the method employed on the different 

assessed burned areas. 
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The best results obtained were, as expected, in the forest fire B, due to its homogeneity 

and continuity in burned areas. Depending on the method employed, percentages varied 

between 73.58% in BAI and 87.06% in Supervised Classification. 

Other interesting point of view was provided by MODIS product, showing the active fires 

and areas burning in a specific moment. 

The study of burn severity reveals the complex phenomena behind of a burned area. 

Studying the severity provides alternative tools to prevent future forest fires in function of 

the topography, vegetation or environmental factors. 

As a future research it would be an improvement to find seasonal and interannual patterns 

in multitemporal analysis. To achieve to find the patterns it would be necessary more data 

collection, before and after forest fires, and in different seasons. It is not easy task, because 

the availability of images is not constant due to the climatic conditions, the presence of 

clouds, the satellite status or the temporal resolution. 

The results could be more accurate with field truth data to assess the validation. This 

improvement is related to the availability of field data obtained with GPS techniques. 

Other possible improvement could be the creation of a new index or algorithm able to 

identify burned areas, but it would be necessary long time of research. 

With the incorporation to the study of factors as climatology, wind, slope, etc. it could 

create a map of wildfire risks, in order to prevent the proliferation of forest fires in 

recurrent areas as Galicia. 

All results obtained could be presented in a website to facilitate the access to the 

cartographic information generated. 
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