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Abstract 
According to the literature, MODIS burned area product MCD45 has been shown to have low reliability in the 

tropical Andes, with omission errors around 50%. Instead, Landsat images can provide good results but current 

processing methodologies are very time consuming. This study presents a new method for the tropical Andes, 

based on spectral unmixing applied to MODIS and Lansat images, with the aim of improving the methods 

currently available to estimate burned area in the region. Results show that the technique is not appropriate for 

MODIS images, which have not enough spatial resolution distinguishing between burned and unburned pixels. 

However, spectral unmixing applied to Landsat images lead to results with only 20% of omission errors and 

9% of commission errors. 
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 Introduction 

  

The Andes are one of the most biologically rich regions on the planet, where the occurrence of fires is 

believed to be increasing. In the Andean region of Cusco there are, on the one hand, high mountain 

pastures where the use of fire by local communities for agriculture and livestock as well as for cultural 

and religious practices is common (Sarmiento & Frolich, 2002). On the other hand, there are the 

tropical mountain cloud forests, ecosystems of high ecological value but extremely sensitive to fire 

which, due to climate change, are being increasingly affected by fires (Cochrane, 2003). However, the 

fire regime and the emissions associated with the combustion of biomass in the region are still 

relatively poorly understood, mainly due to the lack of systematic national fire monitoring policies but 

also due to the characteristics of the region with very remote areas of difficult access. Remote sensing 

can therefore become a very effective tool for the estimation of burned areas in these regions. 

There are numerous studies in the literature on the detection of burned area scars from satellite images, 

but there are really very few studies focused on the Tropical Andean region (Bradley & Millington, 

2006; Oliveras, Anderson, & Malhi, 2014; Román-Cuesta et al., 2014). Moreover, all of these few 

studies also agree that the majority of remote sensing products currently used have a high degree of 

underestimation in the detection of the number and area of fires in this region. Several reasons can be 

argued to explain this underestimation (Bradley & Millington, 2006), mainly: spatial resolution of 

imagery, topographic effects causing shadows on the image, climatic seasonality which affects fuel 

moisture contents and cloud cover, local fire characteristics (most fires in the tropical Andes are small 

and of short duration) and the spatial and temporal scales of human activity in managing the grasslands. 

Oliveras et al. (Oliveras et al., 2014) observed a remarkable underestimation of fire ignitions and 

burned area from MODIS fire products. Particularly, their data suggested that the MODIS burned area 

product (MCD45) failed to detect not only small burn scars but also large burn scars, probably due to 

the limitation of this global algorithm to overcome issues of cloud frequency and shadows caused by  
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the complex topography of this region. These authors have therefore suggested that a calibration would 

be needed for the Tropical Andes in order to improve the performance of these products. The use of 

higher resolution images such as the ones provided by the Landsat thematic mapper could also be a 

solution, but current processing methodologies are very time consuming, of difficult validation and 

limited by the temporal resolution of the Landsat imagery.  

The basic unit of a satellite image is the pixel that varies in size depending on the image’s resolution. 

Regardless its resolution, a pixel is not usually homogeneous, because the signal measured by the 

sensor is always a mixture of the electromagnetic radiation of different constituents that are in pixels. 

Recognizing that pixels are combinations of different components has introduced the need to 

decompose quantitatively these mixtures. The basic premise of the mixture modelling techniques is 

that in an image most of the area is dominated by a small number of different materials that have 

relatively constant spectral properties. These materials (eg water, soil, metal, vegetation, etc.) are 

called endmembers and the fractions appearing in a mixed pixel are called abundances. The 

endmembers are elements considered spectrally pure. The spectral decomposition or spectral unmixing 

is thus the procedure by which the measured spectrum of a mixed pixel is decomposed into the 

endmembers and their corresponding abundances. During the last decades, several methods have been 

proposed to solve the mixture problem (Atkinson & Tatnall, 1997; Brown, Gunn, & Lewis, 1999; 

Carpenter, Gopal, Macomber, Martens, & Woodcock, 1999; Guilfoyle, Althouse, Chang, & Member, 

2001; Nascimento & Dias, 2005; Wang, 1990). Among all methods, the most widely used is the 

spectral mixture analysis (Adams, Smith, & Johnson, 1986; Keshava & Mustard, 2002) using linear 

models (LMM) and non linear models (NLMM). The question of whether linear or nonlinear processes 

dominate spectral signatures is still an unsolved problem (Somers, Asner, Tits, & Coppin, 2011). The 

linear approach has proven to be a useful technique for the interpretation of remote sensing data 

variability and a powerful mean of converting spectral information on products which may be related 

to the abundance of natural materials on the surface (Keshava & Mustard, 2002). Nevertheless, it does 

not include the possible interactions between the endmembers present in a pixel, which may lead to 

results with absolute errors of up to 30%. The NLMM, although it considers the possible interactions 

between endmembers and thus reduces the error, has a much higher computational cost (Adams & 

Gillespie, 2006). For this reason, the use of LMM is much more extensive in the literature. 

The key to achieve good results in spectral mixture analysis is an accurate selection of type and umber 

of endmembers (Elmore, Mustard, Manning, & Lobell, 2000; Tompkins, Mustard, & Forsyth, 1997). 

The most common way achieving this is the use of iterative testing with different combinations and 

sets of endmembers (Franke, Roberts, Halligan, & Menz, 2009; Somers et al., 2010). Once the 

endmembers have been determined and the number of spectral bands available is known, if a LMM is 

used, an overdetermined system of linear equations have to be solved in order to obtain, for each pixel, 

the respective abundances of the endmembers. The solving method used must ensure the minimum 

error of the solution. Generally, the selection of this method is arbitrary, for example (Ball, Kari, & 

Younan, 2004) use the singular value decomposition, (Adams et al., 1995) use the Gramm-Schmidt 

orthogonalization, (Chen, Jia, Yang, & Matsushita, 2009; Du, 2004) use quadratic programming, 

(Settle, 2006) uses maximum similarity and (Anderson et al., 2005; Barducci & Mecocci, 2005) use 

the least squares regression analysis. 

This study aims to develop a systematic and reliable methodology for obtaining accurate data on 

burned area scars for the Tropical andes, by using unmixing modelling on remote sensing images from 

different satellites (MODIS and Landsat).Following the work performed by Anderson et al. (Anderson 

et al., 2005), we used three types of endmembers (soil, vegetation and water), performing a specific 

study to characterize them (Somers et al., 2011) for the study area. 
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 Study area 

 

The study area, of about 2.8 million hectares, is located on the eastern slope of the southeastern 

Peruvian Andes, at altitudes over 2000 meters above sea level (see the red line in Figure 1), and is 

characterized by very steep gradients both longitudinally and latitudinally. The coordinates used to 

delimitate the study area were: -12° S, -14°S, -69.5° W, -73.2° W 

 

Figure 1. Location of the study area. Colour legend indicates altitude in meters a.s.l. 

 

 Methodology 

 

 Data 

Three different sets of data were used: MODIS to develop the linear unmixing model, the ASTER 

Global Digital Elevation Model (GDEM) to develop an elevation mask over 2000 m a.s.l. at the study 

area and the Landsat TM5 for validation purposes. 

MODIS instruments are onboard satellites Terra (EOS AM), launched in late 1999, and Aqua (EOS 

PM), launched in mid-2002; both following the Earth polar orbit and covering its entire surface every 

1 to 2 days. MODIS instruments provide high radiometric sensitivity (12 bit) in 36 spectral bands, 

ranging from 0.4 to 14.4 microns wavelength, with spatial resolutions ranging from 250 to 1000 m 

(http://modis.gsfc.nasa.gov/about/design.php). Here, following the previous work of Anderson et al. 

(Anderson et al., 2005) we used the MOD09 product (MOD09GQ and MOD09GA) for obtaining the 

reflectance in the following wavelengths: band 1 (620-670nm), band 2 (841-876nm), band 3 (459-

479nm), band 4 (545-565nm), band 5 (1230-1250nm), band 6 (1628-1652nm) and band 7 (2105-

2155nm). Bands 1 and 2 correspond to MOD09GQ and have a spatial resolution of 250 m, while the 

other bands correspond to MOD09GA and have a spatial resolution of 500 m. We also used the product 

MODIS 250 m land-water mask (MOD44W) to help us making a mask of water bodies. Images from 

Perú

Study area
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MODIS were reprojected to WGS84/UTM18 using the Modis Reprojection Tool (MRT) free software 

(https://lpdaac.usgs.gov/tols/modis_reprojection:tool). MRT was also used to standarize pixel size to 

250 m resolution in the three MODIS products (MOD09GQ, MOD09GA and MOD44W). For each 

MODIS product, we downloaded tiles h10v10 and h11v10 (that cover the study area) for the period 

January 2000-December 2012.  

Aster is an earth observing sensor developed in Japan to be onboard the satellite "Terra". It is in 

operation since December 1999. Aster GDEM is a product from NASA and the Japan’s Ministry of 

Economy, Trade and Industry, released on June 2009 and giving a complete mapping of 99% of the 

earth surface with a 30 m theoretical resolution. Previously the most comprehensive map was the 

NASA’s Suttle Radar Topography Mission (SRTM) that covered 80% of the Earth’s surface with 90 

m resolution. Aster GDEM images can be obtained on the website: 

http://gdem.ersdac.jspacesystems.or.jp/search.jsp. The ASTER images corresponding to the study 

zone (S13W074- S14W074- S13W073- S14W073- S13W072- S14W072- S13W071- S14W071- 

S13W070- S14W070) were used to create an altitude mask to the MOD09GQ and MOD09GA 

reprojected images. After, another mask has been created by means of the MOD44W images to 

eliminate all water pixels. MODIS images used in the subsequent analysis had therefore a uniform 

250x250 m2 pixel size, were referred to the WGS84/UTM18 system and only non-water pixels above 

2000 m a.s.l. were considered. All the algorithms developed to characterize endmembers, to perform 

the linear unmixing and to obtain the burned areas were implemented with MATLAB®. 

The Landsat TM5 (Landsat 5 Thematic Mapper, Landsat TM5) is a sensor flying aboard the Landsat 

4 and 5 satellites, released in 1984 and decommissioned in June 2013. It performed a full observation 

of the Earth once every 16 days. This sensor provided information on reflectance in seven spectral 

bands: band 1 (450-520nm), band 2 (520-600nm), band 3 (630-690nm), band 4 (760-900nm), band 5 

(1550-1750nm ), band 6 (10400-12500nm) and band 7 (2080-2350nm). Band 6 corresponds to the 

thermal band and has a resolution of 120m, while the other bands have a resolution of 30m. Landsat 

images corresponding to Path/Row 03/69 and 04/69 (covering the study area) were obtained on the 

website: http://glovis.usgs.gov/. These images were used to test the applicability of the LMM 

technique on higher resolution scenes. Data provided by Landsat is not directly the pixel reflectance 

value but the Digital Number (DN), therefore they have been converted to reflectance following the 

steps described on: https://earth.esa.int/ers/sysutil/069c.html. 

 

 Endmembers characterization 

Three types of endmembers were used in this study: vegetation, soil and water (also referred to as 

shadow).  

Each endmember requires a characteristic reflectance value per spectral band. To test the dependace 

of this value on the image tile and on time of the year (dry/rainy season), we randomly selected one 

cloud-free image per month for each MODIS product (MOD09GQ/GA) and tile (h10v10 and h11v10) 

for the period February 2000 – December 2012 (i.e. 620 images). In each image three areas of 5x5 

km2 were selected, each area corresponding to pure vegetation, soil or water. The reflectance values 

for each of the three endmembers were statistically analyzed, individually for each spectral band and, 

as a function of the tile and whether it corresponded to the dry season (May to October) or to the rainy 

one (November to April). The results showed that no significant differences existed, neither among 

tiles nor among season. Therefore, mean global values for each endmember and spectral band were 

used (see Figure 2). 

https://lpdaac.usgs.gov/tols/modis_reprojection:tool
http://gdem.ersdac.jspacesystems.or.jp/search.jsp
http://glovis.usgs.gov/
https://earth.esa.int/ers/sysutil/069c.html
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Figure 2. Reflectance values of the three endmembers used in the study as a function of the spectral band (from 

cloud-free images). 

One of the main problems arisen in previous studies, that caused a low detection of the burn scars, was 

the large presence of clouds in the study area. To avoid that error, the endmembers were also 

characterized in those pixels identified as being medium cloudy –called “mixed”– and highly cloudy 

–called “cloudy”– (Figure 3). 

 

Figure 3. Reflectance values of the three endmembers used in the study as a function of the spectral band for pixels 

showing some degree of cloudiness. On the left values corresponding to mixed pixels; on the right values 

corresponding to cloudy pixels. 

 

As it can be observed from the previous figures, there were clear differences between the reflectance 

of endmembers based on the degree of cloud cover. Being mixed pixels the ones that have the highest 

values and pixels free of clouds the ones that have lowest values.  
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 Linear unmixing model 

The LMM used in this study can be represented by the following equation: 

 
𝑟𝑖 = 𝑎 ∙ 𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛𝑖 + 𝑏 ∙ 𝑠𝑜𝑖𝑙𝑖 + 𝑐 ∙ 𝑠ℎ𝑎𝑑𝑜𝑤𝑖 + 𝑒𝑖 

 

Where 𝑟𝑖 is the reflectance of a pixel in the spectral band 𝑖; 𝑎, 𝑏 and 𝑐 are the proportions of vegetation, 

soil and shade respectively in this pixel; 𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛𝑖, 𝑠𝑜𝑖𝑙𝑖 and 𝑠ℎ𝑎𝑑𝑜𝑤𝑖 are the reflectance values 

of the three endmembers in the spectral band 𝑖; 𝑒𝑖 is the error of band 𝑖. 
For each pixel, depending on whether it is clear, mixed or cloudy, a set of seven linear equations was 

obtained (one for each spectral band with the corresponding endmembers as a function of the 

cloudiness) with three unknowns (𝑎, 𝑏 and 𝑐) and two constrains: (𝑎, 𝑏 𝑎𝑛𝑑 𝑐 ≥ 0) and 

(𝑎 + 𝑏 + 𝑐 = 1). The least squares regression analysis was used to solve this system of linear 

equations. 

Once the relative abundances of the three endmembers are known for each pixel, the burned areas can 

theoretically be recognised as made of pixels having large proportions of shade. In section 4 we show 

the analysis of two known burn scars in the study area (described in section 3.4) in order to identify 

the thresholds in the shadow abundance that allow defining a pixel as burned. 

 

 Reference burn scars 

Two previously known burn scars were used in this analysis. One corresponded to a fire occurred 

between the 2nd and 4th of July 2012 (named BS2012 from now on) covering around 129 ha and the 

other corresponds to a larger fire occurred at the end of August 2008 (named BS2008 from now on) 

with an area of approximately 1410 ha. Figure 4 shows these two burn scars superimposed over a 

Google Maps image of the zone together with a grid corresponding to the MODIS pixel size and 

distribution. Location of both fires in the study area is also given in Figure 5, the centre of BS2012 can 

be found in coordinates -13.23° S, -71.57° W; the centre of BS2008 can be found in coordinates: -

13.81° S, -71.58° W. 

 

 

Figure 4. Area covered by the two burn scars used in this study. White line grid representing pixel size and number on 

the corresponding MODIS images. 

 

BS2012 BS2008
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Figure 5. Location within the study area of the two burn scars used in this study. 

 

Taking into account that MODIS pixel size is 250x250 m2, BS2012 contained around 21 pixels while 

BS2008 contains around 226 pixels, which was a low number of data for any statistical analysis if only 

one image is taken. Therefore, 9 images corresponding to days previous to the BS2012 fire and 9 

images just after the BS2012 fire were used to analyse the differences between burned and unburned 

pixels. In the case of BS2008, 5 images prior and 5 after the fire were used to extract the data. 

 

 Results and discussion 

For each image previous and after the two fires analysed, BS2012 and BS2008, we obtained the 

abundances of the three endmembers considered: vegetation, soil and shadow. The frequencies of these 

abundances extracted from the images previous to the fire were plotted against the ones obtained after 

the fire. Because burned areas tend to have larger proportions of shadow (Anderson et al., 2005), we 

expected to see differences in the abundances distribution previous and after the fire. 

 
a)                                    b)                                    c)    

 

Figure 6. Frequencies distribution of the endmember abundances prior and after the fire BS2012: a) vegetation, b) 

soil, c) shadow. 

BS2012
BS2008

Study area
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a)                                    b)                                    c)    

 

Figure 7. Frequencies distribution of the endmember abundances prior and after the fire BS2008: a) vegetation, b) 

soil, c) shadow. 

 

Although vegetation abundances tended to diminish after the fire while soil and shadow abundances 

tended to increase, data dispersion was too large to enable us to distinguish a pixel from being burned 

or unburned according to its endmember proportion values (Figure 6). The large dispersion could be a 

result of the small size of the burn scar when compared to the pixel size, as there were many pixels 

that belonged to the burn scar boundary and were therefore half burned. Nevertheless, the same 

problem appeared inFigure 7, although in this case fire BS2008 was much larger and thus the boundary 

effect was smaller. These results show that that, even solving the problem of large presence of clouds 

in the area, linear unmixing method is unable to capture differences among MODIS reflectance values 

for burned and unburned pixels and therefore once again MODIS seems to fail to provide good data 

to obtain burn scar information in the study area. We hypothesized that MODIS spatial resolution was 

probably too low to capture with enough precision the differences in the reflectance values before and 

after the fire, taking into account the noise effect caused by the complex topography of the study area 

on the reflectance values. 

 

Figure 8. Endmembers characterization obtained from Landsat TM5 images. 
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To test this hypothesis the same method was applied to images provided by Landsat TM5. A new 

endmembers characterization was performed following the method described in section 3.2, but using 

Landsat data on the spectral bands 1 (485 nm), 2 (560 nm), 3 (660 nm), 4 (830 nm), 5 (1650 nm) and 

7 (2215 nm), Figure 8 shows the results obtained. In this case, the study of the endmember abundances 

distribution before and after the fire was performed with BS2008 whereas BS2012 was saved for 

validation purposes.  

Figure 9 shows the endmember proportion before and after the BS2008 fire obtained with Landsat 

images. Results for soil and shadow abundances, showed large dispersion and a great number of 

extreme values, therefore not being useful for burned/unburned discrimination purposes. However, 

vegetation abundances were clearly different depending on whether the pixel was or was not burned. 

Burned pixels had a vegetation abundance below 40% while unburned pixels have always a vegetation 

percentage above 40%. Using this criterion to distinguish between burned and unburned pixels, the 

method was applied to BS2012 in order to see if it was possible to detect the burn scar. 

 
a)     b)      c) 

 

Figure 9. Frequencies distribution of the endmember abundances previous and after fire BS2008 using Landsat TM5 

images: a) vegetation, b) soil, c) shadow. 

 

Due to a number of difficulties that Landsat TM5 has been dragging since December 2008, no data 

was available for this sensor for the year 2012. Therefore, we used the images obtained by Landsat 7 

ETM + that, despite the failure of one of their scanners, continues providing images. As it can be seen 

in Figure 10 (left and centre), Landsat 7 ETM+ images of the area were BS2012 was located show 

three black bands without data, due to problems with the sensor. This was transformed into three grey 

bands after applying the spectral unmixing model, corresponding to undefined pixels due to the lack 

of data. Despite this, the method was able to locate and draw the burn scar quite accurately. 
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Figure 10. left: Landsat 7 ETM+ image prior to the BS2012 fire (16/06/2012); Centre: Landsat 7 ETM+ image after 

the BS2012fire (03/08/2012) with burn scar area superimposed; Right: image obtained with the linear unmixing 

model 

An estimated value of 9% of commission error and 20% of omission error was computed for this fire, 

the only one for which the perimeter has been ground validated. Although omission error was still 

high, it significantly improved omission errors of 48% for the MODIS MCD45 burned area product in 

the study area (Oliveras et al., 2014). 

 

 Conclusions 

 

The literature survey has shown that current methodologies to estimate burned areas in the tropical 

Andes need to be significantly improved. One of the methods that could provide better results is the 

spectral unmixing. This technique require the characterization of specific endmembers for the study 

area. In this paper a specific study to characterize the endmembers for the tropical Andes has been 

performed. It has shown that, for the study area, reflectance values of the endmembers are independent 

of the MODIS tile and of the season but change according to the degree of cloudiness. 

MODIS images were not valid for the technique studied, probably due to their spatial resolution (250 

m). However, Landat images, with 30 m spatial resolution, proved to be relatively accurate in the 

detection of burned area scars with spectral unmixing modelling. However, the complex topography 

and meteorology of the study area makes the development of any automatized technique for detecting 

burned area scars especially challenging, and further efforts are needed to achieve a reliable, 

standardized method that allows the accurate detection of burned area scars in the tropical Andes. 
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