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FOREWORD 

This doctoral thesis consists of a series of original research papers. Details for 
identification of these publications are listed in the paragragh List of Original Papers. 

An extended introduction is included in this dissertation for contextualization and 
linkage of the original research publications, and to help understanding the relevance of 
the findings. A brief description of the main methods provides an overview of the range 
of techniques applied, and it is not intended to give exhaustive details of the work 
done, which is properly related in specific chapters (publications). Likewise, the 
compilation of specific objectives, summary of results and discussion, provide just a 
synthesized version of the entire work related in the publications. 
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ABSTRACT 

Remote sensing constitutes a tool of acquiring and processing data and information in 
forestry applications. Advanced satellite image analysis techniques have potential to be 
used for monitoring and managing forest. Presently, optical satellite image analysis can 
be used for a variety of different purposes, and the number of new approaches are 
constantly increasing. 

This doctoral thesis examined the use of optical remote sensing for estimating 
aboveground biomass (AGB), for mapping wildfire severity, stand conifer volume and 
forest cover changes by mining activities in Mediterranean forests in Spain. The work 
focused on studying the usability of linear spectral mixture analysis (LSMA) and/or 
object-based image analysis (OBIA) as main satellite image processing techniques. The 
reference data consisted of field measurements and forest inventories. Advanced 
Spaceborne Thermal Emission and Reflection Radiometer (ASTER), Landsat Thematic 
Mapper and Landsat Enhanced Thematic Mapper (ETM+) image products are the 
principal satellite data. 

Results indicated that using ASTER fraction images in regression models improve the 
AGB estimation in Mediterranean pine forests. Similarly, LSMA and regression 
techniques can be used for quantifying the volume of Scots pine stands in 
Mediterranean environments. Besides, using a combined-approach based in LSMA and 
OBIA models for evaluating and mapping fire severity classes achieved higher 
accuracy, even improving accuracy of individual classes. Those remote sensing 
techniques demonstrated that can be integrated into the monitoring process, allowing 
the regulatory agencies responsible for monitoring surface mining and reclamation to do 
so more efficiently and help avoid or minimize the adverse effects of mining.  

The produced digital maps can be integrated as a new source of information in the 
regional administration geographic information system (GIS) (forestry, civil protection). 
Although the methods applied were useful for estimating and mapping forest attributes 
and forest damage, further research incorporating new remote sensing data should be 
done. 
Keywords: aboveground biomass, wildfire severity, forest stand volume, spectral 
mixure analysis, multiresolution segmentation, object-based classification, multiple 
linear regression, forest inventory, Mediterranean pine, Scots pine, Landsat ETM+, 
ASTER, forest-cover changes, mining activities 
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RESUMEN 

La teledetección constituye una herramienta para adquirir y procesar datos e 
información en aplicaciones medio ambientales. Las técnicas avanzadas de 
procesamiento digital de imágenes tienen el potencial de ser utilizadas para el 
seguimiento y gestión de los bosques. En la actualidad, el análisis de imágenes ópticas 
de satélite puede ser empleado en multitud de estudios, incrementando constantemente 
el número de nuevos enfoques. 

Esta tesis doctoral examinó la aplicación de la teledetección óptica a la estimación de 
biomasa aérea forestal, a la cartografía de severidad de incendios forestales, a la 
cartografía de masas de pino silvestre y a la de cambios de cobertura de bosques 
producida por minería a cielo abierto, en bosques mediterráneos españoles. El trabajo se 
centró en el estudio de la utilidad del análisis de mezclas  espectrales lineales (LSMA) y 
del análisis de imágenes basado en objetos (OBIA) como principales técnicas para el 
procesado de imágenes de satélite. Medidas en el terreno e inventarios forestales fueron 
utilizados como datos de referencia. Imágenes de satélite de los sensores ASTER, 
Landsat TM y Landsat ETM+ fueron los principales datos satelitales empleados. 

Los resultados indicaron que la utilización de imágenes de fracción ASTER en modelos 
de regresión mejoran la estimación de la biomasa aérea en pinares mediterráneos. Del 
mismo modo, el análisis de mezclas espectrales junto a técnicas de regresión pueden ser 
empleados para la cuantificación de volumen en masas forestales de pino silvestre en 
entornos de transición mediterráneos. Además, a la hora de evaluar y cartografiar los 
diferentes niveles de severidad de un incendio forestal, la utilización conjunta de LSMA 
y OBIA consiguieron una mayor precisión, incluso mejorando la de los niveles o clases 
individuales de severidad. Estas técnicas de teledetección mostraron que pueden ser 
integradas dentro de procesos de seguimiento, permitiendo a las agencias responsables 
de la regulación y restauración de explotaciones mineras a cielo abierto, hacer de forma 
más eficiente sus trabajos y ayudar para evitar o minimizar los efectos adversos de este 
tipo de minería. 

Esta cartografía digital puede ser integrada como nueva fuente de información en los 
sistemas de información geográfica (SIG) de la administración regional (forestal y 
protección civil). Aunque los métodos testados presentaron buenos resultados a la hora 
de estimar y cartografiar atributos y daños forestales y/o medioambientales, es necesario 
abordar investigaciones adicionales incorporando datos de nuevos sensores.  

Palabras clave: biomasa forestal aérea, severidad incendio forestal, volumen masa 
forestal, análisis de mezclas espectrales, segmentación mutiresolución, clasificación 
basada en objetos, regresión múltiple lineal, inventario forestal, pino resinero, pino 
silvestre, Landsat ETM+, ASTER, cambios cubierta forestal, impacto medioambiental, 
actividades mineras. 
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1. INTRODUCTION 

1.1. Forest and Remote sensing overview 

Forests are an important element of the biosphere and a source of many products. 
New data and non-traditional approaches are needed for monitoring forest condition and 
dynamics under natural and anthropogenic influences. Earlier research shows that 
information from satellite images can be used to assess a number of important forest 
characteristics. Remote sensing technologies have developed at accelerating rates for 
the past few decades (Boyd and Danson, 2005). The availability of remotely sensed data 
from different sensors of various platforms with a wide range of spatiotemporal, 
radiometric and spectral resolutions has made remote sensing as, perhaps, the best 
source of data for large scale applications and studies. It offers powerful capabilities for 
understanding, forecasting, managing and decision making about resources (e.g. wood, 
water, wildlife, recreation, timber management, maintenance and improvement of 
existing forest stands and fire control and detecting signs of damage of forests by fire, 
insects or disease, etc). Remotely sensed image data from earth observation sensor 
systems is widely used in a range of terrestrial and atmospheric applications, such as 
land cover mapping, environmental modelling and monitoring and updating of 
geographical databases.  

Digital remote sensing data of large regions of the earth’s surface became routinely 
available to a wide range of research institutes, which greatly increased the interest in 
and development of digital image analysis techniques. Over last decades, numerous 
algorithms to extract environmental information from remotely sensed images have 
been designed. Being a well-known statistical technique in other scientific disciplines, 
pixel-based classification was the first method to be applied to the multispectral digital 
image data and nowadays still remains as an important tool (Tso and Mather, 2001). In 
contrast to this method that classify individual pixels directly, more advance algorithms 
have been developed in order to estimate the abundances of the ground cover types in a 
mixed pixel, such as spectral umixing technique. Interest in spectral unmixing has 
greatly increased, which resulted in a wide variety of decomposition techniques and 
application areas. In remote sensing data applications, linear spectral analysis has been 
used extensively in past studies for determining urban vegetation abundance (e.g. 
Demarchi et al., 2012; Michishita et al., 2012; Deng and Wu, 2013), estimating 
biophysical parameters such as leaf area index, biomass and net primary productivity 
(e.g. Zheng et al., 2004; Huang et al., 2009), mapping burned areas (Quintano et al., 
2006, 2013; Fernández-Manso et al., 2009), mapping surface coal affected areas 
(Fernández-Manso et al., 2012), aboveground biomass estimation (e.g. Soenen et al., 
2010; Cutler et al., 2012; Morel et al., 2012; Fernández-Manso et al., 2014). Besides, 
recently, considerable advancements have been made in the development of object-
based image analysis (OBIA) (Blaschke et al., 2014; Blaschke, 2010; Hay and 
Blaschke, 2010). The interest of this method has increased with the improvements in 
image segmentation techniques (Neubert et al., 2008; van der Werff and van der Meer, 
2008; Wuest and Zhang, 2009), and it has been used for mapping of forest burned areas 
using Landsat Thematic Mapper (TM) (Mitri and Gitas, 2004), mapping forest fire 
severity (Mitri and Gitas, 2008; Fernández-Manso et al., 2009), mapping land cover for 
coal fire research (Yan, 2003), forest vegetation studies (Addink et al., 2007; Mallinis et 
al., 2008; Pascual et al., 2008), land cover/land use (Chen et al., 2007; Lackner and 
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Conway, 2008; Johansen et al., 2007), change detection (Desclée et al., 2006; Duveiller 
et al., 2008).  

1.2. Remote sensing of forest attributes (stand volume, aboveground 

biomass) 

Forest attributes such as volume and biomass have long been estimated using 
extensive in-field inventory methods or aerial photography volume tables (Avery and 
Burkhart, 1994). Although field-based methods are typically unbiased, both approaches 
are time-consuming and expensive. Digital, large-scale remote sensing could provide a 
less expensive option for estimation of forest biophysical parameters over large tracts, 
while potentially also providing accurate and unbiased estimates. 

Satellite imagery can be used to meet, at various scales, the information requirements of 
forest managers (Sayn-Wittgenstein, 1986). Satellite imagery has been especially 
valuable as a source of information for estimating forest conditions across broad 
landscapes (Maselli et al., 2011). The spectral reflectance values contained in the 
smallest component of a digital image (the pixel), along with other synthetic 
combinations of these, can be of value in estimating stand-level forest characteristics. 
These stand-level estimates of forests can then facilitate strategic planning of forested 
areas where field-based forest inventories are too expensive to obtain (Holmgren et al., 
2000). Some stand-level forest characteristics, such as timber volume and average tree 
age, are important for planning and management purposes, while others, aboveground 
biomass (AGB), are perhaps more important for sustainability and carbon sequestration, 
carbon accounting, and carbon dynamics purposes. Over the last fifteen years, timber 
volume, stand age, forest density, tree crown closure, and average tree height have all 
been estimated to some reasonable degree of accuracy for various parts of the world 
using Landsat satellite imagery (Trotter et al., 1997; Reese et al., 2002; Kajisa et al., 
2008).  

Estimating stand-level forest characteristics can be challenging from remotely sensed 
imagery because as some studies have found, each type of vegetation can emit or reflect 
different levels of electromagnetic energy. Large set of published research from around 
the world has focused on AGB estimation. Some examples of these include work 
performed for forests in India (Roy and Ravan, 1996; Manna et al., 2014), Sweden 
(Fazakas et al., 1999; Shendryk, 2014), Brazil, Malaysia, and Thailand (Foody et al., 
2003; Hamdan et al., 2011), the United States (Zheng et al., 2004), China (Zheng et al., 
2007), Canada (Wulder et al., 2008) and Spain (Fernández-Manso et al., 2014). Hall et 
al. (2006) have observed a non-linear relationship between stand attributes such as AGB 
and reflectance values from satellite imagery, perhaps due to the typical successional 
growth trend for most tree species. A number of modeling techniques or analytical tools 
can be used in conjunction with satellite imagery to estimate stand-level forest 
characteristics, and in some cases it may be difficult to conclude that one technique is 
superior to others (Powell et al., 2010).  

Correlation analysis and various forms of regression have been widely used for 
estimating forest characteristics (Zheng et al., 2007; Ji et al., 2012; Ghasemi et al., 
2013). It seems that regression analyses will generally require as independent variables 
some transformation (e.g. logarithmic) of the original spectral data or synthetic data 
(i.e., a composite, or a specific combination of data) derived from various Landsat 
spectral bands. The k-Nearest Neighbor (kNN) technique of image classification 
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(Moeur and Stage, 1995) and assignment of stand-level forest characteristics to raster 
database pixels has been used extensively in Scandinavia for at least 15 years (Gjertsen, 
2007), and in North America for nearly a decade (McRoberts, 2012).  

Various other analytical techniques have been used in an attempt to estimate stand-level 
forest characteristics. Conversion tables, for example, that relates a classification 
(unsupervised, supervised, etc.) of satellite imagery to stand-level forest characteristics, 
can be employed (Labrecque et al., 2006; Luther et al., 2006), neural network 
classification technique has been employed for AGB estimation (Cutler et al., 2012; da 
Silva et al., 2014; Lu et al., 2014), alternatively, decision trees (Liu et al., 2008), object-
based process (Chubey et al., 2006; Kajisa et al., 2009) and regression kriging (Viana et 
al., 2012) have reported promising results. Regarding AGB, previous studies (e.g. 
Peddle et al., 2001; Soenen et al., 2010; Morel et al., 2012; Fernández-Manso et al., 
2014) showed the superiority of fraction images derived from LSMA compared to 
original bands or vegetation indices to estimate biomass from medium spatial resolution 
imagery. The estimation of AGB seems to benefit greatly with the introduction of field-
based measurements even though at times the process can be challenging (Hall et al., 
2006), and the estimation of timber volume seems to benefit from prior knowledge of 
average stand heights (Magnusson and Fransson, 2005), since tree height is a key 
component in many equations for estimating timber volume. Further, ancillary 
information, such as broad land cover classes (Avitabile et al., 2012), inventory plots, or 
LiDAR data (Lefsky et al., 2005; Clark et al., 2011; Zolkos et al., 2013) may be of 
value in increasing the accuracy of stand-level forest characterization, particularly in 
areas that contain a mixture of coniferous and deciduous tree species (McRoberts, 
2009). It seems especially useful for estimating forest structures and stand height. 
Though LiDAR data are limited in terms of coverage over large areas. 

1.3. Remote sensing of forest fires 

Wildfires as a natural or a human-induced phenomenon has gained importance at 
regional and global levels. Wildfire activity and intensity has increased in the last 
decades, as a result of both human influences shaping land use/land cover of the 
landscape and climate change expressed through extremes and climate shifts. In 
southern Europe wildfires can be a key factor for the ecosystem dynamics and they can 
seriously threaten human lives and infrastructures (Scarascia-Mugnozza et al., 2000). It 
is important therefore, to dispose of techniques to efficiently evaluate fire effects in 
burned areas. Effective fire management strategies are necessary to minimize fire 
hazard and the consequences of fire spread such as environmental (land degradation, 
biodiversity loss, desertification), economic and human losses. Monitoring can support 
post-fire management (e.g. to identify the location and assess the extent of the burned 
surfaces, to evaluate the damage to the forest stands, to follow vegetation recovery and 
to plan restoration interventions) and remotely sensed data are a key source of 
information for supporting these tasks (Chirici and Corona, 2005). Remote sensing and 
GIS are today, more than ever before, common tools for fire monitoring at local, 
regional and global levels. Remote sensing technologies can provide useful data for fire 
management, from fire risk estimation (Gabban et al., 2006; Manzo-Delgado et al., 
2009), fuel mapping (Van Wagtendonk and Root, 2003; Lasaponara and Lanorte, 2006), 
fire detection (Calle et al., 2009; He and Li, 2012; Miettinen et al., 2013), to post fire 
monitoring (Palandjian et al, 2009; Huesca et al., 2013), including burn area and 
severity estimation (Gitas and Desantis, 2009; Quintano et al., 2013; Fernández-Manso 
et al., 2009). 
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Methods generally used to estimate fire severity from satellite are based on spectral 
indices, due to their conceptual simplicity and computational efficiency (Veraverbeke et 
al., 2011), obtained as a combination of bands which emphasize changes induced by 
fire in vegetation spectral behaviour. Many studies rely on the Normalized Difference 
Vegetation Index (NDVI) as a spectral index (Veraverbeke et al., 2010; Harris et al., 
2011). Numerous modifications of the NDVI have been derived to reduce atmospheric 
sensitivity and background variability (Veraverbeke et al., 2011). Other spectral indices 
have been developed specifically to detect post-fire effects: the Burned Area Index 
(BAI) (Chuvieco et al., 2002), the Char Soil Index (CSI) (Smith et al., 2005), the Mid 
Infrared Burn Index (MIRBI) (Trigg and Flasse, 2001) and the Normalized Burn Ratio 
(NBR) (Key and Benson, 2006; Soverel et al., 2010). As well as spectral indices, linear 
transformation techniques have been used for the multi-temporal mapping of burn 
severity. Patterson and Yool (1998) compared two linear transformation techniques, the 
Kauth–Thomas (KT) and principal components (PC) transforms, for mapping burn 
severity. The KT or “Tasselled Cap” transform is sensitive to fire-induced changes in 
the moisture content of soil and vegetation and, in this study, produced betters result 
than the PC transform. Other approaches to retrieve burn severity from satellite imagery 
have been proposed. Some of them are based on radiative transfer models, which 
provide a more physical basis to estimate this variable (Chuvieco et al., 2007; de Santis 
and Chuvieco, 2007, 2009; de Santis et al., 2009, 2010). Recent research has 
highlighted subpixel-based methods as one such alternative (Hudak et al., 2007; Lentile 
et al., 2006, 2009; Smith et al., 2007). Chuvieco (2002) and Caetano et al. (1994) 
concluded that LSMA proved to be efficient in detecting the charcoal signal even in 
lightly burned areas that kept a strong vegetation signal, a situation that is typically 
considered to be problematic. LSMA was considered advantageous over vegetation 
index-based methods, due to its improved capability to distinguish burns from other 
bare or sparsely vegetated areas (Caetano et al., 1996; Díaz-Delgado et al., 2001). This 
technique was also successful applied by Díaz-Delgado and Pons (1999) and Rogan and 
Franklin (2001) to carry out the burn severity classification. A few burn severity studies 
have been carried out in the Mediterranean Basin (e.g. de Santis and Chuvieco, 2007; 
Fernández-Manso et al., 2009; Veraverbeke et al., 2010; Quintano et al., 2013). 

1.4. Remote sensing of forest cover changes by mining activities 

Land cover refers to the observed (bio)physical cover of the Earth’s surface, the 
description of vegetation being a key component of it (Di Gregorio, 2005). Land cover 
and vegetation have a central role in the climate, hydrology and biogeochemical 
cycling. They also provide humans with a vast natural resource base. Information on 
land cover and land use change (LCLUC) is required to understand and manage the 
environment at variety of spatial and temporal scales. It is essential for monitoring 
global change and for sustainable management of natural resources. It is also input data 
for a range of environmental models (Jiang et al., 2014; Song et al., 2014). 
Furthermore, policy-driven needs, particularly the international agreements, motivate 
the production of land cover information for the climate models, quantification of 
carbon cycle and biodiversity assessments (Rosenqvist et al., 2003; Turner et al., 2004). 

Satellite remote sensing provides capabilities for gathering land cover information over 
large areas in a synoptic and spatially explicit manner. The science- and policy-driven 
needs for land cover information, the unprecedented variety of remotely sensed data, 
and improved computing resources and data analysis tools have created new 
opportunities for major improvements in the global and regional land cover 
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characterization (Townshend et al., 2012; Tan et al., 2013). Remote sensing also 
provides information to assess the state of forests and to manage forest resources in a 
sustainable manner (Franklin, 2010). 

Information about mining activities location is essential for environmental applications, 
specifically the temporal and spatial patterns of LCLUC.  Surface mining in particular 
may lead to severe environmental degradation. From an environmental point of view, it 
is a transforming activity with a high number of detrimental consequences, namely soil 
erosion, acid-mine drainage and increased sediment load as a result of abandoned and 
un-reclaimed mined lands (Parks et al., 1987; Rathore and Wright, 1993; Latifovic et 
al., 2005). 

Quantification of the effects that mining activities have on ecosystems is a major issue 
in sustainable development and resources management (Latifovic et al., 2005). 
Generating an environmental database for carrying out environmental surface mining 
impact assessment is a difficult task by conventional methods. Due to its synoptic 
coverage and repetitive data acquisition capabilities, remote sensing has become an 
effective alternative to conventional methods for monitoring surface mining. 
Advancements in satellite imagery analysis provide possibilities to investigate new 
approaches for LCLUC detection caused by surface mining. Compared to other 
environmental land cover changes studies, such as forest fires, fewer studies (e.g. 
Rathore and Wright, 1993; Schmidt and Glaesser, 1998; Lévesque and Staenz, 2008; 
Schroeter, 2011) have evaluated the potential of remote sensing for monitoring 
environmental impacts in mining areas.  

Various techniques have been used in an attempt to study land cover changes caused by 
surface mining activities, such as, Support Vector Machine (SVM) (Townsend et al., 
2009), Artificial Neural Networks (ANN) (Charou et al., 2010), LSMA (Fernández-
Manso et al., 2005a; Lévesque and Straenz, 2008; Ritcher et al., 2008; Shang et al., 
2009), and multiple endmember spectral mixture analysis (MESMA) (Fernández-Manso 
et al., 2013). 





Spectral Mixture Analysis and Object-based Image Analysis for Forestry Applications 
 

 15 

2. OBJECTIVES 

Given the advantages of using remotely sensed data for forestry applications, the 
integration of image analysis techniques such as LSMA and OBIA is a possible 
approach to generating maps over large areas. Bearing in mind this question the final 
goal of the thesis was to evaluate the potential of LSMA and/or OBIA techniques for 
improving the result’s accuracy for forestry applications. 

Once having revised some preliminary works related to LSMA and/or OBIA as main 
satellite image techniques, it appeared that to start from, the following questions that 
should be answered: 

 

1) How can the study of forest attributes such as AGB be estimated in a regional scale 
in a cost-effective way?. How much biomass is stored in a Mediterranean pine forest?. 
 

2) How can be estimated fire severity in large forest fires in a cost-effective way?. What 
would be one of the most adequate ways to estimate fire severity in large Mediterranean 
fire scars using remote sensing techniques?. Are there any synergies combining LSMA 
and OBIA as main image analysis techniques?. 
 

3) How can be monitored surface mining activities in large areas at low cost?. Which 
role does play remote sensing techniques for quantifying forest cover changes caused by 
mining activities?. Could this approach be considered for monitoring effective 
reclamation?. 
 

4) How do remote sensing techniques estimate wood volume in conifer stands?. How do 
fraction images improve the results?. How much volume is stored in Scots pine forests 
in Mediterranean areas?. 
 

Accordingly, this thesis focuses on four targets which are approached in the 
corresponding chapters: 
 

1) Quantification of Mediterranean pine (Pinus pinaster Ait.) AGB at compartment 
level using fraction images from LSMA as independent variables in multiple linear 
regression models using Advanced Spaceborne Thermal Emission and Reflection 
Radiometer (ASTER) satellite data. 
 

2) Estimating fire severity classes of large forest fires with medium spatial resolution 
satellite imagery, using a combined approach based in a LSMA and OBIA, and 
comparing with other approaches in order to evaluate the suitability to distinguish 
between the fire severity classes into the fire scars. 
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3) Mapping human-induced lanscape transformation in mined sites by means of Landsat 
ETM+, using a combined approach based in a LSMA and OBIA, ancillary data was 
useful for distinguishing with other land use classes.  

 

4) Combining National Forest Inventory field plots and remotely sensed data, 
improving results using fraction images from unmixing Landsat TM satellite data and, 
quantifying Scots pine stands volume by means of regression models. 
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3. OUTLINE OF THE THESIS 

The first block of this doctoral thesis serves as introduction and describes information 
about data (ground, satellite imagery and auxiliary) and, the main image analysis 
techniques applied on Chapters I to IV, focusing on LSMA, OBIA models and image 
regression in order to understand how work those main methods. 

 

Figure 1. Overall thesis diagram 

The second block of the thesis summarises the results, discussion and conclusions. 

The last block aims specifically at the use of LSMA and/or OBIA for forestry 
applications (Chapters I to IV). Specifically, Chapter I corresponds to a paper published 
on the International Journal of Applied Earth Observation and Geoinformation based 
on the estimation of aboveground biomass in Mediterranean forests by statistical 
modelling of ASTER fraction images (Fernández-Manso et al., 2014). In Chapter II, 
synergies between LSMA and OBIA methods were found for fire severity mapping. 
This study is based on the paper published on the scientific journal Forest Systems by 
(Fernández-Manso et al., 2009). Next, Chapter III is the paper published in the 
proceedings of FORESTsat’05 (Operational tools in forestry using remote sensing 
techniques) related with mapping forest cover changes caused by mining activities using 
mixture analysis and object oriented classification (Fernández-Manso et al., 2005a). 
Finally, in Chapter IV, it is discussed an unmixing method of Landsat TM data for 
wood volume estimation in conifer stands. It is based in the paper published on 
Ambiência (Fernández-Manso et al., 2005b). 

A basic diagram of the development of this thesis, datasets used, tools and analysis 
carried out is shown in Figure 1. In the corresponding chapters, a more detailed scheme 
of specific procedures is shown. 
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4. GENERAL DESCRIPTION OF STUDY AREAS 

Castilla y León autonomous community (Spain) is the place where are located the 
four studies carried out along this thesis (Figure 2). 

 

Figure 2. Location of study areas 

This region is placed as the largest in Spain (94 225 km²) and one of the largest of the 
European Union. (Figure 3). It is located at the north side of the Iberian Plateau and is 
compound by nine provinces (Ávila, Burgos, León, Palencia, Salamanca, Segovia, 
Soria, Valladolid and Zamora). Castilla y León is surrounded by impressive mountain 
chains and by generous plains. With an average altitude over the sea level of 830 m, the 
higher peaks are over 2 500 m. 
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Figure 3. Castilla y León location 

The region is located in the Duero basin that is, with no doubt, the most important river 
in Castilla y León (near 600 km crossing it from east to west). Castilla y León has an 
oceanic continental climate, characterised by cold winters and hot summers with short 
periods of spring and autumn. The maximum temperatures range from 39 ºC in the hot 
months to 12 ºC below zero in winter months, being the average temperature of almost 
12 ºC. Total rainfalls are running from 371 mm/year (Salamanca province) to 698 
mm/year (Burgos province) (AEMET, 2014). 

The diversity of natural spaces to be found in Castilla y León single it out as one of the 
most complete regions of nature in the whole of Western Europe. Castilla y León 
contains 40 Natural Parks managed within the programme "Parques Naturales de 
Castilla y León", under the shelterhood of the "Red de Espacios Naturales" ("Natural 
Areas Network"). In this extraordinary mosaic of environmental diversity and quality, 
the mountains, plains and river valleys provide home to a wide range of ecosystems of 
wildlife and, above all, an environment where human population centres can continue to 
coexist within the Natural Areas . 
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5. DATA SOURCES 

5.1. Field data 

Field measurements were carried out using objective unbiased inventory methods. In 
the Chapters I and IV the inventories were performed by sample plots allocated 
systematically in a quadratic grid (200 m and 1 000 m, respectively) with a random 
starting-point. On Chapter I, field data were taken from a forest inventory carried out by 
Castilla y León Forest board and on Chapter IV the ground data from the Second 
National Forest Inventory (NFI2) was used. Plots from the Spanish National Forest 
Inventory (SNFI) were selected with BasIFor 2.0 (Bravo et al., 2005), software 
dedicated to handle the SNFI provincial databases for research, management, and 
planning (Bravo et al., 2002). It enables selection of data based on location, species, or 
structural parameters, calculates volumes and growth, and facilitates SNFI2 and SNFI3 
data comparison. Spatial location of data is facilitated by identification of plot 
coordinates. GIS tools assisted in location and geo-processing for analysis of inventory 
data. The inventory conducted in the study of Chapter II was designed for estimating 
qualitative degree of fire severity, where sample plots were placed randomly positioned 
across the entire fire scar. The field survey plots were sized, with an average area of 
0.78 ha (100 m diameter). Non-field measurements were performed for the 
identification of places with mining affectation since they were taken from digital 
photographies and other ancillary data (Chapter III). 

5.2. Satellite image data 

The analyses were based on optical satellite images from sensors TM and ETM+ of 
Landsat satellite program and from ASTER sensor onboard of TERRA satellite. 

Landsat program 
The Landsat program was the first to launch an Earth-observing satellite with the 
express intent to study and monitor our planet’s landmasses (Lauer et al., 1997). Back 
in 1972 when Landsat 1 was launched, it was called Earth Resources Technology 
Satellite (ERTS). With seven satellites successfully launched, the program has acquired 
imagery covering all but the highest polar latitudes during more than forty years, 
contributing to the longest and most geographically comprehensive record of the Earth's 
surface ever assembled (Wulder et al., 2012). Technical characteristics of all segments 
(spacecraft, sensors, ground station, and data transfer) have evolved over the years, 
improving the spectral, spatial, temporal, and radiometric resolution of the data, refining 
the instruments’ calibration (Irons and Masek, 2006), and establishing an optimized 
plan called Long Term Acquisition Plan for acquisition of global imagery (Arvidson et 
al., 2006). Landsat 8 was launched in February 2013, assuring the continuity of 
monitoring programs. Further operational missions (Landsat 9 and 10) are intended to 
follow (Loveland and Dwyer, 2012) and will provide continuity of comparable 
measures. 

The spectral, radiometric, and spatial characteristics of the optical components of 
sensors onboard all Landsat satellites (Multi Spectral Scanner (MSS), TM, ETM+, and 
Operational Land Imager (OLI)) are presented in Table 1. 
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Table 1. Landsat sensors characteristics 

 

 
Terra satellite 

TERRA is the flagship of the Earth Observing System (EOS), a series of spacecraft that 
represents a step in NASA’s role to observe Earth from the unique vantage point of 
space. It was launched into sun-synchronous Earth orbit on December 18, 1999, and 
started sending data back to earth in February 2000. Terra carries five scientific 
instruments: ASTER, CERES, MISR, MODIS, and MOPITT, and it is being used to 
obtain detailed maps of land surface temperature, reflectance and elevation.  

The ASTER instrument consists of three separate instrument subsystems: Visible and 
Near Infrared (VNIR), Shortwave Infrared (SWIR) and, Thermal Infrared (TIR). 
(Figure 4). The VNIR subsystem operates in three spectral bands at visible (green and 
red) and near-IR wavelengths, with a resolution of 15 m and provides 8-bit data (Band 1 
to 3). The SWIR subsystem operates in six spectral bands in the near-IR region through a 
single, nadir-pointing telescope that provides 30 m resolution and 8-bit data (Band 4 to 
9). The TIR subsystem operates in five bands in the thermal infrared region using a 
single, fixed-position, nadir-looking telescope with a resolution of 90 m and provides 
12-bit data (Band 10 to 14). (Abrams and Hook, 2002). 

 

Figure 4. The spectral range of each band (courtesy NASA) 
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5.3. Ancillary data 

5.3.1. Digital aerial orthophotography 

The orthoimages employed were acquired from the ‘Vitivinícola’ (1999-2001) and 
‘SIGPAC’ (2002) plans (prior to National Plan of Aerial Orthophotography, PNOA 
(2004- nowdays). These images have a spatial resolution of 0.7-0.5 m/pixel and 3 
spectral bands: red  (R), green (G) and blue (B). 

5.3.2. National Topographic Map 

The cartographic series of the National Topographic Map at a scale of 1:50 000 
(MTN50), these days produced through software procedures, it is successor to the Map 
of Spain at a scale of 1:50 000, the publication of which was initiated in 1875 by what 
was then the Geographic and Statistical Institute. 

Currently, the MTN50 project is based on digital data provided by the National 
Topographic Map at a scale of 1:25 000 (MTN25), which is composed by the basic state 
cartography. The four fourths that form the sheet of the MTN50 are merged to exploit 
the layered information structure. Codes identify each geographic element and there 
must be continuity in the adjoining sheets. Software is used that allows content to derive 
from one scale to another, selecting, extracting and adapting the original information by 
a process of cartographic generalization that is partly automatic and partly manual, and 
that produces the MTN50. 

5.3.3. Digital Elevation Model 

It is a representation of a surface's topography stored in a numerical format. Each 
pixel is has been assigned coordinates (UTM 30N) and an altitude. Digital Elevation 
Model (DEM) is the preferred term. Generated from the National Topographic Base by 
altimetry of 25-grid. 

5.3.4. Cadastral information 

The modern Spanish Land (Rural) Cadastre has been built using othophotos as basic 
cartography. Conventional ones were at scales 1:2 000 and 1:5 000, depending on the 
land division in each area, and digital ones pixel 0.5 or 1 m. The land parcels are drawn 
on the orthophotos and checked on the spot, taking field information on owners and 
crops. The lines are vectorized and parcel areas are calculated as a result of the digital 
process. 

The Spanish Land (Rural and Urban) Cadastre was primarily designed for taxation 
purposes. However, other uses became more and more important, especially for the 
Rural Cadastre. When it was time to renew our cadastres, the use of cadastral 
information by the Agrarian Administration for the control and monitoring of EU CAP 
subsidies had become very important, so it was taken into account in the design of the 
new cadastral system. 

Now, the Spanish Rural Cadastre is a modern GIS currently available in more than 80% 
of territory, being the remains in conventional maps.  
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5.3.5. National Forest Inventory 

SNFI is based on permanent plots (Continuous Forest Inventory, CFI) and it has been 
performed since 1986 (Second SNFI). The CFI consists of regularly spaced permanent 
sample plots. It has a stratified systematically sampling design, in which the strata are 
derived from existing maps by grouping polygons of the forest map. Principal criteria 
for the stratification are species and forest types (Martínez-Millán, 1997). 

The design is efficient for estimating both current values and rates of change. It is also 
expensive, however, since the permanent plots must be well maintained in the field, and 
the same plots are located and measured on every occasion. Another disadvantage is 
that the system can not easily be adapted to future estimates of different precision 
(Cunia, 1981). Others European countries such as Austria, Belgium, Germany, Italy and 
Netherlands have widely applied it for more than 40 years. 

5.3.6. Spanish National Forest Map 

Spanish National Forest Map at 1:50 000 (MFE50) is presented as a map for using in 
a wide range of applications in the field of environmental management, national forest 
inventory (it participates as a thematic and cartographic base), inventory of habitats and 
species, protection against forest fires, combating erosion and desertification, etc.  

Like the SNFI has a term of ten years, covering five provinces on average per year. 

5.3.7. Corine Land Cover 

Corine Land Cover 2000 (CLC2000) was a project jointly managed by the Joint 
Research Centre (JRC) and the European Environment Agency (EEA). Its aim is to 
update the Corine Land Cover (CLC) database in Europe for the year 2000. Landsat 
ETM+ satellite images were used for the update and were acquired within the 
framework of the Image2000 project. The first CLC inventory for the EU-15 and most 
of the new Member States was implemented between 1985 and 1996. It was carried out 
in order to characterise the land surface. A uniform nomenclature across Europe at scale 
1:100 000 was used. The CLC nomenclature basically includes land cover items though 
land elements can also be found. This is especially the case for built-up environments 
(Heymann et al., 1994; Bossard et al., 2000). The CLC database is a digital map 
covering countries with a seamless polygon database with 25 ha minimum mapping unit 
(MMU). The CLC nomenclature includes 44 categories in five major groups. In 
addition to the updated CLC2000 there are also other national deliverables: land cover 
changes between the 1990s and 2000 (CLC-Change), revised first CLC inventory 
(revised CLC90) and metadata (EEA-ETC/TE, 2002). 

5.3.8. Site of Community Importance 

The continuing deterioration of natural habitats and the threats posed to certain 
species are one of the main concerns of EU environment policy. The Habitats Directive, 
is intended to help maintain biodiversity in the Member States by defining a common 
framework for the conservation of wild plants and animals and habitats of Community 
interest. A Site of Community Importance (SCI) is defined in the European 
Commission Habitats Directive (92/43/EEC) as a site which, in the biogeographical 
region or regions to which it belongs, contributes significantly to the maintenance or 
restoration at a favourable conservation status of a natural habitat type or of a species 
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and may also contribute significantly to the coherence of Natura 2000, and/or 
contributes significantly to the maintenance of biological diversity within the 
biogeographic region or regions concerned. They are proposed to the Commission by 
the State Members and once approved, they can be designed as Special Areas of 
Conservation (SACs) by the State Member. No later than six years after the selection of 
a site of Community importance, the Member State concerned must designate it as a 
special area of conservation. 
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6. SATELLITE IMAGE PREPROCESSING 

The use of digital satellite image data for a spatial database requires several 
preprocessing procedures. These procedures include, but are not limited to: radiometric 
correction, geometric correction, terrain correction, image enhancement, and feature 
selection. The goal of digital image preprocessing is to increase both the accuracy and 
the interpretability of the digital data during the image-processing phase (Peddle et al., 
2003). 

The main preprocessing techniques applied to the optical satellite images used in the 
studies are the following. 

6.1. Subsetting the image 

In some cases, satellite image scenes are much larger than a project study area. In 
these instances it is beneficial to reduce the size of the image file to include only the 
area of interest. This not only eliminates the extraneous data in the file, but it speeds up 
processing due to the smaller amount of data to process. This is important when 
utilizing multiband data such as TM, ETM+ or ASTER. This reduction of data is known 
as subsetting. This process cuts out the preferred study area from the image scene into a 
smaller more manageable file. 

Subsetting of the image was applied on satellite images of Chapter I, Chapter II, 
Chapter III and Chapter IV. 

6.2. Geometric correction 

Remotely sensed raw images contain geometric distortions specific to the acquisition 
system, mainly related to sensor orientation and viewing angle, sun elevation, and 
atmospheric effects. Every system geometric distortions require a particular correction 
approach prior to analysis or integration with other spatial data. Systematic distortions 
introduced by the instrumentation (e.g. skew caused by Earth rotation effects, variation 
in ground resolution cell size due to the scanning system) are corrected at ground 
receiving stations or image distributors, but distortions related to specific acquisition 
time and location (e.g. topographic relief) require correction by the user. 

In this work Landsat TM, ETM+ and ASTER images were rectified to the local and 
accurate spatial reference system using a set of ground control points (GCPs). A first-
order polynomial warp function was applied and a nearest-neighbour resampling 
protocol was used. This method has the advantage of simplicity and the ability to 
preserve original values in the unaltered scene (Jensen, 2005), and compared to bilinear 
interpolation and cubic convolution, it is computationally the most effective, although it 
may create perceptible positional errors (Campbell, 2002). Geometric correction 
involves the reorientation of the image data to selected parameters. This includes the 
selection of a map projection system and the co-registration of satellite image data with 
other data layers that may be used in a GIS. This will allow for accurate spatial 
assessments and measurements of the data generated from the satellite imagery. All 
satellite images were reprojected to Universal Transverse Mercator (UTM) map 
projection and co-registered by image-to-image rectification with a National 
Topographic Map. The map coordinate system used was Datum European 1950 UTM 
30N. 
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Geometric correction was applied on satellite images of Chapter I, Chapter II, Chapter 
III and Chapter IV. 

6.3. Radiometric correction 

Radiometric image processing is aimed to transform raw data (i.e. radiant energy 
coded by intensity and spectral character) as captured by the sensor into at surface 
reflectance suitable for applications. Radiometric processing includes sensor 
radiometric calibration, surface reflectance retrieval based on atmospheric corrections, 
image normalization to provide radiometric consistency across multiple scenes and/or 
dates, and specialized corrections for surface terrain induced variations (Peddle et al., 
2003). A robust radiometric calibration of images is essential in change detection 
applications (Coppin et al., 2004; Lu et al., 2004), and it is crucial if images are to be 
related with biophysical phenomena (Gong and Xu, 2003) like forest structure, health, 
biomass, or successional development. This task becomes especially challenging when 
various sensors are included in the analysis (Roder et al., 2005). 

The radiometry of satellite sensors is evaluated periodically to account for changes 
produced after pre-launch calibration. Onboard systems, pseudo-invariant targets and 
cross-sensor approaches are used for calibration, and coefficients to transform digital 
numbers into radiance and at sensor (top of atmosphere-TOA) reflectance are provided 
in user manuals (Chander et al., 2009). The reduction in scene-to-scene variability is an 
advantage of reflectance over radiance, due to the removal of the cosine effect of 
different solar zenith angles, the compensation for different values of the 
exoatmospheric solar irradiance, and the correction for variation in the Earth-Sun 
distance between different data acquisition dates. 

An atmospheric radiation transfer model was used to produce and estimate of the true 
surface reflectance (Lu, 2006). To accurately compensate for atmospheric effects, the 
atmospheric correction model applied was the MODTRAN-based Fast line-of-sight 
Atmospheric Analysis of Spectral Hypercubes (FLAASH) (Matthew et al., 2000). 
Thermal infrared data were not used. 

Radiometric correction was applied on satellite images of Chapter I, Chapter II, Chapter 
III and Chapter IV. 

6.4. Topographic normalization 

Topographic effects hinder the use of remote sensing of mountainous terrain (Colby, 
1991). Depending on the elevation of the sun and the orientation of the terrain, shadows 
cause a loss of information in satellite images. Topographic normalization, or 
topographic correction, refers to the compensation of the different solar illuminations 
due to the irregular shape of the terrain. This effect causes a high variation in the 
reflectance response for similar vegetation types: shaded areas show less than expected 
reflectance, whereas in sunny areas the effect is the opposite (Riaño et al., 2003). 

The main difficulty in applying topographic corrections is related to the lack of standard 
and generally accepted models. A wide variety of methods have been proposed in the 
literature (e.g. cosine correction, spectral rationing, empirical-statistical method of 
Teillet, Minnaert correction or, C-correction) however, there is no clear consensus on 
methods that may be universally applicable (Minnaert, 1941; Short, 1982; Teillet et al., 
1982; Civco, 1989; Colby, 1991; Conese et al., 1993; Meyer et al., 1993). 
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C-correction had been developed from the cosine illumination correction but introduces 
an adjusted offset derived from the regression of the digital number against the 
calculated sun incidence angle which should model the diffuse sky radiation (Teillet et 
al., 1982; Meyer et al., 1993). The application of these method required the use of a 
high resolution (25 metre in x and y and 0.1 m for elevation) Digital Elevation Model 
(DEM) provided by IGN. A C-correction model was developed using ERDAS 
Imagine® Model Maker and applied on satellite images of Chapter II (Figure 5). 

 

  

 

 

Figure 5. Terrain illumination correction by means of C-correction algorithm developed using ERDAS 
Imagine® Model Maker; (a) Original TM image, (b) Topographic corrected TM image 

Teillet el al. (1982) describe the possibility of bringing the original data into the form 
LT= m cos(i) + b. This corresponds to a regression line used in the statistical-empirical 
approach with the reflectance on the ordinate and cos (i) on the abscissa. Teillet et al. 
(1982) now introduce a parameter c which is the quotient of b and m of the regression 
line (Equation 1). Parameter c is built in the cosine law as an additive term (Equation 2): 
 

 [1] 

 

a 

b 
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 [2] 

 

where: c = correction parameter; m = inclination of regression line; b = intercept of 
regression line; LH = reflectance observed for horizontal surface; LT = reflectance 
observed over sloped terrain; sz = sun’s zenith angle; i = sun’s incidence angle in 
relation to the normal on a pixel (Figure 6). 
 

 

Figure 6. Terrain illumination diagram (source: Teillet et al., 1982) 

According to Teillet et al. (1982) the parameter c might emulate the effect of path 
reflectance on the slope-aspect correction, but the physical analogies are not exact. 
Mathematically, the effect of c is similar to that of the Minnaert constant (Minnaert, 
1941). It increases the denominator and weakens the overcorrection of faintly 
illuminated pixels as a consequence. Parameter c is determined with the same regression 
that used in the statistical-empirical approach (Ekstrand, 1996). 

6.5. Crosstalk correction 

Originally, the word "crosstalk" came from telecommunication, referring to the 
phenomenon that signals of other lines get mixed. In remote sensing, the word refers to 
the phenomenon that the electrical or optical signals of a band leaks into another band. 

In some images observed by ASTER SWIR sensor, weak ghosts appear near border of 
water and land areas (Iwasaki et al., 2002). 

The ASTER SWIR sensor is affected by a crosstalk signal scattering problem, a 
phenomenon discovered after the launch of ASTER aboard the TERRA platform in 
December 1999. The source of the crosstalk problem is the ASTER Band 4 detector, 
whose incident light is reflected by the detectors aluminum-coated parts (especially 
from the area between the detector plane and band-pass filter), and it is then projected 
on to the other detectors. The problem is further worsened by the band-to-band parallax 
effect and the distance between the CCD array pairs. Bands 9 and 5 are most affected 
because of their closeness to the Band 4 detectors. The spectral range of Band 4 is 
between 1.6 and 1.7 microns (0.092 µm bandwidth), which is not only the widest 
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bandwidth of the SWIR bands (average of 0.052 µm bandwidth for Bands 5 through 9), 
but is also the strongest in its reflectivity component (Tonooka and Iwasaki, 2003). 

The Japanese Science team developed the original crosstalk correction algorithm that is 
used to correct an ASTER Level-1B data set. The original model is based on the 
fundamental understanding that incident radiation to Band 4 that is reflected or leaked 
to the other bands will follow a certain pattern of line-shifts in the along-track direction. 
The kernel function used in the convolution (in the original algorithm) is not considered 
symmetrical in the cross-track direction. Improved kernel functions are used in the 
updated algorithm. The radiometric sensitivity coefficients are statistically derived to 
ensure that a calibration consistency is maintained in both pre- and post-crosstalk 
correction. Using the Japanese crosstalk correction algorithm, the ASTER Project at Jet 
Propulsion Laboratory (JPL) has implemented a crosstalk-correction process that is 
applied to ASTER Level-1B data before deriving the reflectance product (Iwasaki and 
Tonooka, 2005). 

Crosstalk correction was applied on satellite image of Chapter I. 
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7. SATELLITE IMAGE ANALYSIS TECHNIQUES 

7.1. Spectral Mixture Analysis technique 

While multispectral sensing has largely succeeded at classifying whole pixels, further 
analysis of the constituent substances that comprise a pixel is limited by a relatively low 
number of spectral measurements. The recognition that pixels of interest are frequently 
a combination of numerous disparate components has introduced a need to 
quantitatively decompose, or “unmix,” these mixtures. 

Multi- and hyperspectral sensors have demonstrated the capability of performing 
spectral unmixing. Mixed pixels are a mixture of more than one distinct substance, and 
they exist for one of two reasons. First, if the spatial resolution of a sensor is low 
enough that disparate materials can jointly occupy a single pixel, the resulting spectral 
measurement will be some composite of the individual spectra. This is the case for 
remote sensing platforms flying at a high altitude or performing wide-area surveillance, 
where low spatial resolution is common. Second, mixed pixels can result when distinct 
materials are combined into a homogeneous mixture. This circumstance can occur 
independent of the spatial resolution of the sensor, thus the mixed pixel problem is not 
solved simply by increasing the spatial resolution (Keshava and Mustard, 2002). 
Besides, the number of mixed pixels usually decreases as the spatial resolution 
increases. However, in some cases this number can increase because the finer detail 
resolves features not recorded before, thus introducing new spectral classes (Campbell, 
2002). 

In this manner, the pixel reflectance cannot be simply interpreted in terms of properties 
of a single cover type and the conventional classification (hard classification) of mixed 
pixels leads to errors that make the subsequent area estimation inaccurate. These errors 
are caused mainly by the premise of classification that all pixels are pure, i.e. consisting 
of a single ground cover type, while in fact they are not. Alternatively, spectral 
unmixing can be applied, after which a mixed pixel can be assigned to several 
categories proportionally to the fraction of its area covered by each class. Therefore, 
spectral unmixing may reduce the mixed pixel problem (Adams et al., 1995; 
Shimabukuro et al., 1998; Lu et al., 2003). On the other hand, spectral unmixing cannot 
be only considered as a classifier but also as a data transformation. This process can 
reduce the bands number of satellite data in a similar way that Principal Components 
Analysis (PCA) does, and furthermore the new bands have a physic meaning so can be 
interpreted more easily. 

7.1.1. Linear versus Nonlinear Mixing 

The mixing process can be considered linear or nonlinear. The combination will be 
basically linear if endmembers in a pixel appear in spatially segregated patterns. In this 
case, the scattering and absorption of incident electromagnetic radiation for any region 
on the surface is dominated by a single component on the surface, and thus the spectrum 
of a mixed pixel is a linear combination of the endmember spectra weighted by the 
fractional area coverage of each endmember in the pixel. However, if the components of 
interest are in an intimate association (the endmember materials are mixed on spatial 
scales smaller than the path length of photons in the mixture, like sand grains of 
different composition in a beach deposit) light will typically interact with more than one 
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component as it is multiply scattered, and the mixing process between these different 
components will be nonlinear. There are some important implications of these 
differences for spectral unmixing. If a linear mixing model is used on data where the 
combination is nonlinear, the calculated fractions will be significantly in error (Borel 
and Gerstl, 1994; Ray and Murray, 1996). However, despite the obvious advantages of 
using a nonlinear approach for intimate mixtures, this has not been widely applied to 
remotely acquired data of particulate surfaces, the most important obstacle to 
implementing nonlinear models is that the particle size, composition, and alteration state 
of the endmembers are very important controlling parameters of the solutions, and the 
linear approach has been demonstrated in numerous applications to be a useful 
technique for interpreting the variability in remote sensing data and a powerful means 
for converting spectral information into data products that can be related to the physical 
abundance of materials on the surface (Keshava and Mustard, 2002).  

The LSMA is usually written in matrix-vector notation as (Equation 3):  
 

X = Mf + e 

 

[3] 

If the number of spectral bands and ground cover types are given by n and c 
respectively, then X represents a (nx1) pixel vector or multispectral observation, while, f 
denotes the (cx1) fractions vector with the proportions of the different ground cover 
types. Each column of (nxc) matrix M contains an endmember spectrum, which is the 
reflectance typical for a pixel containing nothing but the cover type of interest. e 
represent the error term.  

These mixing equations are usually accompanied by two constraints that should be 
satisfied explicitly when estimating f. The full additivity constraint is that a pixel is well 
defined by its components, whose proportions should therefore add up to unity: ∑fi = 1. 
The other constraint that should be satisfied is the nonnegativity constraint, which says 
that no component of a mixed pixel can make a negative contribution: fi ≥ 0. 
Satisfaction of the latter constraint is often difficult and may require some specialised 
techniques. 

Together, the mixing equations and the constraints describe a model that must be solved 
for each mixed pixel that is to be decomposed, i.e. given X and M, it is necessary to 
determine f and e subject previous equations. Two alternatives can be basically used to 
solve the mixing equations: numerical methods and statistical methods. However, 
different authors (Shimabukuro, 1987; Kalluri et al., 1997) affirmed that the algorithm 
employed to perform unmixing had little influence in results.  

7.1.2. Algorithms for Linear Unmixing 

As mentioned before, LSMA allows decomposing each pixel of the image in its basic 
components from the endmembers spectra. The endmembers spectra must have 
recognizable characteristics in the scene and must be significant for the observer, since 
they constitute abstractions of real objects that have the same or similar properties. In 
many cases, the number of components and its composition are unknown, and the 
problem is to unmix spectrally the data in a number supported by the data dimension. 
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The estimation of the endmember spectra is not an easy work, since they change with 
the scale and the purpose of study. These spectra are also influenced by processes as for 
example the material surface dispersion and the illumination geometry, which could be 
considered additional noise sources of the model. Nevertheless, and as it is affirmed by 
Tompkins et al. (1997), all the advantages of LSMA depend on how accurately the 
endmembers spectra are defined. If the endmembers are incorrect in physical sense, the 
proportions or fractions will be also incorrect, and potentially without meaning, and 
spectral mixture analysis will contribute just like any other method of statistical 
analysis.  

In order to be able to distinguish completely two endmember spectra, it is necessary that 
they are orthogonal; in this manner, they will be linearly independent and completely 
spectrally separable. If these vectors are almost linearly dependent, some vectors will be 
linear combinations of other ones and, therefore, spectrally inseparable. Nevertheless, as 
indicated by Sohn and McCoy (1997), endmembers spectra are habitually non- 
orthogonal, although they are sufficiently distant to be distinguished. Van der Meer and 
De Jong (2000) studied also the spectral unmixing dependency with the endmembers 
spectra orthogonality. These authors observed that error disappears when all the 
endmembers existing in the image are considered and correctly characterized. Their 
experiments demonstrated that the amount of information in selected endmembers 
(standard deviation) in relation with the duplicated information (correlation among 
them) affects the unmixing error. Since it is impossible to improve the amount of 
information in image data, they recommended achieving some decorrelation of the data 
using readily available transformations (as the Minimum Noise Fraction (MNF) 
transformation). 

In general, it is advisable to reduce the dimension of the data in the scene although this 
step is optional using multispectral data. Dimension reduction algorithms do not reduce 
the dimension of data with the goal of reconstructing an approximation to the original 
signal. Instead, they seek a minimal representation of the signal that sufficiently retains 
the requisite information for successful unmixing in the lower dimension. Dimension 
reduction algorithms are designed to minimize errors in the procedures performed in the 
lower dimension. The more habitually employed reduction algorithms are PCA and 
MNF. 

PCA is used to guide image endmember selection because it puts almost 90% of the 
variances on the first two or three components and minimizes the influence of band to 
band correlation (Smith et al., 1985). However, noise variance in one band may be 
larger than signal variance in another band in terms of unequal scaling in different 
bands (Small, 2001). Therefore, PCA cannot necessarily order components according to 
signal information. Unlike PCA, MNF transformation orders components according to 
signal to noise ratios (Green et al., 1988). MNF transformation can be considered two 
cascaded PC transformations given the following steps: 1) a PC transformation is 
performed to diagonalize the noise covariance matrix; 2) the noise covariance matrix is 
converted to an identity matrix by scaling the transformed dataset; and 3) a second PC 
transformation is conducted on the scaled dataset. Among these steps, a difficult task is 
to estimate the error covariance matrix. Some sensor calibration measurements or 
ground reflectance measurements may provide the error covariance matrix (Lee et al., 
1990). However, these measurements are not generally available. Green et al. (1988) 
provided a Minimum/Maximum Autocorrelation Factors (MAF) procedure to estimate 
the noise covariance matrix directly from images assuming that noise is spatially 
uncorrelated while signal is highly correlated over space. 
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Once decided the bands used in the unmixing process, it is necessary to fix the number 
and the characteristics of endmembers. The key to linear unmixing is to define a set of 
spectral endmembers that are representative of physical components on the surface and 
that encompass the spectral variability inherent in a given scene. The number of 
endmembers that can be distinguished by the sensor is therefore constrained by the 
number of spectral channels available as well as the wavelengths spanned by the bands. 
Dimensionality is ultimately limited by the number of spectral bands but noise and 
redundancies in the bands information content may result in a dimensionality that is less 
than the full potential dimensionality implied by the number of bands (Small, 2004). 
Thus, the number of endmembers that may be practically identified and used is far 
fewer than the number of bands plus one, typically ranging from three to seven, 
depending on the number of channels and the spectral variability of the scene 
components. (Keshava and Mustard, 2002). 

None of the existing methods to obtain endmembers spectra is perfect. Some methods 
simply extract them from the satellite image using the spectral signature of the ground 
cover considered (Bierwith, 1990). Other techniques assume that endmembers spectra 
are enclosed within a geometric figure whose vertices number agrees with the 
dimension of the scene. Nevertheless, although these methods guarantee that fractions 
will be suitably obtained, they presuppose that endmembers are contained in the data 
set. This last fact is not always realistic, since it is difficult to find pure zones (covered 
by an only material) in images of low spatial resolution. For this reason, other methods 
to obtain endmembers spectra have been developed when they cannot be extracted from 
the image. For example: spectral matching; using an expert system, Qmodel, fuzzy logic 
algorithms, parallel coordinates representations, etc.  

Settle and Campbell (1998) indicated that two work schemes to obtain endmembers 
spectra exist. The first one uses reflectance values extracted from spectral libraries, this 
kind of endmember is called reference endmember. The main disadvantage of this 
option is that image correction is not trivial and errors are always introduced. The 
second option uses information from own image to define endmembers spectra and it is 
refering to image endmembers. Image endmembers presents two advantages: 1) they are 
easily obtained and, 2) they have the same scale of measurement as the data. 

Each alternative presents its advantages and disadvantages and it will be necessary to 
choose the most suitable option in each situation. According to Drake et al. (1999), 
reference endmembers has the advantage of being pure and therefore fractions obtained 
will be absolute. Besides, Settle and Drake (1993) indicated that image endmembers 
contain image noise, which allows calculating the error associated with that noise, 
impossible calculation with reference endmembers. Gong et al. (1994) also made 
comparisons between reference and image endmembers. When employing image 
endmembers, the root mean square error (RMSE), was uniformly distributed indicating 
that all image had the same accuracy level. However, when using reference 
endmembers, certain linearity in distribution of error term was observed.  

Reference endmembers utilization forces to calibrate the image, which not always is 
simple. For this reason, image endmembers are preferred in many cases. Nevertheless, 
reference endmembers employment can be advisable in some occasions like changes 
analysis. Adams et al. (1995) affirmed that it is essential to have endmembers invariant 
in the time when detecting temporal changes and therefore, they recommend reference 
endmembers use in that case. Also Roberts et al. (1997) analyzed temporal changes and 
unmixing, and recommend reference endmembers adoption. 
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Different alternatives exist to select endmembers from spectral libraries. Van der Meer 
(1995) identified twelve candidate endmembers and stored them in a spectral library 
specially constructed taking measurements from field. Next, he used Spectral Angle 
Mapper (SAM) technique (Kruse et al., 1993), to select the five definite endmembers. 
This technique calculates the spectral similarity between a candidate reflectance spectra 
and a reference reflectance spectra in terms of the angle between both spectra. Drake et 
al. (1999) used spectral matching method to select endmembers from a spectral library. 
Schmid et al. (2004) also performed an identification of the image endmembers by 
matching field spectra from the spectral library with the image endmember spectra. 
Thus, the spectral curve matching allowed soil properties and ancillary data to be 
associated with the final identification of a wetland component. In occasions, spectral 
libraries are employed primarily to identify the composition of image endmembers. 
Roberts et al. (1993) used the two steps technique described by Smith et al. (1990). In 
the first stage, the original image is modelled as a mixture of image endmembers. In the 
second step, image endmembers are modelled as mixtures of reference endmembers, 
after calibration terms were calculated. 

Image endmember selection is achieved through an educated trial-and-error approach. 
An analyst has some knowledge of the field site or data set, and a set of objectives for 
conducting the analysis. For example, results should be repeatable, and the fraction 
images should describe realistic physical variables or components in the scene. It is 
advisable to choose them as the extreme values of the scatter diagram of two bands of 
the considered image. This allows assuring that endmembers are spectrally 
distinguishable and that the chosen bands present a sufficiently low correlation. 
Different methods to obtain image endmember exist: from scatter plots (Carpenter et 
al., 1999; Peterson and Stow, 2003), using regression techniques (Metternicht and 
Fermont, 1998) and finer spatial resolution imagery, etc. In many situations, however, 
an automated method of determining these essential components is desired. Several 
techniques have been developed to estimate endmembers that do not require specific 
assumptions on the probabilistic densities of the data. Examples of automated methods 
are: Clustering Algorithms, Modified Spectral Mixture Analysis (MESMA), Geometric 
Perspective, etc. The Pixel Purity Index (PPI®) is a common one (Boardman, 1993) due 
to its publicity and availability in the Environment for Visualizing Images (ENVI) 
software (ENVI, 2000). This algorithm uses the MNF as a pre-processing step to reduce 
dimensionality and to improve the Signal-to-Noise Ratio (SNR). The algorithm then 
projects every spectral vector onto “skewers” (large number of random vectors). The 
points corresponding to extremes, for each “skewer” direction, are stored. A cumulative 
account records the number of times each pixel is found to be an extreme. The pixels 
with the highest scores are the purest ones. Chang and Plaza (2006) proposed a fast 
iterative algorithm to implement the PPI, referred to as Fast Iterative PPI (FIPPI) which 
is an unsupervised algorithm as opposed to the PPI, which requires human intervention 
to manually select a final set of endmembers. The experiments showed that both the 
FIPPI and the PPI produce very close results, but the FIPPI converges very rapidly with 
significant savings in computation.  

Finally, it is also possible to use unsupervised algorithms to define the endmembers. 
García-Haro et al. (1999) tried three new methods to identify the number and the 
spectral signature of endmembers. Two of the methods consist in different optimization 
procedures based on objective functions defined from the coordinate axes of the 
dominant factors. The third one consists in the design of a neural network whose 
architecture implements the spectral mixture analysis principles. Results indicated that 
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the three methods provide accurate estimations of the spectral endmembers, especially 
the third one. Moreover, the second method, based on the exploration of the mixture 
positions in the factor space, demonstrated to be the most appropriate when the 
dimensionality of the data is reduced. Bateson et al. (2000) presented a new approach to 
image endmembers definition where endmember variability is incorporated into mixture 
analysis by representing each endmember by a set or bundle of spectra, each of which 
could reasonably be the reflectance of an instance of the endmember.  

The class of inversion algorithms based on minimizing squared-error start from the 
simplest form of least squares inversion and increase in complexity as further 
assumptions and parametric structure are imposed on the problem. Variations of the 
least squares concept have been adopted to reflect the unique circumstances associated 
with hyperspectral data. The Least Squares solution is the method most often used for 
solving the linear mixture model (Smith et al., 1990; Shimabukuro and Smith, 1991; 
García-Haro et al., 1996) due to its simplicity and ease of implementation. The 
statistical method analogue of least squares estimation minimizes the variance of the 
estimator and it is called Minimum Variance Method (Manolakis et al., 2000). 

In the dissertation’ study cases, the root mean square error (RMSE) was used to assess 
the fit of the model (Adams et al., 1993; Roberts et al., 1998) and it is shown in 
Equation 4, where m is the number of bands. 
 

 

 

[4] 

LSMA was applied in Chapter I to obtain the fraction images and using them as 
independent variables in multiple linear regression models to estimate aboveground 
biomass. Fraction imagery was employed in Chapter II and Chapter III as input in a 
object-based image classification model and used for segmentation process. And, in 
Chapter IV, fraction image was used as independent variable in a regression equation 
and for estimating wood volume. 

7.2. Object-based Image Analysis technique 

OBIA is a technique used to analyze digital image that was developed reletively 
recently compared to traditional pixel-based image analysis (Burnett and Blaschke, 
2003). It is based to partitioning remote sensing imagery into meaningful image-objects 
(segments), and assessing their characteristics through spatial, spectral and temporal 
scale. Those image objects are the basic processing units, and not single pixels as in a 
pixel-based image analysis approach (Benz et al., 2004). (Figure 7). 
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Figure 7. Pixels versus objects image analysis (source: Benz et al., 2004) 

At its most fundamental level, OBIA requires image segmentation, attribution, 
classification and the ability to query and link individual objects (segments) in space 
and time. In order to achieve this, OBIA incorporates knowledge from a vast array of 
disciplines involved in the generation and use of GIS. It is this unique focus on remote 
sensing and GIS that distinguishes OBIA from related disciplines such as Computer 
Vision and Biomedical Imaging, where outstanding research exists that may 
significantly contribute to OBIA (Hay and Castilla, 2006). Hay and Castilla (2008) 
argue that Geographic space is intrinsic to this analysis, and as such, should be included 
in the name of the concept and, consequently, in the abbreviation: ‘‘Geographic Object-
Based Image Analysis’’ (GEOBIA). The acronyms OBIA and GEOBIA, which stand 
for geospatial object based image analysis, are both herein used interchangeably. 

OBIA aims at scene representations at several levels of resolution, thus relying on 
segmentation results at multiple scales. Multiscale denotes the multiple spatial 
dimensions at which entities, patterns and processes can be observed and measured 
(Hay et al., 2005). A crucial point is the appropriateness of object generation, which is a 
matter of choosing the ‘right’ scale. This scale has to be translated to appropriate 
segmentation parameters (typically based on spectral homogeneity, size, or both) for the 
varying sized, shaped, and spatially distributed image-objects composing a scene, so 
that segments can be generated that satisfy user requirements (Hay et al., 2005; Lang 
2005; Mallinis et al., 2008). 

Object-based image techniques have opened the door to technically implement the way 
of human perception. Common region-based segmentation algorithms are limited in 
delineating higher-level objects that consist of high contrast, but regularly appearing 
objects. Those arrangements which are characterised by regularity in their 
heterogeneous structure are hardly captured by segmentation algorithms, whereas 
readily detectable for humans (Lang and Langanke, 2006). As stated by Navon (1977), 
a scene is rather decomposed than built-up: since segmentation routine is starting 
usually working in either direction (bottom-up or top-down), it can hardly mimic the 
way of visual processing, namely to start from a global analysis of the overall pattern 
and to proceed to finer structures. The segmentation of the image data at fine and coarse 
scales is important in the object-based multiscale analysis, in order to extract boundaries 
of the dominant objects occurring at the corresponding scales (Hall et al., 2004). The 
resulting objects of the segmentation can then be described and classified by an 
extensive variety of its features related to the color, texture, form, and horizontal and 
vertical context properties. The OBIA classifiers using eCognition™ software (Definiens 
imaging) are soft classifiers that are based on fuzzy logic, using membership to express 
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an object’s assignment to a class. A simple Nearest Neighbour (NN) classifier might be 
used as well (Figure 8). 

 

Figure 8. Object-based image analysis process summary (source: Baatz et al. (2004)) 

The object-based approach has the advantanges over the pixel-based approach in 
twofold (Liu and Xia, 2010): (1) the change of classification units from pixels to image 
objects reduces within-class spectral variation and generally removes the so-called salt 
and pepper effects that are typical in pixel-based classification and, (2) a large set of 
features characterizing objects’ spatial, textural, and contextual properties (neighbour, 
super-object) can be derived as complementary information to the direct spectral 
observations to potentially improve classification accuracy (Baatz et al., 2004; Guo et 
al., 2007). 

OBIA approach has its own limitations as well. Two types of errors often exist in image 
segmentation including over-segmentation and under-segmentation (Möller et al., 2007; 
Kampouraki et al., 2008) and these segmentation errors could affect the subsequent 
classification process in two ways: (1) under-segmentation results in image objects that 
cover more than one class and thus introduce classification errors because all pixels in 
each mixed image object have to be assigned to the same class and (2) features 
extracted from mis-segmented image objects with over-segmentation or under-
segmentation errors do not represent the properties of real objects on the Earth surface 
(e.g. shape and area), so they may not be useful and could even reduce the classification 
accuracy if not chosen appropriately (Song et al., 2005). Therefore, the final 
performance of object-based classification is determined by both positive and negative 
effects due to the use of image objects as classification units and the addition of objects’ 
features in classification. 

7.2.1. Multiresolution segmentation (Multiscale) 

For many years, procedures for image segmentation have been a main research focus 
in the area of image analysis. Many different approaches have been followed. However, 
few of them lead to qualitatively convincing results which are robust and applicable 
under operational settings. To obtain useful information from an image, the 
segmentation process splits an image into unclassified ‘object primitives’ that form the 
basis for the image objects and the rest of the image analysis. Objects, formed by 
grouping pixels according to a certain criterion of heterogeneity and homogeneity by 
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image segmentation, are the basic processing units in object-based image analysis 
approach (Benz et al., 2004). This segmentation can be realized as an optimization 
process. Regions of minimum heterogeneity given certain constraints have to be found. 
Criteria for heterogeneity, definition of constraints and the strategy for sequence of 
aggregation determine the final segmentation result (Figure 9). 

 

Figure 9. Context and hierarchical relation in multiresolution segmentation (source: Baatz et al. (2004)) 

Image segmentation methods are split into two main domains (Baatz et al., 2004): 
knowledge driven (top-down) methods and data driven (bottom-up) methods. On the 
one hand, in top-down approach it is known what to extract from the image, but not 
how to perform the extraction. By formulating a model of the desired objects, the 
system tries to find the best methods of image processing to extract them. On the other 
hand, bottom-up methods are kind of data abstraction or data compression, because in 
the beginning the generated segments are only ‘image object primitives’ (as with 
clustering methods). It groups pixels to spatial clusters that meet certain criteria of 
homogeneity and heterogeneity and the user determines what kind of real world objects 
the generated image objects represent. The basic difference between both approaches is 
that top-down methods usually lead to local results because they just mark 
pixels/regions that meet the model description, whereas bottom-up methods perform a 
segmentation of the complete image. 

Two of the most common bottom-up approaches to image segmentation are (1) region 
growing algorithms and (2) knowledge-based approaches (Baatz et al., 2004): 

(a) Region growing algorithms cluster pixels starting from a limited number of single 
seed points. These algorithms basically depend on the set of given seed points and often 
from a lack of control in the break-off criterion for the growth of a region.  

(b) Knowledge-based approaches try to incorporate knowledge derived from training 
areas or other sources into the segmentation process. These approaches mostly perform 
a pixel-based classification, based on clustering in a global feature space. Segments are 
produced implicitly after classification, simply by merging all adjacent pixels of the 
same class. These approaches are typically not able to separate different units or objects 
of interest of the same classification. Further, the information on which classification 
can act typically is limited to spectral and filter derivates. 
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The method used in this dissertation is a bottom-up advanced region growing and 
knowledge-based multi-resolution segmentation approach implemented in eCognition™ 
software (Baatz et al., 2004). The algorithms are based on the conceptual idea that 
important semantic information required to interpret an image is not represented in 
single pixels but in meaningful image objects and their mutual relations, i.e. the context. 
The segmentation algorithm starts with one-pixel objects, and in many subsequent steps 
smaller image objects are merged into larger ones.  

Throughout this pair-wise clustering process, the underlying optimization procedure 
minimizes the weighted heterogeneity n·h of resulting image objects, where n is the size 
of a segment and h a parameter of heterogeneity. In each step, that pair of adjacent 
image objects is merged which results in the smallest growth of the defined 
heterogeneity. If the smallest growth exceeds the threshold defined by the scale 
parameter, the process stops. 

Definition of heterogeneity 

Heterogeneity in eCognition™ considers as primary object features color and shape. 
The increase of heterogeneity f (Equation 5) has to be less than a certain threshold. The 
weight parameters (wcolor, wshape) allow adapting the heterogeneity definition to the 
application. 

 [5] 

                 

where wcolor is the weight of color parameter, wshape is the weight of shape parameter, 
∆hcolor is the difference in spectral heterogeneity, and ∆hshape is the difference in shape 
heterogeneity.   

Difference in spectral heterogeneity (∆hcolor) is defined in Equation 6 (Benz et al., 
2004).  The spectral heterogeneity allows multi-variant segmentation by adding a 
weight wc to the ‘C’ image channels.  

 [6] 

where ∆hcolor is the difference in spectral heterogeneity, wc is the weight to the image 
channels c, nmerge is the number of pixels within merged object, nobj_1 is the number of 
pixels in object 1, nobj_2 is the number of pixels in object 2, and σc is the standard 
deviation within object of channel c. Subscripts merge refer to the merged object, object 
1 and object 2 prior to merge, respectively. 

The shape heterogeneity (∆hshape) is a value that describes the improvement of the shape 
with regard to smoothness and compactness of an object’s shape, and it is calculated 
using Equation 7 (Benz et al., 2004). Thus, the smoothness heterogeneity (∆hsmooth) 
(Equation 8) equals the ratio of the factor border length l and the border length b given 
by the bounding box of an image object parallel to the raster  (Benz et al., 2004). The 
compactness heterogeneity (∆hcompt) equals the ratio of the border length l and the 
square root of the number of pixels forming this image object (Equation 9) (Benz et al., 
2004). The weights (wi) are parameters which can be selected in order to get suitable 
segmentation results for a certain image data stack and a considered application.  
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with 
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where ∆hshape is the shape heterogeneity, ∆hcompt is the compactness heterogeneity, 
∆hsmooth is the smoothness heterogeneity, wcompt is the compactness parameter weight, 
wsmooth is the compactness parameter weight, nmerge is the number of pixels within 
merged object, lmerge is the border length of the merged object, nobj_1 is the number of 
pixels in object 1, nobj_2 is the number of pixels in object 2, lobj_1 is the perimeter of 
object 1,lobj_2 is the perimeter of object 2, bobj_1 is the perimeter of object 1’s bounding 
box, and bobj_2 is the perimeter of object 2’s bounding box. 

Scale parameter 

The scale parameter is the stop criterion for optimization process. Prior to the fusion 
of two adjacent objects, the resulting increase of heterogeneity f is calculated (Equation 
5). If this resulting increase exceeds a threshold t determined by the scale parameter, t = 
Ψ (scale parameter), then no further fusion takes place and the segmentation stops. It is 
an abstract term, which determines the maximum allowed heterogeneity for the 
resulting image objects. The larger the scale parameter, the more objects can be fused 
and the larger the objects grow. Details can be found in Baatz et al. (2004).  

Hierarchical object network 

Objects created on different scales can be linked together to a hierarchical object 
network like the one displayed in Figure 10. The levels of image objects are generated 
by the described multi-resolution segmentation described above. All segmentation 
procedures operate on arbitrary levels in a strong hierarchical network. To guarantee a 
definite hierarchy over the spatial shape of all objects the segmentation procedures 
follow two rules  (Benz et al., 2004):  

1) Object borders must follow borders of objects on the next lower level. 
2) Segmentation is constrained by the border of the object on the next upper level. 

Since the level of pixels and the level of the whole image always exist by definition, 
each segmentation of a new level is a construction in between a lower and an upper 
level. 
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Figure 10. Four-level hierarchical network of image objects (source: Baatz et al. (2004)) 

This hierarchical network allows structures of different scales to be represented 
simultaneously and thus classified in relation to each other. Moreover, classifying the 
upper level, each register object can be analyzed based on the composition of its 
classified sub-objects. By means of this technique different data types can be analyzed 
in relation to each other, and object shape correction based on regrouping of sub-objects 
is possible (Cho, 2002). 

7.2.2. Object-Based Classification 

For OBIA usually is employed a soft classifier, which uses a degree of membership 
to express an object’s assignment to a class. The membership value is usually between 1 
and 0, where 1 expresses full membership (a complete assignment) to a class and 0 
expresses absolutely non-membership. The degree of membership depended on the 
degree to which the objects fulfill the class-describing conditions. The main advantage 
of this soft classifier lies in their possibility to express uncertainties about the classes’ 
descriptions. It makes it also possible to express each object’s membership in more than 
just one class or the probability of belonging to other classes, but with different degrees 
of membership (Baatz et al., 2004). Each class of a classification scheme contains a 
class description and each class description consists of a set of fuzzy expressions 
allowing the evaluation of specific features and their logical operation. The output of 
the system is twofold (Yan, 2003): (1) a fuzzy classification with detailed information 
of class mixture and reliability of class assignment, and (2) a final crisp classification 
where each object is assigned to exactly one class (or none, if no assignment was 
possible). A fuzzy rule can have one single condition or consist of a combination of 
several conditions that have to be fulfilled for an object to be assigned to a class. The 
conditions are defined by expressions which are inserted into the class descriptions. 
Expressions can be membership functions, similarities to classes, or a NN. The output 
of fuzzy rules can be the input to the next fuzzy rule. Thus a well-structured hierarchy is 
created. 

Classification results can be differentiated and improved by using semantic context 
information: as soon as objects are classified according to their intrinsic and topological 
features, classification can be refined using semantic features – mostly by describing 
neighborhood relationships or the composition of sub-objects. The class hierarchy 
supports semantic grouping of classes. This can be used to assign classes of different 
attributes to a common class of superordinated semantic meaning.  
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With these possibilities the class hierarchy allows the efficient creation of a well-
structured knowledge base of a semantic richness. Together with fuzzy classification 
this adds a lot of power to OBIA approach.  
 

 

Figure 11. Overlap of class descriptions based on membership functions in a two-dimensional features 
space (source: Hofmann (2003)) 

For instance, when using two features to describe the classes red and blue, the areas 
defined by the range of one dimensional membership functions produce an enormous 
overlap (Figure 11). This overlap can be reduced if multidimensional membership 
functions are directly designed because the actual distribution of the class red can be 
approximated much better. The application of a NN to define these multidimensional 
membership functions is advisable if several object features will be used to describe a 
class. The reasons for this are that: 

1) NN evaluates the correlation between object features favourably. 
2) Overlaps in the feature space increase with its dimension and can be handled 

much easier with NN. 
3) NN allows very fast and easy handling of the class hierarchy for the 

classification.  

Therefore, if a class can be separated from other classes by just a few features or only 
one feature, the application of membership functions is recommended; otherwise the 
NN be suggested (Baatz et al., 2004). 

When using fuzzy classification methods, objects can belong to several classes but with 
different degrees of membership, which is the case when class descriptions overlap.  
Thus, to evaluate the reliability or stability of classes it is necessary to survey the 
different degrees of membership of the classified objects. Objects whose feature values 
are within these overlapping ranges can be seen as ambiguous objects, since they fulfil 
the criteria of more than one class. Although fuzzy concepts make it possible to describe 
these ambiguities, the main aim of each classification should be to define classes as 
unambiguously as possible.  

OBIA was used in two approaches in Chapter II for mapping fire severity classes. OBIA 
was empoloyed in Chapter III for identificating surface mining affectation. 
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7.3. Data analysis techniques for exploration, characterization and 

modelling 

Statistics and techniques for data analysis were fundamental tools in most stages of 
this work, for exploration and description of datasets, in determining relations among 
data, and for modelling. A brief description of the main statistical and data analysis 
methods employed follows, oriented to the specific application made in this work. 

7.3.1. Statistical modelling 

The traditional method applied in remote sensing has been discriminant analysis and 
its different versions. This method is relevant when the goal is to estimate a limited 
number classes, e.g., vegetation types or land cover classes. Regression analysis has 
been used estimating quantitative variables, e.g., tree stem volume and biomass. Non-
parametric methods, e.g., k-nearest neighbour estimation (k-NN estimation) and 
artificial neural networks have the advantages that they can be used for estimating 
simultaneosuly all inventory variables. Particularly, k-NN method is under intensive 
research in Europe and North America and has also been applied in operative 
inventories. 

Statistical modelling was applied in Chapter I and Chapter IV. 

7.3.2. Moran Index for analysis of spatial correlation 

Moran’s Index (Moran, 1948) is one of the most commonly used statistical measures 
for spatial autocorrelation (Anselin, 1992), and it can be expressed as (Equation 10): 

 [10] 

where xi is the variable of interest x measured at location i, N the number of 
observations, μ the mean of the variable, and wij are the elements of the spatial weights 
matrix, which expresses the membership of observations in the neighbourhood set for 
each location (Anselin, 1992). For easiness of interpretation, a standardized z-value is 
reported instead of the index itself; z-value is calculated by subtracting the expected 
value for the statistic, and dividing the result by the standard deviation (Equation 11). 
When interpreted as a global measure, positive z-values point to positive spatial 
correlation and negative z-values point to negative spatial correlation; a zero value 
indicates there is no spatial association in the dataset. Moran’s I can be interpreted as a 
spatially weighted form of Pearson’s correlation coefficient (Goovaerts et al., 2005) and 
its significance is assessed against a null hypothesis of no correlation with a 
permutation procedure (Anselin, 2003). 

 [11] 

Moran Index was applied in Chapter I for testing spatial autocorrelation of the work 
database before applying non-spatial statistical analysis. 
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7.3.3. McNmear Test 

In many remote sensing studies the same set of sites are used in the assessment of the 
accuracy of the thematic maps to be compared. Consequently, the samples are not 
independent, and an alternative approach to that outlined above that is suitable for 
related samples is required. For related samples, the statistical significance of the 
difference between two proportions may be evaluated using McNemar’s test (Bradley, 
1968; Agresti, 1996). This is a non-parametric test that is based upon confusion 
matrices that are 2 by 2 in dimension. The constraint on the size of the matrices is often 
not a problem because larger matrices can be collapsed to this size because attention is, 
in effect, focused on the binary distinction between correct and incorrect class 
allocations. The McNemar test is based upon the standardized normal test statistic 
(Equation 12). 

 [12] 

in which fij indicates the frequency of sites lying in confusion matrix element i, j.  

Commonly in the literature, some discussions of this technique, including its use within 
remote sensing to compare accuracy statements (e.g., Chan et al., 2003), bases the 
evaluation upon a chisquare (χ2) distribution; the square of z follows a chi-squared 
distribution with one degree of freedom (Agresti, 1996). In such circumstances, the test 
equation may be expressed as (Equation 13). 

 [13] 

with the derived value compared against tabulated chi-squared values to indicate its 
statistical significance. This approach cannot, however, be used for testing a one-sided 
hypothesis because the rejection region for the chi-squared test is one-tailed. 

McNemar Test was employed in Chapter II for determining significant differences 
among classifications. 

7.4. Vegetation indices 

A vegetation index is a dimensionless, radiation based measurement that indicates 
relative abundance and activity of green vegetation (Jensen, 2005) by isolating its 
contribution from other materials (Asner et al., 2003). Vegetation indices are simple,  
reduce data dimensionality, and can easily be applied to different scenes. Vegetation 
indices take advantage of the unique spectral signature of vegetation, characterized by a 
large difference in reflectance between the visible (high absorption) and near-infrared 
(reflectance). Typical indices use the ratio or difference of NIR (near infrared) and VIS 
(visible) reflectance, and most commonly are defined with VIS in the red region of the 
visible spectrum (630-690 nm). 

Vegetation indices are frequently used in forestry applications, capitalizing on a strong 
relationship with structural attributes like Leaf Area Index (LAI) and canopy cover, to 
estimate, map, and monitor forest health, biomass content, and landscape disturbances 
(i.e. fire, windstorms). When used for discrimination of land cover and characterization 
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of vegetative condition, vegetation indices must normalize effects such as sun angle or 
atmospheric effects for consistent comparisons in time and space. 

7.4.1. Normalized Difference Vegetation Index  

One of the most widely used vegetation indices is the Normalized Difference 
Vegetation Index (NDVI) developed by Rouse et al. (1973). NDVI is defined as 
(Equation 14). 

 [14] 

where ρnir and ρred are the reflective values in the NIR and red bands for each pixel. 

NDVI values vary between 0 and 1 and are directly related to the vigour of vegetation. 
NDVI is extensively used to monitor seasonal and annual global changes in vegetation 
communities, and as a component of particular models. NDVI has demonstrated useful 
for evaluation of forest biomass and structure (Dong et al., 2003; Piao et al., 2005). 
Chuvieco (2002) noted as a weakness of the NDVI its inability to discriminate between 
areas with different proportion of vegetation/soil: an area with vigorous canopy and 
scarce density can show the same NDVI value as other area with higher density but less 
vitality. 

NDVI was employed in Chapter I. 

7.4.2. Tasseled Cap Transformation 

The Tasseled Cap transformation (TC) (Kauth and Thomas, 1976; Crist and Cicone, 
1984; Crist, 1985; Huang et al., 2002) is a linear transform for reduction of the Landsat 
spectral space that was initially developed by Kauth and Thomas (1976) for 
understanding of crop spectral behaviour. The TC has been broadly employed in 
forestry studies of structure (Cohen et al., 2001; Hansen et al., 2001), condition (Healey 
et al., 2006; Wulder et al., 2006), successional state (Peterson and Nilson, 1993; Helmer 
et al., 2000) and change detection (Lea et al., 2004; Jin and Sader, 2005) in a range of 
forest environments. The first three components of the TC were named Wetness (TC-
W), Greenness (TC-G), and Brightness (TC-B), in relation with their physical 
interpretation, and have received special attention for forest applications. TC-B and TC-
G components form the vegetation plane (Crist and Cicone, 1984), where the spectral 
behaviour of forest stands provides insights into forest cover densities and forest 
development stages. 

TC transformations and NDVI were employed in Chapter I. 
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8. RESULTS 

The performance and main outcomes of the implemented techniques are mentioned 
here, and the most important results are summarized. Detailed results are described in 
each chapter. 

 
Chapter I: Estimation of aboveground biomass in Mediterranean forests by 
statistical modelling of ASTER fraction images. 
 

 

* Fraction images showed differentiation in abundances between Green Vegetation 
(GV), shade and exposed soil. Shade was well predicted over the scene. High shade 
fractional values were most evident along the river and well distributed throughout the 
forest stands. The soil fractional endmember showed localized areas of high soil 
abundances, particularly in the continental sand-dune areas. 

* Spatial autocorrelation of the work datatabase was checked out with the Moran´s I 
test. It evidenced that feature values were randomly distributed across the study area. 
The Z-score was -2.15, p-value was 0.05, indicating statistical significance and Moran’s 
I index was -0.53, indicating a tendency toward dispersion. 

* A strong positive correlation was found between GV fraction values and ground 
measured AGB (Pearson´s correlation of 0.729). This strong relationship showed that 
GV fraction was suitable for AGB estimation. The relationship between GV fraction 
image and AGB was stronger than the rest of independent variables (ASTER original 
bands, NDVI and TC components). 

* Regression model #5 (three independent variables, first order polynomial) using the 
combination of GV fraction image and ASTER bands 2 and 8 as independent variables 
improved the regression performance (R2

adj value=0.632) and RMSE=12.84 Mg ha-1, 
13.3 Mg ha-1 from cross-validation, and relative RMSE=36.3% and 37.7% resulting 
form cross-validation. 

* Spatial distribution of the AGB was produced based on the multiple linear regression 
model #5, generating the estimated/predicted mean value of 42.4 Mg ha-1 (SD=11.9 Mg 
ha-1). 
 

Chapter II: Combining spectral mixture analysis and object-based classification 
for fire severity mapping. 
 

 

* The image endmembers picked up from the study area have produced robust and 
representative image fractions of burned areas, soil and two kinds of vegetation. The 
RMSE image showed areas poorly modelled by the least squares algorithm represented 
by crops at the time of image acquisition and the rest of the image presented a random 
error distribution. 

* The fraction imagery performed better than the original Landsat ETM+ bands into a 
combined-based approach using LSMA and OBIA to capture fire severity classes (high, 
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moderate and low) into a fire scar. The applied model had two different levels of image 
objects representing different scales. 

* Fuzzy  membership functions used to apply fuzzy range to selected features (fraction 
image-abundance values, contextual information and relation to super-objects) allowed 
separate fire severity classes to the rest of image objects and severity classes each other. 

* Among the models tested, object-based approaches showed the highest accuracies, in 
opposite relation with the pixel-based approaches. As happened in overall accuracy, 
Kappa Index of Agreement (KIA) values displayed better values when fraction images 
were introduced. 

* The advantage of the approach using LSMA and OBIA over the rest of the approaches 
tested was significant. McNemar´s test permited to revise the differences among KIA 
statistics and showed that the classification accuracy derived from the considered 
approaches was different with statistical significance. 

 
Chapter III: Mapping forest cover changes caused by mining activities using 
spectral mixture analysis and object oriented classification. 
 

 

* The combined approach using LSMA and OBIA allowed to discriminate surface 
mining activities in a forested area and to map the areas affected by those mining 
exploitations. 

* The applied model permited to identify what surface mines were into the Site of 
Community Importance (Habitats Directive 92/43/EEC) and the land use affected by 
this kind of mining activities. The largest areas affected were shrubs and broadleaved 
forests (57% and 25%, respectively, of the total area occuped by mining exploitations). 

* Among the three kind of mining exploitations into the study area, it was only possible 
to distinguish between two groups: coal-slate and limestone. Later it was possible to 
discriminate them by using geologic maps. 
 

Chapter IV: Spectral Mixture Modeling to estimate wood volume in north of Spain 

from optical satellite data. 
 

 

* The LSMA model performed well using the Landsat bands (3, 4, 5 and 7) commonly 
used in vegetation studies. The fraction imagery obtained were shade, soil and 
vegetation. 

* The analysis between over bark volume (OBV) and the fraction images was attempted 
by several approaches. The most accurate results were reached by defining the relation 
between variables considering the different levels of existing OBV, analyzing the 
behaviour of each OBV group defined independently. The groups were defined by 
percentiles of 25%, 50%, 75% and 99% (low, medium, high and very high OBV, 
respectively). 
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* There were good estimations when the volume not exceeded of 200 m3 ha-1 (very high 
volume) and the worst estimations were observed when the volume belonged to the very 
high OBV group. These results agree with findings of other researchers. 

* In spite of the good results obtained, this expression has practical limits as it does not 
allow the volume of a specific forest stand to be estimated unless certain knowledge of 
it is available.  This problem is minimized when the stand is stratified by identification 
on digital orthophotographs of different development levels. The application to the 
different strata of the model developed allowed an estimated volume map to be 
prepared.
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9. DISCUSSION 

The work performed in this doctoral thesis covered a range of satellite image 
techniques for forestry applications. Methods were developed in each chapter, which in 
turn contributed to the advance of scientific knowledge on the field. Remakably, 
estimation of aboveground biomass in Mediterranean forests by statistical modelling of 
ASTER fraction images, combining fraction images and object-based classification for 
fire severity and for forest cover changes by surface mining mapping, and wood volume 
estimation in conifer forests by Landsat TM fraction images. 

Regarding satellite fraction images on forest attributes, in our work, inclusion of 
fraction imagery from LSMA as independent variables improved the statistical 
modelling of aboveground biomass as function of ASTER data in Mediterranean 
ecosystems. GV fraction was strongly positively correlated with AGB (r=0.729) that 
indicated that this variable was a good candidate for AGB estimation (Lu et al., 2005). 
The suitability of GV fraction image to aboveground biomass estimation has been 
shown in different ecosystems, mainly boreal and tropical biomes (Lu et al., 2005; 
Poulain et al., 2012). Accuracy test levels were comparable to vegetation studies of 
other biomes (Muukkonnen and Hesikanen, 2005; Xie et al., 2009) and we reported 
better results than other studies carried out in boreal coniferous and mixed forests 
(Hyypä et al., 2000; Tomppo et al., 2002; Mäkelä and Pekkarinen, 2004). Studies 
relating satellite images with wood volume in Mediterranean areas are scarce, although 
they have been carried out on boreal and tropical forests. In this respect, our study 
offered the chance of learning about the behaviour of this relation in Mediterranean 
environments and the results obtained indicated that the relation between fraction 
images and stand volume confirmed both northern and tropical forests studies (Adams 
et al., 1995; Hall et al., 1995; García-Haro et al., 1996; Peddle et al., 1999; Peddle and 
Johnson, 2000) and this relation was also verified in Mediterranean environments. 
Further discussion and deeper insights can be found in Chapter I and Chapter IV. 

Concerning to fire severity studies, a few fire severity studies have been performed in 
the Mediterranean Basin (e.g. de Santis and Chuvieco, 2007; de Santis et al., 2009; 
Díaz-Delgado et al., 2003; Veraverbeke et al., 2010; Quintano et al., 2013). To our 
knowledge, few studies have been carried out combining SMA and OBIA for fire 
severity mapping (Quintano et al., 2006; Fernández-Manso et al., 2009) and fire scars 
estimation (Quintano and Shimabukuro, 2009). Lippitt et al. (2012) investigated the 
affect of several common remote sensing data transformation (SMA, principal 
components analysis (PCA), NDVI, and visible atmospherically resistant index 
(VARI)) on segmentation and final OBIA product accuracy. In our work, the 
incorporation of fraction image into the classification procedure increased the accuracy 
for both subpixel- and object-based approaches. The better results obtained by 
approaches that included OBIA into its process were mainly due to the ability of a 
context-based classification to reduce the speckle in the classification. Besides, 
combined-based approach performed better results at individual class level. It dealt 
satisfactory with the problem of classes confusion using the information contained into 
the fraction imagery to the object-based classification. In addition, high accuracy values 
per class reached in this combined-based approach indicated that confusion between 
problematic classes were minimized and it was helpful for improving separability 
between classes. Further discussion and deeper insights can be found in Chapter II. 



Spectral Mixture Analysis and Object-based Image Analysis for Forestry Applications 
 

 54 

In surface mining, our work showed that the remote sensing techniques applied were 
useful tools, capable of aiding in the process of monitoring forest cover changes caused 
by mining activities. Fernández-Manso et al. (2012) used these three same types of 
fraction images (obtained by LSMA) to examine three areas of coal extraction in the 
world: Spain, United States of America (USA), and Australia. Specifically, the authors 
found that mining affected areas (dark and light), vegetation (GV) and shade fraction 
images led to the most accurate estimate of forest areas affected by mining activities. 
Similarly, Adams and Gillespie (2006) found that the ability to discriminate 
components depends on the properties of each type of landscapes. There are some 
studies, however, that used fraction images derived from LSMA to identify mine 
affected areas. Richter et al. (2008) quantified the rehabilitation process in mine tailing 
areas and Shang et al. (2009) characterized mine tailings Lévesque and Staenz (2008) 
monitored mine tailings re-vegetation using multitemporal hyperspectral images. In 
their work, total vegetation fraction (high/low photosynthetic), total tailings fraction 
(fresh/oxidized), and texture of the vegetation fraction were used in a K-mean 
unsupervised classification, producing an Over All (OA) equal to 78.13% and a κ 
statistic of 0.74. We obtained a similar values, OA was estimated to be 84.91% and κ 
statistic was 72.05%. As remote sensing technology advances, its potential role in 
monitoring surface mining and reclamation will be enhanced. This study provides a 
basis upon which future research can build and it is an open research line with a great 
potential for extracting information from multispectral satellite imagery. Further 
discussion and deeper insights can be found in Chapter III. 
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CONCLUSIONS 

This doctoral thesis includes discussions on practical aspects of integrating image 
analysis techniques for forestry applications. The emphasis is mainly on using LSMA 
and/or OBIA when estimating, mapping, assessing and monitoring forest attributes and 
forest impacts. In Objectives we made four questions that we have answered in the four 
Chapters. 

 
How can the study of forest attributes such as AGB be estimated in a regional scale in a 
cost-effective way?. How much biomass is stored in a Mediterranean pine forest?. 
 

There is a potential for quantification of Mediterranean pine (P.pinaster Ait.) AGB at 
compartment level using fraction images from LSMA as independent variables in 
multiple linear regression models using ASTER satellite data. A combination of 
ASTER bands, red and short wave infrared (B2 and B8) and GV fraction image was the 
best predictor of AGB. A combination of these three image data yielded an R2

adj value 
of 0.632 and RMSE of 13.3 Mg ha−1 and RMSEr of 37.7% resulting from cross-
validation. GV fraction image from LSMA improved the predictive power of the 
models analyzed generated for estimating AGB (R2

adj= 0.574, RMSE of 20.32 Mg 
ha−1,when no fraction images were included).  

Fraction images (particularly GV) are useful for estimating AGB of Mediterranean pine 
in Central Spain. Additionally, the spatial distribution of estimated AGB may help in a 
practical way to guide forest managers’ decisions in future studies and in similar forest 
ecosystems by assisting them in monitoring and managing the forested area. Spatial 
distribution of AGB reached the estimated mean value of 42.4 Mg ha−1 (SD=11.9 Mg 
ha−1). 
 

How can be estimated fire severity in large forest fires in a cost-effective way?. What 
would be one of the most adequate ways to estimating fire severity in large 
Mediterranean fire scars using remote sensing techniques?. Are there any synergies 
combining LSMA and OBIA as main image analysis techniques?. 

 

Fire severity mapping is an important step by providing operational information for 
post-fire restoration.  

Fraction images generated by unmixing of a Landsat ETM+ post-fire image can be used 
as input in an object-based classification for mapping fire severity since it improves the 
result accuracy (due to its ability to produce fractions representative of subpixel 
components directly related to fire severity).  

Among the approaches tested, the accuracy of fire severity categories was better 
combining LSMA and OBIA. McNemar’s test was used to evaluate the statistical 
significance of the difference between the four methods tested. The difference in 
accuracy expressed in terms of proportions of correctly allocated pixels was statistically 
significant at the 0.1% level, which meant that the thematic mapping result using the 
combined approach (LSMA/OBIA) achieved a much higher accuracy than the rest of 
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approaches. This shows synergies between LSMA and OBIA and a great potential for 
estimating fire severity into fire scars. 
 

How can be monitored surface mining activities in large areas at low cost?. Which role 
does play remote sensing techniques for quantifying forest cover changes caused by 
mining activities?. Could this approach be considered for monitoring effective 
reclamation?. 
 

Combining LSMA and OBIA allows the elaboration of forest cover change maps in the 
current moment in one of the main mining regions of the European Union in the 
obtaining of non metallic minerals. 

The model works optimally for mining impacts largest than 5 ha. The tessellation and 
complexity of the land uses make that the smallest impacts are of difficult segregation. 
This apparent problem, in the practice, is resolved since the type of exploitation of more 
impact, surface mining, generally occupies large surfaces.  

The obtained maps have a great utility for the analysis of the regressive changes in the 
forest since these activities correspond to the main genesis of changes and it can be used 
for monitoring reclamation processes. 
 

How do remote sensing techniques estimate wood volume in conifer stands?. How do 
fraction images improve the results?. How much volume is stored in Scots pine forests 
in Mediterranean areas?. 

 

Quantifying the volume of a stand of Pinus sylvestris L. in Mediterranean environments 
it is possible using fraction images from LSMA of Landsat TM images in regression 
models. 

Using fraction images in regression models improve the results of predicting 
biophysical variables of different tree species since they are less sensitive to internal 
(such as canopy geometry, terrain factors, species composition) and external factors 
(sun elevation angle, zenith view angle, atmospheric conditions) that affect vegetation 
reflectance values. 

Digital volume maps from satellite images can be integrated as a new source of 
information in the information system of the regional forestry authority. This 
information can help to plan forestry activities in a rational way and they show the 
ranges of volume distribution into the study area. 
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CONCLUSIONES 

Esta tesis doctoral incluye discusiones de aspectos prácticos relacionados con la 
integración de técnicas de análisis de imágenes de satélite para aplicaciones forestales. 
Se hace énfasis principalmente en el uso del modelo de análisis de mezclas espectrales 
y/o análisis de imágenes basada en objetos en la estimación, cartografía, valoración y 
seguimiento de atributos e impactos forestales. En el apartado de Objetivos se hicieron 
cuatro preguntas que se han respondido durante el desarrollo de los cuatro capítulos 
(publicaciones). 

 

¿Cómo puede el estudio de atributos forestales, tales como la biomasa forestal aérea, ser 
estimados a escala regional de manera económicamente eficiente?. 

 
Existe un potential en la utilización de imágenes fracción obtenidas a partir del análisis 
de mezclas espectrales lineal de datos del sensor ASTER como variables independientes 
dentro de modelos de regresión lineal múltiple para la cuantificación de masas de pino 
negral (Pinus pinaster Ait.). El mejor predictor de la biomasa arbórea forestal fue una 
combinación de las bandas originales del sensor ASTER (B2, rojo y B8, infrarojo corto) 
y la imagen fración vegetación verde (GV). Una combinación de estas tres variables 
produjo como resultados un valor de R2

adj de 0,632 y un RMSE de 13,3 Mg ha−1 y 
RMSEr of 37,7% (a partir de crosvalidación).  

La imagen fracción vegetación verde (GV) mejoró el poder predictivo para la 
estimación de la biomasa arbórea forestal en relación con los modelos analizados que no 
incluyeron dicha variable (R2

adj= 0,574, RMSE de 20,32 Mg ha−1, mejor resultado sin 
utilizar imágenes fracción). Basándonos en los resultados alcanzados en el presente 
estudio, concluimos que las imágenes fracción (en particular GV) son útiles para la 
estimación de la biomasa arbórea forestal de masas forestales de pino negral en el 
centro de España. Adicionalmente, la distribución espacial de la biomasa arbórea 
forestal estimada puede ayudar de forma práctica en la toma de decisiones de los 
gestores forestales en futuros estudios dentro de similares ecosistemas en relación al 
seguimiento y la gestión de las zonas forestales arboladas. La distribución espacial de la 
biomasa arbórea forestal en la zona de estudio alcanzó un valor medio estimado de 42,4 
Mg ha−1 (SD=11,9 Mg ha−1). 

 

¿Cómo puede ser estimada la severidad en grandes incendios forestales con un coste 
eficiente?. ¿Cuál sería una de las más adecuadas maneras de estimar la severidad de 
incendios forestales en el entorno Mediterráneo dentro de los perímetros del incendio 
usando técnicas de teledetección?. ¿Existe alguna sinergia entre el modelo de análisis de 
mezclas espectrales y/o análisis de imágenes basada en objetos en la estimación de 
severidad de incendios forestales?. 

 

La cartografía de severidad de incendios forestales es de vital importancia ya que aporta 
información operacional después del incendio para la rehabilitación de la zona afectada. 
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Las imágenes fracción generadas por descomposición espectral de imágenes Landsat 
ETM+ (obtenidas de fechas posteriores al incendio forestal), pueden ser empleadas 
como variables de análisis dentro de clasificaciones basadas en objetos para la 
generación de cartografía de severidad de incendios forestales, ya que mejora la 
precisión de los resultados (debido a la posibilidad de obtener fracciones representativas 
de los componentes dentro de un pixel relacionadas directamente con la severidad de 
incendios forestales). 

De entre los enfoques testados, el método que combina el análisis de mezclas 
espectrales lineal y análisis de imágenes basado en objetos es el que genera la 
cartografía de severidad de incendios más precisa (McNemar test) y las categorías de 
severidad de incendios forestales (alta, media y baja) más precisas. Esto indica sinergias 
entre ambos métodos y, con gran potencial para la estimación de niveles de severidad en 
áreas quemadas. 

 

¿Cómo puede ser controladas las actividades de minería a cielo abierto en grandes áreas 
con un bajo coste económico?. ¿Qué papel juegan las técnicas de teledetección en la 
cuantificación de cambios en la cobertura forestal causada por actividades mineras?. 
¿Podría ser considerado este enfoque en el control efectivo de las tareas de 
recuperación?. 

 

La combinación de análisis de mezclas espectrales lineal y análisis de imágenes basado 
en objetos permite elaborar cartografía de cambios de cobertura forestal en una de las 
principales regiones mineras de la Unión Europea en la explotación de minerales no 
metálicos. 

Este modelo funciona, de una forma óptima, en impactos producidos por minería con un 
tamaño superior a 5 ha. La segragación de impactos más pequeños es muy dificil debido 
a la complejidad y teselación de los usos del suelo del área de estudio. Este aparente 
problema, en la práctica, puede ser resuelto ya que minería a cielo abierto, que es el tipo 
de explotación con mayor impacto, generalmente ocupa grandes superficies. 

Este tipo de mapas son de gran utilidad para el análisis de cambios regresivos de masas 
forestales ya que estas actividades corresponden con la principal génesis de los cambios 
y pueden se utilizados para el seguimiento de procesos de rehabilitación. 

 

¿Cómo estiman el volumen maderable de masas forestales las técnicas de 
teledetección?. ¿Cómo mejoran los resultados el empleo de imágenes fracción?. 
¿Cuánto volumen maderable es almacenado en masas forestales de pino silvestre en 
áreas mediterráneas?. 

 

La cuantificación del volumen de masas forestales de pino silvestre en entornos 
mediterráneso es posible utilizando imágenes fracción, obtenidas por el análisis de 
mezclas espectrales lineal de imágenes de satélite Landsat TM, en modelos de 
regresión. 
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La utilización de imágenes fracción dentro de los modelos mejora la predicción de 
variables biofísicas de especies forestales ya que son menos sensibles a factores internos 
(geometría de la cubierta, factores del terreno, composición de especies) y externos 
(ángulo de elevación del Sol, ángulo de visión cenital, condiciones atmosféricas) que 
afectan a los valores de reflectancia de la vegetación. 

Es posible integrar mapas digitales de volumen obtenidos de imágenes de satélite como 
nueva fuente de información en los sistemas de información de la administración 
forestal regional. Este tipo de información puede ayudar en la planificación de 
actividades forestales de una forma más racional y muestra los rangos de distribución 
del volumen dentro del área de estudio (0,55->150 m3 ha−1). 
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Resumen 

 

Estimación de biomasa aérea en bosques mediterráneos mediante modelización 
estadística de imágenes fracción extraídas del sensor ASTER 

 

 

La estimación de biomasa aérea forestal a través de imágenes ópticas de satélite está 
basada normalmente en modelos de regresión utilizando las bandas originales de satélite 
o bandas sintéticas. En este trabajo se propone la utilización de las imágenes fracción 
obtenidas a partir de un análisis lineal de mezclas espectrales con el fin de mejorar la 
pobre relación que existe entre la biomasa aérea forestal y las bandas espectrales de 
sensores de resolución espacial media. Este estudio se localiza en el centro de España, 
dentro de un pinar de pino negral (Pinus pinaster Ait.) ordenado. Un total de 1033 
parcelas de muestreo circulares fueron empleadas para la estimación de la biomasa 
aérea forestal a partir de datos del sensor ASTER. Para identificar las variables 
predictoras más adecuadas del conjunto de variables (bandas originales, imágenes 
fracción, índice de vegetación diferencial normalizado (NDVI) y componentes de la 
transformación Tasselled Cap) se utilizaron el coeficiente de correlación de Pearson y el 
método de regresión lineal múltiple paso a paso. Fueron analizados cuatro modelos 
lineales y un modelo no lineal. El modelo que mejor predijo la biomasa aérea forestal 
(R2

adj= 0,632, el RMSE de la biomasa aérea forestal estimada fue 13,3 Mg ha-1 (o 
37,7%), como resultado de crosvalidación) fue el que utilizó como variables predictoras 
las bandas 2 (roja, 0,630-0,690 µm) y 8 (infrarrojo medio o de onda corta 5, 2,295-
2,365 µm) del sensor ASTER y la imagen fracción vegetación (obtenida a partir del 
modelo de mezclas espectrales lineal). Los resultados indicaron que el empleo de 
imágenes fracción del sensor ASTER dentro de modelos de regresión mejora la 
estimación de la biomasa aérea forestal de pinares de pino negral. La distribución 
espacial de la biomasa aérea forestal obtenida a partir de modelos lineales de regresión 
multiple pueden ser usados como información de base por los gestores forestales en 
futuros estudios, tales como la cuantificación del balance de carbono a nivel regional, 
acumulación de combustible forestal o el seguimiento de prácticas de gestión forestal. 
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a  b  s  t  r  a  c  t

Aboveground  biomass  (AGB)  estimation  from  optical  satellite  data  is  usually  based  on regression  mod-
els  of original  or  synthetic  bands.  To  overcome  the  poor  relation  between  AGB and  spectral  bands  due
to mixed-pixels  when  a  medium  spatial  resolution  sensor  is  considered,  we  propose  to  base the  AGB
estimation  on  fraction  images  from  Linear  Spectral  Mixture  Analysis  (LSMA).  Our  study  area  is a  man-
aged  Mediterranean  pine  woodland  (Pinus  pinaster  Ait.)  in central  Spain.  A  total  of  1033  circular  field
plots  were  used  to estimate  AGB  from  Advanced  Spaceborne  Thermal  Emission  and  Reflection  Radiome-
ter  (ASTER)  optical  data. We  applied  Pearson  correlation  statistics  and  stepwise  multiple  regression  to
identify  suitable  predictors  from  the  set of  variables  of  original  bands,  fraction  imagery,  Normalized  Dif-
ference  Vegetation  Index  and Tasselled  Cap  components.  Four  linear  models  and  one nonlinear  model
were  tested.  A linear  combination  of ASTER  band  2 (red,  0.630–0.690  �m), band  8  (short  wave infrared  5,
2.295–2.365  �m)  and  green  vegetation  fraction  (from  LSMA)  was  the  best  AGB  predictor  (R2

adj =  0.632,  the

root-mean-squared  error of  estimated  AGB  was 13.3  Mg  ha−1 (or  37.7%),  resulting  from  cross-validation),

rather  than  other  combinations  of  the  above  cited  independent  variables.  Results  indicated  that  using
ASTER  fraction  images  in  regression  models  improves  the  AGB  estimation  in Mediterranean  pine forests.
The spatial  distribution  of the  estimated  AGB,  based  on a multiple  linear  regression  model,  may  be  used
as baseline  information  for forest  managers  in future  studies,  such  as  quantifying  the  regional  carbon
budget,  fuel accumulation  or monitoring  of  management  practices.
. Introduction

Information about aboveground biomass (AGB) has in recent
ears become a goal for inclusion in forest management, given the
ncreasing interest of industrial, energy and environmental sectors.
he potential of forests as a biomass source for yielding clean energy
nd as carbon sinks makes it a frequent issue in regional and county
evel studies (Zheng et al., 2004; Gallaun et al., 2010). Accurate esti-

ation of biomass is fundamental for assessing the role of forests
n the global carbon cycle, particularly when defining their contri-
ution towards sequestering carbon (Popescu, 2007; Zolkos et al.,

013).

Forest inventory data often provide the base data required
o enable large area mapping of biomass over a range of scales,

∗ Corresponding author at: Civil Protection Agency, Castilla y León Government,
alladolid, Spain. Tel.: +34 983 216418; fax: +34 983 410092.

E-mail address: out-fermanos@jcyl.es (O. Fernández-Manso).

ttp://dx.doi.org/10.1016/j.jag.2014.03.005
303-2434/© 2014 Elsevier B.V. All rights reserved.
© 2014  Elsevier  B.V.  All  rights  reserved.

whereby measurements of tree size and stand structure, along with
statistical models, are used in estimating tree and stand biomass
(Fazakas et al., 1999). According to the International Panel on Cli-
mate Change Good Practice Guidance (IPCC CPG, 2003), remote
sensing techniques are useful for verifying Land Use and Land cover
(LULC) and LULC changes, carbon estimation and, especially, for-
est AGB in the Kyoto protocol context. Specifically, remote sensing
has been considered a relatively fast, reliable and cost-effective
approach in forest inventory and mapping by means of the correla-
tion of parameters such as tree density, basal area, volume, biomass,
and so forth, with the reflectance values recorded in satellite images
(Kwak et al., 2007; Blackard et al., 2008).

AGB is usually estimated from remote sensed data via a direct
relationship between the spectral response (original or trans-
formed sensor bands) and AGB. In this sense, the Normalized

Difference Vegetation Index (NDVI) is the most commonly used
vegetation index (e.g. Zheng et al., 2004; Soenen et al., 2010; Ji et al.,
2012; Poulain et al., 2012). Linear transformation of multiple bands,
such as Tasselled Cap (TC) transform, has been also utilized as

dx.doi.org/10.1016/j.jag.2014.03.005
http://www.sciencedirect.com/science/journal/03032434
http://www.elsevier.com/locate/jag
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ariable in regression models for estimating forest parameters (e.g.
hua and Saito, 2003; Lu et al., 2004; Hall et al., 2006). Some authors
ave focused on multiple regression analysis techniques (e.g. Dong
t al., 2003; Ji et al., 2012; Ghasemi et al., 2013); some, on non-
arametric k-nearest neighbour techniques (k-NN) (e.g. Labrecque
t al., 2006; Fuchs et al., 2009) or on artificial neural networks (ANN)
e.g. Foody et al., 2001). Other works used indirect relationships
hereby attributes estimated from canopy parameters, such as

rown diameter, are first derived from remotely sensed data using
ultiple regression analysis of different canopy reflectance models

e.g. Phua and Saito, 2003; Soenen et al., 2010). Previous literature,
owever, has indicated that multiple regression analysis may  be
he most common approach for development of AGB estimation

odels, especially when medium spatial resolution data are used
Lu, 2006).

Remote sensing studies (e.g. Elmore et al., 2000; Ji et al., 2012;
ian et al., 2012; Gao et al., 2013; Main-Knorn et al., 2013; Barbosa
t al., 2014;) have estimated AGB using both active and passive sen-
ors in a broad range of scales (global, regional and local), although
ptical satellite data (particularly data from Landsat sensors) is
ften used. The limitation in spatial, spectral and radiometric reso-
ution inherent in the optical remotely sensed data is an important
actor affecting the AGB estimation performance (Lu, 2006). A prob-
em typically observed in forests when using a coarse or medium
esolution sensor like Landsat ETM+ (30-m spatial resolution) is
he ‘mixed pixel’ condition (Asner, 1998). The combined reflectance
bserved is not only due to the amount of vegetation present, but
lso to other factors such as soil or shadow (Davidson and Csillag,
001). The relation between AGB and vegetation indices or spectral
ands may  be poor because of this effect.

Spectral mixture analysis (SMA) is a frequently used subpixel-
ethod to reduce the mixed-pixel problem (e.g. Lewis et al., 2012;

uusinena et al., 2013). It unmixes a multispectral image into frac-
ion images that represent the areal proportion of each endmember
e.g. vegetation abundance, soil and other spectrally distinct mate-
ials that basically contribute to the spectral signal of mixed pixels)
n a pixel (Lu, 2006; Quintano et al., 2012). In remote sensing
ata applications, SMA  has been used extensively in past stud-

es for determining urban vegetation abundance (e.g. Demarchi
t al., 2012; Michishita et al., 2012; Deng and Wu,  2013), estimat-
ng biophysical parameters such as leaf area index, biomass and
et primary productivity (e.g. Zheng et al., 2004; Wang and Qi,
008; Huang et al., 2009), mapping burned areas (Quintano et al.,
006, 2013; Fernández-Manso et al., 2009) or mapping surface coal
ffected areas (Fernández-Manso et al., 2012). Regarding AGB, pre-
ious studies (e.g. Peddle et al., 2001; Soenen et al., 2010; Morel
t al., 2012) showed the superiority of fraction images derived from
MA  compared to original bands or vegetation indices to estimate
iomass from medium spatial resolution imagery.

Most AGB studies have been carried out in uniform boreal
orests of coniferous plantations (Häme et al., 1997; Muukkonen
nd Heiskanen, 2005) and temperate and tropical forests (Phua
nd Saito, 2003; Cutler et al., 2012). There is a lack of experience
or estimating AGB in Mediterranean environments (Salvador and
ons, 1998). However, the study of Sevillano-Marco et al. (2013)
an be mentioned. They estimated AGB from the Chinese-Brazilian
arth Resources Satellite (CBERS) and Advanced Spaceborne Ther-
al  Emission and Reflection Radiometer (ASTER) data in Pinus

adiata D. Don in Spain.
In this sense, our study is innovative. It estimates AGB in

editerranean ecosystems where Mallinis et al., 2004 found that
andsat TM spatial resolution did not seem to be adequate, given

he patchy and fragmented spatial pattern of forest resources. To
vercome such limitations, we use ASTER data whose three first
ands (VNIR) have a higher spatial resolution than Landsat data
15 m vs. 30 m)  and let us artificially extend such spatial resolution
arth Observation and Geoinformation 31 (2014) 45–56

to the rest of short wave infrared (SWIR) bands by means of a spec-
tral sharpening algorithm (Welch and Ahlers, 1987). In addition,
to minimize the mixed-pixel problem (which still occurs at 15 m
spatial resolution), we  propose to use fraction images from LSMA
to improve the AGB estimation. The study will determine which
ASTER spectral band, fraction imagery, NDVI and/or TC component
show a good statistical relation with AGB. Multiple regression anal-
ysis will help us to develop AGB estimation models. The spatial
distribution of the estimated AGB from spectral data may  help for-
est managers and the not, as yet, established biomass market that
could be an alternative to the decline being suffered by traditional
productive uses (timber and resin tapping).

2. Materials and methods

2.1. Study area

The study site is located in the area known as ‘Tierra de Pinares
Segoviana’, in the Southeast of Castilla y León, province of Segovia
(Fig. 1). It lies on sandy materials composed mainly of quartz grains
over Miocenic materials. The terrain is a peneplain with low relief
and a general, gentle slope from the southeast to northeast with a
range of elevations 750–900 m above sea level. Mediterranean pine
(Pinus pinaster Ait.) is the only vegetation type in our study area,
that is the centre of a surface of approximately 20 000 ha of a mono-
specific pine forest. Currently, floristic composition and vegetation
structure is a consequence of an anthropic management of over a
hundred years.

Specifically, the study area corresponds to a public forest in
the province of Segovia, 6850 ha in extent. The forest performs an
important role against erosion and, no less important, in mitigat-
ing climate change. In recent years, it has gained importance for the
use of biomass from both shelterwood cuttings and waste produced
from silvicultural treatments. It has been managed by a Forest Man-
agement Plan since 1912 with the main goals of yielding resin
and timber, generating the landscape, biodiversity and recreational
areas. The forest was  delineated to management compartments
(photointerpretation and field work) by the Regional Forest Board.
The forest compartment is the smallest unit for which decision-
supporting information is collected and stored and it consists of a
homogeneous forest in terms of tree species and age classes. Com-
partment size was  in the range of 13.3–61.8 ha (mean = 33.2 ha,
standard deviation = 10.6 ha). The borderlines of the compartments
can be seen in Fig. 1.

2.2. Materials

Field data was acquired from an intensively sampled local test
area with 1 033 circular sample plots (r = 16 m),  which were allo-
cated in a 200 m-quadratic grid. A field survey was  conducted
between May  and July, 2001. Field measurements included the
diameter at breast height (DBH) of each tree with a DBH over 10 cm,
which was  measured to the nearest 0.1 cm with digital callipers.
Total height was  measured to the nearest 0.1 m with a digital hyp-
someter (Vertex III) in two  trees of each plot (closest trees to the
plot centre oriented to the north and south).

We used an ASTER level L1B image (radiometric calibrated and
co-registered data on all image channels), recorded on 6 June 2001
to estimate the AGB.

2.3. Methods
Fig. 2 shows the steps followed to estimate AGB  from ASTER
optical data. First, we calculated the AGB within each plot from
the DBH measured in the field. Second, the ASTER data was  pre-
processed and then NDVI and TC components were calculated.
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Fig. 1. Stud

hird, LSMA was applied to the ASTER pre-processed data and three
raction images were obtained: green vegetation, soil and shade.

ourth, we created a work database integrating both AGB measured
n the field and satellite data (original bands and fraction images).
inally, statistical analysis of the work database searched for the
egression model that best fitted the data.

Fig. 2. Methodolog
a location.

2.3.1. Aboveground biomass calculation from field data
Calculation of the biomass of individual trees is commonly based
on species, DBH and, in some cases, height as the main information
sources (Parresol, 1999). In our study, forest AGB was calculated
from the allometric equation established for Mediterranean pine
based on destructive techniques by Montero et al. (2005): see Eqs.

y flowchart.
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1) and (2) where W is the aboveground biomass (Mg) of individ-
al trees, a, b are the regression parameters, DBH is the diameter
t breast height (cm), SEE is the standard error of estimation and
F is the correction factor which allowed us to calculate W in all
lots retained for the analysis. Unbiased estimates were obtained
y multiplying the predicted values by CF expressed in Eq. (2).

 = [expaDBHb]CF (1)

F = exp(SEE2/2) (2)

 was then summed for each plot and divided by the plot area to
ive total biomass (Mg) and total aboveground biomass (Mg  ha−1)
ithin the plot (Aldred and Alemdag, 1988).

.3.2. Preprocessing of optical remote sensing data
Although the study area presents features such as confined

laces, a flat nature and an excellent atmospheric visibility of about
50 km at the time of image acquisition, an atmospheric radia-
ion transfer model was used to produce an estimate of the true
urface reflectance (Lu, 2006). To accurately compensate for atmo-
pheric effects, the atmospheric correction model applied was  the
ODTRAN-based Fast line-of-sight Atmospheric Analysis of Spec-

ral Hypercubes (FLAASH) (Matthew et al., 2000). Thermal infrared
ata were not used. The units of the output image were proportional
o the apparent surface reflectances. Bands 5 and 9 were corrected
rom the crosstalk phenomenon (Iwasaki and Tonooka, 2005). The
atellite image dataset were rectified to the local and accurate spa-
ial reference system (EPSG: 25830) using a set of 21 ground control
oints (GCPs). A first-order polynomial warp function was applied
nd a nearest-neighbour resampling protocol was used. The total
oot mean square error (RMSE) for the transformation was 0.26. As
ur study area is flat, it was not necessary to compensate the image
or different solar illuminations due to the irregular shape of the
errain by a topographic normalization.

Finally, the six short wave infrared (SWIR) bands (30 m spatial
esolution) of the ASTER image were resampled to 15 m spatial res-
lution of the three visible-near infrared (VNIR) bands by a principal
omponents (PC) based spectral sharpening algorithm (PC Spec-
ral Sharpening) (Welch and Ahlers, 1987). A nearest neighbour
esampling method was used to preserve the original values of the
ixels.

NDVI was derived from ASTER band 3 (near-infrared, NIR)
nd ASTER band 2 (red). To compute TC components, we used
he approximation of the TC transform for ASTER based on
ramm–Schmidt method elaborated by Wang and Sun (2005).
lthough coefficients are available for nine transformation com-
onents, we focused in the first three Kauth–Thomas components
brightness, greenness, and wetness) since they typically explain
7–99% of the variability in the data.

.3.3. Spectral mixture analysis
A  linear spectral mixture model was used which is based on

he assumption that the image spectra are formed by a linear com-
ination of n pure spectra, called endmembers. Eq. (3) describes
athematically the spectral unmixing process.

b =
n∑

i=1

fi�i,b + εb (3)

here for each pixel, �b is the reflectance in band b, �i,b is the
eflectance for endmember i, in band b, fi the fraction of endmem-
er i, and εb is the residual error for band b (see Keshava, 2003;

laza et al., 2011; Quintano et al., 2012; for more detail).

Endmember selection is a key step in LSMA. It determines how
ccurately the mixture model can represent the spectra. The defi-
ition of appropriate spectral endmembers may  be done either by
arth Observation and Geoinformation 31 (2014) 45–56

using reference endmembers from spectral libraries or from the
image itself (image endmembers) (Keshava, 2003). As appropriate
reference endmembers were not available for the study site, we
used image endmembers. For most LSMA applications, image end-
members are utilized because they can be easily obtained and can
represent spectra measured at the same scale as the image data
(Roberts et al., 1998).

Before extracting endmembers, we applied a Minimum Noise
Fraction (MNF) transformation to the original bands to determine
the inherent dimensionality of image data (ASTER preprocessed-
image), to segregate noise in the data and to reduce the
computational requirements for subsequent processing (Boardman
and Kruse, 1994). This transformation when applied with the same
rotation statistics to the image and endmember set would reduce
multi-collinearity (Van der Meer and Jia, 2012). Collinearity and
multi-collinearity (that occur when endmembers are highly corre-
lated) have an adverse effect (instability) on the inversion process
that solves the linear system of equations of unknown fractions
(Van der Meer and De Jong, 2000; Chen et al., 2010).

The new MNF  transformed bands were then analyzed to find the
most ‘spectrally pure’ pixels or extreme pixels in the image using a
Pixel Purity Index (PPI) algorithm (Boardman et al., 1995). The PPI
is calculated by repeatedly projecting n-dimensional scatter plots
onto a random unit vector. Pixels which are marked as extreme
in each projection are recorded and the sum of the times a pixel
is marked extreme is recorded as well. Once this step has been
completed, a PPI image is created where pixel values correspond
to the number of times a pixel was recorded as extreme (Mustard
and Sunshine, 1999).

Although likely PPI will return a set of n pure endmembers best
characterizing the spectral variation in the image, the endmembers
may  not necessary represent materials of interest to the user (Van
der Meer and Jia, 2012). In our study, clusters of extreme pixels in
the image were selected by means of n-D visualizer (scatter plot of
points representing spectra where n is the number of bands) using
ground-based local knowledge. Three endmembers were selected
to characterize the variance in the imagery: GV, soil and shade
(defined using pixels representing a river). As previous studies (e.g.
Goodwin et al., 2005; Fernández-Manso et al., 2009), the definitive
endmembers were determined by means of an iterative process
that involved examining the spatial mapping of the endmembers
and comparing with local knowledge. Specifically, after the purer
pixels were identified in the n-dimensional scatter plot, an inverse-
MNF  transform was  applied to obtain the endmembers spectra, and
their spectral response was visually verified using local knowledge.
GV signature was  defined using pine pixels. As pine is the only
vegetation type in our study area, we did not try adding different
vegetation endmembers to the analyses. Shade was  defined using
the reflectance values of water body (river) pixels as some studies
suggested (e.g. Weng and Lu, 2008; Zanotta et al., 2012).

Once the endmembers were selected, the image fractions were
computed, based on a model with a low RMSE average using a
least-squares solution (Shimabukuro and Smith, 1991) as a method
for solving the linear mixture model due to its simplicity and ease
of implementation. RMSE was used to assess the fit of the model
(Roberts et al., 1998) as shown in Eq. (4), where m is the number
of bands. A partially constrained least-square solution was used to
unmix the mixture model (only the sum-to-unity constraint was
included in the linear mixing algorithm).

RMSE =
√∑m

b=1
ε2

b
/m (4)
2.3.4. Work database building
Before integrating the information from field and satellite data,

the 1033 field plots were grouped into compartments. The reason
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Table  1
Tested regression models.

Model # Model equation # Independent variables References

1 y = a expbx 1 Heiskanen (2006)

2 y = a + bx 1 Freitas et al. (2005) and Heiskanen (2006)

3 y = a + bx + cx2 1 Labrecque et al. (2006)

4 y = a + bx1 + cx2 2 Freitas et al. (2005) and Labrecque et al. (2006)

5 y = a + bx1 + cx2 + dx3 3 Labrecque et al. (2006)
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, b, c, d: regression coefficients; x, xi i = 1, 2, 3: independent variables (ASTER spectral
AGB).  n = 162.

or working at compartment level is two-fold. First, forest manage-
ent planning in Spanish forests is usually based on information

ollected by forest compartments and they constitute the primary
apping and description unit used for forestry planning. Second,

 compartment-level approach has been reported to improve the
stimation accuracies (Poso et al., 1999; Koivuniemi and Korhonen,
006; Mozgeris, 2008).

Thus, a work database with information at compartment-level
as developed combining the AGB information obtained from field
easurements with satellite data. From the W obtained by apply-

ng Eqs. (1) and (2) (see Section 2.3.1), we calculated AGB (Mg  ha−1)
t compartment level by summing all AGB (plot-level) in each com-
artment and dividing by the number of plots in each compartment.
ummarized AGB data corresponding to the compartments used
or model development (n = 162) are: mean value is 35.3 Mg  ha−1;

inimum value is 3.6 Mg  ha−1; maximum value is 88.3 Mg  ha−1

nd standard deviation (SD) is 21.1 Mg  ha−1. A total of 162 forest
ompartments were used to estimate AGB in a research area of
850 ha.

Accuracy of the compartment reference data is determined by
he errors in compartment level data and biomass allometric con-
ersion factors (Muukkonen and Heiskanen, 2005, 2007). In our
ase, the standard error of the reference data at compartment level
as 18%, lower that the 30% defined as maximum by the Spanish

orest Law and the Regional Forest Law (JCyL, 1999).
With regard to the satellite information, the mean values of orig-

nal ASTER bands (VNIR and SWIR) and of fraction images were
xtracted for each forest compartment. The pixels located on the
orders of the compartments are mixed pixels since they have
eceived responses from two or several compartments. To avoid
his, we used only those pixels located in the core areas of the
orest compartments (Kilpeläinen and Tokola, 1999; Mäkelä and
ekkarinen, 2004). This resulted in a wide area on the border of
he forest compartment which was left unused to compensate for
he rectification errors in the remote sensing data and forest field
urvey dataset.

.3.5. Statistical modelling for AGB estimation
The work database was tested for spatial autocorrelation using

oran’s I test before applying non-spatial statistical analysis. This
est evaluates whether the pattern expressed is clustered, dispersed
r random by calculating the Z-score and p-value which is based
n the randomization null hypothesis computation and indicates
hether the null hypothesis can be rejected (Tiefelsdorf and Boots,

995).
Estimation of forest AGB at compartment level was  carried out

sing statistical modelling. Regression analysis has been success-
ully employed in the estimation of forest attributes using remote
ensing data (Ardö, 1992; Häme et al., 1997; Hyyppä et al., 2000;

uukkonen and Heiskanen, 2005; Ghasemi et al., 2013). Predic-

ive linear and nonlinear regression models successfully used in
ther similar studies (see Table 1) where tested for estimation trials,
uantifying the relationships between AGB (dependent variable)
s, fraction images, NDVI or Tasselled Cap components); and y: dependent variable

and ASTER spectral bands, fraction imagery, NDVI and TC compo-
nents (independent variables). Specifically, we utilized a nonlinear
model (Table 1, model #1) as recommended by Heiskanen (2006),
and four linear polynomial models (Table 1; models #2–#5): model
#2, first order, one independent variable, as proposed by Freitas
et al. (2005) and Heiskanen (2006); model #3, a second order,
one independent variable, proposed by Labrecque et al. (2006);
model #4, first order, two independent variables, recommended
by Freitas et al. (2005) and Labrecque et al. (2006); and model #5,
first order, three independent variables, as suggested by Labrecque
et al. (2006). Models #1–#3 have just one independent variable,
whereas models #4 and #5 have 2 and 3 independent variables,
respectively.

Pearson’s correlation coefficient (r) was used to analyze rela-
tionships between AGB and image data, including ASTER spectral
bands, fraction data, NDVI and TC components. Because the cor-
relation coefficient measures the strength of linear relationships
between two  variables (Runyon et al., 2000), analysis of correlation
coefficients provides a way of finding potential variables for devel-
oping AGB estimation models. Selection of suitable variables is a
critical step for developing an AGB estimation model. If the vari-
ables are weakly related to AGB, incorporation of such variables
may  reduce the AGB estimation performance (Lu, 2006). In our
study, a stepwise multiple regression technique was used to iden-
tify the suitable variables and to assess their individual significance
to develop AGB estimation models in Mediterranean pine forests on
sandy soils (independent variable probability of �-to-enter = 0.05,
independent variable probability of �-to-remove = 0.05).

2.3.6. Evaluation of regression models
Evaluation of tested regression models (Table 1) was  based on

the adjusted coefficient of determination (R2
adj), a statistical mea-

sure that is independent of the number of explanatory variables
and sample size, and on a visual analysis of residuals. The incre-
ment in the number of independent variables will always increase
the coefficient of determination (R2), while the R2

adj may  decrease
if the additional variables present low explanatory power and/or if
the degrees of freedom become too small (Hair et al., 1998).

Model performance was assessed based on the agreements
between modelled and observed values. The agreements were
quantified using RMSE (Eq. (5)) and RMSEr (relative-RMSE, Eq. (6))
as indicators (Mäkelä and Pekkarinen, 2004). RMSE indicates the
accuracy of our models and RMSEr let us compare the accuracy of
our results with other biomass estimation studies. In general, a high
R2 or a low RMSE value often indicates a good fit between the model
developed and the sample data (Lu, 2006).

RMSE =
√∑n

(y − y )2/n (5)

i=1

i i,est

RMSEr = RMSE
ymean

100 (6)



50 O. Fernández-Manso et al. / International Journal of Applied Earth Observation and Geoinformation 31 (2014) 45–56

F  imag
e

w
o
o

s
s
k
d
(
t
v
r
e
d
w
r
w
e
c
r

3

t
h
m
T
G
s
t

ig. 3. ASTER fraction images from linear spectral mixture analysis. (a) Soil fraction
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here yi,est is the estimated value for AGB, yi is the observed values
f AGB, ymean is the mean of the observed values and n is the number
f observations.

The work database was not split into a training and evaluation
ubset. Rather, the accuracy of the AGB estimates at compartment
cale was evaluated directly from the training dataset by what is
nown as cross-validation or ‘leave-one-out method’. This vali-
ation strategy was followed by other authors such as Köhl et al.
2006) and Van der Heijden et al. (2007). As the name suggests,
he leave-one-out cross-validation involves using a single obser-
ation from the original sample as the validation data, and the
emaining observations as the training data. This is repeated so that
ach AGB observation in the work database is used once as the vali-
ation data. Specifically, in our study, of the 162 compartments, 161
ere used as training data to test a regression model and one was

etained as validation data. This process was repeated 162 times,
ith each of the 162 AGB observations at compartment level used

xactly once as the validation data. This method is a mathemati-
ally sound approach to error estimation and gives a realistic and
eliable picture of the true error.

. Results

The original ASTER image contains statistical noise and impor-
ant spectral feature information. The MNF  transform has been
elpful for isolating noise from the image and selecting a few
eaningful MNF  components based on the screen plot approach.
he fraction images showed differentiation in abundances between
V, shade and exposed soil. Shade was well predicted over the
cene and high shade fractional values were most evident along
he river and well distributed throughout the forest stands. The soil
e, (b) vegetation fraction image, (c) shade fraction image, and (d) root mean square

fractional endmember showed localized areas of high soil abun-
dance, particularly in the continental sand-dune areas. GV
endmember was extracted from a canopy of pine stands. The three
computed fraction images (shade, soil and GV) together with the
RMSE image are shown in Fig. 3.

Moran’s I test, used to check whether our work database had any
spatial autocorrelation, evidenced that feature values are randomly
distributed across the study area. The Z-score was −2.15, p-value
was 0.05, showing statistical significance and Moran’s I index was
−0.53, indicating a tendency towards dispersion.

Table 2 provides the Pearson correlation coefficients between
AGB and ASTER spectral bands, fraction imagery, NDVI and TC com-
ponents. GV fraction is strongly positively correlated with AGB
(0.729), but shade fraction is weakly negatively correlated (−0.033).
The GV relationship with AGB is slightly stronger than the relation-
ship between ASTER original bands and AGB (the highest coefficient
between AGB and band B6 (SWIR3) is −0.655), or with NDVI or TC
wetness component that are 0.612 and −0.593, respectively. The GV
fraction image also has a stronger relationship with AGB  than shade
or soil fraction images. The SWIR spectral range (B4–B9) showed
higher correlations with AGB than the NIR (B3) band but similar
to the visible spectral range (B1–B2). The correlations with band 2
(red) and band 6 (SWIR3) are the strongest.

To test the five models showed in Table 1, firstly, we  used
only a type of independent variable: ASTER spectral bands, fraction
images, NDVI or TC components. Thus, Table 3 displays the param-
eters of the regression models that had the highest R2

adj, grouped

by each type independent variable. From Table 3, we observed the
same trend in the four cases considered. When we used ASTER spec-
tral bands as only independent variables, R2

adj value was increasing
from model #1 (one variable, exponential) (0.425) to model #5
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Table  2
Pearson correlation coefficient between ASTER data (spectral bands, fraction images, NDVI and Tasselled Cap components) and aboveground biomass.

ASTER spectral bands (B1–B9)

B1 B2 B3 B4 B5 B6 B7 B8 B9

−0.613 −0.659 −0.296 −0.597 −0.599 −0.655 −0.612 −0.619 −0.569

Fraction images, NDVI and Tasselled Cap components

SH SO GV NDVI TC-B TC-G TC-W

−0.033 −0.429 0.729 0.612 −0.591 −0.563 −0.593

AGB: aboveground biomass; Bi: band i of ASTER bands (B1–B3 corresponds to visible-nearinfrared and B4–B9 to short wave infrared); SH: shade fraction; SO: soil fraction;
GV:  green vegetation fraction; NDVI: Normalized Difference Vegetation Index; TC-B: Tasselled Cap Brightness; TC-G: Tasselled Cap Greenness; TC-W: Tasselled Cap Wetness.
Correlation is significant at the 0.01 level. n = 162.

Table 3
Comparison of regression models that better performed using ASTER spectral bands, fraction images, NDVI and Tasselled Cap components.

Model # Variables a b c d R2 R2
adj

RMSE RMSExval

Independent variables: only spectral bands
1  B2 6905 −0.088 – – 0.429 0.425 18.34 20.32
2  B2 185.84 −2.4 – – 0.435 0.430 15.44 17.52
3  B2 555 −14 0.09 – 0.475 0.468 14.60 16.11
4  B2/B3 −23.9 −4.3 4.68 – 0.564 0.557 13.71 15.35
5  B1/B2/B8 −108.71 14.46 −8.95 −8.45 0.581 0.574 13.82 14.42

Independent variables: only fraction images
1  GV 8.8 10.89 – – 0.499 0.495 15.6 17.30
2  GV 3.28 304.74 – – 0.532 0.529 14.5 16.50
3  GV 5.22 258.4 216.1 – 0.533 0.526 14.57 16.10
4  GV/SO 15.21 276.62 −32.33 – 0.583 0.577 16.68 18.37
5  GV/SH/SO 142.86 75.15 −101.64 −183.87 0.587 0.578 13.71 14.17

Independent variables: only NDVI
1  NDVI 0.33 16.2 – – 0.482 0.477 16.42 18.23
2  NDVI −87.32 449.45 – – 0.502 0.486 15.97 18.87
3  NDVI 26.34 −400.8 1562 – 0.514 0.506 13.75 5.18

Independent variables: only Tasselled Cap components
1 TC-W 26,903 −0.0147 – – 0.356 0.351 19.40 20.71
2  TC-W 221.9 −0.398 – – 0.352 0.348 17.10 19.21
3  TC-B 902.2 −0.2545 0.000018 – 0.417 0.409 16.27 17.62
4  TC-G/TC-W −218.49 7.434 −4.40 – 0.485 0.477 15.30 16.98
5  TC-B/TC-G/TC-W −272.98 0.0976 9.149 −6.675 0.515 0.504 14.90 15.54

a, b, c, d: regression coefficients; B2: ASTER band 2, VNIR2; B3: ASTER band 3, VNIR3; B8: ASTER band 8, SWIR5; GV: green vegetation fraction image; SO: soil fraction image;
SH:  shade fraction image; NDVI: Normalized Difference Vegetation Index; TC-B: Tasselled Cap Brightness; TC-G: Tasselled Cap Greenness; TC-W: Tasselled Cap Wetness;
R2: coefficient of determination; and R2

adj
: adjusted coefficient of determination; RMSE: root mean square error; RMSExval: root mean square error cross-validation; n = 162;

bold:  maximum R2
adj

value.

Table 4
Comparison of regression models that better performed using combination of ASTER spectral bands, fraction images, NDVI and Tasselled Cap components.

Model # Variables a b c d R2 R2
adj

RMSE RMSExval

4 B2/GV 88.10 −1 218.00 – 0.598 0.592 13.51 14.9
B2/NDVI −156.49 0.67 548 – 0.589 0.583 13.62 15.23
B2/TC-G 42.75 −5.38 1.06 – 0.489 0.482 15.23 17.02
GV/NDVI −63.43 102.44 322.41 – 0.588 0.583 13.78 15.43
GV/TC-W 85 244.10 −0.1605 – 0.564 0.558 14.07 16.12
NDVI/TC-B −267.83 667.30 0.0201 – 0.573 0.564 14.24 16.89

5  B2/B8/GV 56.4 −5.94 5.75 216 0.639 0.632 12.84 13.3
B2/B8/NDVI −173.83 −3.61 5.1 529.92 0.624 0.616 13.12 13.65
B2/B8/TC-G 60.85 −7.43 3.44 0.78 0.511 0.489 15.13 15.54
B2/GV/NDVI 3.5 −0.54 149.86 184.1 0.601 0.591 13.53 14.17
B2/GV/TC-R 34.32 −3.99 216.90 0.0379 0.625 0.617 13.20 13.71
B2/NDVI/TC-R −243.08 −2.56 580.36 0.0466 0.619 0.611 13.32 13.91
GV/SO/B2 131 193.62 41.19 −2.03 0.61 0.601 13.37 14.01
GV/SO/NDVI −138.49 −25.3 50.22 595.6 0.614 0.606 13.29 13.83
GV/SO/TC-W 85.13 244.05 0.09 −0.161 0.565 0.55 14.11 14.61
NDVI/TC-R/B2 −243.08 580.36 0.0466 −2.564 0.61 0.593 13.90 14.36
NDVI/TC-R/GV −370.89 883 0.0291 −95.29 0.619 0.611 13.20 13.74

a, b, c, d: regression coefficients; B2: ASTER band 2, VNIR2; B8: ASTER band 8, SWIR5; GV: green vegetation fraction image; SO: soil fraction image; SH:  shade fraction
image;  NDVI: Normalized Difference Vegetation Index; TC-B: Tasselled Cap Brightness; TC-G: Tasselled Cap Greenness; TC-W: Tasselled Cap Wetness; R2: coefficient of
determination; and R2

adj
: adjusted coefficient of determination; RMSE: root mean square error; RMSExval: root mean square error cross-validation; n = 162; bold: maximum

R2
adj

value.
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Table  5
Accuracy statistics and their relative counterparts (best results for each type of
model) for cross-validation.

Model # Variable/s RMSE RMSEr RMSExval (RMSExval)r

1 GV 15.60 44.2 17.30 49.0
2  GV 14.50 41.1 16.50 46.7
3  GV 14.57 41.3 16.10 45.6
4  B2/GV 13.51 38.2 14.90 42.2
5  B2/B8/GV 12.84 36.3 13.30 37.7
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MSE: total root mean square error (Mg  ha ); RMSExval: RMSE for cross-validation;
nd  RMSEr: relative RMSE (%); (RMSExval)r: RMSE relative for cross-validation (%);
old: maximum R2

adj
value.

three variables, first order polynomial) (0.574). When fraction
mages were used as independent variables, again, model #1 had
he lowest R2

adj value (0.495) and model #5 had the highest R2
adj

alue (0.578). The R2
adj values obtained with these two  types of

ndependent variables were quite similar, though a bit higher when
sing fraction images. In the third case, only NDVI was  used as inde-
endent variable and we could not test models #4 and #5. Model
1 had the lowest R2

adj value (0.477) and model #3, the highest
2
adj value (0.506). These R2

adj values were comprised between the
2
adj values obtained using only ASTER spectral bands, and the R2

adj
alues obtained using only fraction images. Finally, when we uti-
ized the TC components as only independent variables, model #1
resented again the lowest R2

adj value (0.351) and model #5 dis-

layed the highest one (0.504). The R2
adj values obtained using only

C components were the lowest of the four considered cases.
Next, we tested the models using as independent variables all

he variables computed (ASTER spectral bands, fraction images,
DVI and TC components) without grouping by type of variable.
able 4 displays the obtained results. In this case, only models
4 and #5 were used because models #1–#3 have only an inde-
endent variable. The stepwise regression analysis indicated that,
hen using model #4 (two independent variables, first order poly-
omial), the combination of GV fraction image and ASTER spectral
and 2 (red, 0.630–0.690 �m),  increased the R2

adj value (0.592)
ersus using the same model with just one type of independent
ariable. Regarding model #5 (three independent variables, first
rder polynomial) (Labrecque et al., 2006), the combination of GV
raction image, ASTER spectral band 2 and ASTER spectral band

 (SWIR 5, 2.295–2.365 �m)  improved also the regression perfor-

ance (R2

adj value = 0.632) compared to the performance using just
 type of independent variable.

Table 5 displays the statistical accuracy and their relative coun-
erparts for each tested regression model (both cases: just a type

Fig. 4. Regression model #5. Left: residuals versus obse
arth Observation and Geoinformation 31 (2014) 45–56

of independent variable and combining them). As observed from
Tables 3 and 4, model #5 showed the lowest RMSE (12.84 Mg  ha−1

and 13.3 Mg  ha−1 from cross-validation) (RMSEr = 36.3% and 37.7%,
resulting from cross-validation) with ASTER bands 2 and 8, and GV
fraction as independent variables.

The goodness of fit of the selected model was  examined with
analysis of scatter diagram and residual graph (see Fig. 4, right
and left, respectively). The residual graph shows a well-known
phenomenon for forestry and biological response variables that
affects analyses involving variances (precision, confidence inter-
vals). In the present case, logarithmic transformation of dependent
and independent variables did not stabilize the variances but only
increased the standard error of residuals (Fig. 4, left), and over- or
under-estimates AGB near extreme values.

Finally, a spatial distribution of the AGB (Fig. 5) was produced
based on the multiple linear regression model #5, generating the
estimated mean value of 42.4 Mg  ha−1 (SD is 11.9 Mg  ha−1). Areas in
dark green correspond to logging roads, firebreaks, and continental
dunes. The green and yellow colours are areas where cuttings were
recently done. Blue areas represent a water body (river). Finally, the
orange and red colours are places with a high density of trees and
the oldest forest stands (tree density from 130 to 229 stems ha−1,
average of 159 stems ha−1, SD = 24.7 stems ha−1).

4. Discussion

The relationship between AGB and ASTER data was analyzed to
retrieve a biomass regression model. As other authors (e.g. Ardö,
1992; Häme et al., 1997; Muukkonen and Heiskanen, 2005), we
found a negative relationship between AGB and all ASTER spec-
tral bands, which is typical for coniferous stands. GV fraction was
strongly positively correlated with AGB (r = 0.729). This strong rela-
tionship implies that GV fraction is suitable for AGB estimation.
This result agrees with the findings of other authors as Lu et al.
(2005) in successional forest biomass estimation. As expected,
NDVI was positively correlated with AGB (r = 0.612). However, NDVI
had only limited success of predicting the actual biomass (Calvao
and Palmeirim, 2004; Mutanga and Skidmore, 2004). Finally, TC
components (brightness, greenness and wetness) were negatively
correlated with AGB. Though greenness index was  also corre-
lated significantly with biomass (r = −0.563), its correlation remains
lower than that of brightness and wetness index (−0.591 and
−0.593, respectively). Other studies showed the same results: Hall

et al. (2006) found that correlation coefficients generated from
Landsat ETM+ image bands were higher than those generated from
TC brightness, greenness, and wetness (−0.52, −0.53, 0.45, p < 0.05);
and Roy and Ravan (1996) observed that TC transformation

rved AGB; right: estimated versus observed AGB.
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Fig. 5. Spatial distribution of the estimated ab

rightness and wetness indices (0.688, 0.638, respectively) were
etter correlated with biomass than greenness (0.589).

Our work shows that the inclusion of fraction images as inde-
endent variables improved the statistical modelling of AGB as a
unction of ASTER data in Mediterranean ecosystems. The best pre-
ictor of AGB was model #5 (three independent variables, first
rder polynomial) (Labrecque et al., 2006), using ASTER original
ands 2 and 8 and GV fraction as independent variables. The suit-
bility of GV fraction image to AGB estimation has been shown in
ifferent ecosystems, mainly boreal and tropical biomes. For exam-
le, Lu et al. (2005) reported that the regression model using GV
raction image slightly improves the estimation performance for
uccessional forests; and Poulain et al. (2012) found that the most
ccurate regression model for estimating AGB in Nothofagus pumilio
orest stands located in Southern Chile, used GV fraction image as
n independent variable.

Regarding the selected model (model #5, Labrecque et al., 2006),
he comparison of predicted versus observed values of AGB (Fig. 4,
ight) reveals an overestimation of lower values (AGB < 10 Mg  ha−1)
nd underestimation of higher values (AGB > 60 Mg  ha−1). Inside
f this interval, the residuals showed an appropriate behaviour,
istributed around a mean value of zero. The mean and total are
reserved well, which corresponds to the findings of Labrecque
t al. (2006). Muukkonen and Heiskanen (2005) also found that
he two models they tested (non-linear multiple regression and
eural networks) resulted in over-estimation of low biomass lev-
ls and under-estimation of the high biomass levels. And Fuchs et al.
2009) reported that linear regression estimation performs worse
ith respect to extreme observations. In our study area, this is not

 problem since mostly of our data are inside of the interval.
The accuracy test levels of our research are comparable to
egetation studies of other biomes. For example, Muukkonen
nd Heiskanen (2005) reported that RMSE of the total AGB of
orest stands in their study of biomass for boreal forests using
egression and neural network models with ASTER satellite were
ound biomass applying regression model #5.

48.2 Mg  ha−1 (RMSEr of 39.5%) and 44.7 Mg  ha−1 (RMSEr of 36.7%).
Xie et al. (2009) developed two  models: artificial neural net-
work (ANN) and multiple linear regression (MLR), to estimate
typical grassland aboveground dry biomass using Landsat ETM+.
The ANN model provided a more accurate estimation (RMSE of
59.60 Mg  ha−1, RMSEr = 39.88% for the training set and RMSE of
63.20 Mg  ha−1, RMSEr = 42.36% for the testing set) than MLR  (RMSE
of 78.36 Mg  ha−1, RMSEr = 49.51% for the training, and RMSE of
79.36 Mg  ha−1, RMSEr = 53.20% for the testing). In our study, the
lowest RMSE was 12.8 Mg  ha−1, RMSEr = 36.3% in model #5 (RMSE
of 13.3 Mg  ha−1, RMSEr = 37.7% resulting from cross-validation),
reporting better results than other studies carried out in boreal
coniferous and mixed forests (Hyyppä et al., 2000; Tomppo et al.,
2002; Mäkelä and Pekkarinen, 2004).

The regression modelling of AGB can be affected by potentially
influential factors that are not directly considered in the regres-
sion models (Lu, 2006). The reflectance of forests is typically highly
anisotropic and determined by the optical properties of canopy
components, canopy, landscape level structural characteristics and
topography (Asner, 1998). In addition, compartment reflectance is
also affected by background and understory characteristics, partic-
ularly in sparse and open regions (Spanner et al., 1990; Rautiainen
et al., 2007). The uncertainty in co-registration of field and satellite
data is another source of unexplained variation. Additionally, inac-
curacies in calibration and validation data can also reduce model
fit and accuracy statistics. The forest compartment level field data
is assumed to be less sensitive to the co-registration errors than
plot-level data (Mäkelä and Pekkarinen, 2004).

The spatial distribution of AGB (Fig. 5) based on the model #5,
may  be used as starting information for forest managers in future
studies such as quantifying the regional carbon budget, accumula-

tion fuel or monitoring management practices. Further, it could be
updated (to year 2013) using the estimated mean annual increment
of AGB (Mg  ha-year−1) for Mediterranean pine (P. pinaster Ait.)
forests in the Segovia province (MITYC, 2010), based on allometric
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quations (Montero et al., 2005) and the 3rd National Forest Inven-
ory (MMA,  2006), reaching an average value of 73 Mg  ha−1.

Since spectral information on optical remote sensing data lacks
ensitivity to forest attributes at the moderate and high biomass
evels (Lu, 2006), alternative imaging technology such as high
patial resolution imagery (Quickbird, Ikonos, WorldView-2, etc.)
ould be used to better capture the fine spatial distribution of trees
n the forest stand (e.g. Leboeuf et al., 2007; Sarker and Nichol,
011; Mutanga et al., 2012). Another type of sensor that can be
sed to capture the textural characteristic of the forest stand is
ynthetic Aperture Radar (SAR). Several authors (e.g. Kuplich et al.,
005; Cutler et al., 2012; Gao et al., 2013) demonstrated that the
se of backscatter (a measure of canopy texture) improves AGB
stimation accuracy. However, one limitation is that backscatter
ends to saturate as AGB becomes large (above 60 Mg  ha−1) (Lucas
t al., 2006; Englhart et al., 2011). As found in our study, AGB in

Tierra de Pinares Segoviana’ is below this value so backscatter
oes not start to saturate and could be successfully used for AGB
stimation. Light Detection and Ranging (LiDAR) technology to esti-
ate forest biomass has accelerated rapidly in recent years and has

ecently been proven to be effective in extracting AGB informa-
ion (Swatantran et al., 2011; Clark et al., 2011; Zolkos et al., 2013).
herefore, more accurate results would be expected if these data
ources were used in future studies in the research area.

. Conclusion

There is a potential for quantification of Mediterranean pine (P.
inaster Ait.) AGB at compartment level using fraction images from
SMA as independent variables in multiple linear regression mod-
ls using ASTER satellite data. A combination of ASTER bands, red
nd short wave infrared (B2 and B8) and GV fraction image was
he best predictor of AGB. A combination of these three image data
ielded an R2

adj value of 0.632 and RMSE of 13.3 Mg  ha−1 and RMSEr

f 37.7% resulting from cross-validation. GV fraction image from
SMA improved the predictive power of the models analyzed gen-
rated for estimating AGB (R2

adj = 0.574, RMSE of 20.32 Mg  ha−1,
hen no fraction images were included).

Based on the results from this study we conclude that fraction
mages (particularly GV) are useful for estimating AGB of Mediter-
anean pine in Central Spain. Additionally, the spatial distribution
f estimated AGB may  help in a practical way to guide forest man-
gers’ decisions in future studies and in similar forest ecosystems
y assisting them in monitoring and managing the forested area.
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españoles. Ministerio de Medio Ambiente, Dirección General para la Biodiversi-
dad, Madrid, p. 155.

ichishita, R., Jiang, Z., Xu, B., 2012. Monitoring two decades of urbanization in the
Poyang Lake area, China through spectral unmixing. Remote Sens. Environ. 117,
3–18.

ITYC (Ed.), 2010. Estimación de la biomasa forestal potencialmente aprovechable
en la provincia de Segovia (Castilla y León). Observatorio industrial de la madera,
Ministerio de Industria, Turismo y Comercio, Gobierno de España, p. 57.
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Cartografía de severidad de incendios forestales a partir de la combinación del 
modelo de mezclas espectrales y la clasificación basada en objetos 

 

 

Este estudio presenta una metodología rápida y precisa para la evaluación de los 
niveles de severidad que afectan a  grandes incendios forestales. El trabajo combina un 
modelo de mezclas espectrales y un análisis de imágenes basado en objetos con el 
objetivo de cartografiar distintos niveles de severidad (alto, moderado y bajo) 
empleando una imagen multiespectral Landsat Enhanced Thematic Mapper (ETM+). 
Este modelo fue testado en un gran incendio forestal ocurrido en el noroeste de España. 
Las imágenes fracción obtenidas tras aplicar el modelo de mezclas a la imagen Landsat 
fueron utilizadas como datos de entrada en el análisis basado en objetos. En este se 
llevó a cabo una segmentación multinivel y una posterior clasificación usando funciones 
de pertenencia. Esta metodología fue comparada con otras más simples con el fin de 
evaluar su conveniencia a la hora de distinguir entre los tres niveles de severidad 
anteriormente mencionados. El test de McNemar fue empleado para evaluar la 
significancia estadística de la diferencia entre los métodos testados en el estudio.  El 
método combinado alcanzó la más alta precisión con un 97,32% y un índice Kappa del 
95,96%, además de mejorar la precisión de los niveles individualmente. 
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Abstract

This study shows an accurate and fast methodology in order to evaluate fire severity classes of large forest fires. A sin-
gle Landsat Enhanced Thematic Mapper multispectral image was utilized with the aim of mapping fire severity classes
(high, moderate and low) using a combined-approach based in a spectral mixing model and object-based image analysis.
A large wildfire in the Northwest of Spain was used to test the model. Fraction images obtained by Landsat unmixing were
used as input data in the object-based image analysis. A multilevel segmentation and a classification were carried out by
using membership functions. This method was compared with other simpler in order to evaluate the suitability to distin-
guish between the three fire severity classes above mentioned. McNemar’s test was used to evaluate the statistical signifi-
cance of the difference between approaches tested in this study. The combined approach achieved the highest accuracy
reaching 97.32% and kappa index of agreement of 95.96% and improving accuracy of individual classes.

Key words: wildfire, SMA, OBIA, Landsat ETM+.

Resumen

Cartografía de severidad de incendios forestales a partir de la combinación del modelo de mezclas espectrales y la
clasificación basada en objetos

Este estudio presenta una metodología rápida y precisa para la evaluación de los niveles de severidad que afectan a
grandes incendios forestales. El trabajo combina un modelo de mezclas espectrales y un análisis de imágenes basado en
objetos con el objetivo de cartografiar distintos niveles de severidad (alto, moderado y bajo) empleando una imagen mul-
tiespectral Landsat Enhanced Thematic Mapper. Este modelo fue testado en un gran incendio forestal ocurrido en el nor-
oeste de España. Las imágenes fracción obtenidas tras aplicar el modelo de mezclas a la imagen Landsat fueron utilizadas
como datos de entrada en el análisis basado en objetos. En este se llevó a cabo una segmentación multinivel y una poste-
rior clasificación usando funciones de pertenencia. Esta metodología fue comparada con otras más simples con el fin de
evaluar su conveniencia a la hora de distinguir entre los tres niveles de severidad anteriormente mencionados. El test de
McNemar fue empleado para evaluar la significancia estadística de la diferencia entre los métodos testados en el estudio.
El método combinado alcanzó la más alta precisión con un 97,32% y un índice Kappa del 95,96%, además de mejorar la
precisión de los niveles individualmente.
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Introduction

Large forest fires are becoming more frequent in
Mediterranean areas due to climatic factors and changes
in lifestyles and economic conditions. They are one of

the most important causes of environmental alteration
and land degradation in the Mediterranean Basin,
because of the post-fire exposure of bare soil to rainfall
(Leone and Lovreglio, 2005). The main consequences
of fire on vegetation depend largely on fire severity. In
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this study, the term fire severity is defined as the condi-
tions resulting from fire, which can be described by the
degree of mortality in above ground vegetation (Ryan
and Noste, 1985; Patterson and Yool, 1998; Morgan et
al., 2001; Rogan and Franklin, 2001; Key and Benson,
2002; Miller and Yool, 2002; Van Wagtendonk et al.,
2004; Doerr et al., 2006). Fire severity maps may com-
plement ecosystem management, providing foresters
with baseline data on fire severity and extent required
for fire management. Data from these maps may be
used to identify areas that have experienced differing
fire severity, to plan and monitor restoration and recov-
ery activities, to provide a method for updating current
vegetation maps and information for future pre-fire
planning (Patterson and Yool, 1998; Brewer et al.,
2005). It is important therefore, to dispose of techniques
to efficiently evaluate fire effects in burned areas.
Considering the extremely broad spatial expansion

and often limited access to areas affected by fires, satel-
lite remote sensing provides an important means of gath-
ering information about a burned area in a timely and
consistent manner (Rogan andYool, 2001). Optical satel-
lite imagery from Landsat Enhanced Thematic Mapper
(ETM+) has been chosen for this work because the mid-
infrared reflectance of vegetation is strongly related to
important vegetation canopy characteristics relative to
fire effects. It was decided to employ only one post-fire
image as it is considered of great interest to find quick
and affordable methodology for obtaining fire severity
maps avoiding the use of pre-fire images. In doing this,
money and time would be saved in terms of obtaining,
correcting and normalising images. Landsat missions
such as Multi Spectral Scanner (MSS), Thematic Map-
per (TM) and ETM+ have been widely used for mapping
fire severity (Ryan and Noste, 1985; Milne, 1986; Chu-
vieco and Congalton, 1988; White et al., 1996; Key and
Benson, 1999; Key et al., 2002; Key and Benson, 2004;
Roldán-Zamarrón et al., 2006; De Santis and Chuvieco,
2007; González-Alonso et al., 2007; Miller and Thode,
2007; Wimberly and Reilly, 2007; Hoy et al., 2008; Ver-
byla et al., 2008; Norton et al., 2009).
A lack of spectral contrast is partly responsible for

the classical errors related to post-fire classifications of
burned areas (Koutsias et al., 1999): confusion of
burned areas with dark land covers (water, dark forests),
confusion between slightly burned and sparsely
unburned vegetation (problem of the mixed pixels), dif-
ficulties in discriminating severity of burning, and con-
fusion between burned vegetation and non-vegetated
categories, such as urban areas. To minimize these prob-

lems, it has usually been necessary to combine diverse
remote sensing systems and a variety of image process-
ing techniques (Justice et al., 1993). The range of meth-
ods dealing with level-of-damage mapping using
post-fire satellite data includes, among others: (1) veg-
etation indices (White et al., 1996; Key and Benson,
1999; Key et al., 2002; Díaz-Delgado et al., 2003;
Chafer et al., 2004; Van Wagtendonk et al., 2004; Ept-
ing et al., 2005), (2) linear transformation techniques
such as principal components (PC) analysis and Kauth-
Thomas transform (KT) (Patterson and Yool, 1998), (3)
spectral unmixing (Roldán-Zamarrón et al., 2006), etc.
Among the large number of techniques applied for the

characterization of burned areas, only a few have quan-
titatively compared their accuracies (Chuvieco and Con-
galton, 1988; Koutsias et al., 1999), offering little infor-
mation about the potential and limitations of each
technique. To address this issue, this study focuses on a
quantitative comparison of four approaches for mapping
fire severity using a case of study of a large fire that
burned in Northwest Spain, in 1998. We are particularly
interested in finding synergies combining both a subpix-
el-based approach such as Spectral Mixture Analysis
(SMA) and an Object-based Analysis Image (OBIA).
SMA approach has been widely used due to its ability to
cope better with the problem of the mixed pixel and min-
imize the effects of topography on satellite data (Caetano
et al., 1994; Caetano, 1995; Caetano et al., 1996;
Cochrane and Souza, 1998; Rogan and Franklin, 2001;
Rogan et al., 2002). SMA has the potential of producing
results that are directly related to post-fire land manage-
ment (Caetano et al., 1994; Cochrane and Souza, 1998;
Roldán-Zamarrón et al., 2006). In the case of post-fire
assessment, the potential of spectral unmixing relies on
the sub-pixel analysis of the materials of a burned area
and it has been considered advantageous over vegetation
index-based methods, due to its improved capability to
distinguish burns from other bare or sparsely vegetated
areas (Caetano et al., 1996; Díaz-Delgado et al., 2001).
Despite Object-based classifications are increasingly
being used to. In comparison with pixels, image objects
carry much more useful information and, therefore, can
be characterised by far more properties, such as form,
texture, neighbourhood or context, than pure spectral or
spectral-derivative information (Baatz and Shäpe, 1999).
Object-based classification models have been developed
and applied on Landsat TM (Mitri and Gitas, 2002; Mitri
and Gitas, 2004a; Mitri and Gitas, 2004b), NOAA-
AVHRR images (Gitas et al., 2004), and IKONOS
images (Mitri and Gitas, 2006; Mitri and Gitas, 2008)
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resulting in the accurate mapping of burned areas in the
Mediterranean areas.
The main objective of our research is to demonstrate

the superior accuracy obtained using a combined
approach (SMA plus OBIA) for fire severity mapping
with medium-resolution remote sensing image than the
obtained by a more traditional approaches.

Materials and methods

Study site description

The study site, ‘Tabuyo del Monte’, is located in the
Sierra del Teleno, in Northern Spain (figure 1). It is a
small mountain chain in the South-East (SE) of León
province (Spain) with SE aspect, a maximum slope of
11% and elevation ranges from sea level between 850 to
2,100 m.
The climate is Mediterranean with an average annual

rainfall between 650 and 900 mm and two or three
months of dryness in the summer time. Soil in this area
is very sandy and acidic (pH=5.5) (Calvo et al., 1998).
Currently vegetation is a large natural Pinus pinaster
Ait. community covering 11,500 ha. Spanish Vegetation
Map shows that into the fire scar roughly the 78% was
covered by pineland, 18% by shrubs and 4% by Pyre-
nean oak. Fires have occurred frequently in this commu-
nity, generally affecting small areas and mostly caused

by dry spring-summer storms. However, in September
1998 there was a large fire presumably caused by a mil-
itary manoeuvre, which burned more than 3,000 ha dur-
ing four days (between September 13 and 17). This fire
is the object of this study.

Remotely sensed data

No Landsat cloud-free scenes close to the wildfire
date were found so the first scene available correspond-
ed on September, 16 1999. Van Wagtendonk et al.
(2004) used also one year after the fire occurred post-
fire Landsat ETM+ for fire detection. Key (2005) point-
ed out that extended assessment (EA), (it occurs during
the first growing season after fire) may provide more
complete representation of actual fire effects. It cap-
tures first-order effects that include survivorship and
delayed mortality of vegetation present before fire. The
former is detected by regrowth from roots and stems of
vegetation that burns but remains viable (McCarron and
Knapp, 2003; Safford, 2004). Most other first-order
effects, such as char, scorch and fuel consumption, are
expected to persist until the next growing season, with
two exceptions. Areas prone to surface erosion from
wind or precipitation may show a decrease in ash cover
and an increase of newly exposed mineral soil. Also,
canopy foliage that is heat scorched or dies from
girdling may drop to ground litter over the interval
before EA. Since such effects are more or less comple-
mentary in regards to severity assessment, these delayed
responses are not expected to significantly alter the
remotely sensed magnitude of change detected between
initial and extended assessment. In addition, is com-
plete, so the extent of perimeters and distribution of
severity represents final conditions.
Preprocessing of remotely sensed images is a

preparatory phase that, in principle, improves image
quality for further analyses. In this study only a geomet-
ric correction was performed. Atmospheric correction
was not necessary since only one post-fire image was
used to map the fire severity into the fire scar and it was
cloud free. In addition, there is a likelihood that uneven
implementation of corrections would not necessarily
provide a better representation of the mixing space of
the SMA model (Elmore et al., 2000).
For the geometric correction a set of 22 Ground Con-

trol Points (GCP’s), selected using the National Topo-
graphic Map (Instituto Geográfico Nacional, IGN) at
1:50,000 (UTM 30 T European 1950 mean), and a 25

Figure 1. Location of study area in Spain; and location of
field samples in the fire scar.
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(1) low: areas where shrubs to 2 m burned and no or
partial canopy scorched.

(2) moderate: areas where shrubs incinerated and
canopy scorched.

(3) high: areas where shrubs incinerated and canopy
completely burned and apparently dead, even
though some plants may still be able to sprout.

Data analysis

The development of the main proposed methodology
involved two cascaded image analysis techniques: linear
spectral mixture (SMA) and object-based image analy-
sis (OBIA).
Image objects were extracted from the fraction

images (obtained from SMA algorithm) in the segmen-
tation procedure prior to classification (4th approach). In
order to emphasize the benefits achievable using the
adopted approach they were provided quantitative eval-
uations and comparisons with other approaches (1st, 2nd

and 3rd) (figure 2).

(1) First approach: data analysis for Pixel-Based
Method (ETM+ISODATA)
The first approach is a pixel-based image unsuper-

vised classification by Iterative Self-Organizing Data
Analysis Technique (ISODATA) (Sunar and Özkan,
2001; Miller and Yool, 2002) to ETM+ image. ISODA-
TA is clustering algorithm that compares the radiomet-
ric value of each pixel with predefined number of clus-
ter attractors and shifts the cluster mean values in a way
that the majority of the pixels belongs to a cluster. In
this case, we interacted with the procedure at the begin-
ning indicating the number of the predefined cluster to
be created and the iterations to be carried out and at the
end, where it decides which class represents which sur-
face objects and merges or rejects the classes with non-
realistic representatives. We masked the satellite image
with the official fire perimeter polygon in order to esti-
mate the fire severity categories in the fire scar.

(2) Second approach: data analysis for Subpixel-Based
Method (SMA+ISODATA)
Because the spatial resolution of Landsat ETM+

imagery is 30 by 30 m, the materials in a given picture
element (pixel) are rarely represented by a single physi-
cal component. Therefore, in the first stage of this
approach (figure 3), a linear spectral model was used
which is based on the assumption that the image spectra

m-grid size digital elevation model (DEM) were used. A
first-order polynomial warp function was applied and a
nearest neighbour resampling protocol was then used to
preserve original pixel values (Jensen, 1996; Lillesand
and Kiefer, 2000). The root mean square error (RMSE)
for the transformation was less than 1 pixel. In general,
road intersections were used as GCP’s since it was pos-
sible to locate them in the image. An illumination cor-
rection was performed with the C-correction (Teillet et
al., 1982). This lessens the effects of shadows that may
occur due to elevation variations in the landscape.

Field data

In addition to the optical satellite image data, field
data were collected in the autumn of 1999 from 72 ran-
dom plots for fire severity in the Tabuyo burned area
(figure 1). Two different datasets were used: one for
training and developing the classification rules, and
another one for assessing the accuracy of the classifica-
tion. Separate and independent data were used for train-
ing and for accuracy assessment. Despite this time lag,
sufficient material remained in the field (scorched
leaves on branches and the ground, char on the tree
trunks, etc.) for an adequate, qualitative estimate of the
degree of severity. Resprouting green leaves did not
interfere with these observations.
The field survey plots were sized, with an average

area of 0.78 hectare (100 m diameter). Random sam-
pling plots location was correlated with the ETM+ loca-
tion using a global positioning system. The plots were
randoming located within pre-selected large areas with
homogenous fire severity levels and low slope gradients
by interpreting a 0.7 m-pixel post-fire colour aerial pho-
tograph in order to locate in the fire scar representative
fire severity categories (scale 1:25,000, digital images
orthorectified, mosaicked and examined on-screen in a
GIS, captured on October 1998).
Classification of each field plot was determined by

visual inspection, based on the observed majority fire
severity class within each plot. Three possible fire
severity categories were defined according to the degree
of scorching vegetation (figure 2). We considered a
high-severity, moderate-severity and low-severity as the
used by other researchers (e.g., Jakubauskas et al.,
1990; Turner et al., 1994; DeBano et al., 1998; Patter-
son andYool, 1998; Brown and Smith, 2000; Rogan and
Yool, 2001; Arno and Fiedler, 2005). The different fire
severity classes were defined as follows:
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are formed by a linear combination of n pure spectra,
such that:

DNb = ∑ Fi (DN)i,b + εb [1]

where DNb is the digital number in band b, DNi,b is the
digital number for endmember i, in band b, Fi the frac-
tion of endmember i, and εb is the residual error for each
band.
The most common approach is to assume linear

unmixing (Shimabukuro et al., 1991), although non-lin-
ear mixing can occur (Adams et al., 1993; Roberts et
al., 1993). Smith et al. (2005) tested the most appropri-
ate mixing model to use (linear or non-linear) in fire
severity estimation. Whether the optical mixing was lin-

ear or non-linear was largely controlled by the size of
the particles present in the ash.
Endmember selection is the most important step in

SMA. It determines how accurately the mixture model
can represent the spectra. The endmember selection
must accommodate the dimensionality of the mixing
space. It involves determination of the number of end-
members and the methods to select these endmembers.
Possible endmembers, however, are restricted to the
number of bands the image data plus one (Hill, 1993;
Small, 2004). The Landsat ETM+ sensor has sufficient-
ly low noise that the inherent dimensionality of spectral-
ly diverse images is generally equal to the full six
dimensions. We limited this analysis to bands 3, 4, 5,
and 7 as White et al. (1996) did when they tried to map

Figure 2. Flowchart of the methodology.

i=1

n
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members spectra, and their spectral response was visu-
ally verified using local knowledge (Goodwin et al.,
2005).
Usually shade could be included either implicitly

(fractions sum to 1 or less) or explicitly as an endmem-
ber (fractions sum to 1). In our case it was included
implicitly (the following equation, ΣFi = 1.0, was not
included into the equation system of the unmixing
model; unconstrained solution).
The least-squares solution is the method most often

used for solving the linear mixture model (Smith et al.,
1990; Shimabukuro and Smith, 1991; García-Haro et
al., 1996) due to its simplicity and ease of implementa-
tion. As the results from the unconstrained solution do
not reflect the true abundance fractions of endmembers
then the root-mean-square error (RMSE) was used to
assess the fit of the model (Adams et al., 1993; Roberts
et al., 1998a) and it is shown in equation (2), where m is
the number of bands.

RMSE = ∑ ε /m [2]

The ISODATA classifier was used to classify fraction
image into fire severity categories: high, moderate and
low (Sunar and Özkan, 2001; Miller and Yool, 2002;
Roldán-Zamarrón et al., 2006). Fraction image was
masked by fire perimeter polygon before performing
unsupervised classification.

(3) Third approach: data analysis for Object-Based
Method (ETM+OBIA)
Object-based Image Analysis (OBIA) involved two

steps: segmentation and classification.

(a) Image segmentation
Segmentation is a prerequisite to object-based classifi-

cation which is the subdivision of an image into separat-
ed regions or objects by gathering together many pixels in

fire severity. The definition of appropriate spectral end-
members may be either done using reference endmem-
ber from spectral libraries or from the image itself
(image endmember). As appropriate reference endmem-
bers were not available for the study site, an approach to
extract pure pixels from the image was applied to
retrieve image endmembers. For most SMA applica-
tions, image endmembers are utilized because they can
be easily obtained and can represent spectra measured at
the same scale as the image data (Roberts et al., 1998a).
A minimum noise fraction (MNF) technique (essential-
ly two cascaded principal components transformations)
was used to determine the inherent dimensionality of
image data, to segregate noise in the data, and to reduce
the computational requirements for subsequent process-
ing (Boardman and Kruse, 1994). The data space could
be divided into two parts: one part associated with large
eigenvalues and coherent eigenimages, and a comple-
mentary part with near-unity eigenvalues and noise-
dominated images. By using only the coherent portions,
the noise was separated from the data, thus improving
spectral processing results (ENVI, 2000). It was possi-
ble to run an inverse MNF transform using a spectral
subset to include only the good bands, or smoothing the
noisy bands before the inverse. Separating purer from
more mixed pixels reduced the number of pixels to be
analyzed for endmember determination and made sepa-
ration and identification of endmembers easier.
Four new MNF transformed bands were then

analysed to find the most spectrally pure (extreme) pix-
els in the image using a pixel purity index (PPI) classi-
fier. The PPI image was the result of several thousand
iterations of the PPI algorithm. The higher values indi-
cated pixels that were nearer to the corners of the
n-dimensional data cloud, and were thus relatively purer
than pixels with lower values. After the purer pixels
were identified in the n-dimensional scatter plot, an
inverse-MNF transform was applied to obtain the end-

Figure 3. Spectral mixture analysis model.

m

b=1

2
b( )



302 Ó. Fernández-Manso et al. / Invest Agrar: Sist Recur For (2009) 18(3), 296-313

certain way. In comparison to pixels, image objects carry
much more useful information and, therefore, can be
characterized by far more properties (such as form, tex-
ture, neighbourhood or context) than pure spectral or
spectral-derivative information (Baatz and Schäpe, 1999).
The segmentation used in this study was a bottom up

region-merging process, starting with one-pixel objects.
Throughout the segmentation procedure, the whole
image was segmented and image objects were generat-
ed based upon several criteria of homogeneity in colour
and shape (compactness and smoothness). In a subse-
quent step smaller image objects (Level 1 or fine scale
to define fire severity categories in the fire scar) were
merged into bigger ones (Level 2 or coarse scale to
define the object boundaries of fire scar). The scale
parameter was set to 5 and 20 at level 1 and 2, respec-
tively. The composition of homogeneity criterion was
set as follows: colour 0.8 and shape 0.2. For the shape
criterion, smoothness was 0.1 and compactness was 0.9.
This process is called multiresolution segmentation,

which was used to construct a hierarchical network of
image object that simultaneously represented image
information in different spatial resolutions (level 1 and 2).

(b) Object-based classification
The classification of the image objects was per-

formed by using membership functions based on fuzzy
theory combined with user-defined rules. A member-
ship function ranges from 0 to 1 for each object’s fea-
ture values with regard to the object’s assigned class
(Navulur, 2007). Spectral, shape, and statistical char-
acteristics as well as relationships between linked lev-
els of the image objects can be used in the rule base to
combine objects into meaningful classes (Benz et al.,
2004). The fuzzy sets were defined by membership
functions that identify those values of a feature that are
regarded as typical, less typical, or not typical of a
class.

(4) Fourth approach: data analysis for Combined-Based
Method (SMA+OBIA)
After developing fraction images, several methods

are commonly used classifying fraction images into dif-
ferent land-cover types, fire severity classes, burned
areas, etc. Decision-tree classifiers (DTC) are widely
used (e.g., Roberts et al., 1998b; Rogan and Franklin,
2001; Rogan et al., 2002; Souza et al., 2003), as are
unsupervised grouping algorithm (ISOSEG) (Quintano
et al., 2005), and supervised Maximum Likelihood
(ML) (Rogan et al., 2002; Lu and Weng, 2004).

In our combined approach, an object-based image
classification was performed using fraction images
obtained in the second approach of this study as input of
the model.
Burned vegetation fraction image performed better

result in order to fit the image objects on both first and
second segmentation levels. The scale parameter was set
to 1 and 5 at level 1 and 2, respectively. The composition
of homogeneity criterion was set as follows: colour 0.9
and shape 0.1. For the shape criterion, smoothness was
0.2 and compactness was 0.8. As it was done at the third
approach, a fuzzy set was defined by membership func-
tions that identified those values of a feature that were
regarded as typical, less typical, or not typical of a class.
Classification accuracy was evaluated using ground

referenced data. To ensure independence, no training
data were used for the validation. Ground referenced
data in this context means having been derived from a
presumably more accurate data source than the themat-
ic map, in this case from ground visits. The same set of
ground data was used in the assessment of the accuracy
of the thematic maps obtained by different classifiers in
order to compare their suitability in fire severity map-
ping.
The accuracy assessment was based on confusion

matrices, Overall Accuracy (OA), Producer’s Accuracy
(PA), User’s Accuracy (UA) and Kappa Index of Agree-
ment (KIA) statistic (Congalton, 1991). Error matrices
were formed with data from thematic map and ground
data (Congalton and Green, 1999). McNemar’s test was
selected to determine significant differences among
classifications. Foody (2004) stated that for dependent
samples, the statistical significance of the difference
between two proportions might be evaluated using
McNemar’s test. It is a non-parametric test that is based
upon confusion matrixes that are 2 by 2 in dimension.
The attention is focused on the binary distinction
between correct and incorrect class allocations. The
McNemar test is based on the standardized normal test
statistic (3)

Z =
f12 – f21 [3]
f12 + f12

in which fij indicates the frequency of ground data lying
in confusion matrix element i, j. f12 and f21 are the num-
ber of pixels that with one method were correctly
classified, while with the other one were incorrectly
classified.
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Spectral unmixing was performed using the four end-
members derived from the image data leading to 4-frac-
tion images and a root-mean-square error (RMSE)
image. The RMSE was calculated for all image pixels.
Therefore, the error image was used to assess whether
the endmembers were properly selected and whether the
number of selected endmembers was sufficient. The
value of the RMSE must be lower than the level of noise
in the system, in order to guarantee the viability of the
results. Landsat ETM+ signal-to-noise value is approx-
imately 2 DN. The unmixing model results were evalu-
ated as proposed by Adams et al., 1995. First, we
evaluated the RMSE image. Our final model showed
low RMSE (<2 DN values). Typically, a reasonable mix-
ing model results in an overall RMS-threshold-error of
2.5 DN values for an image (Roberts et al., 1998a).
Next, fraction images were evaluated and interpreted in
terms of field context and spatial distribution. In this
study, final fractions were allowed to be negative or
superpositive (Román-Cuesta et al., 2005).
Fraction images derived from different combinations

of image endmembers were evaluated with visual inter-
pretation and the error extent and distribution in the error
fraction image. The criteria used to identify the best suit-
able fraction images were based on: (1) high-quality frac-
tion images in the fire scar, and (2) relatively low errors
in the fire scar. The best results of the spectral mixture
analysis for the Tabuyo fire scar are shown in figure 6.
Bright values in these images indicated areas of high

fractional abundance for the endmember in question.
Bright values on the RMS error image indicated areas
that were poorly modelled by the least squares algo-
rithm (values were greater than the 2.5 threshold). A
cross-check with the Spanish vegetation map (1:50,000)
revealed that these areas with a high RMS error were
represented by crops at the time of image acquisition.

Results

General results by approach

The different image processing methods employed
and the classification techniques applied with either
ISODATA or OBIA yielded varied results (figure 4).
When the unsupervised classification (ISODATA)

was applied directly over the satellite image (first
approach), the best results for mapping fire severity
were reached using bands 3-5 and band 7, 5 iterations
and forcing to 3 clusters. This approach could be con-
sidered as the best cost-effective method since no image
processing technique was applied to the digital number
data but it carried out the worst results among the test-
ed approaches.
Regarding second approach, it was obtained a finally

four endmembers dataset formed by: soil, two kinds of
vegetation (veg1 and veg2) and burned vegetation end-
member. The final vegetation 1 (veg 1) endmember was
extracted from canopy of pine stands (Pinus pinaster
Ait.), the vegetation 2 (veg 2) was mainly derived from
canopy of Quercus pyrenaicaWilld., while the soil end-
member was located on agricultural areas and the
burned vegetation endmember was extracted from the
fire scar (figure 5).

Figure 4. Final classified images obtained by means of ISO-
DATA (approaches 1 and 2) and Object-based classification
(approaches 3 and 4). Colours corresponding to each class are
indicated in the legend.

Figure 5. Image endmembers used in the spectral mixing
model, expressed in image radiance (DN) for the 3, 4, 5 and 7
reflective ETM+ bands.
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The rest of the image presented a random error distribu-
tion. Given the fact that these areas fell outside of the
fire scar, we assumed that the endmembers chosen had
produced robust and representative image fractions of
burned areas, soil and two kinds of vegetation. In this
method, fire severity map was carried out by means of
applying the ISODATA classifier to burned vegetation
fraction image (figure 4).
For the third approach, an object-based analysis was

carried out to the ETM+ image. Visual interpretation of
different image segmentation results showed that it was
extremely beneficial to use band 4 (NIR) and band 7
(SWIR) since they are related with wildfire reflectance
values. Official fire perimeter polygon was used as the-
matic layer in the segmentation in order to a better
delineation of fire scar boundaries (figure 7).
Two different levels of image objects representing

different scales were created: a fine scale to capture fire
severity categories and a coarser scale to define the
burned area. Classification at level 2 included the fol-
lowing classes: not burned and possibly burned. This
level provided a context to detect the burned area in the
image and it was used as super-object information for
level 1. Features based on object spectral information
(image DN) as well as object contextual information,
such as relation to super-objects were used in the classi-
fication. The features based on object spectral informa-
tion were: brightness and ratio B5/ratio B7 to level 2

and the Normalized Burn Ratio (NBR=B4-B7/B4+B7).
Existence of super-objects was used as contextual fea-
ture. The object NBR was calculated from the NBR
values of all n pixels forming an image object. Member-
ship functions were adapted for each chosen classifica-
tion feature. Aerial photos and field notes were used to
help interpret the satellite image and select burn thresh-
olds.
For the fourth approach (combined-based approach

using SMA and OBIA) two different levels of image
objects representing different scales were created also
with the aim of capturing fire severity categories. Same
class hierarchy as developed in third approach was also
adopted (figure 7). Fraction images were used to extract
features that were not well distinguishable in the multi-
spectral image. Fuzzy membership functions, which are
the knowledge-based part of the classification method-
ology in eCognition® software, were used to apply
fuzzy range to the selected features (which separates a
class from other classes, fire severity classes for
instance). Because it is necessary to choose the feature
to which to apply the membership function, it was
explored the feature space to determine which feature(s)
best separate the problem classes (fire severity classes).
Features based on object information (from fraction
image-abundance values) as well as object contextual
information, such as neighbourhood and relation to
super-objects were used in the classification (figure 8).

Figure 6. Spanish vegetation map with Tabuyo fire perimeter (left) and spectral unmixing of ETM+ image in fraction imagery
(vegetation 1, vegetation 2, burned vegetation, soil and RMSE) (right).
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The features mean burned vegetation, mean differ-
ence to scene burned vegetation and mean soil were
useful at differentiating possibly burned and not
burned from each other in level 2. At level 1, features
such as existence of super-objects and mean burned
vegetation were the best in separating fire severity
classes (low, moderate and high) from each other.
Membership functions were adapted for each chosen
classification feature by interactively funding the lower
and upper limits of the fuzzy ranges on segmentation

level 1 for the classes Low, Moderate and High fire
severity (figure 9).

Fire severity class areas

The area of fire severity categories varied among the
fourth approaches analyzed in this study. Total areas of
each approach depend on the combined ability of the
classifier and the potential of each technique to separate

Figure 7. A section of the study area showing the segmentation results on level 1. (a) Approach 3rd. (b) Approach 4th. (c) Class
hierarchy created for both approach 3rd and 4th.

Figure 8.Membership functions of level 2 and 1 for fourth approach.

Level 2

Feature: Mean burned vegetation

Feature: Mean soil

Feature: Mean diff. to scene burned veg.
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among classes. Total areas of each class and their per-
centages are shown in table 1.

Accuracy assessments

The classification accuracy between sites visited on
the ground and the final fire severity classification dis-
played different results (table 2). To ensure independ-
ence, no training data were used for validation. The
remote sensing fire severity values at pixel-level of the
plots were then compared to the field survey (100 m-
diameter) fire severity classes (table 4).
Regarding the KIA (Kappa Index of Agreement) sta-

tistics, the highest values corroborated the overall accu-
racy (OA) results, with object-based approaches (3 and
4) showing the highest accuracies, in opposite relation

with the pixel-based approaches. As happen in overall
accuracy, KIA values displayed better values when frac-
tion images were introduced.
A revision of significant differences among KIA sta-

tistics based on equation (3) was calculated and showed
in table 3. It was apparent that the large differences in
accuracy observed between the classifications
expressed in terms of proportions of correctly allocated
pixels were statistically significant at the 0.1% level of
significance. This led to the conclusion that the classifi-
cation accuracy derived from the four approaches was
distinctively different, and the advantage of the
approach 4 over the rest of approaches was significant.
An error matrix for each approach was also pro-

duced. Based on the User’s, Producer’s and KIA per
class accuracy, individual class accuracies revealed
diverse differences among methodologies (table 4).

Figure 9.Membership functions of level 1 for fourth approach.

Level 1

Feature: Mean burned veg for Low

Feature: Mean burned veg for High Existence of Possibly burned (L2)

Feature: Mean burned veg for Moderate

Approach Methods High Moderate Low Total area

Imagery Classification (ha) (ha) (ha) (ha)

1 ETM+ ISODATA 686.68 1589.87 1045.15 3309.00
2 Fraction ISODATA 1097.09 1306.63 917.98 3309.00
3 ETM+ OBIA 1366.65 1358.65 647.21 3309.00
4 Fraction OBIA 1479.63 1200.87 691.92 3309.00

Table 1. Severity area estimated for each approach
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Discussion

Confusion among classes occurred for all
approaches even though classes were supposedly quite
different in their spectral responses. For the approach-
es that used ETM+ data instead of fraction imagery as
input data for distinguishing among classes, the mod-
erate and low severity classes were confused in the
visible and NIR band, but displayed well in the SWIR
range. In this regard, White el al. (1996) reported
Landsat TM band 7 (SWIR) data is useful for distin-
guishing among different burn severity classes.
Regarding approaches using fraction images, they dis-
played high severity areas characterized by a large
amount of burned vegetation and low amount of veg-
etation and soil, the opposite trend for the low severi-
ty areas and an intermediate trend for the moderate
severity areas (figure 10). The incorporation of the
fraction image into the classification procedure
increased the accuracy for both subpixel- and object-
based approaches. By employing fraction image the

overall accuracy of fire severity classification was
improved by 18.30% in subpixel-based and by 12.65%
in combined-based approaches (Table 2). Several
authors have reported that using fraction images in a
classification produces a higher accuracy than results
produced by classifying the single sensor bands
(Smith et al., 1990; Settle and Drake, 1993; Caetano
et al., 1994; Ustin et al., 1996; Huguenin et al., 1997;
Cochrane and Souza, 1998; Settle and Campbell,
1998; Aguiar et al., 1999; Elmore et al., 2000; Riaño
et al., 2002; Theseira et al., 2002).
The methods that used ISODATA as classifier per-

formed more moderate and low categories, whereas the
OBIA methods (object-based classification), which
classified more high and moderate classes. Approach 1
(pixel-based) displayed the highest values for the low
severity class, being almost two times larger than the
object-based approaches, and lowest values for the high
severity class. This was because the ISODATA cluster-
ing algorithm only had a one-dimensional space to sep-
arate pixels into classes and the means of the classes

Approach
Methods

Overall accuracy (%) KIA
Imagery Classification

1 ETM+ ISODATA 59.37 0.3997
2 Fraction ISODATA 77.67 0.6652
3 ETM+ OBIA 84.67 0.7685
4 Fraction OBIA 97.32 0.9596

Table 2. Overall accuracies and KIA statistics for each considered approach

Figure 10.Mean values for each fire severity class (high, moderate and low), for approaches using ETM+ data (left) and for those
using fraction imagery (right). Left graphic bars represent the utilized bands: B3, B4, B5 and B7. Right graphic bars represent
the different endmembers: vegetation 1, vegetation 2, burned vegetation, soil and error term (RMS). Each sub-section in the right
graphic shows the three selected classes: high, moderate and low severity.
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therefore tended to be uniformly distributed along the
one-dimensional space (Miller and Yool, 2002). The
better results obtained by approaches that included
object-based image analysis into its process are mainly
due to the ability of a context-based classification to
reduce the speckle in the classification. Obviously, the
object-based classification, which first extracts homo-
geneous regions and then classifies them, avoids the
annoying salt-and-pepper effect of the spatially-fine
classification results, which is typical of pixel-based
analysis. Besides, combined-based approach
(SMA/OBIA) performed better results at individual
class level. It dealt satisfactory with the problems of
classes confusion (burned vegetation and non-vegeted,
slighty burned and unburned vegetation) using the
information contained into the fraction imagery to the

object-based classification and, it had an advantage
over the rest of approaches tested by supplying the
opportunity to combine contextual and subpixel infor-
mation (contribution of each surface material in each
mixed pixel) into classification which enhanced the
accuracy. KIA per class, PA and UA reached high accu-
racy values, indicating that confusion between
problematic classes such as moderate and high were
minimized. This implies that introducing fraction
image and object-based classification may helpful for
improving separability between classes (Table 4).
The proposed method shows potential for further

applications such as land cover changes, mining activi-
ties, etc. Despite future studies will examine alternative
approaches to analyzing images of different resolutions.

Conclusions

Fire severity mapping is an important step by provid-
ing operational information for post-fire restoration.
This paper investigated the utilization of satellite image
and image processing techniques to derive fire severity
information. Different approaches were tested in order
to obtain accurate fire severity maps. Results showed
that fraction images generated by unmixing of a Land-
sat ETM+ post-fire image can be used as input in an

Approach 1 2 3 4

1 11.09 13.04 15.97
2 S 6.46 11.49
3 S S 9.22
4 S S S

S= significant. Z=1.96 significant at α=0.05

Table 3. Significant Zeta statistics (Z=1.96) for all possible
pair combinations of the considered approaches (1, 2, 3 and 4)

User/Reference Class High Moderate Low Sum User/Reference Class High Moderate Low Sum

Confusion Matrix Confusion Matrix

High 106 20 1 127 High 203 16 0 219
Moderate 116 94 10 220 Moderate 54 117 8 179
Low 35 91 199 325 Low 0 72 202 274
Sum 257 205 210 Sum 257 205 210

Producer 0.413 0.459 0.948 Approach Producer 0.789 0.571 0.962 Approach
User 0.835 0.427 0.612 1 User 0.927 0.654 0.737 2

KIA Per Class 0.277 0.191 0.921 KIA Per Class 0.742 0.362 0.941

User/Reference Class High Moderate Low Sum User/Reference Class High Moderate Low Sum

Confusion Matrix Confusion Matrix

High 222 44 0 266 High 255 8 0 263
Moderate 35 148 11 194 Moderate 2 197 8 207
Low 0 13 199 212 Low 0 0 202 202
Sum 257 205 210 Sum 257 205 210

Producer 0.883 0.768 0.909 Approach Producer 0.980 0.897 0.962 Approach
User 0.862 0.756 0.950 3 User 0.942 0.935 0.971 4

KIA Per Class 0.776 0.609 0.921 KIA Per Class 0.989 0.943 0.943

Table 4. Error matrix and accuracy assessment by fire severity categories for each considered approach
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object-based classification improving the result accura-
cy. Results complement the findings of a small number
of previous studies that support the use of SMA in map-
ping fire severity due to its ability to produce fractions
representative of subpixel components directly related
to fire severity. The accuracy of fire severity categories
was better combining SMA and OBIA than for the rest
of approach tested. McNemar’s test was used to evalu-
ate the statistical significance of the difference between
the four methods. The difference in accuracy expressed
in terms of proportions of correctly allocated pixels was
statistically significant at the 0.1% level, which meant
that the thematic mapping result using the combined-
approach (SMA/OBIA) achieved a much higher accura-
cy than the rest of approaches.
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Resumen 

 

Cartografía de cambios en la cobertura forestal causados por minería a cielo 
abierto usando análisis de mezclas espectrales y clasificación orientada a objetos 

 

 

La información relativa a la localización de actividades mineras es esencial en 
aplicaciones medio ambientales y en la gestión forestal sostenible. Los avances en el 
análisis de imágenes de satélite proporciona la posibilidad de investigar nuevos 
enfoques a la hora de detectar los cambios en la cobertura forestal causados por la 
minería a cielo abierto (carbón, pizarra y caliza). La clasificación de imágenes de 
satélite basadas puramente en los valores espectrales de los píxeles tiene sus 
limitaciones y ha creado alguna confusión entre las zonas afectadas por la minería a 
cielo abierto y otras zonas tales como las áreas urbanas y las masas de agua. Estas 
confusiones están relacionadas con el problema de la mezcla de coberturas a nivel píxel. 
Con el objetivo de dar una solución a este problema, se testó en el la comarca de El 
Bierzo (León) las sinergias que proporcina un método que combina el análisis lineal de 
mezclas espectrales junto a la clasificación orientada a objetos. Con ello se pretende 
localizar lugares para llevar a cabo una restauración y el seguimiento de futuras minas 
(especial interés en explotaciones ilegales). En este trabajo se desarrolló un modelo en 
el que se segmentó la imagen fracción sombra en objetos los cuales fueron clasificados 
utilizando funciones de pertenencia. La combinación de ambas técnicas mostró 
resultados muy prometedores. 

 

Palabras clave: segmentación, clasificación orientada a objetos, descomposición 
espectral, minería 
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MAPPING FOREST COVER CHANGES CAUSED BY MINING 
ACTIVITIES USING SPECTRAL MIXTURE ANALYSIS AND 

OBJECT-ORIENTED CLASSIFICATION 

O. Fernández-Mansoa, A. Fernández-Mansoa, C. Quintano-Pastorb and M.F. Álvareza 
a Grupo de investigación IPR-Ingeniería y Planificación Rural. University of León. EST. Ingeniería 

Agraria, Av. Astorga sn, 24400 Ponferrada (Spain), email: oscar.manso@gmail.com 
b Departamento de Tecnología Electrónica. University of Valladolid 

ABSTRACT 
Information about mining activities location is essential for environmental applications and sustainable 
forest management. Advancements in satellite imagery analysis provide possibilities to investigate new 
approaches for forest cover changes detection caused by mining activities (coal contour surface, slate and 
limestone mining). Classification based purely on spectral values of pixels has its limitations and has 
reported to create confusion between mining affectation areas and other like urban areas or those with 
water bodies. These confusions are related to the problem of the mixed pixel. To provide a solution the 
synergy between a subpixel technique (linear spectral mixture analysis) and objected-oriented image 
classification was tested in El Bierzo County (Spain) with the aim to locate sites for restoration and to 
monitor future mines (special interest at illegal exploitations). A model was developed for this study 
involving the segmentation of shade fraction image into objects at once level and classification based in 
membership functions as classifier. The combination of both techniques showed very promising results. 
Keywords:  segmentation, object-oriented classification, unmixing, mining activities 

1 INTRODUCTION 
Remote sensing plays an important role in identifying forest areas associated with mines or older operating 
mine sites. Improvements in the spatial and spectral resolution of remote sensing data and new image 
analysis techniques have provided a wider scope for studying environmental attributes affected by mining, 
which include forest cover change, land and water. Mining brings about significant geomorphological 
changes in the mine site as well as in the surroundings. To monitor the changes in these attributes, remote 
sensing acts as an essential tool. Remote sensing provides the basic data to undertake inventory of land use, 
water resources as well as the temporal information required to monitor sustainable land management 
practices. 

The traditional satellite image classification has been performed by pixel-based classification 
(unsupervised and supervised). Alternatives to this are being currently developed for instance the spectral 
mixture analysis (SMA) approach that takes subpixel classification techniques (i.e. SMA) on remotely 
sensed data and the object-oriented (OOIC) approach which is based fuzzy logic, allows the integration of 
a broad spectrum of different object features, such spectral, form, shape and texture. 

Although SMA have been extensively used in different applications during the last decade (Cross et al., 
1991; Ustin et al., 1993; Caetano et al., 1994; Novo and Shimabukuro, 1994), it was first proposed in the 
early seventies (Horwitz et al., 1971; Marsh et al., 1980; Adams et al., 1986). The SMA intends to derive 
the proportions of different basic land cover types that compose a mixed pixel. As a result, this technique is 
very appropriate to monitor cover change processes, since the mixture of vegetation and soil is very 
common in forest areas. 

The objectives of this paper were: (a) to evaluate the potential of SMA and OOIC techniques using 
Landsat ETM+ images in the discriminating of mining activities in a forestry context; (b) to determinate 
the exploitation size that is capable to discriminate the model keeping in mind the complexity of the 
territory (El Bierzo); and (c) to map the areas affected by mining exploitations. 
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2 MATERIAL AND METHODS 
2.1 SITE DESCRIPTION 
The study was carried out in El Bierzo County (Figure 1). It is in a sheltered mountain valley on the north-
western boundary of the province of León, in the autonomous region of Castilla y León (Spain) and 
defined by: 7º5’23”-6º6’6”W longitude and 42º54’23”-42º24’10”N latitude. The area is sandwiched 
between the Cordillera Cantábrica and the Montes de León, its natural limits being the Sierras de Caurel 
and Ancares, the Aquilanos mountains and the Sierra de Gistredo, and is irrigated by the rivers Sil, Ancares 
and Burdia. The mountain ranges shelter it from the excesses of both continental and temperate climate and 
produce some of the most exciting landscapes (i.e. Las Médulas) in Continental Spain. The altitudes are 
between 359 to 2,110 m a.s.l, and the mean slope is 17%. Annual rainfall is among 670 to 720 mm and 
temperatures range from a summer high of 32º C to a winter low of 1º C with a year- round average of 13º 
C. The proximity to Asturias and Galicia make it an area with its own characteristic vegetation, different to 
the rest of Castilla y León. It contains a microclimate where vineyards coexist with fruit trees, pastures and 
immense oak and chestnut forests. 

 
Figure 1.  Location of the study area 

2.2 MATERIAL 
Two Landsat-7 ETM+ satellite images acquired on 20 June 2001 and 17 June 2000 were used for this 
research. The other datasets used in this study were: orthophoto mosaic of the area (Sept-Oct. 2000) and 
cadastral map. 
2.3 METHODOLOGY 
Prior to the SMA and OOC image analysis the Landsat image was pre-processed. Pre-processing of the 
remotely sensed data included his radiometric and geometric correction. Reflectivity conversion was un-
necessary because linear SMA can be applied directly to the original digital numbers (DN). A mosaic of 
the two satellite imagery was performed as well. 

Subsequently, spectral mixture analysis was applied to the image. It is generally defined as the 
calculation of area land cover fractions within a pixel (Roberts et al., 1998). The process involves the 
selection of representative pure land cover spectra (endmembers) and the unmixing of the spectral 
information of a pixel. The unmixing considers that each pixel can be represented as a weighted linear 
combination of the selected endmembers, with the weight being the endmember fractions, and a residual 
that all sum to one. A MNF (Minimum noise fraction) transformation was applied to the data to reduce the 
noise in the data and to focus the spectral unmixing on the image information with most thematic content. 
The final end-members used for the spectral unmixing were determined by a pixel purity analysis (PPI) 
that identifies the purest pixels on the edges of the multi-dimensional point cloud of pixel vectors. The PPI 
selected candidate pixels were evaluated and the four final endmembers (dark soil, light soil, shade and 
vegetation) were selected to subsequently perform the spectral mixture analysis. The next two steps: 
endmembers spectra definition and unmixing of bands number 3, 4, 5, and 7, were remade till de RMS 
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error was inferior to 1. After the purest pixels were identified in the n-dimensional scatter plot, an inverse 
MNF transform was applied to obtain the endmembers spectra and their spectral response was visually 
verified. The fractions derived from these endmembers (Figure 2) then will be used as inputs in the OOIC 
model. 

     

Figure 2.  Fraction imagery 

In contrast to classic image processing methods, the basic processing units of object-oriented image 
analysis (OOIC) are image objects or segments and not single pixels, moreover, classification acts on 
image objects. One motivation for the object-oriented approach is the fact that, in many cases, the expected 
result of most image analysis tasks is the extraction of real world objects, proper in shape and proper in 
classification. This expectation cannot be fulfilled by traditional, pixel-based approaches (Baatz, 1999). 

Analysis of an image in the object-oriented approach involved classifying the image objects according 
to class descriptions organized in an appropriate knowledge base. The knowledge base itself was created 
by means of inheritance mechanisms, concepts and methods of fuzzy logic and semantic modeling. The 
development of the object-oriented model involved two steps, namely segmentation and classification 
(Mitri and Gitas, 2002). 

        

Figure 3.  A section of the study area showing the segmentation and the classes 

The shade fraction image was segmented into objects on once scale level (Figure 3). After 
segmentation, all image objects were automatically linked to a network in which each image object knows 
its neighbors, thus affording important context information for later analysis. Subsequently, repetition of 
segmentation with different scale parameter creates a hierarchical network of image objects. The better 
segmentation results were given out with a scale parameter of 4 and composition of homogeneity criterion 
(color=0.9 and compactness=0.23). 

It was enough once segmentation level in discriminating between mining affectation and the other 
classes of confusion. We tried a multiresolution segmentation approach with two segmentation levels but 
were not possible to distinguish among kinds of mining activities. Anyway, our first goal was to detect 
these impacts and not to discriminate the type. 

The objects were classified as coal and slate mining, limestone mining, not mining affectation and water 
without related classes. This level provided a context to detect the places with mining affectation. In the 
classification membership functions (fuzzy rules) was used as classifier. 

3 RESULTS AND DISCUSSIONS 
The map resulting from the object-oriented classification is shown in Figure 4. According to the 
classification the mining class occupying the largest area is coal and slate mining (1,128.62 ha) with the 

Dark soil fraction Light soil fraction Shade fraction Vegetation fraction RMSE fraction 
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number of objects identified as belonging in that class being 66. The total area affected by mining detected 
was 1,174.84 (SD= 14.15 ha). 
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Figure 4.  Mining activities detected by the model    Figure 5.  Site of Community Importance affected by mining 

By crossing the map of classification result with the Site of Community Importance (included in the 
network of protected areas “Natura 2000” of the European Union-according to the Habitats Directive 
92/43/EEC) was possible to observe that some of the mines detected are into or very close to cited sites 
(Figure 5). 

Regarding to the land use affected by mining activity it was possible to determine that the largest areas 
influenced were shrubs and broadleaved forests (Table 1). 

Table 1.  Types of land use affected by mining activities 

Land use Mining type Area (ha) Area (%) 
Broadleaved forests coal surface; limestone; slate 288.39 24.55 
Coniferous forests coal surface; slate 59.75 5.09 

Mixed forest coal surface; slate 11.71 1.00 
Shrubs coal surface; slate 672.42 57.23 

Natural grassland coal surface; slate 129.76 11.05 
Crops coal surface; slate 7.47 0.64 
Others coal surface; slate 5.34 0.45 

Total 1,174.84 100.00 

It was necessary to obtain information about the classification stability (Figure 6) and about how 
capable the classes were of extracting the desired image information. Besides the classical methods of 
accuracy assessment, special methods, based upon fuzzy concepts, were used. The accuracy of the 
classified image was the assessed using test areas collected in the orthophotos (pixel size of 0.7 m) and 
imported into the project by means of a TTA mask to compare the classification with ground truth based on 
pixels. Producer, user and overall accuracies were calculated along with the Kappa statistic (Congalton and 
Green, 1999). 

The biggest error source in the classification comes mainly from the confusion with the class urban 
area. This problem can be solved with simplicity using a mask (cadastral map) that includes these surfaces. 
As for the type of extracted mineral the pattern allows to differentiate groups between two: exploitations of 
limestone and those of coal-slate, although it can be discriminated against later on by means of the use of 
the geologic map. 
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Figure 6.  Accuracy assessment for the final classification/Classification stability (fuzzy accuracy assessment) 

The result of the classification confusion matrix is showed in Figure 6. The overall classification 
accuracy was estimated to be 84.91 %. Kappa statistic was 72.05 %. 

4 CONCLUSIONS 
The proposed methodology allows the elaboration of forest cover change maps in the current moment in 
one of the main mining regions of the European Union in the obtaining of non metallic minerals. 

The model works optimally for mining impacts largest than 5 ha. The tessellation and complexity of the 
land uses make that the smallest impacts are of difficult segregation. This apparent problem, in the 
practice, is resolved since the type of exploitation of more impact, surface mining, generally occupies large 
surfaces. 

The obtained maps have a great utility for the analysis of the regressive changes in the forest since these 
activities correspond to the main genesis of changes. 

The synergies of SMA and OOIC to map forest cover changes caused by mining activity have been 
demonstrated. Although this work is only in its preliminary stages the results indicate a great potential for 
extracting information from multispectral satellite imagery. 
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Resumen 

 

Cartografía del volumen de masas de coníferas usando análisis de mezclas 
espectrales y datos del satélite Landsat Thematic Mapper 

 

 

La información obtenida a partir de imágenes de satélite es una importante fuente de 
datos para la gestión forestal. Las técnicas de teledetección aportan información acerca 
del volumen, biomasa y otros parámetros biofísicos de las masas forestales. El principal 
objetivo de este estudio es cartografiar el volumen de masas forestales de coníferas 
utilizando el análisis de mezclas espectrales (LSMA) en imágenes de satélite Landsat 
Thematic Mapper (TM). Las imágenes fracción obtenidas a partir de descomposión 
espectral muestran más facilmente las propiedades biofísicas que las bandas originales 
de la imágen de satélite, ya que representan aspectos físicos de la cobertura del terreno. 
El estudio se realizó en El Alto Valle del Ebro (España). Se emplearon dos mini-escenas 
(50x50 km) adquiridas el 12 de marzo y el 13 de julio de 1996. El metodología aplicada 
se llevó a cabo en los tres pasos siguientes: 1) descomposición espectral de las bandas 
originales, bandas 3, 4, 5 y 7 (las más empleadas en estudios de vegetación) fueron 
utilizadas en LSMA; 2) correlación entre las imágenes fracción, obtenidas en el paso 
anterior, y el volume con corteza (extraído del Segundo Inventario Forestal Nacional) 
por medio de técnicas de regresión y análisis multivariante; 3) obtención de cartografía 
de volumen de masas forestales mediante técnicas de interpolación, utilizando el 
modelo alométrico, obtenido en el paso anterior, y como variable independiente, el área 
basimétrica (AB). La conclusión principal de este trabajo fue la posibilidad de obtener 
un modelo (R2

ajustado=0,75) que permitió estimar el volumen de una masa forestal a 
partir de datos de satélite de resolución espacial media. Además, se pudo obtener un 
mapa con del volume estimado empleando el modelo y la ayuda de ortofotografías 
digitales. 
 

Palabras clave: inventario forestal, teledetección, cartografía de volumen, 
descomposición espectral  
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ABSTRACT

Information from satellite imagery is an important data source to forest
management. Remote sensing techniques provide information about volume,
biomass and other biophysical parameters of forest stands. The main goal of
this work is to map the conifer stand volume from Landsat Thematic Mapper
(TM) data using Spectral Mixture Analysis (SMA). Fraction images from
spectral unmixing show biophysics properties more easily than original bands
because they represent physics aspects of ground covers. The work area
was El Alto Valle del Ebro (Spain). Two mini-scenes, (50x50km) acquired
on March 12th 1996 and July 13th 1996, were used. The applied methodology
had three main steps: 1) unmixing the original imagery, the bands 3, 4, 5 and
7 (the most employed in vegetation studies) were used in SMA; 2) these
fraction images were related with the over bark volume (OBV) variable
(extracted from Second Spanish National Forest Inventory  NFI2 ) by means
of regression techniques and multivariate analysis; 3) a volume map was
obtained using interpolation techniques from the obtained allometric model
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and the basal area (BA), of considered stand. The main conclusion of this
work was the possibility to obtain a model (adjusted R²=0.75) which permitted
to estimate the stand volume from medium spatial resolution satellite data.
Moreover, the use of this model and with the support of digital ortophotographs
allowed an estimated volume map to be obtained.

Key words: Forest inventory; remote sensing; conifer stand; volume mapping;
unmixing

RESUMO

Informação advinda de imagens de satélite é uma importante fonte de dados
para subsidiar o manejo dos recursos florestais.Técnicas de sensoriamento
remoto têm propiciado informações de volume, biomassa e outros parâmetros
biofísicos de povoamentos florestais. Nesse contexto, o principal objetivo
deste trabalho é mapear, a partir de dados do sensor Thematic Mapper/
LANDSAT, o volume contido em povoamentos de coníferas, utilizando para
tal a técnica de modelo de mistura espectral (SMA). Imagens-fração derivadas
do modelo de mistura espectral mostram propriedades biofísicas mais
facilmente que as bandas originais por representar melhor os aspectos físicos
da cobertura do terreno. A área de estudo selecionada corresponde a região
de El Alto Valle del Ebro (Espanha), com dimensão de 50km x 50km,cuja
imagem de satélite é datada de 13/07/1996. No procedimento metodológico
foram adotados três principais passos: 1) a aplicação do modelo de mistura
espectral a partir das bandas originais TM 3, 4, 5 e 7 (as mais empregadas
em estudos de vegetação) gerando imagens sintéticas;2) as componentes-
fração “vegetação”, “solo”e “sombra” dessas imagens sintéticas foram
relacionadas com a variável de volume com casca (OBV), cujos dados foram
extraídos do II Inventário Florestal Nacional da Espanha – NFI2-, a partir
de técnicas de regressão e análise multivariada; 3) um mapa de volume foi
obtido através de técnicas de interpolação, usando dados de modelo
alométrico e de área basal. A principal conclusão desse trabalho relata a
possibilidade de obtenção de um modelo matemático (R2 ajustado de 0,75)
que permite estimar o volume florestal a partir de imagens satelitárias de média
resolução espacial. A utilização do modelo desenvolvido com subsídio de
informações derivadas de ortofotos digitais permitiu elaborar um mapa de
volume estimado.

Palavras-chave: Inventário florestal; sensoriamento remoto; povoamento
de coníferas; mapeamento de volume; mistura espectral
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INTRODUCTION

The woody volume of a forest stand is such an important parameter that any
extraction without this being known is simply not viable and the sustainable management of
forests would be impossible. (STELLINGWERF e HUSSIN, 1997). The classical way
to quantify forest stand volume was by using volume tables with one or more entries.
However, in the last few decades, the stand volume has been quantified by regression
models based on aerial photographs. At present various forestry agencies use remote
sensed images, in addition to aerial photographs, to detect, identify, classify, evaluate and
measure the different forest covers and the changes produced in them.

Traditionally, spectral vegetation indices (Normalized Difference Vegetation
Index, NDVI, specially) have been used to infer biophysical vegetation properties. For
instance, Gong et al. (1995) found that NDVI and Leaf Area Index (LAI) were positively
correlated with coniferous forest. However, other studies found that NDVI was not the
best indicator: Elundh et al. (2001) found a weak correlation between LAI and NDVI;
and Huete et al. (1997) indicated that NDVI spectrally saturated over forested areas and
was sensitive to canopy background reflectance change. The use of fraction images, derived
from Spectral Mixture Analysis (SMA), can offer an alternative to applying a variety of
spectral indices and correlations with measured leaf and crown-based attributes.

SMA procedure was used in this study to transform the original image and
then regression analysis was used to relate the obtained fraction images with the Over
Bark Volume OBV (m3/ha.) extracted from the data of the Second Spanish National
Forest Inventory (NFI2). Fraction images from spectral unmixing show biophysics properties
more easily than original bands because they represent physics aspects of ground covers.
Thus, the main objective of this study was to evaluate the utility of SMA and to quantify the
volume of a stand of Pinus sylvestris L. from Landsat Thematic Mapper (TM) images in
Mediterranean areas.

STUDY AREA

The study area was the Upper Ebro Valley   Burgos and Álava (Spain), and
the surface area studied was 952 km2. The climate in the Upper Ebro Valley corresponds
to inland mid-mountain areas, and is characteristic of transition zones between the Atlantic
and the Mediterranean with hot, dry summers and winters with abundant snowfall. The
tree covered area constitutes more than 58% of the total forest area, highlighting Scots
pine stands (Pinus sylvestris L.)

MANSO, A. F. et al.
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METHODOLOGICAL APPROACH

The satellite information used in this study came from a Landsat TM mini-
scenes, (50x50 km), acquired on 13th July 1996. The relationships between forest stand
parameters and Landsat TM spectral responses were showed in different scientific
publications as Dengsheng et al. (2004), Mäkelä e Perkkarinen (2004), Santos et al.
(1999), Magnusson e Fransson (2004).

The information on stand volume was taken from the Spanish NFI2 in the
study area. The advantages of using the NFI2 plots instead of experimental ones are
mainly: 1) the objectivity of the sampling of the forest stands; 2) the existence of a large
quantity of data; 3) their homogeneity; and 4) the uniformity of their geographical distribution.
Figure 1 shows the location of considered NFI2 plots.

Figure 1. Location of considered NFI2 plots

First at all, it was necessary to correct the images radiometrically and
geometrically. Geometric correction needed Ground Points (GP) to be located on 1: 50 000
maps. A sampling linear transformation and the nearest neighbour were also used to obtain
a geometrically corrected image with error < 1.5 pixels.
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The conversion to reflectance values was considered unnecessary since an
important behaviour of SMA is its invariance under linear transformations. Linear SMA
assumes that pixel values are linear combinations of reflectances from a limited set of
constituent elements, called endmembers. Each field on the scene contributes with a quantity
of signal received on the sensor characteristic of the type of field cover and proportional to
the area occupied within the pixel. In addition, the sum of these basic cover proportions
must be the unit for each pixel. In this way the linear model is defined for each pixel of the
image by the following equation:

x = Mf + e

where,
x: n-dimension digital-number vector;
M: n x c endmember spectra matrix;
n:is the number of bands used;
c:the number of endmembers;
f: c-dimension fraction vector;
e: n-dimension error vector, representing residual error.

On resolving the previously posed system of equations, a fraction image is
obtained for each endmember defined which represents an estimate of the proportion of
pixel occupied by that endmember. An image of error made in the transformation is also
obtained.

The NFI2 data of interest for the work database were extracted using the
BASIFOR program. This program allows the plot data complying with certain requisites
established by the user to be extracted easily. (DEL RIO et al., 2001). The database was
prepared for locating the relations between the satellite images and the forest stand
parameters.

The analysis of multiple regression tries to establish an equation to define the
existing relation between the dependent variable, ‘y’, (Over Bark Volume, OBV), and a
set of independent variables, ‘x1’, ‘x2’, ..., ‘xp’, (fraction images). After defining the
equations of regression, the R2 coefficient obtained was revised and an analysis of the
residuals was carried out. In order to define the equation of regression only half of the
available plots were used, reserving the other half for evaluating the equation obtained.
Once the estimation model had been validated, it was applied to produce an estimated
volume map.

MANSO, A. F. et al.
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RESULTS AND DISCUSSION

Before applying SMA, it was necessary to identify the endmember signatures,
which had been extracted directly from the image (called image endmembers). Starting
from the scatter plot it was possible to select the radiance intervals of the vegetation, shade
and soil endmembers, identifying the purest pixels. (QUINTANO et al., 2005; QUINTANO
et al., in press).

Once the unmixing was correctly performed and the fraction images were
obtained (see Figure 2) a mean filter was applied (to minimize the possible registration
error between the plots considered and the satellite image) and its digital value in the
considered plots was extracted. A total of 107 plots in the July image were considered
valid (53 for obtaining the estimate and 54 for verifying it).

Figure 2. Fraction images (13th July 1996)

On analyzing the relationship between the fraction images and the OBV
variable was observed a low correlation index (R2 = 0.34) between the shade image and
OBV, but of great significance. The problem of the low correlation between satellite data
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and forest parameters had already been recorded by other researchers. (AHERN et al.,
1991; HYPPÄ et al., 2000). Trying to solve this problem, the data were first grouped
depending on the OBV variable, as suggested by Ardö (1992), but on considering the rest
of the plots not previously used, the estimation was seen to be not valid. Finally, an attempt
was made to define the relation between these variables considering the different levels of
volume existing, analyzing the behavior of each volume group defined independently. For a
faster and clearer visualization these groups were defined by percentiles of 25%, 50%,
75% and 99% (low volume, medium volume, high volume, and very high volume,
respectively) instead of by cluster analysis (Table 1 shows the considered volume groups).

Table 1. Volume groups

After this stage the regression between the stand volume and the fraction
images was done group by group, obtaining a R2 equal to 0.913 and an adjusted R2 equal
to 90.51 (p-value < 0.001).

In order to validate the analysis carried out, the 54 plots not used so far were
employed. On this occasion, the Pearson coefficient of correlation between the observed
and estimated volumes was 0.89 with a high level of significance (p-value < 0.0001).
Figure 3 shows the results on applying the expression obtained in the verification plots.
The equation of regression finally obtained was:

OBV = - 4.12 + 0.44 * shade

+ 33.14 * (GROUP_OBV = ‘medium volume group’)
+ 70.06 * (GROUP_OBV = ‘high volume group’)

+ 154.96 * (GROUP_OBV = ‘very high volume group’)

where,
GROUP_OBV = x is a logical variable which takes the value ‘1’ when the

value of considered OBV belongs to group ‘x’, and value ‘0’ when it does not belong to
that group.

Considering these results, it was possible to remark that: (1) there were good
estimations when the volume not exceeded 200 m3/ha (very high volume); and (2) the

MANSO, A. F. et al.

Volume Group Average volume (m3/ha) Plots considered
Low volume 55.3 13
Médium volume 93.7 13
High volume 130.6 13
Very high volume 221.9 14
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worst estimations were observed when the volume belonged to the “very high” volume
group. These affirmations agree with the results obtained by researchers as Ardö (1992).

Figure 3. Observed vs. estimated volume

Figure 4. Estimated volume map

However, in spite of the good results obtained, this expression has practical
limits as it does not allow the volume of a specific forest stand to be estimated unless
certain knowledge of it is available. To minimize this problem, three steps were carried out:
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1) the mass was stratified (considering the four volume groups before defined) by
identification of different development levels on digital orthophotographs; 2) the model
was applied to the shade fraction image to obtain the estimated volume, considering the
volume groups defined in step 1; and 3) the estimated volume image was reclassified
considering six volume classes with 25m3/ha intervals (Figure 4) (these classes are the
common classes used by the Spanish Forestry System.

CONCLUSIONS

Bearing in mind the results obtained, the main conclusion of this study was to
validate the utility of using SMA and regression techniques for quantifying the volume of a
stand of Pinus sylvestris L. from Landsat TM images working in Mediterranean
environments. To improve the way of obtaining the volume map, we are working in
automating the digital orthophotographs stratification process by means of object oriented
classification. The digital map produced can be integrated as a new source of data in the
Information System of the regional forestry administrative authority.
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